
Inferring the Number of Component Spectra in Multiplexed SERRS

Conclusions

1) NBMD is a suitable linear model to represent SERRS data.

2) TI and RJMCMC have been demonstrated to be capable of inferring the number of 
component spectra in a multiplexed readout.  On the other hand, the BIC criterion has 
difficulties in identifying this number.  We posit that this is due to the asymptotic 
approximation which underlies this criterion.
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Raman spectra data
The synthesis data set X was generated by a 7× 3 non-negative matrix A and a 3× 574matrix S
where each row of which is a Raman spectrum. The real Raman spectra data is a 64× 574matrix
which was essentially generated from six Ramman spectra.This data set is from multiplexing de-
tection of six dye labelled oligonucleotides using SERRS. The purpose of this experiments was
the simultaneous detection of six different DNA sequences corresponding to different strains of
the Escherichia coli bacterium, each labelled with a different commercially available dye label.
The multiplexing was carried out using every possible combination of the six labeled oligonu-
cleotides resulting in 64 samples totally. Each sample was represented by a SERRS spectrum.

Introduction
Detection of target DNA sequences, which is an extremely important task in various areas of
molecular biology, is a key step to many modern techniques of disease state analysis. Identi-
fication of DNA sequences can be accomplished by using surface-enhanced resonance Raman
scattering (SERRS). SERRS scans a liquid solution and outputs a Raman spectrum which rep-
resents a mixture of different DNA sequences. Each DNA sequence is distinguished by a dying
process where one of 6 unique coloured molecules is attached to the sequence. The output spec-
trum represents a composition of 6 different dyes. Given 64 different combinations of the 6 dyes,
non-negative bilinear matrix decomposition (NBMD) can be used to detect the number of individ-
ual colour components of the combined spectrum and then the individual color can be inferred.
The purpose of this method provides a proof of concept in detection of specific DNA sequences
from a multiplexed read out.

Model
Suppose there are N liquids, and each of which has a measured Raman spectrum of SERRS. We
suppose the measured spectra are linear compositions of those spectra of labeled DNA sequences.
Then the measured spectra X N × T

+ could be represented as the product of two non-negative
matrices A N × M

+ and S M × T
+ with some noise tolerance, i.e. the non-negative bilinear

matrix decomposition:
X = AS +

where M could be any positive integer and the column vector of follows a normal distribution
with zero mean and unknown covariance Λ = diag(λ1, · · · , λ N ). The aim of model selection is
to estimate the M , and the matrices A and S can therefore be estimated by using a Gibbs sampler.
Clearly the likelihood has a gaussian form.

Priors

p(anm|αa) = Expon (αa) ,

p(smt|αs) = Unif (cs, ds) ,

p λ− 1
n |αλ , βλ = Gamma (αλ , βλ ) .

Posteriors

p(sm|X , A , S− m, α s) sm(µ sm, Σ sm)
T

t=1

1[cs,ds](smt)

p(am|X , A − m, S , α a) am(µ am, Σ am)
N

n=1

1[ca,da](anm)

p(λ− 1
n |xn, an, S , α λ , βλ ) = Gamma

where sm represents the mth row of S and am represents the mth column of A .

Bayesian Model Selection
To estimate the number of source spectra, i.e. M, we employ Bayesian information criterion
(BIC), Thermodynamic integration (TI) and reversible jump MCMC (RJMCMC). Both BIC and
PP are to estimate the log marginal likelihood.

Bayesian Information Criterion

The Bayesian information criterion [3] is BIC = logp(X |θ̂M ,M )− 1
2(N × M +M × T +N ) logN ,

where θ̂M = argmaxθM { logp(X |θM ,M )} and θM є ΘM where ΘM = { A є  R N × M
+ , S є

R M × T
+ , Λ } .

Thermodynamic Integration

TI is to compute [1] logp(X |M ) = 1
0 E pt(θM |X ,M ){ logp(X |θM ,M )} dt.

Reversible Jump MCMC

RJMCMC [2] considers p(m, θm|X ) as the target invariant distribution. We use proposals qm(anm) =
N anm(µ̂anm, σ̂

2
anm)1[0,+∞ ) (anm) , qm(smt) = N smt(µ̂smt, σ̂

2
sm)1[0,+∞ )(smt) , qm(λ− 1

n ) = Gamma(α̂n, β̂n)
where the parameters were estimated using Gibbs sampler. When the current state is { m, θm} , the
acceptance probability of moving to state { m , θm } is α(m,m ) = min 1, p(m ,θm |X )π(m ,m)qm(m,θm)

p(m,θm|X )π(m,m )qm (m ,θm ) .
The RJMCMC algorithm is:

• 1. Estimate the proposal distributions using the Gibbs sampler.
• 2. Initialize A , S , and Λ , and set the current model indicator as m. Set π(m,m ) = 0 .5.
• 3. Main loop of reversible jump MCMC algorithm.

– 1. Update A , S , and Λ .
– 2. If m = mmin , then perform BIRTH step.
– 3. If m = mmax , then perform DEATH step.
– 4. If mmin < m < m max , draw a uniform random variable u U (0, 1).

* 1. If u ≤ bm, then perform BIRTH step;
* 2. else if u ≤ bm + dm, then perform DEATH step;

– 5. Repeat.

The BIRTH step which is similar to DEATH step is described as follows:

• 1. Draw samples from proposal distributions qm+1 in Cm+1 subspace.
• 2. Compute the acceptance probability α(m,m + 1) .
• 3. Draw a uniform random variable u U (0, 1).
• 4. If u ≤ α(m,m + 1) , then accept the proposal state and set the next state model indicator to

be m + 1.
• 5. Else set the next state to the current state.

This work is supported by Engineering and Physical Sciences Research Council basic technology
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