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Abstract

Objectives: To identify prodromal correlates of asthma as compared to chronic obstructive
pulmonary disease and allied-conditions (COPDAC) using a multi domain analysis of socio-
ecological, clinical, and demographic domains.

Methods: This is a retrospective case-risk-control study using data from Florida’s statewide
Healthcare Cost and Utilization Project (HCUP). Patients were grouped into three groups: asthma,
COPDAC (without asthma), and neither asthma nor COPDAC. To identify socio-ecological,
clinical, demographic, and clinical predictors of asthma and COPDAC, we used univariate
analysis, feature ranking by bootstrapped information gain ratio, multivariable logistic regression
with LogitBoost selection, decision trees, and random forests.

Results: A total of 141,729 patients met inclusion criteria, of whom 56,052 were diagnosed with
asthma,85,677 with COPDAC, and 84,737 with neither asthma nor COPDAC. The multi-domain
approach proved superior in distinguishing asthma versus COPDAC and non-asthma/non-
COPDAC controls (area under the curve (AUROC) 84%). The best domain to distinguish asthma
from COPDAC without controls was prior clinical diagnoses (AUROC 82%). Ranking variables
from all the domains found the most important predictors for the asthma versus COPDAC and
controls were primarily socio-ecological variables, while for asthma versus COPDAC without
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controls, demographic and clinical variables such as age, CCl, and prior clinical diagnoses, scored
better.

Conclusions: In this large statewide study using a machine learning approach, we found that a
multi-domain approach with demographics, clinical, and socio-ecological variables best predicted
an asthma diagnosis. Future work should focus on integrating machine learning-generated
predictive models into clinical practice to improve early detection of those common respiratory
diseases.
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Introduction

Asthma is one of the most prevalent disease worldwide, affecting over 300 million
individuals.(1). Asthma and asthma-related mortality cost the United States healthcare
system over $50 billion between 2008 and 2013. (2) Asthma patients often suffer from other
comorbidities, with subsequent adverse health outcomes.(3) Increasing comorbidities
correlate with higher numbers of unscheduled asthma healthcare encounters and the risk of
death.(4) Therefore, identification of asthma predictors is necessary to improve patient
outcomes through primary prevention, acute treatment, and long-term care management.

However, asthma has multiple causative pathways and disease endotypes.(5)’ (6,7) As such,
diagnosing asthma is difficult given its frequent comorbidities and varied symptoms which
may overlap with other respiratory conditions such as chronic obstructive pulmonary disease
(COPD)(termed asthma COPD overlap syndrome (ACQOS)). Additionally, there is great
heterogeneity amongst patients with ACOS, (8,9) and therefore COPD and COPD and
allied-conditions (COPDAC) may be mistaken for asthma/ACOS. The complexity of
distinguishing asthma/ACOS from COPDAC may lead to high proportions of misdiagnosis
and treatment failure.(10)

Attempts to identify asthma/ACOS predictors and distinguish asthma/ACOS from COPDAC
using clinical scores, physiologic and laboratory testing, and socio-ecologicalfactors have
produced promising candidate variables. (11-15) However, most prior studies limited
prediction analysis to a single domain (e.g. genetics, lung function, allergen screening),
using information from other domains to reduce confounding. We have previously shown
that integration of multiple domains better explains variance of asthma onset and can be
used effectively to develop composite risk models with high sensitivity and specificity.(16)
An asthma versus COPDAC prediction model which contains modifiable factors across
multiple domains would be useful to clinicians and patients alike in terms of prevention and
treatment strategies.

Therefore, this study’s objective was to use big data for a multi-domain analysis of
prodromal correlates of asthma/ACOS, as compared to COPDAC and patients with neither
asthma nor COPDAC. We merged healthcare claims data with geo-located ecological and
sociodemographic indicators in an exploratory analysis using statistical machine learning.
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Our study includes ten years of statewide data from Florida, the state with the third-largest
population,(17) including over 21 million people seen in primary care clinics and hospitals.

This study conforms to Helsinki’s declaration and has been approved by the University of
Florida’s institutional review board with protocol number IRB201701906 (exempt). No
written consent was obtained from the participants as this is a secondary analysis using
existing database.

The Healthcare Cost and Utilization Project (HCUP)’s State Inpatient Databases (SID),
State Ambulatory Surgery and Services Databases (SASD), and State Emergency
Department Databases (SEDD) for the state of Florida, United States of America, between
2005 and 2014 (inclusive) were purchased (18). SID, SASD and SEDD contains
anonymized, inpatient, outpatient, and emergency room visits data, with patients’
demographics, residence (five-digit zip-codes), insurance status, hospital information,
diagnoses, and procedures billed (encoded through the International Classification of
Diseases, 9t revision (ICD-9) ontology.(19)). HCUP contains a unique de-identified patient
code that is constant and presentlongitudinally across multiple visits (“VisitLink™), and this
was used to index individual patients and link data longitudinally in this study. The HCUP
databases did not contain questionnaire, laboratory, or pharmacy data.

The observational unit of our study was the single patient aged 18 years or older. We
designed a case-risk-control study by grouping patients into three groups: i) patients who
had a diagnosis of asthma with or without COPDAC, ii) patients who had a COPDAC
diagnosis in absence of asthma (ever), and iii) patients who did not have either asthma or
COPDAC ever recorded in the merged databases. Asthma was defined as a twice-confirmed
diagnostic code ICD9 493.x. A twice-confirmed diagnosis of asthma was chosen to increase
specificity in absence of codes for the ordering of pulmonary function tests.(20) We chose to
include in the asthma diagnosis patients who may or may not have a COPDAC diagnosis
given that the clinical overlap could produce patients with a prior misclassification of
COPD. We therefore specifically chose to twice-confirm the asthma diagnosis in order to
best ensure those patients did have asthma. COPDAC was defined as any code in the range
490.x-492.x (bronchitis, chronic bronchitis, emphysema) and 494.x-496.x (bronchiectasis,
extrinsic allergic alveolitis, and other chronic airway obstruction not elsewhere classified).
The baseline time for asthma patients was the first asthma diagnosis date, in presence or
absence of any COPDAC. For patients diagnosed with COPDAC in absence of asthma, the
baseline was matched to the distribution of years in the asthma population sample, i.e.
patients being seen in the same year(s). Figure 1 displays the patient selection criteria and a
visual representation of baseline times and data collection. Other study inclusion criteria
were: non-missing age, non-missing gender or race/ethnicity, availability of zip-code, and
availability of medical records for at least five years before diagnosis year. We also extracted
patients without asthma/COPDAC who met the inclusion criteria as random controls, in an
up to 2:1 ratio with the asthma sample, also matching the distribution of diagnostic years.
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For all included patients, we associated their Charlson’s Comorbidity Index (CCl),(21) all
previous diagnoses and procedures using both three-digit and full-digit codes (selecting
those with frequency >1%), and a set of sociodemographic and environmental (“social-
ecological”) indices obtained from the American Community Survey (n=65 indices,
including education, income, poverty, and foreign-born) (22) and U.S. Environmental
Protection Agency (n=8 air quality indices, including median Air Quality Index,
atmospheric levels of particulate matter 2.5, particulate matter 10, sulfur dioxide, nitrogen
dioxide, ozone, and carbon monoxide) (23) corresponding to the zip-code of residence.
Since patients usually had more than one visit and possibly more than one residence over the
study period, the zip-code most frequently reported prior to baseline was used. All statistical
analysis was conducted at the zip-code level, but results were also aggregated by county.
Social-ecological indices were extracted from aforementioned sources for every year
(2005-2014) and matched to patient zip-codes by year of diagnosis. Missing values in the
social-ecological indices were imputed by finding the nearest neighbor(s) matched by zip-
code and year of variable collection, prioritized first on time and then on location. For
comparison, we also used multiple imputations with a time series cross-sectional model.
(24)

To identify demographic, clinical, and sociol-ecological predictors of asthma and COPDAC,
we used univariate analysis, feature ranking by bootstrapped information gain ratio (a
measure of entropy reduction in a target variable achieved by learning the value of another
one, closely related to the Kullback-Leibler divergence),(25) multivariable logistic
regression with LogitBoost selection, decision trees, and random forests.(26) Model
parameters (number of features, number of features randomly selected on each tree split,
minimum number of instances per tree leaf, tree pruning, and number of trees) were
optimized through a bootstrapped grid search. We analyzed the importance of each domain
(i.e. demographic, clinical, socio-ecological) singularly and together, using the area under
the receiver operating characteristic (AUROC), and sensitivity, and specificity. Variable
importance in random forest was assessed using corrected impurity.(27) Out-of-bag data
from bootstrapping was employed to assess model performance and generalizability on
unseen data, using false discovery rate adjustment and a corrected t-test for model
comparison.(28) The programming language java (29) and the statistical suite R (30),
including libraries Amelia, ranger, ROCR, and RWeka were used to process data and
perform all analyses. R libraries choroplethr, choroplethrMaps, and noncensus were used for
the spatial mapping.

Population Characteristics

The 2005-2014 Florida HCUP SID/SASD/SEDD contained a total of 21,091,289 patients
after dataset linkage and cleaning. There were 141,729 patients meeting the inclusion, of
whom 56,052 were diagnosed with asthma and 85,677 with COPDAC (without asthma).
There were 84,737 patients with neither asthma nor COPDAC (random controls). Of note, a
perfect 2:1 ratio of controls to asthma could not be achieved due to sequential exclusion
constraints. For the included years 2005-2014, there was an average of 11,210 asthma cases
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each year (standard deviation (SD) 2,489). The raw prevalence of asthma in this population
(using the Florida 2010 census population greater than 18 years of age as the denominator)
was 95.0 per 100,000 (SD 21.9 per 100,000). The peak number of cases was observed in
2012 (n=13,291).

Table 1 shows population characteristics by outcome group. Compared to COPDAC and
controls, the asthma group had a higher proportion of females (71.5%) and Hispanics
(14.4%), as well as the youngest median age (43 years). The COPDAC patients had a larger
proportion of white patients (80.7%) and a higher median CCI (2) compared to asthma and
controls. Control patients had the highest proportion of African Americans (30.4%). There
were notable differences in mortality. During the follow-up time since diagnosis, 9.9% of
COPDAC patients died as compared to 2.8% of patients in the asthma group and 0.4% in the
controls. The Kaplan-Meier estimate yielded a four-year survival probability of 79.7%
(79.1%-80.3%) for COPDAC, 94.0% (93.6%-94.4%) for asthma, and 95.7% (94.8%-96.6%)
for control patients.

A total of 383 three-digit ICD-9 diagnostic codes, 536 full-digit ICD-9 diagnostic codes, and
106 procedure codes were found, all above 1% frequency. The most frequent diagnostic
codes and procedures from prior clinic encounters are displayed in Figure 2. In the asthma
group, the most common diagnoses prior to the baseline were chronic airway obstruction,
not elsewhere classified (ICD-9: 496), and bronchitis, not specified as acute or chronic
(ICD-9: 490). The most common diagnoses for the COPDAC group prior to baseline were
chronic airway obstruction, not elsewhere classified (ICD-9: 496), and chronic bronchitis
(ICD-9: 491). In the asthma population, the three most frequent diagnoses were symptoms
involving respiratory system and other chest symptoms (ICD-9: 786), essential hypertension
(ICD-9: 401), and other symptoms involving abdomen and pelvis (ICD-9: 789), while the
three most frequent procedures were esophagogastroduodenoscopy with closed biopsy
(ICD-9: 4516), application of splint (ICD-9 code 9354), and injection or infusion of other
therapeutic or prophylactic substance (ICD-9: 9929).

Univariate Analysis

We subsequently performed univariate analysis to identify diagnoses, procedures,
demographic, and other socio-ecological variables exhibiting the highest information gain
ratio (IGR) in relation to a subsequent diagnosis of asthma versus COPDAC. In Table 2, we
show variables in the clinical diagnoses and procedures domain with the highest IGR, along
with bootstrapped frequency and mean values. Of note, when the HCUP data were merged
with ecological variables from other sources, 2,670 observations were excluded due to
inability to match zip-code to a Florida zip-code. Comparing prodromal clinical diagnoses
for asthma versus COPDAC and control groups, diseases of the respiratory system and other
disorders of female genital tract were more frequent in asthma, and diseases of arteries,
arterioles, and capillaries were more frequent in COPDAC. When restricting the comparison
to asthma versus COPDAC without controls, the diagnoses complications of pregnancy,
childbirth, and the puerperium were more frequent in asthma. For clinical procedures, we
observed procedures related to pregnancy complications were more frequent in asthma, and
that procedures related to cardiovascular diseases were more frequent in COPDAC.
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In order to assess the stability of the variable importance ranking through IGR, we repeated
the univariate analysis using two other indices (calculated from univariate logistic
regression) namely the Akaike Information Criterion (AIC) and the AUROC. For the AIC,
results were similar to those obtained by using the IGR. For AUROC, clinical diagnoses
related to diseases of the respiratory system (codes 460-519), symptoms, signs, and ill-
defined conditions (codes 780-799), as well as injuries (codes 800-999), tended to be ranked
higher.

We then analyzed socio-ecological prodromal correlates of asthma versus COPDAC, and
random controls. The top-scoring variables in terms of IGR included air quality indices,
such as particulate matter and carbon monoxide levels, and social indices related to income,
age and gender. When limiting the comparison to asthma versus COPDAC without controls,
the air quality indices did not show high IGR. Figure 3 shows the county-level 2010-2014
prevalence of asthma and COPDAC diagnoses, and air quality indices. From a geospatial
perspective, there were “hotspots” where the prevalence of asthma as well as COPDAC was
significantly higher than the state average, specifically in Wakulla, Franklin, Union and
Bradford counties located in the northwest area of Florida.

Multivariable Analysis

We then fitted multivariable models on single and merged domains, using the top variables
in terms of IGR for each domain (200 variables, optimized through a bootstrapped grid
search). For a multi-domain analysis comparing asthma versus COPDAC and controls, the
optimal random forest (500 trees, and a number of variables for each split equal to the
inverse hyperbolic sine of the total) outperformed the boosted logistic regression (containing
more than a hundred variables after feature selection) and the decision tree in terms of
AUROC (Figure 4 A). However, for the comparison of asthma to COPDAC without
controls, random forest, boosted logistic regression and decision tree all performed similarly
(Figure 4 B), yielding average AUROCs of 83%, 84%, and 82%, respectively. The simplified
tree had an AUROC of 81%. The differences in means were significant at the 0.01 level. The
logistic regressor included 157 variables, while the simplified tree had a size of 25 nodes
with 6 variables.

Figure 5 shows the discriminatory power of each domain and of domains together (for the
single domain analyses, we used random forests). When distinguishing asthma versus
COPDAC and controls, the domain with the highest discriminatory power was socio-
ecological (AUROC 74%), followed by clinical diagnoses (AUROC 70%), demographics
(AUROC 69%), clinical procedures (AUROC 61%), and CCI (AUROC 57%). Merging
domains together improved by overall performance by 10% (AUROC 84%). When
comparing asthma to COPDAC without controls, the highest performing domain was
clinical diagnoses (AUROC 82%), followed by demographics (AUROC 78%), CClI
(AUROC 73%), clinical procedures (AUROC 71%), and socio-ecological (AUROC 61%).
For that comparison, merging domains only improved overall performance by 1% (AUROC
83%). As a sensitivity analysis, we removed all variables related to prior diagnoses of
COPDAC, and the overall AUROC decreased slightly (3% or less). The most important prior
diagnoses of COPDAC were: bronchitis, not specified as acute or chronic (490), and chronic
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airway obstruction, not elsewhere classified (496). Also, model performance was similar
when changing the imputation method from nearest neighbor to time series cross sectional.

We then ranked the importance of variables from all the domains using random forests and
corrected Gini impurity (Figure 6). The most important predictors for the asthma versus
COPDAC and controls were primarily socio-ecological variables, while for asthma versus
COPDAC without controls, demographic and clinical variables such as age, CCl, and prior
clinical diagnoses, scored better.

The simplified decision trees for predicting asthma are displayed in Figure 7. However, for
the simplified decision tree, its performance is inferior in distinguishing asthma versus
COPDAC and contrals, as well asthma versus COPDAC without controls (AUROC 71% and
81%, respectively, compared to the best performing models with AUROC 83% and 84%,
respectively).

Discussion

This study presents a multi-domain, big data analysis of predictors of asthma versus
COPDAC (with and without controls). Our novel approach required a comprehensive
linkage of clinical and socio-ecological domains to add social and environmental variables
related to diseases of the respiratory tract to the domains analyzed. Clinically, our findings
have future utility in creating comprehensive risk prediction models incorporating data from
the patient and their environment. Such models will have utility for clinicians and patients
who wish to distinguish future asthma versus COPDAC, and design treatment and
prevention strategies accordingly.

This study presents two main analyses: predicting asthma versus COPDAC and controls, and
predicting asthma versus COPDAC without controls. For the latter, the multi-domain
approach combining clinical, demographic, and socio-ecological data had superior
performance (AUROC 84%, 10% higher than best single domain model). The latter
comparison’s best performing model was clinical diagnoses (AUROC 82%), and merging
other domains did not significantly improve the models performance. This is an interesting
finding given that the most common prodromal diagnoses for asthma and COPDAC patients
were fairly similar (asthma: chronic airway obstruction, not elsewhere classified, and
bronchitis, not specified as acute or chronic; COPDAC: chronic airway obstruction, not
elsewhere specified, and chronic bronchitis). However as also detailed in our results, those
similar diagnoses may differentiate between the two respiratory ailments by virtue of being
applied to the younger, more female and Hispanic asthma population versus the older, more
male and white COPDAC population.

Further to this, our findings of lipid and cardiovascular disease more common to COPDAC
patients likely reflects the increased risk of cardiovascular disease in patients with
COPDAC.(31) Our findings of significantly lower survival rates in COPDAC patients may
reflect that increased incidence of cardiovascular disease and COPDAC patient’s higher
median age. The clinical utility of those results however, is confounded by the common
lifestyle associations with both COPDAC and cardiovascular disease such as smoking,
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which may be involved in the pathogenesis of both conditions, and unfortunately was not a
variable in this dataset.(32)

Similarly, the top clinical diagnoses and procedures that included pregnancy, childbirth, or
complications thereof were more frequent in asthma. This likely reflects the high incidence
of asthma exacerbations during pregnancy and the female predominance of the asthma
sample.(33) Pregnant women with asthma have higher risk for hemorrhage and cesarean
section (as reflected in our data).(33) The increase in asthma exacerbation frequency may be
due to physiologic (particularly immunologic) changes in females during pregnancy. (34) It
is unknown whether improved asthma diagnostic sensitivity and symptom control prior to
conception helps prevent or decrease asthma-related pregnancy complications.(35) Notably,
this study’s pregnancy-related findings were only significant only using the IGR method,
and not the odds-ratio or the AUROC method.

Both the aforementioned findings for COPDAC and asthma largely reflect known
characteristics of both diseases. It is unclear whether those characteristics are
physiologically-linked or manifestations of clinicians’ bias and tendencies when treating
patients (i.e., higher index of suspicion for COPDAC in elderly patients, or more vigilant
treatment (and thereby diagnostic coding) of asthma in pregnancy). However, when utilizing
big data for epidemiologic studies, such findings (whether causative by a physiologic
mechanism or by a clinician’s association) can be useful in deriving predictive models.

With regard to socio-ecological variables, multivariate variable importance ranking by
means of corrected Gini impurity obtained from random forests contained a number of top-
scoring socio-ecological variables in both comparisons. Socio-ecological variables were the
highest performing single domain in comparing asthma versus COPDAC and controls. With
validation and construction of a future clinical prediction rule in mind, our findings that
socio-ecological domains have a high discriminatory power is important. However, those
environmental domains, particularly sociodemographic and air quality indices, contributed
strongly to the data variance. This warrants a more thorough investigation of ecological
determinants to identifying additional sources (e.g. integrating data from National Centers
for Environmental Information),(36) and optimizing the geographic resolution (e.g. census
block vs. zip-code vs. county level). Despite that, our findings on environmental predictors
and air quality (particulate and carbon monoxide content) are immediately useful for
clinicians and public health stakeholders in Florida and elsewhere in advocating for air
quality improvements, particularly in the “hot spot” counties identified in this study.

While our models have significant predictive value, they all contain a large number of
variables. Some have suggested a maximum of 10 variables for use in clinical practice.(37)
However, a review of operative clinical decision models found a median of 27 variables.(38)
Therefore currently there is no ‘simple score’ which predicts asthma in the general
population with high sensitivity and specificity. The logistic main effects model has good
performance (79% AUROC) but also utilizes a high number of variables (even after feature
shrinkage). Further to this, the logistic main effects model is superseded by the decision tree
and random forest, both nonlinear methods. Even the best decision tree had a high number
of nodes that do not facilitate quick clinical interpretation. Overall, prediction of asthma
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versus COPDAC arises from a multiplicity of factors that are difficult to pare down in a
simplified model at this time. Therefore future work should focus on integrating multi-
domain data into a simplified, clinically usable tool that can be prospectively validated.

Limitations

This work has limitations which merit discussion. It is a retrospective analysis of an
observational dataset from a single state, although Florida is the third most populated state in
the US. (17) HCUP combines race and ethnicity into one variable, which limited our
demographic analysis. Given that this was a large retrospective database, there is no way to
definitively confirm whether the included patients had asthma, COPDAC, or neither asthma
nor COPDAC. We chose to use ICD codes as a proxy for those diagnoses (and lack of
diagnoses), even though ICD codes are not a perfect proxy for asthma and COPDAC.
However, studies have demonstrated good correlation of ICD codes with patient
questionnaires,(39) and that a confirmed code improves accuracy. Therefore, we chose to
twice confirm the asthma diagnosis for patients included in the asthma group. The HCUP
database does not include questionnaire data (such as smoking history or other atopy),
physiologic data such as BMI, pharmacy data, laboratory data, or results of spirometry tests.
Since some of the strongest predictors of asthma are lung function measurements and
diagnoses at a younger age,(40,41) this is a shortcoming of using that dataset. We analyzed
only ten years of Florida HCUP data, which may have excluded patients only seen earlier in
the study timeframe and/or patients who do not regularly seek medical care. Additionally,
apart from survival, we did not examine other patient outcomes as the objective of the study
was to look at predictors of asthma versus COPDAC.

Our choice of the univariate feature scoring method used may have produced very different
rankings (e.g. IGR vs. AUROC). However, we included over a third of the original variable
space in the multivariable analysis, and the multivariable models’ performance were not
affected. However, the variable importance ranking obtained from the random forest showed
different rankings than the univariate IGR, which warrants further investigation on the intra-
domain and inter-domain variable mechanics behind that difference.

With regard to specific domain analysis, we included a specific set of socio-ecological
indices and made broad assumptions on the indices’ characteristics over time and space. For
instance, for missing value imputation, the nearest neighbor method for air quality indices
may not be the best choice given the sparsely located air monitors in Florida. The usage of a
single pivot year to set socio-ecological indices may be acceptable for socio-economic
factors, since they are relatively stable over time, but may introduce misclassifications for
other indices such as air pollution given their large temporal variations. Also, due to the lack
of residential mobility data and use of a single zip-code over all encounters, we may have
introduced non-differential misclassification.(42)

Conclusion

In this large statewide study which linked clinical and socio-ecological domains, we found
prodromal correlates of future asthma (female gender and pregnancy-related complications)
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versus COPDAC (cardiovascular disease). We also found that combining multiple (as
opposed to single) domains does yield more sensitive and specific prediction models for
asthma versus COPDAC and controls, but that clinical diagnoses as a single domain was the
best model for asthma versus COPDAC without controls. However, the large number of
variables in our simplified decision trees precludes immediate clinical application of those
models. In order to predict and prevent asthma and its significant and costly complications,
future work should focus on validating our findings beyond Florida, further exploring socio-
ecological domain variables, and creating a streamlined prediction tool for clinicians.
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Figure 3.
Geographic distribution in Florida (county-level) between 2010 and 2014 of: (A) asthma
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index; (E) average particulate matter (diameter of less than 2.5 micrometers); (F) average
24 highest carbon monoxide level in a 8-hour period by county. % indicate counties with
values at least two standard deviations from the State mean.
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Figure®6.

Multivariate variable importance ranking by means of corrected Gini impurity obtained from

random forests. Top panel (A) shows Asthma vs. COPDAC + random controls, bottom panel
(B) shows Asthma vs. COPDAC. Plots show average and standard deviation of the most

important 15 variables estimated from 10 bootstrap runs.
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Table 1.

Population characteristics.

Random
S ol
no COPDAC)

Total N 56052 85677 84737
Female N (%) 40079 (71.5%) | 39644 (46.3%) | 48034 (56.7%)
Race White N (%) 33156 (59.2%) | 69130 (80.7%) 49188 (58%)
Race African American N (%) 13357 (23.8%) | 9725 (11.4%) | 25779 (30.4%)
Ethnicity Hispanic N (%) 8058 (14.4%) 5565 (6.5%) 6680 (7.9%)
Race Asian or Pacific Islander N (%) 276 (0.5%) 212 (0.2%) 744 (0.9%)
Race Native American N (%) 71 (0.1%) 91 (0.1%) 107 (0.1%)
Race Other N (%) 1134 (2%) 954 (1.1%) 2239 (2.6%)
Age median (interquartile range, IQR) 43 (30-53) 54 (47-60) 45 (31-56)
Year of asthma/COPDAC diagnosis (or baseline) median (IQR) 2012 (2011-2013)
Years of prior medical history available in HCUP median (IQR) 6 (5-7) 6 (5-7) 6 (5-7)
Charlson’s comorbidity index median (IQR) 0(0-1) 2 (1-4) 0 (0-0)
Bronchitis, not specified as acute or chronic (ICD-9 code 490) 7981 (14.2%) | 10984 (12.8%) N/A
Chronic bronchitis (ICD-9 code 491) 5773 (10.3%) | 21371 (24.9%) N/A
Emphysema (ICD-9 code 492) 1293 (2.3%) 7794 (9.1%) N/A
Chronic airway obstruction, not elsewhere classified (ICD-9 code 496) 8467 (15.1%) | 43174 (50.4%) N/A
Obstructive chronic bronchitis without exacerbation (ICD-9 code 491.20) 866 (1.5%) 3230 (3.8%) N/A
Obstructive chronic bronchitis with (acute) exacerbation (ICD-9 code 491.21) 4117 (7.3%) 15667 (18.3%) N/A
Obstructive chronic bronchitis with acute bronchitis (ICD-9 code 491.22) 1719 (3.1%) 5111 (6%) N/A
Other emphysema (ICD-9 code 492.8) 1236 (2.2%) 7397 (8.6%) N/A
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Table 2.

Page 21

Top-10 variables on each domain (clinical diagnoses, procedures, and socio-ecological) showing the highest
information gain ratio (IGR) with respect to the asthma diagnosis (univariate analysis, indices estimated

through 10-fold replicates).

Asthma vs. COPDAC + Random Controls

IGR Rand.
Clinical diagnoses (ICD-9 code) mean O/A?;g?) (E;O(ZD;S Contr.
(st.dev) oS 0 S % (st.err)
Bronchitis, not specified as acute or chronic (490) 0.023 (0.0006) | 14.3% (0.1) | 12.9% (0.1) NA
Noninflammatory disorders of ovary fallopian tube and broad ligament (620) 0.019 (0.0013) 8% (0.1) 2.6% (0.1) 4.6% (0.1)
Malignant neoplasm of trachea bronchus and lung (162) 0.019 (0.0007) | 0.6% (0.03) | 4.2% (0.1) | 0.1% (0.01)
Acute bronchitis and bronchiolitis (466) 0.017 (0.0003) | 16.8% (0.2) | 13.2% (0.1) | 4.1% (0.1)
Noninflammatory disorders of vagina (623) 0.017 (0.0018) | 5.8% (0.1) | 1.9% (0.05) | 3.3% (0.1)
Acute pharyngitis (462) 0.017 (0.0009) | 12.29% (0.1) | 6.4% (0.1) | 5.7% (0.1)
Acute upper respiratory infections of multiple or unspecified sites (465) 0.016 (0.0009) | 13.1% (0.1) | 8.5% (0.1) 4.9% (0.1)
tl?;i(t)r(%ezrg)of menstruation and other abnormal bleeding from female genital 0.016 (0.0004) | 8.1% (0.1) 2.5% (0.1) 5.4% (0.1)
Aortic aneurysm and dissection (441) 0.016 (0.001) | 0.5% (0.03) | 3.1% (0.1) | 0.3% (0.02)
Atherosclerosis (440) 0.015 (0.0003) 2% (0.1) 9.3% (0.1) | 1.3% (0.04)
IGR Rand.
Clinical procedures (ICD-9 code) mean WA?;";?) ‘E;O(ZD:::) Contr.
(st.dev) oS 0 & % (st.err)
Other Fetal Monitoring (7534) 0.018 (0.0022) | 1.9% (0.1) | 0.3% (0.02) | 1.2% (0.04)
Low Cervical Cesarean Section (741) 0.013 (0.001) 4.7% (0.1) | 0.7% (0.03) | 3.9% (0.1)
Angioplasty Of Other Non-Coronary Vessel (3950) 0.012 (0.0009) | 1.2% (0.05) | 5.4% (0.1) | 0.9% (0.03)
Insertion Of Non-Drug-Eluting, Non-Coronary Artery Stent(s) (3990) 0.012 (0.0009) | 0.7% (0.04) | 3.6% (0.1) | 0.4% (0.02)
Procedure On Single Vessel (0040) 0.012 (0.0006) | 3.2% (0.1) | 11.5% (0.1) | 2.6% (0.1)
Avrteriography Of Femoral And Other Lower Extremity Arteries (8848) 0.011 (0.0008) | 1.6% (0.1) 6.3% (0.1) 1% (0.03)
Procedure On Two Vessels (0041) 0.011 (0.0007) | 0.9% (0.04) | 3.5% (0.1) | 0.7% (0.03)
Percutaneous [Endoscopic] Gastrostomy (4311) 0.01 (0.0007) | 0.5% (0.03) | 2.1% (0.05) | 0.3% (0.02)
Aortography (8842) 0.01 (0.0006) 2% (0.1) 7.6% (0.1) | 1.3% (0.04)
Percutaneous Transluminal Coronary Angioplasty (0066) 0.01 (0.0004) 2.8% (0.1) 9.2% (0.1) 2.3% (0.1)
Asthma vs. COPDAC
IGR
L . Asthma COPDAC
Clinical diagnoses (ICD-9 code) (;136;\1/) % (sterr) % (serr)
Chronic airway obstruction, not elsewhere classified (496) 0.106 (0.0008) | 15.1% (0.2) | 50.4% (0.2)
Outcome of delivery, single liveborn (V270) 0.099 (0.0025) | 10.3% (0.1) | 1.5% (0.04)
Other current conditions in the mother classifiable elsewhere but complicating
pregnancy childbirth or the puerperium (648) 0.088 (0.0021) | 8.7% (0.1) | 1.4% (0.04)
Other complications of pregnancy not elsewhere classified (646) 0.077 (0.0017) | 5.4% (0.1) | 0.9% (0.03) NA
Trauma to perineum and vulva during delivery (664) 0.077 (0.0043) | 2.7% (0.1) | 0.4% (0.02)
Abnormality of organs and soft tissues of pelvis (654) 0.075 (0.0042) | 3.6% (0.1) | 0.5% (0.03)
Hemorrhage in early pregnancy (640) 0.075 (0.002) 4% (0.1) 0.6% (0.03)
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Umbilical cord complications during labor and delivery (663) 0.074 (0.0045) | 2.9% (0.1) | 0.4% (0.02)
Excessive vomiting in pregnancy (643) 0.07 (0.0042) 2.3% (0.1) | 0.3% (0.02)
Early or threatened labor (644) 0.07 (0.0025) 3% (0.1) 0.5% (0.02)
Clinical procedures (ICD-9 code) rln(zsn Asthma COFDAC

(st.dev) % (st.err) % (st.err)

Other Manually Assisted Delivery (7359) 0.079 (0.0034) | 5.3% (0.1) | 0.8% (0.03)
Repair Of Other Current Obstetric Laceration (7569) 0.076 (0.0057) | 2.5% (0.1) | 0.3% (0.02)
Low Cervical Cesarean Section (741) 0.075(0.0031) | 4.7% (0.1) | 0.7% (0.03)
Other Atrtificial Rupture Of Membranes (7309) 0.07 (0.0034) 2.3% (0.1) | 0.3% (0.02)
Other Fetal Monitoring (7534) 0.067 (0.0032) | 1.9% (0.1) | 0.3% (0.02)
Medical Induction Of Labor (734) 0.063 (0.0026) | 2.2% (0.1) | 0.3% (0.02)
Procedure On Single Vessel (0040) 0.043 (0.0021) | 3.2% (0.1) | 11.5% (0.1)
Angioplasty Of Other Non-Coronary Vessel (3950) 0.042 (0.0011) | 1.2% (0.05) | 5.4% (0.1)
Aortography (8842) 0.04 (0.0014) 2% (0.1) 7.6% (0.1)
Arteriography Of Femoral And Other Lower Extremity Arteries (8848) 0.04 (0.0006) 1.6% (0.1) 6.3% (0.1)
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Table 3.
Model performance
Data AUROC Sensitivity Specificity Cutoff
et Model Domain(s) average average average average
(st.dev) (st.dev) (st.dev) (st.dev)
Boosted logistic 0.79(0.002) | 0.7(0.004) | 0.75(0.002) | 0.26 (0.001)
regression
Optimized decision 0.82 (0.003) | 0.72(0.009) | 0.77 (0.011) | 0.2 (0.014)
tree
All
Simplified decision 0.71 (0.002) | 0.66 (0.001) | 0.63 (0.003) | 0.19 (0.002)
tree
One rule 0.54 (0.002) | 0.14 (0.005) | 0.93 (0.0002) | 0.42 (0.005)
Asthma vs. COPDAC +
random controls All 0.84 (0.0004) | 0.75(0.009) | 0.77 (0.010) | 0.27 (0.003)
Clinical diagnoses 0.70 (0.0009) | 0.63 (0.006) | 0.65(0.007) | 0.26 (0.002)
Clinical procedures 0.61 (0.002) 0.6 (0.003) 0.55 (0.003) | 0.27 (0.001)
Random forest Demographics 0.69 (0.003) | 0.64 (0.005) | 0.64 (0.002) | 0.25 (0.003)
Charlson’s 0.57 (0.002) | 0.8(0.002) | 0.33(0.001) | 0.27(0.031)
comorbidity index
Social-ecological 0.74 (0.001) | 0.72(0.008) | 0.64 (0.009) | 0.27 (0.003)
Boosted logistic 0.84 (0.002) | 0.76 (0.009) | 0.79(0.007) | 0.4(0.01)
regression
Optimized decision 0.82(0.003) | 0.74 (0.004) | 0.78(0.011) | 0.32(0.021)
tree
All
Simplified decision 0.81(0.001) | 0.72(0.013) | 0.8(0.016) | 0.37 (0.069)
tree
One rule 0.56 (0.029) | 0.5(0.134) | 0.61(0.116) | 0.42(0.111)
Asthma vs. COPDAC All 0.83 (0.002) 0.74 (0.008) 0.79 (0.007) 0.39 (0.006)
Clinical diagnoses 0.82 (0.001) | 0.74(0.003) | 0.78 (0.003) | 0.36 (0.003)
Clinical procedures 0.71(0.002) | 0.68(0.009) | 0.64 (0.009) | 0.43(0.014)
Random forest Demographics 0.78 (0.002) | 0.69 (0.007) | 0.74 (0.009) | 0.36 (0.005)
Charlson’s 0.73(0.001) | 0.58(0.002) | 0.82(0.002) | 0.68 (0.002)
comorbidity index
Social-ecological 0.61 (0.002) 0.57 (0.01) 0.59 (0.012) | 0.39 (0.004)
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