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Abstract 

Background  Glioma is a primary brain tumor and the assessment of its molecular profile in a minimally invasive 
manner is important in determining treatment strategies. Among the molecular abnormalities of gliomas, mutations 
in the isocitrate dehydrogenase (IDH) gene are strong predictors of treatment sensitivity and prognosis. In this study, 
we attempted to non-invasively diagnose glioma development and the presence of IDH mutations using multivariate 
analysis of the plasma mid-infrared absorption spectra for a comprehensive and sensitive view of changes in blood 
components associated with the disease and genetic mutations. These component changes are discussed in terms 
of absorption wavenumbers that contribute to differentiation.

Methods  Plasma samples were collected at our institutes from 84 patients with glioma (13 oligodendrogliomas, 17 
IDH-mutant astrocytoma, 7 IDH wild-type diffuse glioma, and 47 glioblastomas) before treatment initiation and 72 
healthy participants. FTIR-ATR spectra were obtained for each plasma sample, and PLS discriminant analysis was per-
formed using the absorbance of each wavenumber in the fingerprint region of biomolecules as the explanatory 
variable. This data was used to distinguish patients with glioma from healthy participants and diagnose the presence 
of IDH mutations.

Results  The derived classification algorithm distinguished the patients with glioma from healthy participants 
with 83% accuracy (area under the curve (AUC) in receiver operating characteristic (ROC) = 0.908) and diagnosed 
the presence of IDH mutation with 75% accuracy (AUC = 0.752 in ROC) in cross-validation using 30% of the total 
test data. The characteristic changes in the absorption spectra suggest an increase in the ratio of β-sheet structures 
in the conformational composition of blood proteins of patients with glioma. Furthermore, these changes were more 
pronounced in patients with IDH-mutant gliomas.

Conclusions  The plasma infrared absorption spectra could be used to diagnose gliomas and the presence of IDH 
mutations in gliomas with a high degree of accuracy. The spectral shape of the protein absorption band showed 
that the ratio of β-sheet structures in blood proteins was significantly higher in patients with glioma than in healthy 
participants, and protein aggregation was a distinct feature in patients with glioma with IDH mutations.
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Background
Diffuse gliomas are the most malignant brain tumors. 
Its prognosis, optimal treatment, and response to ther-
apy vary greatly depending on histological findings and 
molecular aberrations, including genetic mutations. 
The WHO Classification of the Central Nervous System 
Tumors, 5th edition, published in 2021, describes the 
presence or absence of isocitrate dehydrogenase (IDH) 
mutation as one of the essential findings in the diagno-
sis of adult diffuse glioma [1–9]. Adult diffuse gliomas 
are classified as astrocytoma, IDH-mutant; oligoden-
droglioma, IDH-mutant and 1p/19q co-deleted; and 
glioblastoma, IDH-wildtype. Diffuse gliomas with IDH 
mutation indicate a better prognosis than glioblastoma 
with wild-type IDH gene [7, 8]. In clinical practice, these 
classifications are confirmed postoperatively by analyz-
ing the tumor deoxyribonucleic acid (DNA) and tissue 
sections; however, diagnosing the mutation status of the 
IDH gene before or during tumor resection is desirable 
to determine the suitable surgical strategies based on the 
molecular findings [10, 11]. To achieve this, the follow-
ing techniques have been developed: magnetic resonance 
(MR) spectrometry to detect [3–5] 2-hydroxyglutarate 
(2-HG), which shows increased tissue concentration in 
the presence of mutation [12], radiomics based on mag-
netic MR images [13], rapid IDH gene mutation detec-
tion from intraoperatively removed tissue, and 2-HG 
detection from intraoperatively resected tissues [14]. 
These methods are promising diagnostic tools as they 
possess high sensitivity and specificity. However, issues 
such as the cost of imaging diagnosis, the lack of stand-
ardization of imaging methods, the limited feasibility of 
intraoperative diagnosis owing to the need for human 
resources, and time constraints need to be addressed.

Alternatively, preoperative genetic diagnosis of gli-
oma using blood samples is now being attempted to 
overcome these problems. Obtaining the information 
on IDH mutation status in glioma from peripheral 
blood samples will aid in determining the prognosis 
and predicted course of the disease before surgery and 
greatly assist in making early decisions on the course 
of treatment including the extent of resection. Blood 
contains tumor-derived biomarkers such as circulating 
tumor cells, cell-free DNA, circulating cell-free micro 
ribonucleic acid, circulating extracellular vesicles or 
exosomes, proteins, and tumor-educating platelets. 
Liquid biopsies are becoming increasingly important 
in the diagnosis of central nervous system tumors [15]. 

Several studies have reported attempts to identify and 
grade gliomas based on the analysis of nonspecific 
molecular and cellular components in a patient’s blood 
such as glial fibrillary acidic protein, other proteins, 
and neutrophil/lymphocyte ratios [16–19]. Similarly, 
the identification of IDH mutations based on circulat-
ing DNA [20], and the usefulness of hydroxy methy-
lome analysis of circulating DNA in plasma [21] have 
also been reported. Each of these methods, which focus 
on specific components, require different sample-pro-
cessing methods and reagents, and costs for each com-
ponent. In contrast, the recent trend employs omics 
technology that comprehensively analyzes informa-
tion on all molecules in the body. Particularly, Fourier 
transform infrared (FTIR) spectroscopy is useful for 
analyzing all the molecular information from blood and 
capturing changes in multiple components in real time. 
Mid-infrared (MIR) region used in FTIR is called the 
fingerprint region because it corresponds to the fun-
damental vibrational energy of intramolecular bonds, 
and its absorption spectrum reflects the states and 
existence ratios of the contained substances with high 
sensitivity [22, 23]. Nevertheless, the complex super-
position of a wide variety of biomolecules is inevitable, 
and the introduction of multivariate analysis is essen-
tial for interpretation. Several studies have reported the 
combined use of liquid biopsy with MIR spectroscopy 
and multivariate analysis [24, 25] such as in the simul-
taneous prediction of urea/glucose levels, which indi-
cates malaria based on the severity of the IR absorption 
spectrum of whole blood [26], and the prediction of 
hepatitis B and C viral infections [27] and incidence of 
acquired immunodeficiency syndrome [28] based on 
the serum absorption spectra. In the case of tumors, 
disease status, and morbidity have been identified 
based on the IR absorption spectrum analysis of serum 
or plasma for lung cancer [29], brain tumors [30–40], 
gastric and colon cancer [41, 42], and breast cancer 
[43]; the estimation of marker compounds based on the 
absorption bands have been the primary basis for iden-
tification. These reports indicate that this method holds 
excellent potential in this aspect.

Tołpa et  al. [44] reported that gliomas can be diag-
nosed with 100% accuracy using tissue sections based 
on the principle of IR absorption by combining Raman 
spectra and machine learning. Others have reported 
high identification rates for gliomas when using IR 
absorption spectroscopy of tissue sections [45, 46]. 
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In disease identification from blood, results based on 
multivariate analysis of IR absorption spectra of serum 
have been reported for primary screening for early 
detection [31–36]. Some researchers have reported the 
differentiation of patients with glioma based on IDH 
mutation status through spectroscopic methods that 
use Raman spectra [47, 48] and IR absorption spectra 
[49, 50] of the tumor tissues. Cameron et al. compared 
the results of the IDH mutation status deduced using 
the IR absorption spectrum of blood with those of tis-
sues [50] and showed that serum containing only low 
molecular weight components of ≤ 3 kDa after centrif-
ugal filtration showed improved classification ability. 
Quesnel et al. also compared the results of IDH muta-
tion differentiation between tissue and serum samples 
based on Raman spectra and found that serum was 
inferior to tissue in providing satisfactory results but 
the logistic regression analysis results were up to 85% 
accurate [51].

In summary, rapid identification from the IR absorp-
tion spectrum of blood, which is less invasive, is a 
promising method for preoperative or intraoperative 
molecular genetic classification of gliomas. However, the 
identification of IDH mutations from blood, which is the 
key to grade determination in the genetic classification of 
gliomas, has only been reported using the serum-based 
method described above [50, 51], and the differentiation 
ability and the underlying basis for such differentiation 
are insufficient. In this study, we used plasma, which is 
more commonly cryopreserved for retrospective stud-
ies, as sample to evaluate glioma development and the 
presence of IDH mutations. In addition, we increased 
the accuracy of spectral measurements by increasing the 
effective optical path length within individual samples. 
Our goal is to develop a rapid and accurate diagnostic 
method for identifying the presence or absence of IDH 
mutations, an important molecular genetic diagnosis 
of glioma, from minimally invasive blood samples. Our 
method may contribute to the early prediction of glioma 
prognosis and the selection of treatment strategy.

Materials and methods
Collection of human plasma samples
This study was approved by the Ethics Committee of 
Tohoku University School of Medicine (Ethics Commit-
tee No. 2023–1-321). After obtaining written informed 
consent from all participants, plasma samples were col-
lected from 84 pretreatment patients (13 oligodendro-
gliomas, 17 IDH mutant astrocytoma, 7 IDH wild-type 
diffuse gliomas, and 47 glioblastomas) and 12 healthy 
collaborators. The diagnosis was made according to the 
WHO Classification of Central Nervous System Tumors, 
Fifth Edition, and all plasma samples from patients were 
collected preoperatively. Plasma samples from healthy 
Asian participants were purchased as control samples 
from Cosmo Bio Co., LTD. USA and BioIVT Inc., UK (30 
each; total 60 cases). All samples and anonymized per-
sonal information were collected and managed for the 
study with donors’ consent. Table 1 shows the breakdown 
and background information of all samples. All plasma 
samples were collected using ethylenediaminetetraacetic 
acid (EDTA)-Na anticoagulation tubes and stored frozen 
below -30 °C until measurements.

Measurement of FTIR‑ATR spectra
The attenuated total reflection (ATR) method is a tech-
nique for measuring the absorption spectrum of a sam-
ple using light that marginally seeps to the side of the 
low refractive index region when light propagating in a 
medium with a high refractive index is totally reflected. 
In this study, a ZnS internal reflection element (IRE) with 
a refractive index of 2.19 in the MIR region was used. 
Figure  1 shows the measurement system. Infrared light 
emitted from an FT-IR is focused on a ZnS ATR trape-
zoidal IRE using an off-axis mirror, and the output beam 
from the IRE is collected using the HgCdTe detector. In 
conventional ATR measurement systems, the number of 
reflections at the sample/IRE interface is one to several 
times, however, this measurement system uses a small 
and long IRE (2  mm wide, 1.6  mm thick, and 24  mm 

Table 1  Classification of human plasma samples

IDH Isocitrate dehydrogenase, mut mutant, wt wild-type, M male, F female

Subtype Grade 2 Grade 3 Grade 4 Total M/F Age (Median)

Oligodendroglioma IDH-mut 
1p/19q codeleted

8 5 0 13 8/5 36—64 (45)

Astrocytoma IDH-mut 3 10 4 17 7/10 22—47 (38)

Diffuse glioma IDH wt 2 4 1 7 6/1 20—83 (62)

Glioblastoma IDH wt 0 0 47 47 28/19 24—77 (60)

Control - - - 72 47/25 21—63 (40)

Total 13 19 52 156 96/60 20—83 (47)
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long) to obtain eight reflections even with a small sample 
volume, which enables high sensitivity measurements.

Frozen plasma was thawed spontaneously at room 
temperature for 1  h, and 20 μL/sample was applied to 
the entire top surface of the  IRE prism. The wavelength 
resolution was 4  cm−1, and the number of integrations 

was 64. Figure 2 shows the MIR absorption spectrum of 
a plasma sample from a healthy participant for each unit 
of time elapsed from application on the prism to the start 
of measurement. Immediately after its application on the 
prism (0 min), the plasma dries and concentrates with the 
passage of time, and the absorbance increases. In con-
trast, the absorption peak of water (around 1650  cm−1), 
indicated by the background color in the figure, becomes 
relatively small. Despite some individual differences 
among the samples, they dried out after approximately 
20 min, and the absorbance ceased to increase thereafter. 
The absorption peaks corresponding to proteins, lipids, 
carbohydrates, urea, and other biomolecules were clearly 
observed in the dried plasma spectrum. The dried plasma 
covers the entire top surface of the prism, and a sta-
ble measurement field of view can be secured using the 
method of direct spontaneous drying on the prism. The 
absorption spectrum of dried plasma showed high repro-
ducibility during repeated measurements of the same 
sample. This procedure was established as the measure-
ment protocol in this study, and the absorption spectra of 
dried plasma were collected for each sample.

Statistical analysis
Statistical analysis of all the acquired IR absorption spec-
tra was performed using the following plug-in software: 
Lumivero (2023) XLSTAT, statistical and data analysis 
solution, Paris, France. https://​www.​xlstat.​com/​ja.

Results
Identification of glioma incidence using the plasma spectra
The obtained ATR spectra were subjected to a second 
derivative treatment based on the Savitzky–Golay (n = 4) 
method. No spectra were excluded from the analysis 
in this study owing to outliers and other reasons. Fig-
ure 3 shows the mean values estimated from the second 
derivative spectra corresponding to the plasma from the 
glioma (84 patients) and healthy (72 persons) groups. 
The differences in the absorption bands between the 
healthy and patient groups with respect to amide I and 

Fig. 1  Fourier transform infrared-attenuated total reflection 
(FTIR-ATR) measurement system

Fig. 2  Temporal variation of infrared ATR spectra of plasma 
with drying. Each absorption spectrum is different in the time 
elapsed to start the ATR spectrum measurement after the plasma 
sample is applied to the top surface of the prism (blue: 0 min, orange: 
6 min, gray: 12 min, green: 20 min, light blue: 30 min, yellow: 40 min). 
The overall absorbance increases as the sample dries (in the direction 
of the gray arrow); the sample dries completed in approximately 
20 min and the absorbance stabilizes thereafte

Fig. 3  Mean values for each group in the second derivative spectrum of plasma. Glioma group (84 patients) and healthy group (72 persons)

https://www.xlstat.com/ja
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II (1700–1500  cm−1) (which differ in the peptide bind-
ing of proteins) and metabolites such as lipids and sugars 
(1200–840 cm−1) were observed. The differences between 
the two groups were analyzed using partial least squares 
discriminant analysis (PLS-DA) to identify the patients 
with glioma based on the IR absorption spectra of plasma 
[52]. The PLS regression method is widely employed in 
multivariate analysis such as spectroscopy and is the 
method of choice while using explanatory variables that 
exceed the number of observation points. PLS-DA is a 
powerful discriminant method that maximizes the sepa-
ration of values of each group through regression. In this 
study, only the absorbance at each wavenumber was used 
as the explanatory variable because glioma incidences 
were distinguished based on the absorption spectrum. 
The single dimensionality simplifies the assessment of the 
contribution to linear discrimination. Regression predic-
tion methods may exhibit high predictive performance 
when using quantitative or qualitative variables with 
different dimensions as explanatory variables or when 
variables are hierarchized or networked and given corre-
lation weights. However, it is difficult to assess the cor-
relation among explanatory variables and their individual 
contributions to discrimination. Moreover, when dis-
tinguishing a small number of observation points, as in 
this study, the risk of overfitting is high. In this method, 
a spectrum with a known unique result (such as the pres-
ence or absence of disease, in this study) is used as the 
teacher data, and the absorbance at a certain wavenum-
ber is used as the explanatory variable to derive a linear 
discriminant function such that the linear sum of the 
explanatory variables, which converges to a single value 
for the same group, whereas the values between groups 
are separated as much as possible (the distance between 
groups is maximized). For unknown spectra, the values 
obtained using this discriminant function (discriminant 
scores) are used to determine which group the spectrum 
falls into. The absorption wavenumber range used as an 
explanatory variable was set to 1800–840 cm−1, which is 
the fingerprint region of biomolecules and is less affected 
by prismatic atmospheres such as humidity. The absorb-
ance values were obtained in 2  cm−1 increments; hence, 
481 explanatory variables were used.

Table 2 shows the results of the cross-validation of gli-
oma incidence differentiation. Cross-validation was per-
formed both in the leave-one-out (LOO) case, in which 
the test data were extracted one by one from the training 
data and in the case where the ratio of training data to 
test data was set to 7:3 and 30% of the test data were ran-
domly extracted. The results for both cases are shown in 
Table 2. PLS regression yields varying prediction results 
depending on the number of components used. Increas-
ing the number of components improves predictive 

performance on training data, however, surpassing the 
optimal number decreases predictive performance on 
test data. In this study, for distinguishing glioma cases, 
we adopted the number of components that demon-
strated the highest predictive discrimination perfor-
mance against test data in LOO, which was 2. The same 
number of components was also set to 2 in cross-vali-
dation using 30% of the test data. In the cross-validation 
with the 7:3 case, 10 trials were repeated with 30% of the 
test data randomly selected. All samples were extracted 
at least once during the 10 trials, and the discriminant 
scores derived from all extraction times were averaged 
for each sample. The distribution of discriminant scores 
and receiver operating characteristic (ROC) curves for 
the two groups in this cross-validation are shown in 
Fig. 4. The boundary of the discriminant scores in Fig. 4 
is 0 points. Setting this boundary to a negative value to 
prevent false negatives increases the number of false 
positives, and as a discriminant model, sensitivity (the 
percentage of positive responses) increases as specific-
ity (the percentage of negative responses) decreases. The 
ROC curve shows this characteristic, and the closer the 
area under the curve (AUC) is to 1, the higher is the dis-
crimination accuracy (overall correct rate). The discrimi-
nation level is considered acceptable when the AUC > 0.7 
[53]. The LOO case showed AUC = 0.957 and an accu-
racy of 89.1%; 30% of the test data showed AUC = 0.908 
and an accuracy of 83.4%. The balance between sensitiv-
ity, specificity, and accuracy was maintained in the cross-
validation, indicating that the IR absorption spectrum of 
plasma alone has sufficient potential to identify glioma 
incidence.

The variables importance of projection (VIP) in this 
PLS-based disease discrimination is shown in Fig.  5. 
In metabolomics-based biomarker search, metabo-
lites are selected using a threshold value of VIP > 1 in a 
linear regression model [54]. As clearly shown in Fig. 3, 
the intensity of amide II (approximately 1540  cm−1), 
which exhibits N–H stretching vibration, is particularly 
decreased in the glioma group compared with that of the 
normal group, and this absorption band has the highest 
VIP. Apart from the amide I and II absorption bands, the 
VIP exceeded 1 in the absorption bands [23, 55, 56] for 

Table 2  PLS discrimination of glioma and control groups based 
on plasma infrared absorption spectra. Cross-validation of LOO 
and 30% of the test data

PLS Partial least squares, LOO Leave-one-out

Glioma vs Ctrl LOO 30% Test Data

Sensitivity (%) 91.7 87.0(76.7—96.6)

Specificity (%) 86.1 79.0(68.4—88.9)

Accuracy (%) 89.1 83.4(78.7—93.6)
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the antibody protein immunoglobulin (1419, 985  cm−1), 
nucleic acid (996  cm−1), lipid esters (1400, 1120  cm−1), 
and carbonyl (1745 cm−1). In addition to proteins, meta-
bolic compounds such as nucleic acids and lipids also 
contributed significantly to the identification of patients 
with glioma based on the infrared absorption spectrum 
of plasma.

Distinguishing IDH mutation status in glioma using plasma 
spectra
Figure 6 shows the mean values of the second derivative 
plasma spectra of patients with IDH-mutant (30 patients) 
and IDH wild-type (54 patients) glioma before the start 
of treatment. The IDH-mutant spectra showed higher 

average values for amide I and II absorption bands than 
those in the wild-type spectra. Additional differences 
were observed in the absorption bands of metabolites 
such as lipids and sugars (1200–840  cm−1). The differ-
ences between the two groups were used to determine 
IDH mutation status in patients with glioma based on the 
IR absorption spectra of plasma. As in the case of disease 
identification, the absorbance of the second derivative 
spectrum in the fingerprint region of 1800–840 cm−1 was 
used as the explanatory variable for PLS-DA.

The results of the cross-validation of this analysis are 
shown in Table 3. In addition to the LOO case, 10 trials 
were repeated with the ratio of training data and test data 
set to 7:3 and 30% of the test data randomly extracted. 

Fig. 4  Discriminant score distribution and receiver operating characteristic (ROC) curves. For PLS discrimination of glioma and control groups 
from plasma infrared absorption spectra with 2 components. Cross-validation of LOO and 30% of the test data
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The number of components was set to 1, which had the 
highest predictive discrimination performance for the 
test data in the LOO for distinguishing IDH mutation 
status. The number of components for cross-validation 
on 30% of the test data was also set to 1. All specimens 
were extracted at least once in 10 trials, and the discri-
minant scores derived from all the extraction times were 
averaged for each specimen. The distribution of discri-
minant scores and ROC curves for the two groups in 
this cross-validation are shown in Fig.  7. The boundary 
of discriminant scores in Fig.  7 is zero. The LOO data 

showed AUC = 0.881 with 85.7% accuracy, and 30% of 
the test data showed AUC = 0.752 with 75.2% accuracy. 
In both cross-validation methods, the sensitivity (that is 
the percentage of correct answers for the mutant-type) 
was less than the specificity (that is the percentage of cor-
rect answers for the wild-type). This result is unavoidable 
given the ratio of mutant to wild type, but prior probabil-
ity was not considered in this discrimination. Although 
further expansion of the number of cases could be 
improved, the 75% accuracy observed during cross-vali-
dation indicates that this method could potentially assist 
in diagnosis prior to tissue biopsy.

The VIP in the PLS-based identification of the IDH 
mutation status is shown in Fig. 8. In this case, the VIP 
is still significantly larger in the amide I and II absorp-
tion bands. This is because the mutant has almost no 
absorption around amide II (1540  cm−1) and the cen-
tral wavenumber is shifted as shown in Fig.  6. Apart 
from the amide I and II absorption bands, Ig antibodies 
(1419 cm−1 and 985 cm−1) and nucleic acids (996 cm−1) 
contribute to VIPs similar to those in glioma disease 
identification (Fig. 5). In the case of IDH-mutant gliomas, 

Fig. 5  Variable importance of projection in PLS discrimination of glioma from plasma infrared absorption spectra

Fig. 6  Mean values for each group in the second derivative spectrum of plasma. Isocitrate dehydrogenase (IDH)-mutant (30 patients) and IDH 
wild-type (54 patients) groups

Table 3  PLS discrimination of IDH mutations from plasma 
infrared absorption spectra. Cross-validation of LOO and 30% of 
the test data

IDH Isocitrate dehydrogenase, mut mutant, wt, wild-type; LOO, leave-one-out

IDH mut vs wild LOO 30% Test Data

Sensitivity (%) 76.7 61.4(50.0—80.0)

Specificity (%) 90.7 84.1(64.7—100.0)

Accuracy (%) 85.7 75.2(68.0—84.0)
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Fig. 7  Discriminant score distribution and ROC curves. For PLS discrimination of IDH-mutant and wild-type groups from plasma infrared absorption 
spectra with 1 component. Cross-validation of LOO and 30% of the test data

Fig. 8  Variable importance of projection in PLS discrimination of IDH mutations from plasma infrared absorption spectra
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2-HG is produced in the tumor tissue and is found in 
the cytosol at concentrations of 5–30  mM, accumulat-
ing in the cytoplasm at high concentrations [3]. How-
ever, the difference in 2-HG levels between patients with 
and without the IDH mutation is the most prominent 
in tissue, gradually decreasing in the extracellular fluid 
and spinal fluid; therefore the difference is not statisti-
cally significant in the plasma [57]. The upper panel of 
Fig.  9 shows the FTIR-ATR spectrum of 2-HG solution 
(0.5% = 26 mM equivalent) measured with water as back-
ground. In the fingerprint region, absorption peaks are 
found at 1552  cm−1 (C = O), 1400  cm−1 (COO−), and 
1091  cm−1 (C–O). However, the two peaks other than 
the one at 1552  cm−1 that is superimposed on amide II 
contribute little to IDH mutation differentiation. Addi-
tionally, the absorption intensity of the 1400  cm−1 peak 
is marginally lower than that of the wild type (Fig. 6). The 
lower panel of Fig.  9 shows the second derivative spec-
trum (blue line) of 2-HG at a dose equivalent to 0.5 wt% 
(26 mM) and the difference between the average second 
derivative spectra of the IDH-mutant and wild-type sam-
ples (red line) in Fig.  6. Notably, the concentration of 
26 mM is close to the maximum accumulation of 2-HG 
in the IDH-mutant glioma tissue. However, the difference 
in absorption spectra between IDH-mutant and wild-
type plasma is much larger than the absorption intensity 
of 2HG, and its spectra are distinct. These results indi-
cate that in the plasma of glioma patients, the component 

that strongly contributes to the IDH mutation status is 
not 2-HG.

Discussion
In this study, we aimed to establish a less invasive method 
for glioma diagnosis and prognosis prediction using 
multivariate analysis of the mid-IR absorption spec-
tra of peripheral blood plasma. The established method 
distinguished between glioma patients and healthy per-
sons with an accuracy of 83% and a cross-validation of 
30%. This value is similar to those previously reported 
for tissues [44–46] and serum [31–36]. The absorption 
wavenumbers that were of high importance in differ-
entiation were the absorption bands of amides I and II, 
which originate from the peptide bonds of proteins. This 
concurs with the assertion of Theakstone et al. [30] that 
the absorption bands of amides I and II are most impor-
tant for differentiating patients with brain tumors based 
on the IR absorption spectrum of serum. Moreover, the 
absorption bands of immunoglobulins (1419, 985 cm−1), 
nucleic acids (996  cm−1), lipid esters (1400, 1120  cm−1), 
and  carbonyls (1745  cm−1) were also of importance. 
Tołpa et  al. reported that Raman spectra based on the 
infrared absorption principle distinguished tumor tissue 
from normal tissue [44] and that significant differences 
were observed between tumor and normal tissue in sev-
eral Raman bands related to proteins, lipids, and nucleic 
acids. The results of this study indicate that the same 

Fig. 9  FTIR-ATR spectra of 2-hydroxyglutarate (2-HG) and differences in spectra associated with IDH mutation. The upper panel shows the FTIR-ATR 
spectrum of 2-HG corresponding to 0.5 wt% (26 mM), and the lower panel shows its second derivative spectrum (blue line) and the difference 
between the average second derivative spectra of the IDH-mutant and IDH wild-type samples in Fig. 6 (red line)



Page 10 of 14Kino et al. BMC Cancer          (2024) 24:222 

tissue biomarkers are crucial in distinguishing patients 
with glioma using blood samples.

During previous instances where IDH mutation status 
was determined based on the IR absorption spectrum 
analysis of serum, Cameron et  al. showed a discrimina-
tion accuracy of up to 69% in a 30% cross-validation 
[50] and Quesnel et al. showed an accuracy of 85% [51]. 
However, considering that the latter did not report any 
cross-validation values, the accuracy of 75% reported in 
this study, even with an average of 30% cross-validation, 
can be considered excellent. Cameron et al. were initially 
unable to distinguish IDH mutation status through PLS 
analysis based on values obtained from whole serum; 
however, the performance improved to an acceptable 
level after the high molecular weight components were 
removed through centrifugal filtration leaving behind the 
low molecular weight (≤ 3 kDa) components. Regarding 
the absorption wavenumbers used to distinguish IDH 
mutation status, the importance of protein molecules 
was still high among the low molecular weight compo-
nents (< 3  kDa), which is consistent with our results. In 
this study, we analyzed plasma, which possibly imparted 
the same effect as that of using centrifugal filtration at 
the sample preparation stage. Additionally, they used a 
single-reflection IRE for measurement, whereas, in this 
study, a multi-reflection IRE was used. Multi-reflection 
IRE may have increased the effective optical path length 
in the sample and improved accuracy during FTIR-
ATR measurement. The high level of measurement 
accuracy achieved in this study is evidenced by the fact 
that the statistical analysis was free of excluded spectra 
due to outliers. Therefore, discrimination performance 

improved without requiring additional processing steps 
on the sample.

Figure 10 shows the averaged second derivative spectra 
of the amide I and II regions of plasma from patients with 
IDH-mutant gliomas (30 patients), patients with IDH 
wild-type gliomas (54 patients), and healthy participants 
(72 persons). Deconvolution of the differential spectrum 
of the amide I region, which shows C = O stretching 
vibrations of peptide bonds, provides information about 
the conformational composition of the protein. First, the 
absorption at the center frequency of 1649 cm−1, indicat-
ing the α-helix structure, and at the center frequency of 
1633 cm−1, indicating the β-sheet structure, decreased in 
the order of healthy, wild-type, and mutant samples. In 
contrast, no change was observed in the absorption inten-
sity in the 1700–1670  cm−1 band, which indicates the 
β-turn structure. These results indicate that the β-sheet 
is polymerized after the transition from the α-helical 
structure to the β-sheet structure [58–61]. In the amide 
I region, the absorption wavenumbers 1662  cm−1 and 
1629  cm−1 (indicated by arrows in the figure) increased 
in the order of normal, wild-type, and mutant samples, 
suggesting the presence of protein aggregates with high 
β-sheet content, such as amyloid beta (Aβ) [62, 63]. 
This phenomenon is more easily observed in the amide 
II region, which exhibits N–H stretching vibrations of 
peptide bonds. Absorption at the central wavenumber 
1540 cm−1 decreased as the β-sheet folded in the order of 
normal, wild-type, and mutant samples, and conversely 
increased at 1549, 1534, and 1528  cm−1 (arrows in the 
figure) in the mutant sample, suggesting the formation of 
amyloid oligomers [59]. Amyloid is known to be elevated 

Fig. 10  Mean values for each group in the second derivative spectrum of plasma. IDH-mutant glioma group (30 patients), IDH wild-type glioma 
group (54 patients), and healthy control group (72 persons)
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in many cancers, and the plasma levels of Aβ peptide are 
significantly higher in patients than in non-patients [64]. 
Similarly, in gliomas, the accumulation of Aβ has been 
reported in tumor tissue and the stellate cells around 
affected blood vessels [65]. The major targets for molecu-
lar diagnosis in gliomas are IDH, tumor suppressor pro-
tein TP53, phosphatase and tensin homolog  (PTEN), 
telomerase reverse transcriptase (TERT), α-thalassemia/
mental retardation syndrome X-linked (ATR-X), and epi-
dermal growth factor receptor (EGFR). Several mutant 
proteins related to cell cycle control and apoptotic path-
ways have a high propensity to form amyloid [66].

Many studies have reported the neurotoxic effects of 
polymerized amyloid on brain function and the enhance-
ment of inflammation by promoting glial activity [59, 
67–71]. Why, then, was a greater tendency for protein 
aggregation observed in the plasma of the IDH variant, 
which is considered a low-grade glioma? The number 
of amyloid aggregates deposited in the brain is known 
to increase with age, but the age distribution of the 
patients in this study (Fig. 11) shows that the patients in 
the IDH mutant group were younger than those in the 
IDH wild-type group, which may have negated the effect 
of age. IDH plays an important role in maintaining cel-
lular homeostasis in tumor cells, and IDH mutations 
cause metabolic reprogramming and induce multiple 

epigenetic changes [66]. The microtubule-associated 
protein TAU is highly expressed in IDH-mutant gliomas, 
which is detrimental to gliomas without EGFR muta-
tions because it inhibits angiogenesis [72, 73]. TAU itself 
is highly aggregative, and as its concentration increases, 
its seeding (release into the extracellular space) and diffu-
sion (reuptake by receptor neurons) are repeated, accel-
erating the formation of higher order aggregates with 
amyloid-β and other compounds [74–78]. This may be at 
least one of the reasons why the formation of neurotoxic 
amyloid was more pronounced in the IDH-variant, which 
is considered low-grade. Although spectroscopy alone 
cannot identify the content of amyloid aggregates, the 
almost complete disappearance of the peak at 1540 cm−1, 
which is the N–H absorption maximum of the helical 
peptide, indicates that amyloid-like aggregation of blood 
proteins is advanced, especially in IDH-mutant gliomas.

Identification of the IDH mutation status revealed vari-
ous obvious signs in the IR spectra of plasma from doz-
ens of cases. A tendency toward amyloid aggregation 
was observed in the plasma of patients with IDH-mutant 
gliomas before the treatment. The causal relationship 
between this phenomenon and the formation and pro-
gression of IDH-mutant gliomas is currently unknown. 
Blood analysis reduces the burden on the patient and 
allows for multiple testing while ensuring real-time 
results that reflect the patient’s general condition at the 
time of blood collection. With this advantage, we hope to 
continue our efforts to elucidate the mechanism underly-
ing glioma pathogenesis by conducting follow-up studies 
in the same patients.

The results of the present study are promising because 
they indicate that peripheral blood can provide compa-
rable data to tissue samples regarding the development 
and molecular genetic classification of gliomas that 
arise in the brain, which is a region with limited access. 
However, some limitations of this approach must be 
addressed. First, the plasma samples in this study were 
collected at a single medical institution, and the ethnicity 
of the patients was limited. Statistical results, including 
multivariate analysis, were obtained from a dataset of 156 
specimens. The number of IDH-mutant glioma cases was 
low (30) in distinguishing the presence or absence of IDH 
mutation. This is due to the rarity of the IDH mutation 
in glioma [79], making it difficult to secure enough cases. 
Therefore,  it is important to note that our results are 
based on a limited number of assessed cases. Next, the 
FTIR-ATR method was used to measure the IR absorp-
tion spectrum of plasma, but this measurement system, 
in which the mid-infrared light is derived from the FTIR 
and incident on the multi-reflectance IRE, is not a popu-
lar method due to the difficulty of alignment and the price 
of bench-top FTIR and IRE. Hence, the construction of 

Fig. 11  Age distribution of 30 patients with IDH-mutant glioma 
and 54 patients with IDH wild-type glioma
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a measurement system that ensures the same level of 
measurement accuracy and versatility as the present one 
must be considered, starting with the IRE part. The iden-
tification of disease from the IR absorption spectrum of 
plasma and subsequent molecular genetic classification 
is also based on the premise that it is used in combina-
tion with other information, such as diagnostic imaging. 
Cross-validation using 30% of the test data for IDH muta-
tion status identification from plasma spectra yielded an 
accuracy of 75%; this discrimination rate also indicates 
the limitations of using this information alone. Although 
the molecular genetic classification of gliomas has been 
established with great effort over the past several dec-
ades, the numerous combinations of genetic mutations, 
levels of post-translational modifications, and biological 
responses associated with each mutation are varied and 
ever-changing. Therefore, discrimination using spectral 
analysis of blood components reflecting these factors is 
only the result of the superposition of individual prob-
abilities and exceptions are always possible.

Conclusion
To establish a less invasive method for glioma identi-
fication and prognosis prediction, we distinguished 
gliomas based on multivariate analysis of the mid-IR 
absorption spectra of plasma and determined the pres-
ence of IDH mutations in patients. FTIR-ATR spectra 
of plasma were obtained from 84 pretreatment patients 
and 72 healthy persons, and PLS discriminant analy-
sis was performed using the absorbance of each wave-
number in the fingerprint region of biomolecules as 
an explanatory variable. A high accuracy of 89% (AUC 
of ROC curve = 0.957) was obtained through one-off 
cross-validation and 83% (AUC = 0.908) by cross-val-
idation against 30% test data for the distinguishing of 
patients from non-patients. Cross-validation of IDH 
mutations within the patient group yielded an accu-
racy of 86% (AUC = 0.881) for one-off cross-validation 
and 75% (AUC = 0.752) for cross-validation against 
30% test data. The IR absorption spectra of peripheral 
blood demonstrated the potential for distinguishing 
glioma disease and for molecular genetic classifica-
tion. Absorption spectral characteristics showed that 
patients with glioma presented significant changes in 
the conformational composition of blood proteins, 
which were more pronounced in patients with IDH 
mutations. The proportion of β-sheet structures in 
blood proteins was significantly high in patients with 
glioma, and the characteristics of amyloid aggrega-
tion were obvious in patients with IDH mutations. This 
observation in peripheral blood may serve as a bio-
marker in minimally invasive liquid biopsy and may 

contribute to prognostic prediction of glioma and tar-
get setting for treatment and drug discovery. In the 
future, we aim to investigate a larger cohort of patients 
to establish more precise diagnostic criteria for use in 
clinical practice.
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