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Abstract

Purpose: This study investigated asthma phenotypes and their associations with ventilation 

heterogeneity and particle deposition by utilizing Single-Photon Emission Computed Tomography 

(SPECT) imaging, quantitative Computed Tomography (qCT) imaging-based subgrouping, and a 

whole-lung computational model.

Materials and methods: Two datasets were analyzed: one from a combined SPECT and CT 

(SPECT/CT) study with six asthmatic subjects, and another from the Severe Asthma Research 

Program (SARP) with 209 asthmatic subjects. Data from 35 previously acquired healthy subjects 

served as a control group. Each subject underwent CT scans at full inspiration and expiration, 

along with pulmonary function testing (PFT). The SPECT/CT study included ventilation SPECT 

imaging. Key qCT variables such as airway diameter, wall thickness, percentage of air trapping 

(AirT%), and percentage of small airway disease (fSAD%) were assessed. A subject-specific 

whole-lung computational fluid and particle dynamics (CFPD) model predicted airway resistance, 

particle deposition fraction, and the coefficient of variation (CV) for ventilation heterogeneity. 

Subjects were categorized into four predefined asthma imaging subgroups/clusters with increasing 

severity (C1-C4). CFPD-predicted CVs were validated against SPECT measurements. We 

compared PFT, qCT, and CFPD variables across SARP clusters and analyzed particle deposition 

fractions in large conducting, small conducting, and respiratory airways.

Results: Cluster C4 exhibited a significantly distinct ventilation profile compared to other 

clusters and health controls. This distinction contrasted with the insignificant differences between 

ventilation profiles in severity subgroups defined by conventional spirometry-based guidelines. 

Airway resistance varied significantly across the asthma clusters. Although both C3 and C4 

clusters represented severe asthma, only C4 showed a significant increase in AirT%, primarily 

due to fSAD%. Since inflammatory phenotypes differ — C3 with wall thickening in large and 
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small conducting airways, and C4 with elevated fSAD% and Emph% in small conducting and 

respiratory airways — fine particles (~5 μm) and extrafine particles (~1 μm) are more effective 

at reaching the respective regions in C3 and C4. Given that C2 and C4 have hyper-responsive 

phenotypes with narrowed conducting airways, fine particles are more effective in reaching these 

areas. Airway enlargement in targeted segments of the left lower lobe resulted in improved particle 

deposition.

Conclusion: Our cluster-informed CFPD-based approach enhances the understanding of 

ventilation heterogeneity in asthma and holds potential for refining strategies for inhalational 

therapies.
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Asthma; CT; SPECT; Clusters; CFPD; Ventilation heterogeneity; Particle deposition

1. Introduction

Asthma is one of the most common lung diseases and manifests as dyspnea, wheezing, and 

cough (Porsbjerg et al., 2023). Additionally, asthma patients commonly exhibit small airway 

disease, which poses a challenge in disease management, as these airways are less than 2 

mm in diameter (Usmani et al., 2016; Zinellu et al., 2019).

The pathophysiology of asthma is complex and multifaceted. Recent advancements in 

quantitative Computed Tomography (qCT) imaging have provided new insights into the 

diverse features of lung diseases (Hoffman, 2022; Choi et al., 2015). Using machine 

learning, participants with asthma were categorized into distinct clusters based on qCT 

structural and functional variables (Choi et al., 2017). Cluster 1 (C1) included young, 

early-onset patients with nonsevere asthma and normal airway structures. In this group, lung 

function was reversible, and symptoms were easy to manage. Cluster 2 (C2) encompassed 

patients with both non-severe and severe asthma, characterized by airway narrowing. C2 

experienced persistently altered lung function and more difficult to control symptoms. In 

contrast, clusters 3 (C3) and 4 (C4) consisted predominantly of patients with severe asthma 

but differed in their characteristics. C3 was marked by airway dilation and wall thickening, 

while C4 was characterized by airway narrowing and significant air-trapping. Clinically, C3 

comprised primarily obese, female-dominant patients with reversible lung function, while 

C4 predominantly included older, male patients with persistently altered lung functions.

The use of in vitro and in silico approaches has significantly advanced our understanding 

of ventilation and particle deposition in the human lung. For example, Schum and Yeh 

(1980), Yeh and Schum (1980) conducted an in vitro study to measure particle deposition 

in lung regions using a silica-cast airway model, which led to the development of a 

one-dimensional (1D) deposition model. Concurrently, in silico studies introduced subject-

specific three-dimensional (3D) computational fluid and particle dynamics (CFPD) models 

to investigate particle transport and deposition in individuals with asthma (Rajaraman et al., 

2020; Zou et al., 2021). Additionally, Kuprat et al. (2023) employed a 3D CFPD model 

combined with a semi-empirical regional deposition model to simulate deposition in large 

airways and estimate overall deposition across the respiratory tract. Paul et al. (2021) applied 
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a 3D CFPD model to estimate particle deposition in the human airway tract. Srivastav et al. 

(2011) employed a 3D CFPD model focused on deposition in airways from the third to sixth 

generations, emphasizing the particle trapping process from lobar to segmental airways. 

Singh et al. (2020) compared particle deposition in healthy human airways to that in airways 

affected by a glomus tumor. The validity of these computational models has been supported 

by correlations with in vivo studies using Single-Photon Emission Computed Tomography 

(SPECT) (Zhang et al., 2022; Sadafi et al., 2024). Recently, a cluster-informed CFPD-based 

approach was employed to examine differences in flow and particle characteristics across 

post-COVID-19 clusters (Lin et al., 2021; Zhang et al., 2024).

The purpose of this study was to investigate ventilation heterogeneity and particle deposition 

in subjects with asthma using combined SPECT/CT imaging and CFPD approaches. 

We hypothesized that the quantitative attributes of imaging clusters could reveal factors 

contributing to ventilation heterogeneity in asthma, as well as the uneven distribution and 

penetration of inhaled particles of various sizes. To test this hypothesis, we conducted a 

combined SPECT/CT study on six participants with asthma for validation of a CT-based, 

subject-specific whole-lung CFPD model (Zhang et al., 2022) and leveraged an existing 

large dataset for a more comprehensive analysis. Additionally, we applied a previously 

defined classification scheme based on qCT variables to categorize participants with asthma 

into four imaging clusters (Choi et al., 2017). We used CFPD to predict airway resistance 

and particle deposition. These predictions served as mechanistic physiomic phenotypes 

linked to inhaled medications and environmental risk factors (Tawhai et al., 2009; Tawhai 

et al., 2019). We assessed ventilation heterogeneity within each cluster and examined the 

deposition of fine and extrafine particles in different regions of the respiratory tract during 

tidal breathing as well as during slow, deep inhalation with a pause. We also investigated 

the effectiveness of targeted airway enlargement for improving particle deposition efficiency. 

Finally, we explored correlations between these pulmonary function testing (PFT), qCT, and 

CFPD variables.

2. Methods

2.1. Image data

Two datasets of patients with asthma were analyzed. The first dataset was collected from 

a U.S. Food and Drug Administration (FDA)-funded SPECT/CT study on asthmatic small 

airways, which enrolled a total of six male subjects with asthma at the University of 

Iowa (UI). The second dataset was acquired from an National Institutes of Health (NIH)-

sponsored multicenter study of the Severe Asthma Research Program (SARP) (Wenzel and 

Busse, 2007). This dataset consists of 209 subjects with asthma previously utilized for 

clustering analysis (Choi et al., 2017). Additionally, 35 healthy subjects with no prior history 

of pulmonary disease, previously recruited under a separate IRB approval at UI, were used 

as a control group (Li et al., 2012). The SPECT/CT data were mainly used for CFPD 

validation, while the SARP data were used for a more comprehensive statistical inter-cluster 

analysis against healthy data. Hereafter, the subjects in the first and second datasets are 

referred to as the “SPECT” subjects and the “SARP” subjects (or clusters), respectively.
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For each subject in both datasets, PFT was performed to assess lung function, and a pair of 

CT scans at full inspiration and expiration was acquired after inhalation of a bronchodilator, 

following the ATS standard spirometry testing protocol. Specifically, the subjects were 

initially given 2 puffs with 90 mcg/puff. If the change in FEV1 was less than 200 mL from 

baseline, an additional 2 puffs were administered, followed by a 15-minute wait before 

repeating spirometry. As a result, all SPECT subjects were given 2 puffs except SPECT-4 

with 4 puffs. In the SPECT ventilation scan for the SPECT/CT study, technetium-99m 

(99mTc) sulfur colloid was used as the radiotracer. It was delivered by a nebulizer, called 

the IV-600P Insta/vent Plus, with a reported median mass aerodynamic diameter (MMAD) 

of 0.28 μm. Due to the small cohort in the SPECT/CT study, we enrolled three subjects 

with non-severe and three with severe asthma based on pre-bronchodilator forced expiratory 

volume in the first second as percentage of the predicted value (FEV1%). The study 

protocol received approval from the IRB at the UI and the Research Involving Human 

Subjects Committee (RIHSC) at the FDA. Additionally, the Medical Radiation Protection 

Committee (MRPC) committee at UI has determined that additional Radioactive Drug 

Research Committee (RDRC) approval was not necessary.

2.2. Image processing and qCT variables

VIDAVision software (VIDA Diagnostics Inc., Coralville, Iowa, USA) was used to segment 

lung lobes, airways, and vessels from CT images and extract variables such as airway 

segment length, diameter, and wall thickness. Average hydraulic diameter and wall thickness 

of segmental airways across the five lobes (sLUL, sLLL, sRUL, sRML, sRLL, where 

LUL=left upper lobe, LLL=left lower lobe, RUL=right upper lobe, RML=right middle 

lobe, RLL=right lower lobe, and “s” denotes the segmental branching level) at TLC were 

calculated. To reduce the effect of individual variability, normalization formulae were used 

to compute the normalized hydraulic diameter (Dh
*) and normalized wall thickness (WT

*)
using predicted values from healthy subjects based on sex, age, and height (Choi et al., 

2015). This approach allowed for the dissociation of wall thickening, a phenotype related 

to inflammation, from luminal narrowing, a phenotype related to hyper-responsiveness 

(Choi et al., 2015). Additionally, the homothety ratio (D/Dparent), measuring the proportional 

relationship between the diameters of a branch and its parent branch, was calculated. A 

decrease in this ratio indicates pulmonary disease, suggesting higher energy dissipation 

during breathing due to air flow obstruction (Bokov et al., 2014). The Adaptive Multiple 

Feature Method (AMFM) (Uppaluri et al., 1999) was applied to calculate bronchovascular 

patterns in all subjects based on TLC scans.

Image registration was utilized to derive functional variables, including the determinant of 

the corresponding Jacobian matrix (hereafter, called Jacobian, which is a measure of volume 

expansion from expiratory to inspiratory CT scans, ≥ 1), percentage of air-trapped voxels 

(AirT%), percentage of functional small airway disease voxels (fSAD%), and percentage 

of emphysematous voxels (Emph%) across the five lobes and for the whole lung (Choi 

et al., 2013; Haghighi et al., 2018). Additionally, a fraction threshold-based approach for 

quantifying AirT%, fSAD%, and Emph% was used to account for protocol differences due 

to varying CT scanners and breath-hold coaches (Choi et al., 1985).
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A total of 57 multiscale qCT variables (32 local, 20 lobar, and 5 global) (Schum 

and Yeh, 1980; Yeh and Schum, 1980) were derived. The local qCT variables consist 

of branching angle (θ, the angle between two bifurcated branches), branch circularity 

(Cr,the ratio of the perimeter of an area equivalent circle to the perimeter of lumen 

area), WT
*, and Dh

* in segmental airways. The lobar variables include air ventilation 

fraction (Vent), AirT%, Jacobian, and anisotropic deformation index (ADI) - a measure 

of preferential deformation of a local volume (Amelon et al., 2011; Jahani et al., 

2017) - in five lobes. The global variables comprise lung shape, ventilation of upper 

lobes over middle and lower lobes U/ M + L v , as well as Jacobian (Total), AirT% 

(Total), and ADI (Total) for the whole lung. In this study, we focused on the ten major 

qCT variables identified previously (Choi et al., 2017), which include Jacobian, AirT%, 

Dh, sLLL
* , WT, sRUL

* , Dh, BronInt
* , VentRUL, JacobianLUL, Dh, RMB

* , WT, sRML
* , and ADILUL. Additionally, 

fSAD%, Emph%, WT, BronInt
* , and D/Dparent were presented. Functional variables such as 

Jacobian, AirT%, fSAD%, Emph%, Vent, and ADI were derived from image registration, 

while structural variables Dh
*, WT

*, and D/Dparent were obtained from image segmentation. 

The subscript indicated the lung region, while variables without a subscript represented 

measurements for the total lung (with ‘Total’ omitted). The regions for the functional 

variables could include the total lung and lobes such as ‘RUL’ and ‘LUL’, while the regions 

for the structural variables could refer to segmental airways in the total lung and within a 

lobe such as ‘sLLL’, ‘sRUL’, and ‘sRML’, and specific branches like ‘RMB’ (right main 

bronchus) and ‘BronInt’ (right intermediate bronchus). Full names of each variable or region 

are described in Table S1 in the supplementary material.

2.3. Subject classification

In our previous work, we identified four distinct asthmatic clusters using the aforementioned 

qCT variables and developed a qCT-based simple classification (SC) scheme that predicts 

cluster membership with 87% accuracy, using just four key qCT variables (Choi et al., 

2017). The four qCT variables for the SC scheme include two global measures: Jacobian 

(Total) and AirT% (Total), and two local measures: Dh, sLLL
*  in the sLLL and WT, BronInt

*  for 

the BronInt (see Fig. S1 in the supplementary material). For comparison, we also classified 

the subjects according to the guidelines of the National Asthma Education and Prevention 

Program (NAEPP) (National Asthma Education and Prevention Program TEPotDaMoA 

2007) into mild, moderate, and severe asthma, and the American Thoracic Society (ATS) 

(Chung et al., 2014) into severe and nonsevere asthma.

2.4. CFPD

Airway resistance and particle deposition fraction (DF% = Number of deposited particles
Number of inhaled particles ) during 

tidal breathing were simulated using a 1D CFPD model (Zhang et al., 2022). Tidal volume 

for each subject was determined based on ideal body weight, involving about 520 mL of air. 

To mimic tidal breathing, a 5-second (s) sinusoidal breathing waveform (2.5 s duration for 

inhalation and exhalation each) was imposed at the trachea. Particle deposition in the mouth 

region was estimated using the International Commission on Radiological Protection (ICRP) 

Human Respiratory Tract Model (HRTM) (Smith, 1994).
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To assess ventilation heterogeneity, we calculated the coefficient of variation (CV) of 

particle distribution. This model was previously validated against SPECT/CT data for 

COPD subjects (Zhang et al., 2022). In this work, we further validated the model against 

SPECT/CT data for asthmatic subjects. For SARP subjects, we also simulated activation by 

a metered dose inhaler with a slow, deep inhalation (1.25 s for fast inhalation and 3.75 s for 

slow inhalation) followed by a breath hold (pause) (Zhang et al., 2022; Longest et al., 2012), 

involving an air volume equivalent to the inspiratory capacity (IC) (Choi et al., 2019).

2.5. Statistical analysis

Welch’s ANOVA test was used to assess differences between clusters, setting the 

significance threshold at p < 0.05. When Welch’s ANOVA test indicated statistically 

significant differences, Tukey’s Honestly Significant Difference (HSD) test was applied for 

detailed pairwise comparisons, maintaining the same significance level.

To explore the relationships between PFT, qCT, and CFPD variables, we used Pearson’s 

correlation coefficient (r). For clinical analysis (Miot, 2018), correlation strengths were 

categorized as follows: |r| ≤ 0.3 as negligible, 0.3 < |r| ≤ 0.5 as weak, 0.5 < |r| ≤ 0.7 

as moderate, 0.7 < |r| ≤ 0.9 as strong, and |r| > 0.9 as very strong. A p-value of < 0.05 

was considered statistically significant. Spearman’s correlation coefficient was used for 

categorical variables, including cluster membership and severity definition based on the 

NAEPP and ATS guidelines. Categorical variables were one-hot encoded, with 0 indicating 

that the variable did not belong to the category and 1 indicating that it did. The same 

categories for correlation strength and significance levels were applied.

When comparing CFPD and SPECT data, we calculated the normalized root-mean-square 

error (NRMSE; see the supplementary material for details). An NRMSE value below 0.05 

indicated good agreement between them, providing confidence in the reliability of our 

model in predicting actual lung ventilation.

3. Results

This section is organized as follows: First, we present the demographics, PFTs, and 

classifications of SPECT and SARP subjects, compared to healthy controls. Next, CFPD-

predicted CV values for ventilation heterogeneity were validated against those calculated 

from SPECT data, with differences quantified for both whole lungs and lobes. After 

validation, we applied CFPD to SARP subjects to investigate cluster-specific ventilation 

characteristics. To explain these features, we examined distinct qCT structural and functional 

variables for each cluster. We then applied CFPD to predict airway resistance and particle 

deposition. Finally, we established correlations among clinical, qCT, and CFPD variables.

3.1. Demographics, PFT, and classification of SPECT and SARP subjects

Table 1 presents the demographic and PFT data for the six SPECT subjects. According to 

the NAEPP (or ATS) guidelines, the first three subjects were classified as having mild (or 

nonsevere) asthma, while the remaining three were classified as having moderate-to-severe 

(or severe) asthma. Using the SC scheme (Fig. S1) (Choi et al., 2017), the first three subjects 

were categorized as C1, while one of the remaining three subjects was categorized as C4. 

Zhang et al. Page 7

Eur J Pharm Sci. Author manuscript; available in PMC 2025 June 08.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Additionally, the SARP subjects were classified into four distinct clusters: C1 (n=76), C2 

(n=41), C3 (n=55), and C4 (n=37). Table 2 presents the demographic and PFT data for these 

clusters. According to the demographic information, C1 subjects were the youngest, while 

C4 subjects were the oldest. C3 had a significantly higher BMI and a greater percentage 

of females compared to the other clusters. Compared to the healthy control group, FEV1 

% predicted and FEV1/forced vital capacity (FVC) declined with increasing cluster number. 

With the NAEPP criteria, C1, C2, and C3 were mostly composed of mild asthma. With 

the ATS guidelines, C1 had 39.5% nonsevere asthma and C2 had 52.5% nonsevere asthma. 

C3 and C4 had more than 70% severe asthma (see Fig. S2 for the correlations between 

subgroups).

3.2. CFPD validation

The results from the 1D CFPD analysis were validated against both the SPECT/CT in vivo 
data and the 3D CFPD in silico data (Choi et al., 2019). For each SPECT subject, we 

compared the CV of tracer 99mTc concentration with the corresponding CFPD-predicted 

value. Since the size of 99mTc sulfur colloid is below 1.0 μm, the particle diameter for the 

CFPD simulations was set as 0.5 μm. Fig. 1 shows that the SPECT-measured ventilation 

CV values and the corresponding CFPD-predicted values for all six subjects were in good 

agreement, with NRMSE < 0.05. Moreover, the NRMSE between SPECT and CFPD lobar 

CV values is less than 0.05.

To compare the 3D CFPD results in CT-resolved airways with a slow and deep inhalation 

(Choi et al., 2019), 1D CFPD simulations with the same waveform were performed for the 

SARP subjects. The lobar deposition fractions predicted by the 3D CFPD were compared 

with those of the 1D CFPD. Fig. 2(a) and (b) compare the lobar deposition fractions in C1 

and C4 subjects for 1.0 μm and 8.0 μm particles, respectively. The results showed good 

agreement between 1D and 3D CFPD data, with NRMSE < 0.05.

3.3. Ventilation heterogeneity

Fig. 3 displays the CV values of the SARP clusters, along with those of healthy subjects, 

showing means (SD) of 0.46 (0.04) for healthy subjects and 0.47 (0.04), 0.49 (0.05), 0.42 

(0.02), and 0.55 (0.04) for C1, C2, C3, and C4, respectively. Notably, C4 exhibited the 

highest CV compared to others (p < 0.001), indicating a more heterogeneous ventilation 

within their lungs. C2 also had elevated CV, but it only significantly differed from C3 (p < 

0.01), which had the lowest CV among all clusters (see Fig. S3 for the spatial distribution 

of inhaled 0.5-μm particles and the corresponding CV in each cluster archetype). Fig. 4(a) 

compares the CV values of the SARP subgroups defined by the NAEPP criteria, while Fig. 

4 (b) shows those defined by the ATS guidelines. In contrast to qCT-based classification, the 

variations in ventilation heterogeneity among the NAEPP- and ATS-defined subgroups were 

not statistically significant.

3.4. qCT variables

Table 3 shows the key qCT variables for each SARP cluster. The C2, C3, and C4 clusters 

exhibited a significant reduction in Jacobian and ADI values, with the most pronounced 

reduction in the C4 cluster. Additionally, C4 showed a notable increase in AirT% and 
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fSAD%. Regarding airway narrowing, C2 and C4 had reduced normalized hydraulic 

airway diameters in the BronInt, RMB, and segmental branches of the LLL. Airway 

wall thickening was observed in C3, particularly in the segmental branches of the RUL 

and RML, as well as in the BronInt. It is worth noting that over 90% of CT-resolved 

airway segments used in calculating Dh, sLLL
*  and WT, sRUL

*  are large conducting airways (D > 

2 mm). The four qCT phenotypes used in the SC scheme (Fig. S1) included reduction 

in lung deformation (Jacobian↓), increase in air trapping/small airway disease (AirT%/

fSAD%↑), airway narrowing (Dh
* ), and wall thickening (WT

* ), where ↓ and ↑ denote 

decrease and increase, respectively. In general, among all clusters, C1 exhibited the highest 

Jacobian value, indicating mild reduction in lung deformation, while C4 had the lowest 

Jacobian value, reflecting significant reduction in lung deformation. The C2 and C4 clusters 

exhibited airway narrowing, while C3 was characterized by both airway dilation and wall 

thickening. Additionally, only C4 was characterized by significant small airway disease. The 

statistical inter-cluster comparisons of the functional variables (AirT%, fSAD%, Emph%, 

and Jacobian) and structural variables (Dh
* and WT*) are presented graphically in Figs. S4 

and S5, respectively. The average homothety ratio observed in healthy controls was within 

the previously reported range of 0.80 to 0.85 for healthy subjects (Wenzel and Busse, 2007). 

Additionally, in C4 and SPECT-6, the homothety ratio was notably below the theoretical 

critical minimum value of 0.79, as shown in Tables 3 and 4 as well as Fig. S6, indicating 

airway remodeling.

To better understand the qCT-based classification scheme, Table 4 lists the key qCT 

variables for the SPECT subjects. Three of the six subjects (SPECT-1, SPECT-2, 

and SPECT-6) had matching qCT-based and spirometry-based classifications. The three 

nonsevere subjects (SPECT-1, SPECT-2, and SPECT-3) had Jacobian values greater than 

the threshold of 2.21 (Fig. S1), classifying them in the C1 cluster. The only severe subject 

(SPECT-6) that was classified as C4 exhibited a significant reduction in lung deformation 

(Jacobian↓) and an increase in AirT%, due to a rise in fSAD%. SPECT-4, also a severe 

subject, was classified as C1 due to a Jacobian value greater than 2.21 and insignificant 

AirT%, despite a significant decline in FEV1% predicted. The relatively higher Jacobian 

value may be attributed to receiving 4 puffs of bronchodilator instead of 2 puffs. SPECT-5 

was classified in the C2 cluster due to a moderate reduction in Jacobian and airway 

narrowing as well as insignificant AirT%, despite a significant decline in FEV1% predicted. 

Based on (Choi et al., 2017), C2 subjects included both nonsevere and severe asthma, 

indicating that PFT alone is insufficient to differentiate asthmatic subgroups.

To further understand how these qCT structural and functional characteristics affect 

ventilation heterogeneity, Fig. 3 plots the CV values of the SPECT subjects for comparison 

with those of the SARP clusters. The three subjects with matching classifications (SPECT-1, 

SPECT-2, and SPECT-6) exhibited consistent CV with their respective clusters. SPECT-3 

(C1, nonsevere asthma) demonstrated more heterogeneous ventilation (CV ↑) due to airway 

narrowing. Although SPECT-4 and SPECT-5 had severe asthma defined by spirometry, their 

corresponding lung deformations were mild to moderate, with essentially no small airway 

disease, resulting in more homogeneous ventilation (CV↓) than C4 subjects.
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To investigate whether subjects exhibiting mismatching classifications, like SPECT-3, 

SPECT-4, and SPECT-5, also existed among the SARP subjects, we identified SARP-3 

and SARP-4 among the C1 subjects and SARP-5 among the C2 subjects, as shown in Table 

4. In other words, SARP-3, SARP-4, and SARP-5 corresponded to SPECT-3, SPECT-4, and 

SPECT-5, respectively, in terms of major qCT imaging metrics and ventilation heterogeneity 

profiles. The results thus suggest the presence of sub-clusters within these four imaging 

clusters.

3.5. CFPD-based airway resistance and particle deposition

Fig. 5 shows the airway resistance by lobe for the SARP clusters. The results indicate that 

the C2 and C4 clusters exhibited increased airway resistance compared to healthy controls, 

which aligns with airway narrowing observed in these clusters. Among all the asthmatic 

clusters, C3 showed the lowest airway resistance.

Fig. 6(a) presents the whole lung deposition fractions for particles ranging from 0.01 to 

10.0 μm across all clusters and healthy controls. Particles sized 0.4–0.5 μm had the lowest 

deposition fraction across all groups. Notably, C4 had the lowest deposition fraction of any 

group, regardless of particle size (p<0.05). This finding suggests that the structural and 

functional changes in C4 subjects significantly impact their ability to effectively deposit 

particles in the lungs.

To account for the particle deposition in the mouth-throat (MT) region (DF%MT) during 

mouth breathing, the DF%MT estimated from the ICRP HRTM model (Smith, 1994) was 

displayed in Fig. 6(b), the DF% values for SARP clusters were recalculated based on (1- 

DF%MT) × DF% predicted from the 1D CFPD in Fig. 6(a). DF%MT is negligible for 0.1–1.0 

μm particles, and increases quickly to about 70% at 10 μm. The resulting DF% in the whole 

lungs peaks at about 4 μm in Fig. 6(b).

To investigate the penetration of inhaled particles, the total deposition fraction was further 

divided into three regions based on the average airway diameter (D): large airways (D 

≥ 2 mm), small airways (D < 2 mm), and respiratory airways. Fig. 7 shows the particle 

deposition fractions by region for particle sizes of 0.01 μm, 0.1 μm, 1.0 μm, 5.0 μm, and 

10.0 μm. Fig. 7(a,b,c) on the left panel was based on tidal breahing, while Fig. 7(d,e,f) on 

the right panel was based on slow, deep breating with a 10-s pause. Overall, the results 

indicate that 1.0 and 0.1 μm extrafine particles penetrate deeper into the lungs, reaching 

the respiratory region. In contrast, 5.0 μm fine particles are distributed more uniformly 

across the three regions. Notably, 0.01 μm nanoparticles exhibited the highest deposition 

in the small airways. Meanwhile, 10 μm large particles were predominantly trapped in the 

mouth-throat area, with the highest deposition occurring in the large airways. With slow, 

deep inhalation and a pause, more particles are deposited deeper into the lungs, with the 

most notable increase observed for 1.0 μm particles in the respiratory region. Additionally, 

significant inter-cluster variations were evident, as highlighted in the figure.
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3.6. Correlations between variables and associations with clusters

Fig. 8 shows the heat map of the correlation coefficients between PFT, qCT, and CFPD 

variables. All correlations are positive unless otherwise noted as negative. The results are 

summarized by three categories of variables: PFT, qCT, and CFPD.

In the PFT category, FEV1 % predicted and FEV1/FVC are moderately correlated. Both 

measures demonstrate a moderate negative correlation with high attenuation patterns in 

images, such as AirT%, Emph %, and fSAD%. Additionally, FEV1 % predicted and 

FEV1/FVC exhibit a weak correlation with Jacobian. FEV1 % predicted also shows a weak 

correlation with Dℎ
* and a weak negative correlation with resistance.

For the qCT variables, fSAD% and AirT% are correlated with Jacobian (moderate negative), 

D/Dparent (weak negative), resistance (weak), DF% (both weak and moderate negative), and 

CV (moderate). Jacobian correlates with fSAD% and AirT% (moderate negative) and DF% 

(strong). Dℎ
* has a weak negative correlation with resistance and CV, while D/Dparent shows a 

weak negative correlation with resistance.

In the CFPD category, Resistance, DF%, and CV are examined. Resistance is correlated 

with FEV1 % predicted (weak negative) and CV (moderate). It is also correlated with qCT 

variables, including fSAD% and AirT% (weak), Dℎ
* (weak negative), and D/Dparent (weak 

negative). Furthermore, resistance exhibits a negligible correlation with Jacobian. DF% 

shows a strong correlation with Jacobian and a weak to moderate negative correlation with 

fSAD/AirT%, while it has no correlation with CV. Lastly, CV is correlated with resistance 

(moderate), fSAD%, and AirT % (moderate), and Dℎ
* (weak negative).

Fig. 9 shows the heat map of Spearman’s correlation coefficients between clusters and 

variables. The results reveal that C1 primarily consisted of younger individuals. C2 had a 

weak association with a reduction in Jacobian. C3 had a weak but significant correlation 

with BMI, airway diameter, and wall thickness, as well as a weak negative correlation 

with resistance. In contrast, C4 exhibited a moderate negative correlation with both FEV1 

% predicted and FEV1/FVC. Additionally, C4 was strongly correlated with fSAD% and 

AirT%, and moderately correlated with Emph%. There was also a moderate correlation with 

both resistance and CV among C4 subjects.

Regarding the cluster correlations with the four qCT variables used in the SC scheme, C1 

had a strong correlation with Jacobian. In contrast, C2 and C4 exhibited weak negative 

correlations with Jacobian, while C3 displayed a marginal weak negative correlation. C4 

had a strong correlation with fSAD% and AirT%, and C3 was moderately correlated 

with airway diameter and weakly but significantly correlated with wall thickness. C2 and 

C4 had marginal negative correlations with airway diameter. Overall, Jacobian effectively 

distinguished C1 from C2, C3, and C4. AirT% further differentiated C4 from C2 and C3. 

C3 was set apart from C2 by airway dilation and wall thickening, while C2 was primarily 

characterized by airway narrowing and Jacobian reduction.
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3.7. Airway enlargement and breath hold

Airway narrowing in the LLL (Dh, sLLL
* ) is a key phenotype in C4 severe asthmatic subjects 

(Table 3). The diameter of the left lower bronchus (LLB), also known as the trifurcation of 

the LLB (TriLLB), significantly contributed to the loadings of Dh
* in the principal component 

analysis (Choi et al., 2017). 3D CFPD analysis further revealed that the constricted LLB 

in a C4 subject created a local hotspot with high particle deposition density at the first 

bifurcation downstream of the LLB during inspiration (Choi et al., 2019). Based on these 

previous findings, two key questions needed to be addressed. First, is the local hotspot 

observed in the 3D CFPD analysis of a C4 subject (Choi et al., 2019) also present in the 

C4 cluster? Second, how do LLB enlargement and a breath hold affect particle deposition 

in the LLL? The second question is partly motivated by bronchial thermoplasty, a medical 

procedure used to treat severe asthma (Castro et al., 2010; Castro and Chupp, 2020), and 

aims to quantify its effectiveness in terms of improving particle deposition. A pause is 

known to increase deposition in deep lung regions (Zhang et al., 2022; Hofemeier et al., 

2018; Koullapis et al., 2018; Koullapis et al., 2020). Thus, in the following analysis, a 1-s 

pause was incorporated at the end of slow and deep inhalation.

The left side of Fig. 10(a) shows a 3D airway model (Choi et al., 2019), featuring CT-

resolved airways and five paths extending from terminal CT-resolved branches to terminal 

bronchioles, one in each of the five lobes. The branches highlighted in yellow, along with the 

corresponding red-coded 1D skeleton, illustrate a typical network branching from the LLB 

in the LLL (Choi et al., 2019). In the analysis, particle deposition in this typical network 

was compared with that in the entire LLL for particle sizes of 1, 2, 4, and 8 μm. Fig. 10(a) 

shows that the deposition fractions in the typical network for SARP subjects predicted by 

1D CFPD closely match those calculated previously using 3D CFPD (Choi et al., 2019). 

As particle size increased, deposition fractions in C4 were significantly higher compared 

to other clusters, a trend also observed in C2 due to airway narrowing in the LLL. Larger 

particles tended to deposit in larger branches, while airway narrowing further increased 

regional deposition heterogeneity. However, this increased local deposition did not translate 

to higher deposition across the entire LLL (Fig. 10(b)). The narrowed LLB in C4 created a 

local region with high particle concentration, trapping over 50% of large particles entering 

the LLL. Additionally, the reduced inspiratory capacity in C4 may have resulted in fewer 

particles reaching the deep lung regions.

Fig. 11 shows the lobar deposition efficiency in the lobar 

branch LLB DE%LLB = Number of particles deposited in LLB
Number of particles enteing LLL  and entire LLL 

(DE%LLL = Number of particles deposited in LLL
Number of particles enteing LLL ) of a C4 subject (SPECT-6) under three 

conditions with slow and deep inhalation: (Porsbjerg et al., 2023) a 20% dilation of the LLB 

diameter (no pause), (Usmani et al., 2016) with a 1-s pause (no LLB dilation), and (Zinellu 

et al., 2019) a 20% LLB dilation and a 1-s pause. For 1.0 μm particles, dilation of the LLB 

resulted in a 2.4% increase in DE%LLL, while the pause led to a 6.2% increase. With both 

dilated LLB and pause, the enhancement of DE%LLL rose to 9.8%. DE%LLB accounted for 

only 14% of the DE%LLL. For 8.0 μm particles, LLB dilation resulted in a 3.9% increase in 

DE%LLL but reduced DE%LLB by 0.6%. With a pause, DE%LLB and DE%LLL increased by 
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2.9% and 10.4%, respectively. When both dilation and pause applied, DE%LLL increased by 

16.5%. While branch dilation allowed more particles to enter and deposit in the downstream 

of LLB, a pause enhanced deposition by providing more time for particles to settle in airway 

segments, thereby improving the deposition across all segments.

4. Discussion

Recent advancements in imaging technologies allowed for quantitative and sensitive 

measurements of local structural and functional changes in individuals with asthma 

(Hoffman, 2022). Our study aimed to correlate predefined imaging clusters with ventilation 

heterogeneity in patients with asthma and explore the implications for inhaled drug delivery. 

By combining qCT-based classification with subject-specific whole-lung CFPD, our goal 

was to enhance patient stratification and propose strategies to optimize the deposition of 

inhaled therapeutic aerosols in targeted lung regions of the patients with asthma.

The qCT-based classification scheme utilizes two global variables—Jacobian (Total) and 

AirT% (Total)—and two local variables—Dh, sLLL
*  and WT, BronInt

*  (see Fig. S1). A high 

threshold for Jacobian (Total) distinguishes C1 from the other clusters. A high threshold 

for AirT% (Total) combined with a low threshold for Jacobian (Total) further differentiates 

C4 from C2 and C3. C2 and C3, with intermediate reduction in Jacobian (Total), were 

distinguished by meeting the criteria of a low Dh, sLLL
*  and a high WT, BronInt

* , respectively. 

Consequently, C1 was characterized by mild reduction in lung deformation, C2 by airway 

narrowing, C3 by wall thickening, and C4 by significant reduction in lung deformation 

and air trapping. In general, this scheme reflects the severity stage in asthmatic subjects 

when compared with NAEPP- and ATS-defined subgroups (Table 2 and Fig. S2). Fig. 

3 underscores the effectiveness of this scheme in distinguishing C4, which exhibits a 

significantly distinct ventilation profile compared to other clusters. This distinction contrasts 

with the insignificant differences between ventilation profiles in severity subgroups defined 

with NAEPP and ATS guidelines (see Fig. 4).

Both FEV1 % predicted and FEV1/FVC, which measure airflow obstruction, were reported 

to be positively correlated with Jacobian (Cohen et al., 2022). This indicates that reduced 

lung deformation is associated with asthma. Our analysis supports this finding, though the 

correlation is weak but significant (p < 0.05). Specifically, C3 showed a moderate decrease 

in Jacobian, while C2 and C4 experienced a more significant reduction (Choi et al., 2015; 

Choi et al., 2017). Airflow obstruction in asthmatics was also linked to an increase in AirT% 

(Choi et al., 2015; Choi et al., 2017; Park et al., 2012). Our findings consistently showed that 

FEV1% predicted and FEV1/FVC exhibited a moderate negative correlation with AirT%. In 

the C1 cluster, which consisted predominantly of mild asthmatics, AirT% was comparable 

to healthy controls. However, in severe asthma, there were notable differences: AirT% is 

7.22% ± 0.62% in C3 and significantly increases to 24.92% ± 10.13% in C4 (Table 3). 

This substantial rise in AirT% in C4 was largely attributed to an increase in small airway 

disease, as quantified by fSAD %. In C4, fSAD% and Emph% were 15.28% ± 0.76% 

and 6.47% ± 0.62%, respectively. In addition to changes in lung function, an increased 

bronchovascular percentage (%) was observed in C2, C3, and C4 compared to healthy 

subjects (Table 3). While asthma subjects in SARP had significantly higher bronchovascular 
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percentage (%) compared to heatlhy (SARP: 12.19% ± 2.21% vs healthy: 11.79% ± 1.34%), 

the differences of bronchovascular percentage (%) among asthma clusters are insignificant. 

The heightened vasculature indicates inflammation, marked by a continuous influx of mast 

cells, neutrophils, eosinophils, and inflammatory mediators (Harkness et al., 2015).

We have previously reported that 43% of asthmatic subjects in the C4 cluster showed 

increased eosinophil counts, and 78% had elevated neutrophil counts based on sputum 

inflammatory tests (Choi et al., 2017). Together with increased neutrophil counts from BAL 

tests, the subjects in the C4 cluster likely had neutrophil-dominant asthma. In contrast, C2 

exhibited marginal to no inflammation. Both the C2 and C4 clusters were characterized 

by reduced airway diameters. This regional airway narrowing, along with reduced FEV1% 

predicted, is indicative of a phenotype associated with hyper-responsiveness (Bradding et 

al., 2024). Additionally, C4 was marked by elevated fSAD%, an inflammatory phenotype in 

the small airways that may contribute to the development of emphysema in the respiratory 

airways.

In contrast to C2 and C4, C3 was characterized by airway dilation and wall thickening in 

both large and small airways (Table 3, about 90% of CT-resolved airways in sLLL and 

sRUL are large airways), presenting inflammation phenotypes distinct from those in C4. 

Additionally, C3 had a significant decrease in blood lymphocyte counts and an increase 

in neutrophil counts, resulting in a higher neutrophil-to-lymphocyte ratio (NLR) (Choi 

et al., 2017). The median of methacholine provocative concentration resulting in 20% 

decrease in FEV1 (PC20) in C3 was much lower than in other clusters. Bronchiectasis, also 

known as pathological bronchial dilation, is a chronic respiratory condition characterized by 

widened airways, with increased prevalence among patients with severe asthma (Matsumoto, 

2022; Ma et al., 2021). While an elevated NLR is a biomarker for bronchiectasis 

exacerbation (Georgakopoulou et al., 2020), further study is needed to determine whether 

the inflammation in C3 is related to comorbid bronchiectasis.

Short-acting beta-2-adrenergic agonists (SABAs) and long-acting beta-2-adrenergic agonists 

(LABAs) are bronchodilators that relax airway smooth muscles, increase airway diameter, 

and improve air flow. SABAs provide quick relief from acute bronchoconstriction, while 

LABAs are used for maintenance therapy. Corticosteroids reduce airway inflammation and 

edema, also associated with asthma. LABAs and inhaled corticosteroids (ICSs) are often 

used together for long-term control of asthma symptoms, with LABAs relaxing airway 

muscles and ICSs reducing and preventing swelling. According to (Choi et al., 2017), C3 

and C4 consisted of subjects receiving high-dose LABAs and ICSs. Studies have targeted 

the peripheral airways in asthmatics with extrafine LABAs and ICSs (Postma et al., 2017; 

Manoharan et al., 2016). Pharmaceutical particle formulations with a MMAD of 2–4 μm are 

considered fine, while those with an MMAD of 1 μm are classified as extrafine (Postma et 

al., 2017). In other studies, particles with an MMAD of 2–5 μm are referred to as standard 

size, and those with an MMAD less than 2 μm are classified as extrafine (El Baou et al., 

2017). Particles smaller than 0.1 μm are known as nanoparticles. Sedimentation dominates 

deposition for particles 5 μm and larger, while Brownian motion and laminar diffusion are 

more significant for particles 0.1 μm and smaller. For 1 μm particles, all three mechanisms 

are influential (Zhang et al., 2022).
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Hereafter, we focus on the CFPD-based deposition fractions of 1 μm and 5 μm particles, 

representing extrafine and fine particles, respectively, in large conducting, small conducting, 

and respiratory airways. These fractions are categorized by cluster and examined under 

conditions of tidal breathing, as well as slow and deep inhalation with a pause (Fig. 7). 

Deposition fractions in the mouth-throat region were approximated at 0.25% and 22.5% for 

1 μm and 5 μm particles, respectively. Slow and deep inhalation with a pause can double 

the deposition fraction of extrafine particles in the respiratory region compared to tidal 

breathing. Additionally, targeting airway enlargement at a single branch in the LLB of C4 

subjects could further improve the DF% of both fine and extrafine particles in the LLL by 

about 10% or more with a longer pause, and reduce the hotspot effect.

In conjunction with qCT-based cluster-specific phenotypes—such as normal airway 

structure in C1; a hyperresponsive phenotype with narrowing in the large and small airways 

of C2 and C4; an inflammatory phenotype with wall thickening in C3; and inflammatory 

phenotypes characterized by elevated fSAD% and Emph% in C4— we propose several 

strategies to improve the targeted delivery of fine and extrafine particles, which can be 

tested in future studies. For the delivery of SABAs and LABAs, fine particles around 5 

μm should be directed to both the large and small conducting airways in the C2 and C4 

clusters, where airway narrowing is prominent. Conversely, in the C1 and C3 clusters, where 

airway narrowing is less significant, SABAs and LABAs may have limited effects. Given 

the different inflammation phenotypes, fine particles around 5 μm should be used for ICS 

delivery to target the conducting airways in C3, while extrafine particles should be used 

to effectively reach the small conducting and respiratory airways in C4. In the C4 cluster, 

the delivery of extrafine ICS could be optimized by adopting a slow and deep inhalation 

technique with a pause. For example, in our CFPD analysis, DF%Respiratory, 1μm = 18.5 ± 3.9 with 

tidal breathing, which increased to DF%Respiratory, 1μm = 35.8 ± 7.1 with slow and deep breathing 

with a pause. For targeting the delivery of fine particles throughout the entire airway tree, 

tidal breathing may be just as effective as slow, deep inhalation with a pause. Finally, 

improving deposition fractions for both fine and extrafine particles may be possible by 

targeting airway enlargement at branch LLB in C4.

Additionally, our CFPD results reveal significant differences in airway resistance among 

asthmatic clusters (Fig. 5). This finding has important clinical implications that need to be 

confirmed in future studies. Oscillometry has been used to measure airway resistance and 

reactance in asthma and COPD (Kaminsky et al., 2022; Kaczka and Dellaca, 2011; Galant 

et al., 2017). In the current SPECT/CT study, the inclusion criteria were primarily based on 

FEV1 % predicted. A future question to explore is whether oscillometry could differentiate 

resistance among asthmatic clusters, particularly between C1 and C2 and between C3 and 

C4 (King et al., 2020). Given the limited accessibility of CT, if oscillometry proves effective 

in detecting these differences, combining spirometry with oscillometric measurements could 

provide alternative clinical variables for more precise classification of asthmatics than 

spirometry alone. This approach could be used alongside the previously proposed strategies 

for delivering inhaled drug aerosols.
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5. Limitations

This study has several limitations. First, the sample size for the SPECT/CT study is limited 

due to high costs, resulting in a relatively small cohort. Additionally, the spirometry-based 

inclusion criteria cannot differentiate between severe asthma cases with and without air 

trapping. Second, suggestions regarding the use of fine and extrafine particles for treating 

different asthmatic cluster subjects still need to be validated through future studies involving 

human subjects. Third, there may be additional sub-clusters that are not captured by the 

current predefined imaging clusters. Fourth, the 1D CFPD model is limited to using 

averaged data along the radial direction of an airway segment and does not account for 

morphological variations in diseased acini.

6. Conclusions

This study evaluated the effectiveness of qCT-based classification in distinguishing 

ventilation heterogeneity among asthmatic subjects and explored the implications for 

delivery of inhaled drug aerosols. We combined imaging and modeling approaches, using 

new SPECT/CT data for model validation and leveraging existing SARP data for a more 

comprehensive statistical analysis.

Our findings indicated that imaging clusters, defined by measurable qCT structural and 

functional changes, distinctly captured varying ventilation characteristics among different 

asthma clusters. Clusters C2 and C4 exhibited airway narrowing, while C3 and C4 displayed 

distinct inflammatory phenotypes. C3 was marked by airway dilation and wall thickening, 

whereas C4 showed a significant increase in air trapping, primarily due to an escalation 

in small airway disease. Our CFPD analyses suggest that using appropriate aerosol sizes 

and breathing patterns may improve the delivery of drug aerosols to regions characterized 

by these unique phenotypes. In summary, this study demonstrates that combining imaging 

and modeling approaches can provide insights into ventilation heterogeneity and particle 

deposition in asthma, and generate new hypotheses for future research.
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Fig. 1. 
Coefficient of variation obtained from SPECT and 1D CFPD data for the 6 SPECT subjects. 

NRMSE < 0.05.
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Fig. 2. 
Lobar deposition fractions obtained from 1D CFPD and 3D CFPD (Choi et al., 2019) for 

SARP subjects with particles of (a) 1 μm and (b) 8 μm in diameter.
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Fig. 3. 
Coefficient of variation for SPECT and SARP subjects by cluster, with solid circles denoting 

SPECT data and bars representing SARP data. Statistical notations are: * p < 0.05, ** p < 

0.01, and *** p < 0.001.
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Fig. 4. 
Coefficient of variation for SPECT and SARP subjects categorized by (a) NAEPP and (b) 

ATS guidelines, with solid circles denoting SPECT data and bars representing SARP data. 

There is no significant difference (p > 0.05) between subgroups.
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Fig. 5. 
Lobar airway resistance for SARP clusters. Statistical notations are: * p < 0.05, ** p < 0.01, 

and *** p < 0.001.
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Fig. 6. 
Whole lung deposition fractions for the SARP clusters during tidal breathing: (a) 1D CFPD 

predicted DF%, and (b) ICRP HRTM predicted DF%MT and (1- DF%MT) × 1D CFPD 

predicted DF%.
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Fig. 7. 
Whole-lung particle deposition fractions for SARP subjects in three regions, based on (1 - 

DF%MT) × 1D CFPD DF%. Panels (a, d) show the large conducting airway region, (b, e) 

the small conducting airway regions, and (c, f) the respiratory airway region. Panels (a, b, c) 

are for tidal breathing, and (d, e, f) for deep and slow breathing with a 10-s pause. Slow and 

deep form increases DF%MT by 2% for 0.01 μm and 5% for 10.0 μm particles compared to 

tidal breathing. Statistical notations: * p < 0.05, ** p < 0.01, *** p < 0.001.
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Fig. 8. 
Pearson’s correlation coefficients between PFT, qCT, and CFPD variables.
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Fig. 9. 
Spearman’s correlation coefficients between demographic, PFT, qCT, and CFPD variables 

for SARP clusters.
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Fig. 10. 
Deposition fractions in (a) the 3D path in the LLL and (b) the entire LLL among asthma 

clusters. Statistical notations are: * p < 0.05, ** p < 0.01, and *** p < 0.001.
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Fig. 11. 
Comparison of deposition efficiencies in the LLB (DE%LLB) and the entire LLL (DE%LLL) 

for a C4 subject.
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Table 2
Demographic and PFT data for SARP subjects (p < 0.05 between clusters for all variables).

Tmaging Cluster C1 (n=76) C2 (n=41) C3 (n=55) C4 (n=37) Healthy (n=35) p-value

Age (years) 31.81 (15.20) 37.22 (11.99) 44.78 (17.25) 49.38 (13.78) 42.72 (11.05) <0.05

Height (cm) 173.26 (11.25) 171.47 (9.68) 169.57 (13.05) 173.57 (9.50) 171.44 (8.96) <0.05

Weight (kg) 81.08 (15.82) 83.20 (22.67) 92.56 (27.12) 89.07 (17.68) 75.86 (14.12) <0.05

BMT (kg/m2) 26.87 (3.75) 28.36 (7.93) 31.70 (6.64) 29.40 (4.57) 25.73 (3.59) <0.05

FEV1 % predicted 98.24 (18.40) 86.68 (9.79) 74.37 (28.72) 56.45 (11.53) 103.81 (5.83) <0.05

FEV1/FVC 77.42 (7.83) 76.05 (7.37) 68.57 (15.55) 55.15 (10.17) 83.89 (13.21) <0.05

Female (%) 52.94 52.50 65.55 47.22 51.42 <0.05

TLC (L) 5.62 (1.38) 4.19 (1.48) 4.44 (1.44) 5.10 (1.34) 5.87 (1.30) 0.07

TC (L) 3.26 (0.83) 3.51 (0.69) 2.32 (1.21) 2.63 (0.91) 2.18 (1.10) 0.09

NAEPP Mild/Moderate/Severe Asthma 
(%)

67.1/21.0/11.9 48.8/36.6/14.6 56.4/18.2/25.4 17.1/22.9/60.0

ATS Severe Asthma (%) 39.5 52.5 74.5 72.9

Values expressed as mean (SD) or number (%).
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Table 3
Key qCT variables for SARP clusters and healthy controls.

C1 C2 C3 C4 Healthy p-value

Jacobian 2.46 (0.21) 1.71 (0.26) 2.00 (0.17) 1.48 (0.21) 2.90 (0.57) <0.05

AirT% 3.15 (0.40) 8.13 (0.61) 7.22 (0.62) 24.92 (10.13) 2.21 (0.51) <0.05

Emph% 2.98 (0.41) 3.27 (0.39) 3.08 (0.24) 6.47 (0.62) 1.09 (0.22) <0.05

fSAD% 0.97 (0.10) 3.46 (0.37) 3.31 (0.32) 15.28 (0.76) 1.37 (0.34) <0.05

Dh, sLLL
* 0.33 (0.04) 0.28 (0.05) 0.36 (0.06) 0.27 (0.05) 0.34 (0.07) <0.05

WT, sRUL
* 0.61 (0.06) 0.60 (0.06) 0.67 (0.05) 0.60 (0.05) 0.52 (0.04) <0.05

Dh,BronInt
* 0.66 (0.07) 0.61 (0.05) 0.72 (0.04) 0.64 (0.03) 0.61 (0.06) <0.05

WT,BronInt
* 0.62 (0.04) 0.65 (0.06) 0.74 (0.03) 0.66 (0.05) 0.58 (0.04) <0.05

VentRUL 0.17 (0.01) 0.18 (0.02) 0.20 (0.02) 0.17 (0.02) 0.17 (0.01) <0.05

JacobianLUL 2.25 (0.24) 1.63 (0.27) 1.95 (0.29) 1.42 (0.20) 2.80 (0.67) <0.05

Dh,RMB
* 0.87 (0.07) 0.80 (0.06) 0.88 (0.09) 0.80 (0.06) 0.85 (0.07) <0.05

WT,sRML
* 0.57 (0.06) 0.55 (0.03) 0.64 (0.05) 0.57 (0.04) 0.50 (0.30) <0.05

ADILUL 0.49 (0.07) 0.34 (0.06) 0.42 (0.06) 0.33 (0.17) 0.57 (0.11) <0.05

D /Dparent 0.83 (0.01) 0.80 (0.02) 0.83 (0.02) 0.77 (0.05) 0.83 (0.02) <0.05

Bronchovascular % 11.79 (1.88) 12.32 (2.76) 12.50 (2.15) 12.42 (1.68) 11.79 (1.34) <0.05

Values expressed as mean (SD) or number (%). Full names of each variable or region are described in Table S1 in the supplementary material.
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