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• A large series of 846 oligometastatic gynecological cancers from 21 Institutions underwent Stereotactic Radiotherapy.
• Excellent objective response and local control rates were reported in the whole series.
• An Artificial Intelligence model (Machine learning analysis) was performed to find variables predicting complete response.
• High dose, small target volume, and type of lesion were able to predict complete response in uterine and ovarian cancers.
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Methods. A pooled analysis of gynecological oligometastases in terms of efficacy and clinical outcomes aswell
an exploratory machine learning model to predict the CR to SBRT were carried out. The CR rate following radio-
therapy (RT)was the studymain endpoint. The secondary endpoints included the 2-year actuarial LC, DMFS, PFS,
and OS.

Results. 501 patients from 21 radiation oncology institutions with 846 gynecological metastases were ana-
lyzed,mainly ovarian (53.1%) and uterinemetastases(32.1%).Multiple fraction radiotherapywas used in 762me-
tastases(90.1%).The most frequent schedule was 24 Gy in 3 fractions(13.4%). CR was observed in 538(63.7%)
lesions. The Machine learning analysis showed a poor ability to find covariates strong enough to predict CR in
the whole series. Analyzing them separately, in uterine cancer, if RT dose≥78.3Gy, the CR probability was
75.4%; if volume was <13.7 cc, the CR probability became 85.1%. In ovarian cancer, if the lesion was a lymph
node, the CR probabilitywas 71.4%; if volumewas<17 cc, the CR probability rose to 78.4%. No covariate predicted
the CR for cervical lesions. The overall 2-year actuarial LC was 79.2%, however it was 91.5% for CR and 52.5% for
not CR lesions(p<0.001). The overall 2-year DMFS, PFS andOS ratewere 27.3%, 24.8% and 71.0%,with significant
differences between CR and not CR.

Conclusions. CR was substantially associated to patient outcomes in our series of gynecological cancer
oligometastatic lesions. The ability to predict a CR through artificial intelligence could also drive treatment
choices in the context of personalized oncology.

© 2024 Elsevier Inc. All rights reserved.
1. Introduction

Radiation therapy (RT) is routinely used as part of a multimodal
treatment regimen for gynaecologic cancers. Stereotactic Body Radio-
Therapy (SBRT) is a high conformal and modulated RT technique, char-
acterized by increased dose distribution conformity, reduced normal
tissue toxicity, and dose escalation possibility. SBRT delivers high radia-
tion doses to small volumes in few fractions and represents an active
and definitive treatment that can be integrated into a multidisciplinary
approach including surgery, chemotherapy, immunotherapy and
targeted therapies in the setting of oligometastatic/persistent/recurrent
(MPR) disease [1,2]. In fact, SBRT has been shown to be an effective
strategy in a range of solid malignancies such as lung [3,4], colorectal,
breast, and prostate cancer [5–8], either because of the reported im-
provement of several outcomes (progression-free survival (PFS) [3–5],
overall survival (OS) [6], and prolongation of androgen deprivation
treatment-free survival as well as castration-resistant prostate cancer-
free survival [7,8]) or because of the potential to delay further systemic
therapy, which is frequently less effective, especially in the
oligoprogressive setting. SBRT has being employed also in gynecological
cancers [2,9–18] despite most published analyses are retrospective and
therefore suffer from wide heterogeneity in patient selection, total
delivered dose, fractionation, volumes and treatment techniques
[2,10–12]. As per ovarian cancer setting, a prospective study
(NCT04593381) aimed to reduce heterogeneity of these factors is
ongoing with the aim to optimize the efficacy/toxicity ratio and to pro-
vide indications for developing specific guidelines [19]. However, the
only evidences now available are those derived from large databases,
which compensate for the lack of stronger evidence from prospective
and randomized studies.

Furthermore, artificial intelligence (AI) is a promising technology to
advance clinical practice, as many decisions rely on expert opinions in
the absence of high-quality data-driven evidence [20,21]. Indeed, the
use of AI has significantly aided large-database analysis, allowing re-
searchers to develop predictive models that are becoming increasingly
reliable and applicable in clinical practice for outcome prediction
[20,21]. To the best of our knowledge, no accurate prediction models
for clinical outcomes of gynaecologic oligometastatic cancer treated
with SBRT exist, nor it is clear if attaining a complete response (CR) fol-
lowing SBRT influences oncologic outcomes. The aim of this paper was
to perform a pooled analysis as well a detailed comparison of a large
real-world multicentric dataset of ovarian, uterine and cervical
oligometastatic lesions treated with SBRT in terms of efficacy and clini-
cal outcomes. In addition, an exploratorymachine learning analysis was
performed to find variables able to predict the CR after SBRT.
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2. Material and methods

2.1. Patients and study endpoints

Patients data were retrieved from the historical databases of Radia-
tion Oncologists who joined the threemulticenter, retrospective studies
(MITO RT01 for Ovarian Cancer and MITO-RT02/RAD study for Cervical
Cancer and Uterine Cancer) [10–12] approved by the Institutional Re-
view Board of promoting Institution (N° 62,967/2020 ASREM Ethical
Committee). Patients at each Institution had signed an informed
consent form prior to their clinical data being used for educational or
research purposes. Oligo-MPR gynecological cancer patients were de-
fined as patients with ≤5 new or enlarging metastases in an otherwise
well-controlled disease status and, therefore, candidates for ablative-
intent treatment; with the inherent limits of the retrospective nature
of our study, only this kind of patients entered the study. The dose
fractionation protocol was at discretion of the treating physician. The
clinical CR rate of disease following SBRT was the study main endpoint
in the MITO-RT trials. The secondary end-point included the 2-year
actuarial local control (LC) rate, defined on a “per-lesion” basis as any
disease progression within the SBRT field of irradiation between the
date of SBRT and the date of “in site” SBRT field relapse/progression of
lesions or the date of the last clinical evaluation. Further secondary end-
points were actuarial DistantMetastases Free Survival (DMFS), Progres-
sion Free Survival (PFS), and Overall Survival (OS). Actuarial DMFS was
termed on “per patient” basis as any out of field progression between
the date of SBRT and the date of out of field progression or the date of
the last clinical evaluation; actuarial PFS was termed on “per patient”
basis as any local and/or out of field progression between the date of
SBRT and the date of local and/or out of field progression or the date
of the last clinical evaluation. Actuarial OS was termed on “per patient”
basis as the time between the date of SBRT and the date of death of
disease or the date of the last follow-up. Finally, an exploratorymachine
learning analysis was performed to find variables able to predict the
treatment complete response.

Procedures.
Specific data set for standardized data collection fromMITO studies

were used as detailed in previous experiences [10–12]. Data on nodal
and parenchymal lesions (defined as metastases affecting tissues
other than lymph nodes) were collected. Computed Tomography (CT)
scanor Positron Emission Tomography (PET)/CT scanwere used to eval-
uate the best radiologic response after SBRT, which was then catego-
rized using the Response Evaluation Criteria in Solid Tumors (version
1.1) [22], to dichotomize complete response, defined as “disappearance
of all target lesions or any pathological lymph nodes (whether target or
f Health and Social Security de ClinicalKey.es por Elsevier en mayo 17, 
ización. Copyright ©2024. Elsevier Inc. Todos los derechos reservados.



Table 1
Patient characteristics.

Primary Tumour Ovary Cervix Uterus All

Number of patients 261 83 157 501

Median age (years) (range)
60.0
(28–85)

58.0
(30–92)

69.7
(36–91)

63.0
(28–92)

ECOG

0 190 56 111 357
1 29 22 40 91
2 38 4 6 48
3 4 1 0 5

Number of Comorbidities⁎

for patients

0 154 42 42 238
1 78 21 45 144
2 30 9 34 73
3 6 5 16 27
4 2 3 7 12
≥5 1 3 6 10
na 0 0 6 6

Surgery before SBRT
no 3 27 7 37
yes 253 56 150 459
na 5 0 0 5

Chemotherapy before SBRT
no 0 21 42 63
yes 256 61 110 427
na 0 1 5 6

Previous in site RT
no 247 55 91 393
yes 9 28 25 62
na 5 0 0 5

⁎ The number of one or more additional conditions co-occurring with the primary
condition.
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non-target) with reduction in short axis to <10mm”, versus others
(Not-Complete-Responders, NCR). The objective response rate was
defined as the sum of complete response and partial response (PR),
while the clinical benefit consisted of objective response rate and stable
disease (SD).

2.2. Variables selection and statistical analysis

This pooled analysis included all cohorts utilized in earlier investi-
gations [10–12]. All data were collected and analyzed at the Radio-
therapy Unit of Responsible Research Hospital, Campobasso, Italy,
and entered into an electronic database. Patient characteristics were
reported as medians and ranges for continuous variables and per-
centages for categorical variables. The differences among the three
primary tumour groups (ovarian versus cervical versus uterine can-
cer) in terms of lesion burden (1 versus >1 lesion), age, lesion type
(lymph node versus parenchymal lesions), planning target volume,
total dose, dose per fraction, biologic effective dose (BED10) and
number of fractions (1 versus >1 fraction) were evaluated by the
Kruskal-Wallis test. The Kaplan-Meier method was used to analyse
actuarial outcomes; differences among subgroups (CR versus NCR)
were evaluated by log-rank tests.

2.3. AI modelling

All datasets were combined and randomly divided into training and
validation sets. Themachine learning (ML) procedurewas split into two
parts: the selection of reliable prognostic variables and themodel train-
ing and validation, using the subset of selected variables. The Least
Absolute Shrinkage and Selection Operator (LASSO) method was used
to pick variables. This approach gives a simpleway to quantify the effect
of various input variables on the “complete response” variable, indicat-
ing which should be eliminated from the model. In details, at the
beginning we entered into the LASSO model the following variables:
age (≤63 years versus >63 years), primary tumour (cervix versus
ovary versus endometrium), disease burden (one lesions versus more
than one lesion), type of lesion (nodal versus parenchymal ones), previ-
ous radiotherapy (yes versus not), Planning Target Volume (as a contin-
uous variable), and BED (as a continuous variable). Subsequently, the
remaining covariates as considered significant by the LASSO were
used to create a Classification And Regression Tree analysis (CART)
model for classifying complete respondent or not complete respondent
lesions. The CART is a decision tree-based data mining tool that can
identify data linkages, search for patterns automatically, and find hid-
den structures even in very large datasets. The CART model is often
represented as a binary tree, with each root node representing a single
input feature and a split point on that feature. The performance of the
model was assessed using receiver operator characteristic curves
(ROCs) and area under the curve (AUC). The XLSTAT statistics programs
were used for statistical analysis, including machine learning training
and testing (Addinsoft, New York, USA).

3. Results

3.1. Patients

This large real-world study included 21 radiation oncology insti-
tutes. For the analysis, 501 patients with oligo MPR-Ovarian (OC), uter-
ine (UC), and cervical (CC) cancer who had received SBRT for a total of
846 lesions between May 2005 and October 2021 were selected. Me-
dian age was 63 years (range, 28–92 years) and nearly 90% presented
Eastern Cooperative Oncology Group performance status 0–1
(Table 1). Most of them had one or more comorbidities; regarding the
prior treatment(s), the majority of patients underwent radical surgery
(n = 459), and previous chemotherapy was administered in 427 pa-
tients before SBRT. Sixty-two patients (12.4%) have previously received
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in-site radiotherapy. Three hundred and one patients (60.1%) had just
one metastatic lesion, whereas 200 patients (39.9%) had more than
one synchronous or metachronous lesion.

Table 2 shows characteristics of lesions (n=846) and detailed treat-
ment: lymphnode lesions accounted for 58.8% of this series, followed by
parenchymal ones (defined as lesions localized in other types of paren-
chyma, e.g. lung, bone, brain, etc.) (41.2%), and the most frequent ana-
tomical district was the abdomen (41.9%), followed by pelvis (23.2%)
and thorax (17.0%). The majority of lesions were ovarian (449, 53.1%)
and uterine metastases (272, 32.1%) in origin, followed by 125 (14.8%)
lesions from cervical cancer (Table 2). In detail, ovarian cancer had
more abdominal metastases, whereas uterine cancer had more lesions
in the thorax and cervical cancer in the pelvis.

The differences among the primary tumour groups (ovarian versus
cervical versus uterine cancer) were found statistically significant for
all covariates, as reported in Table 3.

3.2. SBRT treatment on “per-lesion” basis

Lesions had a median gross tumour volume of 4 cc (range:
0.04–181), and a median planning target volume of 16 cc (range:
0.4–278.5). Dose-fractionation schedules were largely heterogeneous
among different centres, with biologically effective dose (BED10)
ranging from 7.5 to 262.5 Gy (Supplementary Tables 1 and 2).

Multiple fractions radiotherapy was used to treat 762 metastases
(90.1%), while single fraction radiotherapy was used to treat 84 lesions
(9.9%). We registered a total of 75 different used fractionations sched-
ules, where the most used ones were 24 Gy in 3 fractions (13.4%),
25 Gy in 5 fractions (10.6%), 27 Gy in 3 fractions (8.9%) or 24 Gy in 1
fraction (4.4%). Detailed reports of the most frequent doses and frac-
tions are provided in Supplementary Tables 1 and 2, while comprehen-
sive reports have been already published [10–12].

3.3. Efficacy

Complete response (CR), partial response (PR), stable disease (SD),
and progressive disease were observed in 538 (63.7%), 189 (22.3%), 80
(9.5%), and 38 lesions (4.5%), respectively. Overall, objective response
rate (CR + PR) was 85.9%, while the clinical benefit (CR + PR + SD)
was 91.8%.
f Health and Social Security de ClinicalKey.es por Elsevier en mayo 17, 
ización. Copyright ©2024. Elsevier Inc. Todos los derechos reservados.



Table 2
Features of lesions and details of Stereotactic Body Radiation Therapy (SBRT).

Primary Tumour Ovary Cervix Uterus All

N lesions 449 125 272 846

Lesions type
lymph node 292 69 137 498
parenchyma 157 56 135 348

Anatomical district

brain 37 0 16 53
neck 13 7 2 22
thorax 6 34 104 144
abdomen 248 31 76 355
pelvis 85 46 66 197
bone 0 7 8 15

Number of patients bearing

1 lesion 146 58 97 301
2 lesions 70 13 34 117
3 lesions 28 9 14 51
4 lesions 9 1 1 11
5 lesions 6 2 8 16
>5 lesions 2 0 3 5

GTV (cc) (range) 4.5 (0.04–68.4) 4.3 (0.2–105.1) 4 (0.05–181.1) 4 (0.04–181)
PTV (cc) (range) 17.9 (0.4–136.4) 15.7 (1.8–278.5) 13.7 (2–196.5) 16 (0.4–278.5)

Equipment

LINAC 401 115 223 739
CyberKnife 34 10 44 88
Thomotherapy 11 1 5 17
Gammaknife 3 0 0 3

Techniques

VMAT 434 104 165 703
IMRT 5 20 93 118
3DCRT 8 1 14 23
N.A. 0 0 0 0

Reference dose
Specific 235 48 120 403
Isocenter 159 31 88 278
Target mean 55 46 64 165

Median Total dose (Gy) (range) 25.0 (5–75) 35.0 (10–60) 35.0 (10–75.2) 30.0 (5–75.2)
Median N of fractions (range) 4 (1−13) 5 (1−10) 5 (1–10) 5 (1–13)
Median BED (Gy) (range) 50.7(7.5–262.5) 59.5 (15–151.2) 59.5 (20.0–156.1) 51.0 (7.5–262.5)

GTV: Gross Tumour Volume; PTV: Planning Target Volume; LINAC: Linear Accelerator; VMAT: Volumetric Arc Radiotherapy; IMRT: Intensity Modulated Radiotherapy; 3DCRT: 3-dimen-
sional conformal radiotherapy; N.A.: Not available; BED: Biologically Effective Dose.
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Any lesions that did not have a complete response were referred to
as not-complete-responders (NCR group) in order to separate them
from the group of patients with complete responsive lesions (CR
group). The analysis of the 3major gynecological malignancies revealed
that OC had a CR rate of 65.2%, whilst UC and CC had rates of 64.0% and
58.4%, respectively.

3.4. Clinical outcomes

Themedian follow-upwas55.9months (range: 1–147months) as of
May 2022. The overall 2-year actuarial LC rate was 79.2%, however it
was 91.5% for CR and 52.5% for NCR lesions (p < 0.001) (Fig. 1A).
Looking at the three distinct malignancies, the 2-year actuarial LC
delta (Δ) between patients who achieved CR versus those who did not
Table 3
Differences among the primary tumour groups.

Primary Tumour Ovary

All lesions 449

Lesion burden
1 lesion 146 (32.5%)
>1 lesion 303 (67.5%)

Median Age (IQR) 60 (51–68)
Lesion Type
Lymph node 292 (65.0%)
Parenchyma 157 (35.0%)

Median PTV, cc 17.9 (8–31)
Median Total dose, Gy (IQR) 25 (24–36)
Median Dose/fraction, Gy (IQR) 4 (6.3–10)
Median BED10, Gy (IQR) 50.7(43.2–72)
N of fractions
>1 fraction 396 (88.2%)
1 fraction 53 (21.8%)

a Calculated by the Kruskall-Wallis test; BED: Biological Effective Dose; IQR: interquartile ra
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was 66.9%, 58.9%, and 19.2% for CC, UC, and OC, respectively
(p < 0.001). The overall 2-year actuarial DMFS rate was 27.3%,
however it was 35.4% and 10.8% (p < 0.001) for CR and NCR patients,
respectively (Fig. 1B). The 2-year actuarial DMFS Δ between CR and
NCR was 34.7%, 27.8%, and 20.0%, for CC, UC, and OC, respectively
(p < 0.001). The overall 2-year actuarial PFS rate was 24.8%, however
it was 35.7% and 7.1% (p < 0.001) for CR and NCR patients, respectively
(Fig. 1C). The 2-year actuarial PFS Δ between CR and NCR was 35.1%,
35.6%, and 21.6%, for CC, UC, and OC, respectively (p < 0.001).

Similarly, the overall 2-year actuarial OS rate was 71.0%, how-
ever it was 80.9% and 51.5% (p < 0.001) for CR and NCR patients,
respectively (Fig. 1D). The 2-year actuarial OS Δ between CR and
NCR was 24.6%, 26.2%, and 32.2% for CC, EC, and OC, respectively
(p < 0.001).
Cervix Uterus p valuea

125 272

66 (52.8%) 97 (35.7%) <0.001
59 (47.2%) 175 (64.3%)
57 (52–70) 68.6 (60.6–75.55) <0.001

69 (55.2%) 137 (50.4%) <0.001
56 (44.8%) 135 (49.6%)
15.7 (8.13–37.9) 13.7 (5.81–27) 0.031
35 (26–40) 35 (27–41) <0.001
5 (5–9) 5 (6–10) 0.008
59.5 (48–72) 59.5 (48–81.6) <0.001

115 (92.0%) 251 (92.3%) <0.001
10 (8.0%) 21 (7.7%)

nge 25th–75th.

f Health and Social Security de ClinicalKey.es por Elsevier en mayo 17, 
ización. Copyright ©2024. Elsevier Inc. Todos los derechos reservados.



Fig. 1. Overall 2-year actuarial local control rate (1 A), Distant Metastases Free Survival (DMFS) (1B), Progression Free Survival (PFS) (1C), and Overall Survival (OS) (1D).
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3.5. Variables selection and AI modelling

The LASSOmethod applied to all series showed a poor ability to find
covariate strong enough to predict CR. Therefore, it was decided to
analyse in a post-hoc way each of the three different malignancies sep-
arately. No covariate predicted the CR for cervical lesions. Three
variables (BED10, lesion volume, and type of lesion) have been
identified as being predictive of CR for ovarian and uterine lesions
(LASSO coefficients not zero), while the other variables have been ex-
cluded by the analysis. The chosen covariates served as input for the
CART model for uterine and ovarian, but not for cervical cancer. The
CART for themost informative variables is displayed in Fig. 2. The likeli-
hood that a lesion falls within the CR or NCR category as well as the split
covariate were provided for each node (N) (Fig. 2). Briefly, the CART
model identified two predictive pathways to obtain the highest possible
CR probability: for UC, lesions with BED ≥ 78.3Gy and PTV < 13.7 cc
achieve a CR probability of 85.1%; for OC, lymph node lesions and
20
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PTV < 17.0 cc achieve a CR probability of 78.4%. In the validation test
for UC, the CART model achieved an AUC of 0.744 (95% CI:
0.703–0.784)with an accuracy of 71.9%, sensitivity 81.4% and specificity
55.6%. For OC, the AUC was 0.702 (95% CI: 0.670–0.733) with an accu-
racy of 68.8%, sensitivity 87.1% and specificity 36.8%.

For the sake of clarity, we repost a detailed explanation of how to
read and interpret the decision-making tree through an example.
Given a new patient, the overall probability (Node 1) of CR before any
criteria had been applied is 63.7%. First stratification follows primary tu-
mour with 64.3 (Node 2) and 63.3% (Node 3) CR rate probability for UC
and OC, respectively. As per UC, Nodes 4 and 5 reflect the effect of intro-
ducing the BED10 as the first decision criterion. The BED10 ≥ 78.3Gy re-
locates a large number of lesions to Node 5 with a probability for CR of
75.4%. Similarly, the BED10 < 78.3Gy reduces the probability for CR to
59.8% (Node 4). The lesions in node 5will be subjected to the second cri-
terion for further segregation, i.e., the target volume (PTV). At this sec-
ond decision level, PTV values smaller than 13.7 cc relocate the lesions
f Health and Social Security de ClinicalKey.es por Elsevier en mayo 17, 
ización. Copyright ©2024. Elsevier Inc. Todos los derechos reservados.



Fig. 2. Classification and Regression Tree analysis (CART) for the most informative variables.
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in theNode 10with a CR probability of 85.1%, while PTV values >13.7 cc
decrease the probability of CR to 54.5% (Node 11). Looking at Fig. 2, the
rule built by the algorithm can be expressed in natural language as “If
BED10 ≥ 78.3Gy then the lesion will have a CR probability of 75.4%;
moreover, if also the PTV<13.7cc the CR probability increases to
85.1%”. On the other hand, if a uterine lesion is treatedwith a BED10 in-
ferior to 78.3Gy and belong to parenchymal type, its CR probability fall
down from the initial value of 64.3% to 39.7%. Concerning OC, Node 3
reflects the effect of introducing the lesion type as the first decision cri-
terion. Lesions belonging to the lymph nodes type are relocated to Node
7 with a probability for CR of 71.4%. Similarly, the lesions belonging to
parenchymal type will have a probability for CR of 49.3% (Node 6).
The lesions in Node 7 will be subjected to the second criterion for fur-
ther segregation, i.e., the PTV. At this second decision level, PTV values
smaller than 17.0 cc relocate the lesions in theNode 15with 78.4%prob-
ability, while a PTV value ≥17.0 cc decrease the probability of CR to
62.5%. Looking at Fig. 2, the rule built by the algorithm can be expressed
in natural language as “If lesion belong to lymph nodes type then its CR
probability increase from 63.3 to 71.4%; moreover, if also the PTV <
17.0cc the CR probability increases to 78.4%”. Vice versa, if a ovarian le-
sion belong to parenchymal type and it is treated with a BED10 inferior
to 78.8Gy, its CR probability fall down from the initial value of 63.3% to
37.6%.

4. Discussion

This large real-world multicentric dataset of ovarian and uterine
MPR lesions was successfully pooled to analyse the efficacy of SBRT.
To the best of our knowledge, this is the first instance in which 21 radi-
ation therapy centres have combined their data on 846 lesions from 501
patients in an effort to identify CR predictors and to strengthen the role
of SBRT in the gynecological setting, despite the lack of clear and uni-
form protocols. Additionally, this is the first time in which a large num-
ber of oligometastases in gynecological neoplasms has been studied
through AI algorithms. The emphasis on SBRT efficacy is strongly linked
to the finding that complete response is significantly related to patient
prognosis, implying its relevance in the oligometastatic scenario
[5,6,8,23] as a delayer of further systemic therapy as well as outcomes
improver. Because SBRT treatments are one of the few metastasis-
directed therapeutic choices, the “a priori” knowledge of the probability
rate of partial/no treatment response allows for more aggressive ther-
apy and treatment escalation to improve prognosis. As per primary end-
point, we documented an overall CR rate of 63.7% in this heavily treated
population.We also included 12.4% of patientswhohad undergone pre-
vious in-site RT, representing a disadvantaged population. Despite the
21
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drawbacks inherent in the heterogeneity of imaging frequency and
type for assessing clinical response over time, our findings are consis-
tent with previous studies on gynecological series that demonstrated
the ability of SBRT to achieve complete response in two-thirds of pa-
tients, particularly for ovarian and uterine cancer [10–15].

Furthermore, we reported a robust and consistent CART model for
UC and OC, based on three clinical variables, that may guide oncologists
through the increasing likelihood of CR (Fig. 2). Themost predictive var-
iables for ovarian cancer were the type of lesion (nodal), followed by
small volume (<17.0 cc), whereas for uterine cancer they were the
high dose (BED10 ≥ 78.3 Gy) and sequentially tumour size (<13.7 cc).

The observation that the OC lymph nodeswould bemore responsive
had already been raised [10,15,24,25]. Lymph nodesmay respondbetter
to SBRT than parenchymal malignancies for a variety of reasons. To
begin, because of their relatively fixed anatomical position and well-
defined boundaries, lymphnodes are often easier to targetwith high ac-
curacy. Parenchymal lesions, on the other hand, can be more difficult to
target precisely, especially if they are irregularly shaped or located near
critical structures like as blood vessels or nerves. Secondly, lymph nodes
may bemore susceptible to radiation-induced cell death than parenchy-
mal lesions due to differences in their cellular composition. Lymph
nodes are highly vascularized and composed of a variety of immune
cells, including T cells, B cells, and dendritic cells, which are known to
be highly radiosensitive. In contrast, parenchymal lesions are often
composed of more radioresistant cells, such as fibroblasts, which may
be less sensitive to the effects of radiation. Finally, lymph nodes may
be more responsive to SBRT due to their role in the body's immune re-
sponse. By delivering high doses of radiation to lymph nodes, SBRT
may stimulate an immune response that can help to destroy cancer
cells both locally and systemically.

The impact of a high radiation dose (i.e. high BED10) in order to
produce a complete response inUC lesions, on the other hand, is simpler
to explain and has already been detailed in other settings, along with
the implications in achieving better LC [10,26–28]. A radiation paradigm
states that the higher the dose, the better the effect, moreover, the SBRT
dose represents one of the few partly modifiable variables by radiation
oncologists. In the real practice the choice of the dose has to be done ac-
cording to cancer histology, lesion type, site, and size, nearby organs at
risk, patients' previous treatments, radiation oncologists' expertise,
and equipment. The complexity of this choice, as well the lack of clear
and shared guidelines is testified by the variety of SBRT schedules sum-
marized in Supplementary Tables 1 and 2, prompting to studies focused
to harmonize the approaches to dose prescription. Indeed, considering
themore recent literature, a fewof the presented schedules could barely
meet the bar for being considered ablative SBRT, rather than
f Health and Social Security de ClinicalKey.es por Elsevier en mayo 17, 
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hypofractionated treatments. However, we must also consider that
some patients have been treated 20 years ago, at the beginning of
SBRT implementation in the various radiotherapy centres, meaning
that the first patients were probably treated more cautiously starting
from low dose levels. Nevertheless, these treatments could be defined
SBRT for the ablative intent they were proposed for and for the stereo-
tacticmodalities (spatial target localization, daily Image guide/fiducials/
tracking/gating, etc.…) employed.

Finally, the role of the volume of the irradiated lesion, which has al-
ready been reported elsewhere [10–12,26,29], confirms that the likeli-
hood of achieving a CR increases with decreasing volume for both the
ovarian and the uterine lesions. As a result, if a metastatic lesion could
be treated early and without delay, a lesser volume might probably be
irradiated. On the contrary, for larger lesions, radiation oncologist may
treat the patient after systemic therapy as consolidation treatment to
achieve better results. Additionally, radiation oncologist might further
minimize the margins (and hence the volume) of the lesion to be
treated by utilizing the most advanced irradiation technologies e.g.
breath-hold or surface guided radiotherapy. Last, the smaller the vol-
ume, the greater the total dose that can be safely delivered.

Apparently, for the setting of cervical cancer it was not possible to
identify any variables that were sufficiently predictive to create a
model, confirming data from Cox analysis reported by Macchia and col-
leagues [11]. The lack of some input factors, such as the HPV status or
other genetic/epigenetic variables able to better determine the core bi-
ology of the disease might be the cause of this failure. This is regrettable
because, as remarked in Fig. 1, the CR to SBRT is a powerful predictor of
outcome. As a result, significant effortsmust be expended in the cervical
cancer setting to determine which variables predict the CR and are able
to differentiate between responsive and non-responsive tumors to
treatment.

In terms of LC rate, SBRT gave a high and long-lasting rate (2-year
rate: 79.2%) in our series. As per results obtained in the previous pub-
lished series [10–15], the achievement of CR acts as a major driver and
influenced all the outcome variables. Therefore, all efforts must be
made to obtain a CR at the time of the SBRT. On the contrary, the
“a-priori” identification of NCR patientsmight guide the clinicians to tai-
lor more aggressive therapy and treatment intensification in order to
improve the prognosis. Indeed, obtaining the CR does not rule out the
possibility that other biological/therapeutic factors, not considered in
the previous studies, could have influenced these results. Despite the
excellent LC in complete respondent patients, which may prolong
chemotherapy free interval, the rate of progression outside of the target
lesions remains high and this series is biased by the lack of information
on systemic treatments following SBRT. Nevertheless, PFS and OS also
showed a correlation with the CR rates, as in the prostate, colorectal,
breast and lung settings [3–8]; future studies should aim to demon-
strate an increase in time to resumption of a subsequent line of
chemotherapy/biologic therapy and potentially OS.

In termof opportunities the encouraging results of this large gyneco-
logical series prompt the use of SBRT as valid alternative metastasis di-
rected therapy, particularly given this procedure is widely known for
being fast, painless, and cost effective. Moreover, this study propones
for the first time an exploratory machine learning analysis which was
able to identify some clinical and dosimetric covariates that can predict
the CR after SBRT. The low number of clinical and dosimetric input var-
iables should be viewed as a gain because suchmodels will be less likely
to overfit and easier to understand [30]. This AI predictivemodel, after a
rigorous external validation, could allow the shift from large database to
patient bedside and enable radiation oncologists to predict the response
and, personalizing their intervention before carrying it out, to influence
clinical outcomes. This quantitative methodmight be readily integrated
into current decision-making processes, enhancing trust in the SBRT
technology. Finally, the overview of attitude of the Italian Radiation On-
cologist in the setting of theMPR of the gynecologic neoplasms, lays the
theoretical and experiential foundations to start with prospective trials
22
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(e.g. NCT04593381 [19]) where pre-defined SBRT treatment schedules
and shared constraints will be tested.

A few relevant limitations of the current analysis should be men-
tioned. A possible drawback is the retrospective nature of the study
and the unavailability of some data, e.g. histological data, treatment in-
tent, systemic chemotherapy (type, timing, etc.) or oligometastatic sta-
tus according to ESTRO/EORTC definition1. Another limitation is the
heterogeneous population, in particular the variability of the main in-
tervention in terms of dose and fractionation, which is to some extent
rectifiable by BED10 calculations, but has its own shortcomings as well,
particularly with the questions raised about applicability of Linear
Quadratic model in high doses per fraction. Finally, the machine
learning model in this paper is based on a modest number of clinical
and dosimetric parameters. As a result, other variables with potential
influence on outcome prediction may be overlooked. Yet, in a large
multicentric study, predictive models must be built using
characteristics that are consistently accessible in all centres. Our
model was developed utilizing readily available data, which did not
necessitate costly and time-consuming data processing (as in radiomics
or genomics), resulting in more basic and understandable model that
was also accurate. This final element should be seen as a strength of
the study.

In conclusion, the largest series of oligometastatic lesions from gyne-
cological cancer is presented togetherwith a practical tool for predicting
the CR rate. Its relevance in the scenario of oligometastatic disease, de-
spite the potential confundents, is shown by the observation that CR is
substantially associated to patient outcomes, therefore every effort
must be taken to eradicate oligo-disease. The ability to predict a CR
through artificial intelligence could be useful to improve the likelihood
that the SBRT will be effective. These promising results could be a
starting point to drive treatment choices in the context of personalized
oncology. Further prospective studies to define doses, fractionations
and volumes are needed, as well studies on the combination of SBRT
with radiotherapy sensitizer, targeted drugs and immunotherapy.

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.ygyno.2024.01.023.
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