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Background: Previously, we reported that applying artificial intelligence and natural language processing to electronic health record
(EHR) data can identify patients at risk of chronic obstructive pulmonary disease (COPD) exacerbations, based on clinical attributes
identified in COPDGene.

Purpose: Building on these data and using real-world data, we established a predictive model for identifying patients at risk of COPD
exacerbations within 24 months of their initial COPD diagnosis.

Methods: Structured and unstructured data were obtained from Epic EHR data. Summary statistics for independent variables,
including age, gastroesophageal reflux disease, coronary artery disease, congestive heart failure, cor pulmonale, asthma, dyspnea,
smoking status, number of comorbidities, and blood eosinophil counts, were calculated. Bivariate associations with COPD exacerba-
tions were calculated using odds ratios and 95% confidence intervals. A multivariable prediction model using the flexible machine-
learning approach, Bayesian Additive Regression Trees (BART), was then developed. Model performance was assessed using receiver
operating characteristic (ROC) curves and area under the ROC curve (AUC).

Results: Of the 3007 patients with COPD as a primary diagnosis, 886 had a COPD exacerbation within 24 months. In the bivariate
logistic regression analyses, strong associations (odds ratio >1.5; P <0.05) existed between COPD exacerbation and cor pulmonale,
moderate and severe dyspnea, and number of comorbidities (>4 vs 0). In the BART model, the predictors that were selected most for
the branching-tree analyses were eosinophil count, pack years, and moderate dyspnea (in order of most selected). The AUC derived
from our BART model was 0.69.

Conclusion: Eosinophil count and dyspnea were identified as important predictors of exacerbations. Our data suggest that active
monitoring of eosinophil counts and selected patient-reported experiences of dyspnea may identify patients at risk of exacerbations,

enabling clinicians to tailor therapies to improve health outcomes among patients with COPD.

Plain Language Summary: For patients with chronic obstructive pulmonary disease (COPD), exacerbations (symptom flare-ups)
represent a significant health burden. The ability to accurately predict exacerbations would help to identify patients at risk of future
exacerbations, so they can receive appropriate treatment. Previously, we applied artificial intelligence and natural language processing
(a form of artificial intelligence that helps computers to process human language) to electronic health record (EHR) data to identify
patients at risk of COPD exacerbations. Building on this foundation and using data from real-life studies, we developed a model to
help identify patients at risk of COPD exacerbations within 24 months of their initial COPD diagnosis. We used patient data from the
EPIC EHR database. Factors included in the model to predict exacerbation occurrence were age, gastroesophageal reflux disease,
coronary artery disease, congestive heart failure, pulmonary heart disease, asthma, shortness of breath (SOB), smoking status, number
of medical conditions aside from COPD, pulmonary function testing, pack years (a unit used to measure how much a person has
smoked over time), and blood eosinophil counts. We reported the percentage of patients with each factor. We included 3007 patients
with an average age of 70.5 years. Using this model, we found that blood eosinophil count and SOB were important predictors of

exacerbations for patients with COPD. These results suggest that active monitoring of blood eosinophil counts and patient-reported
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experiences of SOB may help to identify patients at risk of exacerbations, which could help doctors to tailor patients’ treatment to
improve their health.

Keywords: cosinophilia, lung diseases, morbidity, natural language processing, symptom flare-up

Introduction

Chronic obstructive pulmonary disease (COPD) is a common respiratory condition estimated to affect 4.6-6.6% of
American adults' and is a leading cause of death worldwide.? The economic and social burden of COPD is considerable,
with annual total costs in the USA estimated to be $49 billion and rising.® Patients with COPD often have substantial
comorbidities, placing additional burden on healthcare services and costs of care.® Treatments that improve the manage-
ment of COPD and reduce the use of healthcare services can ultimately reduce healthcare expenditures and improve
patient quality of life.

Exacerbations of COPD represent a significant cause of morbidity and mortality. Accurately predicting these exacerbations
can identify at-risk patients and enable precision therapy, thereby improving health outcomes. Despite research efforts to develop
predictive models of COPD exacerbations, they have had limited success. A recent study showed that spirometry predicted future
COPD exacerbations;* however, it is not universally performed in clinical practice and is often performed poorly or may not be
accessible to electronic medical review.” Furthermore, many composite scores, such as ADO (age, dyspnea, obstruction),®
BODE (body mass index, obstruction, dyspnea, and exercise capacity),” and DOSE (dyspnea, obstruction, smoking status, and
exacerbations),® include spirometry as a key component, which limits their application outside of specialist clinics. In addition,
BODE incorporates exercise testing. Some of these composite indices are optimal for mortality and long-term prognosis rather
than short-term exacerbation prediction, and some of the indices are more accurate for patients with more severe exacerbations
and impairment.

Our current proposed model is designed to be used in a broad patient population, does not require spirometry, and is designed
to assess short-to-medium-term exacerbation risk rather than long-term outcomes such as mortality. Composite scores such as
ADO,° BODE,” and DOSE® were inconsistent in predicting future exacerbations.” One risk index, composed of age, percentage
of predicted forced expiratory volume in 1 second, oral steroids at entry, cardiovascular comorbidity, and unscheduled clinic/
emergency department visits for COPD in the prior year,'® was developed to forecast hospitalization due to COPD exacerbations.
However, the study cohort was from a clinical trial for tiotropium and was confined to a single healthcare system, which is
unlikely to be generalizable. The cohort was also not externally validated in other independent populations; therefore, this study’s
clinical applicability is uncertain. Additionally, a meta-analysis evaluated the ability of current models to predict exacerbations in
patients with COPD, concluding that most prediction models were at high risk of bias, and none of the models could be
implemented in clinical applications."'

Machine learning (ML) is being more frequently used to predict long-term disease progression in patients with
COPD.'? Bayesian Additive Regression Trees (BART) is an ML approach, which compared with other ML algorithms, is
more robust to the choice of tuning parameters, yields high prediction accuracy, and provides a full posterior distribution
for the predictions allowing for uncertainty quantifications.'?

In pilot studies using clinical attributes identified through the COPDGene study, we applied artificial intelligence (Al)
and natural language processing (NLP) to both structured and unstructured electronic health record (EHR) data to
identify patients at risk of COPD exacerbations.'*'> Building on this foundation and leveraging real-world data (RWD)
and BART, we developed a predictive model to identify patients at risk of COPD exacerbations within 24 months of their
initial COPD diagnosis. Our model represents an advancement in predictive analytics to enhance patient care and
management of COPD.
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Study Design and Methods
NLP and COPD Case Confirmation

To independently confirm that our patient case definitions were valid, two independent evaluators (board-certified
pulmonologists) examined a representative sample of the cohort (n = 50) to confirm that the patients met our COPD
definition and these patients had experienced a previous COPD exacerbation. Additionally, the evaluators also confirmed
that a representative sample of the patients who were rejected for not meeting our case definition of COPD was correctly
characterized (n = 25).

The study duration was from January 2018 to January 2024. Cases were identified from the Robert Wood Johnson
Barnabas Health (RWJBH) System EHRs, using combinations of the following criteria: 1) International Classification of
Diseases (ICD) 10™ Revision COPD diagnosis code; 2) smoking history or white blood cell/eosinophil/neutrophil
count; 3) modified Medical Research Council Dyspnea Scale grade >2; and 4) COPD Assessment Test (CAT) score,
pulmonary function test (PFT), or the presence of select comorbidities. The RWJBH system is the largest and most
comprehensive healthcare system in New Jersey, comprising 14 healthcare centers (including 12 acute care centers)'®'’
and EHRs of approximately 7.5 million individuals. Using an iterative process, initial data pulls were reviewed and the
algorithm was refined to remove non-COPD cases. After the algorithm was finalized, a random sample of patients (n =
50) was selected for further review by two clinicians independent of the algorithm development team to confirm the
accuracy of the curated data and to ensure the data included specific patient attributes including age, sex, exacerbation
history, eosinophil counts and dyspnea severity. Concordance was confirmed in 98% of cases. Deep 6 Al, Inc., provided
precision-matching software to mine our EHR data using “structured” and “unstructured” physician notes to identify
eligible patients.

Using NLP/AI applied to the structured and unstructured EHR data, we also identified patients with COPD at risk of
exacerbation based on clinical features and determinants identified in the COPDGene study.'> Our analysis developed
phrases to identify the population at risk of exacerbation. A set of words or “computable phenotypes” was generated
based on expert opinion ascertained from NLP/AI query of EHR data using a defined set of elements and logical
expressions. The goal was to devise a high-throughput search tool that applies ML/AI to structured EHR fields and
unstructured EHR narratives, to rapidly identify and characterize patients with COPD at risk of exacerbation over time.

The Deep 6 Al Cohort Builder™ software was then applied to the Epic EHR of the RWJBH System to initially
identify patients with COPD and to subsequently identify patients at risk of exacerbation. The date of the first observed
ICD 9"/10™ Revision diagnosis for COPD in the EHR was designated as the index date. COPD was identified based on
the following list of diagnoses: chronic obstructive airway disease, bronchiolitis obliterans, end-stage chronic obstructive
airways disease, chronic obstructive lung disease co-occurrent with acute bronchitis, moderate COPD, severe COPD,
bronchitis, chronic pulmonary emphysema, COPD, severe early-onset COPD with acute lower respiratory infection,
acute exacerbation of chronic obstructive airways disease, and mild COPD. In parallel, the evaluators also confirmed that
some patients included in the cohort had experienced an exacerbation. Moderate and severe exacerbation events were
flagged and defined by our case definitions. A moderate exacerbation was defined as an outpatient or emergency room
visit with a primary diagnosis for COPD and at least one prescription for a systemic corticosteroid or guideline-
recommended antibiotic within 5 days following, or before, the visit; or a physician diagnosis in the EHR identifying
a nonhospitalized exacerbation. A severe exacerbation was defined as an inpatient hospitalization with a primary
diagnosis of COPD or a physician diagnosis in the EHR identifying a hospitalized exacerbation.

An iterative process identified the population of patients at risk of a COPD exacerbation. This step evaluated the
feasibility and extent to which determinants of COPDGene are readily available in the EHR (completeness and accuracy
of COPDGene predictor variables). Our evaluators reviewed charts and verified and identified additional data fields not
initially captured through NLP. Further verification that patients were at risk of exacerbation involved a random selection
of charts from those identified for inclusion. These charts were reviewed by an evaluator (assessing agreement and
accuracy). A minimum of 25 cases/charts were also rated by the identified patient matter expert reviewers. To assess
inter-rater agreement, Cohen’s kappa statistic and its associated 95% confidence interval were estimated based on the
rated cases. Per guidance from Landis and Koch,'® we interpreted our kappa statistic as showing “poor” (<0.00), “slight”
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(0.00-0.20), “fair” (0.21-0.40), “moderate” (0.41-0.60), “substantial” (0.61-0.80), or “almost perfect” (0.81-1.00)
agreement among the raters. All data were examined in a de-identified manner, and the study was deemed to be
nonhuman patients research in accordance with the Institutional Review Board of Rutgers University.

Statistical Analyses
All study variables, including baseline and outcome measures, were analyzed descriptively. The predictor variables (sex,
gastroesophageal reflux disease [GERD], coronary artery disease, congestive heart failure, cor pulmonale, asthma,
dyspnea [none, mild, moderate, severe], smoking [never, past, current], and eosinophil count [<300 cells/uL, >300
cells/uL]) were reported as a count and a percentage of patients having each predictor. Bivariate associations between
each predictor and the occurrence of a COPD exacerbation were computed as odds ratios and 95% confidence intervals.
We then developed multivariable models to predict the occurrence of a COPD exacerbation within 24 months of
initial COPD diagnosis. Independent variables included all the variables described above, as well as pack years,
comorbidity count, and PFT. To avoid the parametric assumptions of a multivariable logistic regression model
(additivity, linearity on log-odds scale), we implemented BART.'*2° BART uses sums of trees to predict the outcome
(like gradient boosting) and allows for higher-order interaction terms and nonlinear relationships without specification,
compared with other models. BART is a Bayesian approach, and the prior distribution for BART penalizes large trees
to prevent overfitting. BART was implemented using the BART package in R. Model performance was determined
using C-statistics (area under the receiver operating characteristic [ROC] curve) and ROC curves. Fitting BART
deploys a Markov chain Monte Carlo algorithm. At each iteration in the algorithm, and for each tree, decisions are
made about which variable(s) to split on. We recorded how often each variable was split as a rough measure of
variable importance. We also quantified parameters such as sensitivity, specificity, positive predictive value, and
negative predictive value of the algorithm. This was done for predictors of moderate and severe exacerbations
separately.

Results

After meeting our pre-determined criteria, 3007 patients were included in the analytic data set. We observed a greater
than 95% concordance between evaluators regarding the case definitions of cohort patients with and without COPD and
in those patients with COPD who experienced an exacerbation. As shown in Table 1, most patients were approximately
70 years old and male, and 94% were current or former smokers. The most common comorbidities were coronary artery
disease (54.6%) and GERD (51.0%). Within 24 months of the index date, approximately 886 patients (29.5%) reported
a unique COPD exacerbation. Few patients (<5%) had multiple exacerbations, and those patients were excluded from our
analysis (data not shown). Concerning serum biomarkers, a serum eosinophil count was measured in nearly all patients,
with approximately 80% of patients having a measurement of <300 cells/pL. In patients with multiple eosinophil count
measurements, the highest eosinophil count was used for analyses.

To determine the bivariate associations between each predictor separately and the risk of COPD exacerbation, we
considered an odds ratio of 1.5 to indicate a strong association (vertical line; Figure 1). Strong associations existed
between COPD exacerbation and cor pulmonale, moderate dyspnea, severe dyspnea, and number of comorbidities (>4
vs 0). As expected, smoking history and three or four comorbidities were associated with COPD exacerbations. GERD
and coronary artery disease alone were unassociated with COPD exacerbations. Few patients (<2%) failed to have
a reported serum eosinophil count, and COPD exacerbations were unassociated with eosinophil counts. Using an
unbiased approach, the odds ratio of having a COPD exacerbation was strongly associated with smoking history, dyspnea
severity, congestive heart failure, and three or more comorbidities.

As a flexible prediction model/ML approach, BART has gained widespread popularity. BART is flexible because it
can handle nonlinear main effects and multiway interactions without input from researchers. As shown in Supplementary
Figure 1, the frequency by which the BART algorithm is split on each variable is shown in the classification trees as
a percentage. The top three most frequently split on variables were eosinophil count, pack years, and moderate dyspnea.
Based on the BART model, the ROC is shown in Figure 2. The AUC for our model was 0.69.
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Table | Summary Statistics for Patient Demographics and Clinical Characteristics

N = 3007
Age, years, mean (SD) 70.5 (10.9)
Female, n (%) 1369 (45.6)
Race/ethnicity, n (%)
African American/Black 310 (10.3)
Asian 79 (2.6)
Hispanic 104 (3.5)
White 806 (26.8)
Unknown 1708 (56.8)
Smoking history, n (%)
Current smoker 896 (29.8)
Former smoker 1932 (64.3)
Never smoked 141 (4.7)
Unknown 38 (1.3)
COPD exacerbation within 24 months of index date, n (%) 886 (29.5)
Comorbidities, n (%)
Asthma 409 (13.6)
CAD 1643 (54.6)
CHF 790 (26.3)
Cor pulmonale 86 (2.9)
GERD 1532 (51.0)
Mild dyspnea 197 (6.6)
Moderate dyspnea 121 (4.0)
Severe dyspnea 68 (2.3)
Eosinophil count, cells/uL, n (%)
>300 603 (20.1)
<300 2404 (79.9)

Abbreviations: CAD, coronary artery disease; CHF, congestive heart failure; COPD, chronic obstructive
pulmonary disease; GERD, gastroesophageal reflux disease; SD, standard deviation.

Discussion
Using RWD, this study identified that eosinophil count and dyspnea were predictors of COPD exacerbations. This model
will enable clinicians to tailor patients’ therapy to improve health outcomes in COPD.

Patient comorbidities in this study are similar to those reported in COPDGene and other longitudinal COPD

registries,®'

although a previous US study using RWD reported a slightly lower mean age and slightly higher proportion
of female patients than those reported in our study.”'

Accurately predicting COPD exacerbations can identify at-risk patients and can redirect medical management to
improve health outcomes.”* The most significant risk factor for predicting future exacerbations is a history of prior
episodes. However, this knowledge fails as a warning for a first exacerbation, which can often be a pivotal event in
a patient’s disease trajectory. Severe exacerbations are particularly concerning, as they are linked to a rapid decline in
lung function, with a previous study indicating that approximately 50% of patients may die within 2 years following
hospitalization for such an event.* Although extensive research has been conducted to develop risk scores for predicting
COPD exacerbations, such studies are often affected by poor discrimination, inadequate calibration, and a lack of
external validation.'" Current predictive models of COPD exacerbations also have shortcomings. Many of the composite
measures of disease severity were constructed to characterize quality of life or functional status. These models or tools
were not designed to predict acute exacerbations. For example, CAT is a self-administered questionnaire that measures
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Effect* Point estimate (95% ClI)
GERD (yes vs no) —— i 1.01 (0.86-1.18)
CAD (yes vs no) i 1.08 (0.92-1.27)
CHF (yes vs no) é — — 2.00 (1.68-2.38)
Cor pulmonale (yes vs no) i—.— 2.50 (1.62-3.86)
Asthma (yes vs no) —.E— 1.49 (1.19-1.86)
Mild dyspnea (yes vs no) —.—é— 1.37 (1.01-1.85)
Moderate dyspnea (yes vs no) i 3.75 (2.58-5.44)
Severe dyspnea (yes vs no) é 2.79 (1.72-4.53)
Smoking (current vs never) —E-.— 1.66 (1.10-2.51)
Smoking (former vs never) —O—E 117 (0.79-1.75)
Smoking (unknown vs never) E 3.51 (1.58-7.78)
Comorbidities (1 vs 0) —— E 112 (0.86-1.47)
Comorbidities (2 vs 0) —O-E— 1.35 (1.04-1.76)
Comorbidities (3 vs 0) -E—h— 2.02 (1.49-2.73)
Comorbidities (24 vs 0) ; 4.30 (2.86-6.46)
Eosinophil count —ﬁé— 1.26 (0.92-1.73)
I T T T T T T T T T 1
0 1 2 3 4 5 6 7 8 9 10
Odds ratio

Figure | Odds ratio estimates of associations between included variables and occurrence of COPD exacerbations. An odds ratio of 1.5 indicates a strong association
between the individual predictor and the risk of a COPD exacerbation. Odds ratios of |.5 or higher are in bold. *All effects were adjusted for age.

Abbreviations: CAD, coronary artery disease; CHF, congestive heart failure; Cl, confidence interval; COPD, chronic obstructive pulmonary disease; GERD, gastroesophageal
reflux disease.

AUC =0.689 -
1.00 4 -

0.75

0.50 +

True positive rate

0.25 +

0.00

1.00 0.75 050 0.25 0.00
False positive rate

Figure 2 ROC curve for the prediction model of COPD exacerbations from the BART model.
Abbreviations: AUC, area under the ROC curve; BART, Bayesian Additive Regression Trees; COPD, chronic obstructive pulmonary disease; ROC, receiver operating
characteristic.

health-related quality of life; the ability of CAT to predict exacerbations is limited. Composite scores like ADO,® BODE,’
and DOSE® have also yielded inconsistent findings in predicting future exacerbations.” Many of these measures were
only tested in a few cohorts and were not externally validated in independent populations, so the clinical applicability of
these studies is uncertain.

As defined by regulatory agencies, RWD in the medical and healthcare field relate to patient health status or the
delivery of healthcare, routinely collected from various sources.”> The growing availability of RWD and the rapid
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advancement of Al and ML techniques, along with the rising costs and known limitations of traditional trials, have fueled
significant interest in leveraging RWD. RWD can enhance the efficiency of clinical research, drive discoveries, and close
the evidence gap between clinical research and practice. Concerning predictive models of COPD exacerbation, most tools
and composite scores longitudinally require a patient to answer questionnaires or a healthcare provider to administer the
test. Such approaches are time-consuming, costly, and instill a bias. Our predictive model using AI/ML can search the
EHR unbiasedly to rank predictors of COPD exacerbations without patient or healthcare provider interaction. Using this
approach and contemporary statistical analyses, we found that eosinophil count predicted a COPD exacerbation in the
next 24 months. This is aligned with a previous systematic review and meta-analysis, which identified that high blood
eosinophil levels (>300 cells/ulL) could predict the risk of moderate-severe COPD exacerbations in subgroups of
patients.”* However, a retrospective study reported that patients with eosinophil levels of >300 cells/uL did not show
a significant association with the rate of recurrent severe exacerbations.”> We also found that three or more comorbidities
(structured data) and moderate dyspnea severity predicted a COPD exacerbation. A previous study also found that
comorbidity test index score and a combination of at least one pulmonary disease can predict the risk of moderate-severe
acute exacerbations in patients with COPD.?® To the best of our knowledge, there are limited studies which have
investigated whether moderate dyspnea can predict a COPD exacerbation.

Unlike other tools, our model using BART predicted a first exacerbation that may identify patients at risk of
progressive disease, morbidity, or mortality. BART is an ML method using a nonparametric tree-based approach to
predict outcomes from a series of predictor variables. It is similar to classification tree analysis, except rather than using
a single large tree, it uses a sum of many small trees. This can be thought of as an ensemble of “weak learners”. BART
has advantages over logistic regression in that the model can discover/capture nonlinear relationships and higher-order
interactions without input from the analyst. Furthermore, the sum-of-trees models are more stable than single-tree models
and lead to smoother functions of the data.”” BART has also performed well in data analysis competitions.”® Our model
searches the EHR for parameters that already exist without the need to order tests or perform PFTs. We found that over
95% of patients in our EHR have had a complete blood count that contains an eosinophil count that could be used as
a biomarker for predicting an exacerbation (data not shown). This is important since most patients with COPD in the
USA are managed by primary care providers who have limited access to sophisticated testing.

Concerning this study, limitations exist regarding our patient cohort and analyses. Patients excluded from this study
for lacking 24 months of continuous eligibility in the EHR may differ in their disease profile from those with >24 months
of eligibility. The study population identified may not be generalizable to other populations in the USA. Our study was

conducted retrospectively; a prospective analysis is necessary to validate the predictive algorithm.

Conclusion

Using AI/ML, NLP, and RWD, our study shows that eosinophil count and dyspnea are important predictors of exacerba-
tions in patients with COPD. Our model was able to make these predictions in an unbiased manner and in a broad clinical
population encompassing primary care and specialist clinics, and these findings are applicable over a wide clinical severity
range. Additionally, we examined a random sample of patients after finalization of the algorithm to verify the accuracy of
the curated data and confirm the data included specific patient attributes, with concordance observed in 98% of cases. This
helped to ensure robustness and validation of our study findings. Furthermore, these data do not require spirometry or
exercise testing, neither of which are widely available outside of specialist clinics. The prognostic value of capturing
moderate or severe dyspnea in unstructured data is noteworthy because, in prior studies, dyspnea is usually measured using
validated questionnaires not widely used in routine practice. The prognostic value of blood eosinophil counts in a COPD
population is consistent with prior studies of COPD exacerbation risk stratification. Although the value of our model will
require further prospective validation, these results suggest that active monitoring of eosinophil counts and selected patient-
reported experiences of dyspnea in clinical practice may identify patients at risk of exacerbations. This will help guide
precision therapy to improve healthcare outcomes of patients with COPD in real-world practice.
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A summary of these results was presented at the American Thoracic Society 2024 congress: R. A. Panettieri, J. Roy,
N. Gontarczyk Uczkowski, A. Tyler, J. Attanucci, T. O’Riordan, K. Wrobleski. Leveraging Machine Learning and Real-
world Data to Predict Chronic Obstructive Pulmonary Disease Exacerbation. Poster 724. Available from: https://www.
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