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Abstract

Background: A significant burden on health care comes from asthma hospital visits including emergency department visits
and inpatient stays. To leverage preventive care more effectively in managing asthma, we formerly employed machine learning
and the University of Washington Medicine (UWM) data to build the world’s most accurate model to forecast which asthma
patients will encounter asthma hospital visits during the successive 12 months.

Objective: Currently, two questions remain regarding our model’s performance. First, for a patient who will encounter asthma
hospital visits in the future, how timely can our model identify the risk for the first time? Second, if our model erroneously
predicts a patient to encounter asthma hospital visits at the UWM during the successive 12 months, how likely will the patient
encounter >1 asthma hospital visit somewhere else or have >1 surrogate of a poor outcome? This work aims to answer these
two questions.

Methods: The patient cohort covered every adult asthma patient who received care at the UWM during 2011-2018. Using the
UWM data, our model made predictions on the asthma patients in 2018. For every such patient with >1 asthma hospital visit
at the UWM in 2019, we computed the number of days of advanced warning that our model gave on the patient for the first
time. For every such patient erroneously projected to encounter >1 asthma hospital visit at the UWM in 2019, we used
PreManage and the UWM data to check whether the patient had >1 asthma hospital visit outside of the UWM in 2019 or any
surrogate of a poor outcome. Surrogates of poor outcomes included order of systemic corticosteroids during the successive 12
months, any type of visit for asthma exacerbation during the successive 12 months, and asthma hospital visit between the
successive 13-24 months.

Results: Among the 218 asthma patients in 2018 with asthma hospital visits at the UWM in 2019, 61.9% (135/218) were given
risk warnings for such visits for the first time >3 months ahead by our model and 84.4% (184/218) were given risk warnings
>1 day ahead. Among the 1,310 asthma patients in 2018 erroneously projected to encounter asthma hospital visits at the UWM
in 2019, 29.01% (380/1,310) had asthma hospital visits outside of the UWM in 2019 or surrogates of poor outcomes.
Conclusions: Our model gave timely risk warnings for most asthma patients with poor outcomes. 29.01% (380/1,310) of
asthma patients for whom our model gave false-positive predictions had asthma hospital visits somewhere else during the
successive 12 months or surrogates of poor outcomes, and were reasonable candidates for preventive interventions. There is
still significant room for improving our model to give more accurate and more timely risk warnings.
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Introduction
Background

Over 262 million people in the world have asthma [1]. In the United States, around 7.8% of Americans have asthma, which
leads to 1.6 million emergency department (ED) visits, 179 thousand inpatient stays [2], and an aggregate medical cost of U.S.
$50.3 billion [3] annually. A main goal in asthma management is to curtail asthma hospital visits, i.e., ED visits and inpatient
stays for asthma. To serve this purpose, a state-of-the-art approach is to implement a predictive model to find patients who are
at significant risk of encountering asthma hospital visits in the future. If deemed high risk, the patient is considered for
enrollment in a care management program to receive preventive interventions. There, a care manager regularly follows up with
the patient to monitor the status of asthma control, to alter asthma medications as the need arises, and to help book relevant
services. This approach is employed by lots of health care systems, such as Intermountain Healthcare, the University of
Washington Medicine (UWM), and Kaiser Permanente Northern California [4], along with many health plans, such as the
health plans in 9 of 12 urban communities [5]. When used properly, this approach can curtail asthma hospital visits by up to
40% [5-9].

A care management program typically takes no more than 3% of the patients due to capacity constraints [10]. To optimize
the efficacy of such programs, we recently employed extreme gradient boosting (XGBoost) [11], a machine learning algorithm,
and the UWM data to build the world’s most accurate model to forecast which asthma patients will encounter asthma hospital
visits during the successive 12 months [12]. Our model obtained an area under the receiver operating characteristic curve of
0.902, a specificity of 90.91% (13,115/14,426), a sensitivity of 70.2% (153/218), a positive predictive value of 10.45%
(153/1,464), a negative predictive value of 99.51% (13,115/13,180), and an accuracy of 90.60% (13,268/14,644) [12].
Compared with every prior model for this prediction task [4,13-26], our model improved the area under the receiver operating
characteristic curve by >10%.



Objective

Currently, two questions remain regarding our model’s performance. First, for a patient who will encounter asthma hospital
visits in the future, how timely can our model identify the risk for the first time? Since any preventive intervention requires
sufficient time to take effect [27,28], a model should identify the risk as early as possible to provide preventive interventions
in time to avoid the poor outcome. Second, if our model erroneously predicts a patient to encounter >1 asthma hospital visit at
the UWM during the successive 12 months, how likely will the patient encounter >1 asthma hospital visit somewhere else
outside of the UWM or have >1 surrogate of a poor outcome? As our model was trained on the UWM data, it can only predict
future asthma hospital visits at the UWM. The goal of this work is to answer these two questions. Part of the analysis that we
conducted to answer the second question was formerly published as an abstract in the 2022 American Academy of Allergy,
Asthma & Immunology annual meeting [29].

Methods
Parts reused from our prior paper

The following parts were reused from our prior UWM model building paper [12]: the patient cohort, the features, the
prediction target, the cutoff point for conducting binary classification, the training set, the test set, and the predictive model.

Ethics approval
The institutional review board of the UWM approved this retrospective cohort study.

Patient cohort

As the biggest academic health care system in Washington state, the UWM maintains an enterprise data warehouse storing
clinical and administrative data from 12 clinics and 3 hospitals for adults. The patient cohort was composed of every adult
asthma patient (age in years > 18) who was given care at any of those 15 UWM facilities during 2011-2018. A patient was
deemed asthmatic in a given year when the patient’s visit billing data in that year included >1 asthma diagnosis code
(International Classification of Diseases, Tenth Revision [ICD-10]: J45.x; International Classification of Diseases, Ninth
Revision [ICD-9]: 493.1x, 493.0x, 493.9x, 493.8x) [13,30]. This asthma case finding method has been shown to strike the best
balance between sensitivity and positive predictive value among several rule-based asthma case finding methods, does not
require the patient to have >1 year of historical data, and suits to be used for population health management [30]. Patients who
died during that year were excluded.

Data sets

Two data sets were used. The first data set was retrieved from the UWM’s enterprise data warehouse. The data set held
structured administrative and clinical data documented for the visits by the patient cohort to the 15 UWM facilities during 2011
to 2020. The second data set came from Collective Medical Technologies Inc.’s commercial product PreManage [31]. The data
set contained structured visit and diagnosis data of the ED visits and inpatient stays that our patient cohort had at every hospital
in Washington state and many other American hospitals outside of Washington state during 2019.

Overview of our predictive model
Prediction target, the training set, and the test set

For an asthma patient at a given time point, the prediction target was whether the patient would encounter >1 asthma hospital
visit during the successive 12 months. The prediction was made using the patient’s data up to this time point. An asthma hospital
visit was defined as an ED visit or an inpatient stay with a principal diagnosis of asthma (ICD-10: J45.x; ICD-9: 493.1x, 493.0X,
493.9x, 493.8x). During model training and testing, for each patient who was asthmatic in a given year, we adopted the data of
the patient by the end of the year to predict the outcome of the patient in the successive 12 months [12]. Since the prediction
target came from the successive 12 months, the UWM data between 2011 and 2019 provided 8 years of effective data for model
training and testing. The effective data between 2011 and 2017 were employed as the training set for training our predictive
model. The effective data of 2018 were used as the test set for testing our model. To answer the two questions posed in the
introduction, we focused on the asthma patients in the test set, i.e., the asthma patients in 2018, and examined the predictions
that our model made on these patients. For the asthma patients in 2018 who were erroneously projected to encounter asthma
hospital visits at the UWM in 2019, the UWM data of 2020 were used to compute one of the surrogates of poor outcomes.

Machine learning algorithm and features

Our predictive model was constructed using 71 features and the XGBoost classification algorithm [11]. These 71 features
are presented in the online multimedia appendix of our prior UWM model building paper [12]. They were constructed using
the attributes in our UWM data set, which cover diverse aspects such as diagnoses, patient demographics, vital signs, visits,
laboratory tests, procedures, and medications. Two exemplary features are the number of days from the patient’s most recent
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ED visit and the count of asthma diagnoses that the patient received in the past 12 months. These 71 features were included in
every data instance inputted to our predictive model.

Cutoff point for conducting binary classification

We put the cutoff point for conducting binary classification at the uppermost 10% of the risk scores computed by our model.
Each patient with a risk score above this cutoff point was projected to encounter >1 asthma hospital visit during the successive
12 months.

Assessing the timeliness of the risk warnings given for the first time by our model

Given a predictive model and an asthma patient in 2018 whose first asthma hospital visit in 2019 happened on date T, we
measured k, the number of days of advanced warning that the model gave on the patient for the first time. To compute k, we
started from T — 365 and kept moving forward along the timeline to find the earliest date T' (T — 365 < T' < T — 1) such that by
taking the feature values computed on the patient’s historical data up to T' as inputs, the model would predict the patient to
encounter >1 asthma hospital visit during the 12 months after T'. In this case, the model warned the patient’s first asthma
hospital visit after T'k (1 <k <T - T') days beforehand, with T' + k being the starting date of the patient’s first asthma hospital
visit after T' (see Figure 1). Otherwise, if the model still predicted no future asthma hospital visit when we reached T — 1, the
model warned the patient’s asthma hospital visit on T k = 0 day beforehand. The larger the k, the more timely the risk warning
that the model gave on the patient for the first time. k reflected how early before a poor outcome occurred the care manager
would be prompted for the first time to consider giving the patient preventive interventions. The value of k was not affected by
any prediction made by the model when the feature values computed on the patient’s historical data up to a given date after T'
were taken as inputs.

Time period employedlto compute the features on T'
[ 1

Time period employed to compute the features on T — 364
A
[ |
Time period employed lto compute the features on T — 365
[ |

P M 0 T Time
T

January 1, 2011 T 365 T - 364 T T +k

The patient’s first asthma
hospital visit after T'

Figure 1. The way to compute k.

For our predictive model, we computed k on every asthma patient in 2018 who encountered >1 asthma hospital visit at the
UWM in 2019 and presented the mean and the distribution of k.

Analyzing the false-positive predictions made by our model

For each asthma patient in 2018 whom our model erroneously projected to encounter >1 asthma hospital visit at the UWM
in 2019, we used PreManage data to check whether the patient encountered >1 asthma hospital visit outside of the UWM in
2019. We used the UWM data to check whether the patient had any surrogate of a poor outcome. Surrogates of poor outcomes
included order of systemic corticosteroids during the successive 12 months (i.e., in 2019), any type of visit with a primary or
principal diagnosis of asthma exacerbation during the successive 12 months (i.e., in 2019), and asthma hospital visit between
the successive 13-24 months (i.e., in 2020). Systemic corticosteroids are used to treat asthma exacerbations. In addition, if the
patient had >1 order of systemic corticosteroids in 2019, we computed the number of systemic corticosteroids ordered for the
patient in 2019 counting multiplicity. This number partially reflected the degree of the patient’s poor asthma control. We
presented the distribution of this number.

Results
The clinical characteristics and the demographics of our patient cohort

Tables 1 and 2 in the Appendix present the summary statistics of the clinical characteristics and the demographics of the
UWM asthma patients during 2011-2017 and in 2018, respectively. There, every data instance links to a distinct (index year,
patient) pair and is employed to project the outcome of the patient in the successive 12 months. Our prior paper [12] included
detailed comparison results of the clinical characteristics and the demographics of the two sets of patients.



The timeliness of the risk warnings given for the first time by our model

218 or 1.49% (218/14,644) of the asthma patients in 2018 encountered asthma hospital visits at the UWM in 2019. Figure 2
plots the distribution of the number of days of advanced warning for asthma hospital visit that our model gave for the first time
for every such patient. The mean and the standard deviation of the number of days of advanced warning is 190 and 150,
respectively. For these 218 patients, our model could give risk warnings for the first time >12 months ahead for 30.7% (67/218)
of them, >6 months ahead for 49.1% (107/218) of them, >3 months ahead for 61.9% (135/218) of them, >1 month ahead for
76.6% (167/218) of them, >2 weeks ahead for 83.0% (181/218) of them, and >1 day ahead for 84.4% (184/218) of them.
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Figure 2. Among the 218 asthma patients in 2018 who encountered asthma hospital visits at the UWM in 2019, the number of
patients for whom our model could give at least ¢ days of advanced warning vs. ¢ (0 < ¢ < 365).

Number of patients for whom our model could
give at least ¢ days of advanced warning

Breakdown of the false-positive predictions made by our model

1,310 asthma patients in 2018 were erroneously projected by our model to encounter asthma hospital visits at the UWM in
2019 [12]. Table 1 shows the number of these patients who had >1 asthma hospital visit outside of the UWM in 2019 or >1
surrogate of poor outcomes.

Table 1. Among the 1,310 asthma patients in 2018 whom our model erroneously projected to encounter asthma hospital visits
at the UWM in 2019, the number of patients who had >1 asthma hospital visit outside of the UWM in 2019 or >1 surrogate of
poor outcomes.

Outcome Patients with this outcome
(n=1,310), n (%)
(a) >1 order of systemic corticosteroids during the successive 12 months 316 (24.12)
(b) Any type of visit with a primary or principal diagnosis of asthma exacerbation 126 (9.62)
during the successive 12 months
(c) Asthma hospital visit between the successive 13-24 months 18 (1.37)
(d) >1 asthma hospital visit outside of the UWM during the successive 12 months 39 (2.98)
Any of (a), (b), and (c) 358 (27.33)
Any of (a), (b), (c), and (d) 380 (29.01)

316 asthma patients in 2018 were erroneously predicted by our model to encounter >1 asthma hospital visit at the UWM in
2019 and had >1 order of systemic corticosteroids in 2019. Figure 3 plots the distribution of the number of systemic
corticosteroids ordered for every such patient in 2019 counting multiplicity. The maximum value of this number is 118.
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Figure 3. Among the 316 asthma patients in 2018 who were erroneously predicted by our model to encounter >1 asthma
hospital visit at the UWM in 2019 and had >1 order of systemic corticosteroids in 2019, the distribution of the number of
systemic corticosteroids ordered for every patient in 2019 counting multiplicity.

Discussion
Principal results

Among the 218 asthma patients in 2018 who encountered asthma hospital visits at the UWM in 2019, the number of patients
for whom our model could give at least ¢ days of advanced warning decreases roughly linearly with ¢ (0 < ¢ < 365) at a fast
pace. Our model gave timely risk warnings (e.g., >3 months ahead) for a large proportion of these 218 asthma patients.
Nevertheless, for another large proportion of these 218 asthma patients, our model could not give timely risk warnings. The
model either gave risk warnings at most a few days ahead or could not foresee a patient’s risk even on the day immediately
before an asthma hospital visit.

Among the 1,310 asthma patients in 2018 whom our model erroneously projected to encounter asthma hospital visits at the
UWM in 2019, 29.01% (380/1,310) had asthma hospital visits outside of the UWM in 2019 or surrogates of poor outcomes,
and hence were reasonable candidates for preventive interventions. Among the 316 of these patients who had >1 order of
systemic corticosteroids in 2019, a large proportion had rather poor asthma control, as reflected by a non-trivial number of
systemic corticosteroids being ordered for each patient in 2019.

Are the risk warnings given for the first time by our model timely enough?

A predictive model should identify the risk for having future asthma hospital visits as early as possible to give the patient
preventive interventions in time to avoid the poor outcome. The time needed for a preventive intervention to take effect varies
by interventions. To the best of our knowledge, there is no consensus on the amount of time needed for a particular preventive
intervention or a particular combination of preventive interventions to take effect for averting future asthma hospital visits.
Consequently, in this study, we could not compute the exact percentage of patients with future asthma hospital visits for whom
our model could give timely risk warnings. Nevertheless, we can shed some light on the rough range of this percentage. In a
prior study [27,28], several clinicians gave the opinion that up to 3 months could be needed for any intervention to take effect
for averting inpatient stays for an ambulatory care sensitive, chronic condition such as asthma. For 61.9% (135/218) of the 218
asthma patients in 2018 who encountered asthma hospital visits at the UWM in 2019, our model could give risk warnings for
the first time >3 months ahead. Accordingly, we would expect the percentage of patients with future asthma hospital visits for
whom our model could give timely risk warnings to be at least 61.9%, which is large. On the other hand, for 15.6% (34/218)
of the 218 asthma patients in 2018 who encountered asthma hospital visits at the UWM in 2019, our model could not foresee
a patient’s risk even on the day immediately before an asthma hospital visit. Thus, the percentage of patients with future asthma
hospital visits for whom our model could not give timely risk warnings is at least 15.6%, which is also large. Combining these
two parts, we estimate the percentage of patients with future asthma hospital visits for whom our model could give timely risk
warnings to be somewhere between 61.9% and 84.4%. There is still significant room for improving our model to give more
timely risk warnings.



Potential impact of the false-positive predictions made by our model

We formerly invented an automated method to supply rule-style explanations for the predictions that an arbitrary machine
learning model makes on tabular data and to suggest tailored interventions [32,33]. Whenever our model gave a risk warning
for a patient, we could use this method to help clinicians decide whether the patient should be enrolled in a care management
program, receive other preventive interventions that are less expensive than care management, or obtain no preventive
intervention. For 134 (87.6%) of the 153 asthma patients in 2018 whom our model accurately projected to encounter asthma
hospital visits at the UWM in 2019, our method supplied rule-style explanations for the predictions made by our model [32].
Each such explanation included >1 modifiable risk factor and linked to >1 intervention [32], whereas the situation could change
for another prediction target or another health care system.

29.01% (380/1,310) of the asthma patients in 2018 whom our model erroneously projected to encounter asthma hospital
visits at the UWM in 2019 had asthma hospital visits outside of the UWM in 2019 or surrogates of poor outcomes. These
patients could benefit from the information provided by our automated explanation method. For the other 70.99% (930/1,310)
of the asthma patients in 2018 whom our model erroneously projected to encounter asthma hospital visits at the UWM in 2019,
our model’s predictions could be truly inaccurate, leaving significant room for improving our model’s accuracy. To know how
many of these predictions would mislead clinicians to make incorrect intervention decisions, we would need to perform a user
study with clinicians. This is left as an area of interest for future work.

Related work

To the best of our knowledge, no prior study has used either any surrogate of a poor outcome or future asthma hospital visits
somewhere else to analyze the false-positive predictions made by a predictive model for asthma hospital visits. Also, no prior
study has assessed the timeliness of the risk warnings given for the first time by such a model. For predicting Clostridium
difficile infection during an inpatient stay, Wiens et al. [34] measured the number of days of advanced warning that a model
gives on the patient. For predicting the total amount of donations that a fundraiser can obtain on a medical crowdfunding
platform, Wang et al. [35] measured the prediction timeliness by the number of days of input data that a model needs in order
to produce predictions within a certain percentage error rate and with a given level of confidence. For predicting the onset of
sepsis, Guan et al. [36] and Lauritsen et al. [37] showed how model accuracy varies by the amount of time from when the
model makes predictions to when sepsis occurs. Sepsis is an acute condition, whereas asthma is a chronic condition.

Limitations
This study has five limitations:

1) This study was performed for one health care system. In the future, we plan to use other health care systems’ data to
perform similar error and timeliness analyses on predicting asthma hospital visits [38,39].

2) This study shows that many false-positive predictions made by our model could be truly inaccurate. While this study does
not examine the factors that could cause our model to make incorrect predictions, future work may investigate these factors
to help improve model performance.

3) The Premanage data set covers every hospital in Washington state and many other American hospitals outside of
Washington state, but not every hospital in the United States. Consequently, our computational results on asthma hospital
visits outside of the UWM in 2019 could miss a small number of asthma patients in 2018 who encountered asthma hospital
visits in 2019 at other American hospitals that are outside of the UWM and whose data are unavailable in Premanage.

4) The surrogates of poor outcomes were computed on the UWM data. Consequently, our computational results on the three
surrogates of poor outcomes miss the asthma patients in 2018 who had surrogates of poor outcomes outside of the UWM.

5) This study computed the number of days of advanced warning for asthma hospital visit that our model gave on a patient
for the first time. This number reflected how early before a poor outcome occurred the care manager would be prompted
for the first time to consider giving the patient preventive interventions. It is currently unknown how likely the care
manager would take actions after receiving such a warning. This is worth studying in future work.

Conclusions

This study analyzed the errors and the timeliness of the risk warnings given by our model for predicting asthma hospital
visits. Our results show that our model gave timely risk warnings for most asthma patients with poor outcomes. 29.01%
(380/1,310) of asthma patients for whom our model gave false-positive predictions had asthma hospital visits somewhere else
during the successive 12 months or surrogates of poor outcomes, and hence were reasonable candidates for preventive
interventions. There is still significant room for improving our model to give more accurate and more timely risk warnings,
e.g., by using predictive and comprehensible temporal features semi-automatically extracted from longitudinal medical data
[35,40,41].
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Appendix

Table 1. The summary statistics of the clinical characteristics and the demographics of the UWM patients with asthma

during 2011-2017.

Variable

Data instances tied to asthma
hospital visits at the UWM in
the successive 12 months
(N=1,184), n (%)

Data instances tied to no
asthma hospital visit at the
UWM in the successive 12
months (N=67,060), n (%)

Data instances
(N=68,244), n
(%)

Age (years)

<40 466 (39.36) 22,993 (34.29) 23,459 (34.38)
40 to 65 583 (49.24) 33,306 (49.67) 33,889 (49.66)

65+ 135 (11.40) 10,761 (16.05) 10,896 (15.97)
Gender

Male 551 (46.54) 23,647 (35.26) 24,198 (35.46)

Female 633 (53.46) 43,413 (64.74) 44,046 (64.54)
Race

White 507 (42.82) 47,240 (70.44) 47,747 (69.97)

Black or African American 520 (43.92) 7,900 (11.78) 8,420 (12.34)
Asian 96 (8.11) 5,625 (8.39) 5,721 (8.38)
American Indian or Alaska native 32 (2.70) 1,326 (1.98) 1,358 (1.99)

Native Hawaiian or other Pacific islander 14 (1.18) 659 (0.98) 673 (0.99)

Unknown or not reported 15 (1.27) 4,310 (6.43) 4,325 (6.34)
Ethnicity

Non-Hispanic 1,062 (89.70) 55,247 (82.38) 56,309 (82.51)

Hispanic 82 (6.93) 3,444 (5.14) 3,526 (5.17)

Unknown or not reported 40 (3.38) 8,369 (12.48) 8,409 (12.32)
Insurance

Private 424 (35.81) 39,585 (59.03) 40,009 (58.63)

Public 756 (63.85) 28,031 (41.80) 28,787 (42.18)

Self-paid or charity 65 (5.49) 1,301 (1.94) 1,366 (2.00)
Number of years since the first asthma-related visit in the UWM data set

<3 986 (83.28) 59,887 (89.30) 60,873 (89.20)

>3 198 (16.72) 7,173 (10.70) 7,371 (10.80)

Asthma medication prescription




Short-acting inhaled beta-2 agonist

1,010 (85.30)

46,798 (69.79)

47,808 (70.05)

Inhaled corticosteroid 626 (52.88) 28,263 (42.15) 28,889 (42.33)
Long-acting beta-2 agonist and inhaled 499 (42.15) 21,516 (32.08) 22,015 (32.26)
corticosteroid combination
Systemic corticosteroid 614 (51.86) 18,085 (26.97) 18,699 (27.40)
Long-acting beta-2 agonist 374 (31.59) 11,919 (17.77) 12,293 (18.01)
Leukotriene modifier 201 (16.98) 7,970 (11.88) 8,171 (11.97)
Mast cell stabilizer 4(0.34) 43 (0.06) 47 (0.07)
Comorbidity
Anxiety or depression 372 (31.42) 19,513 (29.10) 19,885 (29.14)
Gastroesophageal reflux 238 (20.10) 12,053 (17.97) 12,291 (18.01)
Allergic rhinitis 172 (14.53) 11,277 (16.82) 11,449 (16.78)
Obesity 177 (14.95) 7,668 (11.43) 7,845 (11.50)
Sinusitis 89 (7.52) 7,172 (10.69) 7,261 (10.64)
Sleep apnea 88 (7.43) 4,468 (6.66) 4,556 (6.68)
Eczema 66 (5.57) 3,825 (5.70) 3,891 (5.70)
Chronic obstructive pulmonary disease 133 (11.23) 3,693 (5.51) 3,826 (5.61)
Cystic fibrosis 1 (0.08) 60 (0.09) 61 (0.09)
Bronchopulmonary dysplasia 0 (0.00) 1 (0.00) 1 (0.00)
Smoking status
Former smoker 221 (18.67) 15,309 (22.83) 15,530 (22.76)
Current smoker 255 (21.54) 13,826 (20.62) 14,081 (20.63)
Never smoker or unknown 708 (59.80) 37,925 (56.55) 38,633 (56.61)

Table 2. The summary statistics of the clinical characteristics and the demographics of the UWM patients with asthma in

2018.

Variable

Data instances tied to asthma
hospital visits at the UWM in
the successive 12 months
(N=218), n (%)

Data instances tied to no
asthma hospital visit at the
UWM in the successive 12
months (N=14,426), n (%)

Data instances
(N=14,644), n
(%)

Age (years)

<40 77 (35.3) 4,746 (32.90) 4,823 (32.94)
40 to 65 111 (50.9) 6,683 (46.33) 6,794 (46.39)
65+ 30 (13.8) 2,997 (20.78) 3,027 (20.67)
Gender
Male 100 (45.9) 5,138 (35.62) 5,238 (35.77)
Female 118 (54.1) 9,288 (64.38) 9,406 (64.23)
Race
White 110 (50.5) 10,103 (70.03) 10,213 (69.74)
Black or African American 79 (36.2) 1,491 (10.34) 1,570 (10.72)
Asian 18 (8.3) 1,307 (9.06) 1,325 (9.05)
American Indian or Alaska native 8 (3.7) 273 (1.89) 281 (1.92)
Native Hawaiian or other Pacific islander 2(0.9) 129 (0.89) 131 (0.89)
Unknown or not reported 1(0.5) 1,123 (7.78) 1,124 (7.68)
Ethnicity
Non-Hispanic 196 (89.9) 12,370 (85.75) 12,566 (85.81)
Hispanic 20 (9.2) 830 (5.75) 850 (5.80)
Unknown or not reported 2(0.9) 1,226 (8.50) 1,228 (8.39)
Insurance
Private 108 (49.5) 10,692 (74.12) 10,800 (73.75)
Public 182 (83.5) 7,841 (54.35) 8,023 (54.79)
Self-paid or charity 25 (11.5) 459 (3.18) 484 (3.31)




Number of years since the first asthma-related visit in the UWM data set
<3 124 (56.9) 10,442 (72.38) 10,566 (72.15)
>3 94 (43.1) 3,984 (27.62) 4,078 (27.85)
Asthma medication prescription
Short-acting inhaled beta-2 agonist 164 (75.2) 9,540 (66.13) 9,704 (66.27)
Inhaled corticosteroid 108 (49.5) 6,069 (42.07) 6,177 (42.18)
Long-acting beta-2 agonist and inhaled 83 (38.1) 4,425 (30.67) 4,508 (30.78)
corticosteroid combination
Systemic corticosteroid 120 (55.1) 4,043 (28.03) 4,163 (28.43)
Long-acting beta-2 agonist 62 (28.4) 2,456 (17.02) 2,518 (17.19)
Leukotriene modifier 46 (21.1) 2,130 (14.77) 2,176 (14.86)
Mast cell stabilizer 1(0.5) 13 (0.09) 14 (0.10)
Comorbidity
Anxiety or depression 62 (28.4) 4,284 (29.70) 4,346 (29.68)
Gastroesophageal reflux 46 (21.1) 2,611 (18.10) 2,657 (18.14)
Allergic rhinitis 26 (11.9) 2,069 (14.34) 2,095 (14.31)
Obesity 25 (11.5) 1,579 (10.95) 1,604 (10.95)
Sinusitis 15 (6.9) 1,357 (9.41) 1,372 (9.37)
Sleep apnea 24 (11.0) 1,475 (10.22) 1,499 (10.24)
Eczema 11 (5.1) 732 (5.07) 743 (5.07)
Chronic obstructive pulmonary disease 30 (13.8) 902 (6.25) 932 (6.36)
Cystic fibrosis 0(0.0) 17 (0.12) 17 (0.12)
Bronchopulmonary dysplasia 0(0.0) 4 (0.03) 4 (0.03)
Smoking status
Former smoker 41 (18.8) 3,453 (23.94) 3,494 (23.86)
Current smoker 49 (22.5) 3,193 (22.13) 3,242 (22.14)
Never smoker or unknown 128 (58.7) 7,780 (53.93) 7,908 (54.00)
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