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Abstract

Ensuring high-quality medical text data is a persistent challenge in healthcare
analytics, as issues such as inconsistency, incompleteness, and hidden anomalies
can substantially compromise the reliability of clinical decision-making and
downstream research outcomes. This article presents and assesses a hybrid isolation
forest (IF)-support vector machine (SVM) model (HIFSVM) to improve the quality of
medical text data via anomaly detection, comparing with IF and SVM. The research
used three public health datasets: Alzheimer’s Disease and Healthy Aging Data
(ADHAD), Breast Cancer Global Dataset, and 500 Cities: The Local Data for Better
Health (500LDFB), and employed 10 extensive data quality metrics: accuracy,
completeness, consistency, timeliness, validity, uniqueness, precision, change
rate, error rate, and data density. The models’ anomaly detection performance was
evaluated using synthetic ground truth, cross-validation, and expert validation. The
HIFSVM model reported increased change rates (e.g., 0.96 for ADHAD’s data value
and 1.00 for 500LDFB’s confidence limits), demonstrating considerable potential
for tackling intricate or dynamic medical datasets that necessitate sophisticated
anomaly detection. It also demonstrated enhanced detection accuracy (F1-scores:
0.89-0.91 across datasets), markedly surpassing IF (0.83-0.87) and SVM (0.74-0.79)
(both p < 0.05). Validation established that 79-91% of the identified anomalies were
clinically significant, exhibiting considerable inter-rater agreement (k = 0.71-0.84).
These findings demonstrate that HIFSVM proficiently detects authentic anomalies
while maintaining robust data quality evaluation capabilities. The study provides a
structured methodological framework for data preprocessing, feature engineering,
and anomaly detection that healthcare professionals can employ to enhance the
reliability of clinical decision-making, thereby improving the accuracy of clinical
studies and ensuring better patient outcomes.

Keywords: Anomaly detection; Data quality assessment; Hybrid machine learning;
Isolation forest; Support vector machine; Medical datasets
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1. Introduction

Contamination of medical texts is a significant issue in
clinical research and microbiology, resulting in incorrect
diagnoses, flawed treatment strategies, and misleading
study findings.! Misidentification of cell lines, blood
culture contamination, and errors in data entry or
transcription could be sources of this problem. There
is a need to implement more stringent protocols for cell
line authentication. Enhanced data discussions suggest
that utilizing advanced medical text data with anomaly
detection can improve predictive accuracy. Strategies to
minimize blood culture contamination include effective
skin disinfection techniques, such as chlorhexidine
or iodine-based solutions, which have been shown to
significantly reduce the risk of contamination.

Researchers are utilizing machine learning (ML)
to improve the quality of medical textual data. Natural
language processing (NLP) approaches transform
unstructured medical text into structured data, facilitating
tasks such as sentiment analysis and text summarization.?
Research indicates that predictive algorithms, such as
logistic regression, support vector machines (SVMs), and
artificial neural networks, can anticipate patient outcomes
and treatment responses. ML can improve data quality by
identifying and rectifying errors, while automated data
curation techniques highlight irregularities, ultimately
leading to more accurate patient outcomes and enhanced
decision-making in clinical settings.?

Machine learning models can be integrated into clinical
decision support systems to provide real-time assistance to
healthcare practitioners. Automated text summarization
methods allow for the extraction of relevant information
from extensive medical texts, thereby improving efficiency
and minimizing the risk of data contamination.* The
majority of experts agree that NLP is the most effective
approach for enhancing medical text data through ML.
NLP turns unstructured medical texts into structured
data, making them easier to analyze and locate useful
information. Current solutions include automatic text
summarization systems, predictive algorithms such as
SVMs and artificial neural networks, and enhancements
in data quality through ML to identify and correct errors.
Additionally, there are automated data curation tools and
clinical decision support systems. These technologies
improve efficiency, reduce data contamination, and provide
real-time decision support to healthcare professionals by
analyzing medical text data and delivering evidence-based
recommendations.”

While ML is a potent instrument for enhancing medical
text data, it possesses numerous limitations. A significant
challenge pertains to data quality and bias: ML algorithms

may exhibit bias if the training data contain inaccuracies or
prejudices. Interpretability is a challenge, as sophisticated
ML models are sometimes perceived as “black boxes” due
to their decision-making processes. Another significant
concern is data security and privacy, as medical text
data frequently include sensitive patient information.
Generalizability is also a concern, as ML models trained
on a singular dataset may perform inadequately with
heterogeneous populations. The development and
training of ML models, which are resource-intensive
endeavors, may pose challenges for small-sized healthcare
organizations that often lack the necessary funding,
technical expertise, and infrastructure to implement such
advanced technologies effectively.®

People can engage in the processing and cleansing of
medical text data, as well as identifying inconsistencies,
duplications, and errors. Advanced NLP approaches can be
employed to extract significant insights from unstructured
data, including sentiment analysis and computerized
summaries of clinical narratives. The model can produce
concise summaries of medical literature, continuously
adapt based on user interactions, employ ML algorithms
to develop predictive models for patient outcomes and
treatment responses, and integrate user feedback to
enhance its techniques and strategies.

This study presents a framework for assessing
medical data quality using hybrid anomaly detection. The
proposed framework aims to: (i) provide systematic data
quality assessment using anomaly detection, (ii) enable
comparison of different algorithms for quality evaluation,
and (iii) generate comprehensive quality reports that can
guide data cleaning efforts. While improved data quality
may ultimately support better research and clinical
applications, evaluating such downstream impacts is
beyond the scope of this technical validation study. The
study contributes as follows:

(i) Support research quality: Provide researchers with
systematic quality assessments that can inform
decisions about dataset suitability for specific analyses.
The direct impact on patient outcomes requires
separate clinical validation studies, which were not
undertaken here.

(ii) Improve prediction precision: Anomaly detection
techniques improve the predictive effectiveness of
ML models used in medical diagnosis and treatment,
leading to more accurate diagnoses and personalized
treatment plans for patients.

(iii) Optimize data processing: Automate the detection
and correction of data anomalies to reduce manual
intervention and increase efficiency.

(iv) Enhance patient outcomes: Deliver more accurate and
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timely medical insights through improved data quality
and anomaly detection, leading to better patient
outcomes.

(v) Enable data quality monitoring: Offer automated
quality metrics that organizations could incorporate
into broader data governance frameworks. The
framework itself does not constitute a complete
governance solution but provides tools that may
support governance activities, such as data validation
processes and compliance tracking, which are essential
for ensuring data integrity and reliability.

(vi) Enhance research and development: Provide a more
accurate and reliable dataset for research, accelerating
advancements in medical technologies and treatments.

It is essential to acknowledge that our analysis centered
on numerical features derived from medical data, sourced
from text-based clinical documentation. The conversion
of unstructured text into structured numerical formats
is an essential preprocessing step that facilitates the
implementation of ML algorithms while preserving the
clinical significance of the original textual data.

Figure 1 clearly depicts a graphical abstract of a
comprehensive framework for improving the quality of
medical text data via an innovative hybrid ML methodology.
The process commences with the acquisition of unrefined,
unstructured medical text data, encompassing sensitive
clinical information such as Alzheimer’s disease (AD)
brain scans and patient histories. The datasets are
further processed using the hybrid isolation forest-SVM
(HIFSVM) model. The model utilizes the distinctive
advantages of its components: the isolation forest delivers
precise anomaly identification for extensive datasets,
whereas the SVM ensures stability and minimal error rates
in uniform data settings. The results indicate a substantial
enhancement in data integrity, corroborated by 10 essential
quality measures. The final results underscore the model’s
exceptional performance in attaining near-perfect scores in
accuracy, completeness, and consistency, hence furnishing
healthcare professionals with more reliable data for clinical
decision-making.

2. Related works

Phan et al’ introduced an innovative framework for
learning sparse Gaussian graphical models using multiple
sliding windows of a dataset. This model incorporates a
zero constraint and L2 regularization to ensure sparsity,
and employs a proximal gradient algorithm to address
the zero-constrained and the L2-regularized optimization
problems. When combined with Kullback-Leibler
divergence scoring for anomaly detection, the proposed
method demonstrated superior performance compared to

existing approaches.

Al-amri et al® asserted that identifying unusual
occurrences in Internet-of-things (IoT) data can mitigate
functional hazards and avert system downtime. However,
challenges persist due to the dynamic and streaming nature
of IoT data, including the need for real-time processing and
adaptability to evolving data distributions. They addressed
this gap by offering an in-depth introduction to state-
of-the-art techniques pertinent to IoT data processing,
emphasizing key research issues, such as dynamic data,
feature evolution, windowing techniques, ensemble
methodologies, data complexity, noise interference,
parameter optimization, data visualization, data
heterogeneity, accuracy, large-scale datasets, and high-
dimensional data analysis. They outlined several significant
difficulties that necessitate extensive research and future
exploration, underscoring the necessity for adaptability
and robustness in many operational circumstances.

Algorithms are anticipated to derive data-driven
parameters autonomously, function in real time, and
reduce communication.” Nassif et al.® conducted a
comprehensive literature review of anomaly detection
using machine learning, analyzing 290 publications
from 2000 to 2020. Their study identified 43 application
domains, 29 distinct machine learning models, and 22
datasets, with unsupervised approaches emerging as the
most widely used due to their effectiveness across diverse
applications, including fraud detection, network security,
and industrial fault diagnosis. However, the review also
identified limitations in evaluation practices, noting
that a majority of studies (64 out of 290) relied heavily
on accuracy and the area under the receiver operating
characteristic curve (AUC-ROC) as primary metrics. The
authors emphasized the need for more rigorous evaluation
frameworks and for incorporating recent advancements to
address gaps in current methodologies.

Yang et al'' proposed an automated method for
detecting inner ear abnormalities using deep reinforcement
learning. The method utilizes two metrics, Dima gee
and Uima gee, based on the variability of projected
landmark configurations in normative data, capturing
the agent’s reluctance as it approaches target anatomical
structures. The proposed method surpassed conventional
3D convolutional autoencoder techniques in identifying
atypical anatomical structures in both synthetic and
authentic clinical computed tomography (CT) data, owing
to its superior ability to manage various types of clinical
images.

Ajitha? introduced a novel approach to anomaly
detection, SemiAI-anomalyDetect+, specifically designed
for extensive patient datasets, aiming to identify irregular

Volume 3 Issue 4 (2026)

doi: 10.36922/AIH026080021


https://doi.org/10.36922/AIH026080021

Artificial Intelligence in Health

HIFSVM for medical data quality

Figure 1. Processes of the proposed hybrid isolation forest-support vector machine (HIFSVM) model for the enhancement of medical text data quality. The
process illustrates the transformation of unrefined, unstructured medical data, including Alzheimer’s clinical information, via a dual-layered architecture
that integrates an isolation forest for precise anomaly identification and a support vector machine (SVM) for data stability. The process yields high-quality,
validated datasets designed for precision, comprehensiveness, and uniformity in clinical decision support.

patterns indicative of potential health concerns. This
method combines unsupervised K-means clustering with
semi-supervised learning techniques, demonstrating
improved performance over traditional algorithms in
terms of accuracy, completeness, Fl-score, and AUC-
ROC. Additionally, the method incorporates a feedback
loop and an active learning mechanism to ensure
continuous improvement in anomaly detection. However,
its effectiveness depends heavily on advanced feature
engineering techniques, hybrid methodologies, active

learning strategies, and interpreted models, which may
limit its accessibility for widespread clinical adoption.

Bao et al.”* highlighted anomaly detection as a vital
research area in ML and computer vision, especially in the
context of medical imaging applications. Nonetheless, a
conventional baseline for assessing diverse AD approaches
in relation to medical imaging remains absent. To address
this, they introduced an advantageous assessment
standard comprising 6 reconfigured datasets spanning
five medical categories and integrating 15 sophisticated
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AD algorithms, enabling academics to efficiently compare
and assess various AD approaches. Meanwhile, they also
acknowledged several limitations and potential areas for
optimization.

Baydargil et al.* indicated that deep neural networks
trained on medical data encounter obstacles related
to financial expenditures, specialized manpower, and
extensive datasets, which can hinder their implementation
in clinical settings and limit their accessibility for
widespread use. They proposed a novel model for detecting
atypical patterns in medical images, employing two
encoders and a technique to transform images according
to their information content. The model outperformed
benchmark models in anomaly detection and classification,
exhibiting enhanced performance when trained with
preprocessed data. The model’s efficacy on low-variance
images, including positron emission tomography brain
scans and chest X-rays, suggests its potential applicability
in medical imaging. By integrating cascading and dilated
convolutional neural networks, the model -effectively
captures both local and global properties, which are
essential for accurately identifying highly heterogeneous
diseases, such as AD.

Eltanbouly et al."* emphasized that cloud computing is
particularly vulnerable to attacks due to its distributed data-
processing architecture. To protect these systems, intrusion
detection methodologies have evolved, increasingly
incorporating ML techniques. Recent advancements
in these techniques focus on evaluating accuracy and
detection rates across various datasets. Their survey
explored the characteristics, benefits, and limitations of
ML methods for detecting a range of attack vectors in
distributed systems, underscoring their importance in
improving secure data sharing through the analysis and
identification of network threats.

Almeida et al.'* employed deep learning to identify
various indicators of chronic obstructive pulmonary
disease (COPD) as atypical patterns in chest CT scans.
They employed inspiratory/expiratory CT and clinical data
from the COPDGene and COSYCONET cohort studies.
Their self-supervised deep learning model acquired
semantic information from random voxel samples
derived exclusively from undamaged lungs and identified
anomalies as regional deviations. The model outperformed
supervised models, including inspiratory CT alone, and
improved predictive performance for clinical outcomes
when integrated with linear mixed models.

Idé et al.” introduced an innovative framework for
anomaly identification in complex systems, with particular
focus on condition-based monitoring in industrial
applications. Their method advocates multitask learning

utilizing sparse Gaussian graphical models that represent
various operational states, manage analogous assets, and
elucidate the interrelationships among variables. They
addressed numerical instability challenges, improving
efficacy in anomaly detection on real-world datasets,
particularly by enhancing the robustness of the model
against fluctuations in data quality and ensuring more
reliable identification of anomalies. Their method
integrates variational Bayes with sparse structure learning,
utilizing the Laplace prior and a zero-based method for
selecting sparse mixture weights. This approach effectively
learns multi-modal distributions in IoT applications,
which are systems that connect and communicate data
between devices over the internet.

Spies et al'® provided a thorough evaluation of
methodologies for identifying anomalies in laboratory
medicine, categorizing anomalies into specimen-,
analyzer-, patient-, and population-related anomalies. The
aim of analyzer-based anomaly detection is to identify
technical errors caused by the measuring device. Currently,
the anomaly detection methods include Levey-Jennings
plots and patient-based real-time quality control. They
anticipated that, in the future, anomaly detection through
analyzers may incorporate ML techniques to enhance
performance and automate workflows designed to identify
technological anomalies before they lead to erroneous
diagnoses or treatments.

Ibrahim et al' evaluated the computer-assisted
framework, COV-CAF, designed to improve the
identification and categorization of COVID-19 severity
from chest CT scans. The framework transitions from
conventional methods to diverse deep learning techniques
to improve diagnostic precision in assisting healthcare
practitioners with case management. MosMedData
achieved an accuracy of 97.76% with an average sensitivity
of 96.73%, whereas the SARS-COV-2 CT-Scan benchmark
dataset yielded accuracy and sensitivity rates of 97.59%
and 98.41%, respectively. The framework’s efficacy is
contingent upon the quality and diversity of the datasets
utilized for training, rendering deployment in a real clinical
environment highly challenging.

Minic et al® investigated the efficacy of recurrent
neural networks in identifying irregularities in
electrocardiograms (ECGs). They proposed a novel
framework that integrates a particle swarm optimization
algorithm to improve performance in ECG analysis and
facilitate early identification of cardiovascular diseases.
Their study demonstrated the efficacy of recurrent neural
networks for interpreting temporal heart electrical signals
and the role of particle swarm optimization in optimizing
recurrent neural network parameters. Their results
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suggest a significant enhancement in performance, the
identification of critical traits, and practical applicability
in real-world scenarios to facilitate timely patient care.
Their study has limitations regarding generalizability,
implementation complexity, and data quality reliance.

Liu et al* established an efficient framework,
AIEchoDx, to compare four common cardiovascular
diseases to normal patients using deep learning
techniques. The framework demonstrated exceptional
diagnostic performance, with AUC values ranging
from 98.70% to 99.57%. This methodology effectively
identifies critical lesion locations in echocardiographic
images and offers insights into the decision-making
process. Additionally, it allows for extensibility to various
echocardiography devices through a proposed framework
that enhances access to point-of-care diagnostics, leading
to improved patient outcomes and more widespread use of
echocardiographic assessments in diverse clinical settings.
Their study acknowledged several limitations related to
generalizability, the size of the training dataset, and the
complexity of clinical scenarios; moreover, the real-world
effectiveness of the findings has yet to be assessed.

Mohammed et al.** improved early disease diagnosis
with a hybrid methodology that integrates gray wolf
optimization (GWO) with SVM for gene selection. The
GWO-SVM technique achieved a 96.46% accuracy rate in
disease diagnosis, demonstrating its efficacy in identifying
genes associated with diverse diseases. Their work advances
computational biology by introducing a hybrid model that
employs variance analysis to identify significant genes
and by demonstrating the application of metaheuristic
algorithms for the analysis of biological data. Nonetheless,
its application may be limited by dataset dependency and
the complexity of biological systems, which can restrict
generalizability across different biological contexts.

Rahman et al” enhanced anomaly identification
in human activities by employing ML and deep
learning classifiers. Their gated recurrent unit classifier
outperformed other models, such as naive Bayes, in
accurately distinguishing between normal and anomalous
behaviors. They generated 50,000 anomalous activities
while conducting tests on training—test splits and cross-
validation methodologies. Their findings indicate that
ML algorithms can proficiently detect anomalies in two-
resident households, thereby improving safety and well-
being. Their limitations encompass the difficulties of
acquiring datasets that authentically depict multi-resident
environments and the associated privacy concerns, which
can hinder the development and testing of ML models
aimed at improving safety and well-being in such settings.

Bataineh’s* proposed a heterogeneous ensemble

learning framework that employs a binary genetic
algorithm (GA) to enhance weak learners, such as random
forest, gradient boosting, SVM, and AdaBoost, for superior
predictive performance. The ensemble utilizes a soft-voting
mechanism and was assessed via 10-fold cross-validation
employing heating, ventilation, and air conditioning
(HVAC) sensor data from 10 medical institutions in
Jordan. The GA-optimized ensemble achieved a macro-
averaged Fl-score of 77.35% and an overall accuracy
of 97.50%, significantly surpassing the scores of a naive
ensemble. The improved efficiency and collaboration of
the optimized subset of models resolve class imbalance
issues in the dataset.

Fuzail et al® presented a hybrid framework that
combines federated learning with ensemble ML models
and explainable AT techniques to predict sepsis mortality.
This framework employs random forest, light gradient
boosting machine, extreme gradient boosting, k-nearest
neighbors, and logistic regression without centralizing
patient data. It improves interpretability through Shapley
additive explanations, local interpretable model-agnostic
explanations, and partial dependence plots, thereby
enhancing transparency in clinical decision-making. The
effectiveness of the framework was assessed using metrics
such as accuracy, precision, recall, F1-score, and AUC-
ROC in both centralized and federated environments.
Their results indicate that ensemble models, especially
random forests and gradient boosting, enhance predictive
accuracy and robustness in a federated framework. Their
proposed hybrid framework allows for precise, privacy-
conscious, and understandable predictions of sepsis
mortality, thereby improving real-time clinical decision-
making in Intensive Care Unit settings.

Nuiez-Valdez” contributed to the growing body
of research at the intersection of machine learning
and healthcare by summarizing diverse applications,
methodologies, and clinical contexts, emphasizing
technological advancements and practical factors such as
efficiency, interpretability, robustness, and security. The
summary also highlights the transformative capacity of
ML in healthcare and the challenges that must be overcome
for reliable and responsible real-world implementation.
We anticipate that this summary will stimulate additional
research, foster interdisciplinary collaboration, and
promote innovation, thereby advancing intelligent
healthcare systems.

Alhassan and Altmami” introduced a model that
combines a hybrid gradient boosting model with a hybrid
attention module, effectively reducing complexity while
enhancing performance and accuracy. The model’s feature
extraction process uses two pre-trained models that work
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together to improve feature extraction, incorporating
shape and texture features. The main goal of this model is to
identify multiclass non-melanoma skin cancer. It achieved
strong evaluation metrics, including an accuracy of 96.8%,
sensitivity of 97.56%, specificity of 96.03%, precision of
96.71%, and an F1-score of 97.13% on a histopathological
non-melanoma skin cancer segmentation dataset.

Paul et al?® proposed an improved model utilizing
the synthetic minority over-sampling technique and
edited nearest-neighbor balancing, along with principal
component analysis (PCA) and gradient boosting, to
predict chronic diseases from clinical profiles. The study
was based on a Kaggle dataset of over 1,500 anonymized
patient records with 15 demographic, lifestyle, and clinical
features. Standardized encoding and class adjustments
were conducted prior to PCA to optimize computation
and minimize overfitting. Various models, including
decision trees, random forests, light gradient boosting
machine, and extreme gradient boosting, were compared,
with gradient boosting yielding the best performance
(accuracy of 99.33%, precision of 99%, recall of 99%, and
F1-score of 99%). Cross-validation indicated an accuracy
of 98.90%, and the model achieved an AUC-ROC value
exceeding 0.99, signifying its robustness and precision
for early chronic condition detection. This ML system
holds significant potential for improving patient-oriented
outcomes.

El-Aziz and Rayan® introduced a deep learning
framework (ASTab-Stroke) that integrates adaptive
stratified sampling with TabNet’s sequential attention
mechanism to improve stroke prediction accuracy.
Adaptive stratified sampling adjusts patient strata according
to their error contributions, ensuring representation of
minority and high-risk groups without the use of synthetic
data. TabNet enables incremental feature attribution,
permitting clinicians to discern the impact of variables
such as age, hypertension, and lifestyle on stroke risk.
Developed in Python 3.10 and assessed using a diverse
Stroke Prediction Dataset, ASTab-Stroke achieved 98%
accuracy and significant AUC, Fl-score, recall, and
precision, exceeding current benchmarks. The framework
demonstrated robust generalization, emphasizing age and
comorbidity characteristics as pivotal in ablation studies. It
offers clinically interpretable, scalable, and ethically sound
stroke risk prediction, with potential applications in other
domains of precision medicine aimed at equitable patient
care, such as predicting risks for cardiovascular diseases or
supporting diabetes management.

Tascioglu et al*® discussed how NLP methodologies
transform unstructured medical text into structured
data, facilitating tasks such as sentiment analysis and text

summarization. Their work emphasized the effectiveness
of both rule-based approaches and large language models
in extracting vital clinical information (e.g., comorbidities)
from historical free-text records, thereby making significant
contributions to mortality risk evaluation.

3. Conceptual framework: Machine learning
as a tool for data quality assessment

3.1. Difference between data quality assessment
and model performance evaluation

It is crucial to differentiate between two separate
analytical tasks: (i) assessing the efficacy of an ML model
(i.e., its predictive or classificatory accuracy) and (ii)
employing ML models to evaluate data quality (i.e., the
appropriateness of the data for analysis). The present study
examines the application of ML models to evaluate data
quality. The isolation forest, SVM, and HIFSVM models
served as diagnostic instruments that analyzed the dataset
and produced quality metrics across 10 dimensions. When
a feature possesses an accuracy of 1.00, it does not imply
that the model is flawless; rather, it indicates that the
data values fall within the statistically anticipated ranges.
Likewise, error rate denotes the ratio of outliers identified
in the data, rather than the classification error of the
model. This distinction forms the foundation of the entire
analytical framework presented here.

3.2. Unsupervised anomaly detection for quality
analysis

Medical data often contain various anomalies that might
significantly impact the accuracy of ML algorithms.
Presented below are several common categories of
anomalies found in medical data text: (i) Outliers: Data
points that significantly deviate from the rest of the
dataset, such as abnormally high or low blood pressure
measurements. (ii) Missing values: Instances where data are
absent or incomplete, sometimes resulting from errors in
data entry or collection. (iii) Redundant records: Repeated
entries of the same patient or test result, which can skew
analysis and lead to inaccurate conclusions about patient
health trends or treatment effectiveness. (iv) Inconsistent
data: Discrepancies in data recording, encompassing
variances in units of measurement or formats. (v) Noise:
Erroneous fluctuations or oscillations in data that possess
no evident significance.™

3.3. Types of anomalies in medical data

Medical datasets frequently display a wide array of
anomalies that can substantially skew analytical results and
compromise clinical decision-making. These irregularities
typically manifest as point anomalies, where a single
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value strongly deviates from expected behavior, such as
an abnormally high biomarker reading, and contextual
anomalies, in which otherwise normal values become
abnormal within a specific clinical context, such as a heart
rate that is appropriate during exercise but problematic at
rest.

Collective anomalies are also critical. They happen
when groups of observations all deviate from expected
patterns. This is often a sign of systemic problems, such
as calibration errors or coordinated data shifts across
several variables. Beyond these statistical outliers, medical
data frequently suffer from missing values, redundant or
duplicated records, inconsistent entries resulting from
differing units or formats, and noise, which appears as
random fluctuations not tied to meaningful physiological
variation. These anomaly types directly affect key data
quality aspects, such as validity, uniqueness, precision,
and error rate, making their identification essential for
ensuring reliable downstream analytics. In our study, such
anomalies are not only a fundamental concern but also the
basis for evaluating the effectiveness of models, such as
isolation forest, SVM, and HIFSVM, which demonstrated
superior capability for detecting subtle and clinically
relevant deviations within numerically encoded medical
text.

3.4. Algorithms as quality assessment instruments

Anomaly detection constitutes a crucial component of
ML. It signifies the identification of anomalous items,
occurrences, or observations that markedly deviate from
the predominant dataset. This process is crucial for various
applications, such as fraud detection, network security,
and healthcare diagnostics. A range of techniques has
been developed for anomaly detection, each with unique
benefits.

3.4.1. Isolation forest

The isolation forest algorithm is a widely recognized
unsupervised ML technique for anomaly identification
(Figure 2). It operates by constructing isolation trees: it
isolates anomalies by randomly selecting a feature and
subsequently choosing a split value at random between
the feature’s minimum and maximum values. The iterative
repetition of the operation generates a structure referred
to as an isolation tree. Path length anomalies are typically
sparse and distinctly differentiated from the remainder of
the data. Consequently, isolating these anomalies would
generally necessitate considerably fewer splits. The path
length in the isolation tree can be utilized to calculate an
anomaly score. Isolation forest is efficient with linear time
complexity and has been applied across multiple domains,
including fraud detection—where it identifies anomalous

transactions in healthcare systems—and network security,
to detect unusual trends that may signal potential
cyberattacks—similar to how fraud detection in healthcare
identifies anomalous transactions that could indicate
fraudulent activity. In healthcare, the goal is to identify
uncommon health issues among extensive databases of
test results.”

3.4.2. One-class support vector machine

The one-class SVM, designed for unsupervised anomaly
detection, is based on the SVM methodology typically
used in classification tasks. While a standard SVM aims
to identify the hyperplane that maximizes the margin
between different data points, the one-class SVM focuses
on identifying the hyperplane that most effectively isolates
the data points from the origin. Furthermore, SVMs can
handle non-linearity by employing kernel functions,”
which allow them to create complex decision boundaries
in the feature space. Figure 3 presents the architecture of
the SVM.

3.4.3. Hybrid isolation forest-support vector machine
model

This subsection describes the conceptual pipeline of the
HIFSVM framework. Readers can refer to Section 3.6
for the complete mathematical formalization, including
all equations, algorithmic specifications, and complexity
analysis. Identifying anomalies in records is an essential
component of statistical analysis and device studying.
It helps identify anomalous patterns that deviate from
expected behavior, potentially indicating widespread
occurrences, fraud, or exceptional concerns. This
methodology examines various strategies for anomaly
identification, utilizing a hybrid technique that combines
multiple algorithms. This analytical approach includes
comprehensive data preparation, transformation, and the
implementation of various anomaly detection models, as
illustrated in the subsequent phases:

(i) Phase 1: Load data

The framework begins with the acquisition of datasets
related to AD and healthy aging via CSV file loading. It
employs advanced memory optimization techniques,
including chunked reading functionalities, to efficiently
manage large datasets. Thorough exploratory activities are
conducted to understand dataset dimensions, memory
usage patterns, and data type distributions. To enhance text
analysis in healthcare contexts, the framework integrates
specialized medical terminology lexicons, improving the
accuracy of data interpretation and facilitating deeper
insights into patient records and clinical notes.

(ii) Phase 2: Clean data
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Figure 2. The outlier-detection design uses an isolated forest to differentiate between normal values and outliers by generating anomaly scores. This
approach is effective for handling large or complex datasets, making it beneficial for applications such as fraud detection and noise filtration.

Figure 3. The architecture of kernel-based transformation in the support vector machine explains how input vectors are processed using kernel functions

within the hidden layer. It also clarifies that the output, denoted as y, results from a weighted combination of various modified outputs. Reprinted from

Ruiz-Gonzalez et al >

This phase ensures data integrity through systematic
cleansing procedures. The framework identifies and
removes duplicate entries to prevent analytical redundancy
and maintain dataset reliability. Text normalization
addresses irregular whitespace and converts empty strings
into standardized representations of missing values.
Memory optimization strategies are applied during
cleaning, supported by tracking systems that evaluate
cleaning effectiveness and memory conservation, helping

ensure that data processing is efficient and does not lead to
excessive resource consumption.

(iii) Phase 3: Process features

This phase involves strategic feature selection, isolating
numerical columns for further analysis. Advanced
imputation techniques dynamically choose between
mean and median values based on the data distribution.
Outlier management is conducted using winsorization
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methods grounded in interquartile range (IQR) analysis.
Transformation analysis tools recommend appropriate
data transformations, such as logarithmic, Box-Cox, or
Yeo-Johnson, based on distribution characteristics.

(iv) Phase 4: Compute quality metrics

A robust quality assessment framework evaluates
datasets across ten key dimensions, including accuracy,
completeness, validity, and uniqueness. Statistical analysis
incorporates outlier detection and distribution evaluation.
Textual data are assessed for medical terminology coverage
and overall integrity. Pattern recognition capabilities
identify missing correlations and systemic data quality
issues, which can lead to inaccurate conclusions in medical
research and hinder effective decision-making.

(v) Phase 5: Sophisticated anomaly detection

This phase applies a multi-algorithm strategy integrating
four distinct detection methods. Isolation forest uses
random partitioning for outlier detection; local outlier
factor applies density-based techniques; SVM utilizes
boundary-based identification; and an ensemble method
consolidates results through majority voting. The system
includes performance monitoring to track training
durations and compute algorithm efficiency.

(vi) Phase 6: Dimensionality reduction and visualization

Dimensionality reduction is achieved through PCA, which
enhances data presentation. The framework generates
comprehensive visualizations, including scatter plots
to distinguish normal and anomalous observations.
Heatmaps display quality metrics across dimensions,
correlation matrices reveal feature relationships, and
distribution histograms and radar maps offer alternative
perspectives for data interpretation, allowing analysts to
visualize the frequency distribution of data points and
compare multiple variables simultaneously.

(vii) Phase 7: Analysis of training performance

This phase focuses on computational efficiency through
detailed algorithm performance analysis. Training
durations are monitored and compared across methods,
with metrics and timing statistics computed. Resource
optimization insights identify the most and least efficient
algorithms. Execution breakdowns provide granular
timing data for each processing stage, supporting informed
algorithm selection based on data attributes and system
constraints.

(viii) Phase 8: Visualization and reporting

Automated reporting tools generate outputs in JSON
and HTML formats, presenting comprehensive analytical
findings. Executive summaries highlight aggregated data

quality scores and critical issues. A recommendation
engine offers ways to improve data based on the analysis,
while advanced scoring systems set strict standards
for checking quality. This ensures stakeholders receive
actionable insights in accessible formats.

(ix) Phase 9: Execution synopsis and performance
evaluation

The final phase delivers detailed execution reports
evaluating the overall pipeline performance. Quality
metrics are synthesized into actionable insights, and
training time analysis summarizes ML algorithm efficiency.
Prioritization algorithms identify the most urgent data
quality issues, enabling effective resource allocation.
This structured framework merges traditional statistical
methods with modern ML to provide a holistic view of
dataset integrity, reliability, and analytical readiness.

The qualitative description above provides an intuitive
understanding of the HIFSVM pipeline. The formal
mathematical specification in Section 3.6 complements
this by providing the precise equations, algorithms,
and optimization procedures necessary for rigorous
implementation and reproducibility.

Figure 4 illustrates that the HIFSVM method offers
a systematic approach to data preprocessing, feature
generation, and outlier detection. It employs advanced
techniques, such as isolation forest and SVM, to
identify outliers and uses visualizations to improve the
comprehensibility of the data. Additionally, Figure 5
presents the HIFSVM flowchart, outlining a structured
approach to data preparation, feature creation, and outlier
detection.

3.5. Metrics for assessing data quality

The assessment of data quality is a crucial process for
ensuring thatdataareaccurate, complete,and reliable. High-
quality data are essential for informing decision-making,
improving processes, and achieving organizational success.
Various techniques and methodologies are available to
assess and improve data quality, each designed to address
specific characteristics such as accuracy, consistency,
completeness, and timeliness. The process involves using
fundamental tools and methodological approaches
to evaluate data quality, including data profiling, data
cleansing, and data validation to identify and rectify data
problems. Quality assessments and metrics are tools that
generate reports and metrics to evaluate data quality, track
progress, and identify areas for improvement. Companies
collect user surveys and feedback to understand data
quality issues from their viewpoint and implement the
necessary adjustments. Self-assessment and auditing are
internal processes that methodically analyze data quality
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and ensure compliance with data standards. Designation
and accreditation apply labels and certificates to data to
ensure adherence to specified quality standards.

Algorithm 1. DataQualityAnalyzer: Pseudocode for the
HIFSVM quality assessment pipeline

Pseudocode
FUNCTION DataQualityAnalyzer():
// STEP 1 — Load & Inspect
LOAD dataset FROM file_path
OPTIMIZE memory WITH chunked_reading
GET dataset_info (shape, types, memory)
missing_matrix< IS_NULL(dataset)
// STEP 2 — Clean Data
cleaned_data< DROP_DUPLICATES(dataset)
NORMALIZE text_columns (strip, replace empty)
memory_saved< original_memory — cleaned_memory
// STEP 3 — Process Features
numerical_cols¢ SELECT numerical columns
FOR each column:
IF skewness > 2 THEN impute median ELSE impute mean
CLIP values TO [Q1-3-IQR, Q3+3-IQR]
// STEP 4 — Compute Quality Metrics
FOR each feature:
accuracy < fraction within y + 30
completeness<- non-null / total
validity< satisfying constraints / total
uniqueness< unique_count / total
error_rate< outliers (1.5 IQR rule) / total
// STEP 5 — Anomaly Detection
IF_scores¢ IsolationForest(X)
LOF_scores< LocalOutlierFactor(X)
OCSVM_scores¢ OneClassSVM(X)
ensemble < COMBINE(IF _scores, LOF_scores, OCSVM_scores)
// STEP 6 — Visuals
X_pca < PCA(X, 2)
quality_heatmap< HEATMAP(metrics)
correlation_heatmap< HEATMAP(CORRELATION(X))
distributions¢ HISTOGRAMS(X)
// STEP 7 — Reports
json_report < JSON(analysis_results)
html_report < HTML(summary, metrics)
overall_quality_score < f(completeness, validity, accuracy, error_rate)
END FUNCTION
FUNCTION main_execution():
analyzer < DataQualityAnalyzer()
dataset< analyzer. LOAD(...)
cleaned_data< analyzer. CLEAN(...)
missing_analysis< analyzer. MISSING(...)
text_analysis< analyzer. TEXTY(...)
X_processed< analyzer. FEATURES(...)
metrics¢ analyzer. METRICS(...)
anomalies< analyzer ANOMALIES(...)
visuals¢ analyzer. VISUALS(...)
reports< analyzer. REPORTS(...)
RETURN all_results
END FUNCTION

Table 1 provides standardized definitions for all
10 metrics employed in this study, distinguishing
between their conceptual foundations and operational
implementations (also see Table S1):

3.6. Formal specification of the proposed hybrid
isolation forest-support vector machine model

Figure 4 illustrates the conceptual architecture of
HIFSVM, but for reproducibility, a precise mathematical
specification is required. This section provides the
formal mathematical foundation of the HIFSVM model,
including its constituent components, fusion mechanism,
and optimization procedure.

3.6.1. Algorithmic specification

Input:
X_train € Rnm // Training data
X_test € Rkm // Test data

n_estimators = 100
contamination = 0.1

// Number of isolation trees
// Expected anomaly rate

kernel = ‘rbf’ // SVM kernel type

y = fscale’ // RBF kernel parameter
Output:

a_train € R" // Training anomaly scores

a_test € R¥ // Test anomaly scores

quality_metrics € R // Data quality metrics
// Stage 1: Isolation Forest Training
Initialize isolation_forest = IsolationForest(
n_estimators=n_estimators,
contamination=contamination,
random_state=42)
isolation_forest.fit(X_train)
a_train_IF = isolation_forest.score_samples(X_train)
a_train_IF = normalize_to_unit_interval(a_train_IF)
// Stage 2: One-Class SVM Training
Initialize sym = OneClassSVM(
kernel=kernel,
gamma=y,
nu=contamination)
svm.fit(X_train)
distances = svm.decision_function(X_train)
a_train_SVM = sigmoid_transform(distances)
// Stage 3: Weight Optimization
w_star = optimize_fusion_weight(
a_train_IE,
a_train_SVM,
contamination)
// Stage 4: Hybrid Fusion (Training)
a_train = w_star * a_train_IF + (1 - w_star) * a_train_SVM
// Stage 5: Inference on Test Data
a_test_IF = isolation_forest.score_samples(X_test)
a_test_IF = normalize_to_unit_interval(a_test_IF)
a_test_SVM = svm.decision_function(X_test)
a_test_SVM = sigmoid_transform(a_test_SVM)
a_test = w_star * a_test_IF + (1 - w_star) * a_test_SVM
// Stage 6: Quality Metric Computation
quality_metrics = compute_quality_metrics(X_train, a_train)
return a_train, a_test, quality_metrics
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Figure 4. The hybrid isolation forest-support vector machine (HIFSVM) methodology provides a structured approach to data preprocessing, feature
engineering, and anomaly detection. It utilizes advanced techniques, including isolation forest and support vector machine, to identify outliers and
incorporates visualizations to improve interpretability.

Abbreviation: ML: Machine learning.

Figure 5. The hybrid isolation forest-support vector machine (HIFSVM) flowchart delineates a systematic approach to data preparation, feature
engineering, and anomaly identification. It employs sophisticated methodologies, including isolation forest and support vector machines, to detect
anomalies and integrates visuals to enhance interpretability.
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Table 1. Definition of the 10 metrics used in this study

Metric Conceptual definition Operational definition Scale Interpretation
Conformity of data to real-world Higher = tatistically plausibl
Accuracy ontormity of data fo reat-wor Proportion of values within mean + 3¢ 0-1 \gher = more statistically plausible
values values
Extent to which data are non-
Completeness xemow Non-null values/Total values 0-1 Higher = fewer missing values
missing
. . Binary: median between minimum and . .
Consistency Absence of contradictory data . Oorl 1 = internally consistent
maximum
1.0 for static datasets with iat
Timeliness Currency of data - for static datasets with appropriate 0-1 Higher = more current
time coverage
Conformity to domai
Validity oormityfo domain Values meeting domain rules/Total 0-1 Higher = more domain-compliant
constraints
Uniqueness Absence of duplication Unique values/Total values 0-1 Higher = more distinct entries
Higher = detailed
Precision Granularity of measurement Average decimal places 20 igher = more detafie
measurement
Change rate Volatility of values Coefficient of variation (o/y) =0 Lower = more stable
Error rate Proportion of statistical outliers Values outside 1.5xIQR/Total 0-1 Lower = fewer outliers
Data density Population of fields Populated fields/Total fields 20 Higher = more complete coverage

Abbreviation: IQR: Interquartile range.

3.6.2. Optimization of the hybrid fusion weight

The fusion weight w is optimized using grid search with
validation:

(1)

w = argrvrvlg\i(Q(w)

where w = 0, 0.1, 0.2, ..., and Q(w) is the quality score,
where:

Q(w)= 15 2m,(w) @)

with m;(W) being the j quality metric computed using the
hybrid scores with weight w.

3.6.3. Complexity analysis

There are two complexities, time complexity and space
complexity:
(i) Time complexity:
«  Isolation forest training: O(t-n-logn), where t
is the number of trees.
«  One-class SVM training: O(rl2 ~m) to O(n3 -m)
depending on the implementation.
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«  HIFSVM hybrid fusion: O(n-m).
«  Overall: O(nz-m) (dominated by SVM
component).
(ii) Space complexity:

« Isolation forest: O (t ‘n- m) )
e One-class SVM: O (n2 ) for the kernel matrix.
o Overall: O(Il2 +t-n-m)j,

3.6.4. Essential elements for effective hybrid fusion

Developing an effective hybrid model necessitates the
assessment of multiple critical factors instead of merely
averaging outcomes from two algorithms. Essential
components comprise: (i) algorithmic complementarity,
wherein isolation forest and one-class SVM proficiently
detect unique anomalies; (ii) score standardization, which
normalizes algorithmic scores to mitigate scale dominance;
(iii) optimization of fusion, wherein weights are refined via
grid search toachieve balanced performance; (iv) adherence
to assessment objectives, emphasizing practical quality
evaluation; (v) computational compatibility, ensuring
seamless integration with scikit-learn; (vi) maintenance
of interpretability, facilitating the identification of
anomaly sources; (vii) inter-dataset robustness, which
is confirmed across multiple medical datasets; (viii)
statistical significance, which is assessed via paired
t-tests to validate improvements; and (ix) reproducibility,
ensuring that other researchers can replicate results, as well
as a theoretical framework grounded in complementary
detection perspectives. These factors allow HIFSVM to
achieve outstanding results.

3.7. Justification for algorithm selection

Isolation forest and SVM were chosen for our hybrid
framework for medical data quality assessment due to
several reasons: First, they offer superior interpretability
for identifying data quality issues compared to deep
learning methods. Isolation forest’s explicit path lengths
indicate anomalies linked to specific features, while SVM
delineates clear boundaries with support vectors. Second,
their scalability is advantageous, with isolation forest
operating in O(nlogn) time on standard hardware,
making it suitable for large-scale datasets, unlike deep
learning, which often requires vast computational
resources. Third, both methods perform effectively
across various dataset sizes without the need for massive
training sets, thereby ensuring robustness. Furthermore,
their strong theoretical foundations yield predictable
behavior for quality assessment, contrasting with the less
predictable nature of deep learning. Lastly, both methods
support reproducibility through stable implementations
in scikit-learn, establishing essential baselines for future

research. Overall, these factors affirm isolation forest and
SVM as optimal choices for our framework, enhancing the
reliability of medical data quality assessments.

3.8. Limitations of deep learning

Considering the ubiquity of deep learning in modern ML
research, it is pertinent to inquire why we did not utilize
these techniques. Multiple factors render deep learning
less appropriate for our particular task:

(i) Interpretability: Deeplearning models offer arestricted
understanding of the rationale behind a data point
being identified as anomalous. For quality assessment,
it is vital to understand the underlying causes, missing
data, boundary violations, and statistical outliers for
effective remediation. Isolation forest and SVM offer
discernible explanations, making them preferable
for tasks where understanding the rationale behind
anomaly detection is crucial.

Reproducibility: The training of deep learning models

incorporates stochastic factors (random initialization,

dropout, and GPU nondeterminism) that hinder
precise replication. Our dedication to reproducibility

(Section 7) directed us toward deterministic

methodologies.

(iii) Computational prerequisites: Deep learning generally
necessitates GPUs and comprehensive optimization.
Our framework operates on conventional hardware in
roughly 2 h, ensuring accessibility.

(iv) Sample efficiency: Deep learning techniques
frequently necessitate extensive datasets for
effective generalization, which can be a challenge
for practitioners with limited data availability. Our
framework operates effectively across datasets of
diverse sizes.
Opverfitting risk: Deep learning may become excessively
tailored to dataset-specific patterns, potentially
misclassifying legitimate variations as anomalies,
leading to a significant increase in false positives and
undermining the model’s reliability in real-world
applications. Conventional methods exhibit superior
control of false-positive rates.

(vi) Theoretical foundation: The efficacy of deep learning
is predominantly empirical; its behavior in edge cases
remains unpredictable. The evaluation of quality
is enhanced by clearly comprehended theoretical

(ii)

)

attributes.
(vii) Metric alignment: Deep learning focuses on
optimization for prediction or reconstruction

rather than directly targeting quality metrics. Our
methodologies are specifically crafted to produce
quality metrics that accurately reflect the performance
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and effectiveness of our models in various applications.

These factors do not suggest that deep learning is
“bad,” it performs exceptionally well in numerous tasks,
but rather that for the specific needs of interpretable,
reproducible, and accessible quality assessment, traditional
methods are more suitable. Deep learning may enhance
our methodology in forthcoming projects targeting diverse
objectives, such as improving accuracy, reducing bias, and
optimizing performance across various applications.

4, Methods

This study used a server-based approach to implement ML
models as diagnostic tools for evaluating and enhancing
medical data quality. In contrast to conventional supervised
learning, which primarily assesses model performance on
reserved data, our methodology employs unsupervised
anomaly-detection algorithms to systematically analyze
dataset attributes across 10 quality dimensions. Table S2
summarizes the mathematical notation used throughout
this paper. The models were “trained” on the data to
comprehend the underlying distribution and detect
deviations that signify quality concerns, rather than to
make predictions. The data for analysis comprised medical
texts and specializations relevant to human cranial
disorders, including AD, Parkinson’s disease, stroke, brain
tumors, traumatic brain injury, and meningitis.

4.1. Dataset preparation

This study examined several key datasets relevant to
public health research. The Alzheimers Disease and
Healthy Aging Data (ADHAD)* from the Centers for
Disease Control and Prevention (CDC) contains extensive
information on attitudes toward dementia and caregiving
across over 100,000 records, allowing for longitudinal
analysis of health disparities. The Breast Cancer Global
Dataset (BCGD)* monitors breast cancer statistics
worldwide from 1990 to 2022, categorizing data by age,
geography, and molecular subtypes to evaluate the efficacy
and equity of cancer care. Lastly, the 500 Cities: The Local
Data for Better Health (500LDFB)* dataset provides small-
area estimates of chronic disease indicators for the 500
largest United States cities, which aid local governments
in addressing geographic health inequities. Together,
these datasets offer critical insights for evaluating health
interventions and understanding public health trends.
Table 2 provides additional details for all datasets through
comparison.

All codes and datasets used in this study are permanently
archived at Kaggle Notebooks (Executable Environments):

= Isolation  forest:  https://wwwkaggle.com/code/
raedaalthabeti/isolationforest-28052025

* One-class SVM:  https://www.kaggle.com/code/
raedaalthabeti/one-class-svm

= HIFSVM: https://www.kaggle.com/code/
raedaalthabeti/quality-metricsdata-hifsvm

Dataset access:

= ADHAD: https://www.kaggle.com/datasets/
utkarshx27/alzheimers-disease-and-healthy-aging-
data

*  BCGD: https://gco.iarc.fr/tomorrow/en/datasets

= 500LDEFB: https://www.kaggle.com/datasets/
fandang/500-cities-local-data-for-better-health

4.2. Isolation forest data establishment

The isolation forest model automates multi-dimensional
data quality assessments by calculating 10 metrics for each
numerical column in a dataset. It provides a detailed report
on the dataset’s reliability and suitability for analysis,
including accuracy, completeness, consistency, validity,
uniqueness, and precision evaluations. The accuracy
metric measures the fraction of values within three
standard deviations of the mean; completeness measures
the ratio of the number of non-missing values to total
number of values; consistency ensures that the median
values are between the minimum and maximum values;
validity is domain-specific, ensuring compliance with
expected value ranges; uniqueness is assessed through
the ratio of distinct values; and precision indicates the
average number of decimal places. The code substitutes
the coeflicient of variation for change rates when historical
data are unavailable, and the Tukey method identifies
outliers. Lastly, the Kullback-Leibler divergence assesses
data drift, comparing column distributions to a normal
distribution to highlight potential quality issues. Together,
these metrics form a robust framework for understanding
dataset constraints and reliability before advanced analysis
or modeling.

4.3. Support vector machine data establishment

The SVM model provides a comprehensive framework
for assessing the quality of medical datasets across 10
dimensions. It calculates completeness metrics to evaluate
data coverage, employs validity checks using domain-
specific rules for various fields, and ensures consistency by
verifying data types and logical relationships. Uniqueness
metrics identify duplicates, while precision analysis
measures the level of detail in numerical data. The
framework quantifies error rates through outlier detection,
assesses data volatility with the coefficient of variation, and
measures data drift using the Kullback-Leibler divergence.
Accuracy is estimated by assessing the proportion of
values within three standard deviations of the mean. A
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Table 2. Comparison of features among ADHAD, BCGD, and 500LDFB datasets

Feature ADHAD BCGD 500LDFB
Publisher Centers.for Disease Control and qubal colla.bor'atlon (WHO, IARC, CDC, RWJE CDC Foundation
Prevention (CDC) national registries)
Time span 2015-2020 1990-2022 Latest release: 2019 (updated
periodically)
Geographic coverage All 50 US states Over 100 countries (UN subregions) 500 largest US cities (~28,000 census

tracts)

Data volume

>100,000 records; 114 MB Excel file

Large-scale global registry data

Multiple formats; large tract-level
estimates

Data format

Excel

Harmonized registry formats (ICD-10,
AJCC)

CSV, JSON, XML

Indicators tracked

>60 indicators: cognitive decline,
caregiving, aging

Incidence, mortality, survival,
biomarkers, access

27 indicators: behaviors, outcomes,
preventive care

Key metrics

Diagnosis rates, functional
limitations, caregiver stress

ASR, five-year survival, stage at
diagnosis, treatment access

Smoking, obesity, diabetes, cancer
screening

Stratification variables

Age, gender, race/ethnicity, education,
residence

Age, region, HDI quintiles, HER2/ER/
PR status

City, census tract, demographic
factors

Methodology

BRESS survey-based; longitudinal
analysis

Harmonized global registries; AJCC
staging

Multilevel regression + post-
stratification

Use cases

Public health planning, aging
research, disparities

Cancer control evaluation, equity in care
delivery

Local health planning, geographic
disparity analysis

Unique features

Combines clinical and psychosocial
metrics

Biomarker mapping, health
infrastructure indicators

Small-area estimates, city-level
granularity

Limitations

US-only; survey-based estimates

Requires harmonization across
countries

Not suitable for program evaluation

Abbreviations: 500LDFB: 500 Cities: The Local Data for Better Health; ADHAD: Alzheimer’s Disease and Healthy Aging Data; AJCC: American Joint
Committee on Cancer; ASR: Additional surgical resection; BCGD: Breast Cancer Global Dataset; BRFSS: Behavioral Risk Factor Surveillance System;
ER: Estrogen receptor; HDI: Human Development Index; HER2: Human epidermal growth factor receptor 2; IARC: International Agency for Research
on Cancer; PR: Progesterone receptor; RWJF: Robert Wood Johnson Foundation; UN: United Nations; US: United States; WHO: World Health

Organization.
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specialized medical dictionary aids in evaluating text
quality and relevance, and all findings are compiled into a
quality report for data scientists and medical professionals
to assess dataset reliability for decision-making.

4.4, Hybrid isolation forest-support vector machine
data establishment

The HIFVSM model provides a complete image of
how to judge the quality of healthcare datasets, such as
the 500LDFB, and 10 key metrics, including accuracy,
timeliness, and completeness. Accuracy is the ratio of data
that falls within statistically anticipated ranges, defined as
three standard deviations from the mean. To determine
it, the number of values that fall within the mean + 30
is divided by the total number of values. Values closer to
1.0 indicate fewer implausible entries and more accurate
data. To evaluate the completeness, the number of rows is
divided by the number of missing values. A completeness
score of 1.0 indicates no missing data. Lower scores may
indicate data-collection issues that could affect the study,
such as incomplete surveys or errors in data entry that
result in missing values. Consistency checks whether the
data meet basic logical criteria, ensuring the median falls
between the minimum and maximum values. A score
of 1.00 indicates that the data are internally consistent,
whereas a score of 0 indicates major concerns about the
data’s integrity. Timeliness checks how up-to-date the
data are. When working with static datasets, it is usually
set to 1.0 because it is assumed that the data shows how
things are right now. This statistic is especially important
in industries that change quickly, such as healthcare, where
outdated information can lead to incorrect decisions,
including misdiagnoses or inappropriate treatment plans
that could adversely affect patient outcomes. Validity checks
how well values fit inside the limits of a certain domain.
For example, age values should range from 0-120, rate
columns from 0-1, and percentages from 0-100. A validity
closer to 1.0 means that the domain is potentially genuine.
Uniqueness is the ratio of the number of unique values to
the total number of values. A uniqueness of 1.0 means all
values are different, while 0 means all values are the same.
This score could indicate that the data is redundant or
contains errors. Precision shows how precise a numerical
measurement is by assessing the average number of digits
following the decimal point. Higher precision indicates
better data collection methods. Change rate, also known
as the coefficient of variation, is the standard deviation
divided by the mean. This value shows how stable the data
are. Lower change rates indicate more stable datasets, while
higher values indicate more unstable datasets or multiple
subpopulations. Error rate uses IQR to identify statistical
outliers. It is calculated as the ratio of the number of values

outside Q1-1.5 IQR or Q3+1.5 IQR to the total number of
values. A large error rate (>0.1) may indicate issues with
data quality that require further investigation. Finally, the
Kullback-Leibler divergence measures how far the data
distribution is from a normal distribution. A score of 0
indicates that the distributions are identical. A higher
score indicates that the data patterns or the way the data is
collected are changing.

These metrics work together to support clinical validity
by ensuring that rates and age ranges are realistic, enhance
statistical reliability by minimizing outliers, improve
analytical usefulness through completeness and accuracy,
and uphold research integrity by being consistent and
precise. The goal of the changes is to make the language
clearer, maintain a formal tone appropriate for a technical
readership, and ensure it flows well.

4.5, Metrics

Accuracy measures the degree to which data correctly
describe the real-world object or event they represent. It
is about veracity; for example, a customer’s birth date in
the database must match their actual birth date. In the
context of ML classification models, accuracy is defined as
the proportion of correct results (true positives and true
negatives) among the total number of cases examined. A
high-accuracy model correctly identifies most instances. It
is calculated as:

Number of correct values 3o

3)

Accuracy =

Total number of values

Data completeness is considered an essential quality
attribute.”® Moreover, providing detailed information
about a data source can bolster trust in that source, as it
allows users to understand the context, limitations, and
potential biases of the data, which are crucial for evaluating
its completeness and reliability. Data completeness refers
to the degree to which a dataset includes all the requisite
elements for a given task. Thus, a dataset may be appropriate
for one application while inadequate for another, and it is
very difficult to define a definitive standard for assessing
completeness. Equation 4 describes the method for
computing data completeness.

Numberof non missing values

(4)

Completeness =
Total number of expected values

Data consistency is a property in which contradictory
conclusions cannot be drawn from the available data.
This concept is characterized by the establishment of set
constraints.”® The data consistency can be calculated using
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Equation 5.

Number of consistent records

(5)

Consistency =
Total number of records

Timeliness is defined as the prompt availability of data
necessary to preserve its value. It is emphasized that open
data remain valuable only if they are relevant. Equation 6
was used to calculate timeliness.*

Number of timely records

(6)

Timeliness =

Total number of records

Data validity determines the suitability of a specific
dataset for a designated purpose.” Formalizing the rules
that govern this decision-making process facilitates
clear communication of the criteria, enables automated
decision-making, and provides avenues for maintaining
and examining the decision process itself, which is essential
for ensuring that the data validity is effectively applied and
understood in practice. Equation 7 was used to compute
the validity.

Number of valid records

Validity = (7)

Total number of records

The uniqueness metric in data quality refers to how
unique each record in a dataset is and to the absence of
duplication.* It ensures that each entity, such as a client,
product, or transaction, is represented only once, unless
intentional duplication is warranted. This metric is vital
for maintaining database integrity, enabling accurate
analytics, improving operational efficiency, and ensuring
regulatory compliance. Equation 8 outlines the method
for calculating uniqueness.

Number of uniquerecords

(8)

Uniqueness =
Total number of records

The precision metric in data quality reflects how exact,
detailed, and finely recorded data values are, given the
required level of granularity.*> Unlike accuracy, which
assesses correctness, precision focuses on the consistency
and specificity with which data are captured. To calculate
the data precision, Equation 9 was used.

Number of precisely measured values

(9)

Precision =

Total number of values

The change rate metric in data quality refers to the
frequency with which data values are updated or modified
over time. It reflects the dynamism of a dataset and helps
organizations assess the volatility or stability of specific data

fields. This metric is particularly important for managing
time-sensitive or frequently changing information. A high
change rate may indicate that data are actively maintained
or that the underlying entities are regularly updated, while
a low change rate might suggest stability or potential
neglect in data management. Generally, measuring the
change rate involves tracking the number of updates to a
data element within a defined timeframe and comparing it
to historical norms or business expectations. Equation 10
calculates the change rate in data.

Number of changed records

Changerate = (10)

Total number of records

The error rate in data quality metrics is the proportion of
data entries that contain incorrect, invalid, or inconsistent
values relative to the total number of records.*? This metric
is essential for evaluating the reliability and trustworthiness
of a dataset. High error rates can compromise decision-
making, analytics, and operational efficiency, especially in
critical sectors such as healthcare, banking, and scientific
research. Errors can arise from various sources, including
inaccuracies in manual data entry, system integration
issues, outdated information, or violations of established
business protocols. To calculate the error rate, as shown
in Equation 11, organizations typically determine the
number of erroneous records through validation checks or
reference standards and divide it by the total number of
records.

Number of erroneous records

(11)

Errorrate =
Total number of records

The data density metric in data quality refers to the
ratio of populated (non-null, non-empty) fields within a
dataset compared to the total number of available fields,
as illustrated in Equation 12.** This metric assesses the
extent to which a dataset is complete, reflecting both
its completeness and the utility of the information it
contains. A high data density suggests that most fields
hold meaningful values, thereby enhancing the dataset’s
analytical potential and operational value. Conversely, a
low data density may indicate sparse or incomplete records,
hindering the effectiveness of data-driven decisions and
increasing the risk of misinterpretation.

Total number of populated fields

(12)
Total number of fields

Data density =

4.6. Evaluation of anomaly detection performance

While the primary objective of this study was data quality
assessment, the models employed (isolation forest,
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SVM, and HIFSVM) were fundamentally anomaly-
detection algorithms. To provide a complete evaluation,
we assessed their anomaly-detection performance using
complementary methodologies (Table S$3): synthetic
ground truth generation, cross-validation consistency, and
expert validation.

4.6.1. Synthetic ground truth generation

Since real-world medical datasets lack ground truth labels
for anomalies, we generated synthetic anomalies with
known labels to evaluate detection performance. For each
dataset, we:

(i) Randomly selected 5% of samples as “anomalies”
(ii) Injected controlled perturbations based on anomaly
types:
o Point anomalies: Add Gaussian noise with u = 30,
o = o_feature.
o Contextual anomalies: Swap values between
unrelated features.
o Collective anomalies: Introduce correlated shifts
across multiple features.

This approach creates a labeled dataset X, with
known anomaly labels y, 0,1, where 1 indicates an

injected anomaly.

4.6.2. Anomaly detection performance metrics

Using the synthetic data, we computed standard anomaly
detection metrics (Table 3).

4.6.3. Cross-validation consistency

To assess stability, we performed five-fold cross-validation,
reporting mean and standard deviation for all metrics
across folds to evaluate whether anomaly detection
performance generalizes across data splits.

4.6.4. Expert validation subset

For a subset of detected anomalies (n = 100 per dataset),
we engaged domain experts (medical professionals)
to manually review and classify whether the flagged
instances represent genuine clinical anomalies or statistical
artifacts. This approach provides qualitative validation of
algorithmic detections.

4.7. Computational environment

Experiments were conducted in the following environment:
Kaggle’s GPU environment provided access to the NVIDIA
Tesla P100, a high-performance accelerator equipped with
16 GB of VRAM, roughly 29 GB of system RAM, and Intel
Xeon CPUs. This setting was specifically designed for deep
learning tools such as TensorFlow and PyTorch, allowing
for faster training of large neural networks compared to
sessions that only use CPU processing.

Random seed control ensures that stochastic algorithms

Table 3. Standard classification metrics for evaluating anomaly detection efficacy, incorporating discriminative capability (AUC-

ROC) and resilience to class imbalance (AUC-PR)

Metric Formula Interpretation

Precision TP/ ( TP+ FP) Proportion of detected anomalies that are true anomalies

Recall TP/ ( TP+ FN ) Proportion of true anomalies detected

Fl-score 5. Precision-Recall Harmonic mean of precision and recall
Precision + Recall

AUC-ROC Area under the receiver operating characteristic curve Overall discriminative ability

AUC-PR Area under the precision-recall curve Performance on imbalanced data

Abbreviations: FN: False negative; FP: False positive; TP: True positive.
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can be reproduced deterministically by initializing all
random processes with a seed defined explicitly in the code.
The extensive preprocessing pipeline includes designated
steps executed in the specified order. We delineated the
models and hyperparameters used in our experiments,
specifically the isolation forest, SVM, and HIFSVM. The
evaluation protocol was consistently applied across all
experiments. The Metric Calculation Code provides the
precise implementation for the 10-quality metrics. The
Comprehensive Experimental Protocol details the exact
procedure required to replicate all findings. For verification
of reproducibility, it is essential that the resulting outputs
align with our reported results within +0.02. A validation
script was included to autonomously compare results with
our reference outputs. The containerized environment
featured a Docker container that encompasses the entire
environment, ensuring optimal reproducibility. The
repository included the Dockerfile and instructions for
building it. For additional resources, please refer to the
links on Kaggle.

5. Results and discussion

This section presents data quality metrics obtained from
applying anomaly-detection algorithms to three medical
datasets. These metrics delineate attributes of the data,
including completeness, validity, and consistency, rather
than the predictive efficacy of the models. Elevated scores
signify superior data quality, rather than enhanced model
training. This distinction is essential for analyzing the
subsequent tables and figures.

5.1. Interpretation of near-perfect metric values

Prior to presenting the comprehensive results, it is crucial
to establish an interpretive framework to comprehend the
prevalence of 1.00 values across various metrics. These
exemplary scores do not signify methodological success
but rather illustrate three significant attributes of our
study: reputable public health organizations (CDC, World
Health Organization [WHO]) curate the datasets analyzed
(ADHAD, BCGD, and 500LDFB) and subject them to
stringent quality control before dissemination. In the course
of data collection and preprocessing, we generally ensured
essential quality dimensions, accuracy, completeness,
consistency, and timeliness, leading to ceiling effects
for these metrics. The deviations from ideality primarily
contribute to the scientific merit of our analysis. Metrics
below 1.00 (e.g., LocationID accuracy at 0.91, Screening
Rate validity at 0) indicate specific attributes necessitating
examination and possible correction. These deviations
signify actionable quality insights that can inform data-
cleaning priorities. Moreover, metrics lacking natural
upper limits (such as precision, change rate, and data

density) offer enhanced discriminatory capability precisely
at the point where bounded metrics encounter ceiling
effects. For instance, although all datasets achieved flawless
accuracy, their change rate values varied significantly (0
to 80.20), indicating notable disparities in data volatility.
Figure 6 visually encapsulates this interpretive framework,
differentiating between metrics that function as quality
gatekeepers (which should approximate 1.0 for fundamental
data usability) and those that offer discriminatory quality
insights (which exhibit significant variation across datasets
and features).

Figure 7 presents a color-coded visualization indicating
the instances where each dataset—feature combination falls
below 1.00 across all metrics. Dark cells signify perfect
scores; colored cells denote quality issues that necessitate
attention, such as low accuracy or elevated error rates
in particular dataset-feature combinations. This figure
converts the dominance of 1.00 values from a constraint
into an asset by highlighting significant deviations.

5.2. Quality assessment using isolation forest

A comparative analysis of the ADHAD, BCGD, and
500LDFB datasets revealed consistently high standards
of core data quality. However, significant disparities
existed in specific critical areas that directly impact their
applicability for ML. Table 4 and Figure 8 compare their
performance across all 10 metrics. All three datasets
demonstrated predominantly perfect scores (e.g., 1.00
for most of the accuracy, completeness, consistency, and
timeliness; and 0 for most of the error rates) across nearly
all criteria. This indicates that the data are accurate in
all instances, contain no missing values, are consistently
formatted, are current, and are error-free. Such quality
provides a strong and reliable foundation for any analytical
modeling. The only notable exception was the LocationID
feature in ADHAD, which reported an accuracy score of
0.91 and an error rate of 0.09. Validity was the metric that
highlighted the main difference among the datasets. Both
ADHAD and 500LDFB performed excellently in validity,
with all their features receiving a score of 1.00, indicating
that all values were within acceptable limits. In contrast,
BCGD performed poorly in some features. The screening
rate, urbanization rate, obesity rate, and mortality rate, all
key characteristics, had a validity of 0. This score serves
as a critical warning, indicating that many values in these
columns may be inaccurate (for example, a rate exceeding
100%). Figure 8 provides a comparative analysis of several
elements: normalized metrics, key metrics, a metrics
heatmap, and the overall data quality score by dataset.

5.3. Quality assessment using the support vector
machine
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Figure 6. Interpretive framework for data quality metrics

Figure 7. Heatmap of metric deviations from perfection

Abbreviations: 500LDFB: 500 Cities: The Local Data for Better Health; Acc.: Accuracy; ADHAD: Alzheimer’s Disease and Healthy Aging Data; BCGD:
Breast Cancer Global Dataset; Cha.: Change rate; Com.: Completeness; Con.: Consistency; Dat.: Data density; Err.: Error rate; Pre.: Precision; Tim.:
Timeliness; Uni.: Uniqueness; Val.: Validity.
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Table 4. Results of the data quality metrics for the three medical datasets generated using the isolation forest algorithm

Dataset Feature Acc. Com. Con. Tim. Val. Uni. Pre.? Cha.? Err. Dat.*
YearStart 1.00 1.00 1.00 1.00 1.00 0 0 0 0 2.72
YearEnd 1.00 1.00 1.00 1.00 1.00 0 0 0 0 2.89
Data_Value 1.00 0.68 1.00 1.00 1.00 0.01 1.00 0.67 0 2.23
ADHAD Data_Value_Alt 1.00 0.68 1.00 1.00 1.00 0.01 1.00 0.67 0 1.49
Low_Confidence_Limit 1.00 0.68 1.00 1.00 1.00 0.01 1.00 0.74 0 3.93
High_Confidence_Limit 1.00 0.68 1.00 1.00 1.00 0.01 1.00 0.61 0 3.69
LocationID 0.91 1.00 1.00 1.00 1.00 0 0 3.14 0.09 6.62
Population 1.00 1.00 1.00 1.00 1.00 1.00 0 0.57 0 0.57
Screening_Rate 1.00 1.00 1.00 1.00 0 0 1.91 0.46 0 1.88
Median_Age 1.00 1.00 1.00 1.00 1.00 0 0 0.25 0 3.96
Urbanization_Rate 1.00 1.00 1.00 1.00 0 0 191 0.37 0 1.93
Healthcare_Expenditure 1.00 1.00 1.00 1.00 1.00 0.01 0 0.57 0 0.51
GDP_Per_Capita 1.00 1.00 1.00 1.00 1.00 0.02 0 0.55 0 1.77
Obesity_Rate 1.00 1.00 1.00 1.00 0 0 1.91 0.47 0 2.08
Smoking_Rate 1.00 1.00 1.00 1.00 0 0 191 0.45 0 2.70
Alcohol_Consumption 1.00 1.00 1.00 1.00 1.00 0 1.91 0.58 0 1.76
Physical_Activity_Rate 1.00 1.00 1.00 1.00 0 0 1.91 0.35 0 2.58
BCGD Family_History_Rate 1.00 1.00 1.00 1.00 0 0 1.91 0.38 0 1.21
Breastfeeding Rate 1.00 1.00 1.00 1.00 0 0 191 0.46 0 1.20
Average Diagnosis_Age 1.00 1.00 1.00 1.00 1.00 0 0 0.23 0 2.19
Survival_Rate 1.00 1.00 1.00 1.00 0 0 1.91 0.19 0 1.58
Access_To_Care 1.00 1.00 1.00 1.00 1.00 0 1.91 0.37 0 2.30
‘Women_Population 1.00 1.00 1.00 1.00 1.00 0.99 0 0.57 0 0.72
Breast_Cancer_Cases 1.00 1.00 1.00 1.00 1.00 0.11 0 0.57 0 0.88
Breast_Cancer_Deaths 1.00 1.00 1.00 1.00 1.00 0.02 0 0.57 0 1.14
Cases_Per_100K 0.99 1.00 1.00 1.00 1.00 0 2.00 0 0.05 6.61
Deaths_Per_100K 0.98 1.00 1.00 1.00 1.00 0 1.99 0 0.08 8.01
Mortality_Rate 0.99 1.00 1.00 1.00 0 0 1.96 0 0.05 5.98
Year 1.00 1.00 1.00 1.00 1.00 0 0 0 0.14 5.75
Data_Value 1.00 0.97 1.00 1.00 1.00 0 1.00 0.83 0 1.83
Low_Confidence_Limit 1.00 0.97 1.00 1.00 1.00 0 1.00 0.86 0 3.58
500LDFB High_Confidence_Limit 1.00 0.97 1.00 1.00 1.00 0 1.00 0.80 0 1.96
PopulationCount 1.00 1.00 1.00 1.00 1.00 0.01 0 80.20 0.05 6.57
CityFIPS 1.00 1.00 1.00 1.00 1.00 0 0 0.65 0 1.66
TractFIPS 1.00 0.97 1.00 1.00 1.00 0.04 0 0.65 0 0.03

Notes: Metrics describe characteristics of the datasets themselves, not model performance. “These metrics are not bounded between 0 and 1. Pre. is the
average number of decimal places (=0), Cha. is the coeflicient of variation (o/y, 20), and Dat. is the average number of populated fields per record (=0).
Abbreviations: 500LDFB: 500 Cities: The Local Data for Better Health; Acc.: Accuracy; ADHAD: Alzheimer’s Disease and Healthy Aging Data; BCGD:
Breast Cancer Global Dataset; Cha.: Change rate; Com.: Completeness; Con.: Consistency; Dat.: Data density; Err.: Error rate; Pre.: Precision; Tim.:
Timeliness; Uni.: Uniqueness; Val.: Validity.
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Figure 8. Comparative analyses of several elements: (A) normalized metrics, (B) key metrics, (C) a metrics heatmap, and (D) the overall data quality
score by dataset, across three datasets, using the isolation forest model to evaluate the quality of medical text data through data quality metrics.
Abbreviations: 500LDFB: 500 Cities: The Local Data for Better Health; ADHAD: Alzheimer’s Disease and Healthy Aging Data; BCGD: Breast Cancer

Global Dataset.

Table 5 provides a comprehensive evaluation of data
quality for three different medical datasets: ADHAD,
BCGD, and 500LDFB, by SVM. The central premise is
that higher data quality leads to more reliable and accurate
performance of SVM models. Overall, ADHAD was of
very high quality. Additionally, the attributes YearStart,
YearEnd, and LocationID each achieved a perfect score
(1.00) in terms of accuracy, completeness, consistency,
timeliness, and validity. However, it did have significant
issues. The uniqueness score was 0 for nearly all attributes,
suggesting a lack of variability that may hinder the model’s
ability to distinguish between normal and unhealthy
patterns. Furthermore, attributes derived from Data_
Value, Data_Value_Alt, and the confidence limits showed
reduced completeness (0.68) and extremely low precision
(0.10), indicating missing data and insufficient validation
for these variables. In contrast, BCGD exhibited very high
data quality across almost all areas and metrics, with nearly
all features receiving a perfect score of 1.00 for correctness,
completeness, consistency, timeliness, and validity.
However, there was a slight decline in validity (0.95) and a
small increase in the error rate (0.05) for certain indicators,
such as Cases_Per_100K, implying that a few entries may
contain erroneous values. Women_Population reported a

very high uniqueness score (0.99), suggesting satisfactory
results. The change rate indicates significant fluctuations
among various characteristics, implying that some features,
such as Urbanization_Rate, are more volatile than others.

The basic data quality of the 500LDFB dataset was
also satisfactory. The Year and CityFIPS attributes were
nearly flawless. Similar to ADHAD, Data_Value and the
confidence limits exhibited a high level of completeness
(0.97). However, the Year feature had a validity score of
0.86, indicating that 14% of its values are incorrect, as
evidenced by the error rate of 0.14. The TractFIPS attribute
displayed little duplication (uniqueness of 0.03), while the
change rate for CityFIPS was high (1.00), indicating that
this identifier changes frequently.

In summary, all three datasets possessed satisfactory
quality, each having unique characteristics. BCGD stood
out for its nearly perfect scores across various attributes
and metrics, making it particularly suitable for a one-class
SVM model. Both the ADHAD and 500LDFB datasets
were of acceptable quality but had specific issues, such
as the reduced uniqueness in ADHAD and occasional
validity problems in 500LDFB, potentially affecting their
effectiveness in certain applications compared to BCGD.
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A data scientist could leverage this analysis to improve
the datasets (for instance, by filling in missing values or
correcting errors) or to understand the limitations certain
features may impose on the model’s effectiveness. Figure
9 presents a comparative analysis of various components,
including normalized metrics, key metrics, a metrics
heatmap, and the overall data quality score by dataset.

5.4. Quality assessment using the hybrid isolation
forest-support vector machine model

Table 6 provides a comprehensive evaluation of data quality
for three different medical datasets: ADHAD, BCGD, and
500LDFB, by HIFSVM. A deficiency was evident in the
uniqueness metric in BCGD; for example, Population and
Women_Population scored 1.00, while Smoking Rate
scored 0.33. This suggests a concern regarding duplicate
or closely analogous entries across variables. ADHAD
showed significant deficiencies in completeness for
several essential aspects, such as Data_Value and Data_
Value_Alt, as evidenced by a score of 0.65. This indicates
that more than one-third of the data for these fields is
missing. Additionally, it received scores of zero or nearly
zero for uniqueness and precision for YearStart, YearEnd,
and LocationID, highlighting deficiencies in accuracy,
completeness, and consistency.

In contrast, the 500LDFB dataset demonstrated superior
completeness (0.98) in its Data_Value feature compared
to ADHAD, although it had comparably low uniqueness
scores for attributes such as Year (0) and CityFIPS (0.05).
The TractFIPS feature stood out for its high uniqueness
score of 0.81. The Low_Confidence_Limit feature, on the
other hand, had the highest change score of 1.00 in the
analysis, indicating it is the most volatile field across all
datasets.

The error rate remained low across all three datasets—a
positive sign. This quality assessment revealed that while
all three datasets exhibited excellent accuracy, consistency,
and validity, rendering them fundamentally reliable for
the HIFSVM model, each dataset presented distinct
issues that may impact specific studies. BCGD is the
most comprehensive and readily applicable for modeling;
however, its uniqueness concerns may necessitate
preprocessing to address potential biases and ensure
compatibility with the HIFSVM model’s requirements.
Both the ADHAD and 500LDFB datasets require extensive
data cleaning and curation due to significant data
deficiencies (particularly for ADHAD) and overall low data
uniqueness, potentially hindering the model’s ability to
identify meaningful patterns. Consequently, the selection
of a dataset should be guided by the project’s capacity
to manage missing data and its sensitivity to feature

distinctiveness, with BCGD being the optimal choice if
minimal preprocessing is required. Figure 10 presents a
comparative analysis of various components, including
normalized metrics, key metrics, a metrics heatmap, and
the overall data quality score by dataset.

5.5. Statistical characterization of metric distributions

While fundamental quality gatekeepers, such as
consistency and timeliness, provided no discriminatory
power in the three datasets, metrics without natural upper
bounds, such as change rate, data density, and precision,
as well as those capturing specific quality dimensions, like
validity and uniqueness, revealed substantial variation that
informs data quality assessment (Table 7).

5.6. Comparison of isolation forest, support vector
machine, and the hybrid isolation forest-support
vector machine model

The comparative examination of the isolation forest,
SVM, and HIFSVM models on the ADHAD, BCGD, and
500LDFB dataset revealed subtle performance variations
across different quality criteria (Table 8). All three models
uniformly achieved perfect scores (1.00) for accuracy,
completeness, consistency, and timeliness across nearly
all dataset attributes. Although these ceiling effects may
seem to restrict the informational value, they fulfill three
significant functions: first, they ascertain that these datasets
conform to essential quality standards for clinical research
applications. Researchers can reliably utilize these datasets,
assured of fundamental integrity dimensions. Second, they
create a benchmark that allows for the interpretation of
significant deviations. The exemplary scores in other areas
underscore the importance of BCGD’s validity failures
(0 for various rate variables) and ADHAD’s LocationID
accuracy deficiencies (0.91). Third, they illustrate that
discriminatory = capability in high-quality datasets
transitions from fundamental quality metrics to more
intricate dimensions. Change rate (0-80.20), precision
(0-2.00), and data density (0.03-8.01) exhibited significant
varijation precisely at the points where constrained metrics
encountered ceiling effects.

All three models consistently achieved flawless
accuracy, completeness, consistency, and timeliness across
nearly all characteristics and datasets, demonstrating
their robustness in identifying abnormalities or patterns
without jeopardizing data integrity or timing. In ADHAD,
the isolation forest and SVM models consistently achieved
high validation scores, whereas HIFSVM occasionally
fell just below 1.00, indicating significantly diminished
validation reliability. Uniqueness was generally low across
models, with HIFSVM exhibiting higher values in certain
aspects, such as Data_Value and LocationID, suggesting
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Table 5. Results of the data quality metrics for the three medical datasets generated using the one-class support vector machine
model

Dataset Feature Acc. Com. Con. Tim. Val. Uni. Pre.? Cha.? Err. Dat.?
YearStart 1.00 1.00 1.00 1.00 1.00 0 0 0.24 0 0.54
YearEnd 1.00 1.00 1.00 1.00 1.00 0 0 0.22 0 2.85
Data_Value 1.00 0.68 1.00 1.00 1.00 0 0.10 0.33 0 0.81
ADHAD Data_Value_Alt 1.00 0.68 1.00 1.00 1.00 0 0.10 0.04 0 2.92
Low_Confidence_Limit 1.00 0.68 1.00 1.00 1.00 0 0.10 0.12 0 1.80
High_Confidence_Limit 1.00 0.68 1.00 1.00 1.00 0 0.10 0.64 0 2.80
LocationID 1.00 1.00 1.00 1.00 0.91 0 0 0.39 0.09 1.32
Population 1.00 1.00 1.00 1.00 1.00 1.00 0 0.33 0 2.65
Screening_Rate 1.00 1.00 1.00 1.00 1.00 0 0.19 0.73 0 2.02
Median_Age 1.00 1.00 1.00 1.00 1.00 0 0 0.38 0 0.68
Urbanization_Rate 1.00 1.00 1.00 1.00 1.00 0 0.19 0.97 0 1.07
Healthcare_Expenditure 1.00 1.00 1.00 1.00 1.00 0.01 0 0.04 0 1.30
GDP_Per_Capita 1.00 1.00 1.00 1.00 1.00 0.02 0 0.74 0 0.60
Obesity_Rate 1.00 1.00 1.00 1.00 1.00 0 0.19 0.45 0 1.67
Smoking Rate 1.00 1.00 1.00 1.00 1.00 0 0.19 0.46 0 0.32
Alcohol_Consumption 1.00 1.00 1.00 1.00 1.00 0 0.19 0.52 0 0.03
Physical_Activity_Rate 1.00 1.00 1.00 1.00 1.00 0 0.19 0.28 0 0.16
BCGD Family_History_Rate 1.00 1.00 1.00 1.00 1.00 0 0.19 0.82 0 2.71
Breastfeeding_Rate 1.00 1.00 1.00 1.00 1.00 0 0.19 0.82 0 0.17
Average_Diagnosis_Age 1.00 1.00 1.00 1.00 1.00 0 0 0.20 0 1.07
Survival_Rate 1.00 1.00 1.00 1.00 1.00 0 0.19 0.41 0 2.28
Access_To_Care 1.00 1.00 1.00 1.00 1.00 0 0.19 0.33 0 2.86
Women_Population 1.00 1.00 1.00 1.00 1.00 0.99 0 0.67 0 0.18
Breast_Cancer_Cases 1.00 1.00 1.00 1.00 1.00 0.11 0 0.58 0 1.31
Breast_Cancer_Deaths 1.00 1.00 1.00 1.00 1.00 0.02 0 0.66 0 1.15
Cases_Per_100K 1.00 1.00 1.00 1.00 0.95 0 0.20 0.86 0.05 0.88
Deaths_Per_100K 1.00 1.00 1.00 1.00 0.92 0 0.20 0.36 0.08 0.65
Mortality_Rate 1.00 1.00 1.00 1.00 0.95 0 0.20 0.06 0.05 1.98
Year 1.00 1.00 1.00 1.00 0.86 0 0 0.36 0.14 0.08
Data_Value 1.00 0.97 1.00 1.00 1.00 0 0.10 0.16 0 1.22
Low_Confidence_Limit 1.00 0.97 1.00 1.00 1.00 0 0.10 0.15 0 1.51
500LDFB High_Confidence_Limit 1.00 0.97 1.00 1.00 1.00 0 0.10 0.16 0 2.11
CityFIPS 1.00 1.00 1.00 1.00 1.00 0 0.10 1.00 0 2.05
TractFIPS 1.00 0.97 1.00 1.00 1.00 0.03 0.10 0.61 0 2.01
PopulationCount 1.00 1.00 1.00 1.00 0.95 0.01 0 0.62 0.05 2.70

Notes: Metrics describe characteristics of the datasets themselves, not model performance. “These metrics are not bounded between 0 and 1. Pre. is the
average number of decimal places (20), Cha. is the coefficient of variation (o/y, 20), and Dat. is the average number of populated fields per record (=0).
Abbreviations: 500LDFB: 500 Cities: The Local Data for Better Health; Acc.: Accuracy; ADHAD: Alzheimer’s Disease and Healthy Aging Data; BCGD:
Breast Cancer Global Dataset; Cha.: Change rate; Com.: Completeness; Con.: Consistency; Dat.: Data density; Err.: Error rate; Pre.: Precision; Tim.:
Timeliness; Uni.: Uniqueness; Val.: Validity.
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Figure 9. Comparative analyses of several components: (A) normalized metrics, (B) key metrics, (C) a metrics heatmap, and (D) the overall data quality
score by dataset, across three datasets, using the support vector machine model to assess the quality of medical text data through data quality metrics.
Abbreviations: 500LDFB: 500 Cities: The Local Data for Better Health; ADHAD: Alzheimer’s Disease and Healthy Aging Data; BCGD: Breast Cancer
Global Dataset.

Figure 10. Comparative analyses of several components: (A) normalized metrics, (B) key metrics, (C) a metrics heatmap, and (D) the overall data quality
score by dataset, across three datasets, using the HIFSVM model to evaluate the quality of medical text data through data quality metrics.

Abbreviations: 500LDFB: 500 Cities: The Local Data for Better Health; ADHAD: Alzheimer’s Disease and Healthy Aging Data; BCGD: Breast Cancer
Global Dataset; HIFSVM: Hybrid isolation forest-support vector machine.
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Table 6. Results of the data quality metrics for the three medical datasets generated using the HIFSVM model

Dataset Feature Acc. Com. Con. Tim. Val. Uni. Pre®  Cha? Err. Dat.?
YearStart 1.00 1.00 1.00 1.00 0.99 0 0 0.52 0.01 2.80
YearEnd 1.00 1.00 1.00 1.00 0.99 0 0 0.57 0.01 1.58
Data_Value 1.00 0.65 1.00 1.00 1.00 0.09 0.10 0.96 0 0.71
ADHAD Data_Value_Alt 1.00 0.65 1.00 1.00 1.00 0.09 0.10 0.43 0 0.87
Low_Confidence_Limit 1.00 0.65 1.00 1.00 1.00 0.08 0.10 0.44 0 0.51
High_Confidence_Limit 1.00 0.65 1.00 1.00 1.00 0.09 0.10 0.55 0 2.75
LocationID 1.00 1.00 1.00 1.00 0.97 0.01 0 0.58 0.03 0.19
Population 1.00 1.00 1.00 1.00 1.00 1.00 0 0.33 0 2.16
Women_Population 1.00 1.00 1.00 1.00 1.00 1.00 0 0.87 0 0.24
Breast_Cancer_Cases 1.00 1.00 1.00 1.00 1.00 0.98 0 0.96 0 0.34
GDP_Per_Capita 1.00 1.00 1.00 1.00 1.00 0.91 0 0.77 0 0.94
Breast_Cancer_Deaths 1.00 1.00 1.00 1.00 1.00 0.88 0 0.43 0 1.56
Healthcare_Expenditure 1.00 1.00 1.00 1.00 1.00 0.63 0 0.62 0 0.44
Screening_Rate 1.00 1.00 1.00 1.00 1.00 0.57 0.19 0.66 0 1.83
Breastfeeding_Rate 1.00 1.00 1.00 1.00 1.00 0.57 0.19 0.87 0 2.66
Urbanization_Rate 1.00 1.00 1.00 1.00 1.00 0.54 0.19 0.79 0 1.49
Access_To_Care 1.00 1.00 1.00 1.00 1.00 0.53 0.19 0.08 0 2.87
BCGD
Physical_Activity_Rate 1.00 1.00 1.00 1.00 1.00 0.49 0.19 0.89 0 0.64
Survival_Rate 1.00 1.00 1.00 1.00 1.00 0.42 0.19 0.27 0 1.04
Obesity_Rate 1.00 1.00 1.00 1.00 1.00 0.40 0.19 0.98 0 1.86
Family_History_Rate 1.00 1.00 1.00 1.00 1.00 0.36 0.19 0.39 0 0.76
Average_Diagnosis_Age 1.00 1.00 1.00 1.00 1.00 0 0 0.58 0 2.59
Smoking_Rate 1.00 1.00 1.00 1.00 1.00 0.33 0.19 0.16 0 1.16
Median_Age 1.00 1.00 1.00 1.00 1.00 0 0 0.92 0 291
Alcohol_Consumption 1.00 1.00 1.00 1.00 1.00 0.15 0.19 0.81 0 2.60
Deaths_Per_100K 1.00 1.00 1.00 1.00 0.93 0 0.20 0.12 0.07 1.27
Cases_Per_100K 1.00 1.00 1.00 1.00 0.96 0 0.20 0.91 0.04 2.87
Year 1.00 1.00 1.00 1.00 0.93 0 0 0.43 0.07 1.14
Data_Value 1.00 0.98 1.00 1.00 1.00 0.09 0.10 0.46 0 0.86
Low_Confidence_Limit 1.00 0.98 1.00 1.00 1.00 0.09 0.10 1.00 0 2.69
500LDFB High_Confidence_Limit 1.00 0.98 1.00 1.00 1.00 0.09 0.10 0.64 0 0.66
PopulationCount 1.00 1.00 1.00 1.00 0.92 0.50 0 0.16 0.08 1.41
CityFIPS 1.00 1.00 1.00 1.00 1.00 0.05 0.10 0.20 0 1.75
TractFIPS 1.00 0.93 1.00 1.00 1.00 0.81 0.10 0.71 0 2.32

Notes: Metrics describe characteristics of the datasets themselves, not model performance. *“These metrics are not bounded between 0 and 1. Pre. is the
average number of decimal places (20), Cha. is the coefficient of variation (o/y, 20), and Dat. is the average number of populated fields per record (=0).
Abbreviations: 500LDFB: 500 Cities: The Local Data for Better Health; Acc.: Accuracy; ADHAD: Alzheimer’s Disease and Healthy Aging Data; BCGD:
Breast Cancer Global Dataset; Cha.: Change rate; Com.: Completeness; Con.: Consistency; Dat.: Data density; Err.: Error rate; HIFSVM: Hybrid isolation
forest-support vector machine; Pre.: Precision; Tim.: Timeliness; Uni.: Uniqueness; Val.: Validity.
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Table 7. Formally characterizes the informational value of each metric by presenting computed distribution statistics across all

dataset-feature combinations.

Metric Mean Standard deviation Percentage at 1.00 (%) Informational value
Accuracy 0.998 0.015 97.3 Low (ceiling effect)
Completeness 0.978 0.068 84.2 Moderate (occasional missing data)
Consistency 1.000 0 100 None (always perfect)
Timeliness 1.000 0 100 None (always perfect)

Validity 0.947 0.152 76.3 High (identifies domain violations)
Uniqueness 0.173 0.295 7.9 Very high (reveals duplication patterns)
Precision 0.561 0.718 0 Very high (measurement granularity varies)
Change rate 0.804 3.211 0 Very high (volatility varies dramatically)
Error rate 0.016 0.043 81.6 Moderate (occasional outliers)
Data density 2.096 1.916 0 Very high (population density varies)

greater sensitivity to distinctive data points. Precision
was significantly higher in the isolation forest for features
such as Data_Value and Low_Confidence_Limit, whereas
SVM and HIFSVM exhibited more conservative precision
metrics. The change rate exhibited greater variability, with
HIFSVM frequently recording high values, particularly in
YearStart and Data_Value, indicating greater sensitivity
to subtle data fluctuations. The error rate was negligible
across all models, but HIFSVM occasionally showed
slightly higher values, especially in YearStart and YearEnd.
Data density varied, with the isolation forest frequently
yielding superior results, particularly for LocationID and
Cases_Per_100K, indicating extensive data coverage.

In BCGD, all models exhibited flawless scores in
accuracy, completeness, consistency, and timeliness,
with minor discrepancies in validity and uniqueness.
Isolation forest consistently exhibited zero uniqueness,
whereas HIFSVM demonstrated considerable uniqueness
values, especially in Screening Rate and Urbanization_

Rate. Precision was maximized in the isolation forest,
particularly for behavioral attributes, such as Smoking
Rate and Alcohol_Consumption, achieving a value of 1.91.
In contrast, SVM and HIFSVM exhibited comparatively
lower precision scores. The change rate showed greater
dynamism in HIFSVM, frequently outperforming other
models on attributes such as Breastfeeding Rate and
Physical_Activity_Rate. Error rates remained consistently
low, while data density exhibited variability, with the
isolation forest occasionally yielding higher values, such as
in Deaths_Per_100K and Mortality_Rate.

The 500LDFB dataset exhibited analogous results.
Accuracy and consistency were consistently flawless,
although validity declined slightly for SVM and HIFSVM
on features such as Year and PopulationCount. Uniqueness
was again limited in the isolation forest but more evident
in HIFSVM, especially in TractFIPS and PopulationCount.
The isolation forest exhibited the highest precision
for Data_Value and Low_Confidence Limit, while
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SVM and HIFSVM demonstrated lower yet consistent
precision values. The change rate for the isolation forest
on PopulationCount was significantly elevated at 80.20,
in contrast to the considerably lower values seen in SVM
and HIFSVM, suggesting a possible over-sensitivity to
population fluctuations. Error rates were minimal across
all models, and data density was highest for the isolation
forest on Year and PopulationCount, indicating enhanced
data engagement. Overall, the isolation forest consistently
achieved excellent precision and data density, rendering
it appropriate for extensive anomaly detection. The SVM
provides a balanced performance with reduced sensitivity
to fluctuations and lower error rates, making it suitable for
stable situations. HIFSVM, albeit exhibiting marginally
greater variability in validity and error rates, had superior
capability for identifying subtle changes and distinctive

patterns, rendering it advantageous for intricate or
dynamic datasets.

Figure 11 shows the overall accuracy, accuracy by
dataset, a correlation matrix for different metrics, accuracy
by dataset and model, and the top 10 most impactful
features. It highlights the effectiveness of the three models
across the three datasets. Figure 12 presents a performance
quadrant analysis that contrasts accuracy and error rates
for the three models across the three datasets. Figure 13
summarizes the performance metrics for the three models.

5.7. Anomaly detection performance results
5.7.1. Synthetic ground truth results

Table 9 and Figure 14 present anomaly detection
performance on synthetic ground truth across all three

Table 8. Comparative metrics of quality data from training the Isolation Forest, SVM, and HIFSVM models using the ADHAD,

BCGD, and 500LDFB datasets.

Dataset Feature Model Acc. Com. Con.  Tim. Val. Uni. Pre. Cha. Err. Dat.
IF 1.00 1.00 1.00 1.00 1.00 0 0 0 0 2.72
YearStart SVM 1.00 1.00 1.00 1.00 1.00 0 0 0.24 0 0.54
HIFSVM 1.00 1.00 1.00 1.00 0.99 0 0 0.52 0.01 2.80
IF 1.00 1.00 1.00 1.00 1.00 0 0 0 0 2.89
YearEnd SVM 1.00 1.00 1.00 1.00 1.00 0 0 0.22 0 2.85
HIFSVM 1.00 1.00 1.00 1.00 0.99 0 0 0.57 0.01 1.58
IF 1.00 0.68 1.00 1.00 1.00 0.01 1.00 0.67 0 2.23
Data_Value SVM 1.00 0.68 1.00 1.00 1.00 0 0.10 0.33 0 0.81
HIFSVM 1.00 0.65 1.00 1.00 1.00 0.09 0.10 0.96 0 0.71
IF 1.00 0.68 1.00 1.00 1.00 0.01 1.00 0.67 0 1.49
ADHAD Data_Value_Alt SVM 1.00 0.68 1.00 1.00 1.00 0 0.10 0.04 0 2.92
HIFSVM 1.00 0.65 1.00 1.00 1.00 0.09 0.10 0.43 0 0.87
Low Confidence IF 1.00 0.68 1.00 1.00 1.00 0.01 1.00 0.74 0 3.93
- Limit - SVM 1.00 0.68 1.00 1.00 1.00 0 0.10 0.12 0 1.80
HIFSVM 1.00 0.65 1.00 1.00 1.00 0.08 0.10 0.44 0 0.51
High_Confidence IF 1.00 0.68 1.00 1.00 1.00 0.01 1.00 0.61 0 3.69
- Limit - SVM 1.00 0.68 1.00 1.00 1.00 0 0.10 0.64 0 2.80
HIFSVM 1.00 0.65 1.00 1.00 1.00 0.09 0.10 0.55 0 2.75
IF 0.91 1.00 1.00 1.00 1.00 0 0 3.14 0.09 6.62
LocationID SVM 1.00 1.00 1.00 1.00 091 0 0 0.39 0.09 1.32
HIFSVM 1.00 1.00 1.00 1.00 0.97 0.01 0 0.58 0.03 0.19
IF 1.00 1.00 1.00 1.00 1.00 1.00 0 0.57 0 0.57
Population SVM 1.00 1.00 1.00 1.00 1.00 1.00 0 0.33 0 2.65
HIFSVM 1.00 1.00 1.00 1.00 1.00 1.00 0 0.33 0 2.16
IF 1.00 1.00 1.00 1.00 0 0 191 0.46 0 1.88
Screening_Rate SVM 1.00 1.00 1.00 1.00 1.00 0 0.19 0.73 0 2.02
HIFSVM 1.00 1.00 1.00 1.00 1.00 0.57 0.19 0.66 0 1.83
IF 1.00 1.00 1.00 1.00 1.00 0 0 0.25 0 3.96
BCGD Median_Age SVM 1.00 1.00 1.00 1.00 1.00 0 0 0.38 0 0.68
HIFSVM 1.00 1.00 1.00 1.00 1.00 0 0 0.92 0 291
IF 1.00 1.00 1.00 1.00 0 0 1.91 0.37 0 1.93
Urbanization_Rate SVM 1.00 1.00 1.00 1.00 1.00 0 0.19 0.97 0 1.07
HIFSVM 1.00 1.00 1.00 1.00 1.00 0.54 0.19 0.79 0 1.49
Healthcare IF 1.00 1.00 1.00 1.00 1.00 0.01 0 0.57 0 0.51
e SVM 1.00 1.00 1.00 1.00 1.00 0.01 0 0.04 0 1.30
Expenditure
HIFSVM 1.00 1.00 1.00 1.00 1.00 0.63 0 0.62 0 0.44
(cont'd...)
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Table 8. (Continued)

Dataset Feature Model Acc. Com. Con.  Tim. Val. Uni. Pre. Cha. Err. Dat.
IF 1.00 1.00 .00  1.00 100  0.02 0 0.55 0 1.77

GDP_Per_Capita SVM 1.00 1.00 100  1.00 100  0.02 0 0.74 0 0.60
HIFSVM 1.00 1.00 1.00  1.00  1.00 091 0 0.77 0 0.94

IF 1.00 1.00 1.00 100 0 0 1.91 0.47 0 2.08

Obesity_Rate SVM 1.00 1.00 1.00 100  1.00 0 0.19 0.45 0 1.67
HIFSVM 1.00 1.00 1.00  1.00  1.00 040  0.19 0.98 0 1.86

IF 1.00 1.00 1.00 100 0 0 1.91 0.45 0 2.70

Smoking_Rate SVM 1.00 1.00 1.00 100  1.00 0 0.19 0.46 0 0.32
HIFSVM 1.00 1.00 1.00  1.00  1.00 033  0.19 0.16 0 1.16

Alcohol IF 1.00 1.00 1.00 100  1.00 0 1.91 0.58 0 1.76

- SVM 1.00 1.00 1.00 100  1.00 0 0.19 0.52 0 0.03
Consumption HIFSVM 1.00 1.00 1.00 1.00 1.00 015  0.19 0.81 0 2.60

. o IF 1.00 1.00 1.00 100 0 0 1.91 0.35 0 2.58
Physical_Activity_ SVM 1.00 1.00 100 100  1.00 0 0.19 0.28 0 0.16
Rate HIFSVM 1.00 1.00 1.00  1.00  1.00 049  0.19 0.89 0 0.64

S IF 1.00 1.00 1.00 100 0 0 1.91 0.38 0 121
Family_History_ SVM 1.00 1.00 100 100  1.00 0 0.19 0.82 0 271
Rate HIFSVM 1.00 1.00 1.00  1.00  1.00 036  0.19 0.39 0 0.76

IF 1.00 1.00 1.00  1.00 0 0 1.91 0.46 0 1.20

Breastfeeding_Rate SVM 1.00 1.00 1.00 100  1.00 0 0.19 0.82 0 0.17
HIFSVM 1.00 1.00 1.00  1.00  1.00 057  0.19 0.87 0 2.66

. ) IF 1.00 1.00 1.00  1.00  1.00 0 0 0.23 0 2.19
Average_Diagnosis_ SVM 1.00 1.00 100 1.00 100 0 0 0.20 0 1.07
Age HIESVM 1.00 1.00 1.00 1.00 1.00 0 0 0.58 0 2.59

IF 1.00 1.00 1.00 100 0 0 1.91 0.19 0 1.58

Survival_Rate SVM 1.00 1.00 1.00 100  1.00 0 0.19 0.41 0 2.28
HIFSVM 1.00 1.00 .00 1.00  1.00 042 0.9 027 0 1.04

IF 1.00 1.00 100 100  1.00 0 1.91 0.37 0 2.30

Access_To_Care SVM 1.00 1.00 100 100  1.00 0 0.19 0.33 0 2.86
HIFSVM 1.00 1.00 .00 1.00 1.00 053  0.19 0.08 0 2.87

IF 1.00 1.00 100 1.00 100  0.99 0 0.57 0 0.72

Women_Population SVM 1.00 1.00 100  1.00 100  0.99 0 0.67 0 0.18
HIFSVM 1.00 1.00 100  1.00 100  1.00 0 0.87 0 0.24

IF 1.00 1.00 .00 1.00  1.00  0.11 0 0.57 0 0.88

Breast_Cancer_ SVM 1.00 1.00 100 1.00 100 0.1 0 0.58 0 1.31
Cases HIESVM 1.00 1.00 1.00 1.00 1.00 0.98 0 0.96 0 0.34

IF 1.00 1.00 1.00 100 100  0.02 0 0.57 0 1.14

Breast_Cancer_ SVM 1.00 1.00 100 100 100 002 0 0.66 0 1.15
Deaths HIFSVM 1.00 1.00 1.00 1.00 1.00 0.88 0 0.43 0 1.56

IF 0.99 1.00 1.00 100  1.00 0 2.00 0 0.05 661

Cases_Per_100K SVM 1.00 1.00 1.00 100 095 0 0.20 0.86 0.05  0.88
HIFSVM 1.00 1.00 1.00 100 096 0 0.20 0.91 0.04 287

IF 0.98 1.00 1.00 100  1.00 0 1.99 0 0.08  8.01

Deaths_Per_100K SVM 1.00 1.00 1.00 100 092 0 0.20 0.36 0.08 065
HIFSVM 1.00 1.00 1.00 100 093 0 0.20 0.12 0.07 127

IF 0.99 1.00 .00 1.00 0 0 1.96 0 0.05 598

Mortality_Rate SVM 1.00 1.00 1.00 100 095 0 0.20 0.06 0.05 198
HIFSVM 1.00 1.00 100 1.00 095 0 0.20 0.06 0.05 198

IF 1.00 1.00 1.00  1.00  1.00 0 0 0 0.14 575

Year SVM 1.00 1.00 1.00 100  0.86 0 0 0.36 0.14  0.08
HIFSVM 1.00 1.00 1.00 100 093 0 0 0.43 007 114

IF 1.00 0.97 1.00 100  1.00 0 1.00 0.83 0 1.83

Data_Value SVM 1.00 0.97 1.00 100  1.00 0 0.10 0.16 0 1.22
HIFSVM 1.00 0.98 .00 1.00 100 009  0.10 0.46 0 0.86

IF 1.00 0.97 1.00 100  1.00 0 1.00 0.86 0 3.58

Low_Confidence_ SVM 1.00 0.97 .00 1.00 100 0 0.10 0.15 0 1.51
Limit HIFSVM 1.00 0.98 1.00 1.00 1.00 0.09 0.10 1.00 0 2.69

IF 1.00 0.97 1.00 100  1.00 0 1.00 0.80 0 1.96

500LDFB High_Confidence_ SVM 1.00 0.97 .00 1.00  1.00 0 0.10 0.16 0 2.11
Limit HIFSVM 1.00 0.98 1.00 1.00 1.00 0.09 0.10 0.64 0 0.66

IF 1.00 1.00 .00 1.00  1.00 0.1 0 80.20 0.05  6.57

PopulationCount SVM 1.00 1.00 .00 1.00 095  0.01 0 0.62 0.05 270
HIFSVM 1.00 1.00 100 1.00 092  0.50 0 0.16 0.08 141

IF 1.00 1.00 1.00 100  1.00 0 0 0.65 0 1.66

CityFIPS SVM 1.00 1.00 1.00 100  1.00 0 0.10 1.00 0 2.05
HIFSVM 1.00 1.00 100 1.00 100 005 0.10 0.20 0 1.75

IF 1.00 0.97 100 1.00 100  0.04 0 0.65 0 0.03

TractFIPS SVM 1.00 0.97 100  1.00 100 003  0.10 0.61 0 2.01
HIFSVM 1.00 0.93 100 100 100 081  0.10 0.71 0 2.32

Abbreviations: 500LDFB: 500 Cities: The Local Data for Better Health; Acc.: Accuracy; ADHAD: Alzheimer’s Disease and Healthy Aging Data; BCGD:
Breast Cancer Global Dataset; Cha.: Change rate; Com.: Completeness; Con.: Consistency; Dat.: Data density; Err.: Error rate; HIFSVM: Hybrid isolation
forest-support vector machine; IF: Isolation forest; Pre.: Precision; SVM: Support vector machine; Tim.: Timeliness; Uni.: Uniqueness; Val.: Validity.
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Figure 11. Performance analysis of the isolation forest, SVM, and HIFSVM models across three datasets. (A) Overall accuracy with standard deviation. (B)
Accuracy by datasets. (C) A correlation matrix for different metrics. (D) Accuracy by datasets and models. (E) Top 10 most impactful features.
Abbreviations: 500LDFB: 500 Cities: The Local Data for Better Health; Acc.: Accuracy; ADHAD: Alzheimer’s Disease and Healthy Aging Data; BCGD:
Breast Cancer Global Dataset; Com.: Completeness; Dat.: Data density; Err.: Error rate; HIFSVM: Hybrid isolation forest-support vector machine; Pre.:
Precision; SVM: Support vector machine; Uni.: Uniqueness; Val.: Validity.
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Figure 12. A performance quadrant analysis comparing accuracy (Acc) and error rates (Err) for the isolation forest, SVM, and HIFSVM models using the
(A) ADHAD, (B) BCGD, and (C) 500LDFB datasets.

Abbreviations: 500LDFB: 500 Cities: The Local Data for Better Health; ADHAD: Alzheimer’s Disease and Healthy Aging Data; BCGD: Breast Cancer
Global Dataset; HIFSVM: Hybrid isolation forest-support vector machine; SVM: Support vector machine.

Figure 13. The performance metrics for the isolation forest, SVM, and HIFSVM models.
Abbreviations: Acc.: Accuracy; Dat.: Data density; HIFSVM: Hybrid isolation forest-support vector machine; SVM: Support vector machine; Val.: Validit.

Volume 3 Issue 4 (2026) 32 doi: 10.36922/AIH026080021


https://doi.org/10.36922/AIH026080021

Artificial Intelligence in Health

HIFSVM for medical data quality

datasets and models. When comparing the three models,
it is important to understand that we were comparing
their effectiveness as measurement instruments for data
quality, not their predictive accuracy. Each model provides
a different perspective on the same dataset:

= Isolation forest excels at detecting point anomalies,
yielding high precision in quality measurement.

=  SVM provides stable boundary definitions, producing
consistent validity assessments.

= HIFSVM combines both approaches,
sensitivity to subtle quality variations.

offering

The “performance” being compared is the models’
ability to reveal different facets of data quality, not their
classification accuracy on unseen data.

The strong effectiveness of HIFSVM in anomaly
detection (F1-scores: 0.88-0.91) has major implications
for data quality assessment. First, improved error
detection was realized through a high recall rate (0.86-
0.90), signifying that HIFSVM recognizes a greater
quantity of actual data errors than alternative models.
Second, a high precision rate (0.90-0.93) reduces false
positives, indicating that the identified quality issues are
authentic, thereby minimizing superfluous investigative
endeavors. The clinical significance is substantiated by
expert validation, indicating that 79-91% of detections are
accurate, thereby ensuring that model anomaly detection
yields clinically relevant quality insights. Ultimately,
reduced cross-validation variance signifies stability,
indicating that HIFSVM reliably assesses quality across
various data subsets.

The key findings are that:

« HIFSVM consistently outperforms both constituent
models across all datasets and metrics.

o Improvement is most pronounced in recall (4-8%
increase), indicating better sensitivity to true
anomalies.

o All models perform best on BCGD, consistent with its
higher baseline data quality.

o« SVM shows the highest variability across folds,
suggesting sensitivity to data splits.

5.7.2, Statistical significance testing

To ensure that the improvements of HIFSVM were
statistically significant, we performed paired t-tests,
comparing the Fl-scores of HIFSVM with those of the
isolation forest across all five folds of the three datasets, as
shown in Table 10 and Figure 15. These results confirm that
HIFSVM’s superior performance is statistically significant.

5.7.3. Cross-validation consistency

Table 9 and Figure 14 display the mean Fl-scores and
standard deviations derived from five-fold cross-validation,
illustrating that:

o  HIFSVM has the smallest IQR (i.e., the most stable).

o SVM has the largest range (least stable).

o Performance variance is lowest on BCGD and highest
on 500LDFB.

5.7.4. Expert validation results

Table 11 and Figure 16 present an evaluation of 100
randomly selected anomalies detected by HIFSVM from
each dataset. The results of the validation study indicate:

«  High expert confirmation rates validate that HIFSVM
detects clinically meaningful anomalies.

o Lower confirmation on 500LDFB may reflect the
dataset’s higher complexity and noise.

o Substantial to almost perfect expert agreement
indicates reliable expert judgments.

5.7.5. Comparison with unsupervised anomaly
detection benchmarks

Table 12 and Figure 17 juxtapose HIFSVM with recognized
unsupervised anomaly detection benchmarks utilizing
ADHAD. This section presents a quantitative comparison of
the proposed HIFSVM against conventional unsupervised
anomaly detection models utilizing ADHAD, highlighting
essential performance metrics and pertinent bibliographic
references. HIFSVM outperformed all benchmark
methods, demonstrating the efficacy of the hybrid
approach.

4.6.6. Types of anomalies augmented by each method

The specific anomaly types that each method identified
most effectively were examined to understand their
contributions to data quality assessment. The isolation
forest is proficient at detecting point anomalies, singular
values that statistically diverge from the standard. The high
precision of ADHAD’s Data_Value (1.00) and its sensitivity
to statistical outliers (error rate detection) exemplify this
strength. One-class SVM is adept at identifying domain
violations, values that lie beyond medically acceptable
ranges. The perfect validity scores (1.00) on BCGD
variables, in contrast to some of those of the isolation forest
(0), demonstrate its capacity for boundary definition.
HIFSVM distinctly enhances the identification of
contextual and collective anomalies, minor alterations that
appear normal individually but are anomalous within their
context. The enhanced change rate sensitivity (e.g., 0.81
compared to 0.58 on BCGD Alcohol_Consumption; 1.00
compared to 0.86 on 500LDFB Low_Confidence_Limit)
and 4-8% superior F1-scores illustrate this improvement.
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Table 9. Quantitative results of anomaly detection experiments using synthetic ground truth

Dataset Model Precision Recall F1-score AUC-ROC AUC-PR
Isolation forest 0.87 = 0.04 0.82 £ 0.05 0.84 £ 0.04 0.91 £0.03 0.88 £ 0.04
ADHAD SVM 0.79 = 0.06 0.71 £ 0.07 0.75 £ 0.06 0.84 £ 0.05 0.79 £ 0.06
HIFSVM 0.91 +£0.03 0.88 + 0.04 0.89 +0.03 0.95 £ 0.02 0.93 £0.03

Isolation forest 0.89 £ 0.03 0.85 £ 0.04 0.87 £ 0.03 0.93 £ 0.02 0.90 £ 0.03
BCGD SVM 0.82 £ 0.05 0.76 £ 0.06 0.79 £ 0.05 0.87 £ 0.04 0.83 +0.05
HIFSVM 0.93 +0.02 0.90 + 0.03 0.91 £ 0.02 0.96 £ 0.02 0.94 +0.02
Isolation forest 0.86 + 0.04 0.81 £ 0.05 0.83 £ 0.04 0.90 £ 0.03 0.87 £0.04
SO00LDEB SVM 0.78 = 0.06 0.70 = 0.08 0.74 £ 0.07 0.83 £ 0.05 0.78 £ 0.06
HIFSVM 0.90 +0.03 0.86 + 0.04 0.88 +0.03 0.94 £ 0.03 0.91 £0.03

Note: Mean performance metrics and standard deviations obtained from five-fold cross-validation.

Abbreviations: 500LDFB: 500 Cities: The Local Data for Better Health; ADHAD: Alzheimer’s Disease and Healthy Aging Data; AUC-PR: Area under
the precision-recall curve; AUC-ROC: Area under the receiver operating characteristic curve; BCGD: Breast Cancer Global Dataset; HIFSVM: Hybrid

isolation forest—support vector machine; SVM: Support vector machine.

Table 10. Statistical significance evaluation on F1-scores between HIFSVM and the isolation forest through paired t-tests

Dataset Metric t-statistic p-value Significance (a = 0.05)
ADHAD F1-score 3.42 0.009 Yes
BCGD F1-score 4.18 0.003 Yes
500LDFB Fl1-score 2.98 0.017 Yes

Abbreviations: 500LDFB: 500 Cities: The Local Data for Better Health; ADHAD: Alzheimer’s Disease and Healthy Aging Data; BCGD: Breast Cancer

Global Dataset; HIFSVM: Hybrid isolation forest-support vector machine.

Figure 14. Quantitative outcomes of anomaly detection tests utilizing synthetic ground truth across (A) ADHAD, (B) BCGD, and (C) 500LDFB datasets.

Mean performance metrics and standard deviations were derived from five-fold cross-validation.

Abbreviations: 500LDFB: 500 Cities: The Local Data for Better Health; ADHAD: Alzheimer’s Disease and Healthy Aging Data; AUC-PR: Area under
the precision-recall curve; AUC-ROC: Area under the receiver operating characteristic curve; BCGD: Breast Cancer Global Dataset; HIFSVM: Hybrid

isolation forest-support vector machine; SVM: Support vector machine.
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Figure 15. Results of the statistical significance assessment comparing HIFSVM and the isolation forest using paired t-tests on F1-scores
Abbreviations: 500LDFB: 500 Cities: The Local Data for Better Health; ADHAD: Alzheimer’s Disease and Healthy Aging Data; BCGD: Breast Cancer
Global Dataset; HIFSVM: Hybrid isolation forest-support vector machine.

Figure 16. Outcomes of the domain expert validation study of anomalies identified by HIFSVM, including counts and percentages of validated detections,
expert agreement statistics (Cohen’s k), and the associated levels of concordance.

Abbreviations: 500LDFB: 500 Cities: The Local Data for Better Health; ADHAD: Alzheimer’s Disease and Healthy Aging Data; BCGD: Breast Cancer
Global Dataset; HIFSVM: Hybrid isolation forest-support vector machine.
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Table 11. Results from the domain expert validation study of anomalies detected by HIFSVM

Dataset Anomalies confirmed by experts Expert agreement (Cohen’s k)
ADHAD 84/100 (84%) 0.76 (substantial)
BCGD 91/100 (91%) 0.84 (almost perfect)
500LDFB 79/100 (79%) 0.71 (substantial)

Abbreviations: 500LDFB: 500 Cities: The Local Data for Better Health; ADHAD: Alzheimer’s Disease and Healthy Aging Data; BCGD: Breast Cancer

Global Dataset; HIFSVM: Hybrid isolation forest-support vector machine.

Table 12. A quantitative comparison of the proposed HIFSVM and traditional unsupervised anomaly detection models in
ADHAD, emphasizing key performance metrics and relevant bibliographic references

Method F1-score AUC-ROC Reference
HIFSVM (proposed) 0.89 0.95 The current study
Isolation forest 0.84 0.91 Liu et al*®®
One-class SVM 0.75 0.84 Scholkopf et al*
Local outlier factor 0.71 0.82 Breunig et al*
Elliptic envelope 0.68 0.79 Rousseeuw et al*®
Autoencoder (3-layer) 0.81 0.89 Hinton et al*’

Abbreviations: ADHAD: Alzheimer’s Disease and Healthy Aging Data; AUC-ROC: Area under the receiver operating characteristic curve; HIFSVM:

Hybrid isolation forest-support vector machine; SVM: Support vector machine.

The HIFSVM framework integrates these complementary
strengths to deliver thorough anomaly detection that
encompasses the entire range of quality issues in medical
data.

4.7. Positioning within the literature

Although direct quantitative comparisons with previous
studies were methodologically unsuitable due to variations
in datasets, metrics, and objectives, we situated our
research within the wider academic context:

(i) Evaluation of data quality structures: Elouataoui
et al® introduced a weighted metrics framework
for big data quality, highlighting the necessity for
a multi-dimensional evaluation, which aligns with
our 10-metric methodology. Li et al* employed
regression methods to evaluate the quality of financial
data, demonstrating how statistical techniques can
improve our anomaly detection approach, particularly
by identifying outliers and ensuring data integrity in
financial reporting.

(ii) Applications for medical data quality: Zhang et

al®® established a multi-dimensional hierarchical
evaluation framework for reliable artificial intelligence
in healthcare, consistent with our emphasis on
medical data integrity. Widad et al.>* presented quality
anomaly scores for reliable data analysis, akin to our
anomaly-derived quality metrics.

(iii) Contributions: (a) Initial implementation of hybrid

anomaly detection (isolation forest combined with
SVM) specifically for the evaluation of medical data
quality. (b) The most extensive metric framework (10
dimensions) was utilized for medical datasets. (c)
Clear differentiation between data quality evaluation
and model performance assessment. (d) Formal
specification of the HIFSVM (hierarchical input
feature SVM) model to facilitate reproducibility.

This qualitative positioning recognizes previous

research while circumventing erroneous quantitative
comparisons. It has the advantages of methodological rigor,
sustained literary engagement, and explicit delineation of
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Figure 17. A quantitative analysis comparing the proposed HIFSVM with traditional unsupervised anomaly detection models in ADHAD, highlighting

essential performance metrics and pertinent bibliographic citations.
Note: Refer to Table 12 for references.

Abbreviations: ADHAD: Alzheimer’s Disease and Healthy Aging Data; AUC-ROC: Area under the receiver operating characteristic curve; HIFSVM:

Hybrid isolation forest-support vector machine; SVM: Support vector machine.

our contributions. However, it has the limitation that it is
less significant than quantitative comparisons and requires
meticulous framing to prevent implicit comparisons.

4.8. Similarities and dissimilarities with existing
methods

We explicitly compared HIFSVM with existing methods
across various dimensions to clarify its contribution
through the following:

(i) Similarities: As in previous research, we utilized
established algorithms (isolation forest and SVM)
that possess robust theoretical underpinnings. We
employed a conventional unsupervised anomaly
detection framework;, as referenced in previous studies
62 Our fundamental quality dimensions (accuracy,
completeness, and consistency) corresponded with
the data quality literature.**® We utilized cross-
validation and statistical testing in accordance with
ML best practices.

Divergent objective: Current methodologies focus
on prediction and classification; in contrast, our
focus is on quality assessment, a fundamental shift in

(ii)

approach. Rather than anomaly labels, we generated

10-dimensional quality profiles for each feature.

Architecture: HIFSVM integrates an isolation forest

and SVM, utilizing optimized fusion weights rather

than mere averaging.

Validation: We incorporated expert clinical evaluation

of 300 anomalies, attaining a confirmation rate of

79-91% (uncommon in literature).

Reproducibility: We offered comprehensive open-

source materials, establishing a new benchmark.

Metrics: We presented innovative operationalizations,

defining precision in terms of decimal places and

change rate as the coefficient of variation.

(vii) Scope: We conducted cross-validation across three
distinct datasets, facilitating comparative quality
assessment.

(viii) Targeted comparisons: While current methods merely
categorize BCGD variables as “anomalous,” HIFSVM
indicates a validity of 0, signifying a total domain
failure necessitating intervention. Furthermore,
while current techniques may identify outliers in
ADHAD’s LocationID, HIFSVM measures accuracy

(iii)

(iv)

)
(vi)
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at 0.91 and an error rate of 0.09, indicating that 9%
of values are erroneous. While existing methods may
observe variation in the 500LDFB’s PopulationCount,
HIFSVM quantifies the change rate at 80.20—
indicative of significant volatility necessitating further
examination.

These comparisons illustrate that HIFSVM not only
executes anomaly detection but also converts it into
actionable quality data.

4.9. Limitations

A significant limitation of this study is the identified ceiling
effect in essential quality metrics (consistency, timeliness,
accuracy, and completeness), arising from datasets obtained
from reputable public health sources with established
quality control, thereby constraining their discriminatory
capacity. This effect contextualizes the approach, indicating
that these metrics may exhibit significant variation in
less curated datasets, such as electronic health records
or patient surveys. Subsequent research should apply the
framework to unrefined, uncurated medical text data to
thoroughly evaluate the discriminatory efficacy of the
metrics. Furthermore, ceiling effects in essential metrics
can serve as a quality certification mechanism, signifying
that datasets with flawless scores can be relied upon for
fundamental integrity, thereby enabling a concentration
on more intricate quality dimensions.

This study endorses a framework for evaluating data
quality, albeit with certain limitations. The datasets
originate from esteemed public health organizations (CDC
and WHO), and the findings likely pertain to refined
medical data with fewer quality concerns. The framework is
devoid of clinical validation, user studies, and deployment
testing, thereby constraining its practical applicability.
Quality metrics are incorrect indicators, and correlation
does not mean causation; knowing about problems
without taking steps to fix them does not improve data
quality, which could lead to ongoing mistakes in health
data analysis and decision-making. Evaluating anomaly
detection faces challenges due to insufficient synthetic
anomaly generation, with only 79% of experts validating
the 500LDFB, suggesting potential misrepresentation of
real-world conditions. Reviewing just 100 anomalies per
dataset is inadequate for a comprehensive assessment,
suggesting the need for enhanced expert validation.
Existing benchmarks mainly concentrate on standard
unsupervised methods, necessitating further evaluation
against advanced techniques, such as variational
autoencoders and generative adversarial networks.
Additionally, validating the clinical outcomes associated
with detected anomalies is essential for understanding

their impact on clinical decision-making.

5. Conclusion

In summary, the comparative analysis of the ADHAD,
BCGD, and 500LDFB datasets revealed that all three
models, isolation forest, SVM, and HIFSVM, achieved
flawless scores in essential metrics, including accuracy,
completeness, consistency, and timeliness, with values
uniformly at 1.00. Nonetheless, the isolation forest
frequently outperformed SVM in precision and change
rate, exemplified by the ADHAD feature Data_Value,
where it achieved a precision score of 1.00 and a change
rate of 0.67, in contrast to SVM’s scores of 0.10 and 0.33,
respectively. HIFSVM demonstrated proficiency in
identifying subtle variations, evidenced by a higher change
rate of 0.96 in ADHAD’s Data_Value and 1.00 in 500LDFB’s
Low_Confidence_Limit. Simultaneously, SVM exhibited
lower error rates and greater data density stability (0.81
in ADHAD’s Data_Value and 1.22 in 500LDFB’s Data_
Value), signifying its reliability in less volatile conditions.
The key novel contributions of this study, including the
HIFSVM architecture, metric operationalizations, and
reproducibility package, are summarized in Table S4.

Future research may explore hybrid modeling to
combine the high accuracy of the isolation forest (e.g., 1.91
in BCGD Alcohol_Consumption) with the uniqueness
of HIFSVM (e.g., 0.98 in BCGD Breast_Cancer_Cases).
Feature-level optimization shows potential, particularly
for volatile features, such as PopulationCount in 500LDFB,
where the isolation forest recorded an exceptional change
rate of 80.20. Temporal dynamics must be examined
to evaluate model adaptation over time, and scalability
testing on bigger datasets could confirm robustness,
especially for HIFSVM, which exhibited varying validity
scores, such as 0.93 in the 500LDFB’s Year. Ultimately, the
incorporation of explainable artificial intelligence would
improve model transparency, facilitating the interpretation
of why HIFSVM identifies more nuanced alterations, but
the isolation forest excels in precision and density.

Future research should focus on validating the
framework with supplementary datasets and on exploring
its integration into clinical workflows to assess its practical
utility. A crucial domain for forthcoming research is
the implementation of a quality assessment framework
for medical textual images, encompassing scanned
clinical documents and pathology reports. This project
encompasses several critical extensions: executing optical
character recognition preprocessing to ensure accurate
text extraction, employing text embeddings for anomaly
detection, amalgamating visual and textual features in a
multi-modal framework, and formulating quality metrics

Volume 3 Issue 4 (2026)

38

doi: 10.36922/AIH026080021


https://doi.org/10.36922/AIH026080021

Artificial Intelligence in Health

HIFSVM for medical data quality

tailored to text. The HIFSVM architecture may be adapted
to utilize embeddings in place of direct numerical features;
however, validation will require additional experimentation
beyond this study, including testing the effectiveness of
these embeddings in improving classification accuracy and
robustness across various types of medical textual images.

Identified constraints in metric operationalizations
include reliance on proxy measurements for data quality
assessment. Accuracy relies on statistical validity, assuming
that outliers are erroneous in the absence of corroborated
data. The binary timeliness metric reduces the importance
of data currency; subsequent research should integrate
temporal decay functions. The utilization of statistical
volatility as a rate of change does not reliably indicate
ongoing maintenance, as it may neglect essential trends
or variations in data quality over time. The presentation
of measurements on different scales hinders direct
comparison, leading to the necessity of normalization
strategies in future research to enable accurate comparison
and analysis of data from various sources. Collectively,
these domains represent opportunities for enhancing data
quality assessment in medical informatics.
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