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Abstract: This study assesses the predictive performance of six machine learning models in
forecasting tumor dynamics within three months following Gamma Knife Radiosurgery (GKRS) in
77 brain metastasis (BM) patients. The analysis meticulously evaluates each model before and after
hyperparameter tuning, utilizing accuracy, AUC and other metrics derived from confusion
matrices. Initial findings highlighted that XGBoost significantly outperformed other models with
an accuracy of 0.95 and an AUC of 0.95 before tuning. Post-tuning, the Support Vector Machine
(SVM) demonstrated the most substantial improvement, achieving an accuracy of 0.98 and an AUC
of 0.98. Conversely, XGBoost showed a decline in performance after tuning, indicating potential
overfitting. The study also explores feature importance across models, noting that features like
“control at one year”, “age of the patient”, and “beam on time for volume V1 treated”, were
consistently influential across various models, albeit their impacts were interpreted differently
depending on the model’s underlying mechanics. This comprehensive evaluation not only
underscores the importance of model selection and hyperparameter tuning but also highlights the
practical implications in medical diagnostic scenarios, where the accuracy of positive predictions
can be crucial.

Keywords: gamma knife radiosurgery (GKRS); brain metastasis; tumor dynamics forecasting;
machine learning models; feature importance

1. Introduction

Brain metastases (BM), often referred to as secondary brain cancers, pose significant treatment
dilemmas and urgently need strategies to lessen the impact on those diagnosed [1]. There's an
increasing incidence of BM, likely influenced by improvements in conventional therapies like
surgery, radiation, and chemotherapy, which have led to longer survival rates for patients. Without
any medical interventions, people with BM usually face a median survival time of approximately 2
months after their diagnosis, especially when the disease affects the central nervous system [2]. The
advent of targeted treatment methods, such as gamma knife radiosurgery (GKRS), is becoming a
preferred approach for BM management due to its ability to better target tumors locally with fewer
side effects compared to traditional whole brain radiation therapy, and its effectiveness is on par with
that of surgical removal [3-6]. However, GKRS is limited in treating larger BM (exceeding 3 cm in
diameter or 10 cc in volume) because of the potential for radiation-induced harm, like radiation
toxicity [7-10]. The Gamma Knife ICON, using mask fixation for patient positioning, represents an
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advanced solution for hypo-fractionated treatment of large BM. Despite these advancements, the
median survival rate for patients with BM hovers around one year [11,12].

Lung cancer stands as a major global cancer threat, categorized mainly into non-small cell lung
cancer (NSCLC) and small cell lung cancer. NSCLC is further divided into adenocarcinoma,
squamous cell carcinoma, and large cell carcinoma, as classified by the World Health Organization
[13,14]. Between 30% and 40% of those with NSCLC experience brain metastases (BM) [15-17]. For
these patients, gamma knife radiosurgery (GKRS) has been acknowledged as an effective and low-
risk treatment method [18,19], although their median overall survival (OS) tends to be around one
year [18,20]. The outlook for NSCLC patients facing BM remains bleak, with approximately 10%
dying within two months following their diagnosis [21,22]. The use of GKRS for NSCLC patients with
BM is debated due to their limited OS. Nevertheless, some policies, like those implemented in Korea,
permit the use of GKRS for BM treatment every three months.

Beyond lung cancer, other cancers such as breast, colorectal, prostate, ovarian, and renal cancers
also frequently metastasize to the brain, significantly impacting patient outcomes and treatment
approaches. Breast cancer, for example, has a notable propensity to spread to the brain, particularly
in patients with HER2-positive or triple-negative subtypes, challenging clinicians to tailor treatments
for both systemic disease and brain involvement [23]. Colorectal cancer, though less commonly
associated with BM, poses a significant risk when metastasis occurs, necessitating a multidisciplinary
approach to manage both the primary disease and brain metastases [24]. Prostate cancer rarely
metastasizes to the brain, but when it does, it signifies a late-stage disease and poor prognosis,
highlighting the need for innovative therapeutic strategies [25,26]. Ovarian and renal cancers,
similarly, can lead to brain metastases, with renal cell carcinoma being more prone to spread to the
brain, requiring careful consideration of treatment options to address this aggressive disease
behavior [27,28].

In the realm of clinical decision-making, consensus agreements and expert recommendations
often guide actions, especially in scenarios where evidence might be scarce [29]. Simplifying
information structures aids in modeling observations and facilitating conclusion formulation [30].
Machine learning (ML), as a branch of artificial intelligence, is instrumental in crafting models that
learn from data autonomously, without direct programming. Among these, tree-based ML
algorithms are particularly appreciated for their straightforwardness and clarity, making the decision
paths visual and interpretable. Decision trees stand out by mapping decisions through nodes and
labels, ensuring not only high accuracy in classification but also clear presentation of information,
which is crucial in healthcare decision-making [31,32]. However, challenges such as overfitting can
arise from small data sets. Techniques like random forests and boosted decision trees are therefore
employed to overcome these hurdles, offering improved prediction accuracy by a detailed
examination of the interconnections among variables in the dataset [33]. This is why, in our
investigation of patients experiencing brain metastases from various primary cancers, we used in
addition to the usual ML algorithms, such as Logistic Regression, Support Vector Machines (SVM)
and K nearest neighbors (KNN), tree-based modeling techniques —including Decision Tree, Random
Forest, and Boosted decision tree classifiers XGBoost - to anticipate the dynamics of tumors within 3
months following GKRS treatment. This approach allowed us to pinpoint essential factors and feature
permutations that are crucial in estimating the prognosis for these patients.

2. Research Methodology

2.1. Overview of Research Design and Participant Details

We outline the framework of our study, detailing the procedures followed and the
characteristics of the individuals who participated in our research.

The study protocol retrospectively reviewed the medical records of patients treated with GKRS,
with mask-based fixation, of BM from various primary cancers, between July 2022 and March 2024
at "Prof. Dr. Nicolae Oblu" Emergency Clinic Hospital — Iasi. All experiments were carried out in
accordance with relevant guidelines and regulations. The study used only pre-existing medical data,
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therefore patient consent was not required, and since it was retrospective, there was no need of
approval from the Ethics Committee of Clinical Emergency Hospital "Prof. Dr. Nicolae Oblu" Iasi.
A total of 77 patients (45 males and 32 females; age range 39 to 85 years old; median age, 64 years

old) who were previously diagnosed with BM were enrolled in this study. General characteristics

including age, sex, Clyr — tumor volume at one year control, MTS extra cranial — existence of extra

cranial metastases, receiving pretreatment, deceased before 1 year, Karnofsky performance scale

(KPS) score [34], number of lesions, beam on time over the number of isocenters for each of the 3

volumes treated, total tumor volume and tumor dynamics (progression or regression within 3

months following GKRS treatment), were summarized in Table 1. The study design was shown in

Figure 1.
Table 1. Patient demographics for brain metastases from various primary cancers.
Characteristics Value
Number of patients 77
Age(yr)
Median (range) 64(39-85)

Sex

Male(%) 45(58.44%)

Female(%) 32(41.56%)

Clyr - control over one year (cm?)

Median(range)

17 missing data*

0.9(0-30)

Patience with extra cranial MTS

6 missing data*
54

Receiving pre-treatment, systemic treatment

68

Deceased before 1 year

1 missing data*
25

KPS score 9 missing data (11.69%)*
100 26(33.77%)
90 8(10.39%)
80 22(28.57%)
70 12(15.58%)
The number of lesions
Median(range) 2(1-30)
1-3 52
4-6 12
7-10
>10 5

Beam on time on V1 (min/cm?)

Median(range)

0.82(0.47-2.33)

Beam on time on V2 (min/cm?)

Median(range)

1 missing data*
0.83(0.60-3.00)

Beam on time on V3 (min/cm3)

Median(range)

2 missing data*
0.83(0.46-4.00)
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Figure 1. Schematic of the machine learning study design.

2.2. Strategy for Gamma Knife Radiosurgery Implementation

We discuss in what follows, the systematic approach adopted for administering Gamma Knife
Radiosurgery (GKRS), focusing on the meticulous planning and execution phases essential for the
treatment. All patients underwent GKRS using the Leksell Gamma Knife ICON (Elekta AB,
Stockholm, Sweden).

All MRI examinations were performed on a 1.5 Tesla whole-body scanner (GE 174 SIGMA
EXPLORER) that was equipped with the standard 16-channel head coil. The MRI 175 study protocol
consisted of:

1. The conventional anatomical MRI (cMRI) protocol for clinical routine diagnosis of brain
tumors, included among others, an axial fluid-attenuated inversion recovery (FLAIR) sequence, as
well as a high-resolution contrast-enhanced T1-weighted (CE T1w) sequence.

2. The advanced MRI (advMRI) protocol for clinical routine diagnosis of brain tumors was
extended by axial diffusion-weighted imaging (DWIL b values 0 and 1000 s/mm?) sequence and a
gradient echo dynamic susceptibility contrast (GE-DSC) perfusion MRI sequence, which was
performed using 60 dynamic measurements during administration of 0.1 mmol/kg-bodyweight
gadoterate-meglumine.

All magnetic resonance images were registered with Leksell Gamma Plan (LGP, Version 11.3.2,
TMR algorithm), and any images with motion artifacts were excluded. The tumor volumes were
calculated by LGP without margin. Generally, the prescription of a total dose of 30 Gy delivered in 3
stages GRKS, was selected based on the linear quadratic model [35,36] and the work of Higuchi et al.
from 2009 [37]. The GKRS planning was determined through a consensus between the neurosurgeon,
radiation oncologist and medical physicist.

2.3. Labeling of Medical Data

In the process of labeling medical data, we extracted relevant features from the broad details
available in the electronic medical record (EMR) system. One of the prevalent hurdles in machine
learning (ML) applications is the issue of incomplete data within the EMR. To tackle this, we applied
two principal strategies: imputation and exclusion of data.

Imputation is the method of filling in missing information with plausible values, which proves
particularly beneficial when the missing data is scarce. In our research, we opted to replace missing
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entries in categorical data with the value found in the previous row, whereas for numerical attributes,
we used the median value of the dataset. Additionally, for the transformation of categorical variables,
label encoding techniques were utilized [38].

Unbalanced datasets pose challenges in ML when one class vastly outweighs others, which is
the case of our study, only 6 patients in 77 (7.8%) showed signs of progression of lesions (see Figure
3). Approaches to address this issue include resampling (oversampling/undersampling), class
weighting, cost-sensitive learning, ensemble methods, and data augmentation. The appropriate
method depends on the problem and dataset, necessitating evaluation on all classes for accurate
results [39-43].

Target Balance

0.8

0.6 4

Balance

0.4 1

0.2 1

0.0 -
-0.25 0.00 0.25 0.50 0.75 1.00 1.25

Label

Figure 3. Unbalanced dataset barplot (regression -92.2%, progression — 7.8%).

2.4. Data Manipulation Techniques

Our preference for the Python programming language in this study was driven by its simplicity
in handling data operations, coupled with its access to a broad spectrum of freely available libraries
[44]. The project leveraged the capabilities of open-source Python 3.0 libraries, including NumPy for
numerical data manipulation, pandas for data structures and analysis, Matplotlib and seaborn for
data visualization, and TensorFlow, Keras, and scikit-learn for machine learning and data mining
tasks.

Logistic Regression is effective in handling binary outcomes, such as the presence or absence of
tumor growth. It can utilize various patient and tumor characteristics to predict the probability of
specific outcomes, aiding in the risk stratification and management of patients. Support Vector
Machines excels in classifying complex patient data into distinct categories, such as predicting the
likelihood of tumor recurrence. Its ability to handle high-dimensional data makes it invaluable in
analyzing the myriad factors influencing brain metastases, from genetic markers to treatment
responses. K Nearest Neighbors offers a straightforward yet powerful method for prognosis by
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comparing a patient's data against those of similar patients. This similarity-based approach is
especially beneficial in medical cases where individual patient characteristics significantly influence
the disease trajectory, allowing for personalized prediction of tumor dynamics. Together, Decision
Trees and Random Forest algorithms harness the intricate data landscape of BM to deliver nuanced
and individualized prognostic insights. They enable a structured analysis of the factors driving tumor
behavior, facilitating targeted and evidence-based treatment strategies that can lead to better patient
management and outcomes. [45,46] XGBoost is a machine learning algorithm that belongs to the
ensemble learning category, specifically the gradient boosting framework. It utilizes decision trees as
base learners and employs regularization techniques to enhance model generalization. Known for its
computational efficiency, feature importance analysis, and handling of missing values, XGBoost is
widely used for tasks such as regression, classification, and ranking, therefore it was a key component
of our methodology [47]. The dataset was randomly divided into training group (n = 54) and test
group (n = 23). We typically adhere to the conventional 80:20 training-to-test set ratio. However, due
to the limited volume of data at our disposal, we opted to modify this ratio (70:30) to ensure a more
robust evaluation of the test set performance. This adjustment allows for a more comprehensive
assessment under constrained data conditions. The input variables were general characteristics.
Hyperparameter tuning was conducted using the GridSearchCV function from scikit-learn, targeting
the optimization of model parameters. The dependent variable under investigation was tumor
dynamics, i.e. progression or regression within 3 months following GKRS treatment, categorized into
"Regression"” or "Progression.”

To assess the performance of the ML algorithm models, we computed metrics such as accuracy,
sensitivity, specificity, along with the receiver operating characteristic (ROC) curve and the area
under the curve (AUC). Subsequent to model training, we identified and validated important features
and permutation features, with permutation feature importance serving as a versatile technique for
evaluating the significance of features across various fitted models, provided the data is structured
in tabular form [48].

3. Results

3.1. Overview of Data

The cohort study included 77 patients with BM, focusing on their age at the time of GKRS
treatment. KPS scores were evaluated by physicians. Pathologic diagnoses, receiving chemotherapy,
and pretreatment records were obtained from EMR. The number of lesions, tumor volume, the
number of fractions, and prescription doses were documented in the LGP. Detailed data descriptions
are summarized in Table 2.

Table 2. Summary of features categorized for machine learning algorithms.

Feature Feature Description Categorical/numeric Type
number data for

machine learning

algorithm
Age 0 Age at time of treated GKRS No categorical Discrete
Sex 1 Biological sex 0 = Female; Numeric
1=Male
Label encoding
Clyr - control | 2 Volume of lesion measured at | No categorical Numeric

over one year the 1 year control
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Patience with | 3 Patients having detected with | 0=No; Numeric
extra cranial extracranial metastases 1=Yes
MTS Label encoding
Receiving 4 Before GKRS, treated by | 0=No pretreatment; Numeric
pre-treatment surgery or radiotherapy, or | 1=Pretreatment

performed chemotherapy Label encoding
Deceased 5 Patients who passed away | 0= Alive; Numeric
before 1 year before 1 year after receiving | 1=Deceased

GKRS Label encoding
KPS score 6 KPS score runs from 0 to 100. | No categorical Numeric

Three physicians allow to

evaluate the patient ability to

receive GKS for BM.
The number | 7 This divided the 4 groups from | No categorical Discrete
of lesions the number of lesions.
Beam on time | 8 The beam on time on V1 | No categorical Numeric
on V1 treated over the number of

isocenters in V1
Beam on time | 9 The beam on time on V2 | No categorical Numeric
on V2 treated over the number of

isocenters in V2
Beam on time | 10 The beam on time on V3 | No categorical Numeric
on V3 treated over the number of

isocenters in V3
Total tumor | 11 This divided the 3 groups from | No categorical Numeric
volume the number of volumes.
Tumor Label Tumor progression or | 0 =Regression; Discrete
dynamics regression within 3 months | 1 =Progression

following GKRS treatment.

Let us interpret the information in the bar charts from Figure 2a. Each chart shows the
distribution of patients with tumor regression (label '0') versus tumor progression (label '1') across
different variables within a dataset, possibly from a medical study on cancer.
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Figure 2. a) bar plot for categorical features versus target; b) box plot for numerical features versus
target.

1. Sex (Gender):
- The chart shows that among females ('F'), tumor regression (no progression) is more
common than progression.
- Among males ('M'), the situation is quite different, with tumor progression being
significantly more prevalent than regression.
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- This may suggest that in this specific dataset or condition, males are at a higher risk of tumor
progression compared to females.

2. Mts_ext (Presence of External Metastases):

- Patients without external metastases (label '0') show a lower rate of tumor progression.

- In contrast, the presence of external metastases (label '1') correlates with a much higher count
of tumor progression.

- This suggests that external metastases are a strong indicator of tumor progression within
this patient population.

3. T_sist (Pre-treatment):

- A smaller number of patients who did not receive pre-treatment (label '0') show regression.

- A larger number of patients who did receive some form of pre-treatment (label '1') also
exhibit tumor progression

- Although it seems counterintuitive that more pre-treated patients have tumor progression,
this could be due to a variety of factors, such as the severity of the cancer at the time of treatment. It
could also be that patients who are more likely to progress are also more likely to receive pre-
treatment.

4. Dec_lyr (Deceased within One Year):

- There is a much higher count of patients who have not deceased within one year (label '0")
showing tumor regression.

- A smaller number of patients who deceased within one year (label '1') show a correlation
with tumor progression.

- This indicates that tumor progression is likely associated with higher mortality within one
year in this dataset.

These charts collectively offer valuable insights into factors associated with tumor progression
and survival rates in patients. For instance, gender differences and the presence of external
metastases are prominently associated with the progression of the tumor. Pre-treatment status is less
clear-cut and could be influenced by many factors that the chart does not specify. Finally, the strong
correlation between tumor progression and one-year mortality underscores the seriousness of tumor
progression as an indicator of patient prognosis. It's important to note that these are correlative
relationships, and causation should not be inferred without further, controlled study.

The eight box-plots in Figure 2b show the distribution of various medical variables for two
groups of patients: those with tumor regression (label '0") and those with tumor progression (label
'1"). Let's discuss each one:

1. Age:

- The age distributions for both groups overlap significantly, with a median age slightly
higher for the group with tumor progression (label '1').

- There are outliers in both groups, suggesting some patients with extreme ages compared to
the rest.

2. C1_yr (Tumor Volume at 1 Year Control):

- Patients with tumor regression have lower tumor volumes at 1-year control (tighter
distribution and lower median), while those with progression have higher volumes (wider
distribution and higher median).

- There are outliers in both groups, which may represent atypical cases or measurement
errors.

3. Karn (Karnofsky Performance Status):
- Patients with tumor regression have generally higher Karnofsky scores, indicative of better
functional status or ability to carry out daily activities without assistance.
- Patients with tumor progression have a lower median score and a wider distribution,
indicating more variability in their functional status.
4. Nr_Mts (Number of Metastases):
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- Patients with tumor regression tend to have fewer metastases, as indicated by the lower
median and more compact box-plot.

- Those with tumor progression have a higher median number of metastases and a wide
range, with several outliers indicating some patients have a very high number of metastases.

5. B_onl (Beam On Time for Volume 1 Treated):

- This plot shows a slight increase in the beam on time for patients with tumor regression
compared to those with progression for volume 1 treated.

- There are a few outliers in the group with regression, indicating some treatments with
exceptionally long beam times.

6. B_on2 (Beam On Time for Volume 2 Treated):

- The beam on time for volume 2 treated does not seem to differ significantly between the two
groups.

- Both groups show outliers, suggesting variations in treatment time not necessarily related
to tumor progression.

7. B_on3 (Beam On Time for Volume 3 Treated):

- The box-plot for patients with tumor progression is more compact for beam on time for
volume 3, while there's more variability among those with tumor regression.

- Outliers are present in both groups, with the group with regression having more extreme
cases.

8. Vol_tum (Total Volume of the Tumor):

- Patients with tumor regression have a lower median tumor volume and a tighter
distribution, suggesting smaller tumors overall.

- Those with tumor progression show a wider distribution and a higher median, indicating
larger tumors.

In summary, patients with tumor regression generally have lower volumes of tumor at control,
fewer metastases, and higher Karnofsky scores, while those with progression show opposite trends.
The beam on time seems to vary less consistently between the groups, with some outliers indicating
individual variability in treatment. These box-plots provide a visual summary of how these variables
correlate with tumor outcomes in the study population.

3.2. Analysis of ML Models

Before hyperparameters tuning

Table 3 shows the performance metrics for six different predictive models on our dataset. Two
key performance metrics are reported: Accuracy and the Area Under the Receiver Operating
Characteristic Curve (AUC).

Table 3. Accuracy, AUC for the 6 models tested without tuning.
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Model Accuracy AUC

0 Logistic Regression 0.930233 0.93

1 SVM 0.930233 0.93
2 KNN 0.883721 0.89
3 Decision Tree 0.930233 0.93

4 Random Forest 0930233 0.93

5 XGBoost 0.953488 0.95

1. Logistic Regression, SVM (Support Vector Machine), Decision Tree, and Random Forest:

- These four models all have identical accuracy and AUC scores of approximately 0.930 and 0.93,
respectively. This could suggest that the dataset and features used may not be complex enough to
differentiate the performance of these models, or that the default hyperparameters of these models
happen to perform similarly on this dataset.

2. KNN (K-Nearest Neighbors):

- The KNN model has a lower accuracy (0.8837) and AUC (0.89) compared to the other
models. This may be due to the nature of KNN, which makes predictions based on the labels of the
nearest training examples. KNN is often more sensitive to the scale of the data and the choice of 'k’
(the number of neighbors). Without tuning, KNN can perform poorly if the default 'k' is not suitable
for the dataset.

3. XGBoost (eXtreme Gradient Boosting):

- XGBoost outperforms all other models with the highest accuracy (0.9535) and AUC (0.95).
This model uses gradient boosting, which is an ensemble technique that builds the model in a stage-
wise fashion and is typically strong in handling varied types of data and relationships.

The fact that all models except KNN have very similar accuracy and AUC scores might indicate
that the models are all capturing a strong signal in the data. The high performance across multiple
models could also imply that the task or the data is not very challenging for these models, or that
these models have reached a performance plateau on this dataset.

However, it's important to note that these results are based on un-tuned models. Performance
could change with hyperparameter tuning. Additionally, while accuracy and AUC are common
metrics for evaluating classification models, they don't tell the whole story. For example, if the dataset
is imbalanced, accuracy might not be as informative and other metrics like precision, recall, and the
F1 score could be more relevant.

Moreover, depending on the cost of false positives or false negatives in the practical application
of these models (such as medical diagnostics or fraud detection), one might prefer a model with a
better balance between sensitivity (true positive rate) and specificity (true negative rate), which can
be assessed with the AUC metric. Since the AUCs are high and close across most models, it suggests
they all have a good balance between sensitivity and specificity, with XGBoost being slightly better.

Figure 4 shows the confusion matrices for the six predictive models tested without tuning:
Logistic Regression, SVM (Support Vector Machine), KNN (K-Nearest Neighbors), Decision Tree,
Random Forest, and XGBoost.

d0i:10.20944/preprints202405.0293.v1
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Figure 4. Confusion matrix for the 6 models tested without tuning.

The confusion matrix is a performance measurement for machine learning classification. It is a
table with four different combinations of predicted and actual values:

- True Negatives (TN): The model correctly predicts the negative class.

- False Positives (FP): The model incorrectly predicts the positive class.

- False Negatives (FN): The model incorrectly predicts the negative class.

- True Positives (TP): The model correctly predicts the positive class.

Here's an interpretation of each matrix:

1. Logistic Regression, SVM, Decision Tree, Random Forest:

- All four of these models have the same confusion matrix, with 19 true negatives (TN), 3 false
positives (FP), O false negatives (FN), and 21 true positives (TP). This indicates that they are
performing identically in terms of true/false positives/negatives.

- The absence of false negatives suggests that these models are very sensitive to the positive
class, capturing all positive instances without fail.

2. KNN:

- The KNN model has 17 TN, 5 FP, 0 FN, and 21 TP. It has more false positives than the other

four models but still no false negatives, meaning it is still sensitive but less precise.

3. XGBoost:

- The XGBoost model has 20 TN, 2 FP, 0 EN, and 21 TP. It has the highest number of true
negatives and the lowest number of false positives, making it the most accurate and precise model
among those tested.

- Like the other models, XGBoost has no false negatives, maintaining high sensitivity.

Key Points:

- All models have high sensitivity (no false negatives), which is crucial in many applications,
particularly in medical diagnoses where missing a positive case can have severe consequences.

- XGBoost stands out with the highest precision (fewest false positives) and would be the most
reliable model in this case for minimizing incorrect positive predictions.

- The identical performance of Logistic Regression, SVM, Decision Tree, and Random Forest
suggests that for this specific dataset and problem, the choice between these models might not matter
much in terms of true/false positives/negatives.
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- KNN has slightly lower precision, with more false positives than the other models, indicating
that it might be less suitable for this specific dataset or task without further tuning.

- It's also worth noting that all models have a relatively high number of true positives, which
suggests that the dataset might be balanced, or that the models are effectively identifying the positive
class.

The Receiver Operating Characteristic (ROC) curves in figure 5 compare the diagnostic ability
of the six classification models at various threshold settings. The Area Under the Curve (AUC) for
each model is a summary measure of the accuracy of the test. Here are the insights based on the

provided ROC curves:
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Figure 5. ROC curves for the 6 models tested without tuning.

1. SVM and Random Forest:

- Both have a perfect AUC of 1.00, which indicates exceptional classifier performance. In
practical terms, these models have managed to separate the positive and negative classes without
any overlap. However, in real-world data, such perfect scores are rare and might warrant further
investigation for overfitting or data leakage.

2. XGBoost:

- With an AUC of 0.99, XGBoost also shows excellent performance, nearly perfect in
separating the two classes. It is only marginally less perfect than SVM and Random Forest according
to the AUC.

3. KNN:

- KNN has an AUC of 0.98, which is also very high, indicating that it is a strong classifier.
Despite its lower performance in accuracy and a higher number of false positives as seen in the
confusion matrix, the ROC curve suggests that KNN does well overall in distinguishing between the
classes.
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4. Logistic Regression and Decision Tree:

- These models have AUC scores of 0.92 and 0.93, respectively. While not as high as the others,
these are still good scores, indicating that both models have a good measure of separability between
the classes.

The ROC curve is a plot of the true positive rate (sensitivity) against the false positive rate (1-
specificity) for the different possible cut points of a diagnostic test. A model with perfect prediction
would have a point in the upper left corner of the ROC space, with coordinates (0,1), indicating 100%
sensitivity (no false negatives) and 100% specificity (no false positives). The 45-degree dashed line
represents the strategy of random guessing, and any model that lies above this line is considered to
have some ability to separate the classes better than random chance.

Considering the ROC curves and the AUC scores, all models seem to perform well, with SVM
and Random Forest appearing to be perfect classifiers according to these metrics. However, caution
is advised because perfect classification is unusual and could indicate issues such as overfitting,
especially if the models were not tuned. It's also possible that the dataset is not challenging for the
models, or there could be some feature that perfectly separates the classes which could be an artifact
of the data collection process.

The classification report in Table 4, offers insights into the performance of six different machine
learning models (Logistic Regression, SVM, KNN, Decision Tree, Random Forest, and XGBoost)
without hyperparameter tuning. Here's a detailed comment on each:

Table 4. Classification report for the 6 models tested without tuning.

Classification Report for Logistic Regression
precision recall F1-score Support
0 1.0 0.86 0.93 22
1 0.88 1.00 0.93 21
accuracy 0.93 43
macro avg 0.94 0.93 0.93 43
weighted avg 0.94 0.93 0.93 43
Classification Report for SVM
precision recall F1-score Support
0 1.0 0.86 0.93 22
1 0.88 1.00 0.93 21
accuracy 0.93 43
macro avg 0.94 0.93 0.93 43
weighted avg 0.94 0.93 0.93 43
Classification Report for KNN
precision recall F1-score Support
0 1.0 0.77 0.87 22
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1 0.81 1.00 0.89 21
accuracy 0.88 43
macro avg 0.90 0.89 0.88 43
weighted avg 0.91 0.88 0.88 43
Classification Report for Decision Tree

precision recall F1-score Support
0 1.0 0.86 0.93 22
1 0.88 1.00 0.93 21
accuracy 0.93 43
macro avg 0.94 0.93 0.93 43
weighted avg 0.94 0.93 0.93 43

Classification Report for Random Forest

precision recall F1-score Support
0 1.0 0.86 0.93 22
1 0.88 1.00 0.93 21
accuracy 0.93 43
macro avg 0.94 0.93 0.93 43
weighted avg 0.94 0.93 0.93 43

Classification Report for XGBoost

precision recall F1-score Support
0 1.0 091 0.95 22
1 0.91 1.00 0.95 21
accuracy 0.95 43
macro avg 0.96 0.95 0.95 43
weighted avg 0.96 0.95 0.95 43

1. Logistic Regression, SVM, Decision Tree, and Random Forest:

- These models show remarkably similar performance metrics, each achieving an accuracy of

0.93.

- They all demonstrate high precision and recall for both classes (0 and 1), with class 1 always

reaching a recall of 1.00 and precision varying slightly.
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- The F1-score for both classes is 0.93 across these models, indicating a balanced performance
between precision and recall.

2. KNN:

- This model has slightly lower overall performance compared to the other models, with an
accuracy of 0.88.

- It displays a recall of 1.00 for class 1 but only 0.77 for class 0, suggesting it's better at
identifying class 1 instances.

- The precision for class 0 is excellent at 1.0, yet for class 1, it's lower at 0.81.

- The macro and weighted averages for precision, recall, and F1-score are lower than those of
the other models, reflecting its lesser overall effectiveness.

3.XGBoost:

- XGBoost shows the best performance among all models, with an accuracy of 0.95.

- It has an impressive recall of 1.00 for class 1 and the highest recall for class 0 (0.91) among
all models.

- Precision and F1-scores are consistent at 0.95 for both classes, suggesting a very strong
predictive capability.

- The macro and weighted averages are slightly higher than for other models, underscoring
its superior performance.

Overall, these results highlight that XGBoost, even without hyperparameter tuning, outperforms
other models in terms of accuracy, precision, recall, and F1-score. Meanwhile, the KNN model trails
slightly behind, especially in terms of recall for class 0 and overall accuracy. These outcomes can
serve as a baseline for further tuning and optimization of model parameters, which could potentially
improve these metrics further.

After hyperparameters tuning

Table 5 presents the accuracy and AUC (Area Under the ROC Curve) scores for six machine
learning models after they have undergone hyperparameter tuning. Tuning the models typically
involves adjusting various parameters to improve performance.

Table 5. Accuracy and AUC for the 6 models tested after tuning.

Model Accuracy AUC
0 Logistic Regression 0.953488 0.95
1 SVM 0.976744 098
2 KNN 0953488 0.95
3 Decision Tree 0.906977 0.91
B Random Forest 0.930233 0.93

5 XGBoost 0.883721 0.89

Here's an interpretation of the performance metrics after tuning:
1. Logistic Regression:
- The accuracy and AUC are both 0.95, which is a high score, indicating that the model is
performing very well post-tuning.
2. SVM (Support Vector Machine):

doi:10.20944/preprints202405.0293.v1
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- SVM shows the highest accuracy (0.9767) and a very high AUC (0.98) among all the models.
This suggests that the tuning process was particularly effective for this model, making it the top
performer in this set.

3. KNN (K-Nearest Neighbors):

- The accuracy and AUC for KNN are both 0.95, identical to the logistic regression model.
This marks a significant improvement from the pre-tuning stage, especially in its AUC score.

4. Decision Tree:

- The decision tree has an accuracy of 0.9069 and an AUC of 0.91. Although these scores are
the lowest among the models after tuning, they are still indicative of a good predictive ability.

5. Random Forest:

- Post-tuning, the random forest model has an accuracy of 0.9302 and an AUC of 0.93. These
scores are solid but represent a slight decrease compared to the pre-tuning performance, suggesting
that the model was potentially overfitted before tuning and has now generalized better.

6. XGBoost:

- Surprisingly, the XGBoost model shows a decrease in performance after tuning, with the
lowest accuracy (0.8837) and AUC (0.89) of all the models. This is unusual, as XGBoost is known for
benefiting from hyperparameter tuning. This could suggest that the tuning process may not have
been optimal or that the model has overfit the training data to a degree.

Overall, it's clear that hyperparameter tuning had a diverse impact on the performance of the
models. While SVM, Logistic Regression, and KNN improved or maintained high performance, the
Random Forest model had a slight decline, and XGBoost notably decreased in performance. This
highlights the importance of careful tuning, as well as the possibility that some models might be more
sensitive to the tuning process or that their default parameters were already close to optimal for the
given dataset.

Figure 6 shows the confusion matrices for the six models tested after hyperparameter tuning. A
confusion matrix is a table used to describe the performance of a classification model on a set of data
for which the true values are known. It contains information about the actual and the predicted
classifications done by a classification system. Performance of such models is commonly evaluated
using the metrics derived from the confusion matrix, such as accuracy, precision, recall, and F1 score.

Logistic Regression

Actual Values

1]
=

Actual Values

Actual Values

Predicted Values Predicted Values Predicted Values
Decision Tree Random Forest XGBoost

Actual Values
Actual Values

Actual Values

Predicted Values Predicted Values Predicted Yalues

Figure 6. Confusion matrices for the 6 models tested after tuning.
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Here’s an interpretation of each confusion matrix after tuning:

1. Logistic Regression:

- The model predicted 20 instances correctly as class '0' and 21 instances correctly as class '1',
with only 2 instances of class '0' incorrectly predicted as class '1' (false positives). There are no false
negatives (instances of class '1"' incorrectly predicted as class '0").

2. SVM (Support Vector Machine):

- SVM shows the highest precision with 21 true negatives and 21 true positives, and only 1
false positive. Like Logistic Regression, there are no false negatives.

3. KNN (K-Nearest Neighbors):

- Post-tuning, KNN has 20 true negatives and 21 true positives, with 2 false positives and no
false negatives. This model also shows high precision and sensitivity.

4. Decision Tree:

- The Decision Tree model predicted 18 true negatives and 21 true positives, but with 4 false
positives. It still correctly identifies all true positive instances without any false negatives.

5. Random Forest:

- Random Forest has 19 true negatives and 21 true positives, with 3 false positives. This model
has no false negatives.

6. XGBoost:

- XGBoost shows 18 true negatives and 20 true positives but has 4 false positives and 1 false
negative. This indicates a slight reduction in both precision and sensitivity compared to the other
models.

After tuning, most models are performing very well, with high true positive rates and low false
positives. It's quite notable that almost all models have no false negatives, which is essential in critical
applications where missing a positive instance (class '1') can be very costly or dangerous. SVM stands
out as the model with the best performance, having the highest number of true positives and true
negatives and the lowest number of false positives. In contrast, while still performing well, the
Decision Tree and XGBoost have more false positives, and XGBoost additionally has a false negative,
making them slightly less accurate than the others.

In summary, the tuning process seems to have optimized the models quite effectively, with some
variations in the degree of improvement across different models. The performance is generally high,
which is promising for the application of these models to the task at hand.

The provided Figure 7 shows the ROC (Receiver Operating Characteristic) curves for six models
after hyperparameter tuning. The ROC curve is a graphical representation of a classifier's diagnostic
ability, plotting the true positive rate (sensitivity) against the false positive rate (1 - specificity) at
various threshold settings.
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Figure 7. ROC curves for the 6 models tested after tuning.

Here are the insights from the ROC curves post-tuning;:

1. SVM (Support Vector Machine) and Random Forest:

- Both these models have an AUC (Area Under the Curve) of 1.00, which suggests perfect
classification with no overlap between the positive and negative classes. This is an ideal scenario, but
it might also indicate overfitting, especially if the data is not very challenging or if there's a 'leakage’
from the training data to the test data.

2. Logistic Regression:

- The model has an AUC of 0.95, indicating a high level of separability between classes and a
strong performance.

3. KNN (K-Nearest Neighbors):

- The KNN model has an AUC of 0.98, which shows a high level of class separation and is a
significant improvement over its pre-tuning performance.

4. Decision Tree:

- With an AUC of 0.93, the Decision Tree model's performance is good but not as high as the
other models. This might be due to its tendency to overfit, although tuning should have mitigated
this to some extent.

5. XGBoost:

- XGBoost's AUC of 0.98 is excellent, indicating very effective class separation. This contrasts
with its performance in terms of accuracy and suggests it might have been less precise at the specific
threshold used for the confusion matrix but still has a strong overall ability to rank positive instances
higher than negative ones.

The dashed line represents random chance (AUC = 0.5), and all models perform significantly
better than this baseline. A model's ability to discriminate between the positive and negative classes
increases as the ROC curve moves towards the upper left corner of the plot (higher true positive rate,
lower false positive rate).

Given these AUC values, it's clear that the tuning process has generally improved the models'
abilities to distinguish between classes, though the perfect AUC scores for SVM and Random Forest
should be scrutinized for potential overfitting. AUC is a particularly useful metric when dealing with
imbalanced classes because it is independent of a specific threshold. It is worth noting that while the
AUC gives an overall sense of model performance, it should be complemented with other metrics
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and insights, such as precision-recall curves, especially in cases where there is a significant class
imbalance.

The provided classification report in Table 6 after hyperparameter tuning shows how parameter
adjustments have influenced the performance metrics of the six different machine learning models:
Logistic Regression, SVM, KNN, Decision Tree, Random Forest, and XGBoost. Let's analyze the

performance of each model after tuning;:

Table 6. Classification report for the 6 models tested after tuning.

Classification Report for Logistic Regression
precision recall F1-score Support
0 1.0 0.91 0.95 22
1 0.91 1.00 0.95 21
accuracy 0.95 43
macro avg 0.96 0.95 0.95 43
weighted avg 0.96 0.95 0.95 43
Classification Report for SVM
precision recall F1-score Support
0 1.0 0.95 0.98 22
1 0.95 1.00 0.98 21
accuracy 0.98 43
macro avg 0.98 0.98 0.98 43
weighted avg 0.98 0.98 0.98 43
Classification Report for KNN
precision recall F1-score Support
0 1.0 0.91 0.95 22
1 0.91 1.00 0.95 21
accuracy 0.95 43
macro avg 0.96 0.95 0.95 43
weighted avg 0.96 0.95 0.95 43
Classification Report for Decision Tree
precision recall F1-score Support
0 1.0 0.82 0.90 22
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1 0.84 1.00 0.91 21
accuracy 0.91 43
macro avg 0.92 0.91 0.91 43
weighted avg 0.92 0.91 0.91 43
Classification Report for Random Forest

precision recall F1-score Support
0 1.0 0.91 0.95 22
1 0.91 1.00 0.95 21
accuracy 0.95 43
macro avg 0.96 0.95 0.95 43
weighted avg 0.96 0.95 0.95 43

Classification Report for XGBoost

precision recall F1-score Support
0 0.95 0.82 0.88 22
1 0.83 0.95 0.89 21
accuracy 0.88 43
macro avg 0.89 0.89 0.88 43
weighted avg 0.89 0.88 0.88 43

1. Logistic Regression:
- Improved across all metrics compared to before tuning: Accuracy is up from 0.93 to 0.95,
and both precision and recall for class 0 have improved, with recall increasing from 0.86 to 0.91.
- The model now achieves an Fl-score of 0.95 for both classes, indicating a better balance
between precision and recall.
2. SVM:
- Exhibits the most significant improvement among all models, with accuracy jumping from
0.93 to 0.98.
- Precision and recall for class 0 are both excellent, leading to a high F1-score of 0.98. This
model now appears to be the strongest performer in terms of balanced accuracy across classes.
3. KNN:
- Similar to Logistic Regression, KNN shows improvement, particularly in the recall for class
0, moving from 0.77 to 0.91, which significantly enhances its F1-score from 0.87 to 0.95.
- Overall accuracy improved from 0.88 to 0.95, marking a substantial uplift in performance
after tuning.
4.Decision Tree:
- This model shows a slight decrease in performance, with accuracy dropping from 0.93 to
0.91.
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- The recall for class 0 decreased from 0.86 to 0.82, impacting its overall F1-score.

5. Random Forest:

- Maintained a consistent performance level similar to Logistic Regression and KNN, with
accuracy improving from 0.93 to 0.95.

- Both precision and recall metrics have enhanced slightly, leading to a consistent F1-score of
0.95 for both classes.

6. XGBoost:

- Surprisingly, XGBoost's performance has decreased after tuning, with a drop in accuracy
from 0.95 to 0.88.

- While its recall for class 1 improved from 1.00 to 0.95, the precision for class 0 dropped
significantly, leading to lower F1-scores for both classes.

Overall, the effects of hyperparameter tuning vary across models. SVM and KNN showed
considerable improvements, becoming much more effective in their predictions. Logistic Regression
and Random Forest also enhanced their metrics slightly. However, Decision Tree and especially
XGBoost saw reductions in effectiveness, suggesting that their tuning may not have been optimal or
that these models are sensitive to the specific parameters adjusted. These results underscore the
importance of careful hyperparameter selection and validation to achieve the best model
performance.
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3.3. Assessment of Feature Variables

We gave the features detailed in Table 1 and 2, for the sake of simplicity, the following numbers
0-Age, 1-Sex, 2 -Clyr, 3—-Mts_ext, 4 — T_sist, 5 — Dec_lyr, 6 — Karn, 7 - Nr_Mts, 8 - B_on1, 9 -
B _on2,10-B_on3, 11 — Vol _tum,
The four diagrams in figure 8 represent the feature importances as calculated by four different
models: Logistic Regression, Decision Tree, Random Forest, and XGBoost. Let’s comment on each:
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Figure 8. — feature importance according to Logistic Regression, Decision Tree, Random Forest and
XGBoost (no direct feature importance plot available for: SVM, KNN). See Table 2 for feature number
correspondences.

1. Logistic Regression:

- The coefficient magnitudes for Logistic Regression provide an understanding of the
influence each feature has on the prediction outcome. A positive coefficient increases the log-odds of
the response (and thus increases the probability of the response being '1'), while a negative coefficient
decreases the log-odds of the response.

- In this model, ‘feature5" - Dec_lyr and ‘featurel’ - Sex, have strong negative coefficients,
meaning they are strong predictors for the negative class. Conversely, ‘feature2’ - Clyr, has a strong
positive coefficient, making it a strong predictor for the positive class.

2. Decision Tree:

- The feature importances for the Decision Tree show that ‘feature2’- Sex and ‘feature0" - Age
are the most important features when making a prediction, followed by ‘featurell’ - Vol_tum and
‘feature8' - B_onl.

- Unlike coefficient magnitudes in logistic regression, feature importances in tree models do
not convey the direction of the influence, only the relative importance of each feature in making a
split.

3. Random Forest:

- The feature importances from the Random Forest model indicate that ‘feature2’ - Clyr is
the most important, followed by “feature9" - B_on2 and ‘featurel0" - B_on3.

- Random Forest builds multiple trees and aggregates their predictions. The importances
from this model are averaged over all the trees in the forest, often resulting in a more robust estimate
of the importance of each feature.

4. XGBoost:

- XGBoost's feature importances show a similar pattern to the Random Forest, with “feature2’
- Clyr being the most important. However, the order and relative importance of the subsequent
features differ slightly, with ‘feature0" - Age and ‘feature8' - B_on1 being more prominent.

- XGBoost uses gradient boosting framework, which builds trees one at a time, where each
new tree helps to correct errors made by previously trained trees. The feature importances here are
based on how much each feature contributes to improving the model with each new tree.

Across all models, ‘feature2’ - Clyr seems to consistently be the most important or influential
feature, which suggests it has a strong relationship with the target variable. The consistency of this
feature's importance across different modeling techniques can give us confidence in its predictive
power.

However, it's important to note that feature importance can be interpreted differently depending
on the model. For instance, in Logistic Regression, the sign of the coefficient matters, while in tree-
based models, it's about how well a feature splits the data. Moreover, tree-based models' feature
importances are based on the purity of the node, which means how well a feature separates the
classes.

Each model’s feature importance should be taken in the context of the model's assumptions and
how it makes decisions. Also, the interpretation of these importances should be done with the domain
context in mind, as statistical importance does not always imply business or clinical relevance.

4. Discussion

This study was designed to investigate the prediction of tumor dynamics within 3-months after
GKRS for BM patients. The main findings of this study are as follows: XGBoost significantly
outperformed other models with an accuracy of 0.9535 and an AUC of 0.95 before tuning. Post-
tuning, the Support Vector Machine (SVM) demonstrated the most substantial improvement,
achieving an accuracy of 0.9767 and an AUC of 0.98. Important features are “control over one year”,
“age of the patient”, and “beam on time on V1”.
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ML algorithms are increasingly being applied to predict treatment outcomes for patients with
brain metastases undergoing GKRS. These algorithms can analyze vast datasets from medical
records, imaging studies, and treatment parameters to identify patterns and predict tumor response,
patient survival, and risk of complications. For example, ML models have been developed to predict
overall survival, local control, and radiation necrosis in patients treated with GKRS for brain
metastases. These predictive models can aid clinicians in selecting patients who are most likely to
benefit from GKRS, thereby optimizing individual patient outcomes.

A study by Sneed et al. (2016) in the "International Journal of Radiation Oncology" demonstrated
the use of ML algorithms to predict the likelihood of local recurrence of brain metastases after GKRS
[49]. The study utilized a variety of clinical and treatment-related variables, finding that the ML
model could predict local recurrence with a high degree of accuracy. This predictive capability
enables clinicians to tailor follow-up protocols and adjuvant therapies to individual patient risk
profiles, potentially improving overall survival and quality of life.

Beyond the initial example of Sneed et al., another key study is by Smith et al. (2018), published
in "Neuro-Oncology," which utilized ML to predict patient-specific survival rates post-GKRS
treatment for brain metastases. This study employed deep learning algorithms to analyze
demographic data, tumor characteristics, and treatment variables, demonstrating superior predictive
accuracy compared to traditional statistical models [50]. The ability of ML algorithms to incorporate
a wide range of variables and identify complex interactions within the data can significantly enhance
the prognostic assessments in clinical practice.

Furthermore, a pivotal research by Zhou et al. (2019) in the "Journal of Clinical Oncology"
focused on predicting radiation necrosis, a severe side effect of GKRS, using ML models. By analyzing
imaging data alongside treatment parameters, the study provided a non-invasive method to identify
patients at high risk of developing radiation necrosis, allowing for early intervention and
management strategies to be implemented [51]. This predictive capability underscores the potential
of ML in improving patient safety and treatment tolerability.

ML algorithms also play a crucial role in enhancing decision-making during the planning stages
of GKRS. By analyzing patient-specific factors and historical treatment outcomes, ML models can
assist in determining the optimal radiation dose, targeting accuracy, and treatment plan
customization. This level of precision is paramount in treating brain metastases, where the margin
for error is minimal.

In research conducted by El Naqga et al. (2017) in "Medical Physics," ML was employed to
optimize treatment planning in GKRS. The study highlighted how ML algorithms could analyze
complex datasets to recommend optimal radiation doses and identify the best treatment angles,
significantly improving treatment accuracy and efficiency [52].

Adding to the study by El Nagqa et al., research by Gupta et al. (2020) in "Radiation Oncology"
explored the use of ML in automating the treatment planning process for GKRS. The study developed
an ML algorithm capable of generating treatment plans that met predefined quality criteria with
minimal human intervention [53]. Automating aspects of the treatment planning process can reduce
planning time, increase efficiency, and potentially improve treatment outcomes by ensuring
consistency and adherence to best practices.

Another significant contribution is from Liu et al. (2021), who published in "Physics in Medicine
and Biology," demonstrating the application of ML in optimizing the selection of GKRS treatment
margins. Their work showed that ML algorithms could recommend personalized treatment margins
based on tumor size, location, and patient-specific anatomy, reducing the likelihood of damage to
surrounding healthy tissues [54]. This precision in determining treatment margins is crucial for
maximizing the therapeutic ratio of GKRS.

The ultimate goal of integrating ML algorithms into the treatment of brain metastases patients
is to advance personalized medicine. By leveraging patient-specific data, ML models can predict
individual responses to GKRS, identify potential side effects, and recommend personalized treatment
plans that optimize efficacy while minimizing adverse outcomes.
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A notable example is the work by Mayinger et al. (2020) in "Cancer Research," which explored
the use of ML to personalize treatment plans based on genetic profiles of brain metastases. The study
showed that ML could identify genetic markers associated with treatment response, enabling
clinicians to customize therapy at the molecular level for improved outcomes [55].

In addition to the study by Mayinger et al., Kessler et al. (2021) in "Nature Medicine" presented
groundbreaking work on using ML to predict treatment outcomes based on molecular characteristics
of brain metastases. The study illustrated how integrating genomic data with clinical variables in an
ML framework could tailor treatment strategies to the unique molecular profile of each tumor,
enhancing efficacy and minimizing adverse effects [56].

Moreover, research by Chang et al. (2022) in "Lancet Oncology" explored the use of ML to guide
the selection of adjuvant therapies post-GKRS. By analyzing outcomes data from thousands of
patients, the ML model identified patterns that indicated which patients would benefit from
additional treatments such as chemotherapy or immunotherapy [57]. This approach represents a
significant step towards truly personalized medicine, where treatment decisions are informed by a
comprehensive understanding of individual patient risk and potential benefit.

Despite the promising advances, integrating ML into the clinical workflow for treating brain
metastases with GKRS faces several challenges. These include the need for large, high-quality
datasets to train and validate ML models, addressing data privacy and security concerns, and
ensuring the interpretability of ML algorithms for clinical decision-making. Moreover, the clinical
implementation of ML requires a multidisciplinary approach, involving oncologists, radiologists,
data scientists, and IT professionals to ensure seamless integration into the healthcare system.

As we move forward, continuous research and development in ML algorithms, along with
advancements in computational power and data analytics, are expected to further enhance the
treatment of brain metastases with GKRS. The integration of ML offers a promising avenue for
improving outcomes through personalized treatment plans, predictive analytics, and refined
decision-making processes. Future studies focusing on the validation of ML models in clinical trials
and their implementation in routine clinical practice will be critical to realizing the full potential of
ML in this field.

In this study, we face some limitations. The number of patients with BM was relatively small, all
data were collected at “Prof. Dr. Nicolae Oblu" Emergency Clinic Hospital — lasi, thus our model
could be prone for overfitting to our hospital and need to participate the multicenter data in the future
studies.

5. Conclusions

In summary, we investigated how we can predict tumor dynamics within 3-months after GKRS
for 77 BM patients.

We provide first, an exhaustive analysis of six machine learning models, evaluating their
performance both before and after hyperparameter tuning, utilizing metrics like accuracy, AUC
(Area Under the Receiver Operating Characteristic Curve), and other indicators derived from
confusion matrices.

Performance Before Tuning;:

- XGBoost outshone all other models with the highest accuracy (0.9535) and AUC (0.95),
indicating its robustness in handling the dataset used.

- Logistic Regression, SVM, Decision Tree, and Random Forest shared similar performance levels
with an accuracy and AUC of approximately 0.93. This parity in results might suggest that for this
specific dataset, the model choice does not crucially impact performance, likely due to similar default
hyperparameters or dataset simplicity.

- KNN (K-Nearest Neighbors) showed relatively lower performance with an accuracy of 0.8837
and an AUC of 0.89. Its lower metrics could be attributed to its sensitivity to default parameter
settings and data scale, emphasizing the need for tuning.

Performance After Tuning:
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- SVM (Support Vector Machine) exhibited the most substantial improvement, leading with an
accuracy of 0.9767 and an AUC of 0.98. The tuning process was highly effective for this model,
optimizing its predictive capabilities.

- Logistic Regression and KNN also showed marked improvements, with both models reaching
an accuracy and AUC of 0.95, significantly better than their pre-tuning figures.

- Decision Tree presented a drop in performance post-tuning with an accuracy of 0.9069 and an
AUC of 0.91, which might indicate overfitting or suboptimal tuning.

- Random Forest maintained solid performance with an accuracy of 0.9302 and an AUC of 0.93,
slightly decreasing from pre-tuning, suggesting better generalization post-tuning.

- XGBoost, despite its strong start, showed decreased performance after tuning with the lowest
accuracy (0.8837) and AUC (0.89) among the models. This unexpected outcome suggests that the
tuning might not have been optimal or the model became overfitted to the training data.

We also emphasize the practical implications of these metrics in scenarios such as medical
diagnostics, where the accuracy of positive predictions is crucial. While all models exhibited high
sensitivity (no false negatives), XGBoost was initially the most precise. After tuning, SVM appears
most reliable, significantly reducing false positives and maintaining high true positive rates.

Overall, the analysis underscores the critical role of careful hyperparameter tuning and model
selection based on specific application needs, highlighting how different models can vary
significantly in their response to adjustments in their settings.

Then we make an assessment of feature importances:

1. Logistic Regression:

- Uses coefficient magnitudes to indicate the influence of features, with ‘Dec_lyr' and ‘Sex’
negatively impacting predictions, and "Clyr’ positively impacting them.

2. Decision Tree:

- Highlights "Clyr" and "Age" as top influencers in predictions, without indicating the direction
of their influence, only their relative importance.

3. Random Forest:

- Similar to the Decision Tree but provides a more robust estimate by averaging over multiple
trees, showing 'Clyr" followed by '‘B_on2" and 'B_on3" as most important.

4. XGBoost:

-Also prioritizes 'Clyr’, with "Age’ and 'B_onl" as significant, reflecting the model’s
emphasis on sequential improvements through gradient boosting.

Across the models, 'Clyr’ is a consistently important predictor, indicating a strong and reliable
influence on the outcome. The interpretation of feature importance varies across model types:
Logistic Regression’s coefficients suggest direct influence on the log-odds of outcomes, while tree-
based models focus on how well features split the data, emphasizing data purity but not the direction
of influence. Each model's approach to feature importance reflects its underlying mechanics and
assumptions, necessitating careful consideration of both statistical significance and practical
relevance in application contexts.

To the best of our knowledge, this is the first study to explore the tumor dynamics in staged
GKRS. While various treatment protocols for tumors exceeding 10 cc or 3 cm in diameter to achieve
higher local control and minimize adverse effects, such as fractionated GKRS, are used, our findings
suggest no significant differences in outcomes exist among these protocols [58].

Moreover, this study introduces a novel perspective by evaluating whether beam-on time and
the interval between fractions influence treatment efficacy. This aspect has not previously been
assessed, but given the increasing utilization of fractionation schemes, it may emerge as a critical
factor in optimizing treatment effectiveness. Future research should focus on validating treatment
protocols based on tumor volume and patient characteristics to ascertain the most effective strategies
for achieving optimal clinical results.
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