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Automated Diffusion Analysis for Non-Invasive
Prediction of IDH Genotype in WHO Grade 2-3 Gliomas

Jiaming Wu, Stefanie C. Thust, Stephen J. Wastling, Gehad Abdalla, Massimo Benenati, John A. Maynard, Sebastian Brandner, Ferran
Prados Carrasco, Frederik Barkhof

ABSTRACT

BACKGROUND AND PURPOSE: Glioma molecular characterization is essential for risk stratification and treatment planning. Non-
invasive imaging biomarkers such as apparent diffusion coefficient (ADC) values have shown potential for predicting glioma
genotypes. However, manual segmentation of gliomas is time-consuming and operator-dependent. To address this limitation, we
aimed to establish a single-sequence-derived automatic ADC extraction pipeline using T2-weighted imaging to support glioma
isocitrate dehydrogenase (IDH) genotyping.

MATERIALS AND METHODS: Glioma volumes from a hospital data set (University College London Hospitals; n=247) were manually
segmented on T2-weighted MRI scans using ITK-Snap Toolbox and co-registered to ADC maps sequences using the FMRIB Linear Image
Registration Tool in FSL, followed by ADC histogram extraction (Python). Separately, a nnUNet deep learning algorithm was trained
to segment glioma volumes using T2w only from BraTS 2021 data (n=500, 80% training, 5% validation and 15% test split). nnUnet was
then applied to the University College London Hospitals (UCLH) data for segmentation and ADC read-outs. Univariable logistic
regression was used to test the performance manual and nnUNet derived ADC metrics for IDH status prediction. Statistical equivalence
was tested (paired two-sided t-test).

RESULTS: nnUnet segmentation achieved a median Dice of 0.85 on BraTS data, and 0.83 on UCLH data. For the best performing
metric (rADCmean) the area under the receiver operating characteristic curve (AUC) for differentiating IDH-mutant from IDH-
wildtype gliomas was 0.82 (95% Cl: 0.78-0.88), compared to the manual segmentation AUC 0.84 (95% Cl: 0.77-0.89). For all ADC
metrics, manually and nnUNet extracted ADC were statistically equivalent (p<0.01). nnUNet identified one area of glioma infiltration
missed by human observers. In 0.8% gliomas, nnUnet missed glioma components. In 6% of cases, over-segmentation of brain remote
from the tumor occurred (e.g. temporal poles).

CONCLUSIONS: The T2w trained nnUnet algorithm achieved ADC readouts for IDH genotyping with a performance statistically
equivalent to human observers. This approach could support rapid ADC based identification of glioblastoma at an early disease stage,
even with limited input data.

ABBREVIATIONS: AUC = Area under the receiver operating characteristic curve, BraTS = The brain tumor segmentation challenge
held by MICCAI, Dice = Dice Similarity Coefficient, IDH = Isocitrate dehydrogenase, mGBM = Molecular glioblastoma , ADCmin = Fifth
ADC histogram percentile, ADCmean = Mean ADC value, ADCNAWM = ADC in the contralateral centrum semiovale normal white
matter, rADCmin = Normalized ADCmin , VOI rADCmean = Normalized ADCmean.
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INTRODUCTION
Diffuse gliomas are brain tumors with a variable prognosis that is determined by their genetic profile. Amongst the adult-type diffuse
gliomas, isocitrate dehydrogenase-mutant (IDH™") tumors (astrocytomas and oligodendrogliomas) are associated with longer survival
compared to IDH-wildtype (IDH"') (glioblastoma, IDH-wildtype). [ 1]. On microscopy, IDH™" gliomas often resemble low to intermediate
(WHO grade 2-3) tumors. In the 2021 World Health Organization (WHO) Classification of CNS Tumors, radiologically and histologically
low grade appearing IDH™ gliomas are classed as molecular glioblastoma (henceforth referred to as mGBM, CNS WHO grade 4) when
exhibiting its typical genetic signature [2], i.e chromosome 7 gain, chromosome 10 loss, frequent TERT promoter mutation and EGFR
amplification. Glioblastoma, IDH-wildtype is the most common primary malignant brain tumor in adults with a mean survival of 12-15
months, whereby mGBM is suspected to represent an early disease stage [3].

The standard of care for glioma involves maximum safe resection, which provides tissue for molecular testing[4]. Securing the

molecular diagnosis can encounter delays and be subject to geographical inequalities in access to specialized pathology services [5].
Imaging biomarkers, such as apparent diffusion coefficient (ADC) values derived from diffusion-weighted imaging (DWI), offer a non-
invasive prediction of IDH mutation status preceding surgical planning, also in cases where a resection is not immediately feasible [6, 7].
Previous studies highlighted a role for ADC in the identification of WHO grade 2/3 glioma IDH status compared to other metrics [8—10].
Specifically, ADC values tend to be lower in IDH" tumors [8, 11]. We previously demonstrated that ADC values extracted from manually
selected regions within the tumor can identify glioma molecular signatures of prognostic importance [12, 13]. However, quantitative
volumetric analysis is too time-consuming for easy adoption, and radiologist measurements depend on operator experience. An automated
extraction procedure of ADC parameters could facilitate clinical translation.

For diffuse gliomas, T2-weighted (T2w) imaging represents an standard of care in the diagnostic evaluation [14]. Low-grade gliomas
may not exhibit significant contrast enhancement on post-contrast T1-weighted imaging [15]. More generally, non-contrast scans may be
preferred for various reasons, including contraindications or risk factors precluding the administration of GBCAs [16, 17].

Deep learning models have revolutionized medical image segmentation, advancing from traditional convolutional neural networks
(CNNs) to more sophisticated architectures like nnUNet [18, 19]. These models have been extensively applied to glioma segmentation
using multimodal MRI data (e.g., T1, T2/FLAIR, and T1 post-Gadolinium sequences) [20]. However, missing sequences, for example due
to contraindications for gadolinium-based contrast agents (GBCAs), pose technical barriers to Al-based segmentation [21, 22]. Sparse
network approaches, such as those proposed by Roelant et al., attempt to resolve this issue but nevertheless rely on post contrast
sequences[23].

This investigation focused on developing a deep learning model trained exclusively on non-contrast data for rapid tumor volume
delineation and diffusion measurement. We identified nnUNet as an effective method for deep learning-based segmentation [22]and re-
trained this algorithm using T2w single-sequence data.

Our hypothesis was that automated extraction of ADC parameters from T2w-based segmentations could reliably predict IDH genotype
in WHO grade 2-3 gliomas. The objective of this study was to establish an automated pipeline for ADC extraction in support of glioma
genotyping whilst demonstrating the feasibility of non-contrast-based glioma genotyping.

MATERIALS AND METHODS

University College London Hospitals (UCLH) dataset

This retrospective study represents a computational analysis of a published dataset of manually segmented gliomas (UCLH and Health
Research Authority UK) [13]. The Checklist for Artifical Intelligence for Medical Imaging (CLAIM) used in this study is provided in
Supplementary Material 1. Patients consecutively diagnosed at our specialist brain tumor referral center between July 2008 and January
2018 were included. Inclusion criteria encompassed histologically confirmed World Health Organization (WHO) grade 2 and 3 gliomas,
documented IDH and 1p19q genetic testing results, and availability of pre-treatment MRI scans. Exclusion criteria were prior treatment
for glioma; diagnoses other than WHO grade 2 and 3 gliomas; incomplete, uncertain or ambiguous molecular results (e.g., IDH wild-
type/1p19q co-deleted); prolonged interval between MR imaging and surgery (>1 year); incomplete imaging data (missing or severely
degraded sequences), failure of image co-registration (ADC to T2) [13] or input failure for the automated segmentation.

Reference standard

All tissue samples underwent analysis at our neuropathology department according to the 2016 Classification of Tumors of the Central
Nervous System, which corresponds to the timepoint of data enrolment [20] as described previously [11]. Multi-gene Sanger sequencing
was performed for IDH R132H-negative tumors to identify rarer IDH mutations, and 1p/19q status was determined via quantitative
polymerase chain reaction-based copy number assays.

MR Imaging Acquisition and Postprocessing

All MR imaging examinations included T2-weighted and DWI sequences (1.5-3T) as part of preoperative multisequence imaging. Because
our institution is a quaternary center, the imaging originated from 23 different MRI machines with no individual scanner contributing

>14% of any glioma subtype. ADC maps were calculated from 3-directional DWI acquired with 2 gradient values (b = 0 and b = 1000
s/mm?) using proprietary software (Olea Sphere, Version 2.3; Olea Medical). Sufficient comparability of ADC among scanners was



assumed based on previous technical studies, and furthermore normalized ADC values were assessed as part of the previous and current
study to mitigate technical differences [25, 26].

Manual volumetric ADC map analysis

Whole-tumor VOIs were segmented by a general radiologist (MB, 5 years’ experience) using the ITK-Snap Toolbox, Version 3.6
(www.itksnap.org)[20] following training and under supervision of a neuroradiologist specialized in brain tumor imaging (SCT, 9 years’
experience). Segmentations incorporated the entire T2-weighted signal abnormality. For multicentric gliomas, the total volume of signal
abnormality was treated as one lesion. ADC maps were then co-registered to T2-weighted sequences using the FMRIB Linear Image
Registration Tool (FLIRT; http://www.fmrib.ox.ac.uk/fsl/fslwiki/FLIRT)[27]. Subsequently, ADC histogram data were obtained for each
tumor ROI, using an in-house script written in Python 2.7. For each tumor, the fifth ADC histogram percentile was designated 4DCin.
Additionally, VOI ADCmean, and the normalized values (divided by ADC in the contralateral centrum semiovale normal white matter,
ADCNAWM) rADCmin and rADCmean were extracted.

BraTs Dataset

To form a training dataset for nnUNet, we randomly chose 500 glioma cases with a random mixture of WHO grades 2-4 from the BraTS
2021 challenge [28] using T2w sequences only. BraTS (The Brain Tumor Segmentation Challenge) is an open-source dataset from Medical
Image Computing and Computer Assisted Intervention (MICCAI) widely used for benchmarking in segmentation of brain tumors in MR
scans. The dataset includes pre-operative MRI scans that have been manually segmented by experts into different tumor regions, consisting
of the enhancing tumor, non-enhancing tumor (including oedema/infiltration), and necrotic core. These cases were divided into 80%
training, 5% validation and 15% test data, respectively (Table 1). As a change from the BraTS challenges, only the whole tumor (WT)
class contributed to the T2w segmentation. Subsequently, the nnUnet algorithm was applied to the UCLH data for T2w segmentation
(without further training), see Figure 1.

Table 1. Breakdown of training, validation and test data for the study.

BraTS UCLH Total
BraTS Training 400 (80%) 0 400
BraTS Validation 25 (5%) 0 25
BraTs Test 75 (15%) 0 75
External test set 0 247 247
Total 500 247 747

Results are listed as absolute number (percentage of cohort). UCLH=University College London Hospitals

Pre-processing

Using the Advanced Normalization Tools (ANTs) method [23], ADC images were rigidly registered to the corresponding T2w images.
Subsequently, all scans were registered to the SRI24 atlas [24] (https://www.nitrc.org/projects/sri24/) and resampled to 1mm isotropic
voxels. N4 bias field correction was then applied, followed by skull stripping with the “HD-bet” algorithm [25] (https://github.com/MIC-
DKFZ/HD-BET).

Deep Learning Segmentation Models

We selected the nnUnet architecture as the network [32]. This method combines 2D, 3D, and cascaded U-nets for automated segmentation
[27]. With this strategy, three U-net models are trained simultaneously, whereby the best-trained model is automatically selected. This
architecture was chosen due to high performance in brain tumor segmentation challenges [28]. The cascaded 3D-2D-3D U-Net design of
this architecture allows it to fully leverage 3D contextual information and 2D high-resolution details, thereby enabling precise
segmentation.

Model training and testing

Models were trained to perform a binary class segmentation of WT and background (unaffected brain parenchyma) for each tumor. After
randomly splitting the BraTS cases (80% training, 5% validation and 15% test), the test data from the BraTS dataset were used to assess



the performance of each nnUNet model. The UCLH clinical data were only used for testing (excluded during training) and are henceforth
referred to as the external test set. This process served to interpret the generalizability of each model and to determine whether there was
likely to be a future need for further retraining of algorithms on local hospital data. In addition, we applied our previously multimodal
segmentation model [22], which includes post contrast T1-weighted MRI for comparison in the UCLH data.

Model performance assessment:
Segmentation performance metrics

Tumor segmentations for the T2w-only algorithm versus the ground truth labels were assessed using median dice similarity coefficient
(Dice) and Hausdorff distance (HD) for all experiments.

Dice is defined as:

215, NSl 2TP

DICE = 4 (s, ~ 2ZTP + FP T FN

where S» are the manually segmented tumor voxels, S, the automatically segmented tumor voxels, true positive voxels (TP), false positive
voxels (FP) and false negative voxels (FN). HD calculates the greatest distance between boundaries of two images and is therefore sensitive
to assessment direction and outliers. The undirected 95™ percentile HD was used:

dyosy = max {95percentile miy d(pa, Pm), 95percentile mig d(pa, pm)}

Pm€Pm Pa® Pa€Pq Pmé

where P is the collection of vertices defining the manual segmentation boundaries, Pa as the collection of vertices defining the automatic
segmentation boundaries, and d(pa, pm) the distance between two vertices.

Performance metrics were generated using methods described by Taha and Hanbury [34] and associated software —
https://github.com/Visceral-Project/EvaluateSegmentation. Additionally, each test case underwent a visual inspection of the nnUNet mask
overlap with tumor.

ADC readout evaluation metrics

ADC metrics were extracted and underwent binary logistic regression in SPSS to predict glioma IDH status (mutant vs. wild-type). For
the comparison of manual and nnUNet ADC parameters, we used the equivalence test, which is the paired two one-sided t-tests (TOST)
for testing equivalence.

Specifically, the hypotheses tested in TOST are:
HO: |ul — p2| = A (mean dif ference exceeds equivalence bounds)

H1:|ul — p2| < A (mean dif ference within equivalence bounds)

Where pl and p2 are the means of the two groups, and A is the pre-specified equivalence margin.

In our study, we defined the equivalence bounds as low_eqbound = -0.01 and high_eqbound = 0.01. This means that if the confidence
interval of the mean difference between the manual VOI and nnUNet VOI methods falls entirely within (-0.01, 0.01), the two methods can
be considered clinically equivalent. We extracted the p-values and confidence interval bounds for the paired TOST using the Python
“statsmodels” library (version 0.14.2). For the manual method, Youden’s index was used to define an ADC threshold for IDH"
identification [35].



Figure 1. The left column shows a case from the BraTS 2021 dataset (whole tumor segmentation (WT) in red (A, B)). The WT class
includes the full extent of the lesion including the tumor core (solid tumor and, where applicable, necrosis) and infiltration-
oedema, indicated by hyperintensity. The right column shows a glioma from the UCLH glioma dataset (whole tumor segmentation
(WT)) in red (B, D).

RESULTS
nnUNet segmentation performance BraTS$

The deep learning brain tumor segmentation model achieved a median Dice Similarity Coefficient (Dice) of 0.85 on the BraTs test sets
for delineating T2w glioma volumes. Furthermore, the model exhibited sensitivity and specificity values of 0.88 and 0.92, respectively,
on the BraTsS test set. The observed Hausdorff distance, a measure of the maximum distance between the predicted and ground truth
segmentation boundaries, was 7.85 mm on the BraTS data sets (Table 2).



Table 2. Performance of whole tumor T2w-based segmentation model on internal and external tests sets.

Test set Dice (IQR) HD (IQR) Sensitivity (IQR) Specificity (IQR)
Internal (BRATS) 0.85 (0.09) 7.85 (8.58) 0.88 (0.08) 0.92 (0.11)
External (UCLH) 0.83 (0.13) 12.61 (10.11) | 0.85 (0.11) 0.90 (0.13)

Median Dice Similarity Coefficient (Dice) and Hausdorff Distance (HD) on the BraTS test set (n=75) and UCLH test set (n=247) of
the nnUNet segmentation model. The interquartile range (IQR) is also provided in comparing the performance of models in terms
of sensitivity and specificity.

nnUNet segmentation validation in real-world data

On the UCLH dataset, the model maintained a consistent level of performance with a median Dice of 0.83 for whole tumor
segmentation. The sensitivity and specificity values were 0.85 and 0.90, respectively. The median Hausdorft distance observed on the
UCLH dataset was 12.61 mm (Table 2). DeLong's test showed that there was no statistically significant difference (P =0.58) between the
ROC profile of the nnUNet model (AUC = 0.82) and the manual labeling method (AUC = 0.84). When compared to the multimodal
model, T2w-only yield comparable results on whole tumor label (paired t-test p<0.05).

Prediction of IDH Status

The performance of the nnUNet segmentation and ADC extraction pipeline for predicting glioma IDH status was evaluated on the external
dataset (UCLH n=247, 70 IDHwt and 177 IDHmut). Figure 2 shows the diagnostic performance of manually and automatically derived
ADC metrics for IDH genotyping. The receiver operating characteristic area under the curve (AUC) values provide a quantitative measure
of the diagnostic accuracy, with values closer to 1 indicating better performance.

Using the rADC peqn extracted from the nnUNet segmentation masks, the AUC for differentiating IDH-mutant from IDH-wildtype
gliomas was 0.82 (95% CI: 0.78-0.88), compared to the manual segmentation mask AUC 0.84 (95% CI: 0.77-0.89). The ADC\eqn metric
demonstrated an AUC of 0.77 (95% CI: 0.74-0.86) for the same task, compared to 0.79 (95% CI: 0.75-0.86) using manual masks. The
ADC iy, extracted from nnUNet masks yielded an AUC of 0.64 (95% CI: 0.60-0.74), while manual masks provided an AUC of 0.67 (95%
CI: 0.61-0.75). Finally, the rAD C,;;, metric from nnUNet segmentations achieved an AUC of 0.70 (95% CI: 0.66-0.80), compared to 0.73
(95% CI: 0.67-0.81) using manual segmentations.

The equivalency between nnUNet segmentations and manual ADC readouts was assessed using a paired two one-sided t-test (TOST)
on the University College London Hospitals test set comprising 247 cases. the TOST results for different VOI ADC metrics between
nnUNet and manual ADC readout shows below: for ADC;, . vAD Cppins AD Crean, and 1ADCy 00, were 0.0040, 0.0026, 0.0095, and
0.0018, respectively. These p-values indicate statistical equivalence of the manual and nnUNet segmentation derived ADC readouts.

ROC Curves for the prefiction of IDH genotype in the study population
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Figure 2. ROC curves of volumetric (VOI) ADC parameters for IDH genotype prediction.



Segmentation error rate

In most cases, nnUNet achieved a visually perfect match (Figure 3). In one case, an additional site of multifocal glioma infiltration
was identified by the deep learning algorithm, which had been missed by the human operator. In the UCLH test set (n=247), n=2 (0.8%)
gliomas were missed by the automated segmentation (false negative, Figure 4). In 15 (6%) of cases, normal temporal poles were
erroneously segmented (false positive, Figure 5), remote from tumor boundaries.

Figure 3. An example of the nnUnet model’s segmentation output: manual (green mask, A) versus nnUNet (red mask, B)
segmentation. This was perceived as a perfect visual match between the two methods.



Figure 4. An example of a false-negative (2/247, 0.8%) nnUNet segmentation: Glioma infiltration was identified by the manual
segmentation (green mask, A) but missed by the automated segmentation (missing red mask, B).

Figure 5. An example of a false-positive (n=15/247, 6%) nnUNet segmentation: No glioma infiltration is visible at the temporal
poles (A), but these were outlined by the automated segmentation (red mask, B).




DISCUSSION

In this study, a nnUNet deep learning algorithm trained exclusively on T2w sequences achieved glioma segmentation similar to (Dice
score 0.83-0.85) to manual expert annotations. There was no significant difference between the AUC of the nnUNet and manual ADC
extraction methods (AUC= 0.82 versus 0.84, p=0.58). Interestingly, the algorithm operated accurately in histological CNS WHO grades
2-3 after being trained on a dataset (BraTS 2021) rich in WHO grade 4 glioblastoma. Glioblastoma is the commonest type of glioma, and
thus overrepresented in several of the currently published datasets, whereas solid mGBM stages are less prevalent [30]. Despite the
potential bias, this data imbalance did not appear detrimental for the segmentation task.

The decision to employ only T2w sequences for training was based on their capacity to provide valuable information about tumor
boundaries whilst being universally performed in glioma imaging [37] without the need for a contrast injection. Our targeted training
approach served to optimize the segmentation performance for rapid workflows, or circumstances where only T2w images might be
available. Because our center is a regional referral institution, the preoperative MRI test sets in this research are ‘real-world’ data
originating from a variety of referral institutions [12, 38]. Our findings highlight the potential of non-contrast genotyping, although we
acknowledge the role of contrast-enhanced imaging in current clinical practice.

In comparison with deep learning segmentations using multimodal annotations [22, 39], the T2w-only approach was similarly
comparable with human ‘ground truth’ for whole lesion delineation (paired t-test p<0.05). For IDH genotyping, nnUNet-based
segmentations produced normalized glioma ADC values statistically equivalent to measurements derived from manual segmentations.
This reflects the close overlap of manual and automated lesion masks but may also be influenced by tumor properties. In a comparison of
whole lesion and regional measurements [13], we previously observed minimal differences in glioma diffusivity.

Identical to the manually derived results, the best performance for IDH genotyping was achieved using rADC values. By the process
of normalization, ADC values become independent from acquisition influences and vendor differences [40]. The reason for ADC minimum
values performing less well remains unclear; a possible explanation could be the presence of a relatively more cellular rim in IDH mutant
glioma compared to their core [41], which would reduce ADC differences between genotypes, partial volume influences from normal brain
bordering glioma segmentations, or registration imperfections.

The results from this research indicate potential to expedite clinical workflows whilst improving diagnostic accuracy. Qualitative ADC
map inspection for signs of diffusion restriction is common radiologist practice [31], but this is not predictive of IDH genotype [36]. While
our algorithm showed a strong performance (Dice 0.83, AUC >0.82), it may not overcome all variations in tumor morphology and imaging
conditions. In a limited proportion of cases (6%), false positive segmentation of temporal pole parenchyma occurred. In a post hoc analysis,
these areas were perceived to exhibit slightly greater T2w parenchymal signal (unquantified). Such segmentation errors, which occurred
in a symmetrical fashion remote from tumor, are easily identifiable and could be remedied by manual erasure in a hospital workflow. To
further address this issue, one could consider implementing additional post-processing steps, such as morphological filtering or threshold-
based refinement, to reduce false positives in future iterations of the algorithm. In 0.8% cases, small tumors were missed by the algorithm.
However, in one case nnUNet discovered an area of glioma infiltration which had been missed by the human observer in multifocal disease.
For the task of direct comparison to human-derived tumor ADC values, the comparison values in contralateral normal appearing white
matter (NAWM) were kept identical; it is possible that rADC results slightly differ for automatically derived NAWM ADC values.

A potential limitation of this study is the molecular testing prior to the latest WHO 2021 classification. The UCLH IDH"' cohort
underwent state-of-the art tissue analysis at the time of enrolment, however refinements were made to the mGBM genetic definition
subsequently [3].

The model's performance may be further improved by analyzing larger sets of data, and/or by training on a greater number of
histological WHO grade 2-3 gliomas to increase target representation. A broader program of validation of this method would be necessary
to ensure its applicability in diverse clinical settings.

CONCLUSIONS

We present a novel approach to automatically quantify ADC in adult-type diffuse gliomas (WHO grade 2-3 IDH-mutant astrocytomas,
oligodendrogliomas, and molecular glioblastoma with no histological high-grade features, i.e. lacking microvascular proliferation and/or
necrosis (mMGBM)), based on a single T2w sequence-based segmentation. This approach could support rapid ADC based identification of
glioblastoma at an early disease stage, even with limited input data. By leveraging deep learning techniques, we succeeded in automating
the laborious process of manual segmentation to produce equivalent results.
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