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Objective—The goal of this work was to develop robust techniques for the
processing and identification of SUA using artificial intelligence (AI) image clas-
sification models.

Methods—Ultrasound images obtained retrospectively were analyzed for
blinding, text removal, Al training, and image prediction. After developing and
testing text removal methods, a small n-size study (40 images) using fastai/
PyTorch to classify umbilical cord images. This data set was expanded to 286 lat-
eral-CFI images that were used to compare: different neural network perfor-
mance, diagnostic value, and model predictions.

Results—AI-Optical Character Recognition method was superior in its ability to
remove text from images. The small n-size mixed single umbilical artery determi-
nation data set was tested with a pretrained ResNet34 neural network and
obtained and error rate average of 0.083 (n = 3). The expanded data set was
then tested with several Al models. The majority of the tested networks were
able to obtain an average error rate of <0.15 with minimal modifications. The
ResNet34-default performed the best with: an image-classification error rate of
0.0175, sensitivity of 1.00, specificity of 0.97, and ability to correctly infer
classification.

Conclusion—This work provides a robust framework for ultrasound image AI
classifications. Al could successfully classify umbilical cord types of ultrasound
image study with excellent diagnostic value. Together this study provides a
reproducible framework to develop Al-specific ultrasound classification of umbil-
ical cord or other diagnoses to be used in conjunction with physicians for opti-
mal patient care.

Key Words—artificial intelligence; image processing; prenatal screening; single
umbilical artery; ultrasound; umbilical cord

he application of artificial intelligence/machine learning

(AI/ML) to medicine continues to rapidly increase. It has

proven useful in maternal-fetal medicine (MFM) in
prediction modeling and diagnosis. New applications are con-
tinually emerging. Applications of machine learning (ML) include:
predicting preterm birth, low birth weight, pre-eclampsia, infant
mortality, hypertensive disorders, and postpartum depression." An
area of great potential is the application of Al to better diagnose
birth defects both more precisely and sooner than conventional
methods."” To further develop these methodologies, a collabora-
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tion between artificial intelligence scientists and
maternal-fetal medicine specialists is crucial. In this
retrospective study, blinded prenatal ultrasound
images were used to develop a versatile set of
protocols to test advanced computer modeling for
classifying and identifying umbilical cord anomalies.

AI/ML’s application in the field of medicine
including MFM is growing. AI/ML are a class of
computer algorithms that are based upon different
mathematical models where the computer can learn
or detect patterns.” Some of these models are sim-
ple mathematical equations while others use auto-
mated feedback loop mechanisms originally theorized
several decades ago. Current applications of AI/ML
include: predicting fetal distress in pregnancy-induced
hypertension, classification of amniotic fluid levels,
fetal anatomy colorization, and the umbilical coiling
index.”®™ A practical application of Al image classifi-
cation should involve increased maternal-fetal risk
and be of added benefit to sonographers and obstetri-
cians. Therefore, a clinical exemplar using standard
ultrasound images that correlates to increased
maternal-fetal risks should be pursued.

One potential fetal pathology for Al image classi-
fication models is the identification of umbilical cord
anomalies. Several options for image classification
research include: umbilical implantation, umbilical
cord diameter, umbilical artery anatomy, cord knots,
hematomas, or velamentous cord insertion. For a
comprehensive review of different umbilical cord ana-
tomical pathology and screening see Bohilfea et al or
Bethune et al.'”'! Ultimately, a retrospective image
classification model to identify two- or three-vessel
umbilical cords was chosen.

Worldwide the formation of a 2-vessel umbilical
cord (2v) ranges from under one-half to 6% of preg-
nancies and correlates to increased fetal
mortality.'>'* The initial identification of a single
umbilical artery (SUA) is often diagnosed in the first
trimester with follow-up studies done in the second
trimester.'® The rate of this diagnosis can vary due to
the underlying population and different risk factors.
SUA correlates with several risk factors such as:
maternal age, body mass index (BMI), assisted repro-
ductive technologies, diabetes, smoking, hypertension,
and twin pregnancies. However, the exact correlations
between different SUA cord anatomy risk factors
remain elusive due to covariance with other factors,

statistical test selection, and population differ-
ences.'>'®> While risk factors are actively studied, the
outcome associated with this cord pathology is well
established. The common clinical outcomes associ-
ated with single umbilical artery are: intrauterine
growth retardation, early neonatal death, preterm
birth, low birth weight, and a range of fetal anoma-
lies.">'>'® The use of Al to classify 2v/SUA cords
was chosen because the pathology is associated with
high fetal risk, and requires additional testing. This
tool may aid in identifying a low-probability but high-
risk diagnosis.

Images were obtained retrospectively from
maternal-fetal medicine patients stored in an ultra-
sound database. Once the images were obtained and
blinded they were analyzed using standard image-
classification models. Briefly, there are two general
architectures for Al image classification. These
models are Convolutional Neural Networks (CNN)
and transformers. They are inspired by neuroanatomy
and use multiple layers of inputs that effectively parse
a numerical representation of an image into simpler
patterns that develop filters leading to potential classi-
fication(s).>"” For further explanation of CNN’s see
the book “Deep Learning for Coders with Fastai and
PyTorch” and references therein.'” Next, transformer
models were described by Vaswani et al created a
“simpler” network based on self-attention.'® The goal
of this research is to develop a robust workflow and
Al image classification models with transfer learning
on fetal ultrasounds.

Materials and Method

The research proposal was sent to the Charleston
Area Medical Center—Institutional Review Board for
approval. The study used old ultrasound images that
were part of a normal wellness check and would be
blinded to contain no protected or identifying infor-
mation. The study was considered exempt and
approved (IRB No: 23-928). After approval, two dif-
ferent image data sets were collected. The inclusion
criteria included all pregnant patient ultrasound
images available with a 2v or a 3v (normal anatomy)
umbilical cord. Exclusion criteria included images that
lacked the required anatomy or were unable to be
blinded. If data was transferred, it was encrypted,
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password protected, and compressed using 7zip in a
way that no information was visible without a pass-
word. Before the start of the study, correctly classify-
ing 85% (error rate <0.15) or more images was
considered successful.

Data Sets

Two data sets and two novel inference test images
were used for this study. The first data set was consid-
ered a proof of concept study and contained both
transverse and lateral colorized flow images. This was
a small n-size study with 22 - 2 vessel and 21- 3 ves-
sel, images. Images had potentially protected health
information removed manually or using automated
methods. After blinding, low-quality images were
removed and the total number of images was 20 in
each group. The second data set was composed of lat-
eral aspect colorized flow images (lateral-CFI). It was
blinded using a range of techniques. Final studies uti-
lized the Al-optical character recognition method
(AI-OCR see below). This data set started with
230 and 154 in the 2 and 3 vessel cohorts, respec-
tively. Poor-quality images were removed resulting in
142 in 2v and 154 in 3v groups for a total of
286 images. In an attempt to minimize overfitting of
these limited data sets, image augmentation was
added to the training images and training epochs
were limited.

Image Preprocessing: Removal of Header and
Annotating Text

All images were preprocessed to remove potential
PHI and annotating text. There was no standardized
method to “clean” fetal ultrasound images from the
header and annotating text so several were examined.
The text removal methods tested were: manual physi-
cian blinding with “filled-in” rectangles, cropping,
grayscale threshold, color (RGB) filtering, and Keras-
OCR text box recognition with background in-
painting (AI-OCR).'”*° The manual method, an
expert using Microsoft Paint™ program to place a
block over the image. The cropping method used a
standard Python Image library crop coordinates
(in pixels): X = 40, Xpna = 550, Yiim = 80, and
Yinax = 466 to cut out potential PHI. The grayscale
and RGB methods used a cropped image using the
above coordinates and were used to attempt to
remove annotating text. The OTSU and triangle

J Ultrasound Med 2024; 9999:1-17

automated methods to obtain a grayscale threshold
value were used to create a mask image. The mask
image was then combined with the original using
merge or bitwise_and methods to remove annotating
text. Similar methods were used to remove the anno-
tating text using RGB filtering. Briefly, one or a range
of RGB values associated with the annotating text
were obtained. These values were input into an RGB
filtering function to create a masking image. The mas-
king image was then used as above to create a new
image.

Finally, the AI-OCR image system used
TensorFlow 2.12.0 and Keras-OCR 0.9.2 packages to
identify blocks of text. Once the image block coordi-
nates were obtained, they were used to in-paint the
blocks of text with the average background using
the openCV library (v. 4.7.0.72).""7*' The different
methods were compared on the ability to remove
header text and annotate text while minimizing image
information loss. Once the PHI and annotating text
were removed and the images had novel names, they
were used for image classification CNN training and
testing.

Image Preprocessing: Adjusting Image Size for
Classification

After text-removal, some images went through
preprocessing to prepare for image classification using
pretrained neural networks with transfer learning and
validation.”” The proof-of-concept images were tested
at full-size (640 x 480 pixels), header removal cro, or
center cropped (448 X 448 pixels). The center
cropping used the python image library with the pixel
coordinates X, ;. = 96, X,.. = 544, Y,;, = 16, and
Yinax = 464, After image size preprocessing by
cropping, the saved images may have been resized
by the fastai data loader function to 224 X 224 pixels
using the “squish” method. The full-size images were
not resized or cropped then resized. All experiments
used data augmentation in the fastai data loader with
values ranging from 0.8 to 1.2.

Proof of Concept Image Classification Using Small
n-Size Mixed Method Data Set

All image-classification experiments used fastai to
interface with the PyTorch library.”* The first
experiment was to determine the applicability of an
image-classification CNN to correctly categorize
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2-vessel and 3-vessel umbilical cords using manually
blinded images. This data set contained images of
transverse or lateral-CFI cord images used by the
obstetrician to identify cord anatomy. The manually
blinded images used a pretrained ResNetl8 with
2-epochs unfrozen and 3-epochs frozen. The data set
was divided into training and validation sets (80:20
split) with the fastai data loader image augmentation.

In the next set of experiments images were
blinded and text was removed using the AI-OCR
method. These images were used to test different
preprocessing methods and the ability to correctly
classify the validation set image. Slightly different
methods were used for the AI-OCR cleaned images.
The AI-OCR cleaned images wused pretrained
ResNet34 default weights. Both full-size and cropped
AI-OCR  cleaned images were tested. In the
448 x 448 pixel cropped images, the fastai data
loader resized to 224 x 224 pixels using the “squish”
method. Training of the network used an 80:20 split
for training and validation sets. The training used
1-epoch unfrozen and up to 10-epochs frozen with
the standard learning rate.

Expanded Data Set Using Lateral-CFI for Image
Classification

Lateral-CFI images with the umbilical cord located by
the urinary bladder is the currently accepted tech-
nique, therefore these ultrasounds were chosen for
the expanded study. The images were obtained and
all text was removed using the AI-OCR method, cen-
ter cropped, and saved. The fastai data loader was
used with 80:20 training, validation random split,
image augmentation, and resized to 224 x 224 pixels
using the squish method. The neural network archi-
tectures with default pretrained weights were trained
using: 1 epoch unfrozen and 10 epochs frozen. Train-
ing was set at 10 epochs to allow for comparison to
different neural network models. Several pretrained
image recognition networks such as: convnext small.
in12k ft inlk 384, LeViT_256.fb_dist_inlk,
ResNet34.Imagenetlk vl (aliases “Default” or
“ResNet34”), resnet34.al_inlk, resnet50.al _inlk,
ResNetv2 50.alh_inlk, and ResNetlOl.alh inlk
were tested.”>>® To compare training variability, each
of the image-recognition neural networks were
trained five times with a random assignment to
training:validation sets using fixed seeds. The error

rate and training loss by network and iteration were
saved and later analyzed using R.*” The plots show
mean (point), error bars & standard error of the
mean (SEM), confidence interval in gray shading,
locally optimized scatter plot smoothing (LOESS)
trend line (dotted line) and red dashed line indicating
a priori error rate maximum (0.15).”® A subset of the
trained models was used to calculate diagnostic value
(sensitivity, specificity, and predictive values) as a
probability using standard methods.>

Image Inference

Two novel images were used to test inference using
different lateral-CFI trained models. One image was
in the 2-vessel and the other was a 3-vessel. These
images were not used as part of the training or valida-
tion. Images were obtained from the same source and
underlying demographics. The AI-OCR cleaned
images were tested at: full-size 640 X 480, center
cropped 448 X 448 and center cropped resized to
224 X 224, pixels. The prediction, probability 2v and
probability 3v were inferred using standard fastai
methods.

Computer Resources

Two different computers were used for Al and statis-
tical analysis. A Linux based desktop computer
(Pop_OS 22.04) with an Nvidia 1070TI GPU for
training, using an AMD x2700 processor which also
contains 48 GB of system RAM. Anaconda was used
to install separate virtual environments loaded with:
1) Python v. 3.9.16 with TensorFlow (v. 12.2.0) or
2) Python (v. 3.8.16) with PyTorch (v. 1.12.1) and
fastai (v. 2.7.12).'92>3° Figures were generated using
fastai and saved using standard methods.>" Statistical
analysis and plotting of the different neural networks
training or error rates was performed on a System
76 Darter pro with 16 GB of system RAM using
Pop_OS 20.04 with R 4.3.0, EMACS/ESS. The pack-
ages tidyverse (speciﬁcallgr ;:Slplyr, ggplot, and readr)

and ggpubr were used.””**~

Additional Data

Representative jupyter-notebooks will be available
showing: AI-OCR image preprocessing, example
training and inference. The two AI-OCR processed
data sets will also be made available: https://github.
com/Eric43/MFM_ AL

J Ultrasound Med 2024; 9999:1-17
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Results

The overall process followed a standardized work
flow seen in Figure 1. Within each work block, there
were several different conditions tested. The initial
data set was small with a mixture of transverse and
lateral-CFI umbilical cord images. These are common
methods used in clinical practice to identify cord ves-
sel anatomy. This small n-size data set was used for
technique development and initial testing later to be
applied to the expanded data set. This data set also
tested the applicability of transfer learning to mini-
mize the number of images or training epochs. The

first step in an image recognition project with clinical
samples is to remove protected health information to
minimize identification risk to the patient.

Image Preprocessing to Remove Identifying and
Annotating Text

To use the ultrasound images for exempt research
and to train an Al image classification network, a
standardized system to remove text was needed.
There are several potential methods to remove text
that include: 1) manual blinding, 2) cropping out the
identifying text, 3) gray scale threshold masking, 4)
RGB value-range masking, and 5) AI-OCR methods.

Figure 1. Workflow of ultrasound image analysis project. Graphical summary of the workflow used for this research. Once the images were
obtained, text removal methods were tested. Then the images were kept full size or resized for training. Training randomly split the images
into training and validation sets followed by augmentation and transfer learning with pretrained models. The models error rate was analyzed
on the validation set and saved. Finally, different trained models were tested for predictive ability using two novel images at three different

sizes.

Obtain
Ultrasound
Images

Blind Images

Image
pre-processing

- Train the
/ model(s)
/
/ I
I Error
'\ Metrics
\
\
N\ _| Save trained
network
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Images (640 x 480):
1. Part of a wellness check
2. Developed 2 data sets
a. Small n size — mixed
b. Large n size Lateral-CFlI

Blinding:

1. Manual blinding
2. Gray threshold
3. Color value

4. Image OCR

Pre-processing:
1. Crop
2. Resize

Training with FastAl:

1. 80% training 20% validation

2. Used pre-trained networks

3. Used FastAl Image augmentation
4. Multiple networks compared

Model performance:

1. Training loss and error rate

2. Looked at kinetics and final epoch
3. Successful model considered
error rate <0.15

Saved models:

1. Best model(s) used for inference
2. Saved models can be updated
with new images
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The outcomes of these methods are visually summa-
rized in Figure 2. Each one of these methods have
advantages and disadvantages.

First, using the manual blinding method, an
obstetrician or qualified individual was used to blind

each image (Figure 2A, Image 2). This entailed load-
ing the image, drawing rectangles over the text that
were filled in black and then saving the image. It took
several minutes per image to complete the task. This
is the only method that performed well using

Figure 2. Methods to remove PHI and annotation text. Comparison of the different methods for blinding/PHI removal. Image Al shows the
“raw image” with header blurred to obscure PHI. Image A2 shows a manual blinding method. Image A3 show the use of cropping to
remove header information. Panel B shows cropping with gray scale threshold using image A3. Image B1 shows gray scale image used for
thresholding. The OTSU masking image was use to merge or bitwise_and methods (B2 and B3). Panel C shows RGB filtering on image A3
(C1) with generated mask (C2) and merged image (C3). Panel D shows the use of Al-Optical Character Recognition with average back-
ground to fill in the identified text. Image C1 is the full-size image, C2 and C3 are the full size or cropped image (A3) after processing.

J Ultrasound Med 2024; 9999:1-17
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ResNet18 (error rate 0.11 or 1/9 misclassified) but
when used for inference or repeatability it performed
worse than other methods (data not shown). This
was the first approach used and due to time-
consuming nature it led to the development of auto-
mated methods that were used for the remainder of
the experiments.

Next method tested was to crop the identifying
text located in the ultrasound header image
(Figure 2A, Image 3). This method could be auto-
mated to quickly remove the header information con-
taining PHI but not annotating text. This method was
very fast albeit leaving annotating text (ie, “3v
CORD”). When used to train the neural network, the
annotating text appeared to skew the results (data
not shown). The cropping method was useful to
remove PHI contained in the image header but
required additional methods to attempt to remove
annotating text.

As a way to augment the crop to remove PHI
method, attempts were made to filter out the annotat-
ing text using either gray scale threshold or RGB fil-
tering (Figure 2, B and C). These methods are
similar but use different values to develop a mask.
The gray scale method use automated thresholds
obtained with the triangle (threshold = 13-17) or
OTSU (threshold = 64-72). The threshold is used
to create a mask image that is merged with the origi-
nal image (Figure 2B, Images 1-3). The RGB
method is similar but used RGB values for mask gen-
eration (Figure 2C, Images 1-3). Both of these
methods appeared to modify the background and
could not completely remove annotating text. They
were not used for image classification. The removal of
text using an image AI-OCR was tested next.

The use of AI-OCR method was tested on full
size and cropped images that contained text
(Figure 2D, Images 1-3). The AI-OCR method was
able to recognize the vast majority of the text with a
few minor exceptions of single characters. Addition-
ally, this method was very selective to text, as it did
not remove the ultrasound manufacturer logo in the
upper left of the image (Figure 2D, Image 2).
The proof of concept data set containing 40 images,
took ~3 minutes to process. This method was slower
than the crop methods but removed nearly all text
while retaining background information. The AI-
OCR method proved to be acceptable for text

J Ultrasound Med 2024; 9999:1-17

removal and was chosen as the primary blinding
method. The next workflow boxes are image size
preprocessing and training the image.

Use of AI-OCR Blinded Ultrasound Images to
Determine Optimal Neural Network Training

The first set of experiments concentrated on optimiz-
ing image size for model training. The images were
kept full size (640 x 480), learning rate was not
adjusted and trained using 1l-epoch unfrozen,
S-epochs frozen. The validation set error rate was
0.125 or one out of eight images incorrectly identi-
fied. After testing the full-size images, the next step
was to determine the effect of adjusting image size
through a combination of cropping and resizing.

The final part for the proof-of-concept study was
to adjust the image size to the optimal size for the
pretrained neural networks. Using the squish method
on the full-size images did not return acceptable error
rates (data not shown). The images were then center
cropped to 448 X 448 pixels and resized to
224 X 224 pixels using the squish method. An exam-
ple of the training images, worst performing images
and confusion matrix is seen in Figure 3, A—C. This
method was repeated three times and an average
error rate of 0.083 was obtained (error rates: 0.125,
0.000, and 0.125). The worst performing validation
images is shown in Figure 3B. One of the three vali-
dation set confusion matrix is shown in Figure 3C.
Our a priori threshold for maximum error rate was
set a <0.15 and three experiment with errors ranging
from 0.00 to 0.125 with an average of 0.083 is a suc-
cessful proof of concept for the use of Al in umbilical
cord vessel anatomy classification. This is a small
n-size study, therefore, an expanded study comprised
of only lateral-CFI was performed.

Image Classification Using Lateral-CFI Ultrasound
Images

The use of lateral-CFI ultrasound images around the
urinary bladder is the current accepted best practice
for the identification of umbilical cord vessel anoma-
lies when colorized flow information is available. The
expanded data set included only AI-OCR blinded
lateral-CFI center cropped ultrasound images. These
were initially tested using the ResNet34-default with
the squish method for resizing (Figure 4). This
method used a random data set with six images
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Figure 3. Small N-size study with traverse and colorized umbilical artery images. The mixed small n-size data set was subjected to standard
image classification transfer learning with fastai and the pretrained ResNet34-default. A sample of the training split group is displayed
(n = 6) with randomized image augmentation. After training, the lowest performing images were extracted and displayed (Panel B). Finally,

the confusion matrix from the validation set is in Panel C. This experiment was repeated three-times with an average error rate of 0.083 (not
shown).

A. B.

3V_poc_clean 3V_poc_clean 3V_poc_clean Prediction/Actual/Loss/Probability

3V_poc_clean/2V_poc_clean/2.47/0.92

2V_poc_clean 3V_poc_clean

C . Confusion matrix

2V_poc_clean

2V_poc_clean/2v_poc_clean/0.21/0.81

Actual

3V_poc_clean -

2V_poc_clean -
3V_poc_clean

Predicted

extracted from the training set shown in Figure 4A.  well with an error rate of 0.0175 (1/56 misclassified)
Each epoch was trained in just over 20 seconds with ~ (Figure 4C). The one error was a false positive result
the lowest error rate occurring in epoch five  for SUA. Finally, the worst four performing validation
(Figure 4B). The image-classification model performed ~ images show that outside one image the other three

8 J Ultrasound Med 2024; 9999:1-17
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Figure 4. Image classification of lateral colorized-flow umbilical arteries with ResNet34-default. A collection of 286 images lateral aspect col-
orized flow images was used to train a ResNet34 network with default weights. Panel A shows a random subset of six images with augmen-
tation using the fastai data loader. The image recognition network was trained for 10-epochs with error rate and training loss used as
performance metrics (Panel B). The confusion matrix from the validation set is shown in Panel C. The worst performing images in the valida-
tion set are shown in Panel D. This method was used for comparison between different pretrained neural network models.

2V_cord 3V_cord 3V_cord

2V_cord

Confusion matrix

B.

Epoch Training loss Training error rate Valid loss Valid error rate  Time

0 0.296636 0.102679 0.188347 0.052632 21 secs
1 0.280996 0.071429 0.096254 0052632  20secs O
2 0.246773 0.066964 0.062983 0.017544 21 secs
3 0.229309 0.075893 0.069786 0.035088  21secs §
4 0.212036 0.040179 0.532874 0192982  21secs <
5 0.208810 0.049107 0.026906 0.000000 20 secs
6 0.195428 0.031250 0.024075 0.017544  21secs  3v cord
7 0.177681 0.040179 0.026062 0.017544 21 secs
8 0.158013 0.026786 0.025856 0.017544 20 secs
9 0.137254 0.017857 0.023174 0.017544 20 secs 3 -
g g
a Predicted g
D. Prediction/Actual/Loss/Probability
2V_cord/3V_cord/1.12/0.68 3V_cord/3V_cord/0.11/0.90 2V_cord/2V_cord/0.04/0.96 3V_cord/3V_cord/0.02/0.98

were correctly called. The next experiment looked at A set of experiments were designed to test the
how do different image-classification CNN’s perform  ability of different pretrained CNN’s to classify the
on the lateral-CFI data set. lateral-CFI images. The architectures chosen to test

J Ultrasound Med 2024; 9999:1-17 9
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were: convnext small, LeViT256, ResNet34-default,
ResNet34alh-inlk, = ResNet50alh-inlk, = ResNet
v250alh-inlk, and ResNetlOlalh-inlk. To test the
performance of the different pretrained neural net-
works, each was run following a standardized protocol
five times. The average training and error rates by
epoch are shown in Figure 5. The different networks
performed well with the exception of convnext and
ResNet50v2 that had error rate averages >0.15. These
two networks had an average error rate of >0.15,
although individual experiments were able to obtain
less than a priori value. The majority of the models
were analyzed for diagnostic performance and time
per epoch (Table 1). The mean training time per
epoch ranged from 67.52 (ResNetl01) to 17.02

(LeViT256), seconds. In the ResNet family,
ResNet34-Default had the highest diagnostic value
with: sensitivity = 1.00, specificity = 0.97, PPV =
0.96, and NPV = 1.0 (Table 1). The difference
between ResNet with default and the alh-inlk can be
seen by comparing the two diagnostic values. The
LeViT256 pretrained network was the fastest per
epoch but yielded only average diagnostic perfor-
mance. ResNetS0v2 was excluded from this table due
to not meeting established error rate threshold.

To determine training differences, the four worst
performing images were extracted. The default
ResNet34 was already shown in Figure 4D and was
not included. There was one image that performed
poorly in nearly all the models and was the worst or

Figure 5. Comparison of different pretrained neural networks. The lateral-CFl data set was used to test performance of different pretrained
neural networks. The image classification networks using transfer learning were subjected to same procedure as Figure 4 (n =5 per
model). The mean training loss (Panel A) and mean validation set error (Panel B) were graphed to show training over time. The error bars
show SEM, gray shading is the confidence interval and the dotted line is the overall trend using the LOESS method. In panel B the red

dashed line shows 0.15.
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Table 1. Diagnostic Value and Mean Epoch Training Time

Sensitivity Specificity PPV NPV Average Epoch (Seconds) SD
Resnet34-Default 1.00 0.97 0.96 1.00 24.60 0.670
Resnet34-al-inlk 0.95 0.94 0.91 0.97 24.20 0.404
Resnet50-al inlk 1.00 0.89 0.85 1.00 4488 0.521
Resnet101-alh inlk 0.95 091 0.88 0.97 6752 0.505
Levit 256.fb_dist_inlk 0.95 0.91 0.88 0.97 17.02 0.141
Convnext_small 1.00 0.86 0.81 1.00 63.08 0.752

Note: To quickly summarize the performance of different image-classification models on the lateral-CFl data set, the diagnostic value and
average epoch training time were calculated. Sensitivity, specificity positive predictive value (PPV) and negative predictive value (NPV) were
calculated on the best performing networks. Accuracy is not shown due to using a data set with nearly equal distribution that differs from
normal clinical practice. The average epoch training time in seconds and standard deviation (n = 5) are included for comparison.

second worst in all models (Figure 6). The second
observation was when loss is high the probability of
classification is usually incorrect despite prediction
probability. While there are commonalities between
the worst images (ie, ResNet34 class), other neural
networks had difficulties with other images. Overall,
the models performed well using AI-OCR cleaned
images and demonstrated the applicability of transfer
learning to ultrasound images. Next, the ability to
infer image classification was examined.

Inference from Trained Models

To test the ability to correctly classify images follow-
ing training, the different lateral-CFI networks were
challenged with one 2v and one 3v image. This is
only a basic test but meant to demonstrate how the
Al networks can be used to classify novel images.
These images were then kept full-size, center cropped
(448 x 448) or center cropped and resized
(224 x 224). All of the networks were able to cor-
rectly classify the images, including convnext
(Table 2). The ResNet family of networks performed
similar for probability of classification except for Res-
Net50v2 on the full size 3v image. Due to similarity
of performance to the ResNet34-default in inference,
ResNet34 alh-inlk and ResNetl01 alh-inlk were
excluded. The ResNet50v2 was kept to show the abil-
ity to infer image classification despite poor training/
error rate performance. The LeViT 256 model cor-
rectly classified all images with slightly lower probabil-
ities than the ResNet family. Finally, the convnext
model had the smallest difference between the differ-
ent class probabilities thereby decreasing prediction
confidence.

J Ultrasound Med 2024; 9999:1-17

Discussion

Early detection of potential high-risk pregnancies pro-
vides patients and obstetricians time to potentially mit-
igate negative outcomes. Due to the morbidity and
mortality associated with single umbilical artery cord
pathology, this is a perfect application of Al on fetal
ultrasound images. These protocols can be used to cre-
ate additional tools for physicians. The goal of this
research was three-fold with: 1) text removal from
ultrasound images (blinding and cleaning), 2) deter-
mine optimal image size, and 3) application of image-
classification Al models to classify umbilical cord vessel
anatomy. This research provides the first beginning-
to-end workflow for blinding, removing annotating
text, image preprocessing, image classification training
and inference for umbilical artery anatomical anoma-
lies. This work was divided into several sets of experi-
ments from a basic proof of concept study to an
expanded data set containing only lateral-CFI images.
The initial experiment used manually blinded
images. This work was the only experiment successful
using ResNet18. A few issues occurred with the man-
ually blinded images. First, the images are time con-
suming to produce and were a drain on obstetrician’s
time. Next, the blinding was variable in the amount of
information removed from the original image. This
variability can lead to blinder bias or unexpected
errors. Finally, when the trained model was tested
with AI-OCR cleaned images it performed poorly.
Although not tested per se, it is possible that the
blinding blocks were used in part to classify the image
instead of the fetal ultrasound image. The manually
blinding method was slow, required expert resources
and did not perform well for inference. The next
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Figure 6. Comparison of the lowest performing images by neural network. Comparison of the lowest performing four images corresponding
to ~7% of the validation set. The ResNet34.al inlk (Panel A-D) was used to compare to the default weights in Figure 4D. The images show
images that may affect the different network architectures. The labels above the images show prediction, actual, loss and probability. All
images were derived from the same training:validation image set.

A. ResNet34.al_inlk

2V_cord/3v_cord/2.94/0.95 2V_cord/3V_cord/2.89/0.94 3V_cord/2V_cord/1.67/0.81 3V_cord/3V_cord/0.66/0.52

B. ResNet50.al_inlk

2V_cord/3V_cord/9.58/1.00 2V_cord/3V_cord/8.78/1.00 2V_cord/3V_cord/1.77/0.83 2V_cord/3V_cord/0.78/0.54

C. Levit 256

3V_cord/2V_cord/92.74/1.00 2V_cord/3V_cord/7.42/1.00 2V_cord/3V_cord/1.34/0.74 2V_cord/3V_cord/1.25/0.71

D. Convnext small

2V_cord/3V_cord/4.22/0.99 2V_cord/3V_cord/1.20/0.70 2V_cord/3V_cord/1.02/0.64 2V_cord/3V_cord/0.97/0.62

Label: Prediction/Actual/Loss/Probability

logical step was to develop ultrasound image cleaning Ultrasound images obtained from clinical prac-
methods that minimized expert’s time and this  tice have protected health information and annotat-
removed image text effectively. ing text that needs to be effectively removed.
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Table 2. Comparison of Inference Prediction and Probabilities at Different Input Resolutions

2 Vessel Umbilical Cord (2V_cord) Image

. 224 x 224 448 x 448 640 x 480
Image Size
Inference Prediction p2v p 3V Prediction p2v p3Vv Prediction p2v p 3V
Resnet34 default 2V_cord 0.9985 0.0015 2V_cord 0.9999 0.0001 2V_cord 0.9998 0.0002
Resnet50 2V _cord 0.9180 0.0820 2V _cord 1.0000 0.0000 2V _cord 0.9996 0.0004
Resnet50v2 2V_cord 0.9601 0.0399 2V_cord 0.9993 0.0007 2V_cord 0.9943 0.0057
Levit256 2V _cord 0.8931 0.1069 2V _cord 0.8382 0.1618 2V_cord 0.9636 0.0364
Convnext 2V _cord 0.5986 0.4014 2V _cord 0.5396 0.4604 2V _cord 0.8686 0.1314

3 Vessel Umbilical Cord (3V_cord) Image

. 224 x 224 448 x 448 640 x 480
Image Size
Inference Prediction p2v p 3V Prediction p2v p 3V Prediction p2v p 3V
Resnet34 default 3V _cord 0.0001 0.9999 3V_cord 0.0000 1.0000 3V_cord 0.0002 0.9998
Resnet50 3V_cord 0.0000 1.0000 3V_cord 0.0011 0.9989 3V_cord 0.0000 1.0000
Resnet50v2 3V _cord 0.0211 0.9789 3V _cord 0.0006 0.9994 3V _cord 0.4790 0.5210
Levit256 3V_cord 0.0249 0.9751 3V_cord 0.0686 0.9314 3V_cord 0.0173 0.9827
Convnext 3V_cord 0.2416 0.7584 3V_cord 0.2094 0.7906 3V_cord 0.3867 0.6133

Note: The saved lateral-CFI models were tested with novel AI-OCR cleaned images. The classification was inferred on two different images
(2v and 3v) using three different sizes of: full-size, 448 center cropped, or 224 cropped and resized. The classification and probability of pre-

diction by class are shown.

Efficient text removal is necessary to prevent expos-
ing patient PHI or skewing the Al model with anno-
tating text. Several methods were tested to remove
text. The first set of automated methods tested were
cropping and gray or color filtering to remove PHI
and annotating text. Cropping out the PHI using
standard pixel coordinates was easy to automate and
the fastest method but was unable to remove anno-
tating text. One issue with leaving annotating text is
that the Al may learn the text and not the anatomi-
cal anomalies. Due to the high-speed and limited
strain on compute resources, cropping was com-
bined with different methods in an attempt to
remove annotating text.

The first method to remove annotating text tested
was the gray scale threshold. Gray scale threshold
develops a mask and merged image able to partially
remove annotating text, but also removed background.
Finally, the unique color used for annotating text was
used to generate a filter based upon RGB values. The
RGB method was able to remove slightly more text than
gray scale thresholding but also had a greater effect on
the image background. The gray scale and RGB masks
were non-specific and removed background information
making them unacceptable for Al use. Therefore, another

J Ultrasound Med 2024; 9999:1-17

method that was able to remove text but preserve back-
ground image integrity was needed.

The final text removal method tested was
AI-OCR followed by filling this block with average
local background.'”*® This method was able to
remove annotating text in cropped and all text full
size images. The image had no obvious signs of
blinding or “bare spots” or background removal
Although, the header region appeared gray due to the
local background values. The AI-OCR function has
since been modified to allow for a user selection of
mean background or black fill to remove text. Since
nearly all images had the header filled in with a gray it
is expected to have little impact on Al training. Addi-
tionally when AI-OCR image cleaning was followed
by center cropping, the gray bar was minimized.
While this method is superior to manual and
cropping it is not without drawbacks.

The main issues with the AI-OCR method are:
individual ~characters remained, equipment logo
remained, requiring a dedicated GPU and much slower
than cropping or filtering. The inability to remove all
text appeared to be random and had minimal impact
on Al training. The ultrasound manufacturers logo in
the upper left corner could be problematic if different
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companies are included but shows the selectivity of
this method and was usually cropped out. In the
future, company logos and stray text identification may
require additional training of Keras-OCR. The GPU
requirement can be overcome by using the CPU ver-
sion of TensorFlow but this process is significantly
slower.'”*® The downsides to using AI-OCR for ultra-
sound text removal is offset by its abilities.

There are several positive aspects to the AI-OCR
method such as fully automated and can be deployed
locally or on a server. Automation can be designed to
blind images without direct access to images con-
taining PHI. The AI-OCR function has been recently
modified to allow for either average background or
black. Once the images were cleaned of header and
annotating text, they were used for training and image
classification models.

The small n-size data set contained AI-OCR
images of traverse and lateral-CFI umbilical cords.
This study used full size images or size adjusted
images. Overall, the image recognition models
worked with an error rate <0.15. ResNet34 was used
for this set of experiments due to poor performance
of ResNet18 (data not shown). The full-size images
were acceptable and had an error rate of between
0.11 and 0.125. On the other hand, the center-
cropped and resized images performed well with an
average error rate of 0.083. These experiments indi-
cated that a range of image sizes could be used, but
optimal training occurred using a 224 X 224 pixel 1:1
squished image. This is expected, since this size was
used to obtain the pretrained weights. An interesting
note is one experiment attempted to squish the full
size to 224 X 224 pixels and did not have the same
performance as the center-cropped and resized
method (data not shown). While this effect was not
tested per se, a potential reason is the 4:3 ratio of the
full-size images skewed underlying data when resized
using the squish method. These sets of experiments
clearly demonstrate that image-classification models
can be successfully applied on a mixed image type
data set with a small data set. The problem with the
small data set is the potential for model over fitting
and a lack of error rate resolution. An expanded data
set was needed to resolve the overall performance of
neural network performance.

An expanded data set comprised of lateral-CFI
images was used to test different pretrained neural
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networks and provide a better error resolution. The
increase in images changed the minimum error rate
from 1/8 to 1/56 leading to a minimum error resolu-
tion of 0.017S. The expanded data set error
resolution allows for additional tuning, model com-
parison and testing of different neural networks. Sev-
eral different pretrained neural networks were tested
for SUA classification performance. These were cho-
sen partially based upon the comparison performed
by Jeremy Howard in a Kaggle notebook “Which
image models are best?”>**° Each model was
repeated five times using the same training:validation
seed values. In these sets of experiments, only con-
vnext and ResNetS0v2 did not have an average error
rate of <0.15. However, individual experiments were
able to perform better than the a priori error rate
threshold. The average training loss of ResNet family
and LeViT 256 seemed to reach a minimum around
epoch five to seven. The convnext training loss did
not seem to lower until after epoch five and may ben-
efit from additional training epochs. It was tested
once out to 20-epochs and reached a minimum train-
ing loss and error rate around epoch 18 (data not
shown). When comparing average training time per
epoch, the LeViT 256 was the fastest with ResNet101
being the slowest. The LeViT uses a modified Vision
Transformer (ViT) architecture and explains the fast
training time.”> When looking at the ResNet family,
the more layers of did not equate to better perfor-
mance, therefore, image classification networks need
to be compared.

One potential limitation of this research is the
limited data sets may cause model over fitting. Over
fitting is where the model “learns” the images and
not a generalized pattern for classification. To mini-
mize over fitting standard methods were used. First,
the training data used image augmentation. Image
augmentation modification decreases the probability
of over fitting. Next, the number of training epochs
was limited to minimize over fitting. Finally, the infer-
ence images were not used in training or validation
and obtained high class probability potentially indicat-
ing that the learned pattern was generalizable. These
steps do not negate the need for greater number of
images and patient diversity as this research
continues.

The clinically accepted method to evaluate the
performance of a diagnostic test in a clinical setting is
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the use of sensitivity, specificity, positive predictive
value (PPV) and negative predictive value (NPV).*
The diagnostic values were compared and showed
nearly all of the ResNet family performed extremely
well on the validation set. Overall the
ResNet34-default performed the best. Generally, all
the models had a good sensitivity and a positive pre-
dictive value of >0.8, however, this data was generated
with the validation sets. As the work progresses, diag-
nostic value should be calculated with a separate data
set that has around 5% SUA images. Using a separate
but population representative data set allows for the
ability to robustly calculate diagnostic value along
with accuracy.

The ability for Al to correctly identify an image
depends on the training, training set, and the quality
of the image. The four worst performing images or
around 7% of the validation set showed some inter-
esting trends. One 3v image performed poorly in all
tested models. This image was verified as a 3v cord.
One potential reason for the incorrect classification
maybe the non-specific information. This data was
from the near field ultrasound window containing
interference or nonclinical anatomic information/
images/signals (ie, placental tissue/uterine wall). This
ancillary information skewed the ability of the Al to
separate the near field window interference from the
actual umbilical cord image. Several other images
appeared in more than one model. These errors
maybe corrected by increased data set. A greater
n-size with image diversity (ie, >1000 per group) may
provide the AI the ability exclude non-specific noise
while retaining the diagnostic value. Additionally, if
an increase training size is obtained it should include
greater geographic, racial, and demographic diversity
to minimize errors due to patient population
homogeneity.

To test the different models to infer from new
images, a simple experiment was designed. The ability
for the saved model to infer cord classification from
AI-OCR cleaned images was tested using two unused
images. All of the models were able to correctly pre-
dict the image class but had a range of different infer-
ence probabilities. The convnext model performed
the worst but this may be improved by increased
epochs or data set size. The predictions showed that
lateral-CFI trained models can be applied to new
images at a range of different sizes. The ability for a
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these models to classify cord pathology shows how
obstetricians can add another diagnostic tool to their
clinical practice.

There has been prior research applying Al to fetal
ultrasound images. This work is the first to provide a
workflow, AI-OCR image blinding, transfer learning
and application to a umbilical cord anatomy. The
prior research apply Al to fetal ultrasound studies has
been recently reviewed."” First, there has been seg-
mentation or “coloring” of the different anatomies to
aid in identification and quantification.”” Next, Al
and ML have been applied to measurement and fetal
risk assessments.*”” Finally, there was an Al model
looking at umbilical cord coiling but when analyzing
the figures included both 2v and 3v cords to classify
coiling index.® The inclusion of 2v umbilical cords to
calculate coiling index could skew results. The bio-
physical properties of a 2v cord will have different
coiling characteristics due to potentially smaller cen-
troid radius. Occam’s razor indicates that Al-based
coiling research correlation to outcomes maybe
explained by inclusion of SUA cords. The ability to
properly classify umbilical cord artery anatomy may
improve the predictive nature of coiling index.

The early detection of umbilical cord anomalies
could provide obstetricians and patients with essential
information to allow for a successful pregnancy. The
application of an Al classification model could be used
to aid obstetricians to consult maternal fetal medicine
specialists or needed confirmation to schedule follow
up visits. SUA pathologies can occur in under one half
to 6% of the population and is associated with increase
fetal risk making this is an excellent model to
develop.'”'**® The continued development of this Al-
model would be required for clinical applications. To
do this a multi-stage process should be developed.
First, a comprehensive blinded fetal ultrasound image
repository with demographic and geographic diversity
would be needed. A CT-image repository has already
been successfully used in Al applications.” Next, an
expert working group assembled to create an indepen-
dent image repository for calculating diagnostic value.
With a large enough image repository and expert work-
ing group guidance this model could be refined to
SUA detection followed by type I through IV classifica-
tion. The addition of automatic classification may pro-

vide obstetricians additional clinical outcome
information. The clinical outcome information
15
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combined with clinical experiences can aid in develop-
ing a treatment strategy. The continued development
of AI/ML to develop diagnostic tools to be applied by
obstetricians could help decrease unforeseen maternal
or fetal complications.

This research successfully developed standardized
ultrasound image blinding and Al-image classification
methods. This work showed that transfer learning
using models pretrained on a standard image library
can be applied to ultrasounds. The trained models
were able to classify 2 or 3-vessel umbilical cords and
proved to be of high diagnostic value. Taking into
account the training, validation, diagnostic value and
inference the ResNet34 appears to work the best with
this data set. In the future, a fetal ultrasound reposi-
tory should be developed along with a standardized
diagnostic value calculation set. Due to potential for
misclassifications, this Al should be a tool but not a
replacement for expert medical care. The creation of
obstetrician lead AI tools for the detection of fetal
anomalies or high-risk patients could help decrease
negative maternal and/or fetal outcomes.

Data Availability Statement

The data that support the findings of this study are
openly available in GitHub at https://github.com/
Eric43/MFM_AL
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