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Abstract

Chronic obstructive pulmonary disease (COPD) is complex, and its course is difficult to predict
due to its diverse pathophysiology. Small airway disease (SAD), a key component of COPD and potential
target for emerging therapeutics, may be reversible in mild COPD, but left unchecked, may worsen,
leading to airway loss and emphysema. The dual nature of SAD complicates clinical management of
COPD patients, necessitating more accurate monitoring methods. To meet this need, we developed
elastic Parametric Response Mapping (ePRM), a tiered scoring system that classifies local lung volumes
by the degree of PRM-derived SAD, normal, and emphysematous tissue. In individuals with or at risk for
COPD, we demonstrate that chest CT ePRM can categorize local lung tissue into distinct tiers of disease
severity that distinguish between tissue characterized by early reversible SAD and progressive destruction.

This level of characterization is crucial to developing personalized treatment strategies for COPD.

Keywords: chronic obstructive pulmonary disease; small airways disease; parametric response

mapping; computed tomography of the chest; machine learning; elastic principal graph; emphysema
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Introduction

Chronic obstructive pulmonary disease (COPD) is the third leading cause of death in the world
and a significant source of morbidity for the estimated half billion individuals living with the condition [1-3].
Beyond the diagnostic criterion of irreversible airflow obstruction (currently defined as a post-
bronchodilator forced expiratory volume in one second to forced vital capacity ratio (FEV,/FVC) < 0.7),
COPD is characterized by a complex clinical heterogeneity that is not captured by spirometric
measurements alone [4]. Chest computed tomography (CT) provides additional anatomic and functional
assessments to help identify COPD phenotypes and understand disease progression [5, 6]. CT
assessments can be based on computational techniques such as Parametric Response Mapping (PRM),
developed by our group. PRM detects spatially-resolved density changes between co-registered
inspiratory and expiratory chest CT acquisitions to distinguish alveolar destruction due to emphysema
(PRME™) from non-emphysematous air trapping, a surrogate measure of small airway disease (SAD)

referred to as functional small airway disease (PRM™*°

) [7]. Importantly, PRM has been validated as a
biomarker of airway and alveolar abnormalities as measured using micro-CT tissue analysis of explanted
human lung specimens and is commercially available [8].

PRM analysis of chest CT scans has been performed in several large COPD observational
studies, including Genetic Epidemiology of COPD (COPDGene) [9] and the SubPopulations and
Intermediate Outcome Measures in COPD Study (SPIROMICS) [10]. Over the past decade, PRM
analysis has helped define COPD phenotypes and predict disease progression [11]. It has clearly
illustrated the heterogeneity of COPD, since patients with similar severities of airflow obstruction on
spirometry can have strikingly different PRM readouts [7]. Additionally, PRM analysis has built on the
results of seminal physiologic and histologic studies [12, 13] to show that SAD is an early lesion in COPD
pathogenesis and a bridge to irreversible emphysema. For example, COPDGene participants with mild
COPD (FEV, = 80% predicted) had on average more than 20% of their total lung volume quantified by
PRM™*P [14]. Further, PRM™*® has been independently associated with subsequent lung function decline
and emphysema progression in individuals with or at risk of COPD [14-16].

Despite these advances, the dual nature of SAD complicates interpretation of PRM-defined fSAD.

Current PRM outputs are presented as percentages of total lung volume for each classification (i.e.,
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normal lung, emphysema, fSAD, and parenchymal disease). Although easy to calculate, these measures
overlook the spatial variability of SAD, where reversible and irreversible forms may be present. Thus, lung
disease depicted by PRM remains incompletely characterized at the local level, but understanding how
differences in local PRM composition may relate to specific disease states—specifically, how they may
infer progression—is patrticularly relevant for SAD. We have histologically demonstrated that in severe
disease, PRM™*" is characterized by airway fibrosis and even airway loss [8]. However, we have also
seen PRM™*® revert to normal classification, particularly in patients with milder disease, suggesting that
early in disease, the imaging biomarker is picking up reversible processes such as occluding airway
mucus plugs or reversible infiltration of immune cells in airway walls [17, 18]. Hence, a better
understanding of local lung composition is critical to more precisely phenotype disease and improve our
ability to identify patients with local reversible disease for whom more aggressive early intervention or
therapeutics may be warranted [19].

We have addressed this limitation through our PRM-based severity scoring system. Referred to
as ‘elastic PRM’ or ‘ePRM’, our method uses an elastic principal graphing model to score regional lung
volumes based on their PRM composition into five discrete, adjoining tiers (Fig. 1). A key component of
our approach to analyzing PRM is the ability to not only score local lung tissue but also infer potential
pathways for progression from normal lung parenchyma (Fig. 1; Tier 0) to fSAD-dominant (Fig. 1; Tier 2)
or emphysema-dominant (Fig. 1; Tier 3) obstructive disease. Although the unbiased elastic principal
graphing algorithm is not new, and has been used by our group and others in various clinical and biologic

contexts [20-25], its application here is unique. In contrast to standard methods for analyzing PRM™,

which provide a percent volume of PRM™"®

, applying ePRM to 3D PRM data generates a severity scoring
map that identifies and quantifies the early onset of disease. Here we demonstrate our ePRM technique
in subjects “at-risk” or with confirmed COPD and show how local severity scores advance over time and

correlate with lung function over a 5-year period.
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Fig. 1: Schematic Diagram of the ePRM workflow. Elastic PRM (ePRM) classifies local PRM composition based on
an elastic principal graph that consists of five adjoining clusters that infer progression. Each cluster is classified as a tier
severity score based on distinct PRM characteristics. Tiers 0, 2, 3, and Op (terminal segmentsz are characterized be:
elevated PRM"™™, elevated PRM™*" and negligible PRM®™" transition of PRM™"? to PRMF™", and elevated PRM™®
(opacities that result in high attenuation areas), respectively. These tier scores are connected by a single cluster, i.e.
bridge, referred to as Tier 1, which is characterized by PRM“*™ transitioning to PRM™"?. PRM profiles along
trajectories on elastic principal graph are provided in Supplemental Fig. 3.
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Results

Elastic PRM readouts better reflect COPD severity

We first wanted to determine the relationship between ePRM readouts and COPD severity as
defined by Global Initiative for Chronic Obstructive Lung Disease (GOLD). Demographic, clinical and
high-resolution CT data at baseline and 5-year follow-up were acquired from subjects accrued as part of
Phase 1 and Phase 2 of the COPDGene study. Out of the 4,585 subjects evaluated at Phase 2, 3,631
had adequate CT acquisitions for deformable image registration and complete data for longitudinal
analyses. Baseline subject demographics, spirometry, exercise capacity and CT metrics, including PRM
and ePRM readouts, are provided in Table 1. The percent volume of Tier O lung decreased with
increasing COPD severity, with inverse behavior observed for Tiers 2 and 3. These trends align with

Nom PRM™P and PRME™", respectively. The percent volume of Tier 1 showed

percent volumes of PRM
negligible change with increasing COPD severity. Subjects diagnosed with GOLD 1 COPD had 16+9%
(mean = standard deviation) PRM™*° and negligible PRM™". We found for GOLD 1 cases that Tier 1
made up nearly a quarter of the lung volume (23£14%), whereas combined Tiers 2 and 3 contributed on
average only 10% of lung volume. In cases with GOLD 4 COPD, the percent volume of PRM™*° (35+9%)
was higher than PRME™" (26+14%). These results are consistent with previously published works [7, 11].
In contrast, the percent volume of Tier 2 (25+18%) was lower than Tier 3 (43+25%). The mean positions
of sub-volumes in Tiers 0, 2 and 3 behaved similarly to the relative volumes of the tiers with increasing
COPD severity. Unlike the Tier 1 percent volume, the Tier 1 mean position increased with COPD severity
from 0.3+0.08 to 0.51+0.08 in GOLD 1 and 4, respectively. Our ePRM technique suggests that local

COPD evolves from Tier 0 to 3, with Tier 1, having negligible COPD dependence, acting as a critical

bridge from normal to obstructive lung tissue.
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Table 1: Subject characteristics at baseline

\ Non-COPD \ COPD
Variable | PRISm “At-Risk’ | GOLD1 GOLD2 | GOLD3 GOLD 4
Participants (N) ! 399 (11%) 1759 (48%) ! 320 (9%) 729 (20%) ! 360 (10%) 64 (2%)
Age (yrs) 1 58.14 (8.47) 58.06 (8.36) | 62.24 (8.44) 62.54 (8.35) | 63.83(7.86) 63.41 (6.94)
Sex (M/F) ! 180219 872/887 | 173/147 393/336 | 210/150 33/31
BMI (kg/m?) | 32.42(7.38) 29.2(5.67) 1 27 (4.68) 28.62 (5.56) 1 28.54 (6.13) 26.56 (5.17)
MWD (ft) 11352.24 (356.49) 1552.04 (353.52), 1572 (335.77) 1396.62 (346.62)1204.96 (344.16) 1120.02 (279.94)
Smoking (pack-yrs) 1 196/203 925/834 1 164/156 402/327 1 236/124 50/14
Smoking Status (fic) | 143/14/242 630/57/1072 |  104/9/207 273/24/432 | 115/15/230 25/0/39
Scanner Make (G/S/P) | 40.32 (21.18)  36.97 (20.19) | 44.62 (22.4) 49.2(23.85) | 54.68(25.97) 54.83 (26.41)
Pulmonary Parameters: : :
FEV, (L) ' 21(0.48) 2.89(068) ! 2.67(0.65) 1.93(0.51) ! 1.2(0.29) 0.72 (0.16)
FEV, (% predicted) 1 71.18(7.61)  97.59 (11.53) 1 90.98 (8.41) 65.77 (8.39) 1 41.49 (5.59) 24.98 (3.56)
FVC (L) | 2.77(0.66) 3.69(0.9) | 4.11(0.99) 3.33(0.89) | 2.74(0.75) 2.35 (0.59)
FVC (% predicted) | 72,57 (8.4) 96.39 (11.65) | 107.22 (11.57)  86.97 (12.62) , 71.91(12.91)  62.02 (11.09)
FEV,/FVC I 0.76 (0.05) 0.79(0.05) 1 0.65(0.04) 0.58 (0.08) 1 0.45 (0.09) 0.31 (0.05)
SGRQ | 26.32 (22.4) 14.4(16.31) | 16 (16.24) 20.02 (21.06) | 40.47 (18.88)  49.55 (18.5)
Quantitative CT : : :
TLC (L) I 4.73(1.07) 5.46 (1.27) 1 6.19 (1.47) 5.83(1.36) | 6.18(1.43) 6.75 (1.14)
FRC (L) | 2.63(0.6) 2.77(0.67) , 3.28(0.84) 35(0.87) |, 4.27(L1) 5.07 (1.02)
Parametric Response ! ! !
Map (%) | | |
PRV I 58(12.39) 64.32(10.34) | 58.48(10.77)  50.42(12.55) | 34.91(12.17)  23.21(9.26)
PRV , 8.14(6.11) 9.03(7.23) | 15.9(9.05)  20.53(10.16) , 30.81(9.8) 35.04 (9.21)
PRMT™" | 0.64(1.19) 0.89 (1.53) | 3.26 (4.15) 5.61(7.04) | 13.72(11.45)  25.66 (13.93)
PRM" | 32.2(1456)  24.17(10.79) ! 19.69 (7.63) 21.3(862) ! 18.69 (7.86) 14.63 (3.1)
Elastic PRM 1 1 1
Assignment (%) | \ \
Tier 0 1 51(24) 65(21) 1 53(22) 3723 1 14(15) 4 (5)
Tier 1 \ 8 (10) 10(11) ,  23(14) 27 (14  ,  29(12) 21 (11)
Tier 2 ' 1(3) 2(6) ' 7(9) 10(11) +  21(15) 25 (18)
Tier 3 : 0(1) 0(1) : 3(7) 7(13) L 22(22) 43 (25)
Tier Op L 39(27) 22(21) ' 15(14) 1917 ' 14(19) 7(6)
Relative Position | |
Tier 0-p ! 0.64(0.15) 0.75(0.11) ! 0.73(0.11) 0.62(0.15) ! 0.47(0.16) 0.34 (0.16)
Tier 1-p i 0.24(0.08) 0.25(0.09) | 0.3(0.08) 0.33(0.09) | 0.44(0.1) 0.51 (0.08)
Tier 2-p | 0.35(0.34) 0.42(0.33) | 0.61(0.24) 0.64(0.2) | 0.71(0.12) 0.72 (0.11)
Tier 3-p 1 0.1(0.19) 0.13(0.19) 1 0.25(0.18) 0.27(0.2) 1 0.37(0.18) 0.51 (0.17)
Tier Op-p ! 0.24(0.18) 0.17(0.13) | 0.15(0.09) 0.18 (0.09) | 0.23(0.08) 0.27 (0.07)

Note: Subject characteristics at baseline separated by GOLD status. Continuous and categorical variables are
displayed as mean (standard deviation) and counts, respectively. GOLD, Global Initiative for Chronic Obstructive
Lung Disease; PRISm, preserved ratio impaired spirometry; “at-risk”, at-risk smokers with normal spirometry;
Participants, number of participants per GOLD (percentage of total population); Age, (years); Sex, (male/female);
BMI, body mass index; 6MWD, 6-minute walking distance in feet; Smoking, smoking status in pack-years; Smoking
Status (former smoker/current smoker); Scanner Make (GE/Siemens/Philips); FEV1, forced expiratory volume in one
second in liters and percent predicted (pp); FVC, forced vital capacity in liters and percent predicted; SGRQ, St.
George Respiratory Questionnaire; TLC, CT-based total lung capacity in liter; FRC, functional residual capacity in
liter; PRM, parametric response map; Norm, Normal; fSAD, functional small airways disease; Emph, emphysema;
PD, parenchymal disease. PRM metrics are percent of total lung volume.
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Local tier scores follow a pattern of progression as identified in a subject

Due to the strong dependence of our ePRM readouts to COPD severity as observed in Table 1,
we set out to determine if local changes in Tier scores progress in a predictable pattern. Presented in Fig.
2 are the PRM and ePRM findings for a subject diagnosed with GOLD 2 COPD at baseline who
demonstrated a decline in FEV, percent predicted (FEV;1pp) from 51.4% (GOLD 2) to 41.0% (GOLD 3)

over 5 years. We first conducted a visual assessment of local changes in PRM and Tier scores and

fSAD

calculated the distribution of PRM within each Tier score over 5 years (Fig. 2a). At baseline, 54% of

the lung volume was comprised of normal lung parenchyma (PRM“°™; green voxels), and 27% of

PRM™"® (yellow voxels), with a large consolidation of PRM"*°

in the right lower lung. Of the 27% of
PRM™*P at baseline, about half (52% of all PRM™*® in the lungs) was associated with Tier 1 and about a
third (35% of all PRM™"® in the lungs) with Tier 2. Consistent with the drop in FEVypp at year 5, the

percent volume of PRM™*" increased by 12% to 39%, with PRME™" showing a 2% increase to 5%. The
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Fig. 2: Longitudinal assessment of ePRM in representative subject with GOLD 2 COPD. (a) Representative
coronal slices of serial PRM, with percent volume of fSAD (yellow) and emphysema (red) provided, and ePRM are
presented from a participant diagnosed with GOLD 2 and 3 COPD at baseline and 5-year follow-up, respectively.
The pie charts indicate the relative contribution of fSAD within each tier at the two time points. (b) Sub-volume
transition between tiers over the 5-year period is depicted in a Sankey plot. The percent volume of each tier is shown
at baseline and follow-up, with the flow lines indicating the direction and quantity of flow. The width of each line is
proportional to the amount of transitioning sub-volumes, with thicker lines indicating larger quantities. (c) Transition
of Tier 1 sub-volumes based on tier position (Tier 1-p) are presented in a Sankey plot. Here, sub-volumes are
stratified into quarters based on their relative position in Tier 1. Subject 1 had a FEVi1pp and FEV1/FVC of 51% and
0.5, respectively, at baseline and 41% and 0.41, respectively, at year 5.


https://doi.org/10.1101/2025.04.09.25324951
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2025.04.09.25324951; this version posted April 15, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license .

fSAD associated with Tier 2

distribution of PRM™*® flipped from baseline values, with the majority of PRM
(57% of all PRM™ in the lungs), rather than Tier 1 (32% of all PRM™"® in the lungs). Overall, the percent
volume of lung scored Tier 1 remained unchanged at 38% over the 5-year interval (Fig. 2b). In contrast,
the percent volume of Tier 2 increased by 21%, from 12% to 33%, and the percent volume of Tier O
decreased by 22%, from 40% to 18%. While the percent volume of local lung scored Tier 1 (38%) did not
change over the time interval, this tier acted as a critical bridge of disease progression, as 52% of lung
scored Tier 0 advanced to Tier 1 and 59% of lung scored Tier 1 progressed to Tiers 2 (55%) and 3 (4%).
To better understand the role of Tier 1 as a bridge from normal to obstructive lung parenchyma, we
evaluated the specific position of local lung on Tier 1 (Fig. 2c). To illustrate changes in Tier 1 position,
which is a continuous value within the Tier, we stratified local volumes within Tier 1 into four discrete bins
(0-0.25, 0.25-0.5, 0.5-0.75, and 0.75-1) based on their position on the Tier 1 segment. Among the sub-
volumes in Tier 1 that have position values less than 0.25 at baseline (comprising 43% of sub-volumes),
nearly 64% remained in Tier 1, while 33% advanced to Tier 2 at year 5 (Fig. 2c). Thirty-three percent of
Tier 1 sub-volumes with a position value between 0.25 and 0.5 remained in Tier 1, while 62% advanced
to Tier 2. The proportion of Tier 1 sub-volumes reassigned to Tier 2 continued to increase with increasing
relative position on the Tier 1 segment. Due to the complexity of COPD, not all GOLD 2 subjects will
demonstrate the same trends over the 5-year period. As such, we evaluated an additional participant
diagnosed with GOLD 2 COPD at baseline and at the 5-year follow-up visit. Details for this participant are
provided in Supplemental Fig. 1. Despite having the same GOLD stage as the prior participant, this

subject had significantly higher percent volume of PRME™"

at baseline (11%), which increased by 6%
(17%) at follow-up. As with the prior participant, we observed tier advancement at Tiers 0 through 2. In
contrast, a much larger proportion of local lung scored Tier 1 (21%) advanced to Tier 3. Evaluating

ePRM within individual subjects shows Tier 1 acts not only as an early indicator of disease but also as a

key bridge between normal and obstructive parenchyma.

Local lung advances along atier score towards obstructive tiers
We evaluated whether local lung with an unchanged tier score will demonstrate changes in tier
position that bias progression towards Tiers 2 and 3. We first evaluated changes in tier mean position of

regional lung retained on a single tier over 5 years (no reassignment). Irrespective of COPD severity or

10
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Fig. 3: Longitudinal analyses of tier position. Waterfall plots illustrate the changes in whole-lung mean relative
position for sub-volumes that remain in the same tier over a 5-year period. Participants were separated by GOLD
subgroups: No COPD (PRISm and *“at-risk”), GOLD 1 and 2, and GOLD 3 and 4. X-axis is the relative number of
each subject. Four panels are provided for Tiers 0 through 3. Values in the x-intercept > or < 0.5 indicate a
preference in movement direction along tier. Vertical lines indicate x-intercept equal to zero.

tier assignment, we observed a significant shift in mean position towards higher tier scores (Fig. 3), as
indicated by the x-intercept deviating from the midpoint (0.5) in our waterfall plots. Differences between
mean position values at years 0 and 5 were significant (Supplemental Table 2). Nevertheless, the

magnitude of the mean position difference over 5 years varied between COPD subgroups in each tier.

11
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For local lung scored Tier 0 or 1, the No COPD subgroup had a significantly smaller change in tier
position compared to the COPD subgroups (Supplemental Table 2). In contrast, for local lung scored
Tier 2, mean change in tier position was significantly higher for No COPD and GOLD 1 and 2 compared
to GOLD 3 and 4. Only local lung scored Tier 3 demonstrated significant differences in mean position
across all subgroups, where higher COPD severity was associated with a significant increase in mean
position (0.02+0.16 for No COPD, 0.08+0.17 for GOLD 1 and 2, and 0.1020.16 for GOLD 3 and 4). On
average, local lung with an unchanged tier score demonstrated changes in mean position towards Tiers 2

and 3.

Tier 1 position is a key indicator of advancement to obstructive tiers

We sought to determine whether the baseline mean Tier 1 position of local lung predicts
reassignment to Tiers 2 or 3 at 5-year follow-up for all GOLD subgroups (Fig. 4). Using Receiver
Operating Characteristic analysis, we found that the area under the curve (AUC) increased with
increasing COPD severity (0.86 [sensitivity = 0.79, specificity = 0.80, optimal mean position cutoff = 0.22]
for No COPD; 0.90 [0.80, 0.86, 0.39] for GOLD 1-2; and 0.92 [0.82, 0.83, 0.47] for GOLD 3-4). As
expected, the probability of Tier advancement increased with increasing Tier 1 position (Supplemental
Fig. 2). Local lung with a Tier 1 position greater than 0.4 had an approximately 75% chance of advancing

to Tiers 2 and 3 over a 5-year period regardless of GOLD status. In contrast, local lung position on Tiers 0
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Fig. 4: ROC analysis of Tier 1 position to predict tier score advancement. Receiver operator characteristic plot
shows the potential of mean position at baseline for a given tier to predict the assignment of a sub-volume to a
progressive tier at year 5. Outcome variable was defined as sub-volumes that progress and those that were
remissive over five years. As an example, sub-volumes at Tier 1 at baseline were defined as 1 if reassigned to Tiers
2 and 3 at year 5. The remaining sub-volumes, those that remained in Tier 1 or withdrew to Tiers 0 or Op, were
defined as 0. Analysis was performed separately for each COPD severity subgroup.
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and 2 did not predict advancement (Fig. 4), with AUC values not exceeding 0.6 for any subgroups. These
findings suggest that local lung that advances along Tier 1 has an increased probability of advancing to

obstructive tiers.

Transition of local lung to obstructive Tiers increases with increasing COPD severity

We wanted to know if GOLD status affects the transition of regional lung between tier scores. As
seen in our Sankey plots (Fig. 5), lung regions of individuals without COPD were primarily composed of
Tier 0 (mean = standard error of the mean: 62.8+0.49%) followed by Tier Op (24.8+0.51%) and Tier 1
(10+0.23%), which slightly changed over 5 years. A sizeable portion of Tier 0 lungs (9.3+0.28%)
advanced to Tier 1, whereas lung regions scored Tier 1 were twice as likely to revert to Tier O
(24.9+0.55%) than advance to Tier 2 (11.8+0.44%). Compared to participants without COPD, those with
GOLD 1-2 COPD showed a higher prevalence of local lung advancing to higher tiers. On average,
23+0.59% of Tier O progressed to Tier 1, whereas 17.6£0.64% of Tier 1 improved to Tier 0 and
19.1+0.64% advanced to Tier 2. We observed a clear trend towards tier advancement over 5 years in
participants with GOLD 3-4 COPD. At baseline, GOLD 3-4 participants had lungs consisting primarily of

Tiers 1 (28.1+£0.6%), 2 (21.5+0.74%) and 3 (24.9+1.14%). Nearly a quarter of Tiers 1 and 2 advanced to
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Fig. 5: Evolution of sub-volume tier assignment by COPD severity. Sankey plots are shown for subgroups No
COPD (PRISm and “at-risk”), GOLD 1 and 2, and GOLD 3 and 4. The mean percent volume is provided for each tier
at each time point, where flow lines indicate the transition of sub-volumes between tier assignments from year 0 to
year 5. The width of each line is proportional to the amount of transitioning sub-volumes, with thicker lines indicating
larger quantities. To fit in the Sankey plots, real flow line values were normalized to year 0 and year 5 relative
volumes for each tier. Means and standard error of the means of the tier percent volumes and actual transition
values are provided in Supplemental Table 3.
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Tiers 2 (23.1+0.92%) and 3 (22.3+0.99%), respectively. The percent volumes of tiers at year 0 and year 5
and percent reassignments are provided in Supplementary Table 3. It appears that local lung

reassigned to an advanced tier score is associated with a decline in lung function.

Retention of Tier 1 lung over 5 years was associated with improved lung function
We evaluated the relationship between baseline percent volume of local lung tier score and

reassignment to new tiers to changes in FEV; over 5 years. We analyzed each tier and subgroup

Table 2: Evaluate tier transition to change in FEV; (L)

A. No COPD Percent Volume of Reassignment at Year 5
Percent Tier O Tier 1 Tier 2 Tier 3
Volume

- Tier 0 0 (0.986) 0.293 (0) 0.108 (0.041) 0.358 (0) -2.853 (0.146)
c

¢ o [Tier1 -0.244 (0) 0.119 (0.001)  0.131 (0) 0.11 (0.005) 0.216 (0.045)
S & iTier2 -0.261(0.021) -0.004 (0.908) -0.034 (0.072) 0.004 (0.813)  0.157 (0.01)

0 > .

2 5 Tier3 -0.678(0.085) -0.057(0.314) -0.027(0.173) -0.067(0.026) 0.033 (0.062)
B.GOLD 1 &2 Percent Volume of Reassignment at Year 5

Percent Volume Tier 0 Tier 1 Tier 2 Tier 3

§ Tier O 0.293 (0) 0.282 (0) -0.107 (0.114) 0.183 (0.034) -0.98 (0.039)

é % Tier 1 -0.509 (0) 0.392 (0.001) 0.355 (0.001) 0.221 (0.028) -0.178 (0.163)
En L Tier 2 -0.473 (0) -0.074 (0.393) 0 (0.998) -0.046 (0.222) -0.327 (0)

7]

Z Tier 3 -0.551 (0) -0.138 (0.377) -0.012 (0.758) -0.097 (0.017) -0.097 (0)
C.GOLD 3&4 Percent Volume of Reassignment at Year 5

Percent Volume Tier 0 Tier 1 Tier 2 Tier 3
= Tier 0 0.37 (0) 0.253 (0) -0.064 (0.286) -0.027 (0.778) -0.301 (0.208)
é ° Tier 1 -0.103 (0.258) 1.001 (0) 0.373 (0.007) 0.327 (0.012) -0.005 (0.973)
IS
%; $ Tier 2 -0.084 (0.265) 0.869 (0) -0.374 (0.003) -0.319 (0.004) -0.5 (0)
< Tier 3 -0.219 (0.001) 0.083 (0.704) 0.017 (0.844) -0.116 (0.087) -0.198 (0)

Note: Values are parameter estimates (P values) for relative volume of tiers at baseline and relative value of
transition between tiers evaluated in separate linear mixed effects models (rows). ePRM parameters are in the range
[0 1]. Linear mixed effects models were performed using data from the subgroups: A. No COPD, B. GOLD 1 and 2,
and C. GOLD 3 and 4. The dependent variable was the change in FEV; over 5-year interval [FEVi(year 5) —
FEVi(baseline)]. Predictors included the ePRM parameters in the header and baseline age, sex, BMI, and FEV;, as
well as change in ATS smoking pack-years, smoking status, and scanner make over 5-year interval. The subject ID

was used as the random effect. Bold values indicate statistical significance accounting for multiple parameters
(0.05/5 = 0.01).
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separately. Only Tiers 0 and 1 had significant predictors for subjects without COPD (Table 2). Baseline
percent volume of Tier 1 was negatively associated with lung function, such that a 1% increase in the
percent volume of Tier 1 resulted in a 2.44 mL (p<0.001) drop in FEV;. In contrast, FEV; improved with
increases in the percent volume of lung that retained a Tier 1 score over 5 years. In the COPD
subgroups, the percent volume of Tiers 2 and 3 at baseline or reassigned to these tiers were found to
negatively impact FEV;. The only predictors that were significant for all subgroups were observed in Tiers

fSAD

0 and 1. Although local lung scored Tier 1 is associated with early onset of PRM™", the retention or

reversal of Tier 1 score had a positive impact on lung function regardless of GOLD status.
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Discussion

In this large prospective analysis of individuals with COPD or at risk for developing COPD, we
demonstrate that chest CT ePRM can categorize local lung tissue into distinct tiers of disease severity
that reflect reversible and irreversible processes and correlate with subsequent changes in pulmonary
function. ePRM translates quantitative CT readouts into a disease severity scale while retaining spatial
information, providing a comprehensive tool for clinicians to assess and monitor disease progression. The
ability to radiographically identify and quantify lung tissue by risk category could not only help clinicians
identify the most effective regimens of currently available treatments for patients but also open up the
potential for locally targeted therapeutics.

Notably, we identified Tier 1 as a critical two-way bridge between healthy and diseased lung
tissue (Fig. 1). Although COPD generally progresses over time, our data suggest this is due not to
uniform irreversible damage, but to an imbalance between lung regions that progress to more advanced
tiers of disease and regions that revert to less obstructive tiers. For example, among individuals with mild
and moderate COPD (GOLD 1-2), we show that 25.0% of sub-volumes in Tier 1 progress to Tiers 2 and
3, whereas 17.6% revert to Tier O (Fig. 5 and Supplemental Table 3). For those who revert to Tier O,
existing therapies can reduce airway inflammation and improve FEV;, which may be what we are
detecting at a local level. What is crucial to understand are the longer-term outcomes of these reversible
regions and the ability of therapies to meaningfully modify the natural trajectory of the disease [26]. Such
therapies are desperately needed, since COPD remains a leading cause of morbidity and mortality
worldwide [1-3]. Moreover, unlike other leading causes of death such as cancer and cardiovascular
disease that now show improved prognoses, COPD mortality rates have not declined over the past two
decades [27, 28]. Therefore, understanding the intersection of genetic, environmental (e.g., cigarette
smoking pattern [29], occupational exposures [30], air pollution [31]), structural (e.g., lung dysynapsis
[32], mucus plugging [33]), physiologic (e.g., local inflammatory milieu and immune regulation [17]) and
therapeutic determinants of changes in local lung composition, as detected by ePRM, will have significant
implications for COPD care.

We observed that a higher proportion of sub-volumes either transitioning from Tier 1 to Tier O or

remaining in Tier 1 over five years was associated with reduced FEV; decline—a finding that underscores
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the role of Tier 1 as an important bridge in the natural progression of COPD. This trend persisted across
all disease categories, including participants with GOLD 1-2 and GOLD 3-4 COPD and those at risk for
developing COPD, even after adjusting for important confounders such as smoking history and baseline
FEV; (Table 2). Additionally, we demonstrated the importance of the position of sub-volumes on the Tier
1 segment. Sub-volumes on all tiers tended to migrate towards more obstructive tiers over 5 years (Fig.
3). Regardless of GOLD status, local lung with a mean Tier 1 position greater than 0.5 had, on average,
an 80% probability of progression to less reversible Tiers 2 and 3 (Supplemental Fig. 2). In contrast,
mean sub-volume positions on Tiers 0 and 2 lacked similar discriminative accuracy. These findings
suggest that local lung scored as Tier 1 are most susceptible to disease progression and represent a pool
of lung that should be protected with effective behavioral and therapeutic interventions at any stage of the
disease. Whether the early initiation of novel biologic therapies targeting inflammation can help preserve
this potentially reversible pool of lung in the long term remains to be determined [34-36]. In this setting,
ePRM may be a powerful application for identifying which at-risk individuals are most likely to develop
COPD, which is currently challenging to estimate with available clinical tools [37, 38].

We acknowledge limitations to our study. First, we measured changes in lung sub-volume
composition only at baseline and 5 years later, the timepoints when scans were obtained. How this
composition changed over shorter intervals, such as yearly, during the 5-year period remains unknown.
Second, we did not account for pharmacologic and non-pharmacologic therapies participants received
during the study. Estimating the impact of therapies on our findings is challenging, as each participant
may have received varying combinations of treatments over the follow-up period. Third, our elastic
principal graph model relies on the PRM composition of lung sub-volumes. Future models may
incorporate additional CT-derived quantitative metrics, such as blood perfusion or airway wall thickness,
to potentially enhance their predictive capability [39-41]. Fourth, while our outcome of interest, FEV,
change, served as a solid initial benchmark for testing our model, the value of ePRM should be explored
for other important COPD-related outcomes, including the frequency of respiratory exacerbations, the
progression of respiratory symptom burden, and long-term mortality [42].

To summarize, ePRM is an innovative quantitative CT scoring technique for precisely and reliably

monitoring local COPD progression. This imaging biomarker provides a method for detecting and
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characterizing COPD earlier in its course, when altering the natural trajectory of the disease may still be
possible [43]. The proportion and mean position of sub-volumes in Tier 1 play a particularly important role
in this context. Leveraging ePRM for early COPD detection and clinical trial enrichment has the potential

to shift the paradigm from the current status quo toward disease interception and modification [44].
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Methods

Subject and clinical data

Demographic, clinical and CT data were collected on subjects who participated in both Phase 1 (baseline)
and Phase 2 (approximately 5 years later) of the COPDGene study. The COPDGene trial enrolled
individuals 45-80 years of age with = 10 pack-years of current or former tobacco use [9]. Of the 4,585
Phase 2 patrticipants, a total of 3,631 had adequate CT acquisitions and clinical data at both examination
sessions for our study. A list of clinical metrics and the methods for acquiring, aligning, and processing
inspiratory and expiratory CT scans to generate PRM data are provided in the Supplementary Methods.
Institutional review boards of COPDGene study sites approved the study protocol, and all participants

gave written informed consent.

Elastic PRM (ePRM)

PRM data at both time points for all cases were processed using ePRM. The ePRM workflow, which
classifies each lung parenchyma sub-volume into one of five tiers (Fig. 1), consists of three steps. (Step
1) All PRM were resampled using a nearest neighbor method to a matrix size of 512° and separated into
non-overlapping sub-volumes of 16° voxels per sub-volume (~1 pL). All sub-volumes with less than 75%
lung were omitted. The percent volumes for all PRM classifications (PRM"™, PRM™*°, PRM®™" and
PRM"P) were calculated in each sub-volume, then organized in tabular form. (Step 2) Using dedicated
EIPiGraph functions [23], we projected each sub-volume to the elastic principal graph model to determine
its a) tier assignment and b) relative position within its tier. Tier assignment consists of five categories:
Tiers 0 through 3 and Op (Op indicates opacities associated with high attenuation areas). Tier relative
position indicates the location of a given sub-volume along a tier. All terminal branches (Tiers 0, 2, 3, and
Op as shown in Fig. 1) are designated O at their junction with Tier 1 and 1 at their terminus. Tier 1, the
bridge, is designated 0 at its junction with Tiers 0 and Op and 1 at its junction with Tiers 2 and 3. (Step 3)
Each sub-volume was mapped onto the tree and resampled back to the original 3D PRM space (Fig. 1).
We use the shorthand “Tier Assignment-p” to indicate position along a given tier (e.g., “Tier 1-p”
indicates relative position of a sub-volume along Tier 1). Whole lung measurements for each participant
are provided as: 1) the percent volume of each tier assignment calculated as 100 times the sum of tier-

like sub-volumes over all sub-volumes and 2) the mean relative position across all like-tiers in the lungs.
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Building ePRM model

The model for our ePRM tiered system was built using the EIPiGraph machine learning algorithm. Details
of this method have been described [23]. In brief, we developed our ePRM model using 300 randomly
selected participants from Phase 1 COPDGene with equal sex representation (male/female = 150/150).
As PRM"™ is overrepresented in participants without COPD or with mild disease, we selected cases per
Global Initiative for Chronic Obstructive Lung Disease (GOLD) spirometry grade with a weight based on
100% minus the percent volume of PRMN™ within the lungs [= 100% - %PRM"“°™]. Participant numbers
and characteristics per GOLD status are provided in Supplemental Table 1. From each of the 300 cases,
we randomly selected 10,000 sub-volumes (N = 300 x 10,000 = 3,000,000 sub-volumes), allowing for
overlap but non-repeating. Sub-volumes with a percent volume of lung < 75% were omitted, leaving
2,750,000 sub-volumes. The percent volume of PRM classes were calculated for each sub-volume and
organized in tabular form (sub-volumes along rows and PRM percent volumes along columns). A final
model was determined by processing the tabulated data using EIPiGraph with the following parameters:
three principal components based on the Broken-Stick model, 100 fits, 10% of data randomly selected for
each fit (N = 275,000 sub-volumes per run), and 40 nodes based on analysis of the balance between the

percent of data variance explained by model versus complexity of model.

Data and statistical analyses

All continuous variables were presented as the mean + the standard error of the mean. Categorical
variables were presented as counts and percentages. Unless stated otherwise, all analyses were
performed on three subgroups of participants based on GOLD spirometry grade [45]: No COPD (no
airflow obstruction, either “at-risk” or PRISm, Preserved Ratio Impaired Spirometry [46]), GOLD 1-2 (mild
and moderate airflow obstruction), and GOLD 3-4 (severe and very severe airflow obstruction). All data
and statistical analyses, as well as pre- and post-processing of model projection of data, were performed
in MATLAB version 2024a (MathWorks, Natick, MA, USA). Computing the elastic principal graph and
projection of tabulated sub-volume data from all subjects was performed using EIPiGraph Python

package installed from https://github.com/j-bac/elpigraph-python.

Assessment of tier position change over time: We assessed how the relative position of sub-volumes

changed from years 0 and 5 in three GOLD groups of COPD severity. Only sub-volumes that remained in
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their original tier across the two time points were evaluated. For each participant, we calculated the
difference in the mean relative positions of all sub-volumes within each tier by comparing their values at
baseline and year 5 (example for a single participant: = Mean Relative Position of sub-volumes in Tier 1
in the lungs at year 5 — Mean Relative Position of sub-volumes in Tier 1 in the lungs at year 0). The
difference between mean relative positions at each time point was assessed using a paired Student’s t-
test. We also assessed whether the difference in mean position over time varied between COPD
subgroups. This analysis was performed using a Kruskal-Wallis test adjusted for multiple comparisons.
Both statistical tests were assumed significant at p<0.05.

Association between baseline mean relative position and subsequent tier advancement: This analysis

was performed for sub-volumes originating in Tiers O through 2 at baseline. Advancement (binary
outcome of 0 or 1) was defined as reassignment to a higher tier at year 5; Tier Op was considered
equivalent or prior to Tier 0. As an example, sub-volumes that originate on Tier O would be labeled as “1”
if they advance to Tiers 1 through 3 at year 5 or “0” if they remain on Tier O or remiss to Tier Op. In
MATLAB, a logistic regression model was used with the baseline mean relative position on a tier as the
sole predictor. Receiver operating characteristic analysis was used to determine the area under the
curve, sensitivity, specificity and optimal cutoff, as defined at the maximum Youden's Index (J =
Sensitivity + Specificity —1), for the regression results for Tiers 0, 1 and 2. As before, we stratified
analyses by COPD GOLD subgroups. In addition, we determined the probability of tier score
advancement for different cutoffs of local lung Tier 1 position. The range of cutoff values were from the
optimal cutoff determined from the ROC analysis to 1, with intervals of 0.1. This analysis was performed
by applying the logistic regression model to local lung Tier 1 position values greater than or equal to a
specific cutoff.

Longitudinal assessment of ePRM tier assignment: A single 3D sub-volume consists of a tier assignment

and a relative position at two time points, years 0 and 5. As there are five tiers in our ePRM model, there
are 25 possible combinations of reassignments over the 5-year period. For example, a sub-volume in Tier
1 at baseline may be reassigned to Tiers 0, 2, 3 or Op, or remain in Tier 1 (5 possibilities) at year 5. We
calculated the percent volume of reassignment for a given tier at year O as the number of sub-volumes

reassigned to any tier at year 5, normalized by the total number of sub-volumes within that tier at year 0.
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We used Sankey plots to illustrate the reassignment of tiers between years 0 and 5. As the data
presented are averaged over multiple subjects within one of the three GOLD subgroups, the flow lines on
the Sankey plots were determined by normalizing the row and columns of the transition matrix (i.e.,
percent volume of reassignment) by the percent volume of tiers at years 0 and 5, respectively.

Evaluate the effects of percent volume of baseline tier and reassignment on FEV; change: To test this

association, we used linear mixed effects models with the outcome defined as the change in FEV; over 5
years [FEV,(year 5) — FEV (year 0)]. Our analysis was performed separately for each tier (Tiers 0 through
3) and GOLD subgroup (no COPD, GOLD 1-2 and GOLD 3-4). Predictors of interest were percent volume
of the tier at baseline (e.g. percent volume of Tier 1 in the lungs) and percent volume of local lung
reassigned to a tier at follow-up (e.g. percent volume of lung that transitions over 5 years: Tier 1->Tier 0,
Tier 1> Tier 1, Tier 1->Tier 2, and Tier 1> Tier 3). We adjusted the models for age, sex, BMI, and FEV; at
baseline and change in smoking pack-years (year 5 — year 0), smoking status (0 for former smoker no
change; 1 for former to current smoker; 2 for current to former; and 3 for current smoker no change) and
scanner make (0 for same make and 1 for different make) over the time interval. Subject ID was used as
a random intercept. We applied the Bonferroni correction to account for multiple comparisons, adjusting

the p-value threshold to 0.01 (0.05/5 predictors of interest).

Data availability
The datasets presented in this study are not readily available because they are part of NIH sponsored
clinical trials and require signing of a data use agreement. For instructions on how to access COPDGene

data visit https://www.copdgene.org/phase-1-study-documents.htm.
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