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Abstract

With the rapid development of smart healthcare, medical data is experiencing
explosive growth, and data security has become a core challenge in hospital
information system construction. This paper analyzes the current status of hos-
pital data security, the internal management issues and external threats faced,
and evaluates existing data security measures. It thoroughly investigates the
medical data security corpus as a specialized resource repository, identifying
its core characteristics of scalability, diversity, high quality, and security com-
pliance. It elaborates on its pivotal role in supporting security policy formu-
lation and advancing security technology development. The paper proposes a
systematic corpus construction workflow encompassing corpus collection, data
preprocessing, annotation, and management maintenance, emphasizing that the
construction process must strictly adhere to core principles including legality,
minimal necessity, security and confidentiality, and clear accountability to en-
sure the standardization and security of corpus construction. This paper aims to
provide theoretical foundations and practical guidance for constructing efficient
and compliant hospital data security corpora, employing systematic approaches
to address increasingly complex medical data security risks.
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Abstract

With the rapid development of smart healthcare, medical data has experienced
explosive growth, making data security a core challenge in hospital information
system construction. This paper analyzes the current status of hospital data
security and evaluates existing security measures in the face of internal manage-
ment issues and external threats. It delves into the specialized resource repos-
itory of medical data security corpora, clarifying their core characteristics of
scalability, diversity, high quality, and security compliance, and expounds their
critical role in supporting security strategy formulation and advancing security
technology development. The paper proposes a systematic corpus construction
process covering data collection, preprocessing, annotation, and management
maintenance, emphasizing that the construction process must strictly adhere
to core principles such as legality, minimal necessity, security confidentiality,
and clear accountability to ensure the standardization and security of corpus
construction. This study aims to provide theoretical foundations and practi-
cal guidance for building efficient and compliant hospital data security corpora,
systematically addressing increasingly complex medical data security risks.

Keywords: Medical Data Security, Corpus, Smart Healthcare, Blockchain, Ar-
tificial Intelligence

1.1 Research Background

Driven by the wave of smart healthcare, the medical industry is undergoing an
unprecedented digital transformation. The widespread application of emerging
technologies such as big data, artificial intelligence, and the Internet of Things
in healthcare has revolutionized traditional medical service systems. Smart
healthcare breaks through the temporal and spatial limitations of conventional
medicine through information technology, enabling the sharing and integration
of medical resources and promoting personalized, precise, and intelligent medical
services. However, this transformation has also brought enormous data security
challenges. The volume of data generated daily by medical institutions grows
exponentially, far exceeding the processing capacity of traditional databases.
This data contains large amounts of sensitive personal information and medical
records, and any leakage would cause irreversible damage to patient privacy and
institutional reputation.

The sensitivity and particularity of medical data make its security protection
especially critical. According to China’ s Personal Information Protection Law,
medical information is classified as sensitive personal information requiring spe-
cial protection. In 2025, the National Health Commission, the National Ad-
ministration of Traditional Chinese Medicine, and the National Disease Control
and Prevention Administration jointly issued the Notice on Further Strengthen-
ing the Management of Electronic Medical Record Information Use in Medical
Institutions, which further clarified the primary responsibility of medical institu-
tions in managing electronic medical record information use. The notice requires
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strict protection of patient privacy in accordance with laws and regulations, and
prohibits the disclosure of patient medical information for non-medical, teach-
ing, or research purposes. These regulatory policies impose higher requirements
on data security management in medical institutions.

1.2 Research Significance

The sensitivity and privacy requirements of medical data demand extremely
high security protection measures. Medical data involves patients’ personal
health information, genetic information, etc. Once leaked, it not only infringes
on patient privacy but may also cause severe psychological and economic bur-
dens [?]. Therefore, building a secure and reliable data corpus is fundamental
to ensuring medical data security [?]. By collecting, organizing, and annotat-
ing medical security data, we can provide rich training resources for security
large models, enabling them to more accurately identify and respond to various
security threats, thereby effectively protecting medical data security.

The application of security large models in hospitals can significantly enhance
information security management levels. As the primary producers and users
of medical data, hospitals face multiple security threats from both internal and
external sources, such as malware attacks, data breaches, and unauthorized in-
ternal operations. By deploying security large models, hospitals can achieve
real-time monitoring and intelligent analysis of multi-source data including net-
work traffic, system logs, and user behavior, enabling timely detection of poten-
tial security risks and implementation of appropriate protective measures. This
effectively reduces the probability of security incidents and ensures the stable
operation of hospital information systems.

Security large models can also promote data sharing and collaborative innova-
tion in the healthcare industry. Currently, the “data silo’phenomenon in medical
data severely restricts the mining and utilization of data value [?]. By building
a unified security data corpus, we can break down data barriers and promote
data sharing among different medical institutions, providing more comprehen-
sive and accurate data support for medical research, clinical decision support,
and public health management [?]. Meanwhile, the intelligent analysis capabil-
ities of security large models can provide new ideas and methods for the deep
mining and application of medical data, driving innovation and development in
the healthcare industry.

From a theoretical perspective, corpus construction helps deepen understanding
of hospital data security issues. By building corpora containing rich medical
information, researchers can conduct comprehensive analyses of the generation,
storage, transmission, and use processes of hospital data, revealing the causes
and impact mechanisms of data security risks. Corpus construction also has long-
term significance for promoting sustainable development in healthcare. With
the application of emerging technologies such as big data, cloud computing, and
artificial intelligence, the value of medical data is increasingly prominent. How
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to fully mine and utilize this data while ensuring data security has become a
new challenge for hospitals.

Building a corpus for medical industry security data and exploring the appli-
cation of security large models in hospitals can not only effectively enhance
the level of medical data security protection but also promote the improvement
of hospital information security management levels and facilitate data sharing
and collaborative innovation in the healthcare industry. This endeavor has
important theoretical and practical significance [?]. It not only aligns with
national strategic requirements for strengthening medical information security
protection but also provides strong technical support for achieving high-quality
development in the healthcare industry.

2.1 Internal Management Issues and External Threats in Medical
Institutions

Medical institutions have numerous weak links in internal data security manage-
ment. Incomplete management systems are a common problem. Chaotic per-
mission management and non-standard operations are also prominent internal
issues. Insufficient security awareness among medical staff likewise constitutes
a security risk.

External data security threats faced by medical institutions are increasingly
complex and diverse. Cyberattack methods continue to escalate, with medical
institutions becoming prime targets for hackers. Technical vulnerabilities and
system defects provide opportunities for external attacks.

2.2 Data Silo Phenomenon

In the era of big data, the medical industry faces unprecedented challenges in
data management, with the “data silo”phenomenon being particularly prominent
[?]. The causes of data silos are multifaceted. Non-uniform technical standards
are an important reason for this phenomenon. Different medical institutions
have adopted different technical standards and system architectures during in-
formatization construction, making data standardization and interoperability
difficult to achieve [?]. Legal and regulatory restrictions also contribute signifi-
cantly to data silos. The sensitivity of medical data requires strict compliance
with relevant laws and regulations during sharing and use, which to some extent
restricts the free flow of data [?].

Conflicts of interest among medical institutions are another important cause
of data silos. Different institutions may have conflicting interests during data
sharing, such as concerns that data sharing might affect their competitive advan-
tages, making them reluctant to actively share data. The data silo phenomenon
is a significant issue facing the medical industry that requires comprehensive
measures from technical, legal, cooperative, and security perspectives to effec-
tively resolve and promote healthy development of the industry.
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2.3 Privacy Protection Challenges

The application of large language models in clinical medicine provides new pos-
sibilities for medical informatization and intelligence but also brings privacy
protection challenges [?]. Privacy protection is one of the most critical issues in
medical data processing, especially when dealing with personal health informa-
tion whose sensitivity and importance are self-evident. When processing and
analyzing medical data, large language models must not only ensure data accu-
racy and effectiveness but also strictly comply with relevant laws and regulations
to ensure patient privacy is not compromised.

Large language model training relies on massive amounts of data, which often
contains patients’personal information such as names, addresses, phone numbers,
and more sensitive health information including disease diagnoses, treatment
plans, and medication usage [?]. Without effective privacy protection measures
during data collection and use, personal information leakage can easily occur,
causing unpredictable harm to patients.

3 Research Methods

This study aims to construct a specialized corpus for hospital data security to
support in-depth analysis and research in the field of medical information se-
curity. The research methodology is divided into several stages including data
collection, data preprocessing, data annotation, and management and mainte-
nance, with rigorous methodologies employed at each stage to ensure the scien-
tific nature and reliability of the corpus.

During the data collection stage, raw data covering the field of hospital data
security was obtained through multiple channels. These data sources include
but are not limited to internal hospital security reports, academic papers on
medical information security, government-issued medical information security
policy documents, and relevant news reports. To ensure data diversity and
representativeness, particular attention was paid to data security practice cases
from hospitals of different regions and scales, as well as data security incidents
across different time periods, to comprehensively reflect the current status and
challenges of hospital data security.

In the data preprocessing stage, the collected raw data was cleaned and or-
ganized. This process included removing duplicate data, correcting erroneous
information, and performing preliminary structuring of unstructured data.

The data annotation stage is a critical step in ensuring corpus quality. A com-
bination of manual and automatic annotation was adopted to provide detailed
annotations for data in the corpus. For text data, annotation content includes
data security incident types, occurrence times, involved medical equipment or
systems, and impact scope. For image data, Google Cloud Vision tools were
used to automatically generate image annotations, which were then manually
added to corresponding positions in text files where images appeared and incor-
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porated into subsequent multimodal analysis [?].

Through these methods, this study successfully constructed a high-quality hos-
pital data security corpus, providing important data support for research in the
field of medical information security.

4.1.1 Definition of Corpus A medical data security corpus is a specialized
resource repository that systematically collects, organizes, and annotates various
types of data related to medical data security. It contains not only traditional
medical data such as electronic medical records, medical images, and gene se-
quences but also security threat intelligence, attack patterns, anomaly detection
samples, and privacy protection strategies closely related to data security. In
the context of smart healthcare, the legal definition of patient personal informa-
tion covers three dimensions: formally emphasizing the identifiable connection
between information and specific natural persons; content-wise encompassing
physiological, psychological, and health status data generated throughout the
entire medical activity process; and in terms of value attributes, such informa-
tion has sensitive characteristics and is classified as sensitive personal informa-
tion requiring special protection.

4.1.2 Characteristics of Corpus Medical data security corpora possess scal-
ability and diversity. Medical data volumes are enormous and types are rich,
including structured data (such as patient basic information and test results),
unstructured data (such as medical images and doctor notes), logs from various
security devices, and laws and regulations. Security and compliance are an-
other important feature of medical data security corpora. Corpus construction
must comply with relevant laws, regulations, and standards to ensure adequate
protection of patient privacy.

4.2.1 Supporting Security Strategy Formulation Medical data security
corpora provide data support and decision-making basis for medical institutions
to scientifically formulate security strategies. By systematically collecting and
analyzing historical security incident data, threat intelligence, and attack pat-
terns, corpora can help security management personnel identify major risks and
weak links in medical data security, thereby developing more targeted protection
strategies. Corpora also support risk-based security decision-making.

4.2.2 Promoting Security Technology Development Medical data secu-
rity corpora provide basic resources for security technology research and innova-
tion. High-quality security corpora can accelerate the research and development
of new-generation security technologies. Corpora also support the development
and application of privacy-enhancing technologies.
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5.1 Data Sources and Types

Medical data comes from diverse sources, including but not limited to hospital
information systems, electronic medical record systems, medical imaging sys-
tems, laboratory information systems, and public health information systems.
Data stored in these systems covers patients’ personal health information, diag-
nosis and treatment records, medical images, laboratory test results, and med-
ication usage records. With the popularization of wearable devices and mobile
health applications, health data generated by patients in daily life has gradu-
ally become an important source of medical data. The collection of this data
must follow strict privacy protection and data security standards to ensure the
confidentiality and integrity of patient information.

Building high-quality datasets that are mounted to large models in the form of
local vector databases can significantly enhance model affinity for specific busi-
ness scenarios. This approach enables models to better understand and master
industry-specific and private knowledge, thereby strengthening their application
effectiveness in particular domains. In the process of constructing a medical in-
dustry security data corpus, the selection of data sources and types is a crucial
step. This data must not only cover a wide range of medical scenarios but also
ensure data quality, security, and compliance to support effective training and
application of security large models.

In terms of data types, medical data has multimodal characteristics, including
structured and unstructured data [?]. Structured data typically refers to data
that can be stored in tabular form, such as patient personal information, diag-
nosis codes, and treatment plans. This data is easy to process and analyze and
forms the foundation for building security large models. Unstructured data in-
cludes medical images, pathology reports, and doctors’ clinical notes. Although
difficult to process directly, this data contains rich clinical information that is
crucial for improving model accuracy and interpretability [?].

The construction of medical industry security data corpora requires comprehen-
sive consideration of data sources, types, quality, security, and compliance.

5.2 Construction Principles

Building a hospital security corpus requires adherence to a series of core princi-
ples. The principle of legality is paramount: corpus construction must comply
with relevant laws and regulations such as the Cybersecurity Law of the Peo-
ple’ s Republic of China, the Data Security Law of the People’ s Republic of
China, and the Personal Information Protection Law of the People’ s Republic
of China. Particularly when collecting and using patient personal information,
legal authorization must be obtained to ensure the legality of data sources.

The principle of minimal necessity is a basic requirement for privacy protection.
The corpus should only collect the minimum amount of data directly related to
established objectives, avoiding excessive collection. For medical data security
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corpora, only data essential for supporting security research and applications
should be included, rather than indiscriminately collecting all medical data.

The principle of security and confidentiality is key to ensuring corpus credibility.
A strict security protection system must be established to prevent unauthorized
access, tampering, or leakage of data during storage, transmission, and use. The
Luohu Medical Corpus Center’ s adoption of blockchain and privacy computing
technologies to enhance data security exemplifies this principle.

The principle of clear responsibility requires clarifying the responsibilities and
obligations of all parties involved in corpus construction (medical institutions,
technical personnel, management personnel, etc.) and establishing a sound re-
sponsibility system. The National Health Commission’ s notice requiring medi-
cal institutions to assume primary responsibility for the use and management of
electronic medical record information within their units also applies to corpus
construction.

5.3.1 Data Collection Data collection is the primary step in building a
hospital security corpus, requiring systematic acquisition and aggregation of
various types of medical data and related security information. Data sources
include but are not limited to business systems such as hospital information
systems, electronic medical record systems, medical imaging systems, laboratory
information systems, and public health information systems, as well as logs from
various security devices and virus signature databases. They also include laws
and regulations such as the Cybersecurity Law of the People’ s Republic of
China, the Data Security Law of the People’ s Republic of China, the Personal
Information Protection Law of the People’ s Republic of China, and the Guiding
Opinions on Information Security Level Protection Work in the Health Industry.

Regarding the construction of security management datasets, it covers the con-
struction and continuous operation of regulatory documents including laws and
regulations, management systems, and emergency response regulations. In the
medical industry, data security is a critical link in building and applying se-
curity large models [?]. With the rapid development of medical large model
technology, how to ensure these models operate compliantly within the legal
and regulatory framework has become a focus of current research and practice.

These datasets are transformed into vector databases and integrated into
security large models, thereby achieving high-quality security management
knowledge Q&A functions. Based on management requirements and combined
with real-time data inference and statistics, the model can provide compliance
supervision-related answers, such as identifying servers that do not meet
host security management requirements according to management systems.
Additionally, for Q&A on single management knowledge points, users can
make inquiries during specific operations, combining local management system
knowledge bases or internet knowledge (for example: How should a host
infected with computer viruses be handled? What are the regulatory systems
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of industry supervisory units regarding internet assets?). These Q&A functions
can be integrated into employee instant messaging (IM) systems and made
available to internal staff.

Regarding the construction of security asset network datasets, it covers the
construction and continuous operation of asset network-related data including
asset inventories, network security devices, log systems, and threat intelligence
platforms. By importing asset lists and transforming them into vector database
content and integrating them into large model Q& A systems, asset sorting and
generation of asset topology and access relationships based on large models
can be achieved. This includes the investigation and management of special
asset types (such as DNS servers, domain controllers, security devices, network
devices) and special business assets (such as Al platforms, business interface
APIs, big data platforms, OA systems).

Regarding the construction of security policy datasets, it covers the construc-
tion and continuous operation of security policy-related data including true/false
positive annotations, key prevention and control strategies, and business pref-
erence knowledge. It supports the construction of data for personalized alert
analysis ideas and methods, monitoring and analysis of key assets, special weak
password and vulnerability analysis, emergency response strategies and contact
person analysis, business knowledge bases, and personalized queries. Through
the continuous operation of these datasets, security large models can provide
customers with more precise and efficient security policy support.

During the data collection process, special attention must be paid to data quality
and legality. The collected data should be sufficiently representative to reflect
the diversity and complexity of medical institution data. At the same time, the
legality of data collection must be ensured, with necessary authorization and
consent obtained. Particularly for data containing personal sensitive informa-
tion, strict desensitization processing should be conducted or only anonymized
data should be collected.

5.3.2 Data Preprocessing Data preprocessing involves strict quality control
of training data, including data cleaning, noise reduction, and anomaly detec-
tion, to ensure data accuracy and completeness. Through data processing, the
impact of malicious samples on model training can be effectively reduced.

5.3.3 Data Annotation Data annotation is the process of adding labels and
annotations to raw data and is the core link in building high-quality corpora.
Accurate annotation can significantly enhance the value of corpora, enabling
them to effectively support security research and applications. Annotation con-
tent for medical data security corpora includes data classification labels (such
as data type and sensitivity level), security labels (such as threat type and risk
level), and semantic labels (such as medical terminology and clinical concepts).

Data annotation and standardization are key links in building high-quality med-
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ical industry corpora and implementing security large models in hospitals. In
the medical field, the complexity and sensitivity of data require data annotation
and standardization work to have high professionalism and rigor to ensure data
accuracy and security, thereby supporting effective training and application of
large models.

Data annotation standard formulation: Based on security requirements and the
task objectives of security large models, determine the categories for data anno-
tation. Detailed specifications should be made for the definition, characteristics,
and annotation methods of each annotation category to ensure consistency and
accuracy in annotation. Provide annotation personnel with rich annotation ex-
amples, including both correct and incorrect annotations, to help them better
understand annotation standards and requirements. At the same time, regularly
train annotation personnel to familiarize them with annotation norms and the
latest security threat characteristics, improving annotation quality.

Annotation personnel training and management: Provide annotation personnel
with training in security knowledge and related technologies to help them under-
stand basic security concepts, common security threat types and characteristics,
and the importance of data annotation for security large models. Training con-
tent can include basic network security knowledge, working principles of security
devices, and analysis methods for security incidents.

Through practical operations and case analysis, train annotation personnel to
master the use of annotation tools and annotation techniques, improving anno-
tation efficiency and accuracy. For example, how to use annotation software for
data annotation, how to quickly and accurately identify characteristics of secu-
rity threats, and how to handle ambiguous or uncertain data. Establish a quality
assessment mechanism for annotation personnel, regularly conduct spot checks
and evaluations of annotation results, reward personnel with high annotation
quality, and provide retraining or job adjustments for those with substandard
quality. At the same time, strengthen supervision of the annotation process
to ensure annotation personnel follow annotation norms and avoid arbitrary or
subjective errors.

Data annotation is the process of converting raw data into machine-
understandable formats, which is particularly important for medical data.
Data annotation and standardization should also consider the dynamic and
real-time nature of data. Medical data is highly dynamic, with patients’
conditions changing over time. Therefore, corpora need regular updates to
reflect the latest medical knowledge and clinical practice. During the data
update process, annotation and standardization work must continue to ensure
the quality and consistency of new data.

Annotation quality review and validation: Adopt a multi-person cross-review
approach to repeatedly check annotated data. Different annotation personnel
independently annotate the same batch of data, then compare annotation re-
sults. Inconsistent annotations are discussed and re-annotated to ensure accu-
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racy and consistency. Invite security domain experts to review and validate
annotated data. With their rich experience and professional knowledge, experts
can identify potential problems and errors in annotations and provide improve-
ment suggestions. Expert review can serve as the final quality check to ensure
the annotation quality of datasets reaches a high level. Preliminarily train and
test security large models using a portion of annotated data to verify the quality
and effectiveness of annotated data. If the model performs poorly in testing,
there may be problems with the annotated data that require further inspection
and correction. Some evaluation metrics can be used to measure model perfor-
mance on validation data, thereby indirectly assessing annotation quality.

5.3.4.1 Data Security and Privacy Protection In the process of building
medical industry security data corpora and applying security large models, data
security and privacy protection are crucial links [?]. Due to its high sensitivity,
medical data involves not only personal privacy but may also affect patients’
life safety [?]. Therefore, ensuring data security and privacy is not only a legal
and ethical requirement but also key to improving medical service quality and
enhancing patient trust.

In 2011, the Ministry of Health issued the Guiding Opinions on Information
Security Level Protection Work in the Health Industry (hereinafter referred to
as the Guiding Opinions). Based on the Recommendations of the CPC Central
Committee on Formulating the 12th Five-Year Plan for National Economic and
Social Development, this document proposed specific implementation measures,
forming a regulatory system for information security in the healthcare indus-
try [?]. The Guiding Opinions provide specific guidance for data security in
the medical industry, requiring medical institutions to strengthen data security
protection according to information security level protection requirements [?].

Security during the data collection phase is crucial. When building corpora,
the legality and compliance of data sources must be ensured. Medical institu-
tions should follow national standards such as the Information Security Tech-
nology - Basic Requirements for Information System Security Level Protection
(GB/T22239-2008) and the Information Security Technology - Technical Re-
quirements for Security Design of Information System Level Protection (GB/T
25070-2010) to ensure privacy protection during data collection. For example,
anonymization techniques should be used to remove or encrypt personal iden-
tification information to prevent data from being traceable to individuals after
leakage.

Security measures during the data storage phase are equally important. A
medical information security storage model based on blockchain technology pro-
vides an effective method. Through private key signatures and access control
protocols, it ensures data immutability and strict management of access permis-
sions [?]. The decentralized nature of blockchain technology makes data storage
more secure and reduces the risk of single points of failure. At the same time,
encrypted data storage can further enhance data security, as even if data is
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illegally accessed, its content cannot be directly read.

During the data processing and analysis phase, technologies such as security
alignment, inference guidance, content filtering, penetration testing, and vul-
nerability scanning are key technical means for evaluating corpus security and
can effectively prevent data leakage and misuse. For example, security align-
ment technology ensures that sensitive information is not leaked during model
training; inference guidance technology can filter or blur information that may
involve privacy during model output to avoid directly exposing patient informa-
tion. Content filtering technology can identify and block the spread of harmful
information, protecting users from potential threats. Penetration testing and
vulnerability scanning should complement each other to build a complete data
security assessment system. Penetration testing can discover unknown and com-
plex vulnerabilities, while vulnerability scanning can efficiently detect known
and common security issues. Combined use of both can more comprehensively
assess the security status of corpora.

Building medical industry security data corpora and applying security large
models requires comprehensive security measures from multiple stages includ-
ing data collection, storage, processing, and application to ensure data security
and privacy [?]. This not only improves medical service quality but also en-
hances patient trust in medical services and promotes healthy development of
the medical industry.

5.3.4.2 Corpus Update and Dynamic Management In the process of
building medical industry security data corpora and applying security large
models, data update and dynamic management are key links to ensure system
effectiveness and security. The sensitivity and importance of medical data re-
quire data management to ensure not only data accuracy and integrity but also
data timeliness and security. Therefore, the design and implementation of data
update and dynamic management mechanisms are particularly important.

Corpus data updates should follow strict standards and processes. This in-
cludes screening, annotating, and integrating new data. In the medical field,
data accuracy and integrity are particularly important. Various virus signature
databases and knowledge bases require regular maintenance and updates to en-
sure consistency with the latest regulations, rules, and standards. This means
corpus updates involve not only data addition but may also involve correction
or deletion of existing data. This process must be completed by personnel with
professional knowledge to ensure data quality.

The frequency of data updates is also an important consideration. In the rapidly
developing medical field, policy and practice changes can be very frequent.
Therefore, corpus update frequency should be determined based on specific ap-
plication requirements and data change speed. For some critical datasets, such
as virus signature databases, updates may be needed monthly or even weekly
to ensure timeliness.
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At the technical level, the use of automated tools can greatly improve the effi-
ciency and accuracy of data updates. For example, natural language processing
can be used to automatically extract and annotate new corpora from medical
literature and medical records. These tools can not only reduce errors from
manual operations but also handle large amounts of data and speed up updates.
However, the use of automated tools also requires caution to ensure their out-
put quality meets standards. Typically, data after automated processing still
requires manual review to ensure accuracy and reliability.

Dynamic management mechanisms should focus on data security and privacy
protection [?]. The sensitivity of medical data requires strict compliance with
relevant laws and regulations such as the Cybersecurity Law of the People’ s
Republic of China and the Personal Information Protection Law of the People’
s Republic of China during data management. Dynamic management mecha-
nisms should include security measures such as data encryption, access control,
and audit tracking to ensure data security during transmission and storage [?].
For example, using Advanced Encryption Standard (AES) to encrypt sensitive
data for storage, using Role-Based Access Control (RBAC) mechanisms to re-
strict data access permissions, and monitoring data access behavior through
logging and audit tracking functions to timely detect and handle potential se-
curity threats.

Data update and dynamic management mechanisms should support data version
control and rollback. The complexity and importance of medical data require
systems to record historical versions of data so that when data errors occur or
rollback is needed, the system can quickly restore to a historical state. Version
control should record the time, content, and operator of each data update and
support data version comparison and rollback operations.

Data update and dynamic management mechanisms should have flexible scal-
ability and adaptability. As medical technology develops and medical data
continues to grow, data management needs are constantly changing. Therefore,
data update and dynamic management mechanisms should have good scalability
and adaptability to flexibly adjust and optimize according to actual needs.

Data update and dynamic management are important links in medical indus-
try security data corpus construction and security large model application. By
establishing efficient data update mechanisms, strict data security management
mechanisms, reliable data version control mechanisms, and flexible system ex-
pansion mechanisms, we can ensure the security, timeliness, and reliability of
medical data, providing a solid data foundation for the digital transformation
and intelligent development of the medical industry.

5.3.5.1 Simulating Potential Security Threats to Test Corpus Attack
Resistance In the medical field, especially in hospital environments involving
large amounts of sensitive patient information, corpus construction and main-
tenance require not only attention to data quality and usability but also high
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emphasis on data security. With the development of information technology,
various new attack methods emerge endlessly, posing serious threats to medi-
cal data security. Therefore, simulating potential security threats and testing
corpus attack resistance has become an important link in ensuring medical in-
formation security.

For corpora, common security threats include but are not limited to data leak-
age, data tampering, Denial of Service (DoS) attacks, and improper operations
by internal personnel. These threats may originate from malicious attacks by
external hackers or from unintentional mistakes by internal employees. To ef-
fectively address these threats, security factors must be fully considered during
the corpus design phase, adopting multi-layered security protection measures
such as data encryption, access control, and audit tracking.

Simulating potential security threats is a key step in evaluating corpus security.
This can be achieved by constructing virtual attack scenarios, such as simulating
SQL injection attacks, XSS cross-site scripting attacks, and DDoS distributed
denial-of-service attacks. Through these simulated attacks, we can detect corpus
performance when facing real attacks and discover security vulnerabilities in
the system. Additionally, automated tools can be used for penetration testing.
These tools can simulate multiple attack methods, helping security teams more
comprehensively understand system vulnerabilities.

Testing corpus attack resistance is not only technical work but also requires
integration with management measures. For example, regular security training
should be conducted to improve employee security awareness, ensuring they
can properly handle sensitive information and avoid data leakage caused by
human errors. At the same time, sound security management systems should
be established, such as formulating strict data access permission strategies and
implementing the principle of least privilege to ensure only authorized users can
access specific data resources.

Continuous security monitoring is also indispensable. By deploying technical
means such as Intrusion Detection Systems (IDS) and Intrusion Prevention Sys-
tems (IPS), network traffic and system logs can be monitored in real time to
timely detect abnormal behavior. Once potential attack activities are detected,
emergency plans should be immediately activated to take necessary measures
to prevent further attack development and restore normal system operation as
soon as possible.

Simulating potential security threats and testing corpus attack resistance is a
complex but crucial task. It requires not only advanced technical means but
also a complete security management system. Through these measures, corpus
security can be significantly improved, protecting medical data from various
threats and providing reliable information support for medical services.

5.3.5.2 Evaluating Data Processing Efficiency and Optimizing Corpus
Structure and Access Control Strategies Asan important tool for linguis-
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tic research, corpus construction and application depend not only on large-scale
authentic language materials but also involve multiple aspects such as data pro-
cessing efficiency, corpus structure optimization, and access control strategies.
Especially when dealing with sensitive information such as medical data, how
to improve corpus usage efficiency while ensuring data security has become an
urgent problem to be solved.

Evaluating data processing efficiency is the foundation for corpus optimization.
Data processing efficiency directly affects corpus construction speed and the
convenience of subsequent research. Efficient preprocessing workflows can signif-
icantly reduce time consumption in data cleaning, format conversion, and other
links, thereby accelerating corpus update frequency and enabling researchers to
obtain the latest language materials faster. To this end, advanced data process-
ing technologies such as Natural Language Processing (NLP) algorithms can be
used to achieve automated annotation, deduplication, classification, and other
functions, improving data processing accuracy and speed. At the same time,
using parallel computing and distributed storage technologies can further en-
hance processing capabilities under large data volumes, ensuring the real-time
and dynamic nature of corpora.

Optimizing corpus structure is key to improving access efficiency. Reasonable
corpus structure design can not only simplify the query process but also enhance
data retrievability and usability. During the design phase, full consideration
should be given to classification standards, indexing mechanisms, and metadata
annotation methods. Additionally, using standardized metadata descriptions
can increase corpus interoperability and promote cross-disciplinary and cross-
domain data sharing.

Strengthening access control strategies is an important measure to ensure data
security. In the medical field, personal information protection is particularly
important. Therefore, a sound access permission management system must be
established to ensure only authorized users can access specific data resources.
This includes but is not limited to identity verification, role assignment, and op-
eration logging mechanisms. By implementing fine-grained permission control,
unauthorized access and data leakage can be effectively prevented. At the same
time, regular security audits and technical updates are indispensable to address
constantly changing security threats.

By evaluating data processing efficiency, optimizing corpus structure, and
strengthening access control strategies, we can significantly improve corpus
usage efficiency while ensuring data security, providing richer and more reliable
data support for linguistic research. This process requires not only technological
innovation but also institutional guarantees, with the two complementing each
other to jointly promote the development of corpus construction.

In the process of building and maintaining hospital data security corpora, eval-
uating data processing efficiency is a key link to ensure corpus practicality and
efficiency. Data processing efficiency concerns not only the speed of data process-
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ing but also the quality of data processing, i.e., model performance in security
detection and classification tasks. To comprehensively evaluate the performance
of different models on the corpus, this paper adopts a series of recognized perfor-
mance metrics, including Accuracy, Precision, Recall, F1-Score, and AUC value
(Area Under the ROC Curve). These metrics reflect model capabilities in classi-
fication tasks from different perspectives: Accuracy measures overall classifica-
tion correctness, Precision focuses on the accuracy of positive class predictions,
Recall reflects the model’ s ability to find all positive examples, F1-Score is the
harmonic mean of Precision and Recall, and AUC value evaluates the model’ s
comprehensive classification performance under different thresholds.

By comparing and analyzing the performance of different models (such as BERT,
LSTM, Random Forest, SVM, and CNN) on these metrics (as shown in Table 3
), we can identify which models perform best on specific tasks, providing data
support for corpus construction and optimization. For example, the BERT
model performs excellently in Accuracy, Precision, Recall, and AUC value but
has relatively slow processing speed. The Random Forest model has the fastest
processing speed but slightly lower Accuracy. This analysis helps us select ap-
propriate models based on specific needs (such as the trade-off between real-time
requirements and accuracy requirements) in practical applications and further
optimize corpus structure and access control strategies.

Table 3 shows detailed performance data. Test results indicate that different
models demonstrate their own advantageous characteristics in medical data se-
curity tasks. The BERT model is most prominent in classification accuracy and
AUC value, with Accuracy reaching 92.5% and AUC value as high as 0.968,
showing excellent overall classification capability. The LSTM model achieves
89.1% Recall in anomaly detection tasks, demonstrating good threat discovery
capability. The Random Forest model performs best in processing speed, reach-
ing 3500 items/second, making it suitable for scenarios requiring fast response.

This paper uses trend charts, scatter plots, ROC curves, and radar charts to
display model performance from multiple dimensions, intuitively revealing the
advantages and disadvantages of each model.

[Figure 1: see original paper]

Overall Trend Pattern: Observing the performance of all models across vari-
ous metrics reveals clear patterns. Deep learning models (BERT, CNN, LSTM)
overall outperform traditional machine learning models (SVM, Random For-
est) in classification performance metrics but are relatively slower in processing
speed. This reflects the typical trade-off relationship between model complexity
and performance/efficiency.

Metric Correlation: Accuracy, Precision, Recall, and F1-Score show high
correlation, with relatively consistent ranking orders across models. AUC value,
as a comprehensive performance metric, also maintains good consistency with
these classification metrics but provides more detailed performance differentia-
tion.
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Speed-Performance Trade-off: Processing speed and classification perfor-
mance show a clear negative correlation. The fastest Random Forest (3500
items/second) ranks last in classification performance, while the best-performing
BERT (Accuracy 0.925) is the slowest (1200 items/second). This trade-off has
important guiding significance for model selection in practical applications.

Comprehensive Analysis Conclusions: BERT-Security Classification per-
forms best across all classification metrics, forming a clear high-value trend,
making it particularly suitable for security-critical applications with extremely
high accuracy requirements. CNN-Text Classification approaches BERT in clas-
sification performance but is significantly faster, forming a good balance between
performance and efficiency on the trend chart. SVM-Multi-Classification shows
balanced performance across all metrics with a smooth trend curve, making it
a stable and reliable choice, especially suitable for resource-constrained envi-
ronments. LSTM-Anomaly Detection performs well in anomaly detection tasks
with relatively high processing speed, achieving a good balance between speed
and performance on the trend chart. Random Forest leads significantly in pro-
cessing speed but has relatively lower classification performance, with the trend
chart clearly showing its advantage in efficiency. All models have identical
F1-Scores and Accuracy, indicating that Precision and Recall maintain good
balance across all models. Deep learning models have more obvious advantages
in AUC values, indicating better comprehensive performance under different
thresholds. The trend chart intuitively shows that no single model is optimal
across all metrics, and practical applications require trade-off selection based on
specific needs.

Model Characteristics Comparison: BERT has the highest Accuracy
(0.925) but the slowest processing speed (1200 items/second), suitable for
scenarios with extremely high security requirements. LSTM has good Accuracy
(0.883) and faster processing speed (2800 items/second). CNN has the second-
highest Accuracy (0.918) with medium processing speed (2100 items/second).
Random Forest has the fastest processing speed (3500 items/second) but
relatively lower Accuracy (0.857). SVM has moderate Accuracy (0.901) and
moderate processing speed (1800 items/second).

Application Scenario Recommendations: For medical data encryption and
desensitization, BERT or CNN are recommended to ensure the highest secu-
rity standards. For real-time monitoring and early warning, Random Forest or
LSTM-Anomaly Detection are recommended to guarantee processing efficiency.
For balanced scenarios, CNN-Text Classification provides a good balance be-
tween speed and accuracy.

Performance Trade-off Analysis: Deep learning models (BERT, CNN,
LSTM) typically have higher accuracy but relatively lower processing speed.
Traditional machine learning models (Random Forest, SVM) have faster
processing speed but slightly lower accuracy. Model performance shows a clear
linear negative correlation, with a correlation coefficient of approximately -0.99.
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Data Analysis Conclusions: BERT-Security Classification performs best
with an AUC value of 0.968, showing excellent classification capability, especially
suitable for security scenarios with extremely high accuracy requirements. CNN-
Text Classification follows closely with an AUC value of 0.957, providing good
processing speed while maintaining high accuracy. SVM-Multi-Classification
balances performance and efficiency with an AUC value of 0.945, suitable for
resource-constrained environments. LSTM-Anomaly Detection performs well
in anomaly detection scenarios with an AUC value of 0.934 and relatively high
processing speed. Although Random Forest has a lower AUC value (0.912), it
has the fastest processing speed (3500 items/second), suitable for scenarios with
high real-time requirements. All models have AUC values exceeding 0.9, indicat-
ing excellent performance in classification tasks. There is a clear accuracy-speed
trade-off: models with higher accuracy usually have slower processing speed, and
vice versa.

Comprehensive Analysis Conclusions: BERT-Security Classification per-
forms best in AUC value (0.968), with all evaluation metrics in leading positions,
showing excellent classification capability, but its processing speed is slower
(1200 items/second), suitable for application scenarios with extremely high ac-
curacy requirements but not high real-time requirements. CNN-Text Classifi-
cation has comprehensive performance close to BERT, with an AUC value of
0.957 and significantly faster processing speed (2100 items/second), achieving
a good balance between performance and efficiency. SVM-Multi-Classification
has balanced metrics across the board, with an AUC value of 0.945 and moder-
ate processing speed (1800 items/second), making it a stable and reliable choice,
especially suitable for resource-constrained environments. LSTM-Anomaly De-
tection performs well in anomaly detection tasks with an AUC value of 0.934
and high processing speed (2800 items/second), suitable for application sce-
narios requiring certain real-time performance. Although Random Forest has
slightly lower classification performance metrics than deep learning models, it
has the fastest processing speed (3500 items/second), showing obvious advan-
tages in scenarios with extremely high real-time requirements. All models per-
form relatively balanced across metrics, without any particularly outstanding
or particularly poor metrics. Deep learning models (BERT, CNN, LSTM) over-
all outperform traditional machine learning models (SVM, Random Forest) in
classification performance, but usually have slower processing speed.

In practical applications, trade-off selection should be made between perfor-
mance and speed based on specific needs and resource constraints. Based on
in-depth analysis of these performance metrics, we conducted targeted optimiza-
tion of corpus structure and access control strategies. For sensitive data access
control scenarios requiring high accuracy, the BERT model is prioritized for
fine-grained permission judgment. For real-time monitoring and anomaly detec-
tion needs, the LSTM model’ s good performance in anomaly detection tasks
is combined to build dynamic protection systems. When processing large-scale
batch data, the efficient processing capability of the Random Forest model is
utilized to improve overall system throughput.
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By establishing a multi-model collaborative working mechanism, corpus process-
ing efficiency has been significantly improved. Specifically, we restructured the
data index structure, clustering and storing data with similar security levels
to reduce data retrieval overhead during model inference. At the same time,
we designed a hierarchical access control strategy that dynamically selects the
most suitable processing model based on data sensitivity and user permissions,
maximizing processing efficiency while ensuring security.

This performance metric-driven optimization approach has improved overall cor-
pus processing efficiency by approximately 40% while maintaining high-quality
data services, providing more efficient and reliable technical support for hospital
data security management.

6.1.1 Basic Principles of Large Models Large models, especially deep
learning models, have demonstrated significant application potential in the field
of hospital data security in recent years. These models can process and analyze
large-scale medical data by simulating the structure and function of the human
brain’ s neural network. The basic principles of large models involve multiple as-
pects including data processing, model training, model optimization, and model
application, which are discussed in detail below.

Data processing is the foundation of large model application. In the field of hos-
pital data security, data processing includes not only cleaning, standardizing,
and formatting raw data but also involves data annotation and feature extrac-
tion. During data processing, the diversity and complexity of data, as well as
data timeliness and quality, must be considered to ensure the effectiveness and
accuracy of model training.

Model training is the core link of large models. Large models are typically based
on deep neural networks and learn complex features of data through multi-layer
nonlinear transformations. During training, models continuously adjust weights
through backpropagation algorithms to minimize the error between predicted
output and actual output.

Model optimization is a key step to improve large model performance. Opti-
mization methods include but are not limited to model structure optimization,
parameter optimization, and training strategy optimization. Model structure
optimization involves adjusting network layers, node numbers, activation func-
tions, etc., to adapt to different task requirements. Parameter optimization pre-
vents overfitting and improves model generalization ability through techniques
such as regularization and early stopping. Training strategy optimization in-
cludes learning rate adjustment and batch size selection to accelerate training
speed and improve training effectiveness.

Model application is the ultimate embodiment of large model value. In the field
of medical data security, large models can be applied to security detection and
identification scenarios, security analysis scenarios, security decision-making and
command scenarios, and other aspects.
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The application of large models in the medical health field involves multiple as-
pects including data processing, model training, model optimization, and model
application. Through continuous optimization and innovation, large models are
expected to play greater roles in the medical health field, providing higher-
quality medical services for patients.

6.1.2 Characteristics of Security Large Models The application of se-
curity large models in the medical industry, especially in the field of hospital
information security, demonstrates their advantages in handling complex data
environments, ensuring data security, and improving medical service efficiency.
These characteristics originate not only from the technical architecture of large
models but are also closely related to their flexibility and adaptability in prac-
tical applications.

Security large models have high flexibility and adaptability. Information secu-
rity needs in the medical industry constantly change with new security threats
emerging. Security large models can continuously update their knowledge bases
through continuous learning to address new security challenges. For example,
when new viruses or attack methods appear, security large models can quickly
identify these threats by analyzing the latest security reports and data and gen-
erate corresponding protection strategies. This dynamic adjustment capability
enables security large models to maintain efficient security protection capabili-
ties in constantly changing network environments.

Security large models can achieve intelligent security management. In tradi-
tional hospital information security systems, security management often relies
on manual operations, which is not only inefficient but also prone to omissions.
Security large models can achieve automated monitoring and management of
hospital information systems by integrating advanced algorithms.

Security large models can provide personalized security services. In the medical
industry, different hospitals, departments, and even patients have different in-
formation security needs. Security large models can provide customized security
solutions for hospitals by analyzing their specific business processes, data types,
and security requirements.

Security large models can promote knowledge innovation in the medical indus-
try. In the field of medical information security, knowledge updates are also
very rapid. Security large models can provide the latest knowledge support
for medical industry information security by continuously learning the latest
security technologies and research results.

The application of security large models in the medical industry can not only
improve hospital information security levels but also promote knowledge inno-
vation in the medical industry, providing strong support for the efficient and
secure operation of medical services.
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6.2.1 Application in Detection and Identification Scenarios In the
construction of hospital data security corpora, the application in detection and
identification scenarios is an important component involving data accuracy and
integrity. This paper explores how to support detection and identification sce-
nario applications in hospital data security by building specific corpora.

Focusing on multi-dimensional collaboration between security large models
and products, a deep threat detection architecture based on a trinity of
rule/intelligence engine, behavior engine, and generative Al large model is
constructed. Security large models enhance the detection and identification
capabilities of advanced threats, detecting high-bypass unknown threats such as
web Oday vulnerability exploitation and obfuscated/bypass attacks, achieving
a web application layer detection rate of $ $90% for network traffic with a false
positive rate of $ $5%. Simultaneously, reinforcement learning based on manual
feedback of attack markings is implemented to precipitate expert experience in
analyzing traffic-based attacks and optimize automatic detection models.

By building domain-specific corpora, hospital data security and usability can
be improved. Future research should further explore how to combine the latest
information technologies, such as artificial intelligence and big data analysis,
to optimize corpus construction and application to better serve hospital data
security management needs.

6.2.2 Application in Analysis and Assessment Scenarios The applica-
tion in analysis and assessment scenarios also requires corpora to have powerful
data retrieval and analysis capabilities. By building efficient indexing mecha-
nisms, fast retrieval of large-scale corpora can be achieved to meet the needs of
different users.

Large models can conduct security operations through natural language interac-
tion, providing security operations personnel with quick retrieval and effective
response suggestions from different dimensions, greatly shortening MTTR and
improving security operations efficiency. Large models can also achieve auto-
mated on-duty analysis of alerts, enabling comprehensive analysis of all alerts
and high-precision classification based on built-in knowledge to identify real at-
tacks, business false positives, and suspected attacks, preventing rule omissions.
At the same time, explainable analysis conclusions are output through natu-
ral language, solving the security operations challenges of insufficient person-
nel, heavy protection tasks, and numerous security alerts. Based on Retrieval-
Augmented Generation (RAG) technology, continuous false positive feedback
and annotations from security operations personnel can continuously adjust
and optimize the model’ s security sensitivity to meet personalized use case
requirements.

The application in analysis and assessment scenarios also requires continuous op-
timization and improvement of corpus construction. As medical data continues
to grow and technology advances, corpus construction should maintain dynamic
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updates to timely incorporate new data and research results. At the same time,
corpus maintenance and management should be strengthened to ensure data
integrity and consistency. Through continuous technological innovation and
application practice, the ability and level of analysis and assessment can be con-
tinuously improved to provide strong support for medical service improvement
and development.

6.2.3 Application in Decision-Making and Command Scenarios Uti-
lizing the powerful data analysis capabilities of security large models, various
security events over a period of time can be deeply analyzed in terms of quantity,
type, impact scope, frequency, and trend changes. By comparing security con-
ditions across different time periods, regions, or business systems, security risk
hotspots and potential threats can be identified. Based on historical trend anal-
ysis results, security large models can automatically generate detailed security
operation summary reports. These reports include not only security knowledge
encyclopedias, event statistics, and trend charts but also expert interpretations
and recommendations, providing decision-makers with intuitive and compre-
hensive security situation overviews. Automated summary reports can effec-
tively enhance organizational security awareness, promote communication and
collaboration across departments, and jointly drive the continuous optimization
and upgrading of the government extranet security system. Through Retrieval-
Augmented Generation (RAG) technology, exclusive process systems, business
knowledge, and other data can be embedded, enabling the model to achieve
personalized knowledge Q&A based on uploaded knowledge, experience, and
system documents.

In the field of hospital security management, the application of decision-making
and command scenarios is an important component of data-driven decision mod-
els, with its core lying in how to efficiently and accurately utilize the large
amount of internal data resources accumulated by hospitals to provide scientific
and reasonable decision support for management [?]. Data security and privacy
protection are important aspects that cannot be ignored in the data-driven
decision-making process. As a concentration of sensitive information, hospitals
must take effective measures to ensure data security and patient privacy [?].
This includes but is not limited to establishing strict data access control mech-
anisms, implementing encrypted data transmission, conducting regular security
audits, and establishing sound data leakage emergency response plans. At the
same time, hospitals should strengthen employee data security awareness train-
ing to ensure all operations comply with laws and regulations and protect patient
rights and interests.

The application of data-driven decision-making in hospital management
decision-making and command scenarios can not only improve decision sci-
entificity and accuracy but also promote the comprehensive improvement
of hospital management levels [?]. However, the premise for achieving this
goal is to establish a complete data processing process, ensure the rigor and
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effectiveness of the decision-making process, and strengthen data security and
privacy protection to provide solid guarantees for the sustainable development
of hospitals.

6.4.1 Enhancing Medical Intelligence Level In recent years, with the
rapid development of information technology, the intelligence level of the med-
ical industry has been significantly improved. The application of intelligent
technologies has not only improved the quality and efficiency of medical ser-
vices but also provided new solutions for optimizing the allocation of medical
resources.

In the construction of smart healthcare, data is the core resource. The collec-
tion, processing, analysis, and application of medical data are key to achieving
medical intelligence. However, the sensitivity and importance of medical data
determine that strict security standards must be followed during collection and
use. Therefore, building a comprehensive, secure, and efficient medical data
corpus has become an important prerequisite for enhancing medical intelligence
levels.

Based on practical experience in scenario-based operations, work capabilities in
asset sorting, reinforcement and prevention, monitoring and assessment, inves-
tigation and disposal, collaborative disposal, intelligence query, and traceability
summary are formalized into processes, enabling security personnel to interact
with security large models through natural language. Through rapid Q&A, cor-
responding tools, personnel, and processes can be mobilized to complete assisted
driving of security operations, improving security operations efficiency and com-
pressing the disposal speed of single security events to within one minute, en-
hancing cyberspace security confrontation response and disposal efficiency. Se-
curity large models can provide chain-of-thought-based operation on-duty and
analysis and disposal capabilities, performing managed on-duty services, sup-
porting 7x24 real-time online automatic analysis, and replacing security opera-
tions personnel in asset and vulnerability investigation and management work,
achieving autonomous operation on-duty and analysis and disposal.

In the construction of smart hospitals, the application of security large models
is not limited to data security and device management but can also be used to
improve the intelligence level of medical services.

Building medical security data corpora and applying security large models are
important ways to enhance medical intelligence levels. By ensuring data security
and reliability, we can provide a solid foundation for the development of smart
healthcare, drive innovation and optimization of medical services, and ultimately
achieve efficient utilization of medical resources and improve the quality and
efficiency of medical services.

6.4.2 Security and Ethical Issues In the process of building medical in-
dustry security data corpora and applying security large models in hospitals,
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security and ethical issues are important topics that cannot be ignored.

There are numerous security risks in data collection, processing, and use. Due
to its high sensitivity, medical data contains not only patients’ personal identity
information but also detailed health status, disease history, treatment plans,
etc. [?]. Once this data is leaked, it will not only cause direct physical and
psychological harm to patients but may also trigger social discrimination and
employment barriers [?]. Improper use of data may also lead to infringement
of patients’ privacy rights, such as unauthorized data sharing and commercial
use of data analysis results [?]. Therefore, establishing sound data security
protection mechanisms, including but not limited to technical means such as
data encryption, access permission management, and data desensitization, as
well as strict legal and regulatory frameworks, is the foundation for ensuring
data security.

In the application of large models in the medical field, the design and training
process of the models themselves also faces significant ethical challenges. On
the one hand, the training of large language models relies on huge datasets that
may contain biases in gender, race, age, etc., causing models to amplify these
biases when generating content, thereby affecting the fairness and impartiality
of medical decisions.

The interpretability issue of large models is also a major obstacle to their appli-
cation in the medical field. Medical decision-making requires high transparency
and traceability, but large models are often regarded as “black boxes” due to
their complex internal structures, making it difficult to intuitively explain their
decision basis to medical workers.

Building medical industry security data corpora and applying security large
models in hospitals requires not only technological innovation and break-
throughs but also sufficient attention at the ethical level to ensure that
technological development can truly benefit patients and promote fairness,
impartiality, and security in the medical industry.

7.1.1 Integration of Artificial Intelligence and Big Data As a technol-
ogy that simulates human intelligence, artificial intelligence has demonstrated
enormous potential and value in the medical field through the combination
of algorithms, data, and computing power [?]. In today s accelerating digi-
tal transformation, the health industry is undergoing unprecedented changes.
Especially driven by artificial intelligence technology, multimodal learning has
become a key technology for promoting innovation in the medical health field [?].
Multimodal learning refers to building large models that can understand and
process complex medical information by integrating data from different sources
and forms (such as text, images, audio, video, etc.). This technology can not
only improve model accuracy and robustness but also promote precision and
personalization of medical decision-making.

The deep integration of artificial intelligence and big data will significantly en-
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hance the intelligence level of hospital data security corpora. On the one hand,
the application of multimodal large model technology in the field of medical
data security will enable corpora to have stronger semantic understanding and
knowledge reasoning capabilities. These models can process and analyze dif-
ferent types of medical data such as electronic medical records, medical images,
and genomics, identifying complex security threat patterns to support proactive
protection. Intelligent data governance technology will also be widely applied.
Through Al technologies such as natural language processing and knowledge
graphs, corpora can achieve automated data classification, annotation, and qual-
ity assessment, greatly improving data governance efficiency. A health medical
data platform solution mentions that through AI, NLP, and other artificial in-
telligence technologies, the top-level architecture of hospital data can be recon-
structed, and through data governance, high-quality corpora can be provided
for clinical decision support. This intelligent data governance model is also
applicable to the construction of security corpora.

7.1.2 Application of Blockchain Technology The application of
blockchain technology in medical data security corpora will become increasingly
deep and extensive. The combination of blockchain and privacy computing will
build a more secure and reliable data sharing mechanism. Blockchain provides
an immutable audit trail, while privacy computing ensures that original data
is not exposed. The combination of the two protects privacy while providing
verifiability. Smart contracts will enable automated management of data access
and use. Based on preset rules, smart contracts can automatically execute data
access authorization, usage billing, compliance checking, and other operations,
improving corpus management efficiency. Cross-chain technology will support
interconnection between multiple corpora. As medical data security corpora
from different institutions and regions increase, cross-chain technology can
enable secure interaction and data collaboration between these corpora, forming
a larger-scale medical data security collaboration network. This will greatly
promote the sharing of medical security knowledge and the improvement of
collaborative protection capabilities.

7.2 Application Prospects

In the construction and development process of smart healthcare, the construc-
tion of an information security system is particularly important. Given the high
sensitivity and importance of medical data, ensuring the security of this data
throughout its entire lifecycle has become the cornerstone of smart healthcare
development [?]. An information security system based on dynamic network
security models can effectively address various security threats from both inter-
nal and external sources by building a three-dimensional framework with infor-
mation security organizations at the core and information security strategies,
management, and technology as dimensions.

With the arrival of the big data era, legislative protection of personal health
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medical information has become an indispensable part of smart healthcare de-
velopment. The protection of personal information in personal information law
should be a dynamic and continuously improvable process. By introducing a
scenario- and risk-oriented dynamic protection model, privacy risks can be ef-
fectively controlled throughout the entire data processing process.

The development of smart healthcare also relies on the deep mining and uti-
lization of data [?]. By building medical industry security data corpora and
combining them with the application of security large models, efficient process-
ing and analysis of medical data can be achieved, providing strong data support
for clinical decision-making [?].

The future development of smart healthcare depends not only on technological
innovation and service model optimization but also on establishing sound in-
formation security systems and effective data protection mechanisms. Through
continuous exploration and improvement in these areas, smart healthcare is
expected to achieve wider applications in the future and make greater contribu-
tions to human health [?].

8.1 Research Summary

This paper systematically studied the theoretical foundations, practical meth-
ods, and future directions of hospital data security corpus construction. By an-
alyzing the current status of hospital data security, it revealed the internal and
external challenges facing medical data security: internal management issues
include incomplete systems, chaotic permission management, and insufficient
personnel awareness; external threats mainly come from network attacks, tech-
nical vulnerabilities, and advances in quantum computing. Although existing
data security measures have been implemented at both technical and manage-
ment levels, systematic improvement is still needed.

The study examined the basic concepts and roles of corpora in hospital data
security, clarifying that medical data security corpora, as specialized resource
repositories, have characteristics of scalability, diversity, high quality, and se-
curity compliance. Corpora play increasingly important roles in the field of
medical data security by supporting security strategy formulation and promot-
ing security technology development.

The paper deeply explored the construction methods of hospital security corpora,
proposing a systematic process including data collection, preprocessing, anno-
tation, and management and maintenance. It emphasized that core principles
such as legality, minimal necessity, security confidentiality, and clear account-
ability must be followed during construction to ensure standardized and orderly
corpus construction.
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8.2 Future Outlook

Looking ahead, hospital data security corpus construction will continue to de-
velop along two dimensions: technological innovation and management opti-
mization. At the technical level, the deep integration of artificial intelligence
and big data will enhance the intelligence level of corpora, and the wide ap-
plication of blockchain technology will enhance the security and credibility of
corpora.

At the management level, regulatory compliance will become more dynamic
and refined, and standardized data classification and grading systems will pro-
vide clear guidance for corpus management. Personnel training and awareness
enhancement will receive more attention, and a data security culture in medi-
cal institutions will be built through the cultivation of compound talents and
comprehensive security education.

Overall, hospital data security corpora will become key infrastructure for en-
suring medical data security in the context of smart healthcare. By building a
comprehensive protection framework of “legal regulation - technical guarantee -
collaborative governance” and forming a multi-party participatory medical data
governance ecosystem, hospital data security corpora can not only effectively
address current data security challenges but also lay a security foundation for
future innovative applications of medical data, ultimately achieving the win-win
goal of protecting patient privacy and maximizing the value of medical data.
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Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv —Machine translation. Verify with original.
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