
Characteristic Training Set Validation Set Test Set

Participants, n 211,603 70,534 70,535
Spirometry E↵orts, n 564,509 188,105 188,091
Participants with 3 E↵orts, n (%) 141,279 (66.8) 47,037 (66.7) 47,021 (66.7)
Age, yr, mean (SD) 56.3 (8.1) 56.3 (8.1) 56.3 (8.1)
Sex, F, n (%) 118,064 (55.8) 39,528 (56.0) 39,454 (55.9)
Ethnicity, Self-Reported

White, n (%) 201,074 (95.3) 66,968 (95.2) 66,963 (95.2)
Black or Black British, n (%) 2,752 (1.3) 939 (1.3) 938 (1.3)
Asian or Asian British, n (%) 3,564 (1.7) 1,266 (1.8) 1,276 (1.8)
Chinese, n (%) 606 (0.3) 209 (0.3) 207 (0.3)

Ever Smoke, n (%) 96,277 (45.5) 32,039 (45.4) 32,171 (45.6)
FEV1 / FVC, mean (SD) 0.76 (0.06) 0.76 (0.06) 0.76 (0.06)
Death Events, n (%) 7,376 (3.5) 2,536 (3.6) 2,478 (3.5)
Time to Event, yr, mean (SD) 11.2 (1.5) 11.2 (1.5) 11.2 (1.5)

Table 1: Characteristics of participants in the study.

COPDGene UK Biobank

Emphysema Airway Emphysema Airway Control (E) Control (A)

Participants, n 1,390 3,207 30,677 101,849 322,007 250,835
Incidence, % 15.5 35.7 8.7 28.9
Age, yr, mean (SD) 63.1 (8.2) 57.3 (8.5) 52.7 (7.9) 58.7 (7.6) 56.6 (8.0) 55.3 (8.0)
Sex, F, n (%) 438 (31.5) 1,938 (60.4) 668 (2.2) 73,104 (72.0) 196,378 (61.0) 123,942 (49.4)
(Non-Hispanic) White, n (%) 1,160 (83.5) 1,766 (55.1) 30,256 (99.0) 95,553 (94.1) 304,743 (94.9) 239,446 (95.8)
(Non-Hispanic) Black/Black British, n (%) 230 (16.5) 1,441 (44.9) 1,266 (1.8) 1,276 (1.8) 4,569 (1.4) 2,960 (1.2)
Current Smokers, n (%) 413 (29.7) 2,155 (67.1) 3,681 (12.0) 13,190 (13.0) 31,945 (9.9) 22,436 (8.9)
FEV1, L, mean (SD) 2.1 (0.9) 2.2 (0.7) 4.1 (0.6) 2.2 (0.5) 2.7 (0.7) 3.1 (0.7)
FEV1 / FVC, mean (SD) 0.56 (0.1) 0.73 (0.1) 0.73 (0.1) 0.72 (0.1) 0.76 (0.1) 0.78 (0.1)

QC Filter Description

Participants
with <2 E↵orts

Removes participants with less than two recorded e↵orts.

UK Biobank
Acceptability

Fails e↵orts that are flagged in UK Biobank Field 3061 as START OF TEST (0x01), TIME TO PEF
(0x02), END OF TEST (0x04), COUGHING (0x08), USER REJECTED (0x40).

Blow Start Fails e↵orts with excessive back extrapolated volume. Back extrapolated volume must be less than
5% of FVC or 150mL of total volume, whichever is greater.

Erroneous
Blow

Fails e↵orts with invalid values for FEF25, FEF75, FEF25-75, PEF volume, back extrapolated vol-
ume, or FET volume.

Consistency Fails e↵orts with inconsistency between derived FEV1, FVC values and UK Biobank recorded values.
Derived FEV1 (FVC) must be within 5% of UK Biobank field 3063 (3062)

Reproducibility Removes participants unable to reproduce the maximal e↵ort. Participants must have at least one
e↵ort with FVC less than the maximal FVC and greater than the maximal FVC less 0.25L.

Table 2: QC filter description for preprocessing participants and spirometry e↵orts from the UK
Biobank.

each step of the QC process (Fig. 1). After each step, participants with less than one passing e↵ort were
removed from the dataset. After removing the participants with less than one QC-passing e↵ort or fail
the reproducibility criteria, the entirety of the e↵orts from remaining participants are included in the
dataset. The distribution of remaining e↵orts is shown in Fig. 2.

After the QC process, the raw spirometry data was downsampled from 10ms to 50ms intervals and the
exhalation duration was limited to 15s to improve model e�ciency. E↵orts were truncated after reaching
FVC; we replaced the spirometry volume values after achieving FVC to be the derived FVC value for
the e↵ort.

2.2 Representation Learning with Spiro-CLF

The aim of our study was to uncover the complex, non-linear relationships between discarded spirom-
etry data and the derived spirometry metrics, i.e. FEV1 and FVC, for UK Biobank participants. The
raw spirometry e↵orts are often “noisy”, in that the observed e↵orts can be characterized as noisy
signals from some underlying lung function. We therefore introduced a contrastive learning approach,
Spirogram-basedContrastive Learning Framework (Spiro-CLF) to identify a feature representation that
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Method

•We used SpiroNet [1], which is trained on COPDGene [2] to 
predict COPD subtype using volume-time exhalation curves.

•We applied SpiroNet to predict emphysema-predominant and 
airway-predominant phenotypes from the UK Biobank [3] 
(N=352,684) 

•We performed a GWAS on each phenotype as a binary indicator. 
We adjusted for age, sex, pack-years, ever smoking status, 
batch, and ancestry principal components using plink with Firth 
fallback. We considered < 1x10-10 as genome-wide significant 
(5x10-9, two traits), and loci as associations > 500kb apart.

•We compared results to previously published GWAS using COPD 
and measures of lung function (forced expiratory volume in one 
second, forced vital capacity, and the ratio of the two measures).

•Chronic obstructive pulmonary disease (COPD) may be 
characterized by a combination of two different structural 
diseases: emphysema and airway disease.

•The relative contribution from these two diseases can be used to 
categorize patients into emphysema-predominant and airway-
predominant phenotypes, which is established with CT measures 
of emphysema and airway remodeling.

•While CT can differentiate between these two phenotypes, CT 
results are often unavailable due to expense and entail radiation 
exposure.

• In Bodduluri et al [1], a neural network (SpiroNet) trained on 
spirometry volume-time curves in COPDGene [2] (N=8,980) was 
effective in differentiating emphysema-predominant and airway-
predominant subtypes on CT scans.

•Whether these phenotypes have specific genetic susceptibility, 
differing from summative measures of lung function, is unknown.

Genome-wide association study of emphysema- and 
airway-predominant deep learning subtypes
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Conclusion
•We attempted to establish Emphysema-predominant and 
airway-predominant phenotypes derived in COPDGene in the 
UK Biobank by using a neural network model applied to 
spirometry.

•We observed a class imbalance in the Emphysema-predominant 
subtype in SpiroNet, which is exacerbated when applying to UK 
Biobank, evidenced through sex and FEV1.

•Nevertheless, we identified genome-wide significant 
associations overlapping with previously described lung function 
and COPD loci.

•Future Work: We will investigate transfer learning methods to 
improve phenotype generalization. We also plan to investigate  
other deep learning spirometry phenotypes and cell types.

Figure 2: GWAS results for Airway-Predominant Subtype (Top, top loci near HHIP and NPNT) and 
Emphysema-Predominant (Bottom, top loci near EFEMP1 and CCDC91). 

• SpiroNet identified Airway and Emphysema phenotypes in UK Biobank, but with 
substantial class imbalance for Emphysema.

•We identified 83 loci between the two phenotypes (3 for emphysema and 80 for airway) at 
genome-wide significance.

• Seventy-nine of these loci were within 500kb of previously described regions associated 
with lung function or COPD (including the 3 identified for emphysema), with the exception 
of 4 airway-associated variants in the HLA region (spanning HLAA and ZKSCAN4), and one 
airway-associated variant > 500kb away from the lead variant near HHIP).

Figure 1: Process Map for obtaining Deep Learning Subtypes. SpiroNet is first pretrained on the 
COPDGene dataset. Next, UK Biobank participants are categorized as Emphysema-predominant or 
Airway-predominant subtypes based on raw spirometry curves.
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Table 1: Participant characteristics. Airway- and Emphysema-predominant subtypes were derived 
using COPDGene and then applied to the UK Biobank to derive deep learning subtypes.

Airway-Predominant Subtype

Emphysema-Predominant Subtype

NPNT HHIP
ADGRG6 THSD4

NUDT5FBXO38AGER CFDP1SPHKAP


