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Mining whole genome sequence
data to efficiently attribute
individuals to source populations
Francisco J. Pérez‑Reche1*, Ovidiu Rotariu2, Bruno S. Lopes3, Ken J. Forbes3 &
Norval J. C. Strachan2
Whole genome sequence (WGS) data could transform our ability to attribute individuals to source
populations. However, methods that efficiently mine these data are yet to be developed. We present
a minimal multilocus distance (MMD) method which rapidly deals with these large data sets as well
as methods for optimally selecting loci. This was applied on WGS data to determine the source of
human campylobacteriosis, the geographical origin of diverse biological species including humans
and proteomic data to classify breast cancer tumours. The MMD method provides a highly accurate
attribution which is computationally efficient for extended genotypes. These methods are generic,
easy to implement for WGS and proteomic data and have wide application.
Attributing or assigning individuals to a source population is important within many disciplines including
ecology, anthropology, infectious diseases and forensics1,2. For instance, assignment tests have been applied to
identify the origin of individuals in ecosystems3–7, infectious diseases8–19, animals used for trade5 or the geographical origin of h
 umans20–22 or plants23. A common strategy to attribute individuals to populations consists
in comparing the genotype of the individual with the genetic profiles of defined source populations (e.g. the
infectious disease example depicted in Fig. 1). The genotype usually comprises a set of genetic markers selected
to highlight the differences between individuals (Fig. 1). For instance, highly variable genetic markers such as
microsatellites3–7 or genes8,11–19,24 and more recently single nucleotide polymorphisms (SNPs)25 have been used
for source attribution. The question is to decide which approach is most appropriate for the particular problem
in terms of computation time and assignment accuracy.
With the advent of next-generation sequencing technology, whole genome sequences are becoming available
across all the 6 kingdoms of life ranging in size from for example viruses (kBases) to humans (3.2 GBases)26–30.
In principle, this should enable discovery of large numbers of markers (e.g. SNPs) which have the potential to
achieve unprecedented source attribution accuracy31–36. The challenge lies in efficiently mining large data sets
for source attribution. Existing source attribution methods (e.g. STRUCTURE37,38 that has been widely applied
in population genetics) operate on relatively short genotypes consisting of a few to tens or hundreds of loci.
However, their computation time increases at least linearly with the number of loci and using extended genotypes (e.g. > 1,000 loci) is impractical. This is a particularly important drawback in situations where rapid source
attribution is crucial (e.g. for infectious diseases). Source attribution based on extended genotypes therefore
requires developing more efficient methods.
The limited effort to optimise source attribution algorithms to use extended genotypes contrasts with the effort
made to address another important challenge in population structure, namely the use of extended genotypes
to clustering individuals into groups. For instance, FRAPPE39, ADMIXTURE40, fastStructure41, fineStructure42,
sNMF43, snapclust44, principal components analysis (PCA)45 or Discriminant analysis of principal components
(DAPC)46 are well-known methods that can identify clusters using extended genotypes. In the language of
machine learning47, these programs use unsupervised learning algorithms to infer clusters in the data without
using any prior information about the characteristics of such clusters. Hence, such algorithms are not suitable
for source attribution which requires supervised learning algorithms to classify individuals to a set of predefined
sources whose characteristics are defined in terms of genotypes of known origin (i.e. in terms of a training set).
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Figure 1.  Source attribution. The general aim of source attribution (or assignment tests) is to determine the
probability pu,s that an individual of unknown origin, u, originates from a certain source, s. (a) Provides the set
of source populations considered in this study for Campylobacter: cattle, chicken, pigs, sheep and wild birds. The
genetic profile of a source population s is represented by the genotypes of a set of Is individuals sampled from the
source. Different symbols within sources schematically depict different genotypes. The genotype is determined
from a set of genetic markers (loci) that depend on the typing method. (b) Provides the probability ps that any
of the 500 human Campylobacter isolates are attributed to a source s. Results are shown for both MMD (solid
bars) and STRUCTURE (hatched bars) methods, based on 25,937 cgSNP genotypes. All the silhouettes are
recoloured versions of publicly available silhouettes: Cattle from https://pixabay.com/service/license/. Chicken,
pig and sheep by Karen Arnold under CC0 Public Domain license, https://creativecommons.org/publicdoma
in/zero/1.0/. Wild bird by Andreas Plank licensed under the Creative Commons Attribution-Share Alike 3.0
Unported, https://creativecommons.org/licenses/by-sa/3.0/deed.en. Humans by Mia Irawati, https://www.kindp
ng.com/imgv/xoRmR_30-people-silhouettes-clip-arts-people-silhouette-png/.
ADMIXTURE was originally proposed as a method for unsupervised model-based estimation of ancestry of
unrelated individuals40. This is the most widely used version of ADMIXTURE but, in fact, it was e xtended48 for
supervised learning in such a way that it can use prior knowledge on the population of origin of some individuals to infer the ancestry of other individuals. The supervised learning version of ADMIXTURE, however, was
not designed to estimate the probability that individuals were sampled from a certain source, i.e., it was not
designed to attribute individuals to sources but rather to infer their ancestry. In spite of that, one would expect
some relationship between ancestry and source of individuals and it makes sense to explore the capability of
ADMIXTURE as an attribution method (with applicability restricted to datasets consisting of SNP genotypes).
GLOBETROTTER, another package to infer the ancestry of individuals, also has potential as a method for source
attribution with extended SNP datasets49.
Besides developing efficient methods for source attribution, selection of loci with high discriminatory power
can also help deal with the computational challenge posed by extended genotypes. Several methods have been
proposed to rank markers according to their importance for source attribution based on the intuitive idea
that highly polymorphic markers should allow for higher genetic d
 ifferentiation50. This can be achieved by
measuring the importance of loci with diversity indices (e.g. expected heterozygosity, fixation index FST or
informativeness5,7,21,51,52). Other approaches propose focusing on the joint performance of sets of loci rather
than considering performance of loci i ndividually53–55. One would expect these approaches to be more appropriate than diversity-based methods when dealing with correlated markers (i.e. when linkage disequilibrium is
important56). However, they are computationally intensive and impractical to deal with extended genotypes and
do not always improve on diversity-based m
 ethods7.
Here, we address two of the challenges posed by extended genotypes for source attribution. First, we propose
a fast method for source attribution which can deal with genotypes comprising thousands of loci with minimal
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computational effort. Second, we propose the use of information theory57 for the optimal selection of markers from extended genotypes. We demonstrate this through several examples. The first is in the field of infectious diseases and involves Campylobacter, the largest cause of human bacterial gastroenteritis in the developed
world58,59. Here we attribute human cases to source reservoirs (e.g. chicken, cattle, sheep etc.). The second is in
the area of human evolution and involves attributing humans to 7 reference regions (e.g. Africa, Europe, etc.) or
53 populations (e.g. Bedouin, Maya, etc.)22,60,61. The third example studies attribution of the giant Californian sea
cucumber (Parastichopus californicus) to north/south subregions within the northeastern Pacific coastal region62.
In the fourth example, we assign breast cancer tumours to three different subtypes (ERPR, Her2 and TN)63. The
first three examples use genomic data and the breast cancer example uses proteomic data. The performance of
our method for source attribution is compared to the current state of the art method STRUCTURE37,38. For
extended human genotypes which are too computationally intensive for STRUCTURE, a comparison is made
with the supervised learning ADMIXTURE method48 by assuming that the probability of attribution to a source
can be identified using the ancestry coefficient corresponding to such a source.

Results

Source attribution with the MMD method. We propose the Minimal Multilocus Distance (MMD)

method to estimate the probability pu,s that an individual u is attributed to a population source s based on
the similarity between the genotype of the individual to be attributed and genotypes from the sources. The
similarity between pairs of genotypes is quantified by the Hamming distance which simply gives the number of
loci at which the genotypes differ64. The smaller the distance between genotypes, the larger the probability that
they originate from the same source (see Methods). To test the accuracy of the MMD method, we studied selfattribution, a cross-validation m
 ethod65,66 which consists in removing individuals from the source population
and estimating the probability that they are correctly attributed to their source based on the r emainder5,12,13,51
(Fig. 2). Within the context of machine learning, splitting the data into training and test sets is a general procedure to train and test the accuracy of classifiers47.
The source attribution results corresponding to a set of Iu individuals (e.g. Iu = 500 Campylobacter isolates
from humans) are summarised by the probability distribution ps that any of the individuals is attributed to source
s (see an example in Fig. 1b and more details in Methods). Self-attribution results are summarised by a similar
probability distribution, assuming that the individuals that were removed from a population represent a set of
Iu individuals of unknown origin (see Fig. 2). In the following, we describe the results obtained for the Campylobacter and human examples. Self-attribution results for P. californicus genotypes and breast cancer proteomic
data are described in Additional files 4 and 5, respectively.
Campylobacter. Self-attribution was carried out for isolates from food and animal sources by removing 50% of
the isolates for blind attribution (see Fig. 2a and Additional file 3: Table S6). Human clinical isolates are not considered for self-attribution since their source is unknown. The MMD method correctly assigned most isolates
(> 70%) from pig, chicken and wild bird based on 25,937 core genome SNP (cgSNP) genotypes. Self-attribution
of Campylobacter isolates from cattle and sheep is less precise (58% and 45%). Wrongly self-attributed cattle isolates are mostly assigned to sheep and chicken sources, whilst sheep isolates tend to be erroneously attributed to
cattle and chicken sources. When combining the self-attribution results across all source populations, an overall
attribution accuracy of 73% was obtained.
Source attribution was then carried out to predict the origin of the Campylobacter that resulted in human
infection. As shown in Fig. 1, MMD estimated that most cases (61%) were associated with chicken whilst wild
birds and pigs were relatively unimportant (< 8% for both sources). This is in line with a number of previous
source attribution studies for human c ampylobacteriosis11–19.
Human. MMD self-attribution accuracy, based on removal of 50% of individuals genotyped at 659,276 SNPs60,
was 100% accurate for all regions except for C/S Asia (90%) and Middle-East (91%). An overall self-attribution
accuracy of 97% was obtained in this case (see Fig. 2b and Additional file 3: Table S9).
Self-attribution based on 659,276 SNP genotypes was also studied at the level of the 53 populations available in the d
 ataset60. In this case, an overall self-attribution accuracy of 73% was obtained. More explicitly, selfattribution accuracy was > 64% for 38 populations (see Fig. 3). Accuracy was poor for several populations from
C/S Asia, E. Asia and Europe. For instance, individuals from the Uygur population (C/S Asia) were attributed to
three populations in East Asia: Oroqen (40%), Hezhen (40%) and Japanese (20%). The attribution of individuals from some populations in East Asia (e.g. Mongola, Xibo, Cambodian, Han-NChina) was spread over other
populations from East Asia. For the European region, individuals from French, Italian and Tuscan populations
were often attributed to other geographically close populations. For instance, 17% of French individuals were
correctly self-attributed, 39% were attributed to the Basque population, 17% to Orcadian, 13% to Sardinian, 10%
to Italian and 4% to Tuscan.

Comparison with structure and admixture. The MMD method was compared with the current state

of the art method STRUCTURE37,38 both in terms of attribution accuracy and computational speed. We used the
Campylobacter and human genotypes for the comparison. Assuming that each source corresponds to a genetically-distinct population, STRUCTURE uses Bayesian inference to estimate the source attribution probability
pu,s (see details on the implementation of STRUCTURE in Methods).

Campylobacter. Self-attribution tests for Campylobacter genotypes suggests that the probability of correct
assignment calculated with the MMD method is higher than that obtained with STRUCTURE for all the reservoirs (overall 73% for MMD and 57% for STRUCTURE, see Fig. 2a and Additional file 3: Table S6). Both MMD
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Figure 2.  Self-attribution to test the accuracy of the source attribution methods. Self-attribution is a cross-validation
strategy that involves removing individuals from the source populations and estimating the probability that they are
correctly attributed to their source based on the remainder. Here 50% are removed. The bar charts provide the probability
distribution ps for (a) Campylobacter (genotypes described by 25,938 cgSNPs) and (b) humans (659,276 SNPs)
comprising 5 and 7 source populations respectively. Bars in (a) show results obtained using the MMD method (solid bars)
and STRUCTURE (hatched bars). Bars in (b) results obtained using the MMD method (solid bars) and ADMIXTURE
(hatched bars). Perfect self-attribution would result in 100% assignment to the appropriate source population. The total
self-attribution accuracy when combining the results across all the source populations was, respectively, 73% and 56%
for MMD and STRUCTURE in the Campylobacter population example. For the human population example, it was 97%
and 71% for MMD and ADMIXTURE, respectively. All the silhouettes shown in (a) are recoloured versions of publicly
available silhouettes: Cattle from https://pixabay.com/service/license/. Chicken, pig and sheep by Karen Arnold under
CC0 Public Domain license, https://creativecommons.org/publicdomain/zero/1.0/. Wild bird by Andreas Plank licensed
under the Creative Commons Attribution-Share Alike 3.0 Unported, https://creativecommons.org/licenses/by-sa/3.0/
deed.en.
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Figure 3.  Self-attribution of humans to 53 sampling populations with MMD. Self-attribution for a given
population was performed by randomly removing 50% of the individuals from that population and then
attributing them to the populations characterized by the remaining individuals. (a) Probability of correct
self-attribution for individuals selected from each population. (b) Attribution probability pu,s of removed
individuals, u, to each of the populations, s. Darker colours correspond to higher probability, see the colour
legend. The horizontal axis gives the population from which individuals were sampled and the vertical axis gives
the inferred attribution probability to each population.

and STRUCTURE have poorer self-attribution accuracy for cattle and sheep; the largest difference between
MMD and STRUCTURE is observed for sheep isolates which are poorly attributed by STRUCTURE. In terms
of source attribution of human Campylobacter isolates, both methods gave similar results with chicken being the
most and pigs being the least important (Fig. 1b).
Human. A comparison of STRUCTURE and the MMD method based on extended 659,276 SNP human genotypes is not practical due to the long running time for STRUCTURE. In order to compare with STRUCTURE
for humans, we considered smaller genotypes comprising 645 microsatellites22 and 2,810 S NPs61. For the micro-
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satellite genotypes, MMD and STRUCTURE give similar overall self-attribution (87% compared with 84%, see
Additional file 2: Fig. S1 and Additional file 3: Table S7). Both MMD and STRUCTURE find it more difficult to
differentiate between the European and Middle Eastern populations (Additional file 2: Fig. S1), due to a proportion of individuals in the European region being classified as Middle Eastern and vice-versa. When using the
2,810 SNP data set, STRUCTURE performed better with an overall attribution of 91% compared with 79% for
MMD. The largest difference between MMD and STRUCTURE is observed for individuals from C/S Asia which
are poorly attributed by the MMD method (Additional file 2: Fig. S1 and Additional file 3: Table S8).
In order to compare the MMD method with existing methods for extended human genotypes comprising 659,276 SNPs, we performed supervised analyses of ancestry using ADMIXTURE48 (see Methods for a
more detailed description of ADMIXTURE implementation). The overall self-attribution accuracy achieved
with ADMIXTURE is quite high (90%) but it is lower than for MMD (97%), see Fig. 2b and Additional file 3:
Table S9. In fact, self-attribution based on ADMIXTURE is less accurate than that obtained with MMD for all
the regions. The largest differences between the self-attribution accuracy of the two methods were obtained for
European individuals (100% with MMD and 87% with ADMIXTURE). This is mainly due to a significant contribution of C/S Asia and Middle East to the ancestry of Adygei individuals (see Additional file 2: Fig. S3). The
self-attribution differences between the two methods are ≤ 10% for all regions except Europe. In particular, the
smallest difference was observed for individuals from C/S Asia (90% with MMD and 89% with ADMIXTURE).
In this case, MMD predicts a small probability of attribution to East Asia. ADMIXTURE predicts small probabilities of attribution to Middle East, Europe, East Asia and Africa (see Fig. 2b, Additional file 2: Fig. S3 and
Additional file 3: Table S9).
Our application of ADMIXTURE gives attribution accuracies below 90% for individuals from C/S Asia (89%
correctly attributed), Europe (87% correctly attributed) and Middle East (81%). For several of the individuals
selected from Europe, ADMIXTURE predicts a rather mixed ancestry from several regions other than Europe
(see Additional file 2: Fig. S3 and Additional file 3: Table S9). For instance, Middle Eastern ancestry is inferred
for some Italian, Sardinian, Tuscan and Adygei individuals. C/S Asian ancestry is predicted for Adygei, Russian
and French individuals. ADMIXTURE also predicts a significantly mixed ancestry for Middle East individuals.
In this case, C/S Asia and European ancestry is predicted for Druze, Palestinian and, to a lower extent, Bedouin
individuals. African ancestry is predicted for all Mozabite and some Bedouin and Palestinian individuals.
Computational time. The computational time for MMD is much shorter than STRUCTURE. Figure 4c shows
a comparison of runtimes for self-attribution of Campylobacter isolates as a function of the number of SNP loci
describing the genotypes. The MMD is between 100 and 105 times faster than STRUCTURE for every run from
1 to ∼ 2 × 104 SNPs. Since the running time of MMD increases slowly with the number of loci compared to that
of STRUCTURE, the efficiency of MMD improves relative to that of STRUCTURE for extended genotypes. For
instance, STRUCTURE takes ∼ 40 h to assign a 25,937 cgSNP genotype whereas MMD completes the task in
∼ 0.57 s (MMD implementation in R67, Processor: Intel Core i7-3770 3.40 GHz).
The MMD method is around twice as fast as ADMIXTURE when considering the 659,276 SNP dataset. More
explicitly, MMD takes ∼ 15 s to assign an individual whereas ADMIXTURE takes ∼ 38 s to infer the ancestry of
one individual (times based on an Intel Core i7-3770 3.40 GHz processor for both algorithms).
For a given number of loci, the running time of MMD for attribution of a Campylobacter isolate is systematically smaller than the running time for attribution of a human individual from the 659,276 SNP dataset (see
Fig. 4c). This is mostly due to the longer initial start-up time needed to deal with the human dataset which is
significantly longer than that of Campylobacter. The running time remains essentially constant for runs with less
than 105 loci since the start-up time dominates over the MMD algorithm computational time which increases
with the Hamming distance itself, not the number of loci (see Methods).

Selecting informative markers for source attribution. In general, one would expect that the assign-

ment power of a set of n markers will be subject to the following two conditions: (C1) Markers should allow
us to capture the genetic differences between sources, i.e. the allele distribution of selected loci should significantly differ between sources. (C2) The n markers should contain complementary genetic information relevant
to the source attribution process and ideally no redundant information. For example, the discriminatory power
achieved with a set of markers will not increase significantly if a marker is added which brings redundant information compared to those that were already selected. Information theory offers a natural framework to account
for allele diversity (relevant to C1) and loci redundancy (relevant to C2). Within this framework, allele diversity
was quantified by the Shannon entropy and loci redundancy by the mutual information between pairs of loci
(see Methods).
Inspired by these conditions, we propose three strategies to build sets of markers with high assignment power.
Strategy S1 ranks loci in order of decreasing allele diversity within sources. Strategy S2 ranks loci in order of
decreasing allele diversity between sources. Strategy S3 uses a greedy p
 rocedure54 that rearranges the loci obtained
with S1 and S2 to reduce the redundancy. More explicitly, the list of selected loci in S3 is built by adding loci one
by one making sure that the locus selected at the nth step brings the smallest possible redundancy compared
to the n − 1 previously selected loci. See the Methods section for an explicit definition of the redundancy Rn of
the nth locus. Due to its greedy nature, strategy S3 is computationally more demanding than S1 and S2 and was
applied to a limited number of loci to fine tune the selection of S1 or S2 (we only present the results of applying
S3 to reorder the ranking given by the better performing strategy S1 or S2). The self-attribution performance of
the three strategies as well as random selection of loci is illustrated in Fig. 4a for Campylobacter. As the number
of selected SNPs increases, all of the targeted strategies (S1–S3) saturated more quickly than random selection.
The strategy that requires the fewest SNPs (approximately 10) to obtain optimal self-attribution is S1.
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Figure 4.  Selection of markers and computational times. (a) Total self-attribution probability psa that any
Campylobacter isolate from food reservoirs is correctly attributed to its source. The probability is plotted as
a function of the number of cgSNPs selected at random and with strategies S1 (loci ranked in decreasing
within-source diversity), S2 (loci ranked in decreasing between-source diversity) and S3 (reordering the loci
ranking corresponding to S1 to reduce loci redundancy). (b) Similar representation for the total self-attribution
probability of human individuals based on 659,276 SNPs. Strategy S3 reorders the loci ranking corresponding
to S2 to reduce redundancy. (c) Squares and pentagons show the computational time required for MMD and
STRUCTURE, respectively, to assign a Campylobacter genotype with number of cgSNPs ranging between 1 and
25,937. Triangles show the time required for MMD to assign a human genotype with number of SNPs ranging
between 1 to 659,276.

This is repeated for the human population examples. For the human 659,276 SNPs dataset, S2 does better
than S1 for small numbers of loci but the difference becomes undistinguishable for n > 100 SNPs (see Fig. 4b).
Strategy S3 brings some improvement over S2 for selections of n < 10 loci but does worse when selecting more
loci. All tested strategies lead to saturation of the self-attribution accuracy when ∼ 104 SNPs are selected. For
the microsatellite data set, strategy S2 also does better than S1 and strategy S3 does not improve on S2. Irrespective of the loci selection strategy, no sign of saturation of the total self-attribution is observed for the available
loci (Additional file 2: Fig. S4). For the human 2,810 SNP genotypes, S2 does significantly better than S1 and S3
fractionally improves on S2 for selections of less than ∼ 10 loci (Additional file 2: Fig. S5). However, the fraction
of correctly self-attributed individuals increases slowly with the number of selected loci and using S3 does not
represent a real advantage.

Discussion

The source attribution problems studied here belong to a wider class of population structure challenges that
also include classifying individuals in clusters of common features without assuming the population structure a
priori. Significant effort has been made to optimise clustering algorithms to address the later c hallenge39–46,48,68.
In contrast, optimisation of source attribution algorithms to use extended genotypes has received limited attention. The MMD method proposed here aims at filling this crucial gap.
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Self-attribution tests were used to estimate the source attribution accuracy of MMD, STRUCTURE and supervised ADMIXTURE. This type of test is widely used to test the accuracy of supervised classifiers47 using data from
known sources. The ultimate aim of source attribution, however, is to determine the source of individuals whose
origin is genuinely unknown. This is the case for human Campylobacter isolates that we attributed to animal
sources using MMD and STRUCTURE. The fact that the self-attribution accuracy of both MMD and STRUCTU
RE is reasonably high gives confidence on the accuracy of source attribution of human isolates. In addition to
source attribution, in the future it would be interesting to test the accuracy of these methods for source attribution of human Campylobacter isolates from outbreaks with known source. Genomic data from Campylobacter
outbreaks is, however, limited and this might prevent a detailed analysis at the moment.
The self-attribution accuracy of the MMD method is better than that of STRUCTURE for the Campylobacter
example using SNPs (73% vs. 57%), approximately the same for the human origin from 7 geographical regions
using microsatellites (87% v 84%) and slightly poorer than the human origin example using 2,810 SNPs (79% vs.
91%). These results indicate its potential as an alternative to STRUCTURE. The MMD self-attribution accuracy
of humans to 7 geographical regions increased to 97% when using 659,276 SNPs. This is better than the 90%
self-attribution accuracy achieved by using the ancestry inferred by ADMIXTURE for the same dataset. A comparison with STRUCTURE was impractical for this dataset. The MMD method also gave a high self-attribution
accuracy (73%) when using 659,276 SNPs to assign humans to 53 populations.
Self-attribution of Campylobacter isolates from cattle and sheep reservoirs is poor compared to other reservoirs for both MMD and STRUCTURE methods. Similar trends have been reported in previous studies on
Campylobacter self-attribution (see, e.g.8). This is likely due to the similarity of niche in cattle and sheep as both
are ruminants. Also, geographical proximity offers frequent opportunities of transmission between the populations and this would explain the high genetic proximity between Campylobacter isolates from the cattle and sheep
reservoirs (see Additional file 3: Table S1 where the allele-frequency d
 ivergence69 has been used as a measure of
the genetic differentiation between sources).
Self-attribution of humans to 7 geographical regions based on microsatellites yielded lower accuracy for the
European and Middle Eastern populations. This can be again explained in terms of the proximity of these regions,
both geographically and genetically (see Additional file 3: Table S2 a nd22). The Central/South Asian population
is also genetically close to the European and Middle Eastern populations but both the MMD and STRUCTURE
methods provided a reasonably accurate self-attribution for individuals from C/S Asia. The human 2,810 SNP
genotypes data set predicts a similar pattern for the allele-frequency divergence between populations (Additional file 3: Table S3); Europe, Middle East and C/S Asia are the genetically closest populations. Self-attribution
of C/S Asian individuals based on the MMD method is, however, poorer for the 2,810 SNP data set than for
microsatellites (compare Additional file 2: Figs. S1 and S2). Self-attribution accuracy increased when using the
659,276 SNP dataset. In this case, self-attribution was very accurate (> 90%) for all 7 regions with only a 10%
chance that individuals from C/S Asia and Middle East are wrongly attributed. This can again be ascribed to the
relatively high genetic and geographical proximity between individuals from these regions (see Additional file 3:
Table S4). Self-attribution of humans to 53 populations using the 659,276 SNP dataset was highly accurate for
most populations (overall accuracy of 73%). Populations that were poorly self-attributed are again genetically
and geographically close to those populations to which they were wrongly attributed.
The self-attribution accuracy achieved for P. californicus with the MMD method is, within statistical error,
comparable to that obtained in Ref.62 (see Additional file 4). The self-attribution accuracy of breast cancer
tumours is relatively low (63% overall correct self-attribution, see Additional file 5). The fact that wrongly attributed samples are evenly attributed to the two wrong subtypes is likely due to the similarity between subtypes
(see Additional file 3: Table S5). Our hypothesis is that the self-attribution accuracy could significantly improve
by extending the dataset with more samples to describe the subtypes.
The fact that the MMD method uses the Hamming distance between genotypes contrasts with many other
assignment methods that rely on allele frequencies3,5,14,15,19,37,38,50,51,70–73. This includes a range of methods that
use frequency-based genetic distances that differ from the Hamming distance51,74. Using the Hamming distance
makes the MMD method intrinsically faster than frequency-based methods. Indeed, the runtime complexity of
frequency-based methods increases linearly with the number of loci in the multilocus genotypes. In contrast, the
computational complexity of the MMD method increases with the Hamming distance (see Methods). Since the
Hamming distance is typically smaller than the number of loci (see some examples in Additional file 2: Fig. S13),
this represents a significant speed improvement.
Frequency-based assignment methods (including those using genetic distances) traditionally quantify the
similarity between the individuals and sources in terms of a scalar quantity (e.g. a genetic distance or the value
of a likelihood function, see Methods). In contrast, the MMD describes the similarity between individuals and
sources in terms of the probability distribution of the distance (more explicitly, it uses the cumulative distribution
function Fu,s () of the Hamming distance, as described in the Methods). Measures of similarity used in traditional methods could be regarded as summary statistics of the distribution function. For instance, for unlinked
loci, the likelihood function used by some frequency-based m
 ethods3,37,51,70,74,75 corresponds to the probability
that the Hamming distance between an individual and a source is zero (see Additional file 6). In general, the
distance probability distribution gives a more complete description of the similarity between individuals and
sources than specific characteristics of the distribution. The Campylobacter dataset is an interesting example in
which using the whole distribution is convenient since it is often bimodal and a description in terms of a single
statistical measure might not be appropriate (see Additional file 2: Fig. S13).
The MMD method assumes that the genetic profile of populations is defined by the genotypes of the individuals sampled from each source. In this respect, it is similar to some distance and frequency-based methods
that determine the allele frequencies straight from the observed genotypes3,15,50,51,72–74. The frequency-based
methods show a certain arbitrariness when an allele is present in the individual to be assigned but it was not
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observed in any of the sources. In order to make sure that the individual is assigned to a source, some methods
set the frequency of the missing allele in the sources to a small value76 or to a value given by the inverse of a beta
distribution25. In the MMD method, a missing allele will simply contribute one unit to the Hamming distance
between the individual and all sources. The MMD method implicitly assumes that those alleles that are missing
in all sources do not bring any relevant information for source attribution.
Strictly speaking, the allele probabilities of a population cannot be fully determined from the observed allele
frequencies in a sample (i.e. the sample will typically not cover the whole population and observed allele frequencies only give an approximate representation of the genetic profile of the population). To circumvent this
problem, several frequency-based assignment methods use Bayesian approaches to model the allele probability
distributions of the populations5,14,19,37,38,51,70,71. It has been reported that source attribution based on Bayesian
methods often outperforms plain frequency-based m
 ethods51. Extending the MMD method by using Bayesian
methods to infer genotypes within sources is a possibility that could be explored in the future. However, since
we are now immersed in the big data era, to take advantage of this it is likely that a better strategy to ensure high
assignment accuracy can be achieved exploiting non-Bayesian techniques such as the MMD method.
The largest differences between MMD and STRUCTURE self-attribution results were observed for sheep Campylobacter isolates (STRUCTURE does poorly, see Fig. 2(a)) and humans from C/S Asia based on 2,810 SNPs (MMD
does poorly, see Fig. S2). We hypothesise that these differences could be associated with two factors. On the one hand,
STRUCTURE uses sophisticated methods to infer the allele probabilities of sources. In principle, such probabilities
could give a more precise characterisation of sources than those used in the MMD method which is just based on
observed genotypes. On the other hand, even small errors in the estimate of the allele probabilities for STRUCTURE
lead to an attribution error that increases faster with the number of loci than that of the MMD method (according
to our arguments in Additional file 6, this is expected for any method using a likelihood function to measure the
similarity between individuals and sources3,5,14,15,19,37,38,48,51,70–74). Based on these considerations, one would expect
a lower accuracy for the MMD method when using genotypes with a relatively small number of loci (e.g. for our
2,810 human SNPs example). In contrast, for extended genotypes, the error of the likelihood function used by STRU
CTURE can become large and this may result in a poor attribution accuracy compared to that of the MMD method.
ADMIXTURE also uses a likelihood function to estimate the ancestry and allele frequencies and this might
explain its lower self-attribution accuracy compared to MMD for the human 659,276 SNP dataset. In spite of
that, ADMIXTURE gave a rather accurate self-attribution for this dataset and deviations from a perfect selfattribution can be explained in terms of geographic and genetic proximity between regions (e.g. the probabilities
for attribution of European individuals to C/S Asia and Middle East).
In general, the performance of any method might depend on specific details of data sets (e.g. distribution
of populations within the genotype space and the level of intermixing). Identifying the specificities of data sets
that would favour one source attribution method over another in terms of accuracy can be achieved on a case
by case basis employing training datasets as we have done here for self-attribution. However, this might require
laborious analysis of genotypes to find specific features.
A central assumption of assignment methods is that the set of sampled sources includes the true population of
the individual to be assigned. Accordingly, individuals are assigned to at least one source even if there is a big difference between the individual and all sources. The MMD method is not different in this respect. In order to assess
the likelihood that the true population of origin of an individual has been sampled, one should use an exclusion
test51. We applied the threshold exclusion method proposed in Ref.5 for STRUCTURE to the MMD attribution for
human genotypes with 659,276 SNPs and Campylobacter genotypes with 25,937 SNPs (see Additional file 7). The
method only assigns an individual to a source if the attribution probability pu,s is above a threshold T. We found
low exclusion rates for regions in the human dataset but exclusion was significant for the Campylobacter example
even for self-attribution tests in which sources were definitely sampled. To understand the high exclusion rate for
Campylobacter isolates, one should bear in mind that exclusion based on the threshold method does not necessarily imply that the source of the individual to be assigned has not been sampled. Instead, it might be a signature of a
low genetic differentiation between sources. Consider, for instance, two genetically similar sources. The probability
that an individual from one of the sources is attributed to any of the two sources will be around 1/2. Despite the fact
that the source of the individual was definitely sampled, a threshold method will exclude both sources unless the
threshold is very low (i.e. T < 1/2). When sources are not completely different to each other, it makes sense to assign
individuals to several sources with certain probability rather than excluding sources with low assignment probability.
For instance, the probabilistic assignment to several sources done by the MMD method should be the best way to
capture the uncertainty in inference of source of infections (e.g. when investigating the source of campylobacteriosis).
In contrast, assignment to a single source may be required in other applications such as parentage a ssignment77.
The optimal strategy for selecting loci for humans using either SNPs or microsatellites is S2 (targeting loci
with high between-sources allele diversity) while for Campylobacter using cgSNPs is S1 (high within-source
allele diversity). This difference is due to features within each of the datasets. Based on condition C1 given
above that requires high allele diversity between sources, one would naively expect a more accurate attribution
when loci with high between-source diversity are targeted (i.e. when using strategy S2). This is indeed the case
for source attribution of humans. In contrast, strategy S1 performs marginally better for source attribution
of Campylobacter isolates. In fact, loci with high within-source diversity in Campylobacter genotypes also
have high between-source diversity (see Additional file 2: Fig. S6) and are less redundant than those with high
between-source diversity (Additional file 2: Fig. S7). For this data set, a high diversity within sources combined
with high diversity between sources seems to be a key factor for source attribution. This suggests that a high
between-source diversity is necessary in general to distinguish different sources but it is not sufficient to ensure
a high-quality source attribution. Based on this and given the formal similarity of the entropy between sources
and informativeness21 explained in Methods, our results suggest that targeting loci with high informativeness
(similar to S2) will not always be optimal compared to S1.
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Strategy S3 (reordering loci targeted by strategies S1 and S2) did not bring a significant improvement on S1 or
S2 for any of the examples considered here. This suggests that the redundancy of the loci targeted with strategies
S1 and S2 does not play an important role in source attribution for these examples. We expect that the relative
performance of S3 compared to S1 and S2 will depend on the data set. For instance, S3 could improve on S1
and S2 for data sets with high linkage disequilibrium. For cases in which linkage disequilibrium plays a crucial
role, one could devise selection strategies with lower computational complexity than strategy S3. For instance,
one could filter out one of the two loci in a pair when such a pair is in high linkage d
 isequilibrium77. Strategies
focusing on pairs of loci (e.g.77) should be computationally faster to apply than S3 but they are expected to be
less accurate than S3 in datasets with high linkage disequilibrium.
For Campylobacter isolates, we have shown that it is sufficient to use the 10 cgSNPs with the highest withinsource entropy to achieve a self-attribution accuracy of ∼ 70% that is comparable to that obtained with 25,937
cgSNPs (Fig. 4(a)). In contrast, a much slower increase of the self-attribution accuracy was observed for the
human data sets (based on the 659,276 SNPs dataset, one needs more than 1,000 SNPs for the attribution accuracy
to saturate). The reason for the slow increase is unclear. It appears there is a lack of loci with high discriminatory power in the human data sets. In fact, loci with high between-source diversity are scarce compared to the
Campylobacter dataset even in the 659,276 SNPs dataset (compare panels (a) and (b) in Additional file 2: Fig. S6).
This difference between human and Campylobacter genotypes might be because human SNPs are inherently less
diverse than Campylobacter SNPs. Another possibility is that 659,276 human SNPs represent a small fraction of
the human genome (3.2 GBases) that is perhaps not representative enough in terms of loci diversity (compared
to 25,937 cgSNPs which is a larger fraction of the Campylobacter genome consisting of 1.8 Mbases). In any case,
using 659,276 SNPs is sufficient to achieve highly accurate attribution for humans with the MMD method.
The increase of the self-attribution accuracy with the number of selected loci is also slower for the P. californicus and breast cancer examples compared to the Campylobacter example (see Additional files 4 and 5). For
P. californicus, this can be explained by the extremely low between-source diversity of SNPs (Additional file 2:
Fig. S6(c)). Due to this, individual SNPs do not efficiently distinguish between the north and south regions in
this case even if there is a relatively high within-source diversity (i.e. condition C1 for accurate source attribution is not well satisfied). An accurate distinction between individuals from the north and south regions can
only be achieved by combining ∼ 100 SNPs; the particular strategy used to select these SNPs does not seem to
play a crucial role. Loci diversity is also limited in the breast-cancer proteotypes but the fraction of loci with
high between-source diversity is promising. Including more samples in the dataset could potentially enhance
the loci diversity in such a way that high attribution accuracy could be achieved by targeting few informative
loci. Irrespective of this, it is interesting that even with a limited number of samples, the MMD method already
achieves a relatively high self-attribution accuracy using ∼ 500 proteomic loci.
The genetic profile of individuals and sources can be represented with a wide range of genetic markers including microsatellites, gene-based markers or SNPs78. Data consisting of genotypes which contain large enough sets
of highly polymorphic markers will typically offer high discriminatory power. Following this, one can achieve
similar attribution accuracies using relatively short multilocus genotypes containing highly polymorphic markers
(e.g. microsatellites) or extended genotypes containing less diverse markers (e.g. SNPs). With the current genomic
technologies it is becoming increasingly feasible to obtain large sets of SNPs from genomes of many individuals. Combining extended SNP genotypes and fast methods for source attribution such as the MMD provides a
significant opportunity for the future of source attribution approaches. Similar arguments apply to other OMIC
datasets which are becoming increasingly available, as illustrated in our cancer example.

Conclusions

The MMD method is very fast, easy to use, suitable for a range of types of loci (e.g. SNP, cgMLST, microsatellite, proteomics loci, etc.) and provides similar assignment accuracies to other methods. The best method for
determining the minimum set of loci for optimal attribution varies between datasets. It is therefore prudent to
employ a number of methods on each dataset to decide which set of loci are optimal. Some of the locus selection
methods can be very computationally intensive (greedy strategies such as S3) and may not be practical to be used
in conjunction with current attribution methodologies which are relatively slow. In contrast, the performance of
different locus selection strategies can be tested relatively fast with the MMD method. The methods described
in this paper are relevant for multiple applications in the life sciences and although they have only been applied
to DNA- and proteomics-based methods here, could potentially also be used on other OMIC datasets (e.g.
metabolomics) to characterise populations.

Methods

Campylobacter infectious disease example. Whole genome sequenced Campylobacter isolates comprising 500 clinical isolates from human patients and 673 isolates from five food and animal sources were
obtained : cattle (150), chicken (150), pig (130), sheep (150) and wild bird (93) (Suppl data file S1). PanSeq79 was
used to construct a non-redundant pan-genome from all of the 1,173 genomes, using a seed genome and identifying regions of ≥ 1,000 base pairs (bp) not found in the seed, but present in any other genome at 87% sequence
identity cut-off. Loci present in all genomes underwent multiple sequence alignment and were concatenated.
This aligned sequence was used to identify SNPs (n = 25,937 in the core genome of all isolates, see more details
in Additional file 1: Suppl data file S1).
Human evolution example.

Assignment of human individuals was illustrated for three data sets with
individuals from 7 different geographic regions of the world. The first dataset comprised 5,795 human individuals from 7 different regions (Africa, America, Central/South Asia, East Asia, Europe, Middle East and Oceania).
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The genotype of each individual was described by 645 microsatellite m
 arkers22 (Additional file 1: Suppl data
file S2). The second dataset comprised 1,107 Individuals from the same 7 regions of the microsatellite data set
and their genotypes were described by 2,810 S NPs61 (Additional file 1: Suppl data file S3). The third dataset
comprised 938 humans from the same geographic regions available from the Human Genome Diversity Panel
(HGDP). The genotype of each individual was described by 659,276 S NPs60 (Additional file 1: Suppl data file S4).

Attribution methodology. The aim of source attribution is to estimate the probability pu,s that an individual of unknown origin, u, originates from a source s from a set S of sources. For haploid genotypes, the
unknown individual is characterised by a set of L loci, u = {ul }Ll=1. Here, ul denotes the allele of the individual
u at locus l. The set of possible values taken by the alleles is denoted as A. The genetic information of a source
s is represented by Is multilocus genotypes; the genotype of an individual i in the source s is characterised by a
set of L loci, ai,s = {ai,s,l }Ll=1. Methods will be described for haploid genotypes but they can be readily extended
to diploid genotypes or descriptions of individuals in terms of feature vectors of any kind. In the diploid case,
genotypes are characterised by a sequence of L loci, each with two alleles: ai,s = {(ai,s,l1 , ai,s,l2 )}. This information
can be encoded as a feature vector consisting of 2L elements which can be readily used by the MMD method.
Alternatively, one can encode the information into a vector of L elements by replacing pairs (ai,s,l1 , ai,s,l2 ) by a
single value, as described in Additional file 1: Suppl file S3 for the 65,533 SNP human genotypes. A method to
extract a feature vector from proteomic data is described in Additional file 5.
The source attribution probabilities are summarised by the distribution probability ps that a randomly chosen
individual from a set of Iu isolates of unknown origin (e.g. Iu = 500 Campylobacter isolates in Fig. 1) is attributed
to the source s on average. We assume that ps has an inherent uncertainty associated with the fact that the set
of Iu assigned genotypes is a sample of a larger population of genotypes. In order to estimate the uncertainty of
u
 ootstrapping80,81 based on the source probabilities {pu,s }Iu=1
for
ps , we estimate its probability distribution by b
the Iu assigned genotypes. For a given source, s, bootstrapping was implemented as follows: (i) draw a random
u
sample with replacement of Iu elements from the set {pu,s }Iu=1
. (ii) Calculate the sample mean, p̄s , of the selected
values of pu,s . (iii) Repeat steps (i) and (ii) nb times (nb = 104 in our calculations). This results in nb values of p̄s
that define our estimate for the distribution of ps . The error bars in Figs. 1, 2, S1 and S2 correspond to 2.5th and
97.5th percentiles of the ps distribution.
A Monte-Carlo cross-validation s trategy65,66 was used for self-attribution. More explicitly, Iu individuals were
randomly removed from each source population (testing or validation set) and they were attributed to the sources
described by the remaining genotypes (learning or training set). The origing of the removed Iu individuals is
assumed to be unknown and the probability ps that any of them is attributed to source s (see Figs. 2, S1 and S2)
is calculated by bootstrapping, as explained above for source attribution. The self-attribution accuracy is summarised in Fig. 4a, b in terms of the total self-attribution probability psa defined as the mean over sources of the
probability ps that individuals from each source are attributed to their source. The confidence interval of psa is
estimated by the mean over sources of the 2.5th and 97.5th percentiles of the correct self-attribution probability
ps for each source.
For the Campylobacter and humans examples, 50% of the samples were removed from the source to be tested
for self-attribution (i.e. Iu = Is /2). Details on the self-attribution analysis for P. californicus and breast cancer
samples are given in Additional files 4 and 5, respectively.
The MMD method. The MMD method uses the multilocus genotypes u and ai,s to determine the probability
pu,s as follows:
Calculate the Hamming d
 istance64, dH (u, ai,s ), between the genotype of unknown origin and genotypes
i in source s.
(ii) Obtain a score σu,s which quantifies the proximity of u to source s. The calculation of σu,s is based on the
cumulative distribution function Fu,s () that gives the probability that the Hamming distance between
u and any genotype of source s is smaller than  (see Additional file 2: Fig. S8). The proximity between u
and each of the sources s is measured by the q-quantile u,s (q) corresponding to the distribution Fu,s ().
For a given probability q, the closest source to u is the one with the smallest value of u,s (q):
(i)

min = min{u,s (q)}.
s

(1)

Once min has been obtained, the score is calculated as σu,s = Fu,s (min ), i.e. it is the probability that the
Hamming distance of u to any source s is min or smaller. This ensures that sources with high probability
to be close to u are given a high score (see a graphical representation of the procedure in Additional
file 2: Fig. S8).

(iii) Estimate the probability that u is attributed to source s as pu,s = σu,s / s′ ∈S σu,s′. Note that an individual
u is necessarily attributed to at least one source by the methodology.
The Hamming distance can be calculated in times proportional to the Hamming distance itself82. Accordingly,
the time complexity for attribution of an individual with MMD is O(dmax ITot ), where dmax is the maximum
Hamming
 distance between the genotype of unknown origin and the genotypes used to describe sources and
ITot = s∈S Is is the total number of genotypes used to describe sources.
The probability q is a parameter of the model. In self-attribution tests, the optimal value of this probability
was obtained for each source s as the value q∗ that maximises the probability ps that individuals are correctly
attributed to their source (in some cases, q∗ can be defined as an interval of q where the maximum self-attribution
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probability is observed). Results of the correct self-attribution probability as a function of q are shown in Additional file 2: Figs. S9–S11. The optimal value/interval q∗ depends on the particular set of individuals set as
unknown for self-attribution but it is relatively small in all the examples studied here (in most cases, q∗ < 0.1).
This makes sense since one would expect that large differences in σu,s for different sources would be mainly
dictated by few genotypes that are closer to the individual u in its source. In particular, setting q = 0 defines an
extreme version of our algorithm with min = mini,s {dH (u, ai,s )}. In this case, the score σu,s is the proportion of
genotypes in source s that are a distance dmin from the individual to be assigned, u . We checked that self-attribution accuracy is already high when we set q = 0 in our examples. In general, however, σu,s obeys the extremal
value statistics of the Hamming distance for q = 0 and might not be reliable enough if the number of genotypes,
Is , used to describe each source, s, is not large enough. When Is is not large enough and extended genotypes are
used, individuals of unknown origin tend to be attributed to a single source s with probability pu,s = 1 (i.e. the
condition dH (u, ai,s ) = dmin is only satisfied for one genotype).
For source attribution, q cannot be obtained through optimisation since the actual origin of individuals to be
attributed is genuinely unknown. In this respect, it can be useful to do self-attribution with genotypes from source
populations to estimate a suitable value of q. For instance, the source attribution results for human Campylobacter
isolates shown in Fig. 1(b) correspond to q = 0.05 which is the mean of the optimal self-attribution values, q∗,
weighted by the number of isolates in each source (see Additional file 2: Fig. S9). In fact, source attribution is
not very sensitive to the specific value of q, provided it is within the range in which self-attribution probability is
high. Compare, for instance, the results for q = 0 illustrated in Additional file 2: Fig. S12 with those for q = 0.05
in Fig. 1b.
The STRUCTURE method. STRUCTURE is a Bayesian clustering model proposed to infer population structure and assign individuals to populations. Following previous works8,11–13,83, STRUCTURE was used to estimate
pu,s by setting the number of clusters to be equal to the number of sources (e.g. K = 5 for the Campylobacter
example or K = 7 for the humans attribution example). The population structure of the sources was assumed
to be known (i.e. we set USEPOPINFO=1 and POPFLAG=1 for the source isolates). In contrast, the population
structure of the Iu isolates to be attributed was set as unknown with POPFLAG=0. The results presented are
based on runs of 104 MCMC steps following a burn-in period of 104 iterations. The statistics of ps were obtained
from pu,s as explained above for the MMD method.
The ADMIXTURE method. ADMIXTURE uses multilocus genotype data for efficient estimation of ancestry of
unrelated individuals40. ADMIXTURE infers the ancestry of individuals in terms of the admixture proportion
hu,s of the genome of individual u that originated from population s. In the supervised version of ADMIXTURE48,
the ancestry of reference populations is determined by the genotypes of the individuals in the training set (i.e. all
individuals except the Iu individuals selected for the validation set). The admixture proportion hu,s for individuals in the validation set quantifies the proportion of their genotype originating from the reference population s.
This can be regarded as a measure of genetic proximity between the individual u and population s, formally similar to the attribution probability pu,s estimated by the MMD method. Following this, our application of ADMIXTURE for source attribution uses a supervised analysis and assumes that the attribution probability is pu,s = hu,s.

Information theory: loci diversity and redundancy. We quantify the allele diversity in terms of the Shan-

non entropy, a measure of the information (in bits) necessary to describe the uncertainty of random variables57.
The Shannon entropy is increasingly used as a diversity index in ecology84,85 and population genetics86–88. In our
application, the random variables are the alleles found in the genotypes of sources ata locus l. More explicitly, we
T
consider the probability πa,l,s that an allele takes the value
 a at the locus l and πa,l = s∈S qs πa,l,s which gives the
allele probability pooled over sources. Here, qs = Is / s∈S Is is the proportional weight of each source. The total
T,
allele diversity in a locus l is quantified by the Shannon entropy of the distribution πa,l

T
T
HlT = −
πa,l
log2 πa,l
.
(2)
a∈A

For example, the fact that the maximum number of alleles in a SNP is 4 (A, T, C and G) implies that the entropy
HlT could take any value between 0 (the same allele in all genotypes) and 2 bits (maximal diversity when each
allele appears in 1/4 of the genotypes). As expected for any measure of allele diversity, the larger the number of
alleles in a locus, the larger the Shannon entropy. M
 icrosatellites22 or gene-based m
 arkers24 are characterised by
larger sets A of possible alleles and can be more diverse than SNPs, i.e. they have larger values of HlT which are
mostly associated with a larger contribution of the diversity within-sources, HlW (see Additional file 2: Fig. S6).
The entropy HlT gives the allele diversity for subtypes in all the sources. The condition C1 given above for
selection of informative markers, however, suggests that it is the allele diversity between sources the one that
could play a major role on the assignment power of loci. Accordingly, we split the total entropy HlT in two
contributions84,85: One accounting for the diversity within sources,

HlW = −
qs πa,l,s log2 πa,l,s ,
(3)
a∈A s∈S

and another measuring the diversity between sources,

HlB = HlT − HlW .
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Basic algebraic manipulations show that HlB is formally similar to the informativeness introduced in21. Our
interpretation of HlB is, however, slightly different to that proposed i n21 since we derived it as an index to distinguish sources rather than as a measure of the information gained when adding new loci to the selection used
for attribution.
Mutual information and redundancy of loci. The source attribution discriminatory power of a set of n loci is
typically not n times larger than the discriminatory power of each isolated locus. This is due to the fact that loci
are not statistically independent, i.e. there is some redundant information when considering several loci. The
concept of loci redundancy was used in this work with two aims: To select pairs of loci with low redundancy in
strategy S3 and to assess the extent to which strategies S1 and S2 satisfy the condition C2 of low redundancy.
The elementary quantity in our estimates of loci redundancy is the mutual information between pairs of loci.
Given a pair of loci, (l, l ′ ), it is defined as57,87,88:

πa,l,a′ ,l′
Il,l′ =
πa,l,a′ ,l′ log2
.
(5)
πa,l πa′ ,l′
a,a′ ∈A

Here, πa,l,a′ ,l ′ is the joint probability distribution for alleles in locus l and l ′ . Within the context of population
genetics, Il,l′ has been used to quantify the linkage disequilibrium between loci l and l ′87. The mutual information
takes values 0 ≤ Il,l′ ≤ min{Hl , Hl′ }. In particular, it is null, i.e. Il,l′ = 0, when the allele distributions of the two
loci are independent. In general, Il,l′ ≤ Il,l meaning that a locus contains as much information about itself as any
other locus can provide. In other words, a locus l is maximally redundant with respect to itself. In the case l = l ′ ,
the mutual information coincides with the Shannon entropy, Hl = Il,l . Within the context of this work, mutual
information is used as a measure of the linkage disequilibrium between the pairs of loci l and l ′ . In fact, Il,l′ is
proportional to the widely-used56 measure for linkage disequilibrium, r 2, in the limit of πa,l,a′ ,l ′ ≪ 2πa,l πa′ ,l′87,89.
Despite the similarity with classical measures such as r 2, the mutual information gives an intuitive interpretation
of linkage disequilibrium and, as discussed i n87,89,90, has some other advantages over classical measures.
For our particular application, Il,l′ allows us to naturally define a measure of loci redundancy relevant to
strategy S3. The redundancy Rn of the nth locus added to a list of n − 1 previously selected loci is given by the
following formula:

Rn =

max

l=1,2,...,n−1

{sn|l }.

(6)

In,l
Hn

is the reduction in uncertainty of a locus l = 1, 2, . . . , n − 1 when the nth locus is added to the
Here, sn|l =
set used for source attribution. The definition of sn|l and the whole redundancy analysis is restricted to loci with
Hn > 0; loci with Hn = 0 consist of a single allele and are excluded from the analysis since they have a null discriminatory power. From Eq. (6), Rn can be interpreted as the maximal reduction in uncertainty achieved when
adding the nth locus to the list of selected loci. By definition, 0 ≤ Rn ≤ 1. The case Rn = 0 corresponds to the
smallest possible redundancy of locus n and is observed when the allele distribution at such locus is statistically
independent of the allele distribution at any of the previously selected loci l. The case Rn = 1 indicates that sn|l = 1
for at least one of the previously selected loci, thus indicating that the allele distribution of the newly added locus,
n, is identical to the allele distribution of at least one of those that were previously selected. In this case, the locus
n would not contribute to enhance the discriminatory power of the set of selected loci.

Data availability

Data used in this work are available from https://figshare.com/s/726d493387b501c4b70a. An executable version
of the MMD program can be downloaded from https://figshare.com/s/125861c0a0499ff3101b. The software is
based on the MMD R package developed in this project.
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References

1. Waser, P. M. & Strobeck, C. Genetic signatures of interpopulation dispersal. Trends Ecol. Evol. 13(2), 43–4. https: //doi.org/10.1016/
S0169-5347(97)01255-X (1998).
2. Davies, N. et al. Determining the source of individuals: multilocus genotyping in nonequilibrium population genetics. Trends Ecol.
Evol. 14(1), 17–21. https://doi.org/10.1016/S0169-5347(98)01530-4 (1999).
3. Paetkau, D., Calvert, W., Stirling, I. & Strobeck, C. Microsatellite analysis of population structure in Canadian polar bears. Mol.
Ecol. 4(3), 347–354. https://doi.org/10.1111/j.1365-294X.1995.tb00227.x (1995).
4. Nielsen, R., Mattila, D. K., Clapham, P. J. & Palsbøll, P. J. Statistical approaches to paternity analysis in natural populations and
applications to the North Atlantic humpback whale. Genetics 157(4), 1673–1682 (2001).
5. Manel, S., Berthier, P. & Luikart, G. Detecting wildlife poaching: identifying the origin of individuals with bayesian assignment
tests and multilocus genotypes. Conserv. Biol. 16(3), 650–659. https://doi.org/10.1046/j.1523-1739.2002.00576.x (2002).
6. Berry, O., Tocher, M. D. & Sarre, S. D. Can assignment tests measure dispersal?. Mol. Ecol. 13(3), 551–561. https: //doi.org/10.1046/
j.1365-294X.2004.2081.x (2004).
7. Storer, C. G. et al. Rank and order: evaluating the performance of SNPs for individual assignment in a non-model organism. PLoS
ONE 7(11), 49018. https://doi.org/10.1371/journal.pone.0049018 (2012).
8. McCarthy, N. D. et al. Host-associated genetic import in Campylobacter jejuni. Emerg. Infect. Dis. 13(2), 267–72. https://doi.
org/10.3201/eid1302.060620 (2007).
9. Pires, S. M. et al. Attributing the human disease burden of foodborne infections to specific sources. Foodborne Pathog. Dis. 6(4),
417–424. https://doi.org/10.1089/fpd.2008.0208 (2009).

Scientific Reports |

(2020) 10:12124 |

https://doi.org/10.1038/s41598-020-68740-6

13
Vol.:(0123456789)

www.nature.com/scientificreports/
10. EFSA. Scientific opinion on the evaluation of molecular typing methods for major food-borne microbiological hazards and their
use for attribution modelling, outbreak investigation and scanning surveillance: part 1 (evaluation of methods and applications).
EFSA J. 11(12), 3502. https://doi.org/10.2903/j.efsa.2013.3502 (2013).
11. Sheppard, S. K. et al. Campylobacter genotyping to determine the source of human infection. Clin. Infect. Dis. 48(8), 1072–8. https
://doi.org/10.1016/S0169-5347(97)01255-X0 (2009).
12. Strachan, N. J. C. et al. Attribution of Campylobacter infections in northeast Scotland to specific sources by use of multilocus
sequence typing. J. Infect. Dis. 199(8), 1205–8. https://doi.org/10.1016/S0169-5347(97)01255-X1 (2009).
13. Kittl, S., Heckel, G., Korczak, B. M. & Kuhnert, P. Source attribution of human Campylobacter isolates by MLST and Fla-typing
and association of genotypes with quinolone resistance. PLoS ONE 8(11), 81796. https://doi.org/10.1016/S0169-5347(97)01255
-X2 (2013).
14. Wilson, D. J. et al. Tracing the source of campylobacteriosis. PLoS Genet. 4(9), 1000203. https://doi.org/10.1016/S0169
-5347(97)01255-X3 (2008).
15. Mullner, P. et al. Source attribution of food-borne zoonoses in New Zealand: a modified hald model. Risk Anal. 29(7), 970–984.
https://doi.org/10.1016/S0169-5347(97)01255-X4 (2009).
16. Mughini Gras, L. et al. Risk factors for campylobacteriosis of chicken, ruminant, and environmental origin: a combined case-control
and source attribution analysis. PLoS ONE 7(8), 42599. https://doi.org/10.1016/S0169-5347(97)01255-X5 (2012).
17. Boysen, L. et al. Source attribution of human campylobacteriosis in Denmark. Epidemiol. Infect. 142(8), 1599–1608. https://doi.
org/10.1016/S0169-5347(97)01255-X6 (2014).
18. Rosner, B. M. et al. A combined case-control and molecular source attribution study of human Campylobacter infections in
Germany, 2011–2014. Sci. Rep. 7(1), 5139. https://doi.org/10.1016/S0169-5347(97)01255-X7 (2017).
19. Miller, P., Marshall, J., French, N. & Jewell, C. sourceR: classification and source attribution of infectious agents among heterogeneous populations. PLoS Comput. Biol. 13(5), 1005564. https://doi.org/10.1016/S0169-5347(97)01255-X8 (2017).
20. Rosenberg, N. A. et al. Genetic structure of human populations. Science 298(5602), 2381–2385. https://doi.org/10.1016/S0169
-5347(97)01255-X9 (2002).
21. Rosenberg, N. A., Li, L. M., Ward, R. & Pritchard, J. K. Informativeness of genetic markers for inference of ancestry. Am. J. Hum.
Genet. 73(6), 1402–1422. https://doi.org/10.1016/S0169-5347(98)01530-40 (2003).
22. Pemberton, T. J., DeGiorgio, M. & Rosenberg, N. A. Population structure in a comprehensive genomic data set on human microsatellite variation. G3 Genes Genom Genet 3(5), 891–907. https://doi.org/10.1016/S0169-5347(98)01530-41 (2013).
23. Faria, D. A., Mamani, E. M. C., Pappas, G. J. & Grattapaglia, D. Genotyping systems for Eucalyptus based on tetra-, penta-, and
hexanucleotide repeat EST microsatellites and their use for individual fingerprinting and assignment tests. Tree Genet. Genom.
7(1), 63–77. https://doi.org/10.1016/S0169-5347(98)01530-42 (2011).
24. Maiden, M. C. J. et al. MLST revisited: the gene-by-gene approach to bacterial genomics. Nat. Rev. Microbiol. 11(10), 728–736.
https://doi.org/10.1016/S0169-5347(98)01530-43 (2013).
25. Nielsen, E. M. et al. Closing gaps for performing a risk assessment on Listeria monocytogenes in ready to eat (RTE) foods: activity
3, the comparison of isolates from different compartments along the food chain, and from humans using whole genome sequencing (WGS) analysis. EFSA Support. Publ. 14(2), 10. https://doi.org/10.2903/sp.efsa.2017.EN-1151 (2017).
26. Massung, R. F. et al. Analysis of the complete genome of smallpox variola major virus strain Bangladesh-1975. Virology 201(2),
215–240. https://doi.org/10.1006/VIRO.1994.1288 (1994).
27. Fouts, D. E. et al. Major structural differences and novel potential virulence mechanisms from the genomes of multiple campylobacter species. PLoS Biol. 3(1), 15. https://doi.org/10.1371/journal.pbio.0030015 (2005).
28. Adams, M. D. et al. The genome sequence of drosophila melanogaster. Science 287(5461), 2185–2195 (2000).
29. Galagan, J. E. et al. The genome sequence of the filamentous fungus Neurospora crassa. Nature 422(6934), 859–868. https://doi.
org/10.1038/nature01554 (2003).
30. International Human Genome Sequencing Consortium. Finishing the euchromatic sequence of the human genome. Nature
431(7011), 931–945. https://doi.org/10.1038/nature03001 (2004).
31. Kao, R. R., Haydon, D. T., Lycett, S. J. & Murcia, P. R. Supersize me: how whole-genome sequencing and big data are transforming
epidemiology. Trends Microbiol. 22(5), 282–291. https://doi.org/10.1016/j.tim.2014.02.011 (2014).
32. Bergholz, T. M., Moreno Switt, A. I. & Wiedmann, M. Omics approaches in food safety: fulfilling the promise?. Trends Microbiol.
22(5), 275–281. https://doi.org/10.1016/j.tim.2014.01.006 (2014).
33. Harris, S. R. et al. Evolution of MRSA during hospital transmission and intercontinental spread. Science 327(5964), 469–474 (2010).
34. Franz, E. et al. Exploiting the explosion of information associated with whole genome sequencing to tackle Shiga toxin-producing
Escherichia coli (STEC) in global food production systems. Int. J. Food Microbiol. 187, 57–72. https://doi.org/10.1016/j.ijfoodmicr
o.2014.07.002 (2014).
35. Strachan, N. J. C. et al. Whole genome sequencing demonstrates that geographic variation of Escherichia coli O157 genotypes
dominates host association. Sci. Rep. 5, 14145. https://doi.org/10.1038/srep14145 (2015).
36. Mughini-Gras, L. et al. Source attribution of foodborne diseases: potentialities, hurdles, and future expectations. Front. Microbiol.
9, 1983. https://doi.org/10.3389/fmicb.2018.01983 (2018).
37. Pritchard, J. K., Stephens, M. M. & Donnelly, P. Inference of population structure using multilocus genotype data. Genetics 155(2),
945–959. https://doi.org/10.1111/j.1471-8286.2007.01758.x (2000).
38. Falush, D., Stephens, M. & Pritchard, J. K. Inference of population structure using multilocus genotype data: linked loci and correlated allele frequencies. Genetics 164, 1567–1587. https://doi.org/10.1111/j.1471-8286.2007.01758.x (2003).
39. Tang, H., Peng, J., Wang, P. & Risch, N. J. Estimation of individual admixture: analytical and study design considerations. Genet.
Epidemiol. 28(4), 289–301. https://doi.org/10.1038/nature030010 (2005).
40. Alexander, D. H., Novembre, J. & Lange, K. Fast model-based estimation of ancestry in unrelated individuals. Genome Res.https
://doi.org/10.1101/gr.094052.109 (2009).
41. Raj, A., Stephens, M. & Pritchard, J. K. fastSTRUCTURE: variational inference of population structure in large SNP data sets.
Genetics 197(2), 573–589. https://doi.org/10.1534/genetics.114.164350 (2014).
42. Lawson, D. J., Hellenthal, G., Myers, S. & Falush, D. Inference of population structure using dense haplotype data. PLoS Genet.
8(1), 1002453. https://doi.org/10.1371/journal.pgen.1002453 (2012).
43. Frichot, E., Mathieu, F., Trouillon, T., Bouchard, G. & François, O. Fast and efficient estimation of individual ancestry coefficients.
Genetics 196(4), 973–83. https://doi.org/10.1534/genetics.113.160572 (2014).
44. Beugin, M. P., Gayet, T., Pontier, D., Devillard, S. & Jombart, T. A fast likelihood solution to the genetic clustering problem. Methods
Ecol. Evol. 9(4), 1006–1016. https://doi.org/10.1111/2041-210X.12968 (2018).
45. Patterson, N., Price, A. L. & Reich, D. Population structure and eigenanalysis. PLoS Genet. 2(12), 190. https://doi.org/10.1371/
journal.pgen.0020190 (2006).
46. Jombart, T., Devillard, S. & Balloux, F. Discriminant analysis of principal components: a new method for the analysis of genetically
structured populations. BMC Genet. 11(1), 94. https://doi.org/10.1186/1471-2156-11-94 (2010).
47. Murphy, K. P. Machine Learning: A Probabilistic Perspective (MIT Press, Cambridge, 2012).
48. Alexander, D. H. & Lange, K. Enhancements to the ADMIXTURE algorithm for individual ancestry estimation. BMC Bioinform.
12(1), 246. https://doi.org/10.1186/1471-2105-12-246 (2011).

Scientific Reports |
Vol:.(1234567890)

(2020) 10:12124 |

https://doi.org/10.1038/s41598-020-68740-6

14

www.nature.com/scientificreports/
49. Hellenthal, G. et al. A genetic atlas of human admixture history. Science 343(6172), 747. https://doi.org/10.1101/gr.094052.1090
(2014).
50. Smouse, P. E. & Chevillon, C. Analytical aspects of population-specific DNA fingerprinting for individuals. J. Hered. 89, 143–150
(1998).
51. Cornuet, J. M., Piry, S., Luikart, G., Estoup, A. & Solignac, M. New methods employing multilocus genotypes to select or exclude
populations as origins of individuals. Genetics 153(4), 1989–2000. https://doi.org/10.1101/gr.094052.1091 (1999).
52. Rosenberg, N. A. et al. Empirical evaluation of genetic clustering methods using multilocus genotypes from 20 chicken breeds.
Genetics 159(2), 699–713 (2001).
53. Banks, M. A., Eichert, W. & Olsen, J. B. Which genetic loci have greater population assignment power?. Bioinformatics 19(11),
1436–1438. https://doi.org/10.1101/gr.094052.1092 (2003).
54. Rosenberg, N. A. Algorithms for selecting informative marker panels for population assignment. J. Comput. Biol. 12(9), 1183–1201
(2005).
55. Bromaghin, J. F. Bels: Backward elimination locus selection for studies of mixture composition or individual assignment. Mol.
Ecol. Resour. 8(3), 568–571. https://doi.org/10.1101/gr.094052.1093 (2008).
56. Slatkin, M. Linkage disequilibrium—understanding the evolutionary past and mapping the medical future. Nat. Rev. Genet. 9(6),
477–485. https://doi.org/10.1101/gr.094052.1094 (2008).
57. Cover, T. M. & Thomas, J. A. Elements of Information Theory (Wiley, Hoboken, 2006).
58. EFSA. The European Union summary report on trends and sources ofzoonoses, zoonotic agents and food-borne outbreaks in
2015. EFSA J. 14(12), 4634. https://doi.org/10.1101/gr.094052.1095 (2016).
59. Taylor, E. V. et al. Common source outbreaks of Campylobacter infection in the USA, 1997–2008. Epidemiol. Infect. 141(5),
987–996. https://doi.org/10.1101/gr.094052.1096 (2013).
60. Li, J. Z. et al. Worlwide human relationships inferred from genome-wide patterns of variation. Science 319(February), 1100–1104
(2008).
61. Huang, L. et al. Haplotype variation and genotype imputation in African populations. Genet. Epidemiol. 35(8), 766–780. https://
doi.org/10.1101/gr.094052.1097 (2011).
62. Xuereb, A. et al. Asymmetric oceanographic processes mediate connectivity and population genetic structure, as revealed by RADseq, in a highly dispersive marine invertebrate (Parastichopus californicus). Mol. Ecol. 27(10), 2347–2364. https://doi.org/10.1101/
gr.094052.1098 (2018).
63. Tyanova, S. et al. Proteomic maps of breast cancer subtypes. Nat. Commun. 7, 1–11. https: //doi.org/10.1101/gr.094052 .1099 (2016).
64. Lesk, A. M. Introduction to Bioinformatics 4th edn. (Oxford University Press, Oxford, 2014).
65. Efron, B. Estimating the error rate of a prediction rule: improvement on cross-validation. J. Am. Stat. Assoc. 78(382), 316. https://
doi.org/10.1534/genetics.114.1643500 (1983).
66. Kuhn, M. & Johnson, K. Applied Predictive Modeling (Springer, New York, 2013). https://doi.org/10.1007/978-1-4614-6849-3
67. R Core Team. R: A Language and Environment for Statistical Computing, Vienna, Austria (2015). https://doi.org/10.1534/genet
ics.114.1643501
68. Bansal, V. & Libiger, O. Fast individual ancestry inference from DNA sequence data leveraging allele frequencies for multiple
populations. BMC Bioinform. 16(1), 4. https://doi.org/10.1534/genetics.114.1643502 (2015).
69. Nei, M. Analysis of gene diversity in subdivided populations. Proc. Nat. Acad. Sci. 70(12), 3321–3323. https://doi.org/10.1534/
genetics.114.1643503 (1973).
70. Rannala, B. & Mountain, J. L. Detecting immigration by using multilocus genotypes. Proc. Nat. Acad. Sci. USA 94(17), 9197–201
(1997).
71. Wilson, A. G. & Rannala, B. Bayesian inference of recent migration rates using multilocus genotypes. Genetics 163(3), 1177–1191
(2003) (Article. /ehis.ebscohost.com/).
72. Mughini-Gras, L. et al. Risk factors for human salmonellosis originating from pigs, cattle, broiler chickens and egg laying hens:
a combined case-control and source attribution analysis. PLoS ONE 9(2), 87933. https://doi.org/10.1534/genetics.114.1643504
(2014).
73. Hald, T., Vose, D., Wegener, H. C. & Koupeev, T. A Bayesian approach to quantify the contribution of animal-food sources to
human salmonellosis. Risk Anal. 24(1), 255–269. https://doi.org/10.1534/genetics.114.1643505 (2004).
74. Piry, S. et al. GENECLASS2: a software for genetic assignment and first-generation migrant detection. J. Hered. 95(6), 536–539.
https://doi.org/10.1534/genetics.114.1643506 (2004).
75. Mughini-Gras, L. & van Pelt, W. Salmonella source attribution based on microbial subtyping: does including data on food consumption matter?. Int. J. Food Microbiol. 191, 109–115. https://doi.org/10.1534/genetics.114.1643507 (2014).
76. Paetkau, D., Slade, R., Burden, M. & Estoup, A. Genetic assignment methods for the direct, real-time estimation of migration
rate: a simulation-based exploration of accuracy and power. Mol. Ecol. 13(1), 55–65. https://doi.org/10.1534/genetics.114.16435
08 (2004).
77. Andrews, K. R. et al. A bioinformatic pipeline for identifying informative SNP panels for parentage assignment from RADseq
data. Mol. Ecol. Resour. 18(6), 1263–1281. https://doi.org/10.1534/genetics.114.1643509 (2018).
78. Freeland, J. R., Kirk, H. & Petersen, S. Molecular Ecology 2nd edn. (Wiley, Chichester, 2011).
79. Laing, C. et al. Pan-genome sequence analysis using Panseq: an online tool for the rapid analysis of core and accessory genomic
regions. BMC Bioinform. 11(1), 461. https://doi.org/10.1371/journal.pgen.10024530 (2010).
80. Davidson, A. C. & Hinkley, D. V. Bootstrap Methods And Their Application (Cambridge University Press, Cambridge, 1997).
81. Spiegelhalter, D. The Art of Statistics: Learning from Data (Pelican, London, 2019).
82. Wegner, P. Peter: a technique for counting ones in a binary computer. Commun. ACM 3(5), 322. https://doi.org/10.1371/journ
al.pgen.10024531 (1960).
83. McCarthy, N. D. et al. Host-associated genetic import in Campylobacter jejuni. Emerg. Infect. Dis. 13(2), 267–272. https://doi.
org/10.1371/journal.pgen.10024532 (2007).
84. Lande, R. Statistics and partitioning of species diversity, and similarity among multiple communities. Oikos 76(1), 5. https://doi.
org/10.2307/3545743 (1996).
85. Jost, L. Entropy and diversity. Oikos 113(2), 363–375. https://doi.org/10.1371/journal.pgen.10024535 (2006).
86. Sherwin, W. B. Entropy and information approaches to genetic diversity and its expression: genomic geography. Entropy 12(7),
1765–1798. https://doi.org/10.3390/e12071765 (2010).
87. Smith, R. D. Information Theory and Population Genetics. arXiv:1103.5625 (2011).
88. Hu, H., Liu, X., Jin, W., Hilger Ropers, H. & Wienker, T. F. Evaluating information content of SNPs for sample-tagging in resequencing projects. Sci. Rep. 5, 10247. https://doi.org/10.1038/srep10247 (2015).
89. Liu, Z. & Lin, S. Multilocus LD measure and tagging SNP selection with generalized mutual information. Genet. Epidemiol. 29(4),
353–364. https://doi.org/10.1002/gepi.20092 (2005).
90. Zhang, L., Liu, J. & Deng, H.-W. A multilocus linkage disequilibrium measure based on mutual information theory and its applications. Genetica 137(3), 355–364. https://doi.org/10.1007/s10709-009-9399-2 (2009).

Scientific Reports |

(2020) 10:12124 |

https://doi.org/10.1038/s41598-020-68740-6

15
Vol.:(0123456789)

www.nature.com/scientificreports/

Acknowledgements

The Campylobacter work in this project was supported by Food Standards Scotland project FSS00017 and the
Scottish Government (Rural and Environment Science and Analytical Services Division) project A13559368.

Author contributions

F.P.R., K.F. and N.S. planned the project and designed the research. F.P.R. with O.R. and B.S.L. wrote the software,
retrieved the data and performed the experiments. F.P.R. wrote the manuscript with N.S. and K.F. All authors
reviewed the manuscript and approved the final version of it.

Competing interests

The authors declare no competing interests.

Additional information

Supplementary information is available for this paper at https://doi.org/10.1038/s41598-020-68740-6.
Correspondence and requests for materials should be addressed to F.J.P.-R.
Reprints and permissions information is available at www.nature.com/reprints.
Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.
Open Access This article is licensed under a Creative Commons Attribution 4.0 International
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.
© The Author(s) 2020

Scientific Reports |
Vol:.(1234567890)

(2020) 10:12124 |

https://doi.org/10.1038/s41598-020-68740-6

16

