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Abstract
Background:

The advent of metagenomic sequencing provides microbial abundance patterns that can be leveraged for
sample origin prediction. Supervised machine learning classi�cation approaches have been reported to
predict sample origin accurately when the origin has been previously sampled. Using metagenomic
datasets provided by the 2019 CAMDA challenge, we evaluated the in�uence of technical, analytical and
machine learning approaches for result interpretation and source prediction of new origins.

Results:

Comparison between 16S rRNA amplicon and shotgun sequencing approaches as well as metagenomic
analytical tools showed differences in measured microbial abundance of the same samples, especially
for organisms present at low abundance. Shotgun sequence data analyzed using Kraken2 and Bracken
taxonomic annotation, had higher detection sensitivity than did other methods. As classi�cation models
are limited to labeling previously trained origins, we proposed an alternative approach using Lasso-
regularized multivariate regression to predict geographic coordinates for comparison. In both models, the
prediction errors were much higher in Leave-1-city-out than in 10-fold cross validation, the former of
which realistically forecasted the di�culty in accurately predicting samples from new origins than pre-
trained origins. The challenge was further con�rmed using mystery samples obtained from new origins.
Overall, prediction performances between regression and classi�cation models, as measured by mean
squared error, were comparable on mystery samples. Due to higher prediction errors for samples from
new origins, we provided an additional strategy based on prediction ambiguity to infer whether a sample
is from a new origin for practical applications. Lastly, we showed increased prediction error when data
from a different sequencing protocol were included as training data.

Conclusions:

Here we highlighted the capacity of predicting sample origin accurately with pre-trained origins and the
challenge of predicting new origins through both regression and classi�cation models. Overall, the work
provided a summary evaluation of sequencing techniques, protocol, taxonomic analytical approaches,
and machine learning approaches to inform future designs in metagenomic prediction of sample origin.

Background
Studies of microbiome have demonstrated successes in detecting microbial compositional patterns in
health and environmental contexts. Large scale studies such as the Human Microbiome Project [1], the
Metagenomics & Metadesign of Subways & Urban Biomes (MetaSUB) [2] and the Earth Microbiome
Project [3] exemplify global efforts to facilitate the understanding of microbial presence and abundance
in relation to diseases or environmental factors. Recent technological advances have enhanced the ability
to both detect varied species and estimate their abundance in collected samples. The 16S ribosomal RNA
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(rRNA) amplicon sequencing approach targets and speci�cally sequences the 16S rRNA gene of bacteria
and archaea; whereas the shotgun whole genome sequencing approach sequences all genetic material
present in a sample, potentially allowing identi�cation to the level of species, detection of the presence of
functional units, and concurrent identi�cation of eukaryotes, fungi and DNA viruses. Comparisons
between 16S amplicon and shotgun sequencing data have been examined previously, but discrepancy
exists among studies regarding which technique provides better robustness and higher biodiversity [4–7].
Despite the pros and cons of each technique, successes in extracting meaningful biological information
have been found for disease and environmental studies [2,8–12].

Leveraging metagenomics sequencing data, the majority of analytical approaches for sample source
prediction used to date have focused on supervised classi�cation methods such as support vector
machines and random forest, in order to assign trained source labels to unknown samples [9,10,13,14].
Delgado-Baquerizo et al. found high variability in relative abundance across various geographical
locations through examining soil microbiome, and used random forest modeling to predict habitat
preference for dominant phylotypes [9]. In the Earth Microbiome Project, random forest models were built
to distinguish samples from various environmental factors including association with plants or animals
as well as saline presence [10]. From the perspective of identifying potentially mixed sources,
SourceTracker [15] uses a Bayesian approach to estimate the proportions of source environments in a
sample without the assumption of one source label. In the 2018 Critical Assessment of Massive Data
Analysis (CAMDA) challenge, supervised classi�cation approaches have been applied to predict sample
source using urban microbiome with high accuracies up to 0.91, where the unknown samples were of the
same origins as samples previously trained [13,16–18].

The objective of the 2019 CAMDA metagenomics forensic challenge was to use urban microbiome data
to predict locations of samples from new origins that have not been sampled previously (Figure S1).
Classi�cation models are limited to predicting trained origins from which the training samples were
already collected and trained; hence can never predict a new origin. For the purpose of predicting new
origins, one alternative approach is to model geographic coordinates, as inspired from a previous report
on association between human genetics and geographical locations [19]. There have been existing
literature reports on the association between latitude and microbial composition in various contexts [20–
23]. Richness/diversity in planktonic marine bacteria and microbiome from ambulances in USA were
found to be inversely correlated with latitude, a pattern called the “latitudinal diversity gradient” [21,22].
Using human gut microbe data from 23 populations, Suzuki et al. found signi�cant positive and negative
correlations to latitude with Firmicutes and Bacteriodetes, respectively [23]. Fisman et al. reported
correlation between bloodstream infection from gram negative bacteria and proximity to the equator
measured by latitude-squared [20].

Given the availability of 16S rRNA amplicon and shotgun data, we �rst set out to compare and contrast
organism abundance from datasets generated using 16S amplicon versus shotgun sequencing
technologies, and evaluated different analytical approaches on a subset of samples. In order to perform
attribution of samples to a new geographic origin, we herein model the longitude and latitude as the
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outcome variables, and evaluate the use of multivariate regression for predictions of new sample origins
with Lasso regularization to avoid model over�tting. Subsequently, we compare prediction performance
between multivariate regression and multiclass classi�cation models for the mystery data from new
origin. Lastly, we report a computational approach to identify whether a sample is from a new or trained
origin through the Simpson’s diversity index on classi�cation probabilities.

Methods
Analyses were conducted in R 3.5.3 version unless otherwise stated.

Dataset description
The Boston Urban [11] and MetaSUB [2] datasets used for this study were provided by the CAMDA
organizers: 1) Boston pilot 16S and shotgun data of 23 samples, 2) shotgun data of 294 samples from
16 cities for training and 3) shotgun data of 60 mystery samples from 8 new city origins as the test set.
For the Boston pilot dataset, the 16S and shotgun abundance tables were provided through the CAMDA
challenge and had been previously generated by Hsu et al [11] using QIIME v1.8 [24] and MetaPhlAn2
[25], respectively. We then further analyzed the latter using the Kraken2-Bracken [26, 27] assignment
approach described below. The shotgun training dataset was generated via different sequencing
protocols, and included sequencing data obtained from 16 cities: Auckland (AKL), Berlin (BER), Bogota
(BOG), Hamilton (HAM), Hong Kong (HGK), Ilorin (ILR), London (LON), Marseille (MAR), New York (NYC),
Offa (OFA), Porto (PXO), Sacramento (SAC), SAO Paulo (SAO), So�a (SOF), Stockholm (STO) and Tokyo
(TOK). Data from �fteen of the training cities (276 samples) were generated using paired-end sequencing
at 150-basepair (bp) reads, whereas SAC data were single-ended with 125 bp reads. More details on
samples regarding sequence lengths, single-/paired-end and percentage of unclassi�ed reads were
reported in Table S1.

Taxonomic abundance estimation and data processing
Taxonomic sequence classi�cation and organism abundance estimation for shotgun datasets were
conducted using Kraken2 [26] and Bracken [27], respectively, using a customized reference database
which included reference sequence representatives of the bacterial, viral, archaeal groups as well as the
human genome, all obtained from NCBI Refseq December, 2018. The Bracken database was constructed
using 150 bp reads, as these were the most commonly identi�ed in the CAMDA dataset. The median
percentage of unclassi�ed reads for all CAMDA �les was 44.92%. Reads assigned to the human genome
were �ltered out. Normalization of the total abundance table for each taxonomic scale was done using
the cumulative sum scaling approach at the 50th percentile (metagenomeSeq [28] R package). To avoid
spurious results from sparse features, taxa that did not contain at least one read in more than eight
samples were �ltered out. The Bray Curtis dissimilarity and principal coordinate analysis with the Cailliez
correction for negative eigenvalues were powered by the vegan [29] and ape [30] R packages.

Machine learning models for prediction of sample source
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Instead of estimating latitude and longitude in separate models, we chose to take into account
dependencies between the two coordinates, and modeled them together using multivariate regression
with Lasso regularization (glmnet R package) [31]. For each taxonomic model, the normalized and log2-
transformed microbial abundance was standardized as input features, and latitudes and longitudes were
the response variables. Ten-fold cross validation was conducted with mean squared error (MSE)
evaluation to choose the hyperparameter λ such that the error from the model is within one standard error
of the minimum. Performance was reported using 10-fold nested cross validation (CV) to evaluate
prediction accuracy of samples from previously sampled cities or leave-1-city-out (L1CO) CV to evaluate
accuracy of samples from new cities. For comparison, a classi�cation (Lasso-regularized multinomial
logistic regression) approach was also performed using the glmnet R package [31]. While accuracy is a
common performance measure for classi�cation models, MSE was also reported for prediction of
mystery samples using the classi�cation model in order to compare to the regression model.

Binary machine learning classi�er on prediction ambiguity
For the purpose of predicting whether a sample is from a previously trained city, a Simpson’s diversity
value was obtained using class prediction probabilities of each sample from the sample source
classi�cation model (vegan R package [29]). The index was used to re�ect the prediction ambiguity of
each sample from the model, as was previously proposed in a genomic study [32]. Overall, two diversity
values were obtained for each sample in L1CO and 10-fold CV settings, mimicking the prediction of a new
origin or a previously trained origin, respectively. Subsequently, a Naïve Bayes classi�er using kernel
density estimation was built to learn the distributions of Simpson’s diversity values from new (L1CO CV)
versus previously-trained (10-fold CV) cities. Classi�er performance was evaluated by leaving each
Simpson’s value out to predict the CV setting it belongs to. The classi�er was then used to predict whether
a mystery sample is from a new or trained origin given its class prediction probabilities.

Results

Abundance differences between technological and
analytical approaches
Given that both 16S and shotgun approaches were used to sequence the 23 Boston samples collected
from several surfaces and two sources [11], we �rst investigated counts of detected organisms at varying
taxonomic scales and their abundance using both datasets. For the shotgun data, we evaluated the
abundance table extracted from Kraken2 [26] and Bracken [27] (referred to as SG-KB) as well as the table
provided by CAMDA using MetaPhlAn2 [25] (referred to as SG-MP). There is an overall higher sensitivity
in the SG-KB data, with at least twice as many distinct bacterial genera, families and orders compared to
the other methods. SG-MP data analysis reported the least distinct taxa at all taxonomic levels except for
species (Table 1). As expected, both shotgun datasets identi�ed more distinct species than 16S data.
While there were 90 overlapping species identi�ed between SG-KB and 16S data, there were no overlaps
between SG-MP and 16S datasets. We next examined reported abundance of commonly detected
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organisms between technologies in all 23 Boston samples. Pearson correlation coe�cients between 16S
and SG-KB abundance at species, genus, family and order levels were 0.48, 0.70, 0.75 and 0.85,
respectively (Figs. 1A-D). The correlation coe�cients between 16S and SG-KB were slightly, but
signi�cantly higher than those between 16S and SG-MP data (One-sided paired t-test p = 0.0093; Figs. 1E-
H). Better correlation was found at higher taxonomic levels. At any given taxonomic rank, variation was
greater for organisms detected at lower abundance. The histograms further revealed an overall trend of
in�ated zero counts in 16S datasets for many taxa that were detected at low abundance by SG-KB
(Figs. 1A-D). On the other hand, such zero in�ation was revealed in SG-MP instead when compared with
the 16S data (Figs. 1E-H). The discrepancy in zero in�ation between Kraken2 + Bracken and MetaPhlAn2
processed shotgun data with respect to 16S data highlights the impact on overall model interpretation
due to the taxonomic identi�cation tools and databases used. Given the higher sensitivity of SG-KB data,
we proceeded using the taxonomic analysis of shotgun data using Kraken2 and Bracken for the rest of
the manuscript. Examination of Bray-Curtis dissimilarities between samples from both 16S and SG-KB
data showed clustering according to sequencing method (Fig. 2). The principal coordinate analysis
(PCoA) highlighted the differences in the two sets in the �rst dimension, which explains 45% of the total
variance, whereas samples collected from different surfaces were observed to cluster in later dimensions
irrespective of technologies (Fig. 2B).

Table 1
Counts of unique taxa identi�ed using Boston pilot 16S amplicon and shotgun metagenomics datasets

in at least one samples

    Overall Taxa Counts

Technology
(tool)

Taxa species genus family order class phylum

Amplicon 16S Bacteria 143 328 173 83 52 18

Shotgun (Kraken2 + 
Bracken)

All 4200 1339 399 176 82 43

Bacteria
Only

3392 1098 342 154 72 38

Overlap 90 226 136 54 27 15

Shotgun (MetaPhlAn2) All 493 239 116 50 28 16

Bacteria
Only

459 211 102 44 23 12

Overlap 0 128 84 36 17 9

Modelling geographic coordinates using microbiome data
To tackle the challenge of predicting sample source in general, we �rst examined the training dataset of
MetaSUB paired-end shotgun data from 15 cities. Principal coordinate analysis at species abundance
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level with Bray-Curtis dissimilarity and heatmap visualization showed clustering of samples from
Oceania and South Africa, whereas other cities or continents overlapped one another in the �rst two
dimensions (Fig. 3). Better separation of continents was observed with the third dimension. In order to
predict locations of mystery samples from new origins, we modeled geographic coordinates using
multivariate regression with Lasso regularization and using microbial abundance as features/predictors.
We constructed a Lasso-regularized regression model at each taxonomic scale using the organism
abundance table of the corresponding taxa scale as input data. To �rst con�rm the potential of predicting
a city where some samples have been analyzed and the model trained on, we evaluate model
performance using nested 10-fold CV. The model performance was the highest at the species level
compared to that of genus and family (Table 2). Scatterplots of true coordinates and the 10-fold CV
predictions from species regression model showed a linear trend between predicted and true coordinates
in Figs. 4A and B (r2 = 0.8891 for latitude and 0.8860 for longitude). In comparison, 10-fold nested CV
performance of the Lasso regularized species classi�cation model achieved a high accuracy level of
0.942 (Fig. 4C).

Table 2
Nested 10-fold and leave-one-city-out cross validation performance for

geographic coordinate prediction using multivariate regression with LASSO
regularization

LASSO EMP lambda 1se df MSE
10-fold

MSE

L1CO

MetaSUB Shotgun species 3.0609 108 837 5962

genus 2.7028 96 1081 5686

family 2.4684 81 1480 6202

The challenge in prediction of new sources without
previous samples
To evaluate the prediction performance on samples from novel origins, we conducted leave-1-city-out CV
(Figure S2). The r2 values of the regression model were 0.5129 and 0.1299 for latitude and longitude
respectively using the prudent setting. The L1CO MSE of the regression model is 7-fold the MSE for the
nested 10-fold CV, which highlights the challenge in predicting new origins that have not been included in
the model training. When predicting sources for the mystery data, the r2 values were 0.4697 and 0.4670
for latitude and longitude with the regression model (Fig. 5AB). Contrary to our expectation, prediction
performances on the mystery samples by Lasso-regularized regression and classi�cation models were
comparable as indicated by MSE values (Table 3; Table S2). As a side note, we also conducted random
forest classi�cation, a nonlinear approach, for comparison, but the classi�er resulted in higher MSE
values on mystery samples compared to Lasso-regularized models (Figure S3). Overall, mystery samples
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from Brisbane had the highest prediction error in both Lasso-regularized models, despite having ‘nearby’
samples from New Zealand as training data (Figs. 5D-G). The squared errors for samples from Kiev and
Rio de Janerio were signi�cantly lower in the regression model than the classi�cation model, indicating
better performance by regression in these cases (one-sided Wilcoxon test, Benjamini-Hochberg adjusted
p = 0.0263, 0.0210, respectively). On the other hand, predictions for Oslo, Paris and Santiago de Chile
samples were better in classi�cation (p = 0.0000, 0.0104, 0.0450). Despite overall comparable MSE
values between the regression and classi�cation models, we observed better prediction for some cites
using either model.

Table 3
Prediction performance of mystery (new) cities in the test dataset as measured by MSE

Lasso-regularized Paired and single end Longitude MSE Latitude MSE M of total SE

Regression No 2285.70 1103.41 3389.11

Classi�cation No 2554.01 1091.56 3645.57

Regression Yes 8468.87 1435.02 9903.88

Classi�cation Yes 6823.99 1826.64 8650.63

As the classi�cation model cannot accurately predict new origins at the level of longitude and latitude, we
next evaluated the classi�cation predictions in the context of continents. In L1CO CV setting, all samples
from AKL, HAM, SOF and MAR were predicted to be on the same continent, while the rest of cities varied
(Figure S2C). Prediction results from the classi�cation model showed that all mystery samples from
Vienna, Santiago de Chile, France and Oslo were predicted to be cities within the same continent (Fig. 5C).
Although Doha is considered to be in Asia, it is geographically closer to Marseille than to Hong Kong, and
two of the three Doha samples were predicted to be from Marseille. Conversely, Kiev is within Europe and
closer to European cities, but the �ve out of seven Kiev samples were predicted to be in Hong Kong.

Using prediction ambiguity to evaluate if a sample is from a
new origin
Given the much lower prediction accuracy for samples from new origins, we rationalized that it may be
bene�cial to tag whether a new sample is from a new origin in real life application when using a
classi�cation approach. We hypothesized that samples from new origins will have higher prediction
ambiguities. Speci�cally, we investigated the prediction ambiguity from the classi�cation model on each
leftout sample in both 10-fold and L1CO CV settings. Here we de�ned the ambiguity of each predicted
sample to be the Simpson’s diversity index of its class probabilities. Samples with higher prediction
ambiguity are expected to have prediction probabilities distributed across multiple classes, as re�ected by
higher diversity in class probabilities. As expected, leftout samples from new origins (in L1CO CV) have
signi�cantly higher ambiguity compared to leftout samples from previously-trained origins (in 10-fold CV;
Wilcoxon test p-value = 4.6 × 10− 54; Fig. 6A). Based on Simpson’s values from both CV settings, we built a
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Naïve Bayes classi�er with kernel density estimation on the Simpson’s values to classify whether a
sample is from a new origin. The evaluation using leave-one-out CV reported an accuracy of 0.83
(sensitivity = 0.79; speci�city = 0.87; Fig. 6B). Forty-�ve out of sixty mystery samples were correctly
predicted to be from new origins using this binary classi�er (sensitivity = 0.75; Fig. 6C). While eight Oslo,
four Paris and three Vienna samples were wrongly predicted to be from pre-trained origins, we note that
samples from these cities were predicted to be cites within the correct continent and with low squared
errors in the sample source classi�cation model (Figs. 5 CFG). Hence, our new-origin classi�cation model
based on prediction ambiguity of the sample-source classi�cation model indicated its potential to inform
whether a mystery sample is from a new origin, which can serve as a �ag given the lower prediction
accuracy of samples from new origins.

Inclusion of training data with different experimental
protocols impacts model performance
Due to protocol differences in sequence lengths and single versus paired-end sequencing, we excluded
the training data from the 16th city, SAC, provided by CAMDA in the main analyses above. To evaluate the
effect of mixing data from different experimental protocols, we also examined the model performance
with the inclusion of the SAC along with 15 other cities as training data (Table 3 and Figure S4). The
MSEs of regression and classi�cation models on the mystery samples increased 2.9- and 2.4-folds
compared to models trained on 15 cities, respectively. Overall, the regression predictions resulted in a
longitudinal shift away from the diagonal (Figure S4A). Notably, the squared errors of Oslo samples on
longitude increased substantially after incorporating SAC data for training in both regression and
classi�cation models (Figures S4D and S4F). Speci�cally, the classi�cation model predicted Oslo
samples to be in Sacramento exclusively (Figure S4C). These results indicated the impact of
incorporating datasets with very different sequencing protocols.

Discussion
Here we utilized MetaSUB and Boston Urban datasets provided by the CAMDA organizers to extract
knowledge and elucidate factors that impact the prediction of sample sources. Through the comparison
between 16S amplicon and shotgun metagenomic sequencing data on the same samples, we highlighted
differences in detection sensitivity and abundance between sequencing technologies as well as
analytical tools and databases used. On predicting sample sources, we demonstrate the importance of
using 10-fold CV to evaluate prediction performance on samples from trained origins versus using leave-
1-city-out CV to evaluate prediction performance on samples from new origins. The substantially higher
prediction errors of the L1CO CV highlighted that prediction of new cities are more challenging than
prediction of samples for which the origins were included in the training. Our comparison of Lasso-
regularized classi�cation (prediction of cities) and regression (prediction of geographic coordinates)
approaches reported comparable MSE, and showed the bene�ts of either approach for predicting trained
and new origins. As an extension of the source classi�cation model, our use of prediction ambiguity
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based on the Simpson’s index allowed �agging of samples from a new origin. Lastly, we demonstrated
reduced model performance when incorporating a dataset from a different experimental protocol as
training data, highlighting the impact of heterogeneous experimental protocol.

Differences in abundance detection sensitivity between
technologies, tools and databases
Consistent with recent work on stool and colon biopsy samples comparing between 16S versus pair-end
shotgun data [5], we reported variation in abundance results between taxonomic classi�cation tools and
databases in addition to sequencing technologies. Our results further showed higher variation between
technologies for taxa with lower abundance, and demonstrated that zero in�ation in abundance is
dependent on both experimental and analytical approaches. The zero in�ation in 16S data compared to
shotgun data by Kraken2 and Bracken is potentially due to high conservation of 16 s rRNA gene making
�ner taxonomic levels more di�cult to identify [33]. Ampli�cation biases attributed to use of the 16S
marker gene have been previously described, and may have also contributed to variability between
methods [34, 35]. Importantly, it is also possible that differential multiplexing in combination with other
variation in sequencing methodologies employed by shotgun and 16S amplicon analysis, contributed to
these differences. Unfortunately, further information on sample handling and sequencing preparation
was not made available for this analysis. On the other hand, the zero in�ation observed in shotgun data
by MetaPhlAn2 and its lower detection sensitivity is likely due to the database used. To our knowledge,
the default database used for the provided MetaPhlAn2 data was geared towards gut microbes, which
may have resulted in information loss for the study of urban microbiome. Lastly, alternative
normalization and �ltering approaches may be further evaluated and re�ned before downstream
analyses [33, 34], especially in the case of analyzing data with mixed experimental protocols.

Prediction of new locations & supervised regression and
classi�cation approaches
As reported in the 2018 CAMDA challenge [13, 16–18], our 10-fold CV results showed a strong potential to
predict the source of samples from previously-trained origins using shotgun metagenomic data.
Abundance at the species level resulted in the highest predictive power for geographic coordinates
compared to other taxonomic scales. On the other hand, the L1CO results highlighted the di�culty of
predicting origins without prior training samples, which was further con�rmed in the source prediction of
mystery samples from new cities. Despite the attempt to utilize a regression approach to address this
challenge, the prediction performance as measured by MSE on mystery samples did not show much
improvement compared to the classi�cation approach. We note however that some cities were predicted
more accurately by either approach. Overall, the regression approach may be limited by its assumption of
linearity, increased sensitivity to outlying coordinates, and the di�culty in interpreting feature importance
along geographic coordinates. The classi�cation approach can elucidate signatures in trained cities,
which may be easier to interpret, but it can only predict new origins to the closest cities at best. This
limitation may gradually be alleviated as samples from more origins are collected and trained. Lastly, the
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diversity of the classi�cation prediction can be used to inform prediction uncertainty, indicating whether
the sample is from a new origin.

Covariates and metadata
The machine learning approaches we took for prediction of sample source did not include the metadata
as they were unavailable. Further investigation to include metadata into the analyses will be bene�cial to
account for variation from other covariates, such as micro-environment, seasons and city connections.
Hidden covariates can introduce noise in the model, and may confound the analysis via causing spurious
association as a confounder. Previous work from the global atlas of soil bacteria has shown habitat
preferences for different soil bacterial phylotypes depending on environmental conditions, such as pH
levels, plant productivity and aridity [9]. A recent study on tropical air ecosystem reported higher inter-day
taxonomic diversity than day-to-day and month-to-month variation [36]. We also note that the sampling
date of MetaSUB for cities in the northern and southern hemispheres corresponds to summer and winter
solstices, respectively, which may have introduced seasonal in�uence. On the other hand, studies in other
contexts such as bloodstream infection [20] and topsoil [37] have reported associations between
microbial pattern and the distance from equator. The non-linearity would not have been captured in our
regression model. Furthermore, despite having training samples from nearby New Zealand cities, the high
prediction errors of mystery samples from Brisbane Australia in both models indicated other factors are
likely at play.

Heterogeneous experimental protocols used for sample collection and sequencing between cities can
have a substantial in�uence on the prediction performance of new sources. In our experience, the
inclusion of single-end data from Sacramento as training data reduced the performance of the model
prediction on mystery samples by two- to three-fold as measured by MSE. This is likely because the SAC
data was generated single-ended with read lengths of 125bps, instead of paired-ended with 150 bp reads
like all other training data. Short sequence reads are more challenging to taxonomically assign to a
group, given the reduced amount of information available in each read. When SAC data was included for
training, mystery samples originating from Oslo had an increase in longitudinal squared errors and were
predicted to be in Sacramento exclusively in the classi�cation model. We note that within mystery
samples, those from Oslo were the only ones which were single-ended and had shorter read lengths
(125bps and 100bps); hence it is possible that read length differences in experimental protocol was
substantially impacting model performance. This �nding highlighted the need to evaluate data from
different protocols on the same samples �rst, before deciding to analyze them together, as was done for
the Boston 16S and shotgun data.

Other features and future prospects
Here we used only microbial taxonomic abundance as the features from shotgun metagenomic data to
predict the sample source. Given the advantage of shotgun data, further investigations on other types of
features [38, 39] can be extended from our approach. Biologically-driven features include functional
pathway and antimicrobial resistance pro�les [11, 18], whereas data-driven features include k-mer counts
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and genomic bins without annotation requirements [38, 40, 41]. This information can be incorporated into
multifaceted analyses for prediction of the sample source through comparison of models with different
feature types and/or integration of multi-layered feature sets. One important observation is the high
proportion of unclassi�ed sequences across many of the samples included in this analysis. Annotation
independent information extraction such as k-mer counts may be bene�cial, if there exist taxa that are
not yet annotated and differ in abundance between cities. As our knowledge of microbes increases, and
databases become more complete, the number of microbes remaining unclassi�ed will be reduced,
enhancing the capacity to delineate signals between sources. The continual updates in databases with
newly identi�ed taxa will ultimately enhance the capacity to delineate signals between sources.

Conclusions
In this work, we have highlighted the impact of sequencing approaches, taxonomic annotation tools,
databases and heterogeneous protocols on result interpretation and model performance. We demonstrate
the practical purpose of performance evaluation using 10-fold and leave-one-city-out cross validation for
predicting pre-trained and new origins, respectively. The proposed Lasso-regularized multivariate
regression provided a novel and alternative approach to source prediction with comparable performance
to the classi�cation approach. Due to the demonstrated challenge in predicting new origins without any
metadata, we further provided the strategy of using classi�cation prediction diversity to �ag whether a
sample is from a new origin for real life applications. Overall, our work informs future metagenomics
studies on the potential and challenges for source prediction using machine learning methods.
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Figure S1. The world map labeled with training origins and mystery new origins (question mark)

Figure S2: Leave-one-city-out cross validation predictions from Lasso-regularized regression and
classi�cation compared to true locations. 
Latitude (A) and longitude (B) predictions from the multivariate regression model on species abundance
data are plotted against the true geographic coordinates on the x-axis. Each data point represents a
sample from the corresponding city, as indicated in the legend. The dashed line shows where predictions
would be exactly correct. (C) Predictions from the classi�cation model are illustrated in comparison to
true sources. Each entry shows the number of samples predicted to be the corresponding city (row) and
originally from the corresponding source (column). As classi�cation models can only assign new
samples to pre-trained sources, diagonal counts are zero. Cities within the same continent are boxed in
blue.

Figure S3. Out-of-bag and mystery sample prediction performance using random forest classi�cation
algorithm.

(A) Model performance as assessed from out-of-bag prediction. (B) Source prediction of mystery samples
versus the true sources. Cities within the same continent w.r.t. reference are boxed in blue. Squared errors
for latitude (C) and longitude (D) are shown in boxplots for each city.

Figure S4. Inclusion of training data from a heterogeneous sequencing protocol affects model
performance.
This �gure is analogous to Figure 5, with the distinction of including single-end data from Sacramento
into training. Latitude (A) and longitude (B) predictions from the multivariate regression model on species
abundance data are plotted against the true geographic coordinates on the x-axis. Each data point
represents a sample. The dashed line shows where predictions would be exactly correct. (C) Predictions
from the classi�cation model are illustrated in comparison to true sources. Each entry shows the number
of samples predicted to be the corresponding city (row) and originally from the corresponding source
(column). Cities within the same continent w.r.t. reference are boxed in blue. Squared errors for latitude
and longitude from the regression (D,E) and classi�cation (F,G) are shown in boxplots for each city.

Table S1. Sequencing data information

Table S2. Mystery sample predictions

Figures
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Figure 1

Log2-transformed abundance of taxa between Boston Pilot’s 16S and shotgun data at different
taxonomic scales. The y-axes represent the abundance from 16S amplicon data. (A-D) The x-axes
represent the abundance extracted using Kraken2 and Bracken from shotgun data (SG-KB). (E-H) The x-
axes represent the abundance extracted using MetaPhlAn2 from shotgun data (SG-MP). Histograms on
top and right-hand panels show the distributions of shotgun data and 16S data, respectively. Correlations
were reported using non-transformed abundance.
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Figure 2

Relations between 16S rRNA amplicon and shotgun sequencing data generated from the same set of
Boston pilot samples. (A) Heatmap visualization of the Bray-Curtis dissimilarity matrix computed from
Genus abundance of 16S and shotgun (SG-KB) data (B) The �rst �ve dimensions of PCoA computed
using Bray-Curtis dissimilarity

Figure 3

Relations between MetaSUB samples according to species abundance data. (A) Heatmap visualization of
the Bray-Curtis dissimilarity matrix and and (B) The �rst three dimension of PCoA using Bray-Curtis
dissimilarity

Figure 4
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Nested 10-fold cross validation predictions from Lasso-regularized regression and classi�cation
compared to true locations. Latitude (A) and longitude (B) predictions from the multivariate regression
model on species abundance data are plotted against the true geographic coordinates on the x-axis. Each
data point represents a sample from the corresponding city, as indicated in the legend. The dashed line
shows where predictions would be exactly correct. (C) Predictions from the classi�cation model are
illustrated in comparison to true sources. Each entry shows the number of samples predicted to be the
corresponding city (row) and originally from the corresponding source (column).

Figure 5

Source prediction of mystery samples originated from new cities using the species models. Latitude (A)
and longitude (B) predictions from the multivariate regression model on species abundance data are
plotted against the true geographic coordinates on the x-axis. Each data point represents a sample. The
dashed line shows where predictions would be exactly correct. (C) Predictions from the classi�cation
model are illustrated in comparison to true sources. Each entry shows the number of samples predicted
to be the corresponding city (row) and originally from the corresponding source (column). Cities within
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the same continent w.r.t. reference are boxed in blue. Squared errors for latitude and longitude from the
regression (D,E) and classi�cation (F,G) are shown in boxplots for each city.

Figure 6

Ambiguity in classi�cation prediction probabilities informs whether a sample is from a new origin. (A)
The distributions of Simpson index on the class prediction probabilities of each sample based on 10-fold
(red) and leave-one-city-out (blue) cross validation settings, which indicate the diversity pattern for
samples from pre-trained or new origins, respectively. (B) The receiver operating characteristics curve of
the Naïve Bayes model on predicting new-origin status using the Simpson index values computed
through a leave-one-out design. (C) Prediction of new-origin status on mystery samples from cities that
have not been pre-trained.
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