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Abstract
Machine learning (ML) approaches can predict BRAF status of pediatric low-grade gliomas (pLGG) on
pre-therapeutic brain MRI. The impact of training data sample size and type of ML model is not
established. In this bi-institutional retrospective study, 251 pLGG FLAIR MRI datasets from 2 children’s
hospitals were included. Radiomics features were extracted from tumor segmentations and �ve models
(Random Forest, XGBoost, Neural Network (NN) 1 (100:20:2), NN2 (50:10:2), NN3 (50:20:10:2)) were
tested to classify them. Classi�ers were cross-validated on data from institution 1 and validated on data
from institution 2. Starting with 10% of the training data, models were cross-validated using a 4-fold
approach at every step with an additional 2.25% increase in sample size. Two-hundred-twenty patients
(mean age 8.53 ± 4.94 years, 114 males, 67% BRAF fusion) were included in the training dataset, and 31
patients (mean age 7.97±6.20 years, 18 males, 77% BRAF fusion) in the independent test dataset. NN1
(100:20:2) yielded the highest area under the receiver operating characteristic curve (AUC). It predicted
BRAF status with a mean AUC of 0.85, 95% CI [0.83, 0.87] using 60% of the training data and with mean
AUC of 0.83, 95% CI [0.82, 0.84] on the independent validation data set. 

Introduction
Pediatric low-grade gliomas (pLGG) comprise a heterogeneous variety of tumors classi�ed by the World
Health Organization as grades I or II (1, 2). They are the most common brain tumors in children,
accounting for approximately 40% of tumors of the central nervous system (CNS) in childhood (3). If total
resection is not possible, pLGG become a chronic disease with protracted reduction in quality of life (1, 4)
with a 10-year progression-free survival (PFS) of less than 50% (5, 6). Molecular characterization of
sporadic pLGG has identi�ed frequent alterations in the RAS-MAPK pathway, most commonly fusions or
mutations in the BRAF gene (7, 8). Lassaletta et al. recently showed that patient prognosis differs based
on the underlying molecular alteration: pLGG with BRAF fusion have a favorable outcome, while those
with BRAF V600E mutation are at increased risk of progression and transformation (9, 10). This has led
to clinical trials using RAS-MAPK pathway targeted agents such as MEK inhibitors and BRAF V600E
inhibitors for patients with molecular evidence of BRAF alterations. These new therapies are promising
and many pLGG that were refractory to traditional chemotherapy have had signi�cant responses (11, 12).

In the past decade, radiomics has emerged as an imaging-based method to link quantitative features
extracted from medical images to outcomes, such as cancer genotype or survival (13, 14). Radiomic
signatures have been extensively investigated for different cancer sites including liver cancer (15), bone
tumors (16), glioblastoma (17), medulloblastoma (21), and midline high-grade glioma (18, 19). Recently,
we applied Random Forest (RF) to differentiate BRAF fused from BRAF V600E mutated pLGG and yielded
an area under the receiver operating characteristic curve (AUC) of 0.85 on an independent validation set
(20). It has not been well established to what extent different classi�cation models and the size of the
training data affect diagnostic performance. This may also serve as a model for classi�cation algorithms
in other tumors.
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We therefore aimed to assess the performance of �ve commonly used machine learning (ML) models to
predict BRAF fusion or BRAF V600E mutation on an independent validation set with systematic step-wise
increase of training data.

Material And Methods
Patients: This retrospective study was approved by the institutional review board or research ethics board
of the two participating academic institutions: The Hospital for Sick Children (Toronto, Ontario, Canada)
and The Lucile Packard Children’s Hospital (Stanford University, Palo Alto, California). This study was
performed in accordance with the relevant guidelines and regulations. Informed consent was waived by
the local institutional review or research ethics boards due to the retrospective nature of the study. An
inter-institutional data transfer agreement was obtained for data-sharing. Patients were identi�ed from
the electronic health record data bases at Toronto from January 2000 to December 2018 and at Stanford
from January 2009 to January 2016. Patient inclusion criteria were: 1) age 0–18 years, 2) availability of
molecular information on BRAF status in histopathologically con�rmed pLGG, and 3) availability of
preoperative brain MRI with a non-motion degraded FLAIR sequence. Patients with histone H3 K27M
mutation and neuro�bromatosis 1 were excluded. Spinal cord tumors were also excluded.

The datasets of 94 patients from The Hospital for Sick Children, Toronto, and 21 patients from The Lucile
Packard Children’s Hospital, Stanford, used in this study have been previously published (20). The
previous study applied an RF model without variations in sample size to differentiate BRAF fused from
BRAF V600E mutated pLGG. Our current study investigates the performance of �ve commonly used ML
models and various sample sizes to predict BRAF fusion or BRAF V600E mutation on an independent
validation set using a systematic step-wise increase of training data.

Molecular Analysis: BRAF fusion status was determined using a nanoString panel or �uorescence in situ
hybridisation (FISH) while BRAF p.V600E mutation was determined using immunohistochemistry or
droplet digital PCR as previously described (21).

MRI Acquisition, Data Retrieval, Image Segmentation: All patients from The Hospital for Sick Children,
Toronto, underwent brain MRI at 1.5T or 3T across various vendors (Signa, GE Healthcare; Achieva,
Philips Healthcare; Magnetom Skyra, Siemens Healthineers). Sequences were acquired according to the
institutional tumor protocol and included a 2D axial T2 FLAIR sequence (TR/TE, 7000–10000/140–170
ms; 3–6 mm slice thickness; 3-7.5 mm gap). Patients from Lucile Packard Children’s Hospital, Stanford,
underwent brain MR imaging at 1.5T or 3T scanners from a single vendor (Signa or Discovery 750; GE
Healthcare, Milwaukee, Wisconsin). Sequences were acquired using the institutional brain tumor protocol,
which included a 2D axial T2 FLAIR sequence (TR/TE, 7000–10000/140–170 ms; 4–5 mm slice
thickness; 1-1.5 mm gap). All MRI data were extracted from the respective PACS and were de-identi�ed for
further analyses. Tumor segmentation was performed by a 4th year radiology resident with
neuroradiology research experience (AA) using 3D Slicer (ver. 4.10.2) (22) (http://www.slicer.org). The
scripted loadable module SlicerRadiomics extension was used to obtain access to the radiomics feature
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calculation classes implemented in the pyradiomics library (http://pyradiomics.readthedocs.io/). This
extension offers to select all available feature classes and ensures isotropic resampling under
“Resampled voxel size” when extracting 3D features. Semi-automated tumor segmentation on FLAIR
images was performed with the Level-Tracing-Effect tool. This semi-automatic approach had been found
superior to multi-user manual delineation with regard to reproducibility and robustness of results (23).
The �nal and proper placement of ROIs was con�rmed by a pediatric neuroradiology trained and board-
certi�ed radiologist (MWW, 7 years of neuroradiology research experience).

Radiomic Feature-Extraction Methodology: A total of 851 MRI-based radiomic features were extracted
from the ROIs on FLAIR images. Radiomic features included histogram, shape, and texture features with
and without wavelet-based �lters. Features of Laplacian of Gaussian �lters were not extracted. All
features are summarized in Supplementable Table. Bias �eld correction prior to z-score normalization
were used to standardize the range of all image features (24, 25). Once the features were extracted, we
applied z-score normalization again followed by L2 normalization to the features of cohort 1 and used
the distribution of the features in cohort 1 (training data) to normalize cohort 2 (validation data). Details
of pre-processing and radiomic feature extraction in 3D Slicer have been described elsewhere (13, 17, 26).

Statistical and ML analysis: We used t-distributed Stochastic Neighbor Embedding (t-SNE) to visualize
our dataset. RF, XGBoost, NN1 (100:20:2), NN2 (50:10:2), NN3 (50:20:10:2) were utilized as classi�cation
models (27–29).

Data visualization

In dimensionality reduction, t-SNE can be applied to different types of data including radiomics features.
It applies Principal Components Analysis to map data points from an original high dimensional space to
an intermediate lower dimensional space (default dimensions = 30). Subsequently, pair-wise distances
are calculated and probability distributions are �t to examples so that data points in closer proximity are
assigned with higher probabilities. Initialization for embeddings (i.e., representation of data points in
latent space, usually a 2D or 3D space) is realized. The same procedure is repeated for the points in the
latent space. Iteratively and applying a gradient descent approach, Kullback-Leibler divergences between
the two sets of probability distributions are minimized. Ultimately, if two data points are similar in high
dimensional space, their embeddings will be close to one another in 2D/3D space.

Random Forest

RF is a learning method consisting of several decision trees that can be used for classi�cation and
regression. Decision trees are multi-step thresholders, which can over�t to any data, if there is no
controlling mechanism such as maximum depth. In order to enhance their generalization capacity, RF
ensemble decision trees. Similar to any other tree-based algorithm, RF are suitable for classi�cation of
tabular data which makes them a high potential option for radiomics pipelines. The most critical
hyperparameters of RF are number of trees (number of estimators), maximum depth of each tree, and the
minimum and maximum number of examples at leaf nodes.
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XGBoost

eXtreme Gradient Boost (XGBoost) is a popular gradient boosted trees (GBT) algorithm. Similar to RF,
GBTs ensemble a collection of decision trees. However, GBTs add trees in a sequential manner such that
errors of the previous tree are revised by the next tree. Compared to other GBTs, XGBoost utilizes a
customized loss function and implements multiple regularization techniques to enhance the model’s
generalization and computational e�ciency. Learning rate of the tree booster (default value is 0.3) and
maximum depth of trees are the most important hyperparameters of the algorithm.

Neural Networks

Neural Networks (NNs) are highly nonlinear classi�ers that were initially built based on ensembling of
perceptron blocks. To date, there are multiple well-established categories of NNs including convolutional
neural networks (CNNs), recurrent neural networks (RNNs), and generative adversarial networks. Each of
these categories is suitable for speci�c sets of problems. For example, CNNs have a high potential for
image and video processing tasks such as object detection or segmentation. Given the type of data, we
used feedforward NNs in this study. Feedforward NNs are considered a conventional type of NN, where
individual perceptrons form layers and a stack of layers creates the architecture without recurrent paths
in the network. We designed an initial NN (NN1) and derived two other architectures (NN2 and NN3,
respectively) by changing its width and depth. Figure 1 illustrates the three architectures, NN1, NN2, and
NN3. Recti�ed linear unit was used as activation function of the linear layers. In order to enhance
generalization of the models, we implemented dropout layers in our architectures. The dropout
mechanism arbitrarily excludes some nodes of the network from the weight updating process during
training.

Internal Cross Validation

Starting with 10% of the training data, all models were cross-validated using a 4-fold approach with a
systematic step wise 2.25% increase in sample size. At each step, experiments were repeated 10 times
using randomized versions of the respective percentage of the training data, resulting in 10 classi�ers per
step.

External Validation

At each step, the 10 classi�ers were validated on the entire independent external data set.

Classi�cation performance metrics

Mean AUC and 95% con�dence intervals (CI) were calculated for every step for both training and
validation data sets, and the process was repeated for all �ve models. The external validation data set
was never used in any stage of the training of the models and was dedicated to external validation. To
examine whether the difference between performance of the models were signi�cant, we conducted a
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two-sided two-sample Kolmogorov-Smirnov (KS) test on mean AUCs across training sample sizes for
each pair of our models.

Results
Patients: A total of 251 children (132 males (53%), mean age 8.5 years, standard deviation (SD) 5.1
years) were included. The internal cohort consisted of 220 patients (114 males (52%), mean age 8.5
years, SD 4.9 years) from The Hospital for Sick Children. The external cohort consisted of 31 patients (18
males (58%), mean age 8.0 years, SD 6.2 years) from The Lucile Packard Children’s Hospital, were
analyzed. BRAF fusion was found in 172 of 251 patients (69%), in 148 of 220 patients from the Toronto
cohort (67%), and in 24 of 31 patients from the Stanford cohort (77%). Patient demographic information
and pathologic information including age at diagnosis, sex, histologic diagnosis, and molecular
diagnosis regarding BRAF status are provided in Table 1.
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Table 1
Patient demographics

    Institutional Cohort

    Toronto Stanford

No. of patients   220 31

Age (mean) (yr)   8.53 7.97

Male sex (No.) (%)   114 (52) 18 (58)

Histological diagnosis (No.)      

  JPA 122 21

  LGA 32 -

  GG 30 7

  DA 12 -

  PMA 9 3

  PXA 6 -

  ODG 2 -

  NC 2 -

  DNET 2 -

  GC 1 -

  GNT 1 -

  Mixed 1 -

Molecular subgroup (No.) (%)      

  BRAF fusion 148 (67) 24 (77)

  BRAF mutation 72 (33) 7 (23)
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Table 1
Patient demographics. JPA = Juvenile Pilocytic Astrocytoma, LGA = Low Grade

Astrocytoma, GG = Ganglioglioma, DA = Diffuse Astrocytoma, PMA = Pilomyxoid
Astrocytoma, PXA = Pleomorphic Xanthoastrocytoma, ODG = Oligodendroglioma,

NC = Neurocytoma, DNET = Dysembryoplastic Neuroepithelial Tumor, GC = 
Gangliocytoma, GNT = Glioneuronal tumor, Mixed = Mixed histology

Table 2. Comparison of model performance    

Internal            

    NN1 NN2 NN3 XGBoost RF

  NN1   0.42 < 0.0001 < 0.0001 < 0.0001

  NN2 0.42   0.016 < 0.0001 < 0.0001

  NN3 < 0.0001 0.016   < 0.0001 < 0.0001

  XGBoost < 0.0001 < 0.0001 < 0.0001   0.99

  RF < 0.0001 < 0.0001 < 0.0001 0.99  

External            

    NN1 NN2 NN3 XGBoost RF

  NN1   0.59 0.1 < 0.0001 < 0.0001

  NN2 0.59   0.1 < 0.0001 < 0.0001

  NN3 0.1 0.1   < 0.0001 < 0.0001

  XGBoost < 0.0001 < 0.0001 < 0.0001   < 0.0001

  RF < 0.0001 < 0.0001 < 0.0001 < 0.0001  

Data visualization: t-SNE was used for data visualization (Fig. 2). No apparent separation was found
between the internal and external data set, neither for the whole data nor for the two classes. However,
locality of BRAF V600E mutation examples suggests separability of the two classes.

Classi�cation model evaluation and comparison of performance: AUC values over the entire training or
external data were averaged for each model and performances were compared using two sided two-
sample KS tests (Table 2). The performance of the �ve models over a 2.25% step wise increase of
training data is shown in Fig. 3. All classi�ers showed a decreasing variance on the internal data with a
continued increase in sample size. While the performance on the internal data was signi�cantly higher for
RF and XGBoost (p-values: all < 0.0001 for RF vs NN1 / NN2 / NN3 and all < 0.0001 for XGBoost vs NN1 /
NN2 / NN3), their performance was signi�cantly lower and their variation was higher on the external data
compared to the three NNs (Fig. 4) (p-values: all p < 0.0001 for RF vs NN1 / NN2 / NN3 and all p < 0.0001
for XGBoost vs NN1 / NN2 / NN3). XGBoost had a signi�cantly different performance compared to RF on
the external data (p-value: <0.0001) while demonstrating a higher variance. On the internal data, NN1 and
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NN2 showed similar performance, but they were signi�cantly different from NN3 (p-value: <0.0001 for
NN1 vs NN3 and p-value: 0.016 for NN2 vs NN3). All three NNs demonstrated similar high performance
and low variance on the external cohort up until 70% of the training data, where performance dropped to
the level of XGBoost and their variance increased. Mean, upper and lower con�dence interval sensitivity,
speci�city, accuracy, and F1 score across the entire training and external validation dataset are
summarized in Table 3. At 60% of the training data (132 patients), NN1 and NN2 yielded the best results
on the validation data (NN1 and NN2: mean AUC with [95% Con�dence Interval]: 0.83 [0.82–0.84]). NN3
performed slightly below NN1 and NN2: 0.82 [0.81–0.84]. RF and XGBoost AUC values at 60% were 0.72
[0.7–0.74] and 0.75 [0.72–0.78], respectively. On the training data set, RF had the highest AUC at 60%:
0.87 [0.86–0.9]. XGBoost performed slightly below RF at 0.87 [0.85–0.89]. NN1 and NN2 were performing
at the same level: 0.85 [0.83 0.87] and NN3 was slightly below: 0.84 [0.81 0.86].



Page 11/19

Table 3
Mean performance metrics over entire training and validation

data set
Metric Model Training data Validation data

    Mean [CI] Mean [CI]

Sensitivity RF 0.85 [0.82–0.89] 0.71 [0.71–0.71]

Sensitivity XGB 0.85 [0.81–0.88] 0.69 [0.63–0.74]

Sensitivity NN1 0.82 [0.79–0.85] 0.71 [0.71–0.71]

Sensitivity NN2 0.81 [0.77–0.84] 0.71 [0.71–0.71]

Sensitivity NN3 0.81 [0.77–0.84] 0.73 [0.70–0.76]

Speci�city RF 0.87 [0.84–0.90] 0.82 [0.79–0.85]

Speci�city XGB 0.85 [0.82–0.88] 0.87 [0.84–0.90]

Speci�city NN1 0.85 [0.81–0.88] 0.92 [0.91–0.93]

Speci�city NN2 0.85 [0.82–0.89] 0.93 [0.92–0.94]

Speci�city NN3 0.85 [0.81–0.89] 0.91 [0.89–0.93]

Accuracy RF 0.86 [0.84–0.88] 0.80 [0.77–0.82]

Accuracy XGB 0.85 [0.83–0.87] 0.83 [0.81–0.85]

Accuracy NN1 0.84 [0.82–0.86] 0.87 [0.87–0.88]

Accuracy NN2 0.84 [0.82–0.86] 0.88 [0.87–0.89]

Accuracy NN3 0.83 [0.81–0.86] 0.87 [0.86–0.88]

F1 Score RF 0.81 [0.78–0.83] 0.62 [0.59–0.64]

F1 Score XGB 0.79 [0.77–0.81] 0.65 [0.62–0.67]

F1 Score NN1 0.78 [0.75–0.80] 0.72 [0.71–0.73]

F1 Score NN2 0.77 [0.75–0.79] 0.73 [0.72–0.75]

F1 Score NN3 0.77 [0.74–0.79] 0.72 [0.70–0.74]

Discussion
In this bi-institutional study, we assessed �ve commonly used ML classi�ers to predict BRAF fusion or
BRAF V600E mutation on independent data using a systematic step-wise increase of training data. Our
results indicate that although classi�er performance is generally high, certain classi�ers can perform
better than others. We found that NNs1-3 outperformed XGBoost and RF on the external data, while they
demonstrated lower AUCs on the internal data. This was visible starting from > 20% of the training data or
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42 patients. NNs1-3 achieved a high level of performance on the external data with only a limited amount
of training data. This remained at a similar level with further increase of training data. At 70% of the
training data, performance levels of NNs1-3 dropped to the level of XGBoost. This effect was attributed to
over�tting. NN1 and 2 (100:20:2 and 50:10:2) yielded the best AUC on the external data at 60% of the
training data (AUC: 0.83). Though differences in performance in NN1-3 were not statistically signi�cant
on the external data, we observed the least variation in performance with NN1.

RF has been a popular data mining and statistical tool in radiomics research due to its transparency and
success in classi�cation and regression tasks (20, 30–33). It generates a large number of decision trees
using random subsamples of the training data while also randomly varying the features used in the trees
(34). GBT differ from RF in that they add decision trees sequentially so that errors of the previous tree are
revised by the next tree. XGBoost further enhances this process by correlating the new tree with the
negative gradient of the loss function associated with the whole tree assembly (35). Accordingly and in
line with a prior radiomics study on response assessment of rare cancers, XGBoost signi�cantly
increased our model’s performance compared to RF on the external data set (36).

The rationale to applying NN with different architectures was that it employs several layers possibly
facilitating a higher dimensional feature selection algorithm. Similar to our results, Yun et al (37) and Bae
et al (38) found that a NN approach using radiomics features as input outperformed other ML classi�ers
on external data sets differentiating brain tumor types. In the study of Yun et al, NNs fed with radiomics
features signi�cantly outperformed support vector machine, RF, generalized linear model, human readers,
and CNN on external validation data (37). The relatively low performance of CNN was attributed to the
small training data set (n = 123) and heterogeneity in image acquisition (37). Using a training cohort of
166 patients with glioblastoma or brain metastasis, Bae et al could show that deep neural networks
outperform human readers and traditional ML classi�ers including adaptive boosting, support vector
machine, and linear discriminant analysis (38).

Our study also investigated the role of the training data sample size on model performance on the
external data set. Using an incremental 2.25% increase in training data, we found the best performance of
NN1 and NN2 on the external data at 60% or 132 patients. Notably, performance was high on the external
data starting already at 20% of the training data, however, there was marked variation on internal cross
validation. This may be explained by the heterogeneity of the training data diagnoses and the relative
homogeneity of the validation set.

NN demonstrated increased performance over conventional ML classi�ers (37) and CNN (37) when MRI
data is limited. We therefore recommend a combination of radiomic features and NN classi�cation as a
ML classi�er when data are limited.

Our study has several limitations. With the small samples, large feature sets, and low signal-to-noise that
are characteristic of neuroimaging data, prediction models built using neuroimaging data are at a high
risk of over�tting (39). We experienced over�tting of NN1-3 at 70% of the training data. Due to the
retrospective and bi-institutional nature of our study, there were heterogeneous FLAIR sequence
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acquisitions, various scanner vendors, and different �eld strengths in our sample. Given that this
heterogeneity re�ects clinical practice, a reliable model should incorporate these technical variations. For
our study, we only used FLAIR images. Incorporating additional MR imaging sequences such as T2-
weighted images, DWI, and contrast-enhanced T1-weighted sequences could further increase model
performance.

Conclusion
A combination of radiomic features and NN led to a high performing and reliable model for the
challenging classi�cation task of differentiating the molecular status of pediatric low grade glioma based
on MRI data. The model was superior to RF and XGB for small datasets. This may have implications for
the classi�cation of other tumors with limited sample sizes as well.
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Figures

Figure 1

Neural Network architectures used for the experiments
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Figure 2

tSNE Visualization of the Dataset: Circles denote BRAF fusion, while plus markers represent BRAF V600E
mutation. Green and grey colors highlight internal and external data, respectively.
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Figure 3

Area under the curve performance of different models on internal and external cohorts across training
dataset sizes. A: Random Forest; B: XGBoost; C: Neural Network 1; D: Neural Network 2, E: Neural Network
3
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Figure 4

Comparison of area under the curve performance of different models across training dataset sizes
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