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Abstract.
Background: Glioma is the most common brain cancer and is conven-
tionally diagnosed with MR imaging. Its prognosis and treatment depend
on the tumor genetic subtype. However, tumor genotyping is invasive,
requiring a sample of tumor tissue; a noninvasive method to determine
glioma subtype from an image would be a valuable addition to the on-
cology toolbox. Necessary restrictions on access to clinical data make
developing medical applications challenging. Radiogenomics is especially
challenging, since it requires paired imaging and genotype data.
Aims: We investigate whether classification models, pre-trained on nat-
ural scene images before being finetuned on MR images to determine
glioma subtype, can outperform models trained from scratch on larger pri-
vate medical datasets. We investigate the most effective way of applying
the MR sequences to the color model.
Methods: The T1, contrast enhanced T1, T2 and FLAIR sequences
(defined by their different repetition, echo and inversion times) are used as
inputs to the color channels, allowing the use of preexisting natural scene
models. A hyperparameter search determined the optimum parameters.
Two pretrained CNN models (VGG16 and ResNext) were finetuned and
compared across 24 psudo-color permutations and 4 gray monocolor
configurations to explore effects on performance from combinations of
MR sequence and color channel.
Results: Our best model exceeds the baseline from literature, achieving
88.1% accuracy, 0.935 AUC and 0.819 F1 score on a held out test set.
Conclusions: Classification of genetic markers in volumetric images can
be undertaken effectively and efficiently with models pretrained on 2D
natural scene images finetuned for the imaging genomics task. Crafting a
custom 3D volumetric model from scratch is not always necessary.

Keywords: Radiogenomics · Transfer Learning · Glioma · IDH mutation
· pseudo-color · MRI.
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Fig. 1: Illustration of the process creating pseudo-colored composite images from
different MRI sequences. This configuration corresponds to permutation 21 in
figure 2.

1 Introduction

Glioma is the most common brain cancer. It consists of several subtypes, the
identification of which is an important step in determining prognosis: glioblastoma
(previously known as high grade glioma and glioblastoma multiforme or GBM)
has a higher mortality rate than astrocytoma or oligodendroglioma (together
previously known as low grade glioma). Though somewhat visible on a medical
image, until recently the differentiation of these subtypes was poorly understood
and been subject to changes in nomenclature as the delineation became clearer.
The glioma subtypes are strongly associated with genetic level differences within
the mutating tumor cells, to the point that these genetic differences are now the
official definition of the subtypes in the World Health Organisation (WHO) guide
[13]. The specific genetic differences of interest are the mutuation status (i.e.
wild-type or mutant) of Isocitrate Dehydrogenase (IDH) — this protein has two
paralogue genes, IDH1 and IDH2, of which IDH1 is the gene of interest — and the
deletion of both the short arm of chromosome 1 and the long arm of chromosome
19 (succinctly denoted as 1p19q codeletion). In addition to these type-defining
differences, research suggests that O6-Methylguanine-DNA-methyltransferase pro-
moter methylation (MGMT methylation) influences treatment response: tumors
with methylated MGMT being less likely to respond to standard treatment[9].

Genetic subtyping requires a sample of brain tissue. The standard care pathway
for glioma uses the Stupp protocol, which recommends complete surgical resection
of the tumor at an early stage, irrespective of subtype. Resected tissue can then
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be used for molecular sequencing. However, there are options for acquiring the
genotyping information without the full tumor resection:

Biopsy Biopsies are invasive and, despite improved methods such as sterotactic
biopsies guided by plans derived from medical imaging, the operation is still
associated with around a 1% mortality rate[7].

Blood test Fragments of tumor cells circulating in the blood can be detected by
blood tests targeting the IDH1 gene[22]. Recent clinical validation achieved an
AUC of 0.84, sensitivity of 70.0% , positive predictive value of 90.9%, and a F1
score of 0.791[5]. This workflow has the advantage that it can be completed in
under four hours from sample to result.

MRI Image Analysis Human expert identification of IDH-mutant glioma exists
with sophisticated techniques [15][11], but is not treated as a front-line approach
and in practice is subordinate to histopathological tissue analysis. Automated
IDH1 mutation prediction has been investigated [8][6][21], and is described in
more detail below. Image analysis is quick and non-invasive. However, data
availability is a major challenge. Although public brain tumor data exists, the
genetic data associated with it is far more scarce due to tighter confidentiality
requirements. In addition, how detailed does the genetic data have to be to be
useful — are genome sequences required, or do mutation panels suffice?

Given this limited availability of relevant data, it is vital the data that is
available is used as effectively and efficiently as possible. We propose that transfer
learning, the use of models pretrained on different data and objectives to the task
at hand, is undervalued in medical image analysis and can be applied effectively
with some creativity to achieve better performing models without additional data
collection or model size costs.

2 Related Work

Several studies have investigated the identification of derived characteristics from
brain MRI images, including IDH mutation, 1p/19q codeletion, and MGMT
methylation state [8][6][21]. However, it is difficult to compare published results
due to the absence of common evaluation benchmarks: each study uses different
evaluation data and data splits. Our work uses [21] as a baseline due to the
availablity of the model and code, and that study uses the publicly available
TCGA-LGG and TCGA-GBM as its held out test set. These TCGA datasets
are publicly available as a subset of the Brain Tumor Segmentation (BraTS)
dataset[2][14][3].

The use of RGB color channels as a method of input for MRI sequences
to a model has been used for visualization [4] and for detection[12]. However,
while these works have been useful for visualizing features of MRI, they have
not investigated the practical possibilities of using this method as an accurate
classifier.
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3 Data

This work follows an example set by van der Voort et al.[21], who reserved public
datasets (TCIA glioblastomas and low-grade gliomas, also known as GBM and
LGG)[16][17] for their held-out test set. Training, validation, and test data splits
are created from the Erasmus Glioma Database (EGD)[20], a dataset released by
the same research group[21]. Training, validation, and test splits were created
from the 467 out of 768 patients in the EGD collection that had paired genetic
IDH and MRI data, with a 70:15:15 split matching that of van der Voort et al.,
giving 327 training, 70 validation, and 70 test patients.

4 Methods

The method of van der Voort et al.[21] as provided via released code and models
is used as a state of the art baseline. This baseline method has been trained on
more data from a wider array of datasets than is described in section 3. Some
of that is private data, while other data is from datasets that do not include
IDH1 mutation data; van der Voort et al. [21] describe a multitask model that
can learn for its other tasks when IDH1 data is absent. Where that model used
multi-task training to allow more data to be used, our method instead relies on
transfer learning from a natural image model, leveraging the pretraining to make
up for using a smaller, single task dataset.

The training and evaluation pipeline was built with pytorch-lightning version
2.4.0 [10] using torch 2.5.1 with CUDA version 12.4. A hyperparameter search
was performed using Optuna [1]. Since the selection of hyperparameters depends
strongly on the status of the experimental interventions, these interventions are
added as hyperparameters and allowed to be explored by the hyperparameter
search algorithm. Once all experiments have concluded, the best model for each
of the desired comparisons is selected and evaluated on the held out test set.

Model To test the effectiveness of pretraining on non-medical, natural scene images
we use two models as a base for both training from scratch and finetuning with
medical images after natural scene training. The model architectures investigated
were ResNext[23] and VGG-16 [18], both from the TIMM pretrained image model
repository hosted by Huggingface. VGG is a simple deep convolutional neural
network (timm/vgg16.tv_in1k); ResNext is a model with residual connections
(timm/resnext101_32x16d.fb_swsl_ig1b_ft_in1k) pretrained on a very large
natural image dataset [24].

Data Processing To prepare images for input to the model, we use the segmen-
tation masks included with the EGD dataset. From the full volume, a single
z-axis axial slice is selected from the midpoint of the range of slices annotated as
including tumor. The slices at this position are selected from the MRI sequences
and composed into a pseudo-color image as in figure 1, with the choice and order
of the MR image sequences determined by a model parameter.
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Hyperparameter Search The hyperparameter search was performed using the
Optuna library[1], with the F1 score for the performance metric. Samples were
selected in the hyperparameter space following the default tree-structured Parzen
estimator algorithm. The hyperparameters explored, the ranges of these spaces,
and the optimal results are shown in table 1. Some hyperparameters were fixed
and not varied by the Optuna system: batch size was set to 16; the choice of
optimizer was AdamW; and random seeds were 42, 43, and 44.

Permutations The optimal mapping of the four MRI sequences (T1, contrast-
enhanced T1, T2, and FLAIR) to the three color channels (RGB) was investigated
by comparing every permutation of selecting 3 sequences from 4 (4P3). This
results in 4!

(4−3)! = 24 permutations of sequences to evaluate. In addition to these
24 permutations, we are interested in the performance of “monochrome” images,
i.e. where the same MRI sequence is given to all three color channels. Together
with the permutations this gives a total of 28 configurations.

Hardware The hyperparameter search was undertaken with an NVIDIA RTX
A4000 with 16GB VRAM, 128GB RAM, and an Intel Xeon w5-3435X CPU.
Permutation training and final test evaluation used a collection of eight NVIDIA
L4 GPUs with 24GB VRAM, each permutation using one card to allow parallelized
training with 40GB RAM and four 32 core CPUs each. Training takes 4 hours to
complete a job of training models for three different random seeds for a single
permutation configuration.
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Fig. 2: Classification performance of models finetuned with each of the possible
MRI sequence to color channel permutations and the 4 gray combinations. Bars
are the average of 3 runs, with error bars showing the standard deviation.
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Hyperparameter Search Space
Hyperparameter Range Optimized Value

Initial learning rate.
Logarithmic sampling used to enable
exploration of learning rate sensitivity in
small ranges.

[6e-6, 6e-4] 1.08e-4

Use pretrained weights. If false, use
freshly initialized weights. [True, False] True

Use the OneCycleLR learning rate scheme
(superconvergence[19]) if true.
Otherwise, use a constant learning rate.

[True, False] True

Scheduled peak learning rate fraction
(i.e. this number times max_epochs) where
the learning rate peaks before falling.

[0.01, 0.5] 0.437

Superconvergent learning rate update
interval, the resolution of learning rate
updates. On step is a smoother curve, on
epoch treats batches equally.

["step", "epoch"] epoch

Max epochs for superconvergence,
so the lower bound is much lower as faster
training is more likely to be viable.
Note early stopping is on, so training may
end sooner than this.

[10, 100] 40

Max epochs for the constant LR scheme.
Note early stopping is on, so training may
end sooner than this. Used when
Superconvergence is off.

[100, 150] -

Mask non-tumor regions:
Use tumor segmentation masks to remove
the rest of the head from the image fed to
the model.

[True, False] False

Table 1: The search space defined for the hyperparameter search. Optimized
values (rounded) were found after 297 trials using ResNeXt-101 and color map
21 (FLAIR, T1ce, T2).
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5 Results

The optimal hyperparameters were retrieved from the hyperparameter search for
the permutation (FLAIR, T1ce, T2 — number 21 in figure 2). These hyperpa-
rameters were then fixed and the 24 permutations of the MRI sequence-color
mapping (plus four gray mappings) were trained and validated. The results for
each permutation are shown in figure 2. In both figures 2 and 3 the gray (single
sequence) configurations perform worse than the pseudocolored (multi-sequence)
configurations. In particular, the all-T1 configuration performs notably worse
than all other models.

A winning permutation was selected for test set evaluation by calculating
the sum of the mean AUROC for the two models. This method was selected to
allow the final models to be compared using a permutation that they were both
successful with: this is permutation 15 (T2, T1ce, FLAIR) with a sum-AUROC
of 1.88. A test set comparison of the best models versus other methods from
literature is shown in table 2.
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Fig. 3: Validation data comparison between the two models’ classification score
across permutations. Point colors are grouped according to their constituent
sequences. Gray combinations are 24, 25, 26, 27 from figure 2). Data points at
the edge of the cluster are labeled. Error bars show the standard deviation from
3 random seeds.
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IDH Classification Results

Method AUROC Acc F1 Prec. Rec./
Sens. Spec. Dataset

VGG16 (no pretraining) 0.756 0.690 0.592 0.586 0.603 0.742 EGD test split
Resnext (no pretraining) 0.718 0.710 0.526 0.657 0.449 0.864 EGD test split
(ours) Finetuned VGG16 0.915 0.867 0.797 0.917 0.705 0.962 EGD test split
(ours) Finetuned ResNext 0.935 0.881 0.819 0.939 0.731 0.864 EGD test split

3D Multitask Network [21] 0.9 0.84 0.79† 0.88† 0.72 0.93 TCGA-LGG
+TCGA-GBM

Circulating DNA test [5] 0.84 * 0.791† 0.909 0.7 * [5]
† These results were derived with calculation from published results.
* These values were not possible to calculate from released results.

Table 2: Results for comparable methods of classifying IDH mutation. Our results
are reporting on the test set we separated from the EGD dataset described in
section 3. Our models are trained using permutation 15 (T2, T1ce, FLAIR)
from figures 2 and 3. Acc. is accuracy, Prec. is precision, Rec. is recall, Sens. is
sensitivity, Spec. is specificity.

6 Discussion

The results in table 2 confirm some established knowledge: that pretraining is
more effective than training from scratch for the provided models for binary
classification tasks, and that the finetuned ResNext models outperform finetuned
VGG models. However, the results extend this idea to scenarios where the
pretraining is performed on a very different problem domain, specifically using
natural images as pretraining for pseudo-color MRI. The difference in information
between the 16-bit MR sequences and the 8-bit natural image color channels
in the models could have been a significant obstacle to training a classifier,
but this does not seem to be the case. The comparison between the models
with pretraining versus no pretraining indicates the ResNext performing better,
which may be a benefit from the much larger pretraining dataset though this
could also be due to the ResNext architecture learning more general transfers.
The permutation used for hyperparameter search (21) was not the same as the
top performing permutation (15), indicating that there may be opportunity for
further optimisation. Future research may be able to apply this method in a
way that requires less preprocessing of the MR volumes before analysis, which
could bring significant time and computation savings. The results also suggest a
future direction for medical classification models, away from specialized medical
solutions towards methods that are able to leverage wider developments in natural
image processing.
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