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Imaging Mass Spectrometry (IMS) is a promising technology which allows
for detailed analysis of spatial distributions of (bio-)molecules in organic samples. In many current applications, IMS relies heavily on (semi-)automated
exploratory data analysis procedures to decompose the data into characteristic component spectra and corresponding abundance maps, visualizing spectral
and spatial structure. The most commonly used techniques are Principal Component Analysis (PCA) and Independent Component Analysis (ICA). Both
methods operate in an unsupervised manner. However, their decomposition
estimates usually feature negative counts and are not amenable to direct physical interpretation. We propose Probabilistic Latent Semantic Analysis (pLSA)
for non-negative decomposition and the elucidation of interpretable component spectra and abundance maps. We compare this algorithm to PCA, ICA
and non-negative PARAFAC and show on simulated and real-world data that
pLSA and non-negative PARAFAC are superior to PCA or ICA in terms of
complementarity of the resulting components and reconstruction accuracy. We
further combine pLSA decomposition with a statistical complexity estimation
scheme based on the Akaike Information Criterion (AIC) to automatically estimate the number of components present in a tissue sample dataset and show
that this results in sensible complexity estimates.
Imaging Mass Spectrometry (IMS)1,2 has evolved into a promising technology which
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allows detailed analysis of spatial distributions of (bio-)molecules, including but not limited to proteins, peptides, lipids or metabolites.3 Applications include disease studies
such as cancer grading4,5 or Alzheimer’s disease studies6 as well as drug distribution and
metabolism analysis.7,8 However, the enormous size of data sets acquired with stateof-the-art instrumentation renders a direct manual analysis infeasible. Often thousands
of spectra each of which comprise thousands of mass channels have to be analyzed and
methods of automated preprocessing become indispensable. Many real-world scenarios
require exploratory data analysis, where little or no prior information on the composition of a sample is available. This is particularly true when IMS is used as a discovery
technique. In such an unsupervised setting it is useful to decompose the spectral image
into a small number of characteristic component spectra and corresponding abundance
maps to visualize the spectral and spatial structures in the data. These structures are not
directly accessible since manual inspection of individual m/z channel abundance maps is
not only time-consuming, but also tends to neglect spatial and spectral ignoring valuable
information regarding interactions of biomolecules. Nonetheless, low-dimensional representations that capture these correlations and make fast and efficient analyses of huge
datasets possible are desirable.
Conventional techniques such as Principal Component Analysis (PCA)9–12 and Independent Component Analysis (ICA)13 have successfully been applied in such settings,
but they suffer from a number of drawbacks. The component spectra found by PCA are
mutually orthogonal and hence feature negative counts. This implies that PCA cannot
recover the true mass spectra of the tissue components. A rotation of the coordinate
system as performed by VARIMAX-enhanced PCA14 does not solve this problem. ICA
suffers from similar non-negativity problems since its objective function tries to minimize
the mutual information of the reconstructed components rather than making use of the
prior knowledge, that mass spectra are positive. Although physical interpretation of negative ion abundance rates is difficult, PCA is still widely used.9–12 Broersen14 considered
this problem and applied a non-negative PARAFAC (here abbreviated NN-PARAFAC)
to IMS data, Smentkowski15 applied a multivariate curve resolution method using constrained least squares algorithms. Mathematically, all these techniques perform a bilinear
factor analysis, though based on different constraints and objective functions. An inherent problem for all those methods is that the number of components (tissue types) has
to be specified – either prior to the decomposition process or in a post-processing step
that selects the number of components heuristically, e.g. based on the percentage of variance represented by a given number of components. We therefore propose to combine
pLSA with a statistical model selection scheme based on the Akaike information criterion
(AIC)16 which allows for an automated estimation of the number of components in the
dataset.
We next revisit PCA, ICA as well as NN-PARAFAC and address their shortcomings
that motivate the application of Probabilistic Latent Semantic Analysis (pLSA). The latter
two are specifically suitable for IMS data analysis since they do not violate physical properties. We then introduce the AICc-corrected pLSA. Finally, we compare the presented
techniques on simulated and real-world data and end with a discussion of our results.
2

Methods
Principal Component Analysis
Principal Component Analysis (PCA)17 is a well-known and widely used technique for
unsupervised data analysis and dimensionality reduction. PCA essentially performs a
linear orthogonal transformation of the data domain. Let xl ∈ R|C| , l = 1, ..., |S| be
a set of |S| observed spectra each comprising |C| m/z channels and X = (x1 , ..., x|S| )

the data matrix where each column holds an observed spectrum xl . Further define X̃

as its corresponding mean centered version. PCA finds the principal components by
diagonalizing the estimated data covariance matrix X̃ X̃ ′ yielding the principal components
(i. e. axes of the new coordinate system) ordered by decreasing non-negative eigenvalues
(i. e. the observed variance along the PC axes). PCA projects onto the first k principal
components keeping the linear subspace with the largest variance and yielding the best
linear k-rank approximation to the data in the least-squares sense. In most applications,
one is only interested in the first few components, assuming they hold the most relevant
information. Usually the total percentage of variance retained after projection is used as
an indicator of how many components should be used. The rationale behind this approach
is that in many cases high variance along a direction will allow for good class separation.
However, this assumption need not hold.
Mathematically, PCA can also be formulated as a factor analysis model, decomposing
the data into two matrices X̃ ′ = AB where A′ A is diagonal and B ′ B = I.18 Alternatively,
PCA also follows from the singular value decomposition (SVD)17 of X̃ ′ , i.e. X̃ ′ = U DV ′
where U and V are orthogonal, D is diagonal and the columns of U D are the principal
components.

Independent Component Analysis
Independent Component Analysis (ICA) is a factor analysis model that was introduced
in the context of blind-source-separation.17 The key assumption of ICA is that the source
signals, i.e. the characteristic component spectra in our case, are statistically independent with a non-Gaussian distribution. Typical preprocessing steps include centering and
whitening which lead to zero mean, unit variance and zero correlation17 as well as dimensionality reduction. The latter two are often solved with PCA.19,20 However, unlike PCA
which is restricted to second degree cross-moments, ICA uses all cross-moments.
Let Y = (y1 , ..., y|T | ) be the matrix of independent components which are represented
by the set T . The task is to determine the mixing matrix A = W −1 and find
Y = W X̃

(1)

such that the components yk become maximally independent. This is achieved by either minimizing mutual information which is a measure of the mutual dependence of two
random variables17 or maximizing non-Gaussianity.19
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Non-negative PARAFAC
PARAFAC (PARAllel FACtors analysis),21 also known as CANDECOMP (CANonical
DECOMPosition),22 is a multi-way decomposition method. As indicated by Kiers23 it can
also be seen as a constrained two-way PCA-model. In conjunction with non-negativity
constraints for the modes this essentially corresponds to a standard non-negative matrix
factorization.24 PARAFAC does not approximate probability densities by marginals and
lacks a proper probabilistic foundation. The solution is normally found by alternating least
squares,14,25 minimizing the squared reconstruction error, implicitly assuming Gaussian
noise.

Probabilistic Latent Semantic Analysis
Probabilistic Latent Semantic Analysis (pLSA) has been proposed in the realm of automated text analysis26 and has become a standard method for structure and similarity
identification in semantic document analysis. It can be described as a linear model with
one latent variable t
p(s, c) =

X

p(t)p(s|t)p(c|t)

(2)

t∈T

where s is a document, c a word and t a topic, the hidden variable. In the case of IMS,
a spectrum can be considered a document, an m/z channel corresponds to a word and a
given tissue type corresponds to a topic. In the proposed model, each single tissue type
is characterized by a distinct distribution and each acquired spectrum is regarded as a
specific mixture of these structures. The decomposition problem is solved by the following
Expectation Maximization (EM) procedure26 with E-step

p(t)p(s|t)p(c|t)
′
′
′
t′ ∈T p(t )p(s|t )p(c|t )

p(t|s, c) = P

(3)

and M-step
p(c|t) ∝

X

X(c, s)p(t|s, c)

(4)

p(s|t) ∝

X

X(c, s)p(t|s, c)

(5)

p(t) ∝

s∈S

c∈C

XX

X(c, s)p(t|s, c).

(6)

s∈S c∈C

Here, X(c, s) is the abundance of channel c in spectrum s. This can be reformulated as
an SVD-like decomposition26 by
bD
b Vb ′
P =U

(7)

b = p(s|t), Vb = p(c|t) and D
b = diag(p(t)) and where the joint probability
where we define U

P corresponds to the spectra-wise normalized data matrix X.

pLSA provides a probability distribution over the spectral dimension for each tissue
type as the resulting components are normalized and non-negative. Unlike PCA, ICA
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Figure 1: The AICc curves for various datasets used in this study. The simulated dataset
is a mixture of three tissue types. The AICc criterion correctly identifies the number of
mixture components.
and NN-PARAFAC, it has a sound statistical foundation and defines a proper generative
model of the data.26 This provides physical interpretability and allows to identify the
discriminating peaks for a specific tissue type within a spectrum. pLSA is equivalent
to non-negative matrix factorization with a Kullback-Leibler (KL) divergence measure,27
defined by
DKL (P ||Q) =

X

P (i) log

i

P (i)
Q(i)

(8)

which quantifies the difference between two probability distributions P and Q. Since peak
intensities are ion counts that follow a Poisson distribution, a KL divergence measure is
appropriate,28 further motivating the pLSA approach.

AICc-controlled pLSA
A common feature of decomposition methods like NN-PARAFAC and pLSA is that the
number of components k = |T | has to be specified. This property is beneficial if such prior

knowledge is available. For scenarios where this is not the case, we propose a method that is
capable of automatically estimating k by using a statistical complexity estimation scheme.

It is possible to select from a variety of different model selection criteria.17 Compared to
alternatives such as the Bayesian Information Criterion (BIC) or Minimum Description
Length (MDL), AIC-type criteria for feature selection tend to select slightly more features
if the model specification does not reflect the true generating process of the data;17,29 it is
therefore more “conservative” and hence preferable in this application in which one would
rather estimate slightly too many components than loose subtle differences by penalizing
model complexity too heavily.
Starting with k = 2, we run the pLSA-algorithm repeatedly with increasing k. We
then apply a corrected Akaike Information Criterion (AICc)16,30 (which is based on the
KL-divergence) to automatically select the correct model. In our case, the AICc-type
criterion is defined as
2
2
1 2M (M + 1)
AICc(k) = − L(k) +
M σ2 +
|N {z }
| N{z }
|N N −{zM − 1}
data likelihood

penalty term
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correction term

(9)

where N is the number of observations (|S| · |C|) and L(k) is the data log-likelihood
L(k) =

XX

X(c, s) log

k
X

p(c|t)p(t|s).

(10)

t=1

s∈S c∈C

The number of free model parameters M = k · (|S| + |C|) is equivalent to the number
of elements in the two solution matrices representing p(c|t) and p(s|t). The first term in
equation 9 measures how good a model fits to the observed data, the second term penalizes
complexity to prevent overfitting, and the last term corrects the AIC for small sample
sizes. To robustly estimate the noise variance σ 2 we calculate the median of the squared
residuals of the difference between the original spectra with the observed data and their
spatially smoothed version (rectangular 3×3 mean filter on each m/z slice), assuming that
neighboring tissue consists of similar tissue mixtures. The idea behind AICc-controlled
pLSA is to stop the iterations as soon as we can be sure that decompositions with a higher
number of components will not yield a lower AICc value than the current minimum. We
calculate equation 9 for increasing k until a stopping criterion is met and then take the
value of k for which the minimum of the resulting AICc-curve is attained as an estimate
for the optimal model complexity (see figure 1). The early stopping criterion is defined
as follows.31 It holds that L(k) ≤ 0 ∀k and thus that we can abort the calculations if the

(strictly increasing) penalty term for the current k (eq. 9) is higher than any previous
value in the AICc-curve. However, this bound is not very tight and therefore not practical.
We therefore set a reasonable upper bound k̃ for the number of components, for example
100. Since −2L(k)/N is monotonously decreasing, we can stop as soon as
−

2
2
1 2M (M + 1)
L(k̃) + M σ 2 +
>
N
N
N N −M −1

min

2≤k≤kcurr

AICc(k)

(11)

is met for the current number of components kcurr (where M = kcurr · (|S| + |C|)). With

this criterion we are guaranteed to find the minimum of the AICc curve within the given
bounds [2; k̃] with low computational overhead.

Sparsity
After decomposing the data it is often of interest to identify decisive peaks that allow for
a discrimination of different tissue types. A peak is decisive if it is only present in one or
few of the k component spectra. We employ Hoyer’s sparsity measure32
qP
√
P
u2i
k − ( |ui |)/
√
sparsity(u) =
k−1

(12)

where u′ is a 1 × k row vector of the matrix
that holds p(c|t). The measure is based on the
qP
P
ratio between
|ui | (the L1 -norm) and
u2i (the L2 -norm), assigning a high sparsity

value to a vector u if the intensity distribution over the components ui is sparse and the

respective channel can therefore be used to discriminate between components or tissue
types.
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Figure 2: Labeling of the MALDI (left) and SIMS dataset (right) based on total ion count
images and histologically stained parallel slices (cf. supporting information A).

Experiments
Simulated data
We first tested the algorithms on two simulated data sets which were generated in the
following manner: From a real-world breast cancer dataset (SIMS, see figure 2) we selected
three regions of interest that had previously been assigned to different classes by an expert.
We treated the average spectra of those regions as characteristic spectra and mixed them
according to the two mixture maps shown in figure 3 (top panel) yielding a “pure” and an
“impure” ground truth dataset. Two of the characteristic spectra featured considerable
spectral overlap which complicated the decomposition process. Before decomposition we
added Poisson noise.

Real-world data
In order to evaluate the methods in multiple real-world scenarios, two different real-world
datasets were used. Both datasets stem from human breast cancer tissue grown in mice.
The first one contains MDA-MB-231, a highly metastatic tumor, and was acquired on a
modified MALDI TRIFT II instrument coupled with a time-of-flight (TOF) mass analyzer.
For the acquisition of the second set which features MCF-7, a weakly metastatic and
estrogen-sensitive tumor, a Physical Electronics TRIFT II TOF SIMS equipped with both
115In+ liquid metal ion gun and Au+ liquid metal ion gun was used.
The data were acquired with the following protocol: the samples were frozen in embedding gelatine, cryo-sectioned and mounted on a cold indium tin oxide-coated glass slide. A
2,5-Dihydroxybenzoic acid (DHB) 30mg/mL in 50% acetonitrile/0,1% trifluoroacetic acid
was applied using an air driven thin liquid chromatography spray for MALDI (Matrix
Assisted Laser Desorption Ionization) IMS and ME-SIMS (Matrix Enhanced Secondary
Ion Mass Spectrometry). After drying, the tissues were additionally sputter coated with
1nm gold. The tissue was not washed prior to SIMS analysis. The spectral resolution
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Figure 3: Decomposition results on the simulated dataset with non-pure (left) and pure
(right) mixtures. The PCA component abundance maps are ordered from top to bottom
according to the eigenvalue associated with the principal components. For ICA, NNPARAFAC and pLSA the order of components is arbitrary and has been permuted such
that the observed abundance maps coincide in their ordering with the ground truth. NNPARAFAC and, especially, pLSA clearly perform better than PCA and ICA (see also
text). For pure and impure mixtures, it was not beneficial to additionally take into account
subsequent principal components which mainly contained noise.
was rebinned to 0.1 Da, the spatial resolution was rebinned by a factor of two. Consequently, one pixel equals 150 × 150µm in the MALDI set and 70 × 70µm in the SIMS

set. For both, a Hematoxylin-Eosin-(HE)-stained parallel slice is available. Despite some
topological differences between the stained and IMS-subjected slices, the stained slices can

be used as gold standards enabling further evaluation of the decomposition quality of the
four methods. The label information was not used in the decomposition process.

Evaluation criteria
Since two different tumor types have been used for MALDI and SIMS analysis, we refrain from comparing the resulting datasets against each other, but rather concentrate on
the performance of the decomposition techniques presented above in each measurement.
One of the main motivations for the application of decomposition methods like PCA or
pLSA lies in their potential to achieve dimensionality reduction while keeping the relevant
8

Figure 4: Complementarity estimation example for the pLSA decomposition of the MALDI
set at the 80% quantile: the first row shows the abundance maps which are thresholded
(second row). This means that the top 20 percent of the most intense pixels are set to one
and the remaining pixels to zero. The percentage of white pixels in the combined image
(right) is an indicator for the complimentarity of the components (see also table 2).
information. When PCA is applied in practical applications, often only a few principal
components are considered since the analysis of hundreds of components is simply impractical. Thus, we decided to compare the described methods in a scenario where the number
of components is limited to only a few.
We based our evaluation on three criteria: reconstruction quality, complementarity of
the resulting components and visual inspection.
The first criterion measures how well the original data can be reconstructed after
factorization favoring decompositions that explain the observed data with high accuracy.
We calculated the reconstruction error between the observed and reconstructed spectra
with respect to three different measures to avoid bias towards one of the methods under
consideration: the L1 -norm, the L2 -norm and KL divergence. A detailed description on
how these measures have been obtained can be found in supporting information C.
Limiting the number of components (as in many real-world scenarios) means that
PCA and ICA can no longer perfectly reconstruct the data. The reconstruction errors
are affected by the magnitude of the reduction as well as the stopping criterion for the
iterative methods. Since we applied PCA for dimensionality reduction as a preprocessing
step for ICA (see ICA section), the estimates for those two methods were the same.
To simplify interpretation, it is often desirable to decompose the data into clearly
distinguishable components and the second criterion therefore quantifies the complementarity of the resulting abundance maps. For a given number of components k and a
given decomposition method, the complementarity is measured as follows: first, the k
estimated abundance maps are thresholded at various quantiles between 95% and 50%.
Then, we estimated the complementarity for each quantile by calculating the percentage
of area covered after overlaying the k thresholded abundance maps, i. e. the percentage
of pixels with an intensity value greater than zero (see figure 4). In the case of PCA and
ICA we also calculated the corresponding lower quantiles retaining only the pixels with
9

the most negative contributions to allow for a fair comparison. This was necessary as
some structures were better reflected by areas with negative intensities. We then used the
best out of the 2k possible combinations of upper/lower thresholded abundance maps for
each method and quantile. The higher the coverage index, the more complementary the
analyzed components are.

Data Processing
For ICA and NN-PARAFAC calculations, the freely available MATLAB toolboxes FastICA20 and N-way25 were used. We defined a relative change in the fit of 10−6 as stopping
criterion for both NN-PARAFAC and pLSA. The data sets were baseline-corrected by
subtraction of the channel-wise minimum with respect to all spectra in the dataset. We
performed feature extraction by an in-house implementation of a threshold-based peak
picker to keep the relevant information and simultaneously decrease computation time.
The reported results are based on extracted peak-lists.

Results
We first compared the proposed methods on simulated data and confirmed the simulation
results on real-world data. In order to minimize random effects, all non-deterministic
methods were restarted five times and for each method, the best result was checked.
The simulated data was created from three tissue types and we performed the decompositions with the respective number of components. For the (real-world) MALDI set
we expected four different regions in the sample: viable or active tumor, necrotic tissue,
vascularized region and embedding gelatine. Based on this prior knowledge (and not in
favor of one of the methods), we performed the decompositions with four components for
which PCA kept 91% of the total variance. Reconstruction accuracies and complementarity estimates for a varying number of components are presented in supporting information
E.
For the (real-world) SIMS set we were interested in the three tissue types and the
gelatine region described above, but we furthermore assumed a fifth area since parts of
the tissue were torn prior to analysis. As can be seen from the label map in figure 2, in
those areas the indium tin oxide-coated glass slide is exposed and thus, we expected an
indium peak at 115 Da.
The computation time needed for NN-PARAFAC and pLSA is higher than for PCA
and ICA. Whereas for PCA and ICA their calculations were completed in less than one
second on the SIMS-set, pLSA required ≈30-60 seconds and NN-PARAFAC up to 240

seconds. The AICc-type-enhanced pLSA needs several passings as we need to calculate

decompositions with an increasing number of components. However, often only a few iterations (5-15) are necessary and the calculations finish in reasonable time. We indicate that
these measures are highly dependent on the parameter settings like the maximum number
of iterations as well as on the random initialization. Furthermore, we used interpreted
MATLAB code and computational efficiency was not emphasized.
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Figure 5: Decomposition of the MALDI set with four components. Again, the ICA, NNPARAFAC and pLSA components have been reordered to match the PCA components for
which the ordering is unique. We further inverted some of the PCA and ICA components
for better visual comparison. Only NN-PARAFAC and pLSA have entirely non-negative
abundance maps, and only pLSA components are normalized and hence interpretable as
tissue probability by definition. The more black-and-white a suite of components, the
better their complementarity, cf. table 2. Please refer to the text for interpretations.
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Figure 6: The characteristic spectra of the four tissue types from the MALDI sample (see
figures 2 and 5) as reconstructed by PCA, ICA, NN-PARAFAC and pLSA. The latter
two result in all positive spectra and therefore allow direct physical interpretability. The
most prominent peak in component spectrum two – which seems to correspond to the
viable tumor area – lies at 184.5 Da (see also figures 5 and 8). This corresponds to recent
findings33 that show that Phosphocholine which appears at that mass position seems to
play an important role in the discrimination of necrotic and viable tumor tissue.

Discussion
Simulated data
The decomposition results on our simulated data sets are illustrated in figures 1 and 3.
Impure mixtures. The abundance map and the characteristic spectrum of the first
component are well reconstructed by all methods; the dominant indium peak at 115 Da is
well visible. Nevertheless, PCA and ICA completely fail to recover the remaining two components which feature considerable spectral overlap. pLSA is able to recover significantly
more structure which can be seen from the abundance maps in figure 3. NN-PARAFAC
performs nearly as well as pLSA, but does worse for the third component.
Pure mixtures. As expected, the decomposition task for pure mixtures is simpler
and yields better results. PCA exhibits difficulty in extracting the second and third
component, but is able to reconstruct the first component very well. ICA shows problems
with representing all three components and even fails to extract the indium peak. Possible
explanations are given below. In contrast, NN-PARAFAC and pLSA are able to deliver
a convincing result and clearly outperform PCA and ICA. In spite of noise being present
in the data, the reconstruction of the abundance maps is highly accurate for all three
components.
The spectral components estimated by NN-PARAFAC and pLSA are much closer to
the ground truth spectra than their PCA and ICA counterparts and outperform PCA and
ICA with respect to reconstruction of major peaks (see supporting information F). The
AICc-type criterion correctly estimated the number of components in the data set to be
three.
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Figure 7: This component of an eight-component decomposition with pLSA is convincingly
correlated with the necrotic area in the label map. See also supporting information D for
complete eight-component decompositions for all methods.

Real-world data
MALDI dataset. Results are shown in figures 5 and 6. The reconstruction accuracy of
both NN-PARAFAC and pLSA is high (see table 1). pLSA delivers the best result with
respect to KL-divergence, but it does also well regarding the other norms. NN-PARAFAC
ranks highest with respect to the L2 -norm that is the only metric for which PCA and ICA
also give a good result. We observe, that in a setting where only a few components are analyzed, NN-PARAFAC and pLSA outperform PCA and ICA with respect to reconstruction
accuracy. For PCA and ICA, the complementarity of the estimated components is low (see
table 2) and the assignments of reconstructed components to tissue types is not obvious,
especially for components three and four. In contrast, the complementarity of the abundance maps calculated by pLSA is very high and we get a clear spatial separation of the
four types which simplifies interpretation. Component two seems to represent the viable
part of the tumor, component three the vascularized region and components one and four
seem to stand for gelatine. NN-PARAFAC performs better than PCA and ICA but does
not pick up the vascularized part very well. The contrast of the abundance maps is lower
than that of the respective pLSA components which mirrors in the lower complementarity
estimation values (see table 2). All methods have problems to separate the necrotic from
the viable part in the four component decomposition. The AICc criterion opted for a
total of eight components. Manual inspection showed that this basically leads to splitting
of the four components of interest described above for which we are currently evaluating
biological reason. Indeed, the necrotic part of the tumor is much better represented in the
eight component solution as shown in figure 7.
In figure 8, an excerpt of the m/z range of the dataset between 170 and 190 Da is
displayed for the pLSA decomposition and we show how the sparsity criterion described
earlier can be used to automatically identify discriminating peaks. The spectral components estimated by PCA and ICA (cf. figure 6) are, as expected, partly negative. The
Phosphocholine-peak at 184.5 Da is detected as the most dominant peak by all methods,
but physical interpretation of the negative parts of the PCA and ICA component spectra
is difficult. This does not render the distribution of major peaks in the PCA and ICA
components uninformative, but the characteristic spectra of the underlying tissue types
13

Figure 8: An excerpt of the m/z range of the MALDI dataset between 170 and 190 Da.
The bar plot shows the intensities of these channels for the four components obtained
with pLSA (from left to right). The bar at the bottom color-codes the level of sparsity for
the intensity distribution for each m/z channel where light color indicates high sparsity
(discriminating peak) and dark color indicates low sparsity. We also give abundance maps
corresponding to those m/z channels with the highest sparsity value. At 177.5 Da, we see
a highly intense peak in the characteristic spectrum of tissue type three and low intensities
for the characteristic spectra of the other components. Apparently, this peak is typical
for tissue type three and can be used to distinguish this component from the others. In
contrast, if a peak appears with equal intensity in all four component spectra, it has no
discriminatory power.
are not directly revealed.
SIMS dataset. Decomposition results are given in figure 9. The reconstruction
error for PCA and ICA is significantly higher than for NN-PARAFAC and pLSA and
the complementarity of the estimated components is not well expressed (cf. tables 1 and
2). The contrast in the PCA and ICA abundance maps is very low and assigning these
components to regions in the label map is difficult. In comparison, the NN-PARAFAC
and pLSA solutions show higher contrast and complementarity. In the NN-PARAFAC
and pLSA decompositions, the most prominent peak in the spectra corresponding to the
first and third component (cf. supporting information B) lies at 115 Da (indium). Thus,
components one and three seem to correspond to background/holes, component two and
four to tumor and interface region and component five seems to represent gelatine. Necrotic
and viable part can be distinguished as well. The NN-PARAFAC result is similar to the
pLSA solution; the reconstruction error is slightly reduced whereas the complementarity
estimation shows that the components estimated with pLSA are slightly more sparse.
The AICc-type-controlled pLSA was capable of automatically estimating the number
of components and only slightly preferred the decomposition with four components over
the five component solution (see figure 1).
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Figure 9: Decomposition of the SIMS set with five components; see comments on figure
5. The corresponding spectral components are shown in supporting information B.
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Reconstruction Error
Norm
L1
L2
KL

PCA/ICA
3.5 · 101
1.0 · 10−1
2.2 · 100

MALDI
NN-P.
2.4 · 101
8.0 · 10−2
1.7 · 10−1

pLSA
2.3 · 101
9.5 · 10−2
1.3 · 10−1

PCA/ICA
9.4 · 100
1.4 · 10−2
1.2 · 100

SIMS
NN-P.
3.7 · 100
5.5 · 10−3
2.9 · 10−2

pLSA
3.9 · 100
6.6 · 10−3
2.5 · 10−2

Table 1: Reconstruction error for the two real-world datasets. The NN-PARAFAC and
pLSA reconstructions outperform the other methods by a large margin. PCA/ICA does
only well with respect to the L2 -norm. pLSA does best for KL-divergence, but it also
performs well with respect to the other norms. Furthermore, NN-PARAFAC and pLSA
grant increased interpretability.

Interpretations and method’s properties
Constraints and their effects. Possible explanations for the inferior performance of
PCA and ICA in our experiments lie in the constraints used by these methods. ICA relies
on the assumption that the reconstructed sources have minimal mutual information, i. e.
their statistical independence is maximal. The effect of this assumption is data-dependent
and may be beneficial in some scenarios and harmful in others. In situations where we
want to unmix data containing tissue types that differ only slightly and thus feature similar
spectral signatures, ICA may not be the right choice as a decomposition method. It is
unlikely to yield two similar characteristic spectra since these would feature high mutual
information. However, if this assumption holds we can hope for a good performance of
ICA.
PCA is handicapped in the detection of differences in tissue composition that manifest
themselves merely in small spectral changes, because such subtleties contribute little to
the overall variance of the data and are hence relegated to higher principal components
which are easily overlooked in the routine visual inspection of the first few components. In
our experiments, NN-PARAFAC and pLSA were better able to detect minor differences in
unmixing both, the pure and impure mixtures (cf. figure 3). In contrast to the constraints
used by PCA and ICA, the non-negativity constraint in NN-PARAFAC and pLSA is well
motivated by physical properties and valid for all count data sets.
Number of components and reconstruction accuracy. In contrast to PCA,
NN-PARAFAC and pLSA require the number of components k to be specified in advance.
This means that all observed spectral intensity and variability is distributed among the k
component spectra. This behavior is desirable if k equals the correct number of components. If k underestimates the correct number of components, such an approach does not
fully exploit information on further tissue types (see for example figure 5 where the four
component decomposition of the MALDI set does not reveal the necrotic part). For PCA,
the number of components is not specified in advance and the full decomposition is always
computed, even in cases where prior knowledge is available. Especially in such situations,
PCA results in way too many components since the number of tissue types that one is
interested in is normally much smaller than the number of mass channels, i. e. the number
of principal components estimated. In typical situations, one can only examine the first
few of possibly hundreds of principal components. This leads to a loss of information and
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Complementarity
Quant.
95
90
85
80
75
70
65
60
55
50

PCA
0.20
0.37
0.54
0.67
0.76
0.85
0.94
0.98
0.99
0.99

MALDI (4
ICA NN-P.
0.19 0.19
0.35 0.35
0.50 0.50
0.63 0.61
0.74 0.69
0.84 0.75
0.91 0.80
0.95 0.84
0.98 0.88
0.99 0.91

comp.)
pLSA
0.20
0.40
0.59
0.76
0.89
0.98
1.00
1.00
1.00
1.00

th.max.
0.20
0.40
0.60
0.80
1.00
1.00
1.00
1.00
1.00
1.00

PCA
0.25
0.47
0.63
0.75
0.84
0.92
0.97
0.99
1.00
1.00

SIMS (5 comp.)
ICA NN-P. pLSA
0.24 0.25
0.25
0.46 0.49
0.50
0.64 0.68
0.73
0.77 0.82
0.86
0.86 0.91
0.95
0.93 0.97
0.99
0.96 0.99
1.00
0.98 1.00
1.00
0.99 1.00
1.00
1.00 1.00
1.00

th.max.
0.25
0.50
0.75
1.00
1.00
1.00
1.00
1.00
1.00
1.00

Table 2: Complementarity estimation for the two real-world datasets (MALDI/SIMS). The
numbers reported correspond to the percentage of the region of interest that is covered after
combining the four/five thresholded component abundance maps at various quantiles. The
theoretical maximum which is only reached for perfectly complementary abundance maps
is also given. In both scenarios, the pLSA solution is significantly more complementary
than the PCA and ICA counterparts, and more complementary than the NN-PARAFAC
solution.
reconstruction accuracy. We have demonstrated that in scenarios where the number of
components is limited, NN-PARAFAC and pLSA are superior to PCA and ICA.
Complementarity. In our experiments on both simulated and real-world data, pLSA
clearly outperformed PCA, ICA and NN-PARAFAC with respect to the complementarity
of the estimated components (cf. table 2). It is not surprising that PCA results in low
complementary estimates since it always performs the full decomposition. For pLSA,
very often the theoretical maximum of the complementarity measure is reached or almost
reached. The numbers presented are backed by visual inspection that also suggests that the
NN-PARAFAC and pLSA partitionings are more sparse than the PCA and ICA solutions,
even though sparsity is not explicitly enforced. Sparsity simplifies interpretation and
should be recovered if present in the data, that is if most of the tissue predominantly
belongs to one (but not necessarily the same) class. The results obtained on the simulated
datasets show that NN-PARAFAC and pLSA not only perform well in the pure mixture
case, but also for heterogeneous tissue (cf. figure 3). The different mixture areas were
better reconstructed than with PCA or ICA. Furthermore, the NN-PARAFAC and pLSA
decomposition maps corresponding to the real-world data were convincingly correlated
with the structures that are visible in the label maps (cf. figures 2, 5 and 9).
Computation time. The computation time needed for NN-PARAFAC and pLSA
is higher than for PCA and ICA. However, in relation to the time required for data
acquisition, it seems safe to say that all methods are sufficiently fast to be applied in
practice.
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Conclusions
We have shown on simulated and real-world data that pLSA is a suitable approach for
unsupervised analysis of imaging mass spectrometry data. pLSA and NN-PARAFAC outperform PCA and ICA in terms of quality of the decomposition maps as they use an
additive model which correctly mirrors the physical properties of the data. In addition,
they offer superior physical interpretability as they produce normalized and non-negative
components which can directly be interpreted as peak intensity lists. They also lead to
more complementary components and retain high reconstruction accuracy. In contrast to
non-negative PARAFAC, pLSA is based on a sound probabilistic model. We have further
introduced the AICc-controlled pLSA, providing the methodology necessary to automatically estimate the number of tissue types, thus significantly decreasing the dependency on
sample-specific prior knowledge. We further have described how a sparsity measure can be
used to automatically identify those m/z channels that are relevant for the discrimination
of tissue types. This can give further valuable insights in exploratory data analysis.
MATLAB code for the AICc-enhanced pLSA is freely available on request from the
authors.
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A: Total ion count images and histologically stained parallel slices
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Figure 10: Total ion count images and histologically stained parallel slices for the MALDI
(left) and SIMS (right) dataset.
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B: Spectral components for the SIMS set
Figure 11 shows the estimated spectral components for the SIMS dataset and a five component decomposition. Please refer to the Experiments section of the paper for the corresponding abundance maps as well as more details on the dataset.
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Figure 11: Decomposition of the SIMS set with five components. The components have
been arranged according to the ordering of the abundance maps in the paper. The most
prominent peak in component one corresponds to indium (115 Da). Indeed, the tissue is
torn in the respective areas and the indium tin oxide-coated glass slide is exposed.
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C: Reconstruction accuracy metrics
To estimate the reconstruction accuracy of PCA, ICA, NN-PARFAC and pLSA, we first
created two vectors by concatenating all original (observed) spectra of a dataset and all
reconstructed spectra. We then calculated the L1 - and L2 -norm of the difference with
equation 13 and divided the result by the number of spectra in the dataset.
Equation 14 for KL divergence requires that the two concatenated spectra are probability distributions and are therefore all-positive and sum up to one. Non-negativity is
not guaranteed in the case of PCA and ICA. Especially if only a few components are used
in the reconstruction, it is possible that some channels of the reconstructed spectra exhibit negative values. We therefore set all channels in the reconstructed spectra that had
negative intensities to zero (which was beneficial for the PCA/ICA error estimates). Irrespective of the method used for the decomposition, we further added a small constant to
all values in the two concatenated vectors to avoid division by zero and finally normalized
the two vectors before applying equation 14.
Lp -norm of a vector a:

n
X
|ai |p )1/p
kakp = (

(13)

i=1

KL-divergence for two discrete probability distributions P and Q:
DKL (P ||Q) =

X
i
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P (i) log

P (i)
Q(i)

(14)

D: Decomposition of the MALDI set with eight components
Figures 12 and 13 as well as tables 3 and 4 illustrate the decomposition results for the
MALDI set with eight component. The abundance maps estimated by NN-PARAFAC and
pLSA are much clearer than their PCA/ICA counterparts. For many, a direct assignment
to one of the expected tissue types like viable or necrotic part is possible. Please refer to
the figure captions for further details.
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Norm
L1
L2
KL

Reconstruction Error
MALDI
PCA/ICA NN-PARAFAC pLSA
1.8 · 101
1.5 · 101
1.3 · 101
4.9 · 10−2
4.8 · 10−2
5.4 · 10−2
−1
−2
2.7 · 10
7.5 · 10
4.7 · 10−2

Table 3: Reconstruction error for the MALDI set and an eight component decomposition.
The NN-PARAFAC and pLSA reconstructions perform best.

Quant.
95
90
85
80
75
70
65
60
55
50

PCA
0.35
0.61
0.79
0.90
0.96
0.99
1.00
1.00
1.00
1.00

ICA
0.36
0.61
0.79
0.89
0.96
0.99
0.99
1.00
1.00
1.00

Complementarity
MALDI (8 comp.)
NN-PARAFAC pLSA
0.32
0.39
0.57
0.72
0.74
0.92
0.84
0.99
0.91
1.00
0.94
1.00
0.96
1.00
0.96
1.00
0.97
1.00
0.98
1.00

th.max.
0.40
0.80
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00

Table 4: Complementarity estimation for the MALDI set and an eight component decomposition. The numbers reported correspond to the percentage of the region of interest
that is covered after combining the thresholded component abundance maps at various
quantiles. The theoretical maximum which is only reached for perfectly complementary
abundance maps is also given. Again, the pLSA solution is significantly more complementary than the PCA, ICA and NN-PARAFAC results.
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Figure 12: Decomposition of the MALDI set with eight components. Here we have omitted
the colorbars for a clearly laid out visualization, but the scaling is chosen separately for
each component such that the coloring is over the whole range of zero to one. In PCA
and ICA, the sign of the components is arbitrary and has been changed to facilitate
comparison with the non-negative methods. For all methods except PCA, the ordering of
the components is arbitrary and has been permuted so as to facilitate comparison with
the PCA decomposition. The components obtained by NN-PARAFAC and pLSA are
much clearer than their PCA/ICA counterparts - especially with respect to component
three (vascularized). Components two (viable) and five (necrotic) are also nicely expressed
and have a clear localization. The third component is split up into two parts by pLSA
yielding components three and six. The latter shows some resemblance with the stained
image shown in figure 10. Furthermore, all components estimated by pLSA show spatial
coherence which goes well with the assumption that tissue normally has a spatial extent.
ICA performs better than PCA (see for example component four). The corresponding
spectral components are shown in figure 13.
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Figure 13: Decomposition of the MALDI set with eight components with all reconstructed
spectral components which have been arranged according to figure 12.

30

E: Reconstruction accuracies and complementarity estimates for a varying
number of components
The results obtained for the four and eight component decompositions of the MALDI set
suggested that NN-PARAFAC and pLSA are superior to PCA and ICA in terms of reconstruction accuracy and complementarity. In the following experiment we quantified the
reconstruction error as well as the complementarity for a varying number of components.
Since we always select the best combination of upper/lower quantile abundance maps for
PCA/ICA (see Experiments section of the paper) we only calculated decompositions where
the combinatorial complexity was still manageable.
The more components we take into account, the better the reconstructions get and if
we consider all PCA components, we end up with a perfect reconstruction. However, in
real-world applications we are often interested in reducing the dimensionality of the data
and examine only few components. In this scenario NN-PARAFAC and pLSA clearly
outperform PCA and ICA (cf. table 5). Concerning the complementarity estimates we
see that taking more components into account is not necessarily beneficial for PCA with
respect to its relative performance (see table 6).
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Comp.
2

3

4

5

6

7

8

9

10

Norm
L1
L2
KL
L1
L2
KL
L1
L2
KL
L1
L2
KL
L1
L2
KL
L1
L2
KL
L1
L2
KL
L1
L2
KL
L1
L2
KL

Reconstruction Error
MALDI
PCA/ICA NN-PARAFAC pLSA
5.1 · 101
3.9 · 101
3.7 · 101
−1
−1
1.5 · 10
1.4 · 10
1.8 · 10−1
3.8 · 101
5.0 · 10−1
2.8 · 10−1
1
1
4.4 · 10
3.3 · 10
2.8 · 101
−1
−1
1.2 · 10
1.0 · 1.0
1.3 · 10−1
3.6 · 100
3.8 · 10−1
1.7 · 10−1
1
1
3.5 · 10
2.4 · 10
2.5 · 101
1.0 · 10−1
8.0 · 10−2
1.2 · 10−1
0
−1
2.2 · 10
1.7 · 10
1.4 · 10−1
3.0 · 101
2.2 · 101
2.0 · 101
−2
−2
8.6 · 10
7.0 · 10
8.3 · 10−2
0
−1
1.6 · 10
1.5 · 10
9.1 · 10−2
2.8 · 101
1.8 · 101
1.6 · 101
−2
−2
6.6 · 10
5.8 · 10
7.1 · 10−2
4.9 · 10−1
9.7 · 10−2
6.8 · 10−2
1
1
2.1 · 10
1.6 · 10
1.5 · 101
5.9 · 10−2
5.1 · 10−2
6.2 · 10−2
−1
−2
3.8 · 10
8.0 · 10
5.7 · 10−2
1
1
1.8 · 10
1.5 · 10
1.3 · 101
4.9 · 10−2
4.5 · 10−2
5.4 · 10−2
−1
−2
2.7 · 10
7.1 · 10
4.7 · 10−2
1.5 · 101
1.3 · 101
1.3 · 101
−2
−2
4.1 · 10
4.0 · 10
5.2 · 10−2
−1
−2
1.4 · 10
5.6 · 10
4.3 · 10−2
1.5 · 101
1.2 · 101
1.2 · 101
−2
−2
3.8 · 10
3.6 · 10
4.7 · 10−2
1.3 · 10−1
5.2 · 10−2
3.9 · 10−2

Table 5: Reconstruction error for the MALDI dataset: a varying number of components
(first column) was used to confirm the results obtained for the four and eight component
decompositions. Naturally, the more components we use, the better the reconstruction
performance of PCA gets. However, in a real-world scenario we are often interested in
reducing the dimensionality of the data and normally consider only a few components.
For the MALDI-set, the AICc-type criterion suggests to use eight components for which
the reconstructions of NN-PARAFAC and pLSA are more precise.
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Comp.
2

3

4

5

6

7

8

9

10

Quantile
95
75
55
95
75
55
95
75
55
95
75
55
95
75
55
95
75
55
95
75
55
95
75
55
95
75
55

PCA
0.10
0.50
0.77
0.15
0.65
0.97
0.20
0.76
0.99
0.24
0.88
1.00
0.28
0.92
1.00
0.31
0.95
1.00
0.35
0.96
1.00
0.37
0.97
1.00
0.39
0.98
1.00

ICA
0.10
0.50
0.77
0.14
0.66
0.96
0.19
0.74
0.98
0.23
0.84
0.99
0.28
0.90
1.00
0.32
0.95
1.00
0.36
0.96
1.00
0.39
0.97
1.00
0.42
0.98
1.00

Complementarity
MALDI
NN-PARAFAC pLSA
0.10
0.10
0.46
0.50
0.69
0.90
0.14
0.15
0.55
0.75
0.75
1.00
0.19
0.20
0.69
0.89
0.88
1.00
0.22
0.25
0.77
0.98
0.94
1.00
0.26
0.30
0.83
1.00
0.95
1.00
0.29
0.34
0.86
1.00
0.96
1.00
0.32
0.39
0.91
1.00
0.97
1.00
0.36
0.43
0.91
1.00
0.97
1.00
0.36
0.45
0.92
1.00
0.97
1.00

th.max.
0.10
0.50
0.90
0.15
0.75
1.00
0.20
1.00
1.00
0.25
1.00
1.00
0.30
1.00
1.00
0.35
1.00
1.00
0.40
1.00
1.00
0.45
1.00
1.00
0.50
1.00
1.00

Table 6: Complementarity estimation for the MALDI dataset: a varying number of components (first column) was used to check if the results obtained from the four and eight
component decompositions also hold here. Again, pLSA outperforms the other methods.

33

F: Peak reconstruction
In order to verify if the four decomposition methods are capable of reconstructing the major
peaks of the three ground truth spectra in the simulated datasets, we compared the set of
major peaks in the reconstructed (spectral) components with the set of most intense peaks
in the respective ground truth spectra. This was done by the following procedure: We
first calculated various quantile spectra of the three ground truth spectra only containing
the most intense peaks. For example, the 95% quantile spectrum only features the top
five percent of the major peaks in the spectrum. For each decomposition method and
each reconstructed component, we also calculated the respective quantile spectra. For
each quantile, tissue type and method we then compared the resulting reduced spectrum
to the ground truth spectrum corresponding to the same tissue type and quantile. The
overlap of the peak positions contained in the two spectra is a measure of how well the
major peaks were reconstructed. A value of 1.00 is only reached if the positions of the
most intense peaks in the ground truth spectrum and the reconstructed spectrum are
completely identical.
The sign of the principal and independent components is arbitrary. In the case of
PCA and ICA, we therefore calculated the upper quantiles as well as the lower quantiles
to allow for a fair comparison. The latter were calculated by first inverting the sign of
the components and then extracting the major peaks as described above. We then used
the quantile spectrum (upper/lower) that showed more overlap with the respective ground
truth spectrum. Table 7 holds the results obtained for the two simulated datasets used
in the paper. The numbers suggest that NN-PARAFAC and pLSA are better suited to
extract the positions of the most relevant peaks than PCA or ICA.
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Quant.
95

90

85

80

⊘ 80-95

Comp.
1
2
3
1
2
3
1
2
3
1
2
3
1-3

Peak reconstruction
Simulated set (impure mixtures) Simulated set (pure mixtures)
PCA ICA NN-P. pLSA
PCA ICA NN-P. pLSA
0.43 0.57 0.86
0.86
0.63 0.63 1.00
1.00
0.71 0.71 0.71
0.71
0.63 0.63 0.88
0.88
0.71 0.71 0.71
0.58
0.75 0.50 0.75
0.88
0.46 0.69 0.85
0.85
0.50 0.63 0.81
0.81
0.77 0.85 0.77
0.77
0.38 0.50 0.94
0.94
0.54 0.54 0.54
0.62
0.63 0.38 0.75
0.75
0.47 0.63 0.79
0.58
0.50 0.63 0.88
0.88
0.79 0.79 0.84
0.84
0.42 0.46 0.92
0.92
0.42 0.42 0.68
0.68
0.46 0.33 0.83
0.83
0.50 0.58 0.69
0.65
0.44 0.59 0.88
0.88
0.69 0.73 0.88
0.88
0.38 0.44 0.88
0.88
0.38 0.42 0.69
0.73
0.50 0.44 0.88
0.88
0.57 0.64 0.73
0.75
0.50 0.51 0.88
0.86

Table 7: Simulated dataset: the table quantifies which fraction of the most intense peaks
in the (known) characteristic spectra of the three tissue types is also among the major
peaks in the corresponding spectral components estimated by the four methods. For each
method and each estimated spectral component we calculated various quantile spectra
containing only the most intense peaks. The resulting peak lists were then compared with
the corresponding quantile spectrum of the respective characteristic spectrum. The overlap
of the two peak lists is expressed as a number in [0; 1]. A value of 1.00 is only reached
if the positions of the major peaks in the ground truth spectrum and the reconstructed
spectrum are identical. In the case of PCA and ICA, the signum of the reconstructed
spectral components is arbitrary. Therefore, besides the upper quantile, we also calculated
the lower quantile spectrum by first inverting the signum of the component and then
extracting the major peaks as described above. We then used the quantile spectrum
(upper/lower) that resulted in a higher percentage of overlap. The last row gives the
average values of overlap obtained with the four methods. For pure and impure mixtures,
the percentage of overlap is highest for NN-PARAFAC and pLSA indicating that those
methods are able to better reconstruct the major peaks of the characteristic spectra than
PCA or ICA. Furthermore, ICA does better than PCA, especially in the impure setting.
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