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ABSTRACT
BACKGROUND: Radiomics is the newest and most promising direction in modern radiographic diagnostics. The number of head 
and neck cancer studies employing radiomics is increasing annually. A systematic review of recent publications (2021–2023) 
on computed tomography (CT) of head and neck malignancies was performed. 
AIM: To present systematized data on parameters for radiomic analysis for head and neck malignancies identified by CT data.
MATERIALS AND METHODS: The literature search was carried out in PubMed. The basic characteristics of the selected articles 
were extracted, and their quality was assessed using RQS 2.0 and the modified QUADAS-CAD questionnaire. The reproducibility 
level of radiomic parameters selected for predictive models in different studies was assessed. Eleven articles were selected for 
the review. In most cases, a high risk of systematic error associated with data imbalance in terms of demographic parameters 
and level of pathologies was noted. 
RESULTS: The range of RQS 2.0 scores for the included articles varied from 19.44% to 50.00% of the maximum possible score. 
The decreasing research quality was mainly caused by the lack of external result validation (73% of the analyzed articles) and 
data accessibility and transparency (82%). Inter-study reproducibility of radiomic parameters was low owing to the wide variety 
of techniques used for image acquisition, image post-processing, extraction, and statistical processing of radiomic parameters. 
CONCLUSION: A set of stable radiomic parameters must be successfully introduced into clinical practice. The standardization 
of radiomics method and creation of an open radiomics database are necessary for this purpose.
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Приоритетные параметры радиомического 
анализа для компьютерной томографии при 
злокачественных новообразованиях головы и шеи: 
систематический обзор
Ю.А. Васильев, О.Г. Нанова, И.А. Блохин, Р.В. Решетников, 
А.В. Владзимирский, О.В. Омелянская 
Научно-практический клинический центр диагностики и телемедицинских технологий, Москва, Россия

АННОТАЦИЯ
Обоснование. Радиомика — новейшее и многообещающее направление современной лучевой диагностики. Число 
исследований злокачественных новообразований головы и шеи с помощью этого метода увеличивается с каждым 
годом. Мы провели систематический обзор новейших публикаций (2021–2023) по злокачественным новообразованиям 
головы и шеи, выполненным на основе компьютерной томографии.
Цель — систематизация данных по используемым параметрам радиомического анализа при раке головы и шеи, вы-
явленным по данным компьютерной томографии.
Материалы и методы. Поиск статей осуществлялся в базе PubMed. Произведены извлечение базовых характеристик 
отобранных статей и оценка их качества по RQS 2.0 и модифицированному опроснику QUADAS-CAD. Оценили уровень 
воспроизводимости радиомических параметров, отобранных для прогностических моделей, в разных исследованиях. 
Для обзора отобрано 11 статей. В большинстве случаев отмечался высокий риск систематической ошибки, связанный 
с несбалансированностью выборки по демографическим параметрам и уровню патологий. 
Результаты. При оценке качества радиомики диапазон баллов для исследованных статей изменяется от 19,44% 
до 50,00% максимально возможной суммы. Основные проблемы, влекущие за собой снижение качества исследо-
ваний, обусловлены отсутствием внешней валидации результатов (73% проанализированных статей), а также недо-
ступностью или непрозрачностью исследовательских данных (82%). Воспроизводимость радиомических параметров 
между исследованиями низкая из-за большого разнообразия используемых методик получения и постобработки изо-
бражений, а также извлечения и статистической обработки радиомических параметров. 
Заключение. Обсуждается необходимость выделения базового блока устойчивых радиомических параметров для вне-
дрения метода в клиническую практику, что возможно сделать только при стандартизации методов радиомики и соз-
дания открытой базы радиомических данных.

Ключевые слова: радиомика; злокачественные образования головы и шеи; радиомические параметры.
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头颈部恶性肿瘤计算机断层扫描的优先放射组学分析
参数：系统综述
Yuriy A. Vasilev, Olga G. Nanova, Ivan A. Blokhin, Roman V. Reshetnikov, 
Anton V. Vladzymyrskyy, Olga V. Omelyanskaya
Research and Practical Clinical Center for Diagnostics and Telemedicine Technologies, Moscow, Russia

摘要

论证。放射组学是现代放射治疗诊断中最新、最有前途的领域。使用这种方法对头颈部恶性

肿瘤进行检查的数量每年都在增加。我们对基于计算机断层扫描的头颈部恶性肿瘤最新出版

物（2021-2023 年）进行了系统综述。

目的是系统整理通过计算机断层扫描检测到的头颈部癌症的放射组学分析参数数据。

材料和方法。这些文章在 PubMed 数据库中进行了检索。我们提取了所选文章的基线特征，

并使用 RQS 2.0 和修改后的 QUADAS-CAD 问卷对其质量进行了评估。我们评估了不同研究

中预后模型所选放射组学参数的可重复性水平。我们选择了 11 篇文章进行审查。在大多数

情况下，由于人口统计参数和病理学水平的取样不平衡，系统误差的风险很高。

结果。在评估放射组学的质量时，所分析文章的得分范围从最高可能得分的 19.44% 到 

50.00% 不等。导致研究质量下降的主要问题是研究结果缺乏外部验证（占所分析文章的 

73%），以及研究数据无法获取或缺乏透明度（占 82%）。由于所使用的图像采集和后处理

技术种类繁多，以及对放射组学参数的提取和统计处理，不同研究之间放射组学参数的可重

复性很低。

结论。讨论将该方法引入临床实践的基本稳定放射组学参数分配的必要性，这只有在放射组

学方法标准化和建立开放的放射组学数据库的情况下才能实现。

关键词：放射组学；头颈部恶性肿瘤；放射组学参数。
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BACKGROUND 
Radiomics is the latest modern medicine innovation. 

This technique aims to improve the diagnostic quality using 
radiomic features, i.e., medical image parameters invisible to 
the human eye [1]. Radiomics analysis is a rapidly developing 
area in radiology [2]. This approach is expected to be widely 
used as an additional tool for assessing the prognosis and 
determining the treatment strategy. 

Several thousand radiomic parameters [3] are currently 
classified into three major groups: 

 • Curve parameters describing image properties
 • Texture parameters (gray-scale matrices) 

representative of pixel ratios
 • Shape parameters

Several subgroups were observed within each group of 
radiomics features.

Dozens to thousands of parameters were used in 
studies, depending on whether radiomic features are 
extracted manually or via machine learning algorithms 
[3, 4]. Furthermore, approaches to assigning specific 
parameters to major groups vary. In some cases, all groups 
of features can be included in varying proportions, whereas 
only texture parameters are included in others, excluding 
shape parameters. Currently, the number and composition 
of radiomic features during manual extraction (handcrafted 
features) are primarily determined using the selected analysis 
software and per the researcher’s perception.

The set of radiomic features should be standardized for 
the potential use of radiomics as an additional diagnostic 
tool in clinical practice [5, 6]. Features selected for a wide 
practical use should ensure inter-study reproducibility. 
However, these studies differ in various ways, including the 
structures examined, the type of prognosis, the method of 
obtaining and processing images, and the statistical analysis 
methods of radiomic features.

STUDY AIM
To organize data on the used radiomic parameters 

in head and neck cancer detected based on computed 
tomography (CT) findings. Head and neck cancer, including 
throat, larynx, nasal cavity, paranasal sinus, and oral cavity 
malignancies [7], was selected as one of the most common 
cancers [8] requiring multimodal diagnostics, beginning 
with CT [9–11]. 

STUDY OBJECTIVES
The study objectives are as follows:
1. To review the most recent publications (2021–2023) 

on radiomics in head and neck cancer using CT findings, 
including an assessment of distribution by study objectives, 
methods used, and article quality based on modern radiomics 
standards.

2. To assess the intra- and inter-study reproducibility 
(robustness) of radiomic features.

3. To compare the most recent publications with previous 
studies. 

MATERIALS AND METHODS
Search Strategy

The search was performed in PubMed. The search terms 
were in English only. The search period—November 15, 2020, 
to June 1, 2023—was selected so that the reference lists of our 
and other studies would not overlap for the most part [12–14].

The search terms included the following: 
“head and neck neoplasms” [MeSH Terms] AND (“artificial 

intelligence” [MeSH Terms] OR (“artificial” [All Fields] AND 
“intelligence” [All Fields]) OR “artificial intelligence” [All 
Fields] OR (“deep learning” [MeSH Terms] OR (“deep” [All 
Fields] AND “learning” [All Fields]) OR “deep learning” [All 
Fields]) OR (“machine learning” [MeSH Terms] OR (“machine” 
[All Fields] AND “learning” [All Fields]) OR “machine learning” 
[All Fields]) OR (“neural networks, computer” [MeSH Terms] 
OR (“neural” [All Fields] AND “networks” [All Fields] AND 
“computer” [All Fields]) OR “computer neural networks” [All 
Fields] OR (“neural” [All Fields] AND “network” [All Fields]) OR 
“neural network” [All Fields]) OR (“radiomic*” [All Fields]) OR 
“radiomic features*” [All Fields]) OR (“radiomics features*” 
[All Fields]) AND (“node*” [All Fields] OR “lymph node*” [All 
Fields] OR (“nodal” [All Fields] OR “nodally” [All Fields] OR 
“nodals” [All Fields]) OR “metastas*” [All Fields])

Inclusion criteria: Original research articles
Exclusion criteria: Reviews, meta-analyses, and case 

reports on radiomics in head and neck cancer
The study design adheres to the Preferred Reporting 

Items for Systematic reviews and Meta-Analyses [15]. 
Two experts independently reviewed the article titles and 

abstracts found using the search terms. This review identified 
several articles for full-text analysis. The third expert made 
the final decision in case of disagreement over including an 
article in the analysis. Further review of reference lists of 
included articles to identify eligible publications (snowballing) 
was not performed.

Data Extraction and Article Quality Assessment
The following information was extracted from the 

selected full-text articles: 
 • Original author and corresponding author
 • Article title, year of publication, and DOI
 • Journal and impact factor
 • Country where the study was performed
 • Study objectives
 • Study design (prospective/retrospective, single-center/

multicenter)
 • Inclusion/exclusion criteria
 • Number, sex, and age of patients
 • Tumor site and type
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 • Total number of extracted radiomic features
 • Assignment of radiomic features to classes (assessed 

or not assessed); if assessed, the following classes 
were analyzed: 
– Shape parameters (2D and 3D)
– Type 1 parameters
– Type 2 parameters: texture parameters with 

several subgroups (Gray Level Co-occurrence 
Matrix [GLCM], Gray Level Run Length Matrix 
[GLRLM], Gray Level Size Zone Matrix [GLSZM], 
Neighboring Gray Tone Difference Matrix [NGTDM], 
and Gray Level Dependence Matrix [GLDM])

 • Radiomic feature analysis method:
– Machine learning (used or not used)
– For handcrafted radiomics, statistical methods 

were used for the selection of radiomic features
 • Number of radiomic features selected by the authors 

as prognostically valuable and their significance. 
Two approaches were used to assess the quality of 

selected articles: the Radiomics Quality Score 2.0 (RQS 2.0) 
[16], specific to radiomics studies, and Quality Assessment 
of Diagnostic Accuracy Studies 2 (QUADAS-2) [17, 18], 
commonly used in medical studies and has been modified 
for computer aided detection (QUADAS-CAD).

Analysis of Radiomic Features
Radiomic features identified with prognostic value were 

extracted from each selected article. Features extracted from 

both original and post-processed images were analyzed. 
Various statistical methods, including machine learning, 
regression analysis, analysis of variance, resampling, and 
assessment by intraclass correlation coefficient, were used 
to select features to be considered. If several hypotheses 
were evaluated in a study, radiomic features were extracted 
separately for each hypothesis. Two studies provided 
statistics for the robustness of all extracted radiomic 
parameters (the intraclass correlation coefficient [19] and the 
P-level for the analysis of variance [20]), without reducing 
the number of parameters. In such cases, the most robust 
radiomic parameters were independently selected for our 
analysis, based on the available data. 

Moreover, the inter- and intra-study overlap of significant 
radiomic feature sets was assessed for different endpoints.

RESULTS
Literature Search and Selection of Articles

The initial search identified 804 publications. After 
reviewing the titles and abstracts, 762 publications 
were excluded as irrelevant (other types of cancer were 
investigated, radiomics analysis was not used, etc.). 
Forty-two publications were included for analysis after 
reviewing the titles and abstracts (Fig. 1). Of these, 11 studies 
were included in the final analysis, whereas 31 were 
excluded (11 studies used magnetic resonance imaging, 
2 used ultrasound examination, 7 focused on thyroid cancer, 

SYSTEMATIC REVIEWS AND META-ANALYSES

Fig. 1. Flow chart of systematic literature search flow chart 
Abbreviations: MRI, magnetic resonance imaging; US, ultrasound.

Studies identified in PubMed 
using search terms

804

Screened studies
804

Studies selected 
for full-text analysis

42

Studies included in the review
11

Studies excluded 
after title and/or abstract analysis

762

31 articles were excluded from the 
review due to the following:

•	11	used	MRI
•	2	used	US
•	7	thyroid	tumors
•	1	esophageal	tumor
•	10	did	not	focus	on	radiomic	

features

https://doi.org/10.17816/DD623240


260
Digital Diagnostics

1 focused on esophageal cancer, and 10 did not specify the 
radiomic parameters used).

Basic Characteristics of Articles
The basic characteristics of articles selected for the 

review are summarized in Appendix 1. Of these 11 studies, 
five were performed in China [19, 21–24], three in Europe 
(of them one in Italy) [25], and one each in Portugal/Austria/
Germany [26], the Netherlands [27], the USA [28], Canada 
[20], and Thailand [29]. Articles with the highest ratings 
were published in Cancers (impact factor 6.575) [20] and 
European Radiology (impact factor 6.020) [21]. All studies 
were retrospective. Eight were single-center [20–23, 25, 
27–29] and three were multicenter [19, 24, 26] studies.

Radiomic features were used to predict overall survival [25, 
26, 29], progression-free survival [25, 29], distant disease-free 
survival [28], risk of locoregional recurrence [25, 26, 28], and 
risk of distant metastases [26]; to preoperatively predict lymph 
node involvement [21, 23, 24]; and to classify enlarged cervical 
lymph nodes [22]. One study examined the relationship between 
the robustness of radiomics parameters and the quality of 
radiomics models [18]. Another investigated the differences in 
radiomic features depending on the tumor site [20]. One used 
additional data to validate a previously created model [27].

Quality of Included Articles According to RQS 2.0
The quality assessment of articles using the specialized 

radiomics analysis scoring system RQS 2.0 is summarized in 
Appendix 2. The scores for the reviewed articles range from 
7 (19.44%) [20] to 18 (50.00%) [22], with a maximum score 
of 36 (100%) points; the mean and standard deviation are 
10 and 4, respectively.

In 7 (64%) of 11 cases, the imaging protocol was 
well-documented [21–26, 28]. Five studies (45%) considered the 
effects of segmentation (resegmentation by two researchers, 
segmentation algorithms, random noise) on the extraction of 
radiomic features [22, 23, 25, 29, 30]. Teng et al. [20] assessed 
the reliability of radiomic features in multicenter studies and the 
effects of various features on the overall reliability of models. 
None of the reviewed studies evaluated the robustness of 
radiomic features against temporal variations, such as organ 
movement or increased/decreased organ size. Ten (91%) studies 
examined model retraining and reduced number of radiomic 
features to select the most significant ones [19, 21–29]. Eight 
(73%) studies reported that models were developed using pooled 
sets of radiomic and clinical features and compared mixed, 
radiomic, and clinical models [22, 24–30]. All studies (100%) 
provided significance and discrimination quality metrics (area 
under the curve [AUC] and P-level, including those obtained 
during data resampling) [31]. The obtained radiomic models 
were rarely validated. Specifically, validation was performed in 
as few as three studies (27%) [20, 23, 26], with only one (9%) 
using data from another study site [26]. Data transparency was 
also limited, with only two studies providing open access to 
images [25] and extracted radiomic features [18]. 

Quality of Included Articles Based on QUADAS-CAD
The risk of bias according to QUADAS-CAD is summarized 

in Tables 3 and 4 [17]. The overall risk of bias was high in 
6 of 11 reviewed articles (54.5%) [19, 20, 25, 26, 28, 29]. 
Five (45.5%) of 11 articles had a low risk of bias [21–24, 
27]. Seven (64%) studies reported a high risk of bias due to 
data imbalance [19, 20, 23, 25, 26, 28, 29], and four (36%) 
reported low [21, 22, 24, 27]. In most cases, this risk was 
caused by a sample imbalance in terms of demographics 
and pathology. Machine learning was used in six studies [19, 
20, 22, 24, 26, 28]; thus, some questions in D2 block are 
only applicable to them. The risk of bias due to the selected 
method for the use and interpretation of index tests was high 
in four studies (36%) [19, 20, 26, 29], moderate in one (9.5%) 
[28], and low in six (54.5%) [21–25, 27]. The risk of bias from 
the reference standard assessment was low in most cases 
(64%) [19, 21–24, 27, 29]. In some cases, the expertise level 
of physicians assessing the reference values was unclear; 
therefore, the risk of bias was considered high (27%) [28] 
or moderate (9%) [20, 25, 26]. The risk of bias due to data 
heterogeneity was high in three studies (27%) [20, 25, 28] 
and low in eight (73%) [19, 21–24, 26, 27, 29]. In some cases, 
ambiguous assessment results were due to a detailed level 
when describing data analysis methods. 

Methods Used in the Studies
The number of extracted radiomic features ranges 

from 36 [20] to 5,486 [19]. Five articles included detailed 
information on the distribution of extracted radiomic features 
[22, 23, 25, 26, 28]. 

Six studies used machine learning for radiomics analysis 
[19, 20, 22, 24, 26, 28]. The remaining five studies used 
regression analysis [25, 29], analysis of variance (ANOVA) 
[23], intraclass correlation coefficient (ICC) [29], data 
resampling [28], and one-way tests for pairwise comparison 
of features (Student’s t-test, Mann–Whitney U test, 
chi-squared test, Fisher’s exact test) to assess the 
significance of radiomic features [21, 23, 27]. 

The number of selected features in studies ranges from 
2 [25, 27] to 19 [26]. Two articles did not select the most 
significant features; instead, they reported the corresponding 
statistics for each extracted feature (ICC) [19] and the 
percentage of repeated features in replicates [28]. 

Feature Reproducibility Analysis
In 11 studies, 191 radiomic features considered valid for 

prognostic models were selected (see Appendix 1), including 
47 first-order features. Of these, the same feature is used in 
two different studies with five (11%) cases; in the remaining 
cases, features do not overlap between studies. Shape 
parameters include 25 radiomic features. Of these, the same 
feature is used in two different studies with five (20%) cases. 
Moreover, the same feature is used in three different studies 
in two (8%) cases. In the remaining cases, features do not 
overlap between studies. Second-order features include 
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119 radiomic features. Of these, the same feature is used in 
two different studies in one case (0.8%). 

In two studies, radiomic features were completely 
reproducible between different models [23, 29]. In two more 
studies, radiomic features were not reproducible between 
different models [25, 28].

DISCUSSION
This review analyzed studies on radiomics analysis in 

head and neck malignancies based on CT findings performed 
between 2021 and 2023, focusing on a list of frequently used, 
reliable radiomic parameters. The reviewed publications used 
a wide range of approaches, from image acquisition and 
post-processing methods to software used for radiomic 
parameter extraction and statistical processing. Furthermore, 
creating a predictive radiomics model always requires reducing 
the number of radiomic parameters. Parameters are selected 
using different methods, from univariate statistical tests to 
machine learning; this is entirely up to the authors. The selected 
statistical methods for reducing the number of features also 
have a significant impact on the selection results of parameters. 
The most recent meta-analyses highlighted that the difficulty of 
summarizing and implementing individual successful practices 
remains a significant barrier in current radiomics [30]. 

Study Quality
When comparing previous systematic reviews of radiomic 

studies in head and neck malignancies [13, 32] and our new 
study, several methodological challenges persisting for a 
decade were encountered.

One of the major challenges in radiomic studies is the 
lack of validation of obtained radiomic models using external 
data. Only one of the reviewed studies validated data from 
another study site [33].

Another major challenge is the lack of data 
transparency and insufficient detailed description 
of analysis methods, preventing the reproduction of 
results of such studies. However, reproducibility of 
results is widely considered one of the fundamental 
criteria of scientific approach and the basis for practical 
implementation of a method [34]. 

Our conclusions are consistent with the findings of other 
systematic reviews. For example, all four identified reviews of 
studies evaluating head and neck cancer [12, 13, 32, 35] lacked 
result validation using external data. Moreover, Giannitto et 
al. [13] reported a lack of transparency of methodologies 
used in studies due to an inadequate description of the 
study conduct and a lack of assessment of the possible 
implementation of results in clinical practice. Guha et al. [12] 
revealed substantial heterogeneity of methodologies, making 
it difficult to generalize study findings.

The Image Biomarker Standardization Initiative (IBSI) is 
currently in progress [36]. Considering the detailed level in 
addressing the issues and numbers of community members 
involved, this initiative could be a significant step toward 
resolving the lack of transparency in radiomic analysis. The 
reproducibility and reliability of results can also be improved 
by appropriately designed clinical studies of intelligent 
technology-based algorithms [37].

Creating an open platform for radiomic studies will 
enable reporting negative results, which are not published in 

DOI: https://doi.org/10.17816/DD623240

Table 4. Risk-of-bias assessment according to Quality Assessment of Diagnostic Accuracy Studies for Computer Aided Detection

Original author, year D1 D2 D3 D4 Total score Weight (%)

Franzese С., 2023 High Low Somewhat 
doubtful High High 2

Gonçalves M., 2022 High High Somewhat 
doubtful Low High 4

Zhao X., 2023 Low Low Low Low Low 10

Teng X., 2022 High High Low Low High 32

Zhang W., 2022 Low Low Low Low Low 6

Yang G., 2022 High Low Low Low Low 4

Intarak S., 2022 High High Low Low High 4

Morgan H., 2021 High Somewhat 
doubtful High High High 1

Li J., 2021 Low Low Low Low Low 15

Liu X., 2021 High High Somewhat 
doubtful High High 14

Zhai T., 2021 Low Low Low Low Low 6
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peer-reviewed journals due to the so-called publication bias 
[38]. Minimizing the risk of bias is critically important when 
assessing the efficacy of radiomic analysis. Furthermore, 
Kocak et al.’s [39] meta-study made it possible to highlight 
issues caused by a largely retrospective design (95%, 
142/149) and a lack of a reference test in a significant 
number of studies (44%, 66/149) [39].

The assessed method is based on radiomic parameters 
describing the relationships among voxels, 2D and 3D 
characteristics of malignancies, and other properties. 
Several thousands of these parameters are currently 
known; however, the consensus regarding the diagnostic 
value of each parameter and its various combinations is 
not yet established. The number of selected features in 
reviewed studies dramatically varies, ranging from a few 
to several thousands. Less than half of studies provide 
detailed descriptions of the groups of features representing 
various characteristics of malignancies. Three studies did not 
specify the radiomic parameters used in the models. Only 
one reviewed article examined the robustness of radiomic 
parameters in multicenter studies.

To promote the widespread use of prognostic radiomics 
models in clinical practice, priority parameters must be 
identified based on their robustness and reproducibility 
assessment. Radiomic parameters most used in prognostic 
models were selected. Our findings demonstrated that the 
reproducibility of radiomic parameters is extremely low due 
to the wide range of methodologies used. This is consistent 
with earlier studies suggesting that radiomic parameters 
might be random and non-reproducible [40]. Recommending 
a specific set of radiomic parameters for clinical use is 
difficult. Therefore, radiomic methods must be standardized, 
and recommended standards must be implemented. 
Consequently, a basic set of radiomic parameters can 
be created for the use of radiomic analysis in diagnostic 
imaging [41]. Standardization of radiomic analysis can also 
be achieved through efforts in the field of study protocol 
standardization and post-processing control standardization 
[42].

Limitations of Our Approach
Our study has several limitations inherent for systematic 

reviews. With the aim to provide the most comprehensive 
review of currently available studies of head and neck 
malignancies, this review includes studies of both primary 
and secondary tumors and histologically heterogeneous head 
and neck cancers. 

The search was limited to PubMed and English 
publications, which may have reduced the number of 
identified studies.

Data imbalance was observed in all studies. Only 
pathological cases were included, while non-pathological 
cases were excluded. Moreover, data imbalance was also 
observed in demographics.

These limitations prevented comprehensive meta-
analysis, allowing only qualitative synthesis with descriptive 
statistics. However, our study highlighted the major 
challenges of modern radiomics and the direction of future 
research in this area.

CONCLUSION
Radiomics is a rapidly evolving modern medicine area. 

Studies increasingly used radiomics analysis. Our findings 
revealed that major challenges in this area preventing the wide 
clinical use of this promising method include low transparency 
of studies and the absence of open-access databases 
and standardized approaches to radiomics studies. The 
fundamental objective of radiomics development is to adopt 
accepted standards for image acquisition and processing, as 
well as modeling strategies. Assessment tools for the risk of 
bias should be used during studies, such as QUADAS-2 or its 
versions modified for specific tasks, and recommendations 
should be considered for reducing these risks. Free access to 
radiomics data should be enabled, similarly to genetic studies. 
A set of robust radiomic parameters should be developed to 
use this method in clinical practice. The IBSI platform is an 
effective solution for the standardization of radiomics data and 
its open-access publication.
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