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Abstract

Objective: The heterogeneity of asthma has inspired widespread application of statistical 

clustering algorithms to a variety of datasets for identification of potentially clinically meaningful 

phenotypes. There has not been a standardized data analysis approach for asthma clustering, which 

can affect reproducibility and clinical translation of results. Our objective was to identify common 

and effective data analysis practices in the asthma clustering literature and apply them to data from 

a Southern California population-based cohort of schoolchildren with asthma.

Methods: As of January 1, 2020, we reviewed key statistical elements of 77 asthma clustering 

studies. Guided by the literature, we used 12 input variables and three clustering methods 

(hierarchical clustering, k-medoids, and latent class analysis) to identify clusters in 598 

schoolchildren with asthma from the Southern California Children’s Health Study (CHS).

Results: Clusters of children identified by latent class analysis were characterized by exhaled 

nitric oxide, FEV1/FVC, FEV1 percent predicted, asthma control and allergy score; and were 

predictive of control at two year follow up. Clusters from the other two methods were less 

clinically remarkable, primarily differentiated by sex and race/ethnicity and less predictive of 

asthma control over time.

Conclusion: Upon review of the asthma phenotyping literature, common approaches of data 

clustering emerged. When applying these elements to the Children’s Health Study data, latent 

class analysis clusters—represented by exhaled nitric oxide and spirometry measures-had clinical 

relevance over time.
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Introduction

Asthma is one of the most common chronic medical conditions, affecting over six million 

children in the United States. Uncontrolled pediatric asthma contributes to significant 

morbidity and economic burden and is a challenge for healthcare practitioners to manage.1–4 

No universal asthma treatment is available, in part due to heterogeneity among patients 

(e.g., clinical presentation, age of onset, underlying inflammation, social determinants, 

environmental exposures).5–7

This heterogeneity has inspired widespread application of clustering algorithms to identify 

patterns among adults and children with asthma.8 The purpose is to identify phenotypes that 

reflect underlying inflammation, which can help drive treatment choice in practice. Studies 

have primarily been performed on pre-existing datasets specifically for asthma studies in 

participants with more severe asthma.9 Phenotypes have been characterized by different 

symptoms presentation, age at onset, symptoms, severity, co-morbidities, and body mass 

index.10–13 While there are some consistencies across studies, results vary in part because 

there has not been a standardized methodological approach. It can be a challenge for clinical 

practitioners to trust, critically evaluate, and translate these studies to their patients.

Data analysis choices impact clustering results/clinical implications and not all clustering 

methods are appropriate for all datasets, with input variable type (e.g., binary, continuous, 

categorical) being an important determinant of appropriate methods. Prosperi et al14 

demonstrated that differences in data preprocessing (i.e., variable transformation and 

dimension reduction through variable selection) impacts results. Deliu et al15 provided an 

overview of relevant methods for asthma clustering studies; but to our knowledge, there 

has not been detailed review of the statistical methods used in previous data driven asthma 

clustering studies, to inform the approach from a clinical perspective.

While most cluster analyses have been performed on formal asthma studies, eventually 

we envision clustering approaches can be applied to electronic health record (i.e., real-

world) data. As an interim step, our objective was to perform clustering in existing data 

from a population-based cohort study, the Southern California Children’s Health Study 

(CHS). The CHS was originally designed to study the effects of air pollution on pediatric 

respiratory health and lung development, not specifically targeting asthma patients16 in 

order to evaluate the transferability of common clustering approaches. We hypothesized that 

a literature-informed, rigorous data clustering approach would discover clinically-relevant 

asthma clusters in the CHS.

Methods

Literature review - asthma clustering studies

As of January 1, 2020 we searched PubMed for asthma phenotyping studies using the 

following search terms: (“Bronchial hyperreactivity” OR “Asthma” OR asthma* OR 

bronchial hyper* OR respiratory hyper* OR wheez*) AND (“Phenotype” OR phenotyp* OR 

endotyp*) AND (“Cluster analysis” OR cluster* OR subtyp* OR subgroup* OR sub-typ* 

OR sub-group*).
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Resulting articles were screened for inclusion first based on title and abstract and then full-

text review (independently by MKR and SPE, with differences reconciled by discussion).17 

We included original research articles that applied clustering to clinical asthma. We excluded 

review articles, non-human subject articles, non-English text articles, articles that applied 

previously developed clusters, articles with non-asthma study populations, articles with non-

clinical variables as the only inputs for clustering, and retracted articles. For each article, 

we recorded information about: participant ages, sample size, variable selection, dataset 

preparation/processing, variable standardization, missing data approaches, number and type 

of input variables included (binary, continuous, categorical) as well as primary clustering 

method, method to determine number of clusters, the final number of clusters, and methods 

to characterize the selected clusters.

We retrieved 1,091 articles, the earliest from 1980. The 77 articles meeting inclusion criteria 

(Figure 1)17 are summarized in Table E1. Of these, 39 (51%) were adult studies, 27 (35%) 

were pediatric studies, and the remaining 11 (14%) included both children and adults. More 

than half (47 or 61%) had <500 participants and the largest had 65,254 participants.

The two most cited articles, Haldar et al (2008)8 and Moore et al (2010)9 appeared to 

influence the data analysis practices of subsequent studies. Haldar et al used a two-step 

approach using a hierarchical clustering dendrogram and then k-means clustering. Moore et 
al first identified clusters using an unsupervised method and then used a supervised method 

to identify key predictors of cluster membership, characterize the clusters, and enable 

translation of the clusters to a new population. In our review, the primary clustering method 

was typically unsupervised: hierarchical clustering (n=26), k-means/k-medoids (n=29), or 

latent class analysis (n=10). Of articles using basic hierarchical clustering, only 30% 

completely specified their approach (agglomerative or divisive, dissimilarity matrix, and 

linkage criterion). Of these approaches, the most commonly specified linkage criterion was 

Ward’s minimum variance (n=19) and the most common dissimilarity matrix was Gower’s 

distance (n=5). Three studies performed supervised clustering, and all used decision trees 

(rpart in R)18 to identify subgroups with different risks of asthma exacerbation.

In regard to input variables, on average in the 77 studies, 16 variables were used to 

perform clustering. Most were selected based on a combination of clinical relevance (n=37) 

and/or previous studies (n=10) as well as data-informed dimension reduction (e.g., factor 

analysis, principal components analysis; n=17), model selection (n=3), and/or considering 

correlations (n=12). For example, Haldar et al (2008)8 convened experts to identify potential 

input variables as those “measured in clinical practice” and which “contributed to the 

clinical evaluation of asthma” but were not a “product of the disease process” and also 

aimed to avoid choosing multiple variables “representative of the same aspect of disease,” 

aided by principal components analysis to reduce the number of variables.

The final number of clusters was 4 on average (range: 2–8). To identify the number 

of clusters, 36% of studies (n=28) used subjective visual inspection of the dendrogram, 

sometimes combined with additional criteria (e.g., ≥30 participants per cluster19). All 

10 LCA studies used Bayesian information criterion (BIC), Akaike information criterion 

(AIC), and/or likelihood ratio tests to determine cluster number. Other methods included 
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the Silhouette width criteria (n=6), pseudo F-statistic20 (n=4), and Gap statistic21 (n=2). 

The number of clusters identified had a positive, but low correlation with sample size 

(Spearman’s R=0.30).

Missing data were most commonly addressed by including only complete cases (n=49). 

However, 12 studies applied imputation and 7 used a clustering method that could handle 

missing data. Input variables included mixed types (continuous and binary/categorical) in 

73% (n=55) of the studies. Some form of data normalization was used in 40 studies. 

Common approaches to data normalization were log-transformation of continuous variables, 

range (0–1 scale) standardization, or z-score standardization.

Study Population and Dataset

For this study, we analyzed 598 children with asthma enrolled in the Southern California 

Children’s Health Study (CHS). The CHS was a longitudinal cohort of children first 

recruited from Southern California kindergarten and first-grade classrooms in 2002–2003 

to study the effects of air pollution on pediatric respiratory health and lung development.22 

We identified children with asthma in this cohort and performed clustering on Year 6 data 

(2007–2008) when the children were on average 11.6 ±0.86 years old. We related this cluster 

membership to asthma symptoms at follow-up two years later (Year 8, 2009).

We included children with baseline questionnaires and who reported having ever been 

physician-diagnosed with asthma in Year 6, as this was the first visit with pulmonary 

function testing. We excluded children with diagnoses that could potentially present as 

respiratory symptoms or mimic asthma (e.g., “heart condition”). Each CHS child participant 

provided informed assent and a parent/guardian provided informed consent. Baseline and 

annual follow-up questionnaires were completed by the parent/guardian and, starting in Year 

8 of the cohort, by the child. Data were originally collected using a protocol approved by 

the University of Southern California Institutional Review Board and our analyses were 

conducted under HS-13-00150.

Questionnaire data and lung function measures

Baseline and annual follow-up questionnaires included questions about: assigned sex, race/

ethnicity, if the child was born prematurely (and number of weeks premature), whether a 

doctor had ever diagnosed the child with asthma, the approximate age when the child was 

diagnosed with asthma, symptoms over the past 12 months, rescue or controller medication 

usage over the past 12 months, whether a doctor has ever said that the child’s biological 

mother or father had asthma, and if cigarettes/cigars/pipes are smoked inside the child’s 

home.

Pulmonary function tests (PFTs) were conducted by the children under the guidance of 

trained technicians (ScreenStar, Morgan Scientific Inc, Haverhill, MA USA).23 Height 

and weight were measured concurrently. Percent predicted maximal forced expiratory 

volume in 1 second (FEV1) were calculated.24 Fractional exhaled nitric oxide (FeNO) was 

collected at a 50 ml/s exhalation flow rate (CLD88-SP with DeNOx, EcoMedics, Duernten, 

Switzerland/Ann Arbor, MI, USA) as described previously.25,26
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Variable selection and reduction

We selected CHS variables for inclusion in clustering algorithms based on known clinical 

asthma characteristics, phenotypes, and previous studies (Table 1). To avoid overweighting a 

single dimension of a participant’s characteristics, we checked for correlation in the final set 

of input variables. To synthesize overlapping concepts and represent typical asthma-related 

measurements not captured exactly by CHS questions (e.g., asthma control and allergy labs), 

we created composite variables, described below and in Table 1. The resultant set of input 

variables was of mixed types (binary, categorical, continuous).

The composite variable “asthma control” was defined by the frequency of asthma symptoms 

in response to the questions: In the past 12 months, “How many attacks of wheezing 

has your child had?”, “How often, average, has your child’s sleep been disturbed due to 

wheezing?”, and “Has wheezing ever been severe enough to limit your child’s speech to 

only one or two words at a time between breaths?”

The composite variable “allergy score” was calculated as the sum of positive responses to 

the questions: In the past 12 months, “Has your child had a problem with sneezing or a 

runny or blocked nose when he/she did not have a cold or the flu?”, “Has this nose problem 

been accompanied by itchy/watery eyes?” and “Has your child ever had eczema?”

Missing data approach

Variables with missing values were imputed using predictive mean matching via the 

aregImpute function from the HMisc R package.27 This method was chosen because it 

is designed for missing binary, categorical, or continuous variables. The primary analysis 

was conducted using a single imputation. Three sensitivity analyses were conducted using 

a dataset comprised of: (a) a different run of the single imputation, (b) the subset of 

participants (n=272) not missing FEV1/FVC at the baseline (Year 6) visit, and (c) the subset 

of participants (n=190) not missing FeNO at the baseline (Year 6) visit.

Variable coding/standardization

After imputation, ordinal variables were recoded using integer values. For right skewed 

quantitative data (i.e., FeNO), we applied a natural log transform prior to imputation. All 

binary, ordinal, and continuous variables were standardized (i.e., calculated as (X-mean(X))/

SD(X) for variable X).

Clustering algorithms

We performed clustering using the three most common methods identified in our 

literature review: hierarchical clustering, k-medoids, and latent class analysis (LCA). 

Hierarchical clustering constructs a hierarchy of clusters of participants using a measure 

of “dissimilarity” between pairs and observations.28 The k-medoids method partitions 

participants into k clusters using algorithms which aim to minimize the dissimilarity 

between observations in a cluster and the center (medoid) of the cluster.29 While k-means 

is closely related and a commonly applied method for continuous variables, k-medoids is 

an appropriate alternative for mixed variable types and is also more robust to outliers than 

k-means. LCA is a likelihood-based approach which identifies k latent classes (clusters) of 
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participants, with the latent classes driving the observed correlations in variables so that 

within each class the variables are independent (i.e., conditionally independent).30 Guided 

by criteria for optimal number of clusters, we selected the same number of clusters (k) for all 

methods (see Supplement for details).

Describing cluster characteristics

To characterize the clusters, we first summarized the input variables by cluster using: (a) 

graphical heatmaps of input variable means31,32 and (b) tabulated numerical summaries. We 

tested for differences across clusters using analysis of variance (ANOVA) for quantitative 

variables and chi-square/Fisher exact tests for categorical variables and identified simple 

rules for assigning participants to clusters informed by classification tree methods (see 

Supplement for further details).

Predicting asthma control after two years based on cluster assignment

To evaluate the temporal validity of the clusters,33 we tested for differences in asthma 

endpoints (variables that served as proxies of asthma control, as best estimated using 

available variables in the CHS dataset) at approximately two years follow-up (Year 8) by 

cluster membership determined at Year 6. We considered the following asthma endpoints: 

asthma control (four levels described previously), rescue medication usage in the past 12 

months (none, moderate: < 2 days/week, or frequent: 2+ days/week), percent predicted 

FEV1, FEV1/FVC, FeNO, wheeze (“wheezing or whistling in the chest in the past 12 

months”), persistent cough (during the past 12 months—apart from a cold or chest infection

—a dry cough at night that lasted >3 weeks or a cough first thing in the morning or at 

other times of the day lasting for as much as 3 months in a row), and chronic bronchitic 

symptoms (bronchitis, or report of a daily cough for 3 months in a row, or congestion or 

phlegm other than when accompanied by a cold).34 We tested for differences across clusters 

using ANOVA or chi-square/Fisher exact tests. All analyses were conducted in R version 

3.5.1 (http://www.R-project.org).

Results

Variable selection and reduction

We initially selected 15 variables of clinical relevance from the set of available CHS 

variables, based on the literature. After assessing correlations, we eliminated: baseline 

eczema (correlated with allergy symptom score, as expected) as well as frequency of rescue 

medication use and wheeze on exercise (both correlated with asthma control). Our final 

set of 12 variables (Table 1) included: sex, race/ethnicity (Hispanic, Non-Hispanic White, 

or Other), asthma control, FEV1 percent predicted, FEV1/FVC, log FeNO, categorized 

sex-specific body mass index (BMI) percentiles—healthy/underweight, overweight, obese—

from Centers for Disease Control and Prevention growth charts,35 allergy score, premature 

birth (≥4 weeks early)36, age at asthma diagnosis, residential second hand exposure to 

tobacco smoke, and parental asthma.

As shown in Table 2, the 598 CHS participants with asthma were more than half 

male (58.2%), predominantly Hispanic (50.5%) or non-Hispanic White (36.1%), and had 
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relatively mild asthma (57% reported 0 wheezing attacks in the past 12 months). Most 

variables were relatively complete, missing for <10% of participants (see Supplement for 

details).

Selection criteria for the optimal number of clusters guided our choice of k=4 clusters for 

each of the three clustering methods (hierarchical clustering, k-medoids, and LCA). LCA 

identified the most clinically relevant clusters, with large differences across the four LCA 

clusters in: FeNO, FEV1/FVC, percent predicted FEV1, asthma control, and allergy score 

(all p<0.001, as shown in the Figure 2 heatmap). We used a simplified classification tree to 

group a new study population into the four LCA clusters using only FEV1/FVC, FeNO, and 

percent predicted FEV1 with an 81.7% classification accuracy. If we alter cut points to more 

clinically representative FEV1/FVC, FEV1% predicted, and FeNO values, the classification 

accuracy drops to 73.3% (see Figure 3).

The clusters identified by hierarchical clustering and k-medoids were similar to each other 

(Figure E3, Table E3) with strong differences across clusters by sex and race/ethnicity but 

less clinically measurable parameters and predictive ability over time (Figure 2, Figure E4).

Differences in outcomes at 2-year follow up

Two years after the initial clustering, there was evidence for differences across LCA 

clusters in asthma control (p=0.007), frequency of rescue medication use (p=0.038), percent 

predicted FEV1 (p<0.001), FeNO (p<0.001), and wheeze over 12 months (p=0.049), with 

LCA Cluster 4 typically having the most poorly controlled asthma (Table 3). Hierarchical 

clustering and k-medoids clusters were different at follow-up for only: percent predicted 

FEV1 (both p<0.001), FEV1/FVC (p=0.071 and p<0.001, respectively), and FeNO (p=0.04 

and p=0.252, respectively).

Sensitivity analyses

In all three sensitivity analyses for missing data, LCA produced Year 6 visit clusters with 

FeNO and FEV1/FVC being key variables distinguishing clusters (p<0.001 for all sensitivity 

analyses, Figure E5a–c) and with cluster membership still predictive of differences in 

asthma control, rescue medication use, percent predicted FEV1, FeNO, and FEV1/FVC after 

two years of follow-up (Table E5a–c).

Discussion

Clustering has been a promising tool in asthma research to better understand asthma 

heterogeneity. Previous asthma clustering studies have suggested clinically interesting 

phenotypes with some similarities across studies. However, results have varied potentially 

partially due to the lack of standardized data analysis approaches. In this paper, we identified 

a framework of data analysis practices toward reproducibility including: addressing missing 

data, considering the distribution of input variables, variable selection, and evaluating a 

range of clustering methods. When applying these methods to schoolchildren with asthma 

in the CHS, we found the clusters using LCA—distinguished by FeNO, FEV1/FVC, and 

percent predicted FEV1—were predictive of control after two years of follow-up.
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Our approach of using previous literature to inform a set of practice principles for asthma 

phenotyping studies was inspired by approaches in other fields, such as the checklist for 

prediction model development produced by the Transparent Reporting of a multivariable 

prediction model for Individual Prognosis Or Diagnosis (TRIPOD) group.37 This and other 

efforts to ensure reproducibility of multiscale models38 are supported by efforts of the 

NIH to promote rigor and reproducibility of research studies.39 Previously, Prosperi et al40 

rigorously demonstrated how asthma clustering results in a given dataset can be sensitive 

to variations in methodology, including variable selection and variable transformation. In 

addition, Deliu et al15 summarized common asthma clustering methodologies and identified 

key methodological challenges: inclusion of mixed variable types, sensitivity of results 

to the set of variables included, sensitivity of results to the clustering method, and the 

anticipated differences in phenotypes across different study populations.

In our clustering analysis in the CHS, we found the most clinically predictive clusters 

over time using LCA. Howard et al41 reviewed LCA methodology and summarized the 

contributions of LCA-based analyses for asthma and wheeze phenotypes in children. 

It is well-recognized that there is no universally “best” clustering algorithm; different 

clustering methods produce different partitions on the same data, so in practice one needs to 

evaluate results from several algorithms to identify the most relevant algorithm for a given 

application.42 In our data, the clusters identified by hierarchical clustering and k-medoids 

were less differentiated, and likely more similar to each other because both methods used 

the Gower distance matrix. This highlights the need to evaluate a wide range of clustering 

methods using different underlying methodology.

Our LCA clusters were distinguished by FeNO, FEV1/FVC, and percent predicted FEV1. 

Several, but not all43 studies, have found FeNO to be a key feature of cluster membership 

in more symptomatic and allergic patients.8,12,44–46 Mahut et al43 found that FeNO did 

not help identify clinically useful asthma phenotypes but the analysis (using principal 

component analysis and k-means) was conducted in a small dataset (n=169). But a recent 

meta-analysis suggested that using FeNO to adjust asthma medication resulted in a lower 

number of exacerbations47 and the 2020 NIH National Asthma Education and Prevention 

Program asthma guideline update suggested to consider incorporating FeNO into ongoing 

asthma management strategies.48 While many specialists have access to FeNO equipment, 

not all practitioners can incorporate this biomarker into their asthma management plan. In 

contrast, other indicators such as parental asthma and asthma symptoms are more practical 

to measure. Identifying patients that belong to groups that have a higher risk of uncontrolled 

asthma can help identify them to be followed more frequently in clinic to ensure they are on 

an optimal controller regimen and are addressing co-morbidities and triggers.

Our CHS data analysis had strengths and limitations. The CHS is a large, prospective 

population-based cohort of schoolchildren in southern California. We chose the dataset 

because it is reflective of the local population of schoolchildren with asthma, but this 

group generally contains more mild cases and may be more homogenous than a study 

population from an asthma clinic or targeted asthma cohort. As CHS participants were 

followed longitudinally, we were able to temporally validate the clusters by evaluating how 

well cluster membership at Year 6 predicted asthma control outcomes at Year 8.
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A limitation of our study included the a priori selection input variables for the clustering 

algorithms based on our review of the literature (Table 1) and that we were limited to 

variables available in the pre-existing CHS data resource. Given the hypothesis-generating 

goals of clustering-based phenotypes, we may have missed an unknown feature that 

contributes to heterogeneity in childhood asthma such as sociodemographic factors. The 

CHS is a population-based cohort study of schoolchildren, with participants data collected 

by questionnaire and field team visits to schools, so the CHS data did not include 

some clinical measures used in other clustering studies (e.g., airways hyperreactivity/

bronchodilator response, total IgE, allergic sensitization, eosinophilia, etc.) and overall 

more mild asthma. The questionnaire assessment of asthma symptoms and medication 

use in the CHS was for epidemiological research purposes and differed slightly from the 

methods indicated per the National Institutes of Health (NIH) or Global Initiative for 

Asthma (GINA) guidelines to measure asthma severity and control. The CHS did not 

contain direct clinical measures of atopy, however this may have been at least partially 

represented by FeNO, which was relevant in the LCA clusters and may indicate the 

importance of allergic inflammation in asthma phenotypes. Another limitation was the 

considerable number of participants missing data on variables assessed at in-person visits 

(FeNO, spirometry measures, and BMI). This missing data was by design, due to practical 

constraints on school-based visits in Year 6 of the cohort. Single imputation was used to fill 

in the missing values (imputation models included previous year FeNO, a strong predictor 

of current FeNO and previous year BMI, also a strong predictor of current BMI). In three 

additional sensitivity analyses, we found our results to be robust to different approaches 

to these missing values. This demonstrates the robustness of the LCA cluster results to 

real-world missing data, as will be encountered in future clustering studies using EHR.

Conclusion:

A literature-informed clustering approach applied to the Children’s Health Study 

demonstrated latent class analysis clusters—represented by a classification tree containing 

only exhaled nitric oxide and spirometry measures—had long-term clinical relevance. 

Future work might adopt our approach for asthma clustering to the analysis of broader 

patient characteristics directly from real-world (i.e., electronic health record) data. This may 

contribute to understanding underlying biological mechanisms and develop personalized 

treatment and management plans for each phenotype.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
Article selection for the literature review, displayed using a PRISMA flow diagram

Ross et al. Page 15

J Asthma. Author manuscript; available in PMC 2023 July 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Figure 2. 
Characterization of the clusters resulting from each of three clustering methods (HCLUST: 

hierarchal clustering, k-medoids, and LCA: latent class analysis), using heatmaps to 

represent the cluster-specific mean values* of input variables.† Darker values indicate 

larger means. Input variables (rows) are ordered by p-values for differences across clusters. 

Clusters (columns) are labeled with the number of participants in that cluster.

* Complementary numerical summaries are presented in Table E4.

† Input variables: Male is a binary indicator for sex (male). For simple visual presentation, 

here we use a binary indicator of Hispanic rather than the nominal 3-level race/ethnicity 

variable (Hispanic, non-Hispanic White, Other) input to the clustering algorithms. BMI 

Category is the BMI percentile category, SHS is secondhand smoke, and % pred FEV1 is 

percent predicted FEV1.
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Figure 3. 
Representation of the four clusters identified in the Children’s Health Study (CHS) by 

Latent Class Analysis (LCA), using a flow chart with decision points informed by a 

simplified classification (decision) tree. This simple flow chart did not exactly reproduce 

the clusters, but did yield an 81.7% classification accuracy within the 30% holdout test 

dataset.*

* Modification of this flow chart to use decision points based on the clinically relevant 

values of FEV1/FVC >= 85, FeNO <25, and FEV1 ≤80% predicted yielded a classification 

accuracy of 73.3% in the test dataset.
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Table 1.

The final 12 Children Health Study (CHS) variables used in the clustering algorithms, supported by literature 

to guide their selection

Variable in the CHS Related concepts in previous literature

Demographics Demographics

Sex (male, female) Sex8–10,43–45,49–65

Race/Ethnicity (Hispanic, Non-Hispanic White, Asian, African 
American, Other)

Race/Ethnicity9,10,12,57,60,65,66

Asthma Control Asthma Control

Asthma Control in last 12 months
0: no wheeze attacks;
1: 1–3 attacks, no shortness of breath, no sleep disturbance;
2: 1–3 attacks, shortness of breath, and/or sleep disturbance;
3: 4+ attacks
Composite derived from questions:
In the past 12 months,
• How many attacks of wheezing has your child had?
• How often, on average, has your child’s sleep been disturbed due to 
wheezing?
• Has wheezing ever been severe enough to limit your child’s speech to 
only one or two words at a time between breaths?

Severity/Control classification: mild, mod or severe;9,53,62,64,67 risk 
composite score61

Symptom questionnaires: ACT,44,51,61 SOA,61 AEQ,66 ALQ,61 

SGRQ,68,69 GHQ,64 Juniper8,61,70,71

Medication: type of controller,64,71,72 number of controllers,12,57,66 

oral steroid dose and days43,57, composite score9,61

Symptoms: days/week,12,43 exacerbations/year,59,63,73,74 type of 
symptoms74–77

Spirometry/Lung Function Spirometry/Lung Function

FEV 1 , % predicted FEV1-related: FEV1 % predicted 
9,12,43–45,51,52,54,57,61,62,66,68,69,73,75,78–82, FEV1

60,70,71, FEV0.5
49,55, 

FEV1% change post-bronchodilator9,12,63,78,80,83, FEV1 change post-
bronchodilator,70 decline FEV1

58, FEV1 improvement at altitude71, 
FEV1 <80%59

FEV1/FVC ratio (%) FEV1/FVC9,12,43–46,51,57,58,60,66,68,69,72,79,82–95

Phenotypes Phenotypes

FeNO, ppb (natural log transformed for analysis) FeNO,8,12,43–46,57,66,69,70 post-bronchodilator FeNO56

BMI percentile (categorized sex-specific) (<85: Healthy/underweight, 
≥85 and < 95: Overweight, ≥95: Obese)

BMI percentile or z-score,8,9,51,53,57,60,66

BMI value10,43–45,52,54,61–63,69,70,73,79,80,82

Allergy Score Sum of positive reports to the following 3 questions 
(range: 0–3):
• Has your child ever had eczema?
• In the past 12 mo, has your child had a problem with sneezing or a 
runny or blocked nose when he/she did not have a cold or the flu?
• Has this nose problem been accompanied by itchy/watery eyes?

Allergic or atopic (Y/N),8,10,11,44,46,52,53,60,61,64,70,74,78,96

skin prick test,45,46,49,50,54–56,62–64,72,97,98

blood test,11,12,46,53,59,64,70,75,80

Age of asthma diagnosis/onset At what age was child first diagnosed 
with asthma by a doctor?

Age of asthma onset,8–10,44,51,54,57–62,64,66,69,74,78,79,81,97 duration of 
asthma12,52,57,58,61,63,73,78,82

Associated Factors Associated Factors

Secondhand smoke exposure Did anyone living in child’s home 
currently smoke inside the home?

Smoker (self),9,43,44,50,54,56,63,64,69,83 passive smoke exposure (Y/
N)9,10

Parental asthma Has a doctor ever said that this child’s biological 
mother/father had asthma?

Parental asthma9,11,50,52,53,73,97,99

Premature (≥4 weeks early; i.e., <37 weeks gestation) Was your child 
born prematurely? How many weeks early?

Prematurity100

ACT=Asthma Control Test; SOA=Severity of Asthma score; AEQ=Asthma Evaluation Questionnaire; ALQ=Asthma Life Quality; SGRQ=St. 
George’s Respiratory Questionnaire; GHQ=General Health Questionnaire; FEV1=Forced expiratory volume in 1 second; FeNO=fractional ide; 
BMI=body mass index
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Table 2.

Summary of characteristics of the n=598 southern California Children’s Healthy Study (CHS) participants 

with asthma, at the Year 6 (2006–2007) visit.

Participant characteristic N (%) or Mean (SD)

Age (SD) 11.3 (0.98)

Male, n (%) 348 (58.2)

Race/Ethnicity, n (%)

 Hispanic 302 (50.5)

 Non-Hispanic White 216 (36.1)

 Asian
*

21 (3.5)

 African American
*

14 (2.3)

 Other
*

45 (7.5)

Asthma Control, n (%)

 0 attack 341 (57.0)

 1–3 attack, no SOB, no sleep 99 (16.6)

 1–3 attack, SOB or sleep 85 (14.2)

 4+ attack 73 (12.2)

% Predicted FEV1; mean (SD) 106.4 (13.6)

 Missing, n (%)
†

323 (54.0)

FEV1/FVC; mean (SD) 0.85 (0.06)

 Missing, n (%)
†

326 (54.5)

FeNO, ppb; mean (SD) 
‡

21.3 (2.5)

 Missing, n (%)
†

408 (68.2)

Body Mass Index Percentile Category, n (%)

 Healthy/Underweight, <85% 315 (52.7)

 Overweight, 85–94.9% 119 (19.9)

 Obese, ≥95% 164 (27.4)

 Missing, n (%)
†

254 (42.5)

Allergy Score, n (%)
§

 0 53 (8.9)

 1 87 (14.5)

 2 332 (55.5)

 3 126 (21.1)

Premature, n (%) 46 (7.7)

 Missing, n (%)
†

22 (3.7)

Age of asthma diagnosis, n (%)
**
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Participant characteristic N (%) or Mean (SD)

 ≤4 years 354 (59.2)

 5–9 years 208 (34.8)

 ≥ 10 years 36 (6.0)

 Missing, n (%)
†

10 (1.7)

Secondhand tobacco smoke exposure, n (%) 22 (3.7)

 Missing, n (%)
†

35 (5.9)

Parent with asthma, n (%) 245 (41.0)

 Missing, n (%)
†

53 (8.9)

*
For the cluster analysis, Asian, African American and Other were collapsed into a new “Other” category (N=80, 13.4%) due to small sample sizes.

†
Missing values were imputed in the cluster analysis, with imputation R2 of: 0.99 for % predicted FEV1, 0.98 for FEV1/FVC, 0.88 for log FeNO, 

0.87 for BMI percentile.

‡
Geometric mean and standard deviation (SD) are presented for right-skewed FeNO

§
Sum of positive reports of runny nose without cold/flu, itchy/watery eye accompanying this runny nose, eczema

**
For the cluster analysis we used the ordinal questionnaire responses: <1 year old, 1 year old, 2 years old, 3 years old, 4 years old, 5 years old, 6 

years old, 7 years old, 8–9 years old, 10 or more years old
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