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Abstract

Purpose Human papillomavirus (HPV) status assessment is crucial for decision making in oropharyngeal cancer patients.
In last years, several articles have been published investigating the possible role of radiomics in distinguishing HPV-positive
from HPV-negative neoplasms. Aim of this review was to perform a systematic quality assessment of radiomic studies
published on this topic.

Methods Radiomics studies on HPV status prediction in oropharyngeal cancer patients were selected. The Radiomic Qual-
ity Score (RQS) was assessed by three readers to evaluate their methodological quality. In addition, possible correlations
between RQS% and journal type, year of publication, impact factor, and journal rank were investigated.

Results After the literature search, 19 articles were selected whose RQS median was 33% (range 0—42%). Overall, 16/19
studies included a well-documented imaging protocol, 13/19 demonstrated phenotypic differences, and all were compared
with the current gold standard. No study included a public protocol, phantom study, or imaging at multiple time points.
More than half (13/19) included feature selection and only 2 were comprehensive of non-radiomic features. Mean RQS was
significantly higher in clinical journals.

Conclusion Radiomics has been proposed for oropharyngeal cancer HPV status assessment, with promising results. How-
ever, these are supported by low methodological quality investigations. Further studies with higher methodological quality,
appropriate standardization, and greater attention to validation are necessary prior to clinical adoption.
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are related to neck mass due to nodal spread of disease,
whereas patients with HPV-negative lesions present symp-
toms related to local growth of the primary tumour, such
as odynophagia and dysphagia; 2) HPV-negative OPSCCs
have a lower survival and response rate to radio-chem-
otherapy than HPV-positive ones; 3) patients affected by
HPV-positive OPSCC are often younger than HPV-negative
OPSCC [2]. Therefore, HPV status determines the appro-
priate therapy and follow-up plan. In patients affected by
OPSCC, HPYV status is routinely assessed on biopsied tissue
by p16 immunostaining. However, surgical biopsy exposes
patients to surgery-related complications, such as bleeding
[3], and the presence of co-existing inflammatory changes
in the specimen might decrease the sensitivity of the immu-
nostaining [4].

Despite several studies described different imaging fea-
tures useful to predict HPV status [5-7], this approach is
not sufficiently reliable due to the presence of overlapping
radiological characteristics [8]. To overcome the limitations
of subjective medical image interpretation, several authors
investigated the potential utility of texture analysis in HPV
status assessment [9, 10], since one of the aims of radiom-
ics and machine learning (ML) is the conversion of medical
images to quantitative, reader independent data for predic-
tive modelling [11, 12].

Radiomics refers to the analysis of large amounts of
quantitative features extracted from medical images. These
features include pixel grey level distribution parameters and
texture analysis derived data, which evaluate grey level value
patterns in images. ML is a subfield of artificial intelligence
which may be adopted to build up classification or regres-
sion models from radiomics data through automated recog-
nition of patterns in the data space, implementing predictive
algorithms [11, 13].

Given this potential, recently the number of radiomic
studies has grown dramatically, especially in oncological
imaging [14, 15]. However, despite these efforts, the routine
use of these tools in the clinical setting has not yet occurred,
for example due to lack of technique standardization and
external validation [14]. The increasing attention given to
ML and radiomics has also resulted in a growing availabil-
ity of quality assessment checklists, such as the Radiomic
Quality Score (RQS) [12, 16, 17]. The RQS’s strength is
represented by the evaluation of different aspects of radiomic
studies, ranging from images acquisition protocol to data
sharing, grouped in six domains (protocol quality and repro-
ducibility, feature selection and validation, biologic/clinical
validation and utility, model performance index, high level
of evidence, and open science and data). Each item contrib-
utes to a final percentage score for the paper, allowing for a
quantitative assessment of methodological quality. The value
of the RQS is also confirmed by its use across various topics
in the recent literature [18—20]. An additional advantage of
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the RQS is the possibility to use its final score to perform
statistical analyses with other variables. As also described
in a previous report [19], radiomic studies are published on
peer-reviewed journals specialized not only in radiology but
in a variety of fields, demonstrating a widespread interest
among the research community.

With the present systematic review, we aimed to perform
a literature revision with RQS quality assessment as well
as an evaluation of the relationship between study quality
and journal characteristics. In particular, our focus was on
the current applications of radiomics in OPSCC imaging
for the prediction of HPV status and association between
study quality and indices commonly accepted as a proxy for
research quality [21].

Methods
Article search strategy

The selection of included studies was carried out through
a detailed search in the field of radiomics in head and neck
oncology, conducted according to PRISMA (Preferred
Reporting Items for Systematic reviews and Meta-Analyses)
guidelines. The study consisted in a systematic search in the
electronic databases (PubMed, Web of Science and Scopus)
using the following search terms in all possible combina-
tions: radiomics, texture analysis, artificial intelligence, oro-
pharyngeal cancer, Human papillomavirus. The search was
finalized on September 1%, 2021. Additional details of the
literature research are reported in the supplementary materi-
als. As described in Fig. 1, letters, editorials, reviews, dupli-
cates, and articles published in languages other than English
were excluded from the analysis.

Data extraction and analysis

The RQS is a scoring system used to assess the quality of
radiomic analysis methodology by assigning a score for each
item satisfied in the articles, divided in six domains (image
protocol, radiomics features extraction, data analysis and sta-
tistics, model validation, clinical validity, and open science).
The final score, that ranges from -8 to 36, is then converted
to a percentage score (where 36 is equivalent to 100%) [12].
An overview of RQS items and respective scores is provided
in Table 1.

The included full-text articles were independently eval-
uated using the RQS by three raters experienced in arti-
ficial intelligence and head and neck cancer (BLINDED:
5 years of experience, BLINDED and BLINDED: 2 years
each). Inter-reader intraclass correlation coefficient (ICC)
was assessed for both the RQS total and percentage scores,
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Fig. 1 Study selection process PubMed Scopus Web of Science
flowchart until 15/06/2021 until 15/06/2021 until 15/06/2021
106 publications 77 publications 106 publications
{ 119 duplicates
151 articles excluded:
170 unique citations - not focused on oropharyngeal cancer
screened (n=27)
- not focused on HPV status prediction
(n=32)
- no radiomics (n = 68)
X - reviews (n=13)
19 articles Included - conference abstract (n = 11)

Table 1 Overview of Radiomic Quality Score items and mode of the respective scores in the reviewed studies

RQS item number and name

Description and (points)

Item 1: Image protocol quality
Item 2: Multiple segmentation

Item 3: Phantom study

Item 4: Multiple time points
Item 5: Feature reduction
Item 6: Multivariable analysis
Item 7: Biological correlates
Item 8: Cut-off analysis

Item 9: Discrimination statistics
Item 10: Calibration statistics

Item 11: Prospective design
Item 12: Validation

Well documented protocol (+ 1) AND/OR publicly available protocol (+ 1)

Testing feature robustness to segmentation variability: e.g. different physicians/algorithms/software
+D

Testing feature robustness to scanner variability: e.g. different vendors/scanners (+ 1)

Testing feature robustness to temporal variability: e.g. organ movement/expansion/shrinkage (+ 1)

Either feature reduction OR adjustment for multiple testing is implemented (+ 3); otherwise (-3)

Non-radiomic feature are included in/considered for model building (+ 1)

Detecting and discussing correlation of biology and radiomic features (+ 1)

Determining risk groups by either median, pre-defined cut-off or continuous risk variable (+ 1)

Discrimination statistic and its statistical significance are reported (+ 1); a resampling technique is also
applied (+1)

Calibration statistic and its statistical significance are reported (+ 1); a resampling technique is also
applied (+1)

Prospective validation of a radiomics signature in an appropriate trial (+7)

Validation is missing (-5) OR internal validation (+2) OR external validation on single dataset from
one institute (+3) OR external validation on two datasets from two distinct institutes (+4) OR vali-
dation of a previously published signature (+4) validation is based on three or more datasets from
distinct institutes (+5)

Item 13: Comparison to “gold standard” Evaluating model’s agreement with/superiority to the current “gold standard” (+2)

Item 14: Potential clinical application
Item 15: Cost-effectiveness analysis
Item 16: Open science and data

Discussing model applicability in a clinical setting (+2)
Performing a cost-effectiveness of the clinical application (+ 1)
Open source scans (+ 1) AND/OR open source segmentations (+ 1) AND/OR open source code (+ 1)

AND/OR open source representative features and segmentations (+ 1)

RQS Radiomics Quality Score

using a two-way, random-effects, single-rater, absolute
agreement model.

Furthermore, the included studies were classified based
on the following journal characteristics to assess their
potential relation to total RQS score: 1) impact factor (JIF)
quartile; 2) citation index (JCI) quartile; 3) publication
year; 4) JIF; 5) clinical or imaging journal domain ( “clini-
cal” or “imaging” are attributed by using Web of Science,
as described in [19]). JIF and JCI quartiles were obtained
from Web of Science.

Statistical analysis

All the analyses were performed using the RQS percentage
score obtained by the most experienced rater. The main anal-
ysis evaluated the relationship between the study quality and
journal features (quartile JIF, quartile JCI, publication years,
JIF, clinical or imaging journal category). The skewed data
distribution was assessed with the Kolmogorov—Smirnov
test. To compare variables with a not- normal distribution,
a Mann Whitney test was performed. Relationships between
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continuous variables were examined using Spearman cor-
relation (p) for parametric variables with a not-normal dis-
tribution. Continuous variables are presented as median and
interquartile range (IQR), categorical ones as count and per-
centage. All statistical analyses were performed using SPSS
(SPSS version 27; SPSS, Chicago, IL). A p value <0.05 was
considered statistically significant.

Results
Literature review

In total, 289 articles were obtained from the initial search,
of which 119 were duplicates. Of the remaining 170, 151
were rejected based on the selection criteria. Finally, 19 arti-
cles were included in the systematic review. The described
flowchart is represented in Fig. 1 and included articles are
summarized in Table 2.

RQS assessment

For both RQS total and percentage scores, ICC
showed high agreement (89%; detailed information in

Table 2 Characteristics of included articles

supplementary materials). Supplementary tables S1-S3
report RQS item and total scores assigned by each rater to
all the included articles. The quality of the included stud-
ies was very low (median score expressed as number 12)
and RQS ranges from -2 to 15, corresponding to a median
percentage score of 33 (14; 39) (Figure S1). Overall, 16
out of 19 (84%) authors included a well-documented imag-
ing protocol, but no public protocol was used. In only 6
articles (31%) multiple segmentation by different physi-
cians/algorithms/software were found in the radiomic
pipeline. Lack of phantom study and imaging at multiple
time points was observed in all studies. More than half
authors performed feature reduction (13/19, 68%), while
in 5 articles validation was completely missing. Although
only 2 (10%) radiomic analyses were comprehensive of
non-radiomic features, 13/19 (68%) demonstrated pheno-
typic differences, and all were compared with the current
gold standard method. The main limitations, observed in
the included articles, were the absence of re-application by
a previously published cut off and the lack of calibration
statistics, performed in only 10% (2 studies) and 5% (1
study), respectively. However, almost all authors (17/19,
89%) employed discrimination statistics. No researcher
registered a prospective study in a trial database or

First Author Journal Year Impact Factor Quartile JIF Quartile JCI Journal main topic
Hassan Bagher-Ebadian[36] Medical Physics 2020 4.071 Q1 Ql radiology
Marta Bogowicz[53] Radiation Oncology 2017 2.862 Q2 Q3 radiology
Marta Bogowicz[54] Scientific Reports 2020 4.379 Q1 Ql multidisciplinary sciences
Paula Bos MS[40] Head & Neck 2020 3.147 Ql NA otolaryngology
K. Buch[37] American Journal Of Neuroradiol- 2015 3.124 Q1 NA radiology
ogy
Y. Choi[39] American Journal Of Neuroradiol- 2020 3.825 Q2 Q2 radiology
ogy
Hesham Elhalawani[22] Frontiers In Oncology 2018 4.137 Q2 Q2 oncology
Noriyuki Fujima[55] European Journal Of Radiology 2020 3.528 Q2 Ql radiology
Stefan P. Haider[23] European Journal Of Nuclear Medi- 2020 9.236 Ql Ql radiology
cine And Molecular Imaging
Daniel M. Lang[24] Cancers 2021 6.639 Ql Ql oncology
Ralph TH Leijenaar[38] British Journal Of Radiology 2018 1.939 Q3 Q3 radiology
Francesco Mungai[8] Journal Of Computed Assisted 2017 1.385 Q2 NA radiology
Tomography
Sara Ranjbar[10] La Radiologia Medica 2019 2.192 Q2 NA radiology
Marco Ravanelli[42] American Journal Of Neuroradiol- 2018 3.256 Q2 Q2 radiology
ogy
Reza Reiazi[44] Cancers 2021 6.639 Q1 Ql oncology
Jiliang Ren[43] European Radiology 2020 5.315 Ql Q1 radiology
Beomseok Sohn[41] Laryngoscope 2021 3.325 Ql Ql otolaryngology
Chong Hyun Suh[25] Scientific Reports 2020 4.379 Q1 Q1 multidisciplinary sciences
Kaixan Yu[56] Clinical And Translational Radia- 2017 3.124 Q2 NA oncology

tion Oncology
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performed a cost-effectiveness analysis, but 4 investiga-
tors did share the data obtained. Elhalawani shared the
dataset generated for the study in Figshare repository [22],
other authors share the code [23, 24], while Suh shared
the datasets and the analysis on reasonable request [25].

Subgroup analysis

Journal characteristics are summarized in Table 2, with
11/19 (57%) articles published on imaging journals. All
had a wide variability of the quality indicators (mean IF
4.03 + 1.86); half were published on high profile journals
in their research field (10/19, 52% published on Q1 jour-
nals according to JIF; 9/19, 47% on Q1 journals by JCI).
Most of papers were published in 2018 or later (15/19,
78%). More than half were based on CT images (13/19,
68%), 4/19 (21%) on MRI, and 2 studies on PET/CT
(11%). In only 2 cases a deep learning (DL) analysis was
carried out for OPSCC HPYV status assessment. The results
of the subgroup analysis according to the journal type
demonstrated higher RQS score in articles published on
clinical journals (Fig. 2). However, no correlations were
observed for every single item score related to the journal
type (clinical or radiological). Furthermore, no signifi-
cant correlations were found between RQS score and JIF,
quartile JIF/JCI or year of publication (details reported
in supplementary material). In Figs. 3 and 4, we reported
the distribution of the RQS expressed as percentage on
the total of articles and the median RQS%. RQS% of the
19 studies according to the six key domains are reported
in Fig. 5.

50
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Fig. 2 Distribution of the RQS in clinical and imaging journal
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Fig. 3 Distribution of median RQS% per year

Discussion

In the present systematic review, 19 radiomics and ML
investigations published in the recent literature on the
OPSCC were evaluated. In this setting, one of the most cru-
cial issues in clinical practice is HPV status evaluation [26],
and conventional imaging is not currently able to reliably
replace the current gold standard (expression of p16 protein
via immunohistochemistry from specimen [27]), despite
various attempts [28—30]. The quality of included studies
was very low (median score expressed as number 12, cor-
responding to a median percentage score of 33) with highest
RQS equal to 15 (42%). Significantly higher RQS score was
found in clinical journals compared to radiological ones,
while no correlations were observed between RQS score and
other journal characteristics (JIF, quartile JIF/JCI or year of
publication).

0 20 40 60 80 100
Score (%)

Fig.4 Normed histogram density distribution plot (bin value=10)
and kernel density plot of RQS% scores of the included articles
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Fig.5 RQS% of the 19 stud-
ies according to the six key
domains

Protocol quality and feature reproducibility

Feature selection and validation

Biological/clinical validation and utility

Model performance index

High level of evidence

Overall

Open science

Radiomics and texture analysis have tried to fill in the
gaps in oral oncology and improve the performance of medi-
cal imaging. In the last years, several Authors attempted
HPYV status prediction radiomic modelling based on different
imaging techniques, CT, MRI, or PET/CT. It is interesting to
note that only a minority of papers employed DL, given the
increasing attention to this approach [31]. Despite MRI hav-
ing demonstrated its usefulness in HPV status assessment
[32, 33], in our review most of the studies were focused on
CT images. This could be due to some of its advantages: 1)
wider availability in most hospitals [34]; 2) greater variabil-
ity of MRI based on acquisition parameters as well as differ-
ent scanners [35]. The resulting relevant radiomic features
extracted from CT images have shown potential for HPV
status prediction either in internal [8, 35-38] or external
validation [39]. Other authors employed T1-weighted post
contrast [25, 40, 41] and ADC [25, 42] images on MRI,
and a combination of PET-based and CT-based radiomics
on PET/CT [23]. In some cases, specific steps within the
radiomic pipeline were also explored, such as comparison
between 2 and 3D segmentation [43] and variations due to
different CT scanners [44]. These are valuable as limitations
in reproducibility of radiomics have been reported due to
different CT reconstruction algorithms and image noise [45].

The RQS is one of the most known quality assessment
checklists in the field of radiomics and was used to evalu-
ate each paper’s strengths and weaknesses. Proposed by
Lambin et al. [12], this score is composed by various items
elaborated to reflect commonly employed steps in radiomic
analysis pipelines, allowing quantitative and reproducible
evaluation by peers. Although this score may be excessively
strict when considering the practical issues of medical imag-
ing research, it still represents a valuable and well-known
tool [19]. Like other systematic reviews in other oncological
imaging fields [20, 46, 47], the quality of included studies
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was very low and RQS ranged from -2 to 15, between 0
and 42% expressed as percentage. In line with the previ-
ous investigations [20, 46], some RQS items were satisfied
to a greater extent than others. More than half of articles
performed feature reduction, decreasing the risk of overfit-
ting, and included non-radiomic features in a multivariable
analysis. To demonstrate the utility of radiomics, all studies
included a comparison to the current gold standard method,
not always the case in other RQS systematic reviews. Some
common missing steps were also recognised: less than 15%
of radiomics pipelines comprised a cut-off analysis based on
previously published reports, no cost-effectiveness analyses,
phantom studies, or multiple time-point imaging were avail-
able. Open science implementation was also limited, with
use of publicly available datasets practiced in very few cases,
despite the advantages it might provide for testing repro-
ducibility of proposed radiomics-based predictive models.
Furthermore, in over a quarter of the included articles final
model validation was entirely missing. Actual clinical imple-
mentation of these results will require more robust validation
and possibly studies dedicated to this task.

Additional proxy quality indicators were included in our
study. As journal quality indices, JIF and JIF quartiles were
selected. The JIF is an index of relevance of the journal in
its field of research, calculated from the citation average by
year obtained by research published during the previous two
years [48]. Other journal performance indicators, quartile
ranking by JIF and JCI, were used. These provide additional
insights, and JCI in particular reflects a 3-year citation win-
dow and is a field-normalized citation metric, unlike JIF
[49]. Since Lambin proposed the total score expressed in
percentage as quality assessment, the association between
this and journal characteristics was evaluated. Interestingly,
a significantly higher RQS was found in clinical journals
compared to radiological ones. Probably, some RQS items,
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such as multivariable analysis with non-radiomics features
and comparison to a gold standard, may benefit from the
inclusion of a clinical researcher among the authors.

On the other hand, no significant correlation was found
between RQS and either JIF and or JIF quartile. We also did
not find a significant increase of RQS in relation to the year
of publication. Similarly, the highest score was not associ-
ated to the better journals, in terms of JIF or JIF ranking.
These results can again be interpreted in different ways: 1)
lack of uniformity in quality of radiomics/ML evaluation by
reviewers, supported by the absence of association between
excellence of the investigation and performance of the jour-
nal; ii) as hypothesized by an another systematic review [19],
RQS items could not reflect journal or reviewer points of
focus, such as patients selection criteria and the topic of the
analysis; iii) the items proposed by Lambin [12] in the RQS
may be too technical for general peer-review. The results of
our analysis confirmed findings from previous reviews: not
only the median RQS score in OPSCC articles was in line
with that reported by authors [20, 50], but also the JIF was
not related to quality of radiomic analysis [19]. However, our
findings suggested that a higher RQS was found in clinical
journals, contrary to what reported in our previous work
[19] and Park et al. [S0], although the latter described a not-
significant trend for higher RQS in clinical journals [50].

The present review has some limitations. Firstly, the small
sample size of included studies and their heterogeneity in
terms of design and imaging modalities (MRI, CT, PET/
CT). The inclusion of journal quality indicators, such as JIF,
and JIF quartile and JCI, which are themselves influenced
by potential biases [51], despite JIF being universally recog-
nised as a valuable indicator [52]. As proposed by Lambin
[12], the RQS should be expressed as a percentage score,
but scores less than zero are all converted to 0%, losing the
differences between all scores ranging from -8 to 0.

In conclusion, radiomics and ML studies for the predic-
tion of HPV status in OPSCC have demonstrated low over-
all quality according to the RQS. While study quality was
not related to journal quality, articles with best RQS scores
were found in clinical journals. Future investigations in this
field should take into account the issues highlighted in this
review in order to improve upon previous experiences and
facilitate a translation of promising research results to real-
world clinical practice.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s00234-022-02959-0.

Author contribution Each author has contributed to all of the follow-
ing areas:

- Conception and design, or acquisition of data, or analysis and
interpretation of data.

- Drafting the article or revising it critically for important intel-
lectual content.

- Final approval of the version to be published.

- Agreement to be accountable for all aspects of the work in ensur-
ing that questions related to the accuracy or integrity of any part of the
work are appropriately investigated and resolved.

Funding Open access funding provided by Universita degli Studi di
Napoli Federico II within the CRUI-CARE Agreement.

Declarations

Ethical approval Ethical approval was not required for this study
because the article type is a systematic review.

Informed consent Written informed consent was not required for this
study because the article type is a systematic review.

Conflict of interest The authors of this manuscript declare no relation-
ships with any companies, whose products or services may be related
to the subject matter of the article.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Panwar A, Batra R, Lydiatt WM, Ganti AK (2014) Human papil-
loma virus positive oropharyngeal squamous cell carcinoma: a
growing epidemic. Cancer Treat Rev 40:215-219

2. Ragin CC, Taioli E (2007) Survival of squamous cell carcinoma of
the head and neck in relation to human papillomavirus infection:
review and meta-analysis. Int J Cancer 121:1813-1820

3. Nevens D, Nuyts S (2015) HPV-positive head and neck tumours,
a distinct clinical entity. B-ENT 11:81-87

4. Schache AG, Liloglou T, Risk JM et al (2011) Evaluation of
human papilloma virus diagnostic testing in oropharyngeal squa-
mous cell carcinoma: sensitivity, specificity, and prognostic dis-
crimination. Clin Cancer Res 17:6262-6271

5. Cantrell SC, Peck BW, Li G, Wei Q, Sturgis EM, Ginsberg LE
(2013) Differences in imaging characteristics of HPV-positive
and HPV-Negative oropharyngeal cancers: a blinded matched-
pair analysis. AINR Am J Neuroradiol 34:2005-2009

6. Morani AC, Eisbruch A, Carey TE, Hauff SJ, Walline HM,
Mukherji SK (2013) Intranodal cystic changes: a potential radio-
logic signature/biomarker to assess the human papillomavirus sta-
tus of cases with oropharyngeal malignancies. ] Comput Assist
Tomogr 37:343-345

7. Nakahira M, Saito N, Yamaguchi H, Kuba K, Sugasawa M (2014)
Use of quantitative diffusion-weighted magnetic resonance imag-
ing to predict human papilloma virus status in patients with oro-
pharyngeal squamous cell carcinoma. Eur Arch Otorhinolaryngol
271:1219-1225

@ Springer


https://doi.org/10.1007/s00234-022-02959-0
http://creativecommons.org/licenses/by/4.0/

1646

Neuroradiology (2022) 64:1639-1647

10.

11.

12.

13.

14.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

Mungai F, Verrone GB, Pietragalla M et al (2019) CT assess-
ment of tumor heterogeneity and the potential for the prediction
of human papillomavirus status in oropharyngeal squamous cell
carcinoma. Radiol Med 124:804-811

Fujita A, Buch K, Li B, Kawashima Y, Qureshi MM, Sakai O
(2016) Difference Between HPV-Positive and HPV-Negative Non-
Oropharyngeal Head and Neck Cancer: Texture Analysis Features
on CT. J Comput Assist Tomogr 40:43—47

Ranjbar S, Ning S, Zwart CM et al (2018) Computed Tomogra-
phy-Based Texture Analysis to Determine Human Papillomavirus
Status of Oropharyngeal Squamous Cell Carcinoma. J] Comput
Assist Tomogr 42:299-305

Gillies RJ, Kinahan PE, Hricak H (2016) Radiomics: Images Are
More than Pictures, They Are Data. Radiology 278:563-577
Lambin P, Leijenaar RTH, Deist TM et al (2017) Radiomics: the
bridge between medical imaging and personalized medicine. Nat
Rev Clin Oncol 14:749-762

Shur JD, Doran SJ, Kumar S et al (2021) Radiomics in Oncology:
A Practical Guide. Radiographics 41:1717-1732

Litvin AA, Burkin DA, Kropinov AA, Paramzin FN (2021) Radi-
omics and Digital Image Texture Analysis in Oncology (Review).
Sovrem Tekhnologii Med 13:97-104

. Lubner MG, Smith AD, Sandrasegaran K, Sahani DV, Pickhardt

PJ (2017) CT Texture Analysis: Definitions, Applications, Bio-
logic Correlates, and Challenges. Radiographics 37:1483-1503
Mongan J, Moy L, Kahn CE Jr (2020) Checklist for Artificial
Intelligence in Medical Imaging (CLAIM): A Guide for Authors
and Reviewers. Radiol Artif Intell 2:¢200029

Omoumi P, Ducarouge A, Tournier A et al (2021) To buy or
not to buy-evaluating commercial Al solutions in radiology (the
ECLAIR guidelines). Eur Radiol 31:3786-3796

Castaldo A, De Lucia DR, Pontillo G, Gatti M, Cocozza S, Ugga
L, Cuocolo R (2021) State of the art in artificial intelligence
and radiomics in hepatocellular carcinoma. Diagnostics (Basel)
11(7):1194. https://doi.org/10.3390/diagnostics 11071194
Spadarella G, Calareso G, Garanzini E, Ugga L, Cuocolo A, Cuo-
colo R (2021) MRI based radiomics in nasopharyngeal cancer:
Systematic review and perspectives using radiomic quality score
(RQS) assessment. Eur J Radiol 140:109744

Ugga L, Perillo T, Cuocolo R et al (2021) Meningioma MRI
radiomics and machine learning: systematic review, quality score
assessment, and meta-analysis. Neuroradiology 63:1293-1304
Saginur M, Fergusson D, Zhang T et al (2020) Journal impact
factor, trial effect size, and methodological quality appear scantly
related: a systematic review and meta-analysis. Syst Rev 9:53
Elhalawani H, Lin TA, Volpe S et al (2018) Machine Learning
Applications in Head and Neck Radiation Oncology: Lessons
From Open-Source Radiomics Challenges. Front Oncol 8:294
Haider SP, Mahajan A, Zeevi T et al (2020) PET/CT radiomics
signature of human papilloma virus association in oropharyn-
geal squamous cell carcinoma. Eur J Nucl Med Mol Imaging
47:2978-2991

Lang DM, Peeken JC, Combs SE, Wilkens JJ, Bartzsch S (2021)
Deep learning based HPV status prediction for oropharyngeal can-
cer patients. Cancers (Basel) 13(4):786. https://doi.org/10.3390/
cancers13040786

Suh CH, Lee KH, Choi YJ et al (2020) Oropharyngeal squamous
cell carcinoma: radiomic machine-learning classifiers from mul-
tiparametric MR images for determination of HPV infection sta-
tus. Sci Rep 10:17525

Tanaka TI, Alawi F (2018) Human Papillomavirus and Oro-
pharyngeal Cancer. Dent Clin North Am 62:111-120
MMDACC Head Neck Quantitative Imaging Working G (2017)
Matched computed tomography segmentation and demographic
data for oropharyngeal cancer radiomics challenges. Sci Data
4:170077

@ Springer

28.

29.

30.

31.

32.

33.

34,

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

Chawla S, Kim S, Dougherty L et al (2013) Pretreatment diffu-
sion-weighted and dynamic contrast-enhanced MRI for prediction
of local treatment response in squamous cell carcinomas of the
head and neck. AJR Am J Roentgenol 200:35-43

Chawla S, Kim SG, Loevner LA et al (2020) Prediction of distant
metastases in patients with squamous cell carcinoma of head and
neck using DWI and DCE-MRI. Head Neck 42:3295-3306
Freihat O, Toth Z, Pinter T et al (2021) Pre-treatment PET/MRI
based FDG and DWI imaging parameters for predicting HPV
status and tumor response to chemoradiotherapy in primary
oropharyngeal squamous cell carcinoma (OPSCC). Oral Oncol
116:105239

Dreyer KJ, Geis JR (2017) When Machines Think: Radiology’s
Next Frontier. Radiology 285:713-718

Kim S, Loevner L, Quon H et al (2009) Diffusion-weighted
magnetic resonance imaging for predicting and detecting early
response to chemoradiation therapy of squamous cell carcino-
mas of the head and neck. Clin Cancer Res 15:986-994

King AD, Thoeny HC (2016) Functional MRI for the prediction
of treatment response in head and neck squamous cell carci-
noma: potential and limitations. Cancer Imaging 16:23
Wiener E, Pautke C, Link TM, Neff A, Kolk A (2006) Compari-
son of 16-slice MSCT and MRI in the assessment of squamous
cell carcinoma of the oral cavity. Eur J Radiol 58:113-118
Zhao B, Tan Y, Tsai WY et al (2016) Reproducibility of radi-
omics for deciphering tumor phenotype with imaging. Sci Rep
6:23428

Bagher-Ebadian H, Lu M, Siddiqui F et al (2020) Application of
radiomics for the prediction of HPV status for patients with head
and neck cancers. Med Phys 47:563-575

Buch K, Fujita A, Li B, Kawashima Y, Qureshi MM, Sakai O
(2015) Using Texture Analysis to Determine Human Papilloma-
virus Status of Oropharyngeal Squamous Cell Carcinomas on CT.
AJNR Am J Neuroradiol 36:1343-1348

Leijenaar RT, Bogowicz M, Jochems A et al (2018) Development
and validation of a radiomic signature to predict HPV (p16) sta-
tus from standard CT imaging: a multicenter study. Br J Radiol
91:20170498

Choi Y, Nam Y, Jang J et al (2020) Prediction of Human Papil-
lomavirus Status and Overall Survival in Patients with Untreated
Oropharyngeal Squamous Cell Carcinoma: Development and
Validation of CT-Based Radiomics. AINR Am J Neuroradiol
41:1897-1904

Bos P, van den Brekel MWM, Gouw ZAR et al (2021) Clinical
variables and magnetic resonance imaging-based radiomics pre-
dict human papillomavirus status of oropharyngeal cancer. Head
Neck 43:485-495

Sohn B, Choi YS, Ahn SS et al (2021) Machine Learning Based
Radiomic HPV Phenotyping of Oropharyngeal SCC: A Feasibility
Study Using MRI. Laryngoscope 131:E851-E856

Ravanelli M, Grammatica A, Tononcelli E et al (2018) Correla-
tion between Human Papillomavirus Status and Quantitative MR
Imaging Parameters including Diffusion-Weighted Imaging and
Texture Features in Oropharyngeal Carcinoma. AINR Am J Neu-
roradiol 39:1878-1883

RenJ, Yuan Y, Qi M, Tao X (2020) Machine learning-based CT
texture analysis to predict HPV status in oropharyngeal squa-
mous cell carcinoma: comparison of 2D and 3D segmentation.
Eur Radiol 30:6858-6866

Reiazi R, Arrowsmith C, Welch M, Abbas-Aghababazadeh F,
Eeles C, Tadic T, Hope AJ, Bratman SV, Haibe-Kains B (2021)
Prediction of Human Papillomavirus (HPV) Association of oro-
pharyngeal cancer (OPC) using radiomics: the impact of the vari-
ation of ct scanner. Cancers (Basel). 13(9):2269. https://doi.org/
10.3390/cancers13092269


https://doi.org/10.3390/diagnostics11071194
https://doi.org/10.3390/cancers13040786
https://doi.org/10.3390/cancers13040786
https://doi.org/10.3390/cancers13092269
https://doi.org/10.3390/cancers13092269

Neuroradiology (2022) 64:1639-1647

1647

45.

46.

47.

48.

49.

50.

51.

Kumar V, Gu Y, Basu S et al (2012) Radiomics: the process and
the challenges. Magn Reson Imaging 30:1234-1248

Stanzione A, Gambardella M, Cuocolo R, Ponsiglione A, Romeo
V, Imbriaco M (2020) Prostate MRI radiomics: A systematic
review and radiomic quality score assessment. Eur J Radiol
129:109095

Zhong J, Hu Y, Si L et al (2021) A systematic review of radiom-
ics in osteosarcoma: utilizing radiomics quality score as a tool
promoting clinical translation. Eur Radiol 31:1526-1535

Runde BJ (2021) Time to publish? Turnaround times, acceptance
rates, and impact factors of journals in fisheries science. PLoS
One 16:€0257841

Szomszor M (2021) Introducing the Journal Citation Indicator:
A new, field-normalized measurement of journal citation impact.
Clarivate. Available via https://clarivate.com/blog/introducing-
the-journal-citation-indicator-a-new-field-normalized-measu
rement-of-journal-citation-impact/2021. Accessed 20 May 2021
Park JE, Kim HS, Kim D et al (2020) A systematic review report-
ing quality of radiomics research in neuro-oncology: toward clini-
cal utility and quality improvement using high-dimensional imag-
ing features. BMC Cancer 20:29

Seglen PO (1997) Why the impact factor of journals should not
be used for evaluating research. BMJ 314:498-502

52.

53.

54.

55.

56.

Salinas S, Munch SB (2015) Where should I send it? Optimizing
the submission decision process. PLoS One 10:e0115451
Bogowicz M, Riesterer O, Ikenberg K et al (2017) Computed
Tomography Radiomics Predicts HPV Status and Local Tumor
Control After Definitive Radiochemotherapy in Head and
Neck Squamous Cell Carcinoma. Int J Radiat Oncol Biol Phys
99:921-928

Bogowicz M, Jochems A, Deist TM et al (2020) Privacy-preserv-
ing distributed learning of radiomics to predict overall survival
and HPV status in head and neck cancer. Sci Rep 10:4542
Fujima N, Andreu-Arasa VC, Meibom SK, Mercier GA, Truong
MT, Sakai O (2020) Prediction of the human papillomavirus
status in patients with oropharyngeal squamous cell carcinoma
by FDG-PET imaging dataset using deep learning analysis: A
hypothesis-generating study. Eur J Radiol 126:108936

Yu K, Zhang Y, Yu Y et al (2017) Radiomic analysis in predic-
tion of Human Papilloma Virus status. Clin Transl Radiat Oncol
7:49-54

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

@ Springer


https://clarivate.com/blog/introducing-the-journal-citation-indicator-a-new-field-normalized-measurement-of-journal-citation-impact/2021
https://clarivate.com/blog/introducing-the-journal-citation-indicator-a-new-field-normalized-measurement-of-journal-citation-impact/2021
https://clarivate.com/blog/introducing-the-journal-citation-indicator-a-new-field-normalized-measurement-of-journal-citation-impact/2021

	The impact of radiomics for human papillomavirus status prediction in oropharyngeal cancer: systematic review and radiomics quality score assessment
	Abstract
	Purpose 
	Methods 
	Results 
	Conclusion 

	Introduction
	Methods
	Article search strategy
	Data extraction and analysis
	Statistical analysis

	Results
	Literature review
	RQS assessment
	Subgroup analysis

	Discussion
	References


