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Abstract
Introduction. According to the 2021 WHO Classification of Tumors of the Central Nervous System (CNS) and the 2023 Clinical Practice Guidelines 
on the Drug Management of Primary CNS Cancers, the first step of molecular genetic testing to identify the morphological type and malignancy 
of adult-type diffuse gliomas is the detection of isocitrate dehydrogenase (IDH) mutation status. However, tumor tissue biopsy as the conventional 
diagnostic standard has a number of limitations that can potentially be mitigated by applying the principles of radiomics to the interpretation of 
magnetic resonance (MR) images.
The aim of our study is to develop a radiomics model for IDH mutation status prediction, which can be applied to primary diagnostic imaging in 
patients with suspected adult-type diffuse gliomas.
Materials and methods. We conducted a retrospective comparative statistical analysis of radiomic features extracted from 46 conventional brain 
MR images of the patients with adult-type diffuse gliomas and identified IDH mutation status using the Random Forest algorithm of machine learn-
ing in combination with various preprocessing methods of the source imaging data and a semi-automated LevelTracing tool used for segmentation 
of the regions of interest (ROI).
Results. The most effective combination of tools for preprocessing, segmentation, and classification was found to be ScaleIntensity, LevelTracing, 
and Random Forest, respectively. Using this combination, we verified the reliability of six radiomic predictors identified at the previous study stage. 
These features were all associated with IDH mutation status, and most of them capture texture heterogeneity in the ROIs at the voxel level. We were 
also able to improve the prognostic performance of our classification model up to AUC = 0.845 ± 0.089 (p < 0.05).
Conclusion. Based on a small, technically heterogeneous sample of routine MR imaging data, we developed a multiparametric model of IDH 
mutation status prediction in the patients with adult-type diffuse gliomas. Our conclusion is that relatively uniform preprocessing techniques based 
on uniform voxel intensity changes, which allow to preserve the structural detail, are feasible in clinical practice. The identified radiomic, likely voxel-
based, features reflect the severity of perifocal vasogenic edema and the measure of intratumor morphological heterogeneity. We plan to assess the 
reproducibility of the study results using similar medical imaging data from open sources and to develop a color mapping technique for the ROIs to 
facilitate visual interpretation of quantitative radiomic data.
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Аннотация
Введение. Согласно классификации ВОЗ опухолей ЦНС 2021 г. и практическим рекомендациям по лекарственному лечению первичных 
опухолей ЦНС 2023 г., определение статуса изоцитратдегидрогеназы (IDH) является начальным этапом молекулярно-генетического 
тестирования при идентификации патоморфологических форм диффузных глиом взрослых. Однако традиционный диагностический 
стандарт, подразумевающий исследование биопсийного материала, обладает рядом ограничений, потенциально нивелируемых внедре-
нием в алгоритм интерпретации традиционных магнитно-резонансных (МР) изображений принципов радиомики.
Цель исследования — разработка применимой в условиях первичных диагностических мероприятий радиомической модели прогнозиро-
вания IDH-статуса диффузных глиом взрослых.
Материалы и методы. Посредством применения метода машинного обучения Random Forest осуществляли ретроспективный срав-
нительный статистический анализ радиомических характеристик 46 традиционных МР-исследований головного мозга пациентов  
с диффузными глиомами взрослых и известным IDH-статусом в зависимости от вида предварительной обработки исходных данных 
визуализации с использованием полуавтоматизированного инструмента сегментации зон интереса LevelTracing.
Результаты. Установлена наиболее эффективная комбинация инструментов препроцессинга, сегментации и классификации — ScaleIntensity, 
LevelTracing и Random Forest соответственно. С её помощью верифицирована достоверность 6 выявленных на прошлом этапе исследова-
ния радиомических предикторов IDH-статуса, в большинстве являющихся характеристиками текстурной неоднородности зон интереса  
на воксельном уровне, а также увеличена прогностическая эффективность классификационной модели до AUC = 0.845 ± 0.089 (p < 0.05).
Заключение. Разработана мультипараметрическая предиктивная модель IDH-статуса при диффузных глиомах взрослых на основе 
рутинных данных МР-визуализации в условиях малой технически разнородной выборки. Сделан вывод о целесообразности использо-
вания относительно унифицированных методов предварительной обработки изображений, предполагающих равномерные изменения 
интенсивности вокселей с сохранной структурной детализацией. Выявленные радиомические характеристики, вероятно, на воксельном 
уровне иллюстрируют выраженность перифокального вазогенного отёка и феномена внутриопухолевой морфологической гетероген-
ности. Планируется оценка воспроизводимости полученных результатов на основе аналогичных данных медицинской визуализации  
из открытых источников, а также разработка методики цветового картирования зон интереса с целью привнесения элемента субъ-
ективного визуализационного анализа в процесс интерпретации количественных радиомических данных.
Ключевые слова: диффузные глиомы взрослых; морфологическая гетерогенность; радиогеномика; радиомика; магнитно-
резонансная томография; IDH-статус
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biopsy analysis will potentially be inferior to the radiomics-
based neuro-oncology imaging in a number of factors. 
Conventional molecular genetic testing is incomparably time-
consuming, which can adversely affect patient triage. At 
present, stereotactic needle biopsy is the least invasive method 
of diffuse and deep-brain tumor verification. It is still associated 
with numerous complications, with intracranial hemorrhage (in 
5.8% of patients) being the most frequent and life-threatening 
of them [10]. In the case of intratumor heterogeneity, multiple 
biopsies may be required, often worsening the patient’s 
condition, whereas radiomics approach allows non-invasive 
evaluation of the tumor substrate.

This advantage is also of great value for the treatment planning 
in patients who are ineligible for radical resection of the 
tumor or stereotactic needle biopsy due to contraindications 
to surgery or anesthesia, or when the tumor is located close to 
functionally significant regions of the brain [11]. In addition, 
virtual reality diagnostic tools are cost-effective [12].

The importance of radiogenomics approach in oncology, 
particularly the IDH mutation status prediction in glial 
tumors, has significantly increased over the past decade, 
especially in international contexts [13,  14]. However, the 
high-tech neuroimaging techniques employed in many 
studies are not available at the initial evaluation of a patient 
with suspected glioma [15, 16]. Moreover, the research in 
this area also aims at improving the predictive performance 
of the developed models, not only by focusing on specialized 
medical image data but also by testing various methods 
of image preprocessing, tools for extracting radiomic 
features, and methods for their statistical processing. The 
current trend is to include clinical and anamnestic data 
significantly correlated with a particular tumor type (age, 
gender, Karnofsky Performance Status, etc.) and even the 
elements of the radiologist’s subjective interpretation into 
the datasets for the predictive model training [17, 18].

The choice of datasets for model development obviously 
requires standardization. Otherwise, optimistic theoretical 
results will be unreproducible and of limited use in routine 
diagnostic practice.

In the four years since the last revision of the 2021 WHO 
classification of tumors of the CNS, a number of studies 
published abroad presented results showing promising 
performance of the predictive models. W. Rui et al. 
developed a model for IDH mutation status prediction 
using T2-FLAIR and T1FS-CE MRI pulse sequences. 
However, to improve the model accuracy, they included 
data on quantitative susceptibility mapping (QSM) into 
the analysis. The ROC AUC score for the model based on 
T2-FLAIR and for the combination of T2-FLAIR, T1FS-CE, 
and QSM was 0.69 and 0.88, respectively [19]. S. Zhong et 
al. focused on the analysis of routine MRI pulse sequence 
data (T1, Т1FS-СЕ, T2). However, they also used natural 
language processing (NLP) models based on semantic 
analysis of MRI reports and other documented clinical and 
anamnestic information. These data were subsequently 
processed and incorporated into the training datasets 
in order to purposely increase the model predictive 
performance (AUC  = 0.98 for IDH-mutation status 

Introduction

Glioblastoma tends to be found in older adults, rarely 
< 55 yo, with the highest incidence rates among all primary 
CNS malignancies of 48.6% (annual incidence rate: 3.2–
3.4 per 100,000 population) [1]. One-year survival rate does 
not exceed 13%, even in patients aged 20–44 years [2]. 
Glioblastoma is the most aggressive type of brain tumor. In 
most cases, a patient dies within 14–16 months, assuming 
chemotherapy and radiotherapy treatment [3].

Up to 2021, the grading of gliomas was primarily based on 
histological features [4]. Currently, various biomarkers are 
used to derive additional information valuable for the diag-
nosis and prognosis of the disease and impacting the treat-
ment planning.

The first basic molecular genetic markers of primary CNS tu-
mors are mutations in the IDH1/IDH2 genes and 1p/19q codele-
tion. Detecting these markers helps narrow down the differential 
diagnosis options and make a definitive diagnosis [5].

According to the 2021 WHO Classification of Tumors of the 
CNS, IDH-wildtype (IDH-WT) glioblastoma, IDH-mutant as-
trocytoma, and IDH-mutant/1p/19q-codeleted oligodendro-
glioma belong to the adult-type diffuse glioma family [6, 7].

The grading of gliomas is no longer strictly histological. As-
trocytomas are now graded as CNS WHO grade 2, 3, or 4; 
oligodendrogliomas as CNS WHO grade 2, 3; and glioblasto-
mas are assigned to CNS WHO grade 4. In the previous clas-
sification, the grading of gliomas was based predominantly 
on histological features such as necrosis, microvascular pro-
liferation, nuclear atypia, etc., while the current 2021 WHO 
classification of tumors of the CNS mandates genetic testing 
of tumor tissue and prioritizes the identified genetic features 
in the differential diagnosis [8].

In the adult-type diffuse glioma family, only glioblastoma is 
characterized by the absence of IDH mutations. Mutation in 
the IDH genes is the key feature of molecular diagnostics for 
grade 2–4 adult-type diffuse gliomas and secondary glioblasto-
mas (grade 1 gliomas have no mutations in the IDH genes) [8].

The minimum scope of diagnostic assessments for a suspect-
ed glial tumor includes a 3-plane brain MRI with standard 
MRI pulse sequences [8]. In routine clinical practice, the di-
agnostic use of these data is often limited to the identifica-
tion of tumor location and size. However, rapid advances in 
radiogenomics over the past 15 years enabled expanding the 
potential use of MRI data to non-invasive prediction of mo-
lecular genetic characteristics of detected neoplasms.

Radiogenomics links radiomics, an original methodology that 
extracts and classifies digitized, predominantly textural fea-
tures of a medical image, to molecular genetics, revealing 
statistically significant correlation between radiomic features 
unavailable at routine visual interpretation and histological 
and molecular characteristics of the tumor [9].

If radiomics models can reach an adequate level of predictive 
performance, the current diagnostic paradigm requiring tissue 
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Non-inclusion criteria: 
•	 a history of previous surgery in the ROI, chemo- and ra-

diotherapy; 
•	 brain malformations;
•	 artifacts compromising interpretation of tissue transfor-

mations in the ROI.

Table 1 shows that the majority of the neoplasms were grade 
4 glioblastomas, since, according to the 2021 WHO classifi-
cation of tumors of the CNS, only this morphological type 
of tumor is characterized by the absence of IDH mutations.

The MR scans were performed with different types of tomo-
graphs at 1.5 and 3 T, so the images had to be pre-processed. 
MRI parameters:
•	 pulse sequence, plane: T2FLAIR, ах;
•	 slice thickness: 2–6 mm;
•	 field of view: 186 × 230, 199 × 220, 201 × 230, 226 × 250;
•	 time of repeat (TR), ms: 4,800–11,000;
•	 time of echo (TE), ms: 61.00–365.27.

At this study stage, we compared the effectiveness of the 
following raw data preprocessing techniques (transforms):
1. �Normalization of image intensity distribution: to bring it to 

the standard normal distribution where the mean is 0 and 
the standard deviation is 1.

2. �Image scaling (ScaleIntensity): to bring image intensity 
values to the predefined range (from 0 to 1).

3. I�mage contrast adjustment via γ-correction (AdjustContrast): 
to highlight structures and details crucial for the analysis.

4. �Histogram normalization: to redistribute voxel intensity 
values for a normal (Gaussian) distribution of frequencies 
throughout the entire range of values.

The transforms were performed with MONAI library generic 
interfaces [23]. All the normalization methods were applied to 
each image individually. Non-normalized data were used for 
comparison, allowing us to evaluate the effect of preprocess-
ing on the study results.

ROIs were segmented by a radiology expert using LevelTrac-
ing, a semi-automatic segmentation tool in 3D Slicer open-
source software. The choice of this tool, grounded by the 

prediction). In our opinion, such an approach makes 
this model somewhat useless in the third-party medical 
facilities using another natural language [18].

The quality of the extracted radiomic features depends 
significantly on the MR image preprocessing techniques [20]. 
Thus, at this stage, there is a need to develop radiomics-
based models to predict IDH mutation status in the patients 
with adult-type diffuse glioma and to standardize this process 
to pursue the potential applicability of the results when using 
these models in primary differential diagnosis.

Our study considers the results obtained during its previous 
stage and continues the search for the most effective 
preprocessing tool and an optimal classification model [21, 
22]. Noteworthy, a predictive model for IDH mutation status 
based on the updated 2021 WHO classification of tumors of 
the CNS allows to rule out an entire morphologic type of 
tumor in a non-invasive manner already at the initial stage 
of the differential diagnosis: namely, primary glioblastoma 
IDH-WT, which is characterized by an almost twice worse 
prognosis compared to the IDH-M entity and by a poor 
response to radio- and chemotherapy [8].

The aim of our study is to develop a radiomics model for IDH 
mutation status prediction, which can be applied to primary 
diagnostic imaging in patients with suspected adult-type 
diffuse gliomas.

Materials and methods

We retrospectively analyzed primary brain MRI data 
yielded from 46 patients aged 18–84 years with adult-type 
diffuse gliomas and subsequently identified IDH mutation 
status. The data were retrieved from the archives of the  
V.A. Almazov National Medical Research Centre (n = 31) and the 
N.P. Napalkov Cancer Center (n = 15) for 2021–2023 (Table 1).

Inclusion criteria: 
•	 verified primary glial tumor; 
•	 identified IDH mutation status; 
•	 T2-FLAIR pulse sequence data documented in the MRI 

report.

Table 1. Distribution of tumors by morphological type, malignancy grade, and IDH mutation status

Diagnosis n %

Morphological type, malignancy grade 

Glioblastoma G4 24  52.2

Oligodendroglioma G3 7 15

Astrocytoma G2 2 4.3

Astrocytoma G3 5 11

Astrocytoma G4 5 11

Oligodendroglioma G2 3 6.5

IDH mutation status
WT 24 52

M 22 48
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The dataset (46  brain MRI reports) was divided into two 
groups: 31  reports were used as a training sample, and 
15  reports were used as a test sample. To evaluate the 
predictive performance of the model and given the limited 
input data, we performed 5-fold cross-validation of the 
dataset. The developed model was evaluated by each feature 
individually using the AUC score. This approach ensured the 
reliability of the metrics obtained for assessing the stability 
and predictive performance of the model when applied to 
different subsets of the input data.

To train our classification model, we used Random Forest, a 
decision tree ensemble algorithm, which incorporates a bagging 
technique to aggregate predictions from different training 
sets. Random Forest trains each decision tree independently 
on random subsets of the input data, ensuring diversity of 
the ensemble models and considering non-linear correlation 
between the features. The number of decision trees was limited 
to 50 to balance the variance of the model with its stability.

The null hypothesis  assumed that the selected image 
preprocessing techniques do not affect the accuracy of IDH 
mutation status classification. In other words, the difference 
between the mean AUC values for the features extracted 
using different preprocessing techniques and for the 
unprocessed data is statistically insignificant. The alternative 
hypothesis states that the preprocessing techniques do affect 
the accuracy of IDH mutation status classification, which is 
presented by statistically significant differences in the mean 
AUC values compared to the unprocessed data.

To evaluate the reliability of the model for the study results, 
we used Student’s t-test, which allows us to compare the 
distribution of quality metrics for different features (AUC) 
and detect statistically significant differences for this 
parameter. The significance level was calculated  for each 
feature individually.

Results

Using the test sample, we calculated predictive performance 
values for the ROI radiomic features, which significantly 
correlated with IDH mutation status, according to the applied 
methods of source image normalization (Table 2).

For the Sphericity feature, we found no statistically significant 
difference between the preprocessed and unprocessed 
data, suggesting that the effects of different preprocessing 
techniques may vary depending on the feature being analyzed.

Of particular note is an experimental predictive model based 
on a set of radiomic features. This model demonstrated a 
significant improvement in classification quality due to 
preprocessing techniques applied (p < 0.05). 

In this experimental model, preprocessing with the 
ScaleIntensity transform considering the entire set of 
radiomic features yielded the best result. The highest 
scores of feature importance in this model had dependence 
variance (24.3%) and dependence entropy (22.0%), as the 
most significant for classification. They were followed by 
dependence non-uniformity normalized (19.3%) and small 

results of our comparative effectiveness research and its op-
eration principle, has been described previously [22]. We also 
used neuro-fuzzy ensembles for brain tumor segmentation1.

The ROIs traditionally covered the entire area of the tumor 
lesion with hyperintense MR signal on T2-FLAIR images, 
including cystic and/or necrotic, hemorrhagic, and calci-
fied components of the tumor. Such coverage is intended to 
significantly speed up the segmentation of the primary MR 
image and to standardize it to some extent by eliminating 
potential discrepancies in the identification of the tumor 
structural components due to operator-dependent variations 
in image segmentation.

For each ROI, 851 radiomic features were extracted: 107 ori
ginal features from 7 radiomic classes and additional data ob-
tained by discrete wavelet transforms (DWT) with a wavelet 
filter computing eight decompositions (HHH, HHL, HLH, HLL, 
LHH, LHL, LLH, LLL) per segment2.

To convincingly demonstrate the effect of various prepro-
cessing methods on the performance of the developed pre-
dictive model, we have selected such radiomic features that 
showed the best results in the previous stage of our study 
[22], namely:

Sphericity — a measure of the roundness of the ROI shape 
relative to a sphere with the smallest possible surface area, 
which sphericity is equal to 1 (value range is 0–1; this 
parameter does not reflect textural features, so it cannot be 
filtered out by wavelet decompositions);

Dependence Entropy — a measure of dependence variance 
between voxel intensity values (computed with HHH wavelet 
decomposition);

Dependence Non-Uniformity Normalized — a measure of the 
dependence variance between different grey levels throughout 
the image (computed with HHH wavelet decomposition);

Dependence Variance — a measure of dependence variance 
between the gray levels throughout the image, which 
quantifies the difference between a voxel intensity value and 
the intensity value of its neighbors (computed using HHH- 
and HLN wavelet decompositions);

Small Area Emphasis — incidence of small zones with the 
same gray level. This feature reflects texture heterogeneity 
by highlighting frequently occurring small areas of equal 
intensity. High values of this feature may indicate a more 
homogeneous texture of the image, whereas low values 
indicate complex and heterogeneous structures (computed 
with a wavelet decomposition) [24]. 

To evaluate the classification performance of our model, we 
used the following metrics: accuracy, recall, precision, F1 
score, and AUC score.

1Cardoso M.J., Li W., Brown R. et al. MONAI: an open-source framework for deep learning in 
healthcare. 2022. URL: https://arxiv.org/pdf/2211.02701v1
2Radiomic Features — pyradiomics 2.2.0.post35+g8da1db7 documentation. 2016.  
URL: https://pyradiomics.readthedocs.io/en/latest/features.html
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The box plot in Fig. 1 presents the spread of prognostic 
values for radiomic features extracted with the Scaleintensity 
transform (as the most effective preprocessing technique) 
and statistical characteristics of each subset. Classification 

area emphasis (18.5%). Sphericity and dependence variance 
had lower scores (8.2% and 7.7%, respectively); nevertheless, 
they contribute to classification improvement when combined 
with other features.

Table 2. Effects of image preprocessing on accuracy of IDH mutation status prediction (AUC score), М ± SD (р)

Radiomic feature Unprocessed
Image intensity 
normalization

ScaleIntensity AdjustContrast
Histogram 

normalization

Sphericity
0.645 ± 0.197 

0.635 ± 0.223  
(0.695)

0.660 ± 0.194  
(0.713)

0.65 ± 0.177 
 (0.464)

0.685 ± 0.235  
(0.237)

Dependence  
Entropy_HHH

0.59 ± 0.142 
0.76 ± 0.141*  

(0.042)
0.665 ± 0.144 (0.28) 0.725 ± 0.101 (0.101)

0.585 ± 0.161  
(0.325)

Dependence  
Non-Uniformity 
Normalized_HHH

0.655 ± 0.16 
0.855 ± 0.093*  

(0.010)
0.770 ± 0.109 (0.153)

0.805 ± 0.128* 
(0.043)

0.630 ± 0.119  
(0.843)

Dependence  
Variance_HHH

0.68 ± 0.184 
0.670 ± 0.107  

(0.589)
0.840 ± 0.119*  

(0.023)
0.795 ± 0.141* 

(0.036)
0.56 ± 0.142  

(0.358)

Dependence  
Variance_HHH

0.355 ± 0.126 
0.650 ± 0.094  

(0.566)
0.535 ± 0.211  

(0.572)
0.66 ± 0.051  

(0.687)
0.825 ± 0.087* (0.013)

Small Area  
Emphasis_LHL

0.48 ± 0.081 
0.725 ± 0.094  

(0.089)
0.650 ± 0.157  

(0.532)
0.665 ± 0.111  

(0.536)
0.695 ± 0.187  

(0.753)

All features 0.63 ± 0.088 0.815 ± 0.058* (0.020) 0.845 ± 0.089* (0.005) 0.805 ± 0.09* (0.037) 0.82 ± 0.127* (0.027)

Note. р < 0.05 compared to the unprocessed data.
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Fig. 1. Box plot displaying the results of 5-fold cross-validation of image preprocessing with the ScaleIntensity transform.
1  — Sphericity; 2  — Dependence Entropy_HHH; 3  — Dependence Non-uniformity Normalized_HHH; 4  — Dependence Variance_HHHH;  
5 —Dependence Variance_HLH; 6 — Small Area Emphasis_LHL; 7 — all features.
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models considering the entire set of features demonstrate the 
highest predictive performance.

The ScaleIntensity transform adjusts the image intensity in 
the predefined range by applying the linear transformation to 
each element of the array. This approach allows comparing 
images acquired with different scanning methods.

The quantitative distribution of voxels with different gray 
levels across all dataset images prior to and after applying 
the ScaleIntensity transform is shown in Fig. 2.

Noteworthy, normalization had no effect on the sphericity 
value, as the sphericity formula uses only the volume and 
area of the segmentation zone. Differences in the AUC score 
for this feature can be explained by 5-fold cross-validation of 
the training sample, so the model was tested on five different 
subsamples. Distribution of the sphericity values within the 
entire dataset is presented in Fig. 3. A greater number of 
tumors with relatively high sphericity values were found in 
the IDH-M subgroup. The tumor with the highest sphericity 
value in the sample had no mutation in the IDH gene.

Figure 4 shows the ROC curve and confusion matrix for the 
IDH mutation status predictive model in adult-type diffuse 

gliomas based on the above-mentioned six radiomic fea-
tures and trained with Random Forest classification, where 
the source images were normalized via the ScaleInten-
sity transform. The AUC score for the developed model is  
0.845 ± 0.089, and the key metrics are accuracy 0.866; preci-
sion 0.875; recall 0.875; F1 score 0.874. According to the con-
fusion matrix, the model produced 1 false-positive result and 
1 false-negative result from the test sample of 15 reports. In 
other 13 cases, IDH-М and IDH-WT mutation statuses were 
classified correctly.

Discussion

At the previous study stage, we evaluated the predictive 
performance of six individual IDH mutation status predictors, 
extracted from ROIs in the MR scans, which were preprocessed 
by histogram matching and the ScaleIntensity transform, 
the latter yielding the best results [22]. At the current study 
stage, the evaluation of the predictive performance of the 
combined model incorporating four different preprocessing 
techniques showed a similar trend. Of those four tools, only 
AdjustContrast does not bring the signal characteristics of 
images to uniform ranges of predefined or mean values, as 
it aims to emphasize texture differences with γ-correction by 
augmenting or reducing the general contrast of the image.
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Fig. 2. Quantitative distribution of voxels with specific gray levels throughout all dataset images.
А — raw data; В — ScaleIntensity transformed data.
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Fig. 3. Violin plot outlining sphericity values.
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Fig. 4. ROC curve and confusion matrix of predictive model for IDH mutation status (test sample).

At the previous study stage, we found that the majority of the 
radiomic predictors characterize ROI heterogeneity by gray 
level intensity of the voxels. Hence, the higher performance 
of the model built using the method of the current study 
stage can be associated with the contrast adjustment. Gamma 
(γ) value adjusts the contrast as a function: γ < 1 reduces 
contrast, and γ > 1 augments contrast. At the current study 
stage, γ was > 0.9, which means that the image contrast was 
slightly reduced (Fig. 5).

AdjustContrast is a crucial preprocessing technique used, for 
example, for computer vision tasks. Contrast adjustment im-
proves the overall sharpness of the image, thereby enhancing 
the differentiation of its structural elements. This tool is pri-
marily used for low-contrast images, where details are chal-
lenging to discern due to the insufficient difference between 
relatively light and dark regions3.

The obtained result indicates that the preprocessing of source 
data from routine MRI based on contrast adjustment signifi-
cantly improves the predictive performance of the developed 
model by reliably highlighting the key areas of altered MR 

signal, which is essential for the qualitative analysis of the 
MR image (see Table 2). Adjustment, almost imperceptible to 
the human eye, increased the model predictive performance 
by 17.5% compared with the model based on the raw data. 
Thus, γ-correction is not only critical for high-quality presen-
tation of images and videos in different media formats (which 
is important considering the human-dependent perception of 
the image) but also a promising tool for standardization of 
raw medical imaging data preprocessing. However, we noticed 
slightly pronounced but significantly higher effectiveness of 
other normalization methods, which apply averaging over the 
signal amplitudes or bring them to a predefined range, for 
instance, the ScaleIntensity transform, which demonstrated 
the highest AUC score.

Let us compare these image preprocessing techniques.  
The ScaleIntensity transform is meant to uniformly in-
crease the brightness of an image by adjusting the values 
of all its voxels. As a rule, the voxel values are scaled to the 
predefined value range by applying the linear transforma-
tion. For example, the ScaleIntensity transform can scale 
voxel values, which were initially in the range of 0–255,  
to a predefined range, often improving the quality of image 
interpretation without significant change of voxel-to-voxel 
ratio. In other words, ScaleIntensity allows us to augment 
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Fig. 5. Diffuse glioma (Т2-FLAIR, ах).
A — raw data; B — AdjustContrast transformed (γ = 0.9).

3Contrast Adjustment — MATLAB & Simulink. 
URL: https://www.mathworks.com/help/images/contrast-adjustment.html
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Li et al. also demonstrated that although intensity 
normalization methods applied to source brain MRI images 
cannot completely remove the scanner effects at the 
radiomic feature level, they can make the neuroimaging 
data comparable for the subsequent analysis and increase 
the reliability of radiomic predictors [25]. Moreover, these 
methods appear to have a wider range of clinical applications, 
where the implementation of ComBat, a well-known image 
preprocessing technique, requires more computing power 
associated with a decrease in processing speed due to larger 
datasets and correspondingly more sophisticated predictive 
models trained on these datasets [26].

A higher number of ROIs with relatively high sphericity 
values in the IDH-M subgroup might be explained by less 
extensive areas of perifocal vasogenic edema typical for 
these tumor types. Such edema spreads along the gyri, giving 
the segmentation zones an irregular star-like shape [27, 28]. 
As our test sample included all morphological types of adult-
type diffuse gliomas of all malignancy grades, relatively 
low sphericity values more often indicated more aggressive 
tumors, mostly represented by IDH-WT glioblastomas. The 
obtained result is indirectly consistent with the study of Y. Li 
et al., who showed that spherical disproportion (a radiomic 
feature characterized by minimal values for the ideal sphere) 
was the only independent prognostic factor positively 
correlated with Ki-67 proliferation index expression in lower 
grade gliomas [29].

The cumulative predictive performance of the model based on 
all six radiomic features is higher than that of the model based 

the brightness of the image, preserving the texture of dark 
and light areas (Fig. 6). Uniform adjustment mitigates the 
risk of information loss due to critically excessive voxel 
intensity values.

This method also helps denoise MR images and facilitates the 
image structure interpretation by avoiding artifacts, which 
may appear with more aggressive contrast adjustment. In 
comparative analysis, ScaleIntensity brings a certain consis-
tency to images with different noise levels, which is crucial 
for scientific imaging data analysis4. In turn, contrast adjust-
ment modifies the difference between the darkest and bright-
est parts of the image by expanding or shrinking the range 
of voxel values, which improves visibility within the range 
by making dim areas darker and bright areas brighter. While 
AdjustContrast can help improve blurred image details and 
textures, it can also cause the risk of the detail loss in the 
clipping areas with too bright or dark colors. Unlike ScaleIn-
tensity, which transforms all voxels uniformly, AdjustContrast 
improves the image non-uniformly by highlighting certain ar-
eas while shadowing texture in other areas, which may com-
plicate the interpretation of the image5.

Table 3 summarizes the main arguments, which may explain 
the significant difference between the predictive performance 
of models built using these two preprocessing techniques.

4Transforms — MONAI 1.4.0 Documentation. 2024.
URL: https://docs.monai.io/en/stable/transforms.html#scaleintensity
5Transforms — MONAI 1.4.0 Documentation. 2024. 
URL: https://docs.monai.io/en/stable/transforms.html#adjustcontrast

Table 3. ScaleIntensity vs AdjustContrast: a brief comparison of two medical imaging preprocessing techniques.

Preprocessing technique ScaleIntensity AdjustContrast

Effect Uniform brightness enhancement Greater differentiation between light and dark areas

Risk of detail loss Low: image details are visible at any brightness level
Medium: risk of detail loss with aggressive contrast 

adjustment

Noise management May reduce noise levels May cause higher noise levels

Application More suitable for comparative analysis Limited to specific imaging data

Risk of clipping Low: dynamic range preserved
High: risk of detail loss due to distorted color 

characteristics in too light/too light areas

A B

Fig. 6. Diffuse glioma (Т2-FLAIR, ах).
А — raw data; В — ScaleIntensity transformed data.
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Conclusion

Our results demonstrate a significant impact of different MR 
image preprocessing methods on the accuracy of the radio-
mics-based IDH mutation status prediction in patients with 
adult-type diffuse glioma.

Based on the analysis of various tool combinations tested in 
routine neuroimaging and a small dataset, the combination 
with the highest prognostic value for pre-processing, seg-
mentation, and classification of neuro-oncology images was 
found to be ScaleIntensity, LevelTracing, and Random Forest, 
respectively. The possible reason is that the ScaleIntensity 
technique can better preserve the detail and uniformity of 
images, which is particularly useful for comparative analy-
sis. On the other hand, the AdjustContrast technique can im-
prove the quality of visual interpretation, but at the cost of 
the structure detail loss due to non-uniformity of adjustment 
and the risk of clipping. At the same time, all four preprocess-
ing techniques (ScaleIntensity, LevelTracing, Random Forest, 
and AdjustContrast) demonstrated similar predictive perfor-
mance; hence, we should use larger datasets to train models 
based on these techniques and evaluate the reproducibility of 
the yielded results for alternative datasets.

The predictive performance of the presented model based 
on all six radiomic features reached the AUC score of 
0.845 ± 0.089, which we will use in the further studies.

The sphericity value of the ROIs, including perifocal tissue 
transformations, is significantly lower in IDH-WT gliomas, 
as all of them have malignancy grade  4. This grade posi-
tively correlates with the severity of vasogenic edema, which 
is responsible for a typical irregular shape of the structural 
changes in tumor-associated areas.

Based on the criteria of the 2021 WHO classification of tu-
mors of the CNS, the optimal models of IDH mutation status 
prediction should not be trained on samples presenting only 
one morphological type or a malignancy grade but rather on 
a sample covering various tumor types and grades to expand 
the model’s applicability to the primary diagnostic imaging 
in patients with suspected adult-type diffuse glioma. Further-
more, this approach allows non-invasive exclusion of primary 
IDH WT glioblastoma at the initial stages of differential di-
agnosis.

We plan to evaluate the reproducibility of the presented 
model using an open-source brain MRI dataset with all types 
of adult-type diffuse gliomas with identified IDH mutation 
status and malignancy grade according to the 2021 WHO 
classification of tumors of the CNS. We also intend to develop 
a technique for color mapping of ROIs in order to facilitate 
visual interpretation of quantitative radiomic data.

on a single parameter. Therefore, our classification model 
based on the presence/absence of IDH mutation considers 
not only the severity of perifocal edema but also probably the 
measure of intratumor morphological heterogeneity presented 
by significantly higher textural ROI heterogeneity at the voxel 
level. We provided more detailed grounds for this assumption 
in one of our previous articles [22].

Given that morphological heterogeneity determines the 
glioma malignancy grading, our classification model, by 
measuring morphological heterogeneity, reflects most 
probably a lower or higher malignancy grade of the tumor. 
In its turn, numerous morphologic characteristics of high 
malignancy mentioned above are associated with the absence 
of IDH mutation, allowing the use of radiomics-based markers 
for indirect prediction of the IDH mutation status.

Numerous studies indicate that an astrocytic tumor, which 
does not fully meet the morphological criteria for higher 
malignancy grade but is IDH-M-free and has other specific 
molecular genetic characteristics, is defined as a grade 4 
IDH-WT glioblastoma and should be treated according 
to the corresponding clinical guidelines [33–35]. Since 
the study samples covered tumors classified according to 
the updated WHO criteria, it is highly probable that some 
of the 24  studied IDH-WT gliomas also initially showed 
morphological characteristics of malignancy grade 3, which 
further was increased due to the IDH-M absence. So, given 
the diversity of adult-type diffuse gliomas in the dataset, the 
developed model learned to detect IDH-WT entities using the 
cases with less pronounced morphological characteristics of 
malignancy.

In many recent studies, training samples included clinical 
cases classified according to the 2016  WHO classification 
with a different IDH mutation status attributed to grade 
II, III diffuse astrocytomas, and grade IV glioblastomas 
[36]. Therefore, in some cases, the dataset was limited to 
specific morphologic types and malignancy grades so that 
the distribution of radiomic features indirectly depended 
only on the target variable, i.e., IDH mutation status [37, 38]. 
Thus, predictive models developed with this approach are 
of limited use for primary differential diagnosis, as they are 
often trained to classify IDH mutation status within a single 
morphological type, which is unknown to the radiologist at 
the time of the patient’s initial examination.

Some studies disregarded IDH mutation status in the 
differential diagnosis of low-grade and high-grade gliomas, 
but in this case the radiomics-based differences between 
the IDH-WT and IDH-M tumor subgroups are largely 
associated with the minor phenotypic features, the same 
as in the morphologic analysis, i.e., radiomics supports the 
conventional methods used by radiologists [39, 40].
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