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[bookmark: _Toc162375505][bookmark: _Toc183600199]COPDGene SomaScan data
Plate hybridization, median signal normalization, and plate scaling and calibration of SOMAmers were performed to control for variability across array signals, inter-run variability, inter-assay variation between analytes and batch differences between plates. Median normalization to a reference using adaptive normalization by maximum likelihood is applied within SOMAmer dilution group to quality control replicates and on individual samples to remove edge effect and technical variance. Data were log2-transformed prior to statistical analysis. Further details regarding preparation of SomaScan data has been previously published1. 
[bookmark: _Toc183600200]Alpha-1 Antitrypsin Genetic Modifier Study Olink Data
The Olink Explore Inflammatory 384 panel was employed to assess a comprehensive array of inflammatory biomarkers in AGMS participants. This panel utilizes proximity extension assay (PEA) technology, which enables simultaneous quantification of 384 protein biomarkers from a minute volume of sample. Briefly, the assay involves a dual-antibody recognition approach where pairs of antibodies coupled to unique DNA oligonucleotides bind to target proteins in the sample. Upon binding, the DNA oligonucleotides are brought into proximity, allowing DNA polymerization and subsequent quantification via real-time PCR.  The resulting double-stranded DNA sequences are specific to each antigen and are amplified using P5 and P7 Illumina adaptors along with sample indexing. These amplified targets were quantified through next-generation sequencing. To correct for systematic errors, protein estimates were normalized across different batches and log2-transformed to achieve a normal distribution, which was visually confirmed using histograms. No imputation was performed for the missing data.

[bookmark: _Toc183600201]Network and drug repurposing analysis
	We mapped the list of replicable proteins associated with FEV1/FVC to a human lung single cell atlas (https://cellxgene.cziscience.com/gene-expression) and filtered for genes with expression levels in the upper quartile in at least one lung cell type. The selected lung cell types represent critical immune cells and various organ compartments. As SERPINA1 and ELANE (neutrophil elastase) were not on the Olink panel, but are central to AATD pathogenesis, we added these proteins to the list. We then mapped these proteins to the human protein-protein interactome using STRING (www.string-db.org). We only included high confidence interactions (>0.4). We permitted 10 interactors in the first shell and 5 in the second shell. MCL clustering was performed with and inflation factor of 3 to define clusters. To identify drug repurposing candidates, we used all of the proteins within the STRING network to perform enrichment-based drug repurposing analysis using Enrichr2–4 (www.enrichr.org) and referencing the Multi-marker Analysis of GenoMic Annotation (MAGMA) database of drugs and diseases5. We considered drugs with p-values below 0.05 to be of interest, and q-value less than 0.05 to be significant.

[bookmark: _Toc183600202]Development of clinical and protein risk scores to predict FEV1/FVC
We developed a protein risk score (protRS) to predict FEV1/FVC using COPDGene participants and tested the protRS performance in AGMS. To develop the score, we used least absolute shrinkage and selection operator (LASSO) models, training to an outcome of FEV1/FVC, and tuned hyperparameters using 10-fold cross-validation to optimize the mean squared error. As inputs, we compared two models: (1) the overlapping differentially expressed proteins between COPDGene and AGMS, and (2) the entire set of 272 shared proteomic markers available in both datasets. Using the same LASSO parameters, we also developed a clinical risk score (CRS) in COPDGene using age, sex, and pack-years of smoking. We referenced the transparent reporting of a multivariable prediction model for individual prognosis or diagnosis (TRIPOD) reporting standards6 to ensure transparent reporting of our prediction model.

[bookmark: _Toc183600203]Testing of the protein risk score
In COPDGene, we examined the following outcomes: FEV1, FEV1/FVC, computed tomography (CT) measures of quantitative emphysema (quantitative emphysema on inspiratory CT scans (% LAA < -950 HU)7, 15th percentile of lung density histogram on inspiratory CT scans (Perc15)8) and of airway thickening (wall area percent (WA%)7 and square root of wall area of a hypothetical internal perimeter of 10 mm (Pi10)9); in AGMS, we examined the following outcomes: FEV1, FEV1/FVC, IgE, CRP, and moderate-to-severe COPD case-control status (GOLD 2-4 vs. normal spirometry). Models were adjusted for the covariates as detailed above for each cohort.  
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[bookmark: _Toc183600205]Characteristics of Study Participants
The standard deviation in FEV1 was larger in AGMS (1.18 L) compared to COPDGene (0.87 L).  161 (46%) of AGMS participants reported ever receiving augmentation therapy. We examined the correlation of AGMS phenotypes with each other, and found that cross-sectional spirometry measures (FEV1, FEV1 % predicted, and FEV1/FVC) were highly correlated to each other, while bronchodilator responsiveness, CRP, and IgE were weakly correlated to other phenotypes (Figure S1). 
[bookmark: _Toc183600206]Development of a protein risk score
We trained and compared two LASSO regression models in COPDGene: (1) using the 16 overlapping proteins as inputs, and (2) using all available proteins as inputs. The first model included 11 proteins and had an adjusted R2 value of 0.0316 while the latter model included 126 proteins (lambda = 0.00965; Figure S3) and had an adjusted R2 of 0.274. Therefore, we carried forward the second risk score as the protRS for our remaining analyses. Proteins and weights in the risk score are shown in Table S9. In COPDGene, the protRS was associated with FEV1/FVC as well as markers of emphysema and airway wall thickness (Table S10).  
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Figure S1: Correlation amongst phenotypes in the Alpha-1 genetic modifiers study. Pearson correlation coefficients are displayed in tiles with corresponding color intensities as indicated.
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Figure S2: Correlation matrix of the 16 replicable proteins significantly associated with FEV1/FVC within the Alpha-1 Genetic Modifiers Study. Pearson correlation coefficients are displayed in tiles with corresponding color intensities as indicated.
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Figure S3: Cross-validation plot showing the minimum lambda based on LASSO regression of protein expression values with FEV1/FVC in COPDGene. The top axis indicates the number of features at each lambda value (x-axis).

[image: ]









Figure S4: Scatter plot demonstrating the association between the protein risk score and FEV1/FVC in the Alpha-1 Genetic Modifiers Study.
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Figure S5: Violin and boxplots demonstrating the univariable association between the protein risk score developed in COPDGene and A) moderate-to-severe COPD (GOLD 2-4), and B) Augmentation therapy in the Alpha-1 Genetic Modifiers study. The boxplots indicate the median and interquartile range of the data.
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See SuppTables_aat_proteomics_MattMoll_freeze_11.08.2024_v2.xlsx
[bookmark: _Toc183600209]Supplementary Discussion

LY9, GZMA, and CD48 were within the largest network-based cluster. These proteins have been implicated in non-AATD and AATD COPD patients. In non-AATD COPD patients, LY9 expression has previously been reported to be downregulated in COPD10,11. Granzyme A has been reported to be associated with COPD12 and is part of a family of serine proteases implicated in COPD risk. For example, Granzyme B (GzmB) is secreted by regulatory cells which can suppress CD8+ T cells, suggesting a protective role in emphysema13. CD48, involved in the activation of immune cells such as T cells, antigen-presenting cells, and granulocytes14, has been linked with nonallergic asthma15.  In AATD individuals, a weighted gene correlation expression analysis in the bronchoalveolar lavage fluid identified clusters associated with disease severity, and these clusters included LY9, interferon genes, and GZMA16. Taken together, our results highlight the role of T cells and immune activation on disease severity in AATD individuals. 
IFNGR1 expression is increased in COPD populations, enhances LPS signaling in alveolar macrophages of COPD patients17, and contributes to viral clearance the lungs18. TPSAB1, which encodes tryptase, is upregulated in eosinophilic COPD19 but was associated with higher FEV1/FVC in our study, suggesting that lower levels may select for non-eosinophilic COPD individuals within AATD individuals. To our knowledge, these proteins have not been investigated with respect to AATD and may represent important biomarkers and/or therapeutic targets. 
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