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ABSTRACT

Purpose. Proton therapy could benefit from non-invasively gaining tumour microstructure information, at 

both planning and monitoring stages. The anatomical location of brain tumours, such as meningiomas, 

often hinders the recovery of such information from histopathology, and conventional non-invasive 

imaging biomarkers, like the apparent diffusion coefficient (ADC) from diffusion-weighted MRI (DW-MRI), 

are non-specific. The aim of this study was to retrieve discriminative microstructural markers from 

conventional ADC for meningiomas treated with proton therapy. These markers were employed for 

tumour grading and tumour response assessment.

Methods. DW-MRI from patients affected by meningioma and enrolled in proton therapy were collected 

before (n=35) and three months after (n=25) treatment. For the latter group, the risk of an adverse 

outcome was inferred by their clinical history. Using Monte Carlo methods, DW-MRI signals were 

simulated from packings of synthetic cells built with well-defined geometrical and diffusion properties. 

Patients’ ADC was modelled as a weighted sum of selected simulated signals. The weights that best 

described a patient’s ADC were determined through an optimization procedure and used to estimate a set 

of markers of tumour microstructure: diffusion coefficient (D), volume fraction (vf) and radius (R). 

Apparent cellularity (ρapp) was estimated from vf and R for an easier clinical interpretability. Differences 

between meningothelial and atypical subtypes, and low- and high-grade meningiomas were assessed with 

non-parametric statistical tests, whereas sensitivity and specificity with ROC analyses. Similar analyses 

were performed for patients showing low- or high-risk of an adverse outcome to preliminary evaluate 

response to treatment.

Results. Significant (p<0.05) differences in median ADC, D, vf, R and ρapp values were found when 

comparing meningiomas’ subtypes and grades. ROC analyses showed that estimated microstructural 

parameters reached higher specificity than ADC for subtyping (0.93 for D and vf vs. 0.80 for ADC) and A
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grading (0.75 for R vs. 0.67 for ADC). High- and low-risk patients showed significant differences in ADC and 

microstructural parameters. The skewness of ρapp was the parameter with highest AUC (0.90) and 

sensitivity (0.75).

Conclusions. Matching measured with simulated ADC yielded a set of potential imaging markers for 

meningiomas grading and response monitoring in proton therapy, showing higher specificity than 

conventional ADC. These markers can provide discriminative information about spatial patterns of tumour 

microstructure implying important advantages for patient-specific proton therapy workflows.

Keywords: Diffusion MRI, Particle therapy, Quantitative imaging, Microstructure, Meningioma
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1 INTRODUCTION

During the last decade, proton therapy has seen an exponential growth with about 90 operational centres 

worldwide and over 40 under construction, to date (https://www.ptcog.ch/). Such development is due to 

protons providing higher biological effectiveness and geometrical selectivity with respect to conventional 

X-ray radiotherapy[1], leading to increase the dose to tumours while sparing surrounding organs at risk. In 

this context, routinely acquired imaging plays a relevant role in guiding treatment planning and delivery[2], 

and it is expected to non-invasively provide quantitative details at multiple spatial scales, which may be 

particularly relevant for optimized treatments of brain tumours. However, to date, the potentials of 

quantitative imaging in radiotherapy, and especially proton therapy, is not fully exploited[3].

Meningioma is one of the most common intracranial tumours and can be classified in three grades of 

malignancy and 15 subtypes, according to the WHO, by evaluating mitotic and structural features (e.g. 

nuclear-to-cytoplasm ratio) from histopathological examinations[4]. Surgical resection is the preferred 

treatment for low-grade meningiomas, with prognosis partially correlating to the extent of the 

resection[5]. For high-grade or recurrent low-grade meningiomas, conventional radiotherapy[6] and proton 

therapy[7] are often administered in combination with surgery or alone, in case of inoperable tumours, 

with proton therapy rising worldwide[8,9]. When the histopathological characterization is not available or 

limited, information for clinical decisions, such as the type of treatment or of radiation to deliver and the 

protocol to follow, must be heavily based on radiological imaging and clinical factors. 

Despite the standardization efforts in both radiological and histopathological imaging, prognostic 

quantitative biomarkers are lacking[10] and integration of multi-scale information relating tumour 

appearance to its microstructure needed[11]. Quantitative imaging, such as diffusion-weighted MRI (DW-

MRI), could reduce grading uncertainties[12] by complementing molecular information from histological 

exams and clinical evaluations based on anatomical MRI[13,14]. Several studies investigated the potential of 

DW-MRI to stratify patients according to tumour grade[15] or response to radiotherapy[16], exploiting 

advanced (e.g. diffusion tractography, DTI, or diffusion kurtosis, DKI[17]) or more conventional[12] MR 

sequences and by estimating structural features (e.g. cell size, shape or density) to describe the whole 

tumour and/or its microenvironments and heterogeneities[18–20].

DW-MRI lends itself to characterizing tissue structure at the cellular level (namely microstructure), by 

measuring the mobility of endogenous water molecules. The spatial arrangement of cellular components 

and membranes impacts the displacement of water molecules, enabling DW-MRI to be sensitive to 

important microstructural features, such as cell density, size, shape and others[21,22]. This microstructural A
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information, also represented as a set of biomarkers[23], is inferred from DW-MRI signals through models 

of water diffusion[24]: from the gaussian model, which consists of a mono-exponential decay of the DW-

MRI signal and leads to the Apparent Diffusion Coefficient (ADC), the complexity is increased in multi-

compartment and non-gaussian models[25]. Such models can more specifically distinguish different 

diffusion and microstructural configurations, which the ADC alone cannot do. Among these models, 

diffusion kurtosis or bi-exponential models statistically represent the DW-MRI signal and provide 

parameters not specific to microstructure[24]. Others, such as VERDICT[26], Intra-Voxel Incoherent Motion 

(IVIM)[27], and more[28], interpret the underlying tissue biology to provide information about compartment 

diffusivities, vascularity, permeability or cellular density and dimensions. The richer description, while 

retaining robustness and reliability of the estimates, comes at the cost of complex imaging sequences and 

extended acquisition times. These specifications are often not compatible with clinical radiotherapy 

workflows that typically implement standard DW-MRI protocols (i.e. mono-exponential) in which, anyway, 

coarse microstructural information is encoded.

Estimating tissue microstructure features from routinely acquired DW-MRI data of patients enrolled for 

proton therapy would thus enable the inclusion of patient-specific microstructural information at the 

planning stage, and the longitudinal analysis of microstructural markers would certainly provide further 

insights into tumour response to treatment. This could substantially improve advanced radiotherapy 

treatments, such as proton therapy, which strongly benefit from personalized, optimized and accurate 

procedures[29–31], leading to dose escalation strategies and advances in knowledge in how radiation 

induces changes in tissue. 

The aim of this study is to recover markers of tumour microstructure from routinely acquired ADC of 

patients affected by meningioma tumours enrolled in proton therapy. Towards this goal, we obtained 

markers more specific to differences in tumour microstructure than ADC by searching for the set of 

microstructural parameters that best describes patients’ ADC, from a dictionary of Monte Carlo 

simulations of DW-MRI signals obtained from pre-computed synthetic cellular packings. These analyses 

are put forward to derive meningioma microstructure characteristics before treatment, as well as to 

preliminary investigate early microstructural changes due to proton therapy.
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2 MATERIALS AND METHODS

2.1 PATIENT DATA

Thirty-five patients affected by meningioma and enrolled for proton therapy at the National Center of 

Oncological Hadrontherapy (CNAO, Pavia, Italy) were retrospectively selected. The study was approved by 

an institutional review board and informed consent collected. For all of them information about tumour 

grade and sub-type was verified by a biopsy, whereas for 25 of them the risk (low vs. high) of adverse 

outcome three months after therapy was inferred from their one-year follow-up history. Clinical data is 

reported in Table 1. DW-MRI (b-values=0,200,400,1000 s/mm2; resolution 0.975x0.975x4mm) averaged 

along three orthogonal directions was acquired on a 3T scanner (Magnetom Verio, Siemens, Erlangen, 

Germany) before (n=35) and three months after (n=25) treatment (Figure S1-S2). After applying 2D rigid 

motion correction across b-values (Plastimatch v1.6[32]), mono-exponential ADC maps were computed 

using different sets of b-values (b=200,1000; b=400,1000; b=200,400,1000 s/mm2). Gross tumour volume 

(GTV) contours were manually delineated on post-Gadolinium T1-weighted MRI, rigidly registered to DW-

MRI, and manually adjusted according to b0 and ADC images, taking care of retaining only the core 

tumour volume and excluding regions showing oedema.

2.2 SIMULATED DATA

Synthetic substrates comprised of packed cells mimicking tumour tissue microstructure of 100x100x100 

µm3 volume (Figure S3-S4) were generated by randomly packing ellipsoids with well-controlled density 

and plausible geometrical properties (Table 2) inferred from the available literature[33,34]. The molecular 

dynamics algorithm proposed by Donev et al.[35] was used to generate the best random configuration of 

ellipsoids satisfying a chosen set of values for volume fraction (vf), radius (R) and eccentricity. The 

resulting cellular packings were converted into three-dimensional surface meshes and periodically 

replicated in all directions in space (Blender v2.79[36]) to avoid artefacts due to ceiling or the finite size of 

the simulated volume (1003 µm3). 

From these substrates, water molecules trajectories were simulated with a Monte Carlo approach using 

the Camino toolbox[37] and assigning various combinations of diffusion (D) and cell membrane 

permeability values (Table 2, Figure 1A). Finally, a total of 3928 DW-MRI signals were computed by phase 

accumulation[38] according to a DW-MRI sequence matching the acquired data (Figure 1B). Each simulated 

signal was thus associated to specific geometric (vf, R) and diffusion (D) properties. A
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2.3 FROM ADC TO MICROSTRUCTURAL MARKERS

To account for tissue heterogeneity within each MRI voxel and the ambiguous relationship between the 

measured ADC and the underpinning tissue microstructure (i.e., many different microstructure scenarios 

lead to the same ADC value), patient data was modelled as the weighted sum of simulated signals (Figure 

1C), where each weight quantified the relative contribution of the corresponding simulated cell packings. 

To retain a sparse and tractable representation of microstructures providing similar ADCs, simulated data 

was partitioned by means of a k-means algorithm (Figure 1C, i). Each partition was described by a centroid 

in the ADC space (Figure 1C, ii) and by distributions of microstructural parameters (Figure 1C, iii), 

estimated from all the partition members. The number of partitions (K) was chosen through an iterative 

process as the one that maximized the pairwise separation of the selected microstructural features 

distributions (D, vf, R) across clusters (Mann-Whitney U-test, α=0.05). We tested initial K values from 2 to 

10 and found that K=4 was the simplest configuration maximizing the pairwise separation.

Then, the set of weights that best combined the K clusters of simulated signals to match patients’ ADC 

was found by minimizing, for each patient separately, a LASSO-regularized cost function (Figure 1C, iv):

𝑎𝑟𝑔𝑚𝑖𝑛
𝑤𝑝𝑡 {[ 2

∑
𝑗 = 0

(𝐴𝐷𝐶𝑗(𝑤𝑝𝑡) ― 𝐴𝐷𝐶𝑝𝑡
𝑗 )2] + 𝜆‖𝑤𝑝𝑡‖1}

where ADCpt
j represents the jth ADC (e.g. ADC (200,1000)) value of the ptth patient, λ the strength of the 

LASSO constraint and  the L1 norm. ADCsim
j refers to the jth ADC value coming from the K partitions of ‖ ∙ ‖1

the simulated data, which depends on the unknown weight vector wpt and is defined as: 

𝐴𝐷𝐶𝑗(𝑤𝑝𝑡) =
1

∆𝑏𝑗
∙ 𝑙𝑜𝑔(∑

𝑘
𝑤𝑘

𝑆ℎ𝑖𝑔ℎ
𝑗,𝑘

𝑆𝑙𝑜𝑤
𝑗,𝑘 )

where k=0, …, K-1 refers to the partition number, Δbj to the difference between the highest and lowest b-

value for the jth ADC and wk the unknown kth weight for each jth normalized signal ( ), 𝑆ℎ𝑖𝑔ℎ
𝑗,𝑘 𝑆𝑙𝑜𝑤

𝑗,𝑘

corresponding to the kth centroid. 

To provide compact metrics, the resulting wpt (Figure 1C, v) was employed to weight the sum of the 

median values (according to internal consistency tests, see paragraph 2.4) of the microstructural features 

(D, vf, R) from each cluster (Figure 1C, vi). Additionally, as previously proposed for prostate cancer[39], the 

apparent cellularity was derived as  to provide a more interpretable clinical parameter. 𝜌𝑎𝑝𝑝 = 𝑣𝑓 𝑅3A
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Therefore, starting from three ADC values, a median value of D, vf, R and ρapp, respectively, was 

computed. 

2.4 EXPERIMENTS

Internal consistency. The internal consistency of the workflow was evaluated by iteratively considering a 

centroid of the simulated partitioned data as input data (i.e. Figure 1B). In this case, the estimated 

weights were expected to be non-zero only for the partition corresponding to the centroid that was given 

as input. Also, the microstructural features computed for each centroid were compared with the available 

ground truth values in terms of root mean squared error (RMSE). At this stage, mean, median and mode 

were tested as candidate metrics to represent microstructural features distributions.

Imaging markers of tumour microstructure. The overall procedure was applied both to the median GTV 

signal and voxel-wise to produce quantitative maps of estimated microstructural markers (D, vf, R and 

ρapp), for each patient. Histogram-based metrics (median, interquartile range (iqr), skewness, kurtosis) 

were considered for both median and voxel-wise analyses. In both scenarios, meningothelial and atypical 

meningioma patients, the two groups with the highest prevalence, were compared for differences in ADC 

(200,400,1000) and microstructural markers using a Mann-Whitney U-test (α=0.05). The sample size of 

the other histological groups (i.e. fibroblastic, psammomatous, transitional, anaplastic) was not large 

enough to perform meaningful statistical analyses on single groups. However, they were included when 

testing for statistical differences in terms of tumour grade WHO I vs. WHO II/III (Mann-Whitney U-test, 

α=0.05). A receiver operating characteristic (ROC) analysis was carried out to gain insights into the 

capabilities of the measured median ADC and estimated microstructural markers in discriminating 

patients for tumour subtypes (meningothelial vs. atypical) or grade (WHO I vs. II/III). A logistic regression 

model provided the probabilities that patients belonged to a class, which were used to build ROC curves. 

Sensitivity (se) and specificity (sp) were selected according to Youden’s J index[40]. To avoid detecting 

spurious differences, ADC values from white matter regions, automatically contoured[41], were also 

compared across histological sub-types and grades.

Longitudinal analysis. For patients for which the risk score was available (n=25, meningothelial and 

atypical) follow-up (fup) DW-MRI was analysed and compared with the baseline. Temporal percent 

differences in histogram metrics (m) were computed, as 100 ∙

. The ability of ADC and microstructural parameters to 
(𝑚𝑓𝑢𝑝 ― 𝑚𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒) (𝑚𝑓𝑢𝑝 + 𝑚𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒) 2

distinguish between high- and low-risk patients was evaluated through statistical (Mann-Whitney U-test 

α=0.05) and ROC analyses. A
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3 RESULTS

Internal consistency. The internal consistency analysis showed that the estimated microstructural 

parameters followed the ranges of true values (Figure S5). When comparing the microstructural features 

to the true ones, RMSE was 0.25 µm2/ms for D, 0.05 for vf and 2.79 µm for R (Table S1). Given the non-

parametric distributions and the RMSE, median values, instead of mean or mode, were chosen to 

incapsulate the non-parametric distributions of microstructural parameters. 

Imaging markers of tumour microstructure. When analysing patient data, median ADC values (p=0.007, 

for ADC(200,400,1000)) were found to significantly differ between meningothelial and atypical 

meningioma patients (Figure 2a), together with D (p=0.006), vf (p=0.006), R (p=0.032) and ρapp (p=0.025). 

The results reported are for ADC(200,400,1000), but similar results (Figure S7) were obtained for 

ADC(200,1000) and ADC(400,1000). Median (iqr) values are reported in supplementary materials (Table 

S2). The same trend was observed at the voxel-wise level (Figure 3), when comparing median values 

computed from ADC, D, vf, R and ρapp maps (p=0.003 for vf, p=0.002 for others) of the lesions. As for other 

histogram-based metrics (Table S3), the two histological groups significantly differed in terms of skewness 

for ADC (p=0.005), D (p=0.007), vf (p=0.011), R (p=0.007) and ρapp (p=0.001), and in terms of kurtosis for R 

(p=0.045) and ρapp (p=0.003). Microstructural parameters were also estimated for tumours of other 

histological subtypes (Figure S6). Due to the small sample sizes, they could not be singularly analysed, but 

contributed to the comparison of WHO I vs. WHO II/III patients (Figure 2b), for which median values for 

ADC, D, vf, R and ρapp were observed to significantly differ (Table S4). Moreover, no difference between 

sub-types or grades was found in the normally appearing white matter (Figure S9). The voxel-wise analysis 

(Figure 3) confirmed the results obtained for median values and showed significance (Table S5) also in 

terms of skewness for ADC (p=0.005), D (p=0.005), vf (p=0.007), R (p=0.007) and ρapp (p=0.002) 

distributions, as well as in terms of kurtosis for R (p=0.040) and ρapp (p=0.022). From ROC analyses (Figure 

4), D and vf showed lower sensitivity (0.70) but higher specificity (0.93) with respect to ADC, R and ρapp 

(sp=0.80, se=0.80) in dividing meningothelial from atypical meningiomas. When differentiating for tumour 

grade, the ROC analysis showed that D and vf had the highest sensitivity (se=0.91) and R and ρapp the 

highest specificity (sp=0.75), against ADC (se=0.87, sp=0.67). More details are reported in the 

supplementary material (Table S6-S7).

Longitudinal analysis. Temporal percent differences median values for all parameters were significantly 

different between low- and high-risk patients, being ADC, D and R higher and vf and ρapp lower at follow-

up for high-risk patients (Figure 5).  Changes in kurtosis and skewness for ρapp maps differed significantly A
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(p=0.014, p=0.004) between risk groups. Furthermore, the latter showed the highest AUC (0.90, Figure 6) 

and Youden’s J index (0.75) with respect to histogram statistics from all parameters (Table S8).

4 DISCUSSION

A set of microstructural markers of potential interest for proton therapy (water intrinsic diffusivity D, cell 

volume fraction vf, radius R and apparent cellularity ρapp) were estimated from routinely acquired ADC for 

a cohort of patients affected by meningioma, by matching measured with simulated ADC. This enabled 

the interpretation of ADC information from a microstructural perspective as a way to provide novel 

insights for the development of personalized proton treatments. It also represented an attempt to decode 

the microstructural information embedded in the ADC, which is not a specific marker since many 

combinations of different microstructural features can give the same ADC.

The estimates were tested in terms of internal consistency to assess the confidence in the inferred 

microstructural features and the median value of each distribution was employed to estimate the 

corresponding marker of tumour’s microstructure. As such, the chosen microstructural markers (D, vf and 

R) turned out to stratify patients in different groups. 

The main advantage of the proposed work is that it can provide discriminative imaging markers of tumour 

microstructure from a relatively unspecific metric, as the ADC is, that may help improving advanced 

radiotherapy treatments. Such markers should be interpreted as quantitative measurements of MR-

apparent tissue features, following the widespread definition of quantitative imaging biomarkers[42], for 

which these are objectively measured quantitative indices that may depend on the acquisition protocol. 

For example, vf may depend on the acquisition echo time, since it is a relaxation-weighted estimate of the 

real cellular volume fraction. As such, the clinical usefulness of the proposed work was shown for specific 

use cases, i.e. meningioma grading and treatment monitoring, but it may be straightforwardly applied to 

retrospectively analyse conventional ADC data in particle therapy applications. 

Since patients eligible for proton therapy often present radioresistant and recurrent lesions[8] for which 

biopsies are difficult to obtain, the distinct microstructural characteristics across tumour grades[13] require 

to be non-invasively investigated as a support for the treatment decision-making process. In the patients’ 

cohort here examined, only meningothelial and atypical meningioma subtypes allowed a meaningful 

statistical analysis. ADC could discriminate between the two groups, confirming its debated usefulness as 

a biomarker[43,44], and such capability was enhanced by the quantitative microstructural features from the 

proposed method. Specifically, D and R were higher for meningothelial patients, whereas vf was higher A
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for atypical ones. These results agree with histopathological observations from the literature, which 

suggests that meningothelial lesions show bigger and less dense cells with respect to high grades ones[33]. 

Similarly, the estimated ρapp showed an inverse relationship with the ADC, as also observed in studies 

from the literature[45], and confirmed higher cellularity to be present in more aggressive tumour types. 

Other histological groups were poorly represented in terms of sample size (Table 1) and only general 

comments can be made: anaplastic (WHO III) meningiomas exhibited an incoherent behaviour, whereas 

fibroblastic, transitional and psammomatous (WHO I subtypes) meningiomas showed intermediate D, vf 

and R, laying between meningothelial (WHO I) and atypical (WHO II). These results were also confirmed 

by the comparison of low- (WHO I) and high-grade (WHO II/III) lesions, considering that meningothelial 

and atypical meningiomas represented the largest components of low- and high-grade groups, 

respectively. The discriminative capabilities of ADC and inferred microstructural features were overall 

similar, but ROC analyses show (i) higher specificity of D and vf in discriminating histological subtypes and 

(ii) higher sensitivity of D and vf and higher specificity of R and ρapp in discriminating tumour grades, 

compared to conventional ADC. 

The voxel-wise analysis provided histogram-based parameters that may detect local characteristics of 

cancer tissue[46], which could have been missed when analysing the median tumour behaviour. The 

asymmetry of ADC and microstructural parameters distributions represented by the skewness was indeed 

found to significantly differentiate patients’ groups, being higher for ADC, D and R, and lower for vf in 

high-grade meningiomas with respect to low-grade ones. These preliminary results support the idea of 

detecting patterns of heterogeneity corresponding to different tumour sub-regions, which could be used 

to target specific areas with dose painting in proton active beam scanning systems[47], for example in 

regions of increased cellularity[48] as highlighted by ρapp maps (Figure 3). However, the identification of 

biologically aggressive areas to be targeted is still an open research question and requires the 

implementation of appropriate longitudinal studies[49]. 

Prospective longitudinal studies could help defining such areas from radiological imaging and, if combined 

to quantitative markers of tumour microstructure, as those here proposed, could provide insights into 

tumour microstructural changes due to proton therapy. From the preliminary longitudinal analysis, the 

conventional ADC and the microstructural parameters derived in this work showed greater changes in 

median values at three months after therapy in high-risk patients. Both risk groups presented increased 

diffusivity and decreased cellularity, which overall agree with apoptotic pathways typically induced by 

fractionated conventional radiotherapy. However, the damage and repair mechanisms triggered by 

protons are different in nature (i.e. DNA damage and immuno-cell recruitment) and may occur at A
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different timings with respect to X-ray radiotherapy[50] which, in turn, could lead to further changes in 

structural properties that cannot be disentangled using unspecific conventional ADC measurements. The 

ADC is known to be a sensitive but not specific parameter, meaning that an increased ADC cannot 

distinguish, for example, between increased cell death or increased vasogenic oedema. Quantitative 

markers of tumour microstructure, as those here derived (i.e. vf, R and ρapp), can instead aid in 

disentangling structural alterations following radiotherapy at the voxel level. As a matter of fact, the 

parameter that better distinguished between risk groups was the skewness of ρapp histograms, suggesting 

that the apparent cellularity ρapp may be a useful marker of early microstructural regional changes of 

tumour response due to radiotherapy. It should be noted, however, that a limitation of the current 

longitudinal analysis is the unbalanced composition of our cohort: four out of five high-risk meningiomas 

were atypical and the fact that they may undergo death pathways different from meningothelial ones 

could have confounded the analysis of the response. Additionally, longer follow-up times are needed for a 

more robust assessment of risks following radiotherapy. Based on the promising results of this work, 

future studies will harness a larger and better stratified cohort as well as longer follow-up periods to 

address these limitations. 

Future developments should also focus on the histological validation of the quantitative nature of the 

estimated parameters, even if a limited number of studies compared in-vivo DW-MRI parameters to 

histological features[43,51,52] due to the difficulties in data acquisition[53] and validation. Such validation 

would allow confirming or adapting the ranges of plausible microstructural markers of the synthetic 

cellular packings, which were defined in agreement with the available literature[33,34]. However, 

performing such comparison could be even more challenging for brain tumours treated with proton 

therapy, for which histological data is not typically acquired, especially at follow-up times, but direct 

validation against histopathological imaging[52] should be investigated before the proposed 

microstructural markers can be employed in any specific clinical application. 

Technical aspects could be further developed and enhanced, too. Firstly, the synthetic cellular packings 

could be refined to fully exploit the potential realism that the proposed method unlocks, for example 

when accounting for exchange effects. Also, the exploration of other inference methods (e.g. machine 

learning[54]) could be investigated. Furthermore, the DW-MRI sequence was generally tuned to neuro-

oncology studies (e.g. maximum b-value=1000 s/mm2, signal averaging along three orthogonal directions), 

but not to meningiomas biophysical characteristics[25], which may benefit from differentiation among local 

structural anisotropies[18]. A wider range of b-values could be considered. By using b-values greater than 

1000 s/mm2, the signal could show a non-gaussian behaviour (e.g. kurtosis) and the ADC would be ill-A
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defined. By using b-values below 200 s/mm2, vasculature effects would have an impact on the estimation 

of the ADC and the synthetic cellular packings would need to include capillary networks. Future work will 

aim to address the realism of models of tumour structure and vascular networks, which could improve the 

description of meningiomas’ microenvironment and its influence on tumour evolution. As such, the 

proposed approach could be extended to estimate structural heterogeneity (such as fractional anisotropy 

from DTI or kurtosis from DKI) or vascular descriptors (such as perfusion fraction from IVIM[55], vascular 

fraction from an adapted version of the VERDICT model[26]) and oedema regions, which could better 

resolve the inherent ambiguity of the ADC-microstructure relationship. However, this would require 

advanced MRI sequences, potentially longer to acquire, which are not currently widespread in clinical 

workflows for proton therapy, in which time is more favourably allocated to X-ray imaging. In this context, 

faster DW-MRI sequences and methods able to interpret ADC ambiguities by deriving specific 

microstructural parameters, like the one here proposed, may find wider applicability.

5 CONCLUSIONS

In this work, we derive microstructural markers from ADC to support personalized proton therapy for 

treatment planning and monitoring. This method successfully allowed to differentiate low- and high-grade 

meningiomas with higher specificity than ADC and it is put forward to quantitatively describe tumour 

microstructure. Even if further validation is needed, it potentially allows to retrospectively mine already 

acquired data in, but not limited to, radiation and proton therapy for which long outcome information 

may be available, and to better understand treatments effects at the microscale level.
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Figure Legends

Figure 1 - Schematic representation of the pipeline. Various steps are highlighted in different colours, as detailed by 

the top-right legend. Panel A shows how synthetic cellular packings and Monte Carlo (MC) simulations were used to 

generate simulation data (see paragraph 2.2). Panel B shows the input patient data (see paragraph 2.1). Panel C (see 

paragraph 2.3) describes how simulation and patient data were coupled: after clustering (i-iii) the simulation data in 

a 3D space (i.e., considering the three ADC values obtained using three combinations of b values: (200, 1000); (400, A
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1000) and (200, 400, 1000)), the optimizer (iv) exploited the centroid’s ADC to estimate the best weights (v) that 

were used to compute (vi) microstructural features, for each patient.

Figure 2 - Boxplots for median values from ADC, diffusion coefficient (D), volume fraction (vf), radius (R) and 

apparent cellularity (ρapp) with respect to histological sub-typing (a) and grading (b) tasks.

Figure 3 - Examples of voxel-wise maps of meningothelial (top row) and atypical (bottom row) meningioma, which 

differed for patterns in both the measured ADC and in the estimated diffusion coefficient (D), volume fraction (vf), 

cells’ radius (R) and apparent cellularity (ρapp). The estimated microstructural markers are displayed in the gross 

tumour volume (GTV) region, according to the colour scale displayed at the bottom and overlapped to a grayscale 

DW-MRI slice.

Figure 4 - ROC curves for median values from ADC, diffusion coefficient (D), volume fraction (vf), radius (R) and 

apparent cellularity (ρ) with respect to histological sub-typing (a) and grading (b) tasks.

Figure 5 - Temporal percent differences in ADC(200,400,1000), diffusion coefficient (D), volume fraction (vf), radius 

(R) and apparent cellularity (ρapp) for low- and high-risk patients. Similar results were obtained for the other ADC 

values, calculated using the b-values combinations (200, 1000) and (400, 1000), see Figure S8.

Figure 6 - ROC curves for (a) median values from temporal percent differences in ADC, diffusion coefficient (D), 

volume fraction (vf), radius (R) and apparent cellularity (ρ), and (b) kurtosis, skewness and median values from 

temporal percent differences in apparent cellularity, with respect to the patient risk assessment task. 
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Table 1 – Clinical characteristics of the patient cohort. For categorical variables (gender, tumour grade, tumour subtype, 

tumour location, response risk score) frequencies and percentages (%) are reported. For continuous variables (age, tumour 

volume from MRI contouring, planning GTV, prescribed dose and fractionation scheme) mean and standard deviation (sd) 

are reported. 

  frequency % 

Gender   

female 18 51 

male 17 49 

Grade Subtype   

WHO I 

 

meningothelial 15 43 

transitional 5 14 

fibroblastic 2 6 

psammomatous 1 3 

WHO II atypical 10 29 

WHO III anaplastic 2 6 

Anatomical location   

Skull-base 22 63 

Convexity 5 14 

Falx 6 17 

Posterior fossae 2 6 

Response risk score   

Low 20 80 

High 5 20 

   mean sd 

Age 57.7 14.7 

MRI-based GTV
a 

/ cm
3
 20.2 31.6 

Planning GTV / cm
3
 62.2 77.4 

Prescribed dose / Gy(RBE)
b
 52.5 8.5 

Fractionation / days 25.1 9.0 

aGTV=gross tumour volume; bGy(RBE)=RBE-weighted dose 
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Table 2 – Geometrical properties (volume fraction (vf), radius (R)) and diffusion (D) and permeability (p) coefficients 

assigned to the synthetic cellular packings used for simulating DW-MRI signals.  Mean, standard deviation (sd), range and 

mode of each parameter’s distribution are reported. Additionally, the discrete values set for D, vf, R (shown as [start : step : 

stop]) and p (complete list {;}) are reported. 

  vf R / µm D / µm
2
/ms p / 10

-2
 mm/s 

mean 0.4 6.4 1.7 3.6 

sd 0.1 2.7 0.9 3.3 

range 0.3 7.6 2.5 9.2 

mode 0.3 10 1.0 0 

discrete values [0.3 : 0.1 : 0.6] [2.5 : 2.5 : 10] [0.5 : 0.5 : 3.0] {0; 1.3; 2.3; 5.7; 9.2} 

avf=volume fraction; bR=radius; cD=true diffusion coefficient; dp=permeability coefficient.  
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