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This study addresses the critical issue of data duplication in healthcare-
related internet of things (IoT) datasets. which can compromise the
reliability of analyses and patient outcomes. A Python-based visualization
framework using Pandas and Matplotlib was developed to detect and
represent duplicate records. The methodology was applied to six cancer-
related datasets sourced from Kaggle, ranging from 300 to 55,000 records,
encompassing numerical, textual, and categorical data types. The
visualization technique provided clear insights into duplication patterns,
identifying specific counts such as 7 duplicates in the wearable device
dataset, 19 in the thyroid recurrence dataset, and 534 in the synthetic
healthcare electronic health record (EHR) dataset. Compared to traditional
detection methods, the visualization tool facilitated faster and more intuitive
initial data assessment, demonstrating its effectiveness for rapid quality
checks in healthcare datasets. However, scalability limitations were observed
in larger datasets, where visual clarity declined. These findings highlight the
value of visualization as a preliminary data quality assessment tool and
suggest future integration with advanced detection algorithms to enhance
robustness and scalability.
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1. INTRODUCTION

The internet of things (IoT) has transformed how data is generated, shared, and utilized across
various domains, including healthcare, manufacturing, and smart cities. By enabling autonomous
communication among Interconnected devices, IoT systems produce vast amounts of data that drive
automation and intelligent decision-making. However, this data deluge presents significant challenges,
particularly in maintaining data quality. Among these challenges, data duplication stands out as a critical
issue that can compromise the reliability of analyses, especially in domains where accuracy is paramount,

such as healthcare.

Several studies have highlighted the unique characteristics of IoT data, including its heterogeneity,
high velocity, and dynamic nature [1], [2]. Inherent features align IoT data with big data aspects, such as high
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volume, velocity, and heterogeneity. One important feature of IoT data is its heterogeneity, which contains
various data types and sources within complex networks. Singh and Mahapatra [1] note that IoT devices
generate structured, semi-structured, and unstructured data, collectively known as big data. The data formats
are also heterogeneous, which can include numerical, text, extensible markup language (XML), and
multimedia data [2].

The open-source datasets form the foundation of IoT research and development. These freely
accessible data collections enable researchers to analyze and innovate without barriers. Shahid et al. [3]
emphasize the importance of these datasets in providing realistic traffic patterns, network performances, and
demand scenarios for both fixed and dynamic user terminals. These features make IoT data prone to quality
issues such as missing values, anomalies, and duplication [4], [5]. Open-source datasets, which are widely
used for research and development, are especially vulnerable to duplication due to inconsistent data collection
and integration practices [6]-[9]. Despite the growing awareness of these issues, systematic comparative
studies on data duplication in IoT datasets remain limited, particularly in the healthcare sector. Previous works
have explored various methods for duplicate detection, including hash-based techniques [10]-{12], content-
aware approaches [10], [13], and hybrid models [8], [14]. While these methods offer varying degrees of
accuracy and efficiency, they often require significant computational resources and may not be suitable for
preliminary data quality assessments. Moreover, the implications of duplication in healthcare data are
profound, affecting patient safety, operational efficiency, and equity in care delivery [7], [15], [16], even
though other issue like enabling unified access to verified patient data also has been highlighted [17].

While numerous studies have focused on algorithmic approaches to duplicate detection, such as hash-
based, content-aware, and hybrid methods there is a noticeable lack of emphasis on visualization techniques that
support interpretability and rapid assessment. Several researchers have advocated for the use of data quality
visualization as part of the data preprocessing phase (see [18]-[20]), reinforcing the relevance of integrating
visualization into early-stage data quality workflows. This gap highlights the need for lightweight, visual tools
that can complement existing methods, particularly in exploratory and resource-constrained environments.

Thus, this study addresses the gap by proposing a visualization-based approach to detect and
represent data duplication in IoT-based healthcare datasets. Unlike traditional detection algorithms, the
proposed method leverages Python-based tools which are Pandas and Matplotlib to provide an intuitive
graphical overview of duplicate records. The approach is tested on six cancer-related datasets sourced from
Kaggle, ranging from 300 to 55,000 records, encompassing numerical, textual, and categorical data types.

The remainder of this paper is organized as follows: section 2 reviews related work on duplicate
detection methods. Section 3 describes the methodology, including dataset selection, visualization techniques,
and validation procedures. Section 4 presents the results and discusses the effectiveness and limitations of the
proposed approach. Finally, section 5 concludes the study and outlines directions for future research.

2. RELATED WORK

Data duplication stands out as a significant concern in IoT datasets. In IoT datasets, several types of
data duplication, namely exact, similar, spatial, temporal, and semantic, significantly affect data quality and
analysis. Exact duplicates are identical records in all aspects, often arising from multiple sensors capturing
the same conditions [21]. Similar duplicates involve records with minor variations in values or timestamps
[22]. while spatial duplicates occur when sensor nodes nearby capture the same data [23]. Temporal
duplicates refer to identical data collected at different times [24]. Semantic duplicates occur when data is
represented differently across datasets, such as through varied formats or naming conventions [8]. Duplicate
records in healthcare data present significant challenges, impacting both patient safety and healthcare
efficiency. These records arise when a single patient is associated with multiple medical record numbers,
leading to fragmented patient information and potential medical errors [7]. Duplicate records can lead to
patient safety issues, such as incorrect treatment due to incomplete or inaccurate patient information. This is
particularly concerning in pediatric hospitals and organizations implementing new information systems [25].

2.1. Duplicate detection methods

There are at least three primary categories of duplicate detection methods: hash-based methods,
content-aware methods, and hybrid/advanced approaches. Each category has its strengths and limitations,
making them suitable for different scenarios within IoT data management. Table 1 summarizes these three
main categories of duplicate detection methods by comparing their advantages, disadvantages, and suitable
use cases. Hash-based methods are efficient for detecting exact duplicates and are computationally
lightweight, making them ideal for storage optimization tasks. However, they struggle with near-duplicate
detection. Content-aware methods, while more accurate for identifying similar or semantically related
records, require significant processing power and are sensitive to data quality. Hybrid methods combine
strengths from both categories, offering robust detection in complex scenarios but at the cost of

Enhancing data integrity in internet of things-based healthcare applications: a ___ (Siti Noor Basirah Md Isa)



3706 O

ISSN: 2302-9285

implementation complexity. This comparison helps readers understand which method is most appropriate

depending on dataset characteristics and resource availability.

Table 1. Summary table for duplicate detection methods

Category Advantages Disadvantages Suitable scenarios Ref
Hash- Quick identification of Ineffective for detecting near- File deduplication in [10].
based identical data duplicates backup systems [11].
Low computational cost Vulnerable to hash collisions Storage optimization [26]
Efficient for exact duplicate with weaker hash functions
detection
Content- Effective for detecting near- Computationally intensive Plagiarism detection [10].
aware duplicates and semantically Requires significant processing Copyright infringement [27]-
similar data power and resources detection [29]
Comprehensive similarity Accuracy 1s influenced by data Data integration tasks
calculations (e.g.. MSRD quality, noise, and incomplete
algorithm) information
Hybnid Addresses specific challenges Complex to implement Scenarios with specific [91.
(e.g.. frequently modified data, Requires additional requirements or [13].
incomplete data) computational resources and challenges [28]
Robust, accurate detection specialized knowledge Applications needing

robust and accurate
duplicate detection

2.2. Comparative analysis of methods for data duplicate detection

In this section. a comparative analysis is presented. The analysis examines further key approaches to
duplicate detection that cover data preparation and preprocessing, evaluation metrics, and performance
assessment. The process flow of data duplicate detection plays a crucial role in ensuring data quality and
consistency across systems. Various methodologies follow distinet workflows, incorporating processes such
as data preprocessing, clustering, and similarity matching. This comparative analysis also explores the
process flows used in duplicate detection.

2.2.1. Data preparation and preprocessing

Data preparation is a critical step before applying duplicate detection, as it ensures the accuracy and
efficiency of the detection process. Proper data preparation involves cleaning and transforming the data to
eliminate errors and inconsistencies that could hinder the detection of duplicates. This process is essential for
integrating data from multiple sources, where the risk of duplicate records is higher due to variations in data
representation. Effective data preparation is crucial before applying duplicate detection algorithms.
Ali ef al. [29], Long et al. [30] highlight this importance. Data preprocessing includes data cleaning that
involves removing whitespace, normalizing addresses, and ensuring consistent data formats [31]. This step is
crucial to reduce the search space for duplicate detection and improve the accuracy of the process.

2.2.2. Blocking and clustering

Clustering is a crucial step before applying duplicate detection as it significantly enhances the
efficiency and accuracy of the process. By organizing data into clusters, the number of comparisons needed
to identify duplicates is reduced, which is particularly beneficial when dealing with large datasets. Clustering
helps in grouping similar records, thereby minimizing unnecessary comparisons and focusing computational
resources on the most promising candidate pairs. This approach not only improves the speed of duplicate
detection but also increases accuracy by ensuring that similar records are evaluated together. Huang and
Chiang [32] propose a k-means clustering-based blocking technique to partition data, cutting down
comparisons. Similarly, Chen ef al. [28] apply locality sensitive hashing (LSH) for clustering, using selected
keys for efficient candidate selection. Ali ef al. [29] use attribute ranking, the Hot-Deck method for missing
values, and a sort-neighborhood algorithm to optimize detection.

2.2.3. Similarity matching and feature extraction

Similarity matching and feature extraction are essential in duplicate detection, as they enable
accurate identification and differentiation of similar entities, such as images or text, within large datasets.
Long ef al. [30] use a two-step similarity calculation approach, considering numerical, literal, and semantic
aspects. Huang and Chiang [32] apply edit distance and q-grams with a weighted scheme for rare terms,
while Chen et al. [28] utilize feature extraction with predicates for improved similarity measures. Advanced
techniques like metric functional dependencies (MFDs) by Huang and Chiang [32] allow for tolerance in
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attribute values, enhancing flexibility. Xia ef al. [9] introduce deduplication and resemblance detection
engine (DARE), combining deduplication with resemblance detection, using modules to identify candidate
chunks for compression and feature detection for greater accuracy.

2.2.4. Evaluation metrics and performance assessment

Evaluation metrics and performance assessment are critical in duplicate detection as they provide a
structured approach to measure the effectiveness and reliability of detection algorithms. These metrics help in
understanding the strengths and weaknesses of algorithms, guiding improvements, and ensuring that the
algorithms meet the desired performance standards. Studies in duplicate detection commonly use precision,
recall, Fl-measure, and accuracy to evaluate performance [29], [30]. These metrics standardize comparisons
across different data scenarios.

In summary, duplicate detection is a multi-layered approach, that consists of multiple key steps that
can be designed to cover numerical, literal, and semantic similarities. While existing studies have explored
various algorithmic approaches to duplicate detection, ranging from hash-based and content-aware methods
to hybrid models, these techniques often require substantial computational resources and lack interpretability
in early-stage data quality assessments. Moreover, few works have systematically evaluated duplication
patterns across diverse healthcare IoT datasets. Traditional detection algorithms, while effective, often
require significant computational resources and are less accessible for preliminary data quality assessments.
Visualization offers a rapid and intuitive alternative, especially waluable in resource-constrained
environments and during early-stage data exploration. Figure 1 illustrates the generic flow of duplicate
detection based on the analysis. The visualization step, previously absent in conventional workflows, is now
explicitly highlighted in the proposed process flow to address a key gap in duplicate detection practices. This
study uniquely contributes a lightweight, Python-based visual detection method for early-stage duplicate
identification, validated against traditional techniques.

Duplicate Detection Phase

Data Pre-detection Validation and
Data loading —» Preparation and ——» (Blocking and performance
preprocessing clustering) evaluation

!

Duphcate Delaction
(Similarity
matching featurs
extraction)

Visualization

Advanced Method
(MFDs /DARE)

Figure 1. Process flow of duplicate detection with visualization

3. METHOD

This section outlines the detailed methodology used in this study. The choice of a visualization-
based approach was driven by the need for a lightweight, interpretable, and scalable method to detect data
duplication in healthcare IoT datasets. Python was selected due to its extensive ecosystem of data analysis
libraries, and the Initial codebase for data deduplication was adapted from a publicly available Kaggle
notebook by Tatman [33]. Pandas provides robust data manipulation capabilities, while Matplotlib enables
flexible and clear graphical representations. These tools are widely adopted in both academic and industry
settings, ensuring reproducibility and accessibility. As highlighted in the introduction section, existing
literature lacks systematic comparisons of duplication patterns across open-source healthcare IoT datasets.
This study addresses that gap by applying a visualization framework across six diverse datasets, enabling
comparative analysis of duplication characteristics. This section also outlines how the visualization technique
is tested across datasets of varying sizes (300 to 55,000 records), directly responding to this concern and
evaluating the method’s performance under different data volumes. By combining visualization with
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validation through baseline detection, the methodology ensures both interpretability and accuracy, aligning
with the study’s goal of enhancing data integrity in healthcare ToT applications.

3.1. Visualization of potential duplicates

The visualization method was implemented using the Python programming language. Two libraries
were used namely Pandas (for data manipulation and preprocessing) and Matplotlib (for graphical
representation). The following pseudocode outlines the steps used in the duplicate detection process:

Algorithm 1. Duplicate detection and visualization workflow

1: Load dataset D using Pandas
2: Preprocess D:
for each column ¢ in D do
if ¢ is irrelevant (e.g., primary key, metadata) then
remove c
end if
end for
for each categorical column ¢ in D do
convert ¢ to numerical format (label encoding or one-hot encoding)
end for
for each missing value in D do
if missingness is low and predictable then
impute using mean or mode
else
remove record
end if
end for
normalize and standardize data formats
3: Detect duplicates:
apply duplicated() function to D
store duplicate indices in list I
4: Visualize duplicates:
if I is not empty then
plot wvertical lines at each index in I using Matplotlib
end if
5: Validate wvisualization:
compare plotted indices with terminal-based detection results
6: Evaluate effectiveness:
assess clarity, interpretability, and alignment of wisualization record evaluation
metrics (e.g., detection time, clarityv score)

Visualization is not a detection method itself but a supportive tool that enhances interpretability and
provides a quick overview of duplication patterns. Data quality visualization is commonly advocated in the
data preprocessing phase (see [18]-[20]). Nevertheless, embedding it after detection (as illustrated in
Figure 1) allows researchers to visually confirm the presence and distribution of duplicates, which is
especially useful for exploratory analysis and quality assurance. It also helps in identifying potential
anomalies or patterns that may not be obvious through terminal-based or algorithmic outputs. This graphical
approach provides an intuitive overview of duplication patterns, enabling rapid assessment of data quality.

3.2. Validation of visualization results

To validate the effectiveness of the visualization, a baseline duplicate detection method was applied
using Pandas. The duplicated () function was used to identify exact duplicates. The results from this
method were compared with the visual output to ensure consistency. This validation step ensures that the
visualization accurately reflects the underlying duplication in the dataset.

3.3. Experiment configuration
The experiment was configured to test the visualization method across six cancer-related healthcare
datasets sourced mainly from Kaggle, which varied in size (ranging from 300 to 55,000 records) and data

types.

3.3.1. Data selection and preparation

Datasets were selected based on their relevance to healthcare applications and their structural
diversity, which included a mix of numerical, categorical, and textual data. This diversity was essential to
evaluate the flexibility and robustness of the visualization method across different data types and formats.
This variety was chosen to assess the visualization tool's flexibility in detecting duplicates across contexts,
ensuring it effectively highlights duplicate issues in both large and small datasets and across different data
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types. After selecting the datasets, a comprehensive data-cleaning process was undertaken to ensure data
quality and relevance for the experiment. Irrelevant columns, such as automatically generated primary keys,
were removed to streamline the datasets and maintain analytical focus. Categorical data are all converted to
numerical type. This step was essential, as extraneous data could introduce noise and distort the results.
Additionally, handling missing values was a critical aspect of the conclusions. By systematically addressing
these issues, the datasets were refined to support precise and reliable outcomes in the evaluation of data
duplication. Table 2 provides a summary of the six datasets used in this experiment along with their
characteristics. The URLs of the datasets are available in the data availability section. Data were included if
they contained relevant healthcare information and had sufficient structure for analysis. Records with
excessive missing values or irrelevant metadata were excluded to maintain analytical focus. The decision to
exclude certain columns or records was based on their impact on duplication detection accuracy and
visualization clarity.

Table 2. The characteristics of datasets under study

Dataset Size (number of records) Data type
Wearable device 5.767 Numerical
Thyroid recurrence 387 Numerical, textual, and categorical
Patient healthcare HER (synthetic) 35,500 Numerical, textual, and categorical
Clinical glioma grading 839 Numerical and categorical
Online survey lung cancer 309 Numerical and categorical
Real breast cancer 334 Numerical, textual. and categorical

3.3.2. Visualization of duplicated rows and duplicate detection

As outlined 1n the pseudocode, the duplicated () function in Pandas was used to identify exact
duplicates, and their indices were extracted for visualization. Using Matplotlib, vertical line plots were
generated to mark the positions of these duplicates along the x-axis, representing row indices. The visual
output was then cross-checked against terminal-based results to ensure consistency and accuracy.

3.3.3. Visualization clarity evaluation

To assess the interpretability and usability of the visualization tool, a visualization clarity score was
introduced. This score reflects the subjective evaluation of each dataset’s visual output based on clarity,
readability, and ease of pattern recognition. Three independent data analysts with experience in healthcare data
quality were asked to rate each visualization on a scale from 1 (poor clarity) to 5 (excellent clarity). Ratings
were based on visual density and crowding, ability to distinguish duplicate clusters and overall readability of
the plot. The average score across evaluators was recorded for each dataset. Notes were collected to
contextualize the ratings and identify factors affecting clarity (e.g., dataset size, data type heterogeneity). This
metric provides insight into the practical usability of the visualization tool across diverse dataset conditions.

3.4. Methodological assumptions

This method assumes that duplicate records are exact matches across all columns. As such, it is
designed to detect only exact duplicates. Semantic duplicates such as records with similar but not identical
values, formatting differences, or contextual equivalence are not captured by this approach. Additionally,
fuzzy matches and temporal or spatial redundancies require more advanced techniques, such as clustering or
Al-based similarity scoring, which are recommended for future integration.

4. RESULTS AND DISCUSSION

To evaluate the effectiveness of visualization in detecting duplicate records, a Python-based graphical
approach was applied across six healthcare-related datasets. The wvisualization tool, built using Pandas and
Matplotlib, successfully identified duplication patterns, offering immediate insights into data quality.
However, the results also revealed varying degrees of effectiveness depending on dataset size and structure.

In the wearable device dataset (5,767 records), the visualization clearly highlighted 7 duplicates, as
shown in Figure 2. This dataset, being uniformly numerical, allowed for straightforward detection,
confirming the tool’s suitability for homogeneous data types. The clarity of the visualization aligned with the
terminal-based detection results, reinforcing its reliability. The thyroid recurrence dataset (387 records),
which included numerical, textual, and categorical data, revealed 19 duplicates (see Figure 3). Despite the
mixed data types, the visualization remained interpretable, demonstrating the tool’s adaptability. This
supports findings by Ali ef al. [34], who emphasized the importance of preprocessing in enhancing duplicate
detection accuracy.
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Figure 2. Duplicate data detection visualization Figure 3. Duplicate data detection visualization graph
graph for wearable device dataset for thyroid recurrence dataset

In contrast, the patient healthcare electronic health record (EHR) (synthetic) dataset (55,500 records)
presented scalability challenges. Although 534 duplicates were detected (as shown in Figure 4), the
visualization became overcrowded, reducing interpretability. This limitation echoes concerns raised by
Huang and Chiang [35] regarding the need for clustering and blocking techniques to manage large-scale data.
The results suggest that while visualization is effective for preliminary assessments, it should be
complemented with advanced methods for high-volume datasets. The clinical glioma grading dataset (839
records) in Figure 5 contained only one duplicate, which was easily visualized. This case illustrates the tool’s
precision in low-duplication scenarios, offering a quick validation mechanism. Similarly, the online survey
lung cancer dataset (309 records) in Figure 6 revealed 33 duplicates, with clear visual patterns that matched
terminal outputs. Interestingly, the real breast cancer dataset (334 records) in Figure 7 showed no exact
duplicates. This could indicate high data quality or the presence of non-exact (e.g., semantic or temporal)
duplicates that the current visualization method could not detect. This limitation aligns with the observations
by Chen et al. [28], who noted that semantic redundancy requires more sophisticated detection techniques.
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Figure 4. Duplicate data detection visualization Figure 5. Duplicate data detection visualization
graph for healthcare EHR dataset graph for glioma grading dataset

Across all datasets, the visualization provided spatial cues about duplication concentration, even
when exact row indices were difficult to discern due to axis scaling. This spatial overview is particularly
valuable for stakeholders conducting initial data quality assessments, especially in resource-constrained
environments. The high number of duplicates in the synthetic healthcare dataset may reflect common data
generation practices that prioritize volume over uniqueness. This raises concerns about the validity of
predictive models trained on such data. Compared to traditional duplicate detection methods, the
visualization tool can reduce initial data assessment time, making it suitable for rapid quality checks in
resource-constrained environments.
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Table 3 summarizes the findings, highlighting the number of duplicates, data types, and visualization
effectiveness. The results confirm that the tool is most effective for small to moderate datasets and
homogeneous data structures. For larger or more complex datasets, integration with clustering, similarity
matching, or semantic detection algorithms is recommended. While Nguyen et al. [36] emphasized the
importance of detecting functional redundancy using generative adversarial networks (GANs), our approach
focuses on visual interpretability, offering a lightweight alternative for preliminary assessments. Our findings
support the observations by Bertrand ef al. [37] regarding the prevalence of duplication in open-source
datasets, but extend their work by offering a scalable visualization method for early detection. Even though the
visualization method effectively highlights exact duplicates, it may produce false negatives by missing near or
semantic duplicates with slight variations, indicating the need for more advanced similarity-based techniques.
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Figure 6. Duplicate data detection visualization graph
for online survey lung cancer dataset

Figure 7. Duplicate data detection visualization
graph for breast cancer dataset

Table 3. The key insights derived from the results

Dataset S;.ig;:f;:? Data type v isa];a:ﬁt?n Ijs;?};:ﬁ:sf Visualization effectiveness

Wearable device 5.767 Numerical W 7 Effective for managing uniform
numerical data

Thyroid 387 Numerical, textual, v 19 Mixed data types can be handled
recurrence and categorical )
Patient 55,500 Numerical, textual, 3 334 Detected duplicates but visualization
healthcare HER and categorical became overcrowded (scalability
(svnthetic) issues)
Clinical glioma 839 Numerical and v 1 Straightforward and effective
grading categorical )
Online  survey 309 Numerical and v 33 Clear and accurate insights
lung cancer categorical
Real breast 334 Numerical, textual, Null Null The presence of duplicates is low
cancer and categorical

causing unclear mnsights

The results of visualization clarity score is as shown in Table 4. The clarity scores, ranging from
1 to 5, reflect how effectively the visualization tool conveyed duplication patterns across datasets of varying
sizes and structures. Datasets with fewer records and more homogeneous data types generally achieved
higher clarity scores. For instance, the clinical glioma grading dataset (839 records) received a perfect score
of 5, as its single duplicate was easily visualized. Similarly, the wearable device dataset (5,767 records)
scored 4.5, demonstrating that the tool performs well with uniform numerical data. In contrast, the patient
healthcare EHR (synthetic) dataset, which contains 55,500 records, scored only 2. The visualization became
overcrowded, making it difficult to interpret duplication patterns. This result highlights a key limitation of the
approach scalability as visual clarity diminishes with increasing dataset size.

Mixed-type datasets such as thyroid recurrence (387 records, score 4) and online survey lung cancer
(309 records, score 4.2) showed that the tool remains effective even with heterogeneous data, provided the
dataset size is moderate. the real breast cancer dataset, despite having no exact duplicates, was noted as clean
and interpretable, suggesting that the visualization tool can still provide value in confirming data integrity,
even when duplicates are absent. Overall, these results support the use of visualization as a preliminary data
quality assessment tool, particularly for small to medium-sized datasets. However, for large-scale data,
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complementary techniques such as clustering or filtering may be necessary to maintain interpretability. This
study demonstrated that a Python-based visualization tool can effectively identify exact duplicates in
healthcare IoT datasets, particularly those with small to moderate record sizes. The tool showed high clarity
and usability in datasets under 1,000 records, with visualization clarity scores ranging from 4.0 to 5.0. In
larger datasets, such as the synthetic healthcare EHR dataset with over 55,000 records, visualization became
less interpretable, highlighting scalability limitations.

Table 4. Visualization clarity score
Number of Clarity

Dataset < Notes
records score (1-3)

Wearable device 5.767 45 Clear visualization of 7 duplicates; suitable for homogeneous data.
Thyroid recurrence 387 4 Visualization interpretable despite mixed types; 19 duplicates detected.
Patient healthcare EHR. 55.500 2 Overcrowded visualization due to large size; 534 duplicates detected.
(synthetic)
Clinical glioma grading 839 5 Single duplicate easily visualized; high clarity.
Online survey lung cancer 309 42 33 duplicates clearly visuvalized; effective for small mixed-type data.
Real breast cancer 334 5 No exact duplicates; visualization clean and interpretable.

It is important to note that the visualization framework in this study is not intended to function as an
independent detection algorithm, but rather as a qualitative tool to support early-stage data quality
assessment. The visual output is directly derived from the results of the duplicated () function in Pandas,
which identifies exact duplicates. Therefore, the visual and actual duplicates are inherently aligned by design.
Given that the visualization framework directly reflects the output of the duplicated() function in
Pandas, designed to identify exact duplicates, the inclusion of a metric such as detection precision, which
typically evaluates the correctness of predicted duplicates, would be redundant in this context. Instead, the
emphasis of this study is on interpretability, speed of assessment, and practical usability in resource-
constrained environments. This clarification is essential to ensure the tool’s purpose is accurately understood
as a qualitative aid for early-stage data quality evaluation, rather than a standalone detection algorithm.

This study has several limitations that may affect the results. First, the visualization method works
best with small to medium-sized datasets; in larger datasets, the plots become overcrowded and harder to
interpret. Second, the tool only detects exact duplicates and may miss near-duplicates or semantic duplicates,
which could lead to incomplete assessments. Third, the clarity scores used to evaluate visualization
effectiveness are based on subjective ratings from a small group of reviewers, which may not reflect broader
user experiences. Lastly, the method is designed for static datasets and does not support real-time data,
limiting its use in dynamic IoT environments. To enhance the robustness of duplicate detection, future studies
should explore integrating the visualization framework with clustering algorithms or Al-based detection
models, such as semantic similarity scoring or embedding-based matching. These approaches could help
identify complex duplication patterns that are not visually apparent or detectable through exact matching.

The visualization tool can be particularly useful for healthcare data analysts conducting initial data
audits. By quickly identifying clusters of duplicates, analysts can prioritize cleaning efforts and ensure higher
data integrity before deploying predictive models or conducting statistical analyses. Future research can
extend this approach by integrating it with semantic similarity algorithms or embedding-based models to
detect more complex forms of duplication. Additionally, adapting the visualization for streaming IoT data
could enable real-time quality monitoring in clinical environments.

4 CONCLUSION

This study investigated the effectiveness of a Python-based visualization tool for detecting data
duplication in IoT-based healthcare datasets. By applying the method across six cancer-related datasets of
varying sizes and data types, the study demonstrated that visualization can serve as a rapid and intuitive
approach for preliminary data quality assessment. The results confirmed that the tool is particularly effective
for small to moderately sized datasets, where duplication patterns are clearly represented. In these cases,
visualization provided immediate insights into data integrity, aligning with prior research that emphasizes the
value of visual analytics in early-stage data exploration. However, in larger datasets, such as the synthetic
healthcare EHR dataset, the wvisualization became less interpretable due to overcrowding, highlighting a
scalability limitation. This observation supports the findings that advocate for clustering and blocking
techniques to manage large-scale data quality issues. The study also revealed that while exact duplicates are
easily detected, semantic and temporal duplicates may require more advanced techniques. This underscores
the need for hybrid approaches that combine wvisualization with content-aware or semantic detection
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algorithms to improve robustness. Overall, the visualization method offers a lightweight, interpretable, and
generalizable tool for initial duplicate detection, especially in resource-constrained environments. Its
adaptability across diverse data types and domains makes it a valuable addition to the data quality toolkit.
Future research should explore integrating this approach with machine learning-based detection methods to
enhance scalability and accuracy. Additionally, extending the framework to address other data quality
dimensions such as missing values, inconsistencies, and outliers could further improve its utility in real-world
IoT applications. For the research field, this method offers a lightweight alternative to complex algorithms,
making early-stage data checks more accessible. For the healthcare community, it supports better data
integrity, which is crucial for accurate patient care and decision-making.
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