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Purpose: Chronic obstructive pulmonary disease (COPD) is frequently diagnosed and treated based on clinical suspicion alone,
without spirometric confirmation of expiratory airflow obstruction (AFO, defined by a forced expiratory volume in 1 second (FEV,) to
forced vital capacity (FVC) ratio of < 0.7). This can lead to overdiagnosis and unnecessary medication use, whereas underdiagnosis
results in missed treatment opportunities. The Global Initiative for Chronic Obstructive Lung Disease (GOLD) recommends targeted
case finding. This study aimed to develop and validate an automated Electronic Health Record (EHR) based algorithm to predict AFO
and guide targeted spirometric testing.

Patients and Methods: Our analysis included 15,065 patients who underwent pulmonary function testing between 2016-2022.
Patients were categorized as having AFO (n=4632) or not (n=10,433) based on spirometry. Patients < 45 years, with cystic fibrosis,
alpha-1 antitrypsin deficiency, or prior spirometric evidence of obstruction were excluded. Logistic regression assessed 65 variables,
retaining those that optimized model discrimination. The data were randomly split into training (n=10,546) and validation (n=4519)
sets.

Results: Key predictors of AFO included older age, male sex, lower BMI, smoking history, prior COPD diagnosis, increased
emergency department utilization, fewer outpatient visits, fewer chest X-rays, and higher cumulative beta-agonist prescriptions. The
final model achieved an area under the receiver operating characteristic curve (AUC) of 0.82 (95% CI: 0.81-0.83) in the validation
dataset and was well calibrated.

Conclusion: We developed an EHR-based algorithm that accurately predicts AFO using routinely collected structured data. This tool
provides a practical method for identifying patients for targeted COPD case finding. Future efforts will focus on external validation
and integration into clinical workflows, enabling automated identification and provider or patient notification to facilitate appropriate
pulmonary function testing.

Plain Language Summary: Researchers at the Wake Forest University School of Medicine found patterns in computerized medical
records that can help identify patients with undiagnosed chronic obstructive pulmonary disease (COPD). Finding patients with possible
COPD allows for testing, earlier diagnosis, and treatment before the disease becomes severe. COPD is a group of lung diseases (such
as emphysema) that make it difficult to breathe. Although many people with COPD have a history of smoking, there are other risk
factors as well. It is estimated that about 60% of people with COPD do not know they have it. COPD can be diagnosed easily with
a painless breathing test called spirometry, which only takes a few minutes in a doctor’s office. This new tool can automatically find
patients who should be tested for COPD without needing them to fill out symptom questionnaires. It uses statistics to combine
information such as age, sex, weight, height, and smoking history with data on past prescriptions, chest x-rays, and emergency
department visits. The researchers hope that, in the future, patients might be notified about their risk and have the test done even before
seeing their doctor. Early diagnosis allows people to get vaccines that protect their lungs and to start medicines that can help prevent

serious health problems. By using this tool, doctors can help more patients get the care they need sooner.

https://doi.org/10.2147/COPD.S546651 International Journal of Chronic Obstructive Pulmonary Disease 2026:21 546651 |
Received: 12 June 2025 © 2026 Wells et al. This work is published and licensed by Dove Medical Press Limited. The full terms of this license are available at https://www.dovepress.com/terms.php
Accepted: 16 December 2025 A and incorporate the Creative Commons Attribution — Non Commercial (unported, v4.0) License (http://creati li /by-nc/4.0/). By accessing the work

{4
Published: 6 January 2026 you hereby accept the Terms. Non-commercial uses of the work are permitted without any further permission from Dove Medical Press lelted provided the work is properly attributed. For
permission for commercial use of this work, please see paragraphs 4.2 and 5 of our Terms (https://www.dovepress.com/terms.php).


http://orcid.org/0000-0001-7310-6525
http://orcid.org/0000-0002-2757-6806
http://www.dovepress.com/permissions.php
https://www.dovepress.com/terms.php
http://creativecommons.org/licenses/by-nc/4.0/
https://www.dovepress.com/terms.php
https://www.dovepress.com

Wells et al

Keywords: risk assessment, chronic obstructive pulmonary disease, spirometry, screening, clinical informatics, electronic health

records

Introduction

COPD represents a significant public health challenge characterized by a discrepancy between clinical recognition and
the actual prevalence of disease. Approximately 7% of adults > 45 years of age report a history of COPD." Data from the
National Health and Nutrition Examination Survey revealed that approximately 60% of cases are undiagnosed, making
the true prevalence close to 15%.> While not truly asymptomatic, patients often fail to report their symptoms, attributing
them to both aging and smoking. Therefore, when a diagnosis is made, it is only after severely affecting a patient’s
quality of life when they have lost 50% of their lung function.” Underdiagnosis deprives patients of appropriate care,
such as effective medications, vaccinations, and pulmonary rehabilitation, which have been shown to improve lung
function and quality of life while reducing exacerbations and mortality.*>

COPD is frequently diagnosed and treated based on clinical suspicion alone without a pulmonary function test (PFT).
Confirming a diagnosis of COPD requires evidence of expiratory airflow obstruction (AFO) with spirometry, a standard
part of a PFT. AFO is defined by a forced expiratory volume in 1 second (FEV1) to forced vital capacity (FVC) ratio of <
0.7. Attempting to detect COPD earlier through screening is controversial. Citing a lack of evidence for a benefit among
“asymptomatic” individuals, the United States Preventive Services Task Force has recommended against spirometric
screening for COPD in “asymptomatic” individuals.® The GOLD Report’ recommends targeted case finding by screening
high-risk individuals and suggests two assessment tools published by Lambe® and Haroon.’ These tools are designed to
detect early symptomatic disease with physician-administered patient questionnaires. The documentation of symptoms in
the EHR are inconsistent and are typically recorded in unstructured text, limiting their use for automated, widespread
screening. To date, many reports describe using Al technology, such as natural language processing, to aid in COPD
diagnosis; however, the integration of these tools into Electronic Health Records (EHRs) remains challenging.'®"?

Risk stratification tools relying entirely on existing, structured electronic health record (EHR) data would provide an
opportunity to identify high risk patients for spirometry in a simple automated fashion. While Kotz et al developed such
a tool, its utility is limited by its reliance on ICD codes to define the 10-year risk of COPD.'® The limited accuracy of
ICD codes in identifying true COPD has been well-documented. Most patients who carry diagnosis codes for COPD in
their medical records do not have spirometric confirmation of AFO."”

The purpose of this study was to develop and evaluate an automated EHR-based prediction model to assist with
targeted case finding with spirometry to improve the diagnosis of COPD. Specifically, we aimed to determine whether
readily available structured EHR data could be used to identify patients at high risk for undiagnosed COPD, and to assess
the predictive performance of such a model. By clearly defining and testing this approach, we sought to establish
a foundation for future clinical interventions that could guide spirometry ordering and ultimately reduce underdiagnosis.

Materials and Methods
This study complies with the Declaration of Helsinki and was approved by the Atrium Health - Wake Forest University
School of Medicine, Institutional Review Board (IRB#00090876). The board approved a waiver of informed consent due
to the retrospective nature of the review. Privacy was ensured through strict confidentiality measures, including
restricting access to data on a secure server only available to authorized members of the research team.

We have attempted to follow the TRIPOD+AI guidelines'® for the development and reporting of a prediction model,
and a checklist is provided in the supplemental material. Data used for algorithm building, recorded on or before the date

of performance of the index outpatient PFT, were extracted from a common electronic health record system from the
Wake Forest Baptist Medical Center in Winston Salem, NC, and Lexington Medical Center in Lexington, NC. The study
cohort comprised 15,065 patients aged > 40 years with a single spirometry (PFT) performed between 2016 and 2022;
individuals with multiple tests were excluded. We excluded patients with known cystic fibrosis and alpha-1 antitrypsin
deficiency because they represent unique clinical situations with more severe lung disease at a younger age.
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We used logistic regression to predict evidence of obstruction on spirometry (FEV1 / FVC < 0.7) at the time of the
first PFT result in our system. The fixed ratio definition of obstruction (FEV1 / FVC < 0.7) was used because of its
simplicity and ease of use across multiple patient care facilities, allowing more universal use. The model output is
a probability. We chose the first PFT since only a small percentage of individuals underwent multiple testing, which may
represent a different population. Almost all PFTs were performed in the outpatient setting when patients were considered
to be at their baseline functional status (Table 1). We included in-hospital-performed PFTs since they have been shown to
accurately represent airflow patterns (obstructed, PRISM, normal).'® We focused on the binary outcome of obstructed vs
non-obstructed patients on the basis of the clinical relevance of this distinction that guides treatment. The screening flow
chart of the participants in this study is shown in Figure 1.

The candidate independent variables used for predicting obstruction were limited to readily available data existing in
structured fields in the EHR. Encounter diagnoses were limited to the prior year to capture conditions documented in the
context of recent care episodes. In contrast, problem list entries were not time-limited, as their inclusion signifies ongoing

and clinically relevant conditions. Healthcare utilization and medication data were available from any prior time. Logistic

Table 1 Demographics, Healthcare Coverage, Utilization & Comorbidities

Variable Airflow Obstruction

Normal (n=9234)

PRISM (n=1199)

(n= 4632)

Demographics

Age in Years* (median [IQR])

63.00 [54.00, 71.00]

62.00 [54.00, 70.00]

67.00 [59.00, 74.00]

BMI* (median [IQR])

30.20 [26.10, 35.20]

33.30 [27.90, 39.70]

26.60 [22.50, 31.20]

Smoker* (Past or Present), n (%) 5804 (62.9) 819 (68.3) 4099 (88.5)
Sex*, n (%)

Female 5052 (54.7) 756 (63.1) 1864 (40.2)
Male 4182 (45.3) 443 (36.9) 2768 (59.8)
Race, n (%)

White 6815 (73.8) 877 (73.1) 3848 (83.1)
Black 1957 (21.2) 268 (22.4) 654 (14.1)
Other 462 (5.0) 54 (4.5) 130 (2.8)

Ethnicity, Hispanic, Latino or Spanish, n (%) 254 (2.8) 22 (1.8) 54 (1.2)

Zip Code Area Deprivation Index National Rankf(median [IQR])

71.00 [59.00, 82.00]

73.00 [61.00, 84.00]

71.00 [60.00, 82.00]

Insurance, n (%)

Commercial 3647 (39.5) 457 (38.1) 1182 (25.5)
Medicaid 745 (8.1) 124 (10.3) 510 (11.0)
Medicare 4153 (45.0) 535 (44.6) 2629 (56.8)
Other Government 210 (2.3) 24 (2.0) 136 (2.9)

Self-Pay 479 (5.2) 59 (4.9) 175 (3.8)

Clinical Characteristics, n (%)

COPD Diagnosis* (%) 1154 (12.5) 307 (25.6) 2443 (52.7)
GERD Diagnosis (%) 596 (6.5) 61 (5.1) 230 (5.0)

(Continued)
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Table | (Continued).

Variable Normal (n=9234) PRISM (n=1199) Airflow Obstruction
(n= 4632)
Obesity Diagnosis ¥ (%) 490 (5.3) 103 (8.6) 145 (3.1)
Acute Bronchitis Diagnosis (%) 19 (0.2) 6 (0.5) 15 (0.3)
Pneumonia Diagnosis (%) 68 (0.7) 11 (0.9) 40 (0.9)
Asthma Diagnosis (%) 128 (1.4) 46 (3.8) 61 (1.3)
Chronic Kidney Disease Diagnosis (%) 751 (8.1) 77 (6.4) 243 (5.2)
Diabetes Diagnosis (%) 1002 (10.9) 122 (10.2) 366 (7.9)
Congestive Heart Failure Diagnosis (%) 729 (7.9) 114 (9.5) 376 (8.1)
Patient Setting
Inpatient (%) 1593 (17.3) 133 (1'1.1) 796 (17.2)
Outpatient (%) 7641 (82.7) 1066 (88.9) 3836 (82.2)

Months Since First Encounter (median [IQR])

162.00 [38.00, 288.00]

216.00 [74.00, 332.00]

177.00 [43.00, 301.00]

Number of Previous Encounter Lifetime (median [IQR])

76.00 [22.00, 194.00]

110.00 [31.00, 255.50]

66.00 [20.00, 162.00]

Number of Outpatient visits past year* * (median [IQR])

22.00 [9.00, 45.00]

26.00 [11.00, 53.00]

18.00 [8.00, 38.00]

Number of Inpatient Admission Past Year # (Mean [SD]) 0.31 (0.82) 0.57 (1.25) 0.42 (0.94)
Number of ED visits past year* # (Mean [SD]) 0.64 (1.75) 1.14 (2.30) 0.76 (1.63)
Number of Chest X-rays past year* # (Mean [SD]) 0.23 (1.18) 0.19 (1.34) 0.14 (0.95)
Number of earlier  Agonist NEB Prescriptions Lifetime* (Mean 0.95 (3.86) 3.65 (8.96) 7.51 (27.67)

[SDD)

Notes: # Measured from the date of spirometry. *In the final prediction model. 1The Area Deprivation Index (ADI) is a composite measure of neighborhood
socioeconomic disadvantage for the United States that was calculated based on patient address. ADI values are presented in national percentile rankings from 0 (least
disadvantaged) to 100 (most disadvantaged.) Kind, A. J. H., Jencks, S., Brock, J., Yu, M., Bartels, C., Ehlenbach, W., Greenberg, C., and Smith, M. (2014). Neighborhood
Socioeconomic Disadvantage and 30-Day Rehospitalization. Annals of Internal Medicine, 161(11), 765-774. https://doi.org/10.7326/M13-2946. $+Coded diagnosis of obesity.

regression using structured data was chosen as the statistical method on the basis of its simplicity, explainability, and ease
of implementation. However, we also compared the accuracy of our logistic regression model with that of a random
forest model to ensure that we were not sacrificing accuracy. The candidate variables were chosen on the basis of their
theoretical relationship with obstruction, clinical relevance, and evidence in the scientific literature.?’ The domains for
the candidate variables included demographics, vital statistics, laboratory measurements, medications, diagnosis codes,
and healthcare utilization. The clinical characteristics included all the diagnosis codes from the encounter and the
problem list available at the time of PFT. A complete list of the candidate variables is included in the supplemental
material. Missing data were imputed using the multiple imputation by chained equations method via the mice package in
R,?! yielding a single dataset based on all candidate variables and the outcome. To assess real world application of the
model, we did not impute missing data in the prospective cohort.

The data were randomly split into 70% for model building and 30% for model testing, ensuring that no patients used
to create the statistical model were included in the test dataset used to evaluate model performance. A full logistic
regression model was fit to the model build dataset using all 65 of the candidate variables. Continuous predictor variables
were fit via restricted cubic splines to allow the model to account for nonlinear relationships. Splines were later removed
from the model after variable selection if they were not statistically significant. This was done to reduce the number of
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Patients >=40 years of age who underwent Pulmonary
Function Testing (PFT) at the Wake Forest Baptist Medical
Center in Winston Salem, NC or the Lexington Medical
Center in Lexington, NC between January 1, 2016 to
December 31, 2022
N=17,356

Excluded: Patients with cystic fibrosis or
known alpha-1 anti-trypsin deficiency, n=93

Excluded: Patients with less than 2 encounters
before the first PFT encounter, n=731

Excluded: Patients with more than 1 PFT
during study period, n = 1,467

Final Study Cohort, n =15,065

Figure | Study Flow Chart. The flow diagram illustrates patient selection, starting with all patients who underwent pulmonary function testing. After excluding patients with
cystic fibrosis, alpha-1 anti-trypsin deficiency, less than 2 encounters, or more than one PFT, the final cohort included15,065 patients.

degrees of freedom in the model in an attempt to prevent overfitting and to allow smaller sample sizes for future model
validation. The complete logistic regression model was reduced via Harrell’s model approximation method.**

Performance metrics were calculated by applying the model created using the build dataset to the validation dataset.
Discrimination was assessed via the area under the receiver operating characteristic curve (AUC). Calibration was
assessed by plotting the predicted probability of obstruction with the actual incidence of obstruction. To assess clinical
utility, we calculated classification metrics at different probability thresholds to guide screening spirometry and compared
the model in its ability to identify cases of obstruction compared with screening the oldest smokers in our dataset.
Sensitivity analyses were performed to assess model performance on the basis of whether spirometry was performed in
an inpatient or outpatient setting.

To prospectively validate the tool, the risk equation was applied to data from the subsequent year, using identical
eligibility criteria and outcome definitions. Variables were defined and processed as in model development and restricted
to those retained in the final model. The dataset was used solely for performance assessment; no model building or
imputation was performed, and patients with missing variables were excluded.

Results

Characteristics of the Study Cohort

A total of 15,065 subjects underwent pulmonary function testing and were included in the study. Among these patients,
4632 (30.7%) demonstrated obstruction. Among the subjects with a normal FEV1 / FVC, 1199 (15%) had preserved ratio
impaired spirometry (PRISm), defined as an FEV1 /FVC > 70%, but a reduction in the FEV1 and/or FVC < 80% of
predicted. Table 1 shows the patient characteristics. The median age of the study cohort was 64 years (IQR 56-72).
Among them, 7672 (51%) were male, and 11,540 were white (77%). The number of patients who were ever smokers was

10,215 (68%). Body mass index (BMI) was missing for 274 patients (1.82%), and smoking history or present information
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was missing for 714 (4.7%) patients. The missing data were addressed via the multiple imputation using chained equation
(“MICE”) approach.

Table 1 shows the differences in health coverage between patients with and without obstruction. Patients with
obstruction were older and therefore more likely to be on Medicare, which was the most common primary payer for
all groups. Subjects with AFO had fewer outpatient visits and encounters with the healthcare system overall than did
subjects with PRISM or who had normal spirometry (Table 1). However, they had more inpatient and ED visits than did
subjects who had normal spirometry but fewer visits than did those with PRISM. Subjects with airflow obstruction more
frequently were diagnosed with COPD, whereas subjects with normal spirometry and PRISM more commonly were
diagnosed with GERD, obesity, diabetes and chronic kidney disease (Table 1). A history of acute bronchitis and
pneumonia was not a differentiating factor among the 3 groups (Table 1), whereas obesity, asthma and congestive
heart failure diagnoses tended to be more common in subjects with PRISM than in subjects with normal and obstructed
spirometry.

Results of the Predictor Selection and Model Development

The study cohort was split into 2 datasets: the model build dataset (70%) and the test dataset (30%). The build and test
datasets had 3264 and 1368 obstructed PFT patients, respectively. Multivariable logistic regression analysis after
Harrell’s model approximation resulted in a model with 9 variables identified as the most predictive of AFO included:
older age, male sex, lower BMI, presence of a smoking history, past diagnosis of “COPD”, increased numbers of ED
visits, decreased outpatient visits, less frequent chest X-rays, and more lifetime beta agonist prescriptions. In the final
model, the non-linear component for the number of chest x-rays was not statistically significant and the spline was
removed. The overall model discrimination as variables were removed from the full model are shown in Table 2.

The receiver operating characteristic curve is shown in Figure 2. The AUC was 0.82 (95% CI 0.81-0.83) for the test
data, and the model appeared to be well calibrated (Figure 3). The AUC was 0.83 (95% CI 0.81-0.84) for the spirometry
conducted in outpatient settings (n= 12,543), whereas the AUC was 0.79 (95% CI 0.77-0.81) for the inpatient setting
data (n= 2522). The classification metrics at different probability thresholds are shown in Table 3. To assess clinical
utility, we estimated the number of cases of COPD that would be identified by testing 1000 individuals. Using the tool to
identify the highest-risk patients, we identified 682 undiagnosed cases of COPD, whereas screening the 1000 oldest
smokers identified only 449 patients.

Table 2 AUC Variation with Addition of Variables

Terms AUC*
Coin Flip 0.5

Age 0.5991
Sex 0.6231
Ever Smoker 0.6967
Body Mass Index (BMI) 0.7458
COPD Diagnosis Code 0.8022
Number of Chest X-rays past year 0.8034
Number of ED visits past year 0.8038
Number of Outpatient visits past year 0.8063
Number of lifetime  Agonist Nebulizer prescriptions | 0.8175

Note: *Area under the curve.
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Figure 2 Receiver Operating Characteristic (ROC) Curve. The ROC curve illustrates the model’s ability to differentiate between patients with and without the outcome. It
displays the balance between sensitivity (true positive rate) and |-specificity (false positive rate). The model’s overall discriminative performance is reflected by the area
under the curve (AUC) of 0.82.

Sensitivity Analysis
Prospective validation of the tool was performed on the basis of the data collected (n=1941) in the year after model
development. The AUC for the risk equation for predicting obstruction in the prospective dataset was 0.79 (0.77-0.81).

Discussion

COPD is commonly diagnosed and treated in patients without the benefit of spirometric confirmation of airflow
obstruction (AFO). This leads to potential overdiagnosis and underdiagnosis, both of which adversely impact outcomes
and the cost of care.'”?*** Current clinical practice lacks an efficient, EHR-integrated tool for accurately predicting
AFO, which is necessary for targeted COPD case finding. The aim of this study was to develop an EHR-based algorithm
that uses only structured data to predict AFO that could be universally available to a variety of healthcare systems, even
those without the advantage of high-tech computing systems. We were able to construct a model for targeted COPD case
finding, with good accuracy and an AUC of 0.82, using 9 elements commonly available in the EHR. Our AUC compares
favorably with the AUC of 0.74 obtained by Haroon et al.” However, comparing models in different datasets should be
done with caution as the prevalence of the condition can impact model accuracy. We are unable to make a head-to-head
comparison with the model by Haroon as the symptoms necessary to run their calculations are not available in our
dataset. The clinical utility of our model is probably best highlighted by the hypothetical screening scenario described in
the results illustrating the efficiency of our model in identifying new cases of COPD.
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Figure 3 Calibration Curve. The plot compares predicted probabilities with observed event rates to assess calibration and is accompanied by a histogram of the predicted
probabilities. The figure is annotated with key performance metrics; among them is the Brier score (0.15), a global measure that reflects both discrimination and calibration.

The supplemental material provides an equation for predicting the probability of airflow obstruction. The calculation

could be implemented inside the EHR by local health information technology specialists at the organization or calculated
from the EHR database outside of the clinical environment. The result of the model is a simple probability that could be
used by a clinician or population health team to identify high-risk patients for screening. We also plan to evaluate the
impact of a direct-to-patient alert for high-risk individuals who will trigger an automated order for spirometry for
individuals who agree to testing. This strategy is similar to our work with targeted hemoglobin Alc testing.*’

Data variability is always a concern when implementing prediction models in health systems outside of the system
used to create the model. Data variability can arise from different patient characteristics, documentation practices, and the

Table 3 Classification at Different Probability Thresholds

Threshold for Intervention* | Sensitivity | Specificity | PPV | NPV
10% 0.95 0.33 0.38 | 0.94
25% 0.78 0.69 0.53 | 0.88
50% 0.5 0.9 0.7 0.8l
75% 0.24 0.98 0.84 | 0.75

Notes: * Probability of airflow obstruction defined by a forced expiratory volume in | second
(FEV)) to forced vital capacity (FVC) ratio of <0.70.
Abbreviation: PPV, Positive predictive value; NPV, Negative predictive value.
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completeness of EHR data across institutions. These factors can influence the performance of a model calibrated in one
setting when applied to another. However, the simplicity of our model helps mitigate these challenges. The variables it
uses are widely available and consistently recorded across diverse health systems, reducing reliance on site-specific
documentation patterns. Furthermore, our statistical approach enables other institutions to recalibrate model coefficients
using their own data, without resorting to complex methods like artificial neural networks that are often difficult to
integrate into clinical workflows. This design lowers barriers to real-world implementation and supports robust perfor-
mance across varied healthcare environments.

To implement the model, health systems need to calculate the values of the 9 variables, which can be done via readily
available structured data. Calculation will require access to prescriptions and orders for chest X-rays, and decisions will
need to be made about how to handle missing BMI values and smoking history. Given the small numbers, we do not
calculate probabilities for individuals with missing information during implementation. We recommend local validation
of the tool, and users may consider refitting or recalibration of the model to their data. The tool is intended only to guide
targeted screening for case finding and is not intended to be used to diagnose COPD or to guide treatment decisions.
Therefore, FDA approval is not being pursued.

Our work has several limitations. First and foremost, there is the potential for bias. Our data, extracted from
2 hospitals within our medical system, a university medical center and a community hospital, may not reflect the general
population. Therefore, the algorithm will require validation in a large general practice population, which is currently
a work in progress. Once validated, it can be deployed into the EHR to run in the background and produce alerts to both
patients and clinicians that a diagnostic spirogram is needed. Although the tool performs well, the sample of patients was
limited to those who already had PFT data, which may overestimate the tool’s accuracy. An evaluation of the tool in an
unbiased population of patients is warranted before contributing resources for implementing a targeted screening
intervention.

Our algorithm was developed using data from two hospital-based practices within the same network. One was
a community hospital, and the other was a university hospital. The data used to generate the algorithm may be population
specific and therefore may not perform as well in other types of medical practices or regions of the country or world. The
tool is dependent upon the data available in the EHR system and will likely underestimate risk in newer patients with
fewer encounters as well as those patients who seek care outside the health system where the tool is being deployed.
Notably, the data analyzed to create the algorithm spanned 2016-2022, and the severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2) epidemic may have affected medical practice and influenced the data.

Validated questionnaires have been used with the goal of targeted case finding but are burdensome compared with an
EHR-based algorithm. The available validated questionnaires include Capture,?® the COPD population screening tool,?’
the lung function questionnaire® and the International Primary Care Group questionnaire.”” These tend to rely on several
common elements: age; sex; smoking status, including pack years; prior diagnosis of COPD; and the presence of
symptoms such as cough, sputum production, wheezing and dyspnea.’® Leidy et al identified what they referred to as
“best variables for COPD case identification” via random forest analysis.>' These variables, which were used to develop
Capture, included symptoms, impact on activity and days of work missed. The screening questionnaires tend to perform
well, with areas under the AUC ranging from 0.79-0.88,°*%° but a fair head-to-head comparison with our model is not
possible, as we do not have screening questionnaires in our dataset. To overcome this limitation, a validation study
recruiting volunteers from a general population that includes both spirometry and several validated widely used
questionnaires is currently underway by our research group. However, questionnaires have not achieved great utilization
in clinical practice, likely because of their limitations, which include the time required to administer or score, which can
be translated into costs, as well as the fact that responses are subject to patient recall. Patients tend to underestimate their
symptom burden;** therefore, the reliability of a questionnaire is only as good as patient recall. Finally, additional tests,
such as micro spirometers or peak flow measurements, improve questionnaire performance’ but also add burden. Our
goal was to identify high-risk individuals for targeted testing.

There are numerous reports in the literature describing machine learning algorithms for COPD.""-!3-153¢4% While
some focus on the diagnosis or phenotyping of COPD, others concentrate on COPD / asthma diagnosis and
differentiation.”* "> Others predict the risk for an acute exacerbation,*®*® healthcare resource utilization or death
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resulting from an exacerbation.’** Nearly all of these algorithms are based on both structured and unstructured data,
necessitating the use of natural language processing. Some require the use of advanced diagnostics such as genotyping,*®
and many require spirometric data.'>*'>*%

The benefit of algorithms is that they are built using claims, CT or EHR data and do not require a questionnaire.
Mapel et al created an algorithm for the identification of undiagnosed COPD using administrative claims data.> This
algorithm differs from ours in several ways: 1) Medication groupers are based on proprietary data available through the
American Hospital Formulary service, which limits model use; 2) there are 19 variables in their model, making it more
difficult to use; 3) they do not provide the formula for calculating their model on other datasets, which would involve an
additional step; and 4) since they use claims data, it may not work as well on our data.

Cheng et al*® reported a model that predicts COPD via diagnosis codes. It requires a user interface for manual
implementation. Details are lacking from the report, but it does not appear that the model is easy to use. A machine
learning model for diagnosing COPD was reported by Spathis.'® The model lacks practical application for COPD

0 and Exarchos®!

prediction in that it requires both symptoms and pulmonary function test results. Both Hussain
reviewed Al techniques in COPD. Some tools use natural language processing, image analyses, and deep learning.
They attempt to predict a wide array of outcomes, such as COPD severity, progression, mortality and AECOPD. These
methods are difficult to implement, and none of the models are limited to structured EHR data to create a simple tool for
predicting the probability of AFO.

A principle for the development of a prediction model is that it should be reflective of the disease pathophysiology.
COPD is a disorder characterized by intermittent flares or exacerbations (AECOPDs) that become more common as the
disease progresses.7 Therefore, it is intuitive that variables associated with AECOPD, such as chest X-rays, short-acting
beta-agonists, and health care visits, over the preceding year are, as we demonstrated, significant elements of the model.
Other medications indicating possible exacerbations, such as antitussives, antibiotics, and glucocorticoids, did not
improve model performance, possibly because they are less specific or have significant collinearity with beta-agonists.
Despite the potential inaccuracy of smoking data in the EHR and the lack of total exposure in pack-years, smoking was
still an important variable for model prediction.

Conclusion

We developed a simple algorithm for predicting AFO that, unlike existing tools, relies entirely on structured EHR data.
Its simplicity, ease of use, and accuracy make it a practical tool for risk stratification to guide targeted spirometry in high-
risk individuals. Next steps include validation and head-to-head comparison with several validated COPD questionnaires.
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