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ABSTRACT: In recent years, mass spectrometry imaging (MSI) has been shown to be a
promising technique in oncology. The effective application of MSI, however, is hampered by
the complexity of the generated data. Bioinformatic approaches that reduce the complexity
of these data are needed for the effective use in a (bio)medical setting. This holds especially
for the analysis of tissue microarrays (TMA), which consist of hundreds of small tissue
cores. Here we present an approach that combines MSI on tissue microarrays with principal
component linear discriminant analysis (PCA-LDA) to predict treatment response. The
feasibility of such an approach was evaluated on a set of patient-derived xenograft models of
triple-negative breast cancer (TNBC). PCA-LDA was used to classify TNBC tumor tissues
based on the proteomic information obtained with matrix-assisted laser desorption
ionization (MALDI) MSI from the TMA surface. Classifiers based on two different tissue microarrays from the same tumor
models showed overall classification accuracies between 59 and 77%, as determined by cross-validation. Reproducibility tests
revealed that the two models were similar. A clear effect of intratumor heterogeneity of the classification scores was observed.
These results demonstrate that the analysis of MALDI-MSI data by PCA-LDA is a valuable approach for the classification of
treatment response and tumor heterogeneity in breast cancer.
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■ INTRODUCTION

In cancer treatment, there is a great need to develop tools that
can predict response to treatment. Mass spectrometry imaging
(MSI) is a powerful analytical technique that provides complex
molecular information to meet this objective. In particular,
matrix-assisted laser desorption ionization (MALDI) MSI has
shown its applicability to cancer research: it can probe
intratumor heterogeneity,1−3 and it can be used for tissue
classification,4−7 disease prognosis, and prediction of treatment
response.8−10 High-throughput analysis of clinical samples has
been made possible by the establishment of protocols for the
MALDI-MSI analysis of tissue microarrays (TMAs).5,11 This
has enabled the large-scale analysis of heterogeneous samples of
limited quantity.
The analysis of TMAs with MSI easily generates thousands

of spectra from hundreds of different tissue cores. In addition,
each spectrum consists of hundreds of different molecular ions.
Bioinformatic approaches that reduce this complexity are
required to exploit the full potential of MSI. Up to now, a
small number of studies have reported the use of PCA in
combination with LDA or related statistical methods for the

classification of MSI data.7,12−14 PCA is used as dimensionality
and noise reduction method, followed by LDA to build a
classification model. Efficient separation of tissue type based on
lipid profiles has been shown.13−15 Also, disease-specific
peptides and proteins could be identified in osteoarthritis and
pancreatic cancer by this method.7,12

Here we report on the use of MALDI-MSI in combination
with PCA-LDA to study the proteomic content of triple-
negative breast cancer (TNBC) patient-derived xenograft
(PDX) tumors. TNBCs account for ∼15% of breast cancers.16

TNBC is characterized by the lack of expression of the estrogen
receptor, progesterone receptor, and the human epidermal
growth factor receptor type 2 (HER2). Therefore, it is
considered difficult to treat because no targeted treatment is
available yet for this subtype of breast cancer and resistance to
conventional toxic chemotherapy frequently develops.17,18

Proteomic profiling of breast cancers has shown its
usefulness for response prediction and the selection of more
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effective treatment strategies.8,9 In current practice, no reliable
predictor of treatment response in TNBC before systemic
treatment starts is available. The analysis of xenograft models
by MALDI-MSI enabled us to study the proteomic content of
these tumors under controlled conditions. For each tumor
model multiple tissue cores were analyzed with MALDI-MSI
and used to predict response to the chemotherapeutic drug
cisplatin. Here we determine the predictive strength of MALDI-
MSI data for treatment response using PCA-LDA. We also
establish to which extent heterogeneity between the tissue cores
from a particular tumor model compromises response
prediction.

■ EXPERIMENTAL SECTION

Tissue Microarrays

The triple-negative PDX models had been specifically
generated to study the mechanisms involved in chemotherapy
response and acquired resistance. In a separate study, the
models were treated with cisplatin, as clinical studies have
shown a good response of TNBC to this cytotoxic drug.19 The
measured initial response of the models was categorized based
on tumor size (Supporting Information Figure S-1): nine
models responded well to the cisplatin treatment, resulting in a
reduction of the tumor size (“good response”). Three models
did not shrink or grow (“stable disease”), and seven showed
reduced growth when compared with the control tumors
(“progression”). Also, three models did not respond to the
treatment (“no response”).
Two TMAs (called hereafter TMA1 and TMA2) were

constructed, both containing cores (triplicate 0.6 mm cores)
from all 22 PDX breast cancer models. All tumor models were
poorly differentiated (grade III) TNBCs as assessed by
immunohistochemistry. The TMAs were constructed from
treatment-naive samples. The TMA2 contained tissue cores
from the same tissue blocks as TMA1, plus extra tissue cores
from different tumors of the same PDX models. In this way, the
reproducibility of the method and the tumor-to-tumor variation
could be determined.

Tissue Preparation

Serial 5 μm sections were cut from the TMA blocks and
mounted onto ITO-coated glass slides. The tissue cores were
deparaffinized using xylene washes (100%, twice for 5 min) and
rehydrated using graded ethanol washes (100% twice and 95%,
80%, and 70%, all 5 min), followed by water washes (twice, 3
min) to make the TMAs amenable to MALDI-MSI analysis.
Antigen retrieval was performed by heating the slides in a 10
mM Tris buffer (pH 9.0) at 95 °C for 20 min. The slides were
allowed to cool to room temperature, rinsed with water, and
dried in a desiccator.
Local, on-tissue digestion was performed with trypsin,

thereby preserving the spatial localization of the proteolytic
peptides. A trypsin solution of 0.05 μg/μL was spotted in an
automated manner (CHIP 1000, Shimadzu). A total of 5 nL
was deposited per spot with a raster size of 200 × 200 μm.
Trypsin spots measured ∼100 μm in diameter. The sections
were incubated overnight at 37 °C.
Finally, CHCA matrix solution was prepared at a

concentration of 10 mg/mL in 50% ACN (v/v) and 0.1%
TFA (v/v) in water and was sprayed onto the sections by a
vibrational sprayer (ImagePrep, Bruker Daltonics).

MALDI-MSI Experiments

MALDI-MSI analyses were performed using a MALDI
quadrupole time-of-flight SYNAPT HDMS mass spectrometer
(Waters Corporation). The mass spectrometer was operated in
TOF mode optimized for positively charged ions. Data were
acquired in the range of m/z 200−3500 at a raster size of 150
μm. On average 16 spatially resolved spectra were recorded for
each core.
Data Processing

Tissue core-specific spectra were extracted for data processing
and subsequent statistical analysis. The spectra were subjected
to peak detection using an in-house developed algorithm.20 The
ChemomeTricks toolbox for MATLAB was used for further
preprocessing and analyses.20 All spectra per core were
averaged to create one representative spectrum per core.
Averaged spectra per tissue core were used to reduce the
influence of outliers in the data and improve the signal-to-
noise-ratio. This approach improved the stability of the
multivariate analysis results. A similar observation was reported
by Gerbig et al.13 Histological assessment of the tissue cores
revealed that they were highly heterogeneous. Spectra were
selected only from tissue regions with at least 80% tumor cells
to reduce the variability caused by the presence of mostly
stroma but also some necrotic regions. On average 13 spectra
were selected per tissue core and used for subsequent analyses.
This selection was compared with the full data set (on average
16 spectra per core) to determine the influence of the
introduction of additional variability. An example of a
heterogeneous tissue core can be found in Supporting
Information Figure S-2.
Multivariate Statistical Approach

a. Data Sets. We performed multivariate statistical analyses
on the data sets of both TMAs (TMA1 and TMA2). The aim
was to identify a proteomic signature that could differentiate
between the tumor models that did respond to the cisplatin
treatment (responders) and the models that did not or hardly
respond to the treatment (non-responders). For this purpose,
tumor models that had experimentally shown to have a “good
response” or “stable disease” were categorized as responders.
Tumor models that had shown “no response” or “progression”
were categorized as non-responders.
The average tissue core spectra were either assigned to the

responder (n = 12) or non-responder (n = 10) class (Table 1).

On average six and eight tissue cores per tumor model were
present in TMA1 and TMA2, respectively. Measurements of
consecutive TMA sections were used to build the classifier. The
data analysis workflow is summarized in Figure 1.

b. Principal Component Analysis. The spectra were
normalized to their total ion count and the mass intensities
were standardized to zero-mean and unit variance prior to PCA.
PCA was performed on the average tissue core spectra with
3524 variables (mass intensities) each. PCA performs a linear

Table 1. Samples Used for Construction of the Classifiers
Based on TMA1 and TMA2

data set response class no. of tumor models no. of tissue cores

TMA1 responder 12 70
non-responder 10 51

TMA2 responder 12 113
non-responder 10 67
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transformation of the data in the direction of the largest
variance. It defines new variables consisting of linear
combinations of the original ones, so-called principal
components (PCs). The first purpose of PCA was to reduce
the dimensionality of the data. Second, PCA was employed to
discard noise. It is important to note here that by using PCA it
is assumed that the differences between the treatment response
classes are one of the main sources of variation in the data and
are thus described by the PCs. Otherwise these differences are
lost in the PCA-based data reduction.
c. Linear Discriminant Analysis. Two individual classifiers

were constructed based on TMA1 and TMA2, respectively. For
this purpose, we used a two-step supervised classification
method using a combination of PCA and LDA.21 The PCs were
used as input variables for the LDA. LDA calculates a linear
combination of variables, in this case the PCs, that maximizes
the ratio of the between-class variance and the within-class
variance (Fisher’s criterion). In other words, it finds the
combination of PCs that leads to small discriminant score
distances in LDA space within each class and large score
distances between the classes. A tumor model is assigned to
class i if the mean discriminant score of the tissue core spectra
of this model is closest to the mean discriminant score of class i.
d. Double Cross-Validation. Classifiers built on highly

dimensional data sets are prone to overfitting. It is, therefore,
important to evaluate whether the classifier has been built with
random fluctuations in the data or has predictive power.
Classifiers are typically validated on independent samples.
However, only 22 PDX models with tested initial treatment
response were available. Instead, a leave-one-out cross-
validation procedure was used to estimate the error rates of
the classifiers. Leave-one-out cross-validation is an accepted
validation method when the size of the data set is small.22

Before anything else, the number of input PCs for the PCA-
LDA needed to be estimated. This estimation was incorporated
in the cross-validation by using a double leave-one-out cross-
validation procedure as previously described to avoid the
introduction of bias.23

The double leave-one-out cross-validation was performed as
follows: all spectra from one tumor model were set apart as test
spectra. Next, the optimal number of PCs was determined
based on leave-one-out cross-validation using the spectra from
the remaining 21 tumor models. The number of PCs to use was
chosen based on optimal classification performance of the
classifier, using the least number of PCs. The optimal number
of PCs was 34 for the classifier based on TMA1 and 25 for the

classifier based on TMA2. Then, the separate test tumor model
was classified using the number of PCs as determined
independently from the test tumor model. This procedure
was repeated for all tumor models. Combined, the total number
of misclassified tumor models gave an estimate of the error rate
of the classifier.

e. Reproducibility Tests. The reproducibility of the
method was evaluated by testing the classifiers using the
alternate TMA. A classifier was trained on TMA1 and tested on
TMA2 and vice versa. The same number of PCs was used as
previously determined. The day-to-day variability was corrected
using PCA-LDA as follows: each TMA data set was assigned a
class. PCA-LDA was performed and the variance described by
the resulting discriminant function was excluded from both data
sets. The corrected data sets were used for the reproducibility
tests.

■ RESULTS AND DISCUSSION

Predictions

The classifier based on TMA1 correctly predicted the treatment
response for 17 out of 22 tumors, as determined by double
cross-validation (Table 2). The classification model based on

TMA2 had a classification accuracy of 13 out of 22 tumor
models, of which 11 were also correctly classified based on the
TMA1 classifier. The tissue core spectra classification scores for
the cross-validation of TMA1 and TMA2 can be found in
Figure 2. The correlation between the two models was
quantified by calculating the correlation coefficients of the
resulting loading plots and the average discriminant score per
tumor model. The correlation coefficients were 0.73 and 0.82,
respectively, indicating the similarity between the two models.
Figure 3a shows the PCA-LDA loading plots of the TMA1 and
TMA2 classifiers colored according to the extent of peptide
peak contributions to the models. The images that depict the
spatial distribution of exemplary peptide peaks with high
loadings in both models are shown in Figure 3b.
Duplicate measurements of consecutive TMA sections

resulted in very similar classification scores for each tumor
model in the cross-validation (Supporting Information Figure
S-3), giving an indication of the reproducibility of the method.
Thus, the difference between the performances of the classifiers
might be due to the different composition of the tissue
microarrays of TMA1 and TMA2: only 40% of the tissue cores
of TMA2 originated from the same tissue pieces as the tissue
cores of TMA1. The remaining cores originated from different
tumor pieces of the same PDX models.
Projection of the Predictions on the Pixel Level

The results can be visualized as a class image because spatial
information is retained and remains associated with the spectra.
The classification score for each pixel is plotted using a color
code. Figure 4b shows the classification images for TMA1 and

Figure 1. Summary of the data analysis workflow. The classifiers based
on TMA1 and TMA2 are used to predict treatment response on the
tumor, tissue core, and pixel (single spectrum) level.

Table 2. Classification Results for the Double Cross-
Validations and the Reproducibility Tests Using the
Alternate TMA as Training Set

data set cross-validation reproducibility test

TMA1 tumor model 17/22 (77%) 15/22 (68%)
tissue core 78/121 (64%) 76/121 (63%)

TMA2 tumor model 13/22 (59%) 18/22 (82%)
tissue core 127/180 (71%) 125/180 (69%)
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TMA2. The overall observed similarity of the scores for each
tissue core gives an indication of the stability of the classifier.
Tumor cores with ambiguous classification scores on the core
level typically exhibit a mixture of yellow and red pixels,
indicative for the heterogeneity of the tissue. Hematoxylin and
eosin (H&E) stained adjacent sections from the entire TMAs
can be found in Supporting Information Figure S-4.
Comparison of the Classifiers

a. On the Tissue Core Level. The reproducibility of the
method was evaluated by testing the classifiers, which were
both based on all 22 PDX models, using TMA1 as training set
and TMA2 for validation as well as vice versa. It should be
noted here that the two TMAs were analyzed independently
from each other at more than half a year interval. In addition,
the tissue core layout of TMA2 was completely randomized as
compared with TMA1 to avoid bias introduced by the position
of the tissue cores in the TMA. The reproducibility tests
revealed 4 wrong predictions out of 22 for the TMA1 classifier
and 7 out of 22 for the TMA2 classifier (Table 2). These results
can be explained by the performance of the classifiers: 8 out of
the 11 misclassifications in the reproducibility tests were also
misclassified in the cross-validations. This means that these
tumor models are not well described by the classifiers. It should
be noted that the tumor models were assigned to two discrete
classes only for the purpose of classification. It was expected
that the intermediate response PDX models would be more
difficult to classify than the “good” or “no response” PDX
models. Unsurprisingly, the four most often misclassified tumor
models were models with an intermediate experimental

response, that is, “progression” or “stable disease”. Supporting
Information Figure S-5 shows the number of misclassifications
per tumor model.
One would expect that variation between different tumors

from the same PDX model might result in a poorer
performance of the classifiers. However, a similar percentage
of misclassifications was found for duplicate cores from the
same tumor piece as for cores from different tumors of the
same PDX model, yet the introduction of biological variation
between the duplicate cores cannot be excluded because of the
heterogeneity between the tumors within one PDX model
system.
A duplicate tissue microarray for TMA1 was measured, at a

year interval, to further test the reproducibility of the method.
This new data set is predicted, using the classifier based on
TMA1, with three misclassifications (8 of the 56 cores were
misclassified). In line with our previous findings, those three
tumor models were already determined to not fit well in the
classification model based on TMA1. Proteomic differences
between the duplicate tissue microarray and TMA1 cannot be
excluded because the duplicate originated from another part of
the TMA block.

b. On the Pixel Level. Figure 4c shows the classification
maps for the reproducibility tests. The reproducibility test
predictions are overall in agreement with the treatment
responses. Similar predictions on the pixel level are observed
for most tissue cores. However, also some heterogeneous
predictions for single tissue cores are present, represented by
mixed colors in the class images.
The extent of the observed heterogeneity in predictions was

quantified as follows: for each PDX model the percentage of
correctly classified pixels was determined, and this percentage
was averaged over all data sets. Overall, 11 models show limited
variation in classification score, defined as >70% or <30%
correctly classified pixels (Supporting Information Figure S-6).
The other models show a larger spread in classification scores.
MALDI-MSI spectra are known to exhibit variability due to
technical issues, for example, noise, the probing of mixtures of
cells at the used spatial resolution and matrix preparation
effects;24 therefore improved reliability of classification can be
obtained at the core or tumor level. A higher percentage of
tissue cores with mixed prediction scores is present in TMA2
than in TMA1, reflecting the poorer separation achieved by the
classifier based on TMA2. One would expect, from a
histological perspective, that biomolecular heterogeneity gives
rise to spectra with high variance. This heterogeneity might
contribute to the observed distribution of classification scores.
The classifiers will need to be tested on larger, homogeneous
tissue sections to determine to which extent the spread in
classification scores is caused by real tissue heterogeneity and
not by technical variability.
In general, technical and biological variability between

experiments limited the classification accuracies that were
obtained, enhanced by the fact that the study was based on a
small number of tumors. The small sample set was a reason for
using LDA instead of a more complicated model with multiple
free parameters. For example, genetic algorithms would not be
very useful because they are prone to overfitting. An additional
advantage of PCA-LDA is the possibility to evaluate the
contribution of individual variables to the model. One would
expect that different tumor classes have different peptide
profiles that are revealed in the measurements. A follow-up
study with clinical samples is required to externally validate

Figure 2. Box plots for the cross-validation of TMA1 and TMA2. The
classification (discriminant function 1) scores are shown for the
responder models (yellow) and the non-responder models (red). The
classifier was constructed using the average core spectra from 21
tumors (training set), followed by classification of the spectra from the
22nd tumor (test set). Responder spectra are assigned positive values
and non-responder spectra are assigned negative values in the
classification models. The box plots represent the lower quartile,
median (stripe), mean (dot), and upper quartile of the rescaled
classification scores.
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these results. Moreover, the statistical approach might benefit
from improved feature extraction. It is assumed in PCA-based
feature extraction, as previously mentioned, that treatment

response is one of the main sources of variation in the data.
Variance, however, due to small differences between the
treatment response classes might be poorly described by the
PCs. These subtle changes, as for example differences in
proteomic content in this study, can provide valuable
information.

c. Taking into Account Tissue Heterogeneity. All
results shown so far have been obtained with the spectra from
regions with high tumor cell content. It is generally accepted,
however, that the tumor microenvironment has an impact on
treatment response.25 New classifiers were built based on
TMA1 and TMA2 using all spectra per core (SI Table S-1).
Highly similar classification accuracies were obtained as
compared with the accuracies previously reported. The new
classifiers based on TMA1 and TMA2 correctly predicted the
treatment response for 17 out of 22 and 14 out of 22 tumors,
respectively (SI Table S-2). Interestingly, the reproducibility
was increased. In particular, the classifier based on TMA2
showed a higher reproducibility (∼20% higher). Histological
analysis showed that the tumor cell content was on average the
same in both treatment response classes (data not shown);
therefore, an effect caused by an uneven distribution of tumor
tissue can be excluded. Although it is difficult to find a
biological interpretation of this result due to the “black box”
nature of the experiment, it is clear that the included
heterogeneity has a positive impact on the classification in
this study.

■ CONCLUSIONS

In this work an approach is presented for the prediction of
treatment response of PDX models of TNBC on the basis of
MALDI-MSI data of TMAs. The results show its potential as a

Figure 3. (a) PCA-LDA scaled loading plots of TMA1 and TMA2 colored as a function of variable (peptide peak) contribution in the projection.
Scaling is applied by multiplying with the standard deviation of the original variables. (b) Selected ion images of variables with high loadings.

Figure 4. Classification results for TMA1 and TMA2 on the pixel
level. The classification score for each spectrum is projected on its
pixel location. (a) Schematic representation of the tissue microarrays
with the responders (yellow) and non-responders (red). (b) Cross-
validation classification scores. A clear difference between the
responders and non-responders is observed. (c) Reproducibility test
results for TMA1 and TMA2 on the pixel level. The TMA1 classifier
was used to test the spectra from TMA2 and vice versa. Overall
agreement between the schematic representation of the tissue
microarrays and the reproducibility test results is observed. Also
mixed color tissue cores are present. These cores show a
heterogeneous classification: responder (yellow) pixels and non-
responder (red) pixels are observed within one core.
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tool to study and predict treatment response in a high-
throughput way; hundreds of cores can be analyzed in a single
measurement. In addition, the method described here permits
the classification of treatment response with direct correlation
to histologically defined regions of interest. We have described
how multiple tumors from the same PDX model could be used
to assess the reproducibility of the method, showing both
technical and biological variability. Further development of
multivariate statistical approaches will bring MSI closer to
clinical application.
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