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Abstract

Background/Objectives: Our study aims to identify potential new MRI features of brain metastases
(BMs) that could be further used in overall survival (OS) assessment. Methods: A total of 109 patients
with BMs were included. Kaplan-Meier analysis, the log-rank test, and Cox regression were
implemented in the survival analysis. Significant features were subsequently incorporated into four
distinct machine learning (ML) algorithms to predict six-month survival. Results: Survival analysis
revealed that multiple brain lesions, synchronous presentation, and restricted diffusion were
associated with a poor prognostic value (HR > 1; p=0.01, p = 0.02, and p < 0.005, respectively). Other
features demonstrated a protective effect OS: the absence of extracranial lesions (HR <1, p = 0.04),
and the presence of peripheral edema and solid enhancement (HR < 1, p < 0.0005). All treatment
protocols—including surgery, gamma knife radiosurgery, whole brain radiation therapy, and
chemotherapy - showed significantly better survival rates compared to best supportive care (HR <1,
p < 0.005). The Neural Networks was the top-performing ML model, achieving an AUC of 0.93.
According to the Shapley Additive Explanations analysis, solid enhancement and radiotherapy had
a positive impact on OS, whereas a higher number of lesions, larger volumes, and restricted diffusion
were associated with negative outcomes. Conclusions: Our results confirm that including
morphological MRI features of BMs in the prediction of OS significantly contributes to the
enhancement of ML algorithms prediction and discriminatory capacity.

Keywords: brain metastasis; overall survival; artificial intelligence; machine learning; MRI data
analysis

1. Introduction

Brain metastases (BMs) are one of the most frequent malignant brain lesions in adult patients
[1][2]. Intuitively, their detection represents from the start the evolution of a primary tumor, almost
exclusively extra-cranial and comes with a poor prognosis, with an overall survival (OS) <12 months
(1][3].

Nowadays, the local treatment of the secondary lesions depends on various factors determined
both by the patient’s characteristics and the imaging features of BMs [4]. Asymptomatic patients often
only benefit from systemic therapies and follow-up, on the contrary, the symptomatic ones are
assessed for performance status, intra- and extra-cranial burden of disease [5]. Patients with low
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performance status are often treated with non-invasive therapies such as whole brain radiotherapy
(WBRT) or palliative and symptomatic therapies. This approach is also preferred in older patients (>
75 years old) were the preservation of the quality of live prevails on cancer therapies as they are
known to induce numerous side effects and affect patient’s lives.

Therefore, fitter patients are candidates for numerous cancer therapies, both local and systemic.
For the patients with unique or solitary BM, the treatment is surgical, followed by adjuvant
stereotactic radio-surgery (SRS) or fractionated radiotherapy (SRT) depending on their size [5]. In
acute settings of intra-cranial hypertension or acute obstructive hydrocephalus, the debulking of the
brain lesions by radical and complete extraction is recommended [4]. Surgical resection remains a
viable therapeutic option for multifocal lesions, provided they are situated within non-eloquent
cortical or subcortical brain regions [2][4].

Radiotherapy is adopted as a stand-alone treatment in the case of patients with multiple brain
secondary lesions [5]. SRS/SRT is preferred to WBRT when comes to fitter patients as it is
demonstrated by numerous studies that WBRT does not have always have a role in prolonging OS
and SRS/SRT delays the cognitive decline induced by WBRT [4] [6] [7]. Adjuvant SRS/SRT is indicated
in different doses in regard to the resected volume [4]. Because adjuvant WBRT minimizes
leptomeningeal spread, it is indicated after surgery [2][4].

On the other hand, systemic therapies are different and specific to the primary tumor, they
include conventional chemotherapy (CHT), molecular therapy and immunotherapy [5]. Molecular
therapies affect cellular mechanisms that sustain and promote tumoral behavior [8]. There is why it
is extremely important to know the nature of the primary tumor. In the context of an occult primary
malignancy, the administration of targeted anti-tumor therapies remains clinically unfeasible due to
the absence of a defined primary site [2]. Novel studies show however, that the tumoral cells of BMs
are molecularly different from their primary site. This implies that systemic molecular therapies
addressed to the primary tumor could be less efficient in the treatment of their colonies in the brain
parenchyma [4].

The follow-up of these patients is more or less standardized, with the use of clinical examinations
and at least 1.5 T magnetic resonance imaging (MRI) contrast examinations at 48 hours after surgery
and at two-three months intervals [4]. In this case, the MRI protocol should consist of at least pre-
and post-contrast T1-weighted (T1W), followed by T2-weighted (T2W) or T2-weighted Fluid
Attenuated Inversion Recovery (T2 FLAIR) [9].

Prognostic factors previously used in the appreciation of OS, are: the performance status of the
patient, the age of the patient, the primary tumor, the extent of extra-cranial disease, the number and
size of BMs, their location and the presence of leptomeningeal disease. The graded prognostic
assessment (GPA) score is also used [10] [11]. The disease specific GPA (DS-GPA) is another scale
where more prognostic factors are taken into consideration depending on the primary tumor [12]
[13]. OS in metastatic brain patient depends on both the intracranial and extracranial containment of
the disease [14]. As we can see, these scales have been extensively used as a prognostic evaluation
method, without taking the imaging characteristics of the lesions into consideration. Only the
dimension and number of lesions are used as imaging criteria in response assessment in neuro-
oncology (RANO) and response evaluation criteria in solid tumors (RECIST 1.1) follow-up methods
[15]. These criteria are implemented in clinical trials to assess BMs response to different therapeutical
strategies [15].

As artificial intelligence (Al) methods and MRI are both continuously evolving, it is safe to
ponder that other morphological features could soon be used as imaging follow-up criteria in patients
with BMs and other brain tumors [16] [17].

Our primary endpoint is to contribute to this process and evaluate the prognostic value of
morphological conventional and functional MRI features of metastatic brain lesions in connection
with the clinical characteristics of BMs patients and their treatment.

2. Materials and Methods

We retrospectively analyzed patients that were diagnosed and treated for BMs in our hospital
from 2019 to 2023. Our study has a single centered observational nature.
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2.1. Patients” Inclusion and Exclusion Criteria

In total 540 cases were analyzed. Patients underwent careful selection after predefined inclusion
and exclusion criteria. Inclusion criteria are:

1. age > 18 years old;

2. patients diagnosed and histopathological confirmed with brain metastases;

3. patients that underwent at least one initial IRM with contrast, before any treatment;

4. Initial MRI protocols consisting of TIW, T2W, T2 FLAIR, susceptibility weighted imaging
(SWI), diffusion-weighted imaging /apparent diffusion coefficient map (DWI/ADC) and contrast
enhanced T1W (CE T1W).

Exclusion criteria are:

5. patients younger than 18 years old;

6. patients with post-operative MRI of single BM as initial imaging data;

7. patients that lacked MRI investigations;

8. incomplete MRI investigations.

After applying the selection criteria, a final number of 109 patients were included in this study.
We then followed their evolution for a period of minimum one month to a maximum of 52.1 months,
our end data being 06/16/2024. The survival time was calculated from the histopathological diagnosis
of BM till the death date or end of follow-up period of the study.

2.2. The MRI Protocol

In order to examine BMs features we used a Signa Explorer General Electric Medical Systems
MRI machine with a field strength of 1.5 Tesla. With the aim of obtaining maximum information on
MRI characteristics, we included sequences such as TIW, CE T1W, T2W, T2W FLAIR, essential for
the diagnosis of BMs [4], as well as SW and DWI/ADC. These sequences are extremely useful in
visualizing tumoral behavior, as “blooming” on SWI represents hemorrhage or vascular signal,
detecting the hemoglobin inside the blood vessels or in the perivascular space, and high DWI signal
with low ADC map values corresponds to high cellular count [18]. As indicated by the EANO-ESMO
guidelines we included 3D post-contrast TIW, acquired at a delay of several minutes [4]. The MRI
acquisition parameters are listed in Table A.1 in the Appendix Al section.

2.3. Data Collection

We extracted two different sets of data: data at the beginning of the study regarding the patients’
status and metastatic burden, and follow-up data represented by the treatment, post-treatment
evolution and OS.

Regarding post-treatment evolution we included post-surgical or radiosurgery complications
like distant brain failure after SRS/SRT, local recurrence after surgery or histological confirmed radio-
necrosis after radiotherapy. Other complications taken into consideration were infections or strokes.

The therapeutical options that have been used are: surgical resection, radiosurgery, WBRT, in
fewer cases CHT and best supportive care (BSC).

To describe the metastatic lesions, we analyzed MRI features as volume, peripheric edema, the
presence of central necrosis or cystic components, restricted diffusion, internal hemorrhage and
localization.

We assessed every single brain lesion from every patient. For example, if a patient had only one
BM at diagnosis, we only described its characteristics. Conversely, if the patient had multiple lesions,
we introduced the features of every secondary lesion present at diagnosis in our database.

The lesions were grouped by the greater diameter value in BMs less than 5 mm, between 5 and
10 mm and equal to or above 10 mm. We estimated the volume of every lesion using the ellipsoidal
method [19].

This approach is similar to RANO-BM or RECIST 1.1 criteria where lesions are separated in
measurable (diameter greater than or equal to 10 mm) and non-measurable (diameter lesser than 10
mm) [20]. The difference is that we calculated the volume of both measurable and non-measurable
BMs, as usually only measurable lesions are further estimated in follow-up MRI investigation, while
the non-measurable ones are noted in presence or absence and number [20].
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2.4. Statistical Analysis

We organized a dedicated database in Excel in order to categorize patient data across three
primary domains: clinical characteristics, MRI-based morphological features, and treatment
protocols.

We separately analyzed prognostic factors that depend on the patient characteristics (age, sex,
comorbidities — diabetes, smoking status, presence of extra-cranial metastases, synchronism of BM
and primary tumor diagnosis, leptomeningeal metastases, complications); the imaging features of the
secondary brain parenchymal lesions (location, type of lesion — solid (with/ without central necrosis),
cystic or mixed, the presence of diffusion restriction, intralesional hemorrhage and peritumoral
edema.

The volume, the number of the BMs, the primary tumors’ nature and treatment options
(including gamma-knife (GK), surgery, WBRT, CHT and BSC) are additional variables that were
examined and consequently included in the final algorithm.

We generated the explanatory data analysis (EDA) for the categorical and numerical variable
[21].

We then used the Kaplan-Meier (KM) method to obtain the survival curve for every attribute
and the log-rank test to appreciate the difference in survival between groups [22][23].

The univariate Cox proportional hazard was furtherly applied for all the significant variables in
the univariate survival analysis, calculating the p-value, the hazard ratio (HR) and the intervals of
confidence (CI) [24]. Multivariate Cox regression analysis was also useful in order to compare
survival rates between groups with similar covariates (treatment, contrast intake type and volume)
[24].

For every test, we considered statistically significant a p-value lesser or equal to 0.05. Log-log
plots of the Cox Regression tests were also generated in order to visually verify the HR assumptions
[24].

2.5. Al Algorithms

Four machine learning (ML) algorithms were implemented in evaluating the prediction of
survival at 6 months (selected as threshold value) from the time of diagnosis. These models were
developed using only processed data, in three different setups: first using only patient data, secondly
including only MRI features and finally the third, assessing both sets of data together.

We trained every algorithm selecting 80% of our real-world data and internally validated them
on the rest of 20% of data. The training data was obtained mainly from patients diagnosed in the first
four years (2019-2023), with a total of 87 patients, the rest of 22 patients, diagnosed in the year 2023-
2024 represents the validation dataset. This method of validation is also known as temporal
validation and lies in between internal and external validation, as new internal data is used [25].

The four machine learning algorithms implemented are:

e  The extreme Gradient Boosting (XGBoost) is a machine learning algorithm particularly well-suited
for imbalanced datasets, as it can handle classes with significantly different frequencies and provide
accurate predictions despite the imbalance [26];

e Neural Network (NN) is a machine learning algorithm that uses mathematical representations of
neurons (being built similarly to how human brain neurons work) suited for complex feature
interactions [27] [28][29];

e  K-nearest neighbor (KNN) is a classification or regression ML model that predicts the value of data
based on the average value calculated from a number of k nearby data points (neighbors) [30];

e Random forest (RF) a largely applied machine learning model that uses multiple decision trees,
considered suitable for heterogeneous datasets due to lower overfit predisposition in small data sets
[31] [32].

2.6. Model and Feature Importance Assessment

We compared the classification power of the four different Al prediction models after their
training and internal validation by calculating specific metrics [33][34]:
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J Accuracy - the capacity of the model to estimate the true positives and true negatives
from the total of true and false negatives and positives;

J Precision — the capability to identify the true positives from the total positives results;

. Specificity — identification of the true negatives from the false positives results and true
negatives;

J Recall or sensitivity — demonstrates the model sensitivity to detecting true positives from
false negatives and true positives;

. F1-score — is the harmonic mean between sensitivity (recall) and precision;

o The time-dependent receiver operating characteristics (ROC) and the aria under the ROC

curve (AUC) summarize the discriminatory capability of the model.

We implemented the Shapley Additive exPlanations (SHAP) method for every model in the
complete data-set (clinical + treatment + MRI morphological data) to attain feature importance [35].
SHAP assesses the degree of contribution of every attribute, by also representing if the variable has
a positive or negative effect on the prediction models, thus making it easier to interpret from a clinical
point of view [35].

2.7. Processing Environment

Python (version 3.13.5) was utilized in order to perform the statistical analysis. The Python
packages used were: '‘pandas’, 'keras', 'scikit-learn’, 'xgboost', ‘shap’ and 'matplotlib'.

3. Results

3.1. Patients’ Characteristics

Our cohort consisted of a total of 109 patients, 38 (34.9%) women and 71 (65.1%) men, with ages
ranging from 21 to 83 years old with a median age of 73 years old.

At the end time of monitoring, 21 of 109 (19.3%) patients were still alive.

The characteristics of the patients included in this study and their implication in OS are listed in
Tables A2 and A3 found in the Appendix A section.

The importance of every variable in survival analysis has been estimated using the log-rank test,
the KM curves of the ones that were significant (log-rank p-value < 0.05) are visible in Figure 1.
Consequently, by applying the univariate Cox proportional hazard model, we calculated the HR, p-
value and CI (Table 1).

Kaplan-Meier Survival Curves by synchronism Kaplan-Meier Survival Curves by multiple_mts

10 ~— synchronism=metachronus 10 — multiple_mts=True

synchronism=synchronus multiple_mts=False

Survival Probability
Survival Probability

o 0 2 0 P 0 [ 10 2 30 40 50
Time (months) Time (months)

(a) (b)
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Figure 1. KM survival curves for clinical data: (a)metachronous vs synchronous BMs, p-value of 0.02; (b)single
vs multiple BMs, p-value of 0.01; (c) presence of extracranial metastases, p-value of 0.04.

The time of BMs diagnosis in relation to the diagnosis of the primary tumors had an important
implication in survival (p=0.02 — log-rank, Figure 1.a). Patients with synchronous diagnosis or
diagnosis of both BMs and primary tumor at the same time, had a poorer prognosis compared to the
patients with a metachronous diagnosis (patient who were already diagnosed with different primary
tumors and had been monitored and treated).

By implementing Cox regression analysis for the synchronous group, we obtained a p-value of
0.02, HR = 1.68 and CI (1.09-2.60) suggesting a higher risk (68%) of death, compared to the
metachronous group. In our cohort, the majority of patients were diagnosed with stage IV tumoral
disease with BMs (synchronous - 63 patients (57.8%) and 46 (42.2%) were already known with
primary tumors, developing BMs later in the evolution of the disease (metachronous).

Table 1. Univariate Cox Regression results for clinical data.

Data HR CI(-95%) CI(95%) p-value
Metachronous (42.2%) Reference Reference Reference Reference
Synchronous (57.8%) 1.68 1.09 2.60 0.02

Single metastasis (49.54%) Reference Reference  Reference Reference
Multiple metastases (50.46%) 1.73 1.13 2.66 0.01
EM?* (38.53%) Reference Reference Reference Reference
No EM* (61.47%) 0.63 0.41 0.97 0.04

*Extracranial metastases.

The number of secondary lesions for patient varied from 1 (single BM) to 30, with a median
number of 2. The number of patients with single BM was 54 (49.54%) and had a greater rate of survival
compared to the 55 (50.46%) patients who had been diagnosed with multiple secondary brain lesions
(p=0.01 by both log-rank and Cox regression, with HR=1.73, CI=1.13-2.66).

The presence of other systemic metastasis at diagnosis has been proved to be important in our
data-set, as there was a significant difference in survival (p=0.03 —log-rank, p=0.04, HR =0.63, CI (0.41-
0.97) - Cox regression) with the longest survival time being of 52 months for patients without systemic
tumoral spread compared to 32 months for the other group.

No difference has been found in survival time using the log-rank method regarding the age of
the patients (less than 65 years old compared to more than 65 years old, p-value of 0.4), the sex of the
patients (p=0.1), the type of primary tumor, the presence of diabetes (p=0.47), the smoker status
(p=0.41), leptomeningeal involvement (p=0.98) or other post-treatment local complications (p=0.59).

3.2. Metastatic MRI Features
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In total we analyzed the MRI morphology of 370 secondary brain lesions from the 109 patients
included in the study. The characteristics of the secondary brain lesions are listed in Table A4 in the
Appendix A section along with the EDA for OS.

The importance of the morphological MRI features in survival analysis has been estimated with
the log-rank test (Figure 2). Using the univariate and multivariate Cox proportional hazard method,
we calculated the importance in the prediction of OS for every variable (Table 2).

The presence of internal vascularization has a statistically significant effect on the survival
prognosis, with a p-value of 0.03 -log-rank, p=0.01, HR=0.72 (CI =0.56 to 0.94) in the Cox regression
model.

Because the two KM curves comparing the non-vascular group (94 metastases — 25.4%) and the
neovascularized one (276 lesions — 74.6%) cross at 20 months and again after 35 months of follow-up,
interpreting these results can be challenging. Neovascularization can be seen as a protective factor
(HR<1), as the probability of being alive is higher in the neovascularized lesions group than in the
other one.

Another surprising result was the p-value <0.005 (log-rank), p=0.0006, HR=0.59 (CI=0.44-0.8) Cox
Regression, for internal bleeding, suggesting tumoral hemorrhage in small quantities (we mostly
observed microbleeds lesions in the tumoral tissue) might be associated with better outcomes.

The 68 (18.38%) lesions with internal hemorrhage showed better survival rates at any time
compared with the other 302 metastatic tumors (81.62%) (see Figure 2b).
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(e) f)

Figure 2. KM survival curves for MRI features and log-rank p-values: (a) presence of internal neo-
vascularization, p-value of 0.03; (b) presence of internal bleeding, p-value <0.005; (c) presence of peripheric
edema, p-value <0.005; (d) presence of restricted diffusion of tumor, p-value <0.005; (e) contrast intake
(multivariate Cox Regression — see p-values in Table 5); (f) metastatic diameter (multivariate Cox Regression see
p-values in Table 2).

The presence of peripheric edema is also associated with a better prognosis compared to the
group that showed no edema, with a p-value <0.005 (log-rank), p=0.01x10-%, HR=0.53 (CI=0.42 - 0.67)
Cox regression.

Restricted diffusion is associated, in case of malignant tumors, with a great cellular count
suggesting a dense neoplastic tissue. Our results strongly suggest that cellularity is correlated with a
lesser probability of survival (p<0.005 - log-rank, p=0.03x103, HR=1.59, CI=1.27-1.98 — Cox regression).

For the first 25 months (1 year and 1 month), diffusion restriction lesions had a worse prognosis
compared to less dense metastases. But, surprisingly, after the 25 months the curves overlap and
interchange, suggesting that later in their evolution, BMs have a similar prognosis, independent of
cellularity.

The implications of these results are further explained in the Discussion section.

Table 2. Univariate and multivariate Cox Regression results for MRI features.

Feature HR CI (-95%) CI (95%) p-value
No vascularization (74.6%) Reference Reference Reference  Reference
Vascularization (25.6%) 0.72 0.56 0.94 0.01
No hemorrhage (81.62%) Reference Reference Reference  Reference
Hemorrhage (18.28%) 0.59 0.44 0.8 0.0006
No edema (43.51%) Reference Reference Reference  Reference
Edema (56.48%) 0.53 0.42 0.67 1x107
No diffusion (48.38%) Reference Reference Reference  Reference
Diffusion (51.62%) 1.59 1.27 1.98 3x105
Cystic (25.2%) Reference Reference Reference  Reference
Mixt (8.6%) 0.39 0.26 0.6 1x105
Solid (28.9%) 0.37 0.27 0.5 7x10-1
Solid with necrosis (37.3%) 0.33 0.25 0.44 2x10-14
Diameter <5 (72.5%) Reference Reference Reference = Reference
>=5 and <10 (6.5%) 0.81 0.44 1.11 0.1
>=10 (21%) 0.7 0.47 0.84 1x103

The contrast intake type was also assessed, and the lesion were classified into solid, with (138 —
37.3%) or without central necrosis (107 — 37.3%), cystic (93 — 25.2%) or mixed lesions (32 -8.6%); cystic
lesions had the worst prognosis compared to the other three types: every other contrast intake type
had a HR<1 in the first 25 months, with a lower risk of premature death (Table 2), thus a better
survival rate (Figure 2.e).

Regarding the lesions’ dimensions, the majority of BMs (268 in total) had the maximum diameter
lesser than 5 mm (72.5%), only 78 (21%) having diameters greater than or equal to 10 mm.

A significant difference was found between the three groups, with better survival rate for lesions
with a diameter equal or greater than 10 mm (p=0.001, HR=0.70, CI=0.47-0.84 — multivariate Cox
regression — Table 2).

Table A5 and A6 in the Appendix A section, show the number, diameters (mm) and volumes
(cm?3) of the BMs.

Additional morphological features, including anatomical localization (supratentorial vs.
infratentorial) and hemispheric laterality (left vs. right), did not reach statistical significance.

3.3. Treatment Options

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Regarding the treatment options, they varied due to changes in therapy protocols and
availability at our hospital. Patients diagnosed from 2019 to 2022 were mainly surgically treated (99
patients in total — 90.8%); beginning with the year 2022, the majority of the patients has been also
treated with gamma knife (GK) SRT (22 patients — 20.2%).

Table A7 (in the Appendix A section) depicts the number of patients treated with the different
methods and their OS time in months.

To summarize, 22 of the cases that were surgically treated (99/109), also received GK therapy.
The SRS/SRT protocols differed as follows:

e  10received adjuvant SRT;

e  other 5 patients previously underwent adjuvant WBRT (here SRT was used as secondary treatment
after relapse);

e in 3 cases, GK was performed before and after the surgery;

e 4 cases where only neoadjuvant GK was performed, with the administration of one radiotherapy
session one day before surgery.

The most used adjuvant SRT protocol consisted of the administration of 30 Gy in three different
fractions of 10 Gy at an interval of two weeks, beginning 1 mouth after surgical intervention.

Of the rest of WBRT treated patients, 3 underwent radiotherapy after the surgical resection and
only one 1 was treated by WBRT alone. In total 9 patients were treated with WBRT. CHT was an
option for only 13 patients, that benefitted from other therapies as well. Only 6 patients were followed
with BSC and symptomatic therapy management.

The importance of treatment choice in survival analysis has been estimated using the log-rank
test (Figure 3). Consequently, the univariate and multivariate Cox Regression results for every
treatment option can be observed in Table 3.

Kaplan-Meier Survival Curves by  treatment
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Figure 3. KM survival curves for treatment options compared to BSC and log-rank p-values: CHT p-value of
0.05; surgery p-value of 0.01; GK p-value <0.005; WBRT p-value of 0.03.

Every treatment choice is significant in improving OS in BMs patients, as shown in Figure 3,
with a p-value calculated with log-rank test of 0.05 for CHT, 0.01 for surgery, 0.03 for WBRT and a p-
value < 0.005 for GK.

Both in the univariate and multivariate Cox regression analysis (exception CHT with univariate
p-value of 0.055), every treatment option reached a better prognosis compared to BSC only, with
HR<1 and significant p-values (<0.05).

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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In Figure 3 we can see that the WBRT KM survival curve is the first one to have similar OS
appreciation values as BSC after just 14 months; following are surgery and CHT at approximatively
24 months.

Of the four treatment types, GK maintains a survival probability of 35% for over 50 months,
longer than the other groups. In this group, we had different therapeutical strategies that were
tailored to specific situations, even so, the SRS/SRT patients had the best survival rate indifferent of
the timing of radiation, compared to surgery alone.

Table 3. Univariate and multivariate Cox Regression results for treatment options.

T Univariate Multivariate
reatment HR  CI(-95%) CI (95%) p-value HR CI (-95%) CI (95%) p-value
BSC (6) Reference ReferenceReferenceReferenceReferenceReferenceReferenceReference
CHT (13) 0.52 0.27 1.02 0.055 0.37 0.24 0.57 4x10-
Surgery (99) 04 0.2 0.78 0.01 0.2 0.32 0.73 5x10-26
SRT (GK) (22) 0.31 0.16 0.63 <0.005 0.48 0.16 0.36 5x10+4
WBRT (9) 0.37 0.15 0.91 0.03 0.25 0.15 0.27 3x10-12

3.4. Prediction Performance of AI Models

For the training of the four ML models, we used 80% of our data, selecting the patients from
2019 till the end of 2023 (87 patients total —79.8%). For the temporary validation, the rest of 22 patients
(20.2%) diagnosed from 2023 to 2024 have been used as new data.

We chose the features that were significant in the survival analysis effectuated with log-rank and
Cox Regression and used them in the model creation as well.

For the clinical dataset we used these variables: ‘synchronism’, the number of lesions, the
presence of systemic secondary lesions and the treatment (‘{CHT’, ‘surgery’, “‘WBRT’, ‘GK’ and ‘BSC’).
The MRI morphological dataset was composed by the presence of ‘vascularization’, ‘hemorrhage’,
‘peripheric edema’, ‘restricted diffusion’, the type of contrast intake and the volume of lesions
expressed in cm?. Regarding number and volume of lesions we opted to include numerical values as
opposed to categorial ones, in order to appreciate the continuity of the data and its effect on survival.

We analyzed the performance parameters of the prediction models, first by only including
clinical data (Figure B.1 found in Appendix B), secondly with only MRI morphological data (Figure
B.2 found in Appendix B) and, finally both sets of data at once, visible in the heatmap Figure B.3
found in Appendix B.

With regard to the clinical data (Figure B.1), the models performed the poorest with low accuracy
(54% for XGBoost, 54% for RF, 50% - KNN and 36% NN), very low specificity (16% XGBoost, 33% RF,
16% - KNN and 33% for NN); slightly better precision (68% XGBoost, 71% RF, 66% KNN and 60%
NN); low sensitivity (recall) (68% XGBoost, 62% RF, 62% KNN and 37% NN), low F1-score (68%
XGBoost, 66% RF, 64% KNN and 46% NN), and poor AUC (0.54 XGBoost, 0.54 RF, 0.45 KNN and
0.30 NN). The overall best model in this scenario was XGBoost, but itself with poor discrimination
power and very low specificity.

In the MRI features dataset (Figure B.2), the models performed similarly to the first case. RF was
the best prediction model with low accuracy (75%), moderate specificity (83%); poor precision (69%),
recall (61%), F1-score (65%) and AUC of 0.73. The other models obtained lower values, except for
sensitivity (recall) with a value of 77% for the XGBoost model and of 91% for the NN model.

After training the ML models on both sets of data, we obtained different results regarding the
models’ classification power, the AUC values achieved by every program are presented in Figure 4.

Models that displayed greater accuracy than the Random Classifier are NN and XGBoost with
an excellent discriminatory power (AUC) of 0.93 and respectively 0.90. The other two models, KNN
and RF had a poor discriminatory power with an AUC of 0.61, respectively 0.58.
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ROC Curves Comparison (Per MTS + Patient Models)
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Figure 4. AUC for every model after training on both clinical and morphological data.

In Figure B3 from Appendix B, the other metrics are also displayed.

NN proved to be the most performant model of the four, with an accuracy of 86%, precision of
82%, specificity of 88%, recall of 83%, Fl-score of 82% and an AUC of 0.93 (with excellent
discrimination).

XGBoost follows the NN model with an accuracy of 68%, precision of 67%, specificity of 28%,
recall of 92%, F1-score of 78% and an AUC of 0.90. KNN was the model that obtained the next best
results, with an accuracy of 67%, precision of 68%, specificity of 34%, recall of 87%, Fl-score of 76%
and an AUC of 0.61 with lower discrimination.

The least performant model was RF, displaying the lowest metrics: accuracy of 63%, precision
of 68%, specificity of 42%, recall of 75%, F1-score of 71% and an AUC of 0.58 with poor discrimination.

3.5. Model Interpretability

With the aim of identifying the most important features and their implication on survival, we
implemented SHAP for every model. As NN was the most performant one in the last case (all
variables included) we opted to show the feature importance in BMs survival prediction for the NN
model (Figure 4).

As it is shown in the SHAP heatmap, the volume of the lesions has the greatest impact on
survival as follows: greater volumes are associated with poor prognosis. The number of lesions is
also associated with a negative impact on survival, as numerous BMs mostly correspond to negative
values on the impact ax; with a cluster of patients of numerous lesions associated with positive impact
(seen in Figure 4 as numerous bright pink dots).

Another morphological feature associated with greater overall-survival is the presence of a solid
portion of the lesions that has contrast intake (pink dots); in opposition to cystic or mixed lesions
(blue dots) that are associated with poor survival.

Other MRI features found to be valuable in the model prediction are the presence of internal
vascularization and restricted diffusion that are associated with a poor prognosis, and hemorrhage
that seems to be more of a good prognosis factor.
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Figure 5. SHAP showing feature relevance using clinical and MRI morphological data for the NN model.

Even though the presence of extracerebral metastases and the synchronous had been selected by
SHAP in the NN model, their implication in survival prediction is low, as both are really close to the
zero value on the impact ax.

Concerning treatment methods, WBRT and GK are greatly associated with positive values,
having thus, a positive impact on the prediction model.

4. Discussion
4.1. Log-Rank and Cox Regression Results’ Implications

Regarding clinical characteristics, only a limited number of variables emerged as significant
prognostic indicators for survival: the presence of extracerebral metastases, the synchronous
presentation and multiple brain lesions. The high number of BMs and the presence of extracerebral
metastases are poor prognostic factors that are already used in different clinical sets, being included
in prognostic tools assessment, like GPA [12].

The chronological interval between the primary tumor diagnosis and the detection of brain
involvement was identified as a critical determinant of OS.

In the case of synchronic diagnosis of the primary tumor and the BMs, the local development
and systemic spread of cancer have already taken place as involvement of brain parenchyma occurs
later in extracranial neoplasia. While in the case of a metachronous diagnosis of BMS, the patient is
known with a primary tumor, treated and in certain cases even screened for the onset of BM,
benefitting the patients and ensuring a longer OS [1]. Other studies reached similar conclusions and
sustain that time of diagnosis might be an important prognosis factor [6]. However, synchronous
diagnosis should not be the reason to avoid performing a surgical resection of BM, as Potthoff et al.
found that there was no difference in survival after surgical removal between the two groups [36].

Although the nature of the primary tumors has been assessed, none was specifically more
aggressive than others in our cohort of patients. Only melanoma metastases showed a poor but not
significative effect on OS (p=0.07, log-rank). Melanoma patients had the shorter OS, with a median
survival of 4 months, in agreement to other findings [1].

Including the MRI features gave our work more robustness in OS appreciation. Nonetheless, the
focus over the MRI aspects of every secondary lesion of every patient is a novel approach, as the
majority of the studies priorly conducted used clinical data only [6].

Of the variables that we included, the peripheric edema, the presence of internal hemorrhage
and vascularization, diffusion restriction, the type of contrast intake and the volume were the most
important features.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202602.1448.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 February 2026 d0i:10.20944/preprints202602.1448.v1

13 of 24

The presence of vascularization and hemorrhage could be the result of a visible blood-brain
barrier rupture (microhemorrhages) that ensured a better response to local or systemic treatment.
Another theory could be that blooming on SWI has been wrongly assessed as of vascular nature
instead of calcification. This could be avoided by introducing a native computer tomography
examination of the same patients, priory to treatment, as the values in Hounsfield units for
calcification are considerably higher than the ones suggesting hemorrhage [37]. Finally, another
plausible reason could be the existence of some king of interrelation between different variables that
can alter the results.

As formerly stated, the presence of restricted diffusion in any brain tumor is associated with
worse outcomes; by its nature high tumoral cellularity is linked with an aggressive behavior and poor
OS [38]. As an extent, restricted diffusion in BMs is considered a poor prognosis factor. Our results
confirm the presence of restricted diffusion being associated with a worse prognosis (p<0.005 log-
rank and Cox Regression).

Regarding the tumoral edema, edematous BMs have a better prognosis, mostly because edema
suggests the presence of the lesion, even if its diameter in lesser than 5 mm, thus making it visible.
Edematous lesions may also have a slower growth rate, slowly compressing the adjacent brain
parenchyma without invasion. The presence of edema may also cause nonspecific symptoms like
intracranial hypertension, rushing the imaging detection of the tumors and consequently early
treatment.

An additional feature of growing clinical interest is the difference between perilesional edema
and tumoral brain invasion, as the latter corresponds to aggressive tumors like glioblastoma [39]. In
this case restricted diffusion and diffusion tensor imaging could make a difference by the early
identification of brain parenchyma invasion and consequently being able to opt for a more
appropriate treatment [39] [40]. In regard to BMs, this differentiation is yet to be pursued, as they are
less prone to invade the adjacent brain parenchyma than the aggressive primary tumors [38].
Although diffuse infiltration may also be seen in more aggressive BMs [41].

Compared to the other contrast intake types, the cystic lesions had the poorer prognosis,
suggesting that treatment protocols that are commonly used in BMs are less suitable for this type of
lesion. Cystic lesions are also known to be more resistant to radiotherapy [2]. This resides in the fact
that in a fluid-filled lesion, SRT can only be effective on the walls of the lesion as the cyst can contain
cellular debrides and other residues, but not viable tumoral cells. In one study that assessed
morphological MRI and volumetric data, the thickness of the rim was predictive of better
progression-free survival [14].

Regarding the number of secondary brain lesions and their volumes, we can safely sustain that
there is an inversely proportional relation between them in our cohort: a patient with numerous
lesions, also has smaller lesions and a patient with fewer BMs features greater lesions (see Tables A5
and A6 in the Appendix A).

We found that single lesions have better OS and thus lesions with greater diameters obtained
better OS as well in the survival analysis. A reason could be that surgical removal of BM before SRT
in single lesion or oligometastatic disease (less than 5 lesions), is a protective factor even in bigger
lesions (>2 cm diameter) compared to SRT alone [42]. In our case, all the patients that benefitted from
GK (22/109) were also surgically treated. These patients were the ones with a single lesion (10/22) or
oligometastatic disease (8/22); other 4 patients had a number of lesions greater than or equal to 5, but
lesser than 10.

The survival analysis was useful in order to identify the best treatment choices from the ones
that have been used. This was possible by comparing the OS in different treatment groups. Results
strongly suggest that every treatment provides better OS than BSC. The one that showed a steady
protective HR value over time (after 25 months) was GK.

This approach seems to be the best one in the case of single or oligometastatic disease: surgery
and adjuvant SRT on the resected area. In a single center study, the volume of the lesions was
correlated with greater local recurrence and central necrosis rates after SRT or WBRT [42]. Even so,
they also clarified that this was not the case when SRT and WBRT were preceded by local surgical
resection [42].
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The superiority of the protocol resides in the fact that it is more effective to irradiate the
remaining postoperative area than the entire lesion; with a lesser total volume to irradiated and thus
greater allowed doses that consequently lower the rate of local recurrence. This protocol could also
be useful in better SRT control over previously surgically depleted cystic lesions [4].

The inclusion of patients with more than 5 lesions in SRT protocols is yet to be decided,
nevertheless numerous studies found that patients with 5 to 10 BMs, or in some cases even more than
10, could benefit from radiotherapy with improved OS [43][44].

4.2. ML Models Results’ Implications

Using the same four models for three different situations enabled us to compare them not only
by specific metrics but also depending on the data that was submitted.

When both sets of data, containing clinical and treatment protocol information, together with
MRI features were evaluated, every model had a better performance status than in analyzing the two
sets of data separately.

The analysis of only clinical data obtained the worst outcomes and the models were the least
performant in OS prediction, the best one being RF (see Figure B1 in Appendix B).

The assessment of only MRI features along with treatment protocols allowed the models to
achieve better results, but still not competitive enough (see Figure B2 in Appendix B)

The addition of MRI features to the clinical ones has proven to boost the prediction of OS by the
ML models, with greater metrics values and better discrimination (see Figure B3 in Appendix B). In
this case, NN was the model that obtained the greater prediction values and discriminatory power
(AUC=0.93).

Regarding feature importance, the SHAP analysis easily identified the more relevant ones and
their clinical implication in OS (see Figure 4).

The clinical features that were selected are number of lesions and presence of systemic
metastases, in correlation with the survival analysis. These two factors are already part of different
prognostic appreciation and risk stratification scales [3]. Synchronism was also selected with poor
prognostic value. In some studies, synchronic diagnosis is younger patients is correlated with longer
survival compared to metachronous diagnosis in patients over 65 years of age [1].

Other clinical characteristics did not reach significance: age, sex, diabetes or smoker status. Also,
the presence of leptomeningeal involvement did not affect survival, in contradiction with other
findings, as leptomeningeal metastases are known to be an independent poor prognosis factor in OS
[45][46].

As a result of the partly retrospective nature of the study, missing data is one weakness of this
kind of research and the Karnovsky score was missing data. Its prognostic value has long been
demonstrated by numerous studies and it is currently used, alone or in prognostic scales for the
stratification of the patients’ risk and the determination of the treatment option.

There are however studies which did not find a correlation between the GPA score and OS [14].
Other studies found that GPA had a limited precision of prognostic estimation, of only 3-6 months
[11]. Considering that the OS of metastatic patients is getting longer because of the improvement of
treatment protocols [47], new and more comprehensive prognostic scores should be developed in
order to be used on a longer period of time.

Of the different protocols, GK and WBRT have been selected as protective factors by both the
survival analysis and the prediction model NN, with GK being associated with longer survival. This
conclusion is in accordance with other studies on OS [48].

The MRI features that obtained importance are: volume of lesions, contrast intake type (solid
with/ without central necrosis versus cystic and mixt), vascularization, hemorrhage and restricted
diffusion.

Recent studies consider total volume of BMs is more important in OS prediction than number of
lesions [41]. In the case of SRT, for example, the total volume of the lesions can be more relevant than
the number because the allowed irradiation dose is inversely related to the total volume of the lesions
[2][7]. Other studies found the median volume and size of the lesions as an important prognostic
factor in BMs from different primary tumors [49] [31].
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The NN and RF models sustained the survival analysis findings in which restricted diffusion is
associated with poor prognosis. Other studies comparing different types of BMs found that restricted
diffusion can differentiate SCLC metastases from NSCLC, as SCLC showed greater cellularity and
worse prognosis, despite being more radiosensitive [50][51].

All the models found that the presence of a cystic component in the cystic and mixt types of BMs
was associated with poor prognosis comparative to solid lesions [2].

The presence of internal vascularization was also found to be of importance, having a negative
impact on OS by the NN and RF models. Contrary to vascularization, the presence of
microhemorrhages was found to be positively correlated with survival by the NN model. This finding
is in contradiction with general knowledge regarding internal tumoral bleeding, that is often
correlated to hemorrhagic BMs with poor prognosis (melanoma) [1].

Possible reasons for such results are previously explained. Additionally, because metastatic MRI
features are less explored comparative to primary brain tumors, there is insufficient data to have
pertinent conclusions and also a limited number of studies to compare our results with. Thus, the
need to further explore how internal hemorrhage and blood-brain barrier integrity could affect local
treatment outcomes, remains of great importance.

All the ML algorithms performed better when MRI features were added to clinical and treatment
data, in predicting OS at 6 months. These findings, once again emphasize on the need of developing
models that include morphological MRI characteristics of BMs that can further contribute to clinical
decision making.

4.2. Limitations

Because all the patients included in this study were admitted at diagnosis in a neurosurgery
hospital, all of them had different neurological symptoms. This can be viewed as a selection bias, as
no asymptomatic patients were included in the study. Likewise, the fact that we included only
histologically confirmed patients can also be seen as a selection bias, as multiple patients were
excluded from our study; however, this was a critical step in order to ensure the quality of our data
and also the possibility to evaluate the prognostic value of the nature of the primary tumor.

The Karnovsky score was not included in our study as a prognostic factor because it was missing
data.

Although the quality of the data is satisfactory, the number of patients and secondary lesions
could also poorly affect the ML models, as they are known to operate on more sustainable data.

To minimize overfitting, we carefully selected the features implemented, as feature selection is
the first step in ensuring a model’s clarity. We also implemented a recursive feature elimination with
grid search cross-validation to find the best feature combination and hyperparameters for each
model, with feature scaling. The temporal validation of the four models is another limitation of the
study, as external validation is usually superior.

5. Conclusions

Our results confirm that including morphological MRI features of BMs in the prediction of OS
significantly contributes to the enhancement of ML algorithms prediction and discriminatory
capacity.

Of the significant variables, a high number of BMs, greater volumes, restricted diffusion, internal
vascularization, the presence of a cystic component, extracranial metastasis and synchronism are
found to be poor prognostic factors; on the other hand, lesser volume, single lesions, solid
enhancement and radiotherapy were found to be good prognostic factors. The best treatment
protocol is yet to be decided, our results suggest that surgery followed by SRT is the best choice for
single lesions or oligometastatic disease.

This study could contribute in predefine important MRI metastatic features in future research
regarding survival and prognostic appreciation, with the aim to include novel MRI prognostic factors
in clinical practice to ensure a personalized approach in BMs management.
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Abbreviations

The following abbreviations are used in this manuscript:

BM(s) Brain Metastasis

(O8] Overall Survival

WBRT Whole Brain Radiotherapy

SRS Stereotactic Radio-Surgery

SRT Fractionated Radiotherapy

CHT Chemotherapy

MRI Magnetic Resonance Imaging
TIW T1-wheigthed

T2W T2-wheighted

T2W FLAIR T2-wheighted Fluid Attenuated Inversion Recovery
GPA Graded Prognostic Assessment
DS-GPA Disease Specific GPA

RANO Response Assessment in Neuro-Oncology
RECIST Response Evaluation Criteria in Solid Tumors
Al Artificial Intelligence

SWI Susceptibility Weighted Imaging
DWI Diffusion-weighted Imaging
ADC Apparent Diffusion Coefficient
CETIW Contrast-enhanced T1-wheigthed
BSC Best Supportive Care

GK Gamma-knife

EDA Explanatory Data Analysis

KM Kaplan-Meier

HR Hazard Ratio

CI Intervals Of Confidence

ML Machine Learning

XGBoost Extreme Gradient Boosting

NN Neural Network

KNN K-Nearest Neighbor

RF Random Forest

ROC Receiver Operating Characteristics
AUC Aria Under the ROC Curve
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SHAP Shapley Additive Explanations

Appendix A

The MRI acquisition parameters differ for every sequence (see Table Al), the echo number is
equal to 1, and the matrix is 256/256 for DWI/ADC and 512/512 for the other sequences.

Table A1l. Parameter acquisition for every MRI sequence.

Slice thickness

Sequence (mum) Spacing (mm)  TE*(s) TR**(s)
TIW 1.8-2 0.8-1 3.5-4.2 8-9.6
T2W 4-5 5 104-110 4101-6215

T2W FLAIR 1.2-1.8 0.6-0.8 119-300 4800-7002
DWI 4-5 4-6 83.59-84.5 4600-8201
ADC 4-5 4-6 83.59-84.5 4600-8201
SWI 3 1-1.5 ~49 52-79

CE T1IW 1-1.8 0.8-1 3.5-4.2 8-9.2

* Time to echo; ** Repetition time.

The characteristics of our dataset is visible in Table A2, where we can find the age at diagnosis,
sex, nature of primary tumor, synchronism, number of lesions and other comorbidities. Note that age
at diagnosis was further analyzed as numerical data in Table A3.

Table A2. Patients’ characteristics and survival time in months (EDA).

o,
Characteristic Number/ Mean SD* Min 25% 50 ,/0 75% Max
Type time (median)
g fssg'g; /()41 986 1004 046 353 646 1283 509
Age at diagnosis <65 y'o 0(68
o 11.2 10. . . . 15. 2.1
_ 62.4%) 6 0.36 0.5 3.99 8.8 5.56 5
M(71- 10.12 10.76 0.46 3.1 6.7 13.06 52.1
65.1%)
Sex F (38 -
11. 1 . 4.1 11.31 17. .
34.9%) 83 9.15 0.5 8 3 39 35.53
NSCLC (55
_50.46%) 11.10 10.22 0.46 4.46 8.1 14.38 50.9
SCLC (7 -
24 . . . 7 11.01 15.
6.43%) 6 6.39 0.6 0.88 3.73 0 5.56
Breast (14 -
12.84%) 16.21 11.02 0.96 7.91 14.11 22.57 35.53
Primary tumor D80 906 591 143 431 7 111 186
— 6.43%)
Melanoma ¢ 756 136 188 458 7 276
(12— 11%) : : . : . .
Other (10 —
12.63 14.88 1.83 421 6.71 14.06 52.1
9.17%) 0
Unknown
. . . 2.87 . 104 13.1
(4-3.67%) 6.69 5.66 0.5 8 6.58 0 3

Synchronous 63 (57.8%)  8.45 8.38 0.5 3.31 6.2 10.41 52.1

Metachronous 46 (42.2%) 13.87 11.67 0.46 4.23 12.43 20.05 50.9
Number of Single (54 -
metastases 49.54%)

12.77 11.7 0.46 4.6 8.8 18.45 52.1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202602.1448.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 February 2026

d0i:10.20944/preprints202602.1448.v1

18 of 24
Multiple (55
7 14 . 1 4 124 45.1
_ 50.46%) 8.75 8 0.5 3 6.46 2.48 5.16
YesGl= 4107 1145 046 251 79 143 521
i 28.44%)
No (78 - 10.6 9.76 0.83 3.77 7.53 14.01 50.9
71.56%) . . . . . . .
Yes (42 -
2 7.2 . 2 74 12. 1
Extracranial 38.53%) ? ? 05 3:25 3 % 3
metastases No (67 -
61.47%) 12 11.67 0.46 4.1 8.03 15.56 52.1
Yle; él /7)" 891 885 093 353 7 1066 3553
Diabetes No' ( 95 ~
84.4%) 11.07 10.46 0.46 3.65 8.08 14.9 52.1
Sniolkze; §13 109 1118 060 513 97 1303 4516
Smoker status ’
(declaratively) Non-
y smoker (96 10.72 10.14 0.46 3.42 7.05 14.9 52.1
— 88%)
Y2e6s 220/9)_ 1073 1166 046 303 526 1476 509
Complications No' ( 85 -
73.4%) 10.74 9.72 0.5 3.95 8 14 52.1
*Standard deviation, ** Leptomeningeal metastasis.
Table A3. Patients” age (numerical values) and survival time in months (EDA).
. . Mean .
Age at diagnosis Number time SD* Min 25% 50% 75% Max
<40 5 (4.6%) 13.52  10.26 1.5 6.56 12.93 19.03 27.6
40-50 12 (11%) 8.83 6.47 1.43 3.74 8.78 12.39 21
50-60 29 (26.5%) 11.82 11.52 0.5 3.1 10.36 17.86 52.1
60-70 52 (48%) 1098  10.81 0.46 3.65 7.5 13.35 50.9
70-80 10 (9%) 8.24 6.84 0.86 4.35 6.73 9.85 23.4
>80 1 (0.9%) 0.6 - 0.6 0.6 0.6 0.6 0.6

*Standard deviation, ** Leptomeningeal metastasis.

For the MRI features of secondary lesions, an EDA was also performed, visible in Table A4. In
this case survival was appreciated taking into regard imaging characteristics of every secondary
lesion for every patient.

Table A4. MRI features analyzed for every BM and survival in months (EDA).

MRI features Number/  Mean o, ypo o5 50%  75%  Max
Type time

Yes (94 -

Internal gy 0¥ 865 083 268 705 131 521
larizati No (276 —

vasctiarization 0276= ;95 819 046 08 58 1239 509

74.6%)

Yes (68 -

1156 10.81 . 427 7 147 1

Internal 18.38%) %6 08 06 2 ? 6 52

hemorrhage No (302 -

7. 7.4 4 . 7 123 451

81.62%) 55 8 046 086 576 3 4516
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Solid (107 —
44 754 . 4. 101 12 45.1
289%) 5 0.5 03 0 266  45.16
Solid with
_ necrosis (138 10.08 797 05 383 808 1298 4516
Contrast intake
—37.3%)
type Cystic (93 -
a0y 391 755 083 08 08 11 509
MXEG2= g3 1016 046 244 678 1277 521
8.6%)
Yes09- 4007 956 046 303 796 1413 521
56.48%)
Edema No (161 -
w572 541 05 083 403 1036 229
Y;félzg;)_ 670 867 046 083 3.1 99 521
Diffusion restriction No' ( 17; ~
ssasy 0% 76105 403 101 1266 4516
<5 mm (268 -
msv 767 77405 08 58 123 4516
Between 5
Greater diameter and 10 mm  9.65 7.26 0.6 3.51 7.11 14.96 23.96
(24 - 6.5%)
AAOmm 8- 500 1018 046 305 698 1308 521
21%)
Supratentorial g\, g3 046 093 646 1266 521
) (275 -74.3%) ' ' ' ' ' '
Site .
Infratentorial

777 741 0.5 183 553 1096 3553
(95 — 25.7%)

* Standard deviation.

Because the volume of the BMs turns out to be very important in OS estimation, the following
tables, Table A5 and A6 contain supplementary information about relations between size (diameter
and volume) and number of secondary lesions.

Table A5. Diameters (mm) and volumes (cm3) of BMs (EDA).

Greater diameter of BMs Mean SD* Min 25% 50% 75% Max
BMs (mm) volume volume volume
<5 268 (72.5%) 0.75 1.08 0.03 0.05 0.2 0.9 4.92
>=5 and <10 24 (6.5%) 7.23 1.61 5.04 5.61 6.82 8.74 9.4
>=10 78 (21%) 31.7 2155 10.13 16.9 26.03 37.01 121.23

* Standard deviation.

Table A6. Total number of BMs per patient and volumes (cm?) of BMs (EDA).

Total number of BMs Patients Mean SD* Min 25% 50% 75% Max
volume volume volume
1 54 (49.5%) 27.66 25.89 1.67 8.78 19.47 3699 121.23

1-5 42 (38.5%) 6.9 5.91 0.03 1.77 5.87 10.85 25.58

>5 13 (12%) 3.43 2.12 0.70 1.91 3.42 5.13 7.65

* Standard deviation.

The last table in this Appendix is dedicated to treatment protocols used in our cohort and their
implication in OS. Table A7 delivers an overview of treatment choice over survival.
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Table A7. Treatment options and their OS (months).
Treatment Number/ Mean SD* Min 25% 50% 75% Max
Type time
Yelsz(/l? T 1865 1403 463 696 123 2443 509
Chemotherapy No ( 90 6
© 967 911 046 309 685 1324 521
88%)
Ygeos éf/g)' 1127 1047 046 388 806 1503 521
Surgery No'(l(c)) -
542 486 06 121 43 766 1396
9.1%)
Yzeg g/z)_ 1444 109 136 965 1253 1596 509
SRT (GK) No. (8; g
osy 08 98 046 305 62 1335 s
Yes (9-83%) 1945 1469 41 1206 131 214 509
WEBRT Ngol(;go)— 995 943 046 31 683 1374 511

* Standard deviation.

Appendix B

In this Appendix we included two heatmaps representing the metric of the ML models used in
the appreciation of prognosis at 6 months for BMs patients, in the case of only using clinical data
(Figure B1), in the case of using only morphological MRI data (Figure B2) and both sets of data (Figure

B3).
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Figure B1. Heatmap showing prediction performance using only clinical data.
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Figure B2. Heatmap showing prediction performance using only MRI morphological data.
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Figure B3. Heatmap showing prediction performance using only MRI morphological dat.
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