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Abstract 
Purpose: To build a model that will predict the survival time for patients that were 

treated with stereotactic radiosurgery for brain metastases using support vector machine 

(SVM) regression.   

Methods and Materials: This study utilized data from 481 patients, which were equally 

divided into training and validation datasets randomly.  The SVM model used a 

Gaussian RBF function, along with various parameters, such as the size of the epsilon 

insensitive region and the cost parameter (C) that are used to control the amount of error 

tolerated by the model.  The predictor variables for the SVM model consisted of the 

actual survival time of the patient, the number of brain metastases, the graded 

prognostic assessment (GPA) and Karnofsky Performance Scale (KPS) scores, 

prescription dose, and the largest planning target volume (PTV).  The response of the 

model is the survival time of the patient.  The resulting survival time predictions were 

analyzed against the actual survival times by single parameter classification and two-

parameter classification.  The predicted mean survival times within each classification 

were compared with the actual values to obtain the confidence interval associated with 

the model’s predictions.   In addition to visualizing the data on plots using the means 

and error bars, the correlation coefficients between the actual and predicted means of the 

survival times were calculated during each step of the classification.   

Results: The number of metastases and KPS scores, were consistently shown to be the 

strongest predictors in the single parameter classification, and were subsequently used 

as first classifiers in the two-parameter classification. When the survival times were 

analyzed with the number of metastases as the first classifier, the best correlation was 

obtained for patients with 3 metastases, while patients with 4 or 5 metastases had 
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significantly worse results. When the KPS score was used as the first classifier, patients 

with a KPS score of 60 and 90/100 had similar strong correlation results.  These mixed 

results are likely due to the limited data available for patients with more than 3 

metastases or KPS scores of 60 or less.   

Conclusions: The number of metastases and the KPS score both showed to be strong 

predictors of patient survival time. The model was less accurate for patients with more 

metastases and certain KPS scores due to the lack of training data.  
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1. Introduction  

1.1 Purpose 
The goal of this study was to build a model that would more accurately predict 

the mean survival times of patients that were treated with stereotactic radiosurgery 

(SRS) for brain metastases.  In the past, this has been investigated using the Graded 

Prognostic Assessment (GPA) [3] and the Recursive Partitioning Analysis (RPA) [2].  

However, both of these metrics provide very categorical data and their results are not 

consistent.  

1.2 Background 
This study utilized data from 481 patients that had been treated with brain 

stereotactic radiosurgery (SRS).  The data available for each patient included the actual 

survival time of the patient, the age of the patient at the time of treatment, whether or 

not the patient had any extra-cranial disease, the number of brain metastases present at 

the time of treatment, the Karnofsky Performance Status (KPS) score, the calculated GPA 

and RPA scores, and additional data specific to each individual lesion.  The lesion 

specific data included the location of the lesion, the prescription dose in cGy, the 

resultant maximum dose in cGy, the percent coverage of the Planning Target Volume 

(PTV), the conformity index, and the PTV in cubic centimeters for each individual lesion 

present at the time of treatment or evaluation. 

1.3 Previous Studies 
Similar patient datasets have been used to analyze the difference in treatment 

outcomes between patients treated with a 1 or 3mm PTV margin [12].  In addition to 

using the previously described parameters, that particular analysis incorporated quality 

of life and neurocognition [12].   A separate multi-institutional analysis was also 
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conducted with a much larger dataset utilizing the same parameter information, which 

resulted in similar observations in comparison to this study [13].  One of the parameters 

that were taken into consideration for that study was the initial diagnosis of the patients 

[13].  For the purpose of the work presented here, the diagnosis of the patient was not 

taken into account. 

1.4 Stereotactic Radiosurgery 
By definition, stereotactic radiosurgery (SRS) refers to the treatment of small 

lesions using a single fraction of high dose radiation therapy [18].    The objective of this 

form of treatment is spare the normal tissue surrounding the lesion as much as possible, 

while providing a centralized high dose to only the target area.  The prescription doses 

used in this study ranged from 700cGy to 2500cGy, with a mean value of 1734.2cGy and 

a median of 1800cGy.  Since the dose to the target is so high for SRS, it is crucial that 

dose distribution is highly conformal, to avoid complications from the treatment [18].   

SRS can be performed using many technologies, including GammaKnife, 

CyberKnife, and a conventional LINAC.  For the purpose of this study, all patients were 

treated using a LINAC.  When a conventional linear accelerator is used, it is necessary 

that the treatment consist of many beams with different entrance angles [20].  This beam 

arrangement will ensure that treatment results in the highest dose being delivered to the 

isocenter, where the beams converge [20].  For this reason, it is important that the 

accuracy of patient positioning to be within a 1mm deviation from the treatment plan, so 

that the dose is delivered to the exact location to which it is prescribed [19]. 
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1.5 Explanation of Parameters 

1.5.1 Karnofsky Performance Status 

Dr. David Karnofsky was responsible for developing the Karnofsky Performance 

Status in 1948 [1].  Its purpose was to provide a scale for physicians to use to evaluate 

their patient’s health status, and determine whether or not they would be able to survive 

chemotherapy.  The KPS score ranges from 0 to 100, and is based on the overall health 

status of the patient, as shown in Table 1.   

Table 1: Karnofsky Performance Status (KPS) reference scale [1]. 

Score Meaning 

100 Normal, no complaints; no evidence of disease 

90 Able to carry on normal activity; minor signs or symptoms of disease 

80 Normal activity with effort; some signs or symptoms of disease 

70 Cares for self; unable to carry on normal activity or to do active work 

60 Requires occasional assistance, bit is able to care for most of his personal 
needs 

50 Requires considerable assistance and frequent medical care. 

40 Disabled; requires special care and assistance. 

30 Severely disabled; hospital admission is indicated although death not 
imminent. 

20 Very sick; hospital admission necessary; Active supportive treatment necessary.  

10 Moribund; fatal processes progressing rapidly.  

0 Dead 

 

The KPS scores for the patient data used in this analysis ranged from 60 to 100, 

with a mean value of 82.46 and a median of 80. 

1.5.2 Recursive Partitioning Analysis 

The Recursive Partitioning Analysis (RPA) is a basic way to categorize brain 

cancer patients using primarily KPS scores, as shown in Table 2.  Class one also takes 
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into account the presence of extra-cranial metastases (ECM), meaning whether or not 

there is disease in the body other than the lesions in the brain.  A study was conducted 

in 1997, which identified mean survival times for each of the three classes of RPA [2].  

The downfall of this method is that by providing only three classes of separation, a wide 

range of patients fall under each predicted survival time. 

Table 2: Recursive Partitioning Analysis (RPA) reference scale [2]. 

Class Characteristics MST (months) 

1 KPS > 70, Age < 65, primarily controlled, no ECM 7.1 

2 All others 4.2 

3 KPS < 70 2.3 
 

1.5.3 Graded Prognostic Assessment  

The Graded Prognostic Assessment (GPA) is a metric that takes into account the 

KPS score, the age of the patient at time of treatment or evaluation, the presence of extra-

cranial metastases, and the total number of brain metastases present in the patient [3,13].   

Table 3: Graded Prognostic Assessment (GPA) reference scale [3]. 

 0 Points 0.5 Points 1 Point 

Age > 60 50 – 59 < 50 

KPS < 70 70 – 80 90 – 100 

ECM Present - Absent 

Number of Mets > 3 2 - 3 1 
 

The GPA is calculated by adding points from each of the categories, as shown in 

Table 3, until a total GPA score is obtained.  The study conducted in 2008 equated each 

range of GPA scores to an exact value for the mean survival time (shown in Table 4) [3].  

A high GPA score is associated with a longer survival time [14].  A similar study was  
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Table 4: GPA mean survival times [3,16]. 

GPA: Total 
Number of Points 

Mean Survival 
Time (months) 

0.0 – 1.0 2.6 

1.5 – 2.5 3.8 

3.0 6.9 

3.4 – 4.0 11.0 
 

conducted in 2013 using breast cancer patients to predict the mean survival time for 

various GPA scores [15].  That study yielded similar results to the values of survival 

time historically associated with the GPA for brain lesions [15,16].  For the purpose of 

this analysis, we will be using the GPA score only, not its associated mean survival time.  

The GPA scores used in this study ranged from 0 to 4, with a mean value of 1.949 and a 

median of 2. 

1.5.4 Conformity Index and Planning Target Volume 

The conformity index is defined as the ratio of the prescription volume to the 

target volume [5,6].  Essentially, it is a quantitative measure of how well the resulting 

dose distribution covers the target volume, or in our case, the planning target volume 

(PTV).  The PTV encompasses the gross tumor volume (GTV) and clinical target volume 

(CTV), allowing for an additional to account for planning and positioning uncertainties 

[4].  The use of the conformity index to quantify this dose coverage allows for the 

comparison between various treatment plans and patients, to determine which 

technique would be most optimal for the individual patient in question [17].  For the 

purpose of this study, the conformity index has the potential to provide accurate 

predictions of the patient survival time.  The SRS patient data used in this analysis 

consisted of conformity indexes between 0.9 and 4.4, with a mean value of 1.73 and a 
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median of 1.7.  Additionally, the maximum PTVs ranged from 0.08cc to 54.88cc, with a 

mean value of 8.34cc and a median of 5.39cc.   

1.6 The Model 
This study utilizes a support vector machine (SVM) regression model with a 

linear epsilon insensitive loss function (shown in Figure 1).  The purpose of the epsilon 

insensitive region is to allow the model to be generated following the trend of data 

points clustered within the bounds of epsilon [7].  The size of this allowance region is 

altered to better fit our data, by adjusting the value used for epsilon.  If the value for 

epsilon is too small, the model will be trained to over-fit our input data by using too 

many support vectors, decreasing the accuracy of its predictions for our validation data 

[9].  Conversely, if epsilon is too large, it is possible for not enough support vectors to be 

used, which would again decrease the accuracy of the model’s predictions [9].  

 

Figure 1: SVM regression model with linear epsilon insensitive loss function 
[9]. 

 The SVM regression model also allows for the tolerance of a certain amount of 

error, meaning that some points outside of the band are still counted in the calculation of 
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the model.  The amount of error tolerated is controlled by the cost function, or ‘C’ input 

of the model [9].  Figure 2 shows how this parameter is added into the mathematical 

calculation of the model.  Similar to the trade off with epsilon, if the model is trained 

using a value for ‘C’ that is too large, the model will need an abundance of support 

vectors, and will over-fit the data [9]. 

 

Figure 2: The incorporation of the cost function into the SVM regression 
model with linear epsilon insensitive loss function [8]. 

The introduction of the kernel function allows for the model to calculate its 

predictions across multiple dimensions in order to achieve optimal accuracy, as shown 

in Figure 3 [8].  For the purpose of this study, we chose to use a Gaussian Radial Basis 

Function (RBF) as the kernel because this function assumes a general smoothness of the 

data, which is ideal when we have minimal information regarding the true distribution 

[7]. 
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Figure 3: The addition of the kernel function to a SVM regression model with 
linear epsilon insensitive loss function [8]. 

Once the correct parameters are chosen for the model, it is trained using the z-

scores of the aforementioned training data.  A z-score is the number of standard 

deviations between a point and the mean of the dataset [10].  In this study, it was 

desirable to use the z-scores because this method of normalization allows for an accurate 

comparison of different distributions [10].  

 

€ 

z =
X − X 
σ

 (1) 

The z-scores are calculated by first obtaining the differences between the 

individual data-points and the mean of the dataset.  These differences are then divided 

by the standard deviation (σ) of the dataset, as shown in equation 1 [10].   
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2. Methods and Materials 

2.1 Selection and Elimination of Parameters 
In order to create an accurate model, parameters that were deemed unnecessary 

for the calculation of the model were excluded from the datasets used in this study.  The 

resulting parameters that were chosen for use in this analysis were the number of brain 

metastases, the GPA score, KPS score, prescription dose, and the PTV, with the actual 

survival time of the patient as the response variable.  The rest of the parameters were 

disregarded for a variety of reasons. 

The data available for the indication of the presence of extra-cranial metastases 

was binary in nature, which would have been difficult to incorporate into the model.  

Additionally, this criterion was taken into account for the calculation of the GPA score, 

and was thereby already contributing to the model.  The lesion location data was given 

in strings such as “L cerebellum” and “R parietal”, which would have been difficult to 

analyze without having to create an additional system to map and pinpoint all possible 

locations within the brain.  Furthermore, there was large variation between lesion 

locations, which when classified, would have left minimal patient data available for 

analysis at each location.  Conversely, the percent coverage and conformity index both 

had very minimalistic variations between patients, and therefore would not have 

provided much useful information regarding our data distribution.  The GPA score was 

used in the model because its value is quantitatively relevant and provides useful 

information for data prediction, versus the RPA, which only allows for patients to be 

classified into three categorical classes, and is therefore too limited.   

Originally age was considered an important parameter to include in the datasets, 

and was used for the complete predictions and analysis.  However, the initial analysis 

from that model showed low overall correlation between the actual and predicted 
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survival times.  While a majority of the rest of the parameters showed reasonable 

correlation, age had a correlation coefficient of only 0.0676 (calculation explained in 

Section 2.4).  With such low correlation compared to other parameters, it was obvious 

that the use of this parameter was detrimental to the accuracy of the model’s predictions.  

Additionally, since age was already taken into account in the calculation of the GPA 

scores, it was still otherwise contributing to the calculation. 

2.2 Narrowing Down the Datasets 
Once the relevant parameters were chosen, it became apparent that there was no 

clear way to manage the lesion specific data.  Since PTV was thought to be a strong 

predictor, it was important to determine a way to incorporate this parameter into our 

model calculations, without having multiple data points associated with each patient.  

Various methods of how to best manage this data were investigated for this study, 

including summing the data from all lesions for each patient, and only using the data 

available from the largest lesions.  After comparing the results and different data 

distributions, it was decided that for the purpose of this analysis, only the data from the 

lesion with the largest PTV would be used in the model calculations.  

Once the correct lesion data was obtained for each patient, each parameter was 

plotted against the actual survival time to better visualize the distribution of our data.  

When analyzing the plots, particularly survival time versus PTV, it was obvious that the 

distribution was not uniform, as shown in Figure 4.  A clustering of data-points occurs 

towards the left side, caused by 279 patients having a PTV less than 4cc.  After further 

investigation, it was determined that half of these patients had only one metastasis.  This 

uneven distribution had the potential to negatively affect the accuracy of our model, and 

for that reason, a crude partition was created such that patients with a PTV less than 4cc, 
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and only 1 brain lesion were not used in the analysis.  After this partition, there were a 

total of 333 patients left in the dataset. 

 

 (a) (b) 

Figure 4: A comparison between the patient distribution when classified by 
PTV. (a) all 481 patients, prior to the partition. (b) 333 patients, after the data has been 

partitioned. 

2.3 Building The Model 
This study was conducted using Matlab to build the model and analyze its 

results.  The model was built and trained using the function ‘svmreg’, while its 

predictions were calculated using ‘svmval’.  A training dataset consisting of half of the 

partitioned patient data was used to create the model used in this study.  Predicted 

survival times were also calculated for the training dataset to provide a baseline for 

future analysis.  To verify the model’s accuracy, the model that had been trained by the 

training dataset was applied to the validation dataset, which consisted of the remaining 

half of the data.  The parameters of the SVM model were then adjusted in order to obtain 

consistent prediction accuracy for both the training and validation datasets.  As 
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explained in section 1.6, the model was trained using the normalized patient data (i.e. z-

scores).  Therefore, the predictions made by the model are also given as z-scores.  In 

order to proceed with the analysis, the z-scores of the predicted survival times were 

converted back into months.  The results were then compared to the actual survival 

times of the patients in the respective dataset, and analyzed for accuracy and correlation. 

2.4 Analysis 
Two methods of classification were used in this study to analyze the predictions 

of the model.  A single parameter classification was conducted to determine which 

parameters were the strongest predictors of survival time, and to study how the 

accuracy of the model’s predictions varied for different parameter subsets.  The 

parameters with the best correlation were then used as first classifiers in a two-

parameter classification to study the possible interplay between the variables.   The 

binned data for each classification was plotted against the actual and predicted survival 

times to show correlation.  In addition, each plot also included the mean survival times 

of the binned data with error bars, to show the confidence interval associated with the 

model’s predictions.  These error bars were calculated from the training dataset as the 

standard deviation of the model prediction errors. 

 

€ 

CC =

Aij − A ( ) × Bij − B ( )( )
j
∑

i
∑

Aij − A ( )
2
× Bij − B ( )

2

j
∑

i
∑

j
∑

i
∑

 (2) 

For the purpose of quantitative analysis, the correlation coefficients between the 

actual and predicted survival times were calculated for each classification using 

equation 2, where ‘

€ 

Aij ’ and ‘

€ 

Bij ’ are the mean values of the binned actual and predicted 

survival times, while ‘

€ 

A ’ and ‘

€ 

B ’ are the mean values of the ‘

€ 

A ’ and ‘

€ 

B’ arrays [11].  
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3. Results 

3.1 Support Vector Regression Model 
As explained in Section 1.6, the model used for this study relied on many input 

parameters to make its predictions.  In addition to using a Gaussian kernel, a parameter 

called “kernel option” was used to determine how wide the distribution of the kernel 

was.  The value used for kernel option in this study was 5.  Furthermore, the cost 

function (C) and the epsilon parameter had specific values as well.  They were taken as 4 

and 0.3 respectively.  After successfully training the model, the total number of support 

vectors in use by the model was 105.   

3.2 Single Parameter Classification 

After using the model to predict the survival times of all patients in the training 

and validation datasets, single parameter classification was conducted using each of the 

parameters incorporated into the training of the model.  The purpose of analyzing both 

datasets was to validate the model by verifying consistency in prediction accuracy for 

both the training and validation datasets 

3.2.1 Plotted Results 

3.2.1.1 Training Data 

It was expected that the predictions associated with the training data would have 

strong correlation with the actual survival time since the model was built to accurately 

fit this data.  The plots included in this section reflect that assumption. 
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Figure 5: Actual survival time versus predicted survival time.  The red line 
indicates where the two values are equal (i.e. y = x). 

Figure 5 shows the overall accuracy of the model in the form of the distribution 

of survival times.  Ideally, our data-points would be located in close proximity to the red 

line, proving that the model accurately calculated its predictions for a wide range of 

survival times.  It is apparent however, that the model is unable to make predictions 

higher than roughly 15-month survival times. 



 

15 

 

Figure 6: Actual survival times (blue) and predicted (red) survival times versus 
the PTV.  The respective lines represent the means and confidence interval of the 

binned data. 

When the data was classified by the largest PTV, the results for the actual and 

predicted survival times were similar in trend (Figure 6).  The means plotted for both 

arrays were close, but not close enough to provide a significantly high correlation 

coefficient, as shown in Table 5. 
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Figure 7: Actual survival times (blue) and predicted survival times (red) versus 
the number of metastases.  The respective lines represent the means and confidence 

interval of the binned data. 

When classified by the number of metastases, the trend showed by the data was 

significantly stronger than that of the PTV.  There is an obvious correlation shown in 

Figure 7 between the number of metastases and the survival times.  The model 

represents this correlation well, with a steady decrease in survival time occurring as the 

number of metastases increases.  This visual observation was verified by the correlation 

coefficients displayed in Table 5.  



 

17 

 

Figure 8: Actual survival times (blue) and predicted survival times (red) versus 
the GPA score.  The respective lines represent the means and confidence interval of 

the binned data. 

Figure 8 shows interesting correlation between the GPA and the survival times.  

The trends between the data are similar, but exhibit an increase in survival times with 

higher GPA scores.  This result is expected according to the study explained in Section 

1.5.3, which claims that survival time increases for patients with higher GPA scores.  

Additionally, our results coincide with the survival time observations associated with 

each GPA score. 
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Figure 9: Actual survival times (blue) and predicted survival times (red) versus 
the KPS score.  The respective lines represent the means and confidence interval of 

the binned data. 

Similar to the strong level of correlation exhibited by the number of metastases, 

the KPS score shows an excellent upwards trend, with the means of the predicted 

survival times falling within a few months of the actual values (shown in Figure 9).  

Again, these results are expected because a higher KPS score is associated with a 

healthier patient, and therefore a longer survival time.   
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Figure 10: Actual survival times (blue) and predicted survival times (red) 
versus the prescription dose.  The respective lines represent the means and 

confidence interval of the binned data. 

When classified by the prescription dose, the data distribution was complex.  

There is no obvious trend in this data, which is apparent in Figure 10.  Consequently, the 

model did not perform as accurately as it did with the previous parameters. 

3.2.1.2 Validation Data 

The purpose of validating the model is to determine whether or not the model is 

able to make reasonable predictions for different datasets, which is crucial for its 

development. 

 



 

20 

 

Figure 11: Actual survival time versus predicted survival time.  The red line 
indicates where the two values are equal (i.e. y = x). 

The distribution shown in Figure 11 is clustered in a similar manner to that of the 

training data in Figure 5.  The consistency of the model is necessary for accurate 

predictions, but it is still unable to make predictions higher than 15-month survival 

times. 
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Figure 12: Actual survival times (blue) and predicted survival times (red) 
versus the PTV.  The respective lines represent the means and confidence interval of 

the binned data. 

When the largest PTV was classified for the validation data, it was apparent that 

there was a significant difference in PTV values between the training and validation 

datasets (Figure 12).  The red error bars show the standard deviation of the difference 

between the predicted and actual survival times for the training dataset, so that we can 

compare the model’s predictions to the distribution of the data it was trained to.  There 

is still reasonable correlation between the means of the data.  
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Figure 13: Actual survival times (blue) and predicted survival times (red) 
versus the number of metastases.  The respective lines represent the means and 

confidence interval of the binned data. 

Once again, when classified by the number of metastases, the survival times 

showed very strong correlation (Figure 13).  Even though the general distribution shown 

by the error bars varied between the validation and training datasets, the downwards 

trend is still present, and the difference between the means is not significant enough to 

worsen the correlation coefficient significantly, which is confirmed in Table 5.  
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Figure 14: Actual survival times (blue) and predicted survival times (red) 
versus the GPA score.  The respective lines represent the means and confidence 

interval of the binned data. 

The results for the GPA were significantly worse for the validation data than for 

the training data.  Even though the trends of the plots are significantly different, the 

validation data still exhibits the increase of survival time with GPA score (shown in 

Figure 14).  While the predictions of the model were more accurate for low GPA scores 

(between 0.5 and 1) than for higher GPA scores, the inconsistency between the 

correlation coefficients (shown in Table 5) is still highly undesirable. 
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Figure 15: Actual survival times (blue) and predicted survival times (red) 
versus the KPS score.  The respective lines represent the means and confidence 

interval of the binned data. 

Classifying the validation data by the KPS showed a decreased correlation 

between the means, but the trends of the Figure 15 are still very similar.  The predictions 

for this dataset show less increase in survival times with KPS scores, but are still similar 

enough to provide a high correlation coefficient (Table 5). 
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Figure 16: Actual survival times (blue) and predicted survival times (red) 
versus the prescription dose.  The respective lines represent the means and 

confidence interval of the binned data. 

Prescription dose once again proved to be a wild card, with no correlation visible 

in Figure 16 at all.  The mean values intercept for low prescription dose, but as dose 

increases, the correlation decreases significantly.  The random variation of the 

prescription dose data does not help to illustrate the accuracy of the model at all. 

3.2.2 Correlation Coefficients 

Table 5: Correlation coefficients for all parameters in each of the datasets 

 Overall  PTV # Mets GPA KPS Rx Dose 

Training Data 0.3348 0.5575 0.9717  0.9735  0.9618  0.8485 

Validation Data 0.2240 0.5140 0.9540  0.5921 0.8914  0.6804 
 

Table 5 shows the calculated correlation coefficients for all of the data.   The 

parameters that provided the highest correlation consistently were the number of 
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metastases and the KPS score, which is why they were chosen for the two-parameter 

classification. 

3.3 Two-Parameter Classification of Validation Data 
The two-parameter classification is done by first sorting the data using the 

identified first parameter, and then sorting it again by additional parameters.  The 

purpose of this analysis is to determine for which parameter values the model had the 

most accurate predictions.  The upper-left graphs in each of the following figures show 

the results from the single-parameter classification, before the data was separated by 

second parameter values. 
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3.3.1 Number Of Metastases as First Parameter 

The following results are obtained by performing a two-parameter classification 

using the number of metastases as the first parameter. 

3.3.1.1 Plotted Results 

 

Figure 17: Actual survival time versus predicted survival time for all values of 
the number of metastases, intended to show population distribution.  The red line 

indicates where the two values are equal. 

The purpose of the plots in Figure 17 is to visualize the distribution of patient 

survival times per the individual number of metastases.  As you can see from these 

results, there was limited data available for patients with more than 3 metastases.  It was 

interesting however, that the data available proved to have a fair amount of accuracy in 

the predicted values for these patients.   
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Figure 18: Actual survival times (blue) and predicted survival times (red) 
versus the PTV for all values of the number of metastases.  The respective lines 

represent the means and confidence interval of the binned data. 

It is apparent that the PTV is not a reliable metric of classification, for any 

number of metastases (shown in Figure 18).  Better correlation is exhibited in the plots 

for 3-5 metastases, but there is limited data available for the training and validation of 

the model in these categories, which cause our results to have the potential to be pure 

coincidence.   
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Figure 19: Actual survival times (blue) and predicted survival times (red) 
versus the GPA score for all values of the number of metastases.  The respective lines 

represent the means and confidence interval of the binned data. 

The results in Figure 19 show the mean survival time vs. GPA for the data 

classified by the number of metastases.  The distributions of the survival times for the 

validation data and the model predictions have some differences.  This discrepancy 

increases as the number of metastases increases, which is due to the limited number of 

patients in this study possessing a large number of metastases.  
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Figure 20: Actual survival times (blue) and predicted survival times (red) 
versus the KPS score for all values of the number of metastases.  The respective lines 

represent the means and confidence interval of the binned data. 

Based on the single-parameter classification, it is expected that the correlation 

between the KPS will remain high, regardless of the number of metastases.  This 

assumption is verified in the results shown in Figure 20, which illustrates the trend 

between the actual and predicted data remaining the same for patients with 3 or less 

metastases.  Again, the data produced for patients with more than 3 metastases is not as 

reliable because of the lack of data available for analysis. 
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Figure 21: Actual survival times (blue) and predicted survival times (red) 
versus the prescription dose for all values of the number of metastases.  The 

respective lines represent the means and confidence interval of the binned data. 

As the upper left plot in Figure 21 shows, the prescription dose was originally 

significantly unpredictable in nature.  When classified further by the number of 

metastases, this unpredictability only worsened.  The data for patients with 2 metastases 

shows the most promising reproduction of trends, however, this data is not accurate 

enough to consider the prescription dose a good predictor. 
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3.3.1.2 Correlation Coefficients 

Table 6: Correlation coefficients for all parameters when the number of 
metastases is used as the first classifier. 

 All Mets 1 Met 2 Mets 3 Mets 4 Mets 5 Mets 

Survival Times 0.2240 0.2259 0.2189 0.2520 0.0146 0.0018 

PTV 0.5140 0.2115 0.1048 0.7728 -0.7161 0.0018 

GPA 0.5921 0.3201 0.4706 0.5954 -0.1780 - 

KPS 0.8914 0.6432 0.8177 0.9190 -0.1108 0.0018 

Rx Dose 0.6804 0.2528 0.3087 0.4209 0.3209 - 

 

The calculated correlation coefficients for this data (shown in Table 6) reinforced 

what was observed in the plots above.  All of the separated data had relatively poor 

correlation, with the exception of the data for patients with 3 metastases, which had the 

best correlation for all second parameters.  Additionally, it is apparent that we cannot 

rely on any of the results provided for information regarding patients with 4 or 5 

metastases, because of the lack of data. 
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3.3.2 KPS Score as First Parameter 

The following results are obtained by performing a two-parameter classification 

using the KPS score as the first parameter. 

3.3.2.1 Plotted Results 

 

Figure 22: Actual survival time versus predicted survival time for all values of 
the KPS score, intended to show population distribution.  The red line indicates 

where the two values are equal. 

The distribution of patient data available for the KPS score is similar to that of 

the number of metastases, except that the lack of data occurs for KPS scores less than or 

equal to 60.  This deficit is likely due to the fact that there is no data for patients with a 

KPS score of less than 60, so while the other bins are combining data from different 

subsets, this specific bin is really only encompassing the few patients we have with KPS 

scores equal to 60.  The rest of this data is relatively accurate in the sense of its proximity 

to the central line.  However, the model remains unable to calculate survival times 

greater than 10-15 months. 
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Figure 23: Actual survival times (blue) and predicted survival times (red) 
versus the PTV for all values of the KPS score.  The respective lines represent the 

means and confidence interval of the binned data. 

When sorted by the KPS scores, the correlation for the PTV was visually higher 

than when the data was sorted by the number of metastases.  However, the trends 

between the confidence intervals of the data were still significantly different, as is 

illustrated in Figure 23.  Additionally, the correlation coefficients shown in Table 7 show 

weak correlation between the means, except for the data from KPS = 60, which was 

already determined unreliable. 
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Figure 24: Actual survival times (blue) and predicted survival times (red) 
versus the number of metastases for all values of the KPS score.  The respective lines 

represent the means and confidence interval of the binned data. 

When the data was classified by KPS as the first parameter and the number of 

metastases as the second parameter, high visual correlation was observed for all binned 

KPS scores, which is obvious in Figure 24.  The plot for KPS scores of 70 and 80 show a 

promising similarity in the trends of the confidence intervals, and their means fall within 

a few months of each other.  The trends for patients with KPS scores of 90 and 100 are 

slightly different between datasets, but the means on this plot show even more similarity 

than previous results.  This is also apparent in the high correlation coefficient shown in 

Table 7 for this part of the classification. 
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Figure 25: Actual survival times (blue) and predicted survival times (red) 
versus the GPA score for all values of the KPS score.  The respective lines represent 

the means and confidence interval of the binned data. 

The trends for the GPA score for each of the datasets were significantly different, 

with large variation occurring for KPS scores of 70 and 80.  The mean survival times for 

KPS bins of 60 and 90/100 both showed strong correlation.  However, the results for 

KPS scores of 60 are unreliable since it was impossible to calculate any confidence 

intervals for this bin, due to the lack of data.  For patients with a KPS score of 90 or 100, 

the means of the datasets visually overlapped with each other quite significantly, even 

though this strong correlation was not confirmed by the correlation coefficients in Table 

7. 
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Figure 26: Actual survival times (blue) and predicted survival times (red) 
versus the prescription dose for all values of the KPS score.  The respective lines 

represent the means and confidence interval of the binned data. 

Once again, the prescription dose was even more unpredictable than the GPA 

was.  Disregarding the results from KPS scores of 60 due to the lack of data, it is 

apparent that neither of the other plots from the classification of binned KPS scores and 

prescription dose showed any similar confidence interval trends or mean similarities. 
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3.3.2.2 Correlation Coefficients 

Table 7: Correlation coefficients for all parameters when the KPS score is used 
as the first classifier. 

 All KPS KPS < 60 KPS = 70 or 80 KPS = 90 of 100 

Survival Times 0.2240 0.4139 0.1908 0.1627 

PTV 0.5140 0.5893 0.1024 0.2811 

# Mets 0.9540 -0.2992 0.2697 0.9176 

GPA 0.5921 0.3069 0.3881 0.4321 

Rx Dose 0.6804 0.4560 -0.2857 0.6703 

 

The calculated correlation coefficients for this data (shown in Table 7) reinforced 

what was observed in the plots above for this classification.  All of the separated data 

had relatively poor correlation, with the exception of the data for patients with KPS bins 

for scores of 60 or 90/100, which had the best correlation for various second parameters.  

A KPS score of 60 provided the highest correlation coefficient for the overall survival 

time predictions and the largest PTV.  A KPS score of 90 or 100 resulted in the highest 

correlation coefficient for the number of metastases, the GPA score, and the prescription 

dose.   
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4. Discussion 
The purpose of this study was to determine whether or not there was correlation 

between various parameters and the survival time of patients that were treated with SRS 

for brain metastases.  Performing a single-parameter classification identified the best 

initial predictors, which could then be used for the two-parameter analysis.  The results 

from the single-parameter classification showed that the KPS score and the numbers of 

metastases were the best predictors of survival time.  The correlation coefficients for 

these parameters were significantly high, and exhibited consistency between the training 

and validation datasets.   
The two-parameter analysis shows that the prescription dose is not a significant 

factor in survival time prediction.  Not only was this apparent from the plots provided, 

but the correlation coefficients also decreased significantly between the training and 

validation training sets for these parameters.  The PTV did not have strong correlation 

coefficient results either, however, the consistency between the training and validation 

datasets proved to have a certain amount of accuracy.   

The two-parameter classification using the number of metastases for the first 

parameter provided interesting results, showing better correlation for patients with 3 

metastases for all second parameters.  However, since this class was lacking an adequate 

patient population, it is unclear whether or not these results were a coincidence, or the 

model was actually more accurate for patients with 3 metastases.  The worst correlation 

occurred for patients with more than 3 metastases, which is definitely attributed to the 

lack of data. 

The two-parameter classification using the KPS score for the first parameter 

provided interesting results, with better correlation occurring for patients with scores of 

60, 90 or 100, for various parameters.  The highest correlation coefficient occurred for 
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patients with KPS scores of 90 or 100, when classified by the number of metastases.  The 

worst correlation was observed for patients with KPS scores of 70 or 80 for all second 

parameters.   The results for KPS scores of 60 were visually good for all parameters, but 

there were so few patients in this category, that these results may not be accurate.   

4.1 Future Work 
In the future, more thought should be put into determining a better way to 

handle data from patients with multiple metastases, to see if another method provides 

more accurate results than using the maximum PTV data.  Originally it was decided that 

the maximum data should be used rather than the summed data, however, further 

analysis should be done to determine which method provides more accurate 

predictions. 

The conformity index might also be a good parameter to try in the model because 

it has the potential to provide significant results.  This parameter was discarded for the 

initial study, because it appeared to be lacking in variability.  However, if the scale is 

changed to be more sensitive to variation of the parameter value, the model might be 

able to correctly adjust and make accurate predictions. 

A key parameter to analyze and include in the model in the future is the lesion 

location.  Fully grasping this data would require mapping all of the possible locations in 

the brain, and setting up a system to correlate the strings of location information with a 

quantifiable value that can then be implemented in the model.  Complexity aside, the 

location data would provide valuable information to the model, and has the potential to 

increase the accuracy of predictions.  

With all of the parameters available to choose from for this sort of predictive 

analysis, it is important to carefully consider the possible interactions between 

parameters.  An example of this is that the PTV is inversely correlated to the prescription 
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dose and the conformity index.  As a result, when either of these parameters are used in 

conjunction with the PTV in the model, it is possible that the predictions may not be as 

accurate as they could be.  In addition, the primary motivation for choosing to use the 

maximum PTV data rather than the summed PTV data was so that the prescription dose 

could remain in the model.  If the prescription dose is removed from the model to avoid 

its negative interaction with the PTV, it would be possible to reconsider other options for 

handling data from patients with multiple metastases. 
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5. Conclusions 
In conclusion, the number of metastases and the KPS score both showed to be 

good predictors of the mean patient survival time, with the number of metastases being 

more accurate across the board. GPA was shown to be a good predictor, even though 

the results were not as consistent as the number of metastases and the KPS score.  Age 

was determined to be a poor predictor, and should be ignored in further investigation.  

Even though PTV and prescription dose had mediocre correlation results, they are an 

important addition to the model, and should remain in use after careful consideration is 

made regarding their interactions. 
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