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Abstract: The present paper explored the possibility of discriminating between different malignant

degrees of Chondrosarcoma (CS), a diffused bone tumor, and Enchondroma (EC), its benign

version, through an approach based on the coupling between Confocal Raman Microscopy (CRM)

and Machine Learning (ML) techniques. Recently, Raman Spectroscopy has proven to be a

powerful tool for a complete grading of CS by distinguishing between grade 1, 2 and 3, and to

distinguish CS from EC. In this paper, we tested some models, belonging either to ML or to the

sub-type called Deep Learning (DL), showing excellent classification performances, especially the

DL algorithms, with classification accuracy approaching to 100%, making the models promising

for future implementations of Raman spectroscopy when applied to oncology diagnosis. In turn,

we highlighted how some proper ML models result in worse classification performances but better

resolution of specific chemical target compounds, possible candidate to become malignant markers,

with relevant implication for a correct diagnosis.

Keywords: Chondrosarcoma; Enchondroma; Confocal Raman Microscopy; Machine Learning, Deep

Learning; Permutation Feature Importance

1. Introduction

Chondrosarcoma (CS) turns out to be the second most common form of primary bone tumor

worldwide, with almost seven cases per million people registered every year [1]. In the continuous

effort to introduce effective and minimally invasive therapies, the ability in grading CS and in

distinguishing this form of bone cancer from healthy tissues and/or benign tumors, such as

Enchondroma (EC), represents a crucial factor. The common protocol for the diagnosis of CS is

based on an initial examination of radiological and/or Magnetic Resonance (MRI) images, followed by

the histopathological analysis of a tissue biopsy. One of the drawbacks of this procedure is represented

by the frequent discrepancies between the response of pre- and post-surgical histopathological analysis,

mainly due to the presence of tissue inhomogeneities within the same tumor mass. This last feature

also determines the presence of not-well defined tumor margins, undoubtedly affecting the outcome

of the surgical therapies. In particular, setups for image-guided surgery, Computed Tomography (CT)

and MRI have been introduced to help the surgeon in maximizing the size of the excised tumor mass

by preserving the surrounding healthy tissues. Despite the progress of these techniques, they still

show weaknesses. In particular, CT is based on the use of ionizing radiation, with possible side-effects

for the patient and/or the operator. Furthermore, MRI employs intense magnetic fields, not suitable

for patients with metallic devices implanted within the body.

Traditionally, biopsy is the standard methodology for the pathological diagnosis of cancerous

tissues. However, this technique typically involves tissue sectioning and staining, basically requiring

pathologists with specialized training in order to interpret correctly tissues samples. On the contrary,

despite its intrinsically low acquisition speed, the Raman Spectroscopy (RS) analysis can instead be

applied directly to cancerous tissues to obtain the corresponding chemical composition, from which
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multiple information and pattern scan be extracted and then employed to conduct a precise and

fast analysis of the disease. In turn, improvements in the categorization method accuracy can lead

to reductions in analysis costs, diagnostic delays, test pervasiveness, and the development of new

technologies and software to support an accurate oncology diagnosis. In this sense, RS represents a

promising, easy-in-use and low-cost solution to respond to the aforementioned needs. RS is based on

the measurement of the so-called Raman effect [2], i. e. a light scattering phenomenon produced by

the interaction between the incoming photons and virtual molecular energy levels [3]. The difference

between the wavelengths of the scattered and the incident photons is strongly correlated to the

chemical properties of the molecular target that determined the scattering. Therefore, by performing a

spectral analysis of the radiation scattered by a sample of interest, it is possible to retrieve detailed

information about the chemical composition of the irradiated target [4]. Since the Raman effect doesn’t

involve the interaction between photons and well-defined electronic energy levels, the technique is

intrinsically not subject to non-radiative relaxation phenomena, possible source of sample cooling and

consequent degradation. This feature makes RS particularly suitable to in vivo applications.

Despite the aforementioned strengths, the presence of a large amounts of information

characterizing a single Raman spectrum introduces difficulties in the qualitative interpretation of the

spectral data. This last issue assumes particular significance in the study of tissues, often characterized

by complex chemical composition, alongside with subtle molecular differences between tissues

corresponding to different diseases affecting the same organ. For this reason, the application of

Machine Learning (ML) techniques could represent a valid solution to systematically retrieve useful

information from raw Raman data [5,6].

Several works [7–10] showed how RS in combination with ML could allow to detect malignant

tissues in timescales of minutes or even seconds, being a potential help for the surgeon in estimating

the tumor margins.

Recently, RS has been applied to chondrogenic tumour classification with excellent results [11].

These first results were followed by further studies of the datasets generated with the application of

Deep Learning (DL) methods through wavelet transform of Raman spectra, approaching excellent

accuracy [12] or topological features of Raman spectra and ML classifiers trained in combination as an

automatic classification pipeline in order to select the best-performing pair [13]. Based on the recent

findings on the grading of CS malignant degrees by Raman spectroscopy, in this work, we tested the

ability of ML and DL models in the attempt of identifying CS and EC, as case study, with the highest

possible accuracy, sensitivity and specificity. The main focus was to distinguish CS from EC and to

assign a correct grade to CS. This assignation is often complicated by the fact that RS, giving access

to the rich chemical information of the tissues, often does not allow for a complete correspondence

between the grades observed through the Raman-based spectral dataset and the malignant degrees

commonly assigned by the pathologists through histological examination. So that, for example, what

for a pathologist, through the traditional diagnostic technique adopted, is assigned as a grade 2, for a

Raman analysis can be a grade 2-1/2, an intermediate value between grade 2 and grade 3, containing

chemical characteristics commonly assigned to one of the two degrees of malignancy, respectively.

Therefore it becomes extremely important to develop a diagnosis based on Raman spectroscopy alone

to have algorithms capable of carrying out this comparison unequivocally and with large accuracy. In

this work, we demonstrated which ML models can be adopted for the identification of CS malignant

degrees from benign version, EC, on the dataset generated in [11]. In particular, we evidenced the

best performances of two models belonging to ML proper and two model belonging to the sub-field

of ML called DL. Our criterion to define the best performances of ML-DL models was based on a

double requirement: i) to discriminate between CS malignant degrees and EC with high classification

accuracy; ii) to retrieve information about the biochemical aspect of the tissues studied, evidenced

possible biomarkers.
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2. Materials and Methods

2.1. Samples

The study involved ten patients, treated in 2018 in the Azienda Ospedaliero Universiteria Pisana,

Pisa, Italy. Among the examined patients, three of which corresponded to the diagnosis of EC, three to

CS of grade 1 (G1), two to CS of grade 2 (G2) and two to CS of grade 3 (G3). The resulting bone excised

tissues were subjected to formalin-fixing and paraffin-embedding, without decalcification. For each

patient, two tissue sections of thickness 5-µm were obtained from the resulting excised masses. After

being deposited on a glass slide, commonly employed in microscopy, the paraffin was removed. One of

the aforementioned section was stained with Hematoxylin and Eosin for the following histopatological

examination. The other one was not subjected to staining and employed for the acquisition of Raman

spectra.

2.2. Raman apparatus

The Raman microscope was a Thermo Fisher Scientific DXR2xi Confocal Raman Microscope [14].

The setup collected the Raman back-scattered photons, generated by illuminating the sample with

a 532 nm laser emitting at powers between 5 and 10 mW [11]. The optics was composed of a 100×

objective and a pinhole of diameter 25 µm. The resulting Raman spectra were acquired in the range

between 400 and 1800 cm−1, with Np = 1738 points for each spectrum.

The final dataset included Ns = 337 spectra, 80 spectra for EC, 80 for G1, 84 for G2 and 93 for G3.

Finally, the minimum Raman intensity was subtracted from each raw spectrum.

3. Data analysis

In the following, we will represent the Raman data as couples {(xi, yi)}, i = 1, ..., Ns, where

xi ∈ R
Np is a vector storing the Raman intensities within a single spectrum, while yi represents the

value of the label associated to the i-th spectrum. The spectrum xi can be also viewed as the i-th row of

a matrix X of size Ns × Np.

As stated in the Introduction section, the main objective of this work was to employ RS in combination

with ML to classify bone tissue. In particular, we focused our attention in three distinct classification

problems:

1. The problem of distinguishing EC and CS (EC-CS);
2. The problem of distinguishing G1, G2 and G3 (G1-G2-G3);
3. The problem of distinguishing EC, G1, G2 and G3 (EC-G1-G2-G3).

To this aim, we employed three ML protocols:

• Random Forest Classifier (RFC): this non-linear ML algorithm is based on building decision trees

by training them on datasets obtained by randomly selecting spectra from the initial dataset.

This selection allows the presence of duplicates. The result of this procedure is a “forest”, whose

prediction is based on the majority of the responses of the trees belonging to it. In this work, we

adopted a forest of 4000 trees, to minimize the so-called out-of-bag error [15];
• Multi-Layer Perceptron (MLPC): in this work, this simple DL algorithm consisted in 900 hidden

layers and a ReLU activation function. We carried out the training either with the ADAM [16] or

with the L-BFGS-B [17] solvers, with an upper limit of 600 iterations. In the following, we will

refer to the aforementioned DL models as MLPC(ADAM) and MLPC(L-BFGS-B), respectively;
• Support Vector Machine (LSVM): this ML algorithm is aimed at determining the so-called

maximum-margin hyperplane, separating the vectors {xi} corresponding to different values of the

label [18]. The general equation of an hyperplane can be written as

wTx − b = 0, (1)
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where w is a vector normal to the hyperplane and b a real constant. According to the linear

version of SVM, the classification is performed by solving the following minimum problem:

min
w,b

wTw (2)

with the constraint yi(w
Txi + b) ≥ 1 ∀i = 1, ..., Ns. Despite non-linear and more advanced

versions of this algorithm were introduced, we adopted the original linear version as

representative of a linear ML model, with the aim of comparing the resulting performances with

the aforementioned non-linear ML routines;

The performances of the ML models mentioned before were assessed through 5-fold Cross

Validation, in terms of Sensitivity (S), Specificity (SP) and Accuracy (A). The choice of such parameters

was motivated by the wide employment in medicine.

One of the purposes of this work was the search for the molecules relevant for the process of

classification, with interesting consequences in the understanding of the biochemical processes behind

the occurrence of such diseases. In the framework of ML and DL, this problem is referred to as

the assessment of the Feature Importance (FI). In this work, we adopted the so-called Permutation

Feature Importance (PFI) [19–21]. Consider a ML or DL model M, previously trained on the dataset

represented by the matrix X. Let s be a generic score, assessing the performance of M on a test dataset

X′. Suppose to calculate the parameter sj, representing the aforementioned score, on the dataset X′

after a permutation of the elements of the j-th column. The basic idea behind the definition of PFI

is that, if sj ∼ s, the spectral component corresponding to the j-th column of X′ can be considered

irrelevant for the classification. The PFI associated to the j-th spectral component is defined as

PFIj = s −
1

K

K

∑
l

sl,j. (3)

in this definition, X′ is subjected to K permutations of the j-th column, and sl,j represents the

score obtained at the l-th permutation. By definition, the larger PFIj, the larger the importance of the

j-th spectral component. Despite RFC provides an intrinsic definition of FI, based on the ability of a

single feature in increasing the “purity” of the classification domains [22], the use of PFI allowed to

compare the FI of different ML models and to reinforce our considerations about the relevant chemical

compounds in the biochemical processes at the origin of the diseases under interest. In the following,

we calculated PFI associated to the prediction accuracy (s ≡ A), on a X′ dataset obtained by randomly

selecting spectra from X, with a proportion of 20% with respect to the total number of spectra. We

chose this proportion in line with the 5-fold cross validation adopted.

4. Results and discussion

It us commonly recognized that the progression of the grade of malignancy of CSs is strongly

correlated to several biochemical contents of ExtraCellular Matrix (ECM), such as degradation of

collagen, cell proliferation or different biochemical composition of non-collagenous proteins in terms

of proteoglycans contents [23]. In addition, CSs are characterized by chondrocyte-derived hyaline-like

ECM, which generally surrounds the tumor cells [24], whereas hyaline-like ECM is composed of a

woven network of collagen fibres and proteoglycans. Raman analysis already evidenced that one of

the biomarkers indicating the modifications and degradation of collagen in cancerous tissues is Proline,

one of the three amino acids forming the collagen α-helix [11]. This is nor surprising because proline

metabolism plays a fundamental role in a number of regulatory targets in mammalian tissues and is

particularly important in cancer [25].

In Figure 1 (a), the averaged spectra associated to CS and EC are shown. The shaded areas

represent the related standard deviation. The corresponding peak assignments are reported in Table 1.

The general behaviour of the averaged spectra highlights a decrease in the Raman signal of CS with
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respect to EC. In particular, we qualitatively observed the largest differences between CS and EC

in the Raman intensities in the following spectral bands: the most intense peak (∼ 1003 cm−1) can

be attributed to Phenylalanine (Phe). The presence of this molecule is testified also by the peak at

1609 cm−1. Phe is a precursor of several amminoacids, such as Tyrosine, represented by the peaks

at 815, 172 and 1207 cm−1. Tyrosine was previously recognized as an amminoacid regulating the

production and activity of osteoclasts [26]. We attributed the two narrow peaks at ∼ 729 cm−1 to

carbonates that, alongside bioapatites (849, 1035, 1057 and 1098 cm−1), represent one of the most

abundant inorganic components of the bone tissue. The presence of mineral compounds is also

testified by the peak at 604 cm−1, attributable to mineral phosphate groups. Other relevant spectral

components can be found in the peaks at 830 and 1453 cm−1, assigned to collagen and CH2 wag,

respectively.

Figure 1. (a) Averaged Raman spectra of CS and EC; (b) averaged spectra of G1, G2 and G3.

The small standard deviations in comparison to the average Raman spectra observed for the CS

class in Figure 1 (a) result in small differences between the averaged Raman spectra of G1, G2 and G3, as

shown in Figure 1 (b). However, the peak of Phe qualitatively highlights the largest differences between

the three grades of CS. This last features makes the peak of Phe a promising candidate for the grading of

CS. In Table 2, the performances of the ML and DL models for the examined classification problems are

resumed. The Accuracy A, the Sensitivity S and the Specificity SP were averaged over the 5 folds and

over the values of the label. The most evident result highlighted is the substantial difference between

the performances of the linear SVM with respect to the other models, for all the classification problems

considered. This feature reveals how non-linearities in the definition of the models result in enhanced

classification performances. As expected, the simplest binary classification problem EC-CS led to the

maximum performances, i. e. A = (99.7 ± 0.1)%, S = (99.7 ± 0.1)% and SP = (99.0 ± 0.1)%, reached

with MLPC(ADAM). On the other hand, the classification problem EC-G1-G2-G3 result on the minimum

classification accuracies, with the maximum value of A = (97.6± 0.1)% obtained with MLPC(ADAM).

In conclusion, the tested routines showed excellent classification performances, making the technique a

promising candidate for future applications in the diagnosis and grading of CS.

In Table 2, the performances of the ML and DL models for the examined classification problems are

resumed. The Accuracy A, the Sensitivity S and the Specificity SP were averaged over the 5 folds and

over the values of the label. The most evident result highlighted is the substantial difference between

the performances of the linear SVM with respect to the other models, for all the classification problems

considered. This feature reveals how non-linearities in the definition of the models result in enhanced

classification performances. As expected, the simplest binary classification problem EC-CS led to the

maximum performances, i. e. A = (99.7 ± 0.1)%, S = (99.7 ± 0.1)% and SP = (99.0 ± 0.1)%, reached

with MLPC(ADAM). On the other hand, the classification problem EC-G1-G2-G3 result on the minimum
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classification accuracies, with the maximum value of A = (97.6± 0.1)% obtained with MLPC(ADAM).

In conclusion, the tested routines showed excellent classification performances, making the technique a

promising candidate for future applications in the diagnosis and grading of CS.

Table 1. Raman peaks of the analyzed samples within the range between 400 and 1800 cm−1 and

corresponding peak interpretations [11].

Wavenumber (cm−1) Interpretation Reference

490 Glycogen [27]

519 Phosphatidylinositol [28]

540 Amminoacid cysteine [28]

584 Phosphate (bend) peak [29]

604 Phosphate (minerals) [30]

646 C-P vibrations [31]

729 Carbonates [32]

773 Hydroxyapatite [33]

815 Proline, Hydroxyproline, Tyrosine, ν2 PO−
2 stretching of nucleic acids [28]

831 Collagen [34]

849 Apatite [35]

971 Tricalcicum phosphate [36]

1003 Phenylalanine [37]

1035 Apatite [38]

1057 ν3 − PO3−
4 (Apatite) [39]

1098 ν1 − CO2−
3 (Hydroxyapatite) [40]

1123 C-N (Proteins) [28]

1159 C-C/C-N stretching (Proteins) [28]

1172 Tyrosine [41]

1185 Carbohydrates [42]

1207 Hydroxyproline, tyrosine [43]

1227 Nucleic acids [44]

1253 Amide III [45]

1267 Amide III, lipids [28]

1307 Amide III, lipids [46]

1383 N-acetyl-glucosamine [47]

1453 CH2 wag [48]

1489 Guanine [49]

1595 Amide I [50]

1609 Amide I, Phenylalanine [51]

1619 Amide I (aggregates) [52]

1639 Proteins, collagen [53]

1731 Ester group [54]

Table 2. Accuracy A, Sensitivity S and Specificity SP, averaged over the 5 folds and over the values of

the label.

Classification problem Model A(±0.1%) S(±0.1%) SP(±0.1%)

EC-CS SVM 78.9 78.9 79.7
EC-CS RFC 98.5 98.5 97.0
EC-CS MLPC(ADAM) 99.7 99.7 99.0
EC-CS MLPC(L-BFSG-B) 99.1 99.1 97.1

G1-G2-G3 SVM 75.9 75.9 87.4
G1-G2-G3 RFC 99.2 99.2 99.6
G1-G2-G3 MLPC(ADAM) 99.2 99.2 96.6
G1-G2-G3 MLPC(L-BFSG-B) 99.2 99.2 99.6

EC-G1-G2-G3 SVM 76.6 76.6 92.4
EC-G1-G2-G3 RFC 97.3 97.3 99.1
EC-G1-G2-G3 MLPC(ADAM) 97.6 97.6 99.2
EC-G1-G2-G3 MLPC(L-BFSG-B) 97.3 97.3 99.1
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Analogously, Figure 2 reports the PFI associated to the prediction accuracy for the models

examined as a function of wavenumbers, for all the classification problems of interest, and where the

PFI is normalized with the MinMax rule [55]. We emphasize that the PFI provides a measure of the

relevance of a spectral component in the detecting the values of the label. In this sense, the behaviour

of PFI for MLPC (Figure 2 (a), (c) and (e)), characterized by the the presence of a large number of

peaks of similar intensities, indicates that the DL models studied rely on a large number of spectral

components to reach the aforementioned performances. This trend is probably the result of the strong

non-linear nature of MLPC. On the other hand, the PFI of SVM and RFC, represented in Figure 2 (b), (d)

and (f), show a small number of well-definite peaks in comparison to MLPC. Therefore, despite SVM

and RFC showed worse classification performances than the DL models, they are potentially capable

of providing more information about the biochemical mechanisms on the basis of the malignant degree

under interest. In particular, by observing the Figure 2 (b), we detected a peak of PFI at ∼ 602 cm−1,

exhibiting large feature importance either for SVM or for RFC. As shown in Table 1, this peak is

attributable to phosphate groups associated to mineral compounds, for example hydroxyapatite, as

was to be expected. We noted the same feature for the peaks at ∼ 730 and ∼ 1449 cm−1, corresponding

to carbonates and CH2 wag. These finding, especially the first two wavenumbers mentioned, suggest

differences in EC and CS attributable to the mineral components. Analogously, the peak of Phe

(∼ 1003cm−1) observed either for SVM or for RFC in Figure 2 (d) suggests relevant differences between

different grades of CS in the content of this molecule. Finally, as expected, in the classification problem

EC-G1-G2-G3, the behaviour of the PFI (Figure 2 (f)) appears to be intermediate between the PFI in the

EC-CS and the G1-G2-G3 classification problems.

Figure 2. (a) PFI for MLPC(ADAM) and MLPC(L-BFSG-B) in the classification problem EC-CS; (b) PFI

for SVM and RFC in the classification problem EC-CS; (c) PFI for MLPC(ADAM) and MLPC(L-BFSG-B)

in the classification problem G1-G2-G3; (d) PFI for SVM and RFC in the classification problem G1-G2-G3;

(e) PFI for MLPC(ADAM) and MLPC(L-BFSG-B) in the classification problem EC-G1-G2-G3; (f) PFI for

SVM and RFC in the classification problem EC-G1-G2-G3. The PFI signals are normalized with the

MinMax rule.
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5. Conclusions and Future Perspectives

Based on the recent findings based on the application of methods of ML and DL to the grading of

CS malignant degrees by Raman spectroscopy, in this work, we tested the ability of different ML and

DL models in the attempt of identifying CS and EC, as case study, with the highest possible accuracy,

sensitivity and specificity, quickly and at the lowest possible computational costs. The main focus was

so to support computationally and in autonomous way (independent by the operator) the distinction

between CS from EC and, in the same time, to assign a correct degree to CS tissues.

Paradoxically, this assignation is often complicated by the fact that RS, giving access to the rich

chemical information of the tissues, often does not allow for a complete correspondence between the

grades observed through the Raman-based spectral dataset and the malignant degrees commonly

assigned by the pathologists through histological examination. In addition to this limitation, the ML

and DL methods selected by the highest accuracy performances could they could be of considerable

help in solving another limitation of RS spectral imaging, namely the intrinsic low acquisition speed.

In order to become a standard for pathologists involved in the classification of tumor tissues for a

correct and rapid diagnosis, RS must overcome these two limitations. While to overcome the low

acquisition speed it will be necessary to adopt improved solutions at instrumental set up, for the

interpretation of the Raman spectral dataset of oncological tissues, the possibilities offered by ML and

DL methods are crucial. To this aim, we assessed the performances either of selected ML or of DL

models. The work resulted in excellent classification performances, especially for the DL models, i.e.

MLPC(ADAM) and MLPC(L-BFSG-B), with prediction accuracies approaching 100%. These findings

make such models good candidates for future applications in the automated diagnosis and/or in the

in vivo intraoperative detection of such bone tumors. However, with respect to DL, the use of ML

provided precious information about the chemical compounds relevant for the classification, with

potential implications in the understanding of the biochemical mechanisms behind the occurrence of

such diseases.
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Abbreviations and symbols

The following abbreviations are used in this manuscript:

Abbreviation/Symbol Definition

CS Chondrosarcoma

EC Enchondroma

MRI Magnetic Resonance Imaging

CT Computed Tomography

RS Raman Spectroscopy

ML Machine Learning

CRM Confocal Raman Microscopy

DL Deep Learning

ECM ExtraCellular Matrix

G1 Chondrosarcoma (grade 1)

G2 Chondrosarcoma (grade 2)

G3 Chondrosarcoma (grade 3)

xi i-th Raman spectrum

yi Value of the label y for the i-th Raman spectrum

X Training dataset matrix

X′ Test dataset matrix

Ns Number of Raman spectra

Np Number of points of a single Raman spectrum

EC-CS Classification problem (values of the label: EC and CS)

G1-G2-G3 Classification problem (values of the label: G1, G2 and G3)

EC-G1-G2-G3 Classification problem (values of the label: EC, G1, G2 and G3)

SVM ar Support Vector Machine

RFC Random Forest Classifier

MLPC(ADAM) Multi-Layer Perceptron (ADAM solver)

MLPC(L-BFSG-B) Multi-Layer Perceptron (L-BFSG-B solver)

FI Feature Importance

PFI Permutation Feature Importance
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