
1 
 

Using Natural Language Processing of Clinical Notes to 
Supplement Structured Electronic Health Record Data for 
Phenotyping Smoking and Obesity in a Healthcare System 

 

Jie Yang1, 2, 3, 4, Bowen Gu1, Haritha Pillai1, Joyce Lii1, David Cronkite5, Keith A. Marsolo, 
PhD6, Rishi J Desai1* 

1 Division of Pharmacoepidemiology and Pharmacoeconomics, Department of Medicine, 
Brigham and Women’s Hospital, Harvard Medical School, Boston, MA, USA  

2 Kempner Institute for the Study of Natural and Artificial Intelligence, Harvard University, MA, 
USA  

3 Broad Institute of MIT and Harvard, Cambridge, MA, USA  

4 Harvard Data Science Initiative, Harvard University, Cambridge, MA, USA  

5Kaiser Permanente Washington Health Research Institute, Seattle, WA, USA  

6Department of Population Health Sciences, Duke University School of Medicine, Durham, NC, 
USA 

 

* Senior author 

 

Correspondence:  

Jie Yang, PhD (jyang66@bwh.harvard.edu) and Rishi J Desai, PhD (rdesai@bwh.harvard.edu), 
Division of Pharmacoepidemiology and Pharmacoeconomics, Brigham and Women's Hospital & 
Harvard Medical School, 75 Francis St, Boston MA 02115, US 

 

Main Text Word Count: 1450 

Figures Count: 1 

Tables Count: 1 

  

 . CC-BY-NC 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted May 24, 2026. ; https://doi.org/10.64898/2026.01.18.26344356doi: medRxiv preprint 

NOTE: This preprint reports new research that has not been certified by peer review and should not be used to guide clinical practice.

https://doi.org/10.64898/2026.01.18.26344356
http://creativecommons.org/licenses/by-nc/4.0/


2 
 

Abstract 

Purpose: Studies based on electronic health records (EHR) often rely on structured data, which 
may incompletely capture important clinical phenotypes in EHR notes. The purpose of this study 
was to assess two natural language processing (NLP) tools to extract phenotypes from 
unstructured EHR notes, and to evaluate the added value of integrating NLP-derived phenotypes 
with structured EHR data at a health system scale. 

Methods: This retrospective study is based on inpatient and outpatient EHR data from the Mass 
General Brigham healthcare system between January 1, 2019 and December 31, 2020. Two 
established rule-based NLP tools were applied to extract smoking and obesity information from 
19,215,303 clinical notes of 503,025 patients. NLP performance was evaluated through manual 
review of stratified samples. Phenotype prevalence was estimated using structured EHR data 
alone and compared with prevalence estimates obtained by supplementing structured data with 
NLP-derived features. 

Results: Both NLP tools exhibited high performance, with both accuracy and F1 score of 0.99 
for smoking, and 0.92 and 0.91 for obesity, respectively. The combination of NLP and structured 
data identified 220,714 patients (43.88%) with smoking, compared with 170,396 patients 
(33.87%) identified using structured data alone, representing a 29.5% relative increase. For 
obesity, NLP identified 121,360 patients (24.13%) from EHR notes, and 169,905 patients 
(33.78%) were documented in structured data; inclusion of NLP-derived features contributed 
additional 32,823 patients, corresponding to a 19.3% relative increase. 

Conclusion: NLP-derived phenotypes from unstructured EHR notes substantially improve 
patient identification for both smoking and obesity compared with structured EHR data alone at 
scale. 

 

1. Purpose 

Electronic health record (EHR) data capture extensive health information generated in real-world 
clinical scenarios and have therefore been widely used in epidemiologic research and regulatory 
applications, including post-marketing surveillance.1,2 Most existing studies rely primarily on 
structured EHR data, such as diagnosis, procedure, medication codes and laboratory test.3,4 
However, structured data often suffer from missing or incomplete entries, which can lead to 
misclassification, biased estimates, and reduced validity of downstream analyses.5  

With more clinical detail, unstructured EHR notes can further supplement structured data by 
capturing patient and disease information, such as symptoms, disease severity and social 
determinants that are not routinely encoded in structured EHR fields. Such information from 
unstructured EHR notes can be automatically extracted into structured formats using natural 
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language processing (NLP).6,7 However, the performance of NLP-extracted phenotypes (defined 
here as clinically meaningful patient characteristics) has not been consistently validated in large-
scale, real-world healthcare systems. In addition, differences in phenotype prevalence derived 
from structured EHR fields versus EHR notes and their combination have not been 
systematically evaluated, it remains unclear to what extent integrating NLP-extracted features 
with structured EHR data can meaningfully improve phenotype capture at the population level.  

This study aimed to validate two NLP-based phenotype extraction tools for smoking and obesity, 
two common and clinically important risk factors frequently documented in unstructured EHR 
notes, and to assess the added value of incorporating NLP-derived phenotypes from unstructured 
EHR notes at a health system–wide scale.8 Specifically, we manually evaluated the performance 
of two EHR-specific NLP tools in extracting smoking and obesity phenotypes. We then 
compared phenotype prevalence estimated using structured EHR data alone with estimates 
obtained by supplementing structured data with NLP-derived features, leveraging data from 
more than 500,000 patients and over 19 million EHR notes from Massachusetts General Brigham 
healthcare system. 

2.Methods 

This study includes both inpatient and outpatient encounters from Massachusetts General 
Hospital and Brigham and Women’s Hospital, the two main hospitals within the Mass General 
Brigham (MGB) healthcare system, the largest healthcare system in Massachusetts, during a 
two-year period (January 1, 2019 to December 31, 2020). The study sample was derived from a 
standing data infrastructure of MGB EHRs linked with Medicare or Medicaid claims data, which 
has been created as a part of the FDA Sentinel initiative.8 The final dataset comprised 19,215,303 
EHR notes from 503,025 unique patients.  

For smoking information extraction, we used the Konsepy pipeline9 following the 

implementation guidelines developed by the team at Kaiser Permanente Washington (KPWA). 

The tool takes notes as input and extract status with: A-active, N-negative, H-history and U-

unknown.  For obesity information extraction, we used cTAKES10 (Clinical Text Analysis and 

Knowledge Extraction System), a popular open-source NLP system developed by the Mayo 

Clinic, to extract clinical concepts from EHR notes. To build obesity-related concepts, we 

queried “obesity” in the UMLS Metathesaurus Browser (https://uts.nlm.nih.gov/uts/umls/home), 

filtered results by the semantic group “Disorders,” and manually curated a list of 88 relevant 

CUIs for concept extraction. (list in supplementary eTable 2). The cTAKES extracts status from 

EHR notes with five statuses:  A-active, N-negative, H-history, X-non-patient, and U-unknown. 

For both smoking and obesity, NLP outputs for each patient were aggregated into binary 

“positive” and “negative” groups, as detailed in Supplementary eMethods. This aggregation 

was used to align the NLP-derived phenotypes with the structured EHR comparator based on 
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current or historical evidence of the phenotype. For the evaluation of the NLP performance, we 

manually reviewed 200 sampled cases for smoking and 250 for obesity, using a stratified 

sampling strategy. Detailed methods are provided in the Supplementary eMethods. 

The prevalence of structured EHR labels for smoking and obesity was calculated using the 
tobacco field and height/weight values, respectively. The tobacco field was available for all 
patients and categorized as “never,” “current user,” or “quit/former user.” Patients with any 
tobacco record of “current user” or “quit/former user” during the study period were classified as 
“positive”. For obesity, BMI was calculated from height and weight in structure EHR records, 
and patients with any BMI > 30 recorded before December 31, 2020, were classified as 
“positive”. We further calculated prevalence from NLP outputs and quantified prevalence change 
when using structured data alone versus when including NLP-extracted features.   

3.Results 

The study included 503,025 patients. Of these, 41.61% were male and 73.50% were White. The 
median age was 68 years (IQR, 47 to 76) as of December 31, 2020. Detailed demographic 
characteristics are summarized in supplementary eTable 1. Manual review showed that both 
NLP tools performed well in identifying phenotypes from EHR notes. Specifically, the smoking 
NLP tool achieved an overall accuracy of 99.50% and an F1 score of 99.34%, and the obesity 
NLP tool achieved an overall accuracy of 91.60% and an F1 score of 91.26% (Table 1). In 
addition, the negative predictive values were 100% and 90.00% for smoking and obesity, 
respectively. 

For smoking, 207,476 patients (41.25%) were identified as positive smokers through 
unstructured notes, compared to 170,396 patients (33.87%) identified from structured data. 
Combining patients identified from both structured data and unstructured notes resulted in 
220,714 patients classified as smokers (43.88%). Using the structured count as the reference, the 
NLP method contributed an additional 50,318 patients, representing a 29.5% relative increase 
(Figure 1). For obesity, 121,360 patients (24.13%) were identified through unstructured notes, 
while 169,905 patients (33.78%) were identified from structured data. The NLP method 
contributed an additional 32,823 patients, corresponding to a 19.3% relative increase. Among 
manually validated cases, NLP-only additional cases had PPVs of 93.33% for smoking (15/200 
validation cases) and 75.00% for obesity (24/250 validation cases). Compared with patients 
identified through structured data, NLP-only additional patients were younger for both smoking 
and obesity phenotypes, with median ages of 66 versus 71 years for smoking and 63 versus 68 
years for obesity, respectively (Supplementary eTable 2). 

4. Conclusions 

In this study, we validated two NLP phenotype tools for smoking and obesity using more than 
500,000 patients and over 19 million EHR notes from a real-world healthcare system. Manual 
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review results demonstrated that both NLP tools achieved high performance, indicating their 
effectiveness and reliability for extraction of smoking and obesity patients from large-scale 
unstructured EHR text. 

Integrating NLP-derived phenotypes with structured EHR data has shown substantial 
improvement in phenotype prevalence compared with structured data alone. For both smoking 
and obesity, NLP identified a meaningful number of additional patients not captured through 
structured fields, demonstrating under-coding issue in structured EHR elements. In addition, for 
phenotypes that are not routinely or consistently captured in structured EHR fields, unstructured 
clinical notes may serve as the primary, and in some cases the only, source of relevant 
information, making the incorporation of narrative data even more important for accurate 
population-level analyses. 

Both NLP tools evaluated in this study are rule-based approaches, which are well suited for 
large-scale deployment due to their computational efficiency and interpretability. Both smoking 
and obesity are relatively straightforward phenotypes that can be reliably identified using rule-
based methods, making them appropriate use cases for health system–wide implementation. 
Although these rule-based approaches enabled efficient processing on millions of clinical notes, 
they may face challenges in identifying complex phenotypes or those requiring deeper semantic 
understanding of EHR notes. More advanced NLP methods, such as large language models 
(LLMs), hold substantial potential for extracting richer, more complex and fine-grained clinical 
information with potentially better performance.11-13 However, they may require significantly 
greater computational resources and may be less scalable, less interpretable, and more difficult to 
adapt or implement consistently across large-scale EHR analyses. One potential hybrid approach 
is to use LLMs to annotate training data for scalable statistical or smaller neural models,14 which 
can then be applied to large-scale extraction. 

To our knowledge, this is the first large-scale study to systematically assess and compare 
phenotyping from both structured and unstructured EHR data using NLP at the level of an entire 
health system. Several limitations exist in this study. First, we evaluated two separate NLP tools 
for the two phenotypes, rather than a unified modeling framework. This limits direct 
methodological comparison between phenotypes. Second, the NLP-derived phenotypes were 
classified as binary outcomes and did not distinguish current from historical status, which 
facilitated comparison with structured EHR definitions but may have reduced temporal 
granularity. Structured and NLP-derived phenotypes may also be imperfectly temporally aligned, 
particularly for obesity, because structured BMI values could occur before the study period 
whereas NLP was limited to study-period notes. Third, manual review validation was limited in 
sample size because of resource constraints; further fine-grained stratification (e.g. by note type 
and population characteristics) would better characterize NLP performance. Finally, both 
smoking and obesity phenotypes examined in this study are relatively high-prevalence conditions. 
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The performance and added value of NLP-based phenotyping for different or low-prevalence 
phenotypes, such as rare diseases or infrequently documented symptoms, remain to be evaluated.  

 

5. Plain Language Summary 

Electronic health records contain large amounts of health information in real-world clinical 
scenarios, but much of this information is documented in free-text clinical notes rather than 
standardized data fields. In this study, we evaluated two natural language processing tools to 
identify smoking and obesity phenotypes from EHR notes across a large healthcare system. 
Using data from more than 500,000 patients and 19 million clinical notes, we found that these 
tools performed well and identified substantially more patients with smoking or obesity than 
were captured using structured records alone. These findings show that relying only on 
structured data can miss important health information and highlight the value of using clinical 
notes to improve the completeness of health information at the population level. 

 

Acknowledgement: 

The authors acknowledge support from the US Food and Drug Administration (FDA) through 
Master Agreement 75F40119D10037 in creating the data infrastructure that was used for this 
study.   

Ethics Statement  

This study was approved by the Mass General Brigham Institutional Review Board. 

Conflicts of Interest  

The authors declare that they have no conflicts of interest.   

 . CC-BY-NC 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted May 24, 2026. ; https://doi.org/10.64898/2026.01.18.26344356doi: medRxiv preprint 

https://doi.org/10.64898/2026.01.18.26344356
http://creativecommons.org/licenses/by-nc/4.0/


7 
 

Reference: 
1. Davis SE, Zabotka L, Desai RJ, et al. Use of electronic health record data for drug safety 
signal identification: a scoping review. Drug safety. 2023;46(8):725-742.  
2. Coste A, Wong A, Bokern M, Bate A, Douglas IJ. Methods for drug safety signal 
detection using routinely collected observational electronic health care data: a systematic review. 
Pharmacoepidemiology and drug safety. 2023;32(1):28-43.  
3. Lee S, Choi J, Kim H-S, et al. Standard-based comprehensive detection of adverse drug 
reaction signals from nursing statements and laboratory results in electronic health records. 
Journal of the American Medical Informatics Association. 2017;24(4):697-708.  
4. Park MY, Yoon D, Lee K, et al. A novel algorithm for detection of adverse drug reaction 
signals using a hospital electronic medical record database. Pharmacoepidemiology and drug 
safety. 2011;20(6):598-607.  
5. Zhou Y, Shi J, Stein R, et al. Missing data matter: an empirical evaluation of the impacts 
of missing EHR data in comparative effectiveness research. Journal of the American Medical 
Informatics Association. 2023;30(7):1246-1256.  
6. Wyss R, Yang J, Schneeweiss S, et al. Natural language processing for scalable feature 
engineering and ultra-high-dimensional confounding adjustment in healthcare database studies. J 
Biomed Inform. Jul 19 2025;169:104882. doi:10.1016/j.jbi.2025.104882 
7. Plasek JM, Wyss RD, Weberpals JG, et al. Comparative ranking of marginal confounding 
impact of natural language processing-derived versus structured features in 
pharmacoepidemiology. Computers in Biology and Medicine. 2025;188:109855.  
8. Desai RJ, Marsolo K, Smith J, et al. The FDA Sentinel Real World Evidence Data 
Enterprise (RWE�DE). Pharmacoepidemiology and Drug Safety. 2024;33(10):e70028.  
9. FE5 Variables with Konsepy NLP. Accessed August 27, 2025. 
https://github.com/kpwhri/fe5_konsepy 
10. Savova GK, Masanz JJ, Ogren PV, Zheng J, Sohn S, Kipper-Schuler KC, Chute CG. 
Mayo clinical Text Analysis and Knowledge Extraction System (cTAKES): architecture, 
component evaluation and applications. Journal of the American Medical Informatics 
Association. 2010;17(5):507-513.  
11. Wu J, Gu B, Zhou R, et al. BRIDGE: Benchmarking Large Language Models for 
Understanding Real-world Clinical Practice Text. arXiv preprint arXiv:250419467. 2025; 
12. Shao C, Snyder D, Li C, et al. Scalable medication extraction and discontinuation 
identification from electronic health records using large language models. J Clin Epidemiol. Nov 
11 2025;189:112049. doi:10.1016/j.jclinepi.2025.112049 
13. Gu B, Shao V, Liao Z, Carducci V, Brufau SR, Yang J, Desai RJ. Scalable information 
extraction from free text electronic health records using large language models. BMC Medical 
Research Methodology. 2025;25(1):23.  
14. Yang J, Zhang Y. NCRF++: An open-source neural sequence labeling toolkit. Association 
for Computational Linguistics; 2018:74-79. 

 

 

 

 . CC-BY-NC 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted May 24, 2026. ; https://doi.org/10.64898/2026.01.18.26344356doi: medRxiv preprint 

https://doi.org/10.64898/2026.01.18.26344356
http://creativecommons.org/licenses/by-nc/4.0/


8 
 

Table 1: Performance characteristics of the natural language processing (NLP) pipelines 
for smoking and obesity against manual review 

Class  Metric (%) Smoking Obesity 

Positive 
Precision 99.33 92.67 
Recall 100 93.29 
F1-score 99.67 92.98 

Negative 
Precision 100 90.00 
Recall 98.04 89.11 
F1-score 99.01 89.55 

Overall 
Accuracy 99.50 91.60 
F1-score 99.34 91.26 

* Precision corresponds to positive predictive value (PPV), recall corresponds to sensitivity, and 
F1-score is the harmonic mean of precision and recall. 

 

Figure 1: Estimated prevalence of obesity and smoking from electronic health records, 
Mass General Brigham 2019-2020 (n=503,025) 

* Footnote: The labels on the bars indicate increase in prevalence estimates when using both 
structured data and natural language processing (NLP) outputs compared to using structured data 
alone 
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