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Synopsis  
 
Feature Selection Models provide a ranking of pathological MRI markers able to 

predict the outcome of Placenta Accreta Spectrum Disorder, which could be used to 

aid in clinical decision-making and improve maternal outcome. The potential being to 

reduce the workload of radiologists by establishing the most clinically relevant 

pathological MRI markers that predict outcome. Our results found three pathological 

markers to have the highest ranking to the outcomes with an average accuracy of 

75% using a Random Forest Selection Model and Boruta algorithm.  

 
 
Introduction  
 



Feature Selection Models can be used to predict clinical outcomes from identified 

MRI pathological markers.[1] These algorithms use methods of classification to show 

the accuracy of the pathological markers. These models include the Boruta and 

Multinominal Logistic Regression(MLR). Placenta Accreta Spectrum(PAS) Disorder 

is an abnormally adherent placenta to the myometrium (the muscle wall of the 

uterus) occurring in 0.2% of pregnancies.[2]–[4] It is vital that a full understanding of 

the adherence and its extent is known prior to surgery to reduce peri-operative 

complications such as catastrophic blood loss, which if uncontrolled, can lead to 

maternal death. MRI supports of diagnosis providing enhanced anatomical 

assessment, and a larger field-of-view.[5] 

Mathematical models can be used to support clinical decision-making by quantifying 

the accuracy and precision of known markers, supporting future automation of 

marker identification, and reducing the workload of radiologists and improving 

maternal outcomes by facilitating surgical planning. 

Here, outcome data for Major Obstetric Haemorrhage(MOH), Bladder 

Adherence(BA), and Placental Attachment Depth(PAD) are predicted against 

radiologist identified Pathological Markers(PM). These outcomes were chosen as 

they are quantifiable measures of maternal peri-operative morbidity.  

 
Methods  
 
Twelve patients with suspected PAS had a 1.5T MRI performed at 32+3(27+0–38+6) 

weeks gestation. The uterus was imaged in at least 3 orthogonal planes (axial, 

coronal and sagittal).  

Established pathological MR imaging markers for PAS are used, based on existing 

guidelines[6] and identified as present or not by four expert radiologists. These are 



inputted as data against the outcome results into the Boruta Algorithm followed by 

Random Forest Classification Model(RFCM), and MLR. 

The Boruta algorithm is used first for feature selection, followed by RFCM.[9] The 

RFCM is designed to form a classification of each PM in the dataset through the 

construction of decision trees. At each step of the tree construction, a different 

subset of attributes is randomly selected. The classification of all PMs is performed, 

and each tree contributes its votes only to the classification of the PMs to the 

outcome data.[7], [8] The performance of the model is evaluated using a balanced 

accuracy score.  

MLR are extensions of binary logistic regression allowing more than two categories 

of the dependent or outcome variable, by providing p-values of statistical 

significance.[10] The MLR was used as a comparison method where the ranking is 

guided by the dependence of the marker on the outcome. MLR, however, is limited 

by the influence of outliers and the ability to be skewed if the data is not well 

distributed. 

 
Results  
 
The Random Forest Classification Model followed by the Boruta Algorithm:  
 
 

  
Figure 1 – Pathological MRI marker predictivity for Placental Attachment Depth (A), Bladder 
Adherence (B), and Major Obstetric Haemorrhage (C). Markers with the lowest ranking have 
a better predictivity for the maternal outcome variable with the stated accuracy above each 
chart. Error bars show the variation of rank for each MRI marker. 
 

A) Placental Attachment Depth (Accuracy 81%)                  B) Bladder Adherence (Accuracy 72%)                               C) Major Obstetric Haemorrhage (Accuracy 72%)  



RFCM classified PAD outcome with an accuracy of 81% for all the markers. Loss of 

T2 hypointense interface, bladder wall interruption and placental ischaemic infarction 

ranked the lowest throughout all the tests.  

BA had a 72% accuracy, with the loss of T2 hypointense interface, asymmetric 

thickening/shape of the placenta and placental ischaemic infarction ranked the 

lowest. MOH had 72% accuracy, with the loss of T2 hypointense interface, abnormal 

vascularisation of the placental bed and placental ischaemic infarction ranking the 

lowest.  

 
Table 1 The results of the Multinominal Logistic Regression at p-values of <0.05 and 
<0.01 
 

Pathological 
Markers 

Placental 
Attachment Depth 

Bladder 
Attachment 

Major 
Obstetric 

Haemorrhage 
T2 Dark Bands 0.0064 0.0027 0.5429 0.0329 0.0421 0.0036 
Placental Bulge 0.0824 0.0145 0.4736 0.0677 0.1009 0.0088 

Loss of T2 
hypointense interface 0.824 0.1047 0.5172 0.1469 0.3453 0.4151 

Myometrial thinning 0.2323 0.0281 0.6253 0.1963 0.7428 0.088 
Bladder wall 
interruption 0.1163 1 0.0004 0.208 0.2051 0.3555 

Focal exophytic mass 0.1339 1 0.0001 0.0483 0.3068 0.2802 
Abnormal 

vascularisation of the 
placental bed 

0.0054 0.0029 0.006 0.0049 0.1364 0.0922 

Placental 
heterogeneity 0.0023 0.0005 0.0127 0.004 0.0344 0.0043 

Asymmetric 
thickening/shape of 

the placenta 
0.0018 0.009 0.0002 0.0072 0.0033 0.0371 

Placental Ischaemic 
Infarction 0.9102 0.9115 0.0003 0.0672 0.0304 0.1401 

Abnormal placental 
vascularity 0.0008 0.0011 0.0023 0.01 0.173 0.4198 

 
For MLR the non-significantly ranked markers for PAD were loss of T2 hypointense 

interface, bladder wall interruption, focal exophytic mass, and placental ischaemic 

infarction. All of which also ranked lower with the Boruta algorithm. For BA the non-



significant pathological markers were placental bulge, loss of T2 hypointense 

interface, placental heterogeneity, and myometrial thinning. Loss of T2 hypointense 

interface also ranked low in RFCM. For the MOH the non-significantly ranked 

markers were loss of T2 hypointense interface, myometrial thinning, bladder wall 

interruption, focal exophytic mass, and abnormal vascularisation of the placental 

bed. 

 
Discussion  
 
The RFCM had a high accuracy rating for each of the outcomes. T2 dark bands and 

placental heterogeneity were the most predictive for all outcomes. The MLR ranked 

some similar markers as the Bortua for PAD, including T2 dark bands and placental 

heterogeneity. Conversely, the lowest-ranked pathological markers were relatively 

consistent throughout both models and all outcomes. Loss of T2 hypointense 

interface, bladder wall interruption and placental ischaemic infarction were not found 

to be predictive by RFCM or MLR. 

MLR is limited by not having a framework for potential error calculation and can be 

influenced by outliers.[10] RFCM often ranks higher than other feature selection 

models, although it can be time-consuming to run.[1] The results are also limited by 

the identification of the PMs not being consistent among all the radiologists, affecting 

the accuracy of the dataset. More data would be required to mitigate this, although 

this likely also reflects the poor predictive value of the chosen PMs. The identification 

of the least useful PMs may be useful in focussing radiologist attention on the more 

relevant and measurable PMs with regards to predicting surgical outcomes. The 

highly ranked identified PMs may also be those most useful for focussing resources 

for automatic identification.  

 



 
Conclusion  
 

The Feature Selection Models used identified the highest and lowest correlated PMs 

to the outcome of PAS with an average of 75% accuracy. This could reduce the 

workload of the radiologists and improve surgical planning in PAS. Further studies of 

Feature Selection Models are required for PM detection optimisation.  
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