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Radiomics approach to quantify shape irregularity from crowd-based
qualitative assessment of intracranial aneurysms
Abstract. The morphological assessment of anatomical structures is clinically relevant,
but often falls short of quantitative or standardized criteria. Whilst human observers are
able to assess morphological characteristics qualitatively, the development of robust
shape features remains challenging. In this study, we employ psychometric and
radiomic methods to develop quantitative models of perceived irregularity of
intracranial aneurysms (IAs). First, we collect morphological characteristics (e.g.
irregularity, asymmetry) in imaging-derived data and aggregated the data using rankbased analysis. Second, we compute regression models relating quantitative shape
features to the aggregated qualitative ratings (ordinal or binary). We apply our method
for quantifying perceived shape irregularity to a dataset of 134 IAs using a pool of 179
different shape indices. Ratings given by 39 participants show good agreement with the
aggregated ratings (Spearman rank correlation 𝜌𝑆𝑝 = 0.84). The best-performing
regression model based on quantitative shape features predicts the perceived irregularity
with 𝑅2 : 0.84 ± 0.05.
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Introduction
Linking disease phenotype to image-derived features for computer-aided diagnosis is a
central aim in radiomics. While morphological assessment of anatomical structures
plays an important role in clinical practice, it is typically based on qualitative, subjective
descriptions of phenotypic characteristics. For the clinical use-case of intracranial
aneurysm (IA) assessment, we present an approach to translate a qualitative diagnostic
judgment of a morphological characteristic into a quantitative metric.
IAs are focal malformations of cerebral arteries, prevalent in 2-5% of the
population (Vlak et al. 2011). On average, IAs rupture with an incidence rate of about
1% per year (Wermer et al. 2007). Ruptures lead to haemorrhagic stroke, associated
with high mortality and morbidity (Nieuwkamp et al. 2009; Karamanakos et al. 2012).
Today, disease status is assessed subjectively, as is the need to treat an aneurysm. An
increasing body of literature links irregular aneurysm shape with pathologic wall
biology (Frösen et al. 2012; Morel et al. 2018) and increased rate of rupture (UCAS
Japan Investigators 2012; Lindgren et al. 2016). Some clinicians have hypothesized this
association all along, integrating it into their subjective mental model for making
treatment decisions (Ujiie et al. 1999; UCAS Japan Investigators 2012; Kleinloog et al.
2017). “Irregularity” is a vague concept: the medical community has neither developed
a common vocabulary to describe irregularity, nor established a standard irregularity
rating scheme. As a result, assessments differ between clinicians (Forbes et al. 1996;
Suh et al. 2014).
To address these issues, we have developed a method for morphological
assessment of IAs that can be generalized to other psychometric quantification
problems. Based on data collected with our interactive rating tool for 3D geometries, we
show how to aggregate perceived irregularity and judge the degree of consent

(Spearman rank correlation). We compare sub-cohorts of raters (e.g. laypersons vs.
clinicians) to assess the test-setup or the inclusion criteria of the raters. Using a pool of
geometric shape features, we derive and validate regression models to reproduce the
aggregated irregularity ratings. Finally, we break down perceived irregularity into
particular morphological attributes (presence of blebs, lobules, rough surface,
asymmetry, complex parent vasculature) and again model these quantitatively.

Materials and methods
Given 3D models of the structure under observation, we relate qualitative ratings of
morphology to quantitative descriptions of shape through correlation analysis and
multivariate regression. In the following, we elucidate our method for the assessment of
IA irregularity.
Imaging and patient data
Our dataset comprised 134 saccular IAs (41 ruptured, 78 unruptured, 15 with unknown
rupture status) of 110 patients from the University Hospital Geneva (HUG). We
extracted geometric models of the aneurysms and the surrounding vasculature from 3D
rotational angiographies (3DRAs, voxel sizes in the range of 200-350µm) by applying
vessel lumen segmentation (geodesic active regions (Bogunović et al. 2010),
implemented in the software package GIMIAS (Larrabide et al. 2009)). Standard
marching cubes (Lorensen & Cline 1987) was used to convert binary segmentation
images into surface meshes. We re-meshed all surfaces using VMTK (Antiga et al.
2008) for a target mesh-cell area of 0.01mm2. This step led to more regular meshes and
improved overall quality. We assessed the stability of our pipeline regarding different
mesh resolutions by comparing the quality of the regression models, exemplarily shown
for target mesh area of 0.01 mm2 and 0.05mm2. (Table A)
Quantitative shape description
We isolated the IA dome with a single planar cut (e.g. (Raghavan et al. 2005)) and
computed a set of morphological indices falling into three different types (cf. Table 1).
Geometry indices (GIs) capture specific geometric characteristics of the aneurysm dome
in a single number. We considered 12 different GIs that primarily measure size or shape
(Raghavan et al. 2005; Dhar et al. 2008; Berkowitz 2016). Metrics computed from local

surface properties are termed distribution-derived indices. We included features based
on curvature (both Gaussian and mean curvature, see (Raghavan et al. 2005)) and
surface writhe (Lauric et al. 2011). Curvature features measure the “bending” and
“tortuosity” of the surface, while writhe-based features can be interpreted as a measure
of surface asymmetry. Finally, moment-based descriptors decompose the surface into
different modes. We included Zernike Moment Invariants (ZMI) (Novotni & Klein
2003), which are related to spherical harmonics and compactly represent a 3D surface
geometry. Being invariant to scale, translation and rotation of surfaces, ZMIs are wellsuited as a basis for comparison of 3D objects. For this study, we used surface-based
ZMIs (Millán et al. 2007) up to order 𝑛 = 20, resulting in 121 different indices. In total,
the pool comprised 𝑑 = 179 different shape indices.
Qualitative shape assessment
The rating tool consisted of two elements: a 3D viewer to examine the object
interactively using computer mouse and keyboard, and a rating form to collect the
ratings (cf. Figure 1(a)). The written task description emphasized the qualitative
assessment of shape without providing further clinical information. The raters
confirmed having carefully read and understood the instructions before starting the
inquiry.
The raters assessed each aneurysm in terms of its shape irregularity on a 9-point
rating scale, from “1 – very regular” to “9 – very irregular” (cf. Figure 1(b)). We
intentionally refrained from specifying the properties of a perfectly regular/irregular
aneurysm. Instead, we relied on the common-sense understanding of geometry and the
intuitive nature of the inquiry. To familiarize themselves with the dataset, the
participants had to skim through all cases first. After case-by-case assessment with

randomized order, the participants could sort the geometries by increasing irregularity
rating and adjust their initial assessment.
We chose a 9-point rating scale to strike a balance between task complexity,
rater consistency and informational value: Additional irregularity levels permit a more
fine-grained ordering of the cases, but also impair the rater’s ability to consistently sort
the cases by increasing irregularity.
As a secondary task, we asked the raters to decide whether the aneurysm under
examination exhibited one of the following five morphological attributes: a rough (nonsmooth) surface, blebs or lobules, an asymmetric appearance, a complex configuration
of the parent vasculature/bifurcation, or none of those (cf. Table 2). We refer to this part
of the inquiry as the (binary) assessment of morphological attributes.
A cohort of 39 participants was recruited for the inquiry, which all passed an
outlier test (see next section). For each participant, the inquiry resulted in a rough
ordering of the cases by perceived irregularity, measured in 9 levels. A subset of 26
raters additionally provided assessments for morphological attributes.
Processing of the rating data
Ordinal rating of irregularity
The varying shape of the rating distributions for each rater (cf. Figure 2(a)) reflects rater
subjectivity. To correct for this effect, we ranked the ordinal ratings per rater, where the
average ordinal rank for ratings of equal value (tied rank) was computed.
Next, we aggregated the ranked irregularity ratings by computing their means
per case. The rating aggregates 𝑟𝑖 for case 𝑖 take values in the range [1, 𝑛] where 𝑛 =
134 is the sample size. To normalize this range, we mapped the rating aggregates 𝑟𝑖
linearly onto 𝑟𝑖′ ∈ [0,1], with 0 and 1 standing for “very regular” and “very irregular”,

respectively. Hereinafter, we will refer to these normalized, rater-bias adjusted
aggregates 𝑟𝑖′ as perceived irregularities. As a measure of collective agreement, we
computed the Spearman rank correlation 𝜌𝑆𝑝 between perceived irregularities 𝑟𝑖′ and the
original rating ranks of every rater. To characterize the rater cohort and to test for
potential problems with the rating acquisition, we analysed the contribution 𝜖𝑗 =
2
𝜎𝑗2 /𝜎𝑡𝑜𝑡
of each rater 𝑗 to the overall variance
𝑛
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in the data (𝑚: number of raters, 𝑛: number of cases, 𝑟𝑖𝑗′ : normalized rank for rating 𝑖 of
rater 𝑗). We applied a robust z-score analysis on the 𝜖𝑗 following (Iglewicz & Hoaglin
1993). A rater 𝑗 was defined to be an outlier if the modified z-score
𝑧𝑚𝑜𝑑 (𝜖𝑗 ) = (𝜖𝑗 − 𝜖̃)/𝜎̃𝜖 = 0.6745 ⋅ (𝜖𝑗 − 𝜖̃)⁄MAD𝜖

(2)

was larger than 4.0, where 𝜎̃𝜖 represents a robust estimator for the standard deviation of
the 𝜖𝑗 , 𝜖̃ and MAD𝜖 denote the median and the median absolute deviation of 𝜖𝑗 ,
respectively, and 0.6745 is the 75th percentile of the standard normal distribution.
Binary ratings of morphological attributes
′
For each case 𝑖 and morphological attribute 𝑘, we computed the relative counts 𝑞𝑖𝑘
of

votes in favour of that attribute, normalized by the number of raters. Similar to
perceived irregularity, this metric captures how strongly the rater cohort agrees in
′
recognizing a particular morphological attribute. Note that the aggregates 𝑞𝑖𝑘
have

similar properties to the perceived irregularities 𝑟𝑖′ and therefore can be used
interchangeably in the subsequent analysis.
Like in the case of perceived irregularity, we also assessed the collective
agreement for the ratings of morphological attributes. We considered two methods to

assess the average rater agreement for binary ratings of morphological attributes. Fleiss’
kappa 𝜅𝐹 measures the agreement within the entire rater cohort, which we evaluated for
each morphological attribute separately. Because this first approach ignores any raterdependent subjectivity, we adopted a second approach in which we compare the binary
ratings 𝑞𝑖𝑗𝑘 of rater 𝑗 and attribute 𝑘 (for all cases 𝑖) with the binarized aggregates
bin,𝑗

𝑞𝑖𝑘

′
∗
∗
= 𝑠𝑖𝑔𝑛(𝑞𝑖𝑘
− 𝜏𝑗𝑘
). The binarization threshold 𝜏𝑗𝑘
is computed for each rater and

attribute such that Cohen’s kappa 𝜅𝐶 (a measure for inter-rater agreement) between rater
∗
𝑗 and “binarized average rater” is maximal. In this context, 𝜏𝑗𝑘
can be interpreted as a

perceptual threshold for a rater 𝑗 to accept the presence of a particular attribute 𝑘. Table
∗
∗
4 summarizes the average 𝜅𝐶 and 𝜏𝑗𝑘
for all 26 raters. Both 𝜅𝐶 and 𝜏𝑗𝑘
can be used to

identify outlier raters using a similar procedure as described in the main article. No such
outliers were found in our data.

Association of qualitative ratings and quantitative features
We performed a multivariate analysis to identify “crowd-sourced” shape models that
capture perceived morphological characteristics. The size of the feature pool was first
reduced by several means: Either we applied principal component analysis (PCA) to
identify directions in the feature space with maximal information content, or we ranked
and selected relevant features based on univariate linear metrics (correlation coefficients
between features and perceived characteristics) or feature importance. Feature
importance is a statistical measure of how relevant a predictor was in training a
potentially nonlinear relationship between the predictor variables (shape features) and
response (ratings) with decision trees. To estimate feature importance and to compute
non-linear regression, we made use of gradient boosting machines (GBM) provided

through the LightGBM framework (Ke et al. 2017).
Next, we computed multivariate regression models for four different
configurations (cf. Table 3). ℱ𝑢𝑛𝑖𝑣 represents the set of best performing features from
the univariate analysis, ℱ𝑖𝑚𝑝 signifies the set of most important features (“importance”
as defined above), accounting for 80% of the total importance. For the PCA, the 𝑑 ∗
principal components in the (ranked) data space are used, where 𝑑 ∗ < 𝑑 = 179 is the
number of features that preserve 90% of the overall variance in the data. Instead of
ordinary least squares (OLS) regression, we relied on support vector regression (SVR),
which is more robust and performed better on our data for higher dimensional feature
spaces.
We trained and validated the multivariate models with 5-fold cross-validation
and 𝑞 = 50 repetitions. The average root-mean-square error (RMSE) and the coefficient
of determination (𝑅2 ), computed over the 𝑞 repetitions, were used as performance
metrics to compare the different regression models.

Results
Rating data
We acquired rating data for perceived irregularity of 39 raters from Japan, USA and
Europe, all of which passed the outlier test base on the robust z-score. This resulted in a
pairwise Spearman rank correlation 𝜌𝑆𝑝 = 0.84 (𝑝 < 0.001), where 𝜌𝑆𝑝 was computed
between perceived irregularities 𝑟𝑖′ and the original ratings, ranked per rater, 𝑟𝑖𝑗′ .
We also compared the ratings of rater sub-cohorts stratified by professional
background. While clinical experts rated morphological irregularity on average by
0.467 rating points higher than the instructed laypersons (the difference is significant,
paired-sample t-test, 𝑝 < 0.001), the resulting rank-based aggregate for perceived
irregularity cannot be discriminated statistically (paired-sample t-test, 𝑝 = 0.967). As a
consequence, the perceived irregularity 𝑟𝑖′ is very similar for experts and laypersons, as
seen in Figure 2(c).
The level of agreement per case 𝑖, measured here as the standard deviation 𝜎𝑖′ of
(per-rater) ranked irregularity ratings 𝑟𝑖𝑗′ , varied across cases. A low standard deviation
implies a good interrater agreement. 𝜎𝑖′ ranged between 0.050 and 0.261, with a mean
of 0.152 (measured in the scale of perceived irregularity 𝑟𝑖′ ∈ [0,1]). The agreement
′
′
was higher between experts than between laypersons (𝜎̅𝑖,𝑒𝑥𝑝
= 0.146, vs. 𝜎̅𝑖,𝑙𝑎𝑦
=

0.151), but the difference did not reach statistical significance (paired t-test, 𝑝 = 0.16).
The best agreement among the raters was observed for extreme cases; very regularly or
very irregularly shaped aneurysms were rated the most consistently (cf. Figure 3).
′
Figure 4 shows the aggregates 𝑞𝑖𝑘
for the morphological attributes in relation to

the perceived irregularity 𝑟𝑖′ . Interpolation curves (locally weighted scatterplot
smoothing, LOWESS) reveal that perceived irregularity is associated with perceived

presence of asymmetry, blebs and lobulations. This trend, however, was not
distinguishable for rough surface and complex vasculature.
Multivariate quantitative model for perceived irregularity
Given the rating aggregates (explained variable) and the pool of shape descriptors
(predictor variables), we trained statistical models that map feature vectors to ratings.
We devised four model configurations (A1, A2, B, C, Table 3), for which we report the
1

′
′ 2
RMSE = √𝑁 ∑𝑁
𝑖=1(𝑟̃𝑖 − 𝑟𝑖 ) as performance metric (cf. Table 5). RMSE measures the

average difference between predicted 𝑟̃𝑖′ and measured perceived irregularity 𝑟𝑖′ . We
also report the coefficient of determination 𝑅2 , which measures the proportion of the
total variance (in the predicted variable) explained by the model. For reference, we give
the best-performing univariate model, based on the curvature-metric area-normalized
𝐿2-norm of Gaussian curvature, also known as GLN (Raghavan et al. 2005). This model
was trained with the same cross-validation setup for both ranked and metric, non-ranked
data. Generally, the inclusion of additional predictors reduced the RMSE score. On
ranked data, the prediction error was diminished by about 11% on average, and by
about 28% on the metric data. The models predicting the aggregated assessments of
morphological attributes generally resulted in a lower prediction performance.

Discussion
In this study, we have collected and aggregated qualitative, ordinal and binary ratings
for aneurysm shape. For instance, the perceived irregularity 𝑟𝑖′ reflects the collective
opinion on the morphological irregularity. The single irregularity ratings per case can
vary strongly between participants (cf. Figure 3), but rank-based analysis (Spearman
correlation 𝜌𝑆𝑝 = 0.84) suggests that raters agree, on average, with the ordering of the
cases.
This result is robust to local permutations in the ordering of the cases or the
exclusion of some raters. Using the aggregated metric allows correction for the inherent
subjectivity that comes with irregularity ratings. The results from the subsequent
analysis are thus equally robust by design.
The pronounced spread of the ratings around the average is a consequence of the
open task formulation, the inconsistency typical of subjective assessment (intra-rater
disagreement), and the heterogeneous composition of the rater cohort (inter-rater
disagreement). However, our rank-based method deals robustly with the amount of rater
variability.
The level of agreement varies considerably between different cases: extreme
cases (very regular, very irregular) are rated more consistently than cases in-between.
This variability would ideally be addressed with quantitative criteria to evaluate
morphological irregularity. To determine how professional qualification affects ratings,
we also compared sub-cohorts of participants. Our results suggest that clinical
experience did not affect the judgment of perceived irregularity.
Finally, we developed statistical models to predict perceived irregularity. Such
models map quantitative morphological metrics to the subjective assessment of shape, a
task that can be considered cognitively complex, involving intuition, experience and

conscious thinking. So far, no quantitative metric exists that specifically measures
irregularity of aneurysm shape. A tool to quantify irregularity will help clinicians to
assess aneurysms while removing rater subjectivity.
A combination of multiple shape features performed better than univariate
models to predict perceived irregularity (cf. Table 5). A larger model uncertainty
(standard deviation of RMSE, Table 5), as a result of an increased number of model
predictors, is overcompensated by increased prediction accuracy. In the case of ranked
and metric data, the RMSE improved by 11% and 28%, respectively.
We repeated the analysis for other morphological characteristics for which it is
equally difficult to specify robust, quantitative rules. The prediction performances of
′
these models for the aggregates 𝑞𝑖𝑘
, however, are poorer. This might be partially

explained by the binary assessments carrying less information than ordinal ratings.
′
Binary rating data leads to graded aggregates 𝑞𝑖𝑘
, with repercussions on the prediction

metrics. Furthermore, the shape features included only insufficiently describe the IA
attributes. The development of specific features for these attributes was outside the
scope of this study. Regardless of the lower prediction power, we demonstrated that the
method can also be applied to binary rating data.
The morphological assessment of anatomical structures is not only relevant for
IAs. More generally, the morphology of tissue, bones, organs or vessels, plays an
important role in the management of various diseases. We argue that the proposed
methodology to capture, normalize and inspect the collective opinion of a rater cohort is
equally applicable in other clinical contexts as well. There are two principal
requirements for our methodology: 1) The morphology must be assessable by visual
inspection, either from 3D surface geometries as in our case, or from 2D or 3D intensity
images. 2) A set of quantitative metrics must be computable from the input data (feature

pool) that are thought to capture the qualitative metric (e.g. asymmetry, irregularity,
tortuosity).
When working with morphological metrics derived from imaging data, we
recommend examining their mesh and resolution dependency. In our use-case, the
reduction of mesh resolution (we assessed two surface meshes with average cell areas of
0.01mm2 and 0.05mm2) did have a small but noticeable effect on single features (Table
A of the supplemental material section). While most metrics are unaffected, curvature
metrics are sensitive to mesh resolution. The lower mesh resolution of 0.05mm2 yields
slightly better correlation coefficients. Fine tuning the mesh size in respect to the
imaging resolution holds potential to incrementally improve the model performance.
Putatively, the model accuracies will further increase with a higher number of
raters and cases. Although we consider our dataset well-balanced in terms of
morphological attributes, it is possible that some characteristics are over- or
underrepresented. The features available in our pool might therefore not encompass all
morphological attributes that raters take into account, and it is conceivable that metrics
exist that encode perceived irregularity more efficiently than the ones we used. We
disregard other factors that may have an influence on the morphology of the structure
under assessment. In the use-case of IAs presented, for example, a stratification of the
aneurysms by location would be an interesting aspect for a follow-up study.

Conclusions
We successfully applied our method to the assessment of IA morphology, for which we
trained novel quantitative models for irregularity using qualitative assessments of shape.
The inspection of qualitative morphological assessment across multiple raters offers
possibilities i) to develop new consensus-based rating-schemes, and ii) to design
quantitative tools for the judgement of morphological characteristics. Since the elements
of our method do not depend on the particular use-case, our methodology can be useful
for the assessment of anatomical structures other than aneurysms.
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Type
Geometry
Indices

Distributionderived
features

Moment-based
descriptors

Sub-type

Details

#indices

Size indices

•
•
•
•
•
•

Dome volume
Dome surface area
Neck diameter
Max. diameter
Height
Aneurysm size

6

Shape indices

•
•
•
•
•
•

Non-sphericity index
Ellipticity index
Undulation index
Aspect ratio
Conicity factor
Bottleneck factor

6

Curvature metrics

• Gaussian and mean curvature
• Distribution characteristics
• Total curvature, normalized
by surface area

22

Writhe metrics

• Free writhe and normalized
inner-squared writhe
• Distribution characteristics

24

Zernike Moment
Invariants (ZMI)

• Surface-based
• Order 𝑛 = 20
Total

121
179

Table 1. Composition of the feature pool for the morphological assessment of IAs.
#indices indicates the number of indices that a particular type contributes to the pool.

Attribute
Rough surface
Blebs
Lobules
Asymmetry
Complex
vasculature
Nothing applies

Descriptions
Does the surface show an overall rough, non-smooth surface? Does it show structures that
do not qualify as blebs or lobules?
Are any blebs visible? A bleb is any localizable elevation of the dome surface whose
volume is smaller than 25% of the primary dome compartment.
Are any lobules visible? A lobule is any localizable elevation of the dome surface whose
volume is larger than 25% of the primary dome compartment.
Does the aneurysm appear asymmetric? Geometric asymmetry applies if the aneurysm
dome lacks axes of symmetry.
Does the surrounding vasculature look complex such that it affects the overall perceived
complexity of the aneurysm?
None of the options above apply.

Table 2. Descriptions of the morphological attributes used in this study.

Model

Regressor

Feature space configuration

Motivation

Selection

𝑑

Repr.

1

ranked/
metric
metric

Reference model using the best performing univariate
feature of the pool.
Combine statistically independent predictors with good
univariate prediction in a multivariate model.

Ref.

SVRlin

Best univariate
feature

A1

SVRlin

ℱ𝑢𝑛𝑖𝑣

19

ranked

A2

SVRlin

ℱ𝑢𝑛𝑖𝑣 ∪ ℱ𝑖𝑚𝑝

31

ranked

B

SVRlin

PCA, 90% of total
variance

6

ranked

Reduce problem complexity by reducing redundancy in the
data space. This assumes an (approximately) linear
relationship.

C

GBM

ℱ𝑖𝑚𝑝

31

metric

A nonlinear regression model may capture complex
relationships between explanatory and predicted variables
more accurately.

Table 3. Overview of the model configurations used in this study. 𝑑 represents the
number of dimensions of the reduced feature space; ℱ𝑢𝑛𝑖𝑣 and ℱ𝑖𝑚𝑝 are the set of
features with the best univariate and most important candidates, respectively. SVRlin:
support vector regression with linear kernel. GBM: gradient boosting machine. PCA:
principal component analysis. Ref.: reference model. Repr.: data representation.

Morphological
attribute

Hard comparison
Fleiss’ kappa 𝜅𝐹

Asymmetry
Rough surface
Blebs
Lobules
Complex parent
vasculature

0.173
0.316
0.274
0.282
0.175

(slight-fair)
(fair-moderate)
(fair)
(fair-moderate)
(slight-fair)

Soft comparison
Cohen’s kappa 𝜅𝐶
(mean ± std)
0.535 ± 0.148 (moderate-substantial)
0.659 ± 0.094 (substantial)
0.625 ± 0.075 (substantial)
0.647 ± 0.117 (substantial)
0.523 ± 0.143 (moderate)

∗
Threshold 𝜏𝑗𝑘
(mean ± std)
0.464 ± 0.170
0.397 ± 0.187
0.453 ± 0.191
0.438 ± 0.223
0.322 ± 0.171

Table 4. Average agreement for the binary ratings on the morphological attributes,
evaluated using hard and soft comparisons of raters (see text). The data comprises
ratings for 134 cases from 26 different raters (16 instructed laypersons, 10 clinical
experts). Our results suggest that the raters substantially agree if the rater subjectivity is
taken into account, and that agreement varies across different attributes.

Predicted
variable

Data

Perceived
irregularity

Ranked

Metric

Rough surface

Ranked

Blebs

Ranked

Lobules

Ranked

Asymmetry

Ranked

Complex vasc.

Ranked

Model

R2

RMSE
mean

std

p-val

mean

std

p-val

Reference

0.129

0.016

Ref.

0.788

0.067

Ref.

Model A1

0.122

0.016

< 0.001

0.809

0.067

< 0.001

Model A2

0.113

0.015

< 0.001

0.836

0.051

< 0.001

Model B

0.129

0.016

< 0.001

0.786

0.068

< 0.001

Reference

0.150

0.018

Ref.

0.677

0.085

Ref.

Model C

0.109

0.012

< 0.001

0.829

0.055

< 0.001

Reference

0.228

0.026

Ref.

0.464

0.138

Ref.

Model A2

0.216

0.027

< 0.001

0.513

0.144

< 0.001

Reference

0.203

0.023

Ref.

0.511

0.133

Ref.

Model A2

0.189

0.024

< 0.001

0.577

0.125

< 0.001

Reference

0.203

0.037

Ref.

0.510

0.170

Ref.

Model A2

0.174

0.024

< 0.001

0.638

0.109

< 0.001

Reference

0.202

0.022

Ref.

0.492

0.141

Ref.

Model A2

0.172

0.020

< 0.001

0.627

0.114

< 0.001

Reference

0.300

0.027

Ref.

0.032

0.137

Ref.

0.293

0.027

> 0.05

0.070

0.179

> 0.05

Table 5. Summary of the prediction performances for the different multivariate model
configurations used to predict the perceived irregularity (upper half) and the
morphological attributes (lower half). The models were trained and validated in a nested
cross-validation scheme with 50 repetitions. For perceived irregularity, the best
performing univariate model (based on the curvature metric GLN) is given as reference.
We evaluated the models for ranked and non-ranked data representation, where both
explanatory and predicted variables were ranked prior to training. Root mean squared
error (RMSE) and the coefficient of determination (𝑅2 ) are provided. For the
morphological attributes, we report the results of the best-performing univariate and
multivariate models.

Figure 1. (a) Screenshot of the rating tool for interactive display of 3D geometries and
rating acquisition, here for IA morphology: perceived irregularity (ordinal assessment)
and a list of morphological attributes (binary assessments). The tool facilitates the
efficient comparison of cases and rating verification. (b) Exemplary IA geometries
ordered by increasing perceived irregularity from very regular (𝑟𝑖′ = 0) to very irregular
(𝑟𝑖′ = 1).

Figure 2. (a) Exemplary histograms summarizing the ordinal irregularity ratings of
three different raters, demonstrating different rating biases. (b) Scatter plot showing the
ratings by the 39 included raters for the 134 aneurysms (𝑛 = 5226 data points, ranked
per rater, Spearman rank correlation 𝜌𝑆𝑝 = 0.84 (𝑝 < 0.001) between the individual
rating ranks and the aggregated). The plot also shows the regression line and its 95%
tolerance- and confidence intervals (dotted lines). (c) Data stratified by rater sub-cohort
(clinical experts vs. instructed laypersons). Solid lines: mean rating ranks per aneurysm.
Shaded areas: ± standard deviation of rating ranks.

Figure 3. The irregularity rating ranks by all 39 raters for all 134 cases. The cases are
sorted by increasing mean. By comparing the data spread, one can observe that the
inter-rater agreement varies considerably between different cases. As a trend, the
agreement is high for the extreme cases (very regular, very irregular).

Figure 4. Aggregated ratings for the morphological attributes. The plots show the data
(dots) for the 134 cases, comparing the perceived irregularity (abscissa) with the
aggregated ratings (relative counts) of the following six attributes (multiple choices
allowed): asymmetry, rough surface, blebs, lobules, complex parent-vasculature and
nothing (if none of the characteristics applied). We also show LOWESS regression
curves (with smoothing factor 0.2) to identify possible trends in the ratings.
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Correlation ρSp
A=0.01 mm2

A=0.05 mm2

GI: curvature (Gaussian, L2N)

0.89

0.92

GI: curvature (Gaussian, stdN)

0.89

0.92

GI: curvature (mean, L2N)

0.88

0.91

GI: curvature (mean, vL1)

0.87

0.88

GI: curvature (mean, stdN)

0.85

0.89

writhe: inner squared (H)

0.84

0.83

writhe: inner squared (mean)

0.84

0.83

GI: curvature (Gaussian, L2N)

0.84

0.84

GI: shape (NSI)

0.80

0.80

writhe: inner squared (std)

0.79

0.78

writhe: inner squared (μ2)

0.77

0.77

GI: shape (EI)

0.76

0.76

ZMI: cumulant (n40)

0.74

0.73

ZMI: cumulant (n10)

0.74

0.74

ZMI: cumulant (n20)

0.74

0.73

GI: curvature (Gaussian, L2NCH)

0.73

0.77

ZMI: cumulant (n05)

0.73

0.73

GI: shape (BF)

0.72

0.72

GI: size (aSz)

0.70

0.70

GI: shape (UI)

0.67

0.71

GI: curvature (mean, L2NCH)

0.66

0.76

Predictor

Table A. Best performing univariate predictors for perceived irregularity, evaluated for
two different average mesh cell areas A=0.01mm2 and A=0.05mm2. We included only
metrics with Spearman correlation ρSp > 0.7. The overall ordering of the features
appears relatively stable for the two different mesh sizes examined. Only curvature
metrics yielded systematically higher coefficients. All metrics have been computed on
3D geometries of the aneurysm dome. Their implementation follows the references
cited in the main article. Abbreviations: Curvature L2N – total curvature (L2-norm),
normalized by the surface area; curvature stdN – standard deviation of curvature,
normalized by surface area; curvature vL1 – area weighted variance of the curvature;
curvature L2NCH – same as curvature L2N but further normalized by the total curvature
(L2N) of the convex hull; writhe mean, std, H, µ2: mean, standard deviation, entropy or
second statistical moment of the writhe values for a surface; GI – geometry indices; NSI
– non-sphericity index; EI – ellipticity index; UI – undulation index; BF – bottleneck

factor; aSz – aneurysm size; ZMI cumulant – metrics derived from Zernike moment
invariants.

Figure A. Comparison of the mean feature importance (FI) for the prediction of
perceived characteristics, averaged over the 1000 gradient boosting machines (GBMs)
trained in the feature selection step. FI measures how valuable a feature was when
training GBMs. Black and white colour indicate high and low FI, respectively. The
listing is freed from highly redundant features and features that show low importance in
all morphological characteristics. Abbreviations: see caption of Table A.

