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Abstract
Soft-tissue sarcomas (STS) represent a group of rare and heterogeneous tumors
associated with several challenges, including incorrect or late diagnosis, the
lack of clinical expertise, and limited therapeutic options. Digital pathology
and radiomics represent transformative technologies that appear promising for
improving the accuracy of cancer diagnosis, characterization and monitoring.
Herein, we review the potential role of the application of digital pathology
and radiomics in managing patients with STS. We have particularly described
the main results and the limits of the studies using radiomics to refine diag-
nosis or predict the outcome of patients with soft-tissue sarcomas. We also
discussed the current limitation of implementing radiomics in routine settings.
Standard management approaches for STS have not improved since the early
1970s. Immunotherapy has revolutionized cancer treatment; nonetheless,
immuno-oncology agents have not yet been approved for patients with STS.
However, several lines of evidence indicate that immunotherapy may represent
an efficient therapeutic strategy for this group of diseases. Thus, we emphasized
the remarkable potential of immunotherapy in sarcoma treatment by focusing
on recent data regarding the immune landscape of these tumors. We have
particularly emphasized the fact that the development of immunotherapy for
sarcomas is not an aspect of histology (except for alveolar soft-part sarcoma)
but rather that of the tumor microenvironment. Future studies investigating
immunotherapy strategies in sarcomas should incorporate at least the presence
of tertiary lymphoid structures as a stratification factor in their design, besides
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including a strong translational program that will allow for a better under-
standing of the determinants involved in sensitivity and treatment resistance to
immune-oncology agents.

KEYWORDS
artificial intelligence, digital pathology, immunotherapy, radiomics, sarcoma

1 BACKGROUND

Soft-tissue sarcomas (STS) represent a heterogeneous
group of tumors. An accurate histological diagnosis and an
assessment of the risk of relapse are critical for delineat-
ing treatment strategies. Traditional pathology approaches
and molecular genetic assays have played a crucial role
in the classification of STS. Recently, artificial intelligence
(AI)-based solutions paved the way for the development
of digital pathology approaches, with whole-slide imag-
ing that enables capturing relevant information beyond
human visual perception. Such progress has been imple-
mented in the field of imaging with the possibility of
characterizing human tumors through “radiomics” analy-
ses,which are based on several image-derived, quantitative
measurements, including intensity histogram, spatial dis-
tribution relationships, and textural heterogeneity. Both
digital pathology and radiomics approaches can be used
to understand the relationships between histological and
imaging characteristics of STS, such as heterogeneity
and their biological characteristics or expected prognosis
and treatment outcomes. Besides improving the stag-
ing and prognosis assessment, expanding the therapeutic
armamentarium is another challenge for better care of
patients with STS. Chemotherapy has reached a thera-
peutic plateau in this group of diseases [1]. Immunother-
apy has revolutionized cancer treatment; nonetheless,
immuno-oncology agents have not yet been approved for
patients with STS. However, several lines of evidence
suggest that immunotherapy may represent an efficient
therapeutic strategy for this group of diseases.
In this review, we provide an up-to-date and state-of-

the-art application of digital pathology and radiomics in
managing patients with STS and the potential role of
immunotherapy in improving patient outcomes.

2 IMPROVING THE
PROGNOSTICATION OF PATIENTSWITH
STS THROUGH DIGITAL PATHOLOGY
AND ARTIFICIAL INTELLIGENCE

Digital pathology is based on the use of algorithms,
machine-learning techniques, and AI to extract infor-

mation from routine pathologic images. In recent years,
several studies have demonstrated the potential of digital
pathology in improving the diagnostic and staging work-
flow in human tumors. However, the application of digital
pathology in STS is unclear.
STS constitutes a heterogeneous group of malignant

tumors, representing 1% and 15% of cancer in adults and
children, respectively [1]. Surgery is the cornerstone of
treatment. However, up to 40% of the patients develop
metastatic relapse despite optimal locoregional treatment,
which leads to death in most cases [2]. Assessing the risk
of relapse is an important concern for physicians man-
aging these patients. Perioperative chemotherapy reduces
the risk of relapse by approximately 30% [3–6]. However,
identifying patients most likely to benefit from periopera-
tive systemic treatment remains challenging [7]. Clinical
factors, such as the grade, size, and depth of the tumors,
are usually associated with the risk of metastatic relapse
and are considered by oncologists for assessing the relapse
risk [8]. A nomogram may serve as a convenient and reli-
able tool for the individualized prediction of recurrence [2,
9]. However, this method is not perfect. Combining gene
expression profiling data through the Complexity INdex
in SARComas (CINSARC) signature improves the nomo-
gram, thereby enhancing the prediction of relapse [10].
Moreover, despite the increasing incorporation of genomic
profiling into patient care, the procedure is not routinely
followed at most healthcare facilities handling sarcoma
cases.
Recently, AI has appeared promising in predicting the

prognosis of several conditions [11]. There are reports
on the emergence of models that could directly predict
disease outcomes from digitized whole-slide images of
mesothelioma [12] or hepatocellular carcinoma [13] using
deep-learning methods. These models outperformed the
previous methods that relied on expensive and time-
consuming expert annotations or gradings for produc-
ing results. In addition, multiple studies have demon-
strated the benefits of performing a multimodal analysis
to complement AI image analysis with expert knowl-
edge and clinical data [14]. Foersch et al. [15] reported
an example of such synergy for STS by predicting
the disease-specific survival in specific STS subtypes.
They demonstrated the ability of multimodal machine
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learning to predict metastatic relapse in patients with
STS.
Taken together, researchers are initiating the deploy-

ment of digital pathology. Such machine learning-based
digital models may be potentially transformative for man-
aging patients in a routine setting.

3 INNOVATIVE IMAGING
TECHNIQUES TO IMPROVE THE
MANAGEMENT OF PATIENTSWITH
SARCOMA

Besides an accurate histological diagnosis, imaging is fun-
damental to every step involved in managing patients
with STS, including the initial referral to a sarcoma ref-
erence center, biopsy guidance, local and distant tumor
staging, surgery planning, follow-up, and response assess-
ment [16]. Imaging provides a non-invasive and global view
of the tumor phenotype (or radiophenotype) that comple-
ments biopsy sample-based assays. The commonly used
prognostic nomogram SARCULATOR [9] and response
evaluation criteria for STS (response evaluation criteria
in solid tumors [RECIST v1.1]) [17] rely only on the sim-
plest imaging feature, namely the longest tumor diameter,
despite STS demonstrating various baseline radiological
presentations and patterns of response under treatment.
However, the last few decades have witnessed the fol-

lowing development: (i) radiomics-based approaches, (ii)
quantitative multi-parametric imaging enabling the non-
invasive assessment of tumor neo-angiogenesis (through
dynamic contrast-enhanced [CE] magnetic resonance
imaging [MRI]), cell shape and density (through diffusion-
weighted imaging [DWI]), and metabolism (through
18F-fluoro-2-deoxyglucose [18F-FDG] positron emission
tomography [PET] computed tomography [CT]), and (iii)
novel radiolabeled antibodies in preclinical studies and
phase I/II clinical trials [18–22]. The parallel innovation
and increasing availability of AI algorithms for the classi-
fication, prognostication, clustering, and computer vision
tasks have enabled capturing and integration complex
datasets to achieve a virtual diagnosis and improve the
prognostication and treatment response assessment.

3.1 Principle of radiomics approaches

The radiomics technique involves the extensive quantifica-
tion of the tumor shape and texture based on any imaging
modality beyond the conventional radiologist’s depiction,
using mathematical operators, such as histograms, gray
level matrices, and wavelet or fractal analyses (Figure 1).
Subsequently, hundreds of resulting numeric variables,

termed radiomics features (RFs), are incorporated and
mined using machine-learning algorithms to develop pre-
dictive models aimed at improved tailoring of patient
management [20, 23]. Radiomics approaches rely on com-
plex pipelines, including the selection and quality con-
trol of imaging, homogenization of an imaging dataset
to ensure comparability, manual or semi-automatic seg-
mentation of the volume of interest (for instance, the
primitive tumor itself, its surrounding tissues, or metas-
tases), RF extraction, exploratory data analysis, the use
of technics to correct for imbalanced datasets, dimen-
sionality reduction, training multiple machine-learning
algorithms using resampling methods (such as nested
cross-validation), and testing on novel original datasets
to evaluate and select the best model objectively. This
empirical process implies defining a metric for measuring
the performance of the trained machine-learning models
depending on the final objective of the radiomics study
and the distribution of the outcomes in the study popula-
tion. For instance, the area under the receiver operating
characteristic curve (AUC) and accuracy, Harrell concor-
dance index (c-index) and root mean squared error are
commonly encountered for binary classification, prog-
nostication and regression problems, respectively [24].
Calibration curves and decision curve analysis are addi-
tional means to evaluate the radiomics models [20, 25].
Due to this complexity, radiomics approaches are quali-
fied as “handcraft.” Recently, researchers have developed
alternative RFs, termed deep-learning RFs, using transfer
learning, namely convolutional neural networks (CNNs)
previously trained on the Imagenet dataset, such as Xcep-
tion [26], VGG16 [27] and 19 [28], ResNet50 [29], or
InceptionResNetV2 [30]. These deep-learning RFs suppos-
edly provide higher reproducibility than handcraft RFs
[31]. Moreover, radiomics composite scores are often inte-
grated into nomograms along with the clinical, biological,
and histopathological features, which generally improve
their predictive performances [32–37].

3.2 Applications of radiomics
approaches for patients with STS

Since its emergence in the early 2010s, clinicians have com-
monly used radiomics in the field of STS. STS exhibits
various radiological presentations with different patterns
of heterogeneity that are barely explainable using human
vocabulary and usual radiological qualitative or semi-
quantitative variables (also termed “semantic” features).
Nonetheless, a key assumption behind radiomics is that
these heterogeneity patterns reflect different subtypes of
STS in terms of molecular features, treatment sensitivity,
and prognosis [38].
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F IGURE 1 The radiomics workflow and potentialities adapted to baseline multi-parametric multimodal imaging of a patient with
soft-tissue sarcoma. A schematic illustration of the patient’s journey, including image acquisition, analysis utilizing radiomics, and other
clinical and biological variables to derive a predictive signature of the patient’s outcome. High-level statistical modeling involving machine
learning is applied for disease classification, patient clustering, and individual risk stratification. Abbreviations: ADC: apparent diffusion
coefficient, CE T1: contrast-enhanced T1, CINSARC: complexity index in sarcoma signature, Ktrans: transfer constant, mTLS: mature tertiary
lymphoid structure, PD-L1: program death ligand 1, PET: (18F-fluorodeoxyglucose) positron emission tomography, RF: radiomics features,
and TILs: tumor infiltrative lymphocytes.

Tables 1 and 2 summarize the major published sarcoma
radiomics studies using CT and MRI. First, MRI-based
radiomics from conventional sequences (T1-weighted
imaging [WI], T2-WI, and CE T1-WI) and DWI have
demonstrated high diagnostic performance in discrimi-
nating between benign soft-tissue tumors and STS (accu-
racy: 0.65–0.93 and AUC: 0.77–0.97 for approximately 609
unique patients) [32, 39–42]. Some authors have obtained
good results for the peculiar but routine issues of dis-
criminating lipoma from liposarcomas (AUC: 0.8–0.98 and
accuracy: 0.87–0.95) [43–48] and leiomyoma from uterine
sarcoma (AUC: 0.83–0.96 and accuracy: 0.74–0.88) [49–53].
Second, radiomics approaches have successfully predicted

the histologic grade (according to the French “Federation
Nationale des Centres de Lutte Contre le Cancer”) from pre-
treatment MRIs (AUC: 0.76–0.92, accuracy: 0.82–0.98 for
approximately 1,080 unique patients) [31, 33-35, 54, 55].
However, these authors used different definitions of high
grade (i.e., grade II and III versus only grade III), and
the grade was occasionally evaluated on biopsy samples,
despite the possibility of grade underestimation and biased
results [56, 57].
Clinicians have applied radiomics to predict patient

prognosis, predominantly metastatic relapse-free survival
(MFS), local relapse-free survival (LFS), overall sur-
vival (OS), and the risk of presenting lung metastases

 25233548, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/cac2.12373 by C

ochraneC
hina, W

iley O
nline L

ibrary on [27/10/2022]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



CROMBÉ et al. 5

T
A
B
L
E

1
Su
m
m
ar
y
of
th
e
m
ai
n
ra
di
om

ic
ss
tu
di
es
in
vo
lv
in
g
th
e
in
iti
al
di
ag
no
si
sa
nd

st
ag
in
g
of
sa
rc
om

a

Fi
rs
ta
ut
ho
r

Ye
ar

Q
ue
st
io
n

N
o.
O
fp
at
ie
nt
s

Im
ag
in
g

m
od
al
it
y

R
es
ul
ts

M
ai
n
lim

it
at
io
ns

U
te
ri
ne

le
io
m
yo
sa
rc
om

a
ve
rs
us

le
io
m
yo
m
a

G
er
ge
se
ta
l.
[4
9]

20
18

D
is
cr
im
in
at
io
n
of

le
io
m
yo
m
as
ve
rs
us

le
io
m
yo
sa
rc
om

as

68
pa
tie
nt
sf
ro
m
1

co
ho
rt
(1
7

le
io
m
yo
sa
rc
o-

m
as
)

M
RI

(T
1,

T2
,

A
D
C
)

Tw
o
in
de
pe
nd
en
tp
re
di
ct
or
s(
ag
e

an
d
m
ea
n
T2

si
gn
al
);
AU

C
=

0.
95
5§
.

Re
tr
os
pe
ct
iv
e;
no

im
ag
e

po
st
-p
ro
ce
ss
in
g
fo
r

he
te
ro
ge
ne
ou
sd
at
as
et
s;
no

re
pr
od
uc
ib
ili
ty
an
al
ys
is
;

on
ly
on
e
al
go
rit
hm

te
st
ed
;

no
va
lid
at
io
n
co
ho
rt
;n
o

co
m
pa
ris
on
sw

ith
ra
di
ol
og
is
ts
;n
o
av
ai
la
bl
e

co
de
.

N
ak
ag
aw
a
et
al
.[
50
]

20
19

D
is
cr
im
in
at
io
n
of

le
io
m
yo
m
as
ve
rs
us

le
io
m
yo
sa
rc
om

as
w
ith

hi
gh

si
gn
al

in
te
ns
iti
es
on

T2
.

80
pa
tie
nt
sf
ro
m
1

ce
nt
er
(3
0

le
io
m
yo
sa
rc
o-

m
as
)

M
RI

(T
2)

M
od
el
us
in
g
ex
tr
em

e
gr
ad
ie
nt

bo
os
tin
g;
AU

C
=
0.
93
§;

ou
tp
er
fo
rm

ed
ra
di
ol
og
is
ts
’

pr
ed
ic
tio
n.

Re
tr
os
pe
ct
iv
e;
no

im
ag
e

po
st
-p
ro
ce
ss
in
g
fo
r

he
te
ro
ge
ne
ou
sd
at
as
et
s;
2D

RO
Is
;n
o
re
pr
od
uc
ib
ili
ty

an
al
ys
is
;n
o
va
lid
at
io
n

co
ho
rt
;n
o
av
ai
la
bl
e
co
de
.

Xi
e
et
al
.[
51
]

20
19

D
is
cr
im
in
at
io
n
of

ut
er
in
e
sa
rc
om

a
an
d

at
yp
ic
al
le
io
m
yo
m
a

78
pa
tie
nt
sf
ro
m
1

ce
nt
er
(2
9

le
io
m
yo
sa
rc
o-

m
as
)

M
RI (A
D
C
)

M
od
el
us
in
g
lo
gi
st
ic
re
gr
es
si
on
;

AU
C
=
0.
83
0,
ac
cu
ra
cy
=
0.
74
,

Se
=
0.
76
,S
p
=
0.
73
§.

Re
tr
os
pe
ct
iv
e;
no

im
ag
e

po
st
-p
ro
ce
ss
in
g
fo
r

he
te
ro
ge
ne
ou
sd
at
as
et
s;
no

re
pr
od
uc
ib
ili
ty
an
al
ys
is
;

on
ly
on
e
al
go
rit
hm

te
st
ed
;

no
va
lid
at
io
n
co
ho
rt
;n
o

av
ai
la
bl
e
co
de
.

W
an
g
et
al
.[
52
]

20
21

D
is
cr
im
in
at
io
n
of

le
io
m
yo
m
as
an
d

m
al
ig
na
nt
ut
er
in
e

m
es
en
ch
ym

al
tu
m
or
s

13
4
pa
tie
nt
sf
ro
m
1

ce
nt
er
(3
0

m
al
ig
na
nt

tu
m
or
s)
di
vi
de
d

in
to
tr
ai
ni
ng

an
d

te
st
in
g
se
ts

M
RI

(T
2)

M
od
el
us
in
g
SV
M
an
d
LA

SS
O
;

A
U
C
=
0.
76
;b
es
tp
er
fo
rm

an
ce

ob
ta
in
ed

w
ith

a
m
ix
ed

m
od
el

cl
in
ic
al
-r
ad
io
m
ic
sm

od
el
(A
U
C

=
0.
91
),
si
m
ila
rt
o
se
ni
or

ra
di
ol
og
is
t(
A
U
C
=
0.
90
)

Re
tr
os
pe
ct
iv
e;
on
ly
on
e

al
go
rit
hm

te
st
ed
;n
o

av
ai
la
bl
e
co
de
.

D
ai
et
al
.[
53
]

20
22

D
is
cr
im
in
at
io
n
of

ut
er
in
e
sa
rc
om

a
an
d

at
yp
ic
al
le
io
m
yo
m
a

17
2
pa
tie
nt
sf
ro
m
1

ce
nt
er
(8
6

m
al
ig
na
nt

tu
m
or
s)
di
vi
de
d

in
to
tr
ai
ni
ng

an
d

te
st
in
g
se
ts

M
RI

(T
2,

A
D
C
)

M
od
el
us
in
g
Ra
nd
om

Fo
re
st
so
n

cl
in
ic
al
da
ta
an
d
de
ep
-le
ar
ni
ng

fe
at
ur
es
;A
U
C
=
0.
96
,a
cc
ur
ac
y

=
0.
88
;o
ut
pe
rf
or
m
ed

m
od
el
so
n

de
ep
-le
ar
ni
ng

fe
at
ur
es
al
on
e,

ha
nd
cr
af
te
d
ra
di
om

ic
sf
ea
tu
re
s

(±
cl
in
ic
al
da
ta
)

Re
tr
os
pe
ct
iv
e;
on
ly
on
e

al
go
rit
hm

te
st
ed
;n
o

co
m
pa
ris
on
sw

ith
ra
di
ol
og
is
ts
;n
o
av
ai
la
bl
e

co
de

(C
on
tin
ue
s)

 25233548, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/cac2.12373 by C

ochraneC
hina, W

iley O
nline L

ibrary on [27/10/2022]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



6 CROMBÉ et al.

T
A
B
L
E

1
(C
on
tin
ue
d)

Fi
rs
ta
ut
ho
r

Ye
ar

Q
ue
st
io
n

N
o.
O
fp
at
ie
nt
s

Im
ag
in
g

m
od
al
it
y

R
es
ul
ts

M
ai
n
lim

it
at
io
ns

Li
po
m
a
vs
lip

os
ar
co
m
a

Th
or
nh
ill
et
al
.[
43
]

20
14

D
is
cr
im
in
at
io
n
of

lip
om

a
an
d
LP
S

44
pa
tie
nt
sf
ro
m
1

ce
nt
er
(2
0
LP
Ss
)

M
RI

(T
1)

M
od
el
us
in
g
lin
ea
rd
is
cr
im
in
an
t

an
al
ys
is
;A
U
C
=
0.
98
,S
e=

0.
95
,

Sp
=
0.
87
§;
ou
tp
er
fo
rm

ed
ra
di
ol
og
is
ts
’p
re
di
ct
io
ns
.

In
cl
us
io
n
of
m
yx
oi
d
an
d

de
-d
iff
er
en
tia
te
d
LP
S;

re
tr
os
pe
ct
iv
e;
no

re
pr
od
uc
ib
ili
ty
an
al
ys
is
;n
o

va
lid
at
io
n
co
ho
rt
;n
o

av
ai
la
bl
e
co
de

Vo
se
ta
l.
[4
4]

20
19

D
is
cr
im
in
at
io
n
of

lip
om

a
an
d

w
el
l-d
iff
er
en
tia
te
d

LP
S
or
A
LT

11
6
pa
tie
nt
sf
ro
m
1

ce
nt
er
(5
8
A
LT
s)

M
RI

(T
1,

T2
)

M
od
el
sc
om

bi
ni
ng

m
ul
tip
le
M
L

al
go
rit
hm

s;
AU

C
=
0.
89
,S
e=

0.
74
,S
p
=
0.
88
§;
ou
tp
er
fo
rm

ed
ra
di
ol
og
is
ts
’p
re
di
ct
io
n

Re
tr
os
pe
ct
iv
e;
no

im
ag
e

po
st
-p
ro
ce
ss
in
g
fo
r

he
te
ro
ge
ne
ou
sd
at
as
et
s;
no

re
pr
od
uc
ib
ili
ty
an
al
ys
is
;n
o

va
lid
at
io
n
co
ho
rt
;n
o

av
ai
la
bl
e
co
de

Pr
es
sn
ey
et
al
.[
45
]

20
20

D
is
cr
im
in
at
io
n
of

lip
om

a
an
d

w
el
l-d
iff
er
en
tia
te
d

LP
S
or
A
LT

60
pa
tie
nt
sf
ro
m
1

ce
nt
er
(3
0
A
LT
s)

M
RI

(P
D
,

T1
)

Sc
or
e
co
m
bi
ni
ng

te
xt
ur
e
an
d

ra
di
ol
og
ic
al
fe
at
ur
es
;A
U
C
=

0.
8,
Se
=
0.
9,
Sp

=
0.
6§

Re
tr
os
pe
ct
iv
e;
no

im
ag
e

po
st
-p
ro
ce
ss
in
g
fo
r

he
te
ro
ge
ne
ou
sd
at
as
et
s;
no

re
pr
od
uc
ib
ili
ty
an
al
ys
is
;n
o

m
ac
hi
ne
-le
ar
ni
ng

al
go
rit
hm

;
no

re
sa
m
pl
in
g;
no

va
lid
at
io
n

co
ho
rt
;n
o
co
m
pa
ris
on

w
ith

ra
di
ol
og
is
ts
;n
o
av
ai
la
bl
e

co
de
.

M
al
in
au
sk
ai
te

et
al
.[4
6]

20
20

D
is
cr
im
in
at
io
n
of

lip
om

a
an
d
LP
S

38
pa
tie
nt
sf
ro
m
1

ce
nt
er
(1
4
LP
Ss
)

M
RI

(T
1)

M
od
el
us
in
g
SV
M
;A
U
C
=
0.
92
6,

ac
cu
ra
cy
=
0.
95
,S
e=

0.
89
,S
p
=

1§
;o
ut
pe
rf
or
m
ed

ra
di
ol
og
is
ts
’

pr
ed
ic
tio
n

In
cl
us
io
n
of
m
yx
oi
d
an
d

de
-d
iff
er
en
tia
te
d
LP
S;

re
tr
os
pe
ct
iv
e;
no

im
ag
e

po
st
-p
ro
ce
ss
in
g
fo
r

he
te
ro
ge
ne
ou
sd
at
as
et
s;
no

va
lid
at
io
n
co
ho
rt
;n
o

av
ai
la
bl
e
co
de
.

Le
po
rq
et
al
.[
47
]

20
20

D
is
cr
im
in
at
io
n
of

lip
om

a
an
d

w
el
l-d
iff
er
en
tia
te
d

LP
S
or
A
LT

81
pa
tie
nt
sf
ro
m
1

ce
nt
er
(4
0
A
LT
s)

M
RI

(fa
t-

su
pp
re
ss
ed

C
E-
T1
)

M
od
el
us
in
g
SV
M
;A
U
C
=
0.
96
,

ac
cu
ra
cy
=
0.
95
;S
e=

1,
Sp

=

0.
9§

Re
tr
os
pe
ct
iv
e;
no

im
ag
e

po
st
-p
ro
ce
ss
in
g
fo
r

he
te
ro
ge
ne
ou
sd
at
as
et
s;
no

va
lid
at
io
n
co
ho
rt
;n
o

co
m
pa
ris
on

w
ith

ra
di
ol
og
is
ts
;n
o
av
ai
la
bl
e

co
de
.

(C
on
tin
ue
s)

 25233548, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/cac2.12373 by C

ochraneC
hina, W

iley O
nline L

ibrary on [27/10/2022]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



CROMBÉ et al. 7

T
A
B
L
E

1
(C
on
tin
ue
d)

Fi
rs
ta
ut
ho
r

Ye
ar

Q
ue
st
io
n

N
o.
O
fp
at
ie
nt
s

Im
ag
in
g

m
od
al
it
y

R
es
ul
ts

M
ai
n
lim

it
at
io
ns

Ya
ng

et
al
.[
48
]

20
22

D
is
cr
im
in
at
io
n
of

lip
om

a
an
d

w
el
l-d
iff
er
en
tia
te
d

LP
S
or
A
LT

us
in
g

de
ep
-le
ar
ni
ng
-

fe
at
ur
e
or

ha
nd
cr
af
te
d

ra
di
om

ic
sa
na
ly
si
s

12
7
pa
tie
nt
sf
ro
m
2

ce
nt
er
s(
58
A
LT
s)

di
vi
de
d
in
to

tr
ai
ni
ng

an
d

te
st
in
g
se
ts

CT
-s
ca
n

an
d

M
RI

(T
1,
T2
)

N
om

og
ra
m
m
us
in
g
cl
in
ic
al
,

bi
ol
og
ic
al
an
d
de
ep
-le
ar
ni
ng

si
gn
at
ur
e;
A
U
C
=
0.
94
,

ac
cu
ra
cy
=
0.
87
,S
e
=
0.
95
,S
p
=

0.
78
;o
ut
pe
rf
or
m
ed

ra
di
om

ic
s

an
d
ra
di
ol
og
is
ts
.

Re
tr
os
pe
ct
iv
e;
no

im
ag
e

po
st
-p
ro
ce
ss
in
g
fo
r

he
te
ro
ge
ne
ou
sd
at
as
et
;n
o

sy
nt
he
tic
/a
dv
er
sa
ria
ld
at
a;

no
av
ai
la
bl
e
co
de
.

B
en
ig
n
so
ft
ti
ss
ue

tu
m
or
s
ve
rs
us

so
ft
-t
is
su
e
sa
rc
om

a
Ju
nt
u
et
al
.[
39
]

20
10

D
is
cr
im
in
at
io
n

be
tw
ee
n
be
ni
gn

an
d

m
al
ig
na
nt
ST
Ts

13
5
pa
tie
nt
sf
ro
m
1

ce
nt
er
(4
9

m
al
ig
na
nt

tu
m
or
s)

M
RI

(T
1)

M
od
el
us
in
g
SV
M
;A
U
C
=
0.
02
,

ac
cu
ra
cy
=
0.
93
,S
e=

0.
94
,S
p
=

0.
91
§;
ou
tp
er
fo
rm

ed
ra
di
ol
og
is
ts
.

Re
tr
os
pe
ct
iv
e;
no

im
ag
e

po
st
-p
ro
ce
ss
in
g
fo
r

he
te
ro
ge
ne
ou
sd
at
as
et
s;
2D

sq
ua
re
RO

Is
in
st
ea
d
of
ED

VO
Is
;n
o
re
pr
od
uc
ib
ili
ty

an
al
ys
is
;n
o
va
lid
at
io
n

co
ho
rt
;n
o
av
ai
la
bl
e
co
de
.

M
ar
tin
-C
ar
re
ra
s

et
al
.[
40
]

20
19

D
is
cr
im
in
at
io
n

be
tw
ee
n
m
yx
om

a
an
d

m
yx
of
ib
ro
sa
rc
om

a

56
pa
tie
nt
sf
ro
m
1

ce
nt
er
(2
7
m
yx
-

of
ib
ro
sa
rc
om

as
)

M
RI

(T
1)

M
od
el
us
in
g
ra
nd
om

fo
re
st
s,
AU

C
=
0.
88
,a
cc
ur
ac
y=

0.
84
,S
e=

0.
85
,S
p
=
0.
83
§.

Re
tr
os
pe
ct
iv
e;
T1

se
qu
en
ce
no
t

ap
pr
op
ria
te
fo
rm

yx
oi
d

tu
m
or
;n
o
re
pr
od
uc
ib
ili
ty

an
al
ys
is
;n
o
va
lid
at
io
n

co
ho
rt
;n
o
co
m
pa
ris
on

w
ith

ra
di
ol
og
is
ts
;n
o
av
ai
la
bl
e

co
de
.

Fi
el
ds
et
al
.[
41
]

20
21

D
is
cr
im
in
at
io
n

be
tw
ee
n
be
ni
gn

an
d

m
al
ig
na
nt
ST
Ts

12
8
pa
tie
nt
sf
ro
m
1

ce
nt
er
(9
2

m
al
ig
na
nt

tu
m
or
s)

M
RI

(T
1,

C
E-
T1
,

T2
,P
D

±
fa
t

su
pp
re
s-

si
on
)

M
od
el
us
in
g
A
da
bo
os
to
n
m
ul
tip
le

se
qu
en
ce
s;
AU

C
=
0.
77
,S
e=

0.
87
,S
p
=
0.
34
§;
si
m
pl
er
m
od
el

us
in
g
ra
nd
om

fo
re
st
so
n
fa
t

su
pp
re
ss
ed

T2
(A
U
C
=
0.
75
§)

Re
tr
os
pe
ct
iv
e;
no

im
ag
e

po
st
-p
ro
ce
ss
in
g
fo
r

he
te
ro
ge
ne
ou
sd
at
as
et
s;
no

re
pr
od
uc
ib
ili
ty
an
al
ys
is
;n
o

va
lid
at
io
n
co
ho
rt
;n
o

co
m
pa
ris
on

w
ith

ra
di
ol
og
is
ts
;n
o
av
ai
la
bl
e

co
de
.

Le
e
et
al
.[
42
]

20
21

D
is
cr
im
in
at
io
n

be
tw
ee
n
be
ni
gn

an
d

m
al
ig
na
nt
ST
Ts

15
1p
at
ie
nt
sf
ro
m
1

ce
nt
er
(7
1

m
al
ig
na
nt

tu
m
or
s)
di
vi
de
d

in
to
tr
ai
ni
ng

an
d

te
st
in
g
se
ts

M
RI (A
D
C
)

M
od
el
us
in
g
ra
nd
om

fo
re
st
on

ra
di
om

ic
s,
A
D
C
m
in
im
al
an
d

A
D
C
m
ea
n;
A
U
C
=
0.
77
-0
.8
1,

ac
cu
ra
cy
=
0.
65
-0
.7
1,
Se
=

0.
71
-0
.8
3,
Sp

=
0.
59

Re
tr
os
pe
ct
iv
e;
no

av
ai
la
bl
e

co
de
.

(C
on
tin
ue
s)

 25233548, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/cac2.12373 by C

ochraneC
hina, W

iley O
nline L

ibrary on [27/10/2022]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



8 CROMBÉ et al.

T
A
B
L
E

1
(C
on
tin
ue
d)

Fi
rs
ta
ut
ho
r

Ye
ar

Q
ue
st
io
n

N
o.
O
fp
at
ie
nt
s

Im
ag
in
g

m
od
al
it
y

R
es
ul
ts

M
ai
n
lim

it
at
io
ns

Yu
e
et
al
.[
32
]

20
22

D
is
cr
im
in
at
io
n

be
tw
ee
n
be
ni
gn

an
d

m
al
ig
na
nt
ST
Ts

13
9
pa
tie
nt
sf
ro
m
1

ce
nt
er
(7
5

m
al
ig
na
nt

tu
m
or
s)
di
vi
de
d

in
to
3
co
ho
rt
s

M
RI

(T
2

w
ith

fa
t

su
pp
re
s-

si
on
,C
E

T1
)

N
om

og
ra
m
m
od
el
us
in
g
ra
di
om

ic
s

sc
or
es
bu
ild

w
ith

LA
SS
O

lo
gi
st
ic
re
gr
es
si
on

an
d

cl
in
ic
al
-r
ad
io
lo
gi
ca
lv
ar
ia
bl
es
;

A
U
C
=
0.
95
,a
cc
ur
ac
y
=
0.
87
,S
e

=
0.
81
,S
p
=
0.
95

Re
tr
os
pe
ct
iv
e;
no

im
ag
e

po
st
-p
ro
ce
ss
in
g
fo
r

he
te
ro
ge
ne
ou
sd
at
as
et
s;
no

re
pr
od
uc
ib
ili
ty
an
al
ys
is
;n
o

co
m
pa
ris
on

w
ith

ra
di
ol
og
is
ts
;n
o
av
ai
la
bl
e

co
de
.

G
ra
de

C
or
in
o
et
al
.[
54
]

20
18

G
ra
di
ng

of
ST
S
us
in
g

ra
di
om

ic
s

19
pa
tie
nt
sf
ro
m
1

ce
nt
er
(1
4
w
ith

gr
ad
e
3
ST
S)

M
RI (A
D
C
)

M
od
el
us
in
g
hi
st
og
ra
m
-b
as
ed

fe
at
ur
es
;A
U
C
=
0.
87
,a
cc
ur
ac
y

=
0.
98
§

Re
tr
os
pe
ct
iv
e;
ve
ry
sm

al
la
nd

he
te
ro
ge
ne
ou
sd
at
as
et
;n
o

im
ag
e
po
st
-p
ro
ce
ss
in
g
fo
r

he
te
ro
ge
ne
ou
sd
at
as
et
s;
no

re
pr
od
uc
ib
ili
ty
an
al
ys
is
;

on
ly
on
e
te
st
ed

al
go
rit
hm

;
no

va
lid
at
io
n
co
ho
rt
;n
o

co
m
pa
ris
on

w
ith

ra
di
ol
og
is
ts
;n
o
av
ai
la
bl
e

co
de
.

Pe
ek
en

et
al
.[
33
]

20
19

G
ra
di
ng

of
ST
S
us
in
g

ra
di
om

ic
s

22
5
pa
tie
nt
sf
ro
m
2

ce
nt
er
s(
15
7

pa
tie
nt
sw

ith
gr
ad
e
2/
3
ST
S)

di
vi
de
d
in
to

tr
ai
ni
ng

an
d

te
st
in
g
se
ts

M
RI

(fa
t-

su
pp
re
ss
ed

T2
an
d

C
E-
T1
)

M
od
el
us
in
g
pe
na
liz
ed

lo
gi
st
ic

re
gr
es
si
on
;A
U
C
=
0.
76
,

ac
cu
ra
cy
=
0.
83
,S
e
=
0.
9,
Sp

=

0.
5;
ou
tp
er
fo
rm

sc
lin
ic
al
m
od
el
.

N
om

og
ra
m
us
in
g
T2

ra
di
om

ic
s

sc
or
e
an
d
TN

M
st
ag
in
g
be
tte
r

pr
ed
ic
ts
O
S
th
an

st
ag
e
al
on
e

(c
-in
di
ce
s=

0.
74
ve
rs
us
0.
69
).

Re
tr
os
pe
ct
iv
e;
gr
ad
e
as
se
ss
ed

on
bi
op
sy
at
ris
k
of

un
de
re
st
im
at
io
n;
sp
lit
s

de
pe
nd
in
g
on

ce
nt
er
at
ris
k

of
ce
nt
er
bi
as
;n
o

co
m
pa
ris
on

w
ith

ra
di
ol
og
is
ts
;n
o
av
ai
la
bl
e

co
de

Zh
an
g
et
al
.[
55
]

20
19

G
ra
di
ng

of
ST
S
us
in
g

ra
di
om

ic
s

35
pa
tie
nt
sf
ro
m
1

ce
nt
er
(2
6
w
ith

gr
ad
e
2-
3
ST
S)

M
RI

(fa
t

su
p-

pr
es
se
d

T2
)

M
od
el
us
in
g
SV
M
;A
U
C
=
0.
92
,

ac
cu
ra
cy
=
0.
88
,S
e=

0.
92
,S
p
=

0.
80
§.

Re
tr
os
pe
ct
iv
e;
no

im
ag
e

po
st
-p
ro
ce
ss
in
g
fo
r

he
te
ro
ge
ne
ou
sd
at
as
et
s;
no

re
pr
od
uc
ib
ili
ty
an
al
ys
is
;n
o

va
lid
at
io
n
co
ho
rt
;n
o

co
m
pa
ris
on

w
ith

ra
di
ol
og
is
ts
;n
o
av
ai
la
bl
e

co
de
.

(C
on
tin
ue
s)

 25233548, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/cac2.12373 by C

ochraneC
hina, W

iley O
nline L

ibrary on [27/10/2022]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



CROMBÉ et al. 9

T
A
B
L
E

1
(C
on
tin
ue
d)

Fi
rs
ta
ut
ho
r

Ye
ar

Q
ue
st
io
n

N
o.
O
fp
at
ie
nt
s

Im
ag
in
g

m
od
al
it
y

R
es
ul
ts

M
ai
n
lim

it
at
io
ns

Ya
n
et
al
.[
34
]

20
21

G
ra
di
ng

of
ST
S
us
in
g

ra
di
om

ic
s

18
0
pa
tie
nt
sf
ro
m
2

ce
nt
er
s(
87
w
ith

gr
ad
e
3
ST
S)

di
vi
de
d
in
to

tr
ai
ni
ng

an
d

te
st
in
g
se
ts

M
RI

(T
1,

fa
t-

su
pp
re
ss
ed

T2
)

N
om

og
ra
m
in
cl
ud
in
g
ra
di
om

ic
s

sc
or
e
us
in
g
LA

SS
O
lo
gi
si
tic

re
gr
es
si
on
;A
U
C
=
0.
88
,

ac
cu
ra
cy
=
0.
82
,S
e
=
0.
84
,S
p
=

0.
79
;o
ut
pe
rf
or
m
ed

cl
in
ic
al
-r
ad
io
lo
gi
ca
lm

od
el
;

m
od
er
at
e
pe
rf
or
m
an
ce
sf
or
PF
S

pr
ed
ic
tio
n
(c
-in
de
x
=
0.
58
)

Re
tr
os
pe
ct
iv
e;
sp
lit
sd
ep
en
di
ng

on
ce
nt
er
at
ris
k
of
ce
nt
er

bi
as
;o
nl
y
on
e
te
st
ed

al
go
rit
hm

;n
o
av
ai
la
bl
e
co
de

N
av
ar
ro
et
al
.[
31
]

20
21

Im
pr
ov
em

en
ti
n
gr
ad
e

cl
as
si
fic
at
io
n

pe
rf
or
m
an
ce
su
si
ng

de
ep
-le
ar
ni
ng

fe
at
ur
es
in
st
ea
d
of

ha
nd
cr
af
te
d

ra
di
om

ic
sf
ea
tu
re
s

30
6
pa
tie
nt
sf
ro
m
2

ce
nt
er
s(
22
9

pa
tie
nt
sw

ith
gr
ad
e
2-
3
ST
S)

di
vi
de
d
in
to

tr
ai
ni
ng

an
d

te
st
in
g
se
ts

M
RI

(fa
t-

su
pp
re
ss
ed

T2
an
d

C
E-
T1
)

M
od
el
us
in
g
de
ep

le
ar
ni
ng

on
fa
t

su
pp
re
ss
ed

T2
;A
U
C
=
0.
76
,

ac
cu
ra
cy
=
0.
83
,S
e
=
0.
91
,S
p
=

0.
40
;s
im
ila
ra
sr
ad
io
m
ic
sb
ut

m
or
e
re
pr
od
uc
ib
le

Re
tr
os
pe
ct
iv
e;
gr
ad
e
as
se
ss
ed

on
bi
op
sy
at
ris
k
of

un
de
re
st
im
at
io
n;

de
ep
-le
ar
ni
ng

fe
at
ur
es

as
se
ss
ed

on
a
si
ng
le
2D

sl
ic
e

at
ris
k
of
sa
m
pl
in
g
bi
as
;

sp
lit
sd
ep
en
di
ng

on
ce
nt
er
at

ris
k
of
ce
nt
er
bi
as
;n
o

sy
nt
he
tic

da
ta
fo
rd
ee
p

le
ar
ni
ng
;n
o
co
m
pa
ris
on

w
ith

ra
di
ol
og
is
ts
;n
o

av
ai
la
bl
e
co
de

Ya
ng

et
al
.[
35
]

20
22

Im
pr
ov
em

en
ti
n
gr
ad
e

cl
as
si
fic
at
io
n

pe
rf
or
m
an
ce
su
si
ng

de
ep
-le
ar
ni
ng

fe
at
ur
es
in
st
ea
d
of

ha
nd
cr
af
te
d

ra
di
om

ic
sf
ea
tu
re
s

54
0
pa
tie
nt
sf
ro
m
1

ce
nt
er
(3
09

w
ith

gr
ad
e
2-
3
ST
S)

di
vi
de
d
in
to

tr
ai
ni
ng

an
d

te
st
in
g
se
ts

M
RI

(T
1,

fa
t-

su
pp
re
ss
ed

T2
)

N
om

og
ra
m
in
cl
ud
in
g

de
ep
-le
ar
ni
ng

si
gn
at
ur
e

(R
es
N
et
50
)u
si
ng

su
pp
or
tv
ec
to
r

m
ac
hi
ne
s;
A
U
C
=
0.
87
,

ac
cu
ra
cy
=
0.
83
,S
e
=
0.
85
,S
p
=

0.
78
;o
ut
pe
rf
or
m
ed

cl
in
ic
al
an
d

ha
nd
cr
af
te
d
ra
di
om

ic
sm

od
el
s;

co
rr
el
at
ed

w
ith

ov
er
al
ls
ur
vi
va
l

Re
tr
os
pe
ct
iv
e;
no

sy
nt
he
tic

da
ta
fo
rd
ee
p
le
ar
ni
ng
;

un
cl
ea
rm

an
ag
em

en
to
f3
D

tu
m
or
vo
lu
m
e
in

de
ep
-le
ar
ni
ng

an
al
ys
is
;n
o

co
m
pa
ris
on

w
ith

ra
di
ol
og
is
ts
;n
o
av
ai
la
bl
e

co
de

N
O
TE

.-
A
bb
re
vi
at
io
ns
:A

D
C
:a
pp
ar
en
td
iff
us
io
n
co
ef
fic
ie
nt
,A

LT
:a
ty
pi
ca
ll
ip
om

at
ou
s
tu
m
or
,A

U
C
:a
re
a
un
de
r
th
e
RO

C
cu
rv
e,
C
E:
co
nt
ra
st
-e
nh
an
ce
d,
LA

SS
O
:l
ea
st
ab
so
lu
te
sh
rin

ka
ge

an
d
se
le
ct
io
n
op
er
at
or
,L
PS
:

lip
os
ar
co
m
a,
M
L:
m
ac
hi
ne

le
ar
ni
ng
,M

RI
:m

ag
ne
tic

re
so
na
nc
e
im
ag
in
g;
PD

:p
ro
to
n
de
ns
ity
,P
FS
:p
ro
gr
es
si
on
-fr
ee
su
rv
iv
al
;S
e:
se
ns
iti
vi
ty
,S
p:
sp
ec
ifi
ci
ty
,S
TS
:s
of
tt
is
su
e
sa
rc
om

a,
SV
M
:s
up
po
rt
ve
ct
or
m
ac
hi
ne
.§
:t
he

te
xt
in
ita
lic

co
rr
es
po
nd
st
o
pe
rf
or
m
an
ce
st
ha
tw

er
e
on
ly
ev
al
ua
te
d
on

th
e
tr
ai
ni
ng

co
ho
rt
an
d
no
to
n
an

in
de
pe
nd
en
tt
es
ts
et
,a
nd

th
us
,l
ik
el
y
to
be

ov
er
es
tim

at
ed
.O

fn
ot
e,
on
ly
st
ud
ie
sw

ith
m
ul
tiv
ar
ia
te
an
al
ys
es
an
d

CT
-s
ca
n
or
M
RI

ar
e
pr
es
en
te
d.
Fo
rm

ul
tip
le
pu
bl
ic
at
io
ns
fr
om

th
e
sa
m
e
co
ho
rt
s,
w
e
on
ly
pr
es
en
tt
he

la
rg
es
ta
nd

m
or
e
im
pa
ct
fu
lo
ne
.

 25233548, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/cac2.12373 by C

ochraneC
hina, W

iley O
nline L

ibrary on [27/10/2022]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



10 CROMBÉ et al.
T
A
B
L
E

2
Su
m
m
ar
y
of
th
e
m
ai
n
ra
di
om

ic
ss
tu
di
es
in
vo
lv
in
g
th
e
pr
og
no
st
ic
at
io
n
an
d
th
e
pr
ed
ic
tio
n
of
re
sp
on
se
to
ne
oa
dj
uv
an
tt
re
at
m
en
ti
n
sa
rc
om

a
pa
tie
nt
s

Fi
rs
ta
ut
ho
r

Ye
ar

Q
ue
st
io
n

N
o.
O
fp
at
ie
nt
s

Im
ag
in
g

m
od
al
it
y

R
es
ul
ts

M
ai
n
lim

it
at
io
ns

Pr
og
no
si
s

Va
lli
èr
es
et
al
.

[5
8]

20
15

Pr
ed
ic
tio
n
of
lu
ng

m
et
as
ta
tic

re
la
ps
e
in

ST
S
pa
tie
nt
s.
M
et
ho
ds

to
op
tim

iz
e
fu
si
on

of
PE
T
an
d
M
R
im
ag
in
g.

In
flu
en
ce
of
pr
oc
es
si
ng

on
pr
ed
ic
tio
ns
.

51
pa
tie
nt
sf
ro
m

th
e
TC

IA
da
ta
se
t

PE
T-
CT

an
d

M
RI

(T
1,
fa
t-

su
pp
re
ss
ed

T2
)

M
od
el
us
in
g
lo
gi
st
ic

re
gr
es
si
on
;A
U
C
=
0.
98
,S
e

=
0.
96
,S
p
=
0.
93
§.

Re
tr
os
pe
ct
iv
e;
on
ly
on
e
al
go
rit
hm

te
st
ed
;n
o
co
m
pa
ris
on

w
ith

ra
di
ol
og
is
ts
;n
o
va
lid
at
io
n

co
ho
rt

Pe
ek
en

et
al
.

[5
9]

20
19

Pr
og
no
st
ic
at
io
n
of
ST
S

us
in
g
ra
di
om

ic
s(
LF
S,

M
FS
,O

S)
.

21
2
pa
tie
nt
sf
ro
m

3
ce
nt
er
s,

di
vi
de
d
in
to
1

tr
ai
ni
ng

an
d
2

te
st
in
g
se
ts

CT
-s
ca
ns

M
od
el
su
si
ng

gr
ad
ie
nt

bo
os
tin
g
to
pr
ed
ic
tL
FS

(c
-in
de
x
=
0.
77
),
M
FS

(c
-in
de
x
=
0.
68
-0
.7
3)
an
d

O
S
(c
-in
de
x
=
0.
59
-0
.7
3)
;

al
so
m
od
el
su
si
ng

ra
nd
om

fo
re
st
st
o
pr
ed
ic
tg
ra
di
ng

(A
U
C
=
0.
64
).
Ra
di
om

ic
s

m
od
el
so
ut
pe
rf
or
m
ed

cl
in
ic
al
m
od
el
sf
or
LF
S.

Re
tr
os
pe
ct
iv
e;
us
e
of
C
E
an
d

no
n-
C
E
CT

-s
ca
ns
;s
pl
its

de
pe
nd
in
g
on

ce
nt
er
at
ris
k
of

bi
as
;o
nl
y
on
e
al
go
rit
hm

te
st
ed
;

no
co
m
pa
ris
on

w
ith

ra
di
ol
og
is
ts
;n
o
av
ai
la
bl
e
co
de
.

C
ro
m
bé

et
al
.

[6
0]

20
20

Pr
ed
ic
tio
n
of
m
et
as
ta
tic

re
la
ps
e
at
2
ye
ar
si
n

pa
tie
nt
st
re
at
ed

w
ith

N
A
C
;t
he

in
flu
en
ce
of

si
gn
al
in
te
ns
ity

ha
rm

on
iz
at
io
n
m
et
ho
ds

on
pr
ed
ic
tio
n.

70
pa
tie
nt
sf
ro
m
1

ce
nt
er
di
vi
de
d

in
to
tr
ai
ni
ng

an
d
te
st
in
g
se
ts

M
RI

(T
2)

M
od
el
us
in
g
el
as
tic
ne
t

lo
gi
st
ic
re
gr
es
si
on
;A
U
C
=

0.
82
,a
cc
ur
ac
y
=
0.
75
;b
es
t

pe
rf
or
m
an
ce
sr
ea
ch
ed

w
ith

hi
st
og
ra
m
m
at
ch
in
g

m
et
ho
d.

Re
tr
os
pe
ct
iv
e;
on
ly
on
e
te
st
ed

al
go
rit
hm

;n
o
co
m
pa
ris
on

w
ith

ra
di
ol
og
is
ts
;n
o
av
ai
la
bl
e
co
de

C
ro
m
bé

et
al
.

[6
1]

20
20

Pr
ed
ic
tio
n
of
M
FS

in
m
yx
oi
d/
ro
un
d
ce
lls

lip
os
ar
co
m
as

35
pa
tie
nt
sf
ro
m
1

ce
nt
er

M
RI

(T
2)

M
od
el
us
in
g
LA

SS
O
C
ox

re
gr
es
si
on

on
ra
di
ol
og
ic
al

an
d
ra
di
om

ic
sf
ea
tu
re
s;

c-
in
de
x=

0.
93
§

Re
tr
os
pe
ct
iv
e;
he
te
ro
ge
ne
ou
s

pa
tie
nt
m
an
ag
em

en
t(
±
N
A
C
);

sm
al
ld
at
as
et
;o
nl
y
on
e

al
go
rit
hm

te
st
ed
;n
o
va
lid
at
io
n

co
ho
rt
;n
o
av
ai
la
bl
e
co
de

C
ro
m
bé

et
al
.

[6
5]

20
20

Pr
ed
ic
tio
n
of
M
FS

in
ST
S

pa
tie
nt
st
re
at
ed

w
ith

N
A
C
.D

ev
el
op
m
en
to
f

m
et
ho
ds
to
qu
an
tif
y
th
e

in
tr
a-
tu
m
or
al

he
te
ro
ge
ne
ity

in
ne
o-
an
gi
og
en
es
is
.

50
pa
tie
nt
sf
ro
m
1

ce
nt
er

M
RI

(T
2,

D
C
E-
M
RI
)

Be
st
m
od
el
us
in
g
LA

SS
O
C
ox

re
gr
es
si
on

an
d

co
m
bi
na
tio
n
of

ra
di
ol
og
ic
al
an
d
ra
di
om

ic
s

fe
at
ur
es
fr
om

T2
+

D
C
E-
M
RI
;c
-in
de
x=

0.
84
§.

Be
tte
rp
er
fo
rm

an
ce
w
ith

ra
di
om

ic
sd
ire
ct
ly

ex
tr
ac
te
d
fr
om

ra
w

D
C
E-
M
RI

da
ta
th
an

fr
om

pa
ra
m
et
ric

m
ap
s.

Re
tr
os
pe
ct
iv
e;
on
ly
on
e
al
go
rit
hm

te
st
ed
,n
o
va
lid
at
io
n
co
ho
rt
;n
o

av
ai
la
bl
e
co
de

(C
on
tin
ue
s)

 25233548, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/cac2.12373 by C

ochraneC
hina, W

iley O
nline L

ibrary on [27/10/2022]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



CROMBÉ et al. 11

T
A
B
L
E

2
(C
on
tin
ue
d)

Fi
rs
ta
ut
ho
r

Ye
ar

Q
ue
st
io
n

N
o.
O
fp
at
ie
nt
s

Im
ag
in
g

m
od
al
it
y

R
es
ul
ts

M
ai
n
lim

it
at
io
ns

Ya
ng

et
al
.[
62
]

20
21

Pr
ed
ic
tio
n
of
O
S
us
in
g

ra
di
om

ic
sa
fte
rc
ur
at
iv
e

tr
ea
tm
en
t.

35
3
pa
tie
nt
sf
ro
m

1c
en
te
r,

di
vi
de
d
in
to

tr
ai
ni
ng

an
d

te
st
in
g
se
ts
.

CT
-s
ca
n

M
od
el
su
si
ng

ra
nd
om

su
rv
iv
al
fo
re
st
sa
nd

ra
di
om

ic
s,
ag
e,
ly
m
ph

no
de

in
vo
lv
em

en
t,
an
d

FN
C
LC

C
gr
ad
e,
c-
in
de
x

≈

0.
80
.

Re
tr
os
pe
ct
iv
e;
un
kn
ow

n
co
nt
ra
st

ag
en
ti
nj
ec
tio
n;
no

im
ag
e

po
st
-p
ro
ce
ss
in
g
fo
r

he
te
ro
ge
ne
ou
sd
at
as
et
s;
no

re
pr
od
uc
ib
ili
ty
an
al
ys
is
;n
o

co
m
pa
ris
on
sw

ith
ra
di
ol
og
is
ts

an
d
be
tw
ee
n
m
od
el
s;
no

av
ai
la
bl
e
co
de

Pe
ek
en

et
al
.

[6
3]

20
21

Pr
ed
ic
tio
n
of
O
S
us
in
g

ra
di
om

ic
s.
C
om

pa
ris
on

w
ith

co
nv
en
tio
na
l

ra
di
ol
og
ic
al
an
al
ys
is
.

17
9
pa
tie
nt
sf
ro
m

2
ce
nt
er
s,

di
vi
de
d
in
to

tr
ai
ni
ng

an
d

te
st
in
g
se
ts

M
RI

(T
1,
fa
t-

su
pp
re
ss
ed

T2
)

M
od
el
us
in
g
ra
di
om

ic
sf
ro
m

T2
,A
JC
C
an
d
ag
e;
c-
in
de
x

=
0.
73
;o
ut
pe
rf
or
m
ed

ot
he
rc
om

bi
na
tio
ns
of

cl
in
ic
al
,r
ad
io
lo
gi
c
an
d

ra
di
om

ic
sf
ea
tu
re
s.

Re
tr
os
pe
ct
iv
e;
he
te
ro
ge
no
us

pa
tie
nt
s’
m
an
ag
em

en
t(
±

N
A
RT

);
sp
lit
sd
ep
en
di
ng

on
ce
nt
er
at
ris
k
of
ce
nt
er
bi
as
;n
o

av
ai
la
bl
e
co
de

C
he
n
et
al
.[
36
]

20
21

Pr
og
no
st
ic
at
io
n
of
ST
S

tr
ea
te
d
w
ith

N
A
RT

us
in
g
ra
di
om

ic
s(
M
FS
)

62
pa
tie
nt
sf
ro
m
1

ce
nt
er
an
d

TC
IA

M
RI

(fa
t

su
pp
re
ss
ed

T2
)

N
om

og
ra
m
us
in
g
ra
di
om

ic
s

sc
or
e
(b
ui
lt
w
ith

LA
SS
O

C
ox

re
gr
es
si
on
),
tu
m
or

si
ze
an
d
lo
ca
tio
n;
c-
in
de
x

=
0.
78
§;
ou
tp
er
fo
rm

ed
cl
in
ic
al
st
ag
e
an
d

ra
di
om

ic
ss
co
re
al
on
e.

Re
tr
os
pe
ct
iv
e;
no

im
ag
e

po
st
-p
ro
ce
ss
in
g
fo
r

he
te
ro
ge
ne
ou
sd
at
as
et
s;
on
ly

on
e
te
st
ed

al
go
rit
hm

;n
o

va
lid
at
io
n
co
ho
rt
;n
o

co
m
pa
ris
on

w
ith

ra
di
ol
og
is
ts
;

no
av
ai
la
bl
e
co
de

Fa
dl
ie
ta
l.
[6
4]

20
22

Pr
og
no
st
ic
at
io
n
of
ST
S

us
in
g
de
lta
-r
ad
io
m
ic
s

cl
us
te
rs
as
se
ss
in
g

na
tu
ra
lt
um

or
ev
ol
ut
io
n

(L
FS
,M

FS
,O

S)

68
pa
tie
nt
sf
ro
m
1

ce
nt
er

M
RI

(C
E-
T1
)

U
ns
up
er
vi
se
d
cl
as
si
fic
at
io
n

ba
se
d
on

lo
ga
rit
hm

ic
ch
an
ge
si
n
ra
di
om

ic
s

fe
at
ur
es
be
fo
re
tr
ea
tm
en
t

be
gi
nn
in
g
is
an

in
de
pe
nd
en
tp
re
di
ct
or
of

LF
S,
bu
tn
ot
M
FS

or
O
S.

Re
tr
os
pe
ct
iv
e;
on
ly
on
e
te
st
ed

al
go
rit
hm

;n
o
va
lid
at
io
n
co
ho
rt

Li
u
et
al
.[
37
]

20
22

Pr
ed
ic
tio
n
of
LF
S
us
in
g

de
ep
-le
ar
ni
ng

ra
di
om

ic
s.
C
om

pa
ris
on
s

w
ith

ha
nd
cr
af
t

ra
di
om

ic
sf
ea
tu
re
s.

28
2
pa
tie
nt
sf
ro
m

3
ce
nt
er
s,

di
vi
de
d
in
to

tr
ai
ni
ng

an
d

te
st
in
g
se
ts

M
RI

(T
1,
T2
,±

C
E-
T1
)

N
om

og
ra
m
us
in
g

de
ep
-le
ar
ni
ng

ra
di
om

ic
s

sc
or
e,
N
C
I,
hi
st
ol
og
y,
K
i6
7

(c
-in
de
x
=
0.
77
).

O
ut
pe
rf
or
m
su
su
al
st
ag
in
g

sy
st
em

s,
bu
tt
he

be
st

pe
rf
or
m
an
ce
w
as
re
ac
he
d

by
K
I6
7
al
on
e
(c
-in
de
x
=

0.
76
).

Re
tr
os
pe
ct
iv
e;
un
cl
ea
r

m
an
ag
em

en
to
fR
O
Is
(2
D
or

3D
?)
an
d
m
ul
tip
le
se
qu
en
ce
s;

sp
lit
sd
ep
en
di
ng

on
ce
nt
er
at

ris
k
of
ce
nt
er
bi
as
;n
o
sy
nt
he
tic

da
ta
fo
rd
ee
p
le
ar
ni
ng
;o
nl
y
on
e

al
go
rit
hm

te
st
ed
;n
o
co
m
pa
ris
on

w
ith

ra
di
ol
og
is
ts
;n
o
av
ai
la
bl
e

co
de

(C
on
tin
ue
s)

 25233548, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/cac2.12373 by C

ochraneC
hina, W

iley O
nline L

ibrary on [27/10/2022]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



12 CROMBÉ et al.

T
A
B
L
E

2
(C
on
tin
ue
d)

Fi
rs
ta
ut
ho
r

Ye
ar

Q
ue
st
io
n

N
o.
O
fp
at
ie
nt
s

Im
ag
in
g

m
od
al
it
y

R
es
ul
ts

M
ai
n
lim

it
at
io
ns

Pr
ed
ic
ti
on

of
re
sp
on
se
to
tr
ea
tm

en
t

C
ro
m
bé

et
al
.

[6
6]

20
19

Pr
ed
ic
tio
n
of
hi
st
ol
og
ic

re
sp
on
se
(<
10
%
vi
ab
le

ce
lls
on

su
rg
ic
al

sp
ec
im
en
)f
ol
lo
w
in
g

N
A
C
in
hi
gh
-g
ra
de

ST
S

us
in
g
de
lta
-r
ad
io
m
ic
s.

65
pa
tie
nt
sf
ro
m
1

ce
nt
er
(1
6
go
od

re
sp
on
de
rs
),

di
vi
de
d
in
to

tr
ai
ni
ng

an
d

te
st
in
g
se
ts

M
RI

(T
2)
at

ba
se
lin
e
an
d

af
te
r2

ou
to
f

6
cy
cl
es

M
od
el
us
in
g
ra
nd
om

fo
re
st
s

on
ra
di
om

ic
sa
nd

ra
di
ol
og
ic
al
fe
at
ur
es
;A
U
C

=
0.
63
,a
cc
ur
ac
y
=
0.
75
,S
e

=
0.
98
,S
p
=
0.
28
;

ou
tp
er
fo
rm

sR
EC

IS
T
v1
.1.

Sy
st
em

at
ic
er
ro
rs
to

pr
ed
ic
tr
es
po
ns
e
in
ST
S

w
ith

ab
un
da
nt
ne
cr
os
is

an
d
bl
ee
di
ng
.

Re
tr
os
pe
ct
iv
e;
la
ck

of
co
ns
en
su
s

on
th
e
de
fin
iti
on

of
hi
st
ol
og
ic

re
sp
on
se
;n
o
co
m
pa
ris
on

w
ith

C
ho
ic
rit
er
ia
;n
o
av
ai
la
bl
e
co
de
.

C
ro
m
bé

et
al
.

[6
7]

20
19

Pr
ed
ic
tio
n
of
hi
st
ol
og
ic

re
sp
on
se
(<
10
%
vi
ab
le

ce
lls
on

su
rg
ic
al

sp
ec
im
en
)f
ol
lo
w
in
g

N
A
C
in
hi
gh
-g
ra
de

ST
S

us
in
g
ra
di
om

ic
sf
ro
m

D
C
E-
M
RI
.I
nf
lu
en
ce
of

te
m
po
ra
lp
ar
am

et
er
so
f

D
C
E-
M
RI

se
qu
en
ce
on

re
sp
on
se
pr
ed
ic
tio
n

25
pa
tie
nt
sf
ro
m
1

ce
nt
er
(5
go
od

re
sp
on
de
rs
),

pr
os
pe
ct
iv
e

co
ho
rt
.

M
RI (D
C
E-
M
RI
)

at
ba
se
lin
e

M
od
el
us
in
g
lo
gi
st
ic

re
gr
es
si
on

on
ra
di
om

ic
s;

AU
C
=
0.
90
§.
Be
st

pe
rf
or
m
an
ce
w
ith

se
qu
en
ce
la
st
in
g
5
m
in
at
a

te
m
po
ra
lr
es
ol
ut
io
n
of
6

se
c.

Sm
al
ld
at
as
et
;l
ac
k
of
co
ns
en
su
s

on
th
e
de
fin
iti
on

of
hi
st
ol
og
ic

re
sp
on
se
;o
nl
y
on
e
te
st
ed

al
go
rit
hm

;n
o
va
lid
at
io
n
co
ho
rt
;

no
co
m
pa
ris
on

w
ith

ra
di
ol
og
is
ts
;n
o
av
ai
la
bl
e
co
de
.

G
ao

et
al
.[
68
]

20
20

Pr
ed
ic
tio
n
of
hi
st
ol
og
ic

re
sp
on
se
(<
50
%
vi
ab
le

ce
lls
on

su
rg
ic
al

sp
ec
im
en
)u
si
ng

ra
di
om

ic
s(
at
ba
se
lin
e,

af
te
r3
rd
fr
ac
tio
n
an
d

af
te
rN

A
RT

)a
nd

de
lta

ra
di
om

ic
s

30
pa
tie
nt
sf
ro
m
1

ce
nt
er
(u
nc
le
ar

no
.o
fg
oo
d

re
sp
on
de
rs
)

M
RI

(A
D
C
)

M
od
el
us
in
g
SV
M
an
d

ra
di
om

ic
sa
nd

de
lta
-r
ad
io
m
ic
sa
ss
es
se
d
at

th
e
3
tim

e
po
in
ts
;A
U
C
=

0.
91
,a
cc
ur
ac
y=

0.
92
,S
e=

0.
90
,S
p
=
0.
97
§.

Re
tr
os
pe
ct
iv
e;
la
ck

of
co
ns
en
su
s

on
th
e
de
fin
iti
on

of
hi
st
ol
og
ic

re
sp
on
se
;n
o
va
lid
at
io
n
co
ho
rt
;

no
co
m
pa
ris
on

w
ith

C
ho
i

cr
ite
ria

an
d
ra
di
ol
og
is
ts
;n
o

av
ai
la
bl
e
co
de
.

Pe
ek
en

et
al
.

[6
9]

20
21

Pr
ed
ic
tio
n
of
hi
st
ol
og
ic

re
sp
on
se
(<
5%

vi
ab
le

ce
lls
on

su
rg
ic
al

sp
ec
im
en
)u
si
ng

ra
di
om

ic
s(
be
fo
re
an
d

af
te
rN

A
RT

)a
nd

de
lta
-r
ad
io
m
ic
s.

15
6
pa
tie
nt
sf
ro
m

2
ce
nt
er
s(
16

go
od

re
sp
on
de
rs
),

di
vi
de
d
in
to

tr
ai
ni
ng

an
d

te
st
in
g
se
ts
.

M
RI

(fa
t

su
pp
re
ss
ed

T2
,C
E-
T1
)

M
od
el
us
in
g
ra
nd
om

fo
re
st
s

on
ra
di
om

ic
sa
nd

de
lta
-r
ad
io
m
ic
s;
A
U
C
=

0.
75
.D

el
ta
ra
di
om

ic
s

im
pr
ov
e
pr
ed
ic
tio
n

co
m
pa
re
d
to
si
ng
le

tim
ep
oi
nt
ra
di
om

ic
sa
lo
ne
.

Re
tr
os
pe
ct
iv
e;
he
te
ro
ge
ne
ou
s

pa
tie
nt
m
an
ag
em

en
t(
±
N
A
C
);

la
ck

of
co
ns
en
su
so
n
th
e

de
fin
iti
on

of
hi
st
ol
og
ic
re
sp
on
se
;

no
co
m
pa
ris
on

w
ith

RE
C
IS
T,

C
ho
ic
rit
er
ia
,o
rr
ad
io
lo
gi
st
s

A
bb
re
vi
at
io
ns
:A

D
C
:a
pp
ar
en
td
iff
us
io
n
co
ef
fic
ie
nt
,A

U
C
:a
re
a
un
de
r
th
e
RO

C
cu
rv
e,
c-
in
de
x:
H
ar
re
ll
co
nc
or
da
nc
e
in
de
x,
C
E:
co
nt
ra
st
-e
nh
an
ce
d,
D
C
E-
M
RI
:d
yn
am

ic
co
nt
ra
st
-e
nh
an
ce
d
M
RI
,L
A
SS
O
:l
ea
st
ab
so
lu
te

sh
rin

ka
ge
an
d
se
le
ct
io
n
op
er
at
or
,L
FS
:l
oc
al
re
la
ps
e-
fr
ee
su
rv
iv
al
,M

FS
:m

et
as
ta
tic

re
la
ps
e-
fr
ee
su
rv
iv
al
,M

L:
m
ac
hi
ne

le
ar
ni
ng
,M

RI
:m

ag
ne
tic

re
so
na
nc
e
im
ag
in
g;
N
A
C
:n
eo
ad
ju
va
nt
ch
em

ot
he
ra
py
,N
A
RT

:n
eo
ad
ju
va
nt

ra
di
ot
he
ra
py
,O
S:
ov
er
al
ls
ur
vi
va
l,
PD

:p
ro
to
n
de
ns
ity
,P
FS
:p
ro
gr
es
si
on
-fr
ee
su
rv
iv
al
;S
e:
se
ns
iti
vi
ty
,S
p:
sp
ec
ifi
ci
ty
,S
TS
:s
of
tt
is
su
e
sa
rc
om

a,
SV
M
:s
up
po
rt
ve
ct
or
m
ac
hi
ne
.§
:t
he

te
xt
in
ita
lic

co
rr
es
po
nd
st
o
pe
rf
or
m
an
ce
s

th
at
w
er
e
on
ly
ev
al
ua
te
d
on

th
e
tr
ai
ni
ng

co
ho
rt
an
d
no
to
n
an

in
de
pe
nd
en
tt
es
ts
et
,a
nd

th
us
,l
ik
el
y
to
be

ov
er
es
tim

at
ed
.O

fn
ot
e,
on
ly
st
ud
ie
sw

ith
m
ul
tiv
ar
ia
te
an
al
ys
es
an
d
CT

-s
ca
n
or
M
RI

ar
e
pr
es
en
te
d.
Fo
rm

ul
tip
le

pu
bl
ic
at
io
ns
fr
om

th
e
sa
m
e
co
ho
rt
s,
w
e
on
ly
pr
es
en
tt
he

la
rg
es
ta
nd

m
or
e
im
pa
ct
fu
lo
ne
.

 25233548, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/cac2.12373 by C

ochraneC
hina, W

iley O
nline L

ibrary on [27/10/2022]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



CROMBÉ et al. 13

following initial treatments (either curative surgery alone
or neoadjuvant radiotherapy/chemotherapy followed by
curative surgery). The resulting radiomics prognosticmod-
els demonstrated good to strong performances (c-index:
0.77 for LFS, 0.84–0.93 for MFS, and 0.73–0.80 for OS)
[36, 58–65]. Eventually, radiomics has demonstrated the
ability to predict the histologic response following neoad-
juvant treatments using baseline RFs and delta-radiomics,
which correspond to a quantitative change in RFs between
two radiological evaluations. Despite variations in the def-
initions for the histological response across studies (<5%,
<10%, and <50% of the viable tumor cells on surgical
samples), all studies demonstrated significant associa-
tions between the radiomics models and response (AUC:
0.63–0.91 and accuracy: 0.75–0.92) [66–69]. The major sec-
ondary findings were as follows: (i) radiomics approaches
appeared to provide better predictions than conventional
tools (RECIST v1.1 and semantic radiological analysis
alone), (ii) delta-radiomics improved performances com-
pared with single timepoint radiomics, and (iii) models
directly designed to predict prognosis were more effective
than those initially designed to predict the grade [33, 66, 68,
69].
These encouraging results support the need to better

incorporate quantitative information from medical imag-
ing because the radiophenotype of STS is related to each
clinically relevant outcome. However, no study has inves-
tigated the association between any imaging biomarker
(including radiomics) and the gene expression profiles in
STS (including the CINSARC signature) or their potential
synergy with the circulating tumor DNA [70]. Eventually,
combining multimodal multi-parametric imaging and AI
could enable performing a “virtual biopsy,” i.e., a com-
prehensive and non-invasive assessment of the tumor’s
pathological, molecular and prognostic features in cases
where an actual biopsy is rarely feasible or insufficiently
contributive.

3.3 Current limitations to the clinical
applications of radiomics and the means to
overcome them

Researchers have to address several obstacles common to
imaging biomarkers [71], namely biological correlations,
reproducibility and repeatability of the radiomics model,
feasibility in other centers, external validation, compar-
isons against the reference methods with a distinct added
value, and prospective validation in decision-making situ-
ations. Thus, no radiomics signature is currently in routine
clinical use regardless of the cancer type.
However, implementing radiomics in the routine setting

has several limitations, which the radiomics community is

aware of and has endorsed several proposals to overcome.
First, they have created an international collaboration,
termed the Imaging Biomarker Standardization Initiative
(IB, to standardize the methodology behind radiomics and
the definitions of RFs, and provide several recommenda-
tions to perform distinct radiomics studies (https://ibsi.
readthedocs.io/en/latest/) [72, 73]. Second, Lambin et al.
[20] have proposed a score, termed the radiomics qual-
ity score (RQS), to quantify the quality of any radiomics
study. The RQS consists of 16 items covering each study
step, which can be used as support while designing a
radiomics signature. Third, sharing databases with well-
labeled imaging datasets and open-source codes to test the
radiomics signatures would undeniably increase the con-
fidence in radiomics and fill the translational gaps. The
cancer imaging archive is themost famous of the initiatives
to host freely available imaging datasets (https://www.
cancerimagingarchive.net/) [74]. A small sarcoma dataset
with PET-CT and conventional MRI is already present and
included in radiomics studies; however, greater efforts are
needed.
Moreover, the tedious and time-consuming manual

segmentations of the tumor volume and the lack of prac-
tical and user-friendly applications for clinicians impose
restrictions on radiomics. (Semi) automated segmenta-
tions using a deep-learning U-net CNN are expected to
facilitate the segmentation step in the future [75]. Eventu-
ally, fully-automated pipelines that rely on deep-learning
algorithms directly applied to the raw 3-D images should
be able to capture the information better, owing to numer-
ous and more personalized features for sarcoma.

4 IMPROVING THE TREATMENT OF
PATIENTSWITH STS THROUGH
IMMUNOTHERAPY OF SARCOMAS

STS presents a unique treatment challenge because of the
lack of improvement in the existing standard of care (such
as doxorubicin) since the early 1970s [76]. Immune check-
point inhibitors (ICIs) have been approved formore than 15
cancer indications; however, this is not the case for sarco-
mas [77]. Several biological aspects of STS suggest a strong
rationale for immunotherapy as follows: (i) the presence
of chromosomal translocations that result in unique fusion
proteins, (ii) the high expression of tumor-associated anti-
gens, of which the group of cancer-testis antigens, such as
NY-ESO-1, are expressed by 80% of synovial sarcomas [78]
and 90% of myxoid liposarcomas [79, 80], and partially (iii)
themoderate frequency of geneticmutations (e.g., PIK3CA
in 18% of myxoid liposarcomas, TP53 in 17% of pleomor-
phic liposarcomas, and NF1 in 11% of myxofibrosarcomas
and 8% of pleomorphic liposarcomas). These aspects may

 25233548, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/cac2.12373 by C

ochraneC
hina, W

iley O
nline L

ibrary on [27/10/2022]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://ibsi.readthedocs.io/en/latest/
https://ibsi.readthedocs.io/en/latest/
https://www.cancerimagingarchive.net/
https://www.cancerimagingarchive.net/


14 CROMBÉ et al.

represent foreign antigens that can be targeted either by
the natural immune response or actively induced immune
response through immunotherapy.
Naturally-occurring immune infiltrates have been

reported in several STS subtypes. Orui et al. [81] detailedly
characterized the immune infiltrates in numerous STS
subtypes with the detection of cytotoxic CD8+ T cells
expressing granzyme B, thus indicative of their cytotoxic
function; the dendritic cells were CD1a-negative but
CD83-positive, thus indicating a mature phenotype. Fur-
thermore, Tseng et al. [82] suggested an adaptive immune
response with the presence of intratumoral lymphoid
structures. In liposarcomas, CD8+ T cells appeared scat-
tered throughout the tumor, whereas CD4+ T cells and
CD20+ B cells were localized to these lymphoid struc-
tures. The presence of immune infiltrates in STS suggests
the feasibility of immunotherapy for these subtypes.

4.1 Role of ICIs in patients with STS

Despite the recent success of ICIs, there are limited
and controversial human data to support the efficacy of
immunotherapy in STS across immunotherapy clinical
trials conducted in patients with STS [83].
A non-comparative randomized phase II study

conducted on 85 patients with refractory STS
compared the treatment with nivolumab versus
nivolumab+ ipilimumab, revealing a 5% response rate
(RR) with nivolumab alone, whereas the combination
displayed promising antitumor activity with a 16% RR [84].
Another phase II study, SARC028, demonstrated an RR of
40% for undifferentiated pleomorphic sarcoma and 20%
for de-differentiated liposarcoma under pembrolizumab
treatment [85]. In contrast, a phase II study conducted
by the French Sarcoma Group demonstrated only one
response among 50 evaluated STS patients treated with
pembrolizumab plus oral cyclophosphamide [86].
We recently reported a pooled analysis of clinical tri-

als investigating the efficacy of ICIs on sarcomas [87].
This study included 384 patients from nine clinical trials;
of these patients, 153 (39.8%) received a programmed cell
death protein 1 (PD-1) or programmed cell death-ligand 1
(PD-L1) antagonist as a single agent. The overall objective
response rate (ORR) was 15.1% (95% confidence inter-
val [CI]: 8.6%–25.1%). However, it dropped to 9.8% upon
excluding alveolar soft-part sarcoma, an extremely rare
sarcoma subtype displaying exquisite sensitivity to PD-
1/PD-L1 monoclonal antibodies, from the analysis [88, 89].
Overall, all studies investigating ICIs included patients

without applying any biomarker-based selection strategy
(Table 3). Researchers have observed anecdotal responses
in some histological subtypes (e.g., undifferentiated pleo-

morphic sarcomas or de-differentiated liposarcomas),
whichmight bemore sensitive to treatment [84, 85]. PD-L1
expression, currently used as a biomarker for immunother-
apy in several epithelial tumors (non-small cell lung
cancer, head and neck, and triple-negative breast cancer),
is not relevant for STS. An overall PD-L1 expression of
≥1% in tumor cells was observed in >15% of the patients,
without distinct correlation with the clinical benefits [87].
Moreover, the tumor mutation burden was low, with a
median burden of fewer than two mutations/Mb across all
histological subtypes [90].
For an in-depth investigation of the therapeutic impact

of ICIs in patients with sarcoma and its correlation with
the sarcoma microenvironment, we conducted an exten-
sive analysis of the immune landscape of sarcomas [91].
By analyzing transcriptomic data from more than 600
STSs, we identified a subgroup of sarcomas classified as
“immune high,” characterized by an elevated expression
of a B cell-related (BCR) gene signature, which was pre-
dictive of survival, independent of the level of CD8+ T
cell infiltration [91]. In addition, an immunohistochem-
istry (IHC) analysis revealed that this class of sarcoma is
characterized by the presence of intratumoral tertiary lym-
phoid structures (TLSs) [91]. TLSs are ectopically formed
aggregates of B-cell follicles, follicular dendritic cells, and
CD4+ and CD8+ T cells, which play a critical role in anti-
cancer immunity in several tumor types [92]. Moreover,
a retrospective analysis of the biopsies from 47 patients
included in the SARC028 study indicated that the BCR
gene signature was highly predictive of the response to
the anti-PD-1 antibody pembrolizumab, thereby suggest-
ing that the presence of TLSs may serve as a robust
biomarker for immunotherapy customization in patients
with sarcoma [91].
Subsequently, we amended the PEMBROSARC study

(NCT02406781; sponsor: Institut Bergonié, Bordeaux,
France) to include a recent cohort, which was based
on the presence of TLSs to investigate the efficacy of
pembrolizumab in patients with advanced sarcomas, char-
acterized by the presence of this potential biomarker
[93]. We included 35 patients with TLS-positive advanced
STS in this study. The 6-month non-progression rate and
ORRs were 40% (95% CI: 22.7%–59.4%) and 30% (95% CI:
14.7%–49.4%), respectively, compared with 4.9% (range:
0.6%–16.5%) and 2.4% (95% CI: 0.1%–12.9%), respectively,
in previous cohorts of the PEMBROSARC study, which
included all comers [86]. Interestingly, a retrospective anal-
ysis of the tumor samples from the patients included in the
all-comer cohort displayed that all except one patient har-
bored a TLS-negative sarcoma, thus suggesting that patient
selection based on the presence of TLSs would be an effi-
cient approach toward the identification of an appropriate
population for sarcoma-targeted immunotherapy [93].
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TLSs are observed in approximately 20% of the patients
with STS and can be identified in almost all histological
subtypes, despite the high proportion of TLS-positive cases
in some subtypes (e.g., de-differentiated liposarcoma ver-
sus leiomyosarcoma) [92]. The TLS status can be assessed
by real-life samples, including small biopsies. Larger sam-
ples are more sensitive to detect TLS, which predominate
at the tumor front; however, the biopsy samples can be
efficiently used to screen TLSs [94]. We recommend a
double CD20/CD23 staining to detect TLSs, which offers
the advantage of simultaneously ensuring the presence of
TLSs comprising B cells (CD20+) and the co-localization
of follicular dendritic cells (CD23+).
The identification of a subgroup of sarcoma character-

ized by the presence of intratumoral TLSs represents an
important step towards the development of immunother-
apy for patientswith sarcoma; nonetheless, researchers are
yet to address at least two major questions before empha-
sizing immunotherapy as a novel and efficient standard of
care in patients with STS as follows: how to improve the
response rate of TLS-positive sarcomas and how to make
immunotherapy an efficient approach in TLS-negative
sarcomas?

4.2 Improving the response rates to ICIs
in TLS-positive sarcomas

Simultaneously targeting different immune checkpoints
is a potential approach to improve immunotherapy effi-
cacy in patients with TLS+ sarcomas. TLS+ sarcomas
are characterized by the increased expression of immune
checkpoints besides PD-1, such as cytotoxic T-lymphocyte
antigen 4 (CTLA-4), TIGIT or lymphocyte activation
gene 3 (LAG3) [91]. LAG3 (CD223) is the third immune
checkpoint recently targeted in clinical practice and has
garnered considerable interest and scrutiny [95]. LAG3
upregulation is required to control the overt activation
and prevent the onset of autoimmunity. However, per-
sistent antigen exposure in the tumor microenvironment
(TME) results in sustained LAG3 expression, thus con-
tributing to a state of exhaustion thatmanifests as impaired
proliferation and cytokine production. The exact signal-
ing mechanisms downstream of LAG3 and their interplay
with other immune responses remain largely unknown.
However, the synergy between LAG3 and PD-1 in mul-
tiple settings, coupled with the contrasting intracellular
cytoplasmic domain of LAG3, compared with the other
immune responses, highlights the potential uniqueness
of LAG3. Our research findings [91] and others [96] have
demonstrated the strong upregulation of LAG3 in inflamed
sarcomas. LAG3+ tumor-infiltrating lymphocytes (TILs)
were observed in approximately two-thirds of complex

genomic sarcomas, and their expression was strongly cor-
relatedwith disease outcomes [96]. Based on this rationale,
a clinical trial is currently investigating the activity and
safety of nivolumab combined with relatlimab, a mon-
oclonal antibody that targets LAG3, versus nivolumab
alone, in patients with STS (https://www.clinicaltrials.
gov/ct2/show/NCT04095208).

4.3 Successful immunotherapy in 80%
of the patients with TLS-negative sarcoma

Investigating combination strategies with ICIs to trans-
form “cold tumors” into “hot tumors” and improve their
sensitivity to ICIs is key to addressing this issue. Several
clinical trials are currently investigating the combina-
tions of ICIs with different classes of agents, namely
chemotherapy, radiotherapy, toll-like receptor agonists,
anti-angiogenics, oncolytic viruses, and epigenetics, that
enable the conversion of “cold tumors” to “inflamed
tumors”. To better understand the impact of such com-
binations on the TME, investigators and patients should
realize the importance of sequential blood and tissue sam-
pling or a randomized design to avoid any bias in data
interpretation. A recent study investigated the combina-
tion of doxorubicin and pembrolizumab in patients with
advanced STS [97]. The RR (13%) and PFS observed in
this phase II study were similar to those observed when
doxorubicin was used as a single agent [97]. Unfortu-
nately, the lack of sequential tumor biopsies and ran-
domization precludes any conclusion about the impact
of the TME combination and correlations with the clin-
ical benefits, thereby limiting the value of the study in
terms of an improvement of knowledge for the scientific
community.

4.4 Immunotherapy for sarcomas
beyond ICIs

Besides ICIs, researchers have investigated other
immunotherapy strategies in patients with STS. For
this review, we focused on T-cell receptor (TCR) gene-
modified cells, which are more advanced in terms of
clinical development. This therapeutic approach is based
on the ex vivo expansion of autologous T cells following
their genetic engineering to express a novel TCR that
recognizes specific tumor antigens. Ongoing clinical
trials investigating such TCR-based therapies in patients
with STS use TCRs directed at validated cancer germline
antigens, i.e., MAGE-A4 and NY-ESO-1, expressed in
particular STS subtypes, including myxoid/round cell
liposarcoma (MRCLS) and synovial sarcomas.
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Ramachandran et al. [98] reported that the adoptive
transfer of NY-ESO-1c259 T cells in 42 patients with syn-
ovial sarcoma (NCT01343043) was associated with anORR
of 35.7% (15 patients; 1 CR and 14 PR cases) by RECIST.
D’Angelo et al. [99] demonstrated that the persistence
and functionality of these adoptively transferred T cells
were associated with sustained responses in a significant
proportion of patients. Moreover, treatment with an autol-
ogous T-cell therapy targeting NY-ESO-1 displayed antitu-
mor activity up to 40% ORR and long median PFS, with an
acceptable safety profile in a study that enrolled 23 patients
with advanced and metastatic MRCLS [100]. Similarly,
preliminary data suggested that afamitresgene autoleucel,
a genetically modified autologous melanoma-associated
antigen 4 (MAGE A4) specific T cell therapy, could
induce a prolonged response in heavily pre-treated patients
with advanced MAGE-A4-expressing SS and MRCLS
[101].
Despite promising preliminary results, the development

of TCR-based adoptive cell therapies for treating patients
with STS is associated with several challenges, including
those associated with manufacturing and processing of
the final TCR product, patient selection, optimizing lym-
phodepletion conditioning, and managing adverse events.
Ongoing and future studies will determine the role of TCR
therapy in patients with STS.

5 IMPLEMENTING RADIOMICS TO
PREDICT THE BENEFITS OF
IMMUNOTHERAPY IN PATIENTSWITH
STS

The development of immunotherapy for sarcomas is not an
aspect of histology (except for alveolar soft-part sarcoma)
but rather that of the TME. Future studies investigating
immunotherapy strategies in sarcomas should incorporate
at least the presence of TLS as a stratification factor in
their design, besides including a strong translational pro-
gram that will allow for a better understanding of the
determinants involved in sensitivity and treatment resis-
tance. Moreover, investigators should explore innovative
methods to evaluate the clinical benefits associated with
a particular treatment. To date, no STS-specific imaging
biomarker has been validated to predict the sensitivity
of STS to ICIs and the risk of immunotherapy-related
adverse events and to improve the early response evalua-
tion during treatment with ICIs.More than 50 studies have
investigated the association between imaging and immune
phenotypes or responses to ICIs in solid tumors [102].
Immune-inflamed tumors demonstrate distinct TMEs
with dense CD8+ TILs (stimulated by the accumulation
of tumor mutation burden and neoantigens) and a high
expression of PD-L1; therefore, it should be translated

to conventional imaging, radiomics, and molecular imag-
ing [103]. Solid tumors with a higher proportion of TILs
appear to be better circumscribed, with a rounder shape,
larger size, various apparent diffusion coefficient values
depending on the cancer histology, increased heterogene-
ity and irregularity on CT scans, and higher homogeneous
contrast enhancement on MRI [104, 105]. An exploratory
study by Toulmonde et al. [106] specifically involving
STS identified a radiomics signature combining nine RFs
that distinguished immune-high and -lowundifferentiated
pleomorphic sarcomas in a small hypothesis-generating
cohort of 14 patients (accuracy = 93%). Figure 2 depicts
an example of the radiomics application to distinguish
immune-high and immune-low STSs.
Multicentric retrospective cohorts have demonstrated

the correlations between the radiomics patterns on CE-
CT scans and response to ICIs, including multiple solid
tumors (AUC = 0.83 for predicting ICI response in a non-
small cell lung cancer cohort in the study by Trebeschi
et al. [105] andmultivariate hazard ratio for high radiomics
score group = 0.52 [0.34–0.79] in the study by Sun et al.
[107]). Researchers should investigate the validation and
adaptation of these radiomics scores for patients with STS
treated with ICIs.
The early prediction of the response to an ICI may

be enhanced using radiomics and molecular imag-
ing. RECIST has been replaced by immune-RECIST
to reduce the confusion between true progression and
pseudo-progression. Likewise, the PET response crite-
ria for solid tumors (PERCIST) have been replaced by
immune-PERCIST and PET response evaluation criteria
for immunotherapy [108–110]. However, researchers have
evaluated neither their added value in terms of predicting
the OS or PFS in patients with STS undergoing ICI therapy
nor that of delta-radiomics approaches.
Eventually, 18F-FDG has proven to lack the speci-

ficity and consistency for robustly discriminating TMEs
associated with distinct outcomes under ICI treatment;
therefore, investigators are designing novel tracers with
monoclonal antibodies (or antibody fragments) targeting
PD-1 (such as Zirconium-89-nivolumab), PD-L1 (such as
18F-BMS-986192 adnectin), CTLA-4 (such as Zirconium-
89-ipilimumab), CD8+ lymphocytes (such as Zirconium-
89-Df-IAB22M2C), or interleukin-2 receptor (such as
Technetium-99-IL2), under the name of immuno-PET
[111–113]. Beyond preclinical patient-derived xenograft
studies, ongoing clinical trials have been evaluating the
tolerance, distribution, and interest of these tracers in
patients with non-small cell lung cancer, thus reveal-
ing correlations with tumors expressing PD-L1 ≥50% on
IHCs, high numbers of TILs, and the response to anti-
PD-1 immunotherapy [114–116]. However, none of these
methods have been attempted in patients with STS or STS
xenografts.
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F IGURE 2 Radiomics to distinguish between immune low (A) and high UPS (B) according to Toulmonde et al. [106]. On
contrast-enhanced MRI, immune high UPS (black arrows) is characterized by a more heterogeneous aspect than immune low UPS (white
arrows), captured through a combination of nine radiomics features, all related to heterogeneity. *The local texture map corresponds to the
GLCM homogeneity (homo.) calculated on a small tile (or kernel) of 3 × 3 voxels. Higher values correspond to greater local homogeneity.
Abbreviations: CE: contrast-enhanced; MRI: magnetic resonance imaging; No.: number; SI: signal intensity; UPS: undifferentiated
pleomorphic sarcomas; GLCM: gray-level co-occurrence matrix. This figure is original.

6 CONCLUSIONS

In conclusion, innovative diagnostic technologies, such
as digital pathology, and quantitative multimodal multi-
parametric imaging, including radiomics, can enhance
the diagnosis, prognosis assessment, and treatment mon-
itoring of STS. Further studies are required to evaluate
the impact of their implementation in routine prac-
tice. Recent research has revealed the potential for effi-
cient immunotherapies against sarcoma. While captur-
ing the heterogeneity of STS is challenging, ICI-based
regimens are likely the strategy for patients with TLS-
positive tumors. Clinicians should implement innova-
tive approaches based on a stringent characterization of
the STS microenvironment in patients with TLS-negative
tumors.
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