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Enhancing Clinical IVF Embryo Selection through the
Integration of Artificial Intelligence and Bayesian Statistics

ABSTRACT

Despite major advancements in IVF technologies, the success rate of IVF remains low at around
35% and the main challenge of clinical IVF is embryo selection. Our approach to improve embryo
selection leverages the advantages of Al its ability to analyzing large and complex datasets, and
Bayesian statistics, its ability to robustly infer causal relationships in complex problems. First, we
enhanced the precision and efficiency of Time-Lapse Microscopy (TLM) image analysis through
the implementation of Computer Vision (CV) techniques. We developed Al algorithms to auto-
mate the extraction of morphokinetic features from TLM movies of human embryos, providing a
more objective evaluation of embryo quality. Second, we integrated these CV networks into Blas-
tAssist, a pipeline designed to measure comprehensive, quantitative, and clinically-relevant features
in IVF. To validate our pipeline, we conducted detailed comparisons between BlastAssist measure-
ments and manual assessments by human experts, annotations from embryologists during routine
treatments, outcomes of single embryo transfer (SET) cycles, and live birth outcomes of transferred
embryos. Lastly, using the unprecedentedly large dataset generated by the BlastAssist pipeline in
conjunction with electronic health record (EHR) data from three IVF labs, we constructed proba-
bilistic graphical models (PGM:s) for the complex IVF process across three key stages: ovarian stimu-
lation, fertilization, and embryo development. These graphical models elucidate causal relationships
among variables in clinical IVF, providing valuable insights for directing future clinical research.
Overall, this project has the potential for significant clinical impact. The BlastAssist pipeline has the
potential as a powerful tool to streamline the IVF image analysis process and assist embryologists in
embryo selection. The integration of Al and Bayesian statistics can enhance our understanding of
this complex process and help us identify key clinical predictors and improve clinical outcomes.
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Introduction



0.1 BACKGROUND

Overview of n vitro fertilization (IVF) and its significance

Infertility is a widespread problem that affects a significant portion of the population world-
wide . According to the Centers for Disease Control and Prevention (CDC), approximately 1 in 6
couples experience infertility at some point of their reproductive life, and 1 in 3 couples if maternal
age is older than 35 years old*»*', making it a common issue that impacts millions of people world-
wide. Of all the assisted reproductive technologies (ART) available, 77 vitro fertilization (IVF) is the
most effective treatment for infertility*'. In clinical IVF, patients first undergo ovarian stimulation
to produce multiple oocytes, and these oocytes are retrieved by embryologists and fertilized 77 vitro.
The successfully fertilized embryos are then cultured 7z vitro for up to 5 days. Embryologists then
select the best embryo and transfer it to the uterus, where it can implant and develop into a healthy
fetus.

The success rate of IVF varies depending on many factors, including the age of the woman, the
quality of the sperm, and the skill of the embryologist, etc ****3*5. Global reports of clinical out-
comes show that the success rate of IVF still remains low, at around 3 5%, with a higher success rate
for women under 35 years old*"*. Despite advances in many aspects of IVF techniques, embryo se-
lection remain a key challenge®35. Selecting the most viable embryos is a highly complicated prob-
lem due to the complex clinical environments with many confounding factors. In addition, there
is still a lack of understanding of human pre-implantation embryo development, as it is extremely
difficult to study human embryos in an experimental setting due to ethics reasons®°.

Embryologists tend to transfer more embryos for patients with poor prognosis or low embryo
qualities, hoping to improve pregnancy rates. However, increasing the number of embryos trans-
ferred also increases the risks associated with multiple pregnancies, such as premature birth and

maternal complications®". To address these concerns, there is a growing emphasis on single embryo



transfer (SET), where only the best embryo is selected and transferred to maximize the chances of a

successful pregnancy while minimizing risks of multiple pregnancie565>29’

'3, Making this major shift
towards SET will require continued research and advancement in the field of IVF, especially signifi-
cant improvement on embryo selection techniques, as well as a deeper understanding of the complex

factors that influence pre-implantation embryo development.

Challenges in current clinical IVF embryo selection methods

The current standard of care in embryo selection is based on morphological grading””37, where
embryologists assess the morphology of the oocytes or embryos manually under a microscope. The
goal of morphological grading is to identify any qualitative abnormalities or irregularities in the
shape, structure or development of the embryos, which are associated to their potential for implan-
tation and pregnancy. Despite the improvements in morphological grading, there are still several
challenges associated with it, including: 1). Inter and intra -observer variability: Morphological
grading is subjective, and there can be variations in the interpretation of abnormalities between dif-
ferent embryologists and with the same embryologists**. 2). Limited predictive value: Morphologi-
cal grading is not always accurate in predicting the outcome of an IVF cycle''7. Many abnormalities
and features evaluated may not actually affect the implantation potential of the eggs or embryos'**
3). Time-consuming: Manual morphological grading can be time-consuming, which can increase
the burden of embryologists. 4). Limited assessment: Manual morphological grading only assess the
embryos at a few time points, and may not provide a complete picture of their quality.

Pre-implantation Genetic Testing for Aneuploidies (PGT-A) is becoming more common in
the field of IVF as a means of embryo selection, where a few cells are biopsied and tested for aneu-

ploidy#°. While there is strong correlation between aneuploidy and lower viability ***

, it’s important
to recognize that this test is not without controversy. Here are some of the challenges and contro-

versies surrounding PGT-A: 1). Invasiveness: PGT-A involves the biopsy of a small number of cells



from the embryo, which can be invasive and carries a risk of harm to the embryo?”. 2). Efficacy:
The efficacy of PGT-A in detecting aneuploidy is not 100%, and some embryos that test aneuploid
may still implant and result in a healthy pregnancy, likely due to the prevalence of mosaicism in pre-
implantation human embryos®”**5. 3). Cost: PGT-A is an expensive test, and not widely available
in clinics, which can be a barrier for some patients'°*. 4). Impact on pregnancy outcomes: Some
studies have suggested that PGT-A may not improve pregnancy outcomes, and that other factors
such as maternal age and embryo quality may play a more important role *7-0¢547¢,

Time-lapse microscopy (TLM) is a technique that uses a specialized microscope to capture high-
resolution images of embryos at regular time intervals, typically every 10-30 minutes, over a period
of several days. This allows researchers to observe the dynamic processes of embryonic development
in real-time, providing valuable insights into the growth and development of embryos. One of the
key advantages of TLM is that it provides a much more detailed and accurate assessment of embryo
development compared to traditional manual morphological grading. TLM has been adopted in
many IVF clinics for the culture of embryos®5?55. TLM systems has shown promise in improving
the accuracy and efficiency of embryo grading, but there are still limitations to their effectiveness.
Many clinics that utilizes these systems still rely on manual evaluation of embryo movies, which
can be time-consuming and subjective. A recent randomized controlled trial (RCT) found that the
current method of utilizing TLM did not lead to improved IVF outcomes compared to manual
morphological grading alone*. This may be due to the fact that not all of the information from
TLM is being leveraged, and there is still a need for further development and refinement of these
systems to improve their accuracy and applicability in clinical settings.

With the recent rapid advancements in artificial intelligence (AI), which are based on construct-
ing predictive models from the (often subtle) associations present in ‘training’ data, researchers
have attempted to develop Al algorithms for use in embryo evaluation and selection. Some pre-

vious Al algorithms were developed to directly predict clinical outcomes from clinical images or



movies 16,102,24,114,

198 These algorithms are referred to as “black-box” algorithms, as their inner
workings are not transparent or interpretable. In other words, the algorithm’s decision-making pro-
cess is opaque, and it is difficult to understand why it makes certain predictions or decisions. These
black-box” algorithms are often used in applications where interpretability is not a primary con-
cern, such as image or speech recognition, natural language processing, and other complex predictive
tasks. However, in the IVF and other medical settings, interpretability is crucial in clinical decision

making ***¢. Therefore, an alternative means of Al algorithm with high interpretability is necessary

to for it to be applicable in clinical IVF 296,3

0.2 AIMS

Aim 1. Improve the accuracy and efficiency of TLM image analysis using Computer Vision

Our objective is to build a clinical selection algorithm to fully leverage the advantages of both
TLM systems and Al, without compromising on interpretability of the model. We first aim to im-
prove the accuracy and efficiency of image analysis of TLM movies using computer vision (CV)
methods. CV is a field of Al that deals with enabling computers to interpret and understand visual
information from the world around us. This includes images, videos, and other types of visual data.
The goal of CV is to enable AI algorithms to perform tasks that would typically require human
visual perception, such as segmentation, object detection and recognition, object understanding
(classification).

Traditional methods of IVF image analysis rely on manual observation and measurement of em-
bryos, which can be time-consuming and subjective. However, by leveraging the power of CV, we
aim to automatically extract comprehensive morphokinetic features from movies of embryos during
the early stages of development. These features can provide a more accurate and objective assess-

ment of embryo quality, enabling embryologists to make more informed decisions about which



embryos to select for transfer. We hope that this will ultimately lead to improved clinical success
rates and enhanced patient experience. Our approach will also streamline the image analysis process
of TLM, reducing the time and cost associated with manual analysis, and enabling clinics to provide
better care to more patients. By combining cutting-edge CV techniques with the expertise of em-
bryologists, we believe that we can revolutionize the field of IVF analysis and improve the chances of

success for couples undergoing fertility treatment.

Aim 2. Measure Interpretable and clinically-relevant features of Human Embryos

Before we can deploy the Al algorithm we developed in Aim 1 in clinical settings, it is crucial that
we measure key clinical features and conduct detailed comparisons between our outcomes and the
measurements of human experts and clinicians.

In order to corroborate the algorithms we developed, we first combine the CV networks we de-
veloped into BlastAssist, a pipeline that can measure interpretable and clinically-relevant features
of human embryos. We applied the BlastAssist pipeline to 67,043,973 images (32,939 embryos)
recorded in the IVF lab from 2012 to 2017 in Tel Aviv Sourasky Medical Center. We then com-
pared the pipeline measurements of individual images/embryos to manual measurements by human
experts for sets of features, including: 1) fertilization status, 2) cell symmetry, 3) degree of fragmen-
tation, 4) developmental timing. We then conducted detailed comparisons between pipeline out-
puts and annotations made by embryologists during routine treatments for features, including: 1)
fertilization status, 2)) pronuclei (PN) fade time, 3) degree of fragmentation on day 2, 4) time of blas-
tulation. In addition, we compared the pipeline outputs to the outcomes of single embryo transfer
(SET) cycles with known implantation results, and to the live birth results of embryos that were
transferred.

The ultimate goal of BlastAssist is to provide embryologists with a powerful tool that can aid in

the embryo selection process, ultimately improving the clinical success rate.



Aim 3. Build Causal Models of Clinical IVF Features

The clinical IVF environment is extremely complicated, with many variables at play, from patient
data, treatment data, to embryo data, and IVF outcomes, and many other confounding variables.
Most clinical IVF studies have used statistics to find correlations between variables, hoping to gain
understanding of this complex process. However, there are two major problems: 1) Amongst the
large number variables in clinical IVF, almost all variables are inter-correlated with each other, mak-
ing understanding and modeling the process difficult. And the frequentist statistics that most stud-
ies use is not suitable to study these complex systems. This is particularly important in IVF, where
many confounding variables can significantly affect pregnancy outcomes. 2) most fundamentally,
typical correlation studies are aimed to aid inference, but the process of selecting the best embryo
for transfer entails a causal question — what will the result of the IVF treatment be if we transfer this
particular embryo? — rather than an inferential question — given that this embryo was transferred,
what is the probability that it implanted?

Overall, Bayesian causal models offer a powerful tool for clinical decision-making in IVF, allow-
ing for more accurate predictions of treatment outcomes while incorporating prior knowledge and

accounting for confounding variables.

0.3 SIGNIFICANCE

This project has the potential for significant clinical impact. First, the BlastAssist pipeline can not
only save valuable time for the embryologists, but also increase consistency and accuracy for clinical
annotations. The pipeline can be easily incorporated into clinical settings and serve as a tool to assist
embryologists in clinical decision making and improve clinical efficiency.

Second, we are able to obtain an unprecedented amount of human pre-implantation develop-

mental data from the pipeline measurements. Using this data, one can potentially answer many



significant biological questions, and conduct retrospective clinical trials. We are also able to study
and potentially answer other fundamental questions of biology and physics during the human pre-
implantation embryonic development but these will be beyond the scope of my projects.

In addition, the probabilistic graphical models we built using Bayesian statistics will hopefully
allow us to improve our current embryo selection process in clinical IVF. Instead of using Al to
produce ”black-box” algorithms to directly predict implantation outcome from images and videos,
we leverage all the information from the TLM videos and the advantages of A, and built causal
inference models.

The integration of Al and Bayesian statistics has the potential to significantly enhance the ac-
curacy of embryo selection in IVF. By integrating CV algorithms into the BlastAssist pipeline to
analyze large datasets, embryologist can identify subtle patterns and trends that may not be appar-
ent through traditional methods. Additionally, Bayesian statistics can help to incorporate prior
knowledge and uncertainty into the selection process, leading to more reliable predictions and bet-

ter outcomes.



1

Automating IVF Analysis:
Morphokinetic Assessment of Human

Embryos through Computer Vision



This chapter is adapted from the manuscript of Automated Measurements of Key Morphologi-

cal Features of Human Embryos for IVF®,

1.1 INTRODUCTION

ONE IN SIX COUPLES WORLDWIDE SUFFER FROM INFERTILITY **. Many of those couples seek to
conceive via In-Vitro Fertilization (IVF). In IVF, a patient is stimulated to produce multiple oocytes.
The oocytes are retrieved, fertilized, and the resulting embryos are cultured 7z vitro. Some of the
embryos are then transferred to the mother’s uterus in the hopes of achieving a pregnancy; the re-
maining viable embryos are cryopreserved for future treatments.

While transferring multiple embryos to the mother increases the potential for success, it also
increases the potential for multiple pregnancies, which are strongly associated with increased risks of
maternal morbidity and offspring morbidity and mortalitySI. Thus, it is highly desirable to transfer
only one embryo, to produce only one healthy child®>. This requires clinicians to select the highest
quality embryos for transfer, which remains highly challenging®®.

The current standard of care is to select embryos primarily based on their morphology, by ex-
amining them under a microscope. In a typical embryo, after fertilization the two pronuclei, which
contain the father’s and mother’s DNA, move together and migrate to the center of the embryo.
The embryo undergoes a series of cell divisions, during the “cleavage stage.” Four days after fertiliza-
tion, the embryo compacts and the cells firmly adhere to each other, at which time it is referred to as
a compact “morula.” On the fifth day, the embryo forms a “blastocyst”, consisting of an outer layer
of cells (the trophectoderm) enclosing a smaller mass (the inner-cell mass). On the sixth day, the
blastocyst expands and hatches out of the zona pellucida (the thin eggshell that surrounds the em-

bryo) 38 Clinicians score embryos by manually measuring features such as cell number, cell shape,

I0



cell symmetry, the presence of cell fragments, and blastocyst appearance 38, usually at discrete time
points. Recently, many clinics have started to use time-lapse microscopy systems that continuously
record movies of embryos without disturbing their culture conditions>*%?. However, these videos
are typically analyzed manually, which is time-consuming and subjective.

Previous researchers have trained convolutional neural networks (CNN:Gs) to directly predict
embryo quality, using either single images or time-lapse videos*>'°*. However, interpretability is
vital for clinicians to make informed decisions on embryo selection, and an algorithm that directly
predicts embryo quality from images is not interpretable. Worse, since external factors such as the
patient age ** and body-mass index '® also affect the success of an embryo transfer, an algorithm
trained to predict embryo quality may end up learning a representation of confounding variables
that may change as IVF practices or demographics change. Some researchers have instead trained
CNN's to extract a few identifiable features from images of embryos, such as blastocyst size 53, blas-
tocyst grade ©'3%:54, cell boundaries®, or the number of cells when there are 4 or fewer3>>. While
obviating any problems with interpretability, these works leave out many key features that are be-
lieved to be important for embryo quality.

Here, we present a machine learning suite of five CNNs to extract key morphokinetic features
from time-lapse videos of embryos in clinical IVF. We work closely with clinicians to measure bio-
logical features relevant for clinical IVF: segmentation of the zona pellucida (Fig. 1.1a), grading the
degree of fragmentation (Fig. 1.1b), classification of the developmental stage from 1-cell to blasto-
cyst (Fig. 1.1c¢), object instance segmentation of cells during cleavage stage (Fig. 1.1d), and object
instance segmentation of pronuclei before the first cell division (Fig. 1.1¢). With the exception of
segmenting the zona pellucida, all of these features have been used for embryo selection *%7#°;
we segment the zona pellucida both to improve the other classifiers and because zona properties
occasionally inform other IVF procedures ¢ The five CNNs work together in a unified pipeline,

combining results from one another to improve performance.
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Figure 1.1: Computer vision pipeline for extracting morphokinetic features from human embryos. We first segment the
image to locate the embryo (panel a, regions colored according to segmentation). The segmentation provides a region-
of-interest (ROI, white box) for the other 4 classifiers, starting with embryo fragmentation (b); the image shown has a
predicted fragmentation score of 0.26. If the embryo's fragmentation score is less than 1.5, we classify the developmen-
tal stage (c); this image is classified as a 2-cell embryo. We then detect cells in cleavage stage embryos (orange contours
in d) and pronuclei in 1-cell embryos (magenta contours in e).

1.2 DATASET

We train the CNNs using data from the , the most widely-used system for IVF with standardized,
time-lapse microscopy. images are grayscale, and taken using Hoffman Modulation Contrast mi-
croscopy*®, in which the intensity roughly corresponds to refractive index gradients. In our dataset,
the takes an image every 20 minutes at 7 focal planes, usually at 15 increments. The embryos are
recorded for 3 — 5 days, corresponding to 200 — 350 images at each focal plane (z.e. 1400 — 2450
images per embryo), although embryos are occasionally removed from the incubation system for
clinical procedures. To train the CNNs, we curate a dataset with detailed, frame-by-frame labels for

each task.

1.3 OUR PIPELINE

For each time-lapse video, we measure 5 morphokinetic features using s networks:
Zona Pellucida Segmentation We first perform semantic segmentation to identify regions of

the embryo, segmenting the image into four regions: pixels outside the well, inside the well, the

I2



zona pellucida, and the space inside the zona pellucida (the perivitelline space and embryo; Fig-
ure 1.2, left). We segment the images by using a fully-convolutional network (FCN7"; based on
Resnetro1+7) to predict a per-pixel class probability for each pixel in the image. We train the FCN
with images chosen from 203 embryos at 3,618 time points.

The first network in our pipeline, zona segmentation, takes the full 500X soo pixel image as in-
put. We use the zona segmentation to crop the images to 328 X 328, centered around the embryo, as
input for the other networks.

Fragmentation Scoring With the cropped image from the zona pellucida segmentation, we score

196), For each time

the embryo’s degree of fragmentation, using a regression CNN (InceptionV'3
point in the movie we analyze, we run the CNN on the three middle focal planes (Figure 1.3, left).
The network takes each single-focus image as input and predicts a fragmentation score of o (0%
fragments), 1 (<10%), 2 (10-20%), or 3 (>20%), following clinical practice. We train the network
to minimize the L! loss on cleavage-stage images of 989 embryos at 16,315 times, each labeled with
an integer score from o — 3; we use a validation set of 205 embryos labeled at 3,416 times for early
stopping**. We produce a final score by averaging the three separate scores from the three separate
focal planes.

Counting and identifying cells in fragmented embryos is difficult, inhibiting the labeling of train
or test data for these embryos. Moreover, since high fragmentation is strongly correlated with low
embryo viability*, in standard clinical practice highly fragmented embryos are frequently discarded.
Thus, we only train the rest of the networks on embryos with less than 15% fragmentation.

Stage Classification For low fragmentation embryos, we classify the embryo’s developmental
stage over time using a classification CNN (ResNeXt1o1 '™*). The classifier takes the three mid-
dle focal planes as input and predicts a 13-element vector of class probabilities, with 9 classes for
cleavage-stage embryos (one each for 1-8 cells and one for > 9 cells) and one class each for morula

(M), blastocyst (B), empty wells (E), and degenerate embryos (D; Figure 1.4, left). To account for
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inaccuracies in the training data labels, we trained the classifier with a soft loss function modified

from the standard cross-entropy loss

log (p(¢|m)) = log (Zﬂﬂﬂﬂﬂ%) , (r.1)

where ¢ is the true stage of an image, £ the (possibly incorrect) label, and 7 the model’s prediction.
We measured p(£|¢) by labeling 23,950 images in triplicate and using a majority vote to estimate
the true label # of each image. This soft-loss differs from the regularized loss in'°® by differentially
weighting classes; for instance, p(¢ = 1-cell|t = 1-cell) = 0.996 whereas p(¢ = 6-celllz =
6-cell) = 0.907. Using the measured p(¢|z), we then trained the network with 341 embryos la-
beled at 111,107 times, along with a validation set of 73 embryos labeled at 23,381 times for early
stopping**. Finally, we apply dynamic programming " to the predicted probabilities to find the
most-likely non-decreasing trajectory, ignoring images labeled as empty or degenerate (Figure 1.4,
center).

Cell Object Instance Segmentation For the images identified by the stage classifier as having 1-8
cells, we next perform object instance segmentation on each cell in the image. We train a network
with the Mask R-CNN architecture * and a ResNetso backbone *7, using 102 embryos labeled at
16,284 times with 8 or fewer cells; we also use a validation set of 31 embryos labeled at 4,487 times
for early stopping*’. Our instance segmentation model takes as input a single-focus image cropped
by the zona classifier and resized to s00x s00. The segmentation model then predicts a bound-
ing box, mask, and confidence score for each detected cell candidate (Figure 1.5, left). Both the
ground-truth labels and the predicted masks overlap significantly when the embryo has 4 — 8 cells
(Figure 1.5, center). We train the cell segmentation model to minimize the sum of losses of region
proposal module, bounding box module, and mask generation module. We produce a final pre-

diction by running our segmentation model on the three central focal planes; we merge candidates
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found across focal planes by using the one with the highest confidence score.

Pronucleus Object Instance Segmentation Finally, in the images identified as 1-cell by the stage
classifier, we detect the presence of pronuclei. To do so, we train another object instance segmenta-
tion network with the Mask R-CNN architecture * and a ResNetso backbone 7. We use a training
set of 151 embryos labeled at 9,250 times during the 1-cell stage, with a validation set of 33 embryos
labeled at 1,982 times for early stopping**. Pronuclei are only visible during a portion of the 1-cell
stage; correspondingly, about 38% of the training images contain o, 6% contain 1, and 54% contain
2 pronuclei. The pronuclei detector takes as input a single image, cropped by the zona classifier and
resized to 500X 500, and it predicts a bounding box, mask, and confidence score for each detected
candidate (Figure 1.6, left). We run the pronuclei detector on the three middle focal planes and

merge candidates found in multiple focal planes by using the one with the highest confidence score.

1.4 RESULTS

We now evaluate our pipeline’s performance, demonstrating the effect of each design choice in the
models with ablation studies.

Zona Pellucida Segmentation Our zona pellucida classifier nearly optimally segments the test
set images, taken from 36 embryos at 576 times. The FCN correctly labels image pixels 96.7% of
the time, with per-class accuracies between 93-99% (Figure 1.2, right). The misclassified pixels arise
mostly at region boundaries, roughly corresponding to the few-pixel human labeling inprecision at
region boundaries.

Fragmentation Scoring The network predicts a score with a mean-absolute deviation of 0.45
from the test labels on the fragmentation test set of 216 embryos labeled at 3,652 times (Figure 1.3,
right). When distinguishing between low- (< 1.5) and high- (> 1.5) fragmentation, the network

and the test labels agree 88.9% of the time. Focus averaging and cropping to a region-of-interest each
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Figure 1.2: Zona pellucida segmentation classifier. The zona classifier (ResNet101 FCN) performs semantic segmenta-
tion on the input image, predicting four class probabilities for each pixel (colored as purple: outside well, pink: inside
well, green: zona pellucida, cyan: inside zona). Middle: 12 representative segmentations of 3 embryos from the test set.
Right: the per-pixel accuracies of the classifier on each class in the test set.
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Figure 1.3: Degree of fragmentation classifier. Left: The fragmentation network (InceptionV3 architecture) scores em-
bryos with a real number from O - 3; the image at left is scored as a fragmentation of 2.46. Middle: 8 representative
fragmentation scores on the test set, shown as image: score pairs. Right: The distribution of the network’s prediction
given the ground-truth label on the test set. The green distribution corresponds to images with a ground-truth label of
0; orange those labeled as 1; blue, 2; pink, 3.

provide a 1—1.5% boost to the network’s accuracy (table 1.1).

We suspect that much of the fragmentation network’s error comes from imprecise human label-
ing of the train and test sets, due to difficulties in distinguishing fragments from small cells and due
to grouping the continuous fragmentation score into discrete bins. To evaluate the human labeling
accuracy, two annotators label the fragmentation test set in duplicate and compare their results. The
two annotators have a mean-absolute deviation of 0.37 and are 88.9% consistent in distinguishing
low- from high- fragmentation embryos. Thus, the fragmentation CNN performs nearly optimally

in light of the labeling inaccuracies.
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Figure 1.4: Developmental stage classifier. Left: The stage classification CNN (ResNeXt101) predicts a per-class prob-
ability for each image; the two bar plots show the predicted probabilities for the two images. Middle: We use dynamic
programming to find the most-likely non-decreasing trajectory (orange); the two circled times #; and ¢, correspond to

the predictions at left. Right: The distribution of predictions given the true labels, as measured from the test set.

Stage Classification The stage classifier predicts the developmental stage with a 87.9% accuracy
on the test set, consisting of 73 embryos labeled at 23,850 times (Figure 1.4, right). The network’s
accuracy is high but lower than the human labeling accuracy on the test set (94.6%). Both the soft-
loss and the dynamic programming each improve the predictions by 2% (table 1.1). The stage clas-
sifier struggles to distinguish the developmental stage when there are between s and 8 cells (66.9%
accuracy for these classes). In contrast, the stage classifier does exceedingly well on images with 1-
cell (99.9%), 2-cells (98.7%), empty wells (99.4%), or blastocysts (98.0%; Figure 1.4, right). Despite
measuring significantly more developmental stages, our stage classifier outperforms previous cell
counting networks developed for human embryos 5>¢*.

Cell Object Instance Segmentation We measure the accuracy of the cell instance segmentation
network using mean-average precision (mAP)7°, a standard metric for object instance segmenta-
tion tasks. Our network predicts cell masks with a mAP of 0.737 on the test set, consisting of 31
embryos labeled at 4,953 times. The model identifies cells with a precision of 82.8% and a recall of
88.4%, similar to results from other work on fewer images 8 For correctly-identified candidates, the

predicted cell area is within 17% of the true cell area 90% of the time (Figure 1.5, right); much of this

error arises when cells strongly overlap late in the cleavage stage. Cropping to a region-of-interest
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Figure 1.5: Blastomere contour detection network. The cell detection network (Mask-RCNN, ResNet50 backbone) takes
an image (left) and proposes candidates as a combined object mask and confidence score from 0-1 (second from left).
Center: The boundaries of the object mask represented as the cell’s contours (orange, center). Second from left: 12

cell instance segmentations for 4 embryos from the test set (shown as orange contours overlaid on the original image).
Right: Histogram of the ratio of predicted to true areas for correctly identified cells in the test set.

Table 1.1: Ablation study of computer vision networks. Effect of design choices for the 4 more difficult tasks, illustrated
by removing one modification to the network at a time. Test-set scores are in percent correctly classified (stage, frag-
mentation) and mean-average precision (blastomere, pronuclei). The best scores are boldfaced.

Fragmentation | Stage | Blastomere | Pronuclei

Setting (%) (%) (mAP) (mAP)

Full Setting 88.9 87.8 0.737 0.680

Single Focus 87.8 84.8 0.739 0.668

No ROI from Zona 87.4 84.9 0.733 0.666

Using 50% Training Data 87.7 85.3 0.494 0.656
No Soft Loss - 85.3 - -
No Dynamic Programming - 86.0 - -

provides a marginal improvement to the network’s accuracy (table 1.1).

Pronucleus Object Instance Segmentation The pronuclei segmentation network predicts masks
with a mAP of 0.680 on the test set of 33 embryos labeled at 2,090 times. The network identifies
pronuclei with a precision of 81.4% and a recall of 88.2%. Much of the false positive detections are
from vacuoles inside the 1-cell embryo, which look similar to pronuclei. For correctly-identified
candidates, the predicted pronuclei area is within 16% of the true pronuclei area 90% of the time
(Figure 1.6, right). Averaging across focal planes and cropping to a region-of-interest improves the

mAP by 1% (table 1.1).
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Figure 1.6: Pronuclei detection network. The pronuclei detection network (Mask-RCNN, ResNet50 backbone) takes

an image (left) and proposes candidates as a combined object mask and confidence score from 0-1 (second from left).
Center: The boundaries of the object mask represented as the pronuclei’s contours (magenta, center). Second from

left: 12 pronuclei instance segmentations for 4 embryos from the test set (shown as magenta contours overlaid on the
original image); the leftmost images illustrate true negatives after the pronuclei have faded. Right: Histogram of the ratio
of predicted to true areas for correctly identified pronuclei in the test set.

1.5 CONCLUSIONS

Our five networks greatly speed up the grading of embryos: running all five networks on a 300-
image, five-day movie takes 6 minutes on a GTX Titan X. In the future, we plan to make this pipeline
even faster, by combining all five networks with multi-task learning*°. Since we measure many of

the features used in clinical IVF, our networks have the potential to reduce the time to grade em-
bryos in clinical IVF, without sacrificing interpretability. Equally as important, the automatic, high-
quality data from our networks will enable better retrospective chart studies for IVF, improving IVF

by informing better clinical practice.
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2

BlastAssist: a Deep Learning Pipeline
to Measure Interpretable Features of

Human Embryos
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This chapter is adapted from the manuscript of BlastAssist: a deep learning pipeline to measure

interpretable features of human embryos'*°.

2.1 INTRODUCTION

In vitro fertilization (IVF) has revolutionized the treatment of human infertility and more than 3
million IVF cycles are now performed each year worldwide '. Despite the ubiquity of IVF treat-
ments, their success rate remains relatively low: only ~ 35% of cycles result in live birth in the US>,
leading to high financial and emotional costs.

While increasing the number of embryos to transfer increases the potential for live births, it also
increases the risks for multiple pregnancies with associated maternal and offspring morbidity and
mortality®. Therefore, clinical standards strongly recommend single embryo transfer (SET) 5,
which greatly increases the need to accurately evaluate and select embryos.

Manual morphological grading is still the most widely-used method for embryo evaluation”737.
Pre-implantation Genetic Testing for Aneuploidies (PGT-A) is increasingly used for embryo selec-
tion, though it is invasive and its efficacy is controversial ®>*+7°. Time-lapse microscopy (TLM) in-
cubators have been adopted in many clinics to culture embryos while collecting continuous movies
of pre-implantation development?5*55. TLM systems provide significantly more information than
traditional manual morphological grading *>7>*°. Many clinics that utilize TLM systems rely on
manual evaluation of embryo movies, which is extremely time-consuming and subjective. In a re-
cent randomized controlled trial (RCT), the current method of utilizing TLM failed to improve
IVF outcomes relative to manual morphological grading alone*, which might be due to not all the
information from TLM being leveraged. An automated and comprehensive means of extracting
clinically and biologically relevant information from TLM movies would be greatly beneficial to

embryologists and has the potential to improve IVF outcomes.
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Machine learning (ML) algorithms, which are based on constructing predictive models from
the (often subtle) associations present in “training” data, have been highly successful at analyzing
large and complex datasets. Compared to humans, ML algorithms can consistently, rapidly, and
accurately process large amounts of data at very low cost®’, making them a promising means for aid-
ing in embryo evaluation through TLM movies. There have been several prior attempts to develop
ML algorithms for use in embryo evaluation and selection. Some previous ML algorithms were
developed to directly link images or movies of embryos to the probability of an embryo implant-
ing'®1°>>* and developing to fetal heartbeats "%, However, such “black-box” approaches have a
number of disadvantages»*®3: 1) The lack of implantation ground truth in most IVF cycles makes
the training data, and hence the resulting algorithms, biased towards SET cycles, which might not
be always representative; 2)) there are numerous confounders, including patient age, body mass index
(BMI), uterine receptivity, sperm quality, culture conditions, and variations in treatment proce-
dures, which may make ML algorithms trained solely on embryo images/movies not generalizable to
different patient populations; and 3) most fundamentally, typical ML algorithms are designed to aid
inference, but the process of selecting the best embryo for transfer entails a causal question — what
will the result of the IVF treatment be if we transfer this particular embryo? — rather than an infer-
ential question — given that this embryo was transferred, what is the probability that it implanted?

ML algorithms that extract biologically and clinically relevant features from TLM movies have
the potential to overcome the limitations of black-box approaches. Automatically measuring such
features would aid embryologists in their current practices, and could be combined with inter-
pretable, statistical models of oocyte and embryo development 4 to guide embryo selection. A
number of prior studies have developed ML algorithms to measure interpretable features, but, so
far, these have been mostly limited to simple, individual features such as cell stage up to s5- or 8-
cell 2674, blastocyst segmentation of inner cell mass (ICM) and trophectoderm (TE)>?***! /and

blastocyst grading®"»5+. In addition, automated measurements might be timesaving and assist em-
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bryologists, but to be useful, their accuracy must be at least comparable to that of embryologists. To
the best of our knowledge, no prior studies have systematically compared automated measurements
to those of human experts and embryologists *°>°*.

Here, we built off our prior works >5°7* and developed BlastAssist, a holistic pipeline to measure
a comprehensive set of interpretable features that are clinically and biologically relevant, including:
1) fertilization status, 2) cell symmetry, 3) degree of fragmentation, 4) developmental timing, and
5) size of the ICM and TE and the dynamics of blastocyst expansion. We used BlastAssist to ana-
lyze movies of 32 939 human embryos (67 043 973 images), resulting in an unprecedented dataset
that will be a powerful resource for studying human pre-implantation embryology. To characterize
the accuracy of the BlastAssist pipeline, we conducted detailed comparisons between the pipeline
outputs to four different metrics 1) manual annotations from a panel of human experts in idealized
situations, 2) annotations previously made by embryologists during the course of routine IVF treat-
ments, 3) implantation success rate of SET cycles, and 4) the likelihood that the transferred embryo

would result in live birth.

2.2  MATERIALS AND METHODS

Study design and dataset

The EmbryoScopeTM dataset was collected from the IVF unit of Sourasky Medical Center in Tel
Aviv, Israel from treatment cycles performed between 2012-2017. EmbryoScopeTM is the most
widely-used TLM system for IVF?5. It utilizes Hoffman modulation contrast (HMC) microscopy **.
The dataset consists of 32 939 embryos, imaged every 20 minutes at 7 different focal planes up

to the first five days of development, yielding 67 043 973 JPEG files, each 500X 500 pixels in size.
Along with the image data, standard clinical annotations were also recorded for these embryos. The

clinical annotations include: 1) electronic health record (EHR) data, 2) treatment information, such
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as fertilization method, hormone dosage, and culture media, 3) embryo grading and annotations,
such as developmental timing, degree of fragmentation on day 2 and day 3, PN count and fade time,
and 4) treatment outcomes, such as beta-human chorionic gonadotropin (b-HCG) and live births.
These clinical annotations were used to compare clinic and network measurements at 4 different
levels: Comparison of BlastAssist measurements to 1) measurements performed by human expert(s)
in ideal situations, 2) clinical measurements during routine treatments, 3) implantation outcomes

for SET cycles, and 4) live birth results for cycles where up to 4 embryos were transferred.

Metrics
In additions to metrics commonly used in IVF clinics, we implemented quantitative metrics to bet-
ter represent the results of BlastAssist.

We define the symmetry score as a function of time S(¢) as the standard deviation of the areas
normalized by their mean. We calculate the embryo’s symmetry score as the time-averaged symmetry
for the entire 2-cell or 4-cell stage.

We define the average thickness of TE and zona pellucida (ZP) as the average of the closest dis-
tances from each point on the medial axis'7 of the TE or ZP to the boundary multiplied by 2.

When ICM:s first form, their sizes increase significantly at first and then fluctuate around a con-
stant value. In addition, ICMs are known to have significant movement throughout the blastocyst
stage, which means that the ICMs can move in and out of the focal plane during imaging, which can
dramatically change the ICM’s detected size. We define the average ICM size as the average area of
detected ICM over time if the ICM size is relatively constant for approximately s hours or more.

We define blastocyst expansion rate as the slope of the linear regression fit of the size of the blas-
tocyst diameter over time if the Pearson correlation coefficient is larger than 0.8, to eliminate any

blastocysts that do not have a steady growth rate.

Statistics
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4512 was used to evaluate associations between two measure-

Pearson’s correlation coefficient (7)
ments.

For implantation results of the 723 SET cycles, the cycles are divided into two to four classes
for each feature and the success rates for implantation are calculated. For continuous features, the
classes are divided based on both the biological meaning of the feature and the data distribution.
The error bars are calculated ¢ = /p(1 — p)/N, where p is the probability which is the implan-

tation success rate and N is the sample size. Pearson’s y* test”® was performed on each feature to

evaluate the statistical independence of the feature and the implantation results.

For live birth results of the 3421 embryos (1801 cycles) where up to four embryos were trans-
ferred, we used a previously developed method 64 to estimate the probability of an implanted em-
bryo resulting in live birth as a function of individual features. We estimate this probability with a
105

Bayesian approach (see Supplementary Data File S1: Correlations to live birth). Two-sided t-test

was performed on each feature to evaluate the statistical significance of the slope of the fitting.

2.3 REsULTs

BlastAssist pipeline
In our previous works 35972, we trained five individual neural networks: 1) ZP segmentation, 2) de-
velopmental stage classifier, 3) degree of fragmentation classifier, 4) PN detector, and 5) blastomere
detector to measure comprehensive metrics during pre-implantation development. In the current
study we trained an additional network: 6) blastocyst segmentation (see Supplementary Data File
S1) (Supplementary Table A.1, A.2).

By integrating these six networks into a holistic pipeline, which we call BlastAssist, we have cre-
ated a means to perform automated measurements for each embryo, throughout all developmental

stages during pre-implantation development (Fig. 2.1, Supplementary Fig. A.1, A.2, A.3,and A.4).
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Figure 2.1: Overview of the BlastAssist pipeline of networks. (A) An example of BlastAssist outputs on a time-lapse
video of an embryo with measurements highlighted. Note: the stage classifier currently do not differentiate between
blastocyst and expanded blastocyst, the label of "expanded blastocyst” is manually added. (B) Here we present the
holistic pipeline of our networks with all the biological and clinical measurements. We first evaluate all the movies with
the zona segmentation and crop the images to the embryo. We measure the zona thickness from the result. We then
evaluate all the cropped images with the stage classifier and images that are determined to be 1-cell will be evaluated
by the pronuclei detector, where we obtain pronuclei (PN) count and fade time. All other images will be evaluated by
the fragmentation classifier, where we obtain the degree of fragmentation. Only the images with low fragmentation
(< 1.5) will be evaluated further. Developmental timing measurement are obtained from these images with low frag-
mentation. Images that are identified by the stage classifier to be 1- to 8-cell images will be evaluated by the blastomere
detector where cell contour and symmetry are measured. Blastocyst images will be segmented to obtain blastocyst
measurements.
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We applied the BlastAssist pipeline to a dataset of 67 043 973 images (32 939 time-lapse movies of
embryos), resulting in an unprecedentedly large human embryo dataset containing comprehensive
and quantitative measurements (see Supplementary Table A.3 for patient demographic and cycle

information).

Comparison of BlastAssist pipeline to human experts

In general, computer vision (CV) networks are evaluated based on their performances of various
metrics on the test set, which we have performed in our previous study®?. Another common eval-
uation for the efficacy of CV networks involves letting multiple human labelers or experts in the
field perform the same measurements or tasks as the networks. This type of comparison is usually
conducted because for CV networks to be effective, they have to perform similarly to or outperform
human experts, depending on the variable we are trying to measure. These human expert measure-
ments are usually performed under idealized and controlled circumstances. In this study, we not
only performed this type of comparison between human experts and the BlastAssist pipeline, we
also performed comparison between clinical results and the pipeline, providing a comprehensive
evaluation of the efficacy of the pipeline, from both a CV and clinical perspective, which most stud-
ies fail to do.

For each network in the pipeline, depending on the complexity of the specific task and the esti-
mated human accuracy, we have either one or a few human experts perform the same tasks by hand.
For simple tasks where we expect relatively high human accuracies, such as counting number of PN,
we take the human expert input as the ground truth dataset. For complicated tasks where we expect
disagreements between human experts, such as labeling the degree of fragmentation, we have mul-
tiple human experts perform the same task, and create a ground-truth dataset using the majority
consensus of these labelers and the network. We compared the accuracy of the network and of the

human experts to the ground truth dataset.
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Figure 2.2: Comparison of BlastAsisst outputs to human experts. (A) ROC (receiver operating characteristic) curves of
network performance in blue on OPN (pronuclei) (upper left), 1PN (upper right), 2PN (lower left), and > 3PN (lower
right) embryos with comparison to human expert performance in light blue dots. Pronuclei detections are highlighted
in blue in sample images. z = 207 embryos. (B) Comparison of network (y-axis) to human expert measurements (x-
axis) of 2- (upper) and 4-cell (lower) stage symmetry score. The red dots corresponds to sample images of symmetric
and asymmetric embryos in both stages, with cell contour detection highlighted in yellow. z = 109 embryos. (C)
Comparison of network (dark blue dots) and five human experts (light blue dots) performance on different degrees of
fragmentation. 7 = 6664 images. (D) Comparison of network (dark blue dots) and five human experts (light blue dots)
performance on different developmental stages. # = 21 036 images.
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For fertilization status, the network performs with very good parameters of specificity and sen-
sitivity (areas under the receiver operating characteristic (AUROC) curve of 0.84 — 0.94) (Fig.
2.2A). We also measured the human expert’s true positive and false positive rate of labeling embryos
as having o, 1, 2, or > 3PN. The results show that the network performs as well as or better than the
human expert at identifying embryos with either oPN or 1PN, and it performs slightly less well than
the human expert at identifying whether an embryo has 2PN or > 3PN.

For cell symmetry, we compared the network measurement to the cell symmetry scores generated
from a human expert’s manually-traced cell boundaries for each image. Symmetry scoring of the
network and of the human expert are highly correlated for both 2-cell (» = 0.71 £ 0.06) and 4-
cell (# = 0.77 £ 0.07) embryos (Fig. 2.2B). The results show that the network is highly accurate
compared to the human expert, and the accuracy is consistent with both symmetric and asymmetric
embryos.

Degree of fragmentation is an important parameter in determining embryo quality, but it is con-
sidered to be relatively subjective and we see greater variability between embryologists in determin-
ing the degree of fragmentationSB. Therefore for degree of fragmentation, five human experts la-
beled the same test set, where each labeler annotated the degree of fragmentation for every image.
We then created a ground-truth label for each image using the majority vote of these five labelers
plus network, excluding images that do not have a majority consensus. We compared the network to
the ground truth dataset, and the network’s overall accuracy of classifying the degree of fragmenta-
tion is 69.4%. We also compared the assessment of each human expert to the ground-truth dataset;
the five human experts’ overall accuracies were relatively high (76.5%, 79.4%, 77.6%, 66.4%, and
69.2%), with an average of 73.8%. The network performs comparably to human experts at identi-
tying embryos with 0% fragmentation, and it slightly underperforms relative to human experts at
identifying embryos with 0%-10%, 10%-20%, and >20% fragmentation (Fig. 2.2C).

For developmental stage, five human experts each labeled the test set, where each labeler anno-
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tated the developmental stage for every image. We created a ground-truth label for each image using
the majority consensus of these labelers and the network. We compared the accuracy of the net-
work and of the human experts to this ground truth dataset (Fig. 2.2D). Overall, the network has

a2 90.0% accuracy. The five human experts’ overall accuracies were as high as 93.2%, 92.9%, 92.4%,
91.8%, and 86.8%, with an average of 91.4%. The network tends to perform with high accuracy

on the physiologically typical stages of 2-, 4-, 8- cells and relatively lower accuracy on the transition
stages of 3-, 5-, 6-, and 7- cells. This is expected because the transition stages are brief, and thus less
common, resulting in fewer images in these stages for training, and the number of cells is not always
well-defined during cell divisions. The network is very accurate at identifying morula, blastocysts,
and empty wells. For degenerate embryos, the occurrences are small but being able to deselect them
is very important. Since it’s very difficult to distinguish between highly fragmented embryos and

degenerated embryos, the results varies greatly amongst human experts.

Comparison of BlastAssist pipeline to clinical measurements

Since the human expert performance is from an idealized situation where every image is anno-

tated in detail, it can differ from embryologists’ performance in an actual clinical setting, where
embryo annotations are performed only at distinct time points, and with significantly more time
constraints. Therefore, we further evaluated the BlastAssist performance by comparing the pipeline
measurements to the available clinical annotations recorded during routine treatments.

First, we present the general description of the clinical variables measured by the BlastAssist
pipeline (Supplementary Fig. A.s) and comparison to clinical annotations when available (Table
2.1). The general distributions of BlastAssist and clinical measurements are very similar, with dis-
crepancies in PN count and degree of fragmentation which we address later in this section.

There are four measurements that are representative and quantitative that BlastAssist evaluates

which were also previously recorded by embryologists in the IVF lab during the course of routine
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treatments: PN count, PN fade time, degree of fragmentation, and the time of blastulation. We
compared the BlastAssist measurements to available clinical data from our dataset of 32 939 em-
bryos, including both side-by-side comparison of the data distribution and per-embryo comparison
of each measurement (Fig. 2.3).

For PN count, the network and embryologists strongly agree, with strong correlation of between
the two measurements (acc = 79.6%,r = 0.683). They mostly agree on 1PN and 2PN em-
bryos, with small disagreements on oPN and > 3PN embryos (Fig. 2.3A). The small discrepancies
on number of PN mostly come from these following cases: 1) an air bubble or other impurities
obstructing the view of the microscope, 2) mis-identifying 2PN with vacuole as > 3PN, 3) mis-
identifying 2PN as 1PN when one of the pronuclei is extremely faint and/or faded after very few
frames. In these cases, the classifier cannot function properly and can mistaken the number of PN.
However, these cases can be easily spot-checked and verified by an embryologist. For PN fade time,
the network and embryologists mostly agree, and their measurements have almost identical distribu-
tions with a strong correlation (» = 0.787) (Fig. 2.3B). For degree of fragmentation, the network
and embryologists agree 55.4% of the time, with most of the disagreement coming from two ad-
jacent classes. This discrepancy may be coming from the low precision of human labeling of this
feature. However, there is still a strong correlation between the two measurements (» = 0.648) (Fig.
2.3C). For time of blastulation, the network and embryologists mostly agree, and their measure-
ments have almost identical distributions and a strong correlation (7 = 0.887) (Fig. 2.3D).

Since the clinical annotations consist of single measurements for each embryo, it is not possi-
ble to use this data to quantify uncertainties or determine a ground truth. Nevertheless, the close
agreement between the clinical annotations and the BlastAssist outputs suggests that BlastAssist

performs comparably to embryologists in a clinical setting.

Associations of BlastAssist outputs to clinical implantation results
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Table 2.1. Distributions of EmbryoScopeTM dataset measured by BlastAssist and by clini-

cal annotations.

the enti
dztefseltre dataset where clinical annotations are available
e(rfl;:f;)z) (12,737 embryos)
linical
BlastAssist BlastAssist c 1n1c:%
annotation
PN count
2PN (normal) 63.3% 79.2% 94.7%
oPN (unfertilized) 16.2% 4.4% 1.7%
1PN (abnormal) 13.6% 10.9% 3.3%
> 3PN
- 6.99 .49 .39
(abnormal) 9% 5-4% 3%
PN fade time (br) 33.9t23.7 271t 11.7 25.6 £ 4.1
1-cell ZP thickness
19.6t 2.7 19.5 £ 2.7 -
(um)
2-cell time (hr) 30.8+13.0 28.6t7.2 287t 5.3
4-cell time (br) 42.4%T 127 41.2t 9.4 4121 6.6
symmetry score
2-cell o.12fo.10 0.11 £ 0.09 -
4-cell 0.20 1 0.09 0.19 £ 0.08 -
day 2 degree of
fragmentation
0% 54.9% 46.7% 2.9.0%
0—10% 30.5% 36.9% 43.9%
10 — 20% 9.0% 10.2% 20.0%
> 20% 5.7% 6.2% 7.0%
blastulation time (br) ror.2*f15.5 | 102.612.9 101.9 8.3
. 6* 999.3 =
ICM 5 1017 ]
CMsize (‘um ) 515.8 482.0
blastocyst expansion
.6to. 7 to. -
rate (um/br) r-e=0o7 17507

Table 2.1: Data are presented in mean * SD or percentage. ICM: inner cell mass; PN: pronuclei; ZP: zona pellucida.
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Figure 2.3: Comparison of BlastAssist outputs to clinical annotations. (A) Comparison of pronuclei (PN) count mea-
surements between clinic and network, with overall number of embryos per class (left) and confusion matrix of mea-
surements per embryo (right). z = 18 922 embryos. (B) Comparison of PN fade time measurements between clinic
and network, with overall number of embryos per class (left) and confusion matrix of measurements per embryo (right).
n = 13 781 embryos. (C) Comparison of day 2 degree of fragmentation measurements between clinic and network,
with overall number of embryos per class (left) and confusion matrix of measurements per embryo (right). 7 = 11 582
embryos. (D) Comparison of time of blastulation measurements between clinic and network, with overall number of
embryos per class (left) and confusion matrix of measurements per embryo (right). 7 = 3266 embryos.
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In addition to comparison to human expert or clinical annotations in idealized situations and dur-
ing routine treatments, we also compared selected BlastAssist results to IVF outcomes. Association
with clinical outcomes can provide insight into how well the pipeline might be able to predict IVF
outcomes once implemented into clinical environments. In this study, we evaluated associations to
clinical outcomes in two different ways. First, we used 723 SET cycles with known implantation
results for every embryo transferred (Fig. 2.4). SET cycles allow us to have the most accurate infor-
mation on the implantation success rate of individual embryos.

We evaluated the association of SET cycle implantation results to clinical features that BlastAssist
measures. Here implantation success is defined as positive (> 25/U/L) b-HCG results. There are
five main clinical features that show strong correlations with implantation success. For day 2 degree
of fragmentation, embryos with higher degree of fragmentation have lower implantation success
rates (p < 0.3) (Fig. 2.4A). For developmental timing, delayed cleavage into 2-cell stage is negatively
correlated with implantation success rate, with embryos undergoing the first cleavage at < 24hr
presenting the highest chance for implantation (p < 0.01) (Fig. 2.4B). For 2-cell symmetry, embryos
with higher symmetry (less than o.2) (see Materials and methods: Metrics) have higher implantation
success rate (p < 0.03) (Fig. 2.4C). When analyzing blastocysts, our results show that embryos with
higher blastocyst expansion rate (> 1.5um/br) have higher implantation success rate (p < 0.2) (Fig.
2.4D). ICM size of blastocysts also show strong correlation with implantation success rate, with
blastocysts presenting ICM size over 1000um* demonstrating higher implantation rates (p < 0.5)
(Fig. 2.4E). Amongst the features, developmental timing and cell symmetry are significantly corre-
lated with implantation success rate (p < 0.05). Other features show correlations with implantation
success without statistical significance, likely due to the small sample sizes. For example, very few
embryos with higher than 20% fragmentation are transferred as singletons in typical IVF cycles,

therefore only a small amount of those can be included in the analysis (n = 14).
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Figure 2.4: Associations of BlastAssist outputs to clinical implantation results. 723 single embryo transfer (SET) cycles
were included. (A) Implantation success rate for embryos with 0% (2 = 386),0-10% (2 = 268), 10-20% (n = 48),
and > 20% (n = 14) fragmentation on day 2 post fert'iliza‘cion.;(2 = 4.60,p < 0.3. (B) Implantation success rate
for embryos that developed to 2-cell stage in < 24 hours (n = 120), 24 — 30 hours (z = 454), and > 30 hours
(n = 138) post fert'ilizat'ion.;(2 = 9.59,p < 0.01. (C) Implantation success rate for embryos with < 0.2 (z = 627),
and > 0.2 (z = 63) cell symmetry at 2-cell stage.)(2 = 5.05,p < 0.03. (D) Implantation success rate for embryos
that expand at < l.Sym/br(n = 17),and > l.S[um/br(n = 23) during blastocyst stage.;(2 = 2.25,p < 0.2
(E) Implantation success rate for embryos with inner cell mass (ICM) size < 1000‘1,57%2 (m = 39),and > IOOO‘um2

(n = 30) during blastocyst stage.)(2 =0.60,p < 0.5.
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Associations of BlastAssist outputs to clinical live birth results

SET cycles give us the most accurate information on individual embryo’s clinical outcome. How-
ever, SET cycles have usually been limited to younger patients and patients with good progno-

sis' 33", resulting in a relatively small sample size, even from our large clinical dataset. Therefore, we
used a previously developed Bayesian inference approach ®* to investigate associations of BlastAssist
measurements to embryos in cycles where up to four embryos were transferred (see Supplementary
Data File S1: Correlations to live birth). Here we compared selected BlastAssist results to the clinical
live births outcomes of 3421 embryos that were transferred (1801 cycles) (Fig. 2.5). We found the
correlations between the probability of an embryo resulting in a live birth and individual BlastAssist
measurements (Fig. 2.5, Supplementary Fig. A.6).

Delayed PN fade time is strongly negatively correlated to the probability of an embryo resulting
in live birth (» = —0.50 £ 0.08, = —6.25,p < 5 x 1071°) (Fig. 2.5A). ZP thickness during the
1-cell stage shows no significant correlation to the probability of an embryo resulting in live birth
(r=0.04 £0.06,# = 0.67,p < 0.6) (Fig. 2.5B). Higher 2-cell symmetry (corresponding to a low
symmetry score) in embryos corresponds to a higher success rate (» = —0.29 £ 0.09,7 = —3.22,
p < 5 x 107%) (Fig. 2.5C). For developmental timing, the amount of time it takes for embryos
to develop to 2-cell stage is negatively correlated with clinical success rates (» = —0.54 & 0.08,

t = —6.75,p < 5 x 10~1) (Fig. 2.5D). Embryos with higher degree of fragmentation on day 3
have lower success rates (» = —0.31 & 0.08,# = —3.88,p < 5 x 10~%) (Fig. 2.5E). The amount
of time it takes for embryos to develop to blastocyst is negatively correlated with clinical success rates
(r=—0.27 £ 0.14,£ = —1.93,p < 0.06) (Fig. 2.5F).

Amongst the features, 2-cell time, PN fade time, degree of fragmentation on day 3, and cell sym-
metry are significantly correlated with the probability of embryos resulting in live births. ZP thick-
ness during the 1-cell stage shows no significant correlations with clinical success rates. Time of

blastulation shows no significant correlations, which may be due to the small sample size (z = 407).
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Figure 2.5: Associations of BlastAssist outputs to clinical live birth outcomes. 3421 embryos (1801 cycles) were in-
cluded in the association study. Estimated probability of an embryo resulting in a live birth as a function of (A) pronuclei
(PN) fade time (» = 3321, = —6.25,p < 5 X 10719). (B) zona pellucida (ZP) thickness during the 1-cell stage

(n = 3471,t = 0.67,p < 0.6). (C) 2-cell symmetry score (z = 3023,r = —3.22,p < 5 X 1073). (D) time
for embryos to reach 2-cell stage (z = 3388,7 = —6.75,p < 5 X 10~ (E) degree of fragmentation on Day 3

(m = 3251,t = —3.88,p < S X 1079 (F) time for embryos to reach blastocyst stage (z = 407,t = —1.93,

P < 0.06). The data points and error bars show the probability of the embryo producing live births estimated by a
discrete model that fits an independent probability for each value. The curves and regions between faded lines show the
best continuous nonlinear model fit with the data and its uncertainty. The correlations between p(/ivebirth) and the
variables are plotted in each figure. (See Supplementary Data File S1: Correlations to live birth)

Results from additional features are included in Supplementary Fig. A.6.

2.4 DiscussioN

In this study, we have built off of our prior works 35972 to develop and validate BlastAssist, a holis-
tic pipeline to measure a comprehensive set of interpretable features in clinical IVF. Instead of using
a black-box algorithm, BlastAssist outputs meaningful measurements of embryos that can be in-
terpreted and corroborated by embryologists, which should be helpful in clinical decision making.
These measurements are more detailed and quantitative than those currently used in standard clin-

ical practice, and are therefore likely to assist IVF clinicians in selecting embryos for transfer and for
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freezing. BlastAssist is capable of measuring diverse features that are believed to be biologically and
clinically relevant, including fertilization, cell symmetry, degree of fragmentation, developmental
timing, and blastocyst expansion. Thus, BlastAssist provides a comprehensive and holistic means of
evaluating embryos.

Automated measurements should be carefully validated before being deployed. We thus con-
ducted and reported detailed comparisons between the pipeline outputs and measurements from a
panel of human experts. The pipeline we developed has very high accuracies, performing compara-
bly to, and in some cases outperforming human experts.

Embryo evaluations in actual clinical settings may differ from those performed in idealized sit-
uations. We thus further compared BlastAssist measurements to annotations previously made by
embryologists during the course of routine IVF treatments. Since the clinical annotations only con-
sist of single measurements for each embryo, we cannot quantify uncertainties for these routine
clinical measurements. However, the close agreement between BlastAssist and clinical annotations
indicates that BlastAssist performs comparably to embryologist in a clinical setting.

To further investigate the potential of BlastAssist in a clinical setting, we studied the associa-
tions between BlastAssist measurements and clinical outcomes, including implantation results from
SET cycles and live birth results from cycles with up to four embryos transferred. We found that
PN fade time, but not ZP thickness, was significantly associated with the probability of embryos
resulting in live births (Fig. 2.5 A and B), while previous studies have given conflicting indications
regarding the extent to which PN fade time '®57*7%% and ZP thickness ®%5%4+4* are predictive of
clinical outcomes. We found that cell symmetry was significantly positively correlated with the
probability of embryos resulting in live births, while delayed cleavage time and degree of fragmen-
tation were significantly negatively correlated with the probability of embryos resulting in live births
(Fig. 2.5C, D, and E), which is consistent with findings of previous studies regarding these vari-

ables$%123:117:99:68:32,67 Gy ch associations should not form the sole basis of embryo selection algo-
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rithms since they do not account for extensive confounding factors 3962 However, incorporating
BlastAssist outputs into mechanistic mathematical models, which explicitly account for patient fac-
tors and clinical practice ¢4 has the potential to produce quantitative, predictive, and interpretable
embryo selection algorithms.

Not only can BlastAssist be used for automated clinical evaluations to assist embryologists, it can
also be used to obtain quantitative measurements to aid biomedical research. We used BlastAssist
to analyze movies of 32 939 human embryos (67 043 973 images), resulting in an unprecedented
dataset that will be a powerful resource for studying human pre-implantation embryology. Further
studies of the data generated in this work may help to develop and test mathematical models of pre-
implantation embryo development, which could further improve embryo selection. Ultimately,
RCTs will be necessary to determine whether usage of the developed pipeline can improve success

rates in clinical IVF.
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3

Deciphering IVF:
Understanding Causal Relationships in

Clinical Features
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3.1 INTRODUCTION

THE CLINICAL IVF ENVIRONMENT IS EXTREMELY COMPLEX, with many variables at play, from
patient data, treatment data, to embryo data, and IVF outcomes, and many confounding variables.
Most clinical IVF studies have used classical statistics to find correlations between variables, hop-
ing to gain understanding of this complex process. However, classical statistics does not take prior
knowledge into account, which often leads to the correlation and causation fallacy that we are all
familiar with. Classical statistics is especially not suitable to study these complex systems such as the
clinical IVF process. In addition to many confounding variables and the complexity of the prob-
lem, most fundamentally, typical correlation studies are aimed to aid inference, but the process of
selecting the best embryo for transfer entails a causal question — what will the result of the IVF treat-
ment be if we transfer this particular embryo? — rather than an inferential question — given that this
embryo was transferred, what is the probability that it implanted?

Bayesian statistics uses Bayes’ theorem to update probabilities for a hypothesis based on new data
or information. It is a statistical approach that uses prior knowledge or beliefs, along with new data,
to estimate the probability of a hypothesis''". Recognizing the limitations of classical statistics,
many researchers have adapted Bayesian statistics to build causal models of clinical IVF ¢+17:110:79,

In this study, our goal is to build a comprehensive model of the complex IVF process using
Bayesian statistics, more specifically, probabilistic graphical models (PGM) to study and understand
causal relationships between variables in clinical IVF. PGMs are graphical representations of com-

plex conditional dependencies, which can provide us insight into the model interpretation 5°* 16,

We utilize the electronic health record (EHR) data from three IVF labs: IVF unit of Lis Maternity
Hospital at Sourasky Medical Center in Tel Aviv, Israel, IVF lab of Brigham and Women’s Hospital

in Boston, MA, USA, and IVF group at Weill Cornell Medicine Center for Reproductive Medicine
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and Infertility in New York, NY, USA, in addition to the BlastAssist pipeline output from Aim 2.
Due to the high complexity of the IVF process and the present of data missingness, we construct the
PGMs in three parts, 1) ovarian stimulation in IVF, the process where embryologists use hormones
to stimulate the ovaries to produce multiple eggs instead of just one in a natural mentral cycle. 2)
fertilization, where eggs are either co-cultured or injected with sperm to produce a zygote. 3) pre-
implantation embryo development, where fertilized embryos are cultured i vitro.

With these PGMs, we hope to decipher the complex relationships of variables in clinical IVF and
gain insight into the IVF process. By uncovering these hidden patterns and correlations, we may
be able to create personalized treatment plans tailored to each individual patient’s unique needs.
This could lead to higher success rates and improved outcomes for IVE. Moreover, our study may
help identify potential predictors of ovarian stimulation, successful fertilization, and embryo devel-
opment. By pin-pointing the key factors that influence these processes, we can potentially further

optimize the IVF cycle and minimize unnecessary steps.

3.2 MATERIALS AND METHODS

Dataset

The EHR data are collected from three IVF labs: the IVF unit of Lis Maternity Hospital at
Sourasky Medical Center in Tel Aviv, Israel, the IVF lab of Brigham and Women’s Hospital in
Boston, MA, USA, and IVF group at Weill Cornell Medicine Center for Reproductive Medicine
and Infertility in New York, NY, USA. The embryo EHR data are collected from the IVF unit of
Lis Maternity Hospital at Sourasky Medical Center in Tel Aviv, Israel. The morphokinetic features
of pre-implantation of embryo development are collected from the BlastAssist pipeline applied to
EmbryoScopeTM movies from Lis Maternity Hospital at Sourasky Medical Center in Tel Aviv, Israel

(Aim 2).
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Table 3.1. Dataset sizes for ovarian stimulation PGMs.

Clinic LMH | BWH | WCM

entire cycle EHR dataset 51,157 | 10,059 | 1,810
Eggs, E2, MII 13,869 | 7,153 1,806

Eggs, E2, MII, Age, BMI 5,261 7,128 1,751
Eggs, E2, MII, Age, BML, FSH, LH | 5,191 6,855 1,751

Table 3.1: dataset size in n cycles. Age: maternal age; BMI: body mass index; BWH: Brigham and Women'’s Hospital;
EHR: Electronic Health Record; Eggs: number of oocytes produced; E2: estradiol; FSH: follicle stimulating hormone; LH:
luteinizing hormone; LMH: Lis Maternity Hospital; MIl: number of metaphase Il oocytes; PGM: probabilistic graphical
models; WCM: Weill Cornell Medicine

Table 3.2. Dataset sizes for fertilization PGMs.

Clinic LMH
entire embryo EHR dataset 256,559
Age, Eggs, Ea, fert method, 2pn 71,989
Age, Eggs, MII, mature, fert method, 2pn 41,376
Age, fert method, 1-cell zona thickness, zygote size, 2pn | 18,101

Table 3.2: dataset size in n embryos. Age: maternal age; EHR: Electronic Health Record; Eggs: number of oocytes pro-
duced; E2: estradiol; fert: fertilization LMH: Lis Maternity Hospital; mature: whether an individual oocyte is in Mll
phase. MIl: number of metaphase Il oocytes; PGM: probabilistic graphical models; pn: pronuclei

To construct each PGM, relevant features are selected based on both prior knowledge and clas-

sical statistical correlations between pairs of variables. The sample sizes of sub-datasets used to con-

struct each PGM are listed in Table 3.1, 3.2, and 3.3.

Statistics

Pearson’s correlation coefficient () *"'* was used to evaluate classical statistical correlations be-

tween pairs of variables.
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Table 3.3. Dataset sizes for embryo development PGMs.
Clinic LMH

entire BlastAssist pipeline dataset 32,939

Age, pnf, 2-cell time, 4-cell time, 2-cell symm, 4-cell symm, da frag, d3 frag | 15,911

Age, pnf, 2-cell time, 4-cell time, 8-cell time, morula time, o
751

blast time, 2-cell symm, 4-cell symm, d2 frag, d3 frag

Table 3.3: dataset size in n embryos. Age: maternal age; blast: blastocyst; d2, d3: day 2, day 3; EHR: Electronic Health
Record; frag: degree of fragmentation; LMH: Lis Maternity Hospital; PGM: probabilistic graphical models; pnf: pronuclei
fading; symm: symmetry.

Bayes’s theorem was used to evaluate conditional correlation:

(Bl4)P(4)

P(4|B) = r 5) (3.1)

, where P(A|B) is the conditional probability of A given B, or the posterior probability of A given B.
P(A) is the probability of A, or the prior. P(B|4) is the conditional probability of B given A, or the

likelihood. P(B) is the probability of B, or the evidence.

Probabilistic Graphical Model (PGM)

A previously developed method ®+ was used to construct PGM:s in clinical IVF data. All possible
relevant variables (nodes) based on prior knowledge are first checked for classical statistical corre-
lations in pairs. If two variables are correlated with each other, then conditional correlation corre-
lations are checked conditioned on all other variables. If the two variables are no longer correlated
conditional on any combinations of other variables, then the two nodes are not connected.

The directed acyclic graphs (DAGs) are then constructed based on prior knowledge, presence
of colliders, and whether the DAG fits the data. The conditional correlations between connected

nodes are then updated based on the DAGs. The final conditional correlations between nodes are
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Figure 3.1: Graphical models of ovarian stimulation with variables: Eggs, E2, and Ml of (A) Lis Maternity Hospital (LMH),
(B) Brigham and Women's Hospital (BWH), and (C) Weill Cornell Medicine (WCM). The weights are correlations between
two variables conditional on any incoming nodes.

calculated conditioned on all incoming nodes.

3.3 RESULTS

Ovarian Stimulation in IVF

We first constructed the simplest graphical models within ovarian stimulation, with Eggs, E2,
and MII Eggs represent the number of oocytes retrieved from the patient post ovarian stimulation.
E2 represents the maximum value of estradiol recorded during ovarian stimulation. In most clinics,
E2 is measured throughout the period of ovarian stimulation. As follicle grows in the ovaries, the
E2 level also increases*®. E2 therefore informs embryologists the level of follicle growth and can po-
tentially inform the stimulation protocol. MII represents the number of mature oocytes retrieved.
For cycles where intracytoplasmic sperm injection (ICSI) was used as the fertilization method, the
oocytes were denuded and the maturation status was checked. Only oocytes in metaphase II (MII)
are ready to be fertilized. Sometimes embryologists would attempt to mature the eggs 77 vitro. We
developed the models separately for the three clinics (Fig. 3.1). For LMH and WCM, there’s the
two variables E2 and MII are not correlated when conditioned on Eggs (Fig. 3.1A and C), however

they are conditionally correlated for data from BWH (Fig. 3.1B).
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Figure 3.2: Graphical models of ovarian stimulation with variables: Eggs, E2, MII, Age, and BMI of (A) Lis Maternity
Hospital (LMH), (B) Brigham and Women's Hospital (BWH), and (C) Weill Cornell Medicine (WCM). The weights are
correlations between two variables conditional on any incoming nodes.
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We then included Age and BMI in our graphical model. Age represents the maternal age which
is defined as the age of the producer of the oocyte (either the patient or egg donor) at the time of
oocyte extraction. It is believed to be the most significant factor of many variables in IVF and clin-
ical outcomes '*>* "9+, BMI represents body mass index of the oocyte producer. High BMI is be-
lieved to be associated with decrease in IVF success rate?>'°°. From the models we developed sepa-
rately for the three clinics (Fig. 3.2), we can see that all three clinics’ models share similar conditional
dependencies. For LMH and WCM, BMI is not connect to any other nodes on the graphical mod-
els (Fig. 3.2A and C). What is interesting is that for both BWH and WCM, Age and MII have no
correlations when conditioned on Eggs (Fig. 3.2B and C), which may suggest that even though Age
is strongly correlated to many variables in clinical IVF, there may not always be conditional depen-
dencies.

To construct the complete model for ovarian stimulation, we then included FSH and LH into
the model. FSH represents follicle-stimulating hormone, a hormone produced by the anterior pi-
tuitary in response to gonadotropin-releasing hormone (GnRH) from the hypothalamus. It plays
an essential role in follicle development. In addition to our body’s natural FSH, FSH medication,
along with luteinizing hormone (LH), are used during ovarian stimulation to increase egg produc-
tion and improve egg maturation. LH is another hormone produced in response to GnRH from
the hypothalamus. LH surge triggers ovulation, and the development of corpus luteum. During the
follicular phase, normal follicular growth is the result of complementary action of FSH and LH**.
Thus, LH is often administered along with FSH during ovarian stimulation. We broke down the
graphical models into three regions, patient variables (Age, BMI), treatment variables (FSH, LH),
and response variables (Eggs, E2, MII) and constructed seperate PGMs for each clinic (Fig. 3.3).
Both BWH and WCM administer their hormones using FSH and HMG (Human Menopausal Go-
nadotropin), which is part FSH and part LH. Therefore the models from these two clinics show

significant auto correlation between FSH and LH (Fig. 3.3B and C). We see that in the models of all
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Figure 3.3: Graphical models of ovarian stimulation with variables: Eggs, E2, Mll, Age, BMI, FSH, and LH of (A) Lis Ma-
ternity Hospital (LMH), (B) Brigham and Women'’s Hospital (BWH), and (C) Weill Cornell Medicine (WCM). The weights
are correlations between two variables conditional on any incoming nodes. The asterisk (*) represent that both direction
of the arrow can be correct, and an arbitrary direction is used to construct the DAG.
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Clinic Patient Treatment Response

-0.32 -0.13 0.06
-0.25 0.16

Figure 3.4: Graphical model of ovarian stimulation with variables: Eggs, E2, Mll, Age, BMI, FSH, LH, and Clinic of the
combined dataset of Lis Maternity Hospital (LMH), Brigham and Women'’s Hospital (BWH), and Weill Cornell Medicine
(WCM). The weights are correlations between two variables conditional on any incoming nodes. The asterisk (*) repre-
sent that both direction of the arrow can be correct, and an arbitrary direction is used to construct the DAG.

three clinics, both FSH and LH are negatively associated with Eggs, which may suggest over stimu-
lation. This finding is consistent with other studies suggesting the current standard IVF dosage may
be too high?*°. It is important to note that WCM’s model is the most simplistic (Fig. 3.3C), likely
due to its smaller sample size, therefore not being able to detect subtle conditional dependencies.

In order to understand the effect of individual clinics, we then encoded the clinic as a categorical
variable using dummy coding*S. We modeled the clinics as three variables with some random noise
(normal distribution with® = 0,0 = 10™*) to avoid the error of dividing by zero. When check-
ing the effect of each clinic in the causal model, we get the combined model of all clinics (Fig. 3.4).
When all the data are combined it becomes clear that BMI is not a node in the model. The clinical
factor affects the maternal age likely due to the fact that LMH is not allowed to accept patients over

the age of 45 due to government regulations. The effect on E2 is likely due to the different proto-
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Treatment

Figure 3.5: Graphical model of fertilization of the dataset from Lis Maternity Hospital (LMH). The weights are correla-
tions between two variables conditional on any incoming nodes. The asterisk (*) represent that both direction of the
arrow can be correct, and an arbitrary direction is used to construct the DAG.

cols of E2 measurements and recording. The effect on FSH is likely due to different stimulation

protocols, which also affects the subsequent production of eggs and MII eggs.

Fertilization

After constructing a complete model for ovarian stimulation, our next step is to build a graphical
model for fertilization (Fig. B.3). Only data from LMH is included due to the fact that we only have
morphokinetic data such as zona thickness and zygote size from the BlastAssist pipeline. We first
investigated if there is conditional dependencies between Age, Eggs, E2, fertilization method, and
2pn. Fertilization method represents the technique used to fertilize the oocyte, which can either be
IVF, where oocytes are co-cultured with sperm, or ICSI, where one sperm is injected directly into
the oocyte.

We first excluded any variable that involves maturation status of oocyte, due to the fact that the
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maturation status is only known for embryos that undergoes the ICSI procedure. We see correlation
between Age and fertilization method, which may suggest that different fertilization method is used
based on maternal age. However, we know that ICSI procedure is usually utilized based on male
infertility factors, therefore this correlation could be resulted from a confounding factor such as
paternal age, which tend to be correlated with maternal age. We see that there is no conditional
dependencies between fertilization method and results.

We then investigated the correlations between MII, mature status, and 2pn. We found that an
individual oocyte’s mature status contributes to both the total number of MII eggs retrieved from
the cycle, and the fertilization status of the embryo, which both make intuitive sense. We are unable
to investigate whether there’s conditional dependencies between fertilization method, the oocyte’s
mature status, and fertilization status, due to the fact that maturation is only checked for ICSI cy-
cles.

Prior studies have shown association between zona pellucida thickness and fertilization out-
come *'575 However, we found that neither zona pellucida thickness or zygote size play a part

in fertilization rate in cycles where both IVF and ICSI fertilization methods were used.

Morphokinetic Features in Pre-implantation Embryo Development

Lastly, we built graphical models of pre-implantation embryo development from morphokinetic
features we measured using the BlastAssist pipeline '*°. The variables we included are features typ-
ically measured in IVF clinics. The variables include developmental timing information: pn fade
time, 2-cell time, 4-cell time, 8-cell time, morula time, and blastulation time; cell symmetry measure-
ments: 2-cell symm, 4-cell symm; degree of fragmentation: da frag, d3 frag.

We first built a graphical model of embryo development using morphokinetic features up to the
4-cell stage (Fig. 3.6). We found that up to the 4-cell stage, pn fade time directly contribute to 2-cell

time, and 2-cell time directly contribute to 4-cell time, with no conditional dependencies between
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Figure 3.6: Graphical model of embryo development up to 4-cell stage of the BlastAssist pipeline dataset from Lis Ma-
ternity Hospital (LMH). The weights are correlations between two variables conditional on any incoming nodes. The
asterisk (*) represent that both direction of the arrow can be correct, and an arbitrary direction is used to construct the

DAG.
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Figure 3.7: Graphical model of embryo development of the BlastAssist pipeline dataset from Lis Maternity Hospital
(LMH). The weights are correlations between two variables conditional on any incoming nodes. The asterisk (*) repre-
sent that both direction of the arrow can be correct, and an arbitrary direction is used to construct the DAG.

on fade time and 4-cell time. We see relatively strong conditional correlations between cell symmetry
measurements and degree of fragmentation measurements.

We then included morphokinetic features up to the blastocyst stage and constructed the graph-
ical model (Fig. 3.7). We see that many early stage morphokinetic features have causal relationship
with morula time, suggesting that these features may have causal relationship with morula forma-
tion, which is the prior of morula time. And these same features have no effect on blastulation time.
On the contrary, two features: 4-cell time and 8-cell time have no effect on morula time, but have
causal relationships with blastulation time. This result suggest that morula formation and blastu-
lation may be two processes determined by completely orthogonal factors. It is interesting to point
out that in both embryo development models (Fig. 3.6 and 3.6), Age has no conditional dependen-

cies with any downstream morphokinetic features.
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3.4 DiscussioN

In conclusion, this study aimed to construct a comprehensive model of the IVF process using
Bayesian statistics, specifically probabilistic graphical models (PGM), to elucidate causal relation-
ships among variables in clinical IVF. Using EHR data from three IVF clinics and BlastAssist pipeline
output, we partitioned the construction of PGM:s into three parts: ovarian stimulation, fertilization,
and pre-implantation embryo development. Through these models, we can potentially reveal the
complex causal relationships of variables in clinical IVF, gaining valuable insights into the process.
Additionally, findings from this study can be used to direct further clinical research. Overall, the
application of Bayesian statistics and PGMs in IVF represents a promising future for advancing our

understanding of this complex IVF process and improving clinical outcomes.
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4

Conclusion and Future Work
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By INTEGRATING Al AND BAYESIAN STATISTICS, we have gained significant insights into the
highly complex process of clinical IVF. We first improved the accuracy and efficiency of Time-Lapse
Microscopy (TLM) image analysis using Computer Vision (CV). Utilizing cutting-edge CV tech-
nique, we have automated the extraction of morphokinetic features from TLM movies of human
embryos. These features offer a more objective assessment of embryo quality, which can potentially
aid embryologists in embryo selection and streamline the IVF image analysis process.

Having successfully developed the CV algorithms in Aim 1, we then integrated the algorithms
into BlastAssist, a pipeline that measures comprehensive, qualitative, and clinically relevant features
in clinical IVF. To validate our pipeline, we conducted detailed comparisons between BlastAssist
pipeline measurements with human experts’ manual measurements, annotations provided by em-
bryologists during routine treatments, the outcomes of single embryo transfer (SET) cycles, and the
live birth outcomes of transferred embryos. This shows that BlastAssist has the potential as a pow-
erful tool for embryologists to improve the embryo selection process and, consequently, improve
clinical success rates.

Utilizing the large dataset generated by the BlastAssist pipeline, in conjunction with the EHR
data from three IVF labs, we constructed probabilistic graphical models (PGMs) for the complex
IVF process in three parts: ovarian stimulation, fertilization, and embryo development. These
graphical models elucidates intricate and sometimes subtle causal relationships of variables in clin-
ical IVF. Additionally, findings from these graphical models can be used to direct further clinical
IVF research. Overall, the application of Bayesian statistics and PGM:s in IVF represents a promising
future for advancing our understanding of this complex process and improving clinical outcomes.

In the future, to further improve upon the results from this project, one could potentially in-
clude additional factors such as other hormones administered in the treatment process, such as Go-
nadotropin hormone-releasing hormon (GnRH) and Progesterone, or other variables measured

such as Anti-Miillerian hormone (AMH), a measure of ovarian reserve and endometrium thickness.

56



Another study conducted in the Needleman lab has elucidated the strong cohort effect of develop-
mental timing, where the average developmental timing of the cohort, instead of the variation from
the average, is predictive of fetal heartbeat. Further research on the cohort effect of other features
such as cell symmetry and degree of fragmentation may be informative to further improvement

of the causal models by updating the models with more prior knowledge. In Aim 2, we have used
Bayesian generative models to study the correlation between individual morphokinetic features and
the probability of live births. The same method can be used to investigate the causal relationships

between these features and IVF outcomes.
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A.1 DETAILED DATA ANNOTATION AND DATASET SIZES FOR CLASSIFIER TRAINING

For each classifier, a subset of the clinical IVF dataset was used to train and optimize its perfor-
mance. The number of embryos used for training was doubled until it no longer improved the
classifier performance. A specific graphic user interface (GUI) was created for each annotation task.

For ZP segmentation, a subset of 266 embryos (4194 images) were randomly selected and split
(86% - 14%) into training and test set. No validation set was needed due to the high accuracy of the
classifier. Every 1oth image of the embryo was labeled by a human expert. Each pixel of the image
was labeled as one of 4 classes: outside the well, inside the well, ZP, and inside ZP.

For PN detector, a subset of 217 embryos were randomly selected and split (70% - 15% - 15%)
into training, validation, and test set. Every image of 1-cell stage embryos was labeled by a human
expert. The bounding boxes of the PN were labeled and the masks of PN were calculated based on
the bounding boxes.

For blastomere detector, a subset of 164 embryos were randomly selected from a list of embryos
that were labeled as low fragmentation from clinical annotations, since fragmentation can affect a
human expert’s ability to accurately determine the cell contour. The dataset was split (60% - 20% -
20%) into training, validation, and test set. Every image up to the 8-cell stage was labeled by a human
expert. In each image, the contour of each cell is annotated.

For fragmentation classifier, a subset of 1410 embryos were randomly selected and split (70% -
15% - 15%) into training, validation, and test set. Every roth image of the post 1-cell stage cleavage
embryos (2-cell to before compaction) was labeled by a human expert. Each image was labeled as
one of 4 classes: 0%, 0%-10%, 10%-20%, and above 20%.

For developmental stage classifier, a subset of 487 embryos were randomly selected from a list of
embryos that were labeled as low fragmentation from clinical annotations, since fragmentation can

occlude the cells and prevent a human expert’s from accurately counting the number of cells and de-
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termine the developmental stage. The dataset was split (70% - 15% - 15%) into training, validation,
and test set. Every image of the entire video was labeled by a human expert. Each image was labeled
as one of 13 classes: 1 - 9+ cells, morula, blastocyst, empty well, and degenerate.

For blastocyst segmentation, a subset of 134 embryos were randomly selected and split (70% -
10% - 20%) into training, validation, and test set. More embryos were assigned to the test set in order
to have enough data to estimate human expert labeling accuracy. Every sth image in the blastocyst
stage was labeled by a human expert. In each image, the contour of the inner and outer boundary of
TE, and the outer boundary of the ICM were annotated.

The sizes of training, validation, and test set for each classifier are outlined in Supplementary

Table A.1.

A.2 ARCHITECTURES AND PERFORMANCES OF CLASSIFIERS

The architectures and the performances of the networks are reported in Supplementary Table A.2.
Metrics to evaluate each classifier’s performance were selected based on the classification task. We
incorporated multiple metrics recommended for CV image analysis7* where they apply. For object
instance segmentation tasks such as PN and blastomere detection, we utilized mean average preci-
sion (mAP) as the metric. For image level multi-class classification such as degree of fragmentation,
we utilized overall per-class (4 classes) accuracy, balanced accuracy (BA), and high vs. low (2 classes)
fragmentation accuracy. For image level multi-class classification with mixed classes such as develop-
mental stage, we have both physiologically typical stages such as 1-cell, 2-cell, 4-cell, 8-cell, morula,
blastocyst, and physiologically atypical or transition stages such as 3-cell, 5-7 cell, 9+ cell, empty well,
and degenerate. The classes are unique because they are inbalanced however of a relatively constant
proportion and time-dependent. Therefore we utilized both overall per-class accuracy (Supple-

mentary Table A.2) and individual class accuracy (Fig. 2.2D). We found that for both semantic
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segmentation tasks, the classifiers” accuracies are high and the error is similar to the uncertainty of
the measurements done by human experts, when uncertainty is measured by the same human expert
labeling the segmentation task twice. Due to the high accuracies of the classifier, especially consid-
ering the limitation of human labeling precision, simple per-pixel accuracy suffices as a metric in
these two cases. Additional details regarding training and evaluation of the classifiers from a pure
computer vision perspective have previously been reported 357>,

For PN and blastomere detection, we trained separate object instance segmentation networks
with Mask R-CNN, aka Region-Based Convolutional Neural Network, architecture*® and ResNetso
backbone*”. As for fragmentation scoring and developmental stage classifier, we trained separate
CNN:ss for regression (InceptionV3 backbone ') and classification (ResNeXt1o1 backbone '*¥).
For ZP and blastocyst segmentation, we trained a semantic segmentation networks with Fully Con-
nected Neural Networks (FCNs) and ResNetror backbone”. To optimize the performance of
networks, we utilized techniques such as averaging results from multiple focal planes, proofreading
annotations, early stopping **, training with a soft loss function ®?, and smoothing trajectories with

dynamic programming'*>34.

A.3 USING BLASTASSIST PIPELINE TO MEASURE CLINICAL FEATURES

Abnormal fertilization

The PN network we trained detects PN on every frame of 1-cell stage embryos, up to 9o frames

imaged over 30 hours (as identified by the developmental stage classifier). For each identified pronu-

cleus candidate, the network returns both a mask of the pronucleus and a confidence score. We

consider the pronucleus candidates real when the confidence scores are above a certain threshold.
Supplementary Figure A.1 shows the per-image network predictions of a 2PN (Supplementary

Fig. A.1A) and a 3PN (Supplementary Fig. A.1B) embryo. The network clearly detects both the
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appearance time and the fade time of the PN, in addition to their number. However, the maximum
number of PN detected by the network can be dominated by the occasional errors the network
makes in detections. Supplementary Figure A.1A shows that the network can incorrectly detect
3PN in a 2PN embryo.

We deal with this difficulty by calculating the number of PN with the approach described later,
first by transforming the detection result and then by taking the 95 th percentile of the expected
number of PN (see Calculating number of pronuclei). Qualitatively, the expected number is a
smooth approximation of the number of PN detected in each frame; the 95th percentile is then a

robust measure of the maximum number of detected PN.

Cell symmetry

The blastomere network identifies cell contours for each cell up to the 8-cell stage of embryo devel-
opment. To measure cell symmetry for 2-cell and 4-cell stage embryos, we first use the stage network
on every frame in the embryo’s movie, giving a prediction for the embryo’s stage as a function of
time. We then run the cell contour detection on all frames identified as 2-cell and 4-cell stage. The
cell contour detection network returns a list of detection candidates. We represent each candidate
by a confidence score and its boundary curve. For all images in the 2-cell and 4-cell stage, we identify
the two or four detection candidates with the highest confidence score as the cells. Choosing detec-
tion candidates based on the stage classifier gives better performance than thresholding based on the
detection’s confidence score alone.

We measure cell symmetry using the combined results of the developmental stage classification
network and the cell detection network as described previously in materials and methods (Supple-
mentary Fig. A.2). Because cells in the embryo move and change their pose, and because the cell
detector network is not perfect, the symmetry score fluctuates in time. We calculate the embryo’s

symmetry score as the time-averaged symmetry for both 2-cell (yellow line in Supplementary Fig.
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A.2B) and 4-cell stage (yellow line in Supplementary Fig. A.2C).

Fragmentation
The current standard clinical approach to detect and quantify fragmentation is to manually inspect
embryos at one or two time points (on day 2 and/or day 3) during cleavage stage and classify the
degree of fragmentation into a few discrete categories. However, degree of fragmentation is a con-
tinuous instead of discrete variable. Therefore, attempting to represent a continuous variable in
discrete categories can cause mis-classification and mis-representation in borderline cases.

Instead, the network we trained outputs a continuous score (from o to 3.5) for degree of frag-
mentation on each frame of a cleavage stage embryo (Supplementary Fig. A.3A). For comparison
with manual labels, the continuous score output from the network can then be transformed into

four classes of degree of fragmentation used in clinics: 0%, 0%-10%, 10%-20%, and above 20%.
g g

Developmental timing
The network we trained identifies the developmental stage of the embryo as a function of time. It
predicts the probability of the embryo’s developmental stage, including from 1-cell to 8-cell, 9-+cell,
morula, blastocyst, and degenerate, for each image in the movie. We use dynamic programming to
find the most-likely, non-decreasing trajectory for the embryo’s stage, with empty wells (when the
TM)

embryo is taken out of the EmbryoScope” ™) allowed at any point during the trajectory (Supple-

mentary Fig. A.3B).

Blastocyst segmentation and measurements

The blastocyst network segments images into ZP, ICM, blastocoel, and TE (Supplementary Fig.
A.4A). We used the segmentation results to obtain quantitative measurements of blastocysts ex-
pansion, including dynamic changes in blastocyst diameter, ICM area, TE and ZP thickness, and
relative size of blastocoel. We measure the TE and ZP thickness using the approach described in Ma-

terials and methods. Supplementary Figure A.4B shows the results from running the network on an
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individual embryo. For this embryo, the blastocyst diameter increased over time at a relatively con-
stant rate at 3.07£0.04um / br (Supplementary Fig. A.4C). After the formation of the ICM, its area
fluctuates around a constant average at 1730 +330um?* (Supplementary Fig. A.4D). The relative size
of its blastocoel has a steep increase in the beginning of its formation, and then increases steadily at
arelatively constant rate at 3.2 £ 0.1%/hr as the blastocyst expands (Supplementary Fig. A.4E).
The average thickness of its TE also fluctuates but decreases over time as the blastocyst expand (Sup-
plementary Fig. A.4F). In accordance, the average ZP thickness decreases over time as the blastocyst
expands at —0.62 £ 0.03um /br, and it reaches a more clearly defined plateau of 3.3 &= 0.1um after

114hr (Supplementary Fig. A.4G).

A.4 CLINICAL DATASET

We applied the BlastAssist pipeline to a dataset of 67 043 973 images (32 939 time-lapse movies of

embryos) (Supplementary Fig. A.s, Supplementary Table A.3).

A.S CALCULATING NUMBER OF PRONUCLEI

The PN detection outputs candidates of PN with a mask and a confidence score. The confidence
score is a number between o and 1 that is the network’s estimate of the probability that the detected
candidate is real. Instead of simply thresholding the confidence score, which can be noisy for un-
certain predictions, we first re-scale the network’s confidence score to a probability that more accu-

rately aligns with the data. We define this rescaled probability for each detection as

p = logistic(a x logit(c) + 6), (A.1)

where & and & are fit parameters, ¢ is the confidence score from PN detection output.
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We fit these parameters by performing binomial regression on the true number of PN in a test set
of data labeled by human experts. After transforming the PN detection outputs from the integer
number of true candidates to a continuous, scalar representation of the number of PN per frame,
we next calculate the expected number of PN in each frame, by summing the probability function
> p» measured for each frame in the image. We then smooth the expected number in time with
a boxcar kernel of width 3 and take the 95th percentile of the expected counts. We use the 95th
percentile as a robust measure of the maximum number of detected PN, as the absolute maximum
itself is an unstable estimator, and are often dominated by occasional detection errors. We then
take this as a feature into 4 separate logistic regression models which predict the probability that an

embryo has o, 1, 2, or > 3PN.

A.6 CORRELATIONS TO LIVE BIRTH

For live birth results of the 3421 embryos (1801 cycles) where up to four embryos were transferred,
we used previously developed method ®# to estimate the probability of an implanted embryo result-
ing in live birth as a function of individual features. We estimate this probability with a Bayesian
approach.

For each cycle ¢, where # embryos were transferred and resulted in 4 live births, the probability of
an embryo x resulting in a live birth is p(b|z, p), where p, is the probability of the embryo resulting
in live birth given the embryo parameters x, which is what we are looking for. The overall data ob-

served would be the product of the probability of all cycles, assuming that each cycle is independent:

P(H’N, Px) = Hp(hr‘nupr)- (A.2)

px can be expressed as p(h|x) or p(x) the probability of an embryo resulting in live birth as a func-
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tion of embryo parameters x, assuming that x is deterministic of the probability p, and get:

p(HIN,X) = | [ plbclne, pl)e). (A.3)

Then, we can fit the overall data observed to Eq. (3) and find the best fit to the data to find p(x). We
use two types of fitting models, discrete and continuous. For the discrete model, we bin the value
of x and fit the value of p for each interval. For the continuous model, we fit p(x) to a Chebyshev
polynomial series, more details of the method in®* (Supplementary Materials 1.1 Regression). This
method also assumes that the probability of embryos implanting is independent in cycles with mul-

tiple transfers. It has been shown that such assumption is consistent with clinical data in 64,

66



Supplementary Table S1. Training, validation, and test set sizes of classifiers.

classifier training set validation set test set
203 embryos 6 embryos
zp >y - 3 emRy
(3,618 images) (576 images)
PN 151 embryos 33 embryos 33 embryos
(9,250 images) (1,982 images) (2,090 images)
102 embryos 31 embryos 31 embryos
blastomere contour
(16,284 images) (4,487 images) (4,953 images)
) 989 embryos 205 embryos 216 embryos
fragmentation
(16,315 images) (3,416 images) (3,652 images)
341 embryos 73 embryos 73 embryos
developmental stage
(111,107 images) (23,381 images) (23,850 images)
93 embryos 11 embryos 30 embryos
blastocyst
(837 images) (95 images) (265 images)

Table A.1: PN: pronuclei; ZP: zona pellucida.
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Figure A.1: Detection results of abnormal fertilization. Network prediction in blue dots of number of pronuclei (PN) over
the entire 1-cell stage of (A) a 2PN and (B) a 3PN embryo, with red dots corresponding to sample images in the movie,
with PN detection highlighted in blue.
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Supplementary Table S2. Architectures and performances of classifiers.

classifier classification task | architecture metric accuracy
. . M k _
PN object msta}nce ask R-CNN mAP 0.686
segmentation ResNetso
blastomere objectinstance | Mask R-CNN
i mAP 0.737
contour segmentation ResNetso
high vs. low frag 88.9%
fragmentation regression InceptionV3 per-class acc 65.8%
balanced acc (BA) 62.1%
devel tal
evelopmenta classification ResNeXtror per-class acc 87.9%
stage
a
yAY seman I,C ResNetror per-pixel acc 96.7%
segmentation
i
blastocyst seman 1'c ResNetror per-pixel acc 88.8%
segmentation

Table A.2: acc: accuracy; mAP: mean average precision; PN: pronuclei; ZP: zona pellucida.
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Figure A.2: Cell symmetry measurements. (A) Time-lapse video of a cleavage stage embryo with cell contour detection
highlighted in yellow. Per-image (B) 2-cell and (C) 4-cell stage symmetry score measurements of the embryo shown in
(A) (in blue dots) over time with the average symmetry score highlighted in yellow.
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Supplementary Table S3. Patient demographics and cycle information.

dataset
(32,939 embryos,
3, 921 cycles)

Patient age (years) 37.0% 5.6
BMI (kg/m?) 24.4% 5.2
Oocytes retrieved () 102t 6.7
Fertilization method?

ICSI 62.8%

IVF 37.2%
MII oocytes® (1) 8.8t 6.2
Normally fertilized® embryos ()

1CSI 6.5 £s.1

IVF 4.8t3.9
Embryo transferred? (n) 13t1.2
Fetal heartbeat® (%) 17.4
Live birthf (%) 15.8

Table A.3: Data are presented in mean * SD or percentage. ICSI: intracytoplasmic sperm injection; MIl: metaphase
Il oocyte. *Calculated per oocyte. bicsl cycles only. “2PN. dCalculated per cycle. ®Percentage of cycles with at least

1 embryo transferred that resulted in fetal heartbeat. fPercentage of cycles with at least 1 embryo transferred that
resulted in live birth.
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Figure A.3: Fragmentation and developmental stage detection results. (A) Time-lapse video and the network detection

results of a fragmented embryo. The network output of degree of fragmentation for each image is highlighted in each

image (top). Network detection of degree of fragmentation in blue dots of the fragmented embryo over time, with red

dots corresponding to individual images the time lapse video (bottom). (B) Time-lapse video and network detection re-

sults of the developmental stage classifier. The network output of developmental stage for each image is highlighted in
white (top). Network prediction of developmental stage in blue dots of the embryo over time, with red dots correspond-
ing to individual images the time lapse video (bottom).
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Figure A.4: Segmentation results and five measurements on an blastocyst stage embryo. (A) Schematic of blastocyst
segmentation, with zona pellucida (ZP) highlighted in red, inner cell mass (ICM) in purple, blastocoel in cyan, and tro-
phectoderm (TE) in green. (B) Time-lapse video of a blastocyst stage embryo with network detection of segmentation
highlighted. Measurements of blastocyst size in terms of embryo size (not including ZP) (C), ICM size (D), and percentage
of blastocoel area (E) of the same embryo over the entire blastocyst stage. Measurement of TE thickness (F) and ZP
thickness (G).
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Figure A.5: Distributions of BlastAssist outputs of clinical features on all applicable data in the entire clinical dataset. (A)
Pronuclei (PN) count (z = 31 035) (left) and PN fade time (z = 28 531) (right) measurements on embryos. (B) 1-cell
stage zona pellucida (ZP) thickness measurements on embryos (z = 31 960). (C) 2-cell (z = 21 842) (left) and 4-cell

(m = 17 544) (right) symmetry measurements on embryos. (D) Day 2 degree of fragmentation measurements on em-
bryos (z =31 552). (E) Time of blastulation (z = 10 406) (left), average inner cell mass (ICM) size (z = 3586) (center),
and blastocyst expansion rate in terms of increase in blastocyst diameter in ‘um/br (m = 1807) (right) measurements

on embryos.
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Figure A.6: Associations of additional BlastAssist outputs to clinical outcomes. Estimated probability of an embryo
resulting in a live birth as a function of (A) 4-cell symmetry score (z = 2338,z = —1.38,p < 0.2). (B) time for
embryos to reach 4-cell stage (n = 3243,¢t = 75.86,]) < 5 x 10%). (€ degree of fragmentation on day 2

(m = 3421,t = —6.71,p <5 x 107, (D) average inner cell mass (ICM) size during blastocyst stage (z = 117,
t = —0.45,p < 0.7). (E) blastocyst expansion rate (2 = 48, = 0.11,p < 0.95). The data points and error bars
show the probability of the embryo producing fetal heartbeat estimated by a discrete model that fits an independent
probability for each value. The curves and regions between faded lines show the best continuous nonlinear model fit
with the data and its uncertainty. The correlations betweenp(lz'vebz’rtb) and the variables are plotted in each figure.
(See Supplementary Data File S1: Correlations to live birth.)
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Figure B.1: Distribution of ovarian stimulation variables: Age, BMI, FSH, LH of the EHR dataset of Lis Maternity Hospi-
tal (LMH) (blue), Brigham and Women's Hospital (BWH) (red), and Weill Cornell Medicine (WCM) (green).
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Table B.1. Data distribution of discrete variables for fertilization model.

Embryos (n)
fert method | ICSI(126,383) IVF (60,792)

mature status | MII(127,494) | non-MII (25,804)

pn count 2pn (120,181) | non-2pn (47,602)

Table B.1: dataset size in n embryos. ICSI: intracytoplasmic sperm injection; fert: fertilization; MIl: metaphase II; pn:
pronuclei.

Count
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Figure B.3: Distribution of continuous variables for fertilization: 1-cell zona thickness, zygote size of dataset of Lis
Maternity Hospital (LMH).
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