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Abstract

Brain tumors, most commonly gliomas and meningiomas, are abnormal masses of

cells growing at the brain. We employ a Random Survival Forest model and an

XG Boosting model, two ensemble types, to predict brain tumor patient survival

from clinical data. XGBoost outperformed RSF with C-indices of 0.7143 and

0.6928, respectively, and Cramér’s ϕ values of 0.5270 and 0.4188, respectively.

Both models identified diagnosis as the most important feature and stereotactic

methods as the least important. They also outperformed other prominent models

tested on datasets with similar cardinality, and their accuracy can be improved

with a larger sample size and the inclusion of omic data in training. The results

are applicable in future ensemble model design and oncology survival forecasting.

Keywords: Brain tumor, ensemble learning, Random Survival Forest, Gradient Boosted

Decision Trees, survival analysis

1 Introduction

1.1 Preliminary Information

Brain and other central nervous system (CNS) tumors are responsible for a significant

health burden in the United States. Between 2016 and 2020, malignant CNS tumors

caused approximately 17,206 deaths per year, corresponding to an annual mortality rate

of 4.42 per 100,000 population. [1] Gliomas represent around 26% of all brain tumors,

with glioblastoma being the most common malignant subtype; meningiomas are the most
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prevalent non-malignant tumor. [1] These figures underscore the urgent need to identify

prognostic factors that influence survival.

Survival analysis is the statistical framework for modeling time-to-event data in the

presence of censoring. Censoring occurs when an individual who has not experienced an

event yet leaves the study, or when the study concludes before an event is observed for that

individual.

This paper is part three of a three-part series on predictive modeling for brain tumor

survival outcomes. It focuses on two non-parametric approaches: the Random Survival

Forest (RSF) model for survival time prediction, and a variation of the Gradient Boosting

model. The second paper in this series, like this one, concerns the field of survival analysis,

but it focused instead on parametric models such as Cox and log-logistic. [2] The previous

paper also investigated the RSF model; however, a key difference between the Random

Survival Forest in this paper and that of the previous paper is its purpose; this study’s

RSF is designed to predict survival time, while the previous study’s RSF was designed to

predict survival function.

The structure of this paper includes a data description, a brief literature review, method-

ological details, model-specific results, and implications for oncology and model selection.

1.2 Data Description

The study analyzes 87 patients treated from 2004 to 2011 at the Masaryk Memorial Cancer

Institute in Brno, all of whom received radiation therapy [3]. The original dataset contained

88 patients, but we removed one due to a missing value. Of the remaining 87 patients, 52

observations were censored. Here is the complete list of variables:

• Gender: Patient’s self-reported gender (male or female).

• Diagnosis: Type of brain tumor (e.g., glioma, meningioma).

• Location: Tumor location in the brain, categorized as infratentorial (below the tento-

rium cerebelli, affecting the cerebellum or brainstem) or supratentorial (above the tento-

rium, affecting the cerebral hemispheres).

• Stereotactic Method: Type of radiation therapy applied—SRS (stereotactic radio-

surgery, single high-dose) or SRT (stereotactic radiotherapy, multiple lower-dose fractions).

• Karnofsky Index (KI): A performance status score ranging from 0 to 100, with higher

values indicating better ability to carry out daily activities.
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• Gross Tumor Volume (GTV): The measured physical volume of the tumor (in cm3),

derived from imaging.

• Duration: Survival time, measured in months from study enrollment to death (or last

follow-up if censored).

• Censoring: Patient status at last observation: δ = 0 indicates censoring (patient alive

or lost to follow-up at last contact), while δ = 1 indicates event occurrence (death).

1.3 Literature Review

Much literature has been produced in recent years on the topic of ensemble learning, and

several authors have used machine learning models to analyze gliomas, particularly glioblas-

tomas.

For instance, Kim et al. used a Random Forest regressor to predict the survival time of

brain tumor patients from MR images rather than a survival-based dataset, resulting in a

50.5% average accuracy. [4]

Qiu et al. used a Random Forest regressor to predict progression-free survival time, a

metric characterizing either time until death or time until tumor growth or spread. Eighty-

two consecutive patients at a hospital in Shanghai were included in the study, and the

Random Survival Forest produced a C-index of 0.611 on a test set. All patients had high-

grade glioma; however, the mutation in the isocitrate dehydrogenase gene varied. This

mutation, alongside age, was among the only features with positive feature importance,

with age being the most important. The Karnofsky index, gender, and tumor location

were not identified as important features [5].

Audureau et al. determined the feature importance of prognostic covariates in a dataset

of 777 patients with supratentorial glioblastoma. Using two RSF models with differing

computational costs and split mechanisms, the Karnofsky index was identified as the most

important feature for training their RSF [6].

Karami et al. leveraged clinical data from 29 glioblastoma multiforme patients, none

of whom were censored. Using Gradient Boosting decision trees to classify survival on the

dataset, an accuracy of 75% was achieved using RSF-important features, while an accuracy

of 58% was achieved using all features. Note that AUC was used, which binarizes survival

and reduces model complexity [7].

Rajput et al. compared a Random Forest regressor and a Gradient Boosting regressor

to predict survival on a very large dataset from 2020, exclusively made available for a brain

tumor challenge. On the validation set, Random Forest and Gradient Boosting yielded
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accuracies of 51.7% and 62.1%, respectively, giving Gradient Boosting the advantage. [8]

Charlton et al. conducted a binary analysis (split at the 1-year mark) of survival on

1283 patients, including censored data. Several machine learning techniques were used,

including the two blackbox classifiers (i.e., classifiers with mechanisms that are difficult to

precisely characterize) of Random Survival Forest and Support Vector Machine. Random

Survival Forest yielded the highest accuracy out of all models, and identified age, diagnosis,

and Karnofsky index as the three critical features. The rest of the models disagreed on the

placement of age; however, they uniformly ranked diagnosis as the highest or second-highest

feature and Karnofsky index near the middle. [9]

Renugadevi et al. performed survival prediction using ensemble and standard regression

algorithms, incorporating an Extreme Gradient Boost model for its non-linearity. Their

XGBoost model demonstrated the greatest accuracy, as well as the only degree of accu-

racy useful for accurate survival prediction (R2 > 0.7). In terms of minimizing error in

predictions, Random Forest was the next best model. [10]

Hachimy et al. used clinical data and omic data - data pertaining to the molecular and

genomic makeup of patients - to perform machine learning regression on 619 glioblastoma

patients with 12 unique features. The inclusion of omic data resulted in a significant

increase in the values of C-indices compared to previous literature, producing a C-index of

0.78 and 0.80 for Random Survival Forest and Extreme Gradient Boosting, respectively.

[11]

2 Ensemble Learning

One machine learning technique that enhances predictive power and has been popularized in

the last decade is ensemble learning. Often utilized in regression models, as we will do here,

and in neural networks, ensemble learning comprises several models that are constructed as

layers that work together to predict a desired sample statistic. By aggregating the results

of these models and building from the base function onward, ensemble learning models are

capable of producing significantly more accurate predictions than the sum of their parts.

We will investigate two such ensemble learning techniques, namely “bagging” and

“boosting,” via Random Survival Forest (RSF) and Gradient Boosting, respectively. In

addition to predicting the survival function, the RSF can predict the time until death for

patients in the testing set, which we explore in this section. The algorithms used to run

these models both optimize the bias–variance trade-off and minimize overfitting to the
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training data, although the means through which they do so are different. Additionally,

boosting models are run sequentially, while bagging models can be run in parallel, resulting

in differences in model run time, which are relevant on an industrial scale but negligible for

our small sample size. We will continue, as in the previous paper, to use proxy measures

to compare the accuracy of these techniques.

2.1 Random Survival Forest to Predict Patient Survival Time

Random Forest is a non-parametric ensemble learning method useful for event prediction.

It relies upon a set of decision trees, bootstrapped from the original data source, that

are created from a select number of features (covariates) and used to predict a particular

outcome. In the context of machine learning, Random Survival Forest (RSF) is a type of

Random Forest that predicts patient survival time in the setting of clinical trials.

Traditionally, RSF has been used to estimate the survival function, due to its flexibil-

ity under high-dimensional data and complex relationships that exist between predictors.

However, its architecture can also be manipulated to forecast patient survival time. As

such, the prediction error curve for the RSF model, tracking the expected squared residual

of the predicted survival function (weighted to account for censoring) over time, and the

resulting integrated Brier score are omitted from our accuracy assessment, and alternate

methods must be used when analyzing results.

Finally, given that our data include 52 censored and 35 uncensored observations, balanc-

ing the RSF is unlikely to affect model accuracy. Therefore, adjustment for class imbalance

is unnecessary. Accordingly, we proceed with a standard RSF regression model. [12].

2.1.1 Methodology

A decision tree is a recursive partitioning structure that models event outcomes based

on the likelihoods provided by a subject’s features. In RSF, features are split based on

favorability (goodness-of-split) of the child nodes, determined by the pair’s capacity to

yield the most significant log-rank test statistic upon comparison. That is, if the dataset

is split by, for instance, a parent node of X1 > 45 (where X1 denotes a covariate), then

that would mean that patients with X1 > 45 have significantly different survival functions

compared to those with X1 < 45 at a significance level lower than for X1 > k, where k is

any constant from the set of all possible covariate values not equal to 45.

To reduce computation time, RSF employs randomized splitting, in which a random

subset of candidate split points is selected at each node, and the best split among these is
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identified using the log-rank test. For instance, rather than testing all possible integers k ∈
(0, 100) for the Karnofsky index, the algorithm may test only a few randomly chosen values,

such as k ∈ {5, 10, . . . , 90, 95}, to determine which split produces the largest separation

between survival functions of the two child nodes.

This feature-selection process can also be viewed as an operation that maximizes the

reduction in entropy, or equivalently, maximizes the distinction between groups with dif-

fering risk profiles. Because the log-rank test accounts for right-censored data by including

censored patients in the risk set up to the time of censoring, this feature-selection procedure

is inherently compatible with right-censored observations and is therefore suitable for our

dataset.

The steps to construct the RSF model can be summarized as follows (in the context of

our sample):

Bootstrapping

Randomly select, with replacement, 87 rows from the dataset to form a bootstrapped

dataset (B-set). Then, select
√

|X| ≈ 2 unique features from X = {x1, . . . , x6} to construct

the corresponding tree.

Repeat this procedure to generate 100 B-sets in total, as computational resources allow.

Validating

A decision tree is grown for each B-set using the log-rank splitting criterion, based

only on the randomly selected features. Because sampling is with replacement, on average,

about 36.6% of the original data are excluded from any given tree, forming the out-of-bag

(OOB) set.

To see this, let n be the number of observations in a B-set. The probability that a given

observation is not selected in one draw is 1 − 1/n, so the probability that it is excluded

from all n draws is (1 − 1/n)n ≈ e−1 ≈ 0.366. Consequently, each observation appears in

roughly 63.4% of the trees, with the remainder serving as OOB data.

For each patient, predictions are aggregated across the trees in which they are OOB

to produce an unbiased estimate of survival time. This procedure can be applied to all

observations in the dataset, effectively providing a validation set of the same size as the

training set without overlap.
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Evaluating

The Harrell’s C-index is a widely used metric for assessing time-to-event predictions.

Here, we describe its computation in the context of our patient data.

First, all
(
87
2

)
= 3741 ordered pairs (Tj, Tk) of observed survival times are formed, with

Tk ≥ Tj. Pairs where δj = 0 are discarded; for tied pairs, if δj = δk, the pair is also

excluded. For non-tied pairs where δk = 0, the pair is retained, as the model can still be

evaluated by comparing the predicted order (T̂j, T̂k) to the observed order (Tj, Tk).

Let Zi denote the concordance for the ith pair:

Zi =


1, if (T̂j < T̂k and Tj < Tk) or (T̂j = T̂k and Tj = Tk),

0.5, if (T̂j = T̂k and Tj < Tk) or (T̂j < T̂k and Tj = Tk),

0, otherwise.

The overall concordance and C-index are then

Concordance =
3741∑
i=1

Zi, and C-index =
Concordance

3741
.

Interpretation is straightforward: a C-index of 0.5 or lower indicates predictive perfor-

mance no better than random chance, while a C-index of 1 indicates perfect ordering of

predicted survival times.

2.2 Gradient Boosted Model

Gradient Boosting is another ensemble learning technique that uses sequentially trained

decision trees to produce a “strong learner” from a series of weaker machine learning models,

performing the partial derivative (hence the name “gradient”) of the halved residuals (loss

function) at each step to derive an incrementally more accurate training model.

In past literature, Gradient Boosting has been primarily used for binary classification

of diseases and identification of species present in biological systems. Its most classical

applications come from neural networks, where the process of boosting a model from a

series of iterative decision trees is similar to the translation of data through the layers of a

multi-modal network.

In this section, we will adapt the binary classifier-based Gradient Boosted machine

learning architecture to perform survival time prediction. [13]
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2.2.1 Methodology

To run a Gradient Boosted model, specifically a Gradient Boosted model for regression

(due to the continuous nature of our data), we must first introduce some notation. Let xj

denote the covariate vector and sj denote the survival time for the jth patient in our test,

for all j ∈ Z+ with j ≤ 87. Then, we define the following loss function most appropriate

for manual computation of the prediction estimator f̂ :

L(sj, f̂(j)) =
1

2
(sj − f̂(j))2

where f̂ is a function giving the predicted survival time for patient j. On the first

iteration of Gradient Boosted network, we produce a singular leaf node to initialize the

sequence, and the value this node takes on is such that the cumulative loss is minimized

over the set P of all patients in our training set. This can be computed by setting the

partial derivative of the loss function, summed for all j ∈ P , with respect to f̂(j) equal to

zero as follows:

f̂0(j) = argmin
∑
j∈P

L(sj, f̂(j)) ⇒
∂

∂f̂(j)
L(sj, f̂(j))

= −(s1 − f̂(1))− (s2 − f̂(2))− · · · − (s86 − f̂(86))− (s87 − f̂(87)) = 0

⇒ f̂0(j) =
1

87

∑
j∈P

sj

where, as a reminder, |P | = 87 denotes the cardinality of the patient training set for

our sample data. Hence, the primary leaf in the Gradient Boosted network comprises the

arithmetic mean of the survival times in the patient data, as intuition suggests. Next, we

can construct a tree to estimate the residuals of the predicted outputs from the zeroth

iteration, programmed from the covariate vectors of the training data via an approximate

greedy search algorithm which splits each node from the root node to the penultimate

nodes in such a way that maximizes the gain:

Gain =
1

2

(
G2

L

HL + 1
+

G2
R

HR + 1
− (GL +GR)

2

HL +HR + 1

)
.

Here, subscripts L and R correspond to the left and right nodes of each candidate split

respectively, G and H represent the gradient and hessian of the loss function respectively,

and the “+1” term in the denominator serves as a regularization hyperparameter to protect
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against overfitting. For instance, considering without loss of generality the root node split

X1 < k for covariate X1 and k ∈ S, the set of patient survival times, then

GL =
∑
j∈SL

∂

∂f̂(j)
L(sj, f̂(j)), HL =

∑
j∈SL

∂2

∂f̂(j)2
L(sj, f̂(j))

with GR and HR computed similarly. Note that performing the gradient calculation to

maximize the gain is analogous to computing and summing the negative pseudo-residuals

for each training patient at this step, given by:

r0(j) = s(j)− f̂0(j).

Due to the low sample size of our data, we will restrict the number of splits at this tree

and all future trees formed to only 8 (marginally greater than a stump) as to mitigate the

probability of our model fitting to the nuances in the training data. As a final measure to

account for overfitting, we will incorporate a shrinkage rate of λ = 0.05 into our model,

which results in the relation:

f̂n(j) = f̂n−1(j) + λNn,j, 1 ≤ n ≤ 100

where Nn,j denotes the terminal node value (or average terminal node value) of patient

j, for whom the model predicts survival time after being processed through the nth tree.

To establish an equal means of comparison against RSF, we will employ Harrell’s C-index

again to proxy the predictive accuracy of f̂100(j) on our testing set. However, unlike RSF,

we will first randomly split the data with a training set to testing set ratio of 4 : 1, and

will calculate the C-index on the test set rather than the full set of parent data.

2.3 Results & Interpretation

In Python, we manually implemented a Random Survival Forest model with an out-of-

box (OOB) validation set. We also used an extreme form of Gradient Boosting known as

XGBoost to derive the results of our regression. Both C-indices are captured below.

Model C-index

RSF 0.6928

XGBoost 0.7143
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Table 1. C-indices for ensemble models.

The C-index from our Random Survival Forest model, which is under 0.7, indicates a

moderate discriminatory capacity of patient survival time from the six features. XGBoost’s

C-index, in the range of 0.7-0.8, indicates a good to moderately strong model for predicting

patient survival time in the testing set. Clearly, the XGBoost model demonstrated better

performance on our dataset, perhaps in-part due to its clean nature and the select few

important features included.

To bolster these results, we apply Cramér’s ϕ for both models, which measures the

association between predicted and real results in the data by assuming it comes from a χ2

distribution. Since time until death is a quantitative measure and Cramér’s ϕ is a measure

attached to categorical variables, we first grouped survival time by severity in equal time

frames:

• Terminal: < 12 months

• Very High Risk: 12 - 24 months

• High Risk: 24 - 36 months

• Moderate Risk: 36 - 48 months

• Low Risk: 48 - 60 months

• Minimal Risk: 60+ months.

It should be noted that the overall survival data is skewed right even with these cat-

egories, resulting in most ensemble learning types, including RSF and XGBoost, to favor

predicting terminal results. This byproduct of our low sample size is, however, accounted

for by the low number of above groups chosen compared to the number of total data

points, which was done to avoid penalizing a model despite making few outlier predictions

compared to significantly many accurate ones.

RSF and XGBoost produced ϕc values of 0.4188 and 0.5270 respectively, placing RSF

in the threshold of moderately strong association and XGBoost in the threshold of strong

association. Thus, although both models demonstrate strong capacities for predicting sur-

vival time both quantitatively and categorically for brain tumor patients, the evidence from

our results suggest that XGBoost is the superior ensemble model.
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However, for extremely precise survival time predictions, neither model is an ideal es-

timator, especially for small datasets such as our sample patient data. Hence, our proxied

forecast-accuracy results are intended as a cautionary tale for the careful exercise of ma-

chine learning for regression on multiple features, as well as the need for larger open-source

datasets to be made available in the realm of brain tumor survival.

Finally, we present the feature importance from both models, comparing them to each

other and to the results from our previous paper on parametric models.

Figure 1. Feature Importance Comparison.

In both models, diagnosis is the most important covariate; however, diagnosis is sig-

nificantly (at α = 0.001) important for RSF as opposed to for XGBoost. With XGBoost,

the remaining features are important to roughly similar extents, with stereotactic methods

being a slightly less important feature that the rest. In RSF, the inclusion of stereotactic

methods is more dramatic; it is the only feature whose inclusion decreases the model’s accu-

racy. The difference between RSF’s feature importance and XGBoost’s feature importance

is plausibly accounted for by the difference in their tree-depth; XGBoost’s comparatively

low tree depth minimizes its model variance, making it less susceptible to high skew from

extremely significant features like diagnosis.

In the second part of this study, we employed a log-rank test to determine the signifi-

cance of groups within each feature, a measure analogous to feature importance. The study

concurred with the critical importance of diagnosis, which had a log-rank p-value several

orders of magnitude higher than any other covariate, and agreed with RSF regarding the
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lack of evidence supporting the importance of gender or location in survival time prediction.

However, the previous study found stereotactic methods to be significant at α = 0.05 (but

not α = 0.01), which starkly differs from our ensemble results here. [2] Hence, just as some

medical journals claim SRT is superior to SRS while others claim that the difference is neg-

ligible, our models disagree in a way which highlights the discrepancy. Lastly, to reiterate,

the previous study used parametric models to predict survival function, while this study

uses non-parametric models to predict survival time; differences in feature importance can

be accounted for by the difference in these functions.

3 Summary and Conclusion

Although the difference between ensemble models is not stark for the low sample size of our

data, the results concur with the superior predictive capacity of XGBoost in the hierarchy

of ensemble learning models from several previous sources of literature.

Within reputed literature, many of the studies that relied solely on clinical, MRI, or

demographic data produced models with mediocre accuracies. Specifically, accuracy with

RSF was frequently achieved in the 50-60th percentile, while accuracy with Gradient Boost-

ing was up to 10% higher but still not remarkable. Compared to other models trained on

open datasets, many of which only contained MR images, our model achieved a C-index

typically 0.01-0.1 points higher in magnitude. This superior performance demonstrates the

importance of clinical data consideration in improving model accuracy.

The literature differed, as with our previous paper, in the ranking of features used to

train each model. However, most RSF and Gradient Boosting models determined that

Karnofsky index was among the most important features, as well as mutation type - which

is similar to diagnosis - or diagnosis directly. Thus, our models align with literature in

regard to the importance of diagnosis, with RSF overplaying its importance. Meanwhile,

our RSF more closely captures the relative importance of the Karnofsky index measure

copmared to the literature than XGBoost.

In the fields of radiology and oncology, particularly in the context of providing palliative

care for brain tumor patients, survival analyses is integral. Providing patients who wish

to know their life expectancy with a clear and accurate survival time estimate allows them

and their loved ones to optimize the time that they have to spend together, as well as

mitigates the extent of shock-induced grief associated with their passing. Such estimates

have typically been avoided due to human inaccuracies; employing ensemble learning models
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such as ours, especially when trained on more plentiful and diverse datasets, can eliminate

accuracy concerns and allow for a more confident timeline to be catered to patients.

4 Future Works

It could be worth implementing other models such as Support Vector Machine (SVM) or

K-Nearest Neighbors (KNN). Although these models are traditionally out-performed by

RSF and XGBoost, in situations where computational power is not a concern, combin-

ing supervised models and aggregating their results may produce an increased prognosis

accuracy.

Additionally, incoporating omic data alongside clinical data is likely to increase ac-

curacy. Oncologists with access to cancer labs should more often, with patient consent,

perform tests characterizing the genomes and proteomes of the brain tumors of those in-

ducted into studies like that of Masaryk. This data is much more specific that a simple

diagnosis type, and coupled with the patient data we investigated in our study, can signif-

icantly boost survival models’ accuracy. More clinical data, such as patient age, can easily

be collected and should be incorporated into open-source datasets as well.

Lastly, our models should be used in collaboration with classification models. In our

first paper from this three-part series, we investigated employing Convolutional Neural

Networks (CNNs) to classify brain tumors. [14] Models trained using CNNs can diagnose

patients by extracting patterns from their MRI scans, and this diagnosis can then be fed

into an XGBoost model alongside other data points to predict patient survival. Combining

classification and survival models into a single step can streamline the prognosis process,

resulting in greater assistance to oncologists in determining the severity of a patient’s

condition.

Supplemental Materials

Supplemental materials, including the dataset and Python code used for analysis, are avail-

able at the following GitHub repository.

https://github.com/Aryan-Mukherjee007/BrainTumorEnsemble.

Readers are encouraged to reproduce the results and explore the data further.
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Appendix

Data Frequency Charts

Figure 1: Gender Figure 2: Diagnosis

Figure 3: Location Figure 4: Stereotactic Methods

Figure 5: Karnofsky Index Figure 6: Gross Tumor Volume
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