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Abstract

Complete resection of the tumor is important for survival in glioma patients. Even if the gross

total resection was achieved, left-over micro-scale tissue in the excision cavity risks recur-

rence. High Resolution Magic Angle Spinning Nuclear Magnetic Resonance (HRMAS NMR)

technique can distinguish healthy and malign tissue efficiently using peak intensities of bio-

marker metabolites. The method is fast, sensitive and can work with small and unprocessed

samples, which makes it a good fit for real-time analysis during surgery. However, only a tar-

geted analysis for the existence of known tumor biomarkers can be made and this requires

a technician with chemistry background, and a pathologist with knowledge on tumor metab-

olism to be present during surgery. Here, we show that we can accurately perform this anal-

ysis in real-time and can analyze the full spectrum in an untargeted fashion using machine

learning. We work on a new and large HRMAS NMR dataset of glioma and control samples

(n = 565), which are also labeled with a quantitative pathology analysis. Our results show

that a random forest based approach can distinguish samples with tumor cells and controls

accurately and effectively with a median AUC of 85.6% and AUPR of 93.4%. We also show

that we can further distinguish benign and malignant samples with a median AUC of 87.1%

and AUPR of 96.1%. We analyze the feature (peak) importance for classification to interpret

the results of the classifier. We validate that known malignancy biomarkers such as creatine

and 2-hydroxyglutarate play an important role in distinguishing tumor and normal cells

and suggest new biomarker regions. The code is released at http://github.com/ciceklab/

HRMAS_NC.

Author summary

Complete removal of the tumor is important for survival in glioma patients. Even if all vis-

ible tumor tissue is removed by the surgeon, left-over tumor cells in the cavity may risk
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recurrence. One can analyze tissue samples taken from the cavity using Nuclear Magnetic

Resonance technology which produces a signal, and then can classify samples as healthy

or tumor during surgery. However, the analysis is limited by known indicator peaks in the

signal and it requires people with chemistry background and tumor metabolism knowl-

edge to be present during surgery. Here, we show that we can accurately and immediately

analyze the signal without the need of such background knowledge or a human expert.

We work on a new and large dataset of tumor and healthy tissue samples. Our results

show that machine learning based approach can distinguish samples with and without

tumor cells accurately and effectively. Furthermore, we validate that previously identified

biological indicators of tumors play an important role for this classification. The algorithm

also suggests new and uncharacterized tumor indicators.

This is a PLOS Computational Biology Methods paper.

Introduction

Gliomas constitute 60% of all primary brain tumors [1]. The maximum resection of the tumor

remains the key point in the management of gliomas with a direct influence on the survival of

patients [2]. The progress made over the last two decades in surgical techniques including

microsurgery by the operating microscope, preoperative functional imaging (e.g., functional

MRI, MRI tractography), intraoperative electrical stimulation in awakened craniotomy and

intraoperative imaging (surgery guided by real-time imaging using neuronavigation or intrao-

perative MRI) have largely contributed to significantly increase resected tumor volume while

improving morbidity and mortality [3].

Providing feedback on left-over malign tissue during surgery can help surgeons delineate

more precisely the limits of a tumor infiltration, especially after a macroscopically complete exci-

sion. Several innovative techniques based on optical spectrometry [4–16] or mass spectrometry

[17–25] are now proposed to help surgeons to evaluate the margins of resection and possibly to

amplify the surgical procedure. Metabolic profiling of a biopsy sample by High Resolution Magic

Angle Spinning Nuclear Magnetic Resonance (HRMAS NMR) spectroscopy is a recent novel

technique for efficiently distinguishing malign and healthy tissues in excision cavity during sur-

gery. This technique is particularly well-suited for this task due to its ability to analyze small sam-

ples of unprocessed tissue specimens. It has a nondestructive nature and allows other analytical

techniques on the same specimen which is important when small amounts of tissue are available

[26]. Moreover, the preparation of biopsy samples is fast as it does not require lengthy chemical

extraction procedures. Battini et al. showed that HRMAS NMR spectroscopy using intact tissue

provides solid information in the characterization of pancreatic adenocarcinoma and also on the

long-term survival. The information can be obtained in twenty minutes during surgery [27]. A

recently released metabolic database on HRMAS NMR signatures of seventy six biomarker

metabolites has taken the next step in widening the usage of the technique [28].

One challenge to overcome for this technique to be used in the surgery room is its depen-

dence on human experts with background on chemistry and cancer biology. The raw NMR

signal is evaluated by the NMR technician who can report on the existence of certain bio-

marker metabolites usually with no insight on the tumor metabolism. Evaluation of the raw

signal comes with several obstacles. First, the identification of biomarker metabolites might

not be possible due to superimposed signature signals of certain metabolites (e.g., creatine and

lysine [29]). Second, certain peaks might shift due to experimental conditions (e.g., due to
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temperature) and then an informed guess on whether that peak belongs to the targeted metab-

olite must be made. Third, the intra-tumor heterogeneity might result in a convoluted signal

and might make it hard for the technician to detect malignant tissue due to unusual relative

peak intensities. Moreover, an expert pathologist needs to be present at the time of the surgery

to relate the findings of the technicians to the tumor metabolism. Maybe the most restricting

factor of this analysis pipeline is the targeted analysis of the raw NMR signal. This means the

human expert is limited by the knowledge of certain biomarker metabolites and their corre-

sponding peaks. However, the spectrum contains many uncharacterized regions which might

harbor peaks that are capable of distinguishing tumor cells and yet are unknown.

In this study, we propose using machine learning approaches to address the above-men-

tioned problems and to automate distinguishing healthy tissue from benign/malignant tumor

tissue obtained from the excision cavity during tumor surgery. The algorithm is fast and can

work within the time frame of surgery. It directly outputs whether a sample includes tumor

cells. Thus, it does not require a technician to analyze the signal. It performs an untargeted

analysis of the signal and is able to extract information from uncharacterized regions in the

spectrum. The system figure representing the proposed pipeline is shown in Fig 1.

Here, we utilize a new dataset (n = 565) of glioma and control samples analyzed using

HRMAS NMR. All samples are also analyzed by a clinical pathologist and labeled whether it is

normal, benign or malignant. To the best of our knowledge, this is the largest of its kind with

pathological labels. We benchmark various machine learning architectures and show that it is

possible to distinguish tumor and control samples with a median AUC of 85.6% and AUPR of

Fig 1. The figure shows the pipeline proposed for machine learning assisted tumor margin assessment during brain tumor

surgery. After the tumor removal, the surgeon resects samples from the excision cavity. Samples are analyzed via HRMAS NMR

technique. Produced spectra are processed via a random forest classifier to label each region in the cavity (malignant/benign tumor

vs healthy tissue). The feedback is sent to the surgeon for resecting more tissue for regions labeled positive for tumor tissue.

https://doi.org/10.1371/journal.pcbi.1008184.g001
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93.4%. We show that we can also distinguish benign and malignant tumor samples with a

median AUC of 87.1% and AUPR of 96.1%. The best performing method is a random forest

based approach. This method for the first time performs an untargeted analysis of the spec-

trum. Moreover, the model is interpretable and informs the user about the ranges in the spec-

trum that were most informative for the classification, using SHAP values of the features

which quantify their importance [30]. We validate that the model focuses on known cancer

biomarker metabolites such as creatine and 2-hydroxylglutarate while distinguishing benign

and malignant glioma samples. We also observe that branched chain amino acids have been

important in the classification. We find evidence in literature that indeed altered branch chain

amino acid concentrations are related to glioma metabolism, yet, their status as biomarkers

are not well-established. We also find some uncharacterized regions in the spectrum that are

informative, which brings up further research questions on establishing an understanding on

the compounds in those regions and their relation to tumor metabolism.

Materials and methods

Ethics statement

All data used in this study were collected from two sources and approved by the Ethics Commit-

tee of Strasbourg (Comité de protection des personnes, Est IV). Tissue specimens were collected,

either by a pneumatic system connected between the operating theater of neurosurgery and the

NMR room (Hautepierre Hospital—University Hospitals of Strasbourg), or by samples stored in

two Tumor Bio-bank, Strasbourg and Colmar (Ethics Committee no. 2003-100, 09.12.2003 and

no. 2013-37, 12.11.2013). A written informed consent was obtained from all patients included.

Dataset

In this subsection, we provide details on the glioma HRMAS NMR dataset and corresponding

quantitative pathological analysis to obtain the labels. The dataset is available at https://

zenodo.org/record/3951448.

Patient’s cohort and tissue sample collection. The metabolomics-based statistical model

was constructed from spectra of 247 primary brain tumor samples from 218 patients, 74 non-

tumor brain tissue samples from epilepsy surgery of 54 patients and spectra of 244 samples

from excision cavity of patients. The histopathological classification of primary brain tumors

is: Pilocytic astrocytoma (AST-I, n = 3), astrocytoma grade II (AST-II, n = 6), astrocytoma

grade III (AST-III, n = 5), glioblastoma (GBM, n = 123), oligodendroglioma grade II (ODG-II,

n = 25), oligodendroglioma grade II-III (ODG-II_III, n = 7), oligodendroglioma grade III

(ODG-III or ODIII, n = 41), oligoastrocytoma grade II (OAST-II, n = 3), oligoastrocytoma

grade III (OAST-III, n = 4), oligoastrocytoma grade II-III (OASTII-III, n = 1) ganglioglioma

grade II (GG-II, n = 5), ganglioglioma grade III (GG-III, n = 1), dysembryoplastic neuroe-

pithelial tumors (DNET, n = 22), gliosarcoma (GS, n = 1).

Tissue specimens were collected with minimum ischemic delays after resection (average

time 2 ± 1min). All tissue samples used in this study had a viable tumor/necrosis ratio and

were quantitatively and qualitatively adequate to perform satisfactory NMR HRMAS analysis.

In order to wait for this goal, after NMR HRMAS analysis, the inserts were cut, and for half the

content of each sample, the percentage of tumor cells in the total sample of cells with regard to

the total surface were calculated based on frozen hematoxylin & eosin-stained sections. See S1

Table for details on collected samples.

HRMAS NMR data acquisition. Each brain biopsy sample was prepared at −20˚C by

introducing a 15- to 18-mg biopsy into a disposable 30μL KelF insert. To provide a lock fre-

quency for the NMR spectrometer, 10μL of D2O was also added to the insert.
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All HRMAS NMR spectra were acquired on a Bruker (Karlsruhe, Germany) Avance III 500

spectrometer operating at a proton frequency of 500.13 MHz and equipped with a 4-mm tri-

ple-resonance gradient HRMAS probe (1H, 13C and 31P). The temperature was maintained at

4˚C throughout the acquisition time in order to reduce the effects of tissue degradation during

the spectrum acquisition. A one-dimensional (1D) proton spectrum using a Carr-Purcell-Mei-

boom-Gill (CPMG) pulse sequence was acquired with a 285μs inter-pulse delay and a 10-min

acquisition time for each tissue sample. The number of loops was set at 328, giving the CPMG

pulse train a total length of 93 ms.

HRMAS NMR data preprocessing. The free induction decay (FID) signal for each sample

had a length of 16,384. The signal is left-shifted by 70 points to remove the Bruker digital filter

in the prefix. Obtained raw FID spectrum is then transformed to frequency domain and is

phase corrected. The suffix of the signal which contained almost no variance is cropped to

obtain the final signal used for analysis, which is of length 8,172. The magnitude of the signal is

used for the presented analysis.

Problem formulation

In this study, our main task is distinguishing tumor tissue from the normal tissue. The prob-

lem is modelled as a binary classification task. For a given HRMAS NMR signal i in the sample

set S, the feature vector xi is a d-dimensional vector: ~xi ¼ ½x1
i ; x

2
i ; . . . ; xdi � which represents

the signal intensity at each ppm. The label for that sample is yi and yi = 1 if sample contains

tumor tissue and yi = 0, otherwise. Then, the model we learn is a function f such that

f ð~xiÞ ¼ ŷi ; 8i 2 S. The second and optional task is to distinguish benign and malignant tumor

samples. In this task, a sample j has label zj = 1, if the sample has malignant tumor cells, and

zj = 0, if sample contains benign tumor cells. This task is also a binary classification task and

we learn a function g such that gð~xiÞ ¼ ẑi . We would like to note that we also considered a

multi-class classification task which unites the above mentioned binary classification tasks.

However, as we discuss in Discussion section, we obtained better performance with two sepa-

rate tasks. Given the first task is of utmost importance and the second is optional, we opted for

this approach.

Learning algorithms

In this section, we describe the methods employed for the problems formulated above. We

benchmark various machine learning algorithms to find the one suitable for the tasks at hand

given the size and nature of the 1H HRMAS NMR signal. For all methods, the only input is

~xi for both tasks (d = 8, 172). See Experimental Setup section for parameter details of each

approach.

First, we run partial least squares discriminant analysis (PLS-DA) as a baseline which is a

common method used in metabolomics analysis [31]. As the second algorithm, we used a Ran-

dom Forest (RF) classifier, which trains many weak classifier trees on sample subsets which

are created using bootstrapping [32] and results are aggregating via majority voting. The third

algorithm is a support vector machine classifier (SVM). We employed linear and radial basis

function (RBF) kernels with a soft margin.

As a baseline neural network architecture, we employ a fully connected multi-layer percep-

tron. Our MLP [33] model takes ~xi and applies a number of fully connected (FC) layers which

makes use of rectified linear unit (ReLU) activation. We use full batch gradient descent for

training. At the output layer, we use softmax to assign probabilities to each class (e.g., benign)

and focal loss as our loss function to address the class imbalance in our dataset (i.e., smaller

number of benign samples) [34].
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Convolutional neural networks (CNN) are well-established architectures for learning com-

plex patterns on 2D image data. CNNs have also proven useful for processing 1D data. Some

examples are drug chemical structure representation (e.g., SMILES [35, 36]), natural language

(i.e., sentences [37]) and EEG signals [38]. Thus, we conjectured that a CNN is a good candi-

date for the classification tasks mentioned above. As our final model, we use a 1D CNN-based

architecture to process ~xi . The architecture consists of 2 layers of convolutional operations.

First, C1 kernels of size kx1 are passed over the signal with stride s and dilation rate d (no pad-

ding). The same set of operations are applied on the output of the first convolutional layer

with C2 kernels. The output is passed through a set of fully connected layers to produce class

probabilities using softmax at the output layer. Again, we use full-batch gradient descent as

our optimizer and focal loss as our loss function.

Results

Experimental setup

We label the samples in our dataset as aggressive, benign or control using the following

method. See Dataset section for details. Per all individuals in the dataset, we have multiple

types of samples that originate from (i) the glioma tumor tissue (i.e., glioma), (ii) the healthy

brain tissue (i.e., control), and (iii) from the excision cavity (i.e., test). For samples in (i), the

aggressive label and the benign label are assigned with respect to the pathological analysis

result. For samples in (ii), control label is assigned. For samples in (iii), if the pathology report

indicates that tumor cells exist (i.e., positive), then aggressive label is assigned if the tumor of

that individual is aggressive and benign label is assigned if the tumor of that individual is

benign; otherwise, control label is assigned. In the end, we obtained 179 control, 88 benign

and 301 malignant samples. See S1 Table for details on the labels for collected samples. We

generate 2 datasets for the two tasks explained in Problem Formulation section. The first one

unites the labels benign and malignant and sets their labels to tumor for task 1. The second

one only retains the benign and malignant samples for task 2.

Performance of the proposed models are assessed using a stratified and grouped 8-fold

cross validation approach on each dataset. Each dataset is shuffled before the folds are gener-

ated. Folds are generated in a stratified manner by sampling from the dataset according to the

label distribution of the dataset. That is, each fold has a similar distribution of labels to the

whole dataset. There is no sample or patient overlap between the generated folds. That is, an

individual’s all samples are always in a single fold and the folds are exclusive. In each iteration,

first, the test and validation folds are removed. The models are trained on 6 remaining folds

and the best performing parameter set is found on the validation fold. Then, each model is

trained on 7 folds (training + validation) and is tested on the test fold. This procedure is

repeated three times for each task with a random weight initialization of the models. AUC,

AUPR distributions are calculated using the performance for each test on each test fold.

For the PLS-DA approach we used 30 components which sets the number of latent vari-

ables. For the SVM model we performed a grid search on the soft-margin regularization

parameter (i.e., C: 0.01, 0.1, 1, 10, 100) and on the kernel choice (i.e., RBF vs linear). For the RF

model, we performed a search on (i) number of estimators: 100, 300, 500, 800, and 1200; (ii)

maximum tree depth: 5, 10, 15, 20, 25, and 30; and finally, (iii) minimum number of samples

to split a node: 2, 5 10, 15, and 20. We also set the minimum number of samples in a leaf node

to 10 to avoid overfitting. For the 4-layered fully connected (baseline) network, the input layer

has 8,127 neurons, the second layer has 4,000 neurons, the third layer has 1,000 neurons and

the output layer has 2 neurons, which uses softmax to produce probabilities per class in both

tasks. ReLU activation is used for all hidden layers. Finally, for the CNN model, we use two
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convolutional layers such that the number of kernels in both layers are C1 = C2 = 4. These 1D

kernels are of size 16, 32, 64, and 128. We set stride and dilation to 1. After passing through

maxpool operations of size 1x4, and ReLU activation, concatenated activation maps are input

to fully connected layers which are of size 8,112, 4,000 and 1,000, respectively. Similar to the

base neural network model, output layer has 2 nodes with a softmax operation to produce

class probabilities and ReLU activation is used for all hidden layers. We trained the networks

with a fixed epoch number of 200, which was decided on the validation folds.

All considered machine learning algorithms other than neural networks are implemented

in Python language using scikit-learn library. Pytorch framework and Python were used to

implement neural networks. All models are trained and tested on a SuperMicro SuperServer

4029GP-TRT with 2 Intel Xeon Gold 6140 Processors (2.3GHz, 24.75M cache), 768GB RAM

and 8 NVIDIA GeForce GTX 1080 Ti GPUs (11GB, 352Bit).

Performance comparison and the model of choice

We compare the performances of the above-mentioned methods using AUC and AUPR met-

rics. Please see Fig 2 for results. For the first task, distinguishing the tumor (glioma) and con-

trol cells, all methods perform well and the lowest median AUC achieved is 78.9% and the

lowest median AUPR achieved is 87.7% (Fig 2a). We observe that the RF model has the best

median AUC value with 85.6% which is� 1% improvement over the closest performance by

the CNN model. The AUC variance of the RF model is similar to CNN and PLS-DA and

smaller than other models. Similarly RF is the best performing model with respect to the

AUPR metric with an AUPR of 93.4%. The second best median AUPR is 92.6% and is achieved

by CNN model. CNN model has the lowest AUPR variance and RF is the second best. In con-

clusion, CNN also performs almost as well as RF for this task and is slightly edged by the RF

model. RF is a less complex model than CNN and more interpretable compared to CNN.

Thus, it is our method of choice for this task.

The second task in our pipeline is optional and is performed when the surgeon also would

like to know if the tumor is benign or malignant. Results are shown in Fig 2b. Again, all meth-

ods perform well and the lowest median AUC achieved is 80% and the lowest median AUPR

achieved is 93.4%. We observe that the RF model has the best median AUC value with 87.1%

which is� 2% improvement over the closest performance by the CNN model. We also see that

Fig 2. The performance comparison of the benchmarked machine learning models with respect to the AUC and AUPR metrics. Box plots

represent the performance of the models obtained on the test folds, in an 8-fold cross validation setting which is repeated 3 times.

https://doi.org/10.1371/journal.pcbi.1008184.g002
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the RF model has the lowest AUC variance among all models. Similarly RF is the best perform-

ing model with respect to the AUPR metric with an AUPR of 96.1%. All other methods have a

median AUPR of 94%, thus also in this category RF provides a� 2% improvement. The

AUPR variance of RF is the lowest and is on par with CNN. Thus, RF is the model of choice

for this task as well because of its robustness and high sensitivity and specificity.

Interpreting the model predictions

We analyze the feature importance of the features (i.e., ppm) that lead to correct classification

of the samples in each task with the RF model. For this purpose, we make use of the SHapley

Additive exPlanation (SHAP) values for each feature [30, 39]. This approach has its roots in

the Shapley values from coalitional game theory. Here, the features are players in a coalition

and their values indicate a fair weight that represent their contribution (i.e., success of the

classification.)

Here, after running the RF model for both tasks, we compute the SHAP values of each fea-

ture (i.e., ppm in the signal) for each task. Here, we map all features back to the the ppm spec-

trum (x-axis) and show the corresponding SHAP values (y-axis) for each sample. Each dot on

this figure denotes a sample and the color of the sample denotes the value of the corresponding

feature. That is, if a sample is purple it means its feature value is high, and if blue, feature value

is low. The y-axis (SHAP values) indicates in which direction that feature affects the predic-

tion. That is, for control vs tumor classification task, a positive SHAP value indicates that fea-

ture for that sample was important to label it as a tumor sample. On the other hand, a negative

SHAP value indicates the feature was important to label it as a control sample. For instance,

many purple dots with high SHAP values indicate positive correlation between the tumor and

the magnitude of the peak at that ppm. For benign vs malignant classification task, a positive

SHAP value indicates malignant label and a negative SHAP value indicates benign label.

We show our results in Fig 3. Here, we only annotate the peaks in the SHAP values (most

important in either direction) that reach an absolute SHAP value of 0.005. We use the metabo-

lite database provided by Ruhland et al. for annotation of peaks. We only list the names of the

Fig 3. The SHAP Values (y-axis) for each ppm in the spectrum (x-axis) is shown for each sample (dots). Dot color purple indicates a high feature

value, and blue indicates a low value. A positive SHAP value indicates that feature was important to classify that sample as (i) tumor as opposed to

control in Panel A; and as (ii) malignant as opposed to benign in Panel B. Conversely, a negative SHAP value indicates that feature was important to

classify that sample as (i) control as opposed to tumor in Panel A; and as (ii) benign as opposed to malignant in Panel B.

https://doi.org/10.1371/journal.pcbi.1008184.g003
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metabolites which have a group that exactly match with the base of the peak region (i.e., is a

subset of the peak region). Note that there are usually many metabolite groups overlap with

such regions. To limit the number of candidate metabolites, we use such a stringent criterion.

We also annotate the peaks of two well known cancer biomarkers 2-hydroxyglutarate and

creatine.

First, we find that 2-hydroxyglutarate has high feature importances in both classification

tasks. Isocitrate Dehydrogenase (IDH) is a rate limiting enzyme in the Krebs cycle and plays

an important role in the regulation of the energy metabolism. IDH mutations are known to

affect tumor metabolism. For instance, mutations of IDH are known to produce high levels

of 2-hydroxyglutarate that inhibits glioma stem cell differentiation [40, 41]. So, low levels of

2-hydroxyglutarate indicate malignancy. In line with this information, we observe that when

the corresponding peak (feature) values are low (i.e., blue), SHAP values are high which indi-

cates that those samples are predicted to contain tumor and malignant cells, respectively. Simi-

larly, creatine is a well-known biomarker for gliomas. Low creatine levels are observed in

gliomas indicating high grade tumors [42, 43]. In both tasks, we observe blue peaks with high

SHAP values for the ppm range that coincides with creatine groups. This indicates that when

creatine levels are low, we predict the sample to be tumor and malignant, respectively. Thus,

our model had learnt to focus on regions in the spectrum which are used by technicians today

as indicators.

For both tasks, we consistently find that peaks belong to branched chain amino acids isoleu-

cine and leucine are focused by the model. These amino acids are known to have altered con-

centrations in the presence of IDH mutations, but their status as a biomarker for gliomas are

not strongly established. We also observe that various other amino acids are also focused by

the model as annotated in Fig 3. This suggests possible biomarkers due to the altered amino

acid metabolism. Finally, while distinguishing benign and malignant gliomas, we observe that

2-ketoglutarate and Isocitrate are also important factors for successful classification. This is

also meaningful as the IDH enzyme catalyzes the reaction that converts one to other in revers-

ible fashion. IDH mutations affect this process and produce more 2-hydroxyglutarate from

2-ketoglutarate rather then to produce isocitrate [40]. Thus, these are also candidate biomark-

ers stressed in the prediction of the algorithm.

The interpretation of the results is limited by the 76 metabolites and their ppm signatures

provided in [28]. We have performed an analysis to find any SHAP value peaks that are not

associated with any metabolite. We obtained top 200 peaks out of 8, 172 and found a relatively

short attention peak near 1.00 ppm which indicates malignancy when the concentration is

high. This is an uncharacterized region and might suggest a new biomarker. Further research

and validation is needed to establish an understanding of the compounds in those regions and

their relation to tumor metabolism. Yet, this shows the potential for the untargeted analysis we

propose here, as such regions are discarded by an human analyst.

Discussion

Using a machine learning approach in this application has advantages over a technician com-

menting on the presence or absence of known biomarker metabolites using the raw signal.

Our current catalogue of metabolites in the 1H HRMAS NMR spectrum is limited which

means we potentially discard valuable information with this targeted analysis. On the other

hand, the RF algorithm we use generates decision tree classifiers, each of which focus on

different parts of the spectrum and process features in combinations. Thus, the algorithm

performs an untargeted analysis as there is no metabolite identification/quantification. The

analysis is also non-linear and multivariate unlike the current approach based on one by one
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quantification of certain metabolites. Moreover, fluctuations in chemical shift is common in

NMR results and a binary guess is needed to conclude whether a peak belongs to a certain

metabolite. The RF model can average out such inconsistencies. As seen in Fig 3, the focus

(i.e., given importance) of the algorithm resembles a peak around certain ppm regions, indicat-

ing a smooth adjustment of the weights associated with each ppm, according to the composi-

tion in the training cohort. While this untargeted analysis can be performed using many

machine learning algorithms, in our detailed benchmark which compares many methods in

various settings, we find that RF provides the best results.

Our results provided in Performance Comparison and Model of Choice section show that

our models achieve high AUC and AUPR values indicating that the RF is a viable method to

be used in the surgery room. The average test time of the model is negligible (i.e., 0.01 secs.)

which makes it possible to use it in real-time. The training phase is performed offline and on

average takes 25.2 mins. We interpret the results of the RF model using SHAP values provided

for each ppm in the spectrum. We validate that groups of known cancer biomarkers such as

creatine and 2-hydroxyglutarate had an important role in the decision made by the model.

This is an important feature for this analysis as usually a surgeon would like to know the rea-

soning behind the decision made by a program. We also indicate several ppm regions which

have been important for the classifications. These regions harbor shared groups of several

metabolites and further research is needed to validate their ties to glioma metabolism and their

status as a glioma biomarker.

We further investigated the value of an untargeted analysis by training another RF model

which uses only the top 200 peaks as the sole input (i.e., a feature vector of size 200 instead of

8,172, all other settings are same). For distinguishing healthy and tumor cells, we have seen

slight improvements (0.5% and 0.02%) over median AUC and AUPR values compared to the

untargetted analysis as some noise features are eliminated. However, using 200 regions in a

targeted manual analysis is not feasible. When we go down to using 5 top peaks as input,

which is a more manageable size for manual processing, we observe 2.7% and 1.3% decreases

in median AUC and AUPR values, respectively. Thus, the untargeted analysis performs better

than targeting a small number of peaks as done in the manual analysis and does not require

the precious processing time during surgery.

We observe that formulating the problem as a multi-class classification problem and trying

to distinguish benign, malignant and control samples does not perform well. The number of

benign samples is small and it is hard to distinguish them as their signal resembles the controls.

Thus, the median class AUCs we obtained for control and benign samples were down to 60%

and 40%, respectively. malignant samples are successfully classified (median AUC = 90%)

Since, the primary goal is to distinguish tumor and healthy tissue we opted for the presented

scheme in this study.

While benchmarking several machine learning algorithms, we observe for both tasks that

convolution operation improves the performance of the baseline neural network model

slightly and has somewhat lower variance in the performance. Despite being edged by the RF

model, we think CNN model can perform well when trained on larger datasets. Our dataset is,

to the best of our knowledge, the largest cohort with close to 600 labeled samples. However,

CNN uses a deep architecture and requires larger cohorts to learn more complex features. We

would like to note that we performed extensive testing on the CNN architecture, which varied

the number of layers, number of kernels, activation functions, pooling operations etc. We also

experimented with a self-attention mechanism to find regions of interest in the spectrum. The

results presented are the best set of results obtained for CNN model. We concluded that the

model is too complex to be learnt with this sample size.
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Conclusion

In this study, we developed a random forest based machine learning approach to distinguish

glioma samples (benign or malignant) from the control samples using the 1H HRMAS NMR

signal as the sole input. In our experiments, we show that the approach is efficient, accurate

and interpretable. It can work in real-time and thus, can be used as a means of providing feed-

back to the surgeons on the left-over tumor samples during surgery.

Supporting information
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26. Gogiashvili M, Nowacki J, Hergenröder R, Hengstler JG, Lambert J, Edlund K. HR-MAS NMR based

quantitative metabolomics in breast cancer. Metabolites. 2019; 9(2):19. https://doi.org/10.3390/

metabo9020019 PMID: 30678289

27. Battini S, Faitot F, Imperiale A, Cicek A, Heimburger C, Averous G, et al. Metabolomics approaches in

pancreatic adenocarcinoma: tumor metabolism profiling predicts clinical outcome of patients. BMC

medicine. 2017; 15(1):56. https://doi.org/10.1186/s12916-017-0810-z PMID: 28298227

28. Ruhland E, Bund C, Outilaft H, Piotto M, Namer IJ. A metabolic database for biomedical studies of

biopsy specimens by high-resolution magic angle spinning nuclear MR: a qualitative and quantitative

tool. Magnetic resonance in medicine. 2019; 82(1):62–83. https://doi.org/10.1002/mrm.27696 PMID:

30847981

29. Karakaslar EO, Coskun B, Outilaft H, Namer IJ, Cicek E. Predicting Carbon Spectrum in Heteronuclear

Single Quantum Coherence Spectroscopy for Online Feedback During Surgery. IEEE/ACM transac-

tions on computational biology and bioinformatics. 2019;.

30. Lundberg SM, Lee SI. A unified approach to interpreting model predictions. In: Advances in neural infor-

mation processing systems; 2017. p. 4765–4774.

31. Worley B, Powers R. Multivariate analysis in metabolomics. Current Metabolomics. 2013; 1(1):92–107.

32. Liaw A, Wiener M, et al. Classification and regression by randomForest. R news. 2002; 2(3):18–22.

33. Pal SK, Mitra S. Multilayer perceptron, fuzzy sets, and classification. IEEE Transactions on Neural Net-

works. 1992; 3(5):683–697. https://doi.org/10.1109/72.159058 PMID: 18276468

34. Lin TY, Goyal P, Girshick R, He K, Dollár P. Focal loss for dense object detection. In: Proceedings of

the IEEE international conference on computer vision; 2017. p. 2980–2988.

35. Hirohara M, Saito Y, Koda Y, Sato K, Sakakibara Y. Convolutional neural network based on SMILES

representation of compounds for detecting chemical motif. BMC bioinformatics. 2018; 19(19):526.

https://doi.org/10.1186/s12859-018-2523-5 PMID: 30598075

36. Uner OC, Cinbis RG, Tastan O, Cicek AE. DeepSide: A Deep Learning Framework for Drug Side Effect

Prediction. bioRxiv. 2019; p. 843029.

37. Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez AN, et al. Attention is all you need. In:

Advances in neural information processing systems; 2017. p. 5998–6008.

38. Sun Y, Lo FPW, Lo B. EEG-based user identification system using 1D-convolutional long short-term

memory neural networks. Expert Systems with Applications. 2019; 125:259–267. https://doi.org/10.

1016/j.eswa.2019.01.080

PLOS COMPUTATIONAL BIOLOGY Machine learning based brain tumor margin detection using HRMAS NMR spectroscopy

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008184 November 11, 2020 13 / 14

https://doi.org/10.1021/ac201251s
http://www.ncbi.nlm.nih.gov/pubmed/21916423
https://doi.org/10.1073/pnas.1215687110
https://doi.org/10.1073/pnas.1706459114
https://doi.org/10.1073/pnas.1706459114
http://www.ncbi.nlm.nih.gov/pubmed/28607048
https://doi.org/10.1073/pnas.1404724111
http://www.ncbi.nlm.nih.gov/pubmed/24982150
https://doi.org/10.1016/j.ijms.2014.06.024
https://doi.org/10.1016/j.ijms.2014.06.024
http://www.ncbi.nlm.nih.gov/pubmed/25844057
https://doi.org/10.1073/pnas.1423101112
https://doi.org/10.1073/pnas.1423101112
http://www.ncbi.nlm.nih.gov/pubmed/26216958
https://doi.org/10.1073/pnas.1523306113
http://www.ncbi.nlm.nih.gov/pubmed/26787885
https://doi.org/10.1038/srep25919
https://doi.org/10.1038/srep25919
http://www.ncbi.nlm.nih.gov/pubmed/27189490
https://doi.org/10.3390/metabo9020019
https://doi.org/10.3390/metabo9020019
http://www.ncbi.nlm.nih.gov/pubmed/30678289
https://doi.org/10.1186/s12916-017-0810-z
http://www.ncbi.nlm.nih.gov/pubmed/28298227
https://doi.org/10.1002/mrm.27696
http://www.ncbi.nlm.nih.gov/pubmed/30847981
https://doi.org/10.1109/72.159058
http://www.ncbi.nlm.nih.gov/pubmed/18276468
https://doi.org/10.1186/s12859-018-2523-5
http://www.ncbi.nlm.nih.gov/pubmed/30598075
https://doi.org/10.1016/j.eswa.2019.01.080
https://doi.org/10.1016/j.eswa.2019.01.080
https://doi.org/10.1371/journal.pcbi.1008184


39. Lundberg SM, Erion G, Chen H, DeGrave A, Prutkin JM, Nair B, et al. From local explanations to global

understanding with explainable AI for trees. Nature Machine Intelligence. 2020; 2(1):2522–5839.

https://doi.org/10.1038/s42256-019-0138-9 PMID: 32607472

40. Huang J, Yu J, Tu L, Huang N, Li H, Luo Y. Isocitrate dehydrogenase mutations in glioma: From basic

discovery to therapeutics development. Frontiers in oncology. 2019; 9:506. https://doi.org/10.3389/

fonc.2019.00506 PMID: 31263678

41. Waitkus MS, Diplas BH, Yan H. Isocitrate dehydrogenase mutations in gliomas. Neuro-oncology. 2015;

18(1):16–26. https://doi.org/10.1093/neuonc/nov136 PMID: 26188014

42. Zhao H, Heimberger AB, Lu Z, Wu X, Hodges TR, Song R, et al. Metabolomics profiling in plasma sam-

ples from glioma patients correlates with tumor phenotypes. Oncotarget. 2016; 7(15):20486. https://doi.

org/10.18632/oncotarget.7974 PMID: 26967252
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