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ABSTRACT

Mass spectrometry imaging (MSI) reveals the localization of
a broad scale of compounds ranging from metabolites to pro-
teins in biological tissues. This makes MSI an attractive tool
in biomedical research for studying diseases. Computer-aided
diagnosis (CAD) systems facilitate the analysis of the molec-
ular profile in tumor tissues to provide a distinctive finger-
print for finding biomarkers. In this paper, the performance
of recurrent neural networks (RNNs) is studied on MSI data
to exploit their learning capabilities for finding irregular pat-
terns and dependencies in sequential data. In order to de-
sign a better CAD model for tumor detection/classification,
several configurations of Long Short-Time Memory (LSTM)
are examined. The proposed model consists of a 2-layer bi-
directional LSTM, each containing 100 LSTM units. The
proposed RNN model outperforms the state-of-the-art CNN
model by 1.87% and 1.45% higher accuracy in mass spec-
tra classification on lung and bladder cancer datasets with a
sixfold faster training time.

Index Terms— Recurrent Neural Networks (RNN), Mass
Spectrometry Imaging (MSI), cancer detection, deep learn-
ing, long short-term memory (LSTM).

1. INTRODUCTION

Cancer is a devastating disease that affects millions of people
worldwide per year and detecting cancerous regions is very
important for diagnosis and treatment [1]. Mass Spectrome-
try (MS) is an analytical method for measuring the masses of
particles and can be applied to analyze tumors [2]. MS data
includes one-dimensional ion-particle signals as a function
of the mass-to-charge ratio. Mass spectrometry imaging
(MSI) is a novel molecular imaging technique that measures
the MS data in several spots on the surface of the tissue,
usually applied on a 2D grid which can be visualized as a
multi-channel image [2]. Such an image represents the spa-
tial distribution of proteins, peptides, lipids and other small
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Fig. 1: (left) spectra in two locations on the bladder-tissue
surface; (right) multi-channel MS image

molecules within the surface of the tissue slice. This complex
signal has high potential for addressing different diagnostic
and prognostic clinical studies, like detecting tumorous and
healthy regions, classifying cancer subtypes, grading metas-
tases, etc. However, analysis and interpretation of MSI data
requires specialized methods. Figure 1 shows an MSI exam-
ple from a slice of bladder tissue, which illustrates the need
for computer-aided diagnosis (CAD) of such a signal.

Recent advances in machine learning have made artifi-
cial neural networks (ANNs) a powerful tool for processing
the complex high-dimensional data as an image. Recurrent
Neural Networks (RNNs) are a family of ANNs, initially
proposed for learning temporal dynamics in sequential data,
where there are unknown dependencies between the elements
of a sequence [3]. The recurrent properties of RNNs have
proven useful in multi-dimensional sequence processing and
irregular pattern extraction and are able to learn spatial de-
pendencies in signals such as MSI data [3]. Long short-time
memory (LSTM) networks are a subset of RNNs and address
the problem of exploding and vanishing gradient in conven-
tional RNNs [4]. LSTM networks are especially capable in
handling the learning of long-term dependencies and apply-
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ing LSTM networks can further increase the performance of
present gold-standard cancer identification methods [5, 6].

2. RELATED WORK

Bright-field microscopy is a common practice in clinical
pathology. MSI has several advantages over the conventional
histopathology bright-field microscopy [7]. However, inter-
preting and diagnosing the mass spectra is not so straight-
forward as with stained histopathological slides (e.g. by
pathologists), thus making the CAD approach essential. Sev-
eral studies investigated MSI signal processing and pattern
recognition with machine learning methods for feature ex-
traction and classification [8–11]. Apart from the standard
signal processing techniques, more advanced methods in-
cluding ANNs like Convolutional Neural Networks (CNNs),
are investigated. For example, in the work of Spencer et
al. [12], auto-encoders are used to reduce the dimension-
ality of the MSI data and identify only the most indicative
variables. In [11] and [13], the CNNs for biological tissue
classification, such as lung, pancreatic and gastric cancer, are
investigated.

In this paper, the performance of LSTM networks, in com-
bination with various configurations, is studied for classifying
mass spectra applied to clinical data, containing tumorous and
healthy tissues. Two recent state-of-the-art developments are
considered for comparison with the proposed model: (1) the
PCA/LDA method by Boskamp et al. [8] that uses principal
components analysis (PCA) and linear discriminant analysis
(LDA) methods, and (2) the CNN approach by Behrmann et
al. [11] that uses the recent advanced techniques in a deep
CNN called IsotopeNet, to classify cancerous lung tissue.

The contribution of this work are twofold. First, differ-
ent LSTM architectures are explored to maximize the clas-
sification performance on MS data. Several configurations
have been examined such as increasing complexity (e.g. by
adding hidden layers), implementing a bi-directional archi-
tecture, applying Lasso regression (or L1 regularization) and
augmenting the MS data. Second, the performance of the
LSTM approach is compared with the PCA/LDA and Iso-
topeNet models. With experiments, it is shown that LSTM
networks are able to learn the local and non-local patterns in
MS data and outperform the two state-of-the-art methods in
mass spectra classification.

3. METHODOLOGY

3.1. LSTM network architecture

A variation of the LSTM architecture proposed by Zhang et al.
[14] is considered as the baseline LSTM model. This model
consists of a single LSTM layer with 500 LSTM units, fol-
lowed by a dense layer with two output nodes and the rectified
linear unit (ReLU) non-linearity function. The input to the

network is all mass spectra of a sample (e.g. a vector with
27,286 elements) and the output is the binary label represent-
ing the input class.
For achieving a better performance on MS-data classification,
several variants to the baseline model are investigated and
their impacts on the classification performance are evaluated:

1. The number of units in the LSTM layer were varied
from 10 up until 1,000. Adding more LSTM units in-
creases the dimensionality of the latent space and leads
to increased learning capacity of the network.

2. The number of layers (depth) of the model was var-
ied from 1-4 layers deep. Exploiting more layers helps
the network learn higher-order dependencies and con-
sequently capturing more complex patterns in a hierar-
chical structure.

3. With and without bi-directional architecture. For merg-
ing the forward and backward networks averaging, con-
catenation and summation operators are used.

4. Batch normalization and dropout, on the weights of the
input layer, were introduced. Applying dropout can de-
crease over-fitting whilst batch normalization can speed
up the training time [15–17].

5. L1 regularization, or Lasso regression, is used for di-
mensional selection due to the sparsity of the MS se-
quences, in order to further increase the performance
of the model [18].

6. Data augmentation is proposed for increasing the varia-
tion in the data and amplifying the generalization power
of the model. However, applying it on the MSI data has
no established precedent and is not straightforward. A
variation of the PCA data augmentation method called
Fancy-PCA was employed, which is adjusted from the
work of Krizhevsky et al. [19]. To do so, first the co-
variance matrix of training data is computed. After-
ward, by applying the Singular Value Decomposition,
eigenvalues are augmented by a random factor in the
range of [1, 1.7] and the new samples are generated.

Combinations of all above considerations are proposed for
improving the baseline model and achieving a higher perfor-
mance for MSI data classification.

3.2. Experiments

3.2.1. Datasets

Two datasets were used to evaluate the proposed method. The
first dataset is used in the work of Boskamp et al. [8] and
Behrmann et al. [11] which is publicly available. This dataset
includes the MS data from two types of lung cancer: carci-
noma and squamous cell carcinoma. For better comparison
of the acquired results with [8] and [11], the same data parti-
tioning was used. The data was divided into 8 sets and was
used with a fourfold cross-validation scheme. The data con-
sists of a total of 4,672 MS samples from 8 patients [8].
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The second dataset in this paper is a bladder-tissue dataset
from 9 patients. The tissues were serially sectioned by the
Academic Medical Center (AMC) in Amsterdam. Half of
the provided sections (e.g. all odd-numbered sections) are
used for hematoxylin and esoin (H&E) staining and bright-
field microscopy. The histological annotations were provided
by uropathologist and were used as the ground truth for the
other half of the sections (all even-numbered sections). In
turn, the last are used for the MSI at Maastricht University
(Maastricht, The Netherlands). The MS data were obtained
at a spatial resolution of 50 μm with a RapifleX Time-of-
Flight mass spectrometer across the mass-to-charge-ratio
(m/z) range of 800− 3, 000Da (see Figure 1). The resolution
is 0.0498Da, resulting in 44,161 bins over the whole range.
A subset of 13,000 samples are used, all representing either
urothelial cell carcinoma or healthy urothelium and healthy
detrusor muscle tissue. The samples are distributed evenly
over those two classes. The dataset is divided into a threefold
cross-validation scheme at patient level. Here, the task is
the classification of mass spectra belonging to tumorous and
muscular tissue. Figure 2 shows an H&E-stained tissue with
the overlaid ground truth.

3.2.2. Metrics

The performance of the binary classification is measured with
the balanced accuracy metric, calculated by 1

2 (
TP
P + TN

N );
where P and N are the numbers of positive and negative pre-
dictions, respectively. Here, TP and TN are the numbers of
true positives and true negatives, respectively. Balanced ac-
curacy is more indicative than accuracy, as it considers the
possible effect of an imbalanced dataset [20].

For exploring the best network architecture, all experi-
ments are performed on the lung cancer dataset only. There-
after, the best model is selected and its performance is eval-
uated on the bladder dataset. This is done to ensure that the
performance of the suggested model is not data-dependent.
Subsequently, a comparison is made between the LSTM ap-
proach and the two state-of-the-art methods (i.e. PCA/LDA
and IsotopeNet). This experimental setup prevents possible
bias towards the training data. As complementary metrics,
the F-1 score and the area under the curve (AUC) of the best
architecture are reported.

4. RESULTS

In Table 1, the performance of the baseline model along with
several configurations of the LSTM network are reported.
For training all variants of the model, the following constant
configuration was applied: batch size of 32, learning rate of
10e-4, maximum number of 100 epochs, RMSprop optimizer,
binary cross-entropy loss, and the use of HE parameters ini-
tialization [21].The observations of the experimental results
are as follows.

• Increasing the number of LSTM units in a single-layer

Table 1: Exploration results of experiments

Exploration parameters deviating Balanced Training
from the base architecture accuracy time[s]

(Base) 1 layer, 100 LSTM units 0.8278 1170.8
10 LSTM units 0.8044 964.3
20 LSTM units 0.8215 1290.7
50 LSTM units 0.8296 1534.2
200 LSTM units 0.8304 1213.4
500 LSTM units 0.8308 1683.1
1000 LSTM units 0.8381 2291.6
2 layers 0.8295 460.0
3 layers 0.8281 397.7
4 layers 0.8287 370.8
Bidirectional, concat. merging 0.8301 1610.0
Bidirectional, averaging merging 0.8359 1652.7
Bidirectional, summing merging 0.8289 1722.9
2 Layers, Batch normalization 0.8180 537.0
2 Layers, Dropout (0.5 dropout rate) 0.8350 1367.0
L1 regularization (before Base) 0.8479 220.4
Data augmentation (x2 signal) 0.8282 2432.2
Data augmentation (x3 signal) 0.8265 3706.7
Data augmentation (x4 signal) 0.8278 6311.6
Batch normalization and dropout 0.8302 904.2
L1 reg., Batch norm. and dropout 0.8415 979.1
(2x) L1 reg., Batch norm., dropout 0.8501 1095.4

network leads to increasing the classification perfor-
mance. However, using more than 50 units shows no
noticeable improvement, only the training/execution
time is increased. For example, employing 1,000
LSTM units shows the best performance: the balanced
accuracy is improved only about 7 × 10−3 in compar-
ison with 500 units, at the cost of a 48.9% increase in
training time.

• Increasing the depth of network by adding more hidden
LSTM layers, does not increase the accuracy further af-
ter 2 layers. However, the training time decreases dra-
matically (around 60% from the baseline).

• The bi-directional architecture by an ensemble of two
networks (forward and backward), improves the per-
formance as expected by 1% (for averaging merging)
at the cost of a 29.1% increase in training time.

• Batch normalization decreases the accuracy by 1.2%,
but it reduces the training time by 54.1%.

• The dropout technique increases the accuracy by 0.9%,
at the cost of a 14.4% higher training time.

• Data augmentation does not increase the performance.

Table 2 shows the best performing architecture. It con-
sists of two bi-directional LSTM networks, with 100 LSTM
units, in its hidden layers and the L1 regularization. The dense
layer maps the input mass spectra into 100-dimensional space
on which the LSTM units are applied. The L1 regularization
is applied to the weights of the dense layer, in order to force
some weights towards zero. The bi-directional network uses
average merging to combine the output of the LSTM layers
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Fig. 2: Prediction of the proposed model on bladder tissue;
(left) H&E slide with the overlaid ground truth; (right) model
predictions at the laser spots of sampled MS data in MSI.

Table 2: Best performing RNN LSTM architecture

Layer Shape
Input* (-, 1, 27286)
Dense (L1 regularized) (-, 1, 100)
Bidirectional (”averaging” merging) (-, 1, 100)
Bidirectional (”averaging” merging) (-, 100)
Dense (with Softmax activation) (-, 2)
* for the bladder data the input shape is (-, 1, 44,161)

Table 3: Comparison of CNN and RNN architectures

Method
Training time per

epoch [s] No. of param.

IsotopeNet 12.751 13,935
RNN 2.001 3,050,502

in forward and backward directions. Finally, a dense out-
put layer, followed by a softmax activation layer, maps this
embedded space into the output labels. Dropout did not con-
tribute to the final architecture as it does not improve the per-
formance on the lung dataset. However, when training the
model on the bladder data, dropout was added. This was
necessary to avoid over-fitting on the bladder mass spectra
because of its higher dimensionality equal to 44,161 (about
38.2% more than the lung dataset). Figure 2 illustrates the
performance of the RNN architecture on the bladder dataset.

The balanced accuracy, AUC and F-1 score results of the
proposed LSTM network, in comparison with the PCA/LDA
and IsotopeNet are shown in Table 4. The PCA/LDA was
implemented according to work of Boskamp et al. [8] for up
to 100 principal components. The RNN and IsotopeNet ap-
proaches use an interquartile range for the dispersion of the
results. Furthermore, Table 3 shows the measured training
time of the RNN and the CNN architecture in TensorFlow on
a GTX-1080 graphics card.

5. DISCUSSION

The LSTM approach obtains on the lung cancer dataset a
7.68% higher accuracy than the conventional PCA/LDA ap-
proach [8]. It also outperforms IsotopeNet, proposed by the
recent advances in CNNs, by about 1.87% higher accuracy on
the same set. On the bladder dataset, RNN performs 15.7%

Table 4: Balanced Accuracy, AUC and F-1 score results

Method Lung cancer data Bladder dataset
Balanced Accuracy

PCA/LDA 0.7869 0.6689
IsotopeNet 0.8450 ±0.007 0.8115 ±0.1634 [22]
RNN 0.8637 ±0.012 0.8260 ±0.023

(F-1 score, AUC)
PCA/LDA (0.8259, 0.7868) (0.673, 0.666)
IsotopeNet (0.853, 0.841) (0.834, 0.893) [22]
RNN (0.865, 0.870) (0.840, 0.832)

and 1.45% higher than PCA/LDA and IsotopeNet, respec-
tively. Although the proposed RNN model has over 200 times
more parameters than the IsotopNet, it trains 6 times faster.
This is explained by the lack of convolution operators, as used
by CNN, and by the simple forward and backward gradient
propagation of an LSTM network.

Adding more than 100 units to a single-layer LSTM net-
work does not further improve the results. This can originate
from saturated learning of the network, meaning that there are
increasingly less dependencies to be learned. Similarly, in-
creasing the depth without performance improvements can in-
dicate that a single-layer network already has sufficient com-
plexity for learning the task. The reason that data augmenta-
tion did not improve the performance may come from the as-
pect that the added variations to the data did not influence the
critical input space close to the decision boundary between
two classes.

6. CONCLUSIONS

The proposed LSTM model, for cancer detection and clas-
sification on MSI data, consists of 2 hidden layers in a bi-
directional architecture, which outperforms the recent ad-
vanced CNN approach in MS classification by a moderate
1.87% and 1.45% higher accuracy on two clinical datasets,
but with a 6 times faster training time. These aspects are
highly relevant for an efficient CAD system. The proposed
model is motivated by the nature of MSI data containing local
and non-local dependencies between the elements of the spec-
trum, capturing the cancerous fingerprint in data. This finding
is in agreement with the presence of biological signatures for
isotopes and proteins in mass spectra. The LSTM networks
have proven to model well the long irregular dependencies
in sequential data for learning the patterns captured by MS
data. It is important to mention that the proposed model has
similar performance results on both lung and bladder data
(the latter was left out during the exploration phase), it shows
that the proposed model has high generalization power and is
not biased to a specific dataset.

As a future work, to improve the results of RNN, it is ad-
vised to use LSTM networks to analyze neighboring spectra
located in a 2D region to improve the classification results. In
addition, the combination of CNN and RNN can be an alter-
native approach into further increasing the performance, since
their combined properties can complement each other.
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