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Abstract

Objectives: To determine the most repeatable anatomical plane for placental segmentation and investigate any correla-
tion between gestational age (GA) and texture and shape features of healthy placenta, placenta previa (PP) and placenta
accreta spectrum (PAS).

Methods: T2 MRIs from 190 women with PP, PAS and healthy placenta were collected from a single center. Intra- and
inter-observer studies were conducted by 3 operators, each manually segmenting 3 times in the sagittal, coronal, and ax-
ial planes. Two thousand five hundred and twenty-five texture and shape features were extracted from each MRI using
PyRadiomics, and their correlation with GA determined using Spearman’s correlation coefficient (p).

Results: For the segmentation study, 3 healthy and 3 PAS pregnancies were investigated. The sagittal plane exhibited the
highest median dice coefficient (DC) in the intra-observer study for PAS (0.915) and inter-observer study for healthy
(0.907) and PAS (0.891). For correlation with GA, 46 healthy, 49 PAS, and 57 PP MRIs were utilized. Texture features like
grey level non-uniformity exhibited strong correlations with GA in the healthy group (p = 0.81, P <.001), but only moderate
correlations in the PP (p = 0.58, P <.001) and PAS (p = 0.52, P <.001) groups.

Conclusion: The sagittal plane was the most repeatable anatomical plane for manually segmenting healthy placenta and
PAS. Texture features describing heterogeneity were correlated with GA, particularly in healthy placenta.

Advances in knowledge: Texture and shape features captured the increase in heterogeneity seen throughout gestation on
placental MRI, indicating a need to consider GA when investigating textural differences in healthy placentas, PP, and PAS.

Key words placenta, placenta accreta spectrum, MRI, segmentation, gestational age, texture analysis

4,14

Introduction

Placenta accreta spectrum (PAS) is the incorrect attachment of
the placenta to the uterine wall, often leading to a post-partum
hemorrhage (PPH).* Its incidence has increased 10-fold in the
last 4 decades, owing to the increasing rates of cesarean deliv-
ery and maternal age.>® In many NHS hospitals, diagnosis
involves MRI indications such as dark intraplacental bands.” In
literature, this has demonstrated good sensitivity (0.83-0.89)
and specificity (0.83-0.88)%*°; however, clinically, only 30%-
66% of PAS pregnancies are diagnosed before birth '3
Furthermore, approximately 50% of PAS mothers also exhibit
placenta previa (PP), where the placenta partially or completely

covers the cervix (without abnormal placental attachment).
It is important to accurately distinguish healthy placenta, PP
(without PAS) and PAS, as the conditions have different risks
and require different management strategies.

Texture analysis is the quantification of the pattern of grey
values on an MRI.®*>!® |t has been utilized to quantify MRI indi-
cations of PAS, with areas under the receiver operating charac-
teristic curve (AUCs) of 0.64-0.82 reported for classification of
PAS and healthy placentas using MRI-derived texture fea-
tures.'*1"18 However, there has been no investigation of the
optimal anatomical plane for manual placental segmentation
with regards to segmentation repeatability, which acts as a cru-
cial benchmark for follow-up quantitative analyses. Ren et al?
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demonstrated that texture features derived from the coronal
and sagittal planes achieved the highest AUCs (0.85-0.97) for
classifying PAS. In contrast, Do et al'® reported AUCs of 0.79 and
0.72 in the axial and sagittal planes for the prediction of PPH.
Neither study reported segmentation repeatability.

Few studies have investigated the effect of gestational age
(GA) on texture and shape features of the placenta, even though
the placenta is known to adapt to accommodate the growing fe-
tus, increasing in volume and heterogeneity throughout preg-
nancy.™>* Chen et al** are the only authors to establish
associations with GA in PAS; however, they investigated less
commonly utilized texture features, such as histogram oriented
gradients, making results hard to compare. Andescavage et al*?
and Sun et al*® studied correlation of texture features with GA in
healthy and PP cohorts respectively. Both studies reported grey
level non-uniformity (GLNU) and run length non-uniformity to
be significantly associated with GA. On the other hand, a third
study by Do et al,"> demonstrated that correlation and entropy
were significantly correlated with GA in healthy placentas, con-
tradicting Sun et al.?® It is worth noting that all 3 studies investi-
gated different numbers of features (6, 13, and 624 respectively)
calculated using different software (in-house MATLAB pipeline,
PyRadiomics, and pyOsirix, respectively), which may explain the
discrepancies in their results.

To date, there is no definitive consensus on the most repeatable
anatomical plane for placental segmentation in MRI. It is also chal-
lenging to quantify the change in texture and shape features
throughout gestation and compare these changes across healthy
placentas, PP, and PAS, based on the scarce literature. Therefore,
the aims of this study are to: (1) determine the most repeatable ana-
tomical plane for manual whole placental segmentation of healthy
placenta and PAS and (2) investigate potential correlation between
GA and texture and shape features extracted from healthy placenta,
PP and PAS MRI using PyRadiomics, a publicly available software
with full documentation developed in line with the Imaging
Biomarker Standardization Initiative.**

Methods

Patients

MRIs from healthy volunteers were collected from a previous re-
search project. Exclusion criteria were placental anomalies (fetal
growth restriction (FGR), small for GA, twin-to-twin transfusion
syndrome), PAS indications on MRI or during birth and PP. Sixty-
three patients (65 pregnancies; 2 patients had multiple pregnan-
cies) were recruited and had MRIs in the second and third
trimesters. In eighteen pregnancies, there were 2 MRIs and in 1
pregnancy there were 3 MRIs.

MRIs from PAS suspected patients were collected from clinical di-
agnosis; these were split into 2 groups: PAS and PP. Inclusion criteria
for PAS was routine histological assessment at an NHS hospital veri-
fying the presence of PAS and its subtype (accreta, increta, or per-
creta). Inclusion criteria for PP was imaging demonstrating the
placenta covering or within 2cm of the internal os and a complete
placenta at delivery. A total of 123 participants were recruited; 4 par-
ticipants had 2 MRIs during the same pregnancy.

MRI protocol

All placental MRIs were obtained on 1.5T scanners (Siemens
Advent or Siemens Aera, Siemens Healthcare). The same proto-
col was used, which included sagittal, axial, and coronal T2 sin-
gle shot fast spin echo scans (TE = 90 ms, TR = 1000 ms). Healthy
MRIs had an in-plane resolution of 1.5-1.8 mm and a slice thick-
ness of 4-4.5 mm; PAS suspected MRIs exhibited an in-plane res-
olution of 0.5-1.8mm and a slice thickness of 3-9 mm. The
variations in image resolution and slice thickness are a result of
scanner adaptation to patient body habitus and placental vol-
ume, the latter of which is higher in PP and PAS, pointing to the
higher variations seen in these MRIs compared with the healthy
cases. Since these were clinical scans to a set proforma there
will inevitably be heterogeneity in the image dimensions due to
scanner and patient variables.

Segmentation

A conservative segmentation guideline was used:

1) The whole placenta was segmented.

2) The placental boundary was avoided.

3) If available, a sagittal diffusion-weighted imaging MRI was
utilized to ascertain placental shape.

4) Slices with <1000 mm? (ellipsoid area) of placenta were
not segmented.

5) Slices with no defined placental boundary were not segmented.

Figure 1 illustrates representative segmentations in each ana-
tomical plane. Segmentation was conducted in ITK-Snap (version
4.0.2) by 3 operators and reviewed by a Consultant Radiologist
with >20 years’ experience in placenta-fetal MRI diagnosis.

Texture and shape analysis

Texture and shape features were extracted from each MRI using
PyRadiomics (version 3.0.1).?> Pre-processing included normaliza-
tion and image filtering with the wavelet, exponential, local bi-
nary pattern 3D (LBP3D), and Laplacian of Gaussian methods,
chosen as visual examination identified that they highlighted pla-
cental texture. A total of 93 texture features were extracted in 2D
and 3D for the original, wavelet, exponential and Laplacian of
Gaussian images, but only in 3D for the LBP3D images. Fourteen
shape features were extracted in 3D from the original MRI.
Specific parameters and feature classes are shown in Table 1.

Intra- and inter-observer
segmentation study

Segmentation repeatability was investigated with 3 PAS (1 of
each subtype: accreta, increta, and percreta) and 3 healthy pla-
centas. PP were not used in the segmentation study due to their
similar morphology to PAS. For each placenta, the sagittal, axial
and coronal MRIs were segmented 3 times by 3 independent
operators (I-lll) who were provided with the segmentation
guideline; segmentations were not reviewed by the Consultant
Radiologist for this study. As far as the authors are aware, this
segmentation study used more repeats per operator and more
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Figure 1 T2 MRI of the placenta of a healthy subject (32 weeks) in the (A) sagittal, (B) coronal, and (C) axial anatomical planes. The segmented

placenta is highlighted in red.

Table 1 Input parameters for pre-processing, image filtering, feature classes, and the extraction types used in PyRadiomics.?

Process

Input parameters

Pre-processing
Normalization

Wavelet

“NormalizeScale” of 100, bin count of 128 following methodology in
Kocak et a
“level” 1, “start_level” 0, and “wavelet” types were “biorl.1,

126 127

and Duron et a

” « ”

coifl,

“dmey,” and “sym2”; outputs LL/LLL and LH/LLH.

Exponential n/a
Local binary pattern 3D (LBP3D)

“lbp3DLevels” 2, “lbp3DIcosphereRadius” 1, and

“lbp3DIcosphereSubdivision” 2; m1, m2, and k outputs.

Laplacian of Gaussian
Feature Classes

“Sigma” of 1 and 2.

First order “VoxelArrayShift” of 300.
Grey level co-occurrence matrix (GLCM) n/a
Grey level run length matrix (GLRLM) n/a
Grey level size zone matrix (GLSZM) n/a
Neighboring grey tone difference matrix (NGTDM) n/a
Grey level dependence matrix (GLDM) n/a
Feature extraction
2D “force2D” True, “force2Ddimension” of 0.
3D “force2D” False.

Filters and their specific parameters were chosen as visual examination identified that they highlighted placental texture. All other parameters in

PyRadiomics were set to default values.

operators than previous literature, which has mainly investi-
gated 1 repeat with only 2 other operators.>?*3°

The dice coefficient (DC) and Hausdorff distance (HD) were
used to determine repeatability of segmented volumes,"*? us-
ing 3D Slicer (version 5.6.0). The 95th centile HD was used to ex-
clude outliers, as segmented volumes often exhibit protruding
edges. The intraclass correlation coefficient (ICC) (2-way mixed
single measure), was used to determine the repeatability of tex-
ture and shape features derived from each segmentation.

For the intra-observer study, the DC, HD, and ICC were calcu-
lated by comparing the segmentation from operator | in each
anatomical plane. For the inter-observer study, this was ex-
tended to include the repeats from operators Il and Il
Normality was evaluated using the Anderson Darling and
Shapiro-Wilk test; Kruskal-Wallis and Dunn’s tests were used to
determine any significant differences in DC, HD, and ICC be-
tween the anatomical planes for healthy and PAS.

Correlation with GA

PAS, PP, and healthy sagittal MRIs were used to investigate the
correlation, following the segmentation study outcome. For
cases with more than 1 MRI in pregnancy (longitudinal data),
only 1 MRI was used for the correlation analysis, to avoid intro-
ducing any bias into the statistics. Features with an ICC < 0.75
from the segmentation study were excluded; feature normality
was evaluated using the Anderson Darling and Shapiro-Wilk
test. Absolute Spearman’s correlation coefficient (p) was used to
determine any monotonic relationship between each feature
and GA (strong: p > 0.7, moderate: 0.4 < p < 0.7, and weak: p <
0.4). A permutation test was performed to indicate the signifi-
cance of the correlation. Linear and polynomial regressions (de-
gree = 2) were conducted with the ordinary least squares
method. Analysis was executed in Python (version 3.11.5), with
P < .05 for significance.
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Results

Patient characteristics

Patient characteristics and MRI information for the segmenta-
tion study are shown in Table 2. A range of image resolutions
were chosen such that segmentation results would represent
clinical MRIs with different image dimensions. The selection of
healthy, PAS, and PP placentas for the correlation study is
shown in Figure 2. The final number of pregnancies included for
healthy, PAS, and PP was 46, 49, and 57, respectively. Patient
characteristics can be found in Table 3.

Intra-observer segmentation study

For healthy placentas, the coronal plane exhibited the highest median
DC (0.935) and lowest median HD (4.0 mm), closely followed by the
sagittal plane (0.925 and 4.2 mm) (Figure 3A and B). The axial plane
had the lowest median DC (0.918) and highest median HD (6.0 mm),
along with the largest interquartile range (IQR) for both metrics.

For PAS cases, the sagittal plane exhibited the highest median DC
(0.915), although there was little difference between the 3 anatomi-
cal planes. The sagittal plane exhibited the lowest median HD
(4.5 mm), followed by the axial (5.1 mm) and coronal (6.0 mm). The
PAS cases demonstrated worse median and IQR of the DC and HD in
the sagittal and coronal planes than the healthy cases.

All anatomical planes exhibited a similar percentage of tex-
ture and shape features with ICC > 0.750 (Table 4). Despite simi-
lar median ICCs, there was a significant difference between each
anatomical plane (P < .001).

Inter-observer segmentation study

The sagittal plane exhibited the highest median DC (healthy:
0.907, PAS: 0.891) and lowest median HD (healthy: 4.62 mm,
PAS: 6.25mm), along with the smallest IQR for both metrics
(Figure 3C and D).

The sagittal and axial planes exhibited similarly high ICC
(Table 4). There was a statistically significant difference in the

Table 2 Patient characteristics and image information for the segmentation study.

Patient Condition Maternal age (years) Gestational age (weeks) In-plane image resolution (mm)

Slice thickness (mm)

Sag Cor Ax Sag Cor Ax
1 Healthy 30 22 1.5 1.5 1.5 4 4 4
2 Healthy 32 32 1.5 1.5 1.5 4 4 4
3 Healthy 42 36 1.5 1.5 1.5 4.5 4 4
4 Accreta 35 32 1.5 1.5 1.5 4 4 4
5 Increta 23 35 0.7 0.7 0.7 3.3 3 3
6 Percreta 33 32 1.5 1.5 1.5 4 4 4.5

Abbreviations: ax = axial, cor = coronal, sag = sagittal.

A 65 healthy pregnancies (85 MRIs), B
recruited for a research investigation

Exclusions: ,
- PP (n=1) !
- TTTS (n=1) 1
- SGA (n=3) :
- FGR (n=11) 1
- Incomplete clinical .

data (n=1) !

I 48 healthy pregnancies (68 MRIs)

fmmmmm \
! Data inconsistencies: !

! - No sagittal MRI (n=2) i

(n=3)

(n=2)

I 46 healthy pregnancies (66 MRIs) I

123 PAS suspected pregnancies (127 MRIs),
recruited clinically

I Exclusions:

1 - Unconfirmed
—»! pathology (n=3)

1 - Twin (n=2)

| I

54 PAS confirmed 64 PP confirmed
pregnancies (57 MRIs) pregnancies (65 MRIs)

Data inconsistencies:
- No sagittal MRI

- Poor quality MRI

i | Data inconsistencies:

: I - No sagittal MRI

—»  (n=4)

- Poor quality MRI
(n=3)

A A 4

49 PAS confirmed pregnancies (10
accreta, 11 increta & 28 percreta; 52 MRIs)

57 PP confirmed
pregnancies (58 MRIs)

Figure 2 Flowchart of the exclusion criteria for (A) healthy and (B) PAS suspected participants. Abbreviations: FGR, fetal growth restriction; n,
indicates the number of pregnancies excluded; PAS, placenta accreta spectrum; PP, placenta previa; SGA, small for gestational age; TTTS, twin-to-

twin transfusion syndrome.
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Table 3 Demographic characteristics of the final participant groups.”

Characteristic®

Healthy group (m=46, n=66)

PAS group (m=49, n=52)

PP group (m=57, n=58)

Gestational age (weeks)
Maternal age (years)
Number of scans
Parity
Race and ethnicity
White British
White Other
Chinese
Iran-German
Czechia (Slovakia)
Iranian
Pakistani
Bangladeshi
African
Asian
Mixed other
Not reported
Maternal weight (kg)
Percentage of cases of PP minor (%)
Percentage of cases with PP major (%)

27+5.2 (19-38)
33+4.7 (22-42)
1.4+0.54 (0-3)

0.82+0.94 (0-5)

N
[}

O OO OO KK KFEKFEN

15

74+16 (54-123)
0

0

30+3.8 (20-38)
33+5.0 (21-43)
1.14£0.2 (1-2)
2.1+12(1-7)

N
w

N WWkRFRRFROOOON

14
79+18 (47-139)
2

88

31+3.4 (21-37)
33+4.3 (22-42)
1.0£0.1 (1-2)
1.7+1.2 (0-7)

N
o

O O N O U1 OO OO W

27
75+12 (43-105)
37
63

1 healthy, 1 PAS, and 1 PP pregnancies were missing maternal age; 8 healthy, 5 PAS, and 15 PP pregnancies were missing parity.
PInformation is reported as mean + SD (range) to 2 significant figures. m indicates number of pregnancies and n indicates number of MRIs.

1.00 16 :
I Control
g4 m PAS
0.95 '
i === En )
s B ¢
Ft (9]
S 0.90 c10
& ) .
7] ¢ LI )
S [a)
BERERE ) Sh
L o '
2 P o
0.80 2
. £ .
0.75 Sagittal Axial Coronal 0 Sagittal Axial Coronal
Anatomical Planes Anatomical Planes
30 -
1.0 " = »
= €25 5 5
e 0.9 é $
o ; g20 T
& ; & 4
5 0.8 - %15 .
8 ! a ' :
[0] "
Yo7 % 10 i H
= 2
g s
0.6 T
Sagittal Axial Coronal 9 Sagittal Axial Coronal

Anatomical Planes

Anatomical Planes

Figure 3 Intra-observer (A, B) and inter-observer (C, D) segmentation study; DC (A, C) and 95th centile HD (B, D) for each anatomical plane and each
participant group (healthy in green, PAS in blue). N=9 for each box in the intra-observer study and n=27 for each box in the inter-observer study.
*P <.05 and **P < .001 for statistically significant difference between groups. Abbreviations: DC, dice coefficient; HD, Hausdorff distance.

920z Jequisydes og¢ uo 3senb Aq 19//9/8/v616ebyila/c60 L 01/10p/8[0ne-80UBAPE/I[g/WO0 dNO"OlWepEE. WOl Papeojumod



BJR, 2026, Vol, 00, Issue 00

median ICC between all anatomical planes (P <.001 for sagittal
and coronal, and axial and coronal; P < .05 for axial and sagittal).

Correlation with GA

A total of 2525 features were extracted from each MRI. Only 29
were parametric, so for consistency all were treated as
non-parametric. Due to ICC < 0.750 reported in the segmenta-
tion study, 532 features were excluded.

Twelve texture and 4 shape features displayed a strong and
significant correlation with GA (p > 0.70, P <.001) in the healthy
group (Table 5). However, no texture or shape features exhibited
a strong correlation (p > 0.70) in the PAS or PP groups. Sixty-
four texture and 7 shape features showed a moderate

correlation (p > 0.40, P<.01) in the PP group, and 70 texture
and 7 shape features showed a moderate correlation (p > 0.40,
P<.01) in the PAS group. Some of these features were also
strongly correlated in the healthy group (eg, busyness, strength
and coarseness; Table 5). Most (80%) features which displayed p
> 0.40 in the PP and PAS groups, also displayed p > 0.40 in the
healthy group.

Many of the texture features with a strong p in the healthy
group highlighted non-uniformities of the placenta (Table 5).
Grey level non-uniformity derived from the same LBP3D filter is
plotted against GA in Figure 4 for the healthy, PP, and PAS
groups. For healthy subjects, GLNU increased with GA (p = 0.81,
P <.001), highlighted by the reasonable linear regression (R* =
0.58). This increase is further confirmed in Figure 4B, which

Table 4 Intraclass correlation coefficient for the intra- and inter-observer studies.?

Anatomical Plane Intra-observer

Inter-observer

Median ICC Percentage ICC > 0.75 (%) Median ICC Percentage ICC > 0.75 (%)
Sagittal 0.98+0.07 94 0.97+0.12 87
Axial 0.99+0.04 99 0.96+0.10 93
Coronal 0.98+0.05 95 0.94+0.15 81

Abbreviation: ICC =intraclass correlation coefficient.

#Median ICC (tinterquartile range) and the percentage of texture and shape features with an ICC > 0.75 are included.

Table 5 Texture and shape features with the highest Spearman’s correlation coefficients (p) in the healthy, PP, and PAS groups.?

Feature Highest associated p

Number of image filters where p > 0.7 (healthy)
orp > 0.4 (PP/PAS)

Healthy PP PAS Healthy PP PAS

Features with the highest correlation coefficients in the healthy group

Texture Strength -0.79*** —0.58*** —-0.53*** 2 22 17
GLNU 0.81*** 0.58*** 0.52*** 18 80 7
RLNU 0.74*** 0.50*** 0.50*** 24 25 24
SZNU 0.75*** 0.50*** 0.50** 18 22 16
Coarseness —0.72*** 0.57*** -0.52** 13 25 21
DNU 0.76*** 0.55*** 0.51*** 21 27 27
Busyness 0.75*** 0.67*** 0.55*** 3 22 25
LALGLE 0.76*** 0.53*** 0.48*** 1 5 4

Shape Surface Area 0.79*** 0.43*** 0.56*** n/a n/a n/a
Minor axis length 0.75*** 0.40** 0.52*** n/a n/a n/a
Voxel volume 0.74*** 0.46*** 0.46** n/a n/a n/a
Mesh volume 0.74*** 0.46*** 0.46** n/a n/a n/a

Features with the highest correlation coefficients in the PP or PAS groups

Texture Busyness 0.75*** 0.67*** 0.55*** 3 22 25
HGLRE -0.61*** -0.61*** —0.54*** n/a 4 2
Cluster shade —0.65*** —0.44** 0.65*** n/a 1 11
Skewness —0.44** 0.39** 0.69*** n/a n/a 11

Shape Major axis length 0.56*** 0.43** 0.57*** n/a n/a n/a
Surface area 0.79*** 0.43** 0.56*** n/a n/a n/a

‘P<.05. "P<.01. "P<.001L

Abbreviations : DNU =dependence non-uniformity; GLNU=grey level non-uniformity; HGLRE=high grey level run emphasis; LALGLE =large area low grey level
emphasis; RLNU =run length non-uniformity; SZNU =size zone non-uniformity; p = absolute Spearman’s correlation coefficient.

2The table shows the highest p displayed by each feature across different image filters for each group (columns 3-5). Positive/negative indicates increasing/
decreasing with GA. In addition, the number of times this feature exhibited a strong correlation (p > 0.7) in the healthy cohort or moderate correlation (p >

0.4) in the PP/PAS cohort across different image filters (columns 6-8).
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shows 19 healthy cases with 2/3 MRIs during pregnancy with
varying slope for different individuals. These changes are
highlighted visually on MRIs in Figure 5. The PP and PAS groups
also exhibited an increase in GLNU with GA (Figure 4), with
much larger absolute values and steeper slopes but weaker cor-
relations and poorer linear regressions (PP: p = 0.52, R* = 0.10,
P < .001; PAS: p = 0.52, R*=0.23, P < .001).

In the PP group, busyness exhibited the highest correlation
coefficient (p = 0.67, P <.001). Busyness was strongly correlated
in the healthy group (p = 0.75, P<.001) and moderately corre-
lated in the PAS group (p = 0.55, P<.001; Table 5). In the PAS
group, skewness exhibited the highest correlation coefficient,
demonstrating a moderate to strong correlation with GA (p =
0.69, P<.001). In contrast, skewness displayed a moderate and
weak correlation in the healthy and PP groups (p = 0.44 and
0.39, respectively, P < .01 for both).

Surface area exhibited a strong and moderate correlation in
the healthy and PAS groups (p = 0.79 and 0.56, respectively,
P<.001 for both) (Figure 6). In addition, most PAS and some
PP cases exhibited a larger surface area than healthy placentas

A

1000{ P = 0.81 ¢
R? = 0.58
y=30x-447

800
>
2 600
-
)
400
e
200

e Healthy

20.0 22.5 25.0 27.5 30.0 32.5 35.0 37.5
Gestational Age (weeks)

7000 p = 0.52

R? =0.10
5000
4000

3000

GLNU

2000

1000

22 24 26 28 30 32 34 36
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at the same GA; this is highlighted visually in Figure 5. In the
PP group, mesh and voxel volume exhibited the highest corela-
tion coefficient amongst other shape features (p = 0.46, P <.001);
mesh and voxel volume exhibited a strong and moderate correla-
tion in the healthy and PAS group (healthy: p = 0.74, P <.001; PAS:
p=0.46, P< .01).

The magnitude of the correlation coefficient of the texture
features extracted in 3D for the healthy group is displayed for
each image filter in Figure 7. Some features were strongly corre-
lated with GA across many filters, eg, energy and total energy
(first order) and GLNU (GLRLM, GLSZM, and GLDM). The same
trend was also exhibited for 2D extraction but is not shown here.

Discussion

We investigated the repeatability of 3 anatomical planes for
manual placental segmentation and the correlation of texture
and shape features with GA. The sagittal plane exhibited the
best overall DC, HD, and ICC, as it was the easiest anatomical

plane to delineate the placental-fetal and placental-
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Figure 4 Grey level non-uniformity across gestation for the healthy (A, B), PP (C), and PAS (D) participants. (A, C, D) Changes across gestation with
1MRI per pregnancy, with a linear regression line (black) and 95% Cls (grey shaded area); linear regression was chosen over polynomial regression
due to the better R%. (B) Changes across longitudinal scans at different time points, with each participant shown as a different color. (D) PAS

subtypes are shown as accreta in pink, increta in green, and percreta in blue. For consistency, GLNU was derived from the GLSZM in a 3D manner

using the LBP3D filter (kurtosis output) for all groups.
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Figure 5 T2 MRIs of (A, B) healthy, (C, D) PP, and (E, F) PAS placentas. (A, B) the same healthy placenta at 21 weeks (A) and 30 weeks (B) gestation
showing increased heterogeneity within its structure toward later stage of pregnancy. This individual is represented by the dark grey line in the
longitudinal scan plots in Figures 4 and 6. (C, D) Two different placentas with PP at 21 weeks (C) and 30 weeks (D), both with PP major. Both
placentas appear larger than the healthy placentas and display a slight increase in heterogeneity toward later gestation. (E, F) Two different
placentas with PAS (percreta with PP major) at 23 weeks (E) and 32 weeks (F). The presence of PAS can be seen, along with the larger size of the
placenta. All MRIs have an in-plane image resolution of approximately 1.5 mm, and a slice thickness of approximately 4 mm.

endometrium boundaries. The axial plane contained thinner
regions of placenta (Figure 1), leading to more data loss. In the
coronal plane, the placenta was more frequently obstructed by
maternal and fetal tissues, resulting in volume averaging
(Figure 1).

Texture features with a strong correlation with GA in healthy
placentas were indicators of non-uniformities, heterogeneity,
and grey value magnitude. For example, GLNU indicates the

variability of grey values.”® Through gestation, the placenta
becomes more vascular to increase the oxygen and nutrient
supply to the growing fetus. In addition, maturation of the pla-
centa’s functional units involves increased fibrin deposition and
calcification, which can contribute to a more granulated appear-
ance (Figure 5).*>?° For PP and PAS, texture features exhibited
weak to moderate correlations with GA, indicating that abnor-
malities associated with PAS and PP may mimic changes of GA
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Figure 6 Surface area (cm?) across gestational age for the healthy (A, B), PP (C), and PAS (D) participants. (A, C, D) Changes across gestation with
1MRI per pregnancy, with a polynomial or linear regression line (black) and 95% Cls (grey shaded area); the regression type with the highest R* was
chosen for each group. (B) Changes across longitudinal scans at different time points, with each participant shown as a different color. (D) PAS
subtypes are shown as accreta in pink, increta in green, and percreta in blue.

and occur earlier in pregnancy. Skewness exhibited the highest
correlation coefficient in the PAS group, with a higher correla-
tion coefficient than the healthy and PP groups, indicating that
later in gestation more grey values exhibited a lower signal in-
tensity on PAS MRIs, which was not as prominent on healthy
and PP MRIs (ie, darker on MRI; Figure 5).% This is in agreement
with PAS being associated with abnormal placental vascularity
and exhibiting indications such as dark intraplacental bands on
T2 MRI (Figure 5).2*"2133 Bysyness exhibited the highest corre-
lation coefficient in the PP group, indicating that later in GA
there were increasingly rapid intensity changes be-
tween voxels.?

Regarding shape features, healthy placentas exhibited a
strong correlation with surface area and volume, highlighting
the increase in size of the placenta. The PP group exhibited the
lowest correlation coefficients associated with shape features,
compared with the healthy and PAS groups, indicating that the
PP group showed the least amount of placental shape variations
across GA. In the PAS group, surface area exhibited a weaker
correlation (0.56) than healthy (0.79). However, PAS generally

exhibited a larger surface area than healthy placentas (Figures 5
and 6), implying that shape changes occurring because of PAS
may have started early in pregnancy and continued with in-
creasing GA.

We reported a median DC for the intra- and inter-observer
studies in line with previous literature (0.82-0.98 and 0.79-0.995,
respectively) which investigated healthy, PAS and FGR pla-
centas.’?®?° The median ICC is slightly higher than those
reported in the literature (0.86 and 0.878-0.95, respectively, for
intra- and inter-observer studies).3%343°

The significant increase in GLNU and run length non-
uniformity throughout gestation in healthy placenta (Table 5)
concurs with Andescavage et al,"®*? although our study found
values lower than the 10th centiles reported in Andescavage et
al,?? particularly earlier in gestation. Our findings are further
supported by Sun et al,”® who reported that GLNU, run length
non-uniformity, dependence non-uniformity, and coarseness
were significantly affected by GA in PP. Sun et al**> modeled the
effect of GA with linear drift, but the R? values reported here in-
dicate this method may require further refinement, particularly
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for PP and PAS groups. In contrast to Do et al,*® this study did
not find significant correlations between GA and sum of squares
or sum entropy in the healthy group.

Concerning shape features, both our study and previous liter-
ature have shown a significant correlation between placental
volume and GA in healthy placenta, with Do et al*® reporting a
lower correlation coefficient (p = 0.62) compared to the current
study (p = 0.74). Similar to texture features, 54% of placental vol-
umes in the current study were below the 10th centiles reported
in Andescavage et al.?? In addition, Andescavage et al** described
a significant increase in elongation, which was not found in the
current study (p = 0.25, P>.05). This could be attributed to nu-
merous factors including sample size, different anatomical planes
used for segmentation and the conservative segmentation ap-
proach used in this study resulting in a lower overall placen-
tal volume.

This study has several limitations. Firstly, the spread of GA
was different across the 3 groups. Future improvements could
be made by including more PP and PAS MRIs at 20-25 weeks ges-
tation, more accreta and increta PAS subtypes and more longi-
tudinal PP and PAS cases. Secondly, as seen in Figures 4 and 6,
numerous data points fell outside of the 95% CI of the linear
and polynomial regressions in all patient groups. This is likely
due to the heterogeneous development of the placenta and
intra-personal variations, pointing to the need for a larger group
to ascertain the current findings. Thirdly, the image resolution
and slice thickness varied across MRIs, particularly in the PP and
PAS groups. The inconsistent image dimensions may have con-
tributed to the weaker correlations and increased heterogeneity
exhibited by PP and PAS MRIs. A higher image resolution would
allow for better depiction of placental texture; however, this
would increase the scan duration, and hence the risk of fetal
motion artifacts and cost. Considering that the segmentation
method must be robust to real life clinical data collected at dif-
ferent centers, with varying image dimensions (eg, previously
reported image resolutions: 0.77-2.15 mm and slice thicknesses:
4-7mm . B1718:3537) "the use of heterogeneous image dimensions
could be considered a strength of this study. The results
highlighted that accurate segmentation can still be achieved us-
ing the sagittal plane, illustrating the potential usefulness of tex-
ture and shape analysis in multi-center clinical data. All these
factors need to be considered to achieve a balanced decision
between image quality, scan time and resource requirement. A
future study will also be conducted to quantify the variations
exhibited by texture and shape features derived from MRIs with
heterogeneous image dimensions. Finally, GA itself was an esti-
mation based on the date of the last menstrual cycle and fetal
measurements derived from a 12-week ultrasound scan.
Therefore, the values of GA used also carried a small margin
of error.

In conclusion, to the authors’ knowledge this is the first study
to systematically demonstrate that the sagittal plane is the
most repeatable anatomical plane for manually segmenting
healthy placentas and PAS using MRI. We have also reported
quantitative texture and shape changes in the placenta during
gestation in healthy, PP, and PAS in a UK-based population, us-
ing texture features derived from PyRadiomics. Many texture
and shape features exhibited a strong correlation with GA in the
healthy group, whilst some showed a moderate correlation in

the PP and PAS groups. This indicates a need to potentially con-
sider texture and shape changes due to GA when classifying
healthy, PP, and PAS.
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