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Abstract—As clinical cancer research increasingly depends on
large, diverse datasets, concerns about data duplication have
grown. Duplicates can undermine data integrity, skew analytical
results, and reduce the reproducibility of studies. This review
explores how visualization can play a critical role in identifying
and managing duplicates in non-image clinical cancer data.
Drawing from literature in biomedical informatics, data quality,
and visual analytics, it synthesizes current approaches and
highlights key challenges. Using a scoping review methodology, we
analyzed studies published over the past two decades, focusing on
non-image clinical datasets. Studies were selected based on
relevance to duplicate detection and visualization, excluding those
centered on image or video data. Major datasets like The Cancer
Genome Atlas (TCGA), The Cancer Imaging Archive (TCIA), and
the North American Association of Central Cancer Registries
(NAACCR) are examined to show how duplication occurs across
genomic, clinical, and registry data. The review assesses existing
visualization techniques based on their scalability, interactivity,
integration with deduplication algorithms, and how well they
address core data quality dimensions. While some tools offer
scalable and interactive features, few provide clear visual
representations of duplicates, especially those involving complex
temporal and multidimensional patterns. Several methodological
gaps are identified, including limited integration of data quality
metrics, inadequate support for tracking changes over time, and a
lack of standardized evaluation frameworks. To address these
issues, the review advocates for the development of practical, user -
friendly visualization tools that combine duplicate detection with
key indicators of data quality. By offering a more complete and
intuitive view of clinical datasets, such tools can help researchers
and clinicians make better-informed decisions, ultimately
improving the reliability and impact of cancer research. Bridging
the gap between technical detection and visual understanding is
essential for advancing data-driven healthcare and ensuring high-
quality, reproducible outcomes.
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I.  INTRODUCTION

With the growing volume and complexity of biomedical
data,especiallyin clinical cancer research, the issue of duplicate
records has become increasingly important. Ensuring high data
quality is essential, as duplication can significantly affect
research accuracy and outcomes. As a result, visualizing
duplicates in these datasets has emerged as a crucial area of
study [1], [2]. In the past decade, improvements in data
collection and integration have produced large, diverse clinical
datasets. These datasets demand advanced visualization
techniques to effectively assess data quality and support
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informed clinical decision-making [3], [4], [5], [6]. Duplicate
records, wherethe same real-world entity appears multiple times
can create serious challenges in data analysis. They may
artificially boost predictive performance and lead to misleading
research conclusions, ultimately compromising the reliability of
clinical insights [1], [7]. Numerous studies have shown that
duplicate records are common across various biomedical
databases, including those containing transcriptomic and
nucleotide sequence data. This highlights an urgent need for
more effective methods to detect and visualize duplicates,
ensuring data integrity and improving research outcomes [7].
Studies have shown that duplicate records can account for up to
30-50% ofentries in some clinical databases, leadingto inflated
sample sizes, biased statistical outcomes, and compromised
patient safety [8], [9]. The practical impact of duplicate records
is clear as studies show they can lead to redundant or conflicting
results, which in turn can disrupt downstream analyses and
misguide clinical interpretations [7], [10]. This review focuses
on a specific yet underexplored challenge: visualizing duplicate
records in non-image clinical cancer datasets. Despite its
importance, current methods in this area remain fragmented and
underdeveloped, limiting their effectiveness in real-world
clinical applications [1], [11].

Although many algorithms exist for detectingduplicates and
assessing data quality, there’s still a noticeable gap when it
comes to visualization approaches specifically designed for the
unique complexities of clinical cancer data. Current solutions
often fall short in providing comprehensive, intuitive visual
tools that support meaningful analysis in this domain [12], [13],
[14]. There are differing views on the best approaches for
identifying and representing duplicates, ranging from statistical
record linkage methods to machine learning-based similarity
measures. However, few studies have successfully combined
these techniques with visualization tools that support human-in-
the-loop data quality assessment, limiting their practical
usefulness in clinical settings [15]-[17]. This gap can lead to
serious consequences, including misinterpreting data, wasting
time on inefficient curation efforts, and drawing flawed clinical
insights that may affect patient care and research outcomes [7],
[18]. Given the wide variety of data types and the complexity of
clinical workflows, there’s a clear need for visualization tools
that can effectively handle multidimensional, temporal, and
categorical data. These tools must be capable of adapting to the
intricate nature of clinical cancer datasets to support accurate
analysis and decision-making [19], [20].

This review introduces a conceptual framework that defines
duplicates as multiple records referring to the same clinical
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entity. It connects this definition to key data quality dimensions,
such as completeness, accuracy, and consistency to emphasize
the broader impact of duplication on clinical data integrity [12],
[21]. Visualization is framed as a guided, interactive process that
blends computational techniques for detecting duplicates with
human pattern recognition. This approach enables users to
actively assess and manage data quality, making the process
more intuitive and effective [12], [22].

The framework brings together theories of data quality
assessment and principles of visualization system design,
highlighting how visual analytics can play a key role in
managingclinical oncology data moreeffectively [3],[23]. This
review aims to examine how current visualization tools and
techniques are being applied to detect and represent duplicate
recordsin clinical cancer datasets particularly those that do not
involve image or video data. By drawing insights from fields
such as biomedical informatics, data quality, and visual
analytics, the review seeks to identify gaps in existing
approaches and highlight opportunities for advancement.

A key contribution of this work is its effort to bridge the
divide between technical duplicate detection algorithms and
practical visualization tools thathelp researchers and clinicians
interpret and manage data more effectively. This integration
supports improved data curation and enhances the reliability of
cancer research outcomes. To guide this exploration, the review
adoptsascopingmethodology,analyzing studies published over
the pasttwo decades. Literature searches were conducted across
major academic databases, including PubMed, IEEE Xplore,
Scopus, and ACM Digital Library, to ensure comprehensive
coverage of relevant work.

The review focuses specifically on research related to
duplicate detection and visualization in clinical or biomedical
datasets, excluding studies centered on image or videodata. This
review deliberately excludes image and video datato focus on
structured and semi-structured clinical datasets, such as EHRs,
genomic records, and registries, where duplication manifests
differently and is often harder to visualize. While this boundary
narrows the scope, it allows for a more focused analysis of
underexplored challenges in non-visual data domains, which are
critical for data-driven decision-making in clinical workflows.
The findings are organized to first outline the types of
visualization techniques currently in use, then discuss the
challenges and available tools, and finally propose directions for
future research.

The remainder of the paper is organized as follows:
Section Il provides an overview of visualization approaches
used in duplicate detection within clinical cancer datasets,
focusing on technique diversity, data quality coverage,
scalability, and user interaction. Section III presents a critical
evaluation of methodological strengths and limitations,
emphasizing integration with deduplication algorithms and
temporal visualization. Section IV discusses the theoretical and
practical implications of duplicate visualization, emphasizing
the need for adaptive, context-aware frameworks and scalable
visualtools. It highlights the integration of temporal stability and
multidimensional analytics, advocating for human-in-the-loop
systems that enhance data quality, support clinical decision-
making, and improveresearch reliability. Section V introduces
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key datasets relevant to duplicate detection and visualization,
discussing their characteristics and challenges. Section VI
outlines existing gaps and proposes future research directions to
advance the field. Finally, Section VII concludes the paper by
summarizing key findings and highlighting the importance of
integrating visualization with data quality assessment to
improve clinical research outcomes.

II.  OVERVIEW OF VISUALIZATION APPROACHES IN
DUPLICATE DETECTION

This section delves into how researchers are currently
addressing the challenge of visualizing duplicate records in
clinical cancer datasets, particularly those that exclude image
and video data. It explores a broad spectrumoftools, techniques,
and approaches, some focused on developing new solutions,
others aimed at evaluating existing systems. The reviewed
studies range from interactive visual analytics platforms to
scalable computational frameworks, all designed to manage the
complexity of large, heterogeneous clinical datasets. To assess
the effectiveness of these approaches, the review considers
several key factors: the diversity of visualization techniques
employed, their ability to address various dimensions of data
quality, scalability to large datasets, level of user interactivity,
and integration with duplicate detection algorithms. By
comparing these elements, the review identifies both strengths
and areas where further development is needed. A central
takeaway is the pressing need for more comprehensive, user-
centered visualization tools, ones that not only detect duplicates
but also help users understand their broader impact on data
quality. This overview sets the stage for future innovation,
emphasizing the importance of creating tools that are not only
technically robust butalso practical andrelevant for clinical use.
A summary tablein Table I is included to show how different
studies map across these key dimensions.

A. Visualization Technique Diversity

A variety of studies have applied diverse visualization
techniques, including flow diagrams, glyph-based
representations, set visualizations, timelines, and interactive
dashboards, to support duplicate detection and assess data
quality in clinical cancer and broader biomedical datasets [1],
[23],[24]. While basic formats such as tables and bar charts
remain prevalent, recent surveys indicate growing interest in
omics-drivenand multidimensional visualizations tailored to the
complexity of clinical data [3], [25]. Novel visualization
techniques such as Missingness Glyphs and ensemble glyphs
have been proposed to enhance pattern recognition in missing
data and ensemble comparisons, respectively [26], [27].
Comparative visualization approaches for temporal and
multivariate data have been developed to support patient cohort
analysis and similarity assessments [20], [28].

B. Data Quality Dimension Coverage

Many studies have addressed multiple dimensions of data
quality such as completeness, accuracy, consistency, and
temporal stability, with particular emphasis on temporal aspects,
which are especially critical in clinical and biomedical contexts
[24], [29], [30]. Completeness and accuracy were the most
commonly visualized data quality dimensions, particularly in
studies focused on analyzing missing datapatterns and detecting
duplicate records [17], [21]. Temporal stability and changes over

621 |Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

time were captured using probabilistic change detection methods
and time-oriented visualizations, allowing researchers to monitor
how data quality evolves across clinical datasets [20], [30]. Some
studies concentrated on specific data quality dimensions, for
example, focusing on consistency in record linkage or accuracy
in similarity calculations used for deduplication tasks [14], [15],
[31].

C. Scalability and Performance

Scalability emerged as a key concern, with several studies
showcasing visualization and deduplication techniques capable
of processing millions of records, including complex datasets
like clinicalnotesandadverse drugreactiondatabases [32], [33].
To improve scalability in duplicate detection pipelines, several
studies leveraged parallel and distributed computing
frameworks such as Apache Spark and cluster-based algorithms
enabling efficient processing of large-scale clinical datasets
[33], [34]. The scalability of visualization tools varied widely
across studies. While some were built to handle large,
heterogeneous clinical datasets, others were limited to smaller
or synthetic datasets, restricting their practical application in
real-world clinicalenvironments[12],[19]. Balancing detail and
overview in large datasets often involved trade-offs. To manage
this, several studies used techniques like hierarchical clustering
and level-of-detail visualizations, helping users navigate
complex data without losing sight of important patterns or
broader trends [22],[30].

D. User Interaction and Interpretability

Many visualization systems supported interactive
exploration,allowingdomain expertsto actively engage withthe
data spotting anomalies, uncovering patterns in missing data,
and comparing patient cohorts with greaterease and insight [15],
[18],[19]. Sometools offered only limited interactivity, placing
greater emphasis on automated detection and algorithmic
outputs. As a result, user engagement was minimal, reducing
opportunities for experts to explore data patterns or validate
findings through direct interaction [1], [27].

Visual analytics approaches often incorporated user
feedback and domain expertise to improve the clarity and
trustworthiness of data quality assessments. By involving
experts in the process, these tools became more interpretable and
aligned with real-world clinical needs [4], [18]. Set-based and
glyph visualizations stood out for their ability to make complex
data quality issues easier to understand. Their intuitive design
helpedusers quickly grasp patterns and anomalies, making them
valuable tools for exploring duplicate records and other data
inconsistencies [19], [21].

E. Integration with Deduplication Algorithms

There is a consensus that integrating visualization with
deduplication and data cleansing algorithms enhances detection
accuracy and facilitates iterative refinement of analytical
processes [8], [12], [27], [30]. Certain frameworks integrate
similarity computations directly with visualization components
to provide deeper analytical insights and improve
interpretability [10], [31]. Several tools offer limited
interactivity, prioritizing automated detection and algorithmic
outputs over active user involvement [1], [27].
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Building upon this descriptive overview, the next section
provides a critical analysis of the reviewed studies, highlighting
their strengths, limitations, and methodological gaps. This
synthesis aims to offer a clearer understanding of current
practices and to outline future directions for duplicate
visualization in clinical cancer datasets.

III. EVALUATION OF METHODOLOGICAL STRENGTHS AND
LIMITATIONS

The existing literature on duplicate visualization in clinical
cancer datasets presents a wide array of methodologies and
tools, reflecting both innovative advancements and persistent
challenges. Notable strengths include the development of
scalable algorithms and interactive visualization techniques
capable of handling complex, heterogeneous data. However,
several limitations remain, particularly in the integration of data
quality metrics, temporal dynamics, and user-centered design.
These issues are often exacerbated by the experimental nature of
many tools and the lack of comprehensive evaluations. This
synthesis highlights the pressing need for more robust,
sustainable, and clinically integrated visualization solutions that
can effectively support duplicate detection and data quality
assessment in non-image-based clinical cancer data.

A. Visualization Techniques for Duplicate Detection

A number of studies introduce innovative visualization
techniques specifically designed for complex clinical datasets.
These include interactive set visualizations to explore patterns
of missing data and glyph-based methods to highlight data
quality issues. Such approaches help users more effectively
identify duplicates and anomalies within large, heterogeneous
datasets [8], [19], [21]. Techniques such as Minhashing
combined with Locality Sensitive Hashing have shown strong
scalability, making it possible to efficiently detect duplicates
within large volumes of clinical notes [27]. Despite notable
progress, many visualization techniques remain insufficiently
developed for the explicit detection of duplicates in clinical
cancer datasets, especially those involving non-image data. The
continued reliance on basic formats such as tables often limits
both the interpretability and effectiveness of identifying
duplicate records [3]. Moreover, the absence of standardized
evaluation metrics and the limited number of comprehensive
user studies hinder the ability to rigorously assess the
effectiveness of these visualization methods [3], [18].

B. Integration of Data Quality Metrics

Some studies incorporate key data quality dimensions, such
as completeness, accuracy, and consistency into their
visualization frameworks, allowing users to more effectively
identify and interpret data defects and duplicate entries [2], [8],
[16]. Probabilistic frameworks for assessing temporal stability
offer novel approaches to visualizing changes in data quality
over time, which is particularly important for longitudinal
clinical datasets [25]. However, the integration of data quality
metrics into duplicate visualization tools is often limited or
implicit. Many existing tools fall short of explicitly combining
multiple dimensions of data quality or providing comprehensive
visual analytics that address both temporal and
multidimensional aspects of duplicate detection [3], [16]. The
inherent complexity of clinical data, coupled with the diverse
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nature of data quality issues, presents challenges that current
visualization systems have yet to fully address [18].

C. Temporal and Multidimensional Visualization

Recent research has explored temporal visualization
techniques such as timelines and temporal line charts to capture
evolving patterns in patient data, which are relevant for
understanding how duplicates emerge over time [15], [25].
Multidimensional approaches, including flow visualizationsand
hierarchical clustering, have also been applied to support the
exploration of complex cancer registry and ensemble datasets
[14], [22]. However, the explicit visualization of temporal
dynamics and multidimensional characteristics of duplicates
remains limited. Few systems enable direct comparisons
between individual patients and cohorts or incorporate temporal
stability assessments into duplicate detection workflows [15].
The high dimensionality and sparsity ofclinical data further

TABLE L.
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complicate effective temporal visualization, often resulting in
oversimplified or fragmented representations [25].

D. Scalability and Performance of Visualization Tools

Several studies have introduced scalable algorithms and
parallel processing techniques, such as Spark-based kNN
classifiers and parallel deduplication methods that enable
efficient handling of large clinical datasets containing millions
ofrecord [28],[29]. Theseapproaches supportreal-time or near-
real-time duplicate detection and visualization, which are
essential for clinical applications. However, despite these
advancements in scalability, many visualization tools face
challenges in maintainability and lack ongoing updates, often
leading to their discontinuation after initial publication [3]. The
transition from prototype to routine clinical use is further
hindered by resource limitations and insufficient software
engineering practices, ultimately reducing the practical impact
of these tools [3].

KEY DIMENSIONS OF STUDIES IN DUPLICATE VISUALIZATIONS

KEY

DIMENSIONS

DESCRIPTIONS

STUDIES

Visualization
Technique
Diversity

This dimension explores how researchers visually represent duplicate records and related data quality issues in cancer
datasets. Somerely on straightforward visuals like tablesand barcharts, while others use more advanced methods such
as glyphs, set-based diagrams, flow charts, and time-based plots. A diverse range of visualization styles allows
researchers to examine duplicates from multiple perspectives, whether it's structural patterns, temporal changes, or
categorical overlaps, making it easier to identify problems and gain clearer insights into the data.

(1], [15], [18], [19],
[20], [26], [27]

Data Quality
Dimension
Coverage

This dimension focuses on how effectively visualization tools help users understand different aspects of data quality,
such as completeness, accuracy, consistency, and how stable the data is over time. Rather than simply pointing out
duplicates, well-designed visualizations show how those duplicates impact the overall reliability ofthe dataset. When
multiple quality indicators are presented together, researchers gain a clearerand more comprehensive view of the data’s
trustworthiness.

[10],(12], [14], [15],
[16], [19], [24], [25],
[26]

Scalability and

This dimension focuseson how well a visualization tool can manage large and complex cancer datasets, which often
contain millions of records. A good system should remain responsive and easy to use, even when handling massive

[81,[141,[22],[27],[2
81,1291, ,[30]

(1], [41,[5], [6],[20],
21}, [23], [24],
[27],

(1], (8], [10}[12],
[27],[30], [31], [32]

more transparent and user-friendly.

Performance amounts of data. In real-world clinical environments, where data is often messy and highly varied, having a tool that
performs smoothly and scales effectively is essential for making timely and accurate decisions.
User This dimension focuses on how easily users can interact with visualization tools to explore and understand duplicate
Interaction and records. Features like zooming, filtering, comparing patient groups, and highlighting patterns allow users to engage
o with the data in meaningful ways. When visualizations are intuitive and responsive, they help researchers and clinicians
Interpretability - . . . .
quickly spot issues, ask relevant questions, and draw informed conclusions based on what they see.
Inteeration This dimension looks at how well visualization tools are integrated with computational methods for detecting
Legr duplicates, such as record linkage, similarity scoring, or machine learning. When these tools are tightly connected,
with L . . . . . .o . . .
Deduplication | US€™scan easily visualize algorithm outputs, validate results, and adjust detection settings interactively. This integration
Algorﬁhms helps bridge the gap between automated data processing and expert-driven data curation, making the entire process

E. User Interaction and Interpretability

Interactive visualization features such as dynamic filtering,
selection mechanisms, and focus+context techniques play a key
role in enhancing user engagement and enabling detailed
exploration of duplicates and data quality issues [3], [23], [28].
Visual analytics systems that integrate data cleansing with
exploratory workflows empower domain experts to iteratively
uncover anomalies and patterns [23]. However, many existing
tools offer only limited interactivity, often confined to basic
search or hover functions, which may be inadequate for
addressing the complexity of duplicate detection tasks [3]. The
diversity and flexibility of visualization and user interface
components also complicate usability evaluations and can
hinder user adoption, particularly in multidisciplinary clinical
environments. Additionally, the visualization ofpatient-reported
outcomes and follow-up data remains an underexplored area.

F. Methodological Robustness and Evaluation

Some studies validate their duplicate detection and
visualization methods through rigorous experimental
evaluations, including benchmarking against large, well-curated
duplicate datasets and incorporating expert assessments [1],
[36], [37]. The use of probabilistic models and adaptive
similarity measures has improved detection accuracy and
allowed methods to better align with domain-specific
characteristics of clinical data [15],[17]. However, the overall
methodological rigor across studies varies considerably. Many
lack comprehensive validationorrely on limited datasets, which
undermines the reliability of their findings. The absence of
standardized benchmarks for clinical cancer datasets and
inconsistent reporting of visualization capabilities further
complicate comparative evaluations and limit generalizability
[3],[11]. Additionally, the inherent complexity of clinical data
introduces confounding factors that challenge the robustness and
consistency of duplicate detection algorithms [31].
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G. Opportunities for Innovation

The literature highlights clear gaps and opportunities for
advancing visualization strategies that integrate temporal
stability, multidimensional data quality metrics, and user-
centered interaction to improve duplicate detection and data
quality assessment [3],[17],[34]. There is growing recognition
of'the potential to combine computational techniques with visual
analytics to enhance interpretability and support clinical
decision-making[4], [5], [6], [17]. Major challenges include the
diversity of data types, the need for scalable solutions capable of
handling large datasets, and the difficulty of embedding these
tools into real-world clinical workflows. Addressing theseissues
will require stronger interdisciplinary collaboration yet such
efforts are still relatively limited.

Across the reviewed studies, there is a broad consensus that
visualization plays a vital role in helping researchers and
clinicians detect and interpret duplicates within cancer and
biomedical datasets. Most agree on the importance of
incorporating multiple data quality indicators such as
completeness and temporal stability and ensuring that tools are
capable of managing large, complex datasets.

However, perspectives diverge on the extent to which
visualization tools should be tightly integrated with
deduplication algorithms, the diversity of visual techniques to be
employed, and the level of user interaction required. These
differences often reflect the distinct needs of various research
domains, data types, and technical approaches, ranging from
genetic sequence databases to clinical notes and electronic
health records. Together, these shared understandings and
differing viewpoints contribute to a more comprehensive and
nuanced picture of the current landscape. They not only
highlight the complexities and challenges involved in duplicate
visualization within clinical cancer data, but also illuminate
emerging trends, gaps in existing methodologies, and
opportunities for innovation. This synthesis of perspectives
serves as a foundation for identifying strategic directions for
future research, refining theoretical frameworks, and enhancing
the practical implementation of visualization techniques in
clinical oncology settings.

IV. THEORETICAL AND PRACTICAL IMPLICATIONS

This review highlights that duplicates in clinical cancer
datasets are often complex and nuanced. Rather than simple
repeated entries, duplicates may contain conflicting information
or evolve over time, making them difficult to detect and
interpret. Their inconsistent nature and varied impact on data
analysis underscore the need for flexible, context-aware
frameworks that can accommodate different types of duplicates
and their implications for research and clinical decision [17],
[36], [37]. Studies show that employing adaptive similarity
measures particularly those capable of learning from the data
can significantly enhance detection accuracy. These approaches
move beyond traditional techniques like basic text matching,
aligning with theoretical advancements in metric functional
dependencies and trainable similarity functions [15], [17],[38].

The integration of temporal stability as a data quality
dimension introduces a novel theoretical lens, emphasizing the
dynamic nature of clinical data and the importance of
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probabilistic and information-geometric methods for identifying
and characterizing temporal changes in duplicates and data
quality [30]. Visualization theory is also evolving, recognizing
the critical role of interactive and scalable visual analytics in
managing heterogeneous clinical data. These tools support
hypothesis generation and enable exploration of the
multidimensional and temporal aspects of duplicates [19], [22],
[28]. Furthermore, the literature challenges the adequacy of
single benchmark evaluations, advocating for the use of
multiple, diverse, and validated benchmarks to ensure the
robustness and generalizability of duplicate detection models
[36], [37]. Visual analytics frameworks are increasingly
enriched by human-in-the-loop approaches, where visualization
servesas a bridge between complex algorithmic outputsand user
interpretation particularly in high-stakes settings such as clinical
oncology and tumor board decision-making [3], [22].

For both clinical research and healthcare practice, the
findings underscore the importance of making duplicate
detection and visualization routine components of data
management. These processes are essential for maintaining data
quality, avoiding misleading analyses, and supporting reliable
clinical decision-making, as demonstrated by tools like
doppelgangR and integrated visual cleansing workflows [1],
[23]. The successful deployment of scalable and parallelized
algorithms [35], including those based on Minhashing, Locality
Sensitive Hashing, and Spark-based kNN classifiers, illustrates
the feasibility of handling large-scale clinical datasets, which is
critical for real-world applications in hospital and research
environments [32], [33]. Visualization tools that incorporate
multidimensional, temporal, and set-based techniques enable
practitioners to uncover complex patterns of duplication and
missing data, thereby facilitating targeted data quality
interventions and enhancing the interpretability of clinical
datasets [24], [26], [39].

The adoption of interactive visualization systems that
support user-driven exploration, such as temporal stability
assessments and cohort comparisons has the potential to
significantly —enhance tumor board workflows and
multidisciplinary clinical decision-making processes [3], [20].
To support this, industry and policy stakeholders should
prioritize the development of comprehensive data quality
monitoring infrastructures that incorporate visualization
components, enabling continuous tracking and traceability of
duplicates and other data quality issues within clinical data
warehouses [2]. Evidence suggests that advanced visualization
and duplicate detection techniques not only improve research
accuracy but also contribute to patient safety, streamline
healthcare operations, and supportregulatory compliance. These
benefits underscore the importance of investing in robust data
quality tools across healthcare systems [16].

While existing visualization taxonomies often focus on
general data exploration or image-based analytics, this review
introduces a conceptual framework specifically tailored to the
visualization of duplicate records in non-image clinical cancer
datasets. Unlike traditional models that treat data quality and
visualization as separate domains, our framework integrates
duplicate detection algorithms, interactive visual analytics, and
data quality dimensions (e.g. completeness, temporal stability)
into a unified structure. This approach emphasizes human-in-
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the-loop interpretation, temporal  dynamics, and
multidimensional data contexts areas that are underrepresented
in current taxonomies. By aligning visualization strategies with
specific data quality challenges posed by duplication, the
framework offers a more targeted lens for evaluating and
designing tools in clinical research settings.

The findings from this section further emphasize the
complexity and variability of duplicate recordsin clinical cancer
datasets. Addressing these challenges effectively requires well-
structured datasets and adaptable tools capable of handling
diverse duplication scenarios. To support this effort, the
following section introduces key datasets that can aid
researchers in developing more effective strategies for detecting
and visualizing duplicates in cancer data.

V. KEY DATASETS FOR DUPLICATE DETECTION AND
VISUALIZATION

A range of publicly available datasets serve as valuable
resources for researchers working to detect and visualize
duplicates in clinical cancer data. These assets provide a
foundational platform for developing more effective methods to
clean, interpret, and analyze complex biomedical information:

1) The Cancer Genome Atlas (TCGA) ' : The Cancer
Genome Atlas (TCGA), accessible via the Genomic Data
Commons (GDC), stands as one of the most comprehensive
resources for cancer genomics. It integrates clinical and
molecular data from 33 cancer types, encompassing thousands
ofpatientcases and millions of data files. With its diverserange
of data including whole genome sequencing, RNA-seq,
methylation, and proteomic profiles, TCGA offers a powerful
foundation for cancer research.

However, the scale and complexity of TCGA also present
challenges for duplicate detection. The involvement of multiple
contributors and data modalities increases the risk of
overlapping entries, such as repeated patient identifiers or
biospecimen records. While the GDC mitigates some of these
risks through standardized clinical data formats and consistent
bioinformatics workflows, duplicate detection remains a critical
step to ensure data integrity and reliability.

TCGA also provides interactive visualization tools, such as
the Cohort Builderand Mutation Frequency plots, which support
the exploration of genomic alterations and clinical attributes.
These tools are particularly useful for identifying anomalies or
inconsistencies that may signal duplicate records, especially
when combined with metadata filters and cohort analysis.
Overall, TCGA is a cornerstone of cancer research, and its
structured data along with integrated visualization capabilities
make it an essential resource for addressing duplication
challenges in large-scale biomedical datasets.

2) The Cancer Imaging Archive (TCIA)?: The Cancer
Imaging Archive (TCIA) is a publicly accessible repository
offering a vast collection of de-identified medical images
related to cancer. These datasets are organized into collections

"https://portal.gdc.cancer.gov/
2 https://www.cancerimagingarchive.net/
® https://www.naaccr.org/cina-research/

Vol. 16, No. 9, 2025

based on disease types, such as lung cancer and imaging
modalities, including MRI, CT scans, and histopathology.
TCIA supports a variety of formats, with Digital Imaging and
Communications in Medicine (DICOM) servingas the standard
for radiological data.

Due to its aggregation of data from multiple institutions,
TCIA presents both opportunities and challenges for duplicate
detection. The diversity of contributors and imaging types
increases thelikelihood of overlappingrecords, suchas repeated
patient identifiers, imaging sessions, or processed files.
Fortunately, TCIA provides rich metadata, including treatment
details, patient outcomes, and genomic annotations, that can
assist researchers in identifying and resolving potential
duplicates.

The platform also features visualization tools and filtering
options that enable users to explore imaging datasets and detect
anomalies or inconsistencies. These capabilities are particularly
useful for identifying redundant scans or mismatched patient
data, which could compromise the accuracy of research
findings. Overall, TCIA is a valuable resource for cancer
imagingresearch,and when paired with visualizationand record
linkage techniques, it supports effective deduplication and
enhances data quality.

3) North American Association of Central Cancer
Registries (NAACCR) CiNA3: The NAACCR Cancer in North
America (CiNA) Research dataset is arobust, population-based
resource that consolidates cancer data fromregistries acrossthe
United States and Canada. It offers detailed insights into cancer
incidence, survival, and prevalence, and is curated to meet high
standards of completeness and data quality, making it an
essential tool for cancersurveillanceand public health research.
While CiNA provides significant value, duplicate detection
remains a challenge due to the integration of data from multiple
state and provincial registries. Patients who move across
regions or receive care from different institutions may have
overlapping records. NAACCR addresses this through
standardized coding practices and routine quality checks, but
researchers must still exercise caution, particularly when
working with multi-year or multi-registry datasets.

CiNA’s rich metadata, including patient demographics,
diagnosis timelines, and tumor characteristics, supports
effective deduplication. Tools like SEER*Stat enable
researchers to visualize and analyze these variables, helping to
identify inconsistencies or repeated entries. This is especially
important when linking CiNA with other datasets or conducting
longitudinal studies, where duplicate records can distort
findings. Overall, CiNA is a high-quality dataset that, when
paired with appropriate visualization and data linkage
techniques, facilitates accurate duplicate detection and enhances
data reliability.

4) KAUH-BCMD?: The KAUH-BCMD dataset, developed

by Al-Mnayyis et al. [40], comprises over 7,000
* https://www.frontiersin.org/journals/big-
data/articles/10.3389/fdata.2025.1529848/full
625|Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

mammographic images from 5,000 patients at King Abdullah
University Hospital in Jordan. While the primary aim of the
study was to enhance breast cancer classification using deep
learning techniques, the dataset’s construction and
preprocessing also offer valuable insights into duplicate
detection within clinical imaging data.

To improve image quality, the researchers applied several
preprocessing methods, including high-boost filtering, contrast-
limited adaptive histogram equalization (CLAHE),
normalization, and data augmentation. While these techniques
are essential for optimizing model performance, they can
inadvertently introduce near-duplicate images if not carefully
managed, potentially affecting the accuracy of training and
evaluation processes.

The KAUH-BCMD dataset also includes metadata such as
patient identifiers and diagnostic labels, which can be leveraged
to link records and identify potential duplicates. Although
duplicate detection was not the primary focus of the original
study, the dataset’s size and diversity make it a promising
candidate for future researchin this area. With the application of
appropriate visualization and record linkage techniques,
KAUH-BCMD could offer valuable insights into managing
duplication challenges in cancer imaging data.

5) Breast Cancer Wisconsin (UCI)’ : The Breast Cancer
Wisconsin (Diagnostic) dataset, hosted by the UCI Machine
Learning Repository, is a widely recognized benchmark in
biomedical research. It comprises 569 samples derived from
digitized fine needle aspirate (FNA) images of breast tumors,
with each sample described by 30 numerical features related to
the shape and texture of cell nuclei, such as radius, perimeter,
area, and concavity. This rich feature set makes the dataset
particularly valuable for developing and evaluating machine
learning models in cancer diagnostics.

In terms of duplicate detection, the dataset is exceptionally
clean and well-structured, featuring unique patient identifiers
and no missing values. Thisreliability makes it an ideal starting
point for testing deduplication algorithms or building
classification models without concerns about data
inconsistencies. However, when used in machine learning
workflows, especially during cross-validation, care must be
taken to avoid data leakage or overfitting. For instance,
preprocessing steps like data augmentation or synthetic sample
generation can unintentionally introduce near-duplicate entries,
potentially skewing model performance.

Although the dataset does not contain explicit duplicates, its
structured format and detailed metadata make it suitable for
evaluating deduplication techniques, particularly those focused
on feature-level similarity and record linkage. Researchers can
simulate duplication scenarios by introducing controlled
redundancy and applying visualization methods to detect and
resolve them. Overall, the Breast Cancer Wisconsin dataset
serves as a valuable resource for exploring deduplication
strategiesin small-scale, feature-rich clinical datasets, especially
within the context of diagnostic imaging and classification.

° https://archive.ics.uci.edu/dataset/14/breast+cancer
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While the datasets reviewed offer strong foundations for
duplicate detection and visualization in cancer research, several
limitations persist. The following section outlines key gaps in
current approaches and proposes futuredirectionsto advance the
field.

VI. GAPS AND FUTURE RESEARCH DIRECTIONS

Current visualization approaches in clinical cancer datasets
tend to emphasize general data quality issues or pattemns of
missing data. However, they often overlook specialized
techniques for detecting duplicate records, especially in non-
image data. Most existing tools rely on basic visual formats like
tables, which can limit users’ ability to interpret and effectively
identify duplicates [3], [24], [26]. To address this gap, future
research could focus on developing interactive visualization
tools thatare specifically designed to highlight duplicates within
complex clinical datasets.

These tools should be capable of integrating temporal and
multidimensional data, making it easier to spot and understand
duplicate entries, ultimately improving data integrity and
analytical precision. Moreover, current visualization systems
rarely offer a comprehensive view of multiple data quality
dimensions, such as completeness, accuracy, consistency, and
temporal stability within duplicate detection workflows. When
these aspects are only partially or implicitly represented, users
struggle to assess the full impact of duplicates on overall data
quality [2], [12], [21].

There is a clear opportunity to design integrated
visualization frameworks that display these metrics alongside
duplicate indicators, enabling a more holistic and intuitive
evaluation of clinical data. Another limitation is the lack of
support for visualizing how duplicates change or cluster over
time. Temporal dynamics are especially important in clinical
datasets, yet they are often underrepresented in current tools
[20], [30]. This opens the door for innovative solutions like
interactive timelines or change detection plots, combined with
multidimensional views, to track duplicates longitudinally and
provide deeper insights into data evolution.

VII. CONCLUSIONS

In conclusion, this review has examined current
visualization techniques for detecting duplicates in clinical
cancer datasets, particularly non-image data, and identified both
promising developments and critical gaps. Despite progress in
scalablealgorithms and interactive analytics, most tools still rely
onbasicvisual formatsand failto fully incorporate essential data
quality dimensions such as completeness, accuracy,
consistency, and temporal dynamics. There is a clear need for
more intuitive and clinically relevant visualization frameworks
that support complex, multidimensional data and allow users to
explore duplicates interactively. Effective tools should be
designed with users in mind, enabling human-in-the-loop
workflows and facilitating the interpretation of anomalies over
time. Many existing systems lack rigorous evaluation,
standardized benchmarks, and long-term usability, which limits
their practical impact. Future research should focus on building
integrated platforms that combine robust deduplication
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algorithms with user-friendly, scalable visual interfaces capable
of supporting longitudinal tracking, cohort comparisons, and
real-time data quality monitoring. Enhancing how duplicates are
visualized is essential for improving data integrity, analytical
accuracy, and ultimately patient outcomes. Bridging the gap
between computational detection and visual understanding will
empower users to not only identify duplicates but also take
meaningful action, leading to more reliable cancer research and
stronger foundations for data-driven healthcare innovation.
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