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Editorial on the Research Topic

Quantitative Imaging for Clinical Decisions

Ever since the first captivating X-ray images of Mrs. Roentgen’s left hand, medical imaging has been at
the heart of clinical decision-making. Over a century later, the explosion in clinically available digital
imaging techniques such as computerized tomography (CT), magnetic resonance imaging (MRI) and
positron emission tomography (PET) has meant that more objective analysis of images has become
desirable to facilitate clinical decisions. Therefore, the demand for quantitative imaging data is
increasingly supplementing or sometimes replacing the subjective evaluation of disease visualised on
scans. At the simplest level, image quantitation has involved linear measurements of visualised
abnormalities and Response Evaluation Criteria In Solid Tumors (RECIST) have been the standard
for assessing tumors, their regression, progression and control with treatment. This simple measurement
remains at the heart of clinical decision-making in oncology and its role is showcased in a flagship expert
statement by Fournier et al “RECIST 20 years on” which discusses the principles underlying RECIST
measurements, their reproducibility, limitations and clinical relevance after two decades of use.

The nature of bone lesions has dictated that RECIST measurements are not applicable to the
skeleton, so that bony lesions have traditionally been considered non measurable and relied on
scoring indices (1). The review by Oprea-Lager et al. challenges this view and describes the newer
imaging modalities such as whole-body magnetic resonance imaging (WB-MRI) with diffusion-
weighted imaging and positron-emission tomography (PET) including the use of new targeted
tracers that open the door to quantifying skeletal pathology. Exploitation of these techniques in
order to introduce quantitative imaging for skeletal metastases has been endorsed and advocated by
consortia and trial groups (2).

Although ultrasound (US), one of the earliest imaging modalities to be used for clinical decision-
making, is not considered directly quantitative, its evaluation of tissue stiffness (a vital clinical sign
exploited by clinical palpation) is quantifiable using shear-wave elastography. US shear-wave
elastography is emerging as a viable technique (3), particularly in assessing and delineating liver
fibrosis and prostate cancer. Hardware and software advances promise that it will be implemented
more routinely in clinical practice. The research article by Wei et al investigates its utility as a
biomarker for predicting change in biopsy-assigned Gleason score at radical prostatectomy,
showing that tissue stiffness can predict upgrading of Gleason score. In future, if performed as
part of lesion evaluation prior to US-guided biopsy, this technique has the potential to alter selection
of surgical vs. non-surgical management options. Additionally, its use in guiding the biopsy
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procedure itself or directing other therapeutic strategies such as
US-guided high intensity focused ultrasound (HIFU) may
become invaluable.

Tissue characterisation has largely been the domain of MRI with
biologically-driven multiparameter evaluation dominating the
landscape. In neuroimaging, the literature has been dominated by
diffusion-weighted imaging. Li et al. examine the non-Gaussian
diffusion in glioblastoma multiforme using diffusion kurtosis
imaging to investigate whether any of the derived parameters are
significant predictors of overall survival. They show that in the
multivariate Cox model, the mean kurtosis in the gadolinium-
enhanced gross tumor volume pre-radiotherapy was still a
significant predictor of overall survival after adjusting effects of
age, tumor tissue methylation status and extent of resection. Tissue
characterization with quantifiable image data may also be achieved
using dual-energy spectral CT (DESCT) (4). Cao et al. utilise
spectral CT of the primary tumor in colorectal cancer to predict
lymph node metastases, the detection of which remains a holy grail
because size criteria are often poorly predictive of involvement.
Their nomogram incorporating clinical and DESCT parameters
shows clinical potential in this application, which also has been
indicated in other cancer types (5).

More recently, a data-driven approach to biomarker extraction
has been advocated using radiomics which probe the shape, first-
order statistical and texture features within a region-of-interest. The
bibliometric analysis by Ding et al. provides an overview of literature
related to radiomics in oncology, highlighting artificial intelligence
(AI), segmentation method, and use of radiomics for classification
and diagnosis in oncology as hotspots. The reproducibility and
statistical method of radiomics research, the relation between
genomics and radiomics, and the applications of radiomics in
sarcoma and intensity-modulated radiotherapy have been
identified as research frontiers in the field. The link between
radiomics features and histopathology is explored in ex-vivo
ovarian cancer tissue using images acquired at 94T by Tardieu
et al. and illustrates the correlation between radiomics features and
stromal proportion. A relationship between tissue compartments
has been shown in other studies (6), but the association between
these features and stromal proportion on histology potentially offers
avenues for understanding the biology of this disease by uncovering
the histological changes that occur within individual lesions during
tumour regression and progression.
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Simple Summary: Glioblastoma (GBM) is the most common and aggressive primary
brain tumor. Diffusion kurtosis imaging (DKI) has characterized non-Gaussian diffusion
behaviors in brain normal tissue and gliomas, but there are very limited efforts in
investigating treatment responses of kurtosis in GBM. This study aimed to investigate
whether any parameter derived from the DKl is a significant predictor of overall survival
(OS). We found that the large mean, 80 and 90 percentile kurtosis values in the contrast
enhanced gross tumor volume (Gd-GTV) on post-Gd T1-weighted images pre-RT were
significantly associated with reduced OS. In the multivariate Cox model, the mean kurtosis
Gd-GTV pre-RT after considering effects of age, extent of surgery, and methylation were
significant predictors of OS. In addition, the 80 and 90 percentile kurtosis values in Gd-
GTV post RT were significantly associated with progression free survival (PFS). The DKI
model demonstrates the potential to predict outcomes in the patients with GBM.

Purpose: Non-Gaussian diffusion behaviors in gliomas have been characterized by
diffusion kurtosis imaging (DKI). But there are very limited efforts in investigating the
kurtosis in glioblastoma (GBM) and its prognostic and predictive values. This study aimed
to investigate whether any of the diffusion kurtosis parameters derived from DKI is a
significant predictor of overall survival.

Methods and Materials: Thirty-three patients with GBM had pre-radiation therapy (RT)
and mid-RT diffusion weighted (DW) images. Kurtosis and diffusion coefficient (DC) values
in the contrast enhanced gross tumor volume (Gd-GTV) on post-Gd T1 weighted images
pre-RT and mid-RT were calculated. Univariate and multivariate Cox models were used to
evaluate the DKI parameters and clinical factors for prediction of OS and PFS.

Results: The large mean kurtosis values in the Gd-GTV pre-RT were significantly
associated with reduced OS (p = 0.02), but the values at mid-RT were not (p > 0.8). In
the multivariate Cox model, the mean kurtosis in the Gd-GTV pre-RT (p = 0.009) was still a
significant predictor of OS after adjusting effects of age, O6-Methylguanine-DNA Methyl
transferase (MGMT) methylation and extent of resection. In Gd-GTV post-RT, 80 and 90
percentile kurtosis values were significant predictors (p < 0.05) for progression free
survival (PFS).
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Lietal Survival Prediction in Glioblastoma
Conclusion: The DKI model demonstrates the potential to predict OS and PFS in the
patients with GBM. Further development and histopathological validation of the DKI model
will warrant its role in clinical management of GBM.

Keywords: diffusion kurtosis imaging, diffusion MRI, glioblastoma, survival prediction, imaging analysis

INTRODUCTION pathologic tissue (17, 19). Previous research has suggested that

Glioblastoma (GBM) is the most common and aggressive primary
brain tumor in adults and has a poor prognosis with a median
survival of approximately 14 months despite multimodality
therapy with surgery, concurrent chemoradiation therapy, and
adjuvant chemotherapy (1, 2). Standard clinical assessment of
tumor progression or therapy response (3) is based primarily on
post-contrast T1-weighted and fluid-attenuated inversion
recovery (FLAIR) T2-weighted magnetic resonance images
(MRI). There are some challenges to these conventional
techniques. The contrast enhancement on the post-contrast
T1-weighted MRI is affected by tumor growth, but also
radiation, anti-angiogenesis drugs, and chemotherapy, all of
which can be attributed to blood-brain barrier disruption.
Abnormality on T2 FLAIR images is influenced by T2 changes
of tumor cells as well as by edema that co-exists within GBM or is
affected by radiation therapy. Limitations of conventional MRI in
clinical management of GBM have motivated investigations of
physiological and metabolic MRL

Diffusion weighted (DW) imaging has been proposed to
overcome these limitations. DW imaging is a technique to
measure water molecule mobility in the microscopic tissue
environment and is sensitive to cell density and size, cell
membrane permeability, and extracellular space tortuosity.
Apparent diffusion coefficient (ADC) quantified from conventional
DW images fitted to a mono-exponential function is the commonly
reported parameter in literature. The correlation between high
cellularity and low ADC in tumor animal models and human
cancers motivates investigations on roles of ADC in clinical GBM
(4-7). However, heterogeneous tissue in GBM, especially edema,
often results in elevated ADC compared to normal white matter
(WM) (1) and gray matter (GM). To overcome this limitation, high
b-value DW images and high-order diffusion models have been
explored in clinical gliomas to differentiate tumor grade and assess
therapy response (8-17). Diftusion tensor imaging (DTI) is an
emerging technique to investigate brain tumor. Fractional
anisotropy (FA) that derived from DTI has been suggested to
provide information of cell density. A previous study of FA in
GBM showed that FA was low in GBM and suggested that the
directional diffusion has been corrupted in the tumor region (18).
However, how to differentiate low FA caused by tumor from that
affected by edema is a challenge.

The signal-to-noise ratio of diffusion weighted images
acquired on clinical scanners is a limiting factor in the
application of high-order diffusion models to GBM. Diffusion
kurtosis imaging (DKI) is an emerging approach to estimate the
non-Gaussian water diffusion behavior over high b values in
tissue. DKI has shown the potential to characterize normal and

DKI provides better separation of brain tumor grades (14, 17,
20), but there are very limited efforts in investigating treatment
responses of kurtosis in GBM and its prognostic and predictive
values for patient survival (21).

In this study, we hypothesized that high diffusion kurtosis in
GBM correlated with decreased OS. We applied the diffusion
kurtosis model to the DW images acquired in the patients with
GBM before radiation therapy (pre-RT), during the course of RT
(mid-RT) and after radiation therapy (post-RT). We analyzed
the parameter differences between pre-RT and mid-RT to
investigate the bio-physical meaning of the parameters and
response to RT. Finally, we tested whether any parameter
derived from the model is a significant predictor of overall
survival (OS).

MATERIALS AND METHODS

Patients

Thirty-three patients with histologically confirmed, newly
diagnosed GBM were enrolled on prospective, institute-review-
board approved protocols. All patients signed written informed
consent. The patients had research MRI scans, including
anatomic scans and diffusion weighted (DW) images, pre-RT
following maximal tumor surgical resection prior to chemo-
radiation therapy (CRT) and during the 3rd-4th week of CRT
(mid-RT). The twenty-one patients had the research MRI scans
3-month post-RT. The ten patients were treated based upon the
institution protocol of concurrent CRT following chemotherapy
with a median dose of 60 Gy (40.05-72 Gy), and the 23 patients
were enrolled on a prospective radiation boosting clinical trial
and treated to 75 Gy (NCT02805179) (22). All patients received
concurrent temozolomide.

In Vivo MR imaging

All MRI scans were performed on a 3.0-T scanner (Skyra,
Siemens Healthineers) using a 20-channel head coil.
Conventional MR images, 2D T2-FLAIR images, and 3D pre-
and post-contrast T1-weighted images using a MPRAGE
sequence, were acquired. DW images were acquired by a spin-
echo echo-planar pulse sequence with diffusion weighting in
three orthogonal directions and 11 b-values from 0 to 2,500 s/
mm? with an incremental step of 250 s/mm?®. Other acquisition
parameters included a parallel imaging factor of 4 (GRAPPA) (to
reduce echo spacing and hence geometric distortion), TE/TR =
93/9,300 ms, bandwidth of 1,040 Hz/pixel, voxel size of
approximately 1.3 x 1.3 x 5.2 mm, 30 slices to cover the whole
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brain, one average and total scan time of 4.50 min. All DW
images were acquired prior to contrast injection.

Diffusion Model

The diffusion kurtosis model analyzes non-Gaussian water
diffusivity with equation:

S:SO*e(—b*Da-é(b*D)z*K) (1)

where S, is an amplitude of diffusion signals, D is a diffusion
coefficient (DC) that is corrected for the observed non-Gaussian
diffusion behavior and K represents an apparent diffusional
kurtosis. Here, we did not consider an anisotropic diffusion
kurtosis in GBM due to the low anisotropic diffusion behavior
in the contrast-enhanced tumor volume.

Computation of Kurtosis and DC Maps
Kurtosis and DC maps were generated from DW images with 11
b-values using in-house Functional Image Analysis Tools
(imFIAT). We first took a logarithm of diffusion signals, and
then used Simplex algorithm to fit the model. In the computation
process, a 2D 3 x 3 Gaussian filter and brain mask were first
applied to all phases of diffusion weighted images to reduce noise
influence on the parameter maps.

The gadolinium enhancement gross tumor volumes (Gd-
GTV) on post-Gd T1 weighted images were delineated by
radiation oncologists who treated the patients. Surgical cavities
were removed from the Gd-GTV. The median of the residual
Gd-GTV is 20.97 cm’ (ranges from 2.33 to 62.50 cm?). In
eighteen patients with gross total resection (Table 1), the
median of the residual Gd-GTV (excluding the surgical cavity)
was 14.00 cm? (ranges from 2.33 to 46.00 cm?).

TABLE 1 | Patients characteristics.

Count N
Patients 33
Age
Median (IQR) 61 (50, 79)
Gender
Female 13 (39.4%)
Male 20 (60.6%)
ECOG
0 7 (21.2%)
1 23 (69.7%)
2 3(9.1%)

Median physical dose

Institute protocol 60 (40.05, 72)

Boosting protocol 75 (75, 75)
Extent of surgery

Biopsy 6 (18.2%)

Subtotal resection 9 (27.3%)

Gross total resection 18 (54.5%)
MGMT methylation

Positive 9 (27.2%)

Negative 22 (66.7%)

Unknown 2(6.1%)
IDH status

Mutant 1 (B8%)

Wild type 31 (94%)

Unknown 1(3%)

Considering GBM is a heterogeneous tumor with edema
(possible low cellular density) and high cellular components, a
mean value of kurtosis or diffusion coefficient averaged over the
whole volume of Gd-GTV-cavity could wash out the component
that could be more aggressive and predict outcomes. Therefore,
we attempted to analyze the part of the histogram of kurtosis or
diffusion coefficient, which is associated with the aggressive
tumor. Since high kurtosis values and low diffusion coefficients
are associated with tumor aggressiveness, we choose high
percentiles of kurtosis and low percentiles of DC to test
whether they predicted OS. Therefore, mean, 80 and 90
percentile values of kurtosis, and mean, 10 and 20 percentile
values of DC in the Gd-GTV pre-RT and mid-RT were calculated.

Statistical Analysis

The primary endpoint of the study was to determine whether the
DKI parameters provide additional predictive values over clinical
variables for OS. OS was defined as the interval from the start of
RT to death from any cause. Patients were censored at the time of
last contact or clinical follow-up, whichever occurred last.
Patients were generally followed every 8 weeks after
chemoradiation with clinical exam and MRI. Progression-free
survival (PFS) was defined as the interval from the start of RT to
progression or death, whichever occurred first, and patients were
censored at the time of last imaging follow-up. Progression was
determined by a multidisciplinary tumor board, and worsened
enhancement within 3 months of chemoradiation was generally
managed by repeat imaging to rule out pseudoprogression.
Progression was defined as worsened enhancement outside of
the radiation field, or within the radiation field if progression was
confirmed pathologically or with serial confirmatory imaging
and clinical evaluation, or by change in therapy (i.e. initiation of
next-line chemotherapy), whichever occurred first.

PES and OS were calculated using Kaplan-Meier method. To
test predictive values of the DKI parameters, univariate Cox
proportional hazards model first was used to evaluate each of the
DKI parameters as well as clinical factors for prediction of OS
and PFS.

Clinical factors included age (continuous), sex, ECOG
performance status (0 vs. 1 vs. 2), radiation dose (continuous),
extent of resection (EOR, gross total resection = 2, subtotal
resection = 1, or biopsy = 0), MGMT methylation status
(methylated vs. unmethylated), and baseline contrast enhanced
gross tumor volume (GTV-Gd). Multivariate Cox proportional
hazards model was further performed to test whether the DKI
parameters could provide additional values to clinical factors for
prediction of OS and PFS, adjusting age, MGMT methylation
status and EOR. The changes in the DKI parameters at mid-RT
compared to pre-RT were also tested using a paired t test. A P-
value <0.05 was considered significant.

RESULTS

Patient Characteristics and Outcomes
Thirty-three patients who had newly diagnosed GBM treated
between October 2012 and December 2018 and had the diffusion
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imaging scans pre-RT, mid-RT and post-RT as described in the
section In Vivo MR Imaging were included in this analysis. The
patient characteristics are provided in Table 1. The median age
was 61 years old (50-79). Thirteen patients were female. ECOG
performance status of thirty patients was 0-1. Eighteen patients
had total surgical resection, nine had subtotal resection and six
had biopsy only. Eight of the 31 patients who had MGMT
methylation tests were methylated, and one of the 32 patients
who had IDH tests had the mutated type.

Fourteen patients were still alive with a median follow-up of
17.4 months (9.07-49.4 months). The median survival was 13.7
months (0.6-37.5 months). Twenty-five patients progressed with
a median progression of 8 months (0.6-25 months); one patient
progressed (3 weeks) at mid-RT. Figure 1 shows Kaplan-Meier
curves of OS and PFS.

Kurtosis and DC Values in the Gd-GTV
Pre-RT, Mid-RT and Post-RT

Kurtosis and DC maps of the 33 patients pre-RT and mid-RT
were calculated. An example of kurtosis maps and the diffusion
curve in the Gd-GTYV is shown in Figure 2. Note that the kurtosis
values in the Gd-GTV were heterogeneous. We investigated the
mean kurtosis values in the Gd-GTV as well as the 80 and 90
percentile values pre-RT and mid-RT. Similarly, we investigated
the mean DC, 10 and 20 percentile values in the Gd-GTV pre-RT
and mid-RT. All data are summarized in Table 2.

The kurtosis values and DC values in the Gd-GTV at mid-RT
decreased and increased significantly (P-value <0.005) compared
to pre-RT, respectively (Figure 3). The three outlier data points
in the kurtosis plot that did not follow the decrease group trends
from pre-RT to mid-RT were from one patient who had rapid
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FIGURE 1 | Kaplan-Meier curves of OS (left) and PFS (right).
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FIGURE 2 | lllustration of a kurtosis map (color-coded, middle) of a patient with GBM. The color bar indicates kurtosis values. The post-Gd tumor volume (Gd-GTV,
red contour) delineated on T1-weighted images (left) is overlaid on the kurtosis map. An example of diffusion weighted signals fitted by the diffusion kurtosis model is
shown in the right panel. Blue dots represent original diffusion signal data in the Gd-GTV, and red solid line is the fitted curve. Note that the diffusion kurtosis model

Frontiers in Oncology | www.frontiersin.org

July 2021 | Volume 11 | Article 690036


https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

Lietal Survival Prediction in Glioblastoma

TABLE 2 | Kurtosis and DC values in the Gd-GTV pre-RT, mid-RT and post-RT.

Pre-RT Mid-RT Post-RT
Mean Kurtosis + SD 0.76 £ 0.10 0.73+0.18 0.65 +0.14
80 percentile Kurtosis + SD 1.07 +£0.18 0.98 +0.27 1.04 + 0.67
90 percentile Kurtosis + SD 118 £0.24 1.07 £ 0.31 1.23£1.04
Mean DC (um?/ms) + SD 1.54 + 0.30 1.67 +0.34 1.71 +0.43
10 percentile DC (um?/ms) + SD 0.89 £ 0.13 1.07 £ 017 1.81 +£0.47
20 percentile DC(um?/ms) + SD 1.02 £ 0.15 1.20 £ 0.20 1.89 + 0.51
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FIGURE 3 | Box and whisker plots shows values of kurtosis differences and DC differences in Gd-GTV pre-RT and mid-RT (mid-RT values—pre-RT values). Left
panel shows kurtosis differences of mean, 80 and 90 percentile kurtosis values. Right panel shows DC differences of mean, 10 and 20 percentile DC values.

progression after treatment. In the DC plot, five outliers that  but not the values measured at mid-RT (p-value >0.83) and post-
deviated from the group trend came from three patients and  RT (p-value >0.47). The DC values including the mean, 10 and
were due to necrosis, tumor infiltration in the ventricle or 20 percentile from the Gd-GTV pre-RT, mid-RT and post-RT
adjacent to the surgical cavity. did not show any significant association with OS (p-value >0.3).
The post-RT mean kurtosis, 80 and 90 percentile values, and ~ Univariate Cox model analysis of clinical prognostic factors and
mean DC, 10 and 20 percentile values in the Gd-GTV of the 21~ dose for prediction of OS are listed in Table 3.
patients are summarized in Table 2. Note that the post-RT mean We further addressed the question whether kurtosis values in
kurtosis and DC values continued decreasing and increasing  the Gd-GTV added any values than clinical prognostic factors,
from the values from mid-RT, respectively. The large variances ~ such as EOR, age, MGMT and Gd-GTV, for prediction of OS.
of kurtosis and DC over the group could be due to progression ~ Due to the similarity that exists among mean, 80 and 90-

observed in two patients at 3 months post-RT. percentile kurtosis values in the Gd-GTV, we only selected the
mean kurtosis in the analysis. After adjusting these clinical

Correlation of Parameters With OS factors, the mean kurtosis value pre-RT was a significant

and PFS predictor of OS (HR = 3.06, p < 0.009), see Table 4.

Univariate Cox model analysis showed that large mean, 80 and The mean, 80 and 90 percentile kurtosis values and the DC

90 percentile kurtosis values in the Gd-GTV pre-RT were  values in the Gd-GTV pre-RT and mid-RT were not significant
significantly associated with reduced OS (respective HR = 2.10,  predictors for PFS (p >0.5) using univariate Cox model analysis.
p =0.03; HR = 2.29, p = 0.03; and HR = 2.30, p = 0.03; Table 4), = However, the post-RT values of kurtosis, specifically, the large

TABLE 3 | Univariate Cox model analysis of DKI parameters and clinical factors for prediction of OS.

Parameters Hazard ratio (HR) p-value 95% ClI

Mean K pre-RT 2.10 0.03* [1.10, 4.02]
80 percentile K pre-RT 2.29 0.03* [1.10, 4.71]
90 percentile K pre-RT 2.30 0.03* [1.07, 4.96]
Gd-GTV pre-RT 0.74 0.25 [0.44, 1.23]
Age 1.72 0.14 [0.84, 3.52]
MGMT 0.45 0.2 [0.14, 1.47]
Dose 1.20 0.07 [0.98, 1.46]
EOR 0.34 0.52 [0.63,2.52]

*Significant with p < 0.05. The continuous data were normalized.
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TABLE 4 | Multivariate cox model analysis of clinical factors and MK for prediction of OS.

parameters Hazard ratio (HR)
Age 2.92
MGMT 0.25
EOR 0.55
mean K pre-RT 3.06

p-value 95% CI
0.03* [1.08, 7.94]
0.09 [0.05, 1.24]
0.21 [0.21, 1.42]
0.009* [1.32,7.13]

*Significant with p < 0.05. The continuous variables were normalized to their means and standard deviations.

values of kurtosis at the 80 and 90 percentile in the Gd-GTV were
associated with reduced PFS (p = 0.05) in the univariate Cox
model analysis (p = 0.03 and p = 0.05, respectively), see Table 5,
which could be a useful indicator for time of progression.

DISCUSSION

In this study, we investigated the diffusion kurtosis model and
characterized non-Gaussian diffusion properties in the Gd-GTVs
pre-RT, mid-RT and post-RT in the patients with GBM. We
found that the mean kurtosis value in the Gd-GTV pre-RT was
significantly prognostic of OS as a high mean kurtosis was
associated with inferior of survival. Also, the diffusion kurtosis
added a predictive value to the extent of surgery, age and
methylation status for survival. The post-RT kurtosis values in
the Gd-GTV predicted time to progression. In addition to glioma
grading (14, 17, 20), the kurtosis model has potential to aid in
conventional MRI for outcome prognosis. Further validation
with another cohort of patients will warrant the role of the
diffusion kurtosis model in the clinical management of GBM.
Many diffusion models have been investigated in gliomas. An
apparent diffusion coefficient quantified from conventional DW
images with b-values between 0 and 1,000 s/mm? using a mono-
exponential decay is the commonly reported parameter in
literature. Previous studies have suggested that a low ADC was
associated with a decrease in survival for patients with gliomas
(23-27). One limitation of the mono-exponential model is that
there are large deviations of fitted curves from the diffusion
weighted signals with b-values greater than 1,500 s/mm”.
Another problem is that with a single diffusion parameter is
hard to describe the complex microstructure effects on water
diffusion. To deal with the deviation of diffusion weighted signals
from the mono-exponential function, a bi-exponential model
with fast and slow diffusion components has been proposed (11).
In the initial interpretation of the bi-exponential model, fast and
slow diffusion coefficients are considered from respective extra-
and intra-cellular water compartments, but the estimated
fraction of the intra-cellular water in the tissue from the

bi-exponential model cannot be matched with that measured
by other methods (9). The bi-exponential model fits the diffusion
curves better than the mono-exponential model. A study
suggests that the fast diffusion coefficient is close to the
reported human brain diffusion coefficient (28). To fit the bi-
exponential model, it is necessary to take diffusion weighted
images with more b-values, which increases the acquisition time.
In addition, the bi-exponential model that fits four parameters is
unstable to noise, which makes it difficult to generate high quality
voxel-by-voxel brain maps.

In addition to the mono and bi-exponential models, other
high order diffusion models that have been investigated in
clinical gliomas, such as the fractional order calculus model
(FROC) and restricted diffusion model (RDM) (12, 18). Those
high-order diffusion models require diffusion weighted images
with more b-values and high SNR. The FROC requires b-values
up to 4,000 s/mm?, and the diffusion coefficient in the model is
pre-determined by fitting a mono-exponential model before
fitting the entire model (12), which may lead to some errors in
parameters. The RDM is insensitive to intracellular diffusion
coefficient and is instable to voxel fitting (18), which leads to
difficulty in generating parameter maps in the patients with
GBM. The diffusion kurtosis model improves the goodness of fit
and is more stable than those high-order diffusion models (12,
18). In addition, the kurtosis model has been investigated in
clinical gliomas (20). Research suggests that mean kurtosis shows
better separation of glioma grades than fractional anisotropy and
mean diffusivity. Overall, the kurtosis model is convenient to
generate voxel maps and provides the potential measurement of
non-Gaussian diffusion in GBM.

When considering underlying of tissue morphology and
physiology of diftusion parameters, low ADC is considered to
correlate with high cellularity. However, co-existence of edema
and high vascularity in a single pixel of the tumor can elevate
ADC compared to normal white matter and gray matter. To
mitigate the influence of perfusion on measured diffusion
coefficients, a bi-exponential model that quantifies fast and
slow DCs has been investigated. The fast DC derived from the
model is found to be significantly higher in high-grade gliomas

TABLE 5 | Univariate Cox model analysis of DKI parameters post-RT for prediction of PFS.

Parameters Hazard ratio (HR) p-value 95% ClI

Mean K post-RT 1.85 0.10 [0.88, 3.88]
80-percentile K post-RT 2.18 0.03* [1.10, 4.30]
90-percentile K post-RT 1.82 0.05* [1.00, 3.33]

*Significant with p < 0.05. The continuous data were normalized.
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than in low-grade gliomas (20), which could be due to hyper-
vascularization in the high-grade gliomas. One limitation of the
bi-exponential model is that the fraction of slow DC component
has discordance with microstructure parameters, e.g., the
fraction of intra-cellular water. Some investigations suggest
that the discordance may result from the restricted cell
membrane and cell size (29, 30). The RDM considers restricted
intracellular diffusion and modulations of diffusion gradients
into the model (16, 18). To obtain accurate estimations of the
apparent cell radius and the extracellular diffusion coefficient
derived from the RDM in the GBM and brain normal tissue
requires short diffusion times that may be beyond the clinical
scanner hardware. The heterogeneous tissue could present even
more challenges for the model (18). The FROC model shows that
DG, fractional order and spatial parameter all differentiate high-
grade pediatric brain tumors from low-grade ones (12). In
addition, the fractional order has high predictive values for
tumor outcomes (12). There are also some limitations of the
FROC model. First, the parameters derived from the model may
not differentiate tumor from normal tissue (12). Another
challenge is that parameters are not sensitive enough to
generate high contrast maps (12).

Previous research has suggested that the mean kurtosis could
serve as the optimal parameter for grading glioma in practice (20).
Zhang et al. investigated the correlation between OS and kurtosis
in high grade gliomas, including grade III and grade VI, and
found that mean kurtosis of glioma was a significant predictor of
OS (21). Hempel et al. also assessed whether mean kurtosis was a
prognostic factor in grade II, grade III, and grade IV gliomas, and
found PFS and OS were significantly better in patients with lower
mean kurtosis (31). However, different grades of gliomas could
have specific features, which may contribute to prediction power.
In our analysis, we only included grade IV glioma.

In this study, we found that high mean kurtosis values pre-RT
were significantly correlated with reduced OS. To illustrate the
unique contribution of the mean kurtosis, we also tested the Gd-
GTV for prediction of survival using the cox model. We found
that the Gd-GTV volume itself did not predict OS, which
suggests that the mean kurtosis provides information beyond
the enhanced tumor volume. In the Gd-GTV that consists of
heterogeneous tumor with mixture of high cellular tumor and
edema, the kurtosis values vary from high to low. The region
with high kurtosis values may imply an aggressive component in
the tumor, which is supported by the observations: 1) a higher
grade of gliomas associated with higher mean kurtosis values (17,
20) and 2) high mean kurtosis values in GBM associated with
inferior survival. The decreased mean kurtosis and the increased
DC in the Gd-GTV of GBM after receiving radiation treatment
are expected to represent a tumor response to therapy, but not
specific enough to predict outcomes. Radiation likely causes cell
degeneration and necrosis (32), which may decrease mean
kurtosis and increase DC to an extent for some GBMs. In
contrast, we observed substantially increased mean kurtosis
and decreased DC at the mid-RT in two patients who had
rapid tumor growth. Further research could be carried out to
investigate pathology associated with mean kurtosis changes.

LIMITATIONS

The DKI model quantifies non-Gaussian water diffusion in
heterogeneous tissue and demonstrates the potential to predict
OS in GBM patients. However, there are some limitations in the
current study. First, we used 11 b-values up to 2,500 s/mm?, which
increase acquisition time. Also, the model is sensitive to noise. To
overcome the noise influence on model fitting, we applied a 2D
Gaussian filter that blurs images. Second, the mean kurtosis
decreased while the DC increased in mid treatment, but these
changes are not significantly associated with survival. This may be
affected by radiation treatment or the small patient sample size.
Third, this is a retrospective analysis with a small sample size.
Fourth, pathology correlated to the imaging finding is lacking in
our research. Understanding of the mean kurtosis and DC changes
after radiation and relationship to tumor changes is limited. The
DKI model needs to be further validated in an independent large
cohort of patients in future.

CONCLUSIONS

The DKI model demonstrates the potential to predict OS and
PES in the patients with GBM. The model needs to be further
investigated with pathologic correlation and validated in an
independent large cohort of patients in the future. Further
development and histopathological validation of the DKI
model will warrant its role in clinical management of GBM.
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Background: For stage IV patients harboring EGFR mutations, there is a differential
response to the first-line TKI treatment. We constructed three-dimensional convolutional
neural networks (CNN) with deep transfer learning to stratify patients into subgroups with
different response and progression risks.

Materials and Methods: From 2013 to 2017, 339 patients with EGFR mutation
receiving first-line TKI treatment were included. Progression-free survival (PFS) time and
progression patterns were confirmed by routine follow-up and restaging examinations.
Patients were divided into two subgroups according to the median PFS (<=9 months, > 9
months). We developed a PFS prediction model and a progression pattern classification
model using transfer learning from a pre-trained EGFR mutation classification 3D CNN.
Clinical features were fused with the 3D CNN to build the final hybrid prediction model. The
performance was quantified using area under receiver operating characteristic curve
(AUC), and model performance was compared by AUCs with Delong test.

Results: The PFS prediction CNN showed an AUC of 0.744 (95% ClI, 0.645-0.843) in the
independent validation set and the hybrid model of CNNs and clinical features showed an
AUC of 0.771 (95% ClI, 0.676-0.866), which are significantly better than clinical features-
based model (AUC, 0.624, P<0.01). The progression pattern prediction model showed an
AUC of 0.762(95% Cl, 0.643-0.882) and the hybrid model with clinical features showed
an AUC of 0.794 (95% ClI, 0.681-0.908), which can provide compensate information for
clinical features-based model (AUC, 0.710; 95% ClI, 0.582-0.839).

Conclusion: The CNN exhibits potential ability to stratify progression status in patients
with EGFR mutation treated with first-line TKI, which might help make clinical decisions.

Keywords: deep learning—convolutional neural networks, computed tomography, lung cancer, transfer learning,
epidermal growth factor receptor mutation
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INTRODUCTION

Non-small cell lung cancer (NSCLC) has the highest mortality
both in United States and China (1, 2), of which lung
adenocarcinoma accounts for about 50%. For stage IV lung
adenocarcinoma patients harboring EGFR mutations, tyrosine
kinase inhibitor (TKI) is recommended to be the first-line
treatment modality especially for Asian patients with a
relatively higher possibility of EGFR mutations (3). First-line
TKI treatment could achieve the median progression-free
survival (PES) of approximately 10 months and a response rate
of about 70% (4, 5). However, the disease inevitably progresses
owing to acquired resistance to TKI treatment after a period of
response. Because of inter-patient and inter-lesion heterogeneity,
PES and progression pattern of first-line TKI treatment are
heterogeneous between patients. Different PFS and progression
pattern determines different subsequent treatment strategy. For
example, it is helpful to increase the PFS and even overall survival
(OS) of TKI treatment by the addition of local ablative therapy
for patients with favorable PFS and oligoprogression (6) and the
enhancement of systematic therapy for patients with poor PES
and systematic progression (7). Therefore, accurate prediction of
PFS and progression pattern of first-line TKI treatment is of great
significance to the subsequent clinical decision making.

Nowadays, the prediction of PFS and progression pattern of
TKI treatment in clinical practice is mainly based on the
conventional information such as patient demographics,
pathology, and genetics. Nevertheless, these features are low-
dimensional with limited representational ability, which may
lead to unsatisfactory accuracy. Recently, medical imaging has
been widely used to help clinicians for decision making
according to some morphological features about the tumor.
However, these subjective and qualitative morphological
features often result in low inter-observer agreement and
limited accuracy. Thus, a more objective and quantitative
method to accurately predict PFS and progression patterns of
first-line TKI treatment is urgently needed.

Convolutional neural network (CNN) is an artificial
intelligence algorithm with the capability to excavate the
underlying biological information from medical imaging.
Compared with the traditional feature engineering, CNN has
great advantages in automatically extracting the latent deep
representative features and developing robust end-to-end
prediction models. It has been recently utilized in various
medical domains with satisfactory results (8). In thoracic
oncology, CNN could distinguish malignant pulmonary
nodules (9), identify pathological types of lung cancer (10, 11),
detect driven oncogene status, and other tasks (12-14) using
chest CT images. Therefore, we decided to develop a CNN model
to predict PFS and progression patterns of first-line TKI
treatment of lung adenocarcinoma patients based on chest
CT images.

Abbreviations: 3D CNN, three-dimensional convolutional neural network; CI,
confidence interval; PFS, progression free survival; TKI, tyrosine kinase inhibitor;
RO, region of interest.

For the training of CNN, the weights of network are often
randomly initialized and then updated under the supervision of
image labels, which is called “training from scratch.” This
method requires large amounts of data to learn the huge
number of CNN parameters. However, in this study, as the
number of patients harboring EGFR mutations and treated with
first-line TKI is limited, this training strategy may cause
overfitting of the CNN model and lead to poor generalization
performance. Thus, how to train the CNN network with limited
data is the major concern of this study.

Transfer learning is a technique that can help overcome the
problem of insufficient training data. Researches have shown that
the pre-trained weights and features from one domain are
transferable to another domain with similar characteristics (15,
16). In this study, considering the available data are limited, we
decided to train the CNN network with deep transfer learning
using pretrained CNN models. The basic pretrained CNN model
has been developed to distinguish benign and malignant
pulmonary nodules in a large data set (with 8472 samples).
Then, in light of the large dissimilarity between distinguishing
pulmonary nodules (in early-stage patients) and predicting PFS
and progression patterns (in stage IV patients), we added the
domain of detecting EGFR mutations of stage IV patients for
fine-tuning of the basic model. Afterward, this fine-tuned model
for EGFR mutation prediction was further utilized to help train
the progression prediction models.

Overall, this study aims to develop and validate a CNN model
with model-based deep transfer learning to predict the PFS and
progression patterns of first-line TKI treatment of lung
adenocarcinoma patients based on pretherapy CT images. The
pretrained model in source domain based on large data set would
help the CNN model in target domain be better trained with
limited data.

MATERIALS AND METHODS

Study Design

This study was approved by Shanghai Chest Hospital, Shanghai
Jiaotong University. Ethical approval (ID: KS 1716) was obtained
for the use of the CT images and clinical information of patients.
Informed consent was waived for the respective nature of the
study. The study design was illustrated in Figure 1. The basic
CNN model was previously constructed by the domain of
distinguishing malignant and benign pulmonary nodules.
Then, this basic model was fine-tuned by the domain of
detecting EGFR mutation of lung adenocarcinoma, and then
transferred to predict the PFS and progression patterns of
TKI treatment.

Patients

We retrospectively analyzed patients receiving first-line TKI
treatment from 2013 to 2017 in Shanghai Chest Hospital. The
inclusion criteria: a. Patients were diagnosed with stage IIIB and
IV lung adenocarcinoma harboring EGFR mutations; b. Patients
received first-line TKI treatment. c. The smoking history should
be clear. d. Patients should undertake completed staging
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examination to confirm the clinical stage. e. The pulmonary
nodules should be solid with the max diameter over 0.8 cm. f.
Patients should receive completed follow-up every 3 months to
confirm the accurate PFS and restaging examination for judging
progression patterns. The exclusion criteria: a. Patients with non-
adenocarcinoma; b. Patients without completed staging
examinations to confirm the clinical stages of IIIB and IV. c.
Patients did not undertake routine follow-up and restaging
examinations to confirm the accurate PFS and progression
patterns. PFS was defined from the start of TKI treatment to
first progression or last follow-up date. For metastatic pattern at
initial diagnosis, systemic metastasis was defined as over five
metastatic sites or over three organs, and oligometastasis was less
than five metastatic sites within three or fewer organs. The
progression pattern was classified into oligoprogression and
systematic progression. The systematic progression was defined
as multi-sites progression, which may include both new
metastatic sites, as well as regrowth in previously responsive
sites of disease. The oligoprogression was defined to CNS

FIGURE 1 | Workflow of our work. First, transfer and finetune the basic pulmonary nodule recognition model to EGFR prediction. Then, transfer the EGFR

progression without leptomeningeal progression and extra-
cerebral progression four or less sites. All the enrolled patients
were assigned into training set and validation set randomly.

CT Image Acquisition and Preprocessing

Chest CT scans were taken with voltage from 120 kV to 140 kV,
current 170 mA, scan layer thickness 5 mm, and spatial
resolution about 1 mm using Brilliance 64 CT from PHILIPS.
Tumors were manually segmented by an experienced radiologist
(window level -400 and window width 1600) on the platform
Pinnalce2 for Varian®. The radiologist was asked to only
delineate a rough region of interest covering nodules. Linear
interpolation was applied to the original CT images to get
isotropic images (1 mm x 1 mm x 1 mm). Image patches were
cropped from the interpolated images centered as the tumor.

Model Development and Evaluation
We established binary classifiers using three dimensional CNN (3D
CNN) to distinguish patients with different PFS and progression
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patterns. Model-based deep transfer learning was utilized to train
the CNN more effectively. The 3D CNN was pre-trained on a
source task and then the weights of some layers or features were
transferred to the target domain task. Moreover, parameter fine-
tuning was used to retrain the network on the task of PFS
prediction. The workflow of our work was shown in Figure 1.
Based on the basic model for benign and malignant pulmonary
nodules recognition, we use transfer learning and fine-tuning to
develop the EGFR classification model, then further transferred
this EGFR classification model to PFS and progression
patterns prediction.

Establishment and Fine-Tuning of the
Basic Models

The structure of the basic model for nodule recognition
(CNNgMm) was based on a 3D residual network with prior
attention. The residual network can effectively tackle the
vanishing gradient problem in deep neural networks. The
inputs of the network include both the CT image patch and
corresponding mask, which cover the region of interest (ROI), to
make the network focusing on image pixels within the ROIL As
the sample size was large for training (8,472 samples), the basic
model was trained from scratch. The details of the basic CNN
architecture can be found in Supplementary Table S1.

An EGFR classification model (CNNggpr) was constructed
through fine-tuning of the pre-trained basic model. The fine-
tuning process makes the network more applicable for the IV
stage patients, and some latent EGFR mutation-related features
can be learned, which may be helpful for the PFS prediction after
TKI treatment.

Establishment of PFS Prediction by
Transfer Learning

For PES prediction, patients with favorable PES (>9 months) were
regarded as positive samples with label 1, and those with poorer PFS
(<=9 months) were negative samples with label 0. To develop the
PES prediction model, we transfer and fine-tune the pre-trained 3D
CNN model in two steps. First, we freeze the top- layers’ parameters
and only train the fully connected layers with a larger initial learning
rate of le-2. After 10 epochs training, we unfreeze the frozen layers
and fine-tune the whole network with a smaller initial learning rate
of le-4. The CNNggrr was also trained in this way based on the
CNNgp. To evaluate the effect of transfer learning and the influence
of domain difference, we compare different 3D CNN PES prediction
models respectively fine-tuned from the CNNggrr, CNNpy, and
trained from scratch. Furthermore, clinical features, such as age, sex,
smoking, clinical stages, and molecular pathology status, were fused
with 3D CNN model by logistic regression for better prediction.
Tensorflow (tensorflow.org) was used for network training.

Establishment of Progression Pattern
Prediction by Transfer Learning

For progression patterns prediction, patients with systematic
progression were regarded as positive samples, and patients with
oligoprogression were negative samples. To develop the progression
patterns prediction model, we use the pre-trained CNNggrr as

feature extractor and then construct classifiers. The deep features
(dimensional feature vectors, 128) were extracted from the last layer
before the outputs. After feature extraction, univariate feature
selection and recursive feature elimination were used to select
features, then decision tree, random forest, and K-Nearest
Neighbor classifiers were constructed to realize the final
prediction. Furthermore, because T stage and metastasis status are
significant factors related to patients’ progression patterns, we used
the two factors to build a logistic regression model as the baseline.
Finally, this basic model and the image-based model were fused to
develop the hybrid prediction model. The algorithms were
implemented with scikit-learn (scikit-learn.org) in python.

Statistical Analysis

Statistical analysis was conducted in R software (Rproject.org).
Fisher’s exact test, Wilcoxon test, and chi-square test were used
to compare the differences of clinical features between training
and validation groups. For model evaluation, the receiver
operating characteristic (ROC) curve and AUC were used to
describe model performance, and DeLong (17) test was used to
pairwise compare the difference of two ROCs. Kaplan-Meier
survival curves of the subgroups stratified by our model
(favorable/poor PES) were plotted, and log-rank test was used
to compare difference of two KM curves. P value less than 0.05
was considered as significant.

RESULTS

Patient Characteristics

We retrospectively analyzed 339 patients for the creation of PFS
prediction model. Patients were randomly divided into training
group (70.5%) and validation group (29.5%). No significant
difference was found between the two groups in terms of all
clinical characteristic (Table 1). The median PFS of total patients
was 9 months. There were 169, 160, and 10 patients harboring
EGEFR exon 19, exon 21, and double site mutation, respectively. At
Cox proportional hazard regression, all the clinical characteristics,
including age, gender, smoking status, clinical stage, and EGFR
mutation site, were not prognostic for PFS. After excluding patients
without confirmed progression pattern, totally 255 patients were
enrolled for the establishment of progression pattern prediction
model. The detailed characteristics of patients were shown in
Table 2. For the metastatic pattern in the initial diagnosis, there
were 186 (72.9%) and 55 (21.6%) patients demonstrating systematic
metastasis and oligometastasis, respectively. While at acquired
resistance to TKI, 153 (60%) and 102 (40%) displayed systematic
progression and oligoprogression, respectively. At multivariate
logistic regression, T stage (OR=1.70, p<0.001) and metastatic
pattern (OR=3.29, p=0.006) were recognized to be related with
progression pattern.

Structure and Performance of

Basic Models

The basic model we developed to distinguish malignant
pulmonary nodules achieved good performance with a high
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TABLE 1 | Comparison of clinical features in patients with PFS information.

Clinical Features Training Validation

group (n=239) group (n=100)

p value

Age
Median (Range) 61 (33-84) 61 (26-82) t-test p=0.217
Gender (n%)
Male 97 (40.6) 32 (32.0 Pearson xz Test
Female 142 (59.4) 68 (68.0) p=0.143
Smoking History
Yes 55 (23.0) 17 (17.0 Pearson 2 Test
No 184 (77.0) 83 (83.0) p=0.265
PFS (months)
Median 9 9 Log-rank Test p=0.265
<9 months 138 (67.7) 56 (66.0 Pearson x2 Test
>9 months 101 (42.3) 44 (44.0) p=0.810
Clinical Staging
A 8 (3.3) 3.0 Mann-Whitney Test
B 22 (9.2) 7 (7.0) p=0.989
\% 209 (87.5) 90 (90.0)
EGFR mutation site
19del 121 (50.6%) 48 (48%) Pearson %2 Test
21L858R 113 (47.3%) 47 (47%) p=0.346
Double Site 5(2.1%) 5 (5%)

TABLE 2 | Comparison of clinical features in patients with progression patterns
information.

Clinical Features Training Validation

group (n=195) group (n = 60)

p value

Age
Median (range) 61 (26-81) 59 (35-84) t-test p=0.777
Gender (n%)
Male 77 (39.5) 20 (33.3) Pearson XZ test p=0.737
Female 118 (60.5) 40 (66.7)
Smoking history
Yes 156 (80.0) 49 (81.7) Pearson X2 test p=0.776
No 39 (20.0) 11 (18.3)
PFS (months)
Median 8 11 Log-rank test p=0.131
T Stage
T1 38 (19.5%) 11 (18.3%) Mann-Whitney test
T2 41 (21.0%) 12 (20%) p=0.865
T3 16 (8.2%) 6 (10.0%)
T4 100 (51.3%) 31 (561.7%)

Metastasis pattern at initial diagnosis

Oligometastasis 26 (13.3%) 13 (21.7%) Pearson X2 test p=0.117
Systematic 169 (86.7) 47 (78.9)
metastasis

Progression pattern
Oligoprogression 77 (39.5) 25 (41.7) Pearson X2 test p=0.763
Systematic 118 (60.5) 35 (58.3)
progression

EGFR mutation site
19del 105 (53.8%) 33 (65%) Pearson y? test p=0.756
21L858R 83 (42.6%) 26 (43.3%)
Double site 7 (3.6%) 1(1.7%)

AUC value of 0.932 (95% CI, 0.924-0.947). When utilizing the
domain of detecting EGFR mutation for fine-tuning, the AUC
value of the model was 0.863 (95% CI, 0.763-0.897)
(Supplementary Figures S2, S3).

PFS Prediction

The 3D-CNN model trained from scratch (CNNgcraten)s
transferred directly from the basic model (CNNyy py) and
from the EGFR mutation fine-tuned model (CNNvyr_gGer)
showed AUCs of 0.668 (95% CI, 0.559-0.776), 0.701 (95% CI,
0.598-0.805), and 0.744 (95% CI, 0.645-0.843) in the validation
group, respectively (Figures 2, 3A). The 3D CNN model with
EGER classification fine-tuning achieved better performance than
the model directly transferred from the basic model, mainly
because the domain difference between EGFR classification and
PES stratification is smaller than the difference between nodule
classification and PFS stratification. Moreover, after adding the
clinical features, the corresponding fusion model’s performance
improved to 0.715 (95% CI, 0.614-0.816), 0.756 (95% CI, 0.659-
0.854), and 0.771 (95% CI, 0.676-0.866), respectively (Figure 2
and Table 3). As shown in Figure 3B, the best 3D CNN model
(CNNyp ggpr) performed better than clinical features-based
model (AUC, 0.744 vs 0.624). Furthermore, the fusion model
(CNNrtp ggrr and Clinical) achieved significantly better
performance than the clinical model alone (P=0.008).

Then, according to the prediction results of different 3D CNN
models, we divided the validation group into high-risk and low-
risk subgroups. The optimal cutoff threshold was confirmed by
X-tile (18). Based on this, Kaplan-Meier survival curves were
plotted respectively in the two subgroups. As shown in Figure 4,
the CNN_gger and clinical fusion model achieved the best
performance and can significantly distinguish the difference in
PFS between the stratified progression subgroups (log-rank
test, P<0.001).

Progression Pattern Prediction
As above-mentioned, the addition of EGFR recognition fine-
tuning achieved the highest prediction efficacy among all the

0.80
B Clinical

0.78 1 mmm Scratch 0.771

0.76 { ™= TL-BM 0.756
Bl TL-EGFR

0.74

0.72 A

0.70 A

0.68 -

0.66

0.64

0.62

0.60 A

0.58 -

Clinical 3D CNN 3D CNN & Clinical
FIGURE 2 | AUCs of each PFS prediction models in the validation group.
The blue ones correspond to the clinical alone model. The orange, green, and
red ones correspond to CNN model trained from scratch, transferred from
nodule, and transferred from EGFR classification models, receptively.
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0.624, 0.744, and 0.771.

TABLE 3 | Performance of different PFS prediction models in the validation group.

Models CNNri-ecrr CNNrL.Bm CNNscratch
AUC 0.744 0.701 0.668
95% Cl 0.645 to 0.843 0.598 to 0.805 0.559 t0 0.776
Threshold 0.449 0.379 0.490
Accuracy 72.0% 68.0% 68.0%
Sensitivity 75.0% 77.3% 54.5%
Specificity 69.6% 60.7% 78.6%
Models CNN1 _ggrr and CNNy_.gm and CNNg¢rateh and
Clinical Clinical Clinical
AUC 0.771 0.756 0.715
95% Cl 0.676 to 0.866 0.659 to 0.854 0.614 t0 0.816
Threshold 0.575 0.615 0.496
Accuracy 74.0% 75.0% 70.0%
Sensitivity 56.8% 52.3% 56.8%
Specificity 87.5% 92.9% 80.4%

CNN, convolutional neural network; AUC, area under receiver operating characteristic
curve; threshold, threshold at the optimal decision point; ClI, confidence interval.

3D-CNN models. Therefore, in the prediction of progression
pattern, we utilized transfer learning from the EGFR
classification to develop the progression pattern model.

The progression patterns prediction model transferred from
EGEFR classification achieved an AUC of 0.762 (95% CI, 0.643—
0.882; sensi, 0.92; speci, 0.571). Clinical features-based model
achieved an AUC of 0.710 (95% CI, 0.582-0.839; sensi, 0.686;
speci, 0.760), and the hybrid model achieved an AUC of 0.794
(95% CI, 0.681-0.908; sensi, 0.92; speci, 0.66). The ROCs of the
models in the validation group were shown in Figure 5.

DISCUSSION

In this study, we developed a PFS prediction and a progression
pattern prediction model using model-based deep transfer

0.2 0.4 0.6

False Positive Rate

0.8 1.0

FIGURE 3 | ROCs of 3D CNN models for the prediction of PFS in the validation group. (A) The ROCs of 3D CNN model trained from scratch, using transfer learning
based on nodule or EGFR classification models. The corresponding AUCs were 0.668, 0.701, and 0.744, receptively. (B) The ROCs of only using clinical features,
3D CNN (using transfer learning based on EGFR classification model), and the combination of 3D CNN and clinical features, and the corresponding AUCs were

learning based on a pre-trained EGFR classification CNN
model. Results show that the hybrid model combining transfer
learning-based and clinical features-based model finally achieved
satisfactory performance for PES prediction (AUC = 0.771) and
progression pattern prediction (AUC = 0.794). Also, the PFS
prediction model can significantly stratify patients with different
progression risk after first-line TKI treatment (P < 0.001).
Utilization of the established CNN model could instruct
clinical practice to individually modify TKI treatment for a
better prognosis.

The above results indicate that image-based deep learning can
mine more informative features for the prediction of tumor’s
biological behavior. Also, the results indicate that 3D CNN
trained with model-based deep transfer learning performs
better than model training from scratch (AUC, 0.668-0.744),
and the smaller the difference between source domain and target
domain, the better performance can transfer learning achieve
(AUC, 0.701-0.744). Compared with the most widely used
transfer learning pretrained on 2D natural image data set
(ImageNet) (14, 19), our 3D transfer learning is based on 3D
medical image data set, which can not only mine more spatial
information but also effectively reduce the domain difference.

A recent study about predicting EGFR-TKI treatment
response using CT images (20) used a self-supervised learning-
based model called BigBiGAN as a feature extractor, then utilize
the extracted features to construct a Cox regression model for
distinguishing patients with different progression risk. In
comparison, we used a supervised learning based pre-trained
model for transfer learning, then utilize the progression label to
finetune the model and update the extracted deep features.
Compared with the BigBiGAN model trained in self-
supervised ways, our pre-trained model trained with EGFR
status can learn not only the inherent grayscale-based features
but also some implicit biologically related image features.
Moreover, because of the small difference between the source
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domain (classification of EGFR mutation) and target domain
(prediction of EGFR-TKI therapy response) of our proposed
method, the network can make fully use of the pre-learned
features effectively, which can better help the prediction of
disease progression.

This research also has several limitations. First, because of the
limitation of sample size, this study only realized the simple
binary classification of patients’ PFS with the median survival as
the cutoff threshold. In the future, we will collect more samples,
and further attempt deep Cox regression to realize the end-to-
end survival prediction. Second, our hypothesis of the
relationship between EGFR mutation and patient’s PFS is that
the mutation abundance is thought to be related with the
patient’s survival (21). Therefore, we thought the CNN
classifying EGFR mutation status will also be able to learn
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FIGURE 4 | Survival analysis of PFS in low and high risk patients in the validation group. (A-=C) The CNNgatcn @nd clinical, CNNy_gy and clinical, and CNN_ecrr
and clinical model’s KM curves, respectively.

information about the mutation abundance, which may be
useful for PFS prediction. However, this mutation abundance
information learning was clearly insufficient. In the future,
if the mutation abundance information of the EGFR mutation
patients can be collected, a more efficient network can be
built and further correlate with the patient’s PFS. Finally, the
model should be validated in a prospective cohort to confirm
its efficacy.

CONCLUSION

We developed a deep transfer learning-based PFS prediction
and progression pattern prediction model in EGFR mutation
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patients treated with TKIs. The results showed that the
prediction model transferred from EGFR classification can
significantly stratify patients with different progression risk
after TKI treatment, which may be able to further help the
clinical decision making.
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Objectives: To date, radiomics has been applied in oncology for over a decade and has
shown great progress. We used a bibliometric analysis to analyze the publications of
radiomics in oncology to clearly illustrate the current situation and future trends and
encourage more researchers to participate in radiomics research in oncology.

Methods: Publications for radiomics in oncology were downloaded from the Web of
Science Core Collection (WoSCC). WoSCC data were collected, and CiteSpace was
used for a bibliometric analysis of countries, institutions, journals, authors, keywords, and
references pertaining to this field. The state of research and areas of focus were analyzed
through burst detection.

Results: A total of 7,199 pieces of literature concerning radiomics in oncology were
analyzed on CiteSpace. The number of publications has undergone rapid growth and
continues to increase. The USA and Chinese Academy of Sciences are found to be the
most prolific country and institution, respectively. In terms of journals and co-cited
journals, Scientific Reports is ranked highest with respect to the number of
publications, and Radiology is ranked highest among co-cited journals. Moreover, Jie
Tian has published the most publications, and Phillipe Lambin is the most cited author. A
paper published by Gillies et al. presents the highest citation counts. Artificial intelligence
(Al), segmentation methods, and the use of radiomics for classification and diagnosis in
oncology are major areas of focus in this field. Test-retest statistics, including
reproducibility and statistical methods of radiomics research, the relation between
genomics and radiomics, and applications of radiomics to sarcoma and intensity-
modulated radiotherapy, are frontier areas of this field.

Conclusion: To our knowledge, this is the first study to provide an overview of the
literature related to radiomics in oncology and may inspire researchers from multiple
disciplines to engage in radiomics-related research.

Keywords: radiomics, oncology, bibliometric analysis, hotspots, trends
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INTRODUCTION

Unlike the natural intelligence displayed by humans and animals,
artificial intelligence (AI) is intelligence demonstrated by
machines. Al can be applied to develop systems possessing
characteristics of human beings: the ability to learn, reasoning,
sensing, and actioning. Initially, the development of automated
interpretation of medical images was based on human decision
models to perform high-level interpretations of images. At the
time, logical rules were applied to AI machines. AI machines
sought specific structures such as lines or circles for identification.
Such systems have succeeded in other fields, such as in business
and manufacturing. Next came the second generation of Al
algorithms. Instead of focusing on certain symbols of images,
such algorithms were designed to be more statistical. This kind of
model of medical images may develop from healthy individuals,
and its parameters are inferred from data. Such an algorithm can
assist in helping radiologists identify lesions. The segmentation
method serves as a classic example of this algorithm. Currently,
the explosion of big data has ushered Al into a new era, and
algorithms are called data-driven/model-free approaches, which
involve automating knowledge discovery. This approach is now
widely applied in medical research, and a popular application of
this method is called radiomics (1).

Radiomics, first pioneered by Philippe Lambin (2), uses high-
throughput data to extract certain features from medical images
for personalized precision medicine development. With the
development of Al, the field of radiomics has grown rapidly
and been widely used in every phase of tumor treatment. Relying
on quantitative data generated by medical imaging and the
support of technology, radiomics offers a risk-free and efficient
method for diagnosis (3, 4), classification (5), and prognosis
prediction (6, 7) in oncology.

Data selection, medical imaging, feature extraction, exploratory
analysis, and modelling are the five steps of radiomics (2, 8, 9).
Applying standard imaging protocols to generate high-quality
images from computed tomography (CT), positron-emission CT
(PET-CT), magnetic resonance imaging (MRI), radiography or
using high-quality photographs of lesions can enable radiomics
reproducibility. Then, the volume of interest (VOI), which
identifies lesions from images, is delineated by experienced
radiologists or semiautomated or automated segmentation
methods. The features extracted from VOIs are inputted to
generate quantitative descriptions, which contain semantic and
agnostic features. The value of extracted features is then analyzed,
and only the features most contributing to the classifiers are
retained for future modelling. In practice, this step can be
supported by statistical approaches and AI, including a
univariate analysis of variance, the least absolute shrinkage and
selection operator, decision trees, neural networks, and support
vector machines (9). The relationship among the algorithms is
presented in Supplementary Figure S1.

Although radiomics can be applied in a large number of
conditions, it is most well developed and widely used in oncology
due to initial support received from the National Cancer Institute
(9, 10) and Quantitative Imaging Biomarker Alliance (11). In

1973, some researchers intended to use texture features to
classify images (12). In 1995, researchers started to use a
convolutional neural network (CNN) to identify lung nodes,
suggesting that it is possible to train computer algorithms to
identify medical images (13). In late 2000, researchers attempted
to identify the relationship between the imaging of tumors and
their genomic types (14, 15). At the time, most studies were
performed on relatively small datasets and lacked external
examination, meaning that the established radiomic models
were only based on small datasets from individual organizations
and could not be validated by data from external organizations.
With innovations made in the field of medical imaging, radiomics
in oncology has rapidly progressed (16-19). In around 2012,
radiomics was first proposed by Philippe Lambin; ever since,
thousands of researchers have been encouraged to conduct
radiomics-based research. In 2014, radiomics in oncology was
used to examine CT imaging features for diagnosis and prediction
(20). In 2016, researchers found for the first time that the
radiomics signature could predict lymph node metastasis in
patients with colorectal cancer (21). In 2018, researchers found
that radiomics features could predict the treatment responses and
prognosis of patients receiving immunotherapy (18). Some
researchers have developed models for the automated
identification of lesions from videos and images (3, 4). In
addition, some researchers have found a correlation between
radiomic features and tumor histology (22). At present, by
extracting various features from medical images and translating
these image features into high-throughput and quantitative data
for analysis, radiomics can be used for the classification and
differentiation of different lesions and subtypes of tumors (3-5)
and for survival prediction (23) and prognosis prediction for
patients undergoing radiation therapy (6, 24, 25). Even with
common limitations, such as a lack of outside validations, the
use of small datasets or the variabilities caused by medical imaging
protocols, radiomics research has offered a significant opportunity
for researchers to make clinical decisions from an entirely
new perspective.

Since radiomics studies mostly rely on medical data, which
are subject to approaches to data acquisition and analysis used,
creating a gold standard for medical models remains a great
challenge. When establishing a clinical model, the input and
processing of radiomic features can drastically influence the
model, as these features depend on the radiologists who record
the clinical characteristics, on Al and on statistical methods. For
example, inexperienced radiologists may fail to delineate a lesion
entirely or miss significant clinical features, and different AT and
statistical methods may create clinical diagnosis or prediction
models with inconsistent accuracy. For these reasons,
standardizing the procedures of radiomics studies and finding
robust features with which to establish models are essential in
achieving clinical goals of radiomics research.

Bibliometric analysis evaluates scientific activities in a certain
field (26). A simple quantitative technique provided by citation
analysis provides a means to estimate the impact of an article
(27), such as the influence of bridging articles between themes or
the influence of articles laying the foundation in certain fields.
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CiteSpace, developed by Chaomei Chen, is a Java-based
application for detecting and visualizing possible trends and
radical changes in scientific disciplines over time (28) and is a
valuable tool for bibliometric analysis. The program can assist
researchers in identifying influential and effective areas of
research, trends, and prospects in certain fields. CiteSpace has
been widely applied in many subjects for bibliometric analysis,
such as neuroscience, oncology, and cardiovascular science
(29-31).

In this article, we use data collected from the Web of Science
Core Collection (WoSCC) and CiteSpace to analyze 7,199
publications related to radiomics in oncology and generated
knowledge maps for the first time, to our knowledge. Since
radiomics provides a new means for clinicians to examine entire
tumors with rather minimally invasive methods, we sought to
provide a more comprehensive understanding of the ever-
changing field of radiomics. Furthermore, to encourage
researchers from various disciplines to actively and creatively
participate in practicing radiomics, we conducted our
bibliometric analysis based on relevant literature in this field to
outline the countries, authors, institutions, and journals that
have made significant contributions to this field. In applying this
method, we also identify areas of focus and future trends.

METHODS
Data Acquisition and Search Strategy

Relevant literature was collected from the WoSCC. The following
search terms were employed, the searching formula is also
presented in Supplementary Figure S2.

TS = (image* OR picture* OR photograph* OR X - ray* OR CT OR MRI OR panorama*® OR
Computer Tomography OR Magnetic Resonance Imaging OR tomography OR PET CT

AND

(TS = (AI OR Artificial Intelligence OR deep learning OR machine learning OR computational (1)
intellegen™ OR Convolutional Neural Network OR CNN) OR(TS = radiomic*)

AND

TS = (tumor*® OR cancer® OR carcino™ OR onco™)

(TS = radiomic*)
AND @
TS = (tumor™ OR cancer* OR carcino* OR onco*)

The time interval was set to 2011 to 2020. Only articles and
reviews were included, and no language restrictions were applied.
The search and download process was carried out on March 14,
2021 to eliminate substantial errors caused by daily database
updates. Given that data were directly downloaded from the

database, ethical approval was not required.

Data Analysis

CiteSpace V was used to remove duplicates and analyze the 7,199
unique records exported. Then, to visualize emerging trends and
areas of focus in tumor radiomics research, CiteSpace was applied to
generate knowledge mappings of countries, institutions, co-
occurrences of keywords, references, authors and co-cited authors,
and co-cited journals (28). With each year covered by a dataset
assigned a different color, CiteSpace uses colorful node edges or

crosses to discriminate between different research objects, including
countries, institutions, words, references, etc. The size of rings on
nodes indicates the number of publications for each node. Purple
rings surrounding circles indicate the centrality of nodes. Moreover,
“Burst detection” is a function provided by the software to detect
current and prospective areas of focus. The detection objects of this
function can include noun phrases, keywords included in abstracts,
papers, and so on, revealing words, or papers undergoing citation
bursts in a given period. When the time period is set to the present,
this means that some keywords or papers are undergoing a citation
burst, which may indicate further prospects for a given field. The
impact factors (IFs) for all publications were documented based on
the Journal Citation Report (2019).

Generally, the productivity of individuals, journals, and
countries can be measured by the total number of papers,
whereas the total counts of citations of authors, journals, or
references measure the total impact. Defined as the maximum
value of h such that the given author/journal has published at least
h papers that have each been cited at least h times, the H index is
used to characterize a researcher’s output in scientific research.
The impact factor (IF), defined as a scientometric index, is also a
measurement of journals and articles (32). The value is calculated
as the average number of citations a publication receives in 2 or 5
years as indexed by the Web of Science. Furthermore, co-citation
is defined as the number of times two documents are cited together
(33); that is, when two publications or authors are cited at the same
time, they may focus on the same theme of research, which may
indicate their cooperation. A burst of an event refers to a surge in
the frequency of a certain event, such as the emergence of a keyword
or the citation of a specific article (34). These parameters allow us to
identify productive institutions and their countries and outstanding
individuals in the studied field. Figure 1 illustrates the research steps
of this study.

RESULTS
State of Publication Output

A total of 7,199 publications were examined in the present study
and include 6,417 (89.1%) original articles and 782 (10.9%)
reviews. Figure 2 shows the chronological distribution of the
publications for 2011 to 2020. With technological breakthroughs
in Al an increasing number of researchers have been attracted to
radiomics in oncology. As depicted in the diagram, the number
of articles and reviews grew steadily in the first 4 years. From
2015 to 2020, the annual number of publications grew
exponentially and peaked in 2020.

Active Countries and Institutions

The included publications were published in 82 countries and
regions over the last decade. The top 10 contributors are
presented in Supplementary Table S1, and the cooperative
relationships among them are shown in Supplementary Figure
$3. When counting the number of publications, the USA (2,280)
ranks first, followed by China (2136), India (456), Germany (454),
and England (401).
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FIGURE 2 | Chronological distribution of publications in radiomics for oncology from 2011 to 2020.

Overall, 715 institutions contributed to this field. Supplementary
Table S1 shows the 10 most productive institutions, and
Supplementary Figure S4 shows the cluster of institutions engaged
in radiomics research in oncology by keyword. The most productive
institution is the Chinese Academy of Sciences with 224 publications,
followed by Sun Yat-Sen University (168), Fudan University (155),
Harvard Medical School (145), and Stanford University (136). The
three most prolific institutions are Chinese universities.

Productive Journals

A total of 1,247 journals published articles or reviews in this field.
We list the 10 most productive journals with their IFs in this field
in Supplementary Table S2 and provide an overdual map of
citing and cited journals in Figure 3. According to statistics from

the WoSCC, Scientific Reports published 253 publications over
the last decade and thus ranks first. Medical Physics ranks second
(244 publications), followed by IEEE Access (241 publications),
European Radiology (213 publications), and Frontiers in
Oncology (180 publications).

The 10 most co-cited journals are given in Supplementary
Table S2. Among co-cited journals, Radiology was cited the most
(3258 times), followed by IEEE Transactions on Medical Imaging
(2800 times), Scientific Reports (2410 times), PLoS One (2407
times), and Medical Physics (2320 times).

Productive Authors
More than 2,000 authors have contributed to this field of research.
Supplementary Table S3 shows the 10 most prolific authors, and
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FIGURE 3 | The dual map overlay of journals. This figure can be divided into two sections. Each dot represents one journal, and this knowledge map uses different
colors to symbolize journals from different subjects. On the left, there are the citing journals of this field, and on the right, lays the cited journals in this field. The
waves link to two sides means the publications on the journals of the left side may cite publications from the journals on the other side. For example, publications on
journals in the field of medicine medical and clinical (labeled 2 on the left), may refer to the publications on the journal of systems, computing, and computer.

Figure 4 presents a timeline of authors’ contributions to this field.
Jie Tian is identified as the most productive author with 121
publications, and Anant Madabushi (56 publications) ranks
second, followed by Dong Di (52 publications), Philippe Lambin
(49 publications), and Zhenyu Liu (45 publications).

Supplementary Table S3 shows the leading 10 authors in terms
of numbers of citations. The author with the most citations is
Philippe Lambin (1,171 times), followed by Alex Krizhevsky (1,090
times), Robert J. Gillies (1,066 times), Hugo J. W. L Aerts (1,052
times), and Yann Lecun (1,020 times). Supplementary Figure S5
presents the authors’ potential cooperative relationships, as links
between nodes indicate instances where authors are cited together.
Since the authors on the left mainly focus on applications of
radiomics while authors on the right have most laid the
foundations of this field, Robert M. Haralick, shown in the
middle of the network, has contributed in connecting applications
and algorithms of radiomics in oncology (12).

With more than 2,000 author contributions, the knowledge map
of cited authors provides information regarding the most influential
authors and the collaborative relationships among them.

Popular References

CiteSpace provides a mixed map of terms and co-cited
references, as shown in Figure 5. We present the 10 most cited
references in Table 1. Of the 6,218 publications shown, an article
published by Robert J. Gillies et al. in 2016 ranks first with 1,036
citations (9). This report describes the processes, challenges, and
opportunities of radiomics in detail, particularly in reference to
the field of oncology.

The burst detection results show articles that have attracted the
attention of peer scientists. Citation bursts note the duration and
strength of each burst, or the duration and intensity of burst status,
respectively (34). Figure 6 shows the 100 references with the
strongest citation bursts. The citation burst analysis shows that a
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FIGURE 4 | The timeline view listed authors by clustering through keywords. Each node represents one author. The position of the node here represents the time
of an author’s first publication. There were 15 clusters of keywords. In each cluster, the size of each node shows the contribution of the author. It seems that the
keywords “prostate” and “breast cancer MRI” occur most recently, which suggest the active participations of researchers in practicing radiomics for oncology related
to them, and it also shows that researchers have been practicing radiomics research related to dental artifacts since it lasts the longest duration.
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FIGURE 5 | The mixed science map consists of the most cited noun phrases in publications and co-cited references in this field. By doing so, we illustrate the most
co-cited references and the noun phrases in this field and uncover the relationship between them. There are two types of shapes in this picture. Each cross
symbolizes a noun phrase, and each node represents a piece of co-cited references. There are links between the crosses and the circles. The links between two
circles or noun phrases indicate there are some relationships between two pieces of articles or two phrases since they can be cited together. Also, the links between
circles and crosses indicate that a piece of paper can be cited with certain noun phrases. Generally, there are three domains of this map. On the right and the left
sides lay the most co-cited articles in the field. The ones on the left are mainly related to the definition and application of radiomics while the references on the right
are mostly related to the Al algorithms involved in this field. In the middle are the most-cited noun phrases in the articles in this field. As indicated in the picture, the
publications that contain these phrases are the bridges to relate publications from both sides. It illustrated that the most-cited articles from both sides may focus on
conducting researches related to the noun phrases in the middle.

TABLE 1 | The top 10 co-cited references.

Rank Title Author NOC
1 Radiomics: Images Are More than Pictures, They Are Data Robert J. Gillies et al. 1,036
2 Deep Residual Learning for Image Recognition Kaiming He et al. 831
3 Deep Learning Yann LeCun et al. 741
4 U-Net: Convolutional Networks for Biomedical Image Segmentation Olaf Ronneberger et al. 707
5 Decoding Tumour Phenotype by Noninvasive Imaging Using a Quantitative Radiomics Approach Hugo J.W.L.Aerts et al. 638
6 Dermatologist-Level Classification of Skin Cancer With Deep Neural Networks Andre Esteva et al. 583
7 A Survey on Deep Learning in Medical Image Analysis Geert Litjens et al. 470
8 Radiomics: The Bridge between Medical Imaging and Personalized Medicine Phillipe Lambin et al. 429
9 ImageNet Classification With Deep Convolutional Neural Networks Alex Krizhevsky et al. 386
10 Fully Convolutional Networks for Semantic Segmentation Jonathan Long et al. 377

NOC, number of citations.

publication by Hugo J. W. L Aerts et al. earned the highest burst
value (95.69) from 2015 to 2020 (35). This result indicates that this
publication underwent a citation burst of the highest intensity
from 2015 to 2020. The article reports that the radiomics data of
cancer patients contain prognostic information and are associated
with underlying gene expression patterns.

Keyword Research
Over 800 keywords were extracted from publications. Figure 7
shows the keywords mentioned most frequently in

publications. In terms of frequency, the term “artificial
intelligence” ranks first (2,931 times), followed by “oncology”
(1,972 times), “radiomics” (1,437 times), “classification” (1,436
times), “diagnosis” (1,020 times), and “segmentation”
(995 times).

We identify the top 60 keywords with citation bursts, as
shown in Figure 8, and we provide five keywords with the
strongest recent citation bursts in Table 2. Of the 60 keywords
with the strongest citation bursts, “radiation therapy” shows the
highest burst strength level of 16.81. “Test retest”, “sarcoma”,

Frontiers in Oncology | www.frontiersin.org

30

September 2021 | Volume 11 | Article 689802


https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

Ding et al. Bibliometrics of Radiomics in Oncology

Top 100 References with the Strongest Citation Bursts
References Year Strength Begin End 2011 -2020
Lambin P, 2012, EUR J CANCER, V48, P441, DOI 2012 92192013 2017 _ o Davnall F, 2012, INSIGHTS IMAGING, V3, P573, DOL 2012 16092016 2017 —
Kumar V. 2012, MAGN RESON IMAGING. V30, P1234, DOL 2012 74622013 2017 Tixier F,2014,1 NUCL MED, V35, 1235, DOI 2014 15362016 2018
Chang CC, 2011, ACM TINTEL SYST TEC, V2. PO, DOI 2011 22822013 2016 e Nyflot MJ, 2015, ] MED IMAGING, V2, PO, DOL 2015 1522016 2018  —
Ganeshan B, 2010, CANCER IMAGING, V10, P137. DOI 2010 8142013 2015 e Ne F.2013, RADIOLOGY, V266, P177, DOI 2013 12652016 2018
Cook GIR, 2013,1 NUCL MED, V54, P19, DOI 2013 33052014 2008 Leijenaar RTH, 2015, ACTA ONCOL., V54, P1423, DOI 2015 12632016 2018 s
Ganeshan B, 2012, EUR RADIOL, V22, P796, DOI 2012 23382014 2017 P Bauer $, 2013, PHYS MED BIOL. V58, PO, DO 2013 11292016 2018
Tixier F, 2011, NUCL MED, V52, P369, DOl 2001 21622014 2016 o Ng F, 2013, EUR J RADIOL, V82, P342, DOI 2013 10.842016 2018 PR
Gerlinger M, 2012, NEW ENGL J MED, V366, P83, DOI 2012 18112014 2017 Velazquez ER, 2013, SCI REP-UK, V3, PO, DOI 2013 10842016 2018
Vaidya M. 2012, RADIOTHER ONCOL. V102, P239, DOI 2012 15772014 2017 Velazquez ER, 2012, RADIOTHER ONCOL, V105, P167, DOI 2012 10132016 2017 —
Jemal A, 2011, CA-CANCER J CLIN, V61, P69 2011 8512014 2016 Brooks FJ, 2014,1 NUCL MED, V55, P37, DOI 2014 10022016 2018
Aerts HIWL, 2014, NAT COMMUN, V5, PO, DOI 2014 95692015 2020 | —— Prasoon A, 2013, LECT NOTES COMPUT SC, V8150, P246, DOL 2013 9942016 2018 —
Leijenaar RTH, 2013, ACTA ONCOL, V52, P1391, DOI 2013 4352015 2018 Fried DV, 2016, RADIOLOGY, V278, P214, DOI 2016 9942016 2018 i —
Ciresan DC, 2013, LECT NOTES COMPUT SC, V8150, P41, DOI 2013 31942015 2018 cm—m Ciresan D, 2012, ADV NEURAL INFORM PR, V0. P2843, DOL 2012 9532016 2017 P
Parmar C, 2014, PLOS ONE, V9, PO, DOI 2014 30452015 2018 S Yip$, 2014, PLOS ONE, V9, PO, DOI 2014 9482016 2018 P
Clark K, 2013, J DIGIT IMAGING, V26, P1045, DOI 2013 28382015 2018 Girshick R, 2014, PROC CVER IEEE, VO, PS80, DOI 2014 9382016 2020 e
2013 2352005 2008 Farabet C, 2013, IEEE T PATTERN ANAL, V35, P1915, DO 2013 8932016 2017 —
Ganeshan B, 2013, RADIOLOGY, V266, P326, DO 2013 23052015 2018 e Asselin MC, 2012, EUR J CANCER, V48, P47, DOL 2012 8932016 2017 p—
Parmar C, 2015, SCI REP-UK, V5, PO, DOL 2015 22982015 2018 — Doumou G, 2015, EUR RADIOL, V25, P2805, DOI 2015 8662016 2018 e
Tixier F, 2012, NUCL MED, V53, P693, DOI 2012 22912015 2017 ___ Weiss GJ, 2014, PLOS ONE, V9, PO, DOI 2014 8582016 2018 —
Chicklore $, 2013, EUR J NUCL MED MOL I, V40, P33, DOI 2013 22162015 2018 Gu YH, 2013, PATTERN RECOGN, V46, P692, DOI 2013 8132016 2018
Balagurunathan Y, 2014, TRANSL ONCOL., V7, P72, DOI 2014 21812015 2018 o —— ‘Shin HC, 2013, IEEE T PATTERN ANAL, V35, P1930, DOI 2013 8.132016 2018 P—
Gevaert 0, 2012, RADIOLOGY, V264, P387, DOL 2012 20552015 2017 OConnor JPB, 2015, CLIN CANCER RES, V21, P249, DOI 2015 8062016 2018 e ——
Coroller TP, 2015, RADIOTHER ONCOL. V114, P345. DOI 2015 2042015 2018 —— Mu W, 2015, PHYS MED BIOL, V60, PS123, DOI 2015 7682016 2018 —
Bengio Y, 2013, IEEE T PATTERN ANAL, V35, P1798, DO 2013 19942015 2018 e Sottoriva A, 2013, PNATL ACAD SCI USA, V110, P4009, DOL 2013 7682016 2018 —
Fried DV, 2014, INT J RADIAT ONCOL, V90, P834, DOL A4 19120152018 | — Bundschuh RA, 2014, ] NUCL MED, V55, P91, DOI 2014 7682016 2018 s
Hatt M. 2013, EUR J NUCL MED MOL I, V40, P1662, DOI 2013 18172015 2018 Grove 02015, PLOS ONE. V10, PO, DOL 2015 7342016 2018 B
Win T, 2013, CLIN CANCER RES, V19, P3591, DOI 2013 17732015 2018 o Fave X, 2015, COMPUT MED IMAG GRAP, V44, P54, DOI 2015 7312016 2018 e
Gatenby RA, 2013, RADIOLOGY, V269, PS, DOI 2013 17732005 2018 Fang YHD, 2014, BIOMED RES INT, V2014, PO, DOI 2014 7262006 2017
Orlhac F, 2014, ] NUCL MED, V55, P414, DOI 014 1662015 2018 ——— Jia YQ. 2014, PROCEEDINGS OF THE 2014 ACM CONFERENCE ON MULTIMEDIA (MM14), V0, P675, D01 2014 18.18 2017 2020 I
Gutman DA, 2013, RADIOLOGY, V267, P560, DOI 2013 14622015 2018 Wang HB, 2014, ] MED IMAGING, V1, P0, DOI 2014 11492017 2018 —
Gevaert 0.2014, RADIOLOGY, V273, P168. DOL 2014 13542015 2018 e —— Ganeshan B, 2013, CANCER IMAGING, V13, P140, DOI 2013 11492017 2018 —
Siegel R, 2014, CA-CANCER J CLIN, V64, P9, 2014 13012015 2018 o — Zeiler MD, 2014, LECT NOTES COMPUT SC, V8689, P818, DOL 2014 11382017 2020 ——
Tan S, 2013, INT J RADIAT ONCOL. V85, P1375, DOI 2013 11962015 2018 Yosinski 1,2014, ADV NEUR IN, V27, PO 2014 10822017 2020 S —
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FIGURE 7 | This is the knowledge map of the most cited keywords in this field. Each node represents a keyword, and the sizes of rings on the node denote the
number of publications related to the keyword in a certain year. This map suggests the hotspots in this research field.

“statistics”, “intensity-modulated radiotherapy,” and “genomics”  reproducibility and statistical methods of radiomics, the
are keywords with recent citation bursts, and the term “test  relationship between radiomics and genomic types, and
retest” achieves the highest burst strength and the longest  applications of radiomics to sarcomas and intensity-modulated
duration for 2016 to 2020. These keywords indicate that the  radiotherapy are major focuses of research in this field.
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Top 60 Keywords with the Strongest Citation Bursts

FIGURE 8 | Detection of top 60 keywords with the strongest citation bursts.
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TABLE 2 | Top 5 keywords in the network burst recently.

Rank Keywords Strength Begin End
1 Test retest 5.97 2016 2020
2 Genomics 3.82 2018 2020
3 Sarcoma 4.7 2019 2020
4 Statistics 4.1 2019 2020
5 Intensity-modulated radiotherapy 3.91 2019 2020

DISCUSSION

To our knowledge, this is the first bibliometric analysis of
radiomics in oncology. This article provides an in-depth and
visualized analysis of publications of this field, which may help
researchers gain a basic understanding, develop areas of focus
and trends and pursue further practice in this field.

The 10 leading countries include four Asian countries, two
American countries, and four European countries. The USA has
contributed a great volume of publications (2,280) and has
collaborated frequently with other countries. Publications from
the USA and China comprise >40% of all publications. Among
the 10 leading institutional contributors, the Chinese Academy
of Sciences ranks highest in terms of volume. Furthermore, six of
the 10 leading institutional contributors are Chinese universities.
However, even with the country’s large volume of publications
and despite including three of the five most prolific institutions,
collaboration in China has been rare and limited, suggesting that
although China has been carrying out radiomics research in
oncology for the last decade, extensive collaborative work
is needed.

Scientific Reports has been the leading contributions in this field
with an IF of 3.998. Radiology has published fewer publications but
is the most cited and hence may be viewed as an influential journal
in this field with a high IF of 7.931; several ground-breaking
articles have been published in Radiology (8, 9, 35).

We list the 10 leading contributing authors and the 10 most
frequently cited authors. These authors have devoted themselves to
conducting research in oncology radiomics and laid the foundation
of basic knowledge in this field. Supplementary Figure S5 shows
the corelationships of authors, which may indicate collaboration.
With more than 100 publications, Jie Tian is the most prolific
author with an H-index of 65. In 2016, to assist researchers in
evaluating malignancy uncertainty, Jie Tian and his team developed
a multicrop convolutional neural network to effectively characterize
nodules instead of carefully segmenting using imaging and time-
consuming feature extraction procedures (36). With the most
citations of the 10 leading co-cited authors, Philippe Lambin is
considered a pioneering and influential researcher in this field. He
was the first to define radiomics and has made substantial efforts to
standardize radiomics research (2, 8).

Among the 10 most cited references, an article by Robert J. Gilles
et al. has been cited most, as this work provides basic information
for researchers seeking to participate in radiomics research on work
procedures, applications, challenges, and potential uses (9). In
addition, three of the five most influential references focus on
algorithms or basic knowledge of this field (37-39).

Keywords can represent areas of focus in a given field as
shown in Figure 7, and we identified “artificial intelligence,”
“tumors,” “classification,” “segmentation,” and “diagnosis” as
areas of focus in this field. We summarize these areas as follows:
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Frontiers in Oncology | www.frontiersin.org 32

September 2021 | Volume 11 | Article 689802


https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

Ding et al.

Bibliometrics of Radiomics in Oncology

1. AL: Much of the development of radiomics relies on Al
algorithms, as they can mimic human performance. To date,
Al algorithms have been most widely used in radiomics in
oncology. In fact, the development of Al can directly influence
this field. In the past, radiomics studies most rely on traditional
machine learning methods: the random forest, decision tree,
and regression algorithms. These algorithms mostly rely on
manual segmentation, require a huge amount of matrix
manipulations, and can only perform well in small given
datasets. These time-consuming processes hindered the
applications of radiomics studies. Unlike the traditional
machine learning methods, deep learning is a subset of Al
that can acquire discriminative features from data. Instead of
requiring experienced radiologists to evaluate medical images,
deep learning algorithms excel at delineating and monitoring
cancerous lesions and can translate medical images into
quantitative data to be automatically analyzed. This approach
has been most frequently applied in radiomics in oncology (40,
41). Moreover, radiomic models integrated by Al algorithms
and clinical features can increase the capacity to judge individual
treatment. With efforts made to develop Al technology, ground-
breaking AI algorithms may enable computers to act more
similar to human beings in the future.

2. Oncology, radiomics, diagnosis, and classification: When
analyzing a medical image, clinicians usually depend on their
personal experience, which is subjective, and results therefore
vary among different radiologists (41). By applying quantitative
data extracted from medical images for analysis, radiomics
provides a new objective means using Al algorithms to detect
lesions. Radiomics research today mainly focuses on diagnosis
and classification (42, 43). For example, a computer-assisted
diagnosis system can automatedly identify cancerous lesions
with images and videos (44), and researchers have made
considerable efforts to build radiomics models to classify
identical cancerous lesions and lymph node status (5, 45).

3. Segmentation: To achieve reliable radiomic models in
oncology, robustly and precisely delineating lesions is
essential. However, traditional manual segmentation usually
takes a very long time to perform, generates interobserver
variability, and requires the involvement of experienced
radiologists for analysis. To address these problems, automated
segmentation methods have been established in radiomic
research in oncology (46, 47).

Our burst detection results of references reveal articles that
have attracted the attention of peer scientists (34). It seems that
the ground-breaking articles and reviews with the highest
citation burst strength and longest durations were published in
2015 (35). Since citation bursts may help researchers obtain a
quick review of research focuses and perspectives, below we list
some recent radiomic studies identified by citation burst
detection that may be defined as ground-breaking works in
this field in leading prospective research:

1. Some radiomic signatures have prognostic power, and there
is a prognostic radiomic signature associated with underlying
gene expression patterns (35);

2. Researchers have built a prostate cancer MRI computer-aided
detection system evaluated on a per-patient basis and compared
with the prospective performance of radiologists (48);

3. Multiparametric MRI has been used to accurately locate and
segment rectal cancer (49);

4. Researchers have found that the preprocessing of CT images
may influence feature volume dependence and its significance in
univariate analysis models (50);

5. Using simple linear regression, a subset of radiomic features
extracted from CT and cone-beam CT images can be
interchangeable, and cone-beam CT radiomics can be used
as a prognostic imaging biomarker (51).

We also found that radiomics research in oncology may focus
on the following five keywords: test-retest, sarcoma, statistics,
intensity-modulated radiotherapy, and genomics. These terms
may reflect prospective areas of focus in radiomics for oncology
and are summarized as follows:

1. Test-retest and statistics: Test-retest methods involve repeating
the process of acquiring medical images to test the stability of
radiomic features that they may generate. As there are many
radiomics models based on various imaging parameter settings
and algorithms, test-retest studies of these radiomics features
have become essential for future applications. Researchers in this
field have engaged in examining the reproducibility of radiomic
features (52-54). However, according to a systematic review by
Alberto Traverso et al, under different settings, there is no
consensus on the most reproducible features (55). Moreover, the
statistical method used in radiomics is of great significance. To
conduct radiomic research of high quality, standardized
statistical methods are essential (56, 57). Likewise, different
facilities or radiologists involved during the acquisition of
medical images and various analysis algorithms used may lead
to bias in radiomics models. Sometimes, owing to the
nonstandardized procedure of medical imaging, pictures are
too distorted or of low resolution to be read by an Al algorithm.
Inexperienced doctors may also fail to identify lesions. Such bias
may lead to the conversion of the output result when
establishing a radiomic model. Thus, future research may
focus on the reproducibility of radiomics models.

2. Sarcoma: To date, radiomics has been used in the classification
(58) and prediction of metastasis for sarcomas (59); additionally,
nomograms have been used in survival prediction (60) for
sarcomas. There have been relatively few radiomic analyses of
sarcomas, since the prevalence of this disease is relatively low.
However, this result implies that more radiomic studies should
focus on sarcomas.

3. Intensity-modulated radiotherapy: Researchers have used
radiomic models to predict patients’ responses to intensity-
modulated radiotherapy (25, 61). As datasets expand, further
applications of radiomics in predicting prognosis for patients
undergoing radiotherapy may be identified.

4. Genomics: Radiogenomics involves the use of data generated
by radiomic analysis to correlate with genomic patterns.
Evidence has shown that radiomics features are correlated
with gene patterns (35, 62, 63). Radiomic features that do not
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relate to gene types may supply independent information,
which may enable precision medicine (9).

Our study has some limitations. First, we only focus on
literature included in the WoSCGC; thus, not all publications are
considered and citation counts may be underestimated. Second,
CiteSpace only analyses the main conclusions of publications
instead of reviewing full texts; thus, some information may have
been overlooked. Finally, our results only reflect the current state
of radiomics research in oncology, as data are typically prone to
frequent changes.

To our knowledge, this is the first analysis of radiomics in
oncology conducted from the perspective of bibliometrics. The
presented results may help researchers gain a basic understanding
and detect areas of focus and trends and may encourage further
practice in this field.

CONCLUSION

Due to advances in technology, radiomics in oncology has
significantly evolved over the past decade. According to results
found through CiteSpace, we can conclude that current studies in
this field focus on Al algorithms and on using radiomics to realize
automated segmentation and classify and diagnose lesions.

Such a trend may be attributed to the rapid growth of Al
algorithms, which can identify medical images. Researchers have
used this new tool to train machines to identify lesions. Many
articles on such issues have emerged in the last decade. This may
explain why in recent decades the number of papers in this field has
sharply increased. However, even with Al algorithms surpassing the
performance of physicians, we must carefully validate them.

Since CNN is the most widely used Al algorithm in this field,
the terms “test-retest” and “statistics” were identified during our
burst detection of keywords. This finding is attributed to the
characteristics of CNN itself. Unlike other algorithms, CNN
requires magnitude data to train models. When such data are
available, CNN can establish a robust model with high precision
for clinical decision-making. However, the accessibility of medical
data is always limited, and many studies mainly establish their
models based on relatively small datasets. Such models may
perform well only for the studied datasets. Meanwhile, a given
CNN network can only perform a single defined task based on the
given labels and dataset. In regard to combining several radiomic
models in identifying the same oncolesions, relabeling images and
retraining models may be needed due to the limitations of CNN.
Therefore, model test-retest and statistical methods are likely to be
widely used in future work in this field. The identification of
robust features and use of standardized statistical methods may
offer opportunities for the combination of various CNN models. If
this can be eventually achieved, robust CNN models may be
developed and may surpass the capacities of human beings. Thus,
with the application of CNN models, researchers can realize their
limitations. The field will thus develop with the use of a new kind
of algorithm that may overcome the limitations of the CNN
network (1, 64).

From our findings, we must note that not all kinds of lesions have
received equal attention. According to the provided evidence, lung,
breast, and prostate cancer have been the most frequently studied
malignancies. According to 2020 cancer statistics (65), some of the
most prevalent cancers have not been widely studied, including
colon and rectum tumors, bladder cancer, kidney cancer, etc.
Additionally, some region-related cancers, including liver, gastric,
and oral cancer (66), which are major forms of malignancy in Asia,
have been less widely reported on. This may relate to barriers of
radiomics technology and poor cross-country collaboration.
“Sarcoma” was highlighted in the burst detection analysis,
indicating that research has focused on this field; however, only a
few studies have specifically investigated this type of malignancy.
This trend may be due to the relatively low disease incidence and fast
progression of the disease, rendering the availability of imaging
datasets more constrained. An increased use of radiomics to
diagnose the above less-reported malignancies may accompany
the development of Al algorithms and the sharing of databases
across regions and countries.

Intensity-modulated radiotherapy and genomics may be more
heavily integrated with radiomics in the future, potentially because
it usually takes a long time to establish a radiomic model that can
predict the survival rate of intensity-modulated radiotherapy.
With the establishment of a large dataset, the use of radiomics
to predict the prognoses of patients undergoing such therapy may
increase in the future. Additionally, studies have found
relationships between cancerous lesions and their gene patterns.
Since radiomics is a risk-free means to examine the gene patterns
of oncology, it may become the next area of focus of this field.

In conclusion, with active participation and regulated
practices, radiomics may be applied in every phase of oncology
treatment, which could further advance the development of
oncology and will likely change the state of oncology imaging.
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Objective: This study aimed to develop a dual-energy spectral computed tomography
(DESCT) nomogram that incorporated both clinical factors and DESCT parameters for
individual preoperative prediction of lymph node metastasis (LNM) in patients with
colorectal cancer (CRC).

Material and Methods: We retrospectively reviewed 167 pathologically confirmed
patients with CRC who underwent enhanced DESCT preoperatively, and these patients
were categorized into training (n = 117) and validation cohorts (n = 50). The
monochromatic CT value, iodine concentration value (IC), and effective atomic number
(Eff-2) of the primary tumors were measured independently in the arterial phase (AP) and
venous phase (VP) by two radiologists. DESCT parameters together with clinical factors
were input into the prediction model for predicting LNM in patients with CRC. Logistic
regression analyses were performed to screen for significant predictors of LNM, and these
predictors were presented as an easy-to-use nomogram. The receiver operating
characteristic curve and decision curve analysis (DCA) were used to evaluate the
clinical usefulness of the nomogram.

Results: The logistic regression analysis showed that carcinoembryonic antigen,
carbohydrate antigen 199, pericolorectal fat invasion, ICAP, ICVP, and Eff-ZVP were
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independent predictors in the predictive model. Based on these predictors, a quantitative
nomogram was developed to predict individual LNM probability. The area under the curve
(AUC) values of the nomogram were 0.876 in the training cohort and 0.852 in the validation
cohort, respectively. DCA showed that our nomogram has outstanding clinical utility.

Conclusions: This study presents a clinical nomogram that incorporates clinical factors
and DESCT parameters and can potentially be used as a clinical tool for individual
preoperative prediction of LNM in patients with CRC.

Keywords: tomography, X-ray computed, colorectal cancer, lymph node metastasis, nomogram

INTRODUCTION

According to the latest global cancer statistics, colorectal cancer
(CRC) is ranked among the top three cancers in terms of both
prevalence and mortality, and its incidence is increasing (1).
Accurate preoperative evaluation of lymph node metastasis
(LNM) is critical to making a precise treatment plan and
evaluating patient prognosis (2, 3). Although histopathological
features such as tumor differentiation and lymphatic invasion are
closely related to LNM, these features are only available
postoperatively and provide limited clinical guidance (4).
Accurate assessment of LNM preoperatively provides valuable
information for patients with CRC to choose the optimal
treatment plan, thereby improving their prognosis.

Despite clinical advances, LNM evaluation remains a
challenging issue for radiologists. Non-invasive radiological
modalities, such as CT, magnetic resonance imaging, and
endoluminal ultrasonography, have been widely utilized in the
evaluation of LNM in clinical practice. However, these imaging
methods cannot accurately evaluate LNM using criteria such as
short-axis diameter, signal heterogeneity, shape, and boundary
(2, 5, 6). Therefore, developing more sensitive diagnostic tools
for the preoperative prediction of LNM in patients with CRC
patients is imperative.

The application of dual-energy spectral computed tomography
(DESCT) is considered a milestone in the history of CT diagnosis.
DESCT expands the single parameter scanning mode of
conventional CT, providing multiple quantitative parameters,
such as monochromatic images at energy levels of 40~140 keV,
material decomposition images (such as iodine-based or water-
based decomposition images), and effective atomic number (Eff-Z)
images. Based on this advantage, DESCT has been widely applied
in clinical practice for such uses as CRC grading, malignant lymph
node (LN) identification, neoadjuvant treatment therapy response
evaluation, and microsatellite instability status evaluation (7-10).
Previous studies have evaluated the value of DESCT in
distinguishing metastatic and non-metastatic LNs preoperatively

Abbreviations: AP, arterial phase; CA125, carbohydrate antigen 125; CA19-9,
carbohydrate antigen 199; CEA, carcinoembryonic antigen; CRC, colorectal
cancer; CI, confidence interval; DCA, decision curve analysis; DESCT, dual-
energy spectral CT; Eff-Z, effective atomic number; IC, iodine concentration;
ICC, intraclass correlation coefficients; LNM, lymph node metastasis; PFI,
pericolorectal fat invasion; ROC, receiver operating characteristic; ROI, region
of interest; TGP, tumor gross pattern; VP, venous phase.

in CRC (8, 11); however, the ability of DESCT for predicting LNM
in primary CRC has not been evaluated. Several nomograms have
been developed to predict LNM in CRC (4, 6, 12). Huang et al.
developed a nomogram to predict LNM of CRC based on CT
radiomics features; the nomogram showed good predictive
performance in both training and validation cohorts. Li et al
proposed a clinical-radiomics nomogram with a combination of
clinical risk factors and radiomics features for preoperative
prediction of LNM in patients with CRC; the nomogram had
moderate discrimination performance. Zhou et al. established a
nomogram for LNM prediction in patients with rectal cancer
based on clinical factors; the AUC of the nomogram was 0.743 in
the training cohort and 0.777 in the validation cohort. However, it
is not clear whether incorporating clinical risk factors and DESCT
parameters in a nomogram would improve its predictive ability for
LNM in patients with CRC. Therefore, the purpose of our study
was to develop a clinical-DESCT nomogram that incorporated
both clinical factors and DESCT parameters for individual
preoperative prediction of the risk of LNM in CRC.

MATERIALS AND METHODS

Patients

This study was approved by the Institutional Review Board of
Lanzhou University Second Hospital Medical Ethics Committee,
and the requirement for informed consent was waived. We
retrospectively evaluated all patients seen at our hospital
between February 2015 and November 2019; eligible patients
were those with pathologically confirmed CRC who underwent
curative resection with LN dissection and who had received
abdominal enhanced DESCT imaging before surgery. A flow
diagram of the recruitment pathway, including inclusion and
exclusion criteria, is shown in Figure 1. A total of 167 patients
were identified and included in our study (85 with colon cancer;
82 with rectal cancer), and these patients were categorized into
the training and validation cohorts. Clinical data and
preoperative tumor serologic data were collected by reviewing
the medical records of patients. Data collected were age,
sex, tumor location, preoperative carbohydrate antigen 199
(CA19-9), preoperative carbohydrate antigen 125 (CA125), and
preoperative carcinoembryonic antigen (CEA) levels. The status
of LNM was evaluated by trained pathologists. The LN-positive
group was characterized by the presence of one or more
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FIGURE 1 | A flow diagram of patient recruitment, including inclusion and exclusion criteria.

metastatic LNs, while the LN-negative group was defined by
normal healthy LNs.

DESCT Imaging

All patients underwent bowel preparation before the
examination. Contrast-enhanced abdominal dual-energy CT
scans were performed using a Discovery CT750 HD system
(GE Healthcare, Waukesha, WI, USA) in the supine position.
The energy spectrum CT scanning protocol was as follows: fast
tube voltage switching between 80 and 140 kVp; tube current,
350 mAs; rotation time, 0.75 s; pitch, 0.984:1; and reconstructed
layer thickness, 1.25 mm. Patients were intravenously injected
with iodixanol (1 ml/kg) at an injection rate of 3.5-4.5 ml/s using
a high-pressure dual-cylinder injector. Arterial phase (AP) and
venous phase (VP) imaging were performed 25-30 and 60-70 s
after the administration of contrast agent, respectively.

Image Postprocessing and Analysis

Raw CT imaging data were transferred to a GE ADW 4.6
workstation (GE Healthcare, Milwaukee, WI, USA). Gemstone
Spectral Imaging (GSI) viewer software was used to
quantitatively evaluate virtual monochrome images with a
default of 70 keV, iodine-based decomposition images, and Eff-
Z images. Two radiologists with more than 5 years of experience

in gastrointestinal radiology performed the image analysis. Both
radiologists were blinded to the clinical and pathological data of
the patients. The maximum tumor thickness was defined as the
maximum diameter perpendicular to the long axis on the cross-
sectional image. Pericolorectal fat invasion (PFI) was defined as
the extension of the primary tumor beyond the muscularis
propria and its invasion of the pericolorectal fat. Clinical
tumor (cT) stage was evaluated according to the eighth edition
of the American Joint Committee on Cancer Staging system (13).
Two radiologists independently drew circular regions of interest
(ROIs) at the maximum slice of the tumor with an average area
of 97.27 mm? on 70 keV monochromatic images in the AP and
VP. Previous studies have shown that 70 keV monochromatic
images may provide an optimal trade-off between sensitivity and
specificity for abdominal lesion analysis (14). ROIs were placed
on solid areas to avoid vascular, necrotic, and cystic changes as
much as possible. Tumor monochromatic CT values, iodine
concentration (IC) values, and Eff-Z values were generated
using the GSI viewer software package. To minimize bias, all
measurements were performed three times and the average of the
three values was taken as the final value. Examples of DESCT
images with ROIs for evaluating quantitative measurements in
two patients with CRC with and without LNM are shown in
Figures 2 and 3, respectively.
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FIGURE 2 | An example of dual-energy spectral computed tomography (DESCT) images with regions of interest (ROIs) for evaluating quantitative measurements in a
63-year-old man with ascending colon cancer that was pathologically confirmed to have lymph node metastasis (LNM). ROIs were placed in the arterial phase (A)
and the venous phase (D) of the 70-keV monochromatic images. Concurrently, ROls were copied to the arterial phase (B) and the venous phase (E) of iodine-based
material decomposition images and the arterial phase (C) and the venous phase (F) of the effective atomic number images. Local lymphadenopathy is presented in
front of the right psoas major (white arrow) at both the arterial phase and venous phase (A-F).

Statistical Analysis

All statistical analyses were performed using the R statistical
software package (version 3.6.3; http://www.Rproject.org).
Student’s t-test or Mann-Whitney U tests were used to
compare continuous variables between the LN-positive and the
LN-negative groups. Chi-square tests or Fisher’s exact tests were
used to compare categorical variables. A two-sided p-value <0.05
was considered statistically significant. The intraclass correlation
coefficient (ICC) was used to calculate the consistency of
measurements between the two radiologists. The statistically
significant features in the univariate analysis were included in a
multivariate logistic regression analysis. Backward stepwise
selection was applied, in which the stopping rule was the
likelihood ratio test with Akaike’s information criterion. A
multivariable logistic regression analysis was performed to
select parameters with predictive significance for LNM. A
quantitative and easy-to-use nomogram was built based on the
final regression coefficient and designed to predict the individual
probability of LNM. Receiver operating characteristic curve
(ROC) analysis was used to evaluate the diagnostic capabilities
of the nomogram, including calculation of the AUC value and
95% confidence interval (CI). The accuracy, sensitivity,
specificity, positive predictive value (PPV), and negative
predictive value (NPV) were also calculated. To verify the
clinical usefulness of the nomogram, we quantified the net

benefit at different threshold probabilities in the data set using
decision curve analysis (DCA).

RESULTS

Interobserver Agreement

Substantial interobserver agreement between the two radiologists
was noted for all measurements. The ICCs for the 70-keV
monochromatic CT values in the AP (CTAP), CT values in the
VP (CTVP), IC values in the AP iodine concentration in the
arterial phase (ICAP), IC values in the VP iodine concentration
in the venous phase (ICVP), maximum tumor thickness, Eff-Z in
the AP (Eft-ZAP), Eff-Z in the VP (Eff-ZVP), PF], and cT stage
were 0.912, 0.905, 0.928, 0.938, 0.922, 0.894, 0.887, 0.915, and
0.846, respectively.

Associations Between Clinical Variables
and LNM

A total of 167 patients with CRC were included in the final
analysis. The LN-positive group comprised 70 patients, with an
average age of 60.07 + 12.86 years, and 54.3% of the patients were
males. The LN-negative group comprised 97 patients, with an
average age of 59.83 + 12.15 years, and 60.8% of the patients were
males. We used stratified sampling to categorize the study cohort
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phase (C) and venous phase (F) of the effective atomic number images.

FIGURE 3 | An example of DESCT images with ROls for evaluating quantitative measurements in a 75-year-old man with ascending colon cancer that was
pathologically confirmed to have non-metastatic lymph nodes. ROIls were placed in the arterial phase (A) and the venous phase (D) of the 70-keV monochromatic
images. At the same time, ROIs were copied to the arterial phase (B) and the venous phase (E) of iodine-based material decomposition images and the arterial

into a training cohort (n = 117) and a validation cohort (n = 50).
The training cohort was used for model building, while the
validation cohort was used for internal validation of the model.
Patient and tumor characteristics in the training and validation
cohorts are listed in Table 1.

In the training cohort, the LN-positive group showed higher
CA19-9 level and PFI compared with the LN-negative group (all
p-values <0.05; Table 1). The values for the DESCT parameters
ICAP, ICVP, and Eft-ZVP were also significantly higher for the
LN-positive group compared with those for the LN-negative
group (all p-values <0.05; Table 1). There were no significant
differences in other clinical factors and tumor DESCT
parameters between the LN-positive group and the LN-
negative group in the training cohort (all p-values >0.05).

Prediction Model Analysis

Logistic regression analysis showed that CEA level, CA19-9 level,
PFI, ICAP, ICVP, and Eff-ZVP were independent predictors in
the predictive model. Based on these predictors, the following
five predictive models were established to predict the individual
probability of LNM: one clinical model, three DESCT models,
and one combined clinical-DESCT model (Table 2). Figure 4
shows the classification performance of the spectrum-AP model,
spectrum-VP model, and spectrum-combined model. The AUC
values of the spectrum-AP model, spectrum-VP model, and
spectrum-combined model were 0.742 (95% CI, 0.652-0.831),

0.742 (95% CI, 0.648-0.835), and 0.786 (95% CI, 0.701-0.871),
respectively, in the training cohort, and they were 0.763 (95% CI,
0.629-0.897), 0.695 (95% CI, 0.541-0.848), and 0.745 (95% ClI,
0.600-0.891), respectively, in the validation cohort.

We developed a clinical-DESCT model that combined two
clinical features: one morphological image feature and three
DESCT parameters; the model was presented as a quantitative
nomogram (Figure 5A). We found that the nomogram had higher
prediction contributions than the clinicoradiological model or
spectrum models (Table 2 and Figure 6). The AUC, accuracy,
sensitivity, specificity, PPV, and NPV were 0.876, 0.812, 0.755,
0.853, 0.787, and 0.829, respectively, in the training cohort, while
they were 0.852, 0.760, 0.762, 0.759, 0.696, and 0.815, respectively,
in the validation cohort. The DCA for the clinical-DESCT
nomogram, clinicoradiological model, and spectrum-combined
model is presented in Figures 5B, C. The clinical-DESCT
nomogram was more clinically useful, i.e., it predicted the risk
of LNM more accurately than the single clinicoradiological model
and single spectrum-combined model in the training and
validation cohorts. The DCA demonstrated that the nomogram
had the highest clinical benefit when the threshold probability was
22.6%-58.3% in both training and validation cohorts. The best
threshold obtained from ROC was 0.502, which falls within this
interval, indicating that the nomogram had the highest
performance and clinical benefit among other models in
this study.
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TABLE 1 | Clinical characteristics and DESCT parameters of CRC patients [mean + SD or no. (%)].

Characteristics Training cohort (n = 117)

LN metastasis (-) LN metastasis (+)

Age (years) 60.04 + 12.09 60.41 + 11.58
Gender

Female 28 (41.2) 19 (38.8

Male 40 (58.8) 30 (61.2)

Tumor location

Left 46 (67.6) 32 (65.3

Right 22 (32.4) 17 (34.7)
CEA level

Normal 44 (64.7) 23 (46.9

Abnormal 24 (35.9) 26 (53.1)
CA125 level

Normal 64 (94.1) 44 (89.8)

Abnormal 4 (5.9 5(10.2)
CA19-9 level

Normal 62 (91.2) 32 (65.9)

Abnormal 6 (8.9 17 (34.7)
Maximum diameter (cm) 20.75 + 10.37 20.36 + 7.09
cT stage

T1-2 20 (29.4) 10 (20.4)

T3-4 48 (70.6) 39 (79.6
Gross tumor pattern

Non-polypoid 60 (88.2) 39 (79.6

Polypoid 8(11.8) 10 (20.4]
Pericolorectal fat invasion

No 40 (58.8) 7(14.3)

Yes 28 (41.2) 42 (85.7)
ICAP 17.562 £ 4.53 20.65 + 3.19
ICVP 16,15 £ 2.25 17.36 £ 2.77
Eff ZAP 8.67 £ 0.30 8.79 £ 0.36
Eff_2ZVP 8.54 + 0.33 8.71 £ 0.30
CTAP (HU) 81.40 + 10.63 80.98 + 12.84
CTVP (HU) 74.00 £ 9.23 73.86 + 9.48

LN, lymph node.
DISCUSSION

To the best of our knowledge, this is the first study to construct a
clinical-DESCT model that combined clinical risk factors and
DESCT features of primary lesions for preoperative prediction of
LNM in patients with CRC. Herein, we first screened the
preoperatively available risk factors for independent predictors
using multivariate logistic regression analysis. Then, we
incorporated these clinical and DESCT risk factors into an
easy-to-use nomogram to facilitate their use in clinical practice.
The nomogram showed higher predictive accuracy than other
clinicoradiological and spectrum models for LNM both in the
training cohort and validation cohort. The DCA showed that the
actual benefits of the model were excellent. The clinical
application of this nomogram facilitates the individual
preoperative prediction of LNM and thus helps develop more
reasonable and effective therapeutic strategies.

Several previous studies identified metastatic and non-
metastatic LNs in CRC using DESCT. Liu et al. (11) used
energy spectrum CT to identify metastatic and non-metastatic
LNs in patients with rectal cancer; they found that when
combining NIC in the VP with the short-axis diameter, the
overall AUC was 0.819. Al-Najami et al. (8) evaluated the value
of dual-energy CT in identifying metastatic LNs in rectal cancer;

Validation cohort (n = 50)

p-value LN metastasis (-) LN metastasis (+) p-value
0.960 59.31 + 14.47 59.29 + 15.75 0.922
0.794 0.055
0 (34.5) 13 (61.9)
19 (65.5) 8 (38.1)
0.791 0.416
19 (65.5) 16 (76.2)
0 (34.5) 5 (23.8)
0.055 <0.001
20 (69.0) 4 (19.0)
9 (31.0) 17 (81.0)
0.387 0.647
25 (86.2) 19 (90.5)
4(13.8) 2(9.5)
<0.001 0.021
24 (82.8) 11 (52.4)
5(17.2) 10 (47.6)

0.564 21.69 + 11.52 22.93 + 9.51 0.438
0.271 0.184
7 (24.1) 2(9.5)

22 (75.9) 19 (90.5)

0.201 0.045
26 (89.7) 14 (66.7)

3(10.3) 7 (33.3)
<0.001 0.007
13 (44.8) 2(9.5)

16 (55.2) 19 (90.5)
<0.001 1714 + 4.28 20.43 + 3.75 0.002
<0.001 16.35 + 2.50 1714 £ 2.85 0.024
0.107 8.64 + 0.28 8.82 +0.34 0.101
0.004 8.54 + 0.36 8.64 +0.38 0.132
0.600 81.98 + 11.87 80.67 + 11.69 0.534
0.494 74.39 + 8.07 77.81 +9.94 0.400

several DESCT parameters showed moderate diagnostic
accuracy for LNM. However, these studies only focused on the
LNs, ignoring the features of the primary tumor.
Histopathological features of primary CRCs, such as tumor
differentiation and lymphatic invasion, are crucial for the
development of LNM (15). In the present study, we extracted
the DESCT parameters from the primary tumor and found that
there were significant differences in the DESCT parameters
between the LN-positive and LN-negative groups in both the
arterial and venous phases. DESCT parameters of arterial and
venous phases showed moderate predictive accuracy for LNM.

In our study, we found that preoperative CEA level, CA19-9
level, PFI, ICAP, ICVP, and Eff-ZVP were independent risk
factors for LNM. In terms of clinical features, high CEA and
CA19-9 levels are an important risk factor for LNM in patients
with CRC, as reported in previous studies (4, 6). Elevated CEA
and CA19-9 levels indicate increased tumor aggressiveness and
metastasis (6). In addition, the LN-positive group displayed a
higher incidence of PFI than did the LN-negative group in our
study. This finding shows that CRC with LNM has a more
aggressive behavior, involving LNs as well as peripheral fat
around the primary tumor. Preoperative PFI status was a
qualitative feature that could be easily obtained via CT
imaging. Our study found that PFI status was an independent
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TABLE 2 | Predictive performance of different models in training and validation cohorts.

Models Training cohort
AUC Accuracy Sensitivity Specificity PPV
Clinicoradiological ~ 0.769 0.701 0.857 0.588 0.600
(0.689- (0.609- (0.682— (0.308- (0.544~
0.848) 0.782) 0.943) 0.698) 0.623)
Spectrum-AP 0.742 0.709 0.898 0.574 0.603
(0.652— (0.618- (0.735- (0.326~ (0.554-
0.831) 0.790) 0.959) 0.706) 0.618)
Spectrum-VP 0.742 0.735 0.612 0.824 0.714
(0.648- (0.645- (0.347- (0.574- (0.586-
0.835) 0.812) 0.735) 0.912) 0.750)
Spectrum- 0.786 0.769 0.673 0.838 0.750
combined (0.701- (0.682- (0.306- (0.603- (0.577-
0.871) 0.842) 0.796) 0.927) 0.780)
Nomogram 0.876 0.812 0.755 0.853 0.787
(0.815- (0.729- (0.489- (0.691- (0.706-
0.936) 0.878) 0.878) 0.956) 0.811)

Validation cohort

NPV AUC  Accuracy Sensitivity Specificity PPV NPV
0.851 0.727 0.640 0.905 0.448 0.543 0.867
(0.750-  (0.598-  (0.492- (0.692— (0.252- (0.476-  (0.785-
0.871) 0.857) 0.771) 1.000) 0.640) 0.568) 0.903)
0.886 0.763 0.740 0.905 0.621 0.633 0.900
(0.816-  (0.629-  (0.597- (0.429~ (0.310- (0.450-  (0.818-
0.906) 0.897) 0.854) 1.000) 0.793) 0.656) 0.920)
0.747 0.695 0.600 0.571 0.621 0.522 0.667
(0.672-  (0.541-  (0.452- (0.381- (0.447- (0.421-  (0.590-
0.765) 0.848) 0.736) 0.905) 0.931) 0.633) 0.750)
0.781 0.745 0.680 0.571 0.759 0.632 0.710
(0.719-  (0.600-  (0.533- (0.381- (0.483- (0.533-  (0.609-
0.798) 0.891) 0.805) 0.811) 1.000) 0.709) 0.763)
0.829 0.852 0.760 0.762 0.759 0.696 0.815
(0.797-  (0.748-  (0.618- (0.429- (0.5652- (0.662-  (0.762-
0.844) 0.956) 0.869) 1.000) 0.931) 0.750) 0.844)

Clinicoradiological, fusion of clinical risks and radliological features, Spectrum-combined, fusion of spectrum-AP and spectrum-VP; Nomogram, fusion of clinical risks, radiological features,

and spectrum parameters.

AUC, area under the curve; Cl, confidence interval; PPV, positive predictive value; NPV, negative predictive value, AP, arterial phase, VP venous phase.
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FIGURE 4 | Comparison of the different spectrum models for the identification of LNM in patients with colorectal cancer in the training cohort (A) and validation

risk factor for LNM. Surprisingly, we found that DESCT
parameters such as ICAP, ICVP, and Eff-ZVP were also
independent predictors for LNM. These findings suggest that
quantitative imaging provides significant variables for the
construction of predictive nomograms. Therefore, we
combined both clinical risk factors and DESCT parameters
into the nomogram for preoperative prediction of LNM in
patients with CRC. We found that this nomogram had higher
predictive AUC and greater net benefits than single
clinicoradiological and single spectrum-combined models.
Hence, the clinical-DESCT combined model may be the most
promising approach to predict LNM in patients with CRC.

In this study, in terms of DESCT features, ICAP and ICVP
were significantly higher in the LN-positive group than in the

LN-negative group, and both ICAP and ICVP were independent
predictors for LNM in the multivariate analysis. ICs can evaluate
the degree of tumor vascularization as this measure can
quantitatively reflect the deposition of iodine in the tissue (10).
IC in the AP reflects the functional capillary density, while IC in
the VP reflects iodine equilibrium in the blood vessels (16).
Therefore, the ICs in the AP and the VP reflect the dynamic
distribution of iodine in the tumor tissue. Tumor angiogenesis is
closely related to tumor growth, progression, and metastasis (17,
18). Heterogeneity in tumor angiogenesis leads to differences in
the biological behavior of tumors, such as LNM (19). High
angiogenesis intensity is closely related to aggressive
histopathological features, such as LNM, in CRC (20-22). In
the present study, we found that the LN-positive group had
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significantly higher IC values than the LN-negative group,
suggesting that the primary tumors of patients with LNM had
a greater blood supply.

The Eff-Z is an indication of tissue density, i.e., the higher the
density, the higher the Eff-Z (23). In the present study, we found
that Eff-ZVP was statistically higher in the LN-positive group
than in the LN-negative group in the training cohort. The higher
Eff-Z values observed in the LN-positive group in our study
might indicate a relatively compact cell structure within the
tumor; this finding is consistent with previous reports (24). In a
recent investigation of ADC values in early and advanced colon
tumors, a significantly lower mean ADC value was observed in
advanced compared with early tumors, with an optimal
discrimination cutoff value of 1.179 x 107> mm?/s. The ADC
value has a negative correlation with the tissue cell density, i.e.,
the higher the density of the tissue, the lower the ADC value.

In the training cohort, we found that the predictive accuracy
of LNM in the spectrum-AP model was similar to that in the
spectrum-VP model and increased to 0.769 when the two phases
were combined. However, double DESCT scans increase the
radiation dose more than single DESCT scans. Further research
aimed at developing a technique to reduce the radiation dose is
necessary; for example, the application of multimodel iterative
reconstruction technology can reduce the radiation dose
effectively and improve the image quality (25).

This study has several limitations. First, owing to the
retrospective nature of the study, there was an inevitable selection
bias that should be addressed in future prospective and external
validation studies. Second, the number of patients in this study was
small, and the results should be further validated with larger
samples. Finally, we did not perform histopathologic-radiologic,
one-to-one matching of LNs, as this study focused on the primary
tumor and the peripheral LNs were not evaluated using DESCT.

In conclusion, we constructed a clinical-DESCT nomogram
that incorporates both clinical risk factors and DESCT
parameters, presenting a non-invasive and highly useful
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Objectives: To assess the predictive value of multiparametric MRI for treatment response
evaluation of induction chemo-immunotherapy in locally advanced head and neck
squamous cell carcinoma.

Methods: Twenty-two patients with locally advanced, histologically confirmed head and
neck squamous cell carcinoma who were enrolled in the prospective multicenter phase |l
CheckRad-CD8 trial were included in the current analysis. In this unplanned secondary
single-center analysis, all patients who received contrast-enhanced MR at baseline and in
week 4 after single-cycle induction therapy with cisplatin/docetaxel combined with the
immune checkpoint inhibitors tremelimumab and durvalumab were included. In week 4,
endoscopy with representative re-biopsy was performed to assess tumor response. Al
lesions were segmented in the baseline and restaging multiparametric MR, including the
primary tumor and lymph node metastases. The volume of interest of the respective
lesions was volumetrically measured, and time-resolved mean intensities of the golden-
angle radial sparse parallel-volume-interpolated gradient-echo perfusion (GRASP-VIBE)
sequence were extracted. Additional quantitative parameters including the T1 ratio, short-
Tlinversion recovery ratio, apparent diffusion coefficient, and dynamic contrast-enhanced
(DCE) values were measured. A model based on parallel random forests incorporating the
MRI parameters from the baseline MRI was used to predict tumor response to therapy.
Receiver operating characteristic (ROC) curves were used to evaluate the
prognostic performance.
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Results: Fifteen patients (68.2%) showed pathologic complete response in the re-biopsy,
while seven patients had a residual tumor (31.8%). In all patients, the MRI-based primary
tumor volume was significantly lower after treatment. The baseline DCE parameters of
time to peak and wash-out were significantly different between the pathologic complete
response group and the residual tumor group (p < 0.05). The developed model, based on
parallel random forests and DCE parameters, was able to predict therapy response with a
sensitivity of 78.7% (95% Cl 71.24-84.93) and a specificity of 78.6% (95% Cl 67.13-
87.48). The model had an area under the ROC curve of 0.866 (95% ClI 0.819-0.914).

Conclusions: DCE parameters indicated treatment response at follow-up, and a random
forest machine learning algorithm based on DCE parameters was able to predict
treatment response to induction chemo-immunotherapy.

Keywords: magnetic resonance imaging, dynamic contrast-enhanced imaging, DCE-MRI, head and neck cancer,
immunotherapy, multiparametric MRI

INTRODUCTION

Cancer immunotherapy is an emerging and highly promising
therapeutic approach in oncology. Immune checkpoint
inhibitors (ICIs), such as inhibitors targeting PD-1, PD-L1, and
CTLA-4, are approved for the treatment of different cancer types
such as melanoma, lung cancer, and head and neck squamous
cell carcinoma (1-8). Although effective, the overall response
rates for ICIs are approximately 15 to 20% for advanced
melanoma and non-small-cell lung cancer, while in other
tumor types the clinical response varies even more—from
approximately 10% to greater than 50% of patients (9-11).
Therefore, patient selection is crucial. An accurate prediction
of response prior to potential ICI treatment is desirable, but this
is still not established. Predictive biomarkers such as tumor PD-
L1 expression, microsatellite instability status, and tumor
mutational burden show an association with clinical response
among different cancer types (12-17). These predictive markers
require invasive tumor biopsy and the results may not be
representative because of tumor heterogeneity (18). Attempts
to correlate genetic heterogeneity in biopsy samples with FDG-
SUV or ADC values in PET/MRI were not successful in a small
cohort of patients with head and neck cancer (19). More recent
approaches focus on the predictive value of peripheral blood
immune cells (20).

Another challenge with IClIs is therapeutic evaluation and follow-
up. Immunotherapy can cause hyperprogression, an acceleration of
tumor growth after treatment, and pseudoprogression, an initial
increase in tumor size followed by morphological regression;
furthermore, a mixed response with shrinkage and growth of
lesions has been reported (21-23). Initial morphological imaging
alone may be misleading; therefore, revised Response Evaluation
Criteria in Solid Tumors (RECIST) such as iRECIST and
imRECIST have been established (23, 24). These criteria facilitate
and standardize follow-up, but in many cases uncertainty remains.
Functional imaging, e.g. '*F-fluorodeoxyglucose ('*F-FDG) PET/
CT, is commonly used to evaluate the tumor response after therapy
using the standardized uptake value (SUV) and total lesion

glycolysis (TLG). Response evaluation is performed by measuring
the SUV normalized by lean body mass (SUL); an increase in SUL
peak > 30% or the appearance of a new lesions is considered
progressive disease (25). Although '®F-FDG PET/CT can provide
additional information after treatment with chemotherapeutics,
"E.-FDG accumulates in inflamed tissue and can lead to false-
positive results due to pseudoprogression (26).

Dynamic contrast-enhanced (DCE) MRI is an important
diagnostic tool for several tumor types, e.g. prostate and breast
cancer. DCE MRI in breast cancer helps to screen high-risk
patients and is used to monitor the response to therapy and
detect carcinoma in situ (27, 28). In multiparametric MRI, the
apparent diffusion coefficient (ADC), tumor volume and the
difference of the DCE parameter Ktrans before and after
chemoradiation are correlated with the pathologic response
post chemotherapy for rectal cancer (29, 30). For head and
neck cancer, DCE MRI facilitates the diagnosis of cervical lymph
node metastases (31). Given the cost of treatment with ICIs, the
fact that only a subset of patients responds to this therapy, and
the difficulties in response evaluation, a noninvasive predictor
of therapy response is essential for personalized cancer
immunotherapy. Most of the studies evaluating radiomic
biomarkers in head and neck squamous cell carcinoma
(HNSCC) focus on CT; few used MRI or PET/CT, and a
validation cohort was only used in slightly more than half of
the studies (32).

This study aimed to create a predictive model for the response
assessment of induction chemo-immunotherapy using
multiparametric MRI in advanced HNSCC with biological
validation through biopsy.

MATERIALS AND METHODS

Study Design, Data Source, and

Image Acquisition

In this unplanned secondary single-center analysis of the
CheckRad-CD8 trial, the predictive value of multiparametric
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MRI was studied. Patients with locally advanced, histologically
confirmed HNSCC stage III-IVb (according to TNM
classification of malignant tumors 8" edition) of the oral
cavity, oropharynx, hypopharynx, or supraglottic larynx
received contrast-enhanced MRI at baseline and in week 4
after induction therapy with cisplatin [30 mg/m® body surface
area (BSA)] on days 1-3 and docetaxel (75 mg/m*> BSA) on day 1.
The anti-CTLA4 ICI tremelimumab (75 mg fixed dose) and the
anti-PDLI durvalumab (1500 mg fixed dose) were administered
on day 5. In week 4, endoscopy with representative re-biopsy was
performed to assess pathologic response and the density of
intratumoral CD8+ cells. In case no residual tumor was
clinically detected, biopsies were taken from the primary tumor
region. Patients with biopsies with no remaining tumor in a
sufficiently covered tumor bed in the re-biopsy were scored as
pathologic complete response (pCR). The results from the first
interim analysis of the induction period of the CheckRad-CD8
trial on safety and efficacy were recently reported by Hecht
et al. (33).

All MRI examinations were performed on a 3 Tesla MRI
following the institutional reference protocol (Magnetom Vida;
Siemens Healthineers, Erlangen, Germany).

» pre-contrast short-tau inversion recovery (STIR) T2-weighted
(T2w) slice thickness = 4 mm, coronal

* pre-contrast T2w STIR, slice thickness = 3 mm, transversal

e pre-contrast T1-weighted (T1w) turbo spin echo (TSE), slice
thickness = 3 mm, transversal

» diffusion-weighted imaging with apparent diffusion
coefficient (ADC) map, slice thickness = 5 mm, transversal

» gadobutrol (Gadovist, Bayer HealthCare Pharmaceuticals)
was administered to the patients (0.1 mmol/kg), followed
by a 30-mL saline flush via a power injector at a rate of
1 mL/s

* Golden-angle radial sparse parallel (GRASP) technique
(Siemens Healthineers) was applied to a transversal T1-
weighted volume-interpolated gradient-echo perfusion
sequence (VIBE), started 8 seconds before contrast
injection, obtained for each patient with the minimum
temporal offset available (2.5 s) over 338 s of total
acquisition time (34).

e post-contrast T1w TSE with fat saturation (fs), slice thickness =
3 mm, transversal

* post-contrast T1w TSE fs-dixon, slice thickness = 3 mm, coronal

A total of 22 patients from October 2019 to October 2020
were included. In one case, DCE imaging could not be acquired
at follow-up. All patients were male, and the median age was 61
years (interquartile range (IQR) 54-67.5 years).

Trial Oversight

The CheckRad-CDS8 trial is registered at ClinicalTrials.gov
(identifier: NCT03426657). The leading institutional review
board at the Friedrich-Alexander-Universitdt Erlangen-
Nirnberg (number: 131_18 Az) and all local ethic committees
approved the CheckRad-CD8 trial. All patients gave written

informed consent to all trial procedures, data protection
measures, and the scientific use of imaging data.

Definition of Pathological

Complete Response

The results were correlated with either residual tumor or
pathological complete response (pCR) after induction therapy
before the initiation of radiation. pCR was defined as the
complete absence of vital tumor cells in restaging biopsies.
Biopsies were considered to represent the former tumor bed if
significant regressive changes, i.e., fibrosis, bleedings, prominent
chronic and active inflammation, were present.

Image Analysis and Evaluation of
Prognostic Relevance

In both baseline and follow-up multiparametric MRI, all lesions
were manually segmented including the primary tumor (tumor
volume) and lymph node metastases (lymph node volume) by a
radiologist (KH, who was blinded to the clinical outcome) using
Annotation Client (Chimaera GmbH, Erlangen, Germany)
supervised by another radiologist with more than 15 years of
experience in oncologic imaging (TB). The sequence used for
delineation was the T1 weighted GRASP-VIBE sequence. The
whole tumor volume was defined as the combined volume of the
primary tumor and the lymph node metastases. The volume of
the respective lesions was measured, and time-resolved mean
intensities of the GRASP-VIBE sequence were extracted.

The GRASP-VIBE DCE values were analyzed with a custom-
built R script. Using this script, the raw signal intensities of the
first five DCE measurements were averaged and defined as a
baseline with a relative enhancement set to 0. Bolus arrival was
defined as the first measurement exceeding the raw signal
intensity of the baseline by 5% and was set to 0 seconds. All
measurements prior to the bolus arrival were omitted, and all
subsequent measurements were normalized in terms of time
(seconds since bolus arrival) and enhancement (relative to
baseline enhancement).

The resulting data points were then fitted to a modified Brix
equation (35):

ek #) _ (kg x)
Enhancement,,; = A s kg ¥ —————
kpery = kiep)

where the relative enhancement and x (as the time in seconds)
are known, while A, k., and kg are to be determined. For this
purpose, A, kep, and ke were iteratively approximated using the
Levenberg-Marquardt least-squares minimization method until
the algorithm converged at an optimal fit (36).

From the fitted curve, peak enhancement (PE) was
determined as the maximum relative enhancement, with time
to peak (TTP) defined as the corresponding x value in seconds.
The maximum and minimum of the fitted curve’s first derivative
were respectively defined as the wash-in and wash-out.
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Further, the imaging features of T1 ratio (signal intensity of
the lesion as compared to autochthonous back muscle
intensity), STIR ratio (signal intensity of the lesion as
compared to autochthonous back muscle intensity), and
the ADC value were assessed using syngo.via (Siemens
Healthineers) in a representative region of interest without
cystic changes or cavitation. The response was evaluated using
the pathohistological results of the week 4 biopsy samples. No
residual tumor in the biopsy was considered as a complete
response. DCE maps were created using the MR Tissue4D
Analysis tool in syngo.via.

Statistical Analysis

Statistical analyses were performed with IBM SPSS Statistics for
Windows, version 24 (IBM Corp., Armonk, NY, USA).
Nonparametric testing was performed with Kruskal-Wallis test
and the Mann Whitney U test adjusted for multiple testing, if
needed, for independent samples. Intrarater/retest reliability was
measured using intraclass correlation coefficients (ICCs) for
continuous measures. Five cases were randomly selected for
reassessment by the rater. The interpretation of reliability
results was based on the recommendations of Koo and Mae
(37). Receiver operating characteristics (ROC), with respect to
their area-under-the-curve (AUCROC), were compared using
DeLong’s test. For all statistical tests, the level of significance was
defined as p < 0.05. Confidence intervals were calculated at a
confidence level of 95%.

Predictive Modeling

The prediction of treatment response was regarded as a classification
problem to be solved by a random forest algorithm, calculated in
RStudio 3.4.1 (RStudio, Inc., Boston, MA, USA), using caret 6.0-81
(38). We chose a parallelized random forest as a classifier, as this
algorithm is known to give stable and good results in different
scenarios (39).

There were 15 parameters available as potential predictors for
treatment response: A, ke, and kg from the Brix model; TTP, PE,
area under the curve (AUC), wash-in, and wash-out (as parameters
derived from the Brix equation); the T1 signal intensity (the raw
measurement and the measurement normalized to muscle); the
STIR signal intensity (raw measurement and normalized to
muscle); ADC; pl6-HPV-status; and patient age.

Feature selection was performed using a wrapper approach
with a sequential backward selection based on parallel random
forests (parRF). To account for class imbalances, the synthetic
minority over-sampling technique was applied. The feature
selection and training process was focused on maximizing
AUCROC. The model was validated using a 10-fold cross-
validation approach with 10 repeats.

The algorithm’s output is twofold, providing on the one hand
probability values for the class assignment (range, 0-1), and on
the other hand a dichotomous classification result (response vs.

non-response). Hereby, the raw probability values were used to
calculate the ROC curves, whereas the dichotomous classification
resulted from applying a cutoff of 0.5 on the raw probability
values. Sensitivity and specificity were then calculated based on
the dichotomous classification results using a cutoff of 0.5. In
principle, this cutoff could, however, be further adapted, e.g., to
maximize the Youden-Index or to favor either sensitivity or
specificity, depending on the clinical setting.

RESULTS

Patients had histologically confirmed HNSCC stage III-IVb of
the oropharynx (n = 14), hypopharynx (n = 3), or supraglottic
larynx (n = 3). Multilevel disease was present in two cases.
Fifteen patients (68.2%) showed pCR in the re-biopsy. Of the
seven patients with residual tumor (ReTu; 31.8%), six showed
an inflamed immune phenotype and one biopsy showed an
immune-excluded phenotype. Ten patients had human
papillomavirus (HPV)-16-positive tumor tissue samples, there
was no significant difference for HPV-16 positivity (p = 0.37).
Lymph node metastases were present in 12 patients (54.5%).
The median initial whole tumor volume (primary tumor plus
lymph node metastases) before treatment was 23.7 cm® (IQR
14.7-40.0). There was no significant difference among patients
with pCR and patients with ReTu in whole tumor volume at
baseline. The median whole tumor volume after therapy was
152 cm® (IQR 6.4-28.2). The initial median volume of the
primary tumor was 13.9 cm® (IQR 7.2-23.5), and after treatment
it was 6.0 cm® (IQR 2.7-21.0). The initial whole tumor volume
did not differ among pCR (median 23.4 cm®) and ReTu (median
24.0 cm®) patients at baseline (see Table 1). The median volume
of the lymph node metastases at baseline and at follow-up, if
present did not differ among groups (see Table 1). Primary
tumor volume, whole tumor volume and lymph node metastases
volume did not differ among groups at baseline and at follow-up
(see Figures 1-3). Representative images of a patient with
pCR and a patient of the ReTu group with lymph node
metastasis show DCE MRI, morphological and diffusion
weighted imaging illustrating the difficulty to determine
responders by morphological criteria only (Figures 4, 5).

The correlation analysis of conventional MR imaging features
at baseline (T1 ratio, STIR ratio, and ADC value) did not reveal
any significant correlation with tumor response (see Table 2).
Among pCR and ReTu patients, there was a significant difference
in the STIR ratio measured in the primary tumor volume at
follow-up (p = 0.007, see supplementary 1, raw values
supplementary 2). For the pCR and ReTu group, there was no
significant difference in the ADC value measured in the primary
tumor volume and lymph node metastases at baseline or at
follow-up (see supplementary 2). Intrareader agreement for
volumetric measurements showed an ICC of 0.91 (95% CI
0.64-0.98), reflecting moderate to excellent agreement
according to Koo et al. (37).
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TABLE 1 | Response rate and tumor volume at baseline and follow up for all patients, pathologic complete response (pCR) group and residual tumor (ReTu) group.

All patients pCR ReTu

Histological complete response 22 15 7

Median initial whole tumor volume (cm?®, IQR 25 — 75) 23.7 (14.7 - 40.0) 23.4 (14.1 - 39.0) 24.0 (15.9-62.1)
Median whole tumor volume after therapy (cm?®, IQR 25 - 75) 15.2 (6.4 -28.2) 14.5 (6.1 - 26.9) 15.8 (9.5 40.4)
Lymph node metastases 12 9 3

Median initial lymph node metastases volume (cm?®, IQR 25 — 75) 18.0(9.5-25.4) 16.4 (5.7 - 23.0) 22.9(12.5-79.0
Median lymph node metastases volume after therapy (cm®, IQR 25 — 75) 11.5(4.6-222) 1.1 84-17.7) 19.5(11.6 -91.7)
Median initial primary tumor volume (cm?, IQR 25 - 75) 13.9 (7.2 -23.5) 131 (7.2-22.3) 159 (6.2-27.2)
Median primary tumor volume after therapy (cm®, IQR 25 — 75) 6.0 (2.7 -21.0° 5.8 ((2.8-21.3) 9.5 (2.4 -20.9)

No significant difference among patients with pathologic complete response (pCR) and patients with residual tumor (ReTu) at each timepoint (baseline or follow-up) was present,
significance was defined as p < 0,05 with Kruskal-Wallis-Test corrected for multiple testing.

Primary tumor volume
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FIGURE 1 | Tumor volume of the primary tumor in mm?, outliers are marked
with dots, no significant differences among groups at baseline or follow-up
were present using the Kruskal-Wallis test (pCR BL, pathologic complete
response at baseline; ReTu BL, residual tumor at baseline; pCR FU,
pathologic complete response at follow up; ReTu FU, residual tumor at
follow up).
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FIGURE 2 | Tumor volume of the lymph node metastases in mm?, outliers
are marked with dots, no significant differences among groups at baseline or
follow-up were present using the Kruskal-Wallis_test (oCR BL, pathologic
complete response at baseline; ReTu BL, residual tumor at baseline; pCR FU,
pathologic complete response at follow up; ReTu FU, residual tumor at follow
up). In the pCR group 9 patients showed lymph node metastases, in the
ReTu group in 3 patient lymph node metastases were present.
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FIGURE 3 | Whole tumor volume of both primary tumor and lymph node
metastases in mm®, outliers are marked with dots, no significant differences
among groups at baseline or follow-up were present using the Kruskal-Wallis
test (pCR BL, pathologic complete response at baseline; ReTu BL, residual
tumor at baseline, pCR FU, pathologic complete response at follow up; ReTu
FU, residual tumor at follow up).

DCE parameters at baseline using the Brix model featured
significant differences between the pCR and ReTu groups for
TTP and wash-out (see Table 2). TTP and wash-out reached an
AUCROC of 0.771 (95% CI 0.589-0.974) and 0.790 (95% CI
0.595-0.986), respectively.

Our model based on parRF, incorporating ke and TTP from
the Brix model, was able to predict therapy response with a
sensitivity of 78.7% (95% CI 71.24-84.93) and a specificity of
78.6% (95% CI 67.13-87.48). The model had an AUCROC of
0.866 (95% CI 0.819-0.914) (see Figure 6). Although our model
showed a higher AUCROG, it failed to significantly outperform
its constituent parameters ky and TTP.

DISCUSSION

In the current study, the primary tumor volume, whole
tumor volume and volume of lymph node metastases did not
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FIGURE 4 | Morphological and functional MRI images for two patients with pharyngeal carcinoma (primary tumor is marked with an arrow, lymph node metastasis
with an arrow head), contrast enhanced T1 weighted GRASP-VIBE sequence (A, C, E, G) and ADC map (B, D, F, H) for both a patient with pathologic complete
response (upper row) and a patient with residual tumor (lower row) at baseline [(A, B) and respectively (E, F)] and at follow-up [(C, D) and respectively (G, H)].

differ between pCR and ReTu patients. Morphological criteria
using the T1 and STIR ratios did not show a consistent
association with therapy response, either, suggesting that
conventional imaging parameters are not capable of evaluating
immunotherapy treatment success after one follow-up.
Additionally, the ADC value could not be used to assess
response in our dataset. Therefore, the morphological and
functional ADC parameters were not reliable response
prediction criteria in our dataset.

Multiparametric MRI was used to create a predictive model of
tumor response in HNSCC to ICI therapy at baseline using a
random forest machine learning algorithm based on DCE
parameters of the primary tumor in the baseline examination.
The histopathological analysis four weeks after immunotherapy
served as a standard of reference for therapy response. Due to
tumor heterogeneity, VOIs instead of ROIs were employed. To
our knowledge, this is the first study to employ the prognostic
value of DCE MRI in head and neck tumors treated with
induction chemo-immunotherapy. TTP and wash-out at
baseline were significantly different between the pCR and ReTu
group and could therefore be used to predict which patients

would have a good response to ICI and chemotherapy treatment.
The model based on parRF featured an even higher AUC (0.866)
than the parameters alone, with a sensitivity of 78.7% and a
specificity of 78.6%.

The introduction of immunotherapy has made the evaluation
of tumor response increasingly difficult. In particular,
pseudoprogression and mixed responses with both shrinkage
and growth of primary tumors or metastases at follow-up are
frequently observed, hampering the differentiation between
remission and progression. The observation of 15 pCR in 22
treated patients reflects the possibility that induction chemo-
immunotherapy may be more efficacious than classical induction
chemotherapy (40).

In contrast to our results, the recent study of Borggreve et al.
showed that ADC values and the SUV .., in *F-FDG PET/CT
can help identify pathologic complete response to neoadjuvant
chemotherapy in esophageal cancer (41). These different findings
might be attributed to the different tumor entities and therapy
regimens under investigation.

Possible solutions for assessing tumor response could be the
use of invasive techniques, such as tumor biopsy, or
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TABLE 2 | Median and interquartile ranges (IQR) for DCE parameters at baseline, conventional MRI imaging features, ADC values in whole tumor volume and age with
respective p-values using Wilcoxon signed rank-test and area under the curve of the Receiver Operating Characteristic (AUCROC).

pCR ReTu p-value AUCROC
A 1.967 2.126 0.2101 0.676
(IQR 1.725-2.043) (IQR 1.968-2.208)
kep 0.046 0.048 0.7309 0.552
(IQR 0.042-0.053) (IQR 0.044-0.057)
kel -1.62x10-4 4.48x10-4 0.0659 0.752
(IQR -2.8-3.9x10-4) (IQR 1.8-4.9x10-4)
TTP 276 102 0.04809 0.771
(IQR 118-280) (IQR 93-112)
PE 2.02 2.04 0.8907 0.524
(IQR 1.81-2.18) (IQR 1.83-2.16)
AUC 80.7 84.3 0.3322 0.638
(IQR 68.8-85.1) (IQR 80.6-89.0)
WIN 0.087 0.096 0.2372 0.667
(IQR 0.075-0.101) (IQR 0.091-0.112)
WOouT 3.06x10-4 -8.990x10-4 0.03194 0.79
(IQR -38.78-6.07x10-4) (IQR -9.42 — -3.68x10-4)
T1 434 482 0.6298 0.571
(IQR 396-512) (IQR 461-490)
T1 Ratio 1.1 1.04 0.4069 0.619
(IQR 0.98-1.33) (IQR 0.91-1.15)
STIR 323 377 0.6216 0.571
(IQR 273-377) (IQR 277-437)
STIR Ratio 4.90 4.21 0.1624 0.695
(IQR 4.45-5.50) (IQR 2.97-4.71)
ADC 1029 850 0.7309 0.552
(IQR 803-1372) (IQR 822-1228)
Age 60 61 0.6715 0.562
(IQR 54-67) (IQR 58-66)

incorporating more than one follow-up imaging study according
to iRECIST criteria. Although a noninvasive method for
immunotherapy response evaluation remains a challenge, it is
crucial to develop cost-effective and personalized estimations of
tumor response to ICI treatment. Several models using radiomics
have been developed to evaluate tumor response; for example, a
CD8 score using contrast-enhanced CT images was associated
with tumor response in patients treated with ICIs and
radiotherapy (42-44). Hao et al. applied multiparametric MRI
in osteosarcoma patients at baseline and follow-up after
neoadjuvant chemotherapy and surgery and was able to
predict event-free survival and overall response using the DCE
MRI parameter Ktrans (45). Our predictive model performed
slightly better than those in other studies using radiomics in CT
to predict response to ICIs. For example, Ligero et al. showed a
sensitivity of 75% and a specificity of 53% in tumor types of
various origins, such as breast, cervix, bladder, lung, and head
and neck (46). Despite of the better performance our algorithm,
the results did not differ significantly from the single DCE
parameters used for the model.

Overall, our findings indicate that DCE parameters are
promising for predicting immunotherapy treatment responses.
Our results were histopathologically validated for every patient;
nevertheless, further studies in larger populations should be
performed. In a clinical context, the predictive value based on
DCE MRI could facilitate the optimized selection of individual

treatment options for each HNSCC patient using a
noninvasive approach.

There are some limitations to this study: This was a single-
center study with a limited number of patients enrolled. Because
of this small sample size, the algorithm’s results should also be
interpreted with caution. Ideally, one would have initially
excluded a part of the data set as an independent test set, and
trained the algorithm with the remaining data in order to
validate its performance on the test set. However, with such a
small number of samples, this approach was not an option. We
thus decided to implement a particular cross-validation, which
bears the risk of falsely estimating the algorithm’s performance
too optimistically.

With these limitations in mind, the predictive model
performed slightly better than the sole DCE parameters,
however missing the significance threshold. For these reasons,
a clinical application is limited at the moment. Performance
measures with a higher degree of reliability will result from a
larger sample size and the inclusion of an independent test set,
both planned for follow-up studies.

Further limitations include the fact that the results are related
to a fixed therapy regiment consisting of ICI and chemotherapy
in HNSCC. The definition of pCR was based on a biopsy sample
rather than the resected tumor. However, the samples were taken
from regions that were metabolically active on FDG PET/CT
before and after induction therapy.
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FIGURE 5 | Corresponding positive enhancement integral maps of DCE MRI for the same patients as shown in, pathologic complete response (upper row) and residual
tumor (lower row) at baseline (A, C) and at follow-up (B, D). The area of the primary tumor is marked with an arrowhead, lymph node metastasis is marked with an arrow.
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FIGURE 6 | Area under the Receiver Operating Characteristic curve (AUC)
and statistical data, in parentheses 95% confidence interval for the random
forest model based on kg und TTP.

In conclusion, we found that tumor volume, single
morphological parameters, and the ADC values are of limited
use for the evaluation of treatment response to chemo-
immunotherapy in locally advanced HNSCC. However, a
machine learning algorithm using parallel random forests
based on DCE MRI parameters was able to predict treatment
response following induction chemo-immunotherapy in
HNSCC patients, but did not perform better than the DCE
parameters alone.

DATA AVAILABILITY STATEMENT

The raw data supporting the conclusions of this article will be
made available by the authors, without undue reservation.

ETHICS STATEMENT

The studies involving human participants were reviewed and
approved by leading institutional review board at the Friedrich-
Alexander-Universitit Erlangen-Niirnberg. The patients/

Frontiers in Oncology | www.frontiersin.org

54

October 2021 | Volume 11 | Article 734872


https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

Hellwig et al.

Predictive Value of Multiparametric MRI

participants provided their written informed consent to participate in
this study.

AUTHOR CONTRIBUTIONS

KH, SE, MH, and TB designed the study. SR, SS, AG, BF, UG,
and MH investigated the patients, had trial oversight and
collected the samples. ME and AH conducted the
histopathological examination. KH, SE, MW, and TB
performed the image analysis and carried out the statistical
analysis. HI, RF, AH, and MU supervised and substantially
supported the acquisition of data based on their vast
experience. KH, MH, and TB drafted the manuscript. All
authors reviewed the manuscript critically and provided
constructive comments to improve the quality of the
manuscript. All authors read and approved the final manuscript.

FUNDING

This work was supported and funded by AstraZeneca (ESR-16-
12356). The trial was conducted as an investigator sponsored trial.
The funding source did not influence the design, data collection,

REFERENCES

1. Borghaei H, Paz-Ares L, Horn L, Spigel DR, Steins M, Ready NE, et al.
Nivolumab Versus Docetaxel in Advanced Nonsquamous Non-Small-Cell
Lung Cancer. N Engl ] Med (2015) 373(17):1627-39. doi: 10.1056/
NEJMoal507643

2. Brahmer J, Reckamp KL, Baas P, Crino L, Eberhardt WE, Poddubskaya E,
et al. Nivolumab Versus Docetaxel in Advanced Squamous-Cell Non-Small-
Cell Lung Cancer. N Engl ] Med (2015) 373(2):123-35. doi: 10.1056/
NEJMoal504627

3. Herbst RS, Baas P, Kim DW, Felip E, Perez-Gracia JL, Han JY, et al.
Pembrolizumab Versus Docetaxel for Previously Treated, PD-L1-Positive,
Advanced Non-Small-Cell Lung Cancer (KEYNOTE-010): A Randomised
Controlled Trial. Lancet (2016) 387(10027):1540-50. doi: 10.1016/S0140-
6736(15)01281-7

4. Long GV, Weber JS, Larkin J, Atkinson V, Grob JJ, Schadendorf D, et al.
Nivolumab for Patients With Advanced Melanoma Treated Beyond
Progression: Analysis of 2 Phase 3 Clinical Trials. JAMA Oncol (2017) 3
(11):1511-9. doi: 10.1001/jamaoncol.2017.1588

5. Postow MA, Chesney J, Pavlick AC, Robert C, Grossmann K, McDermott D,
et al. Nivolumab and Ipilimumab Versus Ipilimumab in Untreated Melanoma.
N Engl ] Med (2015) 372(21):2006-17. doi: 10.1056/NEJMoal414428

6. Ribas A, Puzanov I, Dummer R, Schadendorf D, Hamid O, Robert C, et al.
Pembrolizumab Versus Investigator-Choice Chemotherapy for Ipilimumab-
Refractory Melanoma (KEYNOTE-002): A Randomised, Controlled, Phase 2
Trial. Lancet Oncol (2015) 16(8):908-18. doi: 10.1016/S1470-2045(15)00083-2

7. Burtness B, Harrington KJ, Greil R, Soulieres D, Tahara M, de Castro GJr., et al.
Pembrolizumab Alone or With Chemotherapy Versus Cetuximab With
Chemotherapy for Recurrent or Metastatic Squamous Cell Carcinoma of the
Head and Neck (KEYNOTE-048): A Randomised, Open-Label, Phase 3 Study.
Lancet (2019) 394(10212):1915-28. doi: 10.1016/S0140-6736(19)32591-7

8. Ferris RL, Blumenschein GJr., Fayette J, Guigay J, Colevas AD, Licitra L, et al.
Nivolumab for Recurrent Squamous-Cell Carcinoma of the Head and Neck.
N Engl ] Med (2016) 375(19):1856-67. doi: 10.1056/NEJMoal602252

9. Schadendorf D, Hodi FS, Robert C, Weber JS, Margolin K, Hamid O, et al.
Pooled Analysis of Long-Term Survival Data From Phase II and Phase III

analysis, or interpretation. The manuscript was reviewed by the
funding company. The corresponding author had full access to all
the data and the responsibility for the decision to submit for
publication. TB is supported by the German Research Foundation
(Deutsche Forschungsgemeinschaft) within the Priority
Programme pBone (BA 4027/10-1); by the Collaborative
Research Centers 1181 Checkpoints for Resolution of
Inflammation (CRC 1181, Project Z02); and by Transregio 305:
Striking a moving target: From mechanisms of metastatic
colonization to novel systemic therapies (CRC/TR 305,
Project Z01).

ACKNOWLEDGMENTS

We gratefully thank Laura Schwarzfaerber and Andrea
Brinkmann for excellent patient management.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fonc.2021.
734872/full#supplementary-material

Trials of Ipilimumab in Unresectable or Metastatic Melanoma. J Clin Oncol
(2015) 33(17):1889-94. doi: 10.1200/JCO.2014.56.2736

Gettinger S, Horn L, Jackman D, Spigel D, Antonia S, Hellmann M, et al. Five-
Year Follow-Up of Nivolumab in Previously Treated Advanced Non-Small-
Cell Lung Cancer: Results From the CA209-003 Study. J Clin Oncol (2018) 36
(17):1675-84. doi: 10.1200/JCO.2017.77.0412

Zou W, Wolchok JD, Chen L. PD-L1 (B7-H1) and PD-1 Pathway Blockade for
Cancer Therapy: Mechanisms, Response Biomarkers, and Combinations. Sci
Transl Med (2016) 8(328):328rv4. doi: 10.1126/scitranslmed.aad7118
Gibney GT, Weiner LM, Atkins MB. Predictive Biomarkers for Checkpoint
Inhibitor-Based Immunotherapy. Lancet Oncol (2016) 17(12):e542-e51. doi:
10.1016/S1470-2045(16)30406-5

Buder-Bakhaya K, Hassel JC. Biomarkers for Clinical Benefit of Immune
Checkpoint Inhibitor Treatment-A Review From the Melanoma Perspective
and Beyond. Front Immunol (2018) 9:1474. doi: 10.3389/fimmu.2018.01474
Daud AI, Wolchok JD, Robert C, Hwu W], Weber ]S, Ribas A, et al.
Programmed Death-Ligand 1 Expression and Response to the Anti-
Programmed Death 1 Antibody Pembrolizumab in Melanoma. J Clin Oncol
(2016) 34(34):4102-9. doi: 10.1200/JC0O.2016.67.2477

Tumeh PC, Harview CL, Yearley JH, Shintaku IP, Taylor EJ, Robert L, et al.
PD-1 Blockade Induces Responses by Inhibiting Adaptive Immune
Resistance. Nature (2014) 515(7528):568-71. doi: 10.1038/nature13954

Le DT, Uram JN, Wang H, Bartlett BR, Kemberling H, Eyring AD, et al. PD-1
Blockade in Tumors With Mismatch-Repair Deficiency. N Engl ] Med (2015)
372(26):2509-20. doi: 10.1056/NEJMoal500596

Rizvi NA, Hellmann MD, Snyder A, Kvistborg P, Makarov V, Havel J], et al.
Cancer Immunology. Mutational Landscape Determines Sensitivity to PD-1
Blockade in Non-Small Cell Lung Cancer. Science (2015) 348(6230):124-8.
doi: 10.1126/science.aaal348

Rasmussen JH, Lelkaitis G, Hakansson K, Vogelius IR, Johannesen HH,
Fischer BM, et al. Intratumor Heterogeneity of PD-L1 Expression in Head
and Neck Squamous Cell Carcinoma. Br J Cancer (2019) 120(10):1003-6. doi:
10.1038/s41416-019-0449-y

Clasen K, Leibfarth S, Hilke FJ, Admard J, Winter RM, Welz S, et al. PET/MRI
and Genetic Intrapatient Heterogeneity in Head and Neck Cancers.
Strahlenther Onkol (2020) 196(6):542-51. doi: 10.1007/s00066-020-01606-y

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

Frontiers in Oncology | www.frontiersin.org

55

October 2021 | Volume 11 | Article 734872


https://www.frontiersin.org/articles/10.3389/fonc.2021.734872/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2021.734872/full#supplementary-material
https://doi.org/10.1056/NEJMoa1507643
https://doi.org/10.1056/NEJMoa1507643
https://doi.org/10.1056/NEJMoa1504627
https://doi.org/10.1056/NEJMoa1504627
https://doi.org/10.1016/S0140-6736(15)01281-7
https://doi.org/10.1016/S0140-6736(15)01281-7
https://doi.org/10.1001/jamaoncol.2017.1588
https://doi.org/10.1056/NEJMoa1414428
https://doi.org/10.1016/S1470-2045(15)00083-2
https://doi.org/10.1016/S0140-6736(19)32591-7
https://doi.org/10.1056/NEJMoa1602252
https://doi.org/10.1200/JCO.2014.56.2736
https://doi.org/10.1200/JCO.2017.77.0412
https://doi.org/10.1126/scitranslmed.aad7118
https://doi.org/10.1016/S1470-2045(16)30406-5
https://doi.org/10.3389/fimmu.2018.01474
https://doi.org/10.1200/JCO.2016.67.2477
https://doi.org/10.1038/nature13954
https://doi.org/10.1056/NEJMoa1500596
https://doi.org/10.1126/science.aaa1348
https://doi.org/10.1038/s41416-019-0449-y
https://doi.org/10.1007/s00066-020-01606-y
https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

Hellwig et al.

Predictive Value of Multiparametric MRI

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

Zhou JG, Donaubauer AJ, Frey B, Becker I, Rutzner S, Eckstein M, et al.
Prospective Development and Validation of a Liquid Immune Profile-Based
Signature (LIPS) to Predict Response of Patients With Recurrent/Metastatic
Cancer to Immune Checkpoint Inhibitors. ] Immunother Cancer (2021) 9(2):
€001845. doi: 10.1136/jitc-2020-001845

Kanjanapan Y, Day D, Wang L, Al-Sawaihey H, Abbas E, Namini A, et al.
Hyperprogressive Disease in Early-Phase Immunotherapy Trials: Clinical
Predictors and Association With Immune-Related Toxicities. Cancer (2019)
125(8):1341-9. doi: 10.1002/cncr.31999

Borcoman E, Kanjanapan Y, Champiat S, Kato S, Servois V, Kurzrock R, et al.
Novel Patterns of Response Under Immunotherapy. Ann Oncol (2019) 30
(3):385-96. doi: 10.1093/annonc/mdz003

Seymour L, Bogaerts J, Perrone A, Ford R, Schwartz LH, Mandrekar S, et al.
iRECIST: Guidelines for Response Criteria for Use in Trials Testing
Immunotherapeutics. Lancet Oncol (2017) 18(3):e143-52. doi: 10.1016/
$1470-2045(17)30074-8

Hodi FS, Ballinger M, Lyons B, Soria JC, Nishino M, Tabernero J, et al.
Immune-Modified Response Evaluation Criteria In Solid Tumors
(imRECIST): Refining Guidelines to Assess the Clinical Benefit of Cancer
Immunotherapy. J Clin Oncol (2018) 36(9):850-8. doi: 10.1200/
JCO.2017.75.1644

Wahl RL, Jacene H, Kasamon Y, Lodge MA. From RECIST to PERCIST:
Evolving Considerations for PET Response Criteria in Solid Tumors. J Nucl
Med (2009) 50 Suppl 1:1225-508S. doi: 10.2967/jnumed.108.057307

Decazes P, Bohn P. Immunotherapy by Immune Checkpoint Inhibitors and
Nuclear Medicine Imaging: Current and Future Applications. Cancers (Basel)
(2020) 12(2):371. doi: 10.3390/cancers12020371

Turnbull LW. Dynamic Contrast-Enhanced MRI in the Diagnosis and
Management of Breast Cancer. NMR BioMed (2009) 22(1):28-39. doi:
10.1002/nbm.1273

Musall BC, Abdelhafez AH, Adrada BE, Candelaria RP, Mohamed RMM,
Boge M, et al. Functional Tumor Volume by Fast Dynamic Contrast-
Enhanced MRI for Predicting Neoadjuvant Systemic Therapy Response in
Triple-Negative Breast Cancer. ] Magn Reson Imaging (2021) 54(1):251-260.
doi: 10.1002/jmri.27557

Kim SH, Lee JY, Lee JM, Han JK, Choi BI. Apparent Diffusion Coefficient for
Evaluating Tumour Response to Neoadjuvant Chemoradiation Therapy for
Locally Advanced Rectal Cancer. Eur Radiol (2011) 21(5):987-95. doi:
10.1007/s00330-010-1989-y

Intven M, Reerink O, Philippens ME. Dynamic Contrast Enhanced MR
Imaging for Rectal Cancer Response Assessment After Neo-Adjuvant
Chemoradiation. ] Magn Reson Imaging (2015) 41(6):1646-53. doi: 10.1002/
jmri.24718

Treutlein C, Stollberg A, Scherl C, Agaimy A, Ellmann S, Iro H, et al.
Diagnostic Value of 3D Dynamic Contrast-Enhanced Magnetic Resonance
Imaging in Lymph Node Metastases of Head and Neck Tumors: A Correlation
Study With Histology. Acta Radiol Open (2020) 9(8):2058460120951966. doi:
10.1177/2058460120951966

Tanadini-Lang S, Balermpas P, Guckenberger M, Pavic M, Riesterer O, Vuong
D, et al. Radiomic Biomarkers for Head and Neck Squamous Cell Carcinoma.
Strahlenther Onkol (2020) 196(10):868-78. doi: 10.1007/s00066-020-01638-4
Hecht M, Gostian AO, Eckstein M, Rutzner S, von der Grun J, Illmer T, et al.
Safety and Efficacy of Single Cycle Induction Treatment With Cisplatin/
Docetaxel/ Durvalumab/Tremelimumab in Locally Advanced HNSCC: First
Results of CheckRad-Cd8. J Immunother Cancer (2020) 8(2):e001378. doi:
10.1136/jitc-2020-001378

Tomppert A, Wuest W, Wiesmueller M, Heiss R, Kopp M, Nagel AM, et al.
Achieving High Spatial and Temporal Resolution With Perfusion MRI in the
Head and Neck Region Using Golden-Angle Radial Sampling. Eur Radiol
(2020) 31(4):2263-71. doi: 10.1007/s00330-020-07263-0

Brix G, Semmler W, Port R, Schad LR, Layer G, Lorenz WJ. Pharmacokinetic
Parameters in CNS Gd-DTPA Enhanced MR Imaging. ] Comput Assist
Tomogr (1991) 15(4):621-8. doi: 10.1097/00004728-199107000-00018
Daniel Padfield GM. Non-Linear Least Squares Regressions With the
Levenberg-Marquardt Algorithm Using Multiple Starting Values for
Increasing the Chance That the Minimum Found is the Global Minimum.
1.2.0 Ed (2020). Available at: https://cran.r-project.org/web/packages/nls.
multstart/index.html.

37. Koo TK, Li MY. A Guideline of Selecting and Reporting Intraclass Correlation
Coefficients for Reliability Research. ] Chiropr Med (2016) 15(2):155-63. doi:
10.1016/j.jcm.2016.02.012

38. Kuhn M. Building Predictive Models in R Using the Caret Package. 2008, Vol.
28. (2008). p. 26. doi: 10.18637/jss5.v028.i05

39. Fernandez-Delgado M, Cernadas E, Barro S. Do We Need Hundreds of
Classifiers to Solve Real World Classification Problems? ] Mach Learn Res
(2014) 15:3133-81.

40. Semrau S, Gostian AO, Traxdorf M, Eckstein M, Rutzner S, von der Grun J,
et al. Implementation of Double Immune Checkpoint Blockade Increases
Response Rate to Induction Chemotherapy in Head and Neck Cancer.
Cancers (Basel) (2021) 13(8):1959. doi: 10.3390/cancers13081959

41. Borggreve AS, Goense L, van Rossum PSN, Heethuis SE, van Hillegersberg R,
Lagendijk JJW, et al. Preoperative Prediction of Pathologic Response to
Neoadjuvant Chemoradiotherapy in Patients With Esophageal Cancer
Using (18)F-FDG PET/CT and DW-MRI: A Prospective Multicenter Study.
Int ] Radiat Oncol Biol Phys (2020) 106(5):998-1009. doi: 10.1016/
j.ijrobp.2019.12.038

42. Sun KY, Hu HT, Chen SL, Ye JN, Li GH, Chen LD, et al. CT-Based Radiomics
Scores Predict Response to Neoadjuvant Chemotherapy and Survival in
Patients With Gastric Cancer. BMC Cancer (2020) 20(1):468. doi: 10.1186/
512885-020-06970-7

43. Sun R, Limkin EJ, Vakalopoulou M, Dercle L, Champiat S, Han SR, et al. A
Radiomics Approach to Assess Tumour-Infiltrating CD8 Cells and Response
to Anti-PD-1 or Anti-PD-L1 Immunotherapy: An Imaging Biomarker,
Retrospective Multicohort Study. Lancet Oncol (2018) 19(9):1180-91. doi:
10.1016/S1470-2045(18)30413-3

44. Sun R, Sundahl N, Hecht M, Putz F, Lancia A, Rouyar A, et al. Radiomics to
Predict Outcomes and Abscopal Response of Patients With Cancer Treated
With Immunotherapy Combined With Radiotherapy Using a Validated
Signature of CD8 Cells. J Immunother Cancer (2020) 8(2):001429. doi:
10.1136/jitc-2020-001429

45. Hao Y, An R, Xue Y, Li F, Wang H, Zheng J, et al. Prognostic Value of
Tumoral and Peritumoral Magnetic Resonance Parameters in Osteosarcoma
Patients for Monitoring Chemotherapy Response. Eur Radiol (2020) 31
(5):3518-29. doi: 10.1007/s00330-020-07338-y

46. Ligero M, Garcia-Ruiz A, Viaplana C, Villacampa G, Raciti MV, Landa J, et al.
A CT-Based Radiomics Signature Is Associated With Response to Immune
Checkpoint Inhibitors in Advanced Solid Tumors. Radiology (2021) 299
(1):109-19. doi: 10.1148/radiol.2021200928

Conflict of Interest: MH reports the following conflicts of interest: Merck Serono
(advisory role, speakers’ bureau, honoraria, travel expenses, research funding);
MSD (advisory role, speakers’ bureau, travel expenses, research funding);
AstraZeneca (research funding); Novartis (research funding); BMS (advisory
role, honoraria, speakers’ bureau); and Teva (travel expenses). ME reports the
following conflicts of interest: Diaceutics (employment, honoraria, advisory role,
speakers’ bureau, travel expenses); Cepheid (research funding, advisory role);
AstraZeneca (honoraria, advisory role, speakers’ bureau, travel expenses); Roche
(honoraria, travel expenses); MSD (honoraria, speakers’ bureau); GenomicHealth
(honoraria, advisory role, speakers bureau, travel expenses); Astellas (honoraria,
speakers’ bureau); Janssen-Cilag (honoraria, advisory role, research funding, travel
expenses); and Stratifyer (research funding, patents).). UG received support for
presentation activities for Dr Sennewald Medizintechnik GmbH, has received
support for investigator initiated clinical studies (IITs) from MSD and
AstraZeneca and contributed at Advisory Boards Meetings of AstraZeneca and
Bristol-Myers Squibb. SS reports the following conflicts of interest: stockholder of
Siemens Healthineers.

The remaining authors declare that the research was conducted in the absence of
any commercial or financial relationships that could be construed as a potential
conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations, or those of
the publisher, the editors and the reviewers. Any product that may be evaluated in
this article, or claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Frontiers in Oncology | www.frontiersin.org

October 2021 | Volume 11 | Article 734872


https://doi.org/10.1136/jitc-2020-001845
https://doi.org/10.1002/cncr.31999
https://doi.org/10.1093/annonc/mdz003
https://doi.org/10.1016/S1470-2045(17)30074-8
https://doi.org/10.1016/S1470-2045(17)30074-8
https://doi.org/10.1200/JCO.2017.75.1644
https://doi.org/10.1200/JCO.2017.75.1644
https://doi.org/10.2967/jnumed.108.057307
https://doi.org/10.3390/cancers12020371
https://doi.org/10.1002/nbm.1273
https://doi.org/10.1002/jmri.27557
https://doi.org/10.1007/s00330-010-1989-y
https://doi.org/10.1002/jmri.24718
https://doi.org/10.1002/jmri.24718
https://doi.org/10.1177/2058460120951966
https://doi.org/10.1007/s00066-020-01638-4
https://doi.org/10.1136/jitc-2020-001378
https://doi.org/10.1007/s00330-020-07263-0
https://doi.org/10.1097/00004728-199107000-00018
https://cran.r-project.org/web/packages/nls.multstart/index.html
https://cran.r-project.org/web/packages/nls.multstart/index.html
https://doi.org/10.1016/j.jcm.2016.02.012
https://doi.org/10.18637/jss.v028.i05
https://doi.org/10.3390/cancers13081959
https://doi.org/10.1016/j.ijrobp.2019.12.038
https://doi.org/10.1016/j.ijrobp.2019.12.038
https://doi.org/10.1186/s12885-020-06970-7
https://doi.org/10.1186/s12885-020-06970-7
https://doi.org/10.1016/S1470-2045(18)30413-3
https://doi.org/10.1136/jitc-2020-001429
https://doi.org/10.1007/s00330-020-07338-y
https://doi.org/10.1148/radiol.2021200928
https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

Hellwig et al.

Predictive Value of Multiparametric MRI

Copyright © 2021 Hellwig, Ellmann, Eckstein, Wiesmueller, Rutzner, Semrau, Frey,
Gaipl, Gostian, Hartmann, Iro, Fietkau, Uder, Hecht and Biuerle. This is an
open-access article distributed under the terms of the Creative Commons
Attribution License (CC BY). The use, distribution or reproduction in other forums

is permitted, provided the original author(s) and the copyright owner(s) are credited
and that the original publication in this journal is cited, in accordance with accepted
academic practice. No use, distribution or reproduction is permitted which does not
comply with these terms.

Frontiers in Oncology | www.frontiersin.org

57

October 2021 | Volume 11 | Article 734872


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

:\' frontiers
in Oncology

REVIEW
published: 19 November 2021
doi: 10.3389/fonc.2021.772530

OPEN ACCESS

Edited by:

Luigi Aloj,

University of Cambridge,
United Kingdom

Reviewed by:

Laurence Gluch,

The Strathfield Breast Centre, Australia
Nina Zhou,

Peking University Cancer Hospital &
Institute, China

*Correspondence:
Daniela E. Oprea-Lager
d.oprea-lager@amsterdamumc.nl

Specialty section:

This article was submitted to
Cancer Imaging and
Image-directed Interventions,
a section of the journal
Frontiers in Oncology

Received: 08 September 2021
Accepted: 04 November 2021
Published: 19 November 2021

Citation:

Oprea-Lager DE, Cysouw MCF,
Boellaard R, Deroose CM,

de Geus-Oei L-F, Lopci E, Bidaut L,
Herrmann K, Fournier LS, Béuerle T,
deSouza NM and Lecouvet FE (2021)
Bone Metastases Are Measurable:
The Role of Whole-Body MRI and
Positron Emission Tomography.
Front. Oncol. 11:772530.

doi: 10.3389/fonc.2021.772530

Check for
updates

Bone Metastases Are Measurable:
The Role of Whole-Body MRI and
Positron Emission Tomography

Daniela E. Oprea-Lager "?", Matthijs C.F. Cysouw?, Ronald Boellaard?,
Christophe M. Deroose ""**, Lioe-Fee de Geus-Oei®®, Egesta Lopci’, Luc Bidau
Ken Herrmann®, Laure S. Fournier”'%"", Tobias Béuerle '?, Nandita M. deSouza'""3
and Frederic E. Lecouvet"#

1,8
t ;

7 Imaging Group, European Organisation of Research and Treatment in Cancer (EORTC), Brussels, Belgium, 2 Department of
Radliology and Nuclear Medicine, Cancer Center Amsterdam, Amsterdam University Medical Center, Vrije Universiteit
Amsterdam, Amsterdam, Netherlands, 3 Nuclear Medicine, University Hospitals Leuven, Leuven, Belgium, 4 Nuclear Medicine
& Molecular Imaging, Department of Imaging and Pathology, KU Leuven, Leuven, Belgium, ® Department of Radiology,
Leiden University Medical Center, Leiden, Netherlands, 6 Biomedical Photonic Imaging Group, University of Twente,
Enschede, Netherlands, 7 Nuclear Medicine Unit, IRCCS — Humanitas Research Hospital, Milan, ltaly, 8 College of Science,
University of Lincoln, Lincoln, United Kingdom, © Department of Nuclear Medicine, University of Duisburg-Essen, and German
Cancer Consortium (DKTK)-University Hospital Essen, Essen, Germany, ° Paris Cardiovascular Research Center (PARCC),
Institut National de la Santé et de la Recherche Médicale (INSERM), Radiology Department, Assistance Publique-Hépitaux de
Paris (AP-HP), Hopital europeen Georges Pompidou, Université de Paris, Paris, France, '’ European Imaging Biomarkers
Alliance (EIBALL), European Society of Radiology, Vienna, Austria, 2 Institute of Radiology, University Hospital Erlangen,
Friedrich-Alexander University Erlangen-N(rnberg, Erlangen, Germany, 3 Division of Radiotherapy and Imaging, The Institute
of Cancer Research and Royal Marsden NHS Foundation Trust, London, United Kingdom, # Department of Radiology,
Institut de Recherche Expérimentale et Clinique (IREC), Cliniques Universitaires Saint Luc, Université Catholique de Louvain
(UCLouvain), Brussels, Belgium

Metastatic tumor deposits in bone marrow elicit differential bone responses that vary with
the type of malignancy. This results in either sclerotic, lytic, or mixed bone lesions, which
can change in morphology due to treatment effects and/or secondary bone remodeling.
Hence, morphological imaging is regarded unsuitable for response assessment of bone
metastases and in the current Response Evaluation Criteria In Solid Tumors 1.1
(RECIST1.1) guideline bone metastases are deemed unmeasurable. Nevertheless, the
advent of functional and molecular imaging modalities such as whole-body magnetic
resonance imaging (WB-MRI) and positron emission tomography (PET) has improved the
ability for follow-up of bone metastases, regardless of their morphology. Both these
modalities not only have improved sensitivity for visual detection of bone lesions, but also
allow for objective measurements of bone lesion characteristics. WB-MRI provides a
global assessment of skeletal metastases and for a one-step “all-organ” approach of
metastatic disease. Novel MRI techniques include diffusion-weighted imaging (DWI)
targeting highly cellular lesions, dynamic contrast-enhanced MRI (DCE-MRI) for
guantitative assessment of bone lesion vascularization, and multiparametric MRl
(mpMRI) combining anatomical and functional sequences. Recommendations for a
homogenization of MRI image acquisitions and generalizable response criteria have
been developed. For PET, many metabolic and molecular radiotracers are available,
some targeting tumor characteristics not confined to cancer type (e.g. '®F-FDG) while
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other targeted radiotracers target specific molecular characteristics, such as prostate
specific membrane antigen (PSMA) ligands for prostate cancer. Supporting data on
quantitative PET analysis regarding repeatability, reproducibility, and harmonization of
PET/CT system performance is available. Bone metastases detected on PET and MRI can
be quantitatively assessed using validated methodologies, both on a whole-body and
individual lesion basis. Both have the advantage of covering not only bone lesions but
visceral and nodal lesions as well. Hybrid imaging, combining PET with MRI, may provide
complementary parameters on the morphologic, functional, metabolic and molecular level
of bone metastases in one examination. For clinical implementation of measuring bone
metastases in response assessment using WB-MRI and PET, current RECIST1.1
guidelines need to be adapted. This review summarizes available data and insights into

imaging of bone metastases using MRI and PET.

Keywords: bone metastases, MRI, PET, measurable, response

INTRODUCTION

Bone is a common site of secondary tumor deposits because, in
addition to its rigid, calcified, outer cortex, it has a richly vascular
inner marrow of bony trabeculae, stroma, haematopoeitic tissue
and fat (1). Within bone, it is the crucial balance between
osteoblastic and osteoclastic elements that maintains its
functional strength and rigidity. Metastatic deposits elicit
differential responses from the osteblastic and osteoclastic
components, which vary with the type of malignancy and result
in strikingly different appearances onimaging (2). In some cases, the
tumor incites a predominantly osteoblastic response with a
resulting increase in calcified sclerotic matrix, as in prostate and
breast cancer (3). In other tumor types, the metastasis causes bony
destruction (osteoclastic response) without exciting an osteoblastic
response, so that metastases (e.g. kidneys, thyroid, lungs) appear
lyticand expansile (3). Finally, the tumor cells can simply invade the
marrow without influence on the mineral content of the bone (i.e.
radio-occult metastases). In many instances there is a mixture of
sclerotic, lytic and radio-occult types. As treatment response is often
accompanied by an increase in bony sclerosis (“flare response”), it
can be difficult to differentiate it from an osteoblastic response to the
tumor itself (4). Moreover, once deformed by the presence of
metastases, the rigid form of the bony skeleton does not usually
remodel sufficiently after treatment to distinguish untreated from
treated tumor. Therefore, on morphological imaging, especially X-
ray based, evaluation of response to treatment of bone metastases
remains difficult.

RECIST were presented more than 2 decades ago and rely
principally on unidimensional size measurements (5). Nowadays,
RECIST forms the mainstay of response evaluation of solid tumors
to treatment and is universally used in clinical trials of solid tumors.
Index lesions with well-defined margins, discernable from adjacent
parenchyma are required for reproducible measurements, and
specific modifications are set out for some tissues (short-axis
measurements for lymph nodes, bi-dimensional measurements
for brain lesions). However, because of the blastic response of
bone to tumor or to treatment, and of the rigid nature of calcified

bone where deformity of the cortex persists after treatment, bone
lesions were considered unmeasurable by RECIST. Modifications to
RECIST (i.e., RECIST 1.1) stated that bone metastases with soft
tissue masses > 10 mm could be considered measurable index
lesions (6). Nevertheless, as reduction of the soft tissue component
renders the lesions unmeasurable by these criteria again, there
remains a critical unmet need for a means of quantifying bone
lesions and their response to treatment.

The advent of imaging modalities providing information
about tissue microstructure or its metabolism has accelerated
the identification of skeletal metastases. '*F-fluorodeoxyglucose
("®F-FDG) PET/CT identifies secondary deposits within bone
because of their increased glucose turnover. Its whole-body
coverage and increasingly widespread availability has made it
of primary importance in cancer staging, particularly in patients
where the tumor pathology or molecular profile indicates a high
metastatic risk (7, 8). Additionally, techniques such as WB-MRI
with DWT have a high sensitivity for identifying highly cellular
lesions such as tumors and have been incorporated routinely into
the staging of some tumor types such as myeloma (9-11). Dynamic
contrast-enhanced MRI (DCE-MRI) for quantitatively assessing
vascularization within bone marrow in patients with multiple
myeloma was found to be of prognostic significance for these
patients (12, 13). While these techniques have their own
limitations, they are not hampered by what makes bone lesions
unmeasurable by RECIST 1.1 (i.e. radio-occult appearance, sclerotic
response and persistent bone deformity on healing). The purpose of
this manuscript is to review the MRI and PET techniques available
for measuring bone metastases, their opportunities and challenges,
and their applicability in various tumor types.

DIFFERENT CANCERS - DIFFERENT
TYPES OF BONE METASTASES

At present, the incidence of bone metastases is 65-75% in
advanced metastatic breast cancer, 65-75% in prostate cancer,
60% in thyroid cancer, 30-40% in lung cancer, 40% in bladder
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cancer, 20-25% in renal cell carcinoma and 14-45% in
melanoma (14).

Bone metastases can be classified as osteolytic, osteoblastic,
radio-occult, or as a mixed type. Osteolytic metastases are
characterized by destruction of normal bone and osteoblastic/
sclerotic metastases are characterized by deposition of new bone.
Radio-occult lesions have no impact on the mineral content of
the bone. Osteolytic lesions are predominantly present in
multiple myeloma, renal cell carcinoma, melanoma, non-small
cell lung cancer (NSCLC), non-Hodgkin lymphoma (NHL),
thyroid cancer, Langerhans-cell histiocytosis and breast cancer,
and osteoblastic lesions are present in prostate cancer,
neuroendocrine tumors, small-cell lung cancer (SCLC),
Hodgkin lymphoma and medulloblastoma (14). Mixed lesions
can be found in gastrointestinal cancers and squamous cancers,
and 15-20% of bone metastases of breast cancer can be either
osteoblastic or mixed (14). Radio-occult lesions can be present in
virtually all tumor types. The mechanisms responsible for the
impact of metastatic tumor growth on the mineral content of the
skeleton are complex and involve the stimulation of osteoclasts
and osteoblasts by tumor cells expressing factors. The resulting
imbalance between resorption and production of bone matrix
subsequently leads to osteoclastic, osteoblastic, or mixed
metastatic disease (2).

In osteolytic lesions, bone destruction is primarily mediated by
osteoclasts and, in later stages, ischemia can play a role due to the
compression of the vasculature (15). Parathyroid hormone-related
peptide (PTHrP) induces osteoblasts to produce a receptor activator
of nuclear factor kB ligand, which stimulates osteoclast maturation,
and thereby plays a critical role in the development of osteolytic
lesions. Increased osteoclast activity leads to bone resorption that
exceeds the reparative ability of osteoblasts (16). It releases factors
from the bone matrix that stimulate PTHrP, thereby creating a
vicious cycle. In osteoblastic lesions, osteoblast generation is
influenced by transforming growth factor, bone morphogenic
proteins (BMP), and endothelin-1 (17). Tumor-derived growth
factors stimulate primarily osteoblasts rather than osteoclasts,
resulting in deposition of excess abnormal bone. PTHrP can be
cleaved by prostate-specific antigen (PSA), resulting in an osteoblastic
reaction and decreased bone reabsorption. Furthermore, osteoblast
differentiation is influenced by core binding factor alphal, also known
as Runx-2 (14). Osteoblast activity may also increase as a reparative
process in successfully treated bone metastases, which can be visible
on molecular imaging as the so-called “flare phenomenon” and can
cause lesions to become denser on radiographs or CT scans (18).

After the tumor cells have left the primary tumor and are in
circulation, the bone tumor microenvironment needs to provide
a fertile ground (the soil), for the survival and growth of
metastatic cancer cells (the seed) (19). Vascular adhesion and
extravasation need to occur, and the tumor cells have to remain
at the metastatic site. Subsequently, chemo-attractive and
adhesion molecules play an important role in the retention of
the tumor cells in the bone marrow vasculature. In turn, tumor
cells use equivalent molecules, such as chemokines, integrins,
osteopontin, bone sialoprotein and type I collagen for organ
colonization (20). The microenvironment supports cancer cell

survival and growth by producing promoting factors that may
contribute to bone metastases development. Subsequently,
epithelial-mesenchymal transition occurs, which enables
epithelial cells to migrate to a new environment. While this
occurs mainly during embryogenesis, in cancer cells this process
denotes the invasive phenotype (21).

Sex-associated differences exist in bone metastasis formation
from breast-, lung- and prostate cancer. In breast cancer,
estrogen influences the bone microenvironment by creating
and conditioning a favorable niche for colonization of breast
cancer cells. Patients with estrogen receptor o positive (ER+)
tumors have bone metastases three times more often than do
patients with ER- tumors (22). In lung cancer, it is reported that
females more often have bone metastases due to a more favorable
bone microenvironment for metastasis formation. In prostate
cancer patients, a decrease in the androgen-to-estrogen balance
results in bone metastasis formation, with a potentially
important role for ERB that may be similar to that in breast
cancer. Androgens as well as estrogens have an influence on
osteoblast proliferation and on bone resorbing osteoclasts. In
both males and females, estrogens have a dominant effect on
bone maintenance and can directly inhibit osteoclasts.
Furthermore, androgens directly contribute to male periosteal
bone expansion, mineralization, and trabecular bone
maintenance (23).

The time from primary diagnosis to the development of bone
metastasis can range from months to decades. This implies that
tumor cells can lay dormant for significant periods of time after
they leave the primary site. It has been shown that the bone is an
important reservoir for dormant tumor cells. The best-illustrated
cases for clinical dormancy are in breast cancer, where ER+
patients show late recurrences, sometimes decades after removal
of the primary tumor. Latent bone metastasis formation likely
depends on estrogen regulation, and it is significantly higher in
ER+ cases (24).

Bone metastases have unique disease-specific characteristics,
such as longevity, fracture healing rates, local and systemic
disease progression, and sensitivity to adjuvant treatments.
Bone metastases from lung cancer and renal cancer can also
show acral distribution (25). Patients with bone metastases of
lung cancer historically showed a median survival of
approximately 6 months (14). Treatment options for patients
with identifiable mutations include immunotherapy and
epidermal growth factor receptor tyrosine kinase inhibitors,
with evidently improved survival benefit (26). Bone metastases
of lung cancer are, in general, sensitive to radiation therapy (27).

The median survival of breast cancer patients with bone-only
metastasis is 36 months (28). The medical treatment of breast
cancer depends on the hormone receptor and HER-2/neu status
and is different for premenopausal and postmenopausal women
(25). Furthermore, pain reduction can be achieved, and skeletal-
related events and the development of new skeletal lesions can be
prevented by the use of bisphosphonates or denosumab, due to
their ability to limit bone resorption. Bone metastases of breast
cancer are in general radiosensitive, resulting in a lower
proportion of surgical treatments (29).
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Men with prostate cancer, a good performance status, and
bone-only disease have a median duration of disease control after
androgen blockade of 4 years and a median survival of 53
months (14). Bone metastases of prostate cancer have a
predilection for the axial skeleton, resulting in an increased
risk for spinal cord compression (25). However, due to the
osteoblastic nature of the metastases, skeletal-related events are
relatively uncommon. Also, bone metastases of prostate cancer
tend to be radiosensitive, which allows a higher proportion of
nonsurgical treatment. In case of a pathologic fracture, healing
rates are higher than for most other metastatic carcinomas (29).
Treatment with Radium-223, a calcium-mimetic and alpha-
emitter that selectively binds to areas of increased bone
turnover, results in significantly prolonged OS in patients who
had castration-resistant prostate cancer and bone metastases (30).

LESSONS LEARNED FROM
EXPERIMENTAL IMAGING

Quantitative imaging of bone metastases beyond morphology
has been studied in preclinical studies on the functional and
molecular level using MRI and PET. In these studies, quantitative
biomarkers in skeletal lesions were assessed and validated with
the underlying histology. Thereby, DCE-MRI parameters in
bone metastatic lesions from breast cancer associated with
blood volume and vessel permeability were correlated with
vessel maturity, while the apparent diffusion coefficient (ADC)
from DWI was associated with tumor cellularity as assessed by
cell nuclei staining (31). Treatment monitoring in an animal
model of osteolytic breast cancer could be performed reliably
using DCE-MRI and 'F-FDG PET, while therapy response
could be detected through functional and metabolic techniques
earlier than through morphological imaging (32, 33). Integration
of parameters from DCE-MRI and '*F-FDG PET by machine
learning algorithms enabled the detection of early pathologic
processes in the bone marrow preceding morphologic changes in
bone structure (34). Thus, parameters from functional and
metabolic MR and PET imaging are powerful tools to quantify
pathophysiologic processes during colonization of bone marrow
and to determine response to treatment of skeletal metastasis.
On the molecular level, PET is the method of choice to
determine molecular structures expressed in bone metastases,
such as integrins alpha,betas;s or the chemokine receptor
CXCR4 (35, 36). Although a major limitation of MRI is the
lack of sensitivity when compared to PET, a strategy of signal
amplification using a pair of enzymes and an appropriate
reducing substrate was presented recently to non-invasively
assess epidermal growth factor receptor (EGFR) expression in
MRI (37). Besides MRI and PET, other imaging modalities may
also be used to determine molecular information in bone
metastases, such as ultrasound with its high spatial resolution
and unique contrast characteristics of gas-filled microbubbles for
enabling the assessment of intra-vascular targets such as vascular
endothelial growth factor receptor-2 (VEGFR-2) expressed in
bone metastases (38). Thus, molecular imaging strategies for

molecular characterization of skeletal lesions have been
developed for PET but also for MRI and ultrasound, which are
suitable for clinical translation in the near future.

MAGNETIC RESONANCE IMAGING (MRI)

From Axial Spine-MRI to Whole Body-MRI
With Diffusion-Weighted Imaging

Since the early 1990s, bone marrow MRI has been developed to
overcome the limitations of bone scintigraphy and CT for the
assessment of bone metastatic disease, showing an unparalleled
sensitivity to the replacement of the bone marrow by neoplastic
cells (39, 40).

Axial skeleton MRI (AS-MRI) examinations was first
developed as a tool used for the detection of bone marrow
replacement by neoplastic foci and their quantification (40,
41). Coverage of the “axial skeleton”, i.e. the whole spine, bony
pelvis and proximal femurs, already probes more than 80% of the
red marrow containing areas where metastatic disease is
observed, and has limited risk to miss isolated peripheral
metastatic disease (39, 42).

Whole body MRI (WB-MRI) was later developed for a global
assessment of skeletal metastases and for a one-step “all-organ”
approach of metastatic disease. The morphologic T1, fat
saturated T2/STIR sequences were first used, and were later
complemented with functional DWI sequences (42). The “fluid
sensitive-fat saturated” T2-like sequences are now preferably
acquired using the Dixon method, that not only provides fat-
saturated T2 or STIR equivalent “water only” images, but also
“fat only” images providing T1-like information and highly
sensitive detection of focal lesions on a background of fatty
marrow, questioning the residual need for T1 images (43).
This T2 Dixon approach can now be extended to whole body
examinations: using T2 Dixon sequences as an alternative to the
addition of T1 and STIR drastically decreases the acquisition
times of anatomical WB-MRI studies (44). Additionally, the
Dixon technique offers the possibility to calculate the marrow
fat fraction (FF) and generate fat fraction maps. This quantitative
approach is gaining interest along with ADC measurements as a
biomarker for response evaluation. Indeed, the fat proportion is
expected to increase in focal and diffuse marrow infiltration in
response to treatment (45).

Principles, Advantages and Weaknesses
Classic morphologic MRI sequences detect metastases based on
the decrease in normal marrow components, mainly fat cell, and
on their replacement by neoplastic cells which may present
different biochemical composition properties and variable
influence on the adjacent bone structure (46).

DWTI sequences detect metastatic foci based on the alteration
of the movements of water molecules through tissues. In the
bone marrow, early infiltration by neoplastic cells is responsible
for a decrease in the free movements of water and ADC (47).
DWTI sequences provide a functional dimension to MRI
examinations, as diffusion parameters mainly probe membrane
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integrity, cell viability and tissue density, and allow a quantitative
approach of these parameters. It also largely contributes to the
detection and response evaluation in extraskeletal organs
involved by the metastatic disease (11, 48, 49).

The detection of neoplastic tissue using MRI does not rely on
activation of osteoblasts/clasts and subsequent sclerosis/lysis
developed on bone trabeculae, which causes delay in the
diagnosis of bone infiltration by radiographs, CT and bone
scintigraphy. Unlike PET, MRI does not rely on the avidity of
the tumoral tissue for a given radioactive tracer, which largely
varies according the primary cancer and also according to the
disease stage in the same cancer (50). This provides a “universal”
dimension to MRI for the detection and follow-up of
metastatic disease.

A major strength of MRI is the detailed morphologic analysis
of bones, which allows distinction of benign versus malignant
fractures, assessment of extraosseous spread and (sometimes
preclinical) impingement on neurologic structures, and
monitoring of these complications after initiation of targeted
or systemic treatment (51).

As main weaknesses, some benign bone lesions may mimic
neoplastic foci and should be identified based on the correlation of
DWI and morphologic sequences and on ADC measurements (52,
53). In late stages of the disease, treated lesions and scar tissue
within the bone marrow may complicate the detection and size
measurements of active metastases, especially on morphologic
sequences. DWI sequences and ADC maps then become cardinal
for response assessment (54-56).

Another potential limitation of MRI is a benign increase in
marrow cellularity of the red bone marrow during the treatment, in
response to various factors among which are marrow stimulating
drugs, potentially resulting in a diffuse “pseudoprogression” (57).
This can be prevented by avoiding the use of MRI during and
shortly after the use of these drugs.

Measurement of Response

Bone marrow MRI is currently used daily in clinical practice and
clinical trials to assess the response to treatment of bone only and
bone predominant metastatic disease, using several approaches
with different complexity (18, 58). Recommendations for a
homogenization of MRI image acquisitions and generalizable
response criteria have been developed (55). The harmonization
of quantitative DWI acquisitions and ADC calculations has been
addressed by the United Kingdom Quantitative WB-DWI
Technical Workgroup (59).

Size and Number
Metastatic disease to the bone marrow may present as a focal or a
diffuse pattern. Evolution from a normal appearing marrow to a
focal or diffuse pattern, increase in number and size of focal
lesions will indicate disease progression (60). A decrease in focal
lesion number and size, return from diffuse or focal patterns of
marrow infiltration to a normal marrow appearance will indicate
response (Figures 1, 2).

RECIST-like criteria can be transposed to bone marrow
metastases. Simple size measurements of bone metastases on
morphologic sequences in (a limited sample of) bone metastases

allows objective assessment of response, especially in early
disease. This approach can be used on morphologic sequences
and on high b value DWI sequences. In prostate cancer, this
approach more than doubles the proportion of patients with
measurable metastatic disease, previously limited to those
patients with quantifiable abdominal lymph nodes (41).

Non-Quantitative Features

Additional “qualitative” signs may be used for response
assessment on MR images. The progressive appearance of a
“fatty halo” of high signal on T1-weighted images at the
periphery of regressing focal lesions indicates responsive disease
(60). Conversely, the disappearance of a peripheral “cellular” of
high signal intensity on T2-weighted images, representing active
or aggressive disease, also represents an early sign of response,
whereas its re-appearance suggests disease relapse. The appearance
of malignant vertebral compression fractures, and appearance/
progression of extraosseous/epidural spread unambiguously
indicate progressive disease (60).

Quantitative Functional and
Multiparametric Approaches

The quantitative approach can be directed either to individual
lesions or to the whole-skeleton using ADC measurements and
mapping derived from DWI sequences and fat fraction (FF)
measurements derived from Dixon acquisitions. This approach
becomes cardinal in advanced metastatic disease where
previously treated lesions and scar tissue complicate the size
measurements of active lesions on morphologic sequences.

Response to treatment is associated with an early increase in
ADC values within individual lesions (61). At a later stage,
responsive bone metastases present a decrease in ADC values
together with a decreased signal on high b-value images due to
recolonization by normal bone marrow. A sharper decrease in
signal intensity and ADC isrelated to the sclerotic transformation of
treated lesions, which is also observed on anatomic sequences. A
total diffusion volume can be derived from WB DWI sequences for a
global quantification of the metastatic burden and its follow-up
under treatment (62, 63). The FF presents an early increase in focal
and diffuse metastatic infiltration in response to treatment) (45).

Multiparametric MRI by definition combines anatomical and
at least two functional sequences. The multiparametric WB-MRI
approach used for the quantitative evaluation of bone lesions
combines anatomical T1 and STIR sequences (potentially
replaced by single T2 Dixon acquistions), FF measurements,
and functional DWI sequences along with ADC maps.

The METastasis Reporting and Data System for prostate cancer
(MET-RADS-P) guidelines were designed in prostate cancer, in an
international initiative to standardize WB-MRI protocols and most
importantly to provide multiparametric response evaluation
criteria for bone, node, and visceral lesions (55). These criteria
combine quantitative approaches of ADC and FF within bone
marrow metastases, RECIST-like size criteria transposed to bone
lesions, and RECIST criteria for node and visceral lesions follow-up.
They allow categorization of the disease response or progression on
a 5-point Likert scale. The method also offers the possibility to
record the heterogeneity of response within metastases and
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categorizes the response as “discordant” if some bone lesions or
soft-tissue are progressing, while others are stable or are responding,
and vice-versa. The reproducibility of the technique as well as its use
by readers with various experience have been validated (64). The
same criteria may be transposed for WB-MRI studies performed for
lesion follow-up and response assessment in bone-only or bone-
predominant metastatic disease from other primary cancers.

Target Cancers

The objective parameters extracted from AS-MRI and WB-MRI/
DWI are increasingly used to assess response of bone metastases
to treatment in a large number of primary cancers.

FIGURE 1 | 53 year-old woman with newly diagnosed metastatic breast cancer (grade Il ductal carcinoma, ER 8, PR8, Kl 67 5%, HER2 neu 2+): spinal MRI
findings at diagnosis of bone metastases and during treatment. (A) Baseline sagittal T1-weighted MR image of the whole spine shows muiltiple foci of low signal
intensity of the bone marrow, typical for bone metastases (posterior arch of C4, vertebral bodies of T8, T9, L1, tiny foci in L5). (B) Corresponding MR image obtained
2-m later after combined treatment including a selective estrogen receptor degrader (SERD) and palbociclio shows significant decrease in size of all lesions, and
disappearance of the small L5 foci. (C) Follow-up MR image obtained 2-m later shows further decrease in size of all lesions, with measurable decrease in lesion size
and reappearance of fatty marrow at the periphery and within the lesions, again indicating frank response to treatment.

In prostate cancer, AS-MRI and later WB-MRI were
introduced after demonstration of their superiority to bone
scintigraphy for detection of bone metastases and for a one
step staging of bone and lymph node involvement (40, 65, 66).
The current roles of WB-MRI to assess metastatic disease have
been recently illustrated and compared to other techniques (44).
PSMA-PET/CT is most likely the current most sensitive
technique for the detection of low volume metastatic disease
and for therapeutic decision (curative versus systemic treatment)
in newly diagnosed prostate cancer and at the biochemical
recurrence stage. WB-MRI is an optimal non-irradiating
alternative for polymetastatic disease detection and follow-up
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FIGURE 2 | 73 year-old man with advanced prostate cancer. Comparison of pre- and post-treatment (enzalutamide) WB-MRI/DWI. Baseline coronal T1-weighted
MR image (A) shows diffuse bone marrow infiltration within the spine, responsible for diffuse low signal intensity of the bone marrow, and related to advanced
metastatic disease after several lines of treatment. The pelvic bones show higher signal of the bone marrow indicating a fatty content due to previous irradiation.
Several focal lesions of low signal intensity are visible within the pelvis and left proximal femur. Baseline DWI MR image (B; B = 1000 s/mm?, inverted grey scale)
shows high signal intensity foci typical for active bone metastases within the T4, T5 (arrowheads) and T10 (curved arrow) vertebrae. Follow-up T1-weighted MR
image (C) shows no evident change of the spinal bone marrow, but increase in the right paraspinal extension of the T10 metastasis (curved arrow), and a new lesion
within the right posterior iliac crest (arrow). Follow-up DWI MR image (D) shows disappearance of the midthoracic vertebral lesions, but increase in size and right
paraspinal extension of the T10 vertebral lesion (curved arrow), and appearance of new lesions within the L1 vertebral body, the right iliac crest and left proximal
femur (arrows). The observation of concurrent signs of disease response and progression is frequent, especially in advanced stages of metastatic cancer.

under systemic treatment (Figure 2). WB-MRI might become
the first choice in advanced disease, castration-resistant prostate
cancer (CRPC), as PSMA-PET/CT might be confounded by
androgen blockade (AB) treatments which induce short term
upregulation of PSMA expression and long term downregulation
of this expression, limiting the possibility of following metastatic
prostate cancer lesions at this stage (67, 68).

In breast cancer, AS-MRI and WB-MRI were also introduced to
overcome the limitations of bone scintigraphy (BS) and CT for the
detection of bone metastases and evaluation of their response to
treatment (Figure 1A) (54, 69, 70). WB-MRI progressively becomes
a key imaging modality for the evaluation of response in bone only/
predominant metastatic breast cancer for the follow-up of
treatment response (71). In patients with advanced breast cancer
treated with systemic treatment of metastatic disease and followed-
up with WB-MRI in addition to other imaging modalities (CT, BS,
TAP-CT or PET/CT), WB-MRI discloses progressive disease earlier
than the reference examination and provides decisive information
for changes in treatment in more than 50% of patients (72-74). Of
note, WB-MRI shows a frequent discrepancy between response as
assessed locally within the primary cancer and within metastases,
and disease progression is identified earlier in distant disease
compared to local disease assessment (75).

There is a consistently increasing number of indications of WB-
MRI for bone and visceral metastases detection in various primary
cancers, sometimes relying on the design of disease- or patient-

tailored MRI studies (coverage of lung, liver, and brain, with specific
sequences according to primary cancer). WB-MRI can for example
be proposed in this indication in lung, thyroid, kidney and
colorectal cancers, in melanoma, myxoid liposarcoma, Ewing
sarcoma or osteosarcoma. The detection of bone metastases using
the same technique substantiates its use for the subsequent
evaluation of the response of bone lesions to treatment (76).

POSITRON EMISSION
TOMOGRAPHY (PET)

Quantitative Assessment of Bone
Metastases on PET

Traditionally, PET is used for staging of many cancer types
because of its high sensitivity for visual detection of metastatic
disease, typically using '*F-FDG as radiotracer. In 2009, novel
qualitative and quantitative approaches to metabolic tumor
response assessment, solely applicable for '*F-FDG PET, were
proposed (77). The purpose was to overcome the limitations of
morphologic imaging alone-based criteria (e.g. RECIST,
RECIST1.1) and to capitalize the benefit of using newer cancer
therapies. The framework for PET Response Criteria in Solid
Tumors (PERCIST), version 1.0, was meant to serve as an
example for use in clinical trials and in structured quantitative
clinical reporting (77).
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In current practice, however, the quantitative nature of PET is
often unexploited. Especially in the case of bone metastases that
are deemed non-measurable by RECIST 1.1, quantification of
radiotracer uptake might prove crucial for assessing bone disease
through changes in the viability or molecular processes of tumor
cells instead of lesion morphology. A further advantage is that
quantitative PET assessment can be performed on a per-lesion
basis, as well as on a whole-body level.

Parameters that can be extracted from routinely acquired
static whole-body PET images have been validated for many
tracers in different cancer types (78-82). In general, these
parameters can be divided into those based on (83): i) tracer
uptake intensity (e.g. standardized uptake values, SUVs), ii)
metabolically active tumor volumes (MATV), and iii) a
combination of both, representing the total tracer uptake in a
tumor. Typical SUV metrics are the mean uptake (SUV ,c.n), the
maximum uptake (highest voxel value; SUV,,,,), or the peak
uptake (highest average value of a 1em® sphere; SUV ,¢.i) within
an identified lesion. Depending on specific radiotracer kinetics,
uptake may need to be normalized to background activity in e.g.
liver or blood (81). Metrics combining lesion volume and tracer
uptake, such as total lesion glycolysis (TLG) for '*F-FDG, seem
especially promising for objective longitudinal assessment of
bone metastases load, as they provide information on the total
amount of viable tumor tissue within a bone lesion both on an
individual lesion and patient-basis (84, 85).

Target Cancers

Prostate Cancer

In metastatic prostate cancer, osteoblastic or mixed bone lesions
with minor soft tissue component are frequently observed,

challenging accurate RECIST1.1-based follow-up for these
patients. With the recent introduction of several PET-tracers
targeting the PSMA (Figure 3), detection of prostate cancer
lesions has significantly improved (86, 87). In 2018, guidelines
for standardized interpretation of PSMA PET images
(PROMISE) were proposed (88). Quantitative parameters for
evaluation of treatment response using PSMA PET/CT, besides
well-known maximum standardized uptake values (SUV,.y),
have been proposed including PSMA tumor volume (PSMA-
TV) and total lesion PSMA expression (TL-PSMA) (85). Initial
studies evaluating metrics such as PSMA-TV and TL-PSMA for
metabolic response assessment have shown promising results,
some of these through a ‘PSMA-modified’ RECIST or PERCIST
classification system. Importantly, several studies reported an
association of these PSMA PET parameters with overall survival
(OS) during treatment with radioligand therapy (RLT) with
77Lu-PSMA (89-91). A recent systematic review summarized
the available evidence for using quantitative PSMA parameters
versus serum PSA in assessing response for castration-resistant
prostate cancer (92).

In parallel to ER-targeted PET imaging in breast cancer with
160.-'*F-fluoro-17pB-estradiol (['®*F]FES), androgen receptor
(AR)-targeted PET imaging in prostate cancer is possible using
"8E-fluorodihydrotestosterone (**F-FDHT; Figure 3), which
binds the intracellular AR in prostate cancer cells (93). This
enables quantitative assessment of AR-expression in bone
metastases, both for response monitoring and prognostic
purposes (80, 93, 94). 'SF-FDHT cannot be used during
treatment with drugs that directly block the AR (95, 96). For
PSMA-ligands and '*F-FDHT, technical validation studies
assessing tracer pharmacokinetics and repeatability have been

FIGURE 3 | Example of a male patient with bone and lymph node metastases from castration-resistant prostate cancer who underwent bone scintigraphy (A) and F-
DCFPyL (B) and "®F-FDHT PET (C) for research purposes. Bone scintigraphy demonstrated several rib metastases. A large number of additional (measurable) bone
metastases were observed on "®F-DCFPyl PET, with additional lymph node metastases detected on-par. Disconcordant AR-expression visualized on '8F-FDHT PET.
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performed, enabling their clinical use in (quantitative) response
assessment (80, 81, 94, 97, 98).

The PET response assessment approach for bone metastases
in prostate cancer using PSMA PET may be extended to other
targeted PET tracers, such as '*F-NaF and '*F-FDHT in prostate
cancer, '*F-FES in breast cancer and '*F-FDG and ®*Ga-
fibroblast activation protein inhibitors (°*Ga-FAPI) in a
multitude of cancer types (94, 99-102).

Lung Cancer

The skeleton is the most common site of distant metastasis in
lung cancer. Approximately 30% to 40% of the patients with
advanced cancer will develop bone metastases, which represent
10% of disease recurrence even in early stage operable lung
cancer (15, 103, 104). "*F-FDG PET/CT plays a key role in the
diagnostic work-up of lung cancer, being fundamental especially
at diagnosis and during staging/restaging (105). Consequently,
all clinical guidelines support the use of the modality for the
assessment of advanced disease (106-110), given the high
diagnostic accuracy in depicting distant metastases for which
'"E-FDG PET/CT results superior to other conventional imaging
(111-115).

Recent meta-analysis data comparing ['*F]JFDG PET/CT with
WB-MRI show similar performances for staging NSCLC, i.e. area
under the curve (AUC) 0.95 for PET versus 0.93 for MRI (116).
The performance was also similar in case of SCLC patients (117).
When considering only bone metastases, dedicated meta-
analyses in lung cancer have proven PET/CT is superior to
other modalities, with a pooled sensitivity for ['*FJFDG PET/
CT, MRI and bone scintigraphy (BS) of 92%, 77% and 86%,
respectively, associated to a pooled specificity of 98%, 92% and
88%, respectively (118). Depending on cancer type, there is also
an associated impact in patient management that ranges from
12%-40% of the cases (105, 111, 115, 118).

Breast Cancer
The use of 'F-FDG PET/CT in breast cancer faces more
conflicting indications based on major clinical guidelines (111,
119, 120). While staging in advanced or suspicious metastatic
breast cancer is widely supported, initial preoperative staging is
regarded of limited value. Still, the results of a recent meta-
analysis in 4276 patients prove that the use of '*F-FDG PET for
initial evaluation of breast cancer leads to a change in staging and
management in 25% and 18% of patients, respectively (121).
With younger age, clinical stage III to IV and histologic grade II
to III were significantly associated with a greater proportion of
changes. These results are most likely attributable to the superior
diagnostic accuracy of '*F-FDG PET/CT compared with other
modalities (122, 123). In particular, the pooled sensitivity and
specificity of whole-body '*F-FDG PET and PET/CT are
reported to be 99% and 95%, respectively, compared to 57%
and 88% for conventional imaging studies (8, 124).
Approximately 70%-80% of breast cancers express hormone
receptors (HR), i.e. ERot and/or progesterone receptors (PR)
(125). Thanks to the use of ['®F]JFES PET, breast cancer
metastases can be characterized non-invasively also for ER
status reaching a pooled sensitivity and specificity of 78% and

98%, respectively (126, 127). The information obtained by ['*F]
FES PET can be used also to predict the response to hormonal
therapy in patients with locally advanced or metastatic breast
cancer. For this purpose, SUV cut-off values can be applied, for
example 1.5 and 2.0, demonstrating pooled sensitivities and
specificities for response prediction of 63.9% vs. 66.7%, and
28.6% vs. 62.1%, respectively (127). In newly diagnosed ER-
positive breast cancer, moreover, ['®F]FES PET shows a
sensitivity of 90.8% versus 82.8% for '®F-FDG PET/CT, thus
potentially leading to a change in patient management in 26.3%
of the cases (128).

Besides overexpression of hormone receptors, a proportion of
breast cancer tumors is known to show expression of human
epidermal growth factor receptors 2 (HER2) (129). In recent
years, whole body HER2-targeted PET imaging has proven to be
a valuable tool, both for the identification of patients suitable for
anti-HER2 therapy and monitoring therapeutic efficacy (130-
135). HERs can be targeted by several inhibitors that directly
block the receptors on HER-expressing tumor cells or interfere
with their signaling pathways (135). HER2-targeted PET imaging
with ®*Cu- or ®Zr-labeled antibodies is effective but typically
requires late time points acquisitions due to the antibody and
radio-isotope properties (132, 133). *®*Ga-labeled affibody
molecules targeting HER2 allow for routine same-day PET
imaging, thereby improving the clinical utility of HER2-
targeted imaging, and have yielded promising initial results
(130, 131, 136). More clinical data on the use of HER2-
targeted molecular imaging in breast cancer patients is
required before future clinical use.

Challenges and Opportunities in PET
Absolute measurements of tumor lesion PET metrics are
inherently dependent on the method used for tumor
delineation (137). Several segmentation methods have been
proposed, most semi-automatic and relatively easy to apply,
requiring a good repeatability and reproducibility basis in
order to detect small changes during response monitoring
(138, 139). Software packages are often vendor-supplied and
differences between several methods have been well evaluated
(139-141).

Evaluating longitudinal changes in tracer uptake on PET
typically requires patients to be scanned on preferably the
same PET/CT system using the same image reconstruction
protocol (142-144). Still, in PET the technical uncertainties
can be easily mitigated by harmonization of PET/CT system
performances between and within clinical centers. The latter is
achieved by the EARL accreditation program showing that
harmonization is feasible and is a prerequisite for a high
reproducibility of quantitative reads (145, 146).

Besides technical challenges, biological aspects need to be
considered when using PET for measuring bone lesions and
response to treatment in a clinical setting. The optimal timing of
disease assessment will depend on the specific treatment type a
patient is receiving, such as radiotherapy, RLT, chemotherapy, or
other targeted drugs. For example, systemic cytotoxic or
antihormonal treatments may elicit so called ‘flare’ phenomena,
potentially precluding the use of PET early during treatment follow-
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up (147-150). This can be avoided by adhering to clinical guidelines
and not performing PET too soon after treatment initiation.

Recent and ongoing technical advances have given rise to several
new opportunities in PET imaging. PET initially was a stand-alone
modality, but has moved on to become a hybrid imaging modality
(with CT and MRI). Even more recently, the novel ‘total body’ PET
systems have become available (151, 152). These total body (or ‘long
axial field of view’) PET systems can be used to perform PET
imaging in a single field-of-view instead of multiple bed positions,
with typical FOV from skull apex to mid-thighs (151-153). Not
only does this severely shorten the required acquisition time (a large
benefit for patients with often painful bone metastases), but this is
also accompanied by a large increase in system sensitivity which is
expected to improve lesion detection rates (153). Moreover, the total
body PET might enable quantitative parameters incorporating
radiotracer dynamics, such as whole body Patlak (154), to be
extracted and parametric images to be generated.

Advances in computer science have made the routine use of
artificial intelligence (AI) in medical imaging analysis possible (155).
A common application of AT in PET lies in the analysis and modeling
of radiomics features. Radiomics pertain to large volumes of data on
tumor shape, size, metabolism and texture that can be extracted from
PET-positive lesions, providing an image-based tumor phenotype
(155-157). The Imaging Biomarker Standardization Initiative has
harmonized performance of radiomics software packages to allow for
its robust and reproducible use (157). Recently, consensus
recommendations for considerations on the use of radiomics (both
PET, CT, and MRI) in clinical trials have been proposed (158). Deep
learning techniques, which do not require extraction of predefined
features seem particularly promising for segmentation purposes of
PET-avid bone metastases (159, 160). For PSMA PET, a deep
learning algorithm for automated analysis of PET images
(‘aPROMISE’) has been developed (161).

HYBRID IMAGING (PET/MRI)

The unique potential of hybrid imaging, as reviewed by Schmidkonz
and colleagues, lies in the assessment of complementary parameters
on the morphologic, functional, metabolic and molecular levels of
bone metastases from different modalities in a single examination
(162). When combining PET with CT in a PET/CT study, the CT
component enables assessment of bone morphology and osseous
destruction, while MRI in a PET/MRI hybrid study will offer superior
soft tissue contrast. Due to the (still) novelty and increased cost and
complexity of PET/MRI, this technique currently is primarily
compared to PET/CT for assessing the respective potential of these
two imaging approaches for evaluating bone metastases.

When comparing the performance of '*F-FDG PET/CT with
"F-FDG PET/MRI for the assessment of malignant bone lesions,
the overall performance of PET/MRI has been found to be
equivalent to PET/CT for the detection and characterization of
bone lesions when these hybrid techniques were performed
sequentially (163). However, in PET/MRI, lesion delineation
and allocation of PET-positive findings were found to be
superior to PET/CT (163). Samarin and colleagues reported

similar results from a comparison of '*F-FDG PET/CT with
"E_-FDG PET/MRI in 24 patients with bone metastases from
different primary tumors (164). The overall detection rate was
not significantly different between PET/CT and PET/MRI, but
the latter provided higher reader confidence and improved
conspicuity as compared with PET/CT (164).

In a prospective comparison of the diagnostic accuracy of '°F-
FDG PET/MRI and CT, PET/MRI was significantly better than CT
for the detection of bone metastases in patients with newly
diagnosed breast cancer (165). Also, in a particular series of 109
breast cancer patients, PET/MR demonstrated an improved
sensitivity over '*F-FDG PET/CT alone, where the sensitivity of
PET/MR and PET/CT were 96% and 85%, respectively (166). In
men with biochemical recurrence of prostate cancer following
curative therapy, ®®*Ga-PSMA-11 PET/MRI demonstrated a high
detection rate especially for recurrent disease with low PSA values,
but included all sites of local or distant recurrence including lymph
nodes and bone (167). In 26 patients with prostate cancer, **Ga-
PSMA-11 PET/MRI and PET/CT performed equally regarding the
PET component for detection of bone metastases, while two PET-
positive skeletal metastases could be confirmed on contrast MRI,
but not on CT (168).

An interesting approach for patients with both osteolytic and
osteoblastic metastases from breast or prostate cancer was
proposed by Sonni and colleagues (169). Combining "*F-FDG
and Na'®F in PET/MRI was superior for the detection of skeletal
metastases as compared to whole-body bone scintigraphy (169).
This approach includes in an innovative manner both a
radiotracer (Na'®F) for the assessment of primarily osteoblastic
activity in osteoblastic lesions, and another tracer (‘*F-FDG) for
assessing increased glucose metabolism in the soft tissue
component of predominantly osteolytic metastases. Based on
the data and results referenced above, PET/MRI appears rather
superior to PET/CT for the detection of metastatic bone lesions,
but it lacks the morphologic information of bone and
osteoblastic bone formation derived from the CT component,
which might be mitigated some through innovative approaches
as reported by Sonni and co-workers.

BEYOND RECIST AND PERCIST

In 2009, the PET Response Criteria in Solid Tumors (PERCIST)
were introduced for '®F-FDG PET (77). Later on, along with the
detailed describing of the '®F-FDG PET requirements to allow
quantitative expression of the changes in PET measurements and
assessment of overall treatment response, a Simplified Guide to
PERCIST 1.0 was published (170). The PERCIST criteria enable
avid bone target lesions to be selected based on their metabolic
activity, and response to be measured objectively based on the
changes in metabolic activity even in the absence of an evident
anatomic change. PERCIST, however, only considers the change in
uptake of a single target lesion when assessing response, which is the
lesion with the highest SUV ¢y value normalized for lean body
mass (SULpei). New lesions, in the bone or elsewhere, result in
progressive disease by definition. The target lesion may or may not
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be within the bone, but all bone lesions have to be considered in the
selection of target lesion. Of note, there is no impact of changes in
volume of lesions, only the uptake concentration is considered.
Compared to RECIST, PERCIST represents a major step forward
for bone assessment as it considers bone lesions equally to any other
lesions anywhere else in the body.

The PERCIST approach focusses on the remaining hottest
lesion and has similarities with the therapy response criteria for
lymphoma, where the most active remaining lesions play a
dominant role (171). This “hottest lesion” centric approach is
well tailored to therapies with curative intent, but it might miss a
beneficial effect in non-curative therapies, where tumor control
and tumor bulk reduction are clinically relevant achievements. A
recent approach in image analysis is about abandoning the
selection of target lesions, as determined on baseline or post-
therapy scans, and aiming to take the entire tumor bulk in
consideration. The high contrast of modern oncological PET
tracers [e.g., 18E_FDG, somatostatin receptor (SSTR) and PSMA
ligands, '®F-DOPA, '"*F-MFBG (172)] permits straightforward
three-dimensional segmentation of lesions; by segmenting all
lesions, the total tumor burden can then be obtained. This type of
analysis does not distinguish between bone and non-bone lesions
and thus puts bone metastases on par with other metastases.

There is evidence that the baseline metabolic tumor volume
(MTV) is an important prognostic factor, e.g. in NHL, NSCLC and
multiple myeloma, as well as in prostate cancer patients treated with
the bone-seeking agent radium-223 (173-176). Furthermore, MTV
can be combined with metrics of tumor distance within a patient to
not only represent volume, but also dissemination for better
reflecting prognosis, as shown in NHL (175). Evaluation of the
changes in MTV and/or TLG have been shown to outperform
PERCIST-based approaches in tumors with frequent bone lesions,
such as Ewing sarcoma and osteosarcoma (177-180). Volumetric
determination on PET is not hampered by bone/soft tissue
interfaces, taking the total tumor burden into account in
combination with the metabolic activity. Total tumor burden
analyses can be combined with specific organ segmentation either
based on PET or CT, e.g. for spleen (for lymphoma) and bone, to
generate organ-specific tumor burden (181, 182). Furthermore, the
segmentation leading to total tumor burden or organ-specific
tumor burden can also be used as a mask to determine specific
radiomic features, which can provide even more information for
response evaluation (180).

Although promising, some challenges remain to the application
of tumoral volumes for routine therapy response monitoring: (i)
lack of standardization of uptake thresholds for PET-positive tumor
delineation; (ii) still too time consuming for clinical routine; (iii) no
prospectively defined response criteria. Especially regarding i and ii,
itis expected that advances in tumor segmentation, e.g. with further
automatization of the segmentation process and contributions from
deep learning-based Al algorithms, will increase the robustness,
accuracy and feasibility of total tumor segmentation to routine
clinical practice levels (141, 183). Based on results from current and
ongoing studies, automated tumor segmentation should actually be
one of the key expected improvements from Al applications to PET
(and other) imaging (160).

At any rate, similar analyses can be developed for non-FDG
tracers, e.g. with SSTR ligands in neuroendocrine tumors and
PSMA ligands in prostate cancer, Na'®F in breast and prostate
cancer patients (184-187). For evaluation of response on PSMA
PET, consensus criteria have recently been proposed with
specific cut-off values for both uptake and volume (188).

A specific case of total tumor burden imaging that is worthy
to mention is the use of the bone scan index (BSI), which is a
metric based on 2D planar bone scintigraphy that reflects the
fraction of bone showing increased turnover due to metastatic
invasion (189). It has been proposed two decades ago as a metric
for tumor burden and response assessment in metastatic prostate
cancer (189). Changes in BSI under treatment have been shown
to correlate with OS in patients with metastatic castrate-resistant
prostate cancer (nCRPC) treated with a range of therapies (190).
This has been corroborated in multicenter trials in mCRCP
patients treated with abiraterone acetate and with radium-223
dichloride (191, 192). Although promising, it is expected that the
shift from 2D to 3D imaging and the increasing use of novel PET
tracers that can pick up lesions outside of the bone as well as
bone lesions (e.g. PSMA ligands) will eventually displace the
currently widespread adoption of BSI for therapy response.
Accordingly, similar but PET-based metrics from PSMA and/
or Na'®F PET will likely outperform and replace BSI.

CONCLUSION

Modern imaging with PET and MRI allows bone metastases to be
detected and assessed both before and after therapy, without the
drawbacks of X-ray based imaging techniques (e.g. radiographs,
CT). These techniques assess bone metastases within the same
framework, as metastases in other organs. They further allow total
tumor burden to be assessed within a single imaging session, and
also the development of response criteria that include the bone,
thus filling a critical gap in the RECIST1.1 framework. The
EORTC, PERCIST and recent PSMA PET criteria are examples
of criteria that take bone metastases in consideration, on-par with
extra-osseous lesions. PET and/or MRI can detect and characterize
bone metastases of various types (e.g. lytic, sclerotic, radio-occult
or mixed) independently from the bone density changes. In
contrast with CT, they are not affected by changes in bone
mineralization induced by the tumor(s), and are not dependent
on soft-tissue components (as required by RECIST 1.1). Whole
body MRI including modern techniques such as DWI, DCE-MRI
and mpMRI can provide both detailed information on anatomical
structures as well as functional information on individual lesions
and whole body tumor burden. Modern PET imaging is
performed on hybrid cameras, with CT (from PET/CT) allowing
assessment of the bone mineral content (including fractures),
while MRI (from PET/MRI) can more often clarify a correlate
for the lesions observed on PET. Total tumor burden,
incorporating bone metastases on par with other metastases, is
an attractive approach to be applied in most PET tracers. While
advances in algorithms and deep-learning contributions are
expected to permit the determination of total tumor burden
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metrics in actual clinical routine before and after therapy, response
criteria through total tumor burden assessment are currently
developed, taking into consideration the tracer, therapy and
underlying cancer type.
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Cheng Wei', Yilong Zhang?, Xinyu Zhang?®, Wael Ageeli"*, Magdalena Szewczyk-Bieda®,
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Objectives: To investigate the impact of ultrasound shear wave elastography (USWE) and
multiparametric magnetic resonance imaging (mpMRI) in predicting a change in biopsy-
assigned Gleason Score (GS) after radical surgery for localised prostate cancer (PCa).

Method: A total of 212 men opting for laparoscopic radical prostatectomy (LRP) between
September 2013 and June 2017 were recruited into this study. All the participants had 12-
core transrectal ultrasound (TRUS) biopsies and imaging using USWE and mpMRI before
radical surgery. The predictive accuracy for imaging modalities was assessed in relation to
upgrading and downgrading of PCa GS between the biopsies and radical prostatectomy
using Student’s t-test and multivariable logistic regression analyses. A decision analysis
curve was constructed assessing the impact of nomogram on clinical situations using
different thresholds of upgrading probabilities.

Results: Most GS 6 diseases on biopsies were upgraded on radical surgery (37/42,
88.1%). Major downgrading was seen in GS 8 category of disease (14/35; 37.1%),
whereas no alteration was observed in GS 7 on biopsies in most men (55/75; 73.3%). In
univariate analysis, higher preoperative prostate-specific antigen (PSA) (p = 0.001), higher
prostate-specific antigen density (PSAD) (p = 0.002), stiffer USWE lesions (p = 0.009), and
higher prostate imaging—reporting and data system (PIRADS) (p = 0.002) on mpMRI were
significant predictors of upgrading. In multivariate logistic regression analyses, only PSA
(o = 0.016) and USWE-measured tissue stiffness (p = 0.029) showed statistical
significance in predicting upgrading.

Conclusions: Measurement of tissue stiffness using USWE in clinically localised PCa can
predict upgrading of GS and has the potential to improve patient management options.

Keywords: prostate cancer, ultrasound shear wave elastography, multiparametric MRI, PIRADS, radical
prostatectomy, prostate biopsy
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HIGHLIGHTS

O Ultrasound shear wave elastography can significantly predict
upgrading of biopsy-assigned Gleason Score in prostate
cancer following radical surgery.

O Ultrasound shear wave elastography is an emerging
technology based on measurement of tissue stiffness.

O USWE-measured tissue stiffness can impact decision analysis
based on different probabilities of Gleason Score upgrading
from biopsies to radical surgery in prostate cancer.

INTRODUCTION

The histological Gleason Score (GS) obtained using 12-core
transrectal ultrasound (TRUS) biopsy informs risk stratification
and counselling of clinically localised prostate cancer (PCa)
patients regarding various treatment options. The approach has
significant limitations, as a large discrepancy exists between
biopsy and postoperative radical prostatectomy GS in
approximately 40% of all localised PCa patients especially for
those with biopsy GS 6 disease (1-3). GS upgrading after radical
surgery is also associated with poor disease prognostic factors
such as extracapsular extension (ECE) and higher rates of
biochemical recurrences (4). Thus, predicting GS prior to
treatment of PCa becomes crucial, and the role of imaging as
marker is less understood. The role of imaging in the detection
and characterisation of PCa is now well-established (4). Prebiopsy
multiparametric magnetic resonance imaging (mpMRI) has been
widely applied to increase biopsy accuracy, particularly over the
last decade (5-8). However, there is still a burgeoning interest in
investigating the role that imaging can play in predicting
underestimated GS in biopsies. This will help in accurately
assessing prognosis, treatment selection, and decision-making.

Recently, ultrasound shear wave elastography (USWE) has
emerged as a promising imaging modality in the detection and
characterisation of localised PCa (9-11). USWE can assess tissue
stiffness of the whole prostate including cancerous tissue. USWE
measures the shear wave speed generated by specialised
ultrasound transducers through the target organs. Under
imaging, the speed of these scattered shear waves is shown as a
colour-coded dynamic map of tissue stiffness (presented as
Young’s modulus) in real time (12, 13). The USWE-based
imaging approach not only provides characterisation of
clinically significant PCa (9) but also predicts biochemical
recurrence on follow-up (14).

Although previous studies have focused on other
multifactorial analyses and nomograms to predict GS change
after radical surgery (3, 15-21), USWE or mpMRI, key imaging

Abbreviations: GS, Gleason Score; TRUS, transrectal ultrasound; PCa, prostate
cancer; mpMRI, multiparametric magnetic resonance imaging; USWE, ultrasound
shear wave elastography; kPa, kilopascals; PSA, prostate-specific antigen; PSAD,
prostate-specific antigen density; ESUR, European Society of Uro-radiology;
PIRADS, prostate imaging-reporting and data system.

modalities have seldom been considered as potential imaging
markers to predict GS upgrading or downgrading in PCa (22).

The aim of this study was to assess the impact of imaging
markers [tissue stiffness using USWE and prostate imaging-
reporting and data system (PIRADS) using mpMRI] in
predicting a change in biopsy-assigned GS after radical surgery
for localised prostate cancer. Furthermore, we aimed to quantify
the additional benefits that imaging information may bring to the
already known and reported clinicopathological parameters
through the construction of nomogram and decision-
analysis curves.

MATERIALS AND METHODS
Study Cohort

Two hundred and twelve patients opting for laparoscopic radical
prostatectomy between September 2013 and June 2017 were
recruited into this study. All patients were confirmed to have PCa
on 12-core TRUS biopsies. In brief, transrectal ultrasound
imaging of prostates was performed. After measuring size of
prostate gland, local anaesthetic agent was infiltrated from the
base to apex. Prostate was divided into 12 regions (as per our
protocol) including lateral and paramedian regions. Each region
was biopsied and sent for histopathology. Participants were then
scanned using two imaging modalities: mpMRI and USWE
preoperatively. The images from mpMRI were assessed, and
abnormal areas were classified using PIRADS score by two uro-
radiologists. The USWE images were analysed, and a quantitative
cancer stiffness estimation in kilopascals (kPa) was made.
Patients’ age at the time of radical surgery, prostate-specific
antigen (PSA), prostate weight, prostate-specific antigen
density (PSAD), biopsy GS, number of positive cores,
maximum of cancer in cores, clinical stage, and postoperatively
pathological GS were collected and analysed. Prostate specimens
were sectioned in a 3D printed patient specific mould and
analysed by two experienced study pathologists including the
co-author (JW with more than 5 years’ experience) (23, 24).
Figure 1 shows the flow of participants recruited to the study.
Table 1 presents baseline patient characteristics.

USWE Protocol and Acquisition

All USWE images were obtained using a transrectal endocavitory
ultrasound transducer (SuperSonic Imagine, Aix en Provence,
France) with patients being in either lithotomy or lateral position
the day before the scheduled radical surgery. USWE mode was
activated, and prostate gland elastograms were obtained from the
cranial to caudal direction for each lobe of the prostate. All
regions were scanned as described in our previously published
protocol (11). Guidelines for clinical practice have been framed
based on data emanating from many centres (25). Each patient’s
prostate gland was scanned transrectally; USWE images were
acquired in transverse planes from the base to apex with a gap of
4-6 mm. The most suspicious cancer located in the planes was
marked and reconstructed offline into 3D images. Suspicious
areas for cancer were scanned by rotating the transducer in
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different directions to confirm abnormalities and to perform
measurements of their sizes. Three stiffness measurements of
shear wave speed in m/s or Young’s modulus in kPa using
pseudo-colour maps were obtained independently by three
researchers. The ratio between abnormal and normal areas
were also recorded (Figure 1B).

MRI Protocol and PIRAD Score

MRI scan of each patient was performed using 3T scanners (TIM
Trio, Siemens, Erlangen, Germany) 6-8 weeks after the prostate
biopsy procedure (26). The MRI protocol was derived from the
European Society of Uro-radiology (ESUR) guidelines 2012 (27)
for PCa detection; PIRADS v2.0 was applied in this study, and
only PIRAD >3 lesions on MRI were marked and PIRADS 1 and 2
were taken as negative findings. All MR images were analysed and
scored by two experienced uro-radiologists (MS-B and ]S); both
the radiologists were blinded to patients’ clinicopathology data.

Statistical Analyses

A two-stage logistic regression process was used to investigate
the explanatory factors that could predict upgrading of GS 6 or 7
(3 + 4) and downgrading of GS 7(4 + 3) and above on biopsy.
First, univariate logistic regression was applied to examine
associations between single explanatory factor and the
outcomes, respectively. Absolute percentages of each variable,
univariate odds ratio (OR), 95% CI of univariate OR, and p-value
were presented. Multivariate logistic regression was then applied
to assess and adjust for significant predictive factors regarding
patient characteristics. The predictive factors in the multivariate
logistic regression model were a combination of significantly
associated factors from the bi-variate logistic regression.

FIGURE 1 | Flow chart of study procedure. (A) TRUS biopsy result with two positive biopsy cores. (B) One suspicious lesion in peripheral zone is shown in MRI (left)
and SWE (right) images. (C) Post-prostatectomy specimen sectioning in steps (23). (D) Histopathology photo after analysing.

Age, PSA, PSAD, maximum percentage of cancer in the core,
and prostate gland weight, and quantitatively assessed stiffness
using USWE were treated as continuous variables; clinical stage,
number of positive cores for cancer, PIRADS scores, and GS were
treated as ordinal variables. The reference groups of those
predictive factors were set if they were considered as a
meaningful reference of that variable. Adjusted OR, 95% CI of
adjusted OR, and p-value were derived after multivariate
logistic regression.

In addition, logistic regression model coefficients were used to
derive a nomogram predicating the probability of GS upgrading
or downgrading from biopsy. Non-informative or non-
significant variables in univariate logistic regression for GS
upgrading were removed. The bias-corrected calibrated values
were generated from internal validation based on 200 bootstrap
resamples. A decision-analysis curve was constructed assessing
the impact of the nomogram using different threshold
probabilities of upgrading or downgrading of GS. All analyses
were performed using SPSS 22 (IBM Corporation, New York,
USA) and R software (v 3.5.3). The alpha level was set at 0.05 to
determine two-tailed significance.

RESULTS

Change in GS in the Cohort From Biopsy
to Radical Surgery

A detailed map of biopsy GS and radical prostatectomy specimen
GS is shown in Table 2. A Sankey diagram in Figure 2 presents
same data in an alternate way. No change in Gleason Score was
seen in 47.2% of all the cases (100/212). Out of the 42 cases with
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TABLE 1 | Patient characteristics.

Age (years)

Median (IQR) 67.0 (63.8-72.0)

Mean (SD) 67.2 (5.7)

Range 44.0-77.0
Prostate-specific antigen (ng/ml)

Median (IQR) 9.4 (7.1-12.5)

Mean (SD) 11.4 (7.6)

Range 0.1-47.7
Clinical stage (%)

<T2a 148 (69.8%)

T2b/c 44 (20.8%)

T3 20 (9.4%)
Biopsy Gleason Score (%)

<6 42 (19.8%)

7@3+4) 75 (35.4%)

7@4+3 39 (18.4%)

>7 56 (26.4%)
No. of positive cores

Median (IQR) 4.0 (2.0-7.0)

Mean (SD) 4.8 (3.3

Range 1.0-14.0
Maximum percentage of cancer pre-core (%)

Median (IQR) 50.0 (20.0-80.0)

Mean (SD) 50.4 (30.0)

Range 5.0-100.0
The interval from biopsy to SWE (days)

Median (IQR) 102.5 (83-118)

Mean (SD) 102.6 (27.3)

Range 46-189
The interval from biopsy to MRI (days)

Median (IQR) 43 (35-48)

Mean (SD) 43.8 (11.2)

Range 21-78
Radical prostatectomy weight (g)

Median (IQR) 59.5 (47.5-76.5)

Mean (SD) 66.9 (29.4)

Range 31.0-207.0

GS 6 disease on biopsy, the majority (37/42, 88.1%) was
upgraded following radical surgery. GS 3 + 4 disease on
biopsies remained stable in most of the cases (55/75; 73.3%)
and so did the GS 9 (4 + 5 or 5 + 4) disease in most cases (76.2%).
GS 4 + 3 disease on biopsies had downgrading in one-third of
cases (13/39, 33.3%). Most downgrading (13/35; 37.1%) was seen
in biopsy GS 8 (3 + 5,4 + 4, 5 + 3) category disease.

Multifactorial Analysis of GS Change at
Radical Surgery

Table 3 shows the preoperative clinical and imaging parameters
in men with and without upgraded GS at radical surgery. As
seen, the data indicate that upgraded patients had a higher PSA
level (p = 0.001) and a greater PSAD (p = 0.002), stiffer cancerous
tissue as estimated by USWE (p = 0.009), and higher PIRADS 4/5
score (p = 0.002). The results also showed a trend that upgraded
patients were older (p = 0.130), with more positive cores (p =
0.608), maximum percentage of cancer in a given core (0.071),
and smaller prostates (p = 0.806), but none of these variables
were statistically significant. In multivariate logistic regression
analyses (Table 4), higher stiffness values at USWE (p = 0.029)
and higher PSA level (p = 0.016) predicted upgrading from
biopsy GS <7 (3 + 4) to GS = 7 (4 + 3) after radical surgery.

The PIRADS score at mpMRI failed to maintain the same
significance (p < 0.05) in both univariate analysis (p = 0.056)
and multivariate analysis (p = 0.068).

Nomogram Construction, Validation, and
Defining Thresholds for Decision Analysis
Figures 3A1, A2 show a constructed nomogram predicting the
upgrading of GS from biopsies to radical surgery with or without
USWE data. Longer scales indicate a higher percentage of
impact, and larger points suggest probability of upgrading.
PSA level had the greatest impact in both nomograms. USWE
counted as the second highest impact factor for GS upgrading.
The nomograms were then internally validated using 200
bootstrap samples, and internal calibration curves were
highlighted (Figures 3B1, B2). The calibration curves based on
internal validation results are set for the probability of prediction
at different levels. As seen, the curves demonstrated excellent
agreement between the prediction according to the nomogram
and actual observation. Decision analysis assumed that the
threshold probability of a change in GS at which the clinician
or patient would make an informed decision weighing the
relative harms of a false-positive and a false-negative
prediction using USWE information. A range of threshold
probabilities was shown at which the magnitude of benefits of
USWE was compared with no USWE information (Figure 4).
The net benefit for the model using USWE was slightly higher
but not quantitively proved at various thresholds compared with
the model without USWE (blue vs. red line). The mean size of
lesions from USWE was 16.1 + 7.2 mm (range from 7.4 to
44.8 mm).

DISCUSSION

This was the first study to assess the role of both USWE and
mpMRI in predicting change in biopsy-assigned GS following
radical surgery in men presenting with clinically localised PCa. A
review of the literature showed only limited reports of mpMRI
parameters used in predicting GS upgrading. Lai et al. (28) found
that mpMRI findings could predict upgrading GS 3 + 3 disease
on first biopsies in men on active surveillance. Abd-Alazeez et al.
(29) concluded that a patient with higher PIRADS score on
mpMRI predicted a high likelihood of high GS disease at radical
surgery in men with low-risk PCa in biopsy. No 3D fabricated
moulds were used to orient imaging to histopathology in any
of the reported studies, a clear contrast to the present study.
Similar observations were made by our group in the past (22).
In contrast and interestingly, Klotz et al. (30) observed in a
randomised multicentre prospective trial that adding MRI to
clinicopathological factors did not boost the prediction ability of
biopsy-assigned GS. In our study, we observed a high number of
patients with PIRADS 4 and 5 in upgraded than not-upgraded
patients [28.1% (27/96) vs. 5.0% (1/20), p = 0.002], but it was not
a significant predictor in either univariate logistic regression
model (p = 0.056) or multivariate logistic model (p = 0.068).
There are no reports in the literature of USWE imaging being
used in predicting change in GS. Previous studies only reported
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TABLE 2 | Radical prostatectomy grades stratified by biopsy Gleason Scores.

LRP GS Biopsy GS
<7 7(3+4) 7(4+3 8 9-10
6 Count 5 0 0 0 0
% within LRP GS 100% 0.0% 0.0% 0.0% 0.0%
% within Biopsy GS 11.9% 0.0% 0.0% 0.0% 0.0%
% of total 2.4% 0.0% 0.0% 0.0% 0.0%
703+4) Count 29 55 13 5 0
% within LRP GS 28.4% 53.9% 12.7% 4.9% 0.0%
% within biopsy GS 69.0% 73.3% 33.3% 14.3% 0.0%
% of total 13.7% 25.9% 6.1% 2.4% 0.0%
7(4+3) Count 3 5 16 9 2
% within LRP GS 8.6% 14.3% 45.7% 25.7% 5.7%
% within biopsy GS 71% 6.7% 41.0% 25.7% 5.7%
% of total 1.4% 2.4% 7.5% 4.2% 0.9%
8 Count 1 6 4 8 3
% within LRP GS 4.5% 27.3% 18.2% 36.4% 13.6%
% within biopsy GS 2.4% 8.0% 10.3% 22.9% 14.3%
% of total 0.5% 2.8% 1.9% 3.8% 1.4%
9-10 Count 4 9 6 13 16
% within LRP GS 8.3% 18.8% 12.5% 27.1% 33.3%
% within biopsy GS 9.5% 12.0% 15.4% 37.1% 76.2%
% of total 1.9% 4.2% 2.8% 6.1% 7.5%
Total Count 42 75 39 35 21
% within LRP GS 19.8% 35.4% 18.4% 16.5% 9.9%
% within biopsy GS 100% 100% 100% 100% 100%
% of total 19.8% 35.4% 18.4% 16.5% 9.9%

Total

100%
2.4%
2.4%
102
100%
48.1%
48.1%
35
100%
16.5%
16.5%
22
100%
10.4%
10.4%
48
100%
22.6%
22.6%
212
100%
100%
100%

LRP GS: laparoscopic radical prostatectomy Gleason Score; Biopsy GS: biopsy Gleason Score.
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FIGURE 2 | Sankey diagram of comparison between biopsy Gleason Score and prostatectomy Gleason Score.
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TABLE 3 | Association of clinical and pathologic parameters with Gleason Score (GS) group: upgrading from biopsy GS <7(3 + 4) to GS >7(4 + 3) at radical prostatectomy.

variables Upgrade (n = 28) No-upgrade (n = 89) t value (95%Cl) p-value
Age, year
Median (IQR) 70.0 (65.0-72.0) 67.0 (63.0-71.0) 1.49 (-0.61, 4.14) 0.130
Mean (SD) 68.8 (5.5) 67.0 (6.3
PSA, ng/ml
Median (IQR) 11.5(7.3-16.2) 8.8 (6.9-10.5) 3.34 (1.98, 7.78) 0.001
Mean (SD) 14.5(10.1) 9.6 (5.4)
No. of positive cores
Median (IQR) 3.0 (1.0-5.0) 3.0 (2.0-5.0) 0.47 (-1.07,1.72) 0.641
Mean (SD) 4.0 (3.3 3.6 (2.8
Maximum % cancer/core
Median (IQR) 45.0(20.0-76.3) 30.0 (20.0-50.0) 1.82 (-0.98, 23.02) 0.071
Mean (SD) 48.2(32.0) 37.2 (26.6)
Pathology weight (continuous), gram
Median (IQR) 62.0 (51.0-76.5) 63.0 (47.6-86.8) 1.24 (-5.43, 23.73) 0.216
Mean (SD) 64.7 (18.3) 73.9 (36.8)
PSAD (continuous), ng/ml2
Median (IQR) 0.2 (0.1-0.2) 0.1 (0.1-0.2) 3.21 (0.04, 0.16) 0.002
Mean (SD) 0.3(0.2) 0.2 (0.10)
Clinical stage (%)
<T2a 16 69 1.83 (-0.02, 0.51) 0.070
T2b/c 9 14
T3 3 6
USWE (continuous), kPa
Median (IQR) 145.1 (128.8-168.5) 128.7 (115.3-147.6) 2.64 (4.98, 34.84) 0.009
Mean (SD) 154.2 (42.3) 134.3 (31.4)
PI-RADS
<3 1 19 2.23 (0.02, 0.34) 0.028
4 and 5 27 69
Not reported 0 1

USWE as a promising diagnostic modality in the detection of
clinically significant PCa (9-11, 31, 32).

Preoperative PSA levels or PSAD are the most frequently
analysed factors as predictor of GS change in the reported
literature and were included in this study as well. From the
reported publications (19, 21, 28, 33), it appears that PSA or
PSAD performed consistently well, although in other studies, the
significance was not as strong in comparison to other predictors
(34, 35), but all the studies had used preoperative PSA in
multivariate logistic regression models. In this study, PSA level

was found to be one of the two significant parameters in
multivariate logistic regression analysis.

Smaller prostate size was not a statistically significant
predicting factor for GS upgrading in this study (p = 0.086).
This is similar to observations by other studies (16, 18-20),
although Freedland et al. (36) showed that decreased prostate
size was associated with higher Gleason grade, more aggressive
behaviour, and higher biochemical recurrence rates.

In studies by Epstein et al. (19) and Gondo et al. (33), age,
PSA level, prostate weight, and maximum cancer core

TABLE 4 | Univariate and multivariate logistic regression models to predict upgrading from biopsy GS <7 (3 + 4) to GS >7 (4 + 3) at radical prostatectomy.

Univariate
OR (95% CI)

Weight 0.991 (0.976-1.006)
SWE 1.015 (1.003-1.027)
PSA level (ng/ml) 1.098 (1.026-1.169)

PI-RADS
<8 1 (referent)
>3 7.435 (0.948-58.305)

Positive Core 1.038 (0.900-1.198)

Percentage 1.014 (0.999-1.029)
Clinical stage
T3 1 (referent)
T2b/c 2.156 (0.487-9.556)
<T2a 0.778 (0.154-3.927)

Multivariate
p-value OR (95% Cl) p-value

0.218 - -
0.014 1.015 (1.002-1.028) 0.029
0.007 1.087 (1.016-1.163) 0.016

- 1 (referent) -
0.056 7.317 (0.862-62.097) 0.068
0.605 - -
0.074 - -
0.312 - -
0.761 - -

OR: odd ratio; Univariate and Multivariate analysis are two statistical analyses. Univariate involves the analysis of a single variable while multivariate analysis examines two or more variables.

Most multivariate analysis involves a dependent variable and multiple independent variables.
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FIGURE 3 | The nomograms of Gleason Score upgrading prediction with (A1) and without USWE score (A2). Calibration plots of observed and predicted
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FIGURE 4 | Decision analysis demonstrated a high net benefit of USWE score model across a wide range of threshold probabilities. Prediction model without
USWE score (red line); prediction model with USWE score (blue line).

involvement were all statistically significant predictors of
downgrading. In our study, downgraded patients were more
likely to have a lower PSA level (8.1 vs. 10.6 ng/ml), but this was
not statistically significant (p = 0.075). Three studies summarised
downgrading from biopsy GS 3 + 4 to biopsy GS <7 at varying
rates of 7.3%, 9.0%, and 12.0% (19, 33, 37), respectively. No

patients’ postoperative GS was downgraded to GS 3 + 3 in our
study (see first raw of Table 2).

There were limitations worth mentioning in this study. First,
this study recruited men with histologically confirmed PCa and
only those opting for radical surgery. The focus of the study was
to obtain a robust reference standard of histology from radical
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prostatectomy obtained specimens. We used both USWE and
MRI imaging modalities in a preoperative setting. This was
considered as the standard of care approach at the time of
study; however, this had the potential of introducing a
selection bias in the study. Second, the biopsy technique used
in this study was 12-cores TRUS biopsy without targeting, and
this has potentially created sampling error in the patients
recruited to this study. Third, MRI scans were obtained after
biopsies confirmed PCa, and this might have introduced a
detection bias in estimating PIRADS score. Finally, this was a
single institutional study, and the findings require external
validation and the reproducibility of the USWE technique (38).
The use of USWE is not the standard of care, although guidelines
and evidence are emerging in this area (39). The study was single
centred with only operator performed USWE. Further
reproducibility in multi-operator setting needs to be tested. We
did not calculate the learning curve for this technology. Future
studies could focus on the role of both USWE and/or MRI-
targeted biopsy in patients suspected of PCa and in predicting
change in GS from biopsies to radical surgery.

Measurement of tissue stiffness using USWE in clinically
localised PCa can predict upgrading of GS and better guide
patient management options. This information may help in
counselling patients opting for PCa therapy for localised disease.
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RECIST 20 Years On

Response evaluation criteria in solid tumours (RECIST) v1.1 are currently the reference
standard for evaluating efficacy of therapies in patients with solid tumours who are
included in clinical trials, and they are widely used and accepted by regulatory agencies.
This expert statement discusses the principles underlying RECIST, as well as their
reproducibility and limitations. While the RECIST framework may not be perfect, the
scientific bases for the anticancer drugs that have been approved using a RECIST-based
surrogate endpoint remain valid. Importantly, changes in measurement have to meet
thresholds defined by RECIST for response classification within thus partly circumventing
the problems of measurement variability. The RECIST framework also applies to clinical
patients in individual settings even though the relationship between tumour size changes
and outcome from cohort studies is not necessarily translatable to individual cases. As
reproducibility of RECIST measurements is impacted by reader experience, choice of
target lesions and detection/interpretation of new lesions, it can result in patients changing
response categories when measurements are near threshold values or if new lesions are
missed or incorrectly interpreted. There are several situations where RECIST will fail to
evaluate treatment-induced changes correctly; knowledge and understanding of these is
crucial for correct interpretation. Also, some patterns of response/progression cannot be
correctly documented by RECIST, particularly in relation to organ-site (e.g. bone without
associated soft-tissue lesion) and treatment type (e.g. focal therapies). These require
specialist reader experience and communication with oncologists to determine the actual
impact of the therapy and best evaluation strategy. In such situations, alternative imaging
markers for tumour response may be used but the sources of variability of individual
imaging techniques need to be known and accounted for. Communication between
imaging experts and oncologists regarding the level of confidence in a biomarker is
essential for the correct interpretation of a biomarker and its application to clinical
decision-making. Though measurement automation is desirable and potentially reduces
the variability of results, associated technical difficulties must be overcome, and human
adjudications may be required.

Keywords: tumour, biomarker, imaging, response, RECIST

INTRODUCTION

Imaging plays a major role in the evaluation of tumour response
to cancer treatments. It provides an objective in-vivo
measurement of tumour burden, and helps oncologists
determine whether a treatment should be pursued, interrupted
or adapted.

Response evaluation criteria in solid tumours (RECIST) v1.1
currently is the reference standard for evaluating efficacy of
therapies in patients with solid tumours who are included in
clinical trials, and it is widely used and accepted by regulatory
agencies (1). However, many publications question both the
reproducibility and the clinical relevance of RECIST. This
paper is an expert statement aiming to answer some of the
questions regarding the principles underlying RECIST and its
reproducibility compared to other biomarkers, as well as the
limitations to its application and continued role in an era where
other biomarkers exist that are more explicitly geared towards
tumour-specific properties.

HOW WERE RECIST THRESHOLDS
ESTABLISHED?

RECIST has instituted several overarching principles underpinning
its approach to tumour response evaluation. Primarily, RECIST
defines which lesions are measurable in a reliable manner. Among
these, it defines a maximal number of lesions (‘target lesions’) to be
measured to yield a quantitative value representative of tumour
burden. The remainder are considered ‘non-target lesions’ and are
evaluated qualitatively. On follow-up scans, new lesions indicate
progression (Table 1). The threshold for response is defined as a
decrease of at least 30% of sum of diameters (SOD) of target lesions
compared to baseline, AND no progression of non-target lesions
AND no new lesions. The threshold for progressive disease (PD) is
defined as an increase of at least 20% of SOD of target lesions
compared to nadir AND/OR unequivocal progression of non-
target lesions AND/OR appearance of new lesions.

The first publication addressing thresholds for determining
treatment efficacy was published by Moertel and Hanley in 1976
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TABLE 1 | RECIST categories of response.

Overall Response Target Lesions

Definition e esions with longestdiameter>10 mm and
limits that are sufficiently well defined for their
measurement to be considered reliable
eLymph nodes: measurement of short axis,
target lesion if short-axis measures>15 mm

* Maximum number of selected target lesions
5/patient and 2/organ

Complete response (CR) ¢ Disappearance of all target lesions and all
nodes have short axis < 10 mm

*> 30% decrease in the sum of target lesions
taking as reference the baseline sum

eNeither response nor progression

Partial response (PR)

Stable disease (SD)

Progressive disease (PD):
response is PD if at least one
category of lesions meets
progression criteria

*> 20% increase in the sum of target lesions
taking as reference the smallest sum
measured during follow-up (nadir) and = 5 mm
in absolute value

Non Target Lesions New Lesions

e esions that are too small

(<10 mm)

e esions for which measurement is considered unreliable as
their limits are difficult to define (bone or leptomeningeal
lesions, ascites, pleural or pericardial effusion, lymphangitic
carcinomatosis etc.)

eMeasurable lesions not selected as target lesions

e[ ymph nodes: measurement of short axis, non-target lesion if
10 mm < short-axis diameter < 15 mm

e evels of tumour markers > normal (if relevant and
predefined)

¢ Disappearance of all non-target lesions and normalisation of e No
tumour marker levels

*No progression * No
 Persistence of one or more * No

non-target lesions and/or

tumour marker levels > normal

¢ ‘Unequivocal’ progression (assessed qualitatively) in lesion
size (an increase in size of a single lesion is not sufficient)

® Yes [appearance
of new

unequivocally
metastatic
lesion(s)]

(2). In this study, 16 observers were asked to measure by clinical
examination using a calliper the diameters of solid spheres of
variable sizes arranged randomly underneath a mattress. Authors
suggested the product of two diameters should be used, as this
would be more reliable if lesions were not spherical. For this
‘clinical’ estimate, a 50% reduction in the product of two
diameters was shown to have an acceptable measurement error
estimated between 7-8%. Interestingly, the authors specifically
stated that “the purpose was not to predict long-term efficacy but
to determine what change in bidimensional size could be
confidently considered a change”. Progression, on the other
hand, was defined as an increase in the product of diameters >
25%, but the authors could not justify this cut-off, other than by
specifying it “should not necessarily be regarded as influencing
the management of the patient”.

In 1979, the World Health Organization (WHO) provided
recommendations for the evaluation of cancer treatments in
clinical trials on imaging. Criteria were based not only on the
bidimensional measurement of lesions on clinical examination,
but also CT or standard radiography (3), transposing results of
Moertel and Hanley’s study and setting cut-offs for definition of

TABLE 2 | Relationship between diameter and corresponding volume.

response to -50% and of progression to +25%. However, many
technical aspects were not detailed, such as the number of lesions
to be measured or what constituted a measurable lesion.

In 2000, a working group of European, American and
Canadian cancer research organizations (EORTC, NCI, NCIC)
defined the Response Evaluation Criteria In Solid Tumours —
RECIST (4). They used data from over 4,600 patients enrolled in
14 clinical trials to formulate criteria based on imaging. RECIST
used unidimensional measurement of lesions, justified by an
extensive comparison of methods of measurement (1D vs. 2D)
(5). Moreover, this working group specified conditions of
measurement, number of lesions, and detailed how to
document progression. Regarding cut-off values for response
and progression, the -50% value for response for bidimensional
measurement was altered to -30% for unidimensional
measurements, and the +25% value for progression for
bidimensional measurement was altered to +20% for
unidimensional measurements (Table 2).

RECIST was then revised in 2009 (version 1.1) (1),
introducing specific rules for measurement of small axis of
lymph nodes and reducing the number of target lesions to five

Diameter (“long axis”) Percentage of variation

Corresponding volume Percentage of variation

20 mm

26 mm D +30%
34 mm D +30%
27 mm ) -20%

4.2 cm3

9.2 cm3 D +120%
20.6 cm3 +120%
10.3 om3 D -50%

Repeated measurements are given for a theoretical lesion including diameter measured in a single dimension (long axis), percent changes between measurements, and the corresponding

volume assuming the lesion is a sphere and percent changes in volume.
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per patient. This new version was also based on data analysis,
including a literature review and a simulation using a database of
over 6,500 patients and 18,000 lesions. The number of target
lesions for example, was chosen by determining the minimum
number for which response rates and time to progression were
not altered from RECIST 1.0 results (6, 7).

Statement #1

RECIST thresholds were chosen to produce a comparable
classification of patients in a given category of response when
comparing trials or even when comparing patients, taking into
account tumour measurement variability.

DO RECIST CATEGORIES PREDICT
OUTCOME?

RECIST criteria were originally tested and validated to provide
an objective and reproducible assessment of treatment effect in
cancer patients, without any references to patient outcome (8).
Yet it seems intuitive that when a tumour decreases in size, a
patient will have a better outcome, and vice versa. There is
evidence to support this, including some large studies, which
pool data from various trials. In over 500 patients with metastatic
colorectal cancer treated with combination chemotherapy, a
decrease in size resulted in a decreased hazard ratio for overall
survival (OS) (9). In a meta-analysis of 24 phase I trials, a linear
relationship was shown between change in tumour size and
survival (10). In a pooled analysis of over 2,700 patients with
metastatic renal cell carcinoma treated with anti-angiogenic
agents, tumour shrinkage of > 30% resulted in improved OS
and progression-free survival (PFS) (11). In addition, the authors
demonstrated that tumour shrinkage between 60% and 100% at
6-month follow-up represented an independent prognostic
factor for OS. Litiére et al. also demonstrated in an even larger
pooled analysis of over 23,000 patients treated with targeted
agents, chemotherapy or a combination thereof (12), that a
decrease in tumour size was consistently associated with a
lower hazard ratio, while an increase in size was associated
with a higher hazard ratio.

Tumour response according to RECIST can only be
quantified by a decrease in size or number of target lesions, as
non-target lesions are not taken into consideration for partial
response (PR). Regarding progression however, it is important to
consider non-target lesions, as unequivocal progression of non-
target lesions or emergence of new lesions defines tumour
progression. In over 3,700 patients from 13 trials in the
RECIST trial database, the presence of new lesions and
progression of non-target lesions were most strongly associated
with worse OS (hazard ratios range 1.5-2.3) regardless of tumour
type, whereas percentage tumour growth in target lesions
contributed less in a multivariate model of OS (13).

Finally, in two separate studies (14, 15), An et al. compared the
predictive ability of RECIST categories vs. longitudinal tumour
measurement-based continuous metrics and alternative

categorical response metrics such as slope (absolute change in
tumour size) and percent change (relative change in tumour size)
to predict OS. The databases consisted respectively of almost 2,100
patients from 13 trials and over 1,500 patients from 3 trials with
breast cancer, non-small cell lung cancer (NSCLC) or colorectal
cancer. Although there seemed to be a slightly better performance
for continuous variables, it was not statistically significant, which
led the authors to conclude there was no evidence that growth rate
or a continuous evaluation of percent change would improve
prediction of outcome. However, it may be noted that timing of
evaluations, particularly when considering non-continuous
variables, may have an impact on their performance and results.

Statement #2

Tumour size changes correlate to outcome at a statistical
(cohort) level.

HOW REPRODUCIBLE IS RECIST?

When considering whether RECIST evaluates tumour response
correctly, metrology principles guide us to consider two aspects
(16): is the measurement “true” (when compared to a “real”
value, which defines its accuracy), and is the measurement
“precise” (i.e. repeatable and reproducible)?

Assessing accuracy of change in size measurements would
require obtaining “true” values of change in size. As it is not
possible to surgically excise all tumours for comparison with
imaging, and often inaccurate to compare ex vivo with in vivo
measurements, the true value of an imaging biomarker must be
derived from data obtained through a combination of primary
tumour excision and phantom studies.

Precision refers to the variability of the measurement process
and can be evaluated by repeatability (when measurement
conditions do not change) and reproducibility (when
measurement conditions vary). The precision of RECIST and of
response categories has been studied extensively. Table 3 lists the
documented reproducibility of RECIST and factors that may
impact it. Overall, SOD reproducibility is in the order of +/-20%
in multi-observer studies, and +/-10% in single observer studies
(17). Important factors associated with RECIST measurement
reproducibility are the choice and number of target lesions
(Figure 1) and the experience of the reader(s). Where multiple
target lesions are used, their selection affects variability: agreement
ranges from 0.58 when different targets are chosen to 0.97 when
the same targets are used (23). Variability also increases with the
number of target lesions selected. For this reason, it has been
recommended that a central review in clinical trials should include
two readers and one adjudicator (29). Finally, reader experience
has major impact on variability, from the selection of the correct
reference examination (baseline vs. previous CT) to the detection
and proper interpretation of new lesions (20, 21, 25, 26).
Measurements of well-demarcated lesions and bigger lesions are
also more reproducible (17-19), which vindicates RECIST
recommendations for the choice of target lesions.
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TABLE 3 | RECIST reproducibility and factors impacting it.

Biomarker Reproducibility Factors impacting
reproducibility
95% limits of agreement Kappa Other
RECIST Per lesion With target lesion Lesion size ICC (22) -Selection of target lesions
(measurement) - Intra-obs: -18% to 16% selection -Pre-treatment: 0.72 differs in 21 to 33% (17, 23, 24)
CT (size) - Inter-obs: -22% to 25% (1 (17) - Intra-obs: 0.957 -Post-treatment: 0.85 -Practical training (ref 40)/
Per sum of diameters (19) -Interval change: 0.70 expertise (21)
- Intra-obs: -10% to 13% - Inter-obs 0.954 -Same observer (17, 20)
- Inter-obs: -20% to 20% (19) -Well delineated lesions (17, 19)
Interval change in tumour burden Target response -Lesions size (greater variability
(% change between time points) classification for smaller lesions) (18, 19)
- -31% to 30% - Inter-obs: 0.48 -Adjudication could reduce
Repeatability (same image on (20) to 0.66 (21) easily avoidable inconsistencies
repeat CT taken within 15 minutes) ~ Non-target (20, 25)
- -4% to +4% (18) response
classification
- Inter-obs: 0.58
(20)
RECIST With target lesion -30% of patients classified differently in a cohort of -Arbitrary nature of CR/PR/SD/
(overall selection 39 pts with 2 readers (26) PD categories (10)
response) - Inter-obs: 0.97 -Inconsistencies mainly due to
(23) interpretation of new lesions
Without target lesion (20, 26)
selection -Choice of target lesions
- Inter-obs: 0.51
(20), 0.53 (24, 26) to
0.58 (23)
3D - Intra-obs: 0.4 to 33% according Whole body -Discordant classification in overall response in 10 to -Time consuming (28)
measurement  to automated volume measurement  volumetry 21% of patients according to automated volume -Do not resolve the

method (27) - Inter-obs: 0.95 30)

measurement method (27)

discrepancies linked to the
choice of target lesions (24)

95% limits of agreement are derived from the Bland-Altman method comparing two measurements of the same variable. Kappa coefficients measure agreement between qualitative
observations. ICC measures the reliability of measurements by comparing the variability of different ratings of the same subject to the total variation across all ratings and all subjects.
Intra-obs, intra-observer; Inter-obs, inter-observer; ICC, Intra-class coefficient; CR, complete response; PR, partial response; SD, stable disease; PD, progressive disease.

Statement #3

RECIST reproducibility is impacted by reader experience, choice of
target lesions, lesion characteristics, and detection/interpretation
of new lesions. At an individual level, this can result in patients
being categorised incorrectly when values of SOD are near
thresholds or when new lesions are either missed or
incorrectly interpreted.

HOW REPRODUCIBLE ARE OTHER
BIOMARKERS?

Table 4 summarises repeatability and reproducibility of some of
the other biomarkers suggested or used as alternatives to RECIST
for evaluating response. With the abundance of suggested
candidate biomarkers in the published literature, the purpose
here is not to be comprehensive, but to give a general overview of
some of the most frequently explored options for providing a
level of comparison with RECIST.

A first alternative to measuring a single size dimension as a
response biomarker, would be to measure volume of a single or
several lesions as an indicator of tumour bulk. This seems
particularly important when lesions are irregular in shape, or

when they change orientation and are therefore not identically
represented on standard axial follow-up scans. Volumetric
response on first follow-up CT has been shown to better
predict OS than RECIST response (65). Tumour volume
response has been utilised in lung (66), cervical (67), and other
solid malignancies (68). Despite a trend towards better intra- and
inter-observer reproducibility, the routine use of volume has
been hampered by the need for manual segmentation, which is
user-dependent and time-consuming and does not improve the
discrepancies linked to the choice of target lesions (24, 28). Aside
from tumour bulk, metabolic activity of tumours through
functional imaging (e.g. positron emission tomography - PET))
is highly predictive of response in lymphoma (69), lung cancer
(70), and metastatic melanoma (71). Other radioligands are
utilised for response or recurrence detection, e.g. '°F-
fluoroestradiol (FES) in hormone-dependent breast cancer (72)
and BF- or %®Ga Prostate-Specific Membrane Antigen (PSMA)
ligands in prostate cancer (73). Additionally, radiolabelled
ligands of various metabolites and biologically active molecules
can assess proliferation, hypoxia, angiogenesis, apoptosis and
gene transfection (74).While parameters used for the
quantification and measurement of tumour metabolism by
PET are generally based on semi-quantitative assessments,
these can be made relatively reproducible and harmonised

Frontiers in Oncology | www.frontiersin.org

January 2022 | Volume 11 | Article 800547


https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

Fournier et al.

RECIST 20 Years On

FIGURE 1 | Selecting target lesions in a 58 yo patient with metastatic renal cell carcinoma. Multiple lung, lymph node, pancreatic and adrenal metastases are
present. Lymph nodes should be sampled from different locations where possible. Selection of target lesions at baseline from multiple organ sites is important for
response evaluation at a patient level.

throughout the world through standardised imaging protocols
and dedicated initiatives promoted by the international scientific
societies (75, 76), such as the accreditation program developed by
the EANM Research Ltd. (EARL) (34, 77).

Other alternate imaging biomarkers include perfusion and
diffusion imaging. As tumours are commonly characterised by
neo-angiogenesis, perfusion and permeability derived from
dynamic-contrast enhanced studies (e.g. with MR or CT) have
been contenders for measuring early response (78), and
vascularity can be quantified using most imaging techniques,
such as MRI, CT, ultrasound and PET. The utility of biomarkers
of vascularity has been demonstrated particularly where anti-
angiogenic agents such as bevacizumab have been part of the
therapeutic strategy (79). However, their quantitation, which

depends on measuring or estimating an arterial input function, is
susceptible to large potential variations (80), and the
reproducibility of such data is often low, thus limiting their
clinical utility (81). Another biomarker reflecting tissue
cellularity, the apparent diffusion coefficient (ADC) from DW-
MRI, has proven a robust quantitative measure with good
repeatability and reproducibility across vendor platforms (82),
and has the potential to detect therapeutic response earlier than
size measurements. It is increasingly being introduced routinely
into scanning protocols, as it does not require injection of an
extrinsic contrast agent and is simple and fast to acquire and
analyse. Increasing automation with artificial intelligence (AI)
systems may aid the translation of biomarkers indicative of
tumour characteristics other than bulk into routine clinical
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TABLE 4 | Reproducibility and factors impacting it of other imaging biomarkers.

Biomarker

Metabolic activity ('8-FDG PET) Semiquantitative:

SUV (SUVmax, SUVmean; SUVpear), SUL (SULmax,
SULmean, SULpea); MTV, TLG
Response criteria: PERCIST (30)/EORTC (31)

Vascularity (DCE MRI)

Cellularity (MR)
ADC

Reproducibility

ICC

SUVax (4 observers)
(22

- Pre-treatment: 0.93
- Post-treatment: 0.91
- Interval change: 0.94
- SUVean repeatability
(32

- 0.91 (meta-analysis)
SUVpeak

--31% to 30%

DCE-MRI ktrans

- Intra-obs: 0.98 (51)
DCE CT (arterial flow,
blood volume,
permeability) - Intra-obs:
0.72-0.89

- Inter-obs: 0.70-0.91
(52)

DCE and DSC-MRI
intersoftware
reproducibility ICC 0.31
to 0.58 (53)

ADC mean value

- Intra-obs: 0.91 (57) —
0.99 (51)

- Inter-obs: 0.92 (57)
ROI segmentation
method (Inter-obs)

- Manual method: 0.69
- Semi-automated
volumetric method: 0.96
(58)

Coefficient of Variation Other

SUVmax (4 observers) (22) Repeatability

- Pre-treatment: 6.3% standard

- Post-treatment: 18.4% deviation (33)

- Interval change: 16.7% - SUVimax:
1.01
- SUVmean:
0.28

DCE MRI

- model-free parameters (ex:
AUCg0, peak...): 12-24%

- modelled parameters (ex:
distribution volume, blood flow,
mean transit time): 21-29% (54)
DSC MRI normalised rCBVmax
- repeatability: 50%,

- reproducibility: 6% (55)
DCE-CT (blood flow, blood
volume, mean transit time,
permeability)

- within subject: 18% to 25%;
DCE-MRI (Ktrans, k(ep), v(e))

- within subject 16% to 23%
(56),

Repeatability

- ADC total = 4.8% (57), 7.1%
(59) to 13.3% (60)

Different post-processing
platforms

-2.8% (59)

Different sites

- multicentric: 9% (61)

- ice-water phantom: 1.6% (61)
- breast fibroglandular tissue:
7.0% (61)

Repeatability
(single centre)
-<+0.1x10°
mm?/s (62)

Factors impacting reproducibility

Technical factors:

Scanner calibration/injected activity
calibration (34, 35)

Incorrect decay correction (36)
Tracer extravasation (37, 38)
Residual activity in syringe (34)
Synchronization of clocks (34)
Biological factors:

Blood glucose levels (38)
Inflammation (34)

Patient preparation (38)
Injection-acquisition interval (39, 40)
BMI/metabolic syndrome (41)

Drug interaction/corticosteroids (38)
Physical factors:

Acquisition parameters/matrix size
(34, 36)

Reconstruction algorithm (39, 42, 43)
Partial volume effect (44)
Normalization factor for SUV (34, 45)
Use of contrast agents (34)

ROINOQI definition (39, 42)
Semiautomated/manual contouring (46)
Movement artifacts/respiratory
movements (34)

Recovery effect/motion blur (47)

Image noise (44, 48)

Background activity/visual assessment
(42,49

Lesion size/location (50)

- Parameter extraction model (54)

- Segmentation: 3D vs 2D regions
of interest (52)

- Software (53)

- Field homogeneity gradient
linearity (63)

- QA procedure by trained
operators assessing artifacts, fat
suppression, and signal-to-noise
ratio (57)

- Segmentation: 2D vs. 3D, manual
vs. semi-automatic (58)

- Choice of measurement: mean/
min/max/percentiles of ADC (64)
- Lesion size (59)

SUV/ax Is measured as the maximum single voxel value of SUV, SUV ean is the average value of SUV in all voxels above a threshold, SUV e (is the average value of SUV in a region of
interest positioned so as to maximize the enclosed average.
SUV, standardized uptake value; SUL, lean body mass corrected SUV; MTV, metabolic tumour volume; TLG, total lesion glycolysis; PERCIST, PET Response Criteria in Solid Tumours; EORTC,
European Organization for Researchand Treatment of Cancer; wCV, within-subject coefficient of variation; BMI, body mass index; ROI, region ofinterest; VOI, volume ofinterest; ICC inter correlation
coefficient; DCE dynamic contrast enhanced; DSC-MRI dynamic susceptibility contrast magnetic resonance imaging; ADC, apparent diffusion coefficient; QA quality assurance; 3D, three-
dimensional; 2D, bi-dimensional; AUCg, area under the curve at 60s; rCBV, relative cerebral blood volume; Ktrans, transfer constant; k(ep), wash-out transfer constant; v(e), extracellular volume.
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workflows. Unfortunately, tightened legal rules are slowing down
the process of their adoption (83).

Although historically dependent on imaging, response
assessment for malignancies may now also include liquid
biopsies [quantification of circulating tumour cells or DNA
(CTC, ctDNA)], as well as histological sampling. ctDNA
shedding is influenced by the overall tumour burden (cells)
and may thus inform the use of imaging in relation to likely
tumour size (84), because ctDNA estimations require less
workflow and infrastructure than repeated monitoring with
imaging. Initial clinical evaluations showed that ctDNA
detected response earlier than imaging-based assessment (85).
The simplest clinical implementation of ctDNA may be in
postoperative monitoring of disease recurrence (86) but even
here reproducibility and standardisation issues remain limiting.
In one study, ctDNA quantities based on measurement of some
target genes (e.g. TERT) were, on average, more than two-fold
higher than those of other assays (e.g. ERV3) (87). In another,
quantities of cell-free DNA for the different isolation methods for
detection of EGFR variants in NSCLC varied between medians of
1.6 ng/mL and 28.1 ng/mL (88). Moreover, concordance between
tissue and plasma variant detection for leading platforms has
been shown to range from 70% to 90% (89). Thus, ctDNA
extraction/isolation methods (87, 88) may need to be
standardised before routine clinical use.

Finally, histopathology may also be a method for tumour
response evaluation. However, serial histological sampling is not
routinely used for response assessment and has thus far shown
agreement with imaging-based responses only in a few studies
(90). Histopathological evaluation of response is performed
usually after neoadjuvant therapy, when the organ is surgically
resected. Qualitative or semi-quantitative histopathological
evaluation also presents variable reproducibility according to
organs, methods and published studies (91-94). Agreement
between pathologists yielded kappa values ranging from 0.21
for extent in prostate cancer (92), to 0.49 for multiple well-
trained observers in cervical cancer (93), 0.64 for a 5-point
tumour regression grade in rectal cancer (90) and 0.83 for a
central review in bladder cancer (91). As with macroscopic
imaging, reader experience (94), and central review (92)
improve reproducibility.

Statement #4:

Alternative biomarkers for tumour response yield reproducibility
generally comparable to RECIST. Each technique has its sources of
variability, and it is important to understand inherent variability
and limitations of individual biomarkers. It is critical that
imaging experts communicate their level of confidence in any
chosen biomarker.

WHAT ARE COMMON RECIST
LIMITATIONS?

Challenging Organs: Bone
Bone metastases were considered unmeasurable in the initial
RECIST initiative, because of the lack of sensitivity of existing

techniques to bone marrow infiltration (4). On CT it is the bone’s
osteolytic or osteosclerotic reaction to the presence of tumour, or
its response to therapy (flare lesions) that is visualised rather
than the tumour itself (95, 96). With the updated RECIST 1.1.
version, bone metastases with soft tissue masses 210 mm are
recognized as measurable target lesions (1). Nevertheless, bone
lesions without soft tissue involvement, whether lytic, mixed or
sclerotic, remain unmeasurable by RECIST. Since the early
1990s, bone marrow MRI has been shown to be superior to
bone scintigraphy and CT for the assessment of bone metastatic
disease. Bone marrow replacement by neoplastic foci is detected
and quantified on T1-weighted and fat-suppressed T2-weighted
MRI sequences (97, 98), more recently complemented with
diffusion-weighted imaging (DWI) sequences (99, 100).
However, to date, RECIST 1.1 has not validated quantitative
bone MRI for tumour response assessment. Positron Emission
Tomography Response Criteria in Solid Tumours (PERCIST),
introduced in 2009 (30, 101), enables response to be measured in
'®E-fluorodeoxyglucose (‘*F-FDG) avid bone metastatic lesions
based on their metabolic activity in the absence of any obvious
anatomic changes. Finally, PSMA-PET appears promising for
identifying bone marrow invasion due to prostate cancer,
regardless of the impact on the bone mineral content (102, 103).

Challenging Diseases: GIST and mCRC
As RECIST is not organ-specific, it might not capture the key

parameters that are associated with survival outcomes in certain
cancer types, and under certain types of treatment. In
gastrointestinal malignancies, the hepatic tumour burden and its
response commonly outperform other sites of metastatic disease for
survival prediction. A study in metastatic colorectal cancer (mCRC)
showed that the depth and uniformity of response in liver
metastases represented a highly useful and clinically relevant
indicator for therapy monitoring (104). Organ-specific response
patterns may also occur under immunotherapy possibly due to
varying immune microenvironments in organs or the lymphatic
system (105-107). Thus, choice of target lesions would largely
impact the response observed according to the organ, as well as the
predictive ability of RECIST. In this case also, reader experience and
knowledge of the disease is crucial for proper target lesion selection.

Response to therapy in patients with advanced GIST was
drastically improved by the introduction of imatinib, a tyrosine-
kinase inhibitor. Imatinib treatment has been shown to induce
necrosis with a marked decrease in vascularity of GIST lesions,
resulting in a decrease in CT density often before any significant
decrease in size is seen, thus leading to underestimation of the
initial tumour response (108, 109) (Figure 2). A paradoxical
increase in volume is occasionally observed, simulating
progression (110). Choi et al. therefore proposed adapted
criteria for GIST, combining changes in tumour density on
contrast-enhanced CT expressed in Hounsfield units (HU)
and/or size to determine tumour response (109): PR is defined
as a decrease of 210% in the SOD or a decrease of > 15% in
tumour density of target lesions, whereas PD is defined as a >
10% increase in size and not meeting the PR criteria by tumour
density. PD may also occur if new intra-tumoural nodules are
present or existing intra-tumoural nodules show an increase in
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size, factors which are not catered for in RECIST. In patients
treated with imatinib, Choi criteria showed a significantly better
correlation with survival rates than RECIST (111).

Challenging Treatments: Focal Therapies
Treatment of tumour lesions with ablative therapies, such as
radiofrequency ablation, microwave ablation or cryoablation,
results in a larger defect than the original lesion and such
treated lesions are not considered measurable unless there is
progression at this site (1), such as the development of a new
measurable nodule within the ablation defect. Distinguishing
normal post-ablation changes from residual disease and
recurrence can be challenging (112).

Intravascular therapies are also a challenge for the use of
RECIST. Trans-arterial radioembolization (TARE) induces
inflammatory changes with a generally delayed morphologic
response (112). A reduction of '*F-FDG uptake on early PET-
CT has been found to be helpful in predicting further outcome of
these patients (113). As a consequence, both TARE and intra-
arterial therapies such as trans-arterial chemoembolization
(TACE) in hepatocarcinoma require modified RECIST
(mRECIST) criteria derived from arterial and portal venous
enhancement phases of CT or MRI (114), and which take into
account both lesion size and vascularity.

High-intensity focused ultrasound (HIFU), under the
guidance of ultrasound or MRI, has also been used as a non-
invasive technique for tissue ablation in prostate cancer and
more recently in recurrent gynecological malignancy (115). The
use of HIFU for hepatic tumour lesions is still in the exploratory
stage. As for other ablative therapies and for similar reasons
(116), RECIST 1.1 appears to be unsuitable for local response
evaluation following HIFU applied to liver lesions.

Finally, tumour lesions in a previously irradiated area (via
CyberKnife, stereotactic radiotherapy or traditional fractionated
radiation therapy) are not considered measurable (1) and must
be excluded from RECIST evaluation due to the inflammatory or
fibrotic changes that may be observed, thus making evaluation of
size unreliable.

Statement #5

There are several scenarios in which RECIST criteria fail to
evaluate treatment-induced changes correctly. Informed
appreciation that RECIST criteria are not applicable to all
tumour sites and situations is thus crucial for proper
interpretation and again dependent on reader experience.

WHEN IS RECIST RESPONSE
ASSESSMENT MISLEADING?

Pseudo-Progression

During immunotherapy, RECIST may describe progression that
can be misleading and is thus classified as “pseudo-progression”.
In fact, in around 5 to 10% of patients with metastatic disease
treated with check-point inhibitors, an initial increase of tumour
burden has been observed, followed by actual response or long-
term stabilisation of disease (117-119). This phenomenon relates
to the mechanism of action of immunotherapy, which stimulates
the immune response and initially induces inflammation and
tumour swelling, thus delaying visible tumour shrinkage. For this
reason, adaptations of RECIST criteria for assessing treatment
response to immunotherapy (iRECIST) have been developed.
The first ascertainment of progression by iRECIST is considered

FIGURE 2 | Response unrelated to tumour size in a 66 yo patient treated with imatinib for a gastrointestinal stromal tumour (GIST). Compared to the baseline image
(left), after treatment (right) the tumour shows a dramatic decrease in density rather than in size.
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as “immune unconfirmed progressive disease”(or iUPD), and
requires, if possible, a subsequent evaluation 4 to 8 weeks later in
order to confirm true progression (120) (Figure 3).

Mixed Response/Progression

In some patients, the tumour bulk does not respond homogeneously,
with some lesions increasing and others decreasing. Mixed or
heterogeneous response is defined as an increase in size of some
tumour lesions and decrease of others in the same patient during
treatment. This lesion-specific response has been attributed to the
emergence of drug-resistant clones and indicates that tumour
heterogeneity is likely causing treatment failure (121, 122). Mixed
response has the same incidence in patients treated with targeted
cancer agents and those undergoing chemotherapy alone or even
combined with targeted agents (12, 28).

Since RECIST records overall patient response rather than
individual lesion response, the choice of target lesions critically
affects the objective assessment of overall patient response in
patients with mixed response in individual lesions (Figure 4)
(12). As lesions escaping treatment control will weigh negatively
on patient prognosis (123), their presence should be annotated in
order to offer the best alternative treatment for the patient.

Lesion cavitation, necrosis and residual non-viable masses
represent other forms of response than decrease in size and may
complicate RECIST assessment (124). Tumour necrosis with
cavitation is present in approximately 14-24% of NSCLC patients
undergoing anti-angiogenic drug therapy (125-127). When

cavitation is present, lesion size may not change significantly and
RECIST may therefore under-estimate the effect of therapy.
Conversely, cavitation also risks missing progression if there is
tumour regrowth inside the cavity. While alternative criteria have
been proposed in such cases, e.g. subtracting the longest cavitation
diameter from the largest lesion diameter (such as Crabb criteria)
(126), these are not commonly used.

When residual tissue is present after therapy, evaluation with
RECIST criteria is subject to pitfalls. First, an asymmetric shrinkage
of the tumour may result in a similar longest diameter and
consequent stable disease (SD) rating not reflecting the real
response to treatment (Figure 2). Second, it may be difficult to
distinguish between viable tumour and fibrosis. In such cases, best
response assessment, an important endpoint in phase 2 studies
(partial vs. complete response; PR vs. CR) may be affected (126).
According to RECIST guidelines, in equivocal cases, residual lesions
should be evaluated by either biopsy or PET(-CT) (Figure 2). This
may well then allow upgrading PR to CR. However, false positive
PET findings are not uncommon (128). Alternatively, other
advanced imaging tests, such as DWI-MRI or perfusion imaging
(e.g. from MR or CT) could be used.

Statement #6

Some patterns of response/progression cannot be correctly
documented by RECIST. These require specialist reader
experience and communication with oncologists to determine
appropriate evaluation approaches and/or therapeutic options.

FIGURE 3 | Pseudoprogression on immunotherapy in a 56 yo patient with metastatic non-small cell lung cancer. The baseline image (left) shows lung and peritoneal
nodules (arrows). After 4 wks of antiPDL1 therapy (middle), CT shows an increase in previous lesions and the appearance of new lung nodules. Disease was
considered immune unconfirmed progressive disease. Six weeks later (right) a dramatic response in all previous lesions was seen classifying the patients as a
complete responder and endorsing an earlier diagnosis of pseudoprogression.
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SHOULD (COULD) RECIST BE
AUTOMATED?

The core assumption of RECIST is that a single diameter on the
cross-sectional imaging slice presenting the largest cross-section of
a given lesion (or sum thereof) is a surrogate for tumour burden.
This assumes that lesions are grossly spherical and that their size
represents their overall activity. To streamline the determination
of this single diameter and make it less subject to possible human-
induced variability, semi- or fully-automated 2D or even 3D
segmentation techniques can be applied to target lesions, which
can also be semi- or fully-automatically tracked between scans

FIGURE 4 | Mixed response to treatment in the same patient illustrated in Figure 1.
decreased, whereas one mediastinal lymph node (top right, arrow) increased.

Eight weeks after targeted therapy lung, adrenal and pancreatic metastases

acquired at different time points (129-134). The 2D or 3D mask
resulting from the segmentation process then readily permits the
automated and accurate extraction of the largest diameter from
the segmented lesion. With 3D segmentation, the full volume of a
target lesion can be provided alongside an automatically extracted
largest diameter, which may not be oriented in the 2D plane of the
source images in a broader RECIST interpretation, together with
any other geometric metric of relevance. Using the largest 3D
diameter would allow RECIST to be used beyond 2D constraints,
and can account for non-orthogonal motion of target lesions
between scans at different time-points. While segmentation and
tracking can now plausibly be fully automated, especially with
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newer approaches using machine learning, and such capabilities
are already implemented in several commercially available clinical
systems, some challenges remain with key RECIST operations,
such as the proper selection of target lesions and dealing with new
or disappeared lesions. These are currently still best addressed or
verified with a human (e.g. a radiologist) in the loop (20, 135).

Statement #7

Though automation is desirable to streamline the process and
potentially reduce the variability of results within the RECIST
paradigm, remaining technical challenges must be overcome to
ensure proper repeatability, and human adjudication is still required.

RECIST IN NOVEL DRUG DEVELOPMENT

RECIST measurements play a pivotal role in the development of
novel oncological drugs (136). In most registered randomised
controlled trials (RCTs), studies are powered to meet primary
endpoints such as OS/PFS, which determines the number of
patients recruited. A study of RCTs between 2006 and 2015
looking for evidence of clinical efficacy of novel oncology drugs in
order to gain US Food and Drug Administration (FDA) approvals
had PFS as primary endpoint in 28 out of 42 RCTs (66%), and OS in
14 (33%). In 2012, 12 novel anticancer drugs were approved by the
FDA; only three drugs showed improvement of overall survival
(137). Similarly, a study of drugs approved by the European
Medicine Agency (EMA) between 2009 and 2013 also showed
that only 18 of 68 (26%) novel drug uses were supported by OS data,
whereas PFS was used in 31 (46%) (138). In the vast majority of
trials, PFS is determined using the RECIST1.1 framework, or
iRECIST for immune-oncology trials. It is acknowledged however,
that in some disease types other criteria are used: e.g. Lugano criteria
for "®F-FDG PET/CT or RECIL in lymphoma (139, 140) and
RANO criteria for brain tumours (141, 142). The fact that PFS
can predict OS outcome in large patients cohorts with commonly
occurring cancers, reinforces the use of RECIST criteria in clinical
trials (143). Moreover, rapid progress in drug development will
make the reliance on OS as endpoint for novel drugs in oncology
increasingly challenging because treatment options on progression
on trial, including in-trial cross-over, are increasing.

Statement #8

Although the RECIST framework might not be perfect, the
scientific basis for the anticancer drugs that have been approved
using a RECIST-based surrogate endpoint remains valid.
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Cambridge Institute, University of Cambridge, Cambridge, United Kingdom, 7 Department of Radliology, University of
Cambridge, Cambridge, United Kingdom, € Department of Radiology, Montpellier Cancer Institute (ICM), Montpellier, France

The value of MR radiomic features at a microscopic scale has not been explored in ovarian
cancer. The objective of this study was to probe the associations of MR microscopy
(MRM) images and MRM-derived radiomic maps with histopathology in high-grade
serous ovarian cancer (HGSOC). Nine peritoneal implants from 9 patients with HGSOC
were imaged ex vivo with MRM using a 9.4-T MR scanner. Al MBRM images and
computed pixel-wise radiomics maps were correlated with the slice-matched stroma
and tumor proportion maps derived from whole histopathologic slide images (WHSI) of
corresponding peritoneal implants. Automated MRM-derived segmentation maps of
tumor and stroma were constructed using holdout test data and validated against the
histopathologic gold standard. Excellent correlation between MRM images and WHSI was
observed (Dice index = 0.77). Entropy, correlation, difference entropy, and sum entropy
radiomic features were positively associated with high stromal proportion (r = 0.97,0.88,
0.81, and 0.96 respectively, p < 0.05). MR signal intensity, energy, homogeneity, auto
correlation, difference variance, and sum average were negatively associated with low
stromal proportion (r = —0.91, -0.93, -0.94, 0.9, -0.89, —0.89, respectively, p < 0.05).
Using the automated model, MRM predicted stromal proportion with an accuracy ranging
from 61.4% to 71.9%. In this hypothesis-generating study, we showed that it is feasible to
resolve histologic structures in HGSOC using ex vivo MRM at 9.4 T and radiomics.

Keywords: ovarian cancer, MRI, radiomics, machine learning, histology
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1 INTRODUCTION

High-grade serous ovarian cancer (HGSOC) is the most prevalent
histological subtype of ovarian cancer (1). Advanced-stage
HGSOC is often approached with neoadjuvant chemotherapy to
reduce tumor burden followed by cytoreductive surgery with or
without hyperthermic intraperitoneal chemotherapy (HIPEC) (2,
3). Response to neoadjuvant treatment at histopathology manifests
as an increase in stromal tissue and decrease in tumor cells, but
those changes cannot be assessed on standard cross-sectional
imaging (4). Indeed, CT only provides anatomic information,
whereas MRI captures both anatomic and functional
data. Preliminary results in ovarian cancer suggest that the
quantitative parameters derived from diffusion-weighted MR
imaging (DWI-MRI) may serve as a biomarkers of cell density
(5-7). For example, the increase in ADC values in HGSOC
peritoneal implants (decrease in cell density) during neoadjuvant
chemotherapy was associated with good treatment response as
assessed by RECIST 1.1 criteria and CA125 level (8).

To date, few studies have explored the associations between
CT/MR images which interrogate tumor at macroscopic scale
and histopathologic images which depict tumor at microscopic
scale. In contrast, studies have recently focused on the role of
radiomics. Radiomic analysis extracts a large amount of
quantitative data and, thus, has the potential to uncover salient
features that are imperceptible to human observers yet possibly
reflective of microscopic changes in tumor in response to
treatment (9-13). Preliminary work in CT found that higher
image-based tumor heterogeneity was associated with worse
prognosis and greater risk of incomplete surgical resection in
HGSOC (14).

However, image-based tumor heterogeneity and radiomics
features have not yet been exactly correlated with findings at
histopathology. Exploring the associations between image-based
tumor heterogeneity and biologic underpinnings at histopathology
would offer an important avenue for monitoring response in time
and space non-invasively using imaging, as “virtual biopsy”. For
example, it has been recently reported that a high content of
stroma present in HGSOC was associated with a high pathologic
stage at diagnosis and displayed a reduced overall survival and
poor prognosis independently from the histology type (15, 16). For
a long time, the potential role in carcinogenesis of stromal cells has
been neglected, as they were regarded just as part of an
inflammatory reaction induced by necrotic cancer cells. It is
now recognized that the stroma composition and architecture,
in terms of vascularization, type of cells, and their secretion, play a
role in the establishment and progression of cancer cells. It is also
now well established that the stroma contributes to ovarian
tumorigenesis and progression (17). Concerning the recent
clinical radiomics model, Lu et al. found a radiomics model
associated with DFS and genomic pathway (18). This radiomic
model was positively correlated with a stroma marker, the
fibronectin, and associated with a proportion of tumor-
associated stromal cells and patient prognosis (18). Being able to
assess the stroma-tumor ratio in a non-invasive way with
radiomics may open a new pathway in assessing tumor response
in HGSOC.

Beyond the analysis of standard and functional MR imaging,
ex vivo high-field MRI (ie., magnetic resonance microscopy,
MRM) offers a unique opportunity to probe the tumor at the
microscopic scale because MRM can reach a resolution of 40 pm.
Although much lower than that of optical microscopy (0.25 pm),
this resolution is significantly higher compared to standard MRI
(1 mm) allowing the visualization of histological details. Work
performed ex vivo at 7.0 T was able to visualize distinctive
features of both benign and malignant lesions in breast tissue
(19). In prostate, Fan et al. have evaluated the feasibility of 9.4-T
ex vivo MRI to guide pathologists’ examination in the evaluation
of prostate cancer (20). They demonstrated excellent anatomical
detail as well as significant T2 values and ADC differences
between cancer and normal prostatic tissues (20). Durand et al.
performed ex vivo MRI with direct histological correlation of the
prostate gland that approached histological spatial resolution
enabling the visualization of gland microanatomy with MRM
(21). More recently, a study has investigated the ability of ex vivo
7.0-T MRI to localize prostate cancer and to predict the margin
status in fresh radical prostatectomy specimens using histology
as the reference standard (22). The author found that ex vivo
MRI was able to accurately localize prostate cancer in radical
prostatectomy specimens, and the technique provided
information on the margin status (22). In brain tumors,
Martinez-Bisbal et al. combined MRM with MR spectroscopy
to study metabolites of ex vivo tumors at high resolution (23).
However, to our knowledge the role of MRM in ovarian cancer
remains unexplored.

The aim of this proof-of-concept study was to evaluate the
correlation between tumor-stroma maps derived from MRM and
whole histopathology slide images (WHSI) of histopathologic
specimens and to develop an automated visual map of stromal
proportion in HGSOC peritoneal implants using quantitative
analysis of MRM images.

2 MATERIALS AND METHODS

2.1 Patient Inclusion

Nine patients (mean age 65.6 + 8.2 years) with advanced HGSOC
referred to surgery were included in the study; among them, 2
had primary debulking surgery and 7 had interval debulking
surgery after neoadjuvant chemotherapy. Patient characteristics
are summarized in Table 1. The Institutional Review Board
approved this prospective study, and all patients signed the
written informed consent form prior to enrollment. Figure 1
shows the study experimental workflow.

2.2 Biopsy Preparation and Evaluation

For each patient, index peritoneal implant was selected a priori
based on the review of preoperative MRI in conjunction with the
surgeon. Resected implants were transported from the operating
room to the pathology laboratory per routine procedure where
they were transformed into 3 x 1.5 x 1 cm’ blocks and fixed in
formalin solution. Prior to MRM acquisitions, fixed specimens
were soaked in saline solution with 1% Gd-BOPTA (MultiHance;
Bracco Imaging, Milan, Italy) during 1 h. The implants were then
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TABLE 1 | Patients characteristics.

Patient age (mean + SD) 65.6 + 8.2
BRCA-mutant

Yes 1

No 8
Neoadjuvant chemotherapy

Yes 7

No 2

laid on a plastic plate inside a tube filled with a perfluorocarbon
solution (Fluorinert FC-40, 3M™ Electronic Liquids, Saint Paul,
USA) to reduce susceptibility artifacts induced by air. After
imaging, the specimens were transported back to the pathology
laboratory for histological evaluation.

2.3 MRM Technique and Radiomic

Feature Extraction

MRM acquisitions were performed on a 9.4-T MR scanner
(Agilent Varian 9.4/160/ASR, CA, USA) associated with the
Vnmr] imaging acquisition system (Agilent, Palo Alto,
California, USA) and using a dedicated ribbon solenoid coil
(24). MRI experiments included two sets of acquisitions: a high-
resolution and a 90 x 90 x 180 um’ T1-weighted fat-suppressed
gradient echo images. The later set of images was selected to
facilitate radiomic analysis by allowing to interpolate images to
an isotropic voxel spacing with a minimum interpolation factor
(25, 26). All MRM image acquisition parameters are summarized

in Table 2. Prior to radiomic analysis, MRM images were
preprocessed using the open-source software 3D slicer (27)
(http://www.slicer.org) and by following IBSI guidelines (26).
Briefly, noise filtering, bias field correction, image interpolation
to isotropic voxel size, and intensity outlier filtering [¢ + 30]
were performed. Texture feature maps were then extracted on a
per-pixel basis with an in-house software implemented in Matlab
(The MathWorks, Natick, MA, USA). The gray-level co-
occurrence matrix (GLCM) (28) was computed in 2D for each
pixel using the 3 neighboring pixels of each direction around it.
The dynamic range of signal intensities was reduced to 64 gray
levels. The GLCM, p(i,j), represents the spatial relationship of
pixels by measuring the occurrence between a pixel i with a
certain intensity with a pixel j of another intensity along the 13
directions in 3D. Thirteen Haralick feature maps were extracted
from GLCM: energy, contrast, entropy, homogeneity,
dissimilarity, correlation, variance, sum average, sum entropy,
difference variance, difference entropy, autocorrelation, and
cluster tendency. The total time acquisition was 1 h, and
images were obtained usually within 3 h of resection.

2.3.1 Tissue Scanning

After MRM experiments, each block was sent to the pathology
laboratory and cut into 4-pm sections parallel to MR sections,
discerned by the plastic plate. Histologic specimens were stained
using hematoxylin-eosin-saffron (HES) stain, and whole-slice
sections were then scanned into digital data with an automated

Histology

Tissue scanning

Acquisition

Tumor stroma segmentation

Data pre-processing

Noise filtering
Bias field correction

Image interpolation
Intensity discretization

Feature map extraction

FIGURE 1 | llustration of the study experimental workflow.
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TABLE 2 | Sequences parameters.

Acquisition name

High-resolution

For radiomics analysis

Tr/TE (ms) 2000/9.14

Flip angle 60°

Averages 4

Matrix 512 x 256

FOV From 26 x 13 to 32 x 16 mm? 46 x 23 mm?
Resolution From 51 x 51 to 62.5 x 62.5 ym? 90 x 90 pm?
Slice/thickness 30/300 pm 40/180 pym
Scan time 34min12s 17 min 8's

whole-slide scanner (NanoZoomer-XR scanner C12000,
Hamamatsu, Japan), at x20 magnification and a pixel size
of 0.46 pm.

2.3.2 Tumor Stroma Segmentation

Stoma and tumor regions on WHSI were identified and
segmented with the open-source software QuPath (29). In
order to correlate MRM and WHSI, as MR texture features
were estimated for each pixel, stromal proportion was also locally
calculated. Thus, from the tumor-stroma segmentation WHSI
map, stromal proportion was assigned to each pixel by
measuring this proportion in a circular neighborhood with a
radius of 3 pixels. Stromal proportion calculation was not
possible for two of the nine specimens. One of them had
mostly fat tissue, causing too few tumor and stroma tissues to
be correlated with corresponding MRM slices (specimen iii. on
Supplementary Material Figure S1). The second tumor was
resected after chemotherapy and had a significant necrosis, with
the consequence that neither tumor tissue nor stroma remained
(specimen iv. on Supplementary Material Figure S1).

2.3.3 Elastic Registration

Due to histological fixation and sectioning, elastic deformations
existed between histology sections and corresponding MRM
slices. To remedy this and compare those images at the
corresponding pixel, manual 3D non-linear co-registration was
performed using the 3D slicer. Three specimens could not be
precisely co-registered: deformations were too important,
making the precise pixel-wise registration impossible between
WHSI and MRM images (specimen ii. on Figure 2 and
specimens ii. and v. on Supplementary Material Figure S1).

2.4 Statistical Analysis

2.4.1 MRM Image and WHSI Comparison

A qualitative visual assessment of high-resolution MR images and
texture maps with their corresponding WHSI of the nine ex vivo
peritoneal implants was evaluated by the pathologist and the
radiologist. Spatial overlaps between WHSI and MRM images
were measured and quantified using the Dice similarity coefficient
using the following formula: DSC =2 (A n B) / (A + B).

2.4.2 MRM Radiomics and Histopathology
Pixel-Wise Correlation

For the MRM and histology correlation, 5 implants had to be
excluded: three of them could not be precisely co-registered, two
for which the stromal proportion maps could not be extracted.

Clinical characteristics of these four remaining tumors were 0
BRCA mutant and 2 obtained after neoadjuvant chemotherapy.
MRM signal intensity (SI) and texture maps were compared pixel
by pixel to the stromal proportion map from WHSI. Stromal
proportion maps from WHSI were divided into increments of 10
equal percentage points, and mean SI and texture values were
computed for these 10 regions. Pearson coefficients were
calculated to evaluate the correlation between mean texture
feature values and stromal proportion. p-values less than 0.05
were considered statistically significant. All statistical analyses
were performed with R software version 4.0.0.

2.4.3 Predicted MR Segmentation Maps

Pixels of the four remaining tumors were classified as stroma-rich,
i.e,, stromal proportion >50%, and stroma-poor, i.e., stromal
proportion <50%, Of these pixels, 30% were randomly selected
from the four tumors, to generate a classification table of 58,945
pixels associated with 14 inputs (13 texture features and the label).
Of these selected pixels, 50% were randomly chosen to train the
machine learning model with balanced number of stroma-rich and
-poor pixels; the 50% remaining pixels were used to test the
algorithm (29,473 pixels). The classification model was completed
using the support vector machine (SVM) classifier and 20-fold
cross-validation, with the classification learner toolbox of Matlab
2020a. SVM is a supervised learning model that classifies by
mapping the input data into a higher-dimensional space allowing
to find a hyperplane separator. The SVM training model was
exported and used to measure the confusion matrix and accuracy
value on the test set. Finally, this trained algorithm was applied to
the 4 tumors separately to generate predicted segmentation maps
and were compared to the stroma-rich and -poor segmentations,
extracted from the histopathologic images.

3 RESULTS

3.1 Comparison Between MRM and
Histopathology Reading

3.1.1 Visual Assessment, Qualitative Analysis

All nine implants were evaluated for visual MRM assessment and
subsequently compared with histopathology. In all 9 cases, the
pathologist was able to identify different relevant histological
structures (i.e., tumor, stroma and fat) on MRM images. On
MRM images, tumor cells appeared as high signal intensity areas
separated by lower signal intensity foci representing fibrous
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stroma (Figure 2.i). In some cases, massive tumor infiltration
appeared clustered in lobules separated by stroma, giving the
appearance of a cauliflower (Figure 2.ii), well recognized on both
MRM and histology images. Interestingly, three histological
structures resulted on signal loss on MRM images. Glandular
lumens, forming slit-like spaces inside dense tumor regions
(Figure 2.iii), and psammoma bodies that are round
collections of calcium did not produce any MR signal
(Figure 2.iv, white arrow). Finally, regions of hyaline stroma,
composed of hypocellular old collagen, were also associated with
a signal loss area in MRM images (Figure 2.iv, blue arrow).
Histology and MRM images of the implants not shown in
Figure 2 are presented on Supplementary Material Figure S1.

3.1.2 Quantitative Analysis

A spatial overlap between tumor, stroma, and fat regions on
MRM images and at histopathology was measured (Figure 3).
The Dice similarity coefficient was 77% for the entire dataset.

3.2 Association Between Radiomics and
Histopathology Features: Quantitative
Assessment

Ex vivo MRM radiomics features were extracted, and texture maps
were generated for each of the four implants. Figure 4 illustrates

FIGURE 2 | H&E-stained histological images (A), left) with corresponding high-resolution MR images (A), right), for 4 of the 9 resected peritoneal implants (i-iv).
Magnified regions (B) of histological (left) and high-resolution MR (right) images, indicating by red and green boxes on (A). Scale bar at top right of histological
images (A) is 1 mm. White and blue arrows on the histologically magnified region (B). (iv) Indicated respectively psammoma bodies and hyaline stroma.

energy, entropy, and homogeneity maps from a representative
peritoneal carcinomatosis implant, with corresponding tumor-
stroma segmentation and stromal proportion maps. The stromal
proportion map was divided into increments of 10 percentage
points, and mean texture values were calculated for these 10
regions. Correlation plots between mean texture feature values
and stromal proportion were constructed (Figure 5), and
Pearson’s correlation coefficients with corresponding p-values
were then determined (Table 3). Pearson correlation coefficients
ranged from 0.47 to 0.97 with p-values significant for 10 of 13
features. Entropy, correlation, difference entropy, and sum entropy
radiomic features were positively associated with high stromal
proportion (r = 0.97, 0.88, 0.81, and 0.96, respectively, p < 0.05).
MR signal intensity, energy, homogeneity, auto correlation,
difference variance, and sum average radiomic features were
negatively associated with low stromal proportion and as such
linked with higher tumor proportion (r = -0.91, -0.93, -0.94, -0.9, -
0.89, and -0.89, respectively, p < 0.05).

3.3 Estimated Segmentation Map

Stroma-rich and -poor histological segmentations (proportion of
stroma >50% and <50%) were defined from the stromal proportion
map, allowing to train an SVM model with MR texture maps as
inputs. Boxplots showing classified features values between >50%
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with higher entropy score (from 5.87 + 1.00 to 6.47 + 0.83, t-test p = 0.0002).

and <50% are presented in supplementary material Figure S2. The
estimated segmentation maps were performed for the 4 samples,
using the training SVM model, and are presented in Figure 6 with
their corresponding stroma-rich and -poor histological
segmentations, allowing confusion matrix calculation (Table 4).
An accuracy for predicting stromal proportion from MRM images
ranged from 61.4% to 71.9% on the holdout test data.

|ROIs_| DSC__| %Stroma | I
77% 934+9% 92424
#2  54%  79+14% 120425
#3  88%  72+14% 136425
85%  83+16% 132425
#5  70%  55+19% 123427

FIGURE 3 | Spatial overlaps between histological images (A) and MR images (B) for stroma and tumor portion. ROls were manually drawn on MRM and whole slide
images and then superposed in (C). Dice similarity index (DSI), stroma proportion, and signal intensity are presented in a table (D) for each ROI.

FIGURE 4 | High-resolution MR image (A) of resected peritoneal implant with corresponding tissue segmentation map (B) and stromal proportion map (C), in %).
Corresponding texture maps (D) for energy (i), entropy (i), and homogeneity (i) features. For this implant, high tumor proportion (low proportion of stroma) was
associated with higher energy (from 0.029 + 0.020 to 0.019 + 0.014, t-test p = 0.0002), homogeneity (from 0.44 + 0.10 to 0.38 + 0.10, t-test p = 0.0001) and signal
intensity (from 141.41 + 28.30 to 116.09 + 41.52, t-test p = 0.0002) scores (Figure 3). In contrast, high stromal proportion (low tumor proportion) was associated

4 DISCUSSION

This study demonstrates the feasibility of obtaining ex vivo images
of peritoneal implants from HGSOC at 94 T at a resolution of
40 pm. Slice-matched MRM demonstrated strong structural
similarities compared to whole-slide histology specimens. Tumor,
stroma, and adipose tissues were all apparent on MRM images,
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FIGURE 5 | Pearson’s correlation plots between texture features and proportion of stroma (%), extracted from resected peritoneal implant from Figure 2. Stromal
proportion map was divided into increments of 10 percentage points and mean texture values were calculated for these 10 regions. r indicates the correlation coefficient.

TABLE 3 | Pearson’s correlation (r) between texture features and stromal proportion.

S Constrat Dissimilarity Energy Entropy
r -0.91 -0.76 0.47 -0.93 0.97
p-value <0.0001 0.011 0.17 <0.0001 <0.0001
Homogeneity AutoCorrel ClusterTend Correlation DiffEntropy
r -0.94 -0.9 0.68 0.88 0.81
p-value <0.0001 0.0005 0.029 0.0007 0.0046
DiffVariance SumAver SumEntropy Variance
r -0.89 -0.89 0.96 0.56
p-value 0.0005 0.0006 <0.0001 0.093

confirmed on their slice-matched histological samples. In addition,
we found that MRM-derived radiomic features were able to
discriminate tumor tissue, stroma, and adipose structures and
could evaluate the stroma—tumor ratio.

To date, few studies have imaged tumor at a microscopic scale.
Preliminary studies in breast, prostate and brain cancer
demonstrated excellent correlation between MRM images and
histopathologic characteristics of malignant tissue (19-23, 30, 31).
Similarly, for the first time in HGSOC, we were able to obtain a
direct correlation between histology and MRM images at 9.4 T.

In our study, we also correlated radiomics features with the
tumor/stromal proportion pixel by pixel, from four tumors.
Besides the extensive work performed in MRI on radiomics in
all fields of study, the link between data extracted from the image
and the pathology results is still lacking as radiomics has never
been evaluated at a microscopic scale. For example, Vargas et al.
found with CT that inter- and intratumor heterogeneity was
linked to poor prognosis in HGSOC (14). Rizzo et al. evaluated
whether CT radiomics features extracted from the primary tumor
alone or combined with clinical data were associated with residual
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Proportion of stroma >50%

and incorrectly classified in blue. For four tumors from (i-iv).

I Proportion of stroma <50%

Pixels correctly classified

P Pixels incorrectly classified

FIGURE 6 | Stroma-rich (>50%) and -poor (<50%) histological segmentations (A) and predicted segmentation map from MR feature maps (B), with pixels in green
where stromal proportion >560% (stroma-rich) and in red where stromal proportion <50% (stroma-poor). (C) Evaluation map with pixels correctly classified in yellow

TABLE 4 | Confusion matrix results with TPR, true positive rate; TNR, true negative rate; FPR, false positive rate; FNR, false negative rate.

Accuracy TPR
Test set 66.6% 70.6%
i. 63.3% 65.9%
ii. 71.9% 82.5%
ii. 62.1% 60.9%
V. 61.4% 71.3%

tumor at surgery in 101 patients with ovarian cancer. They were
able to predict the risk of disease progression within 12 months
(11). The authors found that along with other features,
homogeneity was associated with residual tumor at surgery. In
our study, entropy, correlation, difference entropy, and sum
entropy radiomics features were positively associated with
stromal proportion while MR signal intensity, energy,
homogeneity, auto correlation, difference variance, and sum
radiomics features were positively associated with tumor
proportion. The energy feature is high when GLCM contains
only a few high-intensity pixels, which means that the MR image
grayscale is uniform. In our study, the energy feature is high when
the tumor region is mostly composed of high density of tumor

TNR FPR FNR
62.4% 37.6% 29.4%
60.5% 39.5% 34.1%
66.4% 33.6% 17.5%
73.4% 26.6% 39.1%
59.4% 40.7% 28.7%

cells. In contrast, entropy reflects the complexity of the MR image
and its value is high when the MR image is disorderly. In this
work, high entropy values matched with areas encircling tumor
cells, mostly composed of stroma. Thus, we found that areas of
tumor cells appeared uniform on MR images, while areas of
stroma appeared heterogeneous. Those radiomics features
associated with stroma heterogeneity may be explained by
stroma neoangiogenesis known to be disorderly and the
consistence of the stroma itself. Indeed, it mostly consists of
heterogeneous cell types and a mixture of amorphous
components. Various cell types are found in the stroma of
HGSOC, including immune and inflammatory cells, endothelial
cells, adipocytes, and the “cancer-associated fibroblasts”.
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In our study, we built a model allowing to compute a visualize
map of estimated stromal and tumor regions from MR images.
This model was trained on 29,473 pixels with SI and 13 texture
feature values as inputs and binary stromal proportion, extracted
from histopathologic data, as targets. The 4 generated predicted
segmentation maps were compared to the actual segmentation
maps measured from histology and found a good accuracy (61.4
to 71.9). Relative low accuracy values can be explained by the
presence of histological structures not taken into account in the
model training, such as glandular lumens resulting in signal loss
(Figures 2.iii, Figure 6.iii). These values can also be explained by
the difference of slice thickness between MR and histological
images, with a factor of 45%. Future studies will validate the
algorithm with new samples prior to and after chemotherapy to
assess tumor response and will try to translate it to clinical MRI.

Finally, predicted segmentation maps allowed us to assess the
stroma-tumor ratio by ex vivo imaging. Multiple studies have
demonstrated the importance of stroma in ovarian tumorigenesis,
progression, and reduced overall survival (15-17). Our interesting
results linking radiomics stroma heterogeneity and pathology may
explain some of the radiomics associations found by Lu et al,
where their radiomics model was correlated with fibronectin (18).
Future ongoing work will try to translate this ex vivo findings to in
vivo real-time evaluation from 1.5- or 3-T scanners used in
clinical routine.

Our study has several limitations that can be attributed to its
exploratory nature in which the feasibility of a new method was
evaluated. The total sample size was rather small, limiting the
statistical power. Moreover, from the 9 studied specimens, only
four were exploited for the MRM and histology pixel-wise
correlation, reducing this sample size. From the five excluded
samples, three were removed because of the impossibility to
precisely co-register WHSI and MRM images. One of the main
elements that could explain this impossibility concerns fatty
tissue. Indeed, intracellular fat droplets get dissolved during the
preparation of HES slides. While this fatty tissue participates in
maintaining the shape of the tumor, its dissolution can lead to
important deformation of the shape in 3D. However, performing
a pixel-wise correlation allowed us to compensate this weakness
by increasing the number of information.

Only one pathologist and radiologist reviewed the image.
Regarding radiomics analysis, we limited the number of features
extracted to relatively basic texture features giving the small number
of samples. Finally, we only evaluate the stroma tumor globally. As
the stromal component contains a mixture of cells of different
origins, the exact elements in the stroma measured by radiomics
remain unclear. A study to associate radiomics features with each
component in stroma including fibroblast activation, immune cell
infiltration, and extracellular matrix density is necessary to better
understand the link between radiomics and stromal proportion.

5 CONCLUSION

In conclusion, MRM can be optimized to achieve high-resolution
images of HGSOC with images obtained within 3 h of resection.

This technique offers the possibility of providing valuable
information to surgeons in the intraoperative setting.
Furthermore, MRM with radiomics analysis allowed us to
associate radiomics features to tumor and stromal proportion.
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The accurate, objective, and reproducible evaluation of tumor response to therapy is
indispensable in clinical trials. This study aimed at investigating the reliability and
reproducibility of a computer-aided contouring (CAC) tool in tumor measurements and
its impact on evaluation of tumor response in terms of RECIST 1.1 criteria. A total of 200
cancer patients were retrospectively collected in this study, which were randomly divided
into two sets of 100 patients for experiential learning and testing. A total of 744 target
lesions were identified by a senior radiologist in distinctive body parts, of which 278 lesions
were in data set 1 (learning set) and 466 lesions were in data set 2 (testing set). Five image
analysts were respectively instructed to measure lesion diameter using manual and CAC
tools in data set 1 and subsequently tested in data set 2. The interobserver variability of
tumor measurements was validated by using the coefficient of variance (CV), the Pearson
correlation coefficient (PCC), and the interobserver correlation coefficient (ICC). We
verified that the mean CV of manual measurement remained constant between the
learning and testing data sets (0.33 vs. 0.32, p = 0.490), whereas it decreased for the CAC
measurements after learning (0.24 vs. 0.19, p < 0.001). The interobserver measurements
with good agreement (CV < 0.20) were 29.9% (manual) vs. 49.0% (CAC) in the learning set
(o < 0.001) and 30.9% (manual) vs. 64.4% (CAC) in the testing set (p < 0.001). The mean
PCCs were 0.56 + 0.11 mm (manual) vs. 0.69 + 0.10 mm (CAC) in the learning set (p =
0.013) and 0.73 + 0.07 mm (manual) vs. 0.84 + 0.03 mm (CAC) in the testing set (p <
0.001). ICCs were 0.633 (manual) vs. 0.698 (CAC) in the learning set (p < 0.001) and
0.716 (manual) vs. 0.824 (CAC) in the testing set (p < 0.001). The Fleiss’ kappa analysis
revealed that the overall agreement was 58.7% (manual) vs. 58.9% (CAC) in the learning
set and 62.9% (manual) vs. 74.5% (CAC) in the testing set. The 80% agreement of tumor
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Lietal

Computer-Aided Radiologic Tumor Measurement

response evaluation was 55.0% (manual) vs. 66.0% in the learning set and 60.6%
(manual) vs. 79.7% (CAC) in the testing set. In conclusion, CAC can reduce the
interobserver variability of radiological tumor measurements and thus improve the
agreement of imaging evaluation of tumor response.

Keywords: tumor measurements, evaluation agreement, response evaluation criteria in solid tumors (RECIST),
measurement variability, treatment assessment

INTRODUCTION

Radiological imaging examination plays an important role in
monitoring of tumor progression or evaluation of tumor
response to treatment in oncological clinical trials and clinical
care (1-4). Cancer patients may undergo longitudinally
radiological imaging examinations, such as CT (computed
tomography), MRI (magnetic resonance imaging), and/or PET
(positron emission tomography), to quantify tumor burden for
assessment of tumor response to treatment (4). The criteria for
evaluation of tumor response vary in terms of tumor types and
treatment methods. In 1981, the World Health Organization
(WHO) published the first criteria for solid tumor response
evaluation, which adopted bidimensional measurement as the
tumor imaging biomarkers for quantifying tumor burden (5).
The Response Evaluation Criteria in Solid Tumors (RECIST)
published in 2000 and its revised version (RECIST 1.1) in 2009
adopted the unidimensional instead of bidimensional
measurement as the tumor imaging biomarkers to quantifying
tumor burden (6). Nowadays, oncology clinical trials
increasingly rely on image-based surrogate endpoints. RECIST
represents the internationally recognized evaluation criteria for
solid tumors (5, 6). With the advent of oncologic therapies
(targeted therapy, immunotherapy, etc.), the radiological
response assessment criteria are also evolving, for instance, the
modified RECIST (mRECIST) for evaluating the response of
primary hepatocellular carcinoma (HCC) to targeted therapy (5,
7) and the modified RECIST for assessment of cancer
immunotherapy (iRECIST) (8). Moreover, the FDA published
guidelines in 1994, with updates in 2004 (9) and 2019 (10) for
standardizing the radiological assessment of tumor responses as
a primary endpoint in clinical trials.

Reliable evaluation of tumor response depends on two
aspects: the correct selection of target lesions and the accurate
and reproducible measurement of tumor burden. Although the
concept concerning the measurement of the maximal tumor
diameter is undoubtedly simple and convenient for physicians,
has a long history of clinical applications, and is familiar to
management agencies (FDA), the methodology of measuring
lesions is poorly defined in RECIST or WHO. The subjective
linear measurement has been criticized for its low reproducibility
and high inter- and intra-observer variabilities of the tumor
response assessment. Several studies observed that the
intraobserver variability was among 6% to 14%, and the
interobserver variability was approximately 10% to 25% (11).
These measurement variabilities may lead to a misinterpretation
of tumor response, in particular the large interobserver

variability. Some studies found that the misclassification of
tumor responses caused by the interobserver measurement
variabilities was as high as 43% (WHO) and 30% (RECIST)
(12). A meta-analysis summarized the RECIST-based observer
variability of manual measurements on CT images (13): relative
measurement differences ranged from 17.8% to 16.1% for the
same observers (5 studies, 648 lesions measured), —22.1% to
25.4% between two observers (8 studies, 1,878 lesions measured),
and -31.3% to 30.3% among multiple observers (3 studies, 575
lesions measured). It has been reported that even for expert
radiologists, there was considerable variability in interpretation
of lesion boundaries, in particular for irregular lesions, with the
interobserver variability accounting for 40% of a lesion size (14),
which may inevitably result in significant difference in tumor size
measurements (12). Because this interobserver variability in
tumor measurements may lead to a misclassification of tumor
growth rate or response even for the same selected target lesions,
the methodology for measuring lesions needs to be
improved (15).

The aims of this study therefore were (1) to develop a
computer-aided contouring (CAC) tool for interactive
measurement of maximum tumor diameter required by
RECIST or WHO criteria, (2) to validate the interobserver
agreement of the CAC tool in tumor diameter measurements,
and (3) to assess the consistency of the CAC tool in the
evaluation of tumor response in terms of RECIST 1.1 criteria.

MATERIALS AND METHODS

The institutional ethics committee has approved this
retrospective study, in which informed consent was waived,
but patient confidentiality was protected. The study design is
illustrated in Figure 1.

Patient Cohort

This study was approved by the ethics committee of the Sir Run
Run Shaw Hospital, Zhejiang University School of Medicine
(Scientific Research No0.2020617-33). The clinical information
used in this study was previously archived data, files, records,
pathological specimens, and diagnostic specimens, and was
approved of exempting informed consent by Institutional
Review Board (IRB). Two hundred patients with pathological
confirmed cancers between January 1, 2015 and December 31,
2019 enrolled in several Phase I or II oncology clinical trials
evaluating systemic therapies in lung, liver, and colorectal cancer
patients were retrospectively selected in a random sample from
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Target Lesion Identification

Data Collection

* The senior radiologistidentified the .
target lesionsiin all 200 cases

A

* The Senior radiologist measured the .
identified target lesions

Collection of demographic and
clinical data of 200 cancer patients

Collection of CTimages of 200
cancer patients

v

Learning Data Set

Learning TumorMeasurement

+ 100 patients (249 CT examinations) .
were randomly retrieved

+ 198target lesions and 384
measured lesions were selected

Five image analysts were firstly
trained for tumor measurements:
- Manual measurement
- CAC measurement

Agreement Analysis

+ Agreement of measurement
- coefficient of variance
- inter-observer correlation

Testing Data Set

Testing Tumor Measurement

* Agreement of evaluation
- Fleiss’kappa analysis

\ 4

* 100 patients (573 CT examinations) .
were randomly retrieved

+ 208target lesionsand 583
measured lesions were selected

Five image analysts were tested for
tumor measurements: .
- Manual measurement
- CAC measurement

- evaluation agreement

Comparison between training and
testing studies

FIGURE 1 | The flow chart of the study. Data collection and the design of the study.

the hospital medical records system. Inclusion criteria for this
study were as follows: (1) an adult patient over 18 years old;
(2) pathological confirmed malignant solid tumors in head and
neck, lung, liver, abdomen, lymph nodes, and other body parts;
(3) received anti-cancer treatment such as radiotherapy,
chemotherapy, targeted therapy, etc.; (4) performed contrast-
enhanced CT examinations before and after treatment; and
(5) had at least one measurable lesion >10 mm in terms of
RECIST 1.1 criteria.

The exclusion criteria were as follows: (1) patients had no
measurable lesions defined by RECIST criteria; (2) patients had
different image modalities other than CT before or after
treatment; (3) the imaging examination did not cover the
entire lesion; and (4) incomplete clinical records, for instance,
the date of treatment and missing CT images.

Imaging Examination

Contrast-enhanced CT examinations were acquired on multi-
detector CT scanners (GE, Siemens) with a tube voltage of 120
kVp, an automatic tube current, a slice collimation of 0.6 to 1.5
mm, and standard reconstruction kernel and slice thickness
ranging from 1.25 to 5 mm defined in the clinical trial protocols.

Lesion Selection and Lesion

Size Measurement

According to the requirements of target lesion selection in
RECIST 1.1 (6), a senior radiologist selected up to 5
measurable lesions per patient with a maximum of 2 lesions
per organ as the target lesions. Although RECIST 1.1 defines that
the target lesions at baseline should be 210 mm in the longest
diameter for extranodal disease and >15 mm in the short-axis
diameter for nodal disease, some target lesions may be smaller
than 10 mm on follow-up examinations due to treatment effects.

For the purpose of treatment response evaluation, those <10 mm
lesions in follow-up examinations were also included in the study
to assess the variability. Each selected lesion was independently
measured using a manual tool and a CAC tool by five image
analysts, respectively. Furthermore, to reduce the variability
caused by subjective selection of target lesions, we recruited a
senior radiologist (ZN) to identify these target lesions using an
arrow to enable the recognition by the image analysts. The image
analysts were informed that the arrow was randomly marked on
one of the slices of the lesion and thus did not indicate the slice
with the longest lesion diameter. The image analysts were
required to determine the slice for longest lesion diameter
based on their own judgements after examining all the slices of
the lesion.

In terms of the RECIST 1.1, the longest diameter of a target
lesion was measured on the transverse (axial) plane in CT by
manual method first. Each image analyst examined each target
lesion selected by the senior radiologist and determined the
transverse (axial) plane with the longest diameter based on
visual assessment. Standard window/level (HU) settings were
applied in terms of organs or body parts, for instance, lung
(1500/-500), liver (310/80), abdomen (400/60), and neck (250/
30). The longest diameter of each lesion was measured by placing
two endpoints of the diameter on the edge of the lesion without
crossing normal tissues.

Following the manual measurement, each image analyst was
required to measure the lesion by using the CAC tool, which
detected the optimal boundaries in terms of the initial contours
given by the image analyst. An image analyst reviewed the CAC-
generated contour and corrected it if it was unsatisfactory. The
longest diameter (for extranodal disease) or the longest
perpendicular diameter (nodal disease) of the lesion was
automatically estimated by the CAC tool in either 2D/3D
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mode: if only one slice of a lesion was contoured, the longest
diameter of the contour was directly calculated; if multiple slices
of a lesion were contoured, the contour with the maximum cut-
plane area was first selected and the longest diameter of that
contour was calculated. This diameter served as the CAC
measurement of a lesion.

Computer-Aided Contouring Method
CAC is a computer-aided contouring toolkit that we developed
based on the optimal path search using the dynamic-
programming techniques in graph theory (15). A transversal
image can be represented by a 2D weighted bi-directed graph, in
which one node corresponds to a pixel in the image. Each node
(pixel) has 8 connecting links (edges) to its neighboring nodes
(pixels), and each node and link has an associated cost. The local
boundary of a region-of-interest (ROI) on a 2D transversal image
is defined as the optimal path with the minimum cost between
two corresponding nodes in the graph, as illustrated in Figure 2.
Dynamic-programming theory indicates that the optimal
path between node u and v is either a direct link between u
and v, or going from u to some node w and then directly from
node w to v, which is also named Dijkstra’s observation (16).
Based on this theory, Dijkstra’s algorithm first computes the
minimum cost path from the seed node u to every node in the
entire graph. This set of minimum paths can be represented as a
tree structure. Once this tree is established, the optimal path
from any node to the seed node u can be extracted in the tree in
real time by traversing from root u to any node in the tree. For a
512 x 512 image, it takes less than 1 s to establish the tree
structure from the seed node to the entire image. As long as the
tree structure is established, the traversing from the root to a
node in the tree structure is very efficient, less than 1 ms. This
ensures the real-time interactivity of the CAC algorithm.
Because an optimal path corresponds to a segment of ROI
boundaries, pixels or links between neighboring pixels that
exhibit strong edge features are made to have low local costs.
Edge features such as Laplacian zero-crossing Szx(v), gradient

magnitude Sy(v), and gradient direction Sy(u,v) (17) are
incorporated into the computation of local cost. The cost going
from node (pixel) u to node (pixel) v is a weighted sum of each
corresponding local cost defined as c(u, v) = wzx - Szx(v) + @ - S,
(v) + @q - S4(u,v), where @wzx, Wy, and @y, are constants to weight
features. In Figure 3, we demonstrate these cost functions.

In CAC, we assume that the boundary of a ROI is located
within the neighborhood of the mouse moving trajectory. This
neighborhood is defined as a band on the transversal images
centered by the mouse moving trajectory, as shown in Figure 4A.
The width of the band can be adjusted in terms of the size of the
segmented ROIs. In our study, we set the band width to be 20
pixels or 10 pixels on both sides of the initial mouse moving
trajectory. The local boundary of a ROI will be searched within
this local band. The use of a local band significantly reduces the
searching space of optimal path. More importantly, it may
improve the stability of CAC detected boundary by converging
to the optimal tumor boundary and ignoring nodes or links
outside the band, as demonstrated in Figures 4C1-C4.

To reduce the influence of inaccurate positions of initial seed
points (such as u, v given by a user) and ensure that the selected
seeds are at or near the boundary of the ROI, we applied a seed
selection process via a two-pass optimal path searching scheme:
after the first optimal path searching using initial given seeds, the
points with the lowest cost in every segments of the optimal path
between two initial seed points are selected as the new seed
points for the second searching of the optimal path. This seed
selection process significantly reduces the inaccuracy and the
interobserver variability of seed positioning. Because the path is
piece-wise optimal (i.e., optimal between seed points), the
detected boundary using selected seed points is stable and
reproducible, as demonstrated in Figure 4 wherein the
different trajectories in Figures 4C1-C4 result in the exact
same contour shown in Figure 4B.

CAC provides the ability to detect (searching and snapping)
the ROI boundaries between key slices that have user-defined
ROI contours. In general, the user contoured a lesion at the first

/)

O
O

.\

FIGURE 2 | The local boundary is defined as the optimal path with the minimum cost between two corresponding nodes in the graph. (A) An image can be represented as a
2D weighted bi-directed graph, in which one node corresponds to a pixel in the image. Each node (pixel) has 8 links (edge) connecting to its neighborhood pixels. Both node

(u orv) and link (C) have a related cost. (B) A contour on a 2D transversal image is defined as the optimal path with the minimum cost between two corresponding nodes in the
graph, which can be searched by dynamic-programming methods such as Dikstra’s algorithm. (C) A contour in the image corresponds to the optimal path in (B).
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link (uv) is perpendicular to the gradient direction [\/(v)] of the pixel.

FIGURE 3 | Edge features such as zero-crossing and gradient are incorporated into the computation of local cost. (A) Original axial image. (B) Zero-crossing: points
with local maximal gradient magnitude corresponds to a local boundary point with lower cost. (C) Gradient magnitude: a point with a large gradient magnitude tends
to indicate a local boundary and thus a lower cost. (D) Gradient direction: a local boundary is perpendicular to the gradient direction. Cost is low if the direction of a

shown in (B) after applying the CAC tool.

FIGURE 4 | Computer-aided contouring (CAC) tool. (A) Tumor boundary is searched within a band centered by the mouse moving trajectory. (B) The resulting
boundary is the optimal path searched in terms of the minimum cost of local edges. (C1-C4) Different mouse moving trajectories result in the same tumor boundary

and the last slice, and for the middle key slices of a lesion, the user
may contour at every 3-5 slice intervals along the scanning
direction. The exact number of slices between key slices
depended on the complexity (irregularity, infiltration, and
inhomogeneity) of the lesion. The contours between these key
slices were detected in an automated manner by using the

scheme of between-slice contour detection in CAC, as
illustrated in Figures 5A, B. This automated between-slice
detection scheme consists of three steps below:

(1) Interpolate seed points on each of the between-slices using a
pair of neighboring key slices;
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FIGURE 5 | Detection of between-slices contours by interpolation and optimization. (A) A 3D shape of a liver with contours on several non-adjacent key slices. CAC
toolkit can detect the contours between key slices. (B) The interpolation of control points on slices between the key slices. (C) The initial contour estimated by using
interpolated control points. (D) The resulting contour generated by the two-pass optimal path searching scheme using the estimated contour in (C).

Control Points

Interpolated
Points

(2) Estimate initial contours by connecting these interpolated
seed points; and

(3) Search the local boundary using the two-pass optimal path
searching scheme (described above) within the band of the
estimated contour.

Figure 5C shows an initial estimated contour created by
interpolation step, and Figure 5D is the resulting contour
generated by the two-pass optimal path searching scheme in
the band of the initial contour in Figure 5C. Because our two-
pass optimal path searching scheme can find accurate and stable
ROI boundaries in an automated manner, the between-slices
contour detection can significantly reduce the user time and
effort in interactive contouring while still achieving an accurate
segmentation. This volumetric contouring ensures that CAC can
estimate the longest diameter of the contour with the maximum
cut-plane area of a lesion, which is called the 3D mode for longest
diameter estimation.

Based on this theory, we developed a CAC toolkit for
interactive segmentation of tumors and organs, which includes
(1) real-time searching of the local boundary on a 2D transversal
image, (2) automated detection of between-slice contours for
volumetric contouring, and (3) automated calculation of the
longest diameter (RECIST criteria) or the product of
perpendicular longest diameters (WHO criteria) of a tumor on
either one transversal image (2D mode) or multiple transversal
images (3D mode).

Validation Scheme

These 200 patients were randomly divided into two data sets of
100 patients for experiential learning set (data set 1) and testing
(data set 2) of tumor measurement using manual and CAC tools.
Five image analysts who had no prior knowledge of tumor
measurements and RECIST criteria were first instructed how
to measure a lesion diameter in terms of the RECIST 1.1 criteria
in the learning set, and then tested in the second data set by using
manual and CAC tools on the V3D platform (Quantilogic
Healthcare). Tumor responses were evaluated in terms of
RECSIT 1.1 criteria by using the resulting measurements of the
manual and CAC tools, respectively. The reliability and
reproducibility of tumor measurement and response evaluation
were compared between manual and CAC tools.

Data Analysis
To evaluate the agreement of the measurement, we calculated the
coefficient of variance (CV) of five measurements of each tumor,
the correlation between any two pairs of analysts [Pearson
correlation coefficient (PCC)], and the interobserver
correlation coefficient [interclass correlation coefficient (ICC)]
of five image analysts. To evaluate the agreement of tumor
response evaluation, we calculated the Fleiss’ kappa coefficients.
Statistical analysis was conducted by R software, version 3.3.2
(https://www.R-project.org/), and SPSS Statistics for Windows,
version 17. 0 (SPSS Inc., Chicago, Ill., USA), of which
correlations were calculated by SPSS and other statistics were
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calculated by R. Quantitative variables were shown as mean +
SD. Statistical group comparisons of data were analyzed by
Wilcoxon rank-sum (continuous variables) test and )(2
(categorical/dichotomous variables) test. A Student’s t-test was
used for the continuous variable. A p-value less than 0.05 was
considered statistically significant.

RESULTS

Clinical Data

Two hundred patients were randomly separated into two sets of
100 patients: data set 1 (71 males; 29 females; mean age 58.7
years; range 34 to 73 years) and data set 2 (67 males; 33 females;
mean age 57.1 years; range 21 to 74 years). A total of 249 CT
examinations were retrieved from PACS in the first data set, and
573 CT examinations were retrieved in the second data set.

A total of 384 and 583 reported tumors were identified by a
senior radiologist (ZN) in data sets 1 and 2, respectively. Because
of one or more missing measurements in the resulting
measurements by the five image analysts, 76 and 94 tumors
were excluded in data sets 1 and 2, respectively. This resulted in
308 lesions in data set 1 and 489 lesions in data set 2 in the
measurement study. In the tumor response evaluation study, we
excluded patients caused by one time point and missing target
lesions in the follow-up examinations. This resulted in 80
evaluations (48 patients) and 231 evaluations (89 patients) in
data sets 1 and 2, respectively. Figure 6 shows the patient
selection and distribution in data sets 1 and 2 for the learning
and testing studies.

Overall, the lesion diameters ranged from 10.0 to 105.0 mm
(mean: 30.7 + 19.0 mm, median 25.5 mm) in data set 1 and 5.0 to
88.0 mm (mean: 22.5 + 15.1 mm, median 18.0 mm) in data set 2.
In the tumor response evaluation study, the average number of
follow-up examinations was 1.6 and 2.6 in the learning and

testing study, and the average number of lesions per patient was
1.94 and 1.92 in two sets, respectively.

The details of the patient characteristics and lesion statistics
are summarized in Table 1. The example case displayed in
Figure 7 demonstrates a significant reduction of interobserver
variability by the CAC tool.

Agreement of Measurement and Analysis
of Coefficient of Variance

Figures 8A-C show that the CV in the learning set was reduced
by CAC compared to manual measurements, and the percentage
of measurements with a CV of <0.2 were 29.9% (manual) vs.
49.0% (CAC), which was statistically significant (p < 0.001).
Figures 8D-F show the CV in the testing set after experiential
learning. It indicates that while the mean CV of manual
measurement remained constant between the first and second
data sets (0.33 vs. 0.32, p = 0.490), it decreased for the CAC
measurements after learning (0.24 vs. 0.19, p < 0.001) as the
image analysts became familiar with the CAC tool. In addition,
we measured lesions from different body parts in the study to
demonstrate the generalizability of the CAC tool. Overall, the
CAC tool outperformed manual measurement at all six body
parts: CV between manual and CAC tools were 0.27 vs. 0.20 (p =
0.004) (lung), 0.23 vs. 0.17 (p = 0.046) (liver), 0.30 vs. 0.25 (p =
0.240), (abdomen), 0.30 vs. 0.20 (p < 0.001) (lymph), and 0.37 vs.
0.27 (p = 0.003) (other), respectively. This demonstrated that the
CAC tool is a general-purpose imaging tool for tumor
measurements, indicating the great potentials for the clinical
adoption of the CAC tool.

Analysis of Interobserver Correlation

Table 2 presents the PC matrix among five image analysts in data
sets 1 and 2, respectively. After experiential learning, we observed
that the agreement of each analyst with four other image analysts
was improved. However, the CAC tool still outperformed the

384 Measured Lesions (100
Patients) (initial Cohort)

Excluded 76 tumors due to
* missing measurements

308 Lesions (98 Patients)
(Measurement Cohort)

Excluded 50 patients due to
* 24 one-timepoint
* 26 missing target lesions

3
80 Evaluations (48 Patients with follow up 1)
(Evaluation Cohort)

583 Measured Lesions (100
Patients) (initial Cohort)

Excluded 94 tumors due to
*  missing measurements

489 Lesions (98 Patients)
(Measurement Cohort)

Excluded 9 patients due to
* 5 one-timepoint
* 4 missing target lesions

231 Evaluations (89 Patients)
(Evaluation Cohort)

FIGURE 6 | The patient selection and distribution. The patient selection and distribution in (A) the learning study and (B) the testing study.
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TABLE 1 | The demographic and clinical characteristics of the experiential
learning data set (data set 1) and testing data set (data set 2).

Group Data set 1 Data set 2 p-value
(n = 100) (n = 100)
Sex
Female 29 33 0.647
Male 71 67
Enrolled age
Mean 58.7 57.1 0.268
Range (Min-Max) 34-73 21-74
Treatment
Chemotherapy only 8 12 0.505
TKls based regimes 33 36
Antibodies based regimes 59 52
Target lesions
Total 198 208
Lung 66 78 0.052
Lymph nodes 60 58
Liver 38 20
Body wall 10 16
Soft tissue 7 7
Other 17 29
Adrenal gland 1 11 /
Peritoneum 5 5
Brain 3 2
Breast 3 2
Kidney 1 2
Annex 0 2
Pancreas 2 0
Spleen 1 1
Bone 0 1
Diaphragm 0 1
Limbs 0 1
Parotid gland 0 1
Pharynx 1 0

manual tool. In addition, the two-way mixed interobserver
correlation analysis revealed the ICC values of 0.633 (manual)
vs. 0.698 (CAC) in data set 1, and 0.716 (manual) vs. 0.824

measurements was substantially better than that of manual measurements.

(CAC) in data set 2. After experiential learning, the CAC tool
achieved “excellent” level of agreement (ICC > 0.75).

Agreement of Tumor Response Evaluation

Tumor response was evaluated in four categories: complete
response (CR), partial response (PR), stable disease (SD), and
progressive disease (PD). As shown in Table 3, the total numbers
of RECIST evaluations were 80 and 231 in the two data sets,
respectively. The Fleiss’ kappa analysis revealed that the
percentage overall agreement (K) was 58.7% (manual) vs. 58.9%
(CAC) in the first learning set, whereas it was 62.9% (manual) vs.
74.5% (CAC) in the second testing set. The agreement increased
approximately 4.2% in manual and 15.6% in CAC. The CAC tool
approached “excellent” agreement (K > 0.75), whereas the manual
method remained in “good” agreement.

Among five tumor response evaluations by five image analysts
for each patient, we calculated the “excellent” patient-level
agreement, which was defined as the same response category as
assessed by more than four image analysts assessed the same
response categories, i.e., more than 80% evaluation results were
the same. The manual measurements achieved a constant level of
agreement: 55.0% (learning) and 60.6% (testing) (p < 0.001),
whereas CAC measurements improved from 66.0% (learning) to
79.7% (testing) (p < 0.001). It indicates that when image analysts
became familiar with the CAC tool after experiential learning,
the difference of agreement between two tools on tumor response
evaluation becomes more significant, increasing from 11.0%
[learning: 66.0% (CAC) vs. 55.0% (manual), p < 0.001] to
19.1% [testing: 79.7% (CAC) vs. 60.6% (manual), p < 0.001].

DISCUSSION

This study shows the improvements in unidimensional tumor
measurements that can be gained by utilizing a CAC tool

FIGURE 7 | An example case of manual and CAC measurements. In terms of RECIST 1.1 criteria, the longest diameter of a target lesion is measured on the image
acquisition plane (axial plane in CT). (A) Upper row: five manual measurements showed the mean value 96.5 + 4.1 mm, range 92.7 mm to 103.3 mm, CV (coefficient
of variance) 4.3%. (B) Lower row: five CAC measurements showed the mean value 98.1 + 0.3 mm, range 97.8 mm to 98.1 mm, CV 0.3%. The agreement of CAC
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Manual 9.96+8.24 7.51 0.33+0.18 0318
CAC 8.47+8.82 5.06 0.24+0.17 0.21
Difference (-1.49) (-2.45) (-0.09) (-0.10)
B
<0.05 2.3% 11.0%
<0.10 9.4% 27.9%
<0.15 18.2% 39.9%
<0.20 29.9% 49.0%

Manual 7.0646.82 4.75 0.32+0.21 0.28
CAC 4.62+5.46 2.70 0.19+0.17 0.14
Difference (-2.44) (-2.05) (-0.13) (-0.14)

E

<0.05 1.4% 14.1%
<0.10 9.8% 36.8%
<0.15 19.6% 52.8%
<0.20 30.9% 64.4%

30.9% vs. 64.4% for manual and CAC measurements, respectively.

A
Mean STD | Median STD| Mean CV | Median CV
(MM) (MM) (%) (%) c
25%

D
- Mean STD | Median STD Median cv [
(MM) (MM) (%) (%) 25%

Coeficient of Variance (CV)

W Manual ® Contoured
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FIGURE 8 | Analysis of coefficients of variance (CV) in the experiential learning and testing study. Analysis of coefficients of variance (CV) in the experiential learning
study (data set 1, A-C) and in the testing set (data set 2 D-F). The standard deviation (STD) and CV of the manual and CAC measurements (mean and median
values given in a and d, respectively) and the CV distribution (B, E, respectively) are shown before and after learning. The boxplots in (C, F) show the fractions of
measurements with good agreement (<0.2). In data set 1, this was 29.9% vs. 49.0% for manual and CAC measurement, respectively, and in data set 2, this was

compared to manual methods and its impact on response
evaluation. In order to prevent bias from prior knowledge or
practice, we recruited five image analysts who were unfamiliar
with tumor measurement and response assessment, and were
instructed to learn and subsequently tested independently the
measurement of longest lesion diameter in terms of RECIST
criteria using manual and CAC tools. For this purpose, we
divided the 200 patients into two sets of 100 patents for learning
and testing.

This study demonstrated that the interobserver agreement of
the manual measurement had approximately 1/3 of the cases,
whereas the CAC tool achieved twice the better performance,
which was also indicated by the “excellent” level of ICC of the
CAC tool. The novelty of the CAC method is its reproducibility
and consistency of segmentation, which can significantly reduce
the interobserver variability in tumor measurement, thereby
ensuring the quality and repeatability of tumor response
evaluation among different radiologists and institutions. Manual

contouring tools are easy to use but very time-consuming, whereas
semi-automated interactive tools (such as snake and speedline) are
less labor-intensive but highly unstable. We thus developed the
CAC tool in the context of tumor response assessment for the
purpose of an efficient and consistent tumor measurement.
Compared with other open-source segmentation tools in ITK
Snap (www.itksnap.org) and Seg3D (www.sci.utah.edu/cibc-
software/seg3d.html), the CAC tool has certain advantages on
accuracy and reproducibility. A comparison of image contouring
tools with the CAC tool is given in Table S1.

This study had several limitations. The first limitation was the
single CT modality that we used in the validation study. We
selected CT examinations for the experiential learning and testing
in order to demonstrate the feasibility of the CAC tool. However,
the CAC tool is not limited to CT modality. We will investigate the
reliability and reproducibility of the CAC tool in MRI and PET/
CT examinations. Another limitation is that our study used single-
center data from one institute. We plan to collect multi-center
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TABLE 2 | Pearson correlation matrix among five image analysts in data sets 1 and 2.

Data Set 1 (Learning)

(A) Manual measurement

(B) CAC measurement

Analyst 1 Analyst2  Analyst3  Analyst4 Analyst5  Analyst 1 Analyst2  Analyst3  Analyst4  Analyst5
Analyst 1 1 0.385 0.418 0.367 0.401 1 0.538 0.533 0.507 0.565
Analyst 2 0.385 1 0.418 0.367 0.401 0.538 1 0.82 0.702 0.895
Analyst 3 0.418 0.808 1 0.736 0.865 0.533 0.82 1 0.728 0.909
Analyst 4 0.367 0.667 0.736 1 0.673 0.506 0.702 0.728 1 0.752
Analyst 5 0.401 0.871 0.865 0.673 1 0.565 0.895 0.909 0.752 1
Correlation with Others 0.39 0.68 0.61 0.54 0.59 0.54 0.74 0.75 0.67 0.78

Data Set 2 (Testing)
(C) Manual measurement (D) CAC measurement

Analyst 1 Analyst2  Analyst3  Analyst4  Analyst5  Analyst 1 Analyst2  Analyst3  Analyst4  Analyst5
Analyst 1 1 0.546 0.672 0.605 0.639 1 0.760 0.815 0.815 0.845
Analyst 2 0.546 1 0.823 0.741 0.796 0.760 1 0.850 0.795 0.828
Analyst 3 0.672 0.823 1 0.796 0.846 0.815 0.850 1 0.830 0.883
Analyst 4 0.605 0.741 0.796 1 0.814 0.815 0.795 0.830 1 0.931
Analyst 5 0.639 0.796 0.846 0.814 1 0.845 0.828 0.883 0.931 1
Correlation with Others 0.62 0.73 0.78 0.74 0.77 0.81 0.81 0.84 0.84 0.87

(A) The manual measurement: The mean Pearson correlation coefficient (PCC) was 0.56 + 0.11, range 0.39 to 0.69. (B) The CAC measurement: The mean PCC was 0.69 + 0.10, range
0.54 to 0.78 in data set 1. The two-way mixed interobserver correlation coefficient (ICC) was 0.633 (manual) vs. 0.698 (CAC). (C) The manual measurement: The mean Pearson correlation
coefficient (PCC) was 0.73 + 0.07, range 0.62 to 0.78. (D) The CAC measurement: The mean PCC was 0.84 + 0.03, range 0.81 to 0.87 in data set 2. The two-way mixed interobserver
correlation coefficient (ICC) was 0.716 (manual) vs. 0.824 (CAC). CAC tool was in “excellent” agreement (>0.75), whereas manual method remains in “good” agreement.

TABLE 3 | Agreement of RECIST 1.1 evaluation.

(A) Data set 1 (Learning)

(B) Data set 2 (Testing)

Total # Votes% Cases # Cases% Total # Votes% Cases # Cases%
Manual 80 80% 44 55.00% 231 80% 140 60.60%
100% 22 27.50% 100% 7 33.30%
CAC 80 80% 52 66.00% 231 80% 184 79.70%
100% 17 21.30% 100% 113 48.90%
(A) Agreement in data set 1. (B) Agreement in data set 2.
cases to validate the reproducibility of the CAC tool for tumor ETHICS STATEMENT

measurements and evaluation. The CAC tool needs multi-center
and prospective data for further validation and improvements.
Although the clinical significance of the CAC tool warrant
validation by larger multi-center studies, it may provide a
reliable and reproducible solution for radiological tumor
measurement, which may further affect the imaging endpoints
in tumor response evaluation.

In conclusion, our study demonstrated that the computer-
aided contouring method can significantly improve the
agreement of radiologic tumor measurements, reduce the
interobserver variability of tumor measurement, and thus
improve the agreement of tumor response evaluation in
oncology clinical trials and clinical care.
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