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Figure 5. Scoring and filtering of candidate contaminants for the HMP dataset. This plot shows the prevalence, the breadth of
genome coverage, and additional score and filtering information of the top 50 contaminant species after filtering. The first 16
rows show the prevalence of each species among each of the sample types, where zero prevalence is marked in blue. The next
16 rows show the breadth of genome coverage of each species in each of the sample types. The remaining rows show the
prevalence score, the alignment score, the Mash score, and the combined score used to make the final prediction, and whether
each species passes the filters. The last row of the heat map shows whether the species can be found in the ground truth with
true positive show in white and false positive show in black.

cannot trace contaminants originating from the sample collection process, since different sample collection operations may
introduce different contaminant species. Therefore, for species that are not included in the predicted contaminants, further
investigation is required to validate whether the species truly originated from the sampled metagenome. Squeegee can help rule
out misclassification,

Since Squeegee operates without prior knowledge of the input dataset, ubiquitous species that are commonly found in
a wide range of environments could allow Squeegee to make false predictions. Although Staphylococcus genera have been
reported as external contamination from multiple studies, it is hard to ignore the fact that some of the Staphylococcus species
may be truly present among multiple different body sites, including skin and nasal samples. Such ubiquitous species may
introduce noise in Squeegee’s predictions. Combined with the prior knowledge of the input dataset and the comprehensive
information that Squeegee outputs, the user may further filter the predicted list of contaminants if needed.

By no means is Squeegee a replacement for experimental negative controls, and it does not estimate relative abundance
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Figure 6. Alpha diversity index for (a) maternal/infant dataset and (b) HMP dataset. Both Shannon’s and Simpson’s diversity
index of the communities in each of the samples were evaluated before the contaminant reads were removed (red), after
removing species only confirmed by the experimental negative control (blue), and after removing all species predicted by
Squeegee (black). The max removal is set to 1%. Numbers inside parentheses are the numbers of samples in each sample type.

of each predicted potential contaminant since the relative abundance of the contaminants varies in different sample types.
Squeegee makes predictions based on the assumption that the input data are sampled from multiple distinct microbiomes, and
does not apply to cases where the sequencing data are from similar microbiomes. If possible, performing negative control
experiments will provide a more accurate profile of the external contaminants. But, as discussed, it is not uncommon that
experimental negative control samples are not available for a huge number of public datasets. The data from the Human
Microbiome Project is one high profile example of this. When compared to other contamination removal methods, Squeegee is
the only existing tool able to predict contamination from multiple sources without experimental negative control samples (see
table 1), and its contaminant predictions can have a significant impact on diversity measures which are often a key part of the
results of a vast range of microbial studies® 2283132,

Another possible solution for contamination detection without negative control sequencing data is to use a contaminant
database. If there exists a database of genomes containing known contaminant species, we could identify the contaminant
sequences in the data by mapping reads against this database’>. Building such a contaminant database can be challenging
because it requires sequencing data from all possible sources of contamination. Since Squeegee is a negative control free tool
for identifying novel contaminants, it can also used as an important step in filling out such a comprehensive database of putative
likely contaminants.

Table 1. Tools comparison on handling contamination from different source

Squeegee Recentrifuge® Decontam® DecontaMiner’!  Conterminator?
Lab environment v v v
Lab reagents v v v
Classification errors v
Cross contamination v v
DNA from host/human v
Contaminated database v
Negative control free v v v
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Over 76% of the contaminant species predicted by Squeegee for the HMP dataset match the bacterial genus described as
inherent contaminants of the MoBio DNA extraction kit, which was used for the Human Microbiome Project'®. The Squeegee
prediction has a weighted recall of 0.69, and Squeegee failed to predict most of the genera from phylum Proteobacteria. This
may be due to the fact that the kit used in the Mobio contamination study'® is close related to the one used for HMP, but not
identical. The contamination profile of the same kit might change over time, and samples processed in different labs may also
affect the results since contaminants from lab surfaces and lab members have the potential to contribute to the composition of
the contamination.

It is worth pointing out that a stable community member of a certain body site has the potential to also be a contaminant
taxon from an external source. For example, species from the genera Staphylococcus are commonly found in skin samples,
but they are also commonly found as an inherent contaminant in multiple DNA extraction kits. In general, Squeegee makes
contamination predictions based on shared species across different sample types. For any individual sample type, the user
should treat the predicted result with care to avoid potential community members falsely labeled as contaminants.

Finally, Squeegee was tested and evaluated with metagenomic shotgun sequencing datasets. Under the same hypothesis,
Squeegee could be readily altered and extended for use on 16S rRNA sequencing data. In such a case, we are not be able to use
breadth and depth of genome coverage of the alignment to determine classification errors. Therefore, choosing an accurate
taxonomic classifier is critical for running Squeegee on 16S rRNA sequencing data.

In summary, Squeegee is the first computational method for identifying potential microbial contaminants in the absence of
environmental negative control samples. Squeegee predictions on multiple datasets have shown that contaminant sequences
from the same source, such as DNA extraction kits and other reagents used during the sample processing and sequencing,
can be accurately identified across multiple samples using this computational method without experimental negative controls.
Squeegee achieves both high weighted recall and low false positive rates on real metagenomic datasets, and can help to identify
putative contaminant sequences of suspicious taxa for low biomass microbiome studies, enabling sample-independent and
orthogonal approaches aimed at distinguishing true microbiome signals from environmental contamination.

Methods

Samples from distinct environments

In order to generate reproducible estimates of contaminants and their composition among the samples, the user must collect
sequencing data from multiple metagenomic samples. The microbial community composition should be largely distinct between
any two samples included in the analyses. Here, distinct refers to different metagenomic environments or sample types in
which it is rare to observe a given microbial species present across most samples. Each sample should be provided with a tag or
descriptor that distinguishes the different types of samples (e.g. oral, vaginal, fecal, soil, ocean, etc).

Taxonomic classification

Squeegee first performs taxonomic classification using Kraken v1.1.13* with default settings (k=31). A classification report is
generated for each of the samples. Based on the classification, Squeegee chooses a set of candidate contaminant species based
on the prevalence of the species across the samples. The prevalence score is weighted by the number of samples of the same
type to avoid bias introduced by an unbalanced number of samples between sample types. Higher prevalence rates of a species
indicates that the species is shared by more samples across more sample types, and it is more likely to be a contaminant.

Metagenomic distance estimation

Squeegee also calculates the metagenomic similarity between the samples using Mash v2.2.2, a tool which estimates the
Jaccard index using MinHash?>. This is done by first generating a sketch of each sample (Mash sketch -s 100000 -k 21 -m 2)
and then calculating the pair-wise Mash distance between all pairs of samples (Mash dist). High Mash distances indicate the
metagenomes of two samples are more distinct (i.e. there are fewer genera and species shared between the samples). Squeegee
weights shared species coming from more distinct samples as more likely to be a contaminant.

Read alignment and error identification

Squeegee then fetches the representative genomes for each of the candidate contaminant species from the NCBI RefSeq
database used to build the Kraken database. These representative genomes are used as references to perform a multi-alignment
for all reads in the samples using Bowtie2 v2.3.5 with the multi-alignments enabled (bowtie2 —local -a —maxins 600)°. To
accelerate this process, kmer-mask from meryl v1.0 is used to filter out reads that do not contain any 28-mers from the reference
genomes (kmer-mask -ms 28 -clean 0.0 -match 0.01 -nomasking)*’. Based on the alignment results, the breadth and depth of
genome coverage is calculated for each of the sample types using samtools v1.11 (samtools depth)*®. The breadth and depth
of genome coverage is used to determine whether the species is truly present or if the species is a potential misclassification
from the taxonomic classifier. A species that is truly present should have a large proportion of its genome covered. On the
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other hand, a large number of reads covering only a small proportion of the genome often suggests that the species was a
misclassification®?. Since contaminant species are often low in abundance, combining samples from the same type would give
us a better indication of the presence of the species.

Contaminant predictions
In the last step, Squeegee combines multiple pieces of evidence including the prevalence score, Mash distance score, and
alignment score and makes a final prediction for contaminant species using equation 1,

T
N N ) 1A
C: = M . P+ min %,
l N M; I+Zfi1P,~ a (5-T~min_cov

1) ey

where N is the total number of samples, and 7T is the total number of sample types. M; is the Mash distance score of
candidate contaminant species i. We took the Mash distance values (from O to 1) of all sample pairs that both contain species
i, and calculate M; by averaging the top 10% of the pairwise Mash distance value. We defined P; as the prevalence score of
candidate contaminant species i, which is calculated as the mean prevalence rate of species i in each of the sample types. A; ; is
the alignment score of candidate contaminant species i in sample type j, which is defined as the breadth of genome coverage of
species i in sample type j with minimum depth of 3.

After the combined contaminant scores are calculated, Squeegee filters out species that are below a user defined minimum
combined score threshold. Candidate contaminants with a low combined score suggest that there is not enough evidence
supporting the argument that the candidate species is both a true contaminant and definitely present in the samples. Squeegee
also provides a comprehensive output for the user if further downstream analysis is required.

Evaluation of Squeegee

Evaluation of Squeegee predictions was performed by comparing the predicted contaminant species using three datasets: (1) a
simulated dataset with ground truth contaminant species, (2) a real dataset with available negative control samples, and (3) a
real dataset without a negative control (HMP samples) but with associated kit contaminants. For (1), the simulated dataset, the
contaminant species in the ground truth were generated based on the species of a simulated spike-in of contaminant sequences.
A total number of 18 simulated samples were generated using CAMISIM and ART simulating [llumina paired-end reads with
average read length of 150bp>*?. The total number of read pairs in each of the simulated samples is 3322898, containing true
sample species sequences and spiked-in contaminant sequences. All simulated samples are divided into 6 groups, 3 samples per
group. Each group of samples contained sequences from 5 different bacteria genomes which serve as true organisms in the
sampled community (distinct among groups), and sequences from 10 common contaminant bacteria genomes (shared among
groups). The relative abundances of spiked-in contaminant sequences are 0.05, 0.10, and 0.20 for three simulated samples in
each group. For (2), maternal/infant metagenomic datasets, the contaminant species in the ground truth was generated based on
the classification of multiple experimental negative controls. To minimize classification errors, we applied a set of criterion to
include a species in the contamination ground truth. Species with relative abundance above 0.5% or more than 3000 reads
assigned in more than half of the negative control samples, and species with relative abundance above 10% in a single sample
were chosen for inclusion in the ground truth contaminant set. We then aligned the sequencing reads in the experimental control
samples to the representative genomes. Reads assigned to the Staphylococcus virus Andhra stacked in a small 449 bp region
with an average depth of 1429, indicating a false classification call, so we removed it from the ground truth contaminants.
Once the ground truth contaminants were identified, the relative abundance of the ground truth contaminants is calculated as
the average relative abundance across all negative control samples over the sum of the average relative abundance of each
contaminant. For (3) the HMP dataset, which was extracted using the MoBio DNA extraction kit, we used the 62 bacteria
(excluding lot dependent organisms) which were identified as inherent contaminants within a latter version of a related MoBio
extraction kit, the MoBio PowerMax® Soil DNA Isolation Kit 12,988-10 (MoBio Laboratories, USA), in a recent study'8 as
the ground truth contaminants. Relative abundances of each genera were also obtained in the same study. Since Squeegee
makes contamination prediction at the species level, predicted contaminant species from the reference genus are counted as true
positives.

The accuracy of the prediction is measured by precision, recall, and weighted recall. The precision is calculated as the ratio
between the number of predicted contaminants found in the ground truth and the total number of predicted contaminants. The
recall is calculated as the ratio between the number of correctly predicted contaminants and the total number of contaminants in
the ground truth. The weighted recall is calculated as the proportion of the reads assigned to the correctly predicted contaminants
over the total number of reads assigned to the ground truth contaminants. Accuracy at the genus level is calculated using the
genera of each predicted species as the predicted contaminant genera. The parameters and data characteristics are shown in
Supplementary table 1.
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The simulated datasets is publicly available and can be downloaded at https://rice.box.com/s/x3645qvtswvb838e0dfsvkOgre74i9¢z.
The maternal/infant metagenomic datasets are available for download via NCBI BioProject PRINA725597. The HMP samples
are downloaded from https://www.hmpdacc.org/HMASM/.

Alpha diversity analysis of predicted contaminants

We categorized the labeled sample types of the maternal/infant data set and HMP data set into combined sample types based on
body site. The combined sample types for the maternal/infant data set include placenta, breast milk, oral, stool, and vaginal.
The combined sample types for HMP includes vaginal, throat, stool, oral, skin, and nasal samples. Samples from the same
combined sample types in each data set were used for alpha diversity analysis. Both Shannon’s diversity index and Simpson’s
diversity index were measured before and after contamination removal. Only reads assigned to the species rank by Kraken were
used in calculating Shannon’s diversity index and Simpson’s diversity index. Since contamination originating from external
sources can also be true community members of the metagenomes, we also set a max removal cutoff and only remove species
with relative abundance below this cutoff.

Stable community members for human body sites

We used the samples from the HMP data set and their combined sample types to generate a set of stable community members
for different human body sites. Stable community members were defined as genera with more than 1% of their reads assigned
from Kraken classification in more than 50% of the samples from the same combined sample types.
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