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Abstract. Early and precise identification of primary brain tumors is still a great 

clinical challenge due to tumor heterogeneity and ambiguous histopathology 

primary tumours are the most common tumour types in the central nervous 

system (CNS) with four WHO grades of malignancy (I- IV) associated with 

tumour growth rate and likelihood of recurrence, where surgical outcomes and 

patient management depend on tumour grade and histological subtype.  ATR-

FTIR spectroscopy is a non-destructive, label-free method that reads the 

molecular fingerprint of tissue, picking up small shifts in lipids, proteins and 

nucleic acids In the present study, we used attenuated total reflection Fourier 

transform infrared (ATR-FTIR) spectroscopy aligned with principal component 

analysis and linear discriminant analysis (PCA-LDA) to determine the 

biochemical disparities of brain tumor samples between meningiomas and 

gliomas (diffuse astrocytoma and glioblastoma). Spectra were analised in the 

1800-900 cm-1 region. The resultant PCA-LDA gave the best results: 

meningiomas and glioma were recognized with 95,6% accuracy (two-class 

model) with 100% sensitivity and 69,7% specificity, while classification into 3 

groups showed 70,3% accuracy (71,3% sensitivity and 80,6% specificity). 

Several wavenumbers were identified as possible biomarkers for tumor 

differentiation. Most of them were related to lipids, proteins, DNA/RNA and 

carbohydrate alterations. These findings verify the potential future prospect for 

ATR-FTIR spectroscopy as an extremely rapid and robust diagnostic tool for 

brain tumour classification with highly appealing prospects for intraoperative and 

point-of-care applications. 
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1 Introduction 

Gliomas and meningiomas are the largest number of primary brain tumours [1]. Men-

ingiomas are the leading cause of primary brain tumours and occur in 20-35% of in-

stances [2, 3]. These tumours arise from the protective membranes' cells covering the 

brain and spinal cord. These tumours grow slowly and are capable of reaching signifi-

cant size. They are predominantly localized in the area above the saddle but occasion-

ally in the posterior cranial fossa and very rarely outside the skull as extracranial men-

ingiomas [2]. They present as an isolated or incidental spot of lesions, causing non-

transmissible sensations. Symptoms vary with the localisation and size of the lesion. 

Among them, headache is the commonest. 

The glioma group includes tumors of origin from neuroepithelial cells and growth 

into glial or supportive elements of the central nervous system. Among them, there are 

such as glioblastomas, astrocytomas, oligodendrogliomas, ependymomas, and glioneu-

ronal tumors with their own characteristics [4]. Investigation of glioma by IR spectros-

copy is a rather broad field of study  [5–12], while meningiomas, despite their im-
portance, still have not received such extensive coverage in this area [1, 13]. 

Infrared (IR) spectroscopy is increasingly solidifying its position as a handy and di-

verse technique in the study of biological compounds [14]. The merit of the method is 

that it is capable of gathering accurate information about the chemical composition of 

a sample without destroying its structure, useful for medical diagnostics. The method 

relies on the contact between infrared radiation and the biomolecules forming the tissue. 

This interaction is accountable for the generation of a distinctive spectral "fingerprint" 

- a spectrochemical signature unique to each type of tissue and its condition. 

The interaction of IR radiation with molecules is due to the change in their dipole 

moment upon the vibrational motion of chemical bonds. Each chemical bond possesses 

its own vibration frequency, which manifests itself in the IR spectrum in terms of peaks 

at certain wave numbers  [15]. Unlike for most other methods, IR spectroscopy in most 

situations can be carried out without complicated sample preparation and takes rela-

tively little time. This is particularly relevant for urgent diagnostics in OR settings. 

To access valuable and credible data, IR spectra from the fingerprint region are pro-

cessed using sophisticated computer software methods known as chemometrics. The 

spectral data are first subjected to pre-processing methods to baseline correct and re-

move possible physical changes unassociated with disease changes and then chemo-

metric models are developed and validated in an effort to recover possible spectral bi-

omarkers and sensitivity and specificity scores [16]. Multivariate classifier algorithm 

such as principal component analysis combined with linear discriminant analysis (PCA-

LDA) [17] are mostly used for the analysis of IR spectral data because these methods 

facilitate the extraction of informative spectral features concerning tumor differentia-

tion as well as predictively classify samples in groups. 
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2 Materials and Methods 

Sample Collection and Spectral Acquisition 

The material for the study was the brain tissue of 32 patients with various types of 

primary brain tumors hospitalized in the Specialized Scientific and Practical Center for 

Neurosurgery and Neurorehabilitation of Samakand State Medical University. To ex-

clude high absorption bands in the IR spectra of –OH bonds of water, brain tissue sam-
ples were pre-dried in a WGL-30B drying cabinet (Huanghua Faithful Instrument Co., 

China) for 14–20 hours at a temperature of 20℃. IR spectra of the samples were rec-
orded on a Fourier-transform IR spectrometer IR Spirit-T (Shimadzu, Japan) using the 

ATR-attachment QATR-S (Shimadzu, Japan) in the range of 4000–600 cm-1 with a 
resolution of 4 cm-1 and averaging over 32 scans using the LabSolutions software (Shi-

madzu, Japan). Each sample was analyzed at different random locations in triplicate to 

ensure reproducibility. After each sample, the ATR crystal was cleaned with distilled 

water and a new background spectrum was obtained to account for environmental 

changes before the next sampling. The analysis time for each tissue sample was ap-

proximately 5 min. 

Data аnalysis 
Spectral preprocessing included baseline correction, normalization, and smoothing 

to reduce instrumental and environmental variability while preserving relevant bio-

chemical information in Origin Lab 2021 (OriginLab Corporation, USA). PCA-LDA 

is a supervised discriminant analysis algorithm based on the principal component anal-

ysis (PCA) model followed by a linear discriminant analysis (LDA) classifier [17]. 

Principal Component Analysis (PCA) was applied to reduce data dimensionality while 

retaining the major variance components. The number of principal components was 

selected based on cumulative explained variance [18]. Linear Discriminant Analysis 

(LDA) was employed for classification purposes to maximize inter-class separation 

based on the transformed PCA features [17].  The performance of the model was as-

sessed using Receiver Operating Characteristic (ROC) curve analysis using Python 

(version 3.9) with the scikit-learn package [19]. The area under the curve (AUC) was 

calculated as a summary metric. 

Model evaluation 

The performance of the classification models was assessed using three key metrics: 

accuracy, sensitivity, and specificity. Accuracy measures the overall proportion of cor-

rectly classified samples. Sensitivity reflects the ability of the model to correctly iden-

tify positive cases. Specificity, in turn, shows how well the model recognizes negative 

cases. 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 = 𝑇𝑃𝑇𝑃+𝐹𝑁      (1) 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 = 𝑇𝑁𝑇𝑁+𝐹𝑃       (2) 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  𝑇𝑃+𝑇𝑁𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁     (3) 

tiptap://citation/?d=%3D
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where TP = true positive, FP = false positive, TN = true negative and FN = false 

negative. 

3 Results 

The study was performed on IR spectra of biomaterials from 32 patients divided into 

3 groups: meningiomas (n = 5, 13 spectra), diffuse astrocytomas (n = 23, 69 spectra) 

and glioblastomas (n = 4, 12 spectra). Diagnoses were pre-defined based on histopatho-

logical data before obtaining the spectra. Spectral data were subjected to chemometric 

analysis using PCA-LDA. The following comparisons were investigated: (1) classifi-

cation into three groups (meningiomas, diffuse astrocytomas and glioblastomas, (2) 

meningiomas versus gliomas. 

Final diagnoses in the sample groups were predetermined based on histopathological 

analysis before spectra were obtained. 

Pre-processed (baseline correction and vector normalization) IR spectra and their 

second derivatives of all samples in the 1800–900 cm⁻¹ "fingerprint" region are shown 
in Fig. 1 and 2. 

 

Fig. 1.  IR spectra of the brain of patients with primary brain tumors. The spectra were recorded 

in the mid-IR range (1800–900 cm⁻¹), showing characteristic absorption bands corresponding to 
molecular vibrations of biological components. 
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Fig. 2.  Second derivatives of IR spectra of brain tissue samples of different histologies in the 

range 1800-900 cm-1  

The illustrations second-derivative FTIR spectra of glioblastoma (a), meningioma 

(b), and diffuse astrocytoma (c) tissues, with panel (d) representing the average spectra 

of the three histologic groups are given Figure 3. Second-derivative improvement of 

band resolution and identification of subtle differences between overlapping compo-

nents are provided. 

The typical protein amide I and II bands at ~1654 and ~1545 cm⁻¹, respectively, are 
evident in all spectra. Glioblastoma spectra (Fig. 3a) show prominent amide I/II bands 

with shoulders at 1635 cm⁻¹ (β-sheet contribution), 1450 cm⁻¹ (scissoring of CH₂ of 
proteins/lipids), 1398 cm⁻¹ (symmetric COO⁻ stretching) and 1236 cm⁻¹ (amide 
III/PO₂⁻ asymmetric stretching). In meningioma (Fig. 3b) the amide I/II bands are nar-
rower, with deeper 1400–1390 cm⁻¹ and 1240 cm⁻¹ bands, indicating relatively greater 
lipid and phosphodiester content. The phosphodiester band between 1080–1050 cm⁻¹ 
(symmetric nucleic acid and phospholipids PO₂⁻ stretching) is also more pronounced 
than in glioblastoma. Diffuse astrocytoma spectra (Fig. 3c) retain amide I at ~1652 cm⁻¹ 
but with broader profiles, a narrow 1515 cm⁻¹ band (aromatic amino acid vibrations) 
and less intense CH₂ scissoring at 1452 cm⁻¹, along with intense carbohydrate/phos-
phodiester bands between 1100 and 1020 cm⁻¹. 
The averaged spectra (Fig. 3d) highlight these distinctions: glioblastoma by protein 

signatures, meningioma by augmented lipid and phosphodiester contributions, and dif-

fuse astrocytoma by most intense carbohydrate/nucleic acid region.  
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Fig. 3.  Second-derivative ATR-FTIR spectra of brain tissue samples in the 1800–900 cm⁻¹ range: 
(a) glioblastoma, (b) meningioma, (c) diffuse astrocytoma, (d) averaged spectra of the three his-

tological groups. 

Table 1 lists the principal band positions and their tentative biochemical assignments 

derived from the second-derivative FTIR spectra shown in Figure 3. 

Table 1.  Tentative assignments of the main second-derivative FTIR peaks observed in brain 

tumour tissues (1800–900 cm⁻¹) 

Peak position (cm⁻¹) Tentative assignment Principal contributors / comments 

1740–1735 ν(C=O) ester stretch Lipid esters, phospholipids (typically 

weak in brain tissue) 

1656–1652 Amide I, ν(C=O) α-helix Protein secondary structure (α-helix) 
1637–1633 Amide I, β-sheet ν(C=O) Proteins, aggregated structures 

1548–1542 Amide II, δ(N–H) + ν(C–N) Proteins/peptides 

1518–1512 Aromatic ring vibrations Tyr/Trp, phenylalanine side chains 

1454–1448 δ(CH₂) scissoring Lipid methylene chains, proteins 

1402–1395 ν_sym(COO⁻) Carboxylate groups of amino acid side 

1245–1235 Amide III / ν_as(PO₂⁻) Mixed: proteins, phosphodiesters of nu-

cleic acids and phospholipids 

1160–1145 ν(C–O), ν(C–C) Carbohydrates, glycoproteins 

1088–1078 ν_sym(PO₂⁻) Phosphodiester groups of DNA/RNA, 

phospholipids 

1050–1020 ν(C–O) stretch Carbohydrate backbone vibrations, gly-

cosaminoglycans 

* ν = stretching; δ = bending; as = asymmetric; sym = symmetric. 
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Fig. 4.  Plot of the canonical PCA-LDA analysis. The division into groups DA- diffuse 

astrocytoma (black dots), GB- glioblastoma (red dots) and Men- meningioma (green dots) is 

carried out according to canonical variables 1 and 2. The group means are marked with crosses 

(X). 

 

Fig. 5.  Confusion matrix for PCA-LDA classification model by second derivatives, showing 

predicted vs. actual class labels for classes DA (diffuse astrocytoma), GB (glioblastoma), and 

Men (meningioma). The color intensity reflects the number of observations in each category. 

The PCA-LDA model was used to reduce the dimensionality and improve the class 

discrimination of the studied dataset. As we can see in the fig.4, the canonical score 

plot reveals a clear pattern of clustering, especially between the meningioma group and 
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the other two groups. The group means, denoted by the crosses, further confirm the 

classification power of the model. This informs us that the combined PCA-LDA ap-

proach is effective in distinguishing these groups and can become a robust methodology 

for pattern recognition in similar datasets. 

To quantitatively evaluate the performance of the PCA-LDA model, global classifi-

cation metrics were calculated based on the Confusion matrix (fig. 5). The overall ac-

curacy of the model was 70.3%. The average macrometrics of precision, recall, and 

specificity 72.6%, 71.3%, and 80,6% respectively, reflecting the average performance 

across all classes regardless of sample size. This confirms that although the classifier is 

good overall, the bulk of the predictive function is concentrated in the DA and Men 

groups, with the GB group demonstrating low classification accuracy. 

 

Fig. 6.  Results of PCА-LDA classification of brain tissue biopsy IR spectra between two groups. 
The ordinates show −ln(P) values, reflecting the confidence of the model in the classification. 
Black dots indicate glioma (GL) spectra, red dots indicate meningioma (Men). Most samples are 

classified with high confidence, errors were observed predominantly among gliomas. 

Figure 6. Results of PCА-LDA classification of brain tissue biopsy IR spectra be-
tween two groups. The ordinates show −ln(P) values, reflecting the confidence of the 
model in the classification. Black dots indicate glioma (GL) spectra, red dots indicate 

meningioma (Men). Most samples are classified with high confidence; errors were ob-

served predominantly among gliomas. 

The Figure 6 shows a plot of the values of the negative logarithms of probabilities 

of belonging of the spectra to the corresponding classes, obtained as a consequence of 

classification with the PCA–LDA method. The ordinate is the values of −ln(P), the 
model confidence in the classification result: the smaller the value, the greater the con-

fidence. The abscissa axis is observation serial numbers. Black dots are spectra belong-

ing to gliomas (n=81), red dots - to meningiomas (n=13). 

The majority of samples have values of −ln(P) near zero, testifying to high credibility 
of the classification. Greater values of −ln(P) within single samples, predominantly 
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within the range of 55–60 and near the 95th observation, can signify a lesser level of 
confidence in the model and, presumably, spectra with deviant or borderline properties. 

The PCA–LDA model achieved a high level of separability between the two classes. 
The meningioma spectra exhibit high homogeneity - corresponding points are posi-

tioned in proximity to zero values of −ln(P). Meanwhile, gliomas have spectra with 
higher dispersion of values, which are presumably to indicate the histologic and molec-

ular heterogeneity of tumors of this sort. 

 

Fig. 7.  Confusion matrix classification method PCA-LDA by second derivatives, showing pre-

dicted vs. actual class labels for classes GL (glioma) and Men (meningioma). 

 

Fig. 8.  Receiver operating characteristic (ROC) curve, where AUC means the area under the 

curve 
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The PCA-LDA model demonstrated excellent classification performance. The cal-

culated Area Under the ROC Curve (AUC) was 0.98, indicating high discriminative 

ability. The overall classification accuracy reached 95.6%, with a sensitivity of 100% 

and specificity of 69.7% (Fig.7,8). 

The results confirm the model’s capacity to reliably differentiate between the studied 
brain tumor classes based on their spectral signatures. 

4 Discussion 

In comparison with previous studies, our classification accuracy (95.6% for the two-

class model) is as good as, if not better than, that reported by Taha Lilo et al. [20] (AUC 

0.94) and Kenig et al. [11] (AUC 0.91) in spectrochemical discrimination of brain tu-

mours. Similarly, Wehbe et al. [7] reported discrimination between glioma grades with 

overall accuracies varying in the range of 85–90%. Furthermore, our PCA-LDA model 
demonstrated a remarkable 95.6% overall accuracy, a 100% sensitivity, and 69.7% 

specificity in differentiating glioma from meningioma, highlighting its robust discrim-

inatory power [20]. These findings are consistent with prior research employing PCA-

LDA for tumor differentiation, where high accuracy values (e.g., 99% training and 97% 

validation accuracy with an AUC of 0.99 for distinguishing meningioma grades) have 

been observed across various spectral modalities [20]. For instance, other studies have 

reported that PCA-QDA and SPA-QDA achieved excellent classification performance 

with an AUC of 0.929 for distinguishing meningioma grades, which is comparable to 

our findings [21]. Moreover, the SVM approach has consistently demonstrated accu-

racy approaching 100% in distinguishing various brain tumor types, including menin-

gioma, from normal tissue. However, distinguishing meningioma from normal tissue 

can be challenging without incorporating patient-specific factors [22].  

These findings suggest that our integrated ATR-FTIR + PCA-LDA technique exhib-

its high discriminability compared to the existing literature. There are some limitations 

of this research that must be addressed. The sample size was relatively small compared 

to other studies, and the classes were not well-balanced, which may impact classifica-

tion accuracy. One spectrometer and one pre-processing pipeline were used; therefore, 

external validation on independent, larger datasets and against other equipment is 

needed to extend these results more generally. Despite these limitations, the results 

highlight the potential of ATR-FTIR spectroscopy with chemometrics as a rapid and 

non-destructive means of primary brain tumor classification. 

Furthermore, an important advantage of using ATR-FTIR spectroscopy is that, due 

to its non-destructive nature [23], the same tissue section can theoretically be used for 

conventional histological analysis or other complementary methods such as Raman 

spectroscopy [21]. The specificity and sensitivity of primary brain tumor detection in 

clinical diagnostics can be improved in future applications using FTIR microspectros-

copy, due to its higher spatial resolution, which will allow for obtaining richer, spatially 

distributed spectrochemical information. The application of ATR-FTIR spectroscopy, 

combined with PCA-LDA modeling, enabled the efficient differentiation of primary 
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brain tumor types based on their unique spectral profiles. The proposed method demon-

strated high diagnostic accuracy and reliability, with an AUC of 0.98 and ideal sensi-

tivity and specificity, further highlighting the clinical relevance of this approach and its 

overall classification performance. Previous research has also highlighted the utility of 

ATR-FTIR spectroscopy for brain tumor detection, with studies reporting high accu-

racy in distinguishing tumor from non-tumor tissues, as well as differentiating various 

tumor types [24] [25]. This includes studies demonstrating the potential of ATR-FTIR 

spectroscopy for rapid diagnosis of brain tumor severity, achieving high accuracy in 

classifying high-grade glioma, low-grade glioma, and non-cancerous samples [26].  

5 Conclusion 

The proposed ATR-FTIR spectroscopy, combined with chemometric methods, of-

fers a powerful spectrochemical method for differentiating primary brain tumors. The 

high diagnostic accuracy, reliability and fast analysis time suggest its potential useful-

ness as an auxiliary tool for clinical decision making and surgical planning. ATR-FTIR 

spectroscopy offers several key advantages over traditional histological methods, in-

cluding minimal sample preparation, rapid data acquisition, non-destructive analysis, 

and the potential for real-time diagnostics. By capturing subtle biochemical differences 

in tumor tissues, this spectrochemical approach provides valuable insights into tumor 

heterogeneity and supports more accurate classification. These results support the inte-

gration of vibrational spectroscopy methods into future diagnostic workflows for brain 

tumors, potentially improving patient stratification and treatment planning. 
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