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ARTICLE INFO ABSTRACT

Key Words: Purpose: Identifying optimal machine learning pipelines for computer-aided diagnosis is key for the develop-
Artificial intelligence ment of robust, reproducible, and clinically relevant imaging biomarkers for endometrial carcinoma. The pur-
EﬂdO{HEtriﬂl cancer pose of this study was to introduce the mathematical development of image descriptors computed from
Machine learning spherical harmonics (SPHARM) decompositions as well as the associated machine learning pipeline, and to

Magnetic resonance imaging
Spherical harmonics (SPHARM)
Three-dimensional imaging

evaluate their performance in predicting deep myometrial invasion (MI) and histopathological high-grade in
preoperative multiparametric magnetic resonance imaging (MRI).

Patients and methods: This retrospective study included 128 women with histopathology-confirmed endome-
trial carcinomas who underwent 1.5-T MRI before hysterectomy between January 2011 and July 2015.
SPHARM descriptors of each tumor were computed on multiparametric MRI images (T2-weighted, diffusion-
weighted, dynamic contrast-enhanced-MRI and apparent diffusion coefficient maps). Tensor-based logistic
regression was used to classify two-dimensional SPHARM rotationally-invariant descriptors. Head-to-head
comparisons with radiomics analyses were performed with DeLong tests with Bonferroni-Holm correction
to compare diagnostic performances.

Results: With all MRI contrasts, SPHARM analysis resulted in area under the curve, sensitivity, specificity, and
balanced accuracy values of 0.94 (95% confidence interval [CI]: 0.85, 1.00), 100% (95% CI: 100, 100), 74% (95%
Cl: 51,92), 87% (95% CI: 78, 98), respectively, for predicting deep MI. For predicting high-grade tumor histol-
ogy, the corresponding values for the same diagnostic metrics were 0.81 (95% CI: 0.64, 0.90), 93% (95% Cl: 67,
100), 63% (95% CI: 45, 79) and 78% (95% CI: 64, 86). The corresponding values achieved via radiomics were
0.92 (95% ClI: 0.82, 0.95), 82% (95% CI: 65, 93), 80% (95% CI: 51, 94), 81% (95% Cl: 70, 91) for deep MI and 0.72
(95% Cl: 0.58, 0.83), 93% (95% ClI: 65, 100), 55% (95% Cl: 41, 69), 74% (95% ClI: 52, 88) for high-grade histology.
The diagnostic performance of the SPHARM analysis was not significantly different (P = 0.62) from that of
radiomics for predicting deep MI but was significantly higher (P = 0.044) for predicting high-grade histology.

Abbreviations: 2D, Two-dimensional; 3D, Three-dimensional; ADC, Apparent diffusion  imaging; RF, Random forest; ROC, Receiver operating characteristics; SPHARM, Spheri-
coefficient; AUC, Area under receiver operating characteristics curve; ClI, Confidence cal harmonics; T2WI, T2-weighted imaging; VOI, Volume of interest

interval; CNN, Convolutional neural network; DCE, Dynamic contrast-enhanced; DWI, * Corresponding author.
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Conclusion: The proposed SPHARM analysis yields similar or higher diagnostic performance than radiomics in
identifying deep MI and high-grade status in histology-proven endometrial carcinoma.
© 2022 Published by Elsevier Masson SAS on behalf of Société francaise de radiologie.

1. Introduction

Magnetic resonance imaging (MRI) is an important diagnostic tool
for endometrial carcinoma, the most common gynecological cancer in
developed countries [1,2]. Automated analyses of MRI images using
volumetry or radiomics have focused on diagnosing histopathological
outcomes of endometrial carcinoma, such as high-grade status, or
deep myometrial invasion (MI), from single or multiple MRI sequence
(s) [3—7]. These outcomes are among those forming the basis of the
International Federation of Gynecology and Obstetrics (FIGO) staging
system for endometrial cancer [8]. However, after more than a decade
of intensive research, it has become clear that concerns about robust-
ness, reproducibility and standardization represent major challenges
for radiomics. To address these issues, the recently formed Interna-
tional Biomarker Standardization Initiative (IBSI) has released recom-
mendations for standardizing radiomic features and assessing their
reproducibility [9]. Following these guidelines, an IBSI-compliant
radiomic model for predicting histopathology outcomes in multipara-
metric MRI of endometrial cancer was recently proposed and vali-
dated on an external independent testing cohort [10].

Despite recent progress culminating in the IBSI guidelines, radio-
mics still faces methodological challenges. IBSI standardization
requires elaborate image preprocessing, which adds significant com-
plexity. Furthermore, radiomic features integrate information across
the entire extent of the tumor, thus losing localized information
which may be important for understanding which aspects of the
tumor are most predictive [11]. Finally, radiomic features depend on
precise segmentation of the tumor, which may take an expert radiol-
ogist a prohibitive amount of time to create, limiting the clinical
applicability of this approach.

In this study, we introduced a novel machine learning framework
that can address these important challenges. It builds upon standard
concepts from physics and signal processing to form a robust and
rotationally-invariant signature of three-dimensional (3D) image
intensity data. The central idea is to perform a space/frequency
decomposition of volumes of interest (VOI) in 3D image data. This
decomposition is performed along a spatial dimension and an angular
frequency dimension, using spherical harmonic (SPHARM) functions
computed on concentric spherical shells with varying radii sampling
the spatial extent of the VOI [12,13]. This approach results in a com-
pact two dimensional (2D) descriptor for 3D image data [12] and has
previously been used to represent 3D signals in a variety of domains,
including astrophysics [14,15], molecular chemistry [16], evolution-
ary biology [17], acoustics [18], and neuroimaging [19-22]. In the
present work, we theorized that SPHARM decomposition is well
suited for characterizing the harmonic frequency content of solid
tumors and therefore their textural appearance. To our knowledge,
this is the first time such a descriptor is proposed as a quantitative
radiological biomarker within a machine learning pipeline in cancer
imaging. Because it computes frequency information from the image
data, as opposed to directly analyzing image intensity, it does not
need extensive image preprocessing and standardization as required
in radiomics approaches. In addition, the proposed method allows for
localization in a space/frequency domain of the most discriminative
components of the predictive model. Perhaps most importantly, this
method may not rely as much on a precise and time-consuming
tumor segmentation as traditional radiomics, as demonstrated below
with experiments comparing model performance when using precise
tumor segmentations vs. spherical VOIs centered on the tumor which
take only seconds to create.
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Because of all these design choices, our main hypothesis is that a
machine learning pipeline based on SPHARM descriptors will per-
form better than a state-of-the-art radiomics pipeline for predicting
histopathological outcomes in endometrial carcinoma on MRI, specif-
ically, the presence of deep MI and tumor high grade.

The purpose of this study was twofold: (i), to present the mathe-
matical development of the SPHARM descriptor and the associated
machine learning pipeline; and (ii), to evaluate our main hypothesis,
i.e., to evaluate the diagnostic performance of SPHARM descriptors
and compare it to the performance of an IBSI-compliant radiomics
pipeline for predicting deep MI and histopathological high-grade in
preoperative multiparametric MRI.

2. Patients and methods
2.1. Patient characteristics

Institutional review board approval and waiver of informed con-
sent were obtained for this dual-center retrospective analysis. Clini-
cal and MRI data of women who underwent MRI before surgery
between January 2011 and July 2015 were obtained from two inde-
pendent institutions in two different countries, McGill University
Health Centre, Montreal, Canada (Institution 1), and Hopital
Lariboisiere, Assistance Publique-Hopitaux de Paris, Paris, France
(Institution 2). Data from patients recruited at the first institution
(training set) were used to train the SPHARM predictive models.
Their performance was validated on independent data from the sec-
ond institution (validation set).

Fig. 1 presents a flowchart that summarizes the patient inclusion/
exclusion criteria. These criteria are identical to those previously
reported elsewhere [10], with one exception: the present study
increased the minimum tumor diameter from 1 cm as used in [10] to
2.5 cm. Patients with tumor diameter below 2.5 cm were thus
excluded from the present study. This increase in minumum tumor
diameter was motivated by computational considerations relating to
the SPHARM descriptor. It resulted in the additional exclusion of 19
women from the training set and 10 women from the validation set
relative to the population sample described in [10]. Thus, in the pres-
ent study, the final sample of the training set included 75 women
(mean age: 654 + 10.2 (standard deviation [SD]) years; range:

264 eligible patients Exclusions
Training set  n =165 No DCE-MRI or DWI
Validation set n =99 Training set =
Validation set ~ n=14
Severe motion artifacts
Training set n=5
Validation set n=4
Incomplete histopathology report
Trainingset n=5
. . Validationset n=5
128 included patients Neoadjuvant therapy before surgery
i = Training set n=3
TralnTng it n=75 Validation set n=1
Validation set  n =53 : EtREERARlend ral
carcinoma
Training set n=2
Validation set n=4

Tumor diameter < 2.5 cm
Training set n=
Validation set n=

Fig. 1. Flowchart of patient selection in women with endometrial carcinoma recruited
at both institutions. MI = Myometrial invasion; DCE-MRI = Dynamic contrast-enhanced
magnetic resonance imaging; DWI = Diffusion-weighted imaging.
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Table 1
Surgical and histopathological findings in the included sample of 128 women with endometrial carcinoma.
Variable Training set, Institution 1 Validation set, Institution 2 Pvalue
(n=75) (n=53)
Age (years) 65.4 + 10.2 [44-90] 67.0 £11.6 [44—-88] 0.57
FIGO staging 0.51
I 47 (63%) 28 (53%)
Il 3(4%) 11(21%)
11 24(32%) 10 (19%)
v 1(1%) 4(7%)
Deep myometrial invasion 0.20
Superficial (< 50%) myometrial invasion 37 (49%) 20 (38%)
Deep (> 50%) myometrial invasion 38(51%) 33 (62%)
Histopathological grade 0.36
Low (FIGO grade 1 and 2) 48 (64%) 38 (72%)
High (FIGO grade 3 and non-endometrioid) 27 (36%) 15(28%)

Quantitative variables are expressed as means standard deviations; numbers in brackets are ranges.
Qualitative variables are expressed as raw numbers; numbers in parentheses are percentages.

FIGO = International Federation of Gynecology and Obstetrics.

44-90 years). Among them, 38 (51%) had deep MI, and 27 (36%) had
high-grade tumors as assessed by histology. The final validation set
in the present study included 53 women (67.0 & 11.6 [SD] years; age
range: 44—88 years). Among them, 33 (62%) had deep MI and 15
(28%) had a high-grade tumor as assessed by histology (Table 1).

2.2. MRI examinations

MRI examinations were performed on 1.5 T scanner (training set:
Signa Excite; General Electric [GE] Healthcare; validation set: Magne-
tom® Avanto, Siemens Healthineers) using the vendor specific
phased-array pelvic surface coils. MRI examinations included the fol-
lowing standard-of-care diagnostic sequences for pelvic MRI con-
trasts: fast spin echo T2-weighted imaging, echo planar imaging
diffusion-weighted imaging (DWI) at b = 0 and 1000 s/mm?, and 3D
gradient echo T1-weighted dynamic contrast-enhanced (DCE)-MRI.
Administration of 0.1 mmol of a gadolinium-based contrast agent per
kilogram of body weight was performed intravenously prior to DCE-
MRI. DCE-MRI acquisitions were obtained in the sagittal plane before
contrast material administration and at three phases (time points)
after administration: 25, 60, and 120 seconds after contrast material
administration. In addition, images were acquired in the axial oblique
plane during a delayed phase at 240 seconds after contrast material
administration. In this study, the pre-contrast and the first phase of
DCE-MRI were not used. We only worked with the remaining three
DCE-MRI contrasts, namely, the second phase (60 s), the third phase
(120 s) and the delayed phase (240 s). The MRI protocols used in each
institution are summarized in Table 2. Fig. 2 illustrates an example
tumor with the different MRI contrasts included in our study.

2.3. Histopathological analysis

Histological outcomes including the depth of MI (<50% vs. >50%)
and tumor grade (low grade: FIGO grades 1 and 2 vs. high grade:
FIGO grade 3 and nonendometrioid histologies) were determined
using standard criteria by experienced pathologists from the surgical
hysterectomy specimen as part of each patient’s standard of care.

2.4. Computational methods overview

Our computational methods were based upon the creation of a 2D
descriptor (matrix of SPHARM coefficients) that encoded a 2D space/
frequency decomposition of the 3D image signal over a tumor VOIL.
This representation was compact, robust to signal noise and rotation-
ally-invariant, that is, the representation remained the same regard-
less of the spatial orientation of the tumor. To perform classification
on such SPHARM descriptors, a regularized tensor logistic regression
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(TensorReg MATLAB toolbox, version 1.0; https://hua-zhou.github.io/
TensorReg/) technique was selected [23]. The logistic regression
model was trained on VOIs extracted from precise manual tumor seg-
mentations. Its diagnostic performance was evaluated using both
precise tumor segmentations, as well as segmentations that consist
of simple spheres centered on the tumor. Fig. 3 shows an example of
precise and spherical tumor segmentations. Fig. 4 presents a visual
summary of our SPHARM methods.

For comparison, we reproduced the IBSI-compliant radiomics
pipeline reported previously [10]. We also computed tumor volume
from precise tumor segmentations, which we then used to perform
volumetry-based classification of each histopathological feature.
Fig. 5 presents a visual summary of the radiomics pipeline. Full meth-
odological details on our computational pipelines, including the
SPHARM descriptors and the radiomics pipeline are presented in the
Supplementary Materials, Appendices A1-A4.

2.5. Statistical analyses

Statistical analyses were performed in MATLAB (v2020b, Math-
Works). Quantitative variables were expressed as means + standard
deviations (SD) and ranges. Qualitative variables were expressed as
raw numbers and percentages. Receiver operating characteristic
(ROC) curves and diagnostic performance metrics for the threshold
maximizing Youden’s index were reported (i.e., sensitivity, specific-
ity, balanced accuracy, positive and negative predictive values) along
with their bootstrapped 95% confidence intervals (CI). Paired ROC
curves were compared with a DeLong test with Bonferroni-Holm cor-
rection for multiple comparisons in R (v3.6.2, R Foundation) [24].

2.6. Implementation

Our code is publicly available at: https://github.com/thierleft/
3Dspharm-decomposition-tumor.

3. Results
3.1. Predicting deep myometrial invasion

Both the SPHARM and radiomics methods achieved non-signifi-
cantly different performances on the validation set for predicting
deep MI based on features extracted from all MRI contrasts (AUC of
0.94 [95% CI: 0.85, 1.00] vs. 0.92 [95% CI: 0.82, 0.95]; P = 0.62)
(Table 3). The coefficients of the logistic regression model combining
SPHARM predictions from individual MRI sequences obtained on the
training set are shown in Table 4. SPHARM performed robustly from
training to validation with consistent AUC and balanced accuracy
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MRI scanner Image type  Sequence  Acquisition plane TR/TE (ms) FOV (cm) Section thickness (mm)  b-value (s/mm?)

1.5-T GE Signa1 Excite T2WI FSE Sagittal, Axial-oblique*  4000-4575/100 24 4 N.A.

(Institution 1, Training set) DWI EPI Sagittal, Axial-oblique* 5000/69 32 6 0, 1000
DCE-T1WI 3D-GRE Sagittal, Axial-oblique*  3.6/1.75 26 4 N.A.

1.5-T Siemens Avanto T2WI FSE Sagittal, Axial oblique* 3920-7660/144-147  18-30 3-4 N.A.

(Institution 2, Validation set) ~ DWI EPI Axial-oblique* 3000/91 38 5 0, 1000
DCE-T1WI 3D-GRE Sagittal, Axial-oblique*  5.43/2.5 25 1.8 N.A.

3D-GRE= Three-dimensional gradient-echo; DCE = Dynamic contrast-enhanced; DWI = Diffusion-weighted imaging; EPI = Echo planar imaging; FOV= Field of view; FSE = Fast
spin-echo; N.A. = Not applicable; TIWI = T1-weighted imaging; T2WI = T2-weighted imaging; TE = Echo time; TR = Repetition time. *The axial-oblique plane was perpendicular

to the endometrial cavity, resulting in a short-axis view.

Fig. 2. Segmented endometrial tumor with International Federation of Gynecology and Obstetrics (FIGO) stage IIIC1 in an 80-year-old woman on (A) sagittal second-phase dynamic
contrast-enhanced magnetic resonance imaging (DCE-MRI) (60 s), (B) third-phase DCE-MRI (120 s), (C) axial oblique delayed-phase DCE-MRI (240 s), (D) DWI (b = 1000 s/mm?), (E)
Apparent diffusion coefficient map, and (F) T2-weighted imaging. The manually measured maximal diameter was 40 mm and deep myometrial invasion was observed at MRI. Histo-
pathological analysis confirmed the presence of deep myometrial invasion and of a high-grade tumor (grade 3). Segmented contours are shown in red.

values. To confirm that SPHARM predictions were not capturing only
tumor volume, the diagnostic performance of MRI volumetry was
also reported for the classification of deep MI, resulting in a signifi-
cantly lower performance with volumetry on the validation set (AUC
of 0.94 [95% CI: 0.85, 1.00] for SPHARM vs. 0.77 [95% CI: 0.60, 0.86]
for volumetry; P =0.034) (Table 3).

Based on the associated logistic regression coefficients on the
SPHARM predictions extracted from each MRI sequence (Table 4), the
most relevant MRI contrasts were ADC maps and the second phase
(at 60 s) DCE-MRI. Because of this, and also based on the knowledge
that both ADC maps and DCE-MRI can be highly predictive of the
depth of MI quantitatively and visually [25], we analyzed the diag-
nostic performance of radiomics and SPHARM only on the ADC maps,
and only on second phase (60 s) DCE-MRI (Table 3). On these individ-
ual contrasts, SPHARM provided statistically significant improve-
ments over radiomics on the validation set on second phase DCE-MRI
(AUC of 0.86 [95% CI: 0.63, 0.96] vs. 0.68 [95% CI: 0.53, 0.81];
P =0.032). The improvement over radiomics on ADC was not statisti-
cally significant (AUC of 0.85 [95% CI: 0.71, 0.94] vs. 0.76 [95% CI:
0.65, 0.84]; P = 0.12). The ROC curves for performance on ADC and
second phase DCE-MRI, as well as TensorReg classification matrices
of SPHARM descriptors of both MRI contrasts, are presented in Figs. 6
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and 7. Additional discussion on these results is included in the Sup-
plementary Materials.

3.2. Predicting high-grade status

Combining information from all MRI contrasts, SPHARM outper-
formed radiomics in identifying high-grade status at histopatholog-
ical examination (validation AUC of 0.81 [95% CI: 0.64, 0.90] vs. 0.72
[95% CI: 0.58, 0.83]; P = 0.044; Table 5). Similarly, SPHARM predic-
tions provided increased diagnostic performance compared to that of
MRI volumetry for identifying high-grade endometrial carcinoma
(validation AUC of 0.81 [95% CI: 0.64, 0.90] vs. 0.70 [95% CI: 0.53,
0.82]; P=0.040).

The most relevant MRI contrast for the prediction of the tumor
grade with SPHARM decomposition retrieved from tensor logistic
regression was delayed phase DCE-MRI as seen in Table 4. Based on
this, the diagnostic performance of radiomics and SPHARM was ana-
lyzed only on the delayed DCE phase (Table 5). SPHARM maintained
a higher performance compared to radiomics, which dropped down
to nearly random performance (validation AUC of 0.79 [95% CI: 0.62,
0.94] vs. 0.51 [95% CI: 0.36, 0.70]; P = 0.012). The ROC curve for per-
formance on the delayed phase of DCE-MRI and the corresponding
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Fig. 3. Representative segmented endometrial carcinoma on third-phase (120 s) dynamic contrast-enhanced magnetic resonance imaging (A) with precise manual contouring and
(B) with a spherical volume of interest, and on T2-weighted imaging (C) with precise manual contouring and (D) with a spherical volume of interest. Segmented contours are shown

inred.

TensorReg classification matrix are presented in Fig. 8. Additional dis-
cussion on these results is included in the Supplementary Materials.

3.3. Analyses with spherical volumes of interest

Applying the SPHARM model to spherical VOIs produced a perfor-
mance that was stable and robust, yielding similar AUC values across
training and validation sets for predicting both deep MI and high
grade (Table 6). By contrast, when radiomics was applied with the
full spherical VOIs, there was a substantial drop in performance
between training and validation AUC for both outcomes. Second,
while both SPHARM and radiomics resulted in decreased perfor-
mance for predicting deep MI when going from precisely segmented
to spherical VOIs (SPHARM: validation AUC of 0.94 [95% CI: 0.85,
1.00] vs. 0.80 [95% CI: 0.47, 0.97]; P =0.039; radiomics: validation AUC
of 0.92 [95% CI: 0.81, 0.98] vs. 0.69 [95% CI: 0.50, 0.77]; P = 0.022) the
decrease was much less pronounced for SPHARM than for radiomics.
Finally, while the validation AUC of radiomics for predicting high-
grade decreased to being essentially random when moving from pre-
cise to spherical VOIs (0.72 [95% CI: 0.58, 0.83] vs. 0.52 [95% CI: 0.34,
0.67]; P=0.028), the validation AUC of SPHARM increased not signifi-
cantly from 0.81 [95% CI: 0.64, 0.90] to 0.87 [95% CI: 0.76, 0.97]
(P=0.069).

Fig. 9 presents the ROC curves for diagnostic performance of
SPHARM descriptors on spherical VOIs and on precise VOIs, for the
case of the diagnostic model combining all MRI contrasts.

4. Discussion

This study introduces SPHARM-based diagnostic models for
assessing histopathological features of endometrial cancer on
mpMRI. However, the same methodology could have potential appli-
cations in many other cancer types.
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Our comparison point was a radiomics analysis that follows cur-
rent IBSI recommendations for reproducibility and robustness [9,10].
In addition to radiomics, recent years have seen a tremendous
increase in interest in convolutional neural networks (CNN), a type of
deep learning model specifically designed for image analysis [26].
However, applications of CNNs specifically to MRI of endometrial
cancer have been relatively scarce.

A recent CNN-based study reported an AUC of 0.78 and a balanced
accuracy (mean of sensitivity and specificity) of 77% for the detection
of deep myometrial invasion on T2-weighted MR images [27]. One
limitation of this study is that it is based on a single patient cohort
from a single institution [27]. This CNN model’s performance vali-
dated on data from a single institution is lower than our SPHARM
model’s performance validated on data from an independent institu-
tion, even when we used single MRI contrasts (ADC or second phase
DCE-MRI at 60 s), and also when we used spherical VOIs with all MRI
contrasts. In another single-center study, a CNN-based approach was
applied to 72 patients diagnosed with surgico-pathological stage I
endometrial carcinoma to classify them based on myometrial inva-
sion into stage IA or IB, achieving an accuracy of 79.2% [28]. Another
study used CNNs to distinguish cancerous from non-cancerous endo-
metrial lesions [29].

In the present work, we did not compare our results to a CNN
approach. However, the rotational invariance of our SPHARM signa-
ture and its sensitivity to frequency (as opposed to intensity) natu-
rally obviates the need for some data augmentation steps that would
have been required in a CNN-based approach. Unlike a CNN model,
our tensor logistic regression model based on SPHARM descriptors is
compact and interpretable, and does not require transfer learning or
data augmentation heuristics.

Compared to an IBSI-compliant radiomics pipeline, the SPHARM
method presents theoretical and practical advantages. First, since it
captures image frequency as opposed to intensity, it avoids several
preprocessing steps associated with radiomics, for instance signal
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Segmentation and spherical VOI expansion

Encoding into rotation-
invariant 2D SPHARM descriptor

i
2
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Encoding into full 3D
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Harmonic filter 3D image
visualization reconstruction

A

Lower - Higher
frequency frequency

Fig. 4. Schematic illustration of the spherical harmonic (SPHARM) decomposition workflow developed for unravelling histopathological phenotypes of endometrial carcinoma on
multiparametric magnetic resonance imaging (MRI). (A) After manual segmentation, the three-dimensional (3D) volume of interest is extracted as such, or is expanded to a 3D
sphere, both for SPHARM decomposition. Radially equidistant shells are used to sample the tumor region in spherical coordinates. Expansion of SPHARM coefficients is obtained for
each sampled shell to build either (B) a full 3D SPHARM descriptor which allows image reconstruction and harmonic filter visualization, or (C) as a two-dimensional (2D) rotation-
ally-invariant SPHARM descriptor for the purposes of predictive model building. (D) Individual coefficients in a SPHARM descriptor can be singled out based on their predictive
importance, and an associated harmonic filter can be visualized from the 3D SPHARM descriptor, or (E) the full descriptor can be used to reconstruct the original image via an
inverse transform from this compact representation with minimal image distortion. (F) The 2D SPHARM descriptors were used for classification of deep myometrial invasion and
high-grade status endometrial carcinoma on MRI after training a regularized logistic tensor regression classifier on the training set and applying it on the validation set. Continuous
risks for each endpoint were obtained by taking the inner scalar product of 2D SPHARM descriptors and the resulting 2D classification matrices.

Image acquisition Pre-processing Features extraction Reproducibility Features selection Classification
and segmentation analysis
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Mean
True | False Median . ICC, > 0.80
Variance

Gray level discretization § Shape . Uncorrelated

Random forests

p;(alb) P(alb)

s 6]
-
.

Voxel resampling Texture

P,.1(alb) pa(alb)

Discriminating

Random forests’ P(AB)

s 6 GLCM L Gini impurit
! GLSZM Nt impurii
GLRLM

MaX(bin_ width, voxel s\ze)(lccs)

Fig. 5. Radiomics pipeline developed for the classification of histopathological features of endometrial carcinoma on magnetic resonance imaging (MRI), as previously described
[10]. After manual segmentation of the tumor, radiomics features are extracted for different sets of preprocessing parameters and the set leading to the highest feature stability
under volume of interest variations is selected. Only preselected reproducible, uncorrelated and discriminating radiomics features across all MRI contrasts are included into the final
random forest classification. Random forest models are trained on the training set and diagnostic performance is reported on both training and validation sets. Figure adapted from
[10].

discretization in bins. Furthermore, typical radiomics pipelines terms of consistency of performance across training and validation
include a feature selection step prior to classification [30]. Such a step sets, SPHARM did at least as well or better than the IBSI-based radio-

may hinder reproducibility as it usually involves a choice of an arbi- mics pipeline in our experiments, despite the lack of strict prepro-
trary threshold on a selection criterion that ultimately decides which cessing, standardization and feature selection prior to classification.

features to include in the final model. Furthermore, this selection is The space-frequency decomposition in SPHARM allows for spatial
not accounted for in the uncertainty estimates of the final model. In localization of discriminative regions in a tumor to spherical shells
contrast, the proposed SPHARM method does not involve such a fea- with certain radii and/or to certain bands of angular frequencies. In

ture selection step. In terms of absolute performance, as well as in addition to being potentially informative about tumor biology and/or
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Table 3

Diagnostic and Interventional Imaging 104 (2023) 142—-152

Detailed diagnostic performance of radiomics and SPHARM pipelines for predicting deep myometrial invasion.

Deep myometrial invasion AUC Sensitivity (%) Specificity (%) Balanced accuracy (%) PPV (%) NPV (%) Pvalue (Validation)*
All MRI contrasts SPHARM, Training 0.94 (0.85,0.98) 82(68,93) 93(73,100) 88(77,94) 93(78,100) 82(64,92) 0.620
SPHARM, Validation 0.94 (0.85,1.00) 100 (100, 100) 74 (51,92) 87 (78, 98) 88(71,98) 100 (100, 100)
Radiomics, Training ~ 0.92 (0.82,0.95) 93 (82,98) 75 (62, 85) 82 (75,90) 74 (60,85) 94(82,98)
Radiomics, Validation 0.92(0.81,0.98) 82 (65, 93) 80(51,94) 81(70,91) 89(70,97) 72(55,91)
ADC maps only SPHARM, Training 0.91(0.81,0.97) 75(56,87) 93(77,100) 82(71,90) 93 (74,100) 74(56,87) 0.120
SPHARM, Validation 0.85 (0.71,0.94) 62 (43, 80) 93(70,100) 78 (62, 88) 94 (65, 100) 60 (41, 76)
Radiomics, Training  0.77 (0.63,0.88) 74 (61, 87) 72 (59, 86) 74 (61, 86) 67(63,71) 79(70,87)
Radiomics, Validation 0.76 (0.65,0.84) 92 (78,98) 52 (35,72) 74 (61, 84) 72 (58,84) 82(58,100)
Second phase DCE-MRI ~ SPHARM, Training 0.87 (0.77,0.94) 67 (51, 83) 90 (72,97) 79 (64, 86) 87(65,96) 71(54,84) 0.032
only SPHARM, Validation 0.86 (0.63,0.96) 95(73,100) 58(30, 86) 82 (65, 94) 81(63,96) 88(40,100)
Radiomics, Training  0.70 (0.54,0.82) 86(68,100) 55 (40,72) 71(60, 81) 60(54,64) 85(67,100)
Radiomics, Validation 0.68 (0.53,0.81) 70 (50, 82) 60 (40, 76) 65 (53,75) 70(53,82) 59(41,78)
MRI volumetry refer- Training 0.58 (0.44,0.71) 28(14,42) 93(79,100) 60 (44,67) 85(50,100) 58(35,62) 0.034
ence (T2WI) Validation 0.77 (0.60, 0.86) 59 (42, 75) 86 (76, 98) 73 (62, 81) 86 (66,96) 59(42,76)

Data in parentheses are bootstrapped 95% confidence intervals. * DeLong test comparing the ROC curve between SPHARM analysis and radiomics analysis performed in the valida-
tion set with the given MRI contrast(s). In the case of MRI volumetry, the DeLong test compares the ROC curve for SPHARM analysis on all MRI contrasts and MRI volumetry in the
validation set. AUC = Area under the receiver operating characteristic curve; PPV = Positive predictive value; NPV = Negative predictive value; MRI = Magnetic resonance imaging;
SPHARM = Spherical harmonics; ADC = Apparent diffusion coefficient; DCE-MRI = Dynamic contrast-enhanced magnetic resonance imaging; T2WI = T2-weighted imaging.

Table 4

Logistic regression coefficients obtained for each MRI contrast for identifying deep myometrial invasion and high grade
from TensorReg predictions on SPHARM decomposition of images.

Histological feature MRI sequence

Estimated logistic regression  Bootstrapped standard

coefficients deviation
Deep myometrial invasion ~ ADC 1.92 0.62
DWI 0.01 0.21
T2WI 047 0.29
Second-phase DCE-MRI 2.12 1.02
Third-phase DCE-MRI 0.75 0.35
Delayed-phase DCE-MRI  0.47 0.30
High grade ADC 1.25 0.32
DWI 0.01 0.04
T2WI 0.51 0.15
Second-phase DCE-MRI 0.71 0.19
Third-phase DCE-MRI 1.22 0.26
Delayed-phase DCE-MRI  2.03 0.93

ADC = Apparent diffusion coefficient; DCE = Dynamic contrast-enhanced; DWI = Diffusion-weighted imaging; MRI =

Magnetic resonance imaging; T2WI = T2-weighted imaging.
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Fig. 6. (A) Training and validation receiver operating characteristics (ROC) curves with area under receiver operating characteristics curve (AUC) values for predicting deep myome-
trial invasion with spherical harmonic (SPHARM) descriptors on apparent diffusion coefficient maps, and (B) classification matrix obtained by tensor logistic regression trained on

SPHARM descriptors.

radiological appearance properties, this localization may also be key
to understanding why spherical VOIs perform better at predicting
certain outcomes. In fact, a general understanding of the conditions
that ensure the success of spherical VOIs is important for the ability
to plan whether to invest time and efforts in precisely contouring the
validation data, or whether simple spherical VOIs might suffice. A rig-
orous answer to these important questions is beyond the scope of the
present study and will be the topic of a future work. However, we

present in the Supplementary Materials additional results to provide
some initial answers, and to suggest a roadmap for a more systematic
future investigation. These preliminary results indicate that indeed,
the space-frequency localization properties of the classification
matrix are important for understanding the performance of spherical
VOIs on our data.

The main limitation of the SPHARM method is that it can only
work with tumors larger than some minimum size, in order to ensure
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Fig. 7. (A) Training and validation receiver operating characteristics (ROC) curves with area under receiver operating characteristics curve (AUC) values for predicting deep myome-
trial invasion with spherical harmonic (SPHARM) descriptors on second-phase dynamic contrast-enhanced magnetic resonance imaging, and (B) classification matrix obtained by
tensor logistic regression.

Table 5
Detailed diagnostic performance of radiomics and SPHARM pipelines for predicting high-grade endometrial cancer.
High grade AUC Sensitivity (%)  Specificity (%) Balanced PPV (%) NPV (%) Pvalue
accuracy (%) (Validation)*
All MRI contrasts SPHARM, Training 0.89(0.76,0.96) 92 (74, 100) 82(67,92) 86 (75,92) 76 (59,90)  82(64,92) 0.044
SPHARM, Validation 0.81(0.64,0.90) 93 (67, 100) 63 (45, 79) 78 (64, 86) 58(37,86) 95(68,100)
Radiomics, Training 0.79(0.72,0.88)  90(76,97) 68 (56, 79) 76 (68, 86) 60(48,75) 94(83,98)
Radiomics, Validation ~ 0.72(0.58,0.83) 93 (65, 100) 55 (41, 69) 74 (52, 88) 41(25,58)  96(80, 100)
Delayed phase DCE-MRIonly ~ SPHARM, Training 0.77 (0.62,0.88) 91 (68, 100) 58 (45, 76) 74 (64, 84) 58(44,76)  91(70,100) 0.012
SPHARM, Validation 0.79 (0.62,0.94) 82 (55,100) 68 (54, 84) 75 (65, 86) 59(45,77) 89(66, 98)
Radiomics, Training 0.61(0.49,0.77)  58(40,74) 69 (58, 81) 64 (49,78) 47(33,64)  74(65,85)
Radiomics, Validation ~ 0.51(0.36,0.70)  31(10, 56) 79 (60, 97) 53(38,72) 43(14,80)  72(58,93)
MRI volumetry reference Training 0.57 (0.44,0.71) 67 (48, 82) 55(42,71) 61 (47,70) 47 (32,64) 73 (56, 87) 0.040
(T2WI) Validation 0.70(0.53,0.82)  67(43,87) 77 (63, 88) 72 (61,83) 53(30,75) 86(70,94)

Data in parentheses are bootstrapped 95% confidence intervals. * DeLong test comparing the ROC curve between SPHARM analysis and radiomics analysis performed in the valida-
tion set with the given MRI contrast(s). In the case of MRI volumetry, the DeLong test compared the ROC curve for SPHARM analysis on all MRI contrasts and MRI volumetry in the
validation set. ADC = Apparent diffusion coefficient; AUC = Area under the receiver operating characteristic curve; DCE-MRI = Dynamic contrast-enhanced magnetic resonance imag-
ing; MRI = Magnetic resonance imaging; NPV = Negative predictive value; PPV = Positive predictive value; SPHARM = Spherical harmonics; T2WI = T2-weighted imaging.
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Fig. 8. (A) Training and validation receiver operating characteristics (ROC) curves with area under receiver operating characteristics curve (AUC) values for differentiating low from
high grade endometrial cancer with spherical harmonic (SPHARM) descriptors on delayed-phase dynamic contrast-enhanced magnetic resonance imaging, and (B) classification
matrix obtained by tensor logistic regression.

a signal with a sufficient spatial extent needed to compute SPHARM been argued that a tumor diameter of 2.0 cm [31] or 2.8 cm [32] can
descriptors in a meaningful way. This minimum size, 2.5 cm in the be used as a threshold to predict presence or absence of deep MI.

present study, is larger than the tumor diameter threshold of 1 cm Based on this, one might have expected that exclusion of tumors
typically used in radiomics studies, for instance as in Lefebvre et al. with diameter <2.5 cm will remove nearly all tumors without deep
study [10]. Nevertheless, compared to the sample size used in Lefeb- MI, making the classification task unrealistically easy. This, however,

vre et al. study [10], only a relatively small number of additional is far from being true in our data. Following the exclusion of tumors
lesions had to be excluded in our study after increasing the minimum with diameter <2.5 cm, there are still nearly 50% of the tumors
tumor diameter from 1 cm to 2.5 cm. Furthermore, it has previously included in our training data and 38% of those included in the
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Table 6

Diagnostic and Interventional Imaging 104 (2023) 142—-152

Detailed diagnostic performance of SPHARM and radiomics pipelines for predicting deep myometrial invasion and high-grade status on multiparametric MRI in spherical tumor

volumes of interest.

AUC Sensitivity (%)  Specificity (%¥)  Balanced PPV (%) NPV (%) Pvalue
accuracy (%) (Validation)*
Deep myometrial invasion ~ SPHARM, Training 0.81(0.71,0.89) 77 (52, 93) 79(62,97) 79 (64, 86) 82 (64, 98) 69(51,84) 0.038
All MRI contrasts SPHARM, Validation 0.80(0.47,0.97) 81(55,94) 73 (45, 100) 78 (62,91) 86 (58,100) 65 (38,90)
Radiomics, Training 0.82(0.72,0.89)  84(72,93) 63 (48, 78) 75 (64, 81) 71 (58, 80) 80 (66,91)
Radiomics, Validation ~ 0.69 (0.50,0.77)  77(58,92) 45 (33, 65) 63 (50, 77) 42 (25,58) 84 (63,94)
High grade SPHARM, Training 0.91(0.86,0.96)  82(66,97) 92 (81,100) 88 (76, 96) 94(74,100) 72(56,86)  <0.001
All MRI contrasts SPHARM, Validation 0.87(0.76,0.97)  72(56,94) 99 (82, 100) 85 (70, 99) 81(55,100) 78(58, 89)
Radiomics, Training 0.62(0.49,0.73)  88(72,97) 41(31,53) 58 (35, 68) 44(32,56) 87(70,97)
Radiomics, Validation ~ 0.52(0.34,0.67)  80(55, 100) 38(26,53) 48(35,61) 29 (15, 46) 85 (66, 96)

AUC = Area under the receiver operating characteristic curve; MRI = Magnetic resonance imaging; NPV = Negative predictive value; PPV = Positive predictive value; SPHARM = Spherical
harmonics. *DeLong test comparing the ROC curve between SPHARM analysis and radiomics analysis performed in the validation set with the given MRI contrast(s).
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Fig. 9. Training and validation receiver operating characteristic curves for diagnostic models based on spherical harmonic (SPHARM) descriptors combining all magnetic resonance
imaging sequences for predicting deep myometrial invasion from precise manual segmentations (A), for predicting high-grade endometrial cancer from precise manual segmenta-
tions (B), for predicting deep myometrial invasion from spherical volumes of interest (C), and for predicting high-grade endometrial cancer from spherical volumes of interest (D).

validation set that are without deep MI. Furthermore, as an additional
indication that excluding the smallest tumors is not easing the pre-
diction task, we extracted the volume of the remaining tumors and
computed its diagnostic performance, achieving poor results in clas-
sifying both histopathological features. Another limitation stems
from machine learning considerations. In machine learning, predic-
tive models are trained on one set, usually split in two for training
and validation, the latter being used for parameter tuning and assess-
ment of the model’s training, prior to applying it to test data. A sepa-
rate and independent set is reserved for testing the model’s
performance in an unbiased manner. Here, we used our entire first
set for training, and the second independent set for validation and for
tuning a single parameter (i.e., the logistic regression regularization
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parameter ). As such, our results do not present a true independent
testing of the model. This important step will be carried out in future
work with a third independent cohort. We chose this strategy due to
the small size of our training set, which makes splitting it difficult.
Furthermore, while regularization parameter tuning is common in
logistic regression, this is the first time that SPHARM descriptors and
the TensorReg classification model are used for image-based tumor
assessment. In this context, no prior knowledge exists on how to set
the regularization parameter. Therefore, we wanted to ensure param-
eter tuning happened in an unbiased manner on an independent set.
This strategy has the potential of reducing overfitting when the
model is applied to other independent test sets. Finally, our current
results are still informative about model performance across
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independent sets, given optimal regularization settings. Finally, an
apparent limitation may stem from the relatively small size of our
sample. However, our sample size is similar to (or larger than) that of
other radiomics or volumetry studies on histopathological outcomes
in endometrial cancer [3—7]. Furthermore, we remind the reader that
our two datasets come from two independent institutions in two dif-
ferent countries, and were acquired on scanners from two different
manufacturers. Despite this, and despite the relatively small size of
our training set, the algorithms and especially the SPHARM method
performed robustly across these two sets.

In conclusion, we report a method for quantitative image analysis
based on spherical harmonics and applied it for the first time to pre-
dict histopathological outcomes in cancer MRI. This method does not
require extensive image preprocessing and standardization as in
radiomics approaches. Furthermore, it allows for localization in a
space/frequency domain of the most discriminative model compo-
nents. Finally, this method does not appear to rely as much on precise
tumor segmentations as radiomics. While the training set needs to be
precisely segmented, once the trained model is available, it might be
possible to apply it to new data that only has spherical segmenta-
tions. This has the potential of considerably simplifying and reducing
the radiologist’s and radiation oncologist’s workload when employ-
ing machine learning techniques and quantitative imaging descrip-
tors for enhanced clinical decision making.
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