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ABSTRACT :

Modern healthcare systems are generating data at an unprecedented rate, presenting both opportunities and challenges. The surge in unstructured, free-text
clinical documentation has significantly expanded the volume of electronic health record (EHR) data. Today, a patient’s digital medical chart is a comprehensive
repository of critical clinical information—ranging from vital signs and prescriptions to demographics, diagnostic tests, treatment plans, progress notes, allergies,
immunization history, imaging, and laboratory results. These records are compiled from multiple sources, including administrative systems for billing and care
coordination, patient-reported surveys, and clinical documentation. All of this data is stored in centralized electronic medical databases, forming a crucial
foundation for informed clinical decision-making.

Healthcare providers frequently refer to patient data using terms such as "electronic health record (EHR)," "computerized medical record,” or "digital patient
file." Nevertheless, extracting relevant clinical or health-related data is a complex process that demands both precision and time. Furthermore, due to the sensitive
nature of certain patient details, access may be restricted and subject to authorization protocols. In this context, we have reviewed a wide range of research
focused on the retrieval of EHR data, encompassing different search platforms, data extraction strategies, and methodologies for accessing medical information
stored within electronic databases. Finally, we address several limitations and challenges inherent in these retrieval processes.

INTRODUCTION

Search engines are digital platforms designed to help users find specific information across the internet. People typically use these tools for various
purposes, such as researching topics, making purchases, or accessing entertainment content. Research has categorized search engines into three primary
types: informational, transactional, and navigational. To deliver accurate and relevant results, major search engines interpret user queries by analyzing
their intent and evaluating the underlying purpose behind each search. This enables the system to present the most appropriate content tailored to the
user's needs.

I1.RELATEDWORK

Extensive research has been conducted to support patients in accessing trustworthy health information from electronic medical databases. The
inefficiencies and limitations of traditional, paper-based record-keeping systems prompted the establishment of modern standards for managing drug
information, particularly in the context of clinical trials. In response, a variety of digital tools have been developed to facilitate the collection,
processing, and evaluation of medication-related data.

Artificial intelligence (Al) has played a pivotal role in advancing these tools, especially through natural language processing (NLP), which allows
machines to interpret and process human language. Another notable technique is syntactic matching, which examines the exact words entered by a user
to locate corresponding terms or phrases. In contrast, semantic matching goes a step further by analyzing the meaning or intent behind the query,
enabling the system to deliver more contextually relevant results.

IH.METHODOLOGY

NATURALLANGUAGEPROCESSING(NLP)

This research highlights the application of "notational language" used by ophthalmologists during clinical visits to extract structured data relevant to the
diagnosis and progression of glaucoma [1]. NLP methods process this unstructured input by categorizing and organizing it into analyzable formats.
These techniques enable a deeper insight into user comprehension and the complexity of the information being searched online, which can then be
evaluated and interpreted accordingly [2]. For instance, health-focused websites can leverage NLP-powered search tools to help users—particularly
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those with limited language skills or medical knowledge—easily locate the information they need. Further investigation will explore how these queries
evolve over time and what additional user needs may arise.
Research has shown that electronic health records (EHRSs) support clinicians in improving patient care, accelerating treatment processes, and
minimizing prescription errors. Various studies cited in this paper demonstrate how NLP techniques can be applied to EHR data to help healthcare
providers track post-operative events more effectively and efficiently [3].
This diagram illustrates the sequential steps involved in processing unstructured EHR notes to extract meaningful clinical information:

. Data Extraction: Raw clinical notes are retrieved from the EHR system.

. Preprocessing: The text undergoes cleaning and normalization, including to kenization and removal of stop words.

. Feature Extraction: Relevant features such as medical terms and concepts are identified using techniques like Named Entity Recognition

(NER).

e Classification: The extracted features are categorized into predefined classes (e.g., diagnosis, treatment).

e  Post-processing: The categorized data is formatted and structured for integration into databases or for further analysis.
This NLP pipeline is particularly useful in ophthalmology for extracting detailed information from clinical notes, such as visual acuity measurements,
intraocular pressure readings, and medication details, which are essential for monitoring disease progression and treatment outcomes.
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Healthcare professionals and researchers often face challenges when attempting to quickly and effectively analyze large amounts of clinical data due to
the need for manual review of patient notes. Natural Language Processing (NLP) offers a solution by automating the interpretation of electronic health
records (EHRs), analyzing the context in which medical terms and phrases are used, and providing high-speed computational analysis. This automation
has the potential to be applied across various domains, from quality assessments to evaluating the comparative effectiveness of treatments.

A key discovery is that NLP techniques like Part-of-Speech (POS) tagging can enhance information retrieval (IR) systems, improving the accuracy with
which biomedical data is identified and retrieved. Ongoing research is exploring the effectiveness of combining machine learning methods with POS
tagging for further improvements in IR systems.

Despite the progress made with POS tagging in biological IR applications, certain limitations exist. One major limitation noted in the research is the
reliance on a single POS tagger. The researchers recommend that future work should involve testing multiple NLP techniques across different use cases
and environments. Additionally, because the study was based on data from only one healthcare facility, the results may not be applicable to broader
settings, highlighting the need for further exploration of the generalizability of the findings.

SYNTACTICSEARCH

Clinical data encompasses health-related information commonly associated with routine patient care or as part of clinical research programs. Patient
and disease registries play a crucial role in collecting and monitoring clinical data for specific patient groups. An electronic health record (EHR) is a
comprehensive, digital version of a patient's medical history, standardized for easy access and management. The practice of reusing existing data for
new applications beyond its original purpose is referred to as "data reuse." EMERSE is a powerful and flexible search engine designed to retrieve free-
text information from electronic medical records (EMRs). This article also explores other studies and research efforts connected to this area.
SEARCHENGINES

At the University of Michigan Health System, more than 90% of patients are identified through manual screening. However, the process could be made
more efficient and accurate with the use of an automated computer system [6]. To streamline the search for cancer-related terms within free-text
medical records, a technology was created that incorporates over 800 SNOMED codes and more than 2,500 associated words and phrases. This system,
known as the Case Finding Engine (CaFE), scans medical text for pertinent terms and flags them for review by personnel. The registration team has
praised CaFE for its precision and efficiency, and improvements have already been made based on feedback from users. With continued research
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focusing on specific areas, the system's accuracy and user experience could see further enhancements. The article also outlines how the Star Tracker
medical database was utilized to develop a search tool that integrates demographic, clinical, and diagnostic data to help users categorize patients [7].
While building an enterprise-level data warehouse is often the most effective solution, it can be time-consuming and resource-intensive. Alternatively, a
method that works well with older systems, requiring no prior integration, can still provide substantial value in a more cost-effective manner. The Star
Tracker search engine facilitates large-scale population searches using existing hardware and database systems. This method aims to efficiently gather
and process vast amounts of unstructured textual data, a key component in modern healthcare. Fast access to accurate information is critical for patient
care. Looking ahead, advancements in data retrieval will be essential to uncovering valuable insights hidden in millions of patient records. One
promising development is enhancing current keyword selection from Personal Health Records (PHR) by incorporating information retrieval (IR)
techniques to extract relevant terms from the descriptions, rather than relying solely on item titles.
DATAWAREHOUSINGANDREUSEOFCLINICALDATA

A comprehensive framework has been proposed to facilitate the creation of Personal Health Records (PHRs) and evaluate the value of their features.
Although this framework is primarily designed for PHRs, it has been adapted to assess other healthcare IT systems as well [9]. The framework, along
with its associated methods, provides a detailed evaluation of the value of PHRs. Additionally, the author examines the process of coding prescription
data within multi-site research settings. The classification, reporting, and analysis of medication data are identified as areas that warrant further
investigation [10]. Future research should focus on evaluating the practicality, accuracy, consistency, and scalability of various classification methods,
while also improving the integration of drug categorization into data management and analysis processes. To enable the reuse of data when needed, it is
crucial to develop methods for standardizing, aggregating, and querying data from electronic health records (EHRs) [11].

The authors suggest a Data Warehouse (DW) approach centered on EHRs that supports data reuse, improves interoperability, and allows for the swift
aggregation of data across various contexts. This method facilitates the modeling, transformation, integration, standardization, and aggregation of EHR
data for future applications, utilizing the technologies described in the article. Recognizing the importance of clinical data modeling in both reusing
healthcare information and enhancing care delivery, this approach aims to streamline the retrieval of patient information—traditionally a labor-
intensive and time-consuming task in healthcare data management. They introduce a new design for medical information systems’ data warehouses
[12] that ensures clinical data remains up-to-date and simplifies the extraction and analysis process for data analysts and clinical managers. However,
one significant challenge is the increased maintenance required due to the vast amounts of data stored.

TECHNOLOGY BEHIND DATA WAREHOUSE DESIGNS FOR HEALTHCARE

EHR-BasedDataWarehouses

The proposed Data Warehouse (DW) approach for healthcare is specifically built on data stored in Electronic Health Records (EHRs). This approach
enables healthcare organizations to aggregate and process data for diverse purposes, such as research, clinical decision-making, and operational
analysis. Here's how the technology works:

ModelingandTransformation

Healthcare data is first modeled into a consistent structure using data models such as star schemas or snowflake schemas, which organize data into fact
tables (e.g., patient visits, diagnoses) and dimension tables (e.g., patient demographics, time, medical conditions). This step involves transforming raw,
unstructured data into structured data that can be analyzed more effectively.

IntegrationAcrossSystems

Data from different systems (e.g., EHR, laboratory information systems, pharmacy systems) needs to be integrated. This often involves using extract,
transform, load (ETL) processes that pull data from various sources, transform it into a common format, and load it into the warehouse.

StandardizationandCleansing

Data standardization technologies, such as data normalization and data cleansing techniques, are employed to remove inconsistencies and errors. This
ensures that patient data from different providers, systems, or sites is harmonized into a single, reliable source.

Real-TimeDataWarehousing

With the rise of real-time data demands in healthcare, some modern data warehouse solutions support real-time data integration. This enables clinicians
and administrators to get the latest data instantly, crucial for time-sensitive decisions like monitoring patient conditions or updating clinical trial
statuses.

Cloud-BasedDataWarehouses

Cloud technologies are increasingly being used in healthcare data warehousing. These systems provide scalable storage solutions and on-demand
computing power. By using cloud-based platforms (such as Amazon Web Services, Google Cloud, or Microsoft Azure), healthcare providers can store
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vast amounts of data without the need for expensive on-site infrastructure. Additionally, cloud services facilitate remote access, enabling healthcare
teams to access data securely from anywhere.

DataWarehousingforPredictiveAnalytics

One of the most advanced uses of healthcare data warehouses is for predictive analytics. By analyzing large datasets, healthcare providers can predict
patient outcomes, optimize staffing, and improve operational efficiencies. For example, analyzing historical patient data in a data warehouse can help
predict the likelihood of readmission or the risk of developing chronic conditions, allowing for more proactive care.

DataGovernanceandSecurity

Data governance ensures that data is used correctly, securely, and in compliance with legal and ethical standards. Healthcare organizations must adhere

to regulations like HIPAA (Health Insurance Portability and Accountability Act) to protect patient privacy. Security protocols, encryption, and access
control mechanisms are essential components of healthcare data warehouses to safeguard sensitive patient information.

CHALLENGES WITH DATA WAREHOUSE SYSTEMS
DataVolumeandComplexity

Healthcare systems generate vast amounts of data daily, and the complexity of this data, combined with the need to integrate multiple sources, makes
data management challenging. Maintaining data warehouses that can efficiently handle these large datasets requires powerful computing infrastructure
and careful design to ensure quick access without compromising performance.

DataMaintenance

As healthcare data grows over time, maintaining data warehouses becomes more resource-intensive. Routine updates, system patches, and database
optimizations are necessary to ensure data remains current and accurate. Without proper maintenance, data quality may degrade, leading to inaccurate
insights.

Interoperability

Interoperability remains a major challenge in healthcare data management. Despite advancements in healthcare IT, many legacy systems don’t easily
integrate with newer platforms, making it difficult to centralize and standardize data across healthcare organizations. Overcoming this requires
continuous efforts to ensure systems are compatible and can communicate seamlessly.

USINGEMERSE

A study examining the prevalence and symptoms of aneurysms in patients who have undergone abdominal transplants aimed to identify arterial
aneurysms in individuals who received liver or kidney transplants more than eleven years ago [13]. The study was limited to reviewing electronic
medical records (EMRs) within the institution, as some records were either stored in non-digital formats, on paper, or transferred to other facilities. The
results of the study indicated that the regular use of antacids could have a significant positive impact on patients with Head and Neck Squamous Cell
Carcinoma (HNSCC), potentially enabling the development of low-toxicity treatment and prevention strategies [14]. By reviewing patient charts
through the EMERSE application, the researchers were able to identify medications administered before or after treatment, alongside clinical,
demographic, and histological data. This specialized search technology allowed for the formation of complex queries that helped extract the necessary
data.

The EMERSE system, created by the University of Michigan, played a key role in analyzing these medical records. It is a full-text search engine
designed to extract information from EHRs and has demonstrated improved sensitivity and specificity in numerous studies, significantly enhancing the
effectiveness of chart reviews. However, incorporating information retrieval (IR) functionalities into EHR systems presents certain challenges, as it
requires understanding the diverse needs of those using the archived medical records to retrieve relevant information.

OTHERS

The CER Hub is a platform designed to enable the systematic and scalable extraction, aggregation, and analysis of clinical data from multiple
institutions. It helps address the challenges of comparative effectiveness research, enabling physicians to efficiently identify and analyze patient
populations similar to their own, yielding valuable clinical insights. The tool supports stratified survival analysis and physician-driven cohort selection,
facilitating findings such as the frequency of BRAF mutations and survival rates of patients with BRAF-mutant tumors treated with BRAF inhibitors.
Further research is necessary to explore the most effective ways to integrate this feature into the clinical workflow of electronic medical records
(EMRs) to support clinical decision-making.
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OPEN-SOURCE SEARCH ENGINES

While web search engines provide a wealth of information, they do not have the capability to directly link data to specific biological applications.
CDAPubMed is an open-source, platform-independent tool designed to search scientific literature based on keywords found in EHRs. Its seamless
integration with traditional CDAPubMed interfaces makes it function as an extension of a web browser. The modular design of CDAPubMed allows
contributions from the biomedical informatics community, providing opportunities for future development and integration. It is compatible with various
systems and is available for free for non-commercial use.

At the Leon Berard Cancer Treatment Centre in France, a full-text search engine has become a standard tool. This application uses multi-level
modeling within open EHR systems, greatly reducing the time needed to process data for GastrOS. The use of openEHR model-driven development
enhances software maintainability, though one limitation of the study was that updates to the software were only made by a single developer, who was
unaware of changes made by others. Prior to the research, the second author, who was responsible for developing GastrOS and implementing clinical
rules (CR), had limited domain knowledge and experience with openEHR deployments.

CLINICALCORRELATION

The authors' research primarily focuses on merging unstructured data (such as research databases, discharge summaries, clinical notes, and diagnostic
reports) with structured medical data (including vital signs, medications, and test results). Their future work aims to integrate these diverse data types—
like diagnoses, treatments, and test outcomes—into a time-based framework for more in-depth analysis. For example, they utilized a combination of
structured and unstructured (free-text) data from Electronic Health Records (EHRS) to create an algorithm for diagnosing exfoliation syndrome (XFS).
This algorithm produced a likelihood score for XFS, providing a more precise and sensitive method for detecting the condition compared to traditional
diagnostic approaches. The authors also note that the algorithm's accuracy could improve with the inclusion of additional EHR data.

EMERSE

The EMERSE (Electronic Medical Record Search Engine) is a robust tool designed to retrieve free-text information from medical records. Developed
to improve the efficiency of searching medical records for research and data extraction, EMERSE offers a user-friendly interface that allows even those
with limited technical expertise to perform complex searches. It is particularly valuable for identifying patients impacted by issues such as medication
recalls. While it plays a critical role in direct patient care, EMERSE also helps streamline the process of reviewing a patient's medical history for
important events, making it an asset in fast-paced clinical environments.

DEVELOPING DIAGNOSTIC ALGORITHMS

Diagnostic algorithms, like the one developed for exfoliation syndrome (XFS), rely on the integration of both structured (e.g., test results, demographic
information) and unstructured data (e.g., clinical notes, medical histories) from EHRs. Here's how such algorithms are created and refined:

data collection & preprocessing

The first step in developing a diagnostic algorithm is gathering a comprehensive dataset that includes both structured and unstructured data. In the case
of XFS, the dataset would include structured data such as patient demographics, medical history, and clinical exam results, as well as free-text data
from clinical notes or diagnostic reports that may mention symptoms, findings, or diagnoses.

The unstructured data is then processed using Natural Language Processing (NLP) techniques to convert the free-text information into structured,
analyzable data. For instance, NLP algorithms can identify specific phrases like “high intraocular pressure” or “lens abnormalities” that are indicative
of XFS.

model development

After preprocessing, machine learning models are developed using the processed data. These models are trained to identify patterns in the data that
correlate with the diagnosis of XFS.

In the XFS case, the algorithm may assign probability scores based on specific risk factors or symptoms described in the medical records, such as age,
ocular pressure, or presence of exfoliation debris in the eye.

improving sensitivity and specificity

One of the major challenges in developing diagnostic algorithms is balancing sensitivity (correctly identifying all patients with the disease) and
specificity (correctly identifying patients without the disease). Algorithms like the one for XFS are fine-tuned through validation and testing using large
datasets, helping improve their performance by adjusting thresholds or incorporating new data points.

By continuously incorporating more diverse EHR data, such as updated clinical notes or newly diagnosed cases, the algorithm's accuracy and reliability
improve over time.
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real-time use in clinical settings

Once an algorithm is developed, it can be integrated into the clinical workflow. For example, the XFS diagnostic tool could be embedded in the EHR
system, where it provides real-time likelihood scores or suggestions for further testing based on the patient’s data.

Decision Support: In practice, clinicians can use the algorithm as a decision support tool to identify patients who may be at high risk of developing
XFS, prompting them to consider additional testing, monitor for symptoms, or initiate treatment plans earlier.

challenges and future research

The major challenge is ensuring that these algorithms are generalizable across diverse populations. Data from one healthcare institution may not always
represent the broader population, and algorithms can inadvertently become biased or less accurate when applied in new settings.

Continuous Learning: Future improvements could focus on machine learning models that continuously learn from new data and provide dynamic
adjustments in their predictions. Data augmentation—such as adding new symptoms, test results, or follow-up data—could enhance algorithm
performance.

Incorporating Patient Feedback: Another research avenue could involve incorporating patient-reported outcomes or feedback into the algorithm, which
would further personalize the diagnostic process.

OTHER CONSIDERATIONS

The centralization of healthcare systems poses challenges in terms of adaptability, especially when trying to keep pace with evolving needs. Real-world
examples in the field of medical informatics highlight untapped opportunities within existing systems for enhanced data collection and secondary
applications, such as research and public health monitoring. A key issue remains the quality of data in clinical trials. With the growing volume of
electronically accessible patient data, there are more opportunities for efficient patient recruitment and more accurate trial documentation.

One study found that data from Intensive Care Units (ICUs) could be automatically incorporated into research efforts, significantly reducing the time
spent gathering data. However, this approach raises concerns about potential data quality issues, such as typographical errors or inaccuracies. The
study’s authors suggest that future multi-center data collection systems could allow researchers to enter data more efficiently via web-based platforms,
streamlining the process.

Regarding clinical narrative text, researchers have proposed a framework that represents both the textual and temporal dimensions of data. This
adaptable framework could enable more efficient integration of time-sensitive and textual information from Electronic Health Records (EHRs). The
goal is to better combine the two aspects of data, making it more effective for future research applications.

While there are clear advantages to utilizing EHR data for research purposes, there are also some challenges. The integration of research data into
clinical practices remains a subject of debate, primarily because of the relatively small size of available healthcare datasets due to privacy concerns. On
the other hand, advancements in medical visual information retrieval are addressing the challenges related to analyzing visual data. This progress is
important because visual data, like medical imaging, often lacks sufficient context for analysis on its own.

Therefore, future research will likely focus on merging multimodal data (such as combining textual and visual information), as this approach is
increasingly seen as essential for more comprehensive data analysis. Fusion techniques, which combine these varied data sources, will play a critical
role in shaping the future of medical research and improving clinical outcomes.

KEY CHALLENGES AND FUTURE DIRECTIONS:

e  Data Quality: Ongoing issues with errors in data entry (like typographical mistakes) require more robust validation and cleaning processes.

. Data Integration: While combining structured data (like lab results) and unstructured data (such as clinical notes) presents a challenge, new
frameworks and technologies are being developed to streamline this process.

e  Multimodal Data Fusion: As healthcare becomes more data-driven, integrating diverse data types (text, visual, temporal) is critical. The
development of fusion techniques is essential for enabling more nuanced analysis.

. Privacy Concerns: Small datasets due to privacy restrictions limit the depth of research, but advancements in secure data-sharing and
anonymization could help overcome this barrier.

SEMANTIC SEARCH IN CLINICAL DATA

The Bio Patent Miner tool is designed to identify biomedical patents by analyzing key physiologically relevant terms and linking them together. This
tool seeks to enhance its functionality by adding more templates to detect related patterns in language. Additionally, the advent of on-demand mobile
healthcare services is transforming the way patients access care, providing a bridge between healthcare professionals, patients, and hospital records
through secure wireless connections, allowing healthcare delivery directly to patients at home. The study also explores various methods of measuring
semantic similarity in web-based research. However, determining how closely two statements are semantically related remains a significant challenge.
Traditional approaches, such as ontology-based methods, assume that related concepts should be located within the same conceptual hierarchy.
However, this approach can become complex given the vast and continuously growing scope of the internet.
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SEMANTIC ANALYSIS

The last two decades have witnessed a rapid increase in digital information across multiple sectors, particularly in healthcare. This surge has led to
quicker diagnoses by enabling the extraction of essential data from medical records. The authors' research focuses on information extraction through
semantic analysis, aiming to enhance this process by integrating more advanced tasks such as fixing spelling errors, identifying negations in medical
statements, and evaluating assertions that include probabilities or speculative content. Their goal is to develop a system capable of handling multiple
languages, assuming that the appropriate database dictionaries are available. Additionally, a new approach to medical information retrieval is proposed,
which uses a two-stage query expansion process to improve the performance of the search system.

In simpler terms, the Bio Patent Miner tool connects related biomedical terms to better identify relevant patents. Similarly, on-demand mobile
healthcare services are enhancing remote patient care by linking patients with healthcare professionals and hospital data through secure wireless
connections.

The semantic search field is addressing the complexity of understanding how closely two pieces of information are related. While ontology-based
methods provide some structure, the vastness and ever-changing nature of the internet make this task challenging.

The semantic analysis in healthcare has the potential to drastically improve how medical records are understood and processed. It aims to not only
correct simple errors like spelling but also to grasp the subtleties in medical language, like recognizing when a statement is negative or speculative. The
two-stage query expansion approach is a promising development to enhance medical information retrieval, making search systems smarter and more
accurate.

MEDICALRECORDSSEARCHENGINE

Standard web search engines often fall short when it comes to interpreting the user's intent—an issue that becomes especially critical in medical
searches. To address this, the researchers propose a customized search tool that personalizes results based on a patient's health history, significantly
enhancing the relevance of retrieved information. They evaluated this system with 18 participants, focusing on how information retrieval (IR) methods
could better extract pertinent terms from clinical records. Their findings indicate that general-purpose search platforms like Google and Yahoo
frequently yield unrelated content, whereas a focused, question-answer-style search engine improves accuracy. The study further highlights how
integrating semantic search features supports clinical decision-making by helping physicians manage large volumes of data, reducing the risk of
information overload. The authors note that testing the system on a larger user group would better demonstrate its overall effectiveness.

ADDITIONALFINDINGS

Looking ahead, the researchers aim to broaden their model by incorporating more healthcare IT systems. In a follow-up trial with 10 users, participants
were given two test cases involving retrieval of clinical information. The first used straightforward, patient-specific data, while the second included a
semantic search feature that detected relevant terminology in a patient's electronic health record (EHR). Interviews conducted afterward evaluated
users’ familiarity with EHRs and explored whether semantic tools reduced cognitive stress in clinical decision-making. The results suggest that offering
a predefined list of search terms may increase user trust and perceived accuracy, and the authors recommend tracking user perceptions over time for
further insights.

The paper also introduces a system capable of scanning free-text clinical documentation to identify recurring patterns and align them with external
medical knowledge bases, thereby customizing the output based on the user’s medical context. A common issue with traditional search engines is the
lack of clarity around why certain results are shown, leaving users unsure of how to adjust their queries for better accuracy. To solve this, the
researchers propose an IR platform that incorporates domain-specific ontologies and presents results with visual explanations, making the system easier
to understand and interact each other.

COLLABORATIVESEARCH

This study investigates a cooperative search strategy that leverages the Unified Medical Language System (UMLS) along with data from electronic
health records (EHRs). UMLS is a comprehensive collection of files and software tools that unify numerous health-related terminologies, supporting
seamless interaction between healthcare databases and computer systems. The researchers applied a human-computer collaboration approach to
pinpoint Common Data Elements (CDEs) within clinical trial eligibility requirements—specifically for conditions like cardiovascular diseases and
breast cancer. Their findings emphasize the potential of harmonizing data across multiple clinical studies to improve the scope and depth of medical
research.

CRITERIACODESANDSEMANTICANNOTATION

In another part of the research, the authors introduce a technique for detecting and evaluating terminology from UMLS in the context of clinical trial
inclusion/exclusion criteria. They utilized a semantic annotation tool to pull out medically relevant terms from unstructured eligibility text, although
some errors—such as irrelevant words like "arrange" or "repair"—were observed. Despite this, their approach significantly enhances search efficiency
by drawing upon established medical knowledge bases. Tools like MetaMap and UMLS were used to broaden the conceptual framework,
demonstrating how incorporating domain-specific insight can refine the accuracy and speed of healthcare search technologies.
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ELECTRONICHEALTHRECORD(EHR)SEARCHSYSTEMS

The paper identifies a key challenge in existing EHR search tools: many users lack familiarity with how these systems function or don’t possess in-
depth medical expertise. To counter this, the authors developed a collaborative EHR search platform aimed at fostering teamwork in curating, refining,
and sharing strategies for retrieving medical information. This system promotes social information-seeking behavior, allowing users to collectively
improve search outcomes. Additionally, the authors incorporated time-based data, such as medical event timelines, into the platform. By aligning
search outputs with the timing of clinical events, the system can deliver more precise results. Future enhancements are expected to focus on combining
temporal analysis with medical ontologies to further boost the effectiveness of EHR search functions.

COLLABORATIVE AND SEMANTIC SEARCH IN EHR SYSTEMS

e  Collaborative Search

. Uses the Unified Medical Language System (UMLS) and EHR data.

. Identifies Common Data Elements (CDEs) across clinical trials (e.g., cardiovascular, breast cancer).
. Supports data integration to enhance multi-trial research outcomes.

. Semantic Annotation & Criteria Codes

e Applies semantic tools (e.g., MetaMap, UMLS) to extract key terms from trial eligibility criteria.
. Improves retrieval speed and accuracy using domain knowledge.

e  Minor false positives are possible, but overall effectiveness is enhanced.

e  EHR Search Systems

e Addresses user challenges with unfamiliar search tools or limited medical expertise.

. Introduces a collaborative search platform for shared learning and query refinement.

. Integrates temporal data (e.g., timestamps) for more precise, time-aware search results.

e  Future focus: combining time-based analysis with medical ontologies.

QUERY-BASED SEARCH, USER BEHAVIOR, AND DUPLICATE DETECTION IN EHR SYSTEMS —
REWORDED OVERVIEW

SearchQueryAnalysisandUserBehavior

This research investigates query-based search systems and the analysis of user query logs to better understand how users search for information. By
examining search patterns, the study uncovers usage trends, system responsiveness, and general search behavior. A key limitation of query log analysis
is that it doesn't provide full context about the user's background or intent. To bridge this gap, the study suggests combining log data with user surveys
and observations. Additionally, intelligent query suggestions driven by the UMLS knowledge base are proposed to enhance search accuracy and help
users retrieve relevant information from electronic medical records (EMRs).

SearchQueryDesign

The study also highlights the significance of giving users more control over how they structure their queries. Biomedical researchers, for example,
benefit from being able to conduct interviews and define search filters based on specific themes. However, relying solely on predefined search topics
can cause important areas to be overlooked. The authors advocate for a more inclusive and flexible approach to query design and also address
communication challenges in crafting effective clinical search strategies. They call for further research into improving the interaction between
researchers and search systems.

DuplicateContentRecognition

Another focus is the detection of duplicate documents—an important step in improving the accuracy and efficiency of clinical data searches. The
process involves document transformation, converting unstructured content into formats that are easier to analyze and compare. This helps eliminate
repetitive or redundant information in research datasets, leading to cleaner search results and more efficient workflows.

EliminatingRedundantRecordsinEHRs

This section emphasizes the importance of removing identical or nearly identical files from EHR systems to enhance retrieval performance. Redundant
documents—whether matching in content, size, or name—can clutter search results and reduce relevance. To resolve this, the study employs
deduplication algorithms during the indexing phase, identifying similarities early in the process. Methods like sentence-level detection, fingerprinting,
and shingling are used to recognize overlaps, detect reused content, and even flag potential plagiarism. These techniques are scalable to large datasets
and also support automated file renaming, boosting both search precision and processing speed.
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DOCUMENT DUPLICATION DETECTION AND EHR SEARCH OPTIMIZATION - REWORDED OVERVIEW
Character Shape Coding (CSC) and Detection Techniques

The study presents a Character Shape Coding (CSC) approach for mapping characters by their visual shape and placement. This method focuses solely
on textual components, filtering out irrelevant non-text elements, and has proven efficient and cost-effective for datasets exceeding 100,000 records.
Several models were explored for duplicate detection—such as partial layout, full layout, and content-level duplication—offering greater precision than
traditional Optical Character Recognition (OCR) tools. The integration of fingerprinting and signature stability analysis further improves the detection
of identical or highly similar records, even across massive datasets with up to 50 million documents.

FingerprintingandSignatureVerification

The research highlights the use of digital fingerprinting techniques to spot duplicate entries in large-scale data environments (30 MB to 2 GB).
Compared to other approaches like shingling and syntactic filtering, fingerprinting demonstrated faster and more accurate identification. This technique
also effectively differentiates between true and false duplicates in document image databases. The findings establish a reliable relationship between
duplication models and content comparison methods, reinforcing the utility of fingerprinting in high-volume settings.

Trie-TreeFrameworkandSpamDetection

A trie-tree structure is introduced as a storage method for 64-bit document fingerprints sourced from online data. This model enhances the accuracy of
detecting spam messages and has broader applications in duplicate detection. The paper also outlines a strategy for automated file renaming based on
analyzing file content, verifying name relevance semantically, and organizing files by category—streamlining file management in content-heavy
environments.

ChallengesandSolutionsinEHRSearch

The study delves into the complexities of searching Electronic Health Records (EHRs), which often contain inconsistencies such as misspellings,
synonyms, acronyms, and variable expressions for the same condition. The lack of standardized language across EHRs makes data retrieval more
difficult. Advanced tools like EMERSE, a full-text EHR search platform, are critical in overcoming these barriers by enabling context-aware, privacy-
conscious, and flexible search capabilities. However, limitations still exist in terms of data protection and confidentiality.

KEY CONSIDERATIONS FOR FUTURE EHR SEARCH DEVELOPMENT
e  MultimodelDatalntegration
Future systems will need to support combining various data formats (e.g., text, images, lab results) to provide a more complete search
experience.
e  MaximizingClinicalDataUsage
Much clinical data remains underutilized. Emphasis must be placed on secure access to increase its value in both care delivery and research.
e  StandardizationThroughNLP
Natural Language Processing (NLP) tools will be essential for organizing free-text notes into structured, searchable content.
e  ScalableandlIntelligentSearchEngines
EHR systems must offer adaptable, scalable solutions to manage unstructured and complex data effectively.
. ReliablePatientInformation
High-quality, accurate data is essential for clinical insights and improved decision-making based on patient records.

CONCLUSION

This review explores different methods for accessing data within electronic health records (EHRs), outlining both their strengths and limitations. As
clinical data continues to grow in volume and complexity, efficiently retrieving the most relevant details becomes increasingly difficult. To tackle these
challenges, the study evaluates potential advancements in EHR search technologies. Nonetheless, it emphasizes a critical gap: a limited understanding
of how users actually seek and use information from clinical texts. It also cautions that integrating search and data extraction features into EHR systems
comes with inherent risks, including potential misuse or misinterpretation of sensitive health information.
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