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Abstract:

Background: Electronic Medical Records (EMRs) are central to modern healthcare delivery but generate large
volumes of complex, unstructured clinical data that are difficult to process and utilize effectively. Generative Artificial
Intelligence (GenAl), particularly large language models, has emerged as a promising technology for enhancing EMR
functionality across multiple clinical and administrative domains. Aim: This review aims to explore and categorize
the applications of GenAl within EMR systems, assess its performance across different healthcare tasks, and identify
its benefits, limitations, and implications for clinical practice. Methods: A scoping review approach was used to
analyze studies examining GenAl applications in EMRs. A total of 55 studies were reviewed and categorized into key
thematic areas including data manipulation, patient communication, clinical decision-making, clinical prediction,
summarization, and other emerging applications. Findings were synthesized narratively to identify patterns of use,
performance outcomes, and reported limitations. Results: GenAl demonstrated strong performance in data
manipulation, clinical summarization, and patient communication, improving efficiency and reducing clinician
workload. In clinical prediction and certain structured tasks, GenAl showed performance comparable to or exceeding
traditional machine learning models. However, clinical decision-making applications revealed limitations, including
inaccurate recommendations, hallucinations, and unsafe outputs in high-risk settings. Concerns regarding bias,
interpretability, data privacy, and legal accountability were consistently reported across studies. Conclusion: GenAl
shows significant potential to enhance EMR systems by improving efficiency, accessibility, and clinical support
functions. However, its current limitations restrict its use as an autonomous clinical tool. Safe integration requires
robust governance, continuous validation, and human oversight.
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Introduction

Electronic Medical Records (EMRs) have become a cornerstone of contemporary healthcare systems, serving as
comprehensive digital platforms that facilitate the documentation, storage, retrieval, and exchange of patient health
information. These systems support a broad spectrum of clinical and administrative functions, including patient record
management, clinical decision-making, communication among healthcare professionals, and the continuity of care
across healthcare settings. The widespread adoption of EMRs has transformed healthcare delivery by enabling
clinicians to access extensive patient information in real time, thereby improving the efficiency, accuracy, and
coordination of clinical services. As healthcare organizations continue to generate and accumulate vast amounts of
patient-related data, EMRs have evolved into critical repositories containing detailed clinical narratives, diagnostic
findings, treatment plans, laboratory results, and other forms of healthcare documentation. Despite the substantial
benefits associated with the digitization of healthcare information, the rapid expansion of EMR data has introduced
significant challenges. A considerable proportion of information contained within EMRs exists in unstructured textual
formats, including physician notes, discharge summaries, consultation reports, and other narrative documentation.
Although these records contain valuable clinical insights, their volume and complexity often hinder efficient
extraction, interpretation, and utilization. Healthcare professionals frequently face difficulties in reviewing extensive
documentation within limited timeframes, increasing the risk of information overload and reducing the efficiency of
clinical workflows. Consequently, the healthcare sector has sought innovative technological solutions capable of
facilitating the management, interpretation, and application of these increasingly complex datasets [1].

Recent developments in generative artificial intelligence (GenAl) have created new opportunities for addressing many
of the challenges associated with the utilization of EMR data. Advances in natural language processing technologies,
particularly the emergence of large language models (LLMs), have significantly enhanced the ability of computational
systems to understand, generate, summarize, and interpret human language. Public awareness and professional interest
in these technologies expanded substantially following the release of ChatGPT by OpenAl in November 2022 [1].
Since then, healthcare researchers, clinicians, administrators, and health information specialists have increasingly
explored the potential applications of LLMs in medical environments. These models demonstrate remarkable
capabilities in processing large volumes of textual information and generating coherent, contextually relevant outputs
that closely resemble human-generated communication. Such capabilities position them as promising tools for
improving the accessibility and usability of information embedded within EMRs. Although artificial intelligence has
been investigated within healthcare for several decades, earlier Al methodologies were fundamentally different from
contemporary generative models. Traditional Al systems typically relied on highly specialized algorithms developed
for narrowly defined tasks, such as disease prediction, image classification, or risk stratification. The development of
these systems required extensive quantities of curated, high-quality training data and often involved significant
investments of time, expertise, and financial resources. Furthermore, separate models frequently had to be designed,
validated, and implemented for each individual clinical application. These limitations constrained the scalability and
adaptability of traditional Al approaches within complex healthcare environments.

In contrast, LLMs offer a more flexible and cost-efficient paradigm for interacting with healthcare information. Rather
than being restricted to a single predefined task, these models possess the ability to perform multiple functions,
including information retrieval, text generation, clinical summarization, documentation support, and question
answering. Their capacity to rapidly adapt to diverse healthcare scenarios without extensive task-specific retraining
represents a significant advancement in the field of medical informatics. Moreover, ongoing improvements in model
performance have further strengthened their potential to enhance clinical productivity, reduce administrative burdens,
and support healthcare professionals in managing growing volumes of patient data. Nevertheless, the rapid pace of
innovation in generative Al has exceeded the ability of many healthcare institutions and stakeholders to
comprehensively assess its implications for clinical practice. While enthusiasm regarding the transformative potential
of these technologies continues to grow, important questions remain concerning their effectiveness, reliability, safety,
ethical implications, and integration into existing healthcare workflows. The accelerated evolution of LLMs has
generated substantial scholarly interest; however, the evidence base remains relatively immature, and many proposed
applications have yet to undergo rigorous evaluation within real-world clinical settings. Consequently, healthcare
professionals, policymakers, technology developers, and researchers face challenges in determining the most
appropriate and effective ways to implement these technologies [1].

Given the emerging nature of this field, the available literature remains fragmented, and comprehensive syntheses of
current evidence are limited. Much of the existing scholarship focuses on individual applications or early-stage
evaluations, making it difficult to establish a clear understanding of the broader role of generative Al within EMR
systems. Therefore, there is a critical need to consolidate current knowledge, identify prevailing trends, and evaluate
the range of potential use cases associated with these technologies. Addressing this need can provide healthcare
stakeholders with a clearer perspective on both the opportunities and challenges presented by generative Al



42 Lafy Yahya Mohammed Aljabri et al.

Accordingly, this scoping review was undertaken in accordance with the PRISMA-ScR guidelines to examine the
existing body of evidence, classify emerging applications, identify areas demonstrating significant promise, and
provide an informed overview of the evolving relationship between generative artificial intelligence and electronic
medical records. The findings are intended to support clinicians, healthcare administrators, health information
specialists, EMR vendors, and the broader healthcare community in understanding the current landscape and future
potential of these transformative technologies [1].

GenAl for Data Manipulation

The growing adoption of Electronic Medical Records (EMRs) has resulted in the accumulation of vast quantities of
healthcare data, creating unprecedented opportunities for clinical research, healthcare management, and evidence-
based decision-making. However, the value of these data is often constrained by their complexity, heterogeneity, and
predominantly unstructured nature. Clinical information is frequently recorded in diverse formats, including narrative
physician notes, discharge summaries, pathology reports, radiology interpretations, and consultation records. The
variability in documentation practices across healthcare providers and institutions further complicates the process of
extracting meaningful information from EMRs. Consequently, healthcare organizations face significant challenges in
transforming raw clinical data into actionable knowledge. Generative Artificial Intelligence (GenAl), particularly large
language models (LLMSs), has emerged as a powerful solution for addressing these challenges through advanced data
manipulation capabilities. These technologies possess the ability to process large volumes of textual information,
identify relevant clinical concepts, and convert unstructured data into structured formats suitable for analysis. By
automating tasks that traditionally required substantial manual effort, GenAl enhances the efficiency and scalability
of healthcare data management. Within the reviewed literature, data manipulation represented one of the most
prominent applications of GenAl, with 24 out of 55 studies focusing on this area. This substantial proportion reflects
the growing recognition of GenAl as an effective tool for unlocking the value embedded within EMR systems [2][3].
Several studies demonstrated the effectiveness of GenAl in extracting clinically relevant information for disease
phenotyping, a process that involves identifying patient characteristics and disease patterns from healthcare records
[4]. Accurate phenotyping is essential for clinical research, personalized medicine, and population health management.
Traditional approaches often require extensive manual chart reviews and rule-based algorithms, which can be time-
consuming and difficult to generalize across different healthcare settings. GenAl models, by contrast, can rapidly
analyze large datasets and identify complex clinical relationships with greater flexibility and efficiency. The reviewed
literature also highlighted the application of GenAl in specialized clinical information extraction tasks. For example,
researchers successfully employed these technologies to extract lung cancer staging descriptors from clinical
documentation, enabling the automated identification of critical diagnostic and prognostic information [5]. Such
applications support more efficient clinical data analysis while reducing the burden on healthcare professionals
responsible for reviewing extensive patient records. Similarly, GenAl-assisted data mining techniques have been used
to facilitate the identification of patients living with HIV by analyzing large collections of clinical records and
detecting relevant disease indicators that may otherwise remain difficult to identify through conventional methods [6].
A consistent finding across the majority of studies was the superior performance of GenAl systems compared with
manual human data processing, particularly when handling large and complex datasets. These models demonstrated
the capacity to perform extraction and classification tasks with greater speed while maintaining high levels of accuracy.
The ability to process thousands of records in a relatively short period offers significant advantages for healthcare
organizations seeking to improve operational efficiency, conduct large-scale research, or support quality improvement
initiatives. As healthcare data volumes continue to expand, automated approaches become increasingly necessary to
ensure timely and effective information utilization. An additional strength identified within the literature was the
capability of GenAl models to perform zero-shot data extraction [7]. This refers to the ability of a model to extract
information or generate outputs in formats that were not explicitly included during its training process. Such flexibility
represents a major advancement over traditional machine learning systems, which typically require extensive
retraining or customization when introduced to new tasks. The feasibility of zero-shot extraction suggests that GenAl
systems can adapt to evolving healthcare requirements and diverse clinical documentation formats with minimal
additional development effort. Overall, the evidence indicates that GenAl has considerable potential to transform data
manipulation within EMR environments. By facilitating efficient information extraction, supporting complex data
mining activities, enabling disease phenotyping, and improving the accessibility of clinical information, these
technologies can enhance both healthcare operations and medical research. As the volume and complexity of
healthcare data continue to increase, GenAl-driven data manipulation is likely to become an increasingly important
component of modern health information management systems.

GenALl for Patient Communication

One of the most promising applications of Generative Artificial Intelligence (GenAl) within Electronic Medical
Record (EMR) systems is its ability to enhance patient communication. Effective communication between healthcare
providers and patients is a fundamental component of high-quality healthcare, influencing patient satisfaction,
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treatment adherence, trust, and health outcomes. However, increasing clinical workloads and growing volumes of
electronic patient messages have created substantial communication burdens for healthcare professionals. In response
to these challenges, GenAl technologies, particularly large language models (LLMs), have emerged as valuable tools
capable of assisting clinicians in generating patient-centered communications that are both efficient and informative
[8]. The reviewed literature demonstrates growing interest in this application area, with 9 of the 55 included studies
investigating the use of GenAl for patient communication. These studies explored the capacity of Al systems to draft
responses to patient inquiries, facilitate electronic messaging, and improve the overall quality of interactions between
healthcare providers and patients. The findings suggest that GenAl can support clinicians by reducing the
administrative effort associated with managing large volumes of patient correspondence while maintaining acceptable
standards of communication quality. Evidence from a study conducted within a urology setting revealed that nearly
half of the responses generated by ChatGPT to patient inquiries were considered acceptable for use in patient
messaging [8]. This finding highlights the potential of GenAl to function as a supportive communication tool capable
of producing clinically relevant and understandable responses. By assisting healthcare professionals in drafting replies
to routine patient questions, these technologies may reduce the time and effort required for electronic communication
while allowing clinicians to focus on more complex aspects of patient care.

Similarly, research performed in breast reconstruction surgery clinics demonstrated that ChatGPT exhibited notable
strengths in both empathy and informational accuracy when responding to patient concerns [9]. Empathy represents a
critical component of effective healthcare communication, as patients often seek not only medical information but
also reassurance, understanding, and emotional support. The ability of GenAl systems to generate responses perceived
as compassionate and supportive suggests that these technologies may contribute to improving the patient experience
when appropriately implemented and supervised. Beyond the direct enhancement of patient interactions, the
integration of GenAl into communication workflows has also shown potential benefits for healthcare professionals.
Several studies included in the review reported reductions in physician burnout and perceived workload following the
implementation of Al-assisted communication systems [8,10,11]. Although some investigations found that objective
measures of time expenditure remained relatively unchanged, clinicians frequently reported that Al support reduced
the cognitive burden associated with repetitive messaging tasks. This finding is particularly significant given the
growing concerns regarding clinician burnout, which has become a major challenge across healthcare systems
worldwide.

The comparative quality of Al-generated and physician-generated communications remains an area of active
investigation. Some studies found that messages produced by GenAl were perceived as more empathetic, concise,
direct, and easier for patients to understand than those written by healthcare providers [9,12]. These findings suggest
that Al systems may help standardize communication quality and ensure that important information is delivered clearly
and consistently. However, the evidence is not entirely uniform. Other researchers reported that Al-generated
responses could occasionally be more difficult to interpret, less personalized, or less aligned with patient expectations.
In these studies, messages written directly by physicians were often preferred by both patients and healthcare
professionals [9,13]. Despite the encouraging results, several important limitations continue to restrict the widespread
adoption of GenAl for patient communication. Concerns regarding factual inaccuracies, inappropriate
recommendations, and the potential for misleading information remain significant challenges [8,11,13]. Additionally,
excessive reliance on Al-generated content may reduce the individualized nature of patient-provider interactions,
potentially affecting patient trust and satisfaction. The need for personalization is particularly important in healthcare
settings, where communication must account for individual patient circumstances, preferences, and clinical conditions.
Overall, the current evidence indicates that GenAl possesses substantial potential to improve the efficiency and quality
of patient communication within EMR environments. By assisting with message generation, enhancing empathetic
communication, and reducing administrative burdens, these technologies can support both patients and healthcare
professionals. Nevertheless, ongoing human oversight, careful validation, and appropriate governance frameworks
remain essential to ensure the accuracy, safety, and personalization of Al-assisted patient communications as
healthcare organizations continue to explore their broader implementation.

GenALl for Clinical Decision Making

Clinical decision making represents one of the most important and potentially transformative applications of
Generative Artificial Intelligence (GenAl) within healthcare. By leveraging large language models (LLMs) to analyze
clinical information, interpret patient data, and generate diagnostic or therapeutic recommendations, healthcare
organizations aim to improve the quality, efficiency, and consistency of clinical care. Consequently, considerable
attention has been directed toward evaluating the ability of GenAl systems to support healthcare professionals in
making informed clinical decisions. Within the reviewed literature, 8 of the 55 included studies examined the role of
GenAl in clinical decision-making processes, reflecting growing interest in this emerging area of application. Several
studies reported encouraging findings regarding the diagnostic capabilities of GenAl models. In certain clinical
scenarios, these systems demonstrated an ability to generate diagnostic assessments and treatment recommendations
that were comparable to those provided by healthcare professionals. Such findings suggest that GenAl may serve as
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a valuable decision-support tool by assisting clinicians in interpreting patient information, identifying possible
diagnoses, and considering appropriate management strategies. The capacity of these models to rapidly process large
amounts of clinical information further highlights their potential value in complex healthcare environments where
timely decision making is essential. Despite these promising results, the evidence also reveals significant limitations
that currently restrict the safe and independent use of GenAl in clinical decision making. Several studies identified
concerns regarding the accuracy, reliability, and safety of Al-generated recommendations. For example, evaluations
conducted within emergency department settings found that GenAl systems demonstrated suboptimal diagnostic
accuracy when applied to acute clinical cases [14]. Given the high-risk nature of emergency medicine, even minor
inaccuracies may have serious implications for patient safety and clinical outcomes. Additional concerns emerged
from studies examining triage decision making. Research findings indicated that GenAl generated unsafe triage
recommendations in a considerable proportion of evaluated cases [15]. Accurate triage is essential for prioritizing
patients according to clinical urgency and ensuring appropriate allocation of healthcare resources. Errors in this
process could result in delayed treatment, inappropriate care pathways, or adverse patient outcomes, highlighting the
need for cautious implementation of Al-supported triage systems.

Similarly, investigations assessing the use of GenAl for medication-related decision support revealed notable
performance limitations. One study found that these models performed poorly when guiding renal dose adjustments
for hospitalized patients [16]. Medication dosing often requires careful consideration of patient-specific clinical
factors, including kidney function, comorbidities, and concurrent therapies. Inaccurate recommendations in such
contexts may increase the risk of medication errors and patient harm. Another frequently reported limitation involves
the phenomenon known as hallucination, whereby GenAl systems generate information that appears plausible but is
factually incorrect. Several studies noted that these models occasionally fabricated diagnoses, clinical facts, or
supporting references that lacked any basis in established evidence [17]. This tendency presents a substantial challenge
in healthcare environments, where clinical decisions must be based on accurate, verifiable, and evidence-based
information. Overall, while GenAl demonstrates considerable promise as a clinical decision-support technology,
current evidence suggests that its role should remain supportive rather than autonomous. Continued validation,
rigorous testing, and human oversight are essential to ensure patient safety and maintain clinical accuracy. As these
technologies continue to evolve, their integration into clinical decision-making processes will require careful
governance, ongoing evaluation, and adherence to established medical standards.

GenAl for Clinical Prediction

Clinical prediction represents a key area where Generative Artificial Intelligence (GenAl) is increasingly being
evaluated for its ability to support healthcare decision-making through data-driven forecasting of patient outcomes.
Within the scope of the reviewed literature, 8 out of 55 included studies examined the use of GenAl for clinical
prediction tasks, reflecting a growing interest in its capacity to anticipate clinical events, stratify risk, and support
proactive care planning. These studies collectively highlight both the strengths and current limitations of GenAl when
applied to predictive healthcare analytics. A number of investigations demonstrate that GenAl models, particularly
when carefully designed and appropriately integrated into clinical workflows, can perform effectively in specific
prediction scenarios. In perioperative care settings, for example, GenAl has been successfully applied to classify
patients according to their likelihood of requiring hospital admission versus intensive care unit (ICU) admission [18].
This type of prediction is clinically significant, as early identification of patients requiring higher levels of care enables
better resource allocation, improved surgical planning, and enhanced patient safety outcomes. The ability of GenAl
to synthesize complex clinical variables and generate structured predictive outputs highlights its potential utility in
perioperative risk assessment.

Further evidence supports the effectiveness of GenAl in neurological prediction tasks. In studies focused on seizure
recurrence, large language models demonstrated higher predictive accuracy compared to traditional models that relied
exclusively on structured clinical data [19]. This finding suggests that GenAl may offer added value by incorporating
unstructured clinical narratives alongside structured variables, thereby capturing a more comprehensive representation
of patient health status. The integration of diverse data sources appears to enhance model performance, particularly in
conditions characterized by complex and multifactorial disease progression. Overall, these findings indicate that
GenAl has considerable potential as a clinical prediction tool across a variety of healthcare domains. Its ability to
process large volumes of heterogeneous data, including both structured and unstructured information, enables it to
generate predictive insights that may complement existing clinical decision-support systems. In its current form,
GenAl demonstrates particular promise in scenarios where traditional predictive models may be limited by data
constraints or insufficient contextual understanding. However, despite these encouraging results, the application of
GenAl in clinical prediction remains an evolving field. Model performance is highly dependent on data quality,
training design, and clinical context, and variability in these factors can significantly influence predictive accuracy.
As such, while GenAl shows strong potential to enhance clinical forecasting and support proactive healthcare
interventions, its use must be guided by rigorous validation, continuous monitoring, and integration with clinical
expertise.
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GenAl for Summarization

Generative Artificial Intelligence (GenAl) has expanded its utility in healthcare beyond interactive communication to
include the critical task of medical text summarization. This function is particularly important within Electronic
Medical Record (EMR) systems, where large volumes of complex and often unstructured clinical documentation can
create barriers to efficient information use and patient understanding. Summarization tools powered by large language
models (LLMs) aim to transform dense medical content into concise, structured, and more accessible formats, thereby
improving usability for both clinicians and patients. Within the reviewed literature, 4 out of 55 studies examined the
application of GenAl for summarization tasks. Although this represents a smaller proportion compared to other use
cases, the findings highlight meaningful potential for improving communication and health literacy. One key
application involves the transformation of inpatient discharge summaries into clearer and more readable formats [20].
Discharge summaries typically contain highly technical language, complex clinical terminology, and multiple
instructions that patients are expected to follow after hospital discharge. Misinterpretation of this information can lead
to medication errors, poor adherence to treatment plans, and increased risk of hospital readmission. GenAl-driven
summarization offers a method to simplify this information while preserving clinical accuracy, making it more
accessible to patients with varying levels of health literacy.

Another important application identified in the literature is the simplification of radiology reports [21]. Radiology
documentation is often highly specialized and written in technical language intended for healthcare professionals.
While this format is essential for clinical precision, it can be difficult for patients to understand their diagnostic results.
GenAl systems have been used to “translate” these reports into lower reading-level summaries, enabling patients to
better comprehend their medical conditions and participate more actively in shared decision-making processes. This
capability supports patient-centered care by bridging the communication gap between clinical expertise and patient
understanding. The findings across these studies suggest that GenAl has significant potential to enhance both clinical
efficiency and patient empowerment through improved communication. By converting complex medical narratives
into simplified and structured summaries, these systems can reduce cognitive burden for both healthcare providers
and patients. For clinicians, summarization tools may streamline documentation review and support faster clinical
decision-making. For patients, improved clarity in medical information can lead to better understanding of diagnoses,
treatment plans, and follow-up instructions. Despite these advantages, the use of GenAl for summarization also
requires careful consideration of accuracy, context preservation, and potential oversimplification of critical clinical
details. Ensuring that essential medical information is not lost or misrepresented during the summarization process
remains a key challenge. Therefore, while GenAl demonstrates strong promise in this domain, its implementation
must be guided by clinical oversight and continuous validation to ensure safe and effective use in healthcare
environments.

GenALl for Other Use Cases

Beyond the primary categories of application identified in this review, a small number of studies demonstrated more
diverse and exploratory uses of Generative Artificial Intelligence (GenAl) within healthcare contexts. These
applications do not align neatly with the predefined thematic classifications, yet they provide important insight into
the expanding scope of large language models (LLMs) in clinical informatics and health services research. Among the
55 included studies, 2 were categorized under “other” due to their broad or non-conventional applications of GenAl.
The first study presented a multifaceted application of LLMs that encompassed several interrelated clinical
documentation and information management tasks [22]. Specifically, the model was evaluated for its ability to
summarize clinical notes, extract relevant patient data, and generate structured documents such as referral letters and
clinical memos. This combined functionality reflects the versatility of GenAl systems in handling multiple
components of clinical workflow automation simultaneously. Rather than being limited to a single discrete task, the
model demonstrated the capacity to operate across several stages of health information processing, from raw
documentation interpretation to the production of clinically useful outputs. Such capabilities highlight the potential
for GenAl to serve as an integrated support tool within EMR systems, reducing administrative burden while improving
the consistency and efficiency of clinical documentation practices. The second study extended the application of
GenAl beyond direct EMR functionalities and into the domain of health equity research [23]. This investigation
explored how LLMs could be utilized to assess disparities in seizure outcomes across different patient populations.
Although not directly focused on EMR operations, the study illustrated how GenAl can be leveraged to analyze
clinical data patterns in a way that supports broader healthcare analytics and decision-making processes. By enabling
more efficient identification and interpretation of outcome disparities, such applications may contribute to a deeper
understanding of inequities in healthcare delivery and inform targeted interventions aimed at improving population-
level outcomes. Collectively, these “other” use cases underscore the adaptability of GenAl technologies and their
potential to extend beyond traditional clinical documentation or predictive functions. The ability of LLMs to integrate
multiple tasks such as summarization, data extraction, and document generation suggests a pathway toward more
unified and intelligent health information systems. At the same time, their application in health equity research
highlights an emerging role in population health analysis and policy-relevant investigations. While these studies



46 Lafy Yahya Mohammed Aljabri et al.

remain exploratory in nature, they indicate that the future integration of GenAl into healthcare systems may not be
limited to isolated applications. Instead, it may evolve toward multifunctional platforms capable of supporting both
clinical workflows and advanced health analytics. However, as with other applications, careful validation and
governance will be essential to ensure accuracy, transparency, and ethical use in real-world healthcare environments.

Discussion

Artificial intelligence in medicine has been an expanding field of research for more than a decade, with consistent
interest in its potential to improve clinical outcomes, operational efficiency, and decision-making processes. However,
despite substantial academic progress, large-scale integration of Al systems into routine clinical practice has remained
limited. Early advancements in medical Al were primarily concentrated in domains characterized by clearly defined
tasks and the availability of large, high-quality labeled datasets, particularly radiology and pathology [24]. These fields
provided structured environments where traditional machine learning models could be trained effectively to perform
classification and detection tasks with measurable outcomes. The emergence of transformer-based architectures and
commercially available large language models (LLMs) has marked a significant shift in this trajectory. These models
demonstrate an enhanced ability to process and generate coherent, contextually appropriate textual outputs with
increasing accuracy. Unlike earlier Al systems that required task-specific design and extensive feature engineering,
GenAl models exhibit greater flexibility and adaptability across a wide range of clinical applications. When integrated
appropriately into healthcare environments, these systems have the potential to improve workflow efficiency, enhance
scalability of information processing, ensure greater consistency in clinical documentation, and reduce the
administrative burden placed on healthcare professionals.

Electronic Medical Records (EMRs) have long served as a central platform for innovation in healthcare informatics.
Early applications of artificial intelligence within EMRs were largely dependent on conventional machine learning
techniques, which required carefully curated datasets and predefined variables. These approaches, while effective in
specific contexts, were often limited by their reliance on structured data and lack of adaptability to unstructured clinical
narratives. In contrast, findings from this review indicate that modern generative models are capable of matching or
surpassing the performance of traditional methods in several key applications. For example, a large-scale institutional
model known as NYUTron demonstrated superior performance compared to conventional risk stratification models
in predicting outcomes such as mortality, hospital readmission, and insurance denial [25]. This highlights the ability
of LLMs to leverage diverse clinical inputs to generate more accurate predictive insights. Similarly, other studies have
shown that LLM-based approaches can enhance clinical forecasting by incorporating unstructured textual data from
EMRs, thereby improving predictive accuracy beyond what is achievable using structured data alone. In neurological
applications, LLMs have demonstrated improved performance in predicting seizure recurrence when compared to
classical predictive algorithms [19]. These findings underscore the value of integrating narrative clinical
documentation into predictive modeling frameworks, enabling a more comprehensive understanding of patient
trajectories.

Hybrid methodologies have also emerged as an important area of development. For instance, combining dictionary-
based natural language processing techniques with LLM-based phenotyping approaches has been shown to improve
rare disease identification, outperforming traditional ontological or rule-based systems [4]. This suggests that
integrating structured clinical knowledge with generative modeling techniques may yield more robust and accurate
outcomes. Additionally, the use of zero-shot and few-shot prompting strategies has demonstrated promising results in
tasks such as data extraction [7] and cancer symptom identification [2], often requiring minimal annotated data while
still exceeding the performance of older machine learning frameworks. Collectively, these findings suggest a gradual
transition in medical artificial intelligence from highly specialized, narrowly focused models toward more generalist
and adaptable systems capable of handling multiple clinical tasks. The traditional paradigm of “gold-standard”
machine learning, which depends heavily on static training datasets and extensive manual feature engineering, may
be increasingly supplemented or replaced by flexible generative models that can adapt to diverse clinical scenarios
with limited additional training. While specialized machine learning approaches will likely remain relevant in well-
defined applications, the broader capability of LLMs to process unstructured clinical text at scale introduces a new
dimension of functionality for EMR systems. Despite these advantages, important challenges remain, particularly
regarding model reliability, interpretability, and the risk of hallucinated outputs. Nevertheless, the integration of GenAl
into EMR systems holds significant promise for transforming healthcare delivery by enabling more dynamic, efficient,
and comprehensive utilization of clinical data across a wide range of applications.

GenAl Integration in EMRs: Clinical Impact, Opportunities, and Challenges

Generative Artificial Intelligence (GenAl) integration within Electronic Medical Records (EMRs) holds substantial
potential to transform healthcare delivery by influencing both direct and indirect patient outcomes. At a direct clinical
level, GenAl can function as a decision-support mechanism that assists healthcare professionals in identifying
appropriate diagnostic pathways, suggesting treatment options, and reducing the likelihood of medical errors. By
analyzing vast quantities of patient data in real time, these systems can support clinicians in making more informed
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and timely decisions. This is particularly relevant in high-pressure clinical environments where rapid decision-making
is essential for patient survival and optimal outcomes. For example, the automation of acute respiratory distress
syndrome (ARDS) diagnosis based on the Berlin criteria illustrates how GenAl tools can enhance diagnostic efficiency
and support structured clinical reasoning [26]. Such applications demonstrate how computational assistance can
improve adherence to standardized diagnostic frameworks while simultaneously reducing cognitive workload for
clinicians. Beyond direct clinical decision support, GenAl also contributes to improved patient outcomes through
indirect mechanisms. Applications such as data manipulation, predictive modeling, and summarization can
significantly enhance physician efficiency by reducing the administrative burden associated with EMR use. A
considerable portion of clinicians’ time is currently dedicated to documentation, chart review, and data retrieval tasks,
all of which limit direct patient interaction. By automating or streamlining these processes, GenAl allows healthcare
professionals to reallocate time toward patient-centered care, complex clinical problem-solving, and shared decision-
making. Improved efficiency in information processing also enables better prioritization of cases, ensuring that high-
risk patients receive timely attention. In this sense, GenAl does not only enhance the technical aspects of healthcare
delivery but also contributes to improving the overall structure and allocation of clinical time.

The growing momentum behind GenAl integration is also reflected in the increasing commitment of both healthcare
organizations and technology providers to embed Al-driven tools into EMR systems. Large-scale collaborations
between healthcare institutions and technology companies are actively working toward developing real-time, cloud-
based solutions for clinical analytics and workflow automation. For instance, Epic has introduced new generative Al
features aimed at enhancing clinical documentation and enabling intelligent chart review processes [27]. These
developments indicate that GenAl is transitioning from experimental applications into structured enterprise-level
deployment. In parallel, both emerging startups and established technology companies are investing heavily in
healthcare-focused GenAl systems [28], signaling a broader industry-wide shift toward Al-enabled healthcare
ecosystems. However, the integration of GenAl into EMRs extends far beyond technical implementation. Ethical
considerations play a central role in determining how these technologies should be deployed in clinical settings. Key
concerns include accountability for Al-generated recommendations, informed patient consent for Al-assisted care, and
the protection of sensitive health information. Ensuring patient privacy is particularly critical in cloud-based systems
where large-scale data processing is involved. Additionally, education for both patients and healthcare professionals
is essential to ensure a clear understanding of GenAl capabilities, limitations, and appropriate use cases. Without
adequate training and awareness, there is a risk of misuse or overdependence on automated systems, which may
compromise patient safety. Despite rapid advancements, GenAl remains in an early stage of clinical integration, and
trust among healthcare professionals is still developing. Concerns persist regarding the reliability of Al-generated
outputs, particularly in high-stakes clinical decision-making contexts. Issues such as data breaches, inaccuracies in
generated responses, and lack of legal clarity surrounding Al-induced medical errors contribute to hesitation among
clinicians. Liability remains an unresolved issue, with ongoing debate regarding whether responsibility should lie with
clinicians, healthcare institutions, or Al developers. These uncertainties highlight the urgent need for comprehensive
regulatory frameworks that clearly define roles, responsibilities, and standards for safe AI deployment in healthcare
environments.

Importantly, current evidence indicates that GenAl should be viewed as a tool for augmenting clinical expertise rather
than replacing it. Studies consistently demonstrate that while GenAl can enhance efficiency and support clinical
workflows, it lacks the autonomy and reliability required for independent decision-making. For example, research
evaluating ChatGPT’s ability to respond to clinical decision support alerts for patients with renal dysfunction found
that it performed inconsistently, achieving correct and identical responses in fewer than 20% of cases [16]. Such
findings reinforce the conclusion that GenAl is not yet suitable for fully autonomous integration into EMR -based
clinical decision systems. Several limitations further constrain the safe deployment of GenAl in healthcare.
Overreliance on these systems may lead to diminished clinical vigilance, particularly given the known risks of
hallucinations, factual inaccuracies, and contextually inappropriate outputs. In addition, since many GenAl models
are trained on large and diverse internet-based datasets, they may inadvertently reproduce embedded biases,
potentially exacerbating existing healthcare disparities and inequities, especially among underserved populations. This
raises significant concerns about fairness and equitable access to high-quality care. Furthermore, the “black box”
nature of many GenAl systems presents a major challenge for clinical adoption. Limited interpretability makes it
difficult for clinicians to understand how specific outputs or recommendations are generated, reducing transparency
and potentially undermining trust in Al-assisted decision-making. Nearly all studies reviewed in this field
acknowledge at least one of these limitations, reinforcing the importance of maintaining human oversight in all Al-
supported clinical processes. Ultimately, the successful integration of GenAl into EMRs will depend not only on
technological advancement but also on careful attention to ethical, legal, and clinical governance frameworks. A
balanced approach that emphasizes regulation, bias mitigation, transparency, and clinician involvement will be
essential to ensure that GenAl enhances healthcare delivery without compromising safety, equity, or professional
accountability.
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Conclusion

Generative Artificial Intelligence within Electronic Medical Records represents a major shift in healthcare informatics.
The evidence reviewed shows consistent utility across multiple domains including data manipulation, clinical
prediction, decision support, communication, and summarization. These applications improve efficiency, reduce
documentation burden, and enhance access to clinical information. Some models demonstrate performance
comparable to or exceeding traditional machine learning approaches, particularly when unstructured clinical text is
leveraged. However, limitations remain significant. Issues related to hallucination, bias, lack of interpretability,
variable clinical accuracy, and legal uncertainty restrict safe autonomous use. Clinical decision-making tasks show the
highest risk, while administrative and supportive tasks show stronger reliability. Current findings support GenAl as
an assistive technology rather than a replacement for clinicians. Its future success depends on regulatory frameworks,
clinical validation, and responsible integration into workflows. Overall, GenAl has strong potential to reshape EMR
systems, but its adoption must remain cautious, structured, and continuously evaluated to ensure patient safety and
healthcare equity.
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