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Abstract:  The mass-spectrometry is the promising tool for the fast characterization of brain biopsy 

samples as a part of the intraoperative identification of tumor boundary. The spray-from-tissue ambient 

ionization method is a new instrument for mass-spectrometry analysis of soft tissues without sample 

preparation. In this contribution, we analyze the performance of multi-label classification techniques in 

detection of the tumor and necrosis fragments within the sample. 
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I. INTRODUCTION 

 

etection of the brain tumor margins in primary 

brain tumors is one of the most significant 

problems in neurosurgery. Despite the recent advances 

in intraoperative navigation the precise location of 

tumor margin can not be done easily [1]. The 

aggressive resection of the tumor boundary can lead to 

severe neurological deficit [2], while unremoved tumor 

cells in the marginal zone may cause disease recurrence. 

There is a lot of genetic characteristics of the primary 

brain tumors that affect their behavior, but the main 

factor which is directly linked to the survival is the 

resection volume [1,3]. A number of analytical 

techniques were applied successfully for fast and 

reliable intraoperative identification of the tumor 

margins [4-7]. The mass spectrometry is the promising 

method for this task as it is compatible with point-of-

care testing and allows for rapid analysis of a large 

number of molecular species. The reliable classification 

of tissue requires careful selection of marker features 

and application of appropriate algorithms.  

The key obstacle for mass-spectrometry methods is 

the high level of internal sample heterogeneity, which 

could contain a necrotic area, parts of the tumor and 

unmodified brain tissue of a different kind: white matter, 

gray matter, etc. Several approaches have been 

proposed to handle internal heterogeneity efficiently, 

for example, it could be done by analysis of 2D picture 

with DESI imaging [2]. For DESI imaging it was 

shown that with when tumor/normal cell ratio within 

the pixel is about 90/10 or 10/90 this method gives 

accuracy above 90% [9]. In our approach spatial 

heterogeneity of the specimen unfolds in time, while 

lipids from deeper layers of the sample diffuse to the 

surface with the help of extracting solution and flow 

then to the Taylor cone and mass-spectrometry 

interface. That makes it more difficult for analysis 

compare to DESI imaging, but requires less time for 

sample preparation. 

 

II.   METHODOLOGY 

 

A. Tissue samples 

All tissue samples were collected in the Burdenko 

Neurosurgical Institute during the one patient surgery 

(dissection of glioblastoma WHO grade IV). Each 

sample of the pathological tissues dissected during the 

neurosurgical procedure was split into two parts: one 

part was sent for routine examination by a pathologist 

(including the immunohistochemical staining), and the 

second was frozen in normal saline and stored in -80 for 

further mass spectrometric analysis. Tissue samples 

were classified by pathologist into one of eight classes: 

1) necrotic tissue with necrotized vessels (Ntwnv), 2) 

necrotic tissue with tumor stain (Ntcws), 3) tumor with 

necrosis (with a predominance of tumor tissue) (Tn), 4) 

tumor (T), 5) necrotized tumor (with a predominance of 

necrotic masses) (Nt), 6) brain tissue (Bt), 7) brain 

tissue hyperplasia (Bth), 8) parts of tumor cells (Ltc). 

The research has been approved by the ethical board of 

the Burdenko Neurosurgical Institute. 
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B. Experiment equipment 

High-resolution mass spectrometry data were 

obtained using Thermo LTQ FT Ultra mass 

spectrometer in the negative mode as described earlier 

[9]. Spectra were collected in the range of 100–2000 Th 

with resolution 56,000 at 800 Th. . 
 

C. Spectra preprocessing 

Data were binned with bin width 0.01Th, and 100, 

200 or 500 bins with the highest intensity from each 

spectrum in the data set have been selected as described 

earlier [11]. For each class, we have created a signature 

table in two steps. First, a unit value was assigned to 

those bins that were present in all samples of that class, 

and value 0.5 was assigned to bins that were missing in 

only one spectrum of the class; all other bins were set to 

zero. At the second step, non-zero bins that shared more 

than one class of tissues were set to zero in all the 

signature tables. 
 

D. Multi-label classification algorithms 

We have applied four multi-label algorithms 

available in R: two pure multi-label classifiers — multi-

label RandomForrest from package randomForestSRC 

[12] and fenrs from package rFerns[13]; two 

BinaryRelevance(BR)wrapping [14] of binary 

classifiers SVM and PLS-DA from mlr package [15]. 

All data sets and classifiers were trained on 55 samples 

and the performance were validated with standard 

three-way cross-validation.  

 
 

III. RESULTS AND DISCUSSION 

 

  The fundamental difficulty in the classification of 

medical samples is their heterogeneity, for example, a 

tumor with necrosis (Tn) sample could contain 

fragments of tumor tissue and necrosis. To handle that 

kind of problems methods of multi-label classification 

could be applied [10]. The usual binary classifier split 

data into non-overlapping clusters by assigning one 

class label to each element. That type of classifier 

would perform badly in our case as fragment can 

contain many types of tissues and we will need to train 

classes like “ tumor-with-necrosis”  together with 

“pure-tumor.” Another problem, in that case, is the 

validation of classification results: all fragments have a 

different ratio of tissue types present in them, so the 

sensitivity threshold should be set. 

In multi-label case, the classifier can assign several 

labels to each sample. For example, in our case, the 

same spectrum could be labeled as tumor and necrosis 

simultaneously, if markers of both tumor and necrosis 

found in the spectra. The sensitivity threshold is also 

needed but could be label-specific, which means we are 

more sensitive to the presence of tumor than to the 

necrosis. 
We have used our data to train a classifier to label 

sample according to the presence of one of the 

following: unmodified brain, tumor, and necrosis. The 

truth table for our dataset is shown in Table 1. 
 

Table.1   Truth table for multi-label classifier 

Tissue type 
Class label 

Brain Necrosis Tumor 
Necrotic tissue with 

necrotized vessels 

(Ntwnv) 
0 1 0 

Necrotic tissue with 

tumor stain (Ntcws) 0 1 1 

Tumor with necrosis 

(Tn) 
0 1 1 

Tumor (T) 0 0 1 
Necrotized tumor (Nt) 0 1 1 
Brain tissue (Bt) 1 0 0 
Brain tissue hyperplasia 

(Bth)  
1 0 0 

Parts of tumor cells (Ltc) 1 0 1 
 

Results of the classifiers are shown in Table 2. We 

characterize each classifier with two multi-value 

specific metrics of performance: TPR, which is also 

called recall, and PPV or precision. TPR is an averaged 

proportion of predicted labels which are relevant for 

each instance, while PPV is an averaged ratio of 

correctly predicted labels for each instance.  

 
Table.2   Performance of classifiers 

N  
Random 

Forrest Fenrs SVM PLS-DA 

PPV TPR PPV TPR PPV TPR PPV TPR 

100 0.69 0.67 0.69 0.73 0.69 0.49 0.79 0.74 
200 0.62 0.62 0.69 0.72 0.71 0.57 0.75 0.74 
500 0.73 0.72 0.72 0.76 0.72 0.64 0.82 0.76 

 

It could be seen that the PLS-DA assign more correct 

labels to each instance, as shown by the best PPV value 

and the fenrs classifier assign more relevant labels. 

Another interesting observation is the bad performance 

of SVM in this task, which could be explained by non-

linear feature preprocessing technique used in this case. 
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IV. CONCLUSION 

 

Here we have shown that the multi-label 

classification could be successfully applied to detect the 

presence of tumor and necrotic fragments in the brain 

biopsy samples. This results obtained on the samples 

from one surgery, so we are going to check the 

performance of two best classifiers on the dataset, 

which contains samples from different patients and 

different tumor types. It is also interesting to analyze 

how stable will be the performance of individual labels, 

for example, label “brain” to significant interpersonal 

variations of the data, or “tumor” to the addition of 

different tumor types to the training set.  
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