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Abstract. Bacteria are the unseen majority on our planet, with millions
of species and comprising most of the living protoplasm. We propose
a novel approach for reconstruction of the composition of an unknown
mixture of bacteria using a single Sanger-sequencing reaction of the mix-
ture. Our method is based on compressive sensing theory, which deals
with reconstruction of a sparse signal using a small number of measure-
ments. Utilizing the fact that in many cases each bacterial community is
comprised of a small subset of all known bacterial species, we show the
feasibility of this approach for determining the composition of a bacte-
rial mixture. Using simulations, we show that sequencing a few hundred
base-pairs of the 16S rRNA gene sequence may provide enough infor-
mation for reconstruction of mixtures containing tens of species, out of
tens of thousands, even in the presence of realistic measurement noise.
Finally, we show initial promising results when applying our method for
the reconstruction of a toy experimental mixture with five species. Our
approach may have a potential for a simple and efficient way for identi-
fying bacterial species compositions in biological samples.

Availability: supplementary information, data and MATLAB code are
available at: http://www.broadinstitute.org/~orzuk/publications/

BCS/

1 Introduction

Microorganisms are present almost everywhere on earth. The population of bac-
teria found in most natural environments consists of multiple species, mutually
affecting each other, and creating complex ecological systems [28]. In the human
body, the number of bacterial cells is over an order of magnitude larger than the
number of human cells [37], with typically several hundred species identified in
a given sample taken from humans (for example, over 400 species were charac-
terized in the human gut [17], while [38] estimates a higher number of 500-1000,
and 500 to 600 species were found in the oral cavity [36, 13]). Changes in the
human bacterial community composition are associated with physical condition,
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and may indicate [33] as well as cause or prevent various microbial diseases [22].
In a broader aspect, studies of bacterial communities range from understanding
the plant-microbe interactions [40], to temporal and meteorological effects on
the composition of urban aerosols [4], and is a highly active field of research [35].

Identification of the bacteria present in a given sample is not a simple task, and
technical limitations impede large scale quantitative surveys of bacterial commu-
nity compositions. Since the vast majority of bacterial species are non-amenable
to standard laboratory cultivation procedures [1], much attention has been given
to culture-independent methods. The golden standard of microbial population
analysis has been direct Sanger sequencing of the ribosomal 16S subunit gene
(16S rRNA ) [25]. However, the sensitivity of this method is determined by the
number of sequencing reactions, and therefore requires hundreds of sequences for
each sample analyzed. A modification of this method for identification of small
mixtures of bacteria using a single Sanger sequence has been suggested [29] and
showed promising results when reconstructing mixtures of 2-3 bacteria from a
given database of ∼260 human pathogen sequences.

Recently, DNA microarray-based methods [21] and identification via next gen-
eration sequencing (reviewed in [23]) have been used for bacterial community re-
construction. In microarray based methods, such as the Affymetrix PhyloChip
platform [4], the sample 16S rRNA is hybridized with short probes aimed at iden-
tification of known microbes at various taxonomy levels. While being more sensi-
tive and cheaper than standard cloning and sequencing techniques, each bacterial
mixture sample still needs to be hybridized against a microarray, thus the cost of
such methods limit their use for wide scale studies. Methods based on next gen-
eration sequencing obtain a very large number of reads of a short hyper-variable
region of the 16S rRNA gene [2, 12, 24]. Usage of such methods, combined with
DNA barcoding, enables high throughput identification of bacterial communities,
and can potentially detect species present at very low frequencies. However, since
such sequencing methods are limited to relatively short read lengths (typically a
few dozens and at most a few hundred bases in each sequence), the identification is
non unique and limited in resolution, with reliable identification typically up to the
genus level [26]. Improving resolution depends on obtaining longer read lengths,
which is currently technologically challenging, and/or developing novel analytical
methods which utilize the (possibly limited) information from each read to allow
in aggregate a better separation between the species.

In this work we suggest a novel experimental and computational approach for
sequencing-based profiling of bacterial communities (see Figure 1). We demon-
strate our method using a single Sanger sequencing reaction for a bacterial mix-
ture, which results in a linear combination of the constituent sequences. Using
this mixed chromatogram as linear constraints, the sequences which constitute
the original mixture are selected using a Compressed Sensing (CS) framework.

Compressed Sensing (CS) [5, 14] is an emerging field of research, based on
statistics and optimization with a wide variety of applications. The goal of CS
is recovery of a signal from a small number of measurements, by exploiting the
fact that many natural signals are in fact sparse when represented at a certain
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appropriate basis. Compressed Sensing designs sampling techniques that con-
dense the information of a compressible signal into a small amount of data. This
offers the possibility of performing fewer measurements than were thought to
be needed before, thus lowering costs and simplifying data-acquisition methods
for various types of signals in many distantly related fields such as magnetic
resonance imaging [32], single pixel camera [16], geophysics [30] and astron-
omy [3]. Recently, CS has been applied to various problems in computational
biology, e.g. for pooling designs for re-sequencing experiments [18,39], for drug-
screenings [27] and for designing multiplexed DNA microarrays [10], where each
spot is a combination of several different probes.

The classical CS problem is solving the under-determined linear system,

Av = b (1)
where v = (v1, ..., vN ) is the vector of unknown variables, A is the sensing matrix,
often called also the mixing matrix and b = (b1, ..., bk) are the measured values
of the k equations. The number of variables N , is far greater than the number of
equations k. Without further information, v cannot be reconstructed uniquely
since the system is under-determined. Here one uses an additional sparsity as-
sumption on the solution - by assuming that we are interested only in solution
vectors v with only at most s non-zero entries, for some s � N . According
to the CS theory, when the matrix A satisfy certain conditions, most notably
the Restricted Isometry Property(RIP) [6, 7], one can find the sparsest solution
uniquely by using only a logarithmic number of equations, k = O(s log(N/s)),
instead of a linear number (N) needed for general solution of a linear system.
Briefly, RIP for a matrix A means that any subset of 2s columns of A is almost
orthogonal (although since k < N the columns cannot be perfectly orthogonal).
This property makes the matrix A invertible for sparse vectors v with sparsity
s, and allows accurate recovery of v from eq. (1) - for more details on the RIP
condition and the reconstruction guarantees see [6, 7].

In this paper, we show an efficient application of pooled Sanger-sequencing
for bacterial communities reconstruction using CS. The sparsity assumption is
fulfilled by noting that although numerous species of bacteria have been char-
acterized and are present on earth, at a given sample typically only a small
fraction of them are present at significant levels. The proposed Bacterial Com-
pressed Sensing (BCS) algorithm uses as inputs a database of known 16S rRNA
sequences and a single Sanger-sequence of the unknown mixture, and returns
the sparse set of bacteria present in the mixture and their predicted frequencies.
We show a successful reconstruction of simulated mixtures containing dozens of
bacterial species out of a database of tens of thousands, using realistic biological
parameters. In addition, we demonstrate the applicability of our method for a
real sequencing experiment using a toy mixture of five bacterial species.

2 The BCS Algorithm

In the Bacterial Community Reconstruction Problem we are given a bacterial
mixture of unknown composition. In addition, we have at hand a database of the
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orthologous genomic sequences for a specific known gene, which is assumed to be
present in a large number of bacterial species (in our case, the gene used was the
16S rRNA gene). Our purpose is to reconstruct the identity of species present
in the mixture, as well as their frequencies, where the assumption is that the
sequences for the gene in all or the vast majority of species present in the mixture
are available in the database. The input to the reconstruction algorithm is the
measured Sanger sequence of the gene in the mixture (see Figure 1). Since Sanger
sequencing proceeds independently for each DNA strand present in the sample,
the sequence chromatogram of the mixture corresponds to the linear combination
of the constituent sequences, where the linear coefficients are proportional to the
abundance of each species in the mixture.

Fig. 1. Schematics of the proposed BCS reconstruction method. The 16S
rRNA gene is PCR-amplified from the mixture and then subjected to Sanger sequenc-
ing. The resulting chromatogram is preprocessed to create the Position Specific Score
Matrix (PSSM). For each sequence position, four linear mixture equations are derived
from the 16S rRNA sequence database, with vi denoting the frequency of sequence i in
the mixture, and the frequency sum taken from the experimental PSSM. These linear
constraints are used as input to the CS algorithm, which returns the sparsest set of
bacteria recreating the observed PSSM.

Let N be the number of known bacterial species present in our database. Each
bacterial population is characterized by a vector v = (v1, ..., vN ) of frequencies
of the different species. Denote by s = ‖v‖�0 the number of species present in
the sample, where ‖.‖�0 is the �0 norm which simply counts the number of non-
zero elements of a vector ‖v‖�0 =

∑
i 1{vi �=0}. While the total number of known

species N is usually very large (in our case on the order of tens to hundreds
of thousands), a typical bacterial community consists of a small subset of the
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species, and therefore in a given sample, s � N , and v is a sparse vector. The
database sequences are denoted by a matrix S, where Sij is the j’th nucleotide
in the orthologous sequence of the i’th species (i = 1, .., N, j = 1, .., k).

We represent the results of the mixture Sanger sequencing as a 4×k Position-
specific-Score-Matrix (PSSM) comprised of the four vectors a, c,g, t, represent-
ing the measured frequencies of the four nucleotides in sequence positions 1..k.
The frequency of each nucleotide at a given position j gives a linear constraint
on the mixture:

N∑

i=1

vi1{Sij=‘A′} = aj (2)

and similarly for the nucleotides ‘C′,‘G′ and ‘T ′.
Define the k × N mixture matrix A for the nucleotide ‘A’:

Aij =
{

1 Sij = ‘A′

0 otherwise (3)

and similarly for the nucleotides ‘C′, ‘G′, ‘T ′. The constraints given by the se-
quencing reaction can therefore be expressed in matrix form as:

Av = a, Cv = c, Gv = g, Tv = t (4)

The crucial assumption we make in order to cope with the insufficiency of in-
formation is the sparsity of the vector v, which reflects the fact that only a
small number of species are present in the mixture. We therefore seek a sparse
solution for the set of equations (4). CS theory shows that under certain condi-
tions on the mixture matrix and the number of measurements (see below), the
sparse solution can be recovered uniquely by solving the following minimization
problem [8, 15, 41]:

v∗ = argmin
v

‖v‖�1 = argmin
v

N∑

i=1

|vi| s.t. Av = a, Cv = c, Gv = g, Tv = t

(5)
which is a convex optimization problem whose solution can be obtained in poly-
nomial time. The above formulation requires our measurements to be precisely
equal to their expected value based on the species frequency and the linearity
assumption for the measured chromatogram. This description ignores the ef-
fects of noise, which is typically encountered in practice, on the reconstruction.
Clearly, measurements of the signal mixtures suffer from various types of noise
and biases. Fortunately, the CS paradigm is known to be robust to measurement
noise [6,9]. One can cope with noise by enabling a trade-off between sparsity and
accuracy in the reconstruction merit function, which in our case is formulated
as:

v∗ = argmin
v

1
2
(‖a−Av‖2

�2+‖c−Cv‖2
�2+‖g−Gv‖2

�2+‖t−Tv‖2
�2

)
+τ‖v‖�1 (6)
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This problem represents a more general form of eq. (5), and accounts for noise
in the measurement process. This is utilized by insertion of an �2 quadratic error
term. The parameter τ determines the relative weight of the error term vs. the
sparsity promoting term. Many algorithms which enable an efficient solution of
problem (6) are available, and we have chosen the widely used GPSR algorithm
described in [19]. The error tolerance parameter was set to τ = 10 for the
simulated mixture reconstruction, and τ = 100 for the reconstruction of the
experimental mixture. These values achieved a rather sparse solution in most
cases (a few species reconstructed with frequencies above zero), while still giving
a good sensitivity. The performance of the algorithm was quite robust to the
specific value of τ used, and therefore further optimization of the results by fine
tuning τ was not followed in this study.

3 Results

3.1 Simulation Results

In order to asses the performance of the proposed BCS reconstruction algorithm,
random subsets of species from the greengene database [11] were selected. Within
these subsets, the relative frequencies of each species were drawn at random
from a uniform frequency distribution normalized to sum to one (results for a
different, power-law frequency distribution, are shown later), and the mixture
Sanger-sequence PSSM was calculated . This PSSM was then used as the input
for the BCS algorithm, which returned the frequencies of database sequences
predicted to participate in the mixture (see Figure 1 and online Supplementary
Methods).

A sample of a random mixture of 10 sequences, and a part of the corresponding
mixed sequence PSSM, are shown in Figure 2A,B respectively. Results of the
BCS reconstruction using a 500 bp long sequence are shown in Figure 2C. The
BCS algorithm successfully identified all of the species present in the original
mixture, as well as several false positives (species not present in the original
mixture). The largest false positive frequency was 0.01, with a total fraction of
0.04 false positives. In order to quantify the performance of the BCS algorithm,
we used two main measures: RMSE and recall/precision. RMSE is the Root-
Mean Squared-Error between the original mixture vector and the reconstructed

vector, defined as RMSE(v,v∗) = ‖v − v∗‖�2 =
(∑N

i=1(vi − v∗i )2
)1/2

. This
measure accounts both for the presence or absence of species in the mixture, as
well as their frequencies. In the example shown in Figure 2 the RMSE score of
the reconstruction was 0.03. As another measure, we have recorded the recall,
defined as the fraction of species present in the original vector v which were
also present in the reconstructed vector v∗ (this is also known as sensitivity),
and the precision, defined as the fraction of species present in the reconstructed
vector v∗ which were also present in the original mixture vector v. Since the
predicted frequency is a continuous variable, whereas the recall/precision relies
on a binary categorization, a minimal threshold for calling a species present in
the reconstructed mixture was used before calculating the recall/precision scores.
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Fig. 2. Sample reconstruction of a simulated mixture. A. Frequencies and
species for a simulated random mixture of s = 10 sequences. Species were randomly
selected from the 16S rRNA database, with frequencies generated from a uniform dis-
tribution. B. A 20 nucleotide sample region of the PSSM for the mixture in (A). C.
True vs. predicted frequencies for a sample BCS reconstruction for the mixture in (A)
using k = 500 bases of the simulated mixture. Red circles denote species returned by
the BCS algorithm which are not present in the original mixture.

Effect of Sequence Length. To determine the typical sequence length re-
quired for reconstruction, we tested the BCS algorithm performance using differ-
ent sequence lengths. In Figure 3A (black line) we plot the reconstruction RMSE
for random mixtures of 10 species. To enable faster running times, each simula-
tion used a random subset of N = 5000 sequences from the sequence database
for mixture generation and reconstruction. It is shown in Figure 3A that using
longer sequence lengths results in a larger number of linear constraints and there-
fore higher accuracy, with ∼300 nucleotides sufficing for accurate reconstruction
of a mixture of 10 sequences. The large standard deviation is due to a small
probability of selection of a similar but incorrect sequence in the reconstruction,
which leads to a high RMSE. Due to a cumulative drift in the chromatogram
peak position prediction, typical usable experimental chromatogram lengths are
in the order of k ∼500 bases rather than the ∼1000 bases usually obtained when
sequencing a single species (see online Supplementary Methods for details).

In order to asses the effect of similarites between the database sequences
(which leads to high coherence of the mixing matrix columns) on the performance
of the BCS algorithm, a similar mixture simulation was performed using a
database of random nucleotide sequences (i.e. each sequence was composed of
i.i.d. nucleotides with 0.25 probability for ‘A’,‘C’,‘G’ or ‘T’). Using a mixing
matrix derived from these random sequences, the BCS algorithm showed better
performance (green line in Figure 3A), with ∼ 100 nucleotides sufficing for a
similar RMSE as that obtained for the 16S rRNA database using 300 nucleotides.
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Fig. 3. Reconstruction of simulated mixtures. A. Effect of sequence length on
reconstruction performance. RMSE between the original and reconstructed frequency
vectors for uniformly distributed random mixtures of s = 10 species from the 16S
rRNA database (black) or randomly generated sequences (green). Error bars denote
the standard deviation derived from 20 simulations. B. Dependence of reconstruction
performance on number of species in the mixture. Simulation is similar to (A) but using
a fixed sequence length (k = 500) and varying the number of species in the mixture.
Blue line shows reconstruction performance on a mixture with power-law distributed
species frequencies (vi ∼ i−1). C. Recall (fraction of sequences in the mixtures identi-
fied, shown in red) and precision (fraction of incorrect sequences identified, shown in
black) of the BCS reconstruction of uniformly distributed database mixtures shown
as black line in (B). The minimal reconstructed frequency for a species to be declared
as present in the mixture was set to 0.25%.

Effect of Number of Species. For a fixed value of k=500 nucleotides per se-
quencing run, the effect of the number of species present in the mixture on recon-
struction performance is shown in Figure 3B,C. Even on a mixture of 100 species,
the reconstruction showed an average RMSE less than 0.04, with the highest
false positive reconstructed frequency (i.e. frequency for species not present in
the original mixture) being less than 0.01. Using a minimal frequency threshold
of 0.0025 for calling a species present in the reconstruction, the BCS algorithm
shows an average recall of 0.75 and a precision of 0.85. Therefore, while the se-
quence database did not perform as well as random sequences, the 16S rRNA
sequences exhibit enough variation to enable a successful reconstruction of mix-
tures of tens of species with a small percent of errors.

The frequencies of species in a biologically relevant mixture need not be uni-
formly distributed. For example, the frequency of species found on the human
skin [20] were shown to resemble a power-law distribution. We therefore tested
the performance of the BCS reconstruction on a similar power-law distribution
of species frequencies with with vi ∼ i−1. Performance on such a power-law
mixture is similar to the uniformly distibuted mixture (blue and green lines in
Figure 3B respectively) in terms of the RMSE. A sample power-law mixture
and reconstruction are shown in Figure S4A,B. The recall/precision of the BCS
algorithm on such mixtures (Figure S4C) is similar to the uniform distribution
for mixtures containing up to 50 species, with degrading performance on larger
mixtures, due to the long tail of low frequency species.
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Effect of Noise on BCS Solution. Experimental Sanger sequencing chro-
matograms contain inherent noise, and we cannot expect to obtain exact mea-
surements in practice. We therefore turned to study the effect of noise on the
accuracy of the BCS reconstruction algorithm. Measurement noise was modeled
as additive i.i.d. Gaussian noise zij ∼ N(0, σ2) applied to each nucleotide read at
each position. Noise is compensated for by the insertion of the �2 norm into the
minimization problem (see eq. (6)), where the factor τ determines the balance
between sparsity and error-tolerance of the solution. The effect of added random
i.i.d. Gaussian noise to each nucleotide measurement is shown in Figure 4. The
reconstruction performance slowly degrades with added noise both for the real
16S rRNA and the random sequence database.

Using a noise standard deviation of σ = 0.15 (which is the approximate exper-
imental noise level - see later) and sequencing 500 nucleotides, the reconstruction

Fig. 4. Effect of noise on reconstruction. A. Reconstruction RMSE of mixtures
of s = 10 sequences of length k = 500 from the 16S rRNA sequence database (black) or
random sequences (green), with Gaussian noise added to the chromatogram. B. Recall
(red) and precision (black) of the 16S rRNA database mixture reconstruction shown
in (A).

Fig. 5. Reconstruction with experimental noise level. A. Reconstruction RMSE
as a function of number of species present in the mixture. Frequencies were sampled
from a uniform distribution. Noise is set to σ = 0.15. Sequence length is set to k = 500.
Black and green lines represent 16S rRNA and random sequences respectively. B. Recall
vs. precision curves for different number of 16S rRNA sequences as in (A) obtained by
varying the minimal inclusion frequency threshold. C. Sample reconstruction of s = 40
16S rRNA sequences from (A).
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performance as a function of the number of species in the mixture is shown in
Figure 5. Under this noise level, the BCS algorithm reconstructed a mixture of
40 sequences with an average RMSE of 0.07 (Figure 5B), compared to ∼ 0.02
when no noise is present (Figure 3B). By using a minimal frequency threshold
of 0.006 for the predicted mixture, BCS showed a recall (sensitivity) of ∼ 0.7,
with a precision of ∼0.7 (see Figure 5B), attained under realistic noise levels. To
conclude, we have observed that the addition of noise leads to a graceful degra-
dation in the reconstruction performance, and one can still achieve accurate
reconstruction with realistic noise levels.

3.2 Reconstruction of an Experimental Mixture

While these simulations show promising results, they are based on correctly con-
verting the experimentally measured chromatogram to the PSSM used as input
to the BCS algorithm (see Figure 1). A major problem in this conversion is the
large variability in the peak heights and positions observed in Sanger sequenc-
ing chromatograms (see Figure S2). It has been previously shown that a large
part of this variability stems from local sequence effects on the polymerase ac-
tivity [31]. In order to overcome this problem, we utilize the fact that both peak
position and height are local sequence dependent, in order to accurately predict
the chromatograms of the sequences present in the 16S rRNA database. The CS
problem is then stated in terms of reconstruction of the measured chromatogram
using a sparse subset of predicted chromatograms for the 16S rRNA database.
This is achieved by binning both the predicted chromatograms and the measured
mixture chromatogram into constant sized bins, and applying the BCS algorithm
on these bins (see online Supplementary Methods and Figure S1).

We tested the feasibility of the BCS algorithm on experimental data by re-
constructing a simple bacterial population using a single Sanger sequencing chro-
matogram. We used a mixture of five different bacteria: (Escherichia coli W3110,
Vibrio fischeri, Staphylococcus epidermidis, Enterococcus faecalis and Photobac-
terium leiognathi). A sample of the measured chromatogram is shown in Figure
6A (solid lines). The BCS algorithm relies on accurate prediction of the chro-
matograms of each known database 16S rRNA sequence. In order to asses the
accuracy of these predictions, Figure 6A shows a part of the predicted chro-
matogram of the mixture (dotted lines) which shows similar peak positions and
heights to the ones experimentally measured (solid lines). The sequence position
dependency of the prediction error is shown in Figure 6B. On the region of bins
125-700 the prediction shows high accuracy, with an average root square error of
0.08. The loss of accuracy at longer sequence positions stems from a cumulative
drift in predicted peak positions, as well as reduced measurement accuracy. We
therefore used the region of bins 125-700 for the BCS reconstruction.

Results of the reconstruction are shown in Figure 6C. The algorithm success-
fully identifies three of the five bacteria (Vibrio fischeri, Enterococcus faecalis
and Photobacterium leiognathi). Out of the two remaining strains, one (Staphy-
lococcus epidermidis) is identified at the genus level, and the other (Escherichia
coli) is mistakenly identified as Salmonella enterica. While Escherichia coli and
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Fig. 6. Reconstruction of an experimental mixture. A. Sample region of the
mixed chromatogram (solid lines). 16S rRNA from five bacteria was extracted and
mixed at equal proportions. Dotted lines show the local-sequence corrected prediction
of the chromatogram using the known mixture sequences. B. Square root distance
between the predicted and measured chromatograms shown in (A) as a function of bin
position, representing nucleotide position in the sequence. Prediction error was low for
sequence positions ∼ 100−700. C. Reconstruction results using the BCS algorithm.
Runtime was ∼20 minutes on a standard PC. Shown are the 8 most frequent species.
Original strains were : Escherichia coli, Vibrio fischeri, Staphylococcus epidermidis,
Enterococcus faecalis and Photobacterium leiognathi (each with 20% frequency).

Salmonella enterica show a sequence difference in 33 bases over the PCR ampli-
fied region, only two bases are different in the region used for the BCS recon-
struction, and thus the Escherichia coli sequence was removed in the database
preprocessing stage (see online Supplementary Methods). When this sequence
is manually added to the database (in addition to the Salmonella enterica se-
quence), the BCS algorithm correctly identifies the presence of Escherichia coli
rather than Salmonella enterica in the mixture. Another strain identified in the
reconstruction - the Kennedy Space Center clone KSC6-79 - is highly similar in
sequence (differs in five bases over the region tested) to the sequence of Staphy-
lococcus epidermidis used in the mixture.

4 Discussion

In this work we have proposed a framework for identifying and quantifying the
presence of bacterial species in a given population using information from a sin-
gle Sanger sequencing reaction. Simulation results with noise levels comparable
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to the measured noise in real chromatograms indicate that our method can re-
construct mixtures of tens of species. When not enough information is present
in the sequence (for example when a large number of sequences is present in the
mixture), performance of the reconstruction algorithm decays gracefully, and
still retains detection of the prominent species.

In order to test the applicability of the BCS algorithm to real experimental
data, we performed a reconstruction of a toy mixture containing five bacterial
species. Results of the sample reconstruction (identification of 3 out of 5 species
at the strain level, and the additional 2 at the genus level, when E. coli is
not omitted from the database) indicate that with appropriate chromatogram
preprocessing, BCS can be applied to experimental mixtures. However, further
optimization of the sequencing and preprocessing is required in order to obtain
more accurate results.

Essentially, the amount of information needed for identifying the species
present in the mixture is logarithmic in the database size [5, 14], as long as
the number of the species present in the mixture is kept constant. Therefore, a
single sequencing reaction with hundreds of bases contains in principle a very
large amount of information and should suffice for unique reconstruction even
when the database contains millions of different sequences. Compressed Sensing
enables the use of such information redundancy through the use of linear mix-
tures of the sample. However, the mixtures need to be RIP in order to enable
an optimal extraction of the information. In our case, the mixtures are dictated
by the sequences in the database, which are clearly dependent. While two se-
quences which differ in a few nucleotides have high coherence and clearly do not
contribute to RIP, even a single insertion or deletion completely brings the two
sequences to being ’out of phase’, thus making it easier to distinguish between
them using CS(provided that the insertion/deletion did not occur to close to
the end of the sequenced region). Since the mixing matrix is built using each
sequence in the database separately, we do not rely on correct alignment of the
database sequences, and, moreover, while a species actually present in the mix-
ture is likely to appear in the solution with high frequency, sequences of similar
species which are different by one or a few insertion or deletion events, will vio-
late the linear constrains present in our optimization criteria, and are not likely
to ’fool’ the reconstruction algorithm.

While limited to the identification of species with known 16S rRNA sequences,
the BCS approach may enable low cost simple comparative studies of bacterial
population composition in a large number of samples. Our method, like any
other method, can perform only as well as is allowed by the inherent inter-
species variation in the sequenced region. For example, if two species are com-
pletely identical at the 16S rRNA locus, no method will be able to distinguish
between them based on this locus alone. In the simulations presented, we defined
a species reconstruction to be accurate having up to 1 nucleotide difference from
the original sequence. Since sequence lengths used were typically around 500bp,
the reconstruction sequence accuracy was approx. 0.2%. Average sequence dif-
ference between genus was measured as approx. 3%, whereas between species
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is approx. 2% [42], and therefore simulation performance was measured at sub-
species resolution. However, there are cases of species with identical or nearly
identical 16S rRNA sequences, and therefore these species can not be discrim-
inated based on 16S rRNA alone. Sequencing of additional loci (such as in the
MLST database [34]) are likely to be required in order to achieve higher re-
construction resolution. Our proposed method can easily be extended to more
than one sequencing reaction per mixture, whether they come from the same
region or distinct regions, by simply joining all sequencing results as linear con-
straints. Such an extension can lead to a larger number of linear constraints.
This increases the amount of information available for our reconstruction algo-
rithm, which will enable us to both overcome experimental noise present in each
sequencing, and distinguish between species more accurately and at a higher
resolution.
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