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Abstract

Metagenomic studies of human fecal samples
have used whole genome shotgun sequencing
and 16S ribosomal RNA (rRNA) sequencing
to characterize the composition of gut micro-
biota among geographically disparate popu-
lations, highlighting differences in the rela-
tive abundance of specific classes of microbes
associated with diet, cultural factors, and en-
vironmental exposure. In this project, we in-
vestigate supervised machine learning tech-
niques, trained on a subset of human gut mi-
crobiome sequencing data from three distinct
geographic regions, to develop a prediction
model that attempts to classify test samples
from the same populations based on their ge-
ographic origin. We show that differences
in the relative abundance of microbial pop-
ulations among the samples can be used to
construct multiclass prediction models that
differentiate among samples from three geo-
graphic populations with approximately 90%
accuracy.

As predicted, many of the learned parame-
ters of the classifiers reflect previously doc-
umented associations between human popu-
lations and dietary and geographic factors.
As reference samples for a wider range of
geographic regions become available, similar
classifiers could be used as forensics tools to
link people, animals, or objects together with
geographic locations, generating investigative
leads for law enforcement, or as a tool to
characterize migration patterns and the im-
pact of the environment on human commu-
nities.

1. Background

The large, diverse population of microbes within the
human gut has been associated with human metabolic
capabilities, resistance to pathogens, and gastroin-
testinal development (Backhed et al., 2005). Metage-
nomic studies of human fecal samples have used whole
genome shotgun sequencing and 16S ribosomal RNA
(rRNA) sequencing to characterize the composition of
gut microbiota among geographically disparate popu-
lations, highlighting differences in the relative abun-
dance of specific classes of microbes associated with
diet, cultural factors, and environmental exposure
(Qin et al., 2010; Yatsunenko et al., 2012).

As samples from a wider range of geographic locations
become available, supervised machine learning models
indicative of geographic patterns in the human gut mi-
crobiome can be used as forensics tools to link people,
animals, or objects together with geographic locations
(Gunn and Pitt, 2012), or as tools to characterize mi-
gration patterns and the impact of the environment on
human communities (Parks et al., 2013). Although the
ability of the human microbiome to change in response
to environmental conditions results in variability over
time, it is precisely because of this variability in re-
sponse to environmental factors that methods based
on microbiota can complement established DNA-based
forensic methods for identification; analysis of micro-
biome data may provide clues as to a person’s recent
whereabouts and interactions with other people and
objects and provide investigative leads for law enforce-
ment (Gunn and Pitt, 2012).

In this project, we use supervised machine learning
techniques, trained on a subset of human gut micro-
biome sequencing data from three distinct geographic
regions, to develop prediction models that attempt to
classify test samples from the same populations based
on their geographic origin. We hypothesized that dif-
ferences in the presence or relative abundance of mi-
crobial populations among the samples would inform
a model that could predict the geographic origin of
human microbiome samples drawn from these three
geographic regions, and that the resulting parameters
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would reflect findings from previous studies on the role
of particular classes of bacteria in human metabolism
across different dietary and geographic conditions.

2. Materials and Methods

2.1. Data Collection and Processing

Recent studies (Yatsunenko et al., 2012) have col-
lected and processed 16S rRNA sequence data from
fecal samples (one sample per individual) drawn from
528 individuals residing in the Amazonas region of
Venezuela, rural Malawian communities in Africa, and
inhabitants of US metropolitan areas, including St.
Louis, Philadelpha, and Boulder. The previously
collected dataset, hosted online in the MG-RAST
metagenomic analysis database (Meyer et al., 2008),
characterizes the taxonomic/phylogenetic composition
of microbiota in each sample using the sequence data
as taxonomic markers.

Initial data analysis and retrieval was performed using
the online MG-RAST analysis toolkit, which allows
abundance data to be computed at any available tax-
onomic level for samples in the collection. An index of
sample metadata and collections of abundance data at
the genus level for the 528 individuals/samples in the
study was downloaded from the MG-RAST repository.
Using the R programming language, data provided on
the abundance of each genus within each sample was
used to construct a set of features corresponding to the
relative abundance of each genus within each sample.
Hits within ”unclassified” or ”unassigned” categories,
representing a small portion of unknown genera iden-
tified in each sample, were excluded from the feature
set using regular expressions. The relative abundance
of a genus was calculated by dividing the number of
hits for the genus by the total hits for the sample. Af-
ter processing in this manner, the dataset included 959
potential features for each sample, with each feature
corresponding to the relative abundance of a microbial
genus detected in at least one of the samples.

2.2. Analysis Methods

This project explored four different supervised ma-
chine learning methods as candidate prediction mod-
els. Models for Naive Bayes and Support Vector Ma-
chine (SVM) classifiers were constructed using the
e1071 package in R (Meyer et al., 2012), logistic regres-
sion models were constructed with the generalized lin-
ear model (glm) function within R, and Bayesian logis-
tic regression models were constructed using the arm
package in R (Gelman et al., 2013). The cost parame-
ter and kernel selection for the multiclass SVM classi-

fier were optimized against the 10-fold cross-validation
error of the multiclass model (Figure 3); the final SVM
model was trained using a linear kernel and normalized
with cost factor C = 1, but radial, polynomial, and
sigmoid kernels were also evaluated during the opti-
mization process. The Naive Bayes model was trained
with Laplace smoothing (α = 1) enabled. Multiclass
SVM and Bayesian logistic regression classifiers were
constructed using the one-versus-one method, included
in the e1071 package SVM classifier and implemented
in R for the Bayesian logistic regression classifier.

2.3. Cross-Validation and Feature Subsets

To evaluate candidate machine learning algorithms
(Table 1 and Model Selection, below), samples cor-
responding to communities in Malawi were excluded
to permit binary classification between the US and
Venezuelan samples, and a randomly selected sample
consisting of 30% of the subset of samples was with-
held and used to determine the reported testing er-
ror. Of the 959 potential features for each sample,
subsets of smaller numbers of features were selected
beginning with features that had the largest average
relative abundance across the samples; thus the 20-
feature subset corresponded to the 20 features with
the largest average relative abundance.

Models selected for further investigation (Table 2
and Multiclass Model Optimization, below) incor-
porated data from all three regions (Malawi, US,
and Venezuela) and used 10-fold cross-validation for
reported accuracies; SVM cross-validation was per-
formed with the built-in functionality of e1071 pack-
age, and cross-validation for the Bayesian logistic re-
gression model was implemented in R using the cv-
Tools package for selection of cross-validation folds.

3. Results and Discussion

3.1. Model Selection

In our preliminary analysis, excluding samples corre-
sponding to Malawi left a training set of 290 samples
and a test set of 124 samples. With 959 potential
features and only 290 available training examples, the
feature set used in the model played a large role in the
observed accuracy of several of the models, so each
model was tested against feature sets consisting of 20,
60, 400, and 959 microbial genera (Table 1).

After initial comparison of the Naive Bayes, Logistic
GLM, and SVM models showed a significant dropoff in
performance of the Naive Bayes and logistic regression
models with more complex feature sets, most likely due
to high variance, the Bayesian logistic regression model
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Table 1. Initial Evaluation of Candidate Algorithms:
Classification accuracies for various models on the
US/Venezuela dataset are reported. Bayesian logistic re-
gression had the highest overall accuracy (94.4%) on the
holdout dataset. Logistic regression models marked with *
did not converge.

Feature Set Size: 20 60 400 959

Naive Bayes 85.4 91.1 89.5 35.5
Logistic GLM 91.9 88.7* 57.3* 48.4*
Bayesian Logistic 89.5 88.7 94.4 94.4
SVM-Linear 87.9 87.9 87.9 87.9

was added to explore whether a maximum a posteriori
(MAP) estimate model could incorporate more of the
information contained in the low-abundance features
without overfitting.

Figure 1. Learning curves for binary classifiers on the
US/Venezuela dataset using the full set of 959 candidate
features. The standard logistic regression and Naive Bayes
models showed a dropoff or lack of improvment in perfor-
mance with larger sample sizes, suggesting a high-variance
fit was preventing improvments in accuracy.

The relatively high accuracies observed for all four
models (with various feature set sizes) indicates accu-
rate binary classifiers for the geographic origin of sam-
ples drawn from the two regions can be constructed
based on 16S rRNA data. Plotting learning curves for
select models, accuracies continued to improve as the
sample size approached 150, suggesting that, in gen-
eral, geographic microbiome classifiers based on small
sample sizes may result in reduced accuracy (Figures 1
and 2). The strong performance of the Bayesian logis-
tic regression model suggests that MAP estimate mod-
els can provide improvements in accuracy by incorpo-
rating information from the lower-abundance features.

Figure 2. Learning curves for binary classifiers on the
Malawi/Venezuela dataset using the full set of 959 can-
didate features. Bayesian logistic and SVM classifiers per-
formed the best overall, with most of the imporovements
in accuracy occurring before the sample size reached 130.

3.2. Multiclass Model Optimization

The Bayesian logistic regression model was selected
for further investigation based on its high accuracy
and the potential for its weight parameters to be in-
terpreted with respect to known functional and geo-
graphic associations of specific bacterial genera (see
Functional Analysis, below); the SVM model was also
selected for further investigation for its short execution
time and potential to be used for larger, more complex
datasets in the future.

10-fold cross-validation accuracies for both the
Bayesian logistic regression and SVM classifiers are
given in Table 2. Lower accuracies were observed
for the Malawi/Venezuela binary classifier than for
the Malawi/US and US/Venezuela classifiers (Table
3), most likely due to greater similarities in the diets
of individuals in Malawi and Venezuela (Yatsunenko,
et al., 2012). With an accuracy of 88.8% using the
Bayesian logistic classifier and 90.3% using the lin-
ear SVM model, the results suggest that supervised
machine learning classifiers can discriminate between
the geographic origin of samples drawn from the three
regions with acceptable accuracy, although perfor-
mance is more modest when discriminating between
two groups with similar diets.

3.3. Functional Analysis

One potentially interesting outcome of constructing
prediction models with Bayesian logistic regression
is the ability to interpret the weight parameters in



Supervised Learning to Predict Geographic Origin of Human Metagenomic Samples

Figure 3. Kernel selection and cost parameter optimization
for the multiclass (Malawi/US/Venezuela) SVM classifier.
The linear SVM model showed high accuracy for all tested
values of the cost parameter.

Table 2. Final Results: 10-fold cross-validation accuracies
for binary models on pairwise subsets and multiclass mod-
els on the full Malawi/US/Venezuela dataset. The lowest
accuracies were observed for the Malawi/Venezuela subset,
most likely due to similar high-fiber, primarily vegetarian
diets.

Dataset Bayes Logistic SVM

Malawi/US 93.5 96.5
US/Venezuela 94.4 96.6
Malawi/Venezuela 84.5 87.3
Malawi/US/Venezuela 88.8 90.3

light of previous domain-specific observations about
the prevalence of microbial genera in different human
populations (Table 3). For example, gut microbiota
samples with high bacteroides abundance have been
linked to diets high in animal protein and saturated
fat, characteristic of US and other Western diets, while
samples with high prevotella abundance are associated
with diets high in carbohydrates, fiber, and simple sug-
ars (Wu et al., 2011).

The large weights of parameters associated with rose-
buria and butyrivibrio in the Malawi/Venezuela model
suggests that the model may be discriminating be-
tween the two populations using more subtle discrim-
inating factors than protein and saturated fat compo-
sition in the diet. Recent microbiome studies of urban
and rural communities in Russia identified roseburia as
a key discriminating factor among rural populations in
Tatarstan, Tyva, and Omsk, for instance (Tyakht et
al., 2013).

Table 3. Confusion matrix of classification errors for the
multiclass SVM model based on 10-fold cross validation
of the available dataset. Errors were most frequent when
differentiating between the Malawi and Venezuela samples.

Actual

Prediction Malawi US Venezuela

Malawi - 5 16
US 6 - 11
Venezuela 17 14 -

4. Conclusion

Genus-level abundance data from 16S rRNA sequenc-
ing of the geographically separated samples allows su-
pervised machine learning methods using Bayesian lo-
gistic regression and SVM to classify samples with 88-
90% accuracy. The results indicate that supervised
machine learning models that control for variance,
such as MAP estimate algorithms and SVMs, can
provide superior accuracy for microbiome geographic
classification tasks compared to maximum likelihood
methods, based on their ability to incorporate infor-
mation from a larger feature set without overfitting.

Several features of the models point to opportunities
for future improvements. First, the models are con-
strained by the availability of reference samples drawn
from people in geographic regions of interest. Al-
though geographically-labeled samples are only avail-
able for specific regions, several recent studies have
expanded the available set of collections by sharing
data on Korean (Nam et al., 2011), Russian (Tyakht et
al., 2013), and Chinese (Ling et al., 2013) individuals.
Future work could incorporate data from additional
geographic groupings as they become available.

Second, although classifiers with accuracies greater
than 88% can provide useful information on the pre-
sumptive geographic origin of microbiome samples,
higher accuracies may allow for a broader range of ap-
plications in scientific and forensic work. Since data
are available at multiple taxonomic levels, machine
learning algorithms that incorporate hierarchical data
structures, or application of this project’s algorithms
to more specific levels, such as the species or strain
level, may provide a source for greater accuracy when
classifying samples. Nevertheless, given the sensitivity
of the gut microbiome to changes in diet (Wu et al.,
2011) and some studies suggesting that the compo-
sition of the gut microbiome converges around three
different enterotypes, or clusters, independent of ge-
ography, age, and genetics (Arumugam et al., 2011),
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Table 4. Bayesian logistic regression weights associated
with select microbial genera in the US/Venezuela (US/V)
and Malawi/Venezuela (M/V) 959-feature binary classi-
fiers. Large positive parameters correspond to features
positively correlated with samples drawn from Venezuela,
while negative weight parameters correspond to features
positively correlated with samples drawn from the United
States (in the first column) and Malawi (in the second col-
umn). Association with a Western diet (W) or vegetatrian
diet (V) is based on (De Filippo, 2010); association with
rural areas (R) is based on (Tyakht et al., 2013).

Genus US/V M/V Association

Treponema 11.91 5.00 V
Lactobacillus 6.64 -0.32
Prevotella 6.13 -1.64 V,R
Megasphaera 2.76 0.58
Coptotermes 1.56 21.72
Escherichia -0.04 0.06
Faecalibacterium -0.05 1.46 R
Bifidobacterium -0.66 -0.67
Butyrivibrio -0.75 18.35 V
Eubacterium -1.12 5.77
Hespellia -1.34 11.72
Veillonella -2.19 -7.82
Bacteroides -2.77 1.26 W
Ruminococcus -2.85 4.56 R
Akkermansia -4.01 -3.55
Clostridium -4.33 -6.14
Blautia -4.86 3.65
Parabacteroides -8.69 28.75 W
Roseburia -10.30 -32.80 R
Alistipes -11.19 -9.03
Dialister -12.57 4.89

accuracies close to 100% may not be achievable.

Finally, although the variability of the human micro-
biome over time may represent a source of uncertainty
in some models, it is precisely because of this variabil-
ity that human gut microbiome classifiers may be use-
ful in characterizing the recent locations and interac-
tions of people. Some studies have explored the role of
abrupt changes in diet on the microbiome of individu-
als (Wu et al., 2011), and similar studies exploring the
role of geographic relocation, illness, or cohabitation
may provide other useful characterizations of activity.

In this project, we demonstrated the use of SVM and
MAP-based classifiers to differentiate the geographic
origin of human gut microbiome samples. Given the
approximately 88-90% accuracies provided by classi-
fiers in this project, an expanded set of such models
may be useful for providing presumptive indicators of
geographic origin in scientific and forensic studies.
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