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Executive Summary  

The Office of the Secretary Patient-Centered Outcomes Research Trust Fund (OS-PCORTF) supports efforts to 

strengthen data infrastructure for patient-centered comparative clinical effectiveness research (CER), including 

the use of artificial intelligence (AI) to generate meaningful clinical insights that can directly impact treatments 

and care.  

Electronic health record (EHR) data are a core research data source for CER. However, clinical notes and other 

free-text documents within the EHR remain underutilized due to their unstructured nature. Natural language 

processing (NLP) and other AI techniques can enable insights from unstructured clinical text from EHR. To 

unlock its potential, researchers and AI developers need access to gold standard AI training datasets that are 

representative, well-annotated, and validated. Despite their importance, such datasets are limited and often 

narrowly representative.  

Key Findings 

This report provides a summary of available AI training datasets and outlines guidance and resources to 

support improved dataset development and future research. 

AI Training Dataset Landscape: Gold standard AI training datasets are characterized by rigorous, transparent, 

and iterative development, involving clinical domain experts for accurate annotation and validation, 

predefined quality criteria (e.g., completeness, consistency, representativeness), standardized annotation 

protocols and robust validation techniques, and feedback loops for continuous improvement. However, the 

majority of AI models used in research and practice are trained on proprietary training datasets, limiting 

transparency, reproducibility, and generalizability. As a result, most existing publicly available AI training 

datasets fall short of gold standard principles, creating barriers to model trustworthiness and comparability.  

This report identifies 27 publicly available AI training datasets. Example uses of these AI training datasets 

include event classification, temporal reasoning, and predictive modeling. Approximately two-thirds of these 

AI training datasets represent data derived from real-world clinical records, mostly from acute care settings, 

about half of which are subsets of each other. The remaining datasets are synthetic. Less than half of the 

identified datasets provide documentation of the methodology used to create the AI training dataset or the 

annotation methods.  

Real-World AI Training Dataset Development: Developing high-quality, real-world training datasets for AI is a 

complex, resource-intensive, multi-step process that requires precision and clinical expertise. This report 

describes five general steps: 1) defining the objective, 2) data collection and sampling, 3) data preprocessing, 

4) data transformation, and 5) data annotation. Each step in the development process presents unique 

challenges (Exhibit ES-1). We also highlight rapid advances in AI that are transforming dataset development 

methods. AI tools are increasing used to improve the efficiency and accuracy of preprocessing, transformation, 

and annotation. 

Exhibit ES-1. Real-world AI Dataset Development Steps and Associated Challenges 

Step in Real-World AI Dataset Development Key Challenge 

Defining the Objective: Specifying the AI model’s 
intended use case guides decisions on data types, 
labeling strategies, and scope 

• Publicly available AI training datasets are insufficient to 
address researchers’ needs.  

• Achieving a satisfactory balance between data quality, 
representativeness, annotation strategies, resource 
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Step in Real-World AI Dataset Development Key Challenge 

constraints, and AI model performance. 

Data Collection and Sampling: Identifying relevant 
clinical text and ensuring representative sampling 

• Overly narrow sampling reduces data heterogeneity, 
which can impact AI performance. 

Data Preprocessing: Cleaning, standardizing, and de-
identifying free text data for extraction 

• De-identification is labor-intensive, but necessary to 
minimize risk of protected health information exposure. 

Data Transformation: Normalizing, or mapping, data to 
standard clinical terminologies (i.e., ontologies) 

• Mapping to standard ontologies is complex. 

• Accurately identifying text for extraction is complicated 
by discontinuous mentions of clinical concepts and 
temporal relationships. 

Data Annotation: Contextualizing extracted data using 
standardized schemas 

• Manual annotation is costly and time-consuming, 
limiting scalability. 

 

Synthetic AI Training Dataset Development: Synthetic data generation—using statistical models, deep 

learning, and large language models—has grown significantly. While synthetic data mitigates privacy risks and 

supports scalable model development, challenges remain around generalizability, fidelity, and the lack of 

standardized evaluation frameworks. 

Approaches for Developing AI Training Datasets: Developing gold standard AI training datasets is essential for 

building accurate and reliable AI models. This report highlights strategies that can support the development of 

AI training datasets. Exhibit ES-2 summarizes strategies to improve AI training dataset development and 

downstream model performance.  

Exhibit ES-2. Approaches for Improving AI Training Datasets 

Strategy for Improving AI Training Dataset 
Development and Outputs Implementation Guidance 

 

Using varied data can improve model 
performance 

• Use data that vary by source, population characteristics, and 
clinical presentation 

• Supplement real-world data with synthetic data 

 

Applying different AI data extraction 
techniques can enhance model 
precision and recall 

• Combine data that are already categorized (i.e., labeled) and 
data that are not (i.e., unlabeled) 

• Incorporate broader spans of discontinuous mentions (i.e., 
phrases where important clinical information is split up by 
unrelated text) 

 

Using synthetic data in text extraction 
tasks can reduce risk of protected 
health information (PHI) exposure 

• Use synthetic data to improve how clinical concepts are 
recognized (i.e., named entity recognition) and automated de-
identification 

 

Using AI techniques can increase the 
efficiency of data annotation 

• Determine the correct order of clinical events before 
interpreting their clinical relevance to improve labeling 

• Leverage distant and weak supervision to annotate data 

• Leverage few-shot learning, a technique where AI learns a new 
task using a few examples instead of thousands, to annotate PHI  

  
Integrating feedback loops can help to 
define clinical concepts and identify 
meaningful outcomes 

• Incorporate feedback loops to improve annotator guidelines 
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Strategy for Improving AI Training Dataset 
Development and Outputs Implementation Guidance 

 

Standardizing annotation protocols 
can enhance consistency 

• Assess opportunities to refine annotator guidelines to improve 
reliability 

Areas for Future Research: Strengthening data capacity in the following key areas can help overcome barriers 

to developing gold standard AI training datasets:  

• Establish industry-wide metrics for de-identification and synthetic data quality. 

• Expand datasets to include multimodal data and broader patient populations. 

• Enhance annotation efficiency through participatory and community-based approaches. 

• Develop benchmark datasets to assess privacy risks and model generalizability. 

Addressing these data infrastructure needs will help accelerate the development of trustworthy AI systems 

that can improve patient health outcomes.  
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1. Introduction   

The U.S. Department of Health and Human Services (HHS) Office of the Secretary Patient-Centered Outcomes 

Research Trust Fund (OS-PCORTF)1 supports initiatives that strengthen data infrastructure for patient-centered 

outcomes research (PCOR). These efforts aim to advance the development and use of emerging technologies—

such as artificial intelligence (AI)—to generate high-quality evidence on the effectiveness of treatments, 

services, and interventions that matter most to patients, caregivers, clinicians, and policymakers.2 

Natural language processing (NLP) is an evolving AI technique that enables the extraction of meaningful 

insights from unstructured clinical text, such as electronic health record (EHR) notes.3 Some of the most 

valuable information for patients, caregivers, and decision makers—particularly details that reflect patient 

experiences, clinical decision-making, and care delivery—is often embedded in free text.4 However, because 

this information is unstructured and, until recently, not easily readable by machines, it remains largely 

underutilized in AI applications and patient-centered research.  

Gold standard science is a set of research principles emphasizing the use of reproducible and transparent 

methods.5 According to America’s AI Action Plan, for AI models to accurately mine through unstructured free 

clinical texts across different applications, researchers must have access to gold standard AI training datasets 

that are representative, well-annotated, and ethically sourced.6,7 High-quality AI training datasets are essential 

national assets that can accelerate progress toward gold standard medicine.6 Still, only a limited number of 

datasets are publicly available, and many of these are narrowly representative because they are largely 

derived from specialty care settings and well-resourced academic institutions.8 

This report and accompanying inventory provide a summary of the current landscape of publicly available AI 

training datasets and identify key technical resources to support dataset and AI model development. Drawing 

on approaches for enhancing the performance of AI models, the report offers guidance for researchers seeking 

to strengthen their own real-world and synthetic AI training development processes. The AI landscape is 

advancing at an extraordinary pace, driven in large part by innovations such as large language models (LLMs), 

which enable sophisticated and adaptive AI approaches. This report describes strategies to overcome 

limitations in the current AI training dataset infrastructure to strengthen research and AI training dataset 

development, and highlights how rapid progress in AI is transforming approaches to dataset creation. 

1.1 Objectives and Structures of the Report 

This report describes the findings of a literature review identifying best practices, key considerations, and 

current gaps for creating and using AI training datasets in practice. This project was guided by the following 

research questions: 

1. What are the current best practices for developing gold standard AI training datasets used for research on 

health outcomes and effectiveness of interventions built with EHR data?  

2. What are current best practices for creating de-identified and synthetic AI training datasets for research on 

the outcomes and effectiveness of interventions used in health care?  

3. What characteristics or tools are researchers looking for in AI training datasets outside of “best practices” 

(e.g., codebooks, guides)?  

4. What AI training datasets built with EHR data are currently available to researchers? How accessible are 

those datasets? What are the critical gaps in the current infrastructure? 
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The sections of the report are organized as follows: the Methods section provides an overview of the literature 

review methods; the Findings section describes a) the current landscape of AI training datasets, b) strategies 

and challenges associated with real-world and synthetic AI training dataset development, c) approaches for 

developing gold standard AI datasets, and d) available resources for AI training dataset development; the 

Discussion section describes opportunities to strengthen AI dataset development; and the report ends with a 

Conclusion section that summarizes findings. The report also contains supplementary appendices described in 

the following sections. 

2. Methods 

The literature review was conducted to identify peer-reviewed and grey literature that details AI training 

dataset development and characteristics of publicly available datasets. Additionally, the review identified gaps 

and opportunities to strengthen the current data infrastructure for AI training dataset development. 

To complete the review, we conducted targeted searches in PubMed and Google Scholar to identify peer-

reviewed and grey literature describing AI training datasets derived from free clinical text within EHRs 

(Appendix A, Exhibit A1). Additionally, we conducted targeted searches of six OS-PCORTF projects with 

relevant work related to AI training dataset development (Appendix A, Exhibit A2). Articles identified through 

the literature review underwent a two-step screening process: an initial title and abstract review, followed by 

a full-text review for eligibility. We applied search terms and inclusion/exclusion criteria as detailed in 

Appendix A, Exhibit A3.  

In total, we screened 114 peer-reviewed articles, 31 of which were included after full-text abstraction. Our 

initial search yielded 93 peer-reviewed articles, and we conducted targeted supplemental searches on de-

identification techniques, synthetic datasets, and dataset creation methodologies, screening an additional 21 

articles. We also screened 44 pieces of grey literature, 34 of which were included after full-text abstraction. 

Finally, we conducted targeted searches of related references to further inform the AI training dataset 

inventory described in the next section. 

Information was abstracted into a data abstraction form (Appendix A, Exhibit A4) that was accessible to all 

team members to ensure transparency and collaborative input. A designated team member (who did not 

perform the original abstraction) validated the accuracy and consistency of the abstractions. We conducted 

thematic content analysis of the literature findings to develop the report and accompanying inventory.9 

3. Findings  

From the literature review, we identified 26 publicly available AI training datasets (Appendix B) and 

synthesized key themes and opportunities for developing AI training datasets to support AI model 

development. In this section we describe these findings by detailing: 1) the landscape for AI training datasets 

using real or synthetic EHR data, 2) real-world AI training dataset development and best practices for creating 

gold standard datasets and de-identification, 3) synthetic AI training dataset development and best practices, 

and 4) resources to support AI training dataset development and AI model development and validation. 

3.1 The Landscape for AI Training Datasets Using Real or Synthetic EHR Data 

A “gold standard” AI training dataset serves as the foundation for developing reliable and high-performing AI 

models, particularly in clinical and patient-centered research. Drawing from principles outlined in the White 

House’s Gold Standard Science initiative5 and findings from our literature review, we framed a gold standard AI 
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training dataset as one developed through a rigorous, transparent, and iterative process. This process includes 

the active engagement of clinical domain experts, whose contextual knowledge is critical for accurate data 

annotation and validation. Their expertise ensures that datasets faithfully reflect clinical realities and support 

meaningful, patient-centered model development. 

Beyond expert involvement, gold standard datasets are distinguished using predefined criteria to assess and 

validate data quality. These criteria commonly include measures of completeness, consistency, and 

representativeness across patient populations and care settings. The development process also incorporates 

mechanisms to evaluate methodological rigor, such as standardized annotation protocols and robust data 

validation techniques. Finally, gold standard dataset creation involves feedback loops that facilitate continuous 

improvement based on stakeholder input, performance evaluation, and emerging best practices.10 This 

iterative approach helps ensure that the resulting datasets are not only technically robust but also ethically 

and clinically relevant. 

To explore how current practices compare to gold standard principles, we reviewed 27 publicly available AI 

training datasets. While these resources provide valuable insights, it is important to acknowledge that many AI 

models in practice are trained on proprietary datasets that are not publicly accessible, often due to the high 

costs of data sharing and limited representativeness across diverse healthcare populations.11 The 

accompanying inventory (Appendix B) details characteristics such as data type (real-world or synthetic), data 

sources, key variables, sample size, dataset creation methodologies, and example use cases.  

Dataset Characteristics. Eighteen datasets are based on real-world data, shown in Exhibit 1. Within these 

datasets, 13 are original datasets and five are derived from the Medical Information Mart for Intensive Care 

(MIMIC) database,12 and one from the Temporal Histories of Your Medical Event (THYME) corpus.13 Most 

datasets (n=16) are derived from acute care settings; other care settings include critical care (n=9) and 

specialty care (n=7). Less than half of the datasets have documented dataset creation methodologies (n=10) 

and annotation methodologies (n=7). Of the synthetic datasets (n=9), six describe their synthetic data 

validation methodologies. Example use cases for each dataset include event classification, temporal reasoning, 

predictive modeling, population-level analyses, and model benchmarking. 

Exhibit 1. Key Dataset & Access Characteristics at a Glance 

Dataset Characteristics Data Access Characteristics 

 

18 real-world datasets (across acute, 
critical, and specialty care settings) 

 

8 datasets available for immediate 
download 

 

9 synthetic datasets 
 

6 publicly available user guides 

 

10 documented dataset creation 
methodologies and 7 annotation 
methodologies  

9 datasets requiring DUA/IRB approval 

 

6 described synthetic data validation 
methodologies 

 

10 datasets requiring a contractual 
mechanism 

Dataset Accessibility. Eight datasets are readily available for download (Exhibit 1). The remaining datasets 

require a data use agreement (DUA) or Institutional Review Board (IRB) approval for access (n=9) or are 

available through contracting mechanisms (n=10). Additionally, six datasets have publicly available user 

documentation to support dataset implementation.  
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Dataset Use Case Studies. Of the above datasets, two of the most commonly leveraged sources include the 

MIMIC database12 and Synthea synthetic patient generator.14 These datasets have been widely used to support 

innovation in clinical research and AI model development (Exhibit 2).  

Exhibit 2. AI Model Development Case Studies 

MIMIC: De-identified Patient Data 

MIMIC data are derived from 360,000 patients admitted to Beth Israel Deaconess Medical Center (BIDMC) between 
2001 and 2022, and the Northwestern ICU database, a critical care dataset collected from a network of hospitals 
located in Chicago and harmonized with the MIMIC data structure. The Northwestern ICU database includes de-
identified data from Northwestern Memorial HealthCare from 2020-2022. 

Du et al. (2021)15 developed IoHAN (Interpretable Outcome Prediction Model with Hierarchical Attention), a deep 
learning framework that predicts patient outcomes from electronic health record (EHR) data while providing clear, 
interpretable results. Unlike earlier models that treated EHR data as a single sequence, IoHAN recognizes the natural 
structure of records of individual hospital visits and the medical codes linked to each visit. It uses a layered attention 
system to identify which medical codes and visits most influence a patient’s predicted outcome. This approach helps 
clinicians understand why the model made a certain prediction, improving trust and transparency in AI-driven 
healthcare. 

IoHAN was trained and tested on the MIMIC-III dataset for mortality prediction, readmission risk, and disease risk. 
The model represented each patient’s history as a series of visits, with the medical codes from each visit converted 
into numerical embeddings. In evaluation, IoHAN outperformed several state-of-the-art models in predictive 
accuracy and provided clearer data interpretations to influence care decisions.  

Synthea: Synthetic Data 

Synthea produces synthetic patient records for over one million simulated patients, modeled on real-world 
population health statistics and clinical workflows.16  

Chen et al. (2022)17 used Synthea-generated synthetic patient data to simulate a machine learning-enabled Learning 
Health System (LHS). They began with an initial cohort of 30,000 synthetic patients and sequentially added four 
additional batches of 30,000 patients each, resulting in a total of 150,000 patients, to mimic the ongoing 
accumulation of data in an LHS. Among these patients, more than 5,500 had lung cancer, forming a subgroup used 
to train and test risk-prediction models. The authors ran the same simulation for stroke risk prediction using the full 
synthetic cohort. Both tasks achieved high recall and area under the curve (AUC) scores, demonstrating the 
feasibility of leveraging synthetic data to prototype and evaluate LHS processes. 

3.2 Real-World AI Training Dataset Development 

Developing high-quality real-world AI training datasets for AI applications in health care is a complex, multi-step 

process that demands careful planning, technical precision, and clinical expertise—making it both resource-

intensive and time-consuming.18 Rapid advances in AI have fundamentally reshaped AI training dataset 

development methods. This section outlines the key stages of AI training dataset development, gleaned from 

studies published in the last decade, illustrated in Exhibit 3. This section highlights common challenges 

encountered in some of the steps, such as a lack of external validation and a lack of generalizability across clinical 

settings due to reliance on proprietary data or a limited set of widely used annotations and shared tasks.19 We 

also highlight how recent advancements in AI are transforming training dataset development; for example, 

advances in AI tools are changing how data preparation steps, such as preprocessing, transformation, and 

annotation, are performed. While these tools can reduce manual effort and introduce new efficiencies, the steps 

themselves remain essential for ensuring data quality, interoperability, and clinical relevance. 
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Exhibit 3. AI Training Dataset Development 

 

1. Defining the Objective 

The first step in creating an AI training dataset is to clearly define the intended use case for the AI model. This 

involves specifying what the model is expected to learn or predict, which in turn guides decisions about the 

types of data needed and how that data should be labeled. When publicly available datasets are insufficient, 

researchers may need to build their own, tailoring the dataset to the specific clinical or research question at 

hand. Because building AI training datasets is a complex process, it is important for researchers to balance 

considerations such as data quality, representativeness, annotation strategies, and potential limitations, such 

as resource constraints. Alternative approaches, such as augmenting existing datasets, using synthetic data, or 

incorporating multiple sources, may also be necessary to ensure that the dataset adequately supports the 

model’s objectives. 

2. Data Collection and Sampling  

Data collection begins with identifying relevant clinical text and corpora (collections of text), such as EHR 

notes, discharge summaries, and pathology reports. Sampling strategies must be carefully designed to ensure 

that the dataset captures a representative range of clinical scenarios. Key considerations include selecting 

appropriate document types (e.g., outpatient versus inpatient notes), metadata (e.g., patient demographics), 

and timeframes (e.g., pre- and post-treatment).20  

Overly narrow or highly specific sampling criteria, especially for clinical concepts that use similar or overlapping 

terminology, can limit the diversity of the dataset and hinder the model’s ability to recognize rare conditions or 

atypical presentations. For example, Sivarajkumar et al. (2024)21 encountered challenges in extracting sleep-

related information from clinical notes because concepts such as snoring and sleep apnea often overlapped 

but were inconsistently annotated, complicating downstream analysis. 

3. Data Preprocessing  

Preprocessing transforms raw clinical text into a structured format suitable for annotation and model training. 

This step includes cleaning the data, standardizing formats, and de-identifying protected health information 

(PHI).22 Techniques such as document deduplication, keyword extraction, and named entity recognition (NER) 

are commonly used.21,23,24,25 

De-identification is a critical step in preparing real-world clinical text for use in AI model development. It 

involves removing or obfuscating PHI from clinical documentation. De-identification methods must comply 

with Health Insurance Portability and Accountability Act (HIPAA) standards, using either Safe Harbor or Expert 

Determination methods detailed below: 26,27  

• Safe Harbor: This approach requires the removal of 18 specific identifiers (e.g., names, geographic 

details smaller than a state, dates directly related to an individual, contact information, and biometric 

identifiers). 
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• Expert Determination: This method involves a qualified expert applying statistical or scientific 

principles to determine that the risk of re-identification is very small. This approach allows for more 

flexibility and can preserve greater data utility, but it requires rigorous documentation and validation. 

In practice, a range of techniques—including rule-based systems, AI models, and large language models 

(LLMs)—are used to detect and remove PHI. One common approach is clinical NER, which identifies and 

classifies sensitive information embedded in free-text clinical notes.27,28,29 

Despite technological advances, de-identification presents several challenges. Manual de-identification is 

labor-intensive and costly, while automated methods—such as rule-based or machine learning approaches—

often struggle to generalize across diverse data types and require large volumes of labeled examples to be 

effective.27,30  

Beyond these operational challenges, newer, large-scale models trained on sensitive health data may 

introduce additional risks. Even with direct identifiers removed, these models can inadvertently retain or 

reveal PHI. Further, techniques like reverse engineering, in which trained models are manipulated to 

reconstruct sensitive information, raise significant privacy concerns.31  

To mitigate these risks, privacy-preserving frameworks like differential privacy can be employed. Differential 

privacy works by injecting carefully calibrated statistical noise during model training or output generation, 

ensuring that the presence or absence of any individual’s data does not significantly influence the results.23,32 

This guarantees that analyses remain effectively indistinguishable regardless of whether a specific data point is 

included, thereby minimizing the risk of re-identification.33 Additionally, real PHI can be replaced with 

statistically representative synthetic data to reduce leakage risk.34 

4. Data Transformation  

Historically, after the clinical text was cleaned and de-identified, the next step was to transform the data into a 

format suitable for AI model training. This process typically involves normalizing the data and mapping clinical 

concepts to standardized medical ontologies, such as SNOMED-CT.20 Doing so ensures consistency across 

datasets and enhances interoperability, making the data more compatible with downstream applications in 

machine learning and clinical research. However, data transformation can also alter the original context and 

introduce noise.35 Therefore, a key decision during this phase is determining the appropriate level of 

granularity for coded concepts. Researchers must align the depth and specificity of selected codes with the 

intended clinical or research use case to ensure relevance and utility.  

Recent advances in AI have introduced important shifts in how data transformation is approached. Today, 

LLMs can process raw text directly using embedding-based approaches, reducing the need for extensive 

manual transformation.36 As a result, converting data into semi-structured formats may not always be 

necessary for initial dataset generation. However, data transformation will still play a role later in the pipeline 

to align outputs with standardized terminologies, ensuring interoperability and consistency across systems. 

Data transformation presents several challenges. For instance, accurately extracting clinical concepts using 

NER can be difficult when dealing with discontinuous entity mentions (i.e., where relevant terms are 

interrupted by unrelated words).37 Another common issue is determining temporal relationships, such as the 

sequence and timing of clinical events, which can be especially complex when EHR data contain multiple or 

conflicting time references. Addressing these challenges is essential to ensure the transformed data supports 

robust and clinically meaningful AI model development.38  
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5. Data Annotation  

Annotation is a critical phase where clinical domain experts label the data using standardized classification 

codes.20 Data annotation provides richer, more nuanced context to AI training data. Because of the complexity, 

data annotation has traditionally relied on domain experts to accurately contextualize the data. This human 

component adds time and costs to AI training dataset development. Yet, the better and more consistent the 

annotations, the better AI models learn. Zhu et al. (2024)39 outline the critical steps of data annotation: 

• Annotator Training. Novice annotators are paired with domain experts to learn the annotation 

purpose and clinical context, gradually building confidence through guided review and expert 

feedback. 

• Vocabulary Identification. A coding dictionary is created using standardized ontologies or expert input 

to define the clinical concepts and terms that will be annotated. 

• Annotation Schema Development. Annotators collaboratively develop and refine a standardized 

schema through iterative annotation and consensus-building to ensure consistency and completeness. 

• Annotation Execution. Annotators apply the finalized schema to label clinical text, typically using 

structured formats like spreadsheets to record the presence or absence of specific features. 

• Result Validation. A sample of annotated data are compared to expert-reviewed ground truth using 

metrics like precision, recall, and interrater reliability to assess and improve annotation quality. 

Annotation can be unsupervised (i.e., identify entities without labeled data), semi-supervised (i.e., a small set 

of labeled data with a larger pool of unlabeled data), or automated, depending on the complexity of the task 

and available resources.18,39 Manual annotation requires domain expertise, introducing substantial cost to AI 

training dataset development.40 High-quality annotation is essential for creating reliable training AI datasets 

and often requires substantial investment in expert time and training. 

3.3 Synthetic AI Training Dataset Development 

Synthetic data generation offers a scalable solution for increasing the volume of data for AI model training, 

thus promoting AI model robustness. Overall, synthetic data helps overcome key limitations of real-world 

datasets, supporting safer and faster development of AI systems. Unlike real-world data, synthetic data 

mitigates privacy concerns—particularly around PHI—by reducing re-identification risks. It also streamlines the 

data creation process; for example, generating synthetic clinical notes has been shown to be more efficient 

than manual processes.  

There are three main categories of methods used to create synthetic AI training datasets: 1) advanced 

statistical modeling and machine learning (such as those used to create the Synthea training datasets),10 2) 

deep learning models (i.e., neural networks), and 3) LLMs. Commercial LLMs such as ChatGPT Llama are 

increasingly used to generate synthetic data. For example, a team of researchers used GPT 3.5 and Llama to 

create synthetic patient summaries that were then used to compare the performance of an LLM in classifying 

acute renal failure from clinical notes.25 These approaches have proven efficient and effective in generating 

synthetic notes. 23,25,41,42   

Once generated, AI developers validate the synthetic data to ensure the data reflects the structure, semantics, 

and variability of real-world clinical text. Validation involves comparing synthetic outputs against annotated 

reference datasets or expert-reviewed samples to assess fidelity and consistency. Multiple methodologies exist 

for validation, including Generative Adversarial Network-test43 and cross-validation.23,44 
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Challenges to Using Synthetic AI Training Datasets for AI Development. The use of synthetic data for health 

care and research applications has expanded significantly in the past five years, with studies demonstrating the 

successful use of synthetic data across a range of clinical applications (e.g., phenotype classification, de-

identification).25,45 Alongside this growth, researchers have increasingly focused on validating the quality and 

utility of these synthetic datasets for training AI. Limitations to the use of synthetic data center on 

generalizability and privacy. 

When synthetic notes are not representative of the outcomes across different patient demographics, model 

learning and performance are impacted.41 Conversely, synthetic data based on small sample sizes or generated 

from data that contains biases will replicate these patterns when used to train AI algorithms.46 To mitigate 

these risks, basic oversampling techniques, such as Synthetic Minority Over-sampling TEchnique (SMOTE), can 

rebalance datasets by increasing representation of underrepresented data.47 More advanced methods, such as 

Generative Adversarial Networks (GAN) go further by producing realistic synthetic data through an iterative 

process between a generator and a discriminator. The generator aims to create data that mimic the real 

distribution while the discriminator evaluates whether the data are real or synthetic, driving both models to 

improve iteratively until the generated samples become indistinguishable from real-world data. GAN-based 

approaches have demonstrated better performance over traditional oversampling, particularly for complex 

tasks such as time-series modeling, while also supporting patient privacy.48  

Another limitation of synthetic data is the complexity of the data or use case. One study found that Synthea 

and other synthetic patient generators do not fully account for how care might be delivered in real life (e.g., 

deviations from clinical guidelines) and thus have difficulty modeling the results of those real-world variations, 

such as non-compliance with clinical guidelines and geographic differences in health care utilization.49,50 In this 

study, researchers evaluated Synthea’s synthetic patient data by comparing the rates of four quality measures 

(e.g., colorectal cancer screening, controlling high blood pressure) against a representative sample of real-

world patient data. The researchers found that while Synthea was fairly reliable in modeling patient 

demographics and the probabilities of health care utilization, it was limited in its capabilities to model a range 

of post-intervention health outcomes. New synthetic AI training datasets representing more clinical domains 

and multi-modal data (e.g., imaging data, wearable technologies) could help address this gap by simulating 

more real-world evolving clinical scenarios. However, there is heterogeneity in the methods and metrics used 

to evaluate the quality of synthetic data, making it difficult for researchers and AI developers to generalize 

potential AI performance across disease domains.45 

Using LLMs to generate synthetic clinical data comes with specific challenges. One concern is the risk that LLMs 

may fail to exclude all PHI (e.g., location details) in the data,23 as well as the potential for re-identification.33 

Differential privacy-based methods to generate synthetic data can reduce this risk by introducing a controlled 

quantity of noise in synthetic data, maintaining the privacy of personal information.33 Another challenge is that 

LLMs require immense computing power, which can limit their accessibility and scalability. One solution is 

deploying optimized versions of LLMs on edge devices (i.e., hardware near data sources), which can reduce 

costs, improve privacy, and lower latency. However, these models typically rely on compression techniques 

and have narrower capabilities compared to full-scale models.51,52 Finally, using LLMs can lead to model 

collapse. The risk of model collapse can occur when an AI model trained on LLM generated synthetic data 

repeatedly reinforces its own biases, creating a negative feedback loop that leads to increasingly biased or low-

quality results. To address this, researchers can use bias detection and fairness auditing tools, such as IBM AI 

Fairness 360,53 Microsoft Fairlearn,54 and EthicalXAI Bias Engine,55 which apply fairness metrics to identify and 

mitigate bias in AI systems. 
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3.4 Approaches for Developing AI Training Datasets  

Training AI models on gold standard datasets supports the development of models with greater accuracy and 

reliability in performing core AI functions such as classification, pattern recognition, and outcome prediction. 

Despite the critical role of training datasets in AI development, there is limited literature detailing the 

processes involved in their creation, making it difficult to identify best practices. Given this gap, we examined 

AI model development studies to identify strategies researchers and AI developers have employed to enhance 

model performance. From this analysis, we identified several approaches that can support the development of 

gold standard AI training datasets—characterized by high-quality annotation and data with broader 

generalizability. The approaches described below align with three of the five AI training dataset development 

steps: 1) data collection and sampling, 2) data preprocessing, and 3) data annotation.  

Data Collection and Sampling. Using data that vary by source, population characteristics, and clinical 

presentation in AI training datasets can help to balance precision and recall in AI models.  

• Integrate synthetic and real-world data. Data heterogeneity can be achieved by supplementing AI 

training datasets derived from real-world data with synthetic notes to improve model 

performance.25,44  This approach also has the potential to mitigate the challenge of overfitting.  

• Data Preprocessing. Clinical text extraction involves identifying relevant text from unstructured EHR 

clinical notes. More flexible rules for identifying text can improve AI model precision and recall. 

Additionally, using synthetic data in text extraction tasks can reduce the risk of PHI exposure. 

• Use labeled and unlabeled data. Using both labeled and unlabeled data can help boost data extraction 

performance, particularly for categories of data where limited information is available.18,29 For 

example, researchers demonstrated that using an entity-specific, rather than a fixed, confidence 

threshold can improve the performance of machine learning approaches that use both labeled and 

unlabeled data in model training (i.e., semi-supervised learning). Using different thresholds across all 

clinical concepts used to recognize and extract prescription information from discharge summaries 

improved the quality of the AI training data. This approach also enhances the model’s capability to 

recognize meaningful context that might not be captured in a dictionary, as well as identify medication 

mentions that are limited.18  Semi-supervised learning is a useful approach in situations where manual 

labeling is too expensive or time-consuming.  

• Incorporate broader spans of discontinuous mentions. Including broader spans of discontinuous 

mentions in the AI training dataset can help capture a more accurate representation of the clinical 

phenomena.56  

• Use synthetic data to improve NER and automated de-identification. Synthetic data offers a 

promising solution—not only as a substitute for real-world data, but also to enhance NER 

performance.57 AI developers can also use synthetic clinical notes to locally train AI models to better 

recognize PHI in real-world clinical documents.28,58 This approach avoids privacy risks of using 

commercial LLMs to generate synthetic data derived from real-world data and reduces reliance on 

large volumes of manually labeled data. This approach can also support improvements in fine-tuning 

by optimizing synthetic data generation that is more representative of difficult-to-classify entities.  

• Use keyword extraction for synthetic note generation. Another approach to enhancing patient 

privacy protection is using keyword extraction, the process of automatically identifying and extracting 

relevant text, in the development of synthetic clinical notes. One study found that the risk of PHI 

exposure was lower when using keyword extraction compared to one-shot generation (i.e., clinical 

notes generated from one prompt without iteration).23   
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Data Annotation. Data labeling and annotation are the processes of categorizing data to make the data usable 

for machine learning algorithms. It is also a critical part of supervised learning, where labeled data are used for 

training AI models. Several strategies have emerged to reduce reliance on manual annotation as well as 

improve the volume and quality of the annotations.  

• Use temporal sequencing. Temporal sequencing, where annotators first determine the correct order 

of clinical events before interpreting their clinical relevance, can help reduce ambiguity during 

labeling.59  

• Leverage distant and weak supervision. Distant supervision, the NLP technique of automatically 

generating large volumes of AI training data using structured rules or knowledge bases, minimizes 

reliance on manual annotation. 60 Additionally, leveraging weak supervision, an AI technique using 

noisy, incomplete, or imprecise labels, and multiple ontologies can support more robust annotation 

strategies. For example, training weak supervision models to recognize clinical concepts using existing 

medical ontologies and expert-generated rules can significantly reduce the need for manually labeled 

datasets, and enhance privacy protections by eliminating the need to share actual patient data.40 Two 

promising directions include: (1) using unsupervised structured learning to enable multi-ontology 

labeling and (2) developing multi-agent or multi-layer models to enhance domain-specific concept 

recognition across clinical areas. This can help AI models better recognize, identify, and standardize 

clinical concepts.    

• Leverage few-shot learning. Providing a few high-quality examples in a LLM prompt, a technique 

known as few-shot learning, can improve PHI annotation accuracy when using LLMs to generate 

synthetic clinical notes.28   

• Assess opportunities to refine annotator guidelines. Two critical steps for achieving efficiency and 

quality of annotation are 1) training annotators and familiarizing them with the text corpus and 2) 

developing the annotation schema. Inter-annotator agreement, a measure of how consistently 

different annotators label the same data, can be used to assess the quality (i.e., consistency and 

reliability) of the annotations and the annotator guidelines. The inter-rater agreement score can 

indicate how well the annotation is defined.56,59 A low score can signal opportunities to refine the 

annotator guidelines.  

• Incorporate patient and stakeholder involvement in the annotation process. Patient and stakeholder 

involvement in the annotation process can enhance dataset quality and relevance. Patients offer 

insights into lived experiences, symptoms, and terminology that reflect real-world language and 

nuances, ensuring that labeling reflects patient-centered perspectives (e.g., how conditions impact 

daily life). Clinicians and care teams can validate clinical relevance and ensure annotations align with 

medical standards. Co-design, advisory groups, and iterative feedback loops are effective mechanisms 

for integrating stakeholder perspectives into annotation guidelines and validation steps. For example, 

one way to improve annotator guideline development is to incorporate feedback mechanisms where 

clinicians and patients can provide input on how clinical concepts are defined and interpreted.41 This 

participatory approach ensures that annotations reflect real-world understanding and use. 

Additionally, research has shown that “community” annotation—where non-expert annotators 

contribute to labeling—can be as reliable as expert annotation, expanding the pool of contributors 

without compromising quality. For example, researchers compared the results of teams of community 

annotators to accurately annotate discharge summaries from i2b2 compared to expert annotators.61 

Results showed that community annotators produced high-quality labels, nearly matching expert 

agreement, suggesting that crowdsourcing can reliably support complex medical annotation tasks. 
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3.5 Resources and Tools to Support AI Training Dataset Development and AI Model Development 

We identified several resources and tools that researchers, AI developers, health care organizations, and 

industry can use to address data preprocessing. We also identified resources to support AI development, 

including data quality validation.  

Data Preprocessing. There are several tools available to support de-identification (Exhibit 4). These include 

free open-source solutions as well as commercial options.   

Exhibit 4. Example De-identification Tools and Tool Accessibility 

Example De-identification Tools Tool Accessibility 

National Library of Medicine Scrubber: A clinical text de-
identification tool designed to produce HIPAA-compliant de-
identified health information.62  

Available for download: 
https://lhncbc.nlm.nih.gov/scrubber/  

Philter [Protected Health Information filter]: A customizable 
open-source tool for removing PHI from free-text clinical 
notes using rule-based and statistical NLP approaches.63,64  

Available for download: 
https://github.com/BCHSI/philter-ucsf   

PhysioNet de-identification: An open-source algorithm for 
identifying and removing HIPAA PHI and an extended set of 
PHI from clinical documents using pattern recognition tables 
and data dictionaries.65 

Available for download: 
https://www.PhysioNet.org/physiotools/deid/  

Privacy Solutions (Datavant): A range of commercially 
available services and solutions that meet HIPAA de-
identification standards, including sharing unstructured text 
data using redaction, obfuscation, and Expert 
Determination.66  

Services and solutions available for purchase. 

Privacy Analytics (IQVIA): A variety of commercially 
available services and solutions for risk-based de-
identification and anonymization that are HIPAA compliant.67   

Services and solutions available for purchase. 

John Snow LABS: A commercially available tool to de-
identify unstructured clinical text.68  

Services and solutions available for purchase.  

Existing de-identification tools face limitations, including generalizability across health care contexts (e.g., 

setting), time, and expense.69 Rule-based de-identification tools rely on regular expressions and dictionaries for 

pattern matching, while machine-learning approaches offer better generalization but tend to be slower. Hybrid 

models combining rules and machine learning have shown strong performance in removing personally 

identifiable information. As a result, researchers using these tools need to understand the tradeoffs between 

performance, speed, and cost. For example, open-source tools can be more easily customized offering 

opportunities for broader generalizability.  

Additionally, while the HIPAA Privacy Rule specifies the personal identifiers that must be de-identified, the 

complexity and nuance of clinical free text introduce ambiguous cases that can be difficult for automated de-

identification tools to recognize.70 Acknowledging this challenge, and revisiting annotation guidelines, can help 

ensure de-identification tool performance. Knowing which identifiers are removed and why enables 

researchers to effectively compare de-identification tools. 

https://lhncbc.nlm.nih.gov/scrubber/
https://github.com/beaunorgeot/philter-ucsf-beta
https://www.physionet.org/physiotools/deid/
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There are also several tools designed to support a range of NLP tasks (e.g., NER, key word extraction) that can 

help interpret clinical text effectively (Exhibit 5). 

Exhibit 5. Example NLP Tool and Tool Accessibility 

Example NLP Tools Tool Accessibility 

ModernBERT [Bidirectional Encoder Representations from 
Transformers]: The most recent enhancement in BERT, a 
language representation model that uses AI to understand 
clinical free text in context.71,72 

Available on GitHub:  
https://github.com/AnswerDotAI/ModernBERT  

YAKE [Yet Another Keyword Extractor]: An unsupervised 
method for recognizing important keywords from a 
document.73  

Available on GitHub: 
https://github.com/LIAAD/yake  

KP-Miner: An unsupervised keyword extraction 
algorithm.74  

Available on GitHub: 
https://github.com/INESCTEC/kep  

There are also multiple efforts to enhance the AI data infrastructure available to facilitate clinical text analytics 

for a wide range of use cases, including comparative clinical effectiveness research (CER), clinical care, and public 

health surveillance, at scale. For example, the current NLP infrastructure available to researchers within the 

University of Florida Clinical and Translational Science Institute and the OneFlorida+ Clinical Data Research 

Network within PCORnet® can be leveraged for CER.75 This NLP infrastructure includes resources such as a large 

clinical domain language model, GatorTron, that uses over 90 billion words of text,76 clinical concept extraction, 

medical relation extraction, semantic textual similarity, natural language inference, and medical question 

answering, as well as tools to support computable phenotyping and disease screening. New York University (NYU) 

developed an LLM, NYUTron, trained on a 4.1-billion-word corpus of unstructured clinical notes. NYU researchers 

demonstrated that this LLM can be effectively and efficiently deployed to support a range of predictive analytics 

tasks across several clinical areas (e.g., 30-day all-cause readmission prediction).77  

Additionally, researchers at Loyola University have developed two new clinical NLP analytic systems, Clinical 

NLP Analytic Engine and Inference Engine, which make it easier for researchers to analyze and interpret 

unstructured clinical text in real-time. 78 These enhanced approaches to NLP simplify how data are analyzed 

and how inferences are made, improving scalability and reducing the need to rely on specialized expertise that 

some health care organizations may lack. EHR developers are also building AI solutions directly into their 

products (e.g., the Epic database Cosmos). Finally, OS-PCORTF projects developed open-source NLP tools that 

analyze unstructured clinical data such as adverse event reports and cancer pathology reports.79,80 These tools 

have been integrated into a nationwide cancer reporting system and used to create an annotated dataset for 

adverse event surveillance.81  

AI Model Development. In exploring approaches to developing gold standard AI training datasets, we also 

identified complementary data infrastructure that supports reproducible AI models. For example, shared AI 

development environments can accelerate development cycles by facilitating data sharing and collaboration 

and promoting standardized protocols (e.g., grounded truth, data, and models). MEDS (the Medical Event Data 

Standard) is an open-source data standard for structured, longitudinal medical record data that supports 

reproducible machine learning and AI research.82 Another approach to enhance AI model development are 

“model cards”.83  Model cards are concise, structured summaries that document an AI model’s data sources, 

intended uses, training data, performance, and limitations. Encouraging the use of model cards can help 

https://github.com/AnswerDotAI/ModernBERT
https://github.com/LIAAD/yake
https://github.com/INESCTEC/kep
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promote discoverability, transparency, and reproducibility, particularly given the limitations of existing publicly 

available training datasets and the reliance on proprietary or local data for AI model development.84  

AI Model Data Quality Validation. In addition to training datasets used to build AI models, benchmark datasets 

are an important tool for evaluating AI performance. Several longitudinal benchmark datasets that include de-

identified EHR clinical notes include INSPECT, MedAlign.85 These datasets address some of the limitations 

(e.g., missing longitudinal health care context) of existing training datasets like MIMIC. Similar benchmark 

datasets are emerging for LLMs, such as MedAgentBench.86 AI model developers can also use available 

training datasets (e.g., MIMIC) to evaluate algorithm robustness to sparsity and irregularity.87  

4. Discussion 

The development of gold standard AI training datasets—those that engage clinical domain experts, apply 

validated criteria, and incorporate transparent methods and feedback loops—is essential for training effective 

AI models.39,88 These gold standard AI training datasets directly influence model performance by ensuring both 

quality and volume of training data.  

We are at a pivotal inflection point where the AI landscape is evolving so rapidly that traditional methods for 

generating training datasets are being transformed. These advances are delivering efficiencies and, 

importantly, enabling AI to extract meaningful clinical insights from rich, unstructured data such as clinical 

notes. Researchers are quickly adopting innovative approaches, accelerating the development of high-quality 

AI training datasets and expanding their availability for research and clinical applications. 

However, challenges remain to AI training dataset development, including data de-identification, 

representativeness, annotation efficiency, and the need for metrics to guide the use of synthetic data. 

Addressing these issues requires research that balances algorithmic generalizability with inherent trade-offs in 

AI model development and optimization (e.g., performance and computational cost). 

Data Preprocessing. One of the biggest barriers to making AI training datasets widely available, especially at 

the scale needed for robust and generalizable AI model development, is the risk of re-identification. Future 

research can help mitigate the concern of re-identification by establishing industry-wide metrics for assessing 

the risk of re-identification. Researchers use metrics such as F1-scores, a single score that balances precision 

and recall to evaluate the performance of machine learning algorithms used to classify data. Research 

highlights the need for additional metrics that also assess the trade-off between de-identification and data 

utility.29  Broad adoption of such standards could increase confidence in sharing data for AI development. To 

complement the proposed industry de-identification metrics, researchers could focus on developing 

benchmark datasets to assess privacy and re-identification risk in the context of creating synthetic clinical 

notes that can be shared for research.23 

Another area of future AI training dataset development is the need for larger datasets that include a wider 

range of symptom presentations, patient profiles, and settings. This work should also focus on developing AI 

training datasets that incorporate multimodal data.28 One way to increase the volume of AI training datasets 

that represent a range of different data types is to promote data sharing that leverages new developments in 

the areas of pseudonymized embedding, an AI technique that masks PHI by representing unique identifiers as 

numerical tokens. Broader uptake of this approach has the potential to encourage the dissemination and 

sharing of proprietary corpora while maintaining high levels of data privacy.29 
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Data Annotation: Advances in NLP can reduce researchers’ reliance on manually annotated training corpora.41 

However, there’s a need to balance the efficiency gains (e.g., needing fewer manually labeled examples) 

associated with using generative AI with the accuracy and precision of domain expertise.24 To address this 

need, future research efforts can improve the accuracy of NLP tasks used for annotation. For example, a study 

evaluating the performance of LLMs for NER showed that LLMs can significantly enhance discontinuous name 

entity identification, yet suggested the need for further exploration of relaxed boundary annotations for 

improved mapping to standard ontologies.37 This research could help reduce the need to develop custom 

annotation schemes, which is a time and labor-intensive activity. Evaluating the impact of single versus 

multiple rounds of expert annotation could further refine dataset quality and model performance. These 

studies could extend to include the benefit of one versus multiple rounds of expert annotation.38 

Synthetic Dataset Creation. Given the challenges with de-identification and annotation, synthetic data have 

emerged as a valuable alternative for generating the volume and variety of training data. To promote 

continued growth in the use of gold standard synthetic AI training datasets, research is needed to establish 

quality measures —such as completeness, representativeness, and data heterogeneity—for synthetic dataset 

creation.49,89  These metrics can help AI developers assess fitness for specific AI tasks like clinical phenotyping.  

Limitations. There are three limitations to this literature review. First, most of the work on the use of NLP to 

analyze EHR free text data, as well as AI model development and performant evaluation, uses proprietary data. 

We acknowledge the substantial commercial investments in AI model development. However, while the scan 

includes studies conducted by individual health care organizations, lessons learned from the progress made in 

AI model development using institutional EHR data and home-grown solutions may be underrepresented in 

the literature. Second, the literature discussing best practices for AI training dataset development is limited. To 

address this limitation, our scan focused on AI model development. Finally, this is a rapidly evolving field, and 

the findings presented are based on a subset of studies that discuss AI training dataset development.   

5. Conclusion  

High-quality AI training datasets are foundational to developing accurate and reliable AI models for use in 

clinical decision-making. However, most existing datasets are proprietary and narrowly scoped, limiting 

reproducibility and generalizability. This report highlights the current landscape of real-world and synthetic 

datasets, identifies promising approaches to creating AI training datasets that have the potential to improve 

the AI models trained on them, and describes other resources and tools for more robust AI model 

development. Further, research focused on addressing challenges related to transparency, representativeness, 

and scalability can help improve the quality of the datasets that are used for AI development. 
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Appendix A. Methods 

We conducted a literature review to identify strategies, key considerations, best practices, and data 

infrastructure gaps in developing training datasets for AI model development. The literature review 

included PubMed searches for peer-reviewed articles (Exhibit A1) related to training datasets for NLP in 

EHRs. 

Exhibit A1. Literature Search Terms 

Search Term 
Category Terms 

# of 
Results 

NLP EHR 
Data 

(("Natural Language Processing"[MeSH Major Topic] OR "Machine Learning"[MeSH 
Major Topic] OR "Machine Learning Algorithms"[MeSH Major Topic]) AND 
("electronic health records"[MeSH Major Topic] OR "unstructured data"[All Fields] OR 
"clinical notes"[All Fields] OR "free-text"[All Fields]) AND ("2015/09/11 
00:00":"3000/01/01 05:00"[Date - Publication] AND "systematic review"[Filter])) AND 
(y_10[Filter]) 

44 

EHR Training 
Data 

((electronic health records[MeSH] AND ("unstructured data" OR "clinical notes" or 
"free-text")) AND ("training datasets" OR "training data")) Filters: from 2015 - 2025 

38 

Synthetic 
EHR Data 

"Synthetic"[tiab] AND ("electronic health records"[Majr] or "health record"[tiab]) 
AND "natural language processing"[mesh] 

21 

We also reviewed materials from the following OS-PCORTF projects relevant to AI training and synthetic 

dataset development (Exhibit A2). 

Exhibit A2. Relevant OS-PCORTF Projects 

REMIS  Project Title 

HP-19-016 
A Synthetic Health Data Generation Engine to Accelerate Patient-Centered Outcomes Research 
(CDC & FDA) 

HP-16-003 
Development of a Natural Language Processing (NLP) Web Service for Public Health Use 
(ASTP/ONC) 

HP-18-006 
Enhancing Identification of Opioid-Involved Health Outcomes Using Linked Hospital Care and 
Mortality Data  

HP-19-006 
Identifying Co-Occurring Disorders among Opioid Users Using Linked Hospital Care and Mortality 
Data  

HP-19-017 
Training Data for Machine Learning to Enhance Patient-Centered Outcomes Research (PCOR) Data 
Infrastructure (NIH & ASTP/ONC) 

HP-23-030 
Utilizing Natural Language Processing and Machine Learning to Enhance the Identification of 
Stimulant and Opioid-Involved Health Outcomes in the National Hospital Care Survey (CDC) 

Two team members conducted a title and abstract screening of 114 identified peer-reviewed articles 

and 44 pieces of grey literature. Articles were included or excluded based on the criteria below (Exhibit 

A3). A total of 31 peer-reviewed articles and 34 pieces of grey literature were included after full-text 

abstraction. 

https://aspe.hhs.gov/synthetic-health-data-generation-engine-accelerate-patient-centered-outcomes-research
https://aspe.hhs.gov/development-natural-language-processing-nlp-web-service-public-health-use
https://aspe.hhs.gov/enhancing-identification-opioid-involved-health-outcomes-using-linked-hospital-care-mortality-data
https://aspe.hhs.gov/enhancing-identification-opioid-involved-health-outcomes-using-linked-hospital-care-mortality-data
https://aspe.hhs.gov/identifying-co-occurring-disorders-among-opioid-users-using-linked-hospital-care-mortality-data
https://aspe.hhs.gov/identifying-co-occurring-disorders-among-opioid-users-using-linked-hospital-care-mortality-data
https://aspe.hhs.gov/training-data-machine-learning-enhance-patient-centered-outcomes-research-pcor-data-infrastructure
https://aspe.hhs.gov/training-data-machine-learning-enhance-patient-centered-outcomes-research-pcor-data-infrastructure
https://aspe.hhs.gov/identifying-stimulant-use-nhcs-using-nlp
https://aspe.hhs.gov/identifying-stimulant-use-nhcs-using-nlp
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Exhibit A3. Literature Search Inclusion and Exclusion Criteria 

Category Inclusion Criteria Exclusion Criteria 

Publication Year • Published in the last 10 years • Published before 2015 

Language • English • Non-English 

Focus • Study used text-based EHR 
clinical data 

• Dataset is publicly accessible 

• Study does not use clinical free-text EHR data 

• Study used other clinical data types (e.g., imaging) 

• Study does not use clinical EHR data 

• Study focuses exclusively on the use of NLP for 
phenotyping, clinical event identification, 
prediction (without discussion of a training or 
synthetic dataset) 

• Study focuses exclusively on evaluating the 
performance of NLP 

For the full-text abstraction, information was extracted into a spreadsheet, which provides details of the 

resource dataset, steps of dataset creation, and identified gaps and opportunities in the data 

infrastructure for training dataset development. The specific fields included in the abstraction form are 

shown in Exhibit A4. 

Exhibit A4. Fields Included in Full Article Abstraction Form  

Field Type/Category Specific Fields 

Resource Metadata • Article Title 

• Author 

• Publication Year 

• DOI 

Dataset Characteristics • Dataset Title 

• Data Source 

• Dataset Owner 

• Patient Population 

• Access Details 

• Clinical/Research Use Case 

NLP Training Dataset Creation • Creation Methodology 

• Software Used 

• Best Practices for Dataset Creation 

• Challenges Encountered in Dataset Creation 

NLP Synthetic Dataset Creation • Creation Methodology 

• Software Used 

• Validation Criteria/Approach 

• Best Practices for Synthetic Dataset Creation 

• Challenges Encountered in Synthetic Dataset Creation 



 

July 2026  FINAL REPORT 26 

Field Type/Category Specific Fields 

Data De-identification • Approach to Data De-Identification 

• Best Practices in Data De-Identification 

• Challenges in Data De-Identification 

Data Annotation • Annotation Techniques 

• Benefits of Annotation Technique 

• Limitations of Annotation Technique 

Data Infrastructure Gaps • Areas for Future Research 

• Notes 
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Appendix B. Publicly Available Training Datasets Identified 

Sr No. Dataset Description 

1 Acute-renal-failure-from-
clinical-notes 

This dataset is a collection of synthetic, labeled clinical notes created to support 
the detection of acute renal failure. Developed as part of a study focused on 
training large language models, the dataset includes annotations that enable 
supervised learning for identifying cases of acute renal failure from clinical 
documentation.  

2 CACER (Clinical Concept 
Annotations for Cancer 
Events and Relations)  

CACER is a corpus with fine-grained annotations for over 48,000 medical problems 
and drug events and 10,000 drug-problem and problem-problem relations 
designed to support advanced NLP tasks such as event extraction, temporal 
reasoning, and relation classification. 

3 CheXpert Plus CheXpert Plus is a large-scale chest radiograph dataset that contains over 223,000 
images and 187,000 associated radiology reports from 64,725 patients at Stanford 
Hospital. It includes structured metadata, pathology labels, and RadGraph 
annotations, supporting multimodal research in clinical AI. 

4 CLEF eHealth CLEF eHealth is a series of shared tasks and evaluation labs held from 2013 to 
2021, aimed at advancing clinical text processing. It leverages diverse datasets 
from U.S. and international clinical documents, including free-text from medical 
records and biomedical literature, to support research in information extraction, 
retrieval, and patient-centered technologies. 

5 CLERK (Care Lifecycle 
Events and Records 
Knowledgebase) 

CLERK Protege is a commercial solution consisting of encounter-level clinical data 
linked with claims data for tens of millions of encounters, built specifically for 
training AI models in health care administration tasks (e.g., billing and coding). 

6 EHR-DS-QA: A Synthetic 
QA Dataset Derived from 
Medical Discharge 
Summaries for Enhanced 
Medical Information 
Retrieval Systems 

EHR-DS-QA is a synthetic question-answering dataset derived from 21,466 medical 
discharge summaries in the MIMIC-IV-Note database. It contains 156,599 Q&A 
pairs generated using a custom pipeline built on the 13-billion parameter LLaMA-2 
model. The dataset was developed to support the training of healthcare-focused 
large language models for enhanced clinical information retrieval and decision 
support. A subset of the Q&A pairs was verified by a physician for accuracy. 

7 Healthcare Dataset This synthetic healthcare dataset is a simulated dataset designed to reflect real-
world healthcare scenarios, enabling users to practice data analysis, machine 
learning, and data science techniques. It includes structured patient information 
and clinical variables, supporting experimentation and skill development in 
healthcare analytics. 

8 Healthverity Notes  HealthVerity Notes is a modular, de-identified dataset comprising over 2.5 billion 
unstructured clinical notes sourced from electronic health records (EHRs) across 
ambulatory and multi-specialty practices nationwide. 

9 INSPECT EHR (Integrating 
Numerous Sources for 
Prognostic Evaluation of 
Clinical Timelines) 

INSPECT is a longitudinal electronic health record (EHR) benchmark dataset that 
contains de-identified clinical data from 19,390 patients diagnosed with 
pulmonary embolism (PE). It includes 23,248 computed tomography pulmonary 
angiography (CTPA) studies, each paired with radiology impressions, and provides 
ground truth labels for multiple clinical outcomes. The dataset supports research 
in prognostic modeling, temporal event prediction, and multimodal learning by 
integrating structured EHR data with imaging-derived insights. 
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Sr No. Dataset Description 

10 MDClone ADAMS 
Platform 

MDClone ADAMS Platform is a commercially available self-service healthcare data 
analytics environment designed to support exploration, research, and innovation 
across clinical and operational domains. It enables secure access to structured and 
unstructured data from hospital EHR systems, preserving patient privacy through 
synthetic data generation. 

11 MediSyn Inc MediSyn is a high-fidelity, syntehtic EHR dataset generated using advanced 
machine learning techniques. MediSyn can produce large, longitudinal, datasets 
customized to specific conditions or patient cohorts, enabling targeted research 
and model development. The dataset supports integration with the Observational 
Medical Outcomes Partnership common data model and Fast Healthcare 
Interoperability Resources.  

12 MedNLI MedNLI is a publicly available, clinically grounded dataset designed for natural 
language inference (NLI) tasks in the medical domain. It consists of de-identified 
sentence pairs derived from patient discharge summaries written by clinicians. 
The dataset is tailored for evaluating and training models on clinical reasoning and 
textual entailment, making it a valuable resource for developing machine learning 
systems that understand and interpret clinical language. 

13 MIMIC (Medical 
Information Mart for 
Intensive Care) 

MIMIC is an acute and critical care database that contains detailed clinical data on 
over 360,000 patients admitted to Beth Israel Deaconess Medical Center (BIDMC) 
between 2001 and 2022 and the Northwestern ICU database, a critical care 
dataset collected from a network of hospitals located in Chicago and harmonized 
with the MIMIC data structure. The Northwestern ICU database includes de-
identified data from Northwestern Memorial HealthCare from 2020-2022.  

The latest version, MIMIC-IV, consists of six linkable modules (Hospital, ICU, 
Diagonstic Electrocardiogram, ED, Chest X-Ray, Note). The Hospital and ICU 
modules contain data from both BIDMC and Northwestern Medicine Healthcare 
hospitals.  

Earlier versions include MIMIC-III and MIMIC-II, which cover earlier timeframes. 

14 MMIT The MMIT dataset includes over 2.5 billion de-identified clinical notes sourced 
from EMRs across 600 hospitals and 40 health systems, transformed into 
longitudinal, analytics-ready data. These notes encompass physician dictations, 
specialty consultations, pathology reports, and patient-reported symptoms.  

15 MTSamples The MTSamples dataset is a collection of thousands of sample medical 
transcriptions across a wide range of specialties and clinical domains, such as 
cardiology, neurology, surgery, psychiatry, and emergency medicine. The dataset 
is commonly used in clinical NLP research for tasks like text classification, named 
entity recognition, and specialty prediction. It is available under a CC0 Public 
Domain license, making it freely usable for research and educational purposes. 

16 n2c2 NLP Research Data 
Sets 

The National NLP Clinical Challenges (n2c2) is a series of shared tasks and 
evaluation labs held from 2006 onward, designed to advance natural language 
processing for clinical narratives. Originating from the i2b2 initiative, n2c2 
provides de-identified clinical notes from U.S.-based medical records, supporting 
research in information extraction, concept recognition, and relation classification 
across nine topics: de-identification and smoking, obesity, medications, relations, 
coreference, temporal relations, de-identification and hear disease, clinical trial 
cohort selection, and adverse drug events and medication extraction. 
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Sr No. Dataset Description 

17 NYU Notes NYU Notes is a clinical text dataset composed of notes authored by licensed 
medical professionals across multiple NYU Langone hospitals from 2011 to 2020. 

18 PsyTar (Psychiatric 
Treatment Adverse 
Reactions) 

PsyTAR is a corpus developed to support research in psychiatric 
pharmacovigilance and clinical NLP. It contains patient-generated drug reviews 
from askapatient.com, focusing on SSRIs and SNRIs. The dataset includes 
annotated sentences and entities related to adverse drug reactions, withdrawal 
symptoms, drug indications, and effectiveness. This corpus consists of three main 
components: sentence classification, entity identification, and terminology 
association. 

19 SemEval (Semantic 
Evaluation) 

The SemEval datasets are a collection of benchmark datasets used in a long-
running series of shared tasks focused on the evaluation of computational 
semantic analysis systems. Each year's SemEval workshop introduces new tasks 
and datasets, often reflecting emerging challenges in natural language processing. 
These datasets are manually annotated and designed to test systems on nuanced 
aspects of meaning, context, and reasoning in language. 

20 SHAIP Shaip EHR is a comprehensive electronic health records dataset containing over 
5.1 million de-identified medical records and 257,000+ hours of physician 
dictation audio across 31 specialties. Curated from diverse healthcare settings 
across the United States, the dataset includes structured and unstructured clinical 
data such as patient histories, diagnoses, prescriptions, treatment plans, radiology 
images, and laboratory results. 

21 ShARe (Shared Annotated 
Resources) Project 

The ShARe corpus is a dataset compiled for clinical NLP tasks using medical 
transcriptions. It consists of deidentified clinical free-text notes from the MIMIC II 
database. The corpus supports research in disorder recognition, normalization, 
and other clinical information extraction tasks. It has been used in shared 
evaluations such as CLEF eHealth and SemEval, and includes gold standard 
annotations designed to advance interoperability and standardization in clinical 
NLP. 

22 Subsalt Subsalt is a synthetic data platform designed to generate HIPAA-compliant 
replicas of healthcare datasets for research, prototyping, and clinical AI 
development.  

23 Syntegra Synthetic EHR 
Data Structured 
Healthcare Electronic 
Health Record Data 

Syntegra is a commercially available synthetic dataset developed to replicate the 
statistical distribution of clinical data from U.S.-based hospital EHR systems. It was 
created to support the development and evaluation of machine learning models 
across a wide range of clinical tasks. 

24 Synth Clinical Notes Synth Clinical Notes is a synthetic dataset of clinical notes developed from GPT-4o-
mini containing information related to housing eviction. It was developed to 
evaluate the performance of the SynthEHR-Eviction pipeline in identifying social 
determinants of health (SDOH) related to eviction within unstructured clinical 
text. 

25 Synthea SyntheaTM is a synthetic patient generator that models the medical history of 
synthetic patients across all aspects of healthcare, including demographics, 
encounters, procedures, medications, and outcomes. Synthea supports export in 
multiple formats (e.g., FHIR, CSV, OMOP CDM) and enables population-level 
simulations based on geographic and epidemiological parameters. 
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26 THYME (Temporal 
Histories of Your Medical 
Event) 

THYME is a corpus developed to support temporal information extraction from 
clinical text. It includes annotated pathology, radiology, and clinical notes focused 
on brain and colon cancer, using a schema based on TimeML. The dataset enables 
research in event detection, temporal relation extraction, and timeline 
construction from clinical narratives. The THYME Project includes three corpora 
(2015, 2016, 2017).  

27 Veradigm Veradigm EHR is a large-scale electronic health record (EHR) dataset containing 
detailed clinical data on over 150 million unique patients across the United States, 
collected from diverse healthcare settings between Q3 2020 and Q2 2025. The 
dataset integrates structured and unstructured data—including diagnoses, 
medications, procedures, lab results, and over 5 billion clinical notes—sourced 
from multiple EHR systems. 

 
 


