Online Methods

Identification of differentially abundant taxa

Recent developments in the statistical literature provide valid methods for inference
in high-dimensional regression models. An overview of these methods can be found
in Chernozhukov et al. (2015) and Ning and Liu (2017). When the number
of predictors (p) is large compared to the sample size (n), as in our data,
traditional methods based on least squares either cannot be implemented or
yield very low statistical power. Algorithm 1 (below), reproduced from these
references, is the main algorithm required for inference.

The model assumed in the analyses is a multiple linear regression model, i. e.,

y; =z B + ;. where the number of predictors is potentially large. Here y; represents a
phenotype measurement (i.e., a pulmonary function trait or FeNO) wherei =1, ..., n.
indexes participants. The vector x; = (21, ...., ;)" contains all predictor variables
including relative abundances of microbial taxa and any additional covariates.

Association between predictors and the phenotype is measured via the vector of
regression coefficients 3 = (01, ...3,)", where 3; measures the association between the
4" predictor and the phenotype while controlling for all other predictors.

Inference on associations is performed via the test,

Hy : p; = 0(no association), H, : f; # 0. (1)

This test is carried out for each predictor variable. Regression coefficients are
estimated via the Lasso estimator, and the computation of p-values for the test in (1)
is decribed in Algorithm 1.

Algorithm 1 Inference on regression parameters with many predictors

1: Compute the Lasso estimate B of 3.
2: Compute regularized estimates i/ by regressing the j*" predictor x;;0n the vector of

remaining predictors, denoted z; _;, namely,
AR
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3: Compute 3; = LS (wij — af_jji7)x;; and the refitted estimate of the target
coefficient /3; as
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4: Test hypothesis (1) by the result /n(3; — 58;) ~ N(0,0%) where o2 can also be
consistently estimated from the data.

An additional constraint is imposed in this optimization: the sum of the relative
abundances is 1.

References

Chernozhukov, V., C. Hansen, and M. Spindler (2015). Valid post-selection and post-

regularization inference: An elementary, general approach. Annu. Rev. Econ. 7(1),
649-688.

Ning, Y., and H. Liu. (2017). A general theory of hypothesis tests and confidence
regions for sparse high dimensional models. The Annals of Statistics 45(1), 158—195.



Whole genome shotgun metagenomic sequencing and quality control steps

Center for Microbiome Innovation, University of California San Diego completed library preparation,
multiplexing, and whole genome shotgun sequencing using standard protocols [1]. FastQC v0.11.5 [2]
was used to assess the quality of reads by Phred quality score, GC content, the presence of adapters,
overrepresented k-mers, duplicated reads rate, and PCR artifacts or contaminations. Low-quality and
adaptor sequences were removed using Atropos [3]. Bases with a Phred score < 15 and throw-away reads
<100 bp (-g 15 --minimum-length 100) were trimmed, starting from the end of the read. The internal
sequencing standard PhiX 174 and human sequences were identified using bowtie2 [4], SAMtools [5],
and BEDtools [6] to remove aligned sequences and their mates. The above procedures were performed in
the Qiita pipeline [7] by the IGM Genomics Center at the University of California San Diego.

All raw reads of both ends (3’ or 5”) passed the basic FastQC figures (per base sequence quality and per
sequence quality scores), and no low-quality sequences remained. Bimodal shape was observed in per
sequence GC content, indicating the wide distribution of genome GC content across multiple species in
metagenomic samples.

As an additional quality control step, we performed in silico separation of bacterial reads from
contaminant reads using KneadData v0.7.10 (https://huttenhower.sph.harvard.edu/kneaddata/) with
default settings (--bypass-trim —serial --bowtie2-options=""--very-sensitive”’). In addition to the human
and PhiX genomes, we included farm animals (cows (ARS-UCD1.2), pigs (Sscrofall.1), chickens
(GRCgoba), turkeys (Turkey 5.1), horses (EquCab3.0), goats (ARS1) and sheep (Oar_rambouillet v1.0)),
pets (dogs (CanFam3.1) and cats (Felis_catus 9.0)), and dust mites (Dfa_Genome UMICH USM 1.1) as
these are potential contamination sources. We downloaded the corresponding animal reference genomes
from the NCBI database and built them for the bowtie2 index (Table S1).

We then classified the resulting paired-end reads using Kraken2 v2.1.1 [8] with pre-compiled data
comprising RefSeq genomes for bacteria, archaea, eukaryotes, fungi, viruses, and plasmids and NCBI
taxonomy information, with a confidence score threshold of 0.05 (--confidence 0.05), to enhance the
accuracy of taxonomic assignments [9]. We then ran the Kraken2 output against Bracken v2.5.0 [10] with
default parameters (- 100 -1 S -t 10) to quantify abundance at the species level. We built the Bracken
database with the default 35-mers length. Tables S2 and S3 summarize the overall statistics of read
sequences and the proportion of each host genome contaminant across samples.

Due to low biomass in the dust samples, we separately performed and processed two sequencing runs.
Metagenomics datasets from low biomass samples are particularly vulnerable to microbial contamination
from the sample collection instrument, sequencing kit, and laboratory reagents. We incorporated ‘blank’
controls by sequencing sterile water without adding dust sample DNA extractions [11]. We used both
frequency (the default threshold of 0.1) and prevalence (a stricter threshold of 0.5) based methods in the
decontam R package v1.10.0 [12] to identify contaminated DNA sequences not present in the sampled
community for each run. We then removed contaminants identified in either run. Using this process, we
filtered out 168 taxa (Table S4). After separately conducting preprocessing and filtering for each run, we
generated pooled abundance data by summing the abundance data from both runs.
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