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Overview of the Life Whisperer Scientific Collection

LIFE WHISPERER VIABILITY

Life Whisperer Viability is an AI-based algorithm that assesses an image of a blastocyst embryo 
on Day 5 after IVF, and provides a score that relates to the likelihood that it will lead to 
a pregnancy.

• Life Whisperer Viability is up to 25% more accurate than manual grading (Gardner score) for
predicting clinical pregnancy.

• Life Whisperer Viability has also been shown to reduce time to pregnancy by 14% (in
simulated cohort ranking analyses).
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Development of an artificial intelligence-based assessment model for prediction 
of embryo viability using static images captured by optical light microscopy 
during IVF

An artificial intelligence model that was trained on pregnancy outcomes for 
embryo viability assessment is highly correlated with Gardner Score

Life Whisperer an AI-based algorithm to select non invasively best quality 
blastocysts: A multicenter analysis 

Evidence for superior blastocyst cohort ranking using Artificial Intelligence based 
on retrospective clinical pregnancy results

AI technology can predict human embryo viability across multiple laboratories with 
varying demographics with high accuracy and reproducibility.

AI based assessment of embryo viability correlates with features of embryo ploidy

LIFE WHISPERER GENETICS

Life Whisperer Genetics is an AI-based algorithm that assesses an image of a blastocyst embryo 
on Day 5 after IVF, and provides a score that relates to the likelihood it is genetically normal 
(euploid).

• Life Whisperer Genetics could select a euploid embryo as the top embryo in 82% of IVF
cohorts (using simulated cohort ranking analyses)

• Life Whisperer Genetics produces scores that correlate with the likelihood of an embryo
being genetically normal – ranging from only 38% of embryos at low scores to 76% of
embryos at high scores.

Development of an artificial intelligence model for predicting the likelihood 
of human embryo euploidy based on blastocyst images from multiple imaging 
systems during IVF 

Embryo viability and non-invasive genetic assessment through the lens of AI 

Non invasive detection of morphological features associated with abnormalities 
in chromosomes 21 and 16

p60 

p83

p100



EQUIPMENT AND TIMELAPSE

• Computer Vision is a field of study that looks a ways information can be obtained from an 
image robustly. 

• Different camera types and image settings are catered for in the Life Whisperer app, using 
sophisticated methods in the area of deep learning. 

• We explore how we developed a camera agnostic, self-annotating image recognition system, 
which automatically detects the embryo, and is robust to camera type and settings.

Past embryo viability is not always a good predictor of future pregnancy: 
dynamic viability suggests video has limited benefit over static images for 
AI assessment

Camera agnostic self-annotating AI system for blastocyst evaluation 
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DATA CLEANSING AND QUALITY

FEDERATED AI

The unique technology capabilities of our parent company, Presagen, automatically detects 
poor-quality medical data and removes it during AI training, which is needed to create AI that 
works from clinic to clinic globally.

Our specialized federated learning algorithm is an industry first to develop globally scalable 
and unbiased AI. We train our AI across multiple decentralized servers without exchanging 
private data and therefore complying with data privacy.

Automated detection of poor-quality data: case studies in healthcare 

The future of the AI enabled digital lab must be driven by global collaboration 

Identifying inherent poor quality embryo data using Artificial Intelligence to 
improve AI performance and clinical reporting

A novel decentralized federated learning approach to train on globally 
distributed, poor quality, and protected private medical data

p103

p114

p127

p129



Development of an artificial intelligence-
based assessment model for prediction 
of embryo viability using static images 
captured by optical light microscopy 
during IVF
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STUDY QUESTION: Can an artificial intelligence (AI)-based model predict human embryo viability using images captured by optical light
microscopy?

SUMMARY ANSWER: We have combined computer vision image processing methods and deep learning techniques to create the non-
invasive Life Whisperer AI model for robust prediction of embryo viability, as measured by clinical pregnancy outcome, using single static images
of Day 5 blastocysts obtained from standard optical light microscope systems.

WHAT IS KNOWN ALREADY: Embryo selection following IVF is a critical factor in determining the success of ensuing pregnancy.
Traditional morphokinetic grading by trained embryologists can be subjective and variable, and other complementary techniques, such as
time-lapse imaging, require costly equipment and have not reliably demonstrated predictive ability for the endpoint of clinical pregnancy. AI
methods are being investigated as a promising means for improving embryo selection and predicting implantation and pregnancy outcomes.

STUDY DESIGN, SIZE, DURATION: These studies involved analysis of retrospectively collected data including standard optical light
microscope images and clinical outcomes of 8886 embryos from 11 di!erent IVF clinics, across three di!erent countries, between 2011 and
2018.

PARTICIPANTS/MATERIALS, SETTING, METHODS: The AI-based model was trained using static two-dimensional optical light
microscope images with known clinical pregnancy outcome as measured by fetal heartbeat to provide a confidence score for prediction of
pregnancy. Predictive accuracy was determined by evaluating sensitivity, specificity and overall weighted accuracy, and was visualized using
histograms of the distributions of predictions. Comparison to embryologists’ predictive accuracy was performed using a binary classification
approach and a 5-band ranking comparison.

MAIN RESULTS AND THE ROLE OF CHANCE: The Life Whisperer AI model showed a sensitivity of 70.1% for viable embryos while
maintaining a specificity of 60.5% for non-viable embryos across three independent blind test sets from di!erent clinics. The weighted overall
accuracy in each blind test set was >63%, with a combined accuracy of 64.3% across both viable and non-viable embryos, demonstrating model
robustness and generalizability beyond the result expected from chance. Distributions of predictions showed clear separation of correctly and
incorrectly classified embryos. Binary comparison of viable/non-viable embryo classification demonstrated an improvement of 24.7% over
embryologists’ accuracy (P = 0.047, n = 2, Student’s t test), and 5-band ranking comparison demonstrated an improvement of 42.0% over
embryologists (P = 0.028, n = 2, Student’s t test).
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LIMITATIONS, REASONS FOR CAUTION: The AI model developed here is limited to analysis of Day 5 embryos; therefore, further
evaluation or modification of the model is needed to incorporate information from di!erent time points. The endpoint described is clinical
pregnancy as measured by fetal heartbeat, and this does not indicate the probability of live birth. The current investigation was performed with
retrospectively collected data, and hence it will be of importance to collect data prospectively to assess real-world use of the AI model.

WIDER IMPLICATIONS OF THE FINDINGS: These studies demonstrated an improved predictive ability for evaluation of embryo
viability when compared with embryologists’ traditional morphokinetic grading methods. The superior accuracy of the Life Whisperer AI
model could lead to improved pregnancy success rates in IVF when used in a clinical setting. It could also potentially assist in standardization of
embryo selection methods across multiple clinical environments, while eliminating the need for complex time-lapse imaging equipment. Finally,
the cloud-based software application used to apply the Life Whisperer AI model in clinical practice makes it broadly applicable and globally
scalable to IVF clinics worldwide.

STUDY FUNDING/COMPETING INTEREST(S): Life Whisperer Diagnostics, Pty Ltd is a wholly owned subsidiary of the parent
company, Presagen Pty Ltd. Funding for the study was provided by Presagen with grant funding received from the South Australian Government:
Research, Commercialisation and Startup Fund (RCSF). ‘In kind’ support and embryology expertise to guide algorithm development were
provided by Ovation Fertility. J.M.M.H., D.P. and M.P. are co-owners of Life Whisperer and Presagen. Presagen has filed a provisional patent
for the technology described in this manuscript (52985P pending). A.P.M. owns stock in Life Whisperer, and S.M.D., A.J., T.N. and A.P.M. are
employees of Life Whisperer.
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Introduction
With global fertility generally declining (GBD, 2018), many couples and
individuals are turning to assisted reproduction procedures for help
with conception. Unfortunately, success rates for IVF are quite low at
!20–30% (Wang and Sauer, 2006), placing significant emotional and
financial strain on those seeking to achieve a pregnancy. During the
IVF process, one of the critical determinants of a successful pregnancy
is embryo quality, and the embryo selection process is essential for
ensuring the shortest time to pregnancy for the patient. There is a
pressing motivation to improve the way in which embryos are selected
for transfer into the uterus during the IVF process.

Currently, embryo selection is a manual process involving assessment
of embryos by trained clinical embryologists, through visual inspection
of morphological features using an optical light microscope. The most
common scoring system used by embryologists is the Gardner Scale
(Gardner and Sakkas, 2003), in which morphological features such
as inner cell mass (ICM) quality, trophectoderm quality and embryo
developmental advancement are evaluated and graded according to
an alphanumeric scale. One of the key challenges in embryo grading
is the high level of subjectivity and intra- and inter-operator variability
that exists between embryologists of di!erent skill levels (Storr et al.,
2017). This means that standardization is di"cult even within a single
laboratory, and impossible across the industry as a whole. Other
complementary techniques are available for assisting with embryo
selection, such as time-lapse imaging, which continuously monitors the
growth of embryos in culture with simple algorithms that assess critical
growth milestones. Although this approach is useful in determining
whether an embryo at an early stage will develop through to a mature
blastocyst, it has not been demonstrated to reliably predict pregnancy
outcomes, and therefore is limited in its utility for embryo selection at
the Day 5 time point (Chen et al., 2017). Additionally, the requirement
for specialized time-lapse imaging hardware makes this approach cost
prohibitive for many laboratories and clinics, and limits widespread use
of the technique.

The objective of the current clinical investigation was to develop
and test a non-invasive artificial intelligence (AI)-based assessment

...............................................................................

approach to aid in embryo selection during IVF, using single static
two-dimensional images captured by optical light microscopy methods.
The aim was to combine computer vision image processing methods
and deep learning to create a robust model for analysis of Day 5
embryos (blastocysts) for prediction of clinical pregnancy outcomes.
This is the first report of an AI-based embryo selection method that
can be used for analysis of images taken using standard optical light
microscope systems, without requiring time-lapse imaging equipment
for operation, and which is predictive of pregnancy outcome. Using an
AI screening method to improve selection of embryos prior to transfer
has the potential to improve IVF success rates in a clinical setting.

A common challenge in evaluating AI and machine learning methods
in the medical industry is that each clinical domain is unique, and
requires a specialized approach to address the issue at hand. There
is a tendency for industry to compare the accuracy of AI in one
clinical domain to another, or to compare the accuracy of di!erent AI
approaches within a domain that assess di!erent endpoints. These are
not valid comparisons as they do not consider the clinical context, nor
the relevance of the ground-truth endpoint used for the assessment
of the AI. Caution needs to be taken to understand the context in
which the AI is operating and the benefit it provides in complement
with current clinical processes. One example presented by Sahlsten
et al. (2019) described an AI model that detected fundus for diabetic
retinopathy assessment with an accuracy of over 90%. In this domain,
the clinician baseline accuracy is !90%, and therefore an AI accuracy of
>90% is reasonable and necessary to justify clinical relevance. Similarly,
in the field of embryology, AI models developed by Khosravi et al.
(2019) and Kragh et al. (2019) showed high levels of accuracy in
classification of blastocyst images according to the well-established
Gardner scale. This approach is expected to yield a high accuracy,
as the model simply mimics the Gardner scale to predict a known
outcome. While this method may be useful for standardization of
embryo classification according to the Gardner scale, it is not in fact
predictive of pregnancy success as it is based on a di!erent endpoint.
Of relevance to the current study, an AI model developed by Tran et al.
(2019) was in fact intended to classify embryo quality based on clinical
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Table I Results of pilot study demonstrate feasibility of creating an artificial intelligence-based image analysis model for
prediction of human embryo viability.

Validation dataset Blind Test Set 1 Blind Test Set 2 Total blind test dataset
.......................................................................................................................................................................................
Composition of dataset
.......................................................................................................................................................................................
Total image no. 390 368 632 1000

No. of positive clinical pregnancies 70 76 194 270

No. of negative clinical pregnancies 320 292 438 730
.......................................................................................................................................................................................
AI model accuracy
.......................................................................................................................................................................................
Accuracy viable embryos (sensitivity) 74.3% 63.2% 78.4% 74.1%

Accuracy non-viable embryos (specificity) 74.4% 77.1% 57.5% 65.3%

Overall accuracy 74.4% 74.2% 63.9% 67.7%
.......................................................................................................................................................................................
Comparison to embryologist grading – viable versus non-viable embryos
.......................................................................................................................................................................................
No. of images with embryologist grade ND 121 477 598

AI model accuracy ND 71.9% 65.4% 66.7%

Embryologist accuracy ND 47.1% 52.0% 51.0%

AI model improvement ND 52.7% 25.8% 30.8%

No. times AI model correcta ND 42 106 148

No. times embryologist correcta ND 12 42 54

AI model fold improvement ND 3.5 x 2.5 x 2.7 x

aImages where the AI model was correct and the embryologist was incorrect, and vice versa.
AI = artificial intelligence; ND = not done; No. = number.

pregnancy outcome. This study did not report percentage accuracy
of prediction, but instead reported a high level of accuracy for their
model IVY using a receiver operating characteristic (ROC) curve. The
AUC for IVY was 0.93 for true positive rate versus false positive rate;
negative predictions were not evaluated. However, the datasets used
for training and evaluation of this model were only partly based on
actual ground-truth clinical pregnancy outcome—a large proportion
of predicted non-viable embryos were never actually transferred, and
were only assumed to lead to an unsuccessful pregnancy outcome.
Thus, the reported performance is not entirely relevant in the context
of clinical applicability, as the actual predictive power for the presence
of a fetal heartbeat has not been evaluated to date.
The AI approach presented here is the first study of its kind to evaluate
the true ability of AI for predicting pregnancy outcome, by exclu-
sively using ground-truth pregnancy outcome data for AI development
and testing. It is important to note that while a pregnancy outcome
endpoint is more clinically relevant and informative; it is inherently
more complex in nature due to patient and laboratory variability that
impact pregnancy success rates beyond the quality of the embryo itself.
The theoretical maximum accuracy for prediction of this endpoint
based on evaluation of embryo quality is estimated to be !80%, with
the remaining 20% a!ected by patient-related clinical factors, such as
endometriosis, or laboratory process errors in embryo handling, etc.,
that could lead to a negative pregnancy outcome despite a morpho-
logically favorable embryo appearance (Annan et al., 2013). Given
the influence of confounding variables, and the low average accuracy
presently demonstrated by embryologists using traditional morpholog-
ical grading methods (!50% in the current study, Tables I and II), an AI
model with an improvement of even 10–20% over that of embryolo-

..............................................................

gists would be considered highly relevant in this clinical domain. In the
current study, we aimed to develop an AI model that demonstrated
superiority to embryologists’ predictive power for embryo viability, as
determined by ground-truth clinical pregnancy outcome.

Materials and Methods
Experimental design
These studies were designed to analyze retrospectively collected data
for development and testing of the AI-based model in prediction of
embryo viability. Data were collected for female subjects who had
undergone oocyte retrieval, IVF and embryo transfer. The investiga-
tion was non-interventional, and results were not used to influence
treatment decisions in any way. Data were obtained for consecutive
patients who had undergone IVF at 11 independent clinics in three
countries (the USA, Australia and New Zealand) from 2011 to 2018.
Data were limited to patients who received a single embryo transfer
with a Day 5 embryo, and where the endpoint was clinical pregnancy
outcome as measured by fetal heartbeat at first scan. The clinical preg-
nancy endpoint was deemed to be the most appropriate measure of
embryo viability as this limited any confounding patient-related factors
post-implantation. Criteria for inclusion/exclusion were established
prospectively, and images not matching the criteria were excluded from
analysis.

For inclusion in the study, images were required to be of embryos
on Day 5 of culture taken using a standard optical light microscope
mounted camera. Images were only accepted if they were taken prior
to PGS biopsy or freezing. All images were required to have a minimum
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Table II Results of the pivotal study demonstrate generalizability of the Life Whisperer AI model for prediction of human
embryo viability across multiple clinical environments.

Validation
dataset

Blind Test
Set 1

Blind Test
Set 2

Blind Test
Set 3

Combined
blind sets

.......................................................................................................................................................................................
Composition of dataset
.......................................................................................................................................................................................
No. of images 193 280 286 1101 1667

No. of positive clinical pregnancies 97 141 180 334 655

No. of negative clinical pregnancies 96 139 106 767 1012
.......................................................................................................................................................................................
AI model accuracy
.......................................................................................................................................................................................
Accuracy viable embryos (sensitivity) 76.3% 72.3% 73.9% 67.1% 70.1%

Accuracy non-viable embryos (specificity) 53.1% 54.7% 54.7% 62.3% 60.5%

Overall accuracy 64.8% 63.6% 66.8% 63.8% 64.3%
.......................................................................................................................................................................................
Comparison to embryologist grading – viable versus non-viable embryos
.......................................................................................................................................................................................
No. of images with embryologist grade ND 262 0a 539 801

AI model accuracy ND 63.7% ND 57.0% 59.2%

Embryologist accuracy ND 50.4% ND 46.0% 47.4%

AI model improvement ND 26.4% ND 23.8% 24.7%

No. times AI model correctb ND 71 ND 101 172

No. times embryologist correctb ND 36 ND 42 78

AI model fold improvement ND 2.0 x ND 2.4 x 2.2 x
.......................................................................................................................................................................................
Comparison to embryologist grading – embryo ranking
.......................................................................................................................................................................................
AI model ranking correctb ND 44.3% ND 38.8% 40.6%

Embryologist ranking correctb ND 30.5% ND 27.6% 28.6%

AI model improvement ND 45.2% ND 40.6% 42.0%

aEmbryologist scores were not available. bImages where the AI model was correct and the embryologist was incorrect, and vice versa.
ND = not done; No. = number.

resolution of 512 x 512 pixels with the complete embryo in the
field of view. Additionally, all images were required to have matched
clinical pregnancy outcome available (as detected by the presence of
a fetal heartbeat on first ultrasound scan). For a subset of patients,
the embryologist’s morphokinetic grade was available, and was used
to compare the accuracy of the AI with the standard visual grading
method for those patients.

Ethics and compliance
All patient data used in these studies were retrospective and pro-
vided in a de-identified format. In the USA, the studies described
were deemed exempt from Institutional Review Board (IRB) review
pursuant to the terms of the United States Department of Health and
Human Service’s Policy for Protection of Human Research Subjects
at 45 C.F.R. § 46.101(b) (IRB ID #6467, Sterling IRB). In Australia,
the studies described were deemed exempt from Human Research
Ethics Committee review pursuant to Section 5.1.2.2 of the National
Statement on Ethical Conduct in Human Research 2007 (updated
2018), in accordance with the National Health and Medical Research
Council Act 1992 (Monash IVF). In New Zealand, the studies described
were deemed exempt from Health and Disability Ethics Committee

...............................................

review pursuant to Section 3 of the Standard Operating Procedures for
Health and Disability Ethics Committees, Version 2.0 (August 2014).

These studies were not registered as a clinical trial as they did
not meet the definition of an applicable clinical trial as defined
by the ICMJE, that is, ‘a clinical trial is any research project that
prospectively assigns people or a group of people to an intervention,
with or without concurrent comparison or control groups, to study
the relationship between a health-related intervention and a health
outcome’.

Viability scoring methods
For the AI model, an embryo viability score of 50% and above was
considered viable, and below 50% non-viable. Embryologist’s scores
were provided for Day 5 blastocysts at the time when the image
was taken. These scores were placed into scoring bands, which
were roughly divided into ‘likely viable’ and ‘likely non-viable’ groups.
This generalization allowed comparison of binary predictions from
the embryologists with predictions from the AI model (viable/non-
viable). The scoring system used by embryologists was based on
the Gardner scale of morphokinetic grading (Gardner and Sakkas,
2003) for the quality of the ICM and the trophectoderm of the
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embryo, indicated by a single letter (A–E). Also included was either a
numerical score or a description of the embryo’s stage of development
toward hatching. Numbers were assigned in ascending order of
embryo development as follows: 1 = start of cavitation, 2 = early
blastocyst, 3 = full blastocyst, 4 = expanded blastocyst and 5 = hatching
blastocyst. If no developmental stage was given, it was assumed that
the embryo was at least an early blastocyst (>2). The conversion
table for all clinics providing embryologists scores is provided in
Supplementary Table SI. For embryologist’s scores, embryos of 3BB
or higher grading were considered viable, and below 3BB considered
non-viable.

Comparisons of embryo viability ranking were made by equating
the embryologist’s assessment with a numerical score from 1 to
5 and, similarly, dividing the AI model inferences into five equal
bands labeled 1 to 5 (from the minimum inference to the maximum
inference). If a given embryo image was given the same rank by the
AI model and the embryologist, this was noted as a ‘concordance’. If,
however, the AI model provided a higher rank than the embryologist
and the ground-truth outcome was recorded as viable, or the AI
model provided a lower rank than the embryologist and the ground-
truth outcome was recorded as non-viable, then this outcome was
noted as ‘model correct’. Similarly, if the AI model provided a lower
rank than the embryologist and the ground-truth outcome was
recorded as viable, or the AI model provided a higher rank and the
outcome was recorded as non-viable, this outcome was noted as
‘embryologist correct’.

Computer vision image processing methods
All image data underwent a pre-processing stage, as outlined below.
These computer vision image processing methods were used in model
development, and incorporated into the final AI model.

– Each image was stripped of its alpha channel to ensure that it was
encoded in a 3-channel format (e.g. RGB). This step removed
additional information from the image relating to transparency
maps, while incurring no visual change to the image. These por-
tions of the image were not used.

– Each image was padded to square dimensions, with each side
equal to the longest side of the original image. This process
ensured that image dimensions were consistent, comparable and
compatible for deep learning methods, which explicitly require
square dimension images as input, while also ensuring that no key
components of the image were cropped.

– Each image was RGB color normalized, by taking the mean of
each RGB channel, and dividing each channel by its mean value.
Each channel was then multiplied by a fixed value of 100/255, in
order to ensure the mean value of each image in RGB space was
(100, 100, 100). This step ensured that color biases among the
images were suppressed, and that the brightness of each image
was normalized.

– Each image was then cropped so that the center of the embryo
was in the center of the image. This was carried out by extracting
the best ellipse fit from an elliptical Hough transform, calculated
on the binary threshold map of the image. This method acts by
selecting the hard boundary of the embryo in the image, and
by cropping the square boundary of the new image so that the
longest radius of the new ellipse is encompassed by the new image

............................................................................................................................

Figure 1 Sample image of human embryo with pre-
processing steps applied in order. The six main pre-processing
steps, prior to transforming the image into a tensor format, are
illustrated. (A) The input image is stripped of the alpha channel. (B)
The image is padded to square dimensions. (C) The color balance and
brightness levels are normalized. (D) The image is cropped to remove
excess background space such that the embryo is centered. (E) The
image is scaled in resolution for the appropriate neural network. (F–
G) Segmentation is applied to the image as a pre-processing step for
portion of the neural networks. An image with the inner cell mass
(ICM) and intra-zona cavity (IC) masked is shown in (F) and an image
with the ICM/IC exposed is shown in (G). Images were taken at 200x
magnification.

width and height, and so that the center of the ellipse is the center
of the new image.

– Each image was then scaled to a smaller resolution prior to
training.

– For training of selected models, images underwent an additional
pre-processing step called boundary-based segmentation. This
process acts by separating the region of interest (i.e. the embryo)
from the image background, and allows masking in order to
concentrate the model on classifying the gross morphological
shape of the embryo.

– Finally, each image was transformed to a tensor rather than a
visually displayable image, as this is the required data format for
deep learning models. Tensor normalization was obtained from
standard pre-trained ImageNet values, mean (0.485, 0.456, 0.406)
and standard deviation (0.299, 0.224, 0.225). Figure 1 shows an
example embryo image carried through the first six pre-processing
steps described above.

Embryo images obtained for this study were divided into training,
validation and blind dataset categories by randomizing available data
with the constraint that each dataset was to have an even distribution of
examples across each of the classifications (i.e. the same ratio of viable
to non-viable embryos). For model training, the images in the training
dataset were additionally manipulated using a set of augmentations.
Augmentations are required for training in order to anticipate changes
to lighting conditions, rotation of the embryo and focal length so that
the final model is robust to these conditions from new unseen datasets.
The augmentations used in model training are as follows:

– Rotations: Images were rotated a number of ways, including
90 degree rotations, and also other non-90 degree rotations

D
ow

nloaded from
 https://academ

ic.oup.com
/hum

rep/advance-article-abstract/doi/10.1093/hum
rep/deaa013/5815143 by guest on 08 April 2020

https://academic.oup.com/humrep/article-lookup/doi/10.1093/humrep/deaa013#supplementary-data


6 VerMilyea et al.

where the diagonal whitespace in the square image due to these
rotations was filled in with background color using the OpenCV
(version 3.2.0; Willow Garage, Itseez, Inc. and Intel Corporation;
2200 Mission College Blvd. Santa Clara, CA 95052, USA) ‘Bor-
der_Replicate’ method, which uses the pixel values near the image
border to fill in whitespace after rotation.

– Reflections: Horizontal or vertical reflections of the image were
also included as training augmentations.

– Gaussian blur: Gaussian blurring was applied to some images using
a fixed kernel size (with a default value of 15).

– Contrast variation: Contrast variation was introduced to images
by modifying the standard deviation of the pixel variation of the
image from the mean, away from its default value.

– Random horizontal and vertical translations (jitter): Randomly
applied small horizontal and vertical translations (such that the
blastocyst did not deviate outside the field of view) were used
to assist the model in training invariance to translation or position
in the image.

– Random compression or jpeg noise: While uncompressed file for-
mats are preferred for analysis (e.g. ‘png’ format), many embryo
images are provided in the common compressed ‘jpeg’ format.
To control for compression artifacts from images of jpeg format,
jpeg compression noise was randomly applied to some images for
training.

Model architectures considered
A range of deep learning and computer vision/machine learning meth-
ods were evaluated in training the AI model as follows. The most
e!ect deep learning architectures for classifying embryo viability were
found to be residual networks, such as ResNet-18, ResNet-50 and
ResNet-101 (He et al., 2016), and densely connected networks, such as
DenseNet-121 and DenseNet-161 (Huang et al., 2017). These archi-
tectures were more robust than other types of models when assessed
individually. Other deep learning architectures including InceptionV4
and Inception-ResNetV2 (Szegedy et al., 2016) were also tested but
excluded from the final AI model due to poorer individual perfor-
mance. Computer vision/machine learning models including support
vector machines (Hearst, 1998) and random forest (Breiman, 2001)
with computer vision feature computation and extraction were also
evaluated. However, these methods yielded limited translatability and
poorer accuracy compared with deep learning methods when evalu-
ated individually, and were therefore excluded from the final AI model
ensemble. For more information see the Model selection process
section.

Loss functions considered
The following quantities were evaluated to select the best model types
and architectures:

– Model stabilization: How stable the accuracy value was on the
validation set over the training process.

– Model transferability: How well the accuracy on the training data
correlated with the accuracy on the validation set.

– Prediction accuracy: Which models provided the best validation
accuracy, for both viable and non-viable embryos, the total com-
bined accuracy and the balanced accuracy, defined as the weighted
average accuracy across both class types of embryos.

............................................................................................................................

In all cases, use of ImageNet pretrained weights demonstrated
improved performance of these quantities.

Loss functions that were evaluated as options for the model’s hyper-
parameters included cross entropy (CE), weighted CE and residual
CE loss function. The accuracy on the validation set was used as the
selection criterion to determine a loss function. Following evaluation,
only weighted CE and residual CE loss functions were chosen for use
in the final model, as these demonstrated improved performance. For
more information see the Model selection process section.

Deep learning optimization specifications
Multiple models with a wide range of parameter and hyper-parameter
settings were trained and evaluated. Optimization protocols that
were tested to specify how the value of the learning rate should
be used during training included stochastic gradient descent (SGD)
with momentum (and/or Nesterov accelerated gradients), adaptive
gradient with delta (Adadelta), adaptive moment estimation (Adam),
root-mean-square propagation (RMSProp) and limited-memory
Broyden–Fletcher–Goldfarb–Shanno (L-MBFGS). Of these, two well-
known training optimization strategies (optimizers) were selected for
use in the final model; these were SGD (Rumelhart et al., 1986) and
Adam (Kingma and Ba, 2014). Optimizers were selected for their ability
to drive the update mechanism for the network’s weight parameters
to minimize the objective/loss function.

Learning rates were evaluated within the range of 1e-5 to 1e-1.
Testing of learning rates was conducted with the use of step scheduler,
which reduces the learning rate during the training progress. Learning
rates were selected based on their ability to stably converge the model
toward a minimum loss function. The dropout rate, an important
technique for preventing over-training for deep learning models, was
tested within the range of 0.1 to 0.4. This involved probabilistically
dropping out nodes in the network with a large number of weight
parameters to prevent over-fitting while training. For more information
see the Model selection process section.

Each deep neural network used weight parameters obtained from
pre-training on ImageNet, with the final classifier layer replaced with a
binary classifier corresponding to non-viable and viable classification.
Training of AI models was conducting using PyTorch library (ver-
sion 0.4.0; Adam Paszke, Sam Gross, Soumith Chintala and Gregory
Chanan; 1601 Willow Rd, Menlo Park, CA 94025, USA), with CUDA
support (version 9; Nvidia Corporation; 2788 San Tomas Expy, Santa
Clara, CA 95051, USA), and OpenCV (version 3.2.0; Willow Garage,
Itseez, Inc. and Intel Corporation; 2200 Mission College Blvd. Santa
Clara, CA 95052, USA).

Individual models were trained and evaluated separately using a train-
validate cycle process as follows:

– Batches of images were randomly sampled from the training
dataset and a viability outcome predicted for each embryo
image.

– Results for each image were compared to known outcomes to
compute the di!erence between the prediction and the actual
outcome (loss).

– The loss value was then used to adjust the model’s weights to
improve its prediction (backpropagation), and the running total
accuracy was assessed.
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Artificial intelligence for embryo viability assessment 7

– This process was repeated thousands of times until the loss was
reduced as much as possible and the value plateaued.

– When all batches in the training dataset had been assessed (i.e.
1 epoch), so that the entire training set had been covered, the
training set was re-randomized, and training was repeated.

– After each epoch, the model was run on a fixed subset of images
reserved for informing the training process to prevent over-
training (the validation set).

– The train-validate cycle was carried out for 2–100 epochs until a
su"ciently stable model was developed with low loss function. At
the conclusion of the series of train-validate cycles, the highest
performing models were combined into a final ensemble model
as described below.

Model selection process
Evaluation of individual model performance was accomplished using
a model architecture selection process. Only the training and valida-
tion sets were used for evaluation. Each type of prediction model
was trained with various settings of model parameters and hyper-
parameters, including input image resolution, choice of optimizer,
learning rate value and scheduling, momentum value, dropout and
initialization of the weights (pre-training).

After shortlisting model types and loss functions using the criteria
established in the preceding sections, models were separated into two
groups: first, those that included additional image segmentation, and
second those that required the entire unsegmented image. Models
that were trained on images that masked the ICM, exposing the zona
region, were denoted as zona models. Models that were trained on
images that masked the zona (denoted ICM models), and models
that were trained on full-embryo images, were also considered in
training. A group of models encompassing contrasting architectures
and pre-processing methods was selected in order to maximize per-
formance on the validation set. Individual model selection relied on
two criteria, namely diversity and contrasting criteria, for the following
reasons:

– The diversity criterion drives model selection to include di!erent
model’s hyper-parameters and configurations. The reason is that,
in practice, similar model settings result in similar prediction out-
comes and hence may not be useful for the final ensemble model.

– The contrasting criterion drives model selection with diverse
prediction outcome distributions, due to di!erent input images
or segmentation. This approach was supported by evaluating
performance accuracies across individual clinics. This method
ensured translatability by avoiding selection of models that
performed well only on specific clinic datasets, thus preventing
over-fitting.

The final prediction model was an ensemble of the highest per-
forming individual models (Rokach, 2010). Well-performing individual
models that exhibited di!erent methodologies, or extracted di!erent
biases from the features obtained through machine learning, were
combined using a range of voting strategies based on the confidence
of each model. Voting strategies evaluated included mean, median,
max and majority mean voting. It was found that the majority mean
voting strategy outperformed other voting strategies for this par-
ticular ensemble model. This voting strategy gave the most stable

............................................................................................................................

model across all datasets and was therefore chosen as the preferred
model.

The final ensemble model includes eight deep learning models of
which four are zona models and four are full-embryo models. The final
model configuration used in this study is as follows:

– One full-embryo ResNet-152 model, trained using SGD with
momentum = 0.9, CE loss, learning rate 5.0e-5, step-wise sched-
uler halving the learning rate every 3 epochs, batch size of 32,
input resolution of 224 x 224 and a dropout value of 0.1.

– One zona model ResNet-152 model, trained using SGD with
momentum = 0.99, CE loss, learning rate 1.0e-5, step-wise sched-
uler dividing the learning rate by 10 every 3 epochs, batch size of
8, input resolution of 299 x 299 and a dropout value of 0.1.

– Three zona ResNet-152 models, trained using SGD with
momentum = 0.99, CE loss, learning rate 1.0e-5, step-wise
scheduler dividing the learning rate by 10 every 6 epochs, batch
size of 8, input resolution of 299 x 299, and a dropout value of
0.1, one trained with random rotation of any angle.

– One full-embryo DenseNet-161 model, trained using SGD with
momentum = 0.9, CE loss, learning rate 1.0e-4, step-wise sched-
uler halving the learning rate every 5 epochs, batch size of 32,
input resolution of 224 x 224, a dropout value of 0 and trained
with random rotation of any angle.

– One full-embryo DenseNet-161 model, trained using SGD with
momentum = 0.9, CE loss, learning rate 1.0e-4, step-wise sched-
uler halving the learning rate every 5 epochs, batch size of 32,
input resolution of 299 x 299, a dropout value of 0.

– One full-embryo DenseNet-161 model, trained using SGD with
momentum = 0.9, Residual CE loss, learning rate 1.0e-4, step-
wise scheduler halving the learning rate every 5 epochs, batch size
of 32, input resolution of 299 x 299, a dropout value of 0 and
trained with random rotation of any angle.

The architecture diagram corresponding to ResNet-152, which fea-
tures heavily in the final model configuration, is shown in Figure 2. A
flow chart describing the entire model creation and selection method-
ology is shown in Figure 3. The final ensemble model was subsequently
validated and tested on blind test datasets as described in the results
section.

Statistical analysis
Measures of accuracy used in the assessment of model behavior on
data included sensitivity, specificity, overall accuracy, distributions of
predictions and comparison to embryologists’ scoring methods. For the
AI model, an embryo viability score of 50% and above was considered
viable, and below 50% non-viable. Accuracy in identification of viable
embryos (sensitivity) was defined as the number of embryos that the
AI model identified as viable divided by the total number of known
viable embryos that resulted in a positive clinical pregnancy. Accuracy
in identification of non-viable embryos (specificity) was defined as the
number of embryos that the AI model identified as non-viable divided
by the total number of known non-viable embryos that resulted in
a negative clinical pregnancy outcome. Overall accuracy of the AI
model was determined using a weighted average of sensitivity and
specificity, and percentage improvement in accuracy of the AI model
over the embryologist was defined as the di!erence in accuracy as a
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8 VerMilyea et al.

Figure 2 Example illustration of ResNet-152 neural network layers. The layer diagram from input to prediction for a neural network of
type ResNet-152, which features prominently in the final Life Whisperer artificial intelligence (AI) model, is shown. For the 152 layers, the number of
convolutional layers (‘conv’) are depicted, along with the filter size, which is the receptive region taken by each convolutional layer. Two-dimensional
maxpooling layers (‘pool’) are also shown, with a final fully connected (FC) layer, which represents the classifier, with a binary output for prediction
(non-viable and viable).

proportion of the original embryologist accuracy (i.e. (AI_accuracy—
embryologist_accuracy)/embryologist_accuracy).

For these analyses, embryologist scores corresponding to blastocyst
assessment at Day 5 were provided, that is, their assessment was
provided at the same point in time as when the image was taken. This
ensured that the time point for model assessment and the embryol-
ogist’s assessment were consistent. Note that the subset of data that
includes corresponding embryologist scores was sourced from a range
of clinics, and thus the measurement of the embryologist grading accu-
racy varied across each clinic, from 43.9% to 55.3%. This is due to the
variation in embryologist skill, and statistical fluctuation of embryologist
scoring methods across the dataset. In order to provide a comparison
that ensured the most representative distribution of embryologist skill
levels, all embryologist scores were considered across all clinics, and
combined in an unweighted manner, instead of considering accuracies
from individual clinics. This approach therefore captured the inherent
diversity in embryologist scoring e"cacy.

The distributions of prediction scores for both viable and non-
viable embryo images were used to determine the ability of the
AI model to separate true positives from false negatives, and true
negatives from false positives. AI model predictions were normalized
between 0 and 1, and interpreted as confidence scores. Distributions
were presented as histograms based on the frequency of confidence
scores. Bi-modal distributions of predictions indicated that true pos-
itives and false negatives, or true negatives and false positives, were
separated with a degree of confidence, meaning that the predictive
power of the model on a given dataset was less likely to have been
obtained by chance. Alternatively, slight asymmetry in a unimodal
Gaussian-like distribution falling on either side of a threshold indicated
that the model was not easily able to separate distinct classes of
embryo.

...................................................................

A binary confusion matrix containing class accuracy measures, i.e.
sensitivity and specificity, was also used in model assessment. The con-
fusion matrix evaluated model classification and misclassification based
on true positives, false negatives, false positives and true negatives.
These numbers were depicted visually using tables or ROC plots where
applicable.

Final model accuracy was determined using results from blind
datasets only, as these consisted of completely independent ‘unseen’
datasets that were not used in model training or validation. In general,
the accuracy of any validation dataset will be higher than that of a blind
dataset, as the validation dataset is used to guide training and selection
of the AI model. For a true, unbiased measure of accuracy, only blind
datasets were used. The number of replicates used for determination
of accuracy was defined as the number of completely independent
blind test sets comprising images that were not used in training the AI
model. Double-blind test sets, consisting of images provided by clinics
that did not provide any data for model training, were used to evaluate
whether the model had been over-trained on data provided by the
original clinics.

Results
Datasets used in model development
Model development was divided into two distinct studies. The first
study consisted of a single-site pilot study to determine the feasibility
of creating an AI model for prediction of embryo viability, and refine
the training techniques and principles to be adopted for a second multi-
site study. The first study, or pilot study, was performed using a total of
5282 images provided by a single clinic in Australia, with 3892 images
used for the training process. The AI model techniques explored in
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Artificial intelligence for embryo viability assessment 9

Figure 3 Flow chart for model creation and selection methodology. The model creation methodology is depicted beginning from data
collection (top). Each step summarizes the component tasks that were used in the development of the final AI model. After image processing and
segmentation, the images were split into datasets and the training dataset prepared by image augmentation. The highest performing individual models
were considered candidates for inclusion in the final ensemble model, and the final ensemble model was selected based using majority mean voting
strategy.

the pilot study were then further developed in a second, pivotal study
to determine generalizability to di!erent clinical environments. The
pivotal study used a total of 3604 images provided by 11 clinics from
across the USA, Australia and New Zealand, with a total of 1744
images of Day 5 embryos used for training the Life Whisperer AI model
presented in this article.

Images were split into defined datasets for model development in
each study, which included a training dataset, a validation dataset and
multiple blind test sets. Figure 4 depicts the number and origin of
images that were used in each dataset in both the pilot and pivotal
studies. A significant proportion of images in each study were used in
model training, with a total of 3892 images used in the pilot study, and a
further 1744 images used in the pivotal study. AI models were selected
and validated using validation datasets, which contained 390 images in
the pilot study and 193 in the pivotal study. Accuracy was determined
using blind datasets only, comprising a total of 1000 images in the pilot
study, and 1667 images in the pivotal study. Two independent blind test
sets were evaluated in the pilot study; these were both provided by
the same clinic that provided images for training. Three independent
blind test sets were evaluated in the pivotal study. Blind Test Set

...........................................

1 comprised images from the same clinics that provided images for
training. Blind Test Sets 2 and 3 were, however, provided by completely
independent clinics that did not provide any data for training. Thus,
Blind Test Sets 2 and 3 represented double-blinded datasets as relates
to AI computational methods.

In total, 52.5% of all images in the blind datasets had embryologist
grades available for comparison of outcome. Note that embryologist’s
grades were not available for Blind Test Set 2 in the pivotal study;
therefore, n = 2 for both studies in comparison of AI model accuracy
to that of embryologists.

Pilot feasibility study
Table I shows a summary of results for the pilot study presented
according to dataset (validation dataset, individual blind test sets and
combined blind test dataset). In this study, negative pregnancies were
found to outweigh positive pregnancies by approximately 3-fold. Sen-
sitivity of the Life Whisperer AI model for viable embryos was 74.1%,
and specificity for non-viable embryos was 65.3%. The greater sen-
sitivity compared to specificity was to be expected, as it reflects the
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10 VerMilyea et al.

Figure 4 Image datasets used in AI model development and testing. A total of 8886 images of Day 5 embryos with matched clinical
pregnancy outcome data were obtained from 11 independent IVF clinics across the USA, Australia and New Zealand. The pilot (feasibility) study to
develop the initial AI model utilized 5282 images from a single clinic in Australia. This model was further developed in the pivotal study, which utilized
an additional 3604 images from all 11 clinics. Blind test sets were used to determine AI model accuracy.

intended bias to grade embryos as viable that was introduced during
model development. Overall accuracy for the AI model was 67.7%.

For the subset of images that had embryologist’s scores available, the
AI model provided an average accuracy improvement of 30.8% over
embryologist’s grading for viable/non-viable predictions (P = 0.021,
n = 2, Student’s t test). The AI model correctly predicted viability
over the embryologist 148 times, whereas the embryologist correctly
predicted viability over the model 54 times, representing a 2.7-fold
improvement for the AI model.

The AI model developed in this pilot study was used as a basis for
further development in the pivotal study described below.

Model accuracy and generalizability
The results of the pivotal study are presented in Table II. In this study,
the distribution of negative and positive pregnancies was more even
than in the pilot study, with negative pregnancies occurring !50% more
often than positive pregnancies (1.5-fold increase compared to 3-fold
increase in the pilot study).

After further development using data from a range of clinics, the Life
Whisperer AI model showed a sensitivity of 70.1% for viable embryos,
and a specificity of 60.5% for non-viable embryos. This was relatively

...............................................

similar to the initial accuracy values obtained in the pilot study, although
values were marginally lower—this was not unexpected due to the
introduction of inter-clinic variation into the AI development. Note
that while the sensitivity in Blind Test Set 3 was !5–7% lower than
that of Blind Test Sets 1 and 2, the specificity was !8% higher than in
those datasets, making the overall accuracy comparable across all three
blind test sets. The overall accuracy in each blind test set was >63%,
with a combined overall accuracy of 64.3%.

Binary comparison of viable/non-viable embryo classification
demonstrated that the AI model provided an average accuracy
improvement of 24.7% over embryologist’s grading (P = 0.047, n = 2,
Student’s t test). The AI model correctly predicted viability over
the embryologist 172 times, whereas the embryologist correctly
predicted viability over the model 78 times, representing a 2.2-fold
improvement for the AI model. Comparison to embryologist’s scores
using the 5-band ranking system approach showed that the AI model
was correct over embryologists for 40.6% of images, and incorrect
compared to embryologist’s scoring for 28.6% of images, representing
an improvement of 42.0% (P = 0.028, n = 2, Student’s t test).

Confusion matrices showing the total number of true positives, false
positives, false negatives and true negatives obtained from embryol-
ogist grading methods and the AI model are shown in Figure 5. By
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Figure 5 Confusion matrix of the pivotal study for embry-
ologist and AI model grading. True positives (TP), false positives
(FP), false negatives (FN) and true negatives (TN) are shown. The
embryologists’ confusion matrix is depicted on the top panel, and
the AI model’s confusion matrix is depicted on the bottom panel.
The embryologists’ overall accuracy is significantly lower, despite a
relatively higher sensitivity, due to the enhanced specificity of the AI
model’s predictions. Clin. Preg. = clinical pregnancy; No Clin. Preg. =
no clinical pregnancy.

comparing the embryologist and AI model results, it is clear that the
embryologist accuracy overall is significantly lower, even though the
sensitivity is higher. This is most likely due to the fact that embry-
ologist scores are typically high for the sub-class of embryos that
have been implanted, and therefore there is a natural bias in the
dataset toward embryos that have a high embryologist score. While
alteration of the embryologist threshold score of ‘3BB’ above which
embryos are considered ‘likely viable’ does not result in greater embry-
ologist accuracy, a significant proportion of the embryos considered,
(114 + 121)/(134 + 128) = 89.7%, were graded equal to or higher
than 3BB. While the AI Model showed a reduction in true positives
compared to the embryologist, there was a significant improvement
in specificity. The AI model demonstrated an excess of 60% for
both sensitivity and specificity, while still retaining a bias toward high
sensitivity, in order to minimize the number of false negatives.

A visual representation of the distribution of rankings from embry-
ologists and from the AI model is shown in Figure 6. The histograms
di!er from each other in the shape of their distribution. There is a
clear dominance in the embryologist’s scores around a rank value of
3, dropping o! steeply for lower scores of 1 and 2, which reflects the
tendency of embryologists to grade in the average to above average
range. By comparison, the AI model demonstrated a smaller peak for
rank values of 3, and larger peaks for rank values of 2 and 4. This
reflects the AI model’s ability to distinctly separate predictions of viable
and non-viable embryos, suggesting that the model provides a more
granular scoring range across the di!erent quality bands.

............................................................................................................................

As a final measure of AI model performance, the distributions of
prediction scores for viable and non-viable embryos were graphed to
evaluate the ability of the model to separate correctly from incorrectly
identified embryo images. The histograms for distributions of predic-
tion scores are presented in Figure 7. The shapes of the histograms
demonstrate clear separation between correctly and incorrectly iden-
tified viable or non-viable embryo images.

Discussion
In these studies, Life Whisperer used ensemble modeling to combine
computer vision methods and deep learning neural network techniques
to develop a robust image analysis model for the prediction of human
embryo viability. In the initial pilot study, an AI-based model was cre-
ated that not only matched the prediction accuracy of trained embry-
ologists, but in fact surpassed the original objective by demonstrating
an accuracy improvement of 30.8%. The AI-based model was further
developed in a pivotal study to extend generalizability and transferabil-
ity to multiple clinical environments in di!erent geographical locations.
Model accuracy was marginally lower on further development due
to the introduction of inter-clinic variability, which may have a!ected
e"cacy due to varying patient demographics (age, health, ethnicity,
etc.), and divergent standard operating procedures (equipment and
methods used for embryo culture and image capture). Variation was
also likely introduced due to embryologists being trained di!erently in
embryo-scoring methods. However, the final AI model is both robust
and accurate, demonstrating a significant improvement of 24.7% over
the predictive accuracy of embryologists for binary viable/non-viable
classification, despite variability of the clinical environments tested. The
overall accuracy for prediction of embryo viability was 64.3%, which
was considered relatively high given that research studies suggest a
theoretical maximum accuracy of 80%, with !20% of IVF cases thought
to fail due to factors unrelated to embryo viability (e.g. operational
errors, patient-related health factors, etc.).
Confusion matrices and comparison of the distribution of viability
rankings highlighted the tendency for embryologists to classify embryos
as viable, as it is generally considered preferable to allow a non-
viable embryo to be transferred than to allow a viable embryo to
be discarded. During development, the AI model was intentionally
biased to similarly minimize the occurrence of false negatives; this
was reflected in the slightly higher accuracy for viable embryos than
non-viable embryos (70.1% and 60.5% for sensitivity and specificity,
respectively). By examining the distribution of viability rankings for the
AI model on the validation set, it was demonstrated that the model
was able to distinctly separate predictions of viable and non-viable
embryos on the blind test sets. Furthermore, graphical representa-
tion of the distribution of predictions for both viable and non-viable
embryos demonstrated a clear separation of correct and incorrect
predictions (for both viable and non-viable embryos, separately) by the
AI model.

Machine learning methods have recently come into the spotlight for
various medical imaging diagnostic applications. In particular, several
groups have published research describing the use of either con-
ventional machine learning or AI image analysis techniques to auto-
mate embryo classification. Two recent studies described conventional
algorithms for prediction of blastocyst formation rather than clinical
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Figure 6 Distribution of viability rankings demonstrates the ability of the AI model to distinctly separate viable from non-viable
human embryos.The left panel depicts the frequency of embryo viability rankings according to embryologist’s scores, and the right panel depicts the
frequency of viability rankings according to AI model predictions. Results are shown for Blind Test Set 1. Y-axis = % of images in rank; x-axis = ranking
band (1 = lowest predicted viability, 5 = highest predicted viability).

pregnancy. These studies achieved 76.4% (Segal et al., 2018) and >93%
(Wong et al., 2010) accuracy, respectively, in their overall classification
objectives, which included prediction of blastocyst formation based on
Day 2 and/or Day 3 morphology and a number of other independent
data points. However, it is important to note that blastocyst formation
is not a reliable indicator of the probability of clinical pregnancy, and
therefore the utility of this approach for prediction of pregnancy
outcome is limited.

As discussed earlier, three recent studies described development of
AI-based systems for classification of embryo quality (Khosravi et al.,
2019; Kragh et al., 2019; Tran et al., 2019). All three studies utilized
images taken by time-lapse imaging systems, which likely standardized
the quality of images provided for analysis compared to those obtained
by standard optical light microscopy. Khosravi et al. (2019) reported
an accuracy of 97.5% for their model STORK in predicting embryo
grade. Their model was not, however, developed to predict clinical
pregnancy outcome. The high reported accuracy in this case may be
attributed to the fact that the analysis was limited to classification of
poor versus good quality embryos—fair quality embryos in between
were excluded from analysis. Similarly, Kragh et al. (2019) reported
accuracies of 71.9% and 76.4% for their model in grading embryonic
ICM and trophectoderm, respectively, according to standard morpho-
logical grading methods. This was shown to be at least as good as
the performance of trained embryologists. The authors also evaluated
predictive accuracy for implantation, for which data were available for
a small cohort of images. The AUC for prediction of implantation was
not significantly di!erent to that of embryologists (AUC of 0.66 and
0.64, respectively), and therefore, this model has limited ability for
prediction of pregnancy outcome.

The approach taken by Tran et al. (2019) for development of their
AI model IVY used deep learning to analyze time-lapse embryo images
to predict pregnancy success rates. This study used 10 683 embryo
images from 1648 individual patients throughout the course of the
training and development of IVY, with 8836 embryos coded as positive
or negative cases. Of note, although developed to predict pregnancy

............................................................................

outcome, the IVY AI was trained on a heavily biased dataset of only
694 cases (8%) of positive pregnancy outcomes, with 8142 negative
outcome cases (92%). Additionally, 87% (7063 cases) of the negative
outcome cases were from embryos that were never transferred to a
patient, discarded based on abnormal morphology considerations or
aneuploidy, and therefore the ground-truth clinical pregnancy outcome
cannot be known. The approach used to train the IVY AI only used
ground-truth pregnancy outcome for a very small proportion of the
algorithm training and thus has a heavy inherent bias toward the embry-
ologist assessment for negative outcome cases. Although somewhat
predictive of pregnancy outcome, the accuracy of the AI has not truly
been measured on ground-truth outcomes of clinical pregnancy, and
gives a false representation of the true predictive accuracy of the AI,
which can only be truly assessed on an AI model that has been trained
exclusively on known fetal heartbeat outcome data.

The works discussed above are not experimentally comparable with
the current study, as they generally relate to di!erent endpoints; for
example, the prediction of blastocyst formation at Day 5 starting
from an image at Day 2 or Day 3 post-IVF. While there is some
benefit in these methods, they do not provide any power in pre-
dicting clinical pregnancy, in contrast to the present study evaluating
the Life Whisperer model. Other studies have shown that a high
level of accuracy can be achieved through the use of AI in repli-
cating embryologist scoring methods (Khosravi et al., 2019; Kragh
et al., 2019); however, the work presented here has shown that
the accuracy of embryologist grading methods in predicting clinical
pregnancy rates is in actuality fairly low. An AI model trained to
replicate traditional grading methods to a high degree of accuracy
may be useful for automation and standardization of grading, but it
can, at best, only be as accurate as the grading method itself. In
the current study, only ground-truth outcomes for fetal heartbeat
at first scan were used in the training, validation and testing of the
model. Given the nature of predicting implantation based on embryo
morphology, which will necessarily be confounded by patient factors
beyond the scope of morphological assessment, it would be expected
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Figure 7 Distributions of prediction scores show the separation of correct from incorrect predictions by the AI model.Distributions
of prediction scores are presented for Blind Test Set 1 (A), Blind Test Set 2 (B) and Blind Test Set 3 (C). The left panel in each set depicts the frequency
of predictions presented as confidence intervals for viable embryos. True positives where the model was correct are marked in blue, and false negatives
where the model was incorrect are marked in red. The right panel in each set depicts the frequency of predictions presented as confidence intervals for
non-viable embryos. True negatives where the model was correct are marked in green, and false positives where the model was incorrect are marked
in orange.

that the overall accuracy of the Life Whisperer AI model would be
lower than alternative endpoints but more clinically relevant. For the
first time, this study presents a realistic measurement of AI accu-
racy for embryo assessment and a true representation of predictive
ability for the pregnancy outcome endpoint. Given the relatively low
accuracy for embryologists in predicting viability, as shown in this

.............

study (!50%), and a theoretical maximum accuracy of 80%, Life
Whisperer’s AI model accuracy of !65% represents a significant and
clinically relevant improvement for predicting embryo viability in this
domain.

The present study demonstrated that the Life Whisperer AI model
provided suitably high sensitivity, specificity, and overall accuracy levels
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ic.oup.com
/hum

rep/advance-article-abstract/doi/10.1093/hum
rep/deaa013/5815143 by guest on 08 April 2020
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for prediction of embryo viability based directly on ground-truth clinical
pregnancy outcome by indication of positive fetal cardiac activity on
ultrasound. The model was able to predict embryo viability by analysis
of images obtained using standard optical light microscope systems,
which are utilized by the majority of IVF laboratories and clinics world-
wide. AUC/ROC was not used as a primary methodology for eval-
uation of accuracy due to inherent limitations of the approach when
applied to largely unbalanced datasets, such as those used in develop-
ment of IVY (which used a dataset with a !13:1 ratio of negative to
positive clinical pregnancies) (Tran et al., 2019). Nevertheless, the ROC
curve for the Life Whisperer AI model is presented for completeness in
Supplementary Figure SI with results demonstrating an improved AUC
for the AI model when compared to embryologist’s scores.

The unique power of the Life Whisperer AI model developed here
lies in the use of ensemble modeling to combine computer vision image
processing methods and multiple deep learning AI techniques to iden-
tify morphological features of viability that are not readily discernible to
the human eye. The Life Whisperer AI model was trained on images of
Day 5 blastocysts at all stages including early, expanded, hatching and
hatched blastocysts, and as such it can be used to analyze all stages of
blastocyst development. One potential limitation of the AI model as it
currently stands is that it does not incorporate additional information
from di!erent days of embryo development. Emerging data using time-
lapse imaging systems suggest that certain aspects of developmental
kinetics in culture may correlate with embryo quality (Gardner et al.,
2015). Therefore, it would be of interest to evaluate or modify the
ability of the Life Whisperer AI model to extend to additional time
points during embryo development. It would also be of interest to
evaluate alternative pregnancy endpoints, such as live birth outcome,
as fetal heartbeat is not an absolute indicator of live birth. However, it is
important to note that the endpoint of live birth is additionally a!ected
by patient-related confounding factors. The current investigation was
performed with retrospectively collected data, and hence it will be of
importance to collect data prospectively to assess real-world use of the
AI model. Additional data collection and analysis is expected to further
improve the accuracy of the AI.

The AI model developed here has been incorporated into a cloud-
based software application that is globally accessible via the web. The
Life Whisperer software application allows embryologists or similarly
qualified personnel to upload images of embryos using any computer
or mobile device, and the AI model will instantly return a viability
confidence score. The benefits of this approach lie in its simplicity and
ease of use; the Life Whisperer system will not require installation of
complex or expensive equipment, and does not require any specific
computational or analytical knowledge. Additionally, the use of this tool
will not require any substantial change in standard operating procedures
for IVF laboratories; embryo images are routinely taken as part of IVF
laboratory standard procedures, and analysis can be performed at
the time of image capture from within the laboratory to help decide
which embryos to transfer, freeze or discard. The studies described
herein support the use of the Life Whisperer AI model as a clinical
decision support tool for prediction of embryo viability during IVF
procedures.

Supplementary data
Supplementary data are available at Human Reproduction online.

............................................................................................................................
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Correlation between AI and Gardner 
score for embryo viability assessment?
Life Whisperer’s AI was trained to evaluate embryo viability, i.e. 
the likelihood of an embryo leading to clinical pregnancy (foetal 
heartbeat) – VerMilyea et al, 2020 (Hum Rep)

Gardner score is a common visual inspection method for embryo 
selection based on morphology

This study addresses three questions:

Do Life Whisperer AI scores correlate with known visible features of 
embryo development (Gardner score)?

Do the AI scores correlate with pregnancy outcomes according to 
Gardner score, as might be expected?

How does the AI compare with Gardner score in terms of ability to 
predict pregnancy outcome?

Introduction

Embryo selection

Gardner Score Artificial Intelligence

VS



Prospectively collected dataset from 
No. 1 Fertility

Study conducted on 2,162 prospectively collected single Day 5 
embryo images (Embryoscope) with associated Gardner scores 
and AI viability scores

To avoid bias embryologists manually graded each embryo using 
the Gardner method first, then obtained the AI score

AI viability scores are between 0 (least likely to lead to 
pregnancy, non-viable) and 10 (most likely to lead to pregnancy, 
viable)

The AI was trained and validated on 3,651 Day 5 embryo images 
with pregnancy outcomes from multiple IVF laboratories across 5 
countries, but was not trained on data used in this study

Study Design & Methods

Characteristic Value 
Number of images of Day 5 embryos with Gardner 
score 

2,162 

Number of patients 787 
Average embryo cohort size (range) 2.3 embryos (1-18 embryos) 
Average patient age (range) 36.2 years (24-49 years) 
Dates collected Nov 2019 – Feb 2021 
Expansion grades: 1  

1 = Early or very early blastocyst 15 (0.7%) 
2 = Blastocyst 85 (3.9%) 
3 = Full blastocyst 486 (22.5%) 
4 = Expanded blastocyst 466 (21.6%) 
5 = Hatching blastocyst 1,097 (50.7%) 
6 = Hatched blastocyst 13 (0.6%) 
Number of images with fetal heartbeat outcomes 2 479 (22.2%) 
Clinical pregnancy outcomes:  
Successful pregnancies (viable embryos) 220 (45.9%) 
Unsuccessful pregnancies (non-viable embryos) 259 (54.1%) 

 1 
1  Expansion grades were based on the 6 stages of blastocyst expansion defined by Gardner and Schoolcraft.
2  Only single embryo transfers were included.



Average AI score significantly correlated with the three 
components of the Gardner score, increasing with advancing 
blastocyst developmental stage and increasing ICM/TE quality

Expansion Grade
Grades of ≥3 generally considered suitable for transfer

Grade 3 had lower average score than 4 to 6, consistent with 
some published research that grade 3 (full blastocysts) may have 
lower clinical pregnancy rates than more advanced expansion 
stages

Inner Cell Mass (ICM) & Trophectoderm (TE)
AI score showed stronger linear correlation with TE than ICM, 
consistent with studies that suggest TE may be more important 
than ICM in determining likelihood of implantation

Average AI score correlated with increasing combined ICM/TE 
grade

AI scores correlate with Gardner score

Groups were compared using ordinary one-way ANOVA with Tukey’s multiple 
comparisons post-test, and trends were evaluated using ordinary one-way ANOVA with 
test for linear trend between column mean in left-to-right column order.



AI scores correlate with pregnancy rate

Clinical pregnancy rate also correlated with the three 
components of the Gardner score

Expansion Grade
Grade 3 had lower pregnancy rate than then 4 and 6

Reduced pregnancy rate for grade 5 embryos (in alignment with 
reduced average AI score)

Inner Cell Mass (ICM) & Trophectoderm (TE)
Linear correlation with ICM and TE, including difference between 
ICM grades C and B

Supports quality of the dataset, and correlation of AI score with 
pregnancy rate

Does not take into consideration patient-related medical factors 
that may influence outcome of a viable embryo

Subset of 479 embryo images had pregnancy outcomes out of the overall 
dataset of 2,162 images (22%)



Thresholds for embryo viability

Limitation of Gardner score = not linear scale

No standard for defining what is likely to be a 
viable embryo → 3AA, 3BB, 2BB?

The 2BB threshold for this study was chosen based 
on literature (Munné et al 2019) and discussion 
with experienced embryologists

Significant difference in average AI score, verified 
2BB threshold using pregnancy data

5/10 threshold for AI also verified using pregnancy 
data

What are the challenges of defining a ‘good’ versus ‘poor’ embryo for 
evaluating prediction algorithms?

Groups were compared using an unpaired 2-tailed student’s t-test



AI predicts Gardner score, but is better at 
predicting pregnancy than the Gardner 
score itself

AI for predicting Gardner score
Accuracy of 72.4% for predicting embryos of ≥2BB, showing there is 
a significant overlap in detection of known features of blastocyst 
morphology identified by the AI and Gardner methods.

AI versus Gardner score for predicting pregnancy
Accuracy of AI was 10.3% higher than the Gardner for predicting 
pregnancy, showing that the AI is not just detecting the same 
features as the Gardner system.

Predictive power of AI versus Gardner score

72.4%

10.3%

AI accuracy for predicting 
Gardner Grade
AI score ≥5/10 was used to predict embryos with 
Gardner ≥2BB

AI accuracy improvement
over Gardner for predicting 
pregnancy outcome
Viable embryo prediction: AI score ≥5/10, 
Gardner Grade ≥2BB



The AI is identifying additional 
morphological features that 
are not captured using the 

Gardner scoring method, but 
which are directly associated 

with pregnancy outcome.

Feature identification

Expansion grade 4 
(expanded blastocyst)

→What are these features? Future research.ICM (grade A) TE (grade B)

Gardner score

Expansion grade 4 
(expanded blastocyst)

ICM (grade A) TE (grade B)

AI algorithm?



AI provides additional information over Gardner about pregnancy outcomes

➢ Correlation between AI and known features of embryo viability (Gardner score) substantiates the use of this AI for embryo assessment

➢ AI has also shown to correlate with embryo ploidy status, further supporting use for embryo assessment – refer to our ESHRE 2021
poster P-228

➢ Results support the use of AI to provide additional information regarding embryo viability and pregnancy outcome over and above 
Gardner score

➢ Limitations
▪ This correlative study may also require additional confirmatory studies on independent datasets

▪ Need to consider limitations of using a binary threshold for evaluating performance of an AI

➢ In addition to improved accuracy of the AI for predicting pregnancy, there are also many intangible benefits of AI in the IVF
laboratory including standardisation of scoring, objectivity of assessment, scoring efficiency, and transparency for the patient

Conclusions
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Life Whisperer™, an AI-based algorithm to select non invasively best
quality blastocysts for transfer: A multicenter analysis 

 Muñoz, P; Galiana, Y; Medrano,LL; Ballester, J; Ortega,L; Aizpurua,J.

INTRODUCTION
Morphology grading is the most widely used method for embryos selection in clinical practice. However, this evaluation entails intervariability and intravariability decision among the embryologists. Recently,
research has been focused on new embryo selection systems based on computer-assisted evaluation that allow the recognition of objective parameters of the embryo morphology. The implementation of
these technologies requires substantial investments that are not available for all clinics. LW is a new embryo selection method based on AI, where specific hardware is not needed.

STUDY DESIGN/ MATERIAL AND METHODS
A total of 513 Day-5 blastocysts from 134 oocyte donation cycles from three different clinics, between 2017-2020, were evaluated with three classification methods: Gardner’s blastocyst grade (GB), the
computer derived-output Eeva (EV) and LW AI-supported system. 
The GB grade was divided in two categories: expansion (1-6) and Inner Cell Mass/Throphoectoderm quality (A-C). EV analyses the cell division timing P2 (2 cells stage duration) and P3 (3 cells stage duration)
differentiating three categories: High, Medium and Low (VerMilyea et al., 2014). LW scores ranked 1-10 from a single Day-5 blastocyst HR Image performed on inverted microscope, with a threshold >5 for defining a viable
blastocyst. T-test was used to compare GB (expansion and morphology) and EV score versus LW scores. The sensitivity and specificity of LW was assessed, using a ROC curve, to validate this system as a CP predictor.

Gardner DK, Schoolcraft WB. Culture and transfer of human blastocysts. Curr Opin Obstet Gynecol . 1999 ;11:307–11.

VerMilyea MD, Tan L, Anthony JT, Conaghan J, Ivani K, Gvakharia M, et al. Computer-automated time-lapse analysis results correlate with embryo implantation and clinical pregnancy: a blinded, multi-centre study. Reprod Biomed Online . 2014;29:729–36.

 WIDER IMPLICATIONS
Blastocyst selection looks equivalent between all systems, but the LW tool is
more objective and faster, saving time and costs significantly, without
needing substantial hardware investments.
The LW system shows almost the highest sensibility and may also improve
the specificity by self-learning feeding the AI-system, thus tailoring
predictions to each laboratory unique environment.

Is the Artificial Intelligence (AI)-based LW tool, suitable to evaluate blastocysts quality and predict clinical pregnancy (CP) in couples undergoing ICSI cycles?

RESULTS

The analysis of LW score for transferred embryos (N=156), using ROC curve, showed a high
sensitivity (0,928) but a low specificity (0,154) with a threshold of 5. Regarding our data, ROC curve
shows that a threshold of 8,46 could enhance the prediction of CP because in this point the
specificity value is higher than 0.5.

LIMITATIONS 
The LW score validation, compared to GB and EV methodology, was
carried out on a small number of embryos. Additionally, not all embryos
were transferred at the time of the analysis. Thus to enhance the
accuracy of these data and the specificity of the clinical prediction, a
higher sample size is needed.

LW blastocyst score is comparable to the scores of other classification methods. This AI model showed high sensitivity and a comparable specificity for CP. 
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FUTUREOFAUTOMATION:USEOFDEEPCONVOLU-
TIONAL NEURAL NETWORKS (CNN) TO IDENTIFY
PRECISE LOCATION TO PERFORM LASER ASSIS-
TED HATCHING ON HUMAN CLEAVAGE STAGE

EMBRYOS. Nicholas Kelly, BA,1 Charles L. Bormann, PhD,1

Jessica Dickinson, BA,1 Andrew D. Meyer, BA,1

Manoj Kumar Kanakasabapathy, MS,2 Prudhvi Thirumalaraju, BS,3

Hadi Shafiee, PhD3 1Massachusetts General Hospital, Harvard Medical
School, Boston, MA; 2Division of Engineering in Medicine, Department
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and Women’s Hospital, Harvard Medical School, Boston, MA.

OBJECTIVE: To determine whether a Deep-Learning Artificial Intelli-
gence algorithm can be used to accurately identify the precise location to
perform laser assisted hatching on cleavage stage embryos.

DESIGN: Laser assisted hatching (AH) is a procedure designed to enable
embryo escape from the zona pellucida (ZP). Studies show that AH may in-
crease the chance of pregnancy in older womenwith repeat IVF failure and in
frozen embryo transfer cycles. This procedure is also widely used on cleav-
age stage embryos to facilitate herniation and biopsy of trophectoderm cells
for Preimplantation Genetic Testing. AH utilizes a 1.48-mm diode laser that
can damage embryos if applied too close to blastomeres. Therefore, it’s crit-
ical for embryologists to only apply AH on a region of the ZP that is furthest
away from healthy cells.

MATERIALS AND METHODS: Using a retrospective dataset of human
embryos, a deep CNN model was trained and tested to classify between 12
classes at the cleavage stage (70 hours post insemination). Twelve classifica-
tions resembled the pattern of digits on a clock, spaced 30 degrees apart to
provide an accurate location for laser AH to be applied.

We developed a deep convolutional neural network that was trained with
13908 annotated images of cleavage stage embryos. We classified the loca-
tion of AH based on the greatest distance between the ZP and healthy blas-
tomeres. The validation test containing 1908 images served to ensure the
program training was complete. The developed network was evaluated using
another independent set of 3888 cleavage stage embryos images with known
AH location classifications

RESULTS: The deep learning CNN was able to correctly identify the
appropriate region to apply laser AH on the zona pellucida with 99.41% ac-
curacy with a 95% confidence interval (CI) ranging between 99.11% to
99.62% (n¼3888). Furthermore, a receiver operator characteristic (ROC) re-
vealed micro and macro area under the curves (AUC) of 1, which confirmed
that the AI can accurately pinpoint the correct location to perform AH.

CONCLUSIONS: The AI trained network can be used to accurately iden-
tify the correct location on the ZP to perform laser AH. This study demon-
strates the extraordinary power and potential for utilizing CNNs in an ART
laboratory to perform complex tasks such as laser AH. Findings from this
study may allow for the automation of micromanipulation procedures.

SUPPORT: This work was partially supported by the Brigham Precision
Medicine Developmental Award (Brigham Precision Medicine Program,
Brigham andWomen’s Hospital), Partners Innovation Discovery Grant (Part-
ners Healthcare), R01AI118502, and R01AI138800.
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EVIDENCE FOR SUPERIOR BLASTOCYST COHORT
RANKING USING ARTIFICIAL INTELLIGENCE
BASED ON RETROSPECTIVE CLINICAL PREG-
NANCY RESULTS. Matthew David VerMilyea, PhD,1
Milad A. Dakka, PhD,2 Jonathan MM. Hall, PhD,3 Sonya M. Diakiw,
PhD,2 Tuc Van Nguyen, PhD,2 Don Perugini, PhD,2 Kaylen Silverberg,
MD,4 Michelle Perugini, PhD2 1Ovation Fertility, San Antonio, TX; 2Presa-
gen and Life Whisperer, Adelaide, SA, Australia; 3Australian Research
Council Centre of Excellence for Nanoscale Biophotonics, Adelaide, SA,
Australia; 4Texas Fertility Center, Austin, TX.

OBJECTIVE: To establish evidence for superior ranking of blastocysts us-
ing artificial intelligence (AI) that assesses viability based on Day 5 embryo
images. A simulated cohort study was performed to establish a measure of
e144 ASRM Abstracts
Time-to-Pregnancy (TTP), using AI to rank embryos within cohorts then
calculating how many transfers are needed before a successful clinical preg-
nancy occurs.
DESIGN: Retrospective analysis in private reproductive technology pro-

grams.
MATERIALS AND METHODS: An AI model (Life Whisperer) for clas-

sifying Day 5 embryo images in terms of viability was developed by training
and testing on datasets totaling 3,900 images with a known pregnancy
outcome, sourced from 16 clinics across 5 countries.
A simulated cohort study was designed whereby retrospective embryo im-

ages from a blind test dataset with known pregnancy outcomes were random-
ized into 116 groups. Each group represented a simulated patients’ cohort of
embryos, using cohort sizes based on a known clinical distribution. The AI
was used to rank embryos in each cohort from most to least likely to be
viable.
We defined a new measure, TTP, as the position of the first embryo in the

ranked cohort to give a positive pregnancy outcome. If the first embryo in the
cohort resulted in a positive pregnancy, the TTP for that cohort was 1; if the
first embryowas negative but the second embryowas positive, the TTPwas 2,
etc. A lower TTP was interpreted as a superior ranking outcome. Mean TTP
value of the AI ranking was compared to the result expected from random
chance, since all embryos in the dataset were already chosen by an embryol-
ogist and transferred.
RESULTS: The 3,900 embryo images were randomized into 116 simu-

lated cohorts 1,000 times, and the entire set of cohorts were used to provide
a bootstrapped statistical analysis. A mean TTP value of 1.506 and standard
error of 0.003 was observed for the AI model, compared to a mean TTP of
1.750 and standard error of 0.004 for ranking based on random chance.
The differences in mean TTP distribution were modeled as an asymmetric
Laplace distribution. Overall, these results translated to a 13.6% improve-
ment in TTP using AI compared to that of random chance, with statistical sig-
nificance.
CONCLUSIONS: An AI model trained on clinical pregnancy data showed

superior ranking ability and a shorter TTP compared with random chance, for
simulated cohorts of transferred embryos. Out-of-pocket expenses for IVF
are estimated at $19,000 for the first cycle and $7,000 for each additional cy-
cle (Wu, et al. 2014). Given this, the reduction in TTP means a potential cost
saving of $1,200 per patient and clinic revenue increase of $4,600 per treat-
ment through the ability to service more higher value first cycle patients. In
the USAwith 300,000 annual IVF cycles, AI could achieve total patient sav-
ings of $360M, and $1.38B increase in revenue for IVF clinics. Globally with
over 2.5M cycles, AI could achieve global patient savings of $3B and $13.8B
increase in revenue for IVF clinics.
References: 1. VerMilyea, M., Hall, J. M. M., Diakiw, S. M., Johnston, A.,

Nguyen, T., Perugini, D., Miller, A., Picou, A., Murphy, A. P., Perugini, M.
Development of an artificial intelligence-based assessment model for predic-
tion of embryo viability using static images captured by optical light
microscopy during IVF. Hum. Reprod, Volume 35, Issue 4, April 2020, Pages
770–784 (2020)
2. Kozubowski, T, and K Podgorski. 2000. ‘‘A Multivariate and Asym-

metric Generalization of Laplace Distribution.’’ Computational Statistics
15 (4): 531-540.
3. VerMilyea, M D. 2019. ‘‘Artificial Intelligence (AI) technology can pre-

dict human embryo viability across multiple laboratories with varying demo-
graphics with high accuracy and reproducibility.’’ ESHRE. Vienna.
4. Wu, AK, AY Odisho, SL Washington, PP Katz, and JF Smith. 2014.

‘‘Out-of-pocket fertility patient expense: data from a multicenter prospective
infertility cohort.’’ The Journal of Urology 191 (2): 427-423.
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EFFECT OF THE GERI INCUBATOR ON CLINICAL
OUTCOMES IN FRESH TRANSFER ART
CYCLES. Conor Harrity, MRCOG, MRCPI,1 Hans Arce,
Medical doctor,2 Rafie Ebrahimi Ghaei, MB BCh BAO LRCPI

1 3 3 1
LRCSI, Declan Keane, MSc, MBA, Claire Moran, PhD ReproMedIre-
land, Dublin, Ireland; 234 Larkfield Way, Dublin, Ireland; 3ReproMed
Ireland, Dublin, Ireland.

OBJECTIVE: The GERI (Genea) incubator combines a closed culture sys-
tem to provide stable conditions for the embryo, along with timelapse moni-
toring to aid selection. Although there are strong theoretical arguments that
these interventions can improve outcomes, as with other ‘‘add ons‘‘ there is
limited data to demonstrate if they can actually benefit patients.
Vol. 114, No. 3, Supplement, September 2020
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Three-Part Grading System:
1.Expansion
2.ICM
3.Trophectoderm

Subjective Grading Systems

Gardner, D. et. al. Fertility and Sterility. 2000. 73(6), pp.1155-1158.



American Embryo Grading Standard (SART)

Racowsky, C. et. al. JARG. 2010. 27, pp.437-449.

Growth phase Overall Grade Stage

Cleavage Good, Fair Poor

Cell #: 1 through>8

Fragmentation: 0%, <10%, 11-25%, >25%

Expanded

Morula Good, Fair Poor
Compaction: Complete, Incomplete

Fragmentation: 0%, <10%, 11-25%, >25%

Blastocyst Good, Fair Poor

Expansion: Early, Expanding, Expanded, Hatching

Inner Cell Mass: Good, Fair, Poor

Trophectoderm; Good Fair, Poor

Descriptive Scale Grade



Human Reproduction.2011.36.1270-1283.

International Consensus Proposal for Embryo Grading Standard (ESHRE) 

Numeric Scale Grade

Grade Rating Description

Stage of 
Development

1 Early

2 Blastocyst

3 Expanded

4 Hatching/Hatched

ICM

1 Good Prominent, easily discernible with many cells that are 
compacted and tightly adhered together

2 Fair Easily discernible with many cells that are loosely 
grouped together

3 Poor Difficult to discern, with few cells

TE

1 Good Many cells forming a cohesive epithelium

2 Fair Few cells forming a loose epithelium

3 Poor Very few cells

Consensus scoring system for blastocysts

The scoring system for blastocysts is a combination of 
the stage of development, and of the grade 

of the ICM and of the TE



Blastocyst Grading

Gardner Grade: 

SART Grade: 

Alpha Consensus Grade: 

3BB

Fair

322 



1AA 2AA 3AA 5AA

3AB

3AB

3AA

3BB 3BC4AB

1AB

3BC

2BC 3BB

4BB 5AB

Subjective Grading

Static system, which is operator 
(embryologist) dependent

Assignments are inherently 
subjective & biased

Selection through other techniques



x16 Artificial Intelligence/Machine Learning Approaches in 2018
x9 ASRM           x7 ESHRE

Curchoe, C & Borman, C. JARG . 2019. 1-10.

Growing Trend of AI Application

x11 Abstracts at ESHRE 2019 
Keywords: AI, Machine Learning, Computer Vision  



Can AI technology predict human embryo viability across multiple 
laboratories with varying demographics, 
with high accuracy and reproducibility?

Study Question

Study Design and Methods

20,000 static 2D images 
Standard phase-contrast microscope an camera
512 x 512 pixel images from 12 laboratories
Viability determined by heartbeat



Artificial Intelligence (AI) Vs. Machine Learning Vs. Deep Learning 



Accurate Evidence-Based Diagnosis

Deep Learning Computer Vision

• Handles unknown patterns or complex 
features not visible to the human eye

• Identifies complex correlations in different 
parts of the image

• Target specific regions of interest

• Assesses features within a region
(texture, size and shape)

• Automatic image segmentation



Validating AI Quality for Clinical Use 

Assessing AI Quality for Clinical Use

Training Validation for 
AI Selection

Blind Validation: 
Same Clinics

Double Blind 
Validation: 
New Clinics

Key validation dataset for 
testing AI accuracy and 

robustnessTypes of Datasets



Suitability of AI Method in Predicting Embryo Viability

Phase One Design – Single Centre Pilot Study

5,332 Images 
Day 5 Blastocysts

Training Dataset
3,892 Images

Validation Dataset
390 Images

Blind Test Set 1
368 Images

Blind Test Set 2
682 Images



AI Trained Independently of the Embryologist Score

71.90%
65.40% 66.70%

47.10%
52.00% 51.00%
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10%

20%
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80%

90%

100%

Blind Test Set 1 Blind Test Set 2 Avg Blind Test Sets 1 and 2

AI Vs. Embryologist Predictive Accuracy Comparison
AI Embyrologist

52.7% 25.8% 30.8%*

*p=0.04

Accuracy Improvement:



Sensitivity and Specificity
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148
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42
54
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Blind Test Set 1 Blind Test Set 2 Avg Blind Test Sets 1
and 2

Frequency of AI Predicting Correctly Vs. 
Embryologist Incorrect and Vice Versa

AI Embyrologist
Fold increase:

2.7x

Correct 2.7x 
more often than 

embryologists 
where they 

disagree



3,604 Images 
Day 5 Blastocysts

Training Dataset
1,744 Images

Validation Dataset
193 Images

Blind Test Set 1
280 Images

Blind Test Set 2
286 Images

Blind Test Set 3
1,101 Images

Training AI Machine Learning-Based Model

Phase Two Design – International Multicentre Study

Including data from 12 clinics in 4 countries – U.S., Australia, Malaysia, and New Zealand
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50%
60%

70%

80%
90%

100%

Viable Accuracy (Sensitivity) Non-viable Accuracy (Specificity) Average Accuracy

AI Sensitivity and Specificity on Blind Test Set 1 
Fertility Associates NZ Ovation Group Institute for Reprod. Health Blind Test Set 1

Generalizability of AI to Different Clinical Environments and Equipment in Different Locations



Generalizability of AI to Different Clinical Environments and Equipment in Different Locations

63.7%
57.0%

50.4% 46.0%

0.0%

10.0%

20.0%

30.0%

40.0%

50.0%

60.0%

70.0%

80.0%

90.0%

100.0%

AI Vs. Embryologist Grading 
Accuracy Comparison

AI Embryologist

23.8%
Accuracy Improvement:

26.5%

71

101

172

36 42

78
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160

180

Blind Test Set 1 Blind Test Set 3 Blind Test Sets 1 and 3

Frequency of AI Predicting Correctly Vs. 
Embryologist Incorrect and Vice Versa

AI Embryologist
2.2x

Fold increase:

Blind Test Set 1 Blind Test Set 3



Generalizability of AI to Different Clinical Environments and Equipment in Different Locations

True performance 
of model across 

multiple 
environments
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ns

iti
vi

ty

Specificity



Overall Conclusions

67.7% overall accuracy in identifying embryo viability

30.8% accuracy improvement vs. embryologist grading

Maintained >25% accuracy improvement across different clinics, compared with 
embryologist grading

AI model brings value by standardizing embryo assessment

Accuracy will increase as more data is collected

Improved embryo selection = Improved pregnancy success

First demonstration using static 2D images from phase microscope capture
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AI based assessment of embryo viability 
correlates with features of embryo ploidy
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P-228!!AI-based assessment of embryo viability correlates with 
features of embryo ploidy
M.!VerMilyea1, S.!Diakiw2, J.!Hall2,3, M.!Dakka2, T.!Nguyen2, 
D.!Perugini2, M.!Perugini2
1Ovation Fertility, Laboratory, Austin, U.S.A. ;
2Presagen, Life Whisperer, Adelaide, Australia ;
3Australia/Australian Research Council Centre of  Excellence for Nanoscale 
BioPhotonics, The University of  Adelaide, Adelaide, Australia 

Study question: Do AI models used to assess embryo viability (based on 
pregnancy outcome) also correlate with known embryo quality measures such 
as ploidy status?
Summary answer: An AI for embryo viability assessment correlated with 
ploidy status, and with karyotypic features of  aneuploidy, supporting its use for 
embryo selection. 
What is known already: One factor that can influence pregnancy success is 
the genetic status of  the embryo. PGT-A is commonly used to test for embryo 
ploidy, with the aim of  identifying karyotypically normal embryos (euploid 
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embryos), for preferential transfer. There is evidence suggesting that transfer 
of  euploid embryos produces favorable clinical outcomes over aneuploid 
embryos. 

Given the AI model was trained to evaluate clinical pregnancy, it was hypoth-
esized that the score might also correlate with ploidy status, and with different 
types of  aneuploidies. Little is known about morphological correlations with 
embryo ploidy status, so we also sought to explore this relationship.
Study design, size, duration: This study involved analysis of a retrospective 
dataset of single static Day 5 embryo (blastocyst) images with associated PGT-A 
results and AI viability scores. The dataset comprised images of 5,469 embryos from 
2,615 consecutive patients treated at five US IVF clinics between February 2015 and 
April 2020. The AI was trained on thousands of Day 5 embryo images from multiple 
IVF laboratories in multiple countries, but was not trained on data used in this study. 
Participants/materials, setting, methods: Average patient age was 36.2 
years, and average embryo cohort size was 2.1/patient. PGT-A analysis was 
performed on embryos at time of  evaluation. The dataset comprised 3,251 
(59.4%) euploid embryos, 1,815 (33.2%) aneuploid embryos, and 403 (7.4%) 
mosaic embryos. The AI was retrospectively used to provide a score between 
0 (predicted non-viable) and 10 (predicted viable) for each image. Correlation 
between the AI viability score and euploid, mosaic and aneuploid embryos was 
then assessed.
Main results and the role of chance: Results showed a statistically significant 
correlation between AI viability score and PGT-A outcome, consistent with a 
relationship between pregnancy outcome and ploidy status. The average score 
for euploid embryos was 8.20, which was significantly higher than the average 
score for aneuploid embryos of  7.80 (p<0.0001).

There was a significant linear increase in confidence score from full aneuploid 
embryos, through mosaic embryos (average score 7.97), to full euploid embryos 
(mosaic threshold of  20-80%). High mosaic embryos tended to have a lower 
average score (7.60) than low mosaic embryos (7.96), consistent with correlation 
of  viability (pregnancy outcome) with the degree of  mosaicism. AI viability score 
also correlated with ploidy features believed to affect pregnancy outcomes. 
Trisomic changes had higher average scores than monosomic changes. Segmental 
changes had higher average scores than full gain or loss. The AI score differen-
tiated euploid from aneuploid status more efficiently in embryos with poorer 
morphology than those with good morphology.

Whilst there was an evident correlation between pregnancy outcome and 
ploidy status, the AI was only weakly predictive of  euploidy, with an accuracy 
of  57.3% using an AI viability score threshold of  7.5/10.This suggests pregnan-
cy-related morphological features are somewhat correlated with embryo ploidy, 
but not completely. 
Limitations, reasons for caution: The PGT-A technique is held to have 
some limitations for evaluating ploidy status, therefore it would be of  benefit to 
perform additional confirmatory studies on independent datasets. It would be 
of  interest to conduct prospective studies evaluating correlations between the 
AI’s evaluation of  morphology and pregnancy outcome with ploidy status. 
Wider implications of the findings: The AI score correlated with genetic 
features of  embryos that are known to correlate with pregnancy, which further 
supports the efficacy and use of  AI for embryo viability assessment. The AI 
identified morphological features that are somewhat predictive of  ploidy status, 
with potential application to embryos of  poorer Gardner score.
Trial registration number: none 
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intelligence model for predicting the
likelihood of human embryo euploidy
based on blastocyst images from
multiple imaging systems during IVF
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STUDY QUESTION: Can an artificial intelligence (AI) model predict human embryo ploidy status using static images captured by optical
light microscopy?

SUMMARY ANSWER: Results demonstrated predictive accuracy for embryo euploidy and showed a significant correlation between AI
score and euploidy rate, based on assessment of images of blastocysts at Day 5 after IVF.

WHAT IS KNOWN ALREADY: Euploid embryos displaying the normal human chromosomal complement of 46 chromosomes are
preferentially selected for transfer over aneuploid embryos (abnormal complement), as they are associated with improved clinical out-
comes. Currently, evaluation of embryo genetic status is most commonly performed by preimplantation genetic testing for aneuploidy
(PGT-A), which involves embryo biopsy and genetic testing. The potential for embryo damage during biopsy, and the non-uniform nature
of aneuploid cells in mosaic embryos, has prompted investigation of additional, non-invasive, whole embryo methods for evaluation of
embryo genetic status.

STUDY DESIGN, SIZE, DURATION: A total of 15 192 blastocyst-stage embryo images with associated clinical outcomes were
provided by 10 different IVF clinics in the USA, India, Spain and Malaysia. The majority of data were retrospective, with two additional
prospectively collected blind datasets provided by IVF clinics using the genetics AI model in clinical practice. Of these images, a total of
5050 images of embryos on Day 5 of in vitro culture were used for the development of the AI model. These Day 5 images were provided
for 2438 consecutively treated women who had undergone IVF procedures in the USA between 2011 and 2020. The remaining images
were used for evaluation of performance in different settings, or otherwise excluded for not matching the inclusion criteria.

PARTICIPANTS/MATERIALS, SETTING, METHODS: The genetics AI model was trained using static 2-dimensional optical light
microscope images of Day 5 blastocysts with linked genetic metadata obtained from PGT-A. The endpoint was ploidy status (euploid or
aneuploid) based on PGT-A results. Predictive accuracy was determined by evaluating sensitivity (correct prediction of euploid), specificity
(correct prediction of aneuploid) and overall accuracy. The Matthew correlation coefficient and receiver-operating characteristic curves
and precision-recall curves (including AUC values), were also determined. Performance was also evaluated using correlation analyses and
simulated cohort studies to evaluate ranking ability for euploid enrichment.

MAIN RESULTS AND THE ROLE OF CHANCE: Overall accuracy for the prediction of euploidy on a blind test dataset was 65.3%,
with a sensitivity of 74.6%. When the blind test dataset was cleansed of poor quality and mislabeled images, overall accuracy increased to

VC The Author(s) 2022. Published by Oxford University Press on behalf of European Society of Human Reproduction and Embryology.
This is an Open Access article distributed under the terms of the Creative Commons Attribution-NonCommercial License (https://creativecommons.org/licenses/by-nc/4.0/), which
permits non-commercial re-use, distribution, and reproduction in any medium, provided the original work is properly cited. For commercial re-use, please contact
journals.permissions@oup.com

Human Reproduction, pp. 1–14, 2022
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77.4%. This performance may be relevant to clinical situations where confounding factors, such as variability in PGT-A testing, have been
accounted for. There was a significant positive correlation between AI score and the proportion of euploid embryos, with very high scoring
embryos (9.0–10.0) twice as likely to be euploid than the lowest-scoring embryos (0.0–2.4). When using the genetics AI model to rank
embryos in a cohort, the probability of the top-ranked embryo being euploid was 82.4%, which was 26.4% more effective than using
random ranking, and �13–19% more effective than using the Gardner score. The probability increased to 97.0% when considering the like-
lihood of one of the top two ranked embryos being euploid, and the probability of both top two ranked embryos being euploid was
66.4%. Additional analyses showed that the AI model generalized well to different patient demographics and could also be used for the
evaluation of Day 6 embryos and for images taken using multiple time-lapse systems. Results suggested that the AI model could potentially
be used to differentiate mosaic embryos based on the level of mosaicism.

LIMITATIONS, REASONS FOR CAUTION: While the current investigation was performed using both retrospectively and prospec-
tively collected data, it will be important to continue to evaluate real-world use of the genetics AI model. The endpoint described was
euploidy based on the clinical outcome of PGT-A results only, so predictive accuracy for genetic status in utero or at birth was not
evaluated. Rebiopsy studies of embryos using a range of PGT-A methods indicated a degree of variability in PGT-A results, which must be
considered when interpreting the performance of the AI model.

WIDER IMPLICATIONS OF THE FINDINGS: These findings collectively support the use of this genetics AI model for the evaluation
of embryo ploidy status in a clinical setting. Results can be used to aid in prioritizing and enriching for embryos that are likely to be euploid
for multiple clinical purposes, including selection for transfer in the absence of alternative genetic testing methods, selection for cryopreser-
vation for future use or selection for further confirmatory PGT-A testing, as required.

STUDY FUNDING/COMPETING INTEREST(S): Life Whisperer Diagnostics is a wholly owned subsidiary of the parent company,
Presagen Holdings Pty Ltd. Funding for the study was provided by Presagen with grant funding received from the South Australian
Government: Research, Commercialisation, and Startup Fund (RCSF). ‘In kind’ support and embryology expertise to guide algorithm devel-
opment were provided by Ovation Fertility. ‘In kind’ support in terms of computational resources provided through the Amazon Web
Services (AWS) Activate Program. J.M.M.H., D.P. and M.P. are co-owners of Life Whisperer and Presagen. S.M.D., M.A.D. and T.V.N. are
employees or former employees of Life Whisperer. S.M.D, J.M.M.H, M.A.D, T.V.N., D.P. and M.P. are listed as inventors of patents relat-
ing to this work, and also have stock options in the parent company Presagen. M.V. sits on the advisory board for the global distributor of
the technology described in this study and also received support for attending meetings.

TRIAL REGISTRATION NUMBER: N/A.
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preimplantation genetic testing for aneuploidy

Introduction
Embryo aneuploidy during conception is a leading cause of implanta-
tion failure, pregnancy loss and congenital defects in newborns (Scott
et al., 2012; Schaeffer et al., 2018). During IVF procedures, preimplan-
tation genetic testing for aneuploidy (PGT-A) is used to evaluate the
genetic integrity of embryos and assist in identifying euploid embryos
for transfer (Greco et al., 2020). Owing to the invasive nature of the
biopsy procedure required for PGT-A assessment, only a small sample
of cells, usually from the trophectoderm, can be taken for sequencing.
Aside from the potential for damage during the embryo biopsy proce-
dure (Rubino et al., 2020; Makhijani et al., 2021), one of the recent
concerns raised with PGT-A testing is the reporting of chromosomal
mosaicism in up to 40% of cases, which often results in embryos being
deprioritized for transfer (Cram et al., 2019). Although meiotic errors
originate in the oocyte and uniformly affect the embryo, recent evi-
dence suggests that aneuploidies can also occur during the mitotic divi-
sion process resulting in mosaic embryos that have a mixture of
genetically normal and abnormal cells (Capalbo and Rienzi, 2017).
Importantly, mosaic embryos can still result in normal live births, likely
due to self-correction pathways that limit proliferation of abnormal
cells throughout the embryo (Victor et al., 2019b). Embryos with low
levels of mosaicism in particular have relatively good outcomes com-
pared to those with high levels, including ongoing pregnancy rates,

miscarriage rates and live birth outcomes, and in some cases result in
similar clinical outcomes to that of euploid embryos (Abhari and
Kawwass, 2021). The accuracy of PGT-A sequencing is high; however,
the results are dependent on how representative the biopsy sample is
of the whole embryo.

There is a strong incentive for the development of alternative, less
invasive methods for evaluation of embryo genetic status, to comple-
ment current PGT-A assessment. The main methods currently under
investigation include isolation of DNA from embryonic blastocoel fluid,
or from spent culture medium (Kuznyetsov et al., 2020; Orvieto et al.,
2021). The clinical benefit of these approaches remains largely un-
known, but they are unlikely to be able to account for embryo DNA
damage and self-correction mechanisms that occur with mitotic
aneuploidy.

The aim of the current study was to develop and evaluate a robust
artificial intelligence (AI)-based method for non-invasive analysis of em-
bryo genetic (ploidy) status using static 2-dimensional images. This ap-
proach is designed to assess the embryo as a whole and use the
phenotype or morphology of the embryo as a developmental readout
of severe genetic damage. While one AI-based algorithm for analysis
of embryo images to predict euploidy reports predictive ability on a
test dataset of 84 embryo images from 19 patients (Chavez-Badiola
et al., 2020), the study presented herein describes the development
and testing of an AI for predicting embryo ploidy using datasets

2 Diakiw et al.
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comprising thousands of images from multiple IVF clinics representing
a range of demographics, including double-blind evaluation of prospec-
tively collected data. The present work represents the first report of
such an AI model that can be used with images taken on a range of
imaging and microscope systems including both standard microscope-
mounted camera types and time-lapse imaging systems.

Materials and methods

Experimental design
This study was designed to collect and analyze data for the develop-
ment of an AI model for the evaluation of embryo genetic (ploidy) sta-
tus during IVF. Subjects included female patients aged at least 18 years
who underwent IVF procedures between 2011 and 2021. Most data
were collected retrospectively, with additional data collected prospec-
tively for double-blind evaluation of the final genetics AI model.
Primary data for analysis included images of embryos taken using opti-
cal light microscopy systems, with matched PGT-A results as the
ground truth outcome (Supplementary Table SI shows PGT-A testing
details). Images were collected of embryos on Day 5, Day 6 and Day
7 of culture, with only Day 5 embryo images used for training and de-
velopment of the AI model. The study was non-interventional and
results were not used to influence treatment decisions in any way.

For inclusion in the study, images were required to be of in vitro
cultured embryos taken using a standard optical light microscopy im-
aging system prior to biopsy or freezing. All images were required
to have a minimum resolution of 480 � 480 pixels with the com-
plete embryo in the field of view and the focus on the inner cell
mass (ICM). This minimum resolution was chosen so that each im-
age contained sufficient details of embryo morphology for machine
learning applications, noting that imaging systems used in this study
typically output images of at least this resolution. Details of imaging
systems used in training and testing the AI model are provided in
Supplementary Table SII.

Collection of retrospective data for this study was exempted
from ethical review and approval, and from the requirement for pa-
tient informed consent, as confirmed by Sterling IRB #7751 for pro-
tocol ID LW-C-004A. Collection of prospective data for this study
was performed in accordance with the Life Whisperer patient pri-
vacy policy, constituting informed consent for research purposes.
This study was conducted according to the guidelines of the
Declaration of Helsinki of 1975, as amended. This study was not
registered as a clinical trial as it did not meet the definition of an ap-
plicable clinical trial as defined by the ICMJE, that is: ‘a clinical trial is
any research project that prospectively assigns people or a group of
people to an intervention, with or without concurrent comparison
or control groups, to study the relationship between a health-
related intervention and a health outcome’.

Statistical analyses
This study involved standard statistical methods used in performance
evaluation of machine learning classifiers, including accuracy, sensitivity,
specificity, positive predictive value (PPV), negative predictive value
(NPV), Matthew correlation coefficient (MCC) and AUC value for

both receiver-operating characteristic (ROC) curves and precision-re-
call curves (PRC; Florkowski, 2008). For binary classification of
embryos, an AI score of at least 5.0/10.0 was considered a normal/
positive prediction, and below 5.0/10.0 an abnormal/negative predic-
tion as follows: normal/positive predictions included euploid embryos,
mosaic-low embryos, embryos without the specific abnormality being
evaluated and embryos predicted to lead to successful clinical preg-
nancy (determined by the presence of a fetal heartbeat at first ultra-
sound scan). Abnormal/negative predictions included aneuploid
embryos, mosaic-high embryos, embryos with the specific abnormality
being evaluated and embryos predicted not to lead to clinical
pregnancy.

Statistical analyses comparing groups were performed using
GraphPad Prism version 9.0.0 (GraphPad Software, Inc., San Diego,
CA, USA). Average AI scores for multiple groups were compared us-
ing ordinary one-way ANOVA with Tukey’s multiple comparisons
post-test, or Students t-test between pairs of groups, where indicated.
Trends in the proportion of euploid embryos were evaluated using
Chi-square test for trend. Error bars indicate SEM where presented,
and P-values of <0.05 were considered significant.

To investigate the correlation of the genetics AI score with euploidy
rate, images were assigned to one of four score brackets (euploid like-
lihood categories) as follows: low likelihood: scores of 0.0–2.4/10.0,
medium likelihood: scores of 2.5–7.4/10.0, high likelihood: scores of
7.5–8.9/10.0 and very high likelihood: scores of 9.0–10.0/10.0. The
percentage of euploid embryos was calculated in each category, and
the correlation evaluated using Chi-square test for trend.

To investigate the ability of the genetics AI model to rank euploid
embryos, a ranking analysis was performed using simulated embryo
cohorts as follows: embryo images drawn from the 1001 blind test
images with known PGT-A outcomes were randomized into
�100 000 unique simulated cohorts for analysis, with an average of 10
embryos per cohort. Cohort sizes were drawn from a distribution of
actual embryo cohort sizes obtained from a prior clinical dataset.
Cohorts consisting of a single embryo, or cohorts with no euploid em-
bryos, were excluded.

Embryos in the simulated cohorts were then ranked according to
likelihood of euploidy separately by the genetics AI score, random
ranking and Gardner score ranking. Two different methods were used
for Gardner score ranking. Firstly, the commonly used 3BB threshold
was applied to define good- versus poor-quality embryos (Kemper
et al., 2021). The second method involved a four-group ranking system
(Irani et al., 2017; Zhao et al., 2018), with rank groups defined as fol-
lows: excellent quality (3-6AA), good quality (3-6AB/BA, 1-2AA), av-
erage quality (3-6BB/AC/CA, 1-2AB/BA) and poor quality (1-6BC/
CB/CC, 1-2BB). For cohorts where multiple embryos were of the
same rank group, these embryos were ordered randomly within their
shared position of the cohort. Note that Gardner scores were only
available for a subset of 918 of the 1001 embryos in the Day 5 blind
test dataset.

Ranking was evaluated using three methods: (i) whether the top-
ranked embryo was euploid, (ii) whether at least one of the top two
ranked embryos was euploid or (iii) whether the top two ranked em-
bryos were both euploid. The result was expressed as a percentage of
the total number of cohorts. Note that in cases (ii) and (iii), cohorts
with only one euploid embryo were also excluded.

Artificial intelligence for predicting euploidy 3

D
ow

nloaded from
 https://academ

ic.oup.com
/hum

rep/advance-article/doi/10.1093/hum
rep/deac131/6604228 by guest on 08 June 2022

https://academic.oup.com/humrep/article-lookup/doi/10.1093/humrep/deac131#supplementary-data
https://academic.oup.com/humrep/article-lookup/doi/10.1093/humrep/deac131#supplementary-data


..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

..

.Computer vision image processing
methods
Prior to analysis, the images underwent multiple preprocessing, as in
VerMilyea et al. (2020), but were updated to include more advanced
computer vision techniques as follows.

• Step 1: Images were stripped of the alpha channel and encoded in
a three-channel format.

• Step 2: Each image was transformed to a tensor as the appropriate
input for deep learning AI models.

• Step 3: Images were padded to square dimensions to ensure con-
sistent input for the models. The previous method used for pad-
ding in VerMilyea et al. (2020) was replaced with a Region Based
Convolutional Neural Network (R-CNN) deep learning model
called Faster R-CNN, which is known to be robust to background
artifacts in the image (Ren et al., 2015). The training parameters
used for this model included a ResNet50 Feature Pyramid

Network backbone, prediction size ¼ 800 pixels, minimum box
size ¼ 30 pixels, non-maximum suppression threshold ¼ 0.25 and
score threshold ¼ 0.4. Small detected boxes (with at least one
box edge smaller than 30 pixels) that lie completely within another
box were removed to prevent the model from under-fitting the
boundary. In cases where two over-lapping boxes were output, the
larger box encompassing the two boxes was selected.

• Step 4: Each image was cropped to the final detected bounding
box to remove excess background and center the embryo. The
previous elliptical Hough transformation method was replaced by
the Faster R-CNN method described in Step 3.

• Step 5: Segmentation was optionally applied to each image for the
appropriate constituent models. Segmentation is used to divide
each image into respective embryo sections to show either the
zona pellucida region only, or the intra-zonal cavity (IZC) region
only (i.e. the interior of the blastocyst including both the ICM and
trophectoderm). The previous method of snake segmentation (ac-
tive contour models) described in VerMilyea et al. (2020) was

replaced with a faster and more robust semantic segmentation
method called U-Net (Ronneberger et al., 2015).

Note that color normalization and resolution scaling were re-
moved from the preprocessing procedure described in VerMilyea
et al. (2020) to allow the AI model to become more robust to color
offsets and resolution variation. However, during the training pro-
cess, additional image augmentations were applied to anticipate
changes to lighting conditions, rotation of the embryo, focal length,
color bias and different resolutions, so that the final AI is robust to
these conditions in new unseen datasets (Supplementary Materials
and Methods).

Model training and selection process
The final genetics AI model is an ensemble model, consisting of several
constituent CNN models combined according to method described in
VerMilyea et al. (2020). Methods for selecting CNN architectures, AI
model training, model validation and selection of the final ensemble
model were generally performed as described in VerMilyea et al.
(2020). In brief, the training process employed a wide range of model
architectures, learning rates, momentum values and regularization
methods. All models were evaluated on a holdback validation dataset

primarily using confidence metrics designed to measure translatability.
A curated list of models was considered candidates for inclusion in a
distillation training process (Hinton et al., 2014). After distillation train-
ing, the resulting models were considered as candidates for ensem-
bling, based on their performance on the validation dataset including
prediction accuracy, model stability and confidence metrics. The final
ensemble model was evaluated on a blind test dataset, independent of
the validation dataset used for model selection, as well as additional
double-blind test datasets. Throughout the training and selection pro-
cess, the most effective CNN architectures for classifying embryo
ploidy status were found to include ResNet (He et al., 2016) and
DenseNet (Huang et al., 2017) architectures. Refer to Supplementary
Materials and Methods for more information.

There were two key methods applied in training the current genet-
ics AI model that extend beyond the methods employed in VerMilyea
et al. (2020), namely untrainable data cleansing (UDC; Dakka et al.,
2021) and distillation (Hinton et al., 2014). UDC is an AI method for
identifying mislabeled data, removing (cleansing) images that multiple
AI models are unable to correctly label (classify) during the AI training
process, because the images are either: of such poor quality that there
are no distinguishing features that correlate with any label (noisy data);
or highly correlated to the opposite label of what would reasonably be
expected, based on the classification of the majority of images in the
dataset (incorrect or mislabeled data). Noisy or incorrect (mislabeled)
images reduce the overall quality and usefulness of datasets when used
in AI training and can present a misleading estimation of AI perfor-
mance when included in testing datasets. Methods for handling such
data have been shown to improve generalizability of AI models (Dakka
et al., 2021). In this study, UDC was applied to the initial Day 5 data-
set to produce cleansed datasets for AI training (n¼ 3174) and AI vali-
dation (n¼ 300). AI model performance was evaluated on both
uncleansed (n¼ 1001) and cleansed (n¼ 786) versions of the blind
test dataset (Table I). Note that the purpose of UDC is to arrive at a
training and validation dataset with cleaner labels, allowing production
of more stable constituent models, and direct comparisons of their
performance when selecting those to incorporate into the final model.
Therefore, all double-blind datasets obtained prospectively for this
study did not have UDC applied and were representative of real-
world clinical data. Additional details are provided in Supplementary
Materials and Methods.

Development of the genetics AI model also included an emerging
machine learning technique called knowledge distillation (Hinton et al.,
2014). This technique allows for candidate constituent models to act
as ‘teacher’ models during training of the constituent model, which is
ultimately chosen to be part of the final ensemble model. Teacher
models can encompass a diverse range of different architectures and
machine learning parameters. Once specific teacher models have been
selected, the parameters are fixed while they are used to train each
constituent model.

In the current study, individual constituent models were trained and
evaluated separately using a train-validate cycle process, as described
in VerMilyea et al. (2020). A range of optimizers, learning rates, mo-
mentum values, regularization strategies and batch sizes were consid-
ered. In particular, batch-normalization and dropout methods were
employed in order to stabilize the constituent models during training
and prevent against overfitting. The training-validation cycle was car-
ried out for 300 epochs each until a sufficiently stable model was

4 Diakiw et al.

D
ow

nloaded from
 https://academ

ic.oup.com
/hum

rep/advance-article/doi/10.1093/hum
rep/deac131/6604228 by guest on 08 June 2022

https://academic.oup.com/humrep/article-lookup/doi/10.1093/humrep/deac131#supplementary-data
https://academic.oup.com/humrep/article-lookup/doi/10.1093/humrep/deac131#supplementary-data
https://academic.oup.com/humrep/article-lookup/doi/10.1093/humrep/deac131#supplementary-data
https://academic.oup.com/humrep/article-lookup/doi/10.1093/humrep/deac131#supplementary-data
https://academic.oup.com/humrep/article-lookup/doi/10.1093/humrep/deac131#supplementary-data
https://academic.oup.com/humrep/article-lookup/doi/10.1093/humrep/deac131#supplementary-data


............................................................................................................................................................................................................................

Table I Composition of datasets used for development of the Day 5 genetics artificial intelligence model.

Datasets Total Day 5 dataset
(uncleansed)

Day 5 blind test dataset
(uncleansed)

Day 5 blind test dataset
(cleansed)a

Number of embryo images 5050 1001 786

Number of patients 2438 788 658

Dates treated 2011–2020 2011–2020 2011–2020

Number of cycles 2485 798 664

Average cycles per patient (range) 1.0 (1–3) 1.0 (1–2) 1.0 (1–2)

Average embryo cohort size (range)b 2.0 (1–17) 1.3 (1–5) 1.2 (1–4)

Average patient age in years (range) 36.2 (19–53) 35.6 (19–53) 35.2 (19–51)

Number of donor gamete(s) used (%) 1106 (22.0%) 211 (21.1%) 170 (21.6%)

Number of euploid embryos (%) 3251 (64.4%) 645 (64.4%) 613 (78.0%)

Number of aneuploid embryos (%) 1799 (35.6%) 356 (35.6%) 173 (22.0%)

Number of transferred embryos (%) ND 156 (15.6%) 148 (18.8%)

Clinical pregnancy outcomes

Number of successful pregnancies (%) ND 92 (59.0%) 87 (58.8%)

Number of unsuccessful pregnancies (%) ND 64 (41.0%) 61 (41.2%)

Origin of images

Ovation—Austin (TX, USA) 3328 (65.9%) 671 (67.0%) 522 (66.4%)

San Antonio IVF (TX, USA) 538 (10.7%) 103 (10.3%) 78 (9.9%)

Midwest Fertility Specialists (IN, USA) 236 (4.7%) 45 (4.5%) 37 (4.7%)

California Fertility Partners (CA, USA) 943 (18.7%) 182 (18.2%) 149 (19.0%)

Ovation—Baton Rouge (LA, USA) 5 (0.1%) 0 (0.0%) 0 (0.0%)

Chromosomal abnormalities involvedc

Monosomy—n (%)d 483 (26.8%) 80 (22.5%) 39 (22.5%)

Trisomy—n (%)d 466 (25.9%) 88 (24.7%) 35 (20.2%)

Full gains or losses—n (%)e 1217 (67.6%) 237 (66.6%) 119 (68.8%)

Segmental duplications or deletions—n (%)e 382 (21.2%) 86 (24.2%) 33 (19.1%)

Single chromosomal abnormalities—n (%) 1093 (60.8%) 219 (60.6%) 101 (58.4%)

Multiple abnormalities (complex)—n (%) 657 (36.5%) 137 (39.4%) 72 (41.6%)

Chromosome 1—n (%) 83 (4.6%) 23 (6.6%) 9 (5.2%)

Chromosome 2—n (%) 120 (6.7%) 19 (5.5%) 12 (6.9%)

Chromosome 3—n (%) 77 (4.3%) 20 (5.8%) 10 (5.8%)

Chromosome 4—n (%) 111 (6.2%) 27 (7.8%) 8 (4.6%)

Chromosome 5—n (%) 102 (5.7%) 27 (7.8%) 11 (6.4%)

Chromosome 6—n (%) 86 (4.8%) 17 (4.9%) 10 (5.8%)

Chromosome 7—n (%) 99 (5.5%) 21 (6.1%) 6 (3.5%)

Chromosome 8—n (%) 110 (6.1%) 24 (6.9%) 11 (6.4%)

Chromosome 9—n (%) 104 (5.8%) 27 (7.8%) 10 (5.8%)

Chromosome 10—n (%) 86 (4.8%) 11 (3.2%) 5 (2.9%)

Chromosome 11—n (%) 98 (5.4%) 14 (4.0%) 7 (4.0%)

Chromosome 12—n (%) 71 (3.9%) 16 (4.6%) 7 (4.0%)

Chromosome 13—n (%) 140 (7.8%) 36 (10.4%) 20 (11.6%)

Chromosome 14—n (%) 121 (6.7%) 25 (7.2%) 12 (6.9%)

Chromosome 15—n (%) 196 (10.9%) 33 (9.5%) 20 (11.6%)

Chromosome 16—n (%) 255 (14.2%) 49 (14.1%) 26 (15%)

Chromosome 17—n (%) 75 (4.2%) 17 (4.9%) 10 (5.8%)

Chromosome 18—n (%) 127 (7.1%) 31 (8.9%) 17 (9.8%)

(continued)
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..developed with low loss function. At the conclusion of the series of
training-validation cycles, the highest-performing models, selected
using log loss and tangent score as metrics, were chosen as teacher
models for distillation, and the training-validation cycle was re-
peated, but this time using distillation training. The highest-perform-
ing models were then selected as candidates for ensembling based
on log loss, tangent score, AUC, total accuracy, sensitivity and spe-
cificity. Details regarding specific machine learning methods and eval-
uation metrics are provided in Supplementary Materials and
Methods.

The final ensemble model developed in the current study includes
three deep learning models selected using a majority-mean-based vot-
ing strategy. Every constituent model in the final ensemble model was
a binary classification model, used cosine annealing as a learning rate
scheduler, a stochastic gradient descent optimizer and uniform image
normalization RGB ¼ (0.5, 0.5, 0.5) for each input image. Note that
the knowledge distillation method used a Kullback–Leibler divergence
to modify the loss function while training, with a weighting, alpha, as
reported below. The final model configuration used in this study was
as follows:

• Model 1: One full (no segmentation) DenseNet-161 model, trained

on a dataset of images with UDC applied using full (no segmenta-

tion) training, learning rate ¼ 1.0e�4, momentum ¼ 0.95, dropout

value ¼ 0.25 and batch size ¼ 16 images. This model was not a

distilled model.

• Model 2: One full (no segmentation) ResNet-50 model, trained on

a dataset of images with UDC applied using full (no segmentation),

learning rate ¼ 3.0e�4, momentum ¼ 0.90, dropout value ¼
0.10, batch size ¼ 32 images and distillation alpha ¼ 0.2. Two

teacher models were used as follows:

• One DenseNet-161 model, learning rate ¼ 1.0e�4, momentum

¼ 0.95, dropout value ¼ 0.25 and batch size ¼ 16 images.

• One ResNet-50 model, learning rate ¼ 1.0e�4, momentum ¼
0.90, dropout value ¼ 0.10 and batch size ¼ 32 images.

• Model 3: One IZC DenseNet-121 model, trained on a dataset in-

cluding images with UDC applied using IZC, learning rate ¼

1.0e�4, momentum ¼ 0.90, dropout value ¼ 0.15 and batch size

¼ 16 images. This model was not a distilled model.

The ensemble method has recently been shown to sometimes over-
fit data, leading to poor performance of the ensemble AI model on
test datasets (poor generalizability). Overfitting of the genetics AI
model in the current study was tested for by comparing the perfor-
mance of the final ensemble model to that of the individual constituent
AI models making up the final model. Results demonstrated a similar
or superior performance of the final ensemble model compared to
constituent models, as described in Supplementary Materials and
Methods.

Results

Datasets used in development of a genetics
AI model for predicting the likelihood of
embryo euploidy
A total of 15 192 embryo images with associated metadata were pro-
vided by 10 different clinics in the USA, India, Spain and Malaysia. Of
these images, a total of 5050 images from 2438 patients treated at five
clinics in the USA were used for development of the Day 5 genetics
AI model. The following images were excluded from model training
and validation:

• PGT-A result was inconclusive or missing: 228 images.

• Technical issues (duplicate images, unmatched images/metadata,

etc.): 836 images.

• Day 6 embryos: 5574 images (excluded from training but used to

evaluate model performance, as described).

• Days other than Day 5 or Day 6 (or day not recorded): 2584

images.

• Mosaic embryos: 403 images (excluded from training but used to

evaluate model performance, as described).

• Double-blind test dataset images (datasets from independent clinics

in India, Spain and Malaysia): 517 images (images were collected

............................................................................................................................................................................................................................

Table I Continued

Datasets Total Day 5 dataset
(uncleansed)

Day 5 blind test dataset
(uncleansed)

Day 5 blind test dataset
(cleansed)a

Chromosome 19—n (%) 113 (6.3%) 25 (7.2%) 15 (8.7%)

Chromosome 20—n (%) 78 (4.3%) 21 (6.1%) 12 (6.9%)

Chromosome 21—n (%) 221 (12.3%) 46 (13.3%) 19 (11.0%)

Chromosome 22—n (%) 323 (18.0%) 52 (15.0%) 28 (16.2%)

Sex chromosomes—n (%) 161 (8.9%) 34 (9.8%) 15 (8.7%)

aThe Day 5 blind test dataset of 1001 images was cleansed by the UDC method to remove poor quality and mislabeled images (remaining n¼ 786).
bSome cohorts consisted of a combination of Day 5 and Day 6 embryos—these were separated according to dataset (see Supplementary Table SI).
cPercentage calculated as proportion of aneuploid embryos in dataset. Embryos could have multiple chromosomes involved.
dNumber of embryos with monosomic/trisomic changes include those with single abnormalities only and those with a single full gain or loss accompanied by segmental changes.
eNumber of embryos with full/segmental changes include those with single or multiple abnormalities of the same type.
ND, not determined; UDC, untrainable data cleansing.

6 Diakiw et al.
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.after development of the Day 5 genetics AI model and were used

for double-blind testing and analysis of time-lapse images, as

described).

Note that no images were excluded because of image quality (e.g.
poor focus, low resolution, etc.). One thousand and one of the 5050
US-based images were held back for blind testing the genetics AI
model. The composition of the total Day 5 dataset, as well as constit-
uent blind test datasets used for evaluating performance (cleansed and
uncleansed versions), is shown in Table I. Average age of women for
the complete Day 5 dataset was 36.2 years, and the proportion of eu-
ploid and aneuploid embryos was 64.4% and 35.6%, respectively.

Over one-third of all aneuploid embryos displayed a complex karyo-
type, consisting of abnormalities in multiple chromosomes, and �9%
of aneuploid embryos displayed an abnormality in one of the sex chro-
mosomes. The frequency of individual autosomal abnormalities ranged
from 3.9% (chromosome 12) to 18.0% (chromosome 22) for individ-
ual chromosomes.

Additional datasets used in evaluating performance of the genetics
AI model are shown in Supplementary Table SIII, including the Day 6
dataset, the mosaic dataset and the prospectively collected double-
blind test datasets to evaluate translatability and performance on time-
lapse imaging systems.

A complete list of AI scores and relevant metadata is provided in
Supplementary Table SIV.

The genetics AI model is predictive of
embryo ploidy status for Day 5 embryos in
a blind test dataset
The overall accuracy of the genetics AI model for predicting euploid
embryos on the uncleansed Day 5 blind test dataset was 65.3%, with a
sensitivity of 74.6% and a specificity of 48.6%. Figure 1A shows the con-
fusion matrix. PPV and NPV were 72.4% and 51.3%, respectively, and
the MCC value was 0.235. Removal of poor quality and mislabeled
images using UDC considerably improved overall accuracy on the
cleansed dataset as expected, to 77.4%, with a corresponding MCC
value of 0.491. This was largely due to improvement in specificity
(80.3%). ROC are shown in Fig. 1B for both the uncleansed and
cleansed test datasets, with AUC values of 0.68 and 0.87, respectively,
and PRC are similarly presented in Fig. 1C, with AUC values of 0.78
and 0.96 for uncleansed and cleansed data. While evaluating AI perfor-
mance on the cleansed blind test dataset is not strictly representative
of real-world clinical performance, it is, however, informative for evalu-
ating performance in the absence of poor-quality or potentially misla-
beled images. In this way, it represents a cleaner measure of
performance that is generalizable across clinics when accounting for the
presence of potential confounding variables (see Dakka et al., 2021).

The genetics AI score showed a significant positive correlation with
an increasing percentage of euploid embryos on the uncleansed data-
set (Fig. 1D). For this evaluation, a random sampling of 80 mosaic em-
bryos was taken from the Day 5 mosaic test dataset (Supplementary
Table SIII) and added to the blind test dataset (overall ratio of �7%
mosaic embryos, similar to the proportion of mosaic embryos in the
full dataset of images originally provided). Results showed that the pro-
portion of euploid embryos doubled from the lowest to the highest
euploid likelihood category, with the proportion increasing from 30.8%

to 75.8%. These results suggest that embryos of higher scores may be
ranked over those of lower scores to aid in selection of euploid em-
bryos during IVF procedures.

A significant positive correlation was also observed between euploid
likelihood categories and the proportion of euploid embryos in sub-
groups based on patient age (<35 and �35 years, Supplementary
Fig. S1A), and Gardner expansion Grades 3, 4 and 5 (non-significant
trend for Grade 6, Supplementary Fig. S1B). Accuracy for binary pre-
diction ranged from 60.0% to 75.4% based on age or expansion grade
subgroup (Supplementary Fig. S1).

Enrichment for euploid embryos was investigated using ranking anal-
yses with simulated embryo cohorts, as described in Materials and
methods section. When embryo cohorts in the uncleansed dataset
were ranked using the genetics AI model, the proportion of cohorts
with a euploid embryo as the top-ranked embryo was 82.4%
(Table II). This was a 26.4% improvement over randomly ranked
cohorts (65.2% cohorts with euploid top-ranked embryo). On the
subset of images with an associated Gardner score (n¼ 918), the AI
model showed a 19.3% improvement in identification of a euploid em-
bryo as the top-ranked embryo compared to the commonly used 3BB
threshold for defining good- versus poor-quality embryos according to
the Gardner method (81.1% and 68.0% of cohorts for the AI model
and Gardner ranking, respectively). The AI model maintained an im-
provement of 12.8% over the Gardner score for identification of a
top-ranked euploid embryo when further subdividing embryos accord-
ing to four Gardner quality rank groups (81.1% and 71.9% of cohorts,
respectively). At least one of the top two embryos was found to be
euploid in 97.0% of cohorts when ranked by the AI model, and both
of the top two ranked embryos were euploid in 66.4% of cohorts. In
all cases, the genetics AI model showed an improvement in the ability
to rank and enrich for euploid embryos within a patient cohort com-
pared to random ranking and the Gardner ranking method (Table II).

Studies have demonstrated improved clinical outcomes, such as
pregnancy rates, for euploid embryos (Scott et al., 2012). As such, it
might be expected that the genetics AI model, trained to evaluate the
likelihood of euploidy, would also demonstrate predictive ability for
clinical outcomes. A subset of 156 transferred embryos from the
uncleansed Day 5 blind test dataset was utilized to evaluate the perfor-
mance of the AI model for predicting clinical pregnancy outcome, as
measured by the presence of a fetal heartbeat at first ultrasound scan.
The accuracy of the AI model for predicting a successful clinical preg-
nancy on these embryos was 57.1%, indicating some predictive ability,
although this was lower than the accuracy of 65.3% for predicting eu-
ploidy. This outcome is not unexpected, as a euploid result on PGT-A
test is not a definitive marker of clinical success.

The genetics AI model is effective for use
with images of mosaic embryos and Day 6
embryos, and can predict monosomic
abnormalities
Mosaicism occurs when there are two or more cell populations with
different karyotypes present within an individual embryo, including
both euploid and aneuploid cell types. Consistent with this, the aver-
age AI score for mosaic embryos fell between the average scores for
full aneuploid and euploid embryos (Fig. 2A; Day 5 mosaic test dataset
described in Supplementary Table SIII). When subdividing mosaic
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..embryos according to the level of mosaicism, mosaic-low embryos
were found to have similar average scores to euploid cells, whereas
mosaic-high embryos had similar average scores to aneuploid cells
(Fig. 2B). Predictive accuracy of the genetics AI model on a dataset in-
cluding mosaic embryos (uncleansed Day 5 blind test dataset þ Day 5
mosaic dataset) was evaluated by treating mosaic-low embryos as a
euploid classification and mosaic-high embryos as an aneuploid classifi-
cation. Accuracy in this situation was 64.5%, which was similar to the
predictive accuracy on the original Day 5 blind test dataset (65.3%)
consisting of full euploid and aneuploid embryos only.

The Day 5 genetics AI model was also evaluated on Day 6
blastocyst-stage embryo images for comparison (Day 6 dataset

described in Supplementary Table SIII). Accuracy on Day 6 images was
59.6% with a sensitivity of 74.9% for prediction of euploid embryos,
and a corresponding MCC of 0.184. Euploid likelihood category analy-
sis demonstrated a significant positive correlation of AI score with per-
centage of euploid embryos, with twice as many euploid embryos in
the very high category compared to the low category (Fig. 2C).
Collectively, these results suggest that, while the accuracy is marginally
reduced for Day 6 embryos, the Day 5 genetics AI model can be used
to rank Day 6 embryos according to the likelihood of euploidy if
desired.

The genetic complement of a human embryo is complex and can
have myriad influences on morphology that are as yet unknown.

Figure 1. Performance of the Day 5 artificial intelligence (AI) algorithm for predicting the likelihood of human embryo euploidy
on uncleansed and cleansed blind test datasets. (A) Confusion matrices depicting true positives (TP), false positives (FP), false negatives
(FN) and true negatives (TN) for the Day 5 AI model predicting embryo euploid status. Matrices are shown for uncleansed (top panel) and cleansed
(bottom panel) blind test datasets. (B) Receiver-operating characteristic (ROC) curves for uncleansed (top panel) and untrainable data cleansing
(UDC)-cleansed (bottom panel) Day 5 blind test datasets. The AUC values are depicted. (C) Precision-recall curves (PRC) for uncleansed
(top panel) and UDC-cleansed (bottom panel) Day 5 blind test datasets. The AUC values are depicted. (D) The correlation between the genetics
AI score and the proportion of euploid embryos was evaluated using four defined euploid likelihood categories as depicted. The statistical method
used was Chi-square test for trend (df, degrees of freedom).
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..While the genetics AI model was trained simply to detect euploidy in
general, the ability of the AI model to detect different types of abnor-
malities was also of interest. Performance of the AI model was evalu-
ated for predicting monosomic versus trisomic changes, full
chromosomal gains or losses versus segmental duplications or dele-
tions, and for single versus multiple (complex) chromosomal abnormal-
ities on the original Day 5 blind test dataset of 1001 embryos
(Supplementary Fig. S2). Of these analyses, it was found that there
was a significant difference in average AI score between embryos with
monosomic versus trisomic changes (Fig. 2D). Accuracy for predicting
monosomic changes was slightly higher than predicting euploidy in gen-
eral, at 67.3% compared with 65.3%, respectively. This accuracy in-
creased to 72.6% when predicting embryos with monosomic changes
compared to euploid embryos only. Analysis of correlation demon-
strated that monosomic changes were almost 8-fold more likely to be
found in the lowest AI score category than in the very high euploid
likelihood category (Fig. 2E).

The genetics AI model generalizes well to
different demographics and to images
taken using time-lapse systems
Three additional datasets were collected prospectively through the
course of clinical use for evaluation of performance in different demo-
graphics. These data were collected from independent clinics that did
not contribute data to model training, and therefore represent double-

blind test datasets. The first of these was a dataset of 178 Day 5
embryo images taken using a standard microscope-mounted camera
system for 31 patients treated between June and August 2021 at an
IVF clinic in India. A total of 74% of embryos were euploid and 26%
were aneuploid. Results showed a significant positive correlation be-
tween genetics AI score and euploidy rate on these images, with the
proportion of euploid embryos increasing 4.7-fold from the lowest
likelihood category (19.0%) to the highest likelihood category (90.0%,
Fig. 3A). Overall accuracy was 81.5% and sensitivity for prediction of
euploid embryos was 90.9%. Corresponding MCC was 0.488.

The second double-blind test dataset was of 182 embryo images
taken using the GERI time-lapse imaging system (Supplementary Table
SIII). Data were provided for 63 patients treated between May and
September 2021 at three IVF clinics in Spain, with 62% of embryos be-
ing euploid and 38% aneuploid. Results again showed a significant posi-
tive correlation between genetics AI score and euploidy rate on these
time-lapse images, with the proportion of euploid embryos increasing
�4-fold from the lowest likelihood category (16.7%) to the highest
likelihood category (68.7%, Fig. 3B). Overall accuracy was 65.4% and
sensitivity 97.3% (MCC of 0.219).

To evaluate the generalizability of the genetics AI model to addi-
tional time-lapse imaging systems, a third double-blind test dataset of
141 embryo images taken using the EmbryoScope time-lapse system
was studied (Supplementary Table SIII). The dataset consisted of
images for 65 patients treated at a single clinic in Malaysia between
November 2019 and October 2020. The ratio of euploid to aneuploid

............................................................................................................................................................................................................................

Table II Results of simulated cohort ranking analyses to evaluate the ability of the genetics artificial intelligence model to en-
rich for euploid embryos over random ranking and the Gardner score.

Measurement Proportion of cohorts with
top one ranked
embryo euploid

Proportion of cohorts with
one of top two ranked

embryos euploid

Proportion of cohorts with
both top two ranked

embryos euploid

Compared to random ranking

Genetics AI model 82.4% 97.0% 66.4%

Random 65.2% 88.9% 43.2%

Improvement 26.4% 9.1% 53.7%

Compared to Gardner ranking—3BB thresholda

Genetics AI model 81.1% 96.3% 63.7%

Gardner 68.0% 90.6% 46.6%

Improvement 19.3% 6.3% 36.7%

Compared to Gardner ranking—four-group systemb

Genetics AI model 81.1% 96.3% 63.7%

Gardner 71.9% 92.2% 50.2%

Improvement 12.8% 4.4% 27.4%

aA subset of 918 of the 1001 images in the Day 5 blind test dataset had associated Gardner grades. Gardner ranking was performed using a 3BB threshold as described in Materials
and methods section.
bA subset of 918 of the 1001 images in the Day 5 blind test dataset had associated Gardner grades. Gardner ranking was performed using a four-group system as described in
Materials and methods section.
AI, artificial intelligence.
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embryos was from 59% to 41%. The correlation of genetics AI score
with proportion of euploid embryos was similar to that observed for
the GERI system, with the likelihood of euploidy increasing just under
3-fold from lowest to highest score categories (25.0% and 68.8%, re-
spectively, Fig. 3C). Accuracy was 61.0% and sensitivity 94.0% (MCC
of 0.132). These results collectively support use of the genetics AI
model in multiple ethnic demographics, and with images obtained using
time-lapse systems.

Time-series data were available for a subset of 89 of the 141
EmbryoScope images for investigation of the optimal Day 5 time-point
for evaluation (110, 115 and 120 h post-insemination). Note that the
120-h time-point included embryos at 117.5–122.5 h post-
insemination, representing the latest time-point evaluated prior to bi-
opsy. Performance of the genetics AI model was found to increase
over time, with the highest overall accuracy and sensitivity observed at
the latest time-point. Accuracy values were 56.2%, 58.4% and 62.9%
for 110, 115 and 120 h, respectively, and sensitivity values for

detection of euploid embryos were 70.0%, 86.0% and 96.0%, respec-
tively. These results suggest that the optimal time-point for evaluation
is the latest time-point possible on Day 5, with imaging performed im-
mediately prior to biopsy for PGT-A.

A novel machine learning method may be
identifying mislabeled aneuploid embryo
images associated with variability in PGT-A
testing
The UDC method can be used to identify images that may have been
mislabeled, which in this case could be the result of inherent variability
in the PGT-A method related to sampling bias of the trophectoderm
(Victor et al., 2019b; Abhari and Kawwass, 2021). To evaluate PGT-A
variability with regards to the performance of the Day 5 genetics AI
model, a dataset of 16 embryo images classified as either mosaic or
aneuploid at first PGT-A test was rebiopsied at a later date and PGT-

Figure 2. Correlations between the Day 5 genetics artificial intelligence (AI) score and level of mosaicism, monosomic abnor-
malities, and performance on Day 6 human embryos. (A) Correlation between average genetics AI score and embryos based on ploidy sta-
tus, including euploid, aneuploid, or mosaic status. (B) Correlation between average AI score and embryo ploidy status, separating mosaic embryos
according to level of mosaicism. (C) The correlation between the AI score and the proportion of euploid embryos was evaluated using euploid likeli-
hood categories on a dataset of images taken of blastocyst-stage embryos on Day 6 of in vitro culture. (D) Average genetics AI score in embryos with
monosomic or trisomic changes compared to euploid embryos. (E) Correlation between AI score and the proportion of embryos with monosomic
changes in different AI score categories. Average AI scores were compared using one-way ANOVA with Tukey’s multiple comparisons post-test
(Student’s t-test was used to compare monosomic with trisomic changes), and Chi-square test for trend was used where indicated (df ¼ degrees of
freedom). P-values are represented as follows: *P <0.05, ***P <0.001.
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..A testing repeated. A list of these embryos and associated results is
presented in Supplementary Table SV.

In this dataset, 13/16 (81%) embryos showed a similar outcome on
PGT-A retest (euploid/mosaic-low or aneuploid/mosaic-high).
Variability between tests was 19%, with 3/16 embryos switching classi-
fications. Two of five embryos initially classified as aneuploid/mosaic-
high switched to euploid/mosaic-low, demonstrating 40% variability in
PGT-A for embryos initially labeled as aneuploid or mosaic-high.
These preliminary data support the UDC results suggesting that a sig-
nificant proportion of aneuploid embryos in the original dataset could
have been mislabeled and might have been euploid or mosaic-low on
retest.

Performance of the genetics AI model was also evaluated on both
sets of test results. Accuracy for predicting whether embryos were
euploid/mosaic-low or aneuploid/mosaic-high using the results of the
first PGT-A test was 50.0% for Day 5/6 embryos and 50.0% for Day
5 embryos only. Accuracy improved considerably on the second set of
PGT-A outcomes to 68.8% for Day 5/6 embryos and 75.0% for Day
5 only.

Discussion
An AI model trained on Day 5 embryo images and PGT-A outcomes
were found to be predictive of ploidy status in both Day 5 and Day 6
blastocyst images. The genetics AI model generalized well to datasets
from independent clinics representing different demographics, including
prospectively collected data, and images taken using time-lapse sys-
tems. Overall accuracies ranged from �60% to 80% based on the
dataset, with sensitivity for predicting euploid embryos ranging be-
tween �75% and 95%. In all cases, there was a significant positive cor-
relation between the genetics AI score and the proportion of euploid
embryos, providing support for the intended clinical application of

ranking and selecting embryos that are more likely to be euploid within
a patient cohort.

The ability of the genetics AI model to enrich for euploid embryos
within a patient cohort was further evaluated using simulated cohort
ranking studies, which showed that the probability of the top-ranked
embryo being euploid was significantly higher (26.4%) than when
ranked randomly. Random ranking is an appropriate comparison, as
there is no recognized procedure for visually detecting genetic status.
However, the ranking ability of the AI model was also compared to
ranking using the Gardner score as a proxy for embryologist selection
in the absence of any invasive genetic testing methods. Ranking using
the AI model was also superior to ranking using two different Gardner
ranking methods, although the improvement was somewhat lower
than the improvement over random ranking (19.3% and 12.8% for the
two Gardner methods). This is consistent with research demonstrating
some limited correlation of the Gardner score with embryo euploidy
(Capalbo et al., 2014; Minasi et al., 2016). Improvements compared to
random ranking and Gardner ranking also held true when considering
the proportion of cohorts with at least one of the top two embryos
being euploid, and the proportion with both top two embryos being
euploid.

The performance of the genetics AI model for selecting a euploid
embryo in the top-ranked position was somewhat higher than that of
the ERICA algorithm (Chavez-Badiola et al., 2020; 82.4% for the cur-
rent study and 78.9% for ERICA), although the overall accuracy
quoted for ERICA on a set of 84 images was somewhat higher than
the value quoted for genetics AI on the blind test dataset of 1001
images (70% and 65.3%, respectively). It is noted, however, that the
generalizability of ERICA has not yet been evaluated on a substantial
number of patients, IVF clinics or double-blind datasets, and its perfor-
mance on time-lapse images remains to be determined.

In the current study, genetics AI scores were also positively corre-
lated with the proportion of euploid cells when evaluating embryo

Figure 3. Performance of the Day 5 genetics artificial intelligence (AI) model in different demographics and using time-lapse
images. (A) The correlation between the AI score and the proportion of human euploid embryos was evaluated using euploid likelihood categories
on a double-blind test dataset of images from a clinic in India. (B) The correlation between AI score and the proportion of euploid embryos evaluated
on a double-blind test dataset of images taken using the GERI time-lapse imaging system by three clinics in Spain. (C) The correlation between AI
score and the proportion of euploid embryos evaluated on a blind test dataset of images taken using the EmbryoScope time-lapse imaging system by
a clinic in Malaysia. The statistical method used was Chi-square test for trend (df, degrees of freedom).
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.
classifications of aneuploid, mosaic-high, mosaic-low or euploid.
Historically, mosaic embryos were treated clinically as aneuploid em-
bryos and generally not used for transfer. However, recent evidence
suggests that mosaic embryos have improved clinical outcomes com-
pared to full aneuploid embryos, and depending on the proportion of
abnormal cells present, can even have outcomes similar to that of eu-
ploid embryos (Abhari and Kawwass, 2021). Mosaic embryos were
therefore excluded from development of the genetics AI model, as
they were expected to confound model training owing to the unclear
biological classification of these embryos. Subsequent evaluation of
mosaic embryos in this study supported a biological distinction be-
tween mosaic-low and mosaic-high embryos, as suggested by previous
research groups (Spinella et al., 2018; Munn�e et al., 2020), and thus
supported the hypothesis that the genetics AI model would correctly
generalize to evaluating mosaic embryos. Predictive accuracy of the AI
model was not affected when considering mosaic-low embryos as eu-
ploid, and mosaic-high embryos as aneuploid, suggesting that the AI
model might be useful in differentiating mosaic embryos based on their
level of mosaicism. This finding could be of marked clinical significance,
as multiple educational societies have published recommendations for
transfer of mosaic-low embryos over mosaic-high embryos in situa-
tions where there are no euploid embryos available (CoGEN, 2017;
Cram et al., 2019).

While the genetics AI model was developed solely to detect the
likelihood of overall embryo euploidy, subanalyses demonstrated a
higher performance for identifying monosomic abnormalities than for
predicting euploidy in general. Monosomic abnormalities are mostly
non-viable, with only monosomy X carrying through to live birth
(O’Conner, 2008). Studies have shown that autosomal monosomies
are more detrimental to blastocyst development than other abnormal-
ities, causing arrest earlier during blastocyst formation (Rubio et al.,
2003). These observations are consistent with the genetics AI model
being able to differentiate a more severe genetic phenotype, further
validating its performance and potential clinical utility. It would be of in-
terest to explore production of an AI algorithm specifically for detec-
tion of monosomic changes.

Development of the genetics AI model utilized a novel machine
learning method, namely UDC (see Dakka et al., 2021), which identi-
fied a high proportion of embryos that appeared morphologically eu-
ploid to the AI model but were actually aneuploid based on PGT-A
test results (false positives). There are a number of factors that could
contribute to the occurrence of false positive predictions, including
mosaicism, where the different proportions of normal and abnormal
cells could conceivably interfere with evaluation of ploidy status (Viotti,
2020); embryo self-correction, where mosaic embryos containing a
proportion of abnormal cells exclude these cells during further devel-
opment to become euploid embryos (which could similarly interfere
with evaluation of ploidy status; Orvieto et al., 2020); and lastly, there
is variability in the PGT-A process itself. Studies have shown that the
biopsied trophectoderm sample is not necessarily representative of
the full trophectoderm, nor the ICM (Victor et al., 2019a). PGT-A
testing results presented here demonstrated a relatively high variability
for embryos initially classified as aneuploid or mosaic, which is consis-
tent with previously published reports demonstrating that for mosaic
embryos in particular there can be a very low concordance between
trophectoderm biopsies (�5–30% concordance, Navratil et al., 2020;
Sachdev et al., 2020). These observations suggest that the UDC

technique may be identifying euploid/mosaic-low embryos that were
mislabeled as aneuploid/mosaic-high by PGT-A testing. However, fur-
ther direct evaluation of the embryos identified by UDC would be
necessary to confirm this finding.

The genetics AI model was also able to predict clinical pregnancy,
to a degree, amongst transferred embryos all recorded as euploid by
PGT-A. While this could simply represent a correlation between em-
bryo ploidy status and overall embryo quality (Capalbo et al., 2014),
on another level it might also support the hypothesis that some of
these embryos were mislabeled as euploid owing to PGT-A sampling
bias, and/or embryo self-correction. In this scenario, it is conceivable
that the genetics AI model was in fact differentiating embryos that ac-
tually displayed a level of mosaicism, and therefore had a reduced like-
lihood of pregnancy, even though the PGT-A result was recorded as
euploid. However, as with the previous observation on UDC label
identification, additional direct evidence would be needed to support
this conclusion. Nevertheless, these findings highlight the impact of
PGT-A variability on performance evaluation of alternative, non-
invasive procedures for predicting embryo ploidy status and, consistent
with recent discussions, suggest that early embryonic ploidy status may
be a dynamic process that could one day be better assessed using al-
ternative methods to PGT-A (Bouba et al., 2021).

In conclusion, this study collectively supports the use of the genetics
AI for non-invasive evaluation of embryo ploidy to aid in selection of
euploid embryos for use in IVF procedures. It also poses broader con-
siderations for the use of AI in comparison with PGT-A in embryo as-
sessment for IVF, highlighting the challenges with current approaches
and potential complementary solutions.

Supplementary data
Supplementary data are available at Human Reproduction online.

Data availability
The AI scores and relevant metadata used in this study are provided
in Supplementary Table SIV. The embryo images and other patient
data collected in this study are not publicly available owing to reason-
able ethics and privacy concerns, and are not redistributable to
researchers other than those engaged in the approved research collab-
orations with the named medical centers. For any interested collabora-
tors, please contact the corresponding author. The AI model
developed in this article is available for commercial use as part of the
Life Whisperer Genetics embryo assessment software. The computer
code developed is not publicly available owing to commercial
restrictions.
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Supplementary Figure S1. Performance of the Day 5 artificial intelligence (AI) model for predicting the likelihood of human
embryo euploidy based on age and blastocyst expansion subgroups. (A) The correlation between the genetics AI score and the proportion
of euploid embryos was evaluated using four defined euploid likelihood categories as depicted. Correlations were evaluated for patients <35 and
�35 years. Accuracy was also evaluated for these subgroups using a binary prediction threshold (<5.0/10.0 ¼ aneuploid prediction, �5.0/10.0 ¼
euploid prediction). (B) The correlation between the AI score and the proportion of euploid embryos was evaluated using four defined euploid likeli-
hood categories in blastocyst expansion Stages 3, 4, 5 and 6 according to the Gardner grading system. Accuracy was also evaluated for these sub-
groups using a binary prediction threshold. df, degrees of freedom; N, number.
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Supplementary Figure S2. Performance of the Day 5 artificial intelligence (AI) model for predicting different types of chro-
mosomal abnormalities. Top panel: Average genetics AI scores for human embryos with different abnormality types compared to euploid em-
bryos on the original retrospective Day 5 blind test dataset. Bottom panel: Accuracy for predicting the specific abnormality when compared to all
other embryos (euploid and embryos with other abnormalities). (A) Embryos with monosomic versus trisomic changes (single abnormalities only).
(B) Embryos with full chromosomal gains or losses versus segmental duplications or deletions (single or multiple abnormalities of the same type).
(C) Embryos with single versus multiple abnormalities (multiple abnormalities were deemed a complex karyotype). Average AI scores were com-
pared using one-way ANOVA with Tukey’s multiple comparisons post-test, P-values are represented as follows: *P <0.05, ***P <0.001.

Human Reproduction, pp. 1–1, 2022
https://doi.org/10.1093/humrep/deac131

SUPPLEMENTARY DATA



............................................................................................................................................................................................................................

Supplementary Table SI Preimplantation genetic testing for aneuploidies (PGT-As) methods for each clinic.

IVF clinic Name of testing
laboratory

Genetic
testing
method

Genetic testing
platform

Thresholds

Euploid Aneuploid Mosaic

Ovation—Austin Ovation Fertility
Genetics Laboratories

NGS VeriSeq (Illumina,
CA, USA)

�30% abnormal
cells

>70% abnormal
cells

31–70% abnormal
cells (mosaic-low-
¼ 31–50%, mosaic-
high¼ 51–70%)

San Antonio IVF

Midwest Fertility
Specialists

California Fertility
Partners

Ovation—Baton
Rouge

Alpha IVF Women’s
Specialists

Alpha IVF Women’s
Specialists

NGS Ion Torrent
(Thermo Fisher
Scientific, MA
USA)

�20% abnormal
cells

>80% abnormal
cells

21–80% abnormal
cells (mosaic-low-
¼ 21–50%, mosaic-
high¼ 51–80%)

Wings IVF Women’s
Hospital

Genexplore
Diagnostics and
Research Centre

NGS Ion Torrent
(Thermo Fisher
Scientific, MA
USA)

�20% abnormal
cells

>80% abnormal
cells

Not provided (no mo-
saic embryos in
dataset)

IVF-Spain—Alicante Integrated Genetic
Lab Services

NGS VeriSeq (Illumina,
CA, USA)

�30% abnormal
cells

>70% abnormal
cells

31–70% abnormal
cells (information for
mosaic-low/mosaic-
high not provided)

IVF-Spain—Madrid

IVF-Spain—San
Sebastián

NGS, next generation sequencing.
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Supplementary Table SII Imaging systems used in training and testing.

IVF clinic Model of microscope (and/or laser system) Model of camera

Ovation—Austin Cooper Surgical Saturn 5 Watec Wat-221S

Cooper Surgical Saturn 5 Cooper Surgical DC2

San Antonio IVF Cooper Surgical Saturn 5 Watec Wat-221S

Midwest Fertility Specialists Cooper Surgical Saturn 5 Watec Wat-221S

Cooper Surgical Saturn 5 Cooper Surgical DC1

California Fertility Partners Vitrolife Octax Vitrolife Octax camera

Hamilton Thorne LYKOS JAI GO-5000C-USB

Ovation—Baton Rouge Hamilton Thorne LYKOS Watec Wat-221S

Hamilton Thorne LYKOS JAI GO-5000C-USB

Alpha IVF Women’s Specialists Vitrolife EmbryoScope time-lapse Vitrolife EmbryoScope camera

Wings IVF Women’s Hospital Cooper Surgical Saturn 3 Cooper Surgical RI camera

IVF-Spain—Alicante Merck GERI time-lapse Merck GERI camera

IVF-Spain—Madrid Merck GERI time-lapse Merck GERI camera

IVF-Spain—San Sebastián Merck GERI time-lapse Merck GERI camera
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Supplementary Table SIII Additional datasets used in evaluating performance of the genetics artificial intelligence model.

Datasetsa Day 5 mosaic
test dataset

Day 6 test
dataset

Day 5 double-blind
test

dataset—India

Day 5 double-blind
test

dataset—Spain
(GERI)

Day 5 double-blind
test

dataset—Malaysia
(EmbryoScope)c

Total images 403 5574 178 182 141

Number of patients 334 2571 31 63 65

Dates treated 2018–2020 2013–2020 Jun–Aug 2021 May–Sep 2021 Nov 2019–Oct 2020

Number of cycles 334 2651 31 63 66

Average cycles per patient (range) 1.0 (1–1) 1.0 (1–3) 1.0 (1–1) 1.0 (1–1) 1.0 (1–2)

Average embryo cohort size (range)b 1.2 (1–6) 2.1 (1–17) 6.4 (2–12) 2.7 (1–14) 2.1 (1–11)

Average patient age in years (range) 35.0 (19–45) 36.2 (19–51) 34.6 (25–51) 29.0 (18–43) 36.8 (26–49)

Number of donor gamete(s) used (%) 50 (12.4%) 932 (16.7%) Not recorded 11 (6.0%) Not recorded

Number of euploid embryos (%) 0 (0.0%) 2941 (52.8%) 132 (74.2%) 112 (61.5%) 83 (58.9%)

Number of aneuploid embryos (%) 0 (0.0%) 2633 (47.2%) 46 (25.8%) 70 (38.5%) 58 (41.1%)

Number of mosaic embryos (%) 403 (100.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)

Origin of images

Ovation—Austin (TX, USA) 209 (51.9%) 3944 (70.8%) 0 (0.0%) 0 (0.0%) 0 (0.0%)

San Antonio IVF (TX, USA) 22 (5.5%) 716 (12.8%) 0 (0.0%) 0 (0.0%) 0 (0.0%)

Midwest Fertility Specialists (IN, USA) 33 (8.2%) 300 (5.4%) 0 (0.0%) 0 (0.0%) 0 (0.0%)

California Fertility Partners (CA, USA) 139 (34.4%) 605 (10.9%) 0 (0.0%) 0 (0.0%) 0 (0.0%)

Ovation—Baton Rouge (LA, USA) 0 (0.0%) 9 (0.1%) 0 (0.0%) 0 (0.0%) 0 (0.0%)

Wings IVF Women’s Hospital
(Ahmedabad, India)

0 (0.0%) 0 (0.0%) 178 (100.0%) 0 (0.0%) 0 (0.0%)

IVF-Spain (Alicante, Spain) 0 (0.0%) 0 (0.0%) 0 (0.0%) 83 (45.6%) 0 (0.0%)

IVF-Spain (Madrid, Spain) 0 (0.0%) 0 (0.0%) 0 (0.0%) 66 (36.3%) 0 (0.0%)

IVF-Spain (San Sebastián, Spain) 0 (0.0%) 0 (0.0%) 0 (0.0%) 33 (18.1%) 0 (0.0%)

Alpha IVF & Women’s Specialists
(Selangor, Malaysia)

0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 141 (100.0%)

aAll datasets for evaluating performance were uncleansed (untrainable data cleansing (UDC) not applied).
bSome cohorts consisted of a combination of Day 5 and Day 6 embryos—these were separated according to dataset.
cTime-lapse images for an additional 16 mosaic and aneuploid embryos were provided by Alpha IVF & Women’s Specialists for preimplantation testing for aneuploidies (PGT-As)
rebiopsy analyses. See Supplementary Table SV for more information.
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Supplementary Table SV Results of rebiopsy preimplantation genetic testing for aneuploidies (PGT-As) analyses.

Embryo
No.a

Embryo
age (days)

Genetics
AI score

Genetics AI
model

prediction

PGT-A
results #1

Genetics AI
model

correct?b

PGT-A
results #2

Genetics AI
model

correct?b

PGT Re-test
agreementc

1 6 9.1 Euploid/mosaic-low Aneuploid No Aneuploid No Yes

1 6 1.8 Aneuploid/mosaic-high Mosaic-Low Yes Mosaic-Low Yes Yes

2 5 6.3 Euploid/mosaic-low Aneuploid No Aneuploid No Yes

4 5 8.6 Euploid/mosaic-low Mosaic-High No Aneuploid No Yes

5 5 8.0 Euploid/mosaic-low Mosaic-High No Euploid Yes No

6 5 7.1 Euploid/mosaic-low Aneuploid No Mosaic-Low Yes No

7 5 9.8 Euploid/mosaic-low Mosaic-Low Yes Euploid Yes Yes

8 5 9.7 Euploid/mosaic-low Mosaic-Low Yes Mosaic-Low Yes Yes

9 5 2.1 Aneuploid/mosaic-high Mosaic-Low No Euploid No Yes

10 6 4.2 Aneuploid/mosaic-high Mosaic-Low No Euploid No Yes

11 5 7.9 Euploid/mosaic-low Mosaic-Low Yes Mosaic-Low Yes Yes

12 5 8.4 Euploid/mosaic-low Mosaic-Low Yes Euploid Yes Yes

13 5 2.6 Aneuploid/mosaic-high Mosaic-Low No Mosaic-High Yes No

14 6 0.8 Aneuploid/mosaic-high Mosaic-Low Yes Mosaic-Low Yes Yes

15 5 7.3 Euploid/mosaic-low Mosaic-Low Yes Euploid Yes Yes

16 5 6.4 Euploid/mosaic-low Mosaic-Low Yes Euploid Yes Yes

All embryos (Day 5 and Day 6)

No. of correct/in agreement 8 – 11 13

Correct/in agreement (%) 50.0% – 68.8% 81.3%

Day 5 embryos only

No. of correct/in agreement 6 – 9 9

Correct/in agreement (%) 50.0% – 75.0% 75.0%

aData were provided for 16 embryos initially classified as aneuploid or mosaic by Alpha Fertility (Selangor, Malaysia), as described above. Data were obtained from 16 patients treated
between May–Sep 2021, with average age 34.4 years (range 27–43 years).
bArtificial intelligence (AI) model predictions were as follows: �5.0/10.0¼ euploid/mosaic-low, <5.0/10.0¼ aneuploid/mosaic-high.
cFor agreement between PGT-A tests, results were required to be either euploid or mosaic-low in both tests, OR aneuploid or mosaic-high in both tests.
No., number.
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Supplementary materials and
methods

Image augmentations used during training
During the training process, additional image augmentations were ap-
plied (including rotations, reflections, Gaussian blur, contrast variation,
horizontal and vertical translations jitter), and random compression or
jpeg noise were included as described in Zheng et al. (2016). In addi-
tion, new methods were used for augmentations including color rota-
tion (random swapping of bias among red, green and blue channels of
images during training), border additions (random addition of image
borders so the artificial intelligence (AI) learns to ignore those features
in incorrectly cropped images), resolution (randomly selected resolu-
tions for each batch, so that the training is robust to the input resolu-
tion of the image) and coarse drop-out (introduction of random image
artifacts, such as limited-sized regions of black pixels so that the train-
ing is robust to image noise artifacts).

Details regarding the model training and
selection process
The first step in the model selection process involved applying the
untrainable data cleansing (UDC) method (Dakka et al., 2021) and
cleansed training datasets were obtained for a range of UDC thresh-
olds and three segmentation styles: no segmentation, zona segmenta-
tion and intra-zonal cavity (IZC) segmentation. IZC segmentation
indicates that the training dataset was curated through model configu-
rations that require input images that masked the zona pellucida and
background region of the image (as black), exposing the IZC and inner
cell mass regions. Zona segmentation indicates that model configura-
tions require inputs of images masking the IZC region. Zona segmen-
tation models were considered during the model selection process,
but the final model described below did not include any zona models.
The UDC method represents a unique contribution which is not typi-
cally employed in AI training, and the computer-vision preprocessing
methods to isolate the IZC and zona regions of the embryo image
prior to deep learning were developed in VerMilyea et al. (2020).

The neural network architectures considered during training repre-
sent standard architectures and were updated only to include a binary
classifier layer and softmax layer. A range of architectures was consid-
ered, with the final chosen solely on performance on the holdback
validation dataset. Hyperparameters were also chosen with a diverse
range of options and further refined during training to optimize
each value.

To measure the performance of the trained models to guide selec-
tion, a holdback validation dataset was chosen from the union of the
source images among the candidate training datasets (n¼ 300), which
was kept identical for all model configurations and segmentation styles,
to act as a benchmark for comparison. The shared holdback validation
dataset was used to select teacher models for distillation, then candi-
date models for inclusion in an ensemble model, and finally for

selecting the final ensemble model. While distillation has been previ-
ously described in the field of machine learning (Hinton et al., 2014),
the number of models chosen to distill together is treated as an addi-
tional hyperparameter to optimize during training. In this study, it was
found that between 1 and 3 models were optimal.

The deep learning optimization specifications were the same as
those described in VerMilyea et al. (2020). In brief, each deep neural
network used weight parameters obtained from pretraining on
ImageNet, with the final classifier layer replaced with a binary classifier
corresponding to aneuploid and euploid classification. Training of AI
models was conducting using PyTorch library (version 1.3.1 including
Torchvision version 0.4.2; Adam Paszke, Sam Gross, Soumith Chintala
and Gregory Chanan; 1601 Willow Rd, Menlo Park, CA 94025, USA),
with CUDA support (version 9; Nvidia Corporation; 2788 San Tomas
Expy, Santa Clara, CA 95051, USA). The optimizations considered are
standard in the industry, with novel methods applied in preparation of
the training dataset, including UDC and removal of mosaic embryos
prior to training to reduce label noise in the dataset.

The following methods were used to evaluate constituent models
to select the final ensemble model:

• Confidence metrics for translatability: Multiple confidence metrics

were defined, which were considered more robust indicators of

translatability (ability of the model to generalize to unseen data)

than accuracy measures. The two confidence metrics used in the fi-
nal model selection were log loss and tangent score.

• Model stabilization: The stability of the selection metric value on the

validation dataset was measured over all epochs of the training

process.

• Prediction accuracy: Which models provided the best validation ac-

curacy, for both classes individually: euploid and aneuploid labeled

embryos, the total combined accuracy and the balanced accuracy

(defined as the weighted average accuracy across both class types

of embryos) was recorded, and the result of accuracy metrics on
the test dataset were used to determine if the final model selected

had translated well. AUC/receiver-operating characteristic and

AUC/precision-recall curves were also evaluated. In all cases, use

of ImageNet pretrained weights demonstrated improved perfor-

mance of these quantities.

The process of selecting models on a validation dataset prior to
reporting on a test dataset is standard practice, but the reliance on a
confidence-based metric rather than an accuracy-based metric, and
the use of tangent score as a selection metric for classes that include a
greater degree of noise, were novel contributions in this study.

The first round of training identified a set of potential teacher mod-
els, which were selected on the aforementioned set based on the
metric tangent score. One to three teachers were selected for both
segmentation styles, and a second round of models was trained. Both
student and teacher models were considered (from both training
rounds) as candidates for ensembling. Ensembling was performed as
described in Maclin and Opitz (2011), with voting strategies evaluated
including mean, median, max and majority-mean voting. The use of an
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ensemble method is standard practice in machine learning, with the
choice of voting strategies employed treated as hyperparameters and
only optimized on the validation dataset.

Methods to address overfitting
Training and selection of constituent models making up the final en-
semble AI model were performed primarily using two confidence
score metrics, log loss and tangent score. These were prioritized over
traditional accuracy metrics to select models that would be more likely
to generalize well to unseen datasets. The dependence of log loss on
the confidence score assigned to an image during training is highest for
confidently misclassified images. The dependence of tangent score on
the confidence score for an image is equally high for confidently mis-
classified and correctly classified images. As a result, the two confi-
dence metrics are highly complementary when dealing with levels of
noise distributed unequally among the classes, which in this case are
euploid and aneuploid embryos, as both of these metrics take into ac-
count the distribution of the AI scores (i.e. to what extent they have
correctly or incorrectly classified an embryo). This differs from the use
of accuracy as a selection metric, where a poorly performing model
can overfit by chance, with a score distribution akin to a lop-sided
Gaussian, where only a slight change in scores and distribution can sig-
nificantly change the accuracy. Instead, the clusters of scores are well-
separated when optimizing on confidence score metrics, leading to
more robust model selection for translatability.

Overfitting of the genetics AI algorithm in the current study was
tested for by comparing the performance of the final ensemble model
to that of the individual constituent AI models making up the final
model. It was found that the three constituent models had overall

accuracies of 65.4%, 62.5% and 65.5% on the uncleansed Day 5 blind
test dataset, similar to that of the final ensemble model (65.3%). The
log loss values, representing one of the primary metrics used to select
constituent models, were 0.78, 0.80 and 0.84 for the constituent mod-
els, compared to the superior value of 0.75 for the final AI model.
These performance values demonstrate that the ensemble has not
been overfitted to the validation dataset during training.
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Selecting the best embryo in IVF is critical to a successful 
pregnancy outcome

+Embryo Quality    = Viability Genetics

Morphological Grading
Implantation Potential 

PGT-A
Genetic Integrity
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Limitations of current approaches

Invasive
Some patients not comfortable with biopsy
Costly
Not always available

Manual
Not Standardized

Subjective
Limited to what the eye can see

+Embryo Quality    = Viability Genetics

Morphological Grading
Implantation Potential 

PGT-A
Genetic Integrity
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Instant non-invasive Embryo Quality assessment and ranking 
of Day 5 embryos using AI

Viability + Genetics
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Life Whisperer Viability has been clinically tested internationally

$1,200
Patient Savings (Avg)

$4,600
Clinic Revenue Increase (Avg)

Per IVF patient by servicing more first cycle higher value patients

15%
Decrease in Time-to-Pregnancy

Up to 25% Accuracy Improvement
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Life Whisperer Viability correlates with Gardner Scores

72%
LW accuracy in predicting 

Gardner Score* (2BB cut-off)
Manuscript in preparation

Life Whisperer Viability Benefits
➢ LW is more accurate than Gardner score in 

predicting pregnancy

➢ Identifies morphological features of embryo 
quality that are not captured by Gardner

➢ Standardizes scoring compared with manual 
and subjective Gardner method

*Prospective in-clinic study of 479 embryos with pregnancy outcomes, No.1 Fertility, Australia
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Life Whisperer Viability correlates with PGT-A Outcomes

57%
LW accuracy in predicting Ploidy 

(7.5/10 LW score cut-off)

➢ Low predictive accuracy using AI trained on 
pregnancy outcome suggests ploidy alone may 
not be a good proxy for pregnancy

➢ Supports the need for a separate AI that is 
trained specifically on ploidy (PGT-A outcome) 
to non-invasively assess genetic integrity

Retrospective dataset of 5,469 embryos with PGT-A outcomes (59% Euploid, 8% Mosaic, 33% Aneuploid), Ovation Fertility, USA
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Training the AI for Life Whisperer Genetics

5,050
Day 5 embryo images with PGT-A 

outcomes for AI training and validation

16%
Images were identified (by our UDC) as either      

Hard to Detect or Incorrectly Labelled as Aneuploid!

Open research question… which one is it?
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AI 
Ranks 

Cohorts

Cohort 1

Cohort 2

#1                   #2                #3                  #4

#1                   #2                #3                  #4

Randomize 
into 91,000 

cohorts

Euploid

Aneuploid

Simulated cohort analysis to assess LW Genetics ranking

1,000 images with 
PGT-A outcomes

Top Ranked
Embryo

X
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Life Whisperer Genetics simulated cohort ranking results

96%
At least 1 of the top 2 ranked embryos 

are Euploid

82%
Top ranked embryo is Euploid

Retrospective dataset of 1000 embryos with PGT-A outcomes (64% Euploid, 36% Aneuploid), Ovation Fertility, USA



A product by 

LW Viability complements LW Genetics

Retrospective dataset of 1000 embryos with PGT-A outcomes (64% Euploid, 36% Aneuploid), Ovation Fertility, USA

84%
Top ranked embryo is Euploid when 
LW Viability is used in conjunction 

with LW Genetics
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Why use Life Whisperer Genetics?

➢ Pre-screen for patients wanting PGT-A
Prioritize ranked euploid embryos to conduct fewer PGT-A tests with confidence

➢ Alternative non-invasive approach
For patients not comfortable with PGT-A or where PGT-A is not available or cost prohibitive
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➢ Non-invasive objective assessment

➢ Fast & reliable, results in under a minute

➢ No expensive hardware/installation

➢ Camera agnostic 

➢ Simple pay per use fee, low cost

➢ No maintenance or set up costs

➢ Personalised patient report increase patient 
transparency

➢ Improved success rates

Benefits

Patient embryo report
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https://www.lifewhisperer.com/free-access/

Free use of Life Whisperer Genetics for 
6 months if you sign up and become 
a paying user of Life Whisperer Viability 
in April 2021
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Contact Us
Web: www.lifewhisperer.com

Email: info@lifewhisperer.com
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Non invasive detection of morphological 
features associated with abnormalities in 
chromosomes 21 and 16



(coef 0.29, 95% CI 0.08, 0.51, p<0.01). Rates of live birth or ongoing preg-
nancy after euploid SET (n!987 transfers) did not differ by platform (Table;
p!0.83).

CONCLUSIONS: Euploid call rates differ as a function of PGT-A technol-
ogy platform after adjusting for age and eggs collected. However, these dif-
ferences do not seem to translate into different pregnancy outcomes after
SETof a ‘‘euploid’’ blastocyst. Further investigation should attempt to recon-
cile these differences and clarify if and how advances in PGT-A technology
platforms translate to patients.
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PREVIOUSLY VITRIFIED EMBRYOS CAN BE SUC-
CESSFULLY WARMED, BIOPSIED OR REBIOPSIED,
AND PROVIDE RESULTS. Nicole George, BS,
Carolyn MacDonough, BS, Christopher Hibray, BS,
Lynn B. Davis, MD, MS, G David Ball, Ph.D.. Seattle Reproductive Medi-
cine, Seattle, WA.

OBJECTIVE: This study aimed to evaluate whether vitrified embryos
could be warmed, biopsied or rebiopsied, and provide meaningful preim-
plantation genetic testing for aneuploidy (PGT-A) results. The vitrified
and warmed embryos include both those biopsied for the first time, as
well as those biopsied for a second time (rebiopsied) due to inconclusive
results.

DESIGN: This was a retrospective study performed at a large, private IVF
center which included 242 embryos being warmed and biopsied for the first
time and 28 embryos being warmed and rebiopsied.

MATERIALS AND METHODS: Day 5 and 6 embryos of good and fair
quality were vitrified for potential future use. Embryos were warmed,
given time to re-expand, and biopsied. Some embryos that initially sur-
vived the warming process were unable to be biopsied due to degeneration
or developmental arrest prior to re-expansion. Samples were sent to a
third-party testing laboratory for PGT-A testing via aCGH, SNP array or
NGS.

RESULTS: Two hundred forty-two embryos were warmed and biopsied
for the first time. One hundred seventy-eight (74%) reached a stage and qual-
ity suitable for biopsy. One hundred ten of these embryos (62%) were
euploid. When classified by age group, patients 37 years and under yielded
a euploid rate of 66%, while patients 38 years and older yielded a euploid
rate of 44%. Twenty-eight embryos were warmed for rebiopsy. Twenty-
two (79%) reached a stage and quality suitable for biopsy. Twelve of these
(55%) were euploid. When classified by age group, patients 37 years and un-
der yielded a euploid rate of 62%, while patients 38 years and older yielded a
euploid rate of 50%. Overall, 96% of thawed embryos (258/270) survived the
warming process, and 78% of surviving embryos (200/258) were able to be
biopsied or rebiopsied.

CONCLUSIONS: Embryo thaw survival rates are high, but approximately
one in five embryos (22%) degenerate or arrest prior to re-expansion and
cannot be biopsied. The majority of vitrified embryos can be successfully

biopsied or rebiopsied and provide meaningful PGT-A results. With
informed consent, embryo thaw and biopsy or rebiopsy is a reasonable clin-
ical option.
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ARTIFICIAL INTELLIGENCE: NON-INVASIVE
DETECTION OF MORPHOLOGICAL FEATURES
ASSOCIATED WITH ABNORMALITIES IN CHROMO-
SOMES 21 AND 16. Matthew David VerMilyea, PhD,a

Jonathan M. Hall, PhD,b Don Perugini, PhD,b Andrew P. Murphy, BS,b

Tuc Ngyuen, PhD,b Cecilia Rios, CG,c Alicia Picou, M.S.,a

Andrew Miller, MS,a Andrew W. Dinsmore, BS,d Kaylen Silverberg,
MD,e Michelle Perugini, PhDb. aOvation Fertility, Austin, TX; bLife Whis-
perer, Adelaide, SA, Australia; cOvation Genetis, Henderson, NV; dCalifor-
nia Fertility Partners, Los Angeles, CA; eTexas Fertility Center, Austin, TX.

OBJECTIVE: To examine whether Artificial Intelligence (AI) algorithms
and computer vision technology can non-invasively identify embryos with
key morphological features associated with abnormalities of chromosome
21 and 16.
DESIGN: AI Analysis of embryo images in private reproductive technol-

ogy programs.
MATERIALS AND METHODS: Approximately 2,000 static 2D images

of Day 5 blastocysts with related pregnancy and pre-implantation genetic
testing for aneuploidy (PGT-A) outcomes were assessed. Images were
divided into three groups: training, validation, and blind test sets. Two AI
models were trained, validated, and tested on embryo images by a further
blind set test of 461 images with known PGT-A outcomes.
RESULTS: Our results show a high level of accuracy with the use of AI in

detecting embryological morphological changes associated with additions to
chromosome 21 or an additional full copy of the chromosome. A blind data
set of 54 images achieved an accuracy of 81.5%. To expand the model to
include all abnormalities of chromosome 21, we achieved an accuracy of
71% from 214 images. This reduction in accuracy is most likely the result
of increased morphological variability between embryos with different
(broader) abnormalities in chromosome 21. Using the same methodology,
an accuracy of 73.1% was obtained when we were able to determine abnor-
malities of chromosome 16 in 214 images.
CONCLUSIONS: Embryonic chromosomal abnormalities are known to

lead to implantation failure, pregnancy loss, severe chromosomal diseases
(e.g. Down and ATR-16 syndromes) and have recently been associated
with developmental disorders including Autism1. One of the major limita-
tions of PGT-A analysis by traditional genetic analysis is the presence of
chromosomal mosaicism within the developing embryo2. Recent advances
in non-invasive embryo ploidy determination by either morphokinetic anal-
ysis by time-lapse imagery3 or cell free DNA isolation from either spent
conditioned culture medium4 or blastocoel fluid5 have shown promise, but
concordance studies have shown otherwise6. This study presents, for the first
time, that AI can non-invasively determine whether certain morphological
features of a Day 5 blastocyst are associated with specific chromosomal ab-
normalities of human embryos. Additional studies and analyses are under

1st Biopsy

Total # of patients Average Age Warmed Survival Biopsied Euploid Aneuploid Other*

48 35.3 242 232 178 110 56 12
96% 74% 62% 31% 7%

*Other ! 9 mosaic, 2 no DNA amplification, 1 no call

Rebiopsy

24 36.2 28 26 22 12 8 2
93% 79% 55% 36% 9%

*Other ! 1 mosaic, 1 no DNA amplification
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way to increase specificity and explore other chromosomal abnormalities by
including larger data sets
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IF ANY MOSAICISM IS IDENTIFIED IN THE TRO-
PHECTODERM, THERE IS A 26%CHANCEOFMOSA-
ICISM BEING PRESENT IN THE INNER CELL MASS;
A CLINICAL PARADIGM, DO YOU TRANSFER
MOSAIC EMBRYOS?. Paul Robert Brezina, M.D.,a Kyle J. Tobler,
MD,b Kamaria C. Cayton Vaught, MD,c Anil K. Dubey, PhD,a

Amber Cooper, MD,d William G. Kearns, MD, PhDe. aAdvagenix, Rock-
ville, MD; bWomack ArmyMedical Center, Fort Bragg, NC; cJohns Hopkins
University School of Medicine, Baltimore, MD; dVios Fertility Institute St
Louis, St. Louis, MO; eJohns Hopkins University School of Medicine, Adva-
genix, 9430 Key West Hwy, Suite 130, MD.

OBJECTIVE: To determine the correlation of mosaicism identified in the
trophectoderm (TE) to the rate of mosaicism within the inner cell mass
(ICM).

DESIGN: Prospective
MATERIALS AND METHODS: 78 patients (631 embryos) underwent

IVF and PGT-A was performed. All patients underwent IVF due to repeat
pregnancy loss, previous unsuccessful IVF cycles, decreased ovarian reserve

or unexplained infertility between 2012 and 2016. Embryos were first bio-
psied at the cleavage stage and if aneuploid, remained in culture to the blas-
tocyst stage. At the blastocyst stage of development, the ICM and TE were
separated and blindly analyzed. Molecular karyotypes were performed by
enhanced next generation sequencing (NGS) using a Personal Genome Ma-
chine (PGM) or S5. By deep sequencing and proprietary algorithm’s, we can
detect mosaicism at approximately the 10% level. This sequencing provided
a minimum of over 3.5 million reads with a median sequencing fragment of
186bp.
RESULTS: 55% (350/631) of cleavage stage embryos were aneuploid. Of

these, 37% (131/350) differentiated to the blastocyst stage. 26% (34/131) of
these embryos were found to have mosaicism within both the TE and ICM.
CONCLUSIONS: Our results indicate that using an enhanced NGS tech-

nology, a significant percentage (26%) of embryos with detectable levels of
mosaicism as determined by PGT-A in the TE population will be associated
with mosaicismwithin the ICM as well. Clinically, an aneuploidmosaic fetus
may result in a live birth with significant mental and physical deficits. Given
this risk, we strongly recommend that the transfer of mosaic embryos only be
considered as a last resort for very poor prognosis patients following compre-
hensive informed consent by a geneticist.
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PRE-IMPLANTATION GENETIC TESTING (PGT-A)
USING FAST-SEQS NGS OF IN VIVO CONCEIVED
BLASTOCYSTS RECOVERED BY UTERINE
LAVAGE. Charlene A. Alouf, PhD,a Sam Najmabadi,
MD,b Steven T. Nakajima, MD,c John E. Buster, MD,d Nicole Faulkner,
PhDa. aInvitae, San Francisco, CA; bCenter for Reproductive Health & Gy-
necology, Beverly Hills, CA; cStanford University School of Medicine, Stan-
ford, CA; dProfessor Emeritus of Obstetrics and Gynecology, Brown
University, Providence, RI.

OBJECTIVE: To report the chromosomal characterization of in vivo
conceived embryos utilizing a FAST-SeqS NGS-based PGT-A assay
DESIGN: Reported rates of euploidy per oocyte age differ amongst

fertility programs. Themost striking range reported, with a relatively homog-
enous group of oocyte donors, suggests that stimulation, culture conditions
and manipulation may impact ploidy.1 IVF/PGT-A reduces the transfer of
abnormal embryos but may be cost prohibitive even with minimal stimula-
tion. A preliminary report demonstrated success with retrieving in vivo
created embryos for PGT-A using a patented uterine lavage system2. In
vivo culture would reduce the financial burden and the potential untoward ef-
fects of the in vitro environment.
MATERIALS ANDMETHODS: Twenty women underwent ovulation in-

duction and donor insemination, with uterine lavage 5 days later, as previ-
ously described.2 The study had IRB approval and oversight by the
Ministry of Health. TE biopsy was performed after lavage or following in

Study ID
Total # embryos at
lavage (day 5)

Day 5 Grade6

(Recovery)
Day 6 Grade6

(24hr in vitro culture) Bx Day Interpretation Misc Result

186 4 6 cell frag 3CC 6 Aneuploid del(1)(q41)
187 11 4AA 6AA 6 Normal

4AA 6AA 6 Normal
9cell 3CC 6 Normal
4BA 5BA 6 Normal
6 cell vac 3CC 6 Aneuploid Monosomy 8

192 3 12 cell, vac 4AB 6 Mosaic trisomy 22(mos)
8 cell, vac 2 (early) 6 Aneuploid 53,X,+1,+2,+3,+8,+9,+17,+20,+21

197 4 3AB 4AB 6 Normal
morula 3CC 6 Mosaic del(4)(q32) (mos)

193 1 10 cell, vac 3CC 6 Normal
185 2 2 (early) 6BB 6 Aneuploid Monosomy 13
196 4 morula 3CC 6 Normal
200 5AA 5 Normal

6AA 5 Normal
3CC 5 Normal

202 2 6CC 5 Normal
199 1 5BB 5 Normal
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Automated detection 
of poor‑quality data: case studies 
in healthcare
M. A. Dakka1,2, T. V. Nguyen1,3, J. M. M. Hall1,4*, S. M. Diakiw1, M. VerMilyea5,6, R. Linke7, 
M. Perugini1,8 & D. Perugini1*

The detection and removal of poor‑quality data in a training set is crucial to achieve high‑performing 
AI models. In healthcare, data can be inherently poor‑quality due to uncertainty or subjectivity, but as 
is often the case, the requirement for data privacy restricts AI practitioners from accessing raw training 
data, meaning manual visual verification of private patient data is not possible. Here we describe a 
novel method for automated identification of poor‑quality data, called Untrainable Data Cleansing. 
This method is shown to have numerous benefits including protection of private patient data; 
improvement in AI generalizability; reduction in time, cost, and data needed for training; all while 
offering a truer reporting of AI performance itself. Additionally, results show that Untrainable Data 
Cleansing could be useful as a triage tool to identify difficult clinical cases that may warrant in‑depth 
evaluation or additional testing to support a diagnosis.

Advances in deep learning using arti!cial neural networks (ANN)1,2 have resulted in the increased use of AI 
for healthcare  applications3–5. One of the most successful examples of deep learning has been the application of 
convolutional neural network (CNN) algorithms for medical image analysis to support clinical  assessment6. AI 
models are trained with labeled or annotated data (medical images) and learn complex features of the images 
that relate to a clinical outcome, which can then be applied to classify new unseen medical images. Applica-
tions of this technology in healthcare span a wide range of domains including but not limited to  dermatology7,8, 
 radiology9,10,  ophthalmology11–13,  pathology14–16, and embryo quality assessment in  IVF17.

Despite the enormous potential of AI to improve healthcare outcomes, AI performance can o"en be sub-
optimal as it is crucially dependent on the quality of the data. While AI practitioners o"en focus on the quantity 
of data as the driver of performance, even fractional amounts of poor-quality data can substantially hamper AI 
performance. Good-quality data is therefore needed to train models that are both accurate and generalizable, 
and which can be relied upon by clinics and patients globally. Furthermore, because measuring AI performance 
on poor-quality test data can mislead or obfuscate the true performance of the AI, good-quality data is also 
important for benchmark test sets used in performance reporting, which clinics and patients rely on for clinical 
decisioning.

We de!ne two types of poor-quality data:

• Incorrect data: Mislabeled data, for example an image of a dog incorrectly labeled as a cat. #is also includes 
adversarial attacks by intentionally inserting errors in data labels (especially detrimental to online machine 
learning  methods18).

• Noisy data: Data itself is of poor quality (e.g. out-of-focus image), making it ambiguous or uninformative, 
with insu$cient information or distinguishing features to correlate with any label.

In healthcare, clinical data can be inherently poor quality due to subjectivity and clinical uncertainty. An example 
of this is pneumonia detection from chest X-ray images. #e labeling of a portion of the image can be somewhat 
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subjective in terms of clinical assessment, o"en without a known ground truth outcome, and is highly depend-
ent on the quality of the X-ray image taken. In some cases, the ground truth outcome might also involve clinical 
data that is not present in the dataset used for analysis, such as undiagnosed conditions in a patient, or e%ects 
that cannot be seen from images and records provided for the assessment. #is kind of clinical uncertainty can 
contribute to both the incorrect and noisy data categories. #erefore, poor-quality data cannot always be reliably 
detected, even by clinical experts. Furthermore, due to data privacy, manual visual veri!cation of private patient 
data is not always possible.

Several methods exist to account for these sources of reader variability and bias. One  method19 uses a so-
called Direct Uncertainty Prediction to provide an unbiased estimate of label uncertainty for medical images, 
which can be used to draw attention to images requiring a second medical opinion. #is technique relies on 
training a model to identify cases with high potential for expert disagreement. Other methods model uncertainty 
in poor-quality data through Bayesian  techniques20. However, such techniques require signi!cant amounts of 
annotated data from multiple experts, which is o"en not readily available. Some methods assume that erroneous 
label distribution is conditionally independent of the data instance given the true  label21, which is an assumption 
that does not hold true in the settings considered in this article. Other  techniques22 relax this assumption by 
using domain-adapted generative models to explain the process that generates poor-quality data, though these 
techniques typically require additional clean data to generate good priors for learning. #is is an issue in medical 
domains such as the assessment of embryo viability, where reader variability is  signi!cant17 and ground truth 
labels may be impossible to ascertain, so there is no way of identifying data as poor quality a priori. #ere is a 
need for better approaches to cleanse poor-quality data automatically and e%ectively, in and beyond healthcare.

Results
In this paper, a novel technique is presented for automated data cleansing which can identify poor data quality 
without requiring a cleansed dataset with known ground truth labels. #e technique is called Untrainable Data 
Cleansing (UDC) and is described in the Methods section. UDC essentially identi!es and removes a subset of the 
data (i.e. cleanses the data) that AI models are unable to correctly label (classify) during the AI training process. 
From a machine learning perspective, the two types of poor-quality data described above are realized through: 
(1) identifying data that are highly correlated to the opposite label of what would reasonably be expected, based 
on the classi!cation of most of the data in the dataset (incorrect data); or (2) identifying data that have no 
distinguishing features that correlate with any label (noisy data). Results show that UDC can consistently and 
accurately identify poor-quality data, and that removal of UDC-identi!ed poor-quality data, and thus “cleans-
ing” of the data, ultimately leads to higher performing and more reliable AI models for healthcare applications.

Validation of UDC. UDC was !rst validated using two types of datasets, cats and dogs for binary classi!ca-
tion, and vehicles for multi-classi!cation. #ese datasets were used because the ground truth can be manually 
con!rmed, and therefore incorrect labels could be synthetically injected.

Binary classi!cation using cats and dogs. A benchmark (Kaggle) dataset of 37,500 cat and dog images were used 
to validate UDC for binary classi!cation. #is dataset was chosen because the ground truth outcomes (labels) 
could be manually determined with certainty, and synthetic incorrect labels could be readily introduced by 
&ipping the correct label to an incorrect label. Synthetic incorrect labels were added to this dataset to test UDC 
under various amounts of poor-quality data.

A total of 24,916 images (12,453 cats, 12,463 dogs) were used for training and 12,349 images (6143 cats, 6206 
dogs) used as a separate blind test set. Synthetic errors (incorrect labels) were added to the training dataset (but 
not the test set), which was split 80/20 into training and validation sets. A single round of UDC was applied to 
the training dataset, poor-quality data identi!ed by UDC was removed, and a new AI model was trained on 
the UDC-cleansed dataset. #e highest balanced AI accuracy achievable on the blind test dataset was reported. 
Results are shown in Table'1.

Results show that UDC is resilient to even extreme levels of errors, functioning in datasets with up to 50% 
incorrect labels in one class (while the other class remained relatively clean), and with signi!cant symmetric 
errors of up to 30% incorrect labels in both classes. Visual assessment veri!ed removal of both incorrect data 
and a minor proportion of noisy data, where, for example, dogs looked like cats (see Supplementary Figure'S1 

Table 1.  Results from a single round of UDC applied to various incorrect label levels. #e bold font is to 
draw attention of the reader that there is an accuracy improvement. Cats % is the percentage of cat images 
incorrectly labeled as dogs, vice versa. Baseline model is assumed to contain 0% error in both classes, denoted 
(0%, 0%).

Incorrect label levels (cats %, dogs %) (0%, 0%) (35%, 5%) (50%, 5%) (30%, 30%)
Average level of incorrect labels (%) 0.0 20.0 27.5 30.0
Original balanced accuracy (%) 99.2 77.9 72.6 63.1
UDC balanced accuracy (%) – 98.3 98.7 94.7
Accuracy improvement (%) – 20.4 26.1 31.6
Images removed by UDC (Total) – 4699 6757 7578
Images removed by UDC (%) – 18.9 27.1 30.4
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online). Improvements of greater than 20% were achieved in all cases. Compared to cases with uniform levels 
of incorrect labels, those with asymmetric incorrect labels, e.g. (35%, 5%), achieved a higher balanced accuracy 
of over 98% a"er just one round of UDC. #is is expected, since in the asymmetric cases, one class remains as a 
true correct class, allowing UDC to be more con!dent in identifying incorrectly labeled samples.

In the uniform cases a slightly lower balanced accuracy of 94.7% was achieved a"er one round of UDC, 
which was found to identify and remove 88% of the intentionally mislabeled images. A second round of UDC 
improved upon the results of a single application of UDC, successively increasing the predictive power of the 
dataset by removing the remaining incorrect data. #e accuracy achieved a"er a second round of UDC (99.7%) to 
the symmetric case (30%, 30%) showed an improvement even when compared to the baseline accuracy (99.2%) 
on datasets with 0% synthetic error. Further tests would be required to con!rm the statistical signi!cance of 
this upli", but it is not unreasonable that the UDC could !lter out noisy data that may be present in the original 
clean dataset (since the baseline set itself is not guaranteed to be free of poor-quality data), therefore helping to 
not only recover but surpass the accuracy of models trained on the baseline datasets.

For the symmetrical (50%, 50%) case (not shown), UDC simply learns to treat one entire class as incorrect and 
the other as correct, thereby discarding all samples from the opposite class as data errors. #erefore, as might be 
expected, UDC fails when data error levels in both classes approach 50%, because there is no longer a majority of 
good-quality data to allow UDC to con!dently identify the minority of poor-quality data. In this case, the dataset 
is deemed unsuitable for AI training. To address such datasets that are so noisy as to have virtually no learnable 
features, an important screening process prior to implementing a UDC work&ow, is to conduct a hyperparam-
eter search to determine parameter spaces wherein predictive power can be achieved on a given dataset. #e 
hyperparameter search is implemented by selecting a range of architectures, learning rates, momentum values 
and optimizers, and measuring the accuracy of each model on a validation set, at each epoch while training, for 
a range of 200–300 epochs. Hyperparameter combinations are eligible for inclusion in the UDC work&ow if their 
associated training runs include a high mean accuracy value across the epochs for training, and are screened if 
they are not able to achieve a statistically signi!cant accuracy above 50%.

Multi-classi!cation using vehicles. An open image database of 27,363 vehicles was used to validate UDC for 
multi-classi!cation. #e dataset comprised four classes of vehicles: airplanes, boats, motorcycles, and trucks. A 
total of 18,991 images (7244 airplanes, 5018 boats, 3107 motorcycles, 3622 trucks) were used for training, and 
8372 images (3101 airplanes, 2194 boats, 1424 motorcycles, 1653 trucks) used as a separate blind test set. As 
in the previous section, this dataset was chosen because the ground truth outcomes (labels) could be manually 
ascertained, and synthetic incorrect labels could be readily introduced. Synthetic incorrect labels were uniformly 
added to each class in the training dataset in increments of 10% to test UDC under various amounts of poor-
quality data. UDC results are shown in Supplementary Figure'S2 online. #is !gure shows, for a given data error 
rate (0–90%), the number of images that are correctly predicted by x constituent UDC models, where the x-axis 
ranges from 0 to the total number of models used in the UDC work&ow. Each UDC histogram is thus quantized 
by the total number of models, and each bin shows a di%erent total number of images, depending on the choice 
of data error rate.

Results are summarized in Table'2, which shows the percentage improvement for all cases a"er only a single 
round of UDC, removing both noisy and incorrect labels. Errors are calculated as the standard error on the 
mean for results obtained from eight models overall to reduce bias on a particular validation set (four model 
architectures based on Residual Convolutional Neural Network (ResNet)23 and Dense Convolutional Network 
(DenseNet)24, each trained on two cross-validation phases).

For the multi-class case, results show that UDC is resilient and can identify poor-quality data and improve 
AI accuracy even at more extreme levels of errors (i.e. 30–70%) compared with the binary case. UDC fails when 

Table 2.  Results from a single round of UDC applied to various incorrect label levels. #e bold font draws 
attention to whether the ’Before UDC’ value or the ’A"er UDC’ value is the greater, for eachscenario, so that 
it is easy for the reader to judge which rows there was an improvement, and which rows there was a decrease. 
Incorrect labels are distributed evenly across all four classes: airplanes, boats, motorcycles, and trucks. UDC is 
robust to label error rates up to 70%, where a 44.8% gain in AI performance is achieved a"er a single round of 
UDC.

Error rate (%) Before UDC accuracy (%) A!er UDC accuracy (%) Enhancement (%)
0 98.8 ± 0.1 98.8 ± 0.1 0.0 ± 0.1
10 97.5 ± 0.2 98.6 ± 0.1 1.1 ± 0.2
20 96.7 ± 0.3 98.5 ± 0.1 1.8 ± 0.3
30 94.7 ± 0.8 98.2 ± 0.1 3.5 ± 0.8
40 92.8 ± 0.5 98.3 ± 0.1 5.5 ± 0.5
50 87.7 ± 1.9 98.1 ± 0.1 10.3 ± 1.9
60 74.7 ± 2.6 97.0 ± 0.2 22.3 ± 2.6
70 47.4 ± 2.5 92.2 ± 0.6 44.8 ± 2.6
80 15.3 ± 2.0 3.7 ± 0.5 -11.7 ± 2.0
90 2.9 ± 0.6 1.2 ± 0.2 -1.7 ± 0.7
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the percentage of incorrect labels in each class approaches 80%. #is is because when 80% or more of a class’ 
labels are distributed into three other classes, this results in fewer correct labels than incorrect labels for that 
class, making model training impossible as the model is pulled away from convergence by a larger number of 
incorrectly vs. correctly labeled data, and making such data uncleansable.

Taken together, these results suggest that UDC creates cleansed datasets that can be used to develop high 
performing AI models that are both accurate and generalizable using fewer training data, and reduced training 
time and cost. Near baseline-level performance was achieved using datasets containing up to 70% fewer train-
ing data. We showed that 97% accuracy could be achieved on datasets with up to 60% fractional incorrect labels 
for all classes, using less than 30% of the original amount of training data. In an even more extreme case with 
70% incorrect labels, UDC had a higher false positive rate (correct labels images identi!ed as incorrect), which 
resulted in the removal of 95% of the original dataset, but models trained on the remaining 5% still achieved 
over 92% accuracy on a blind test set. Finally, application of UDC gave greater stability and accuracy during the 
training process (across epochs), which means that AI model selection for deployment can be automated because 
the selection is not hyper-dependent on a training epoch once a threshold of accuracy is achieved.

Application of UDC. #e UDC technique was then applied to two healthcare problems, pediatric chest 
X-ray images for identi!cation of pneumonia, and embryo images to identify likelihood of pregnancy (viability) 
for in'vitro fertilization (IVF). Finally, UDC was also shown to be able to cleanse benchmark test datasets them-
selves to enable a truer and more realistic representation of AI performance.

Assessment of pediatric chest X-rays for pneumonia detection. A publicly available dataset of pediatric chest 
X-ray images with associated labels of “Pneumonia” or “Normal” from  Kaggle25 was used. #e labels were deter-
mined by multiple expert physicians. #ere were 5232 images in the training set and 624 images in the test set. 
UDC was applied to all 5856 images. Approximately 200 images were identi!ed as noisy, while no labels were 
identi!ed as incorrect. #is suggests there were no suspected labeling errors in the dataset, but the images iden-
ti!ed by UDC were considered poor-quality or uninformative. Poor-quality images in this dataset mean that 
labels of “normal” or “pneumonia” were not easily identi!able with certainty from the X-ray.

To verify the result, an independent expert radiologist assessed 200 X-ray images from this dataset, includ-
ing 100 that were identi!ed as noisy by UDC, and 100 that were identi!ed as correct. #e radiologist was only 
provided the image, and not the image label nor the UDC assessment. Images were assessed in random order, 
and the radiologist’s assessment of the label for each image recorded. Results showed that the reader consensus 
between the radiologist’s label and the original label was signi!cantly higher for the correct images compared 
with the noisy images. Applying Cohen’s kappa  test26 on the results gives levels of agreement for noisy ( ! ! 0.05 ) 
and correct ( ! ! 0.65 ) labels (refer to Fig.'1). #is con!rms that for noisy images detected by UDC, there is 
insu$cient information in the image alone to conclusively (or easily) make an assessment of pneumonia by either 
the radiologist or the AI. UDC could therefore prove bene!cial as a screening tool for radiologists that could 
help triage di$cult to read or suspicious (noisy) images that warrant further in-depth evaluation or additional 
tests to support a de!nitive diagnosis.

We then compared AI performance when trained using the original uncleansed X-ray training dataset versus 
UDC-cleansed X-ray training dataset with noisy images removed. Results are shown in Fig.'2. #e blue bar in 
the !gure represents a theoretical maximum accuracy possible on the test dataset. It is obtained by testing every 
trained AI model on the test dataset to !nd the maximum accuracy that can be achieved. #e orange bar is the 
actual (generalized) accuracy of the AI obtained using standard practice for training and selecting a !nal AI 
model using the validation set, then testing AI performance on the test set. #e di%erence between the blue bar 
and orange bar indicates the generalizability of the AI, i.e. the ability of the AI to reliably apply to unseen data. 
Results show that training the AI on a UDC-cleansed dataset increases both the accuracy and generalizability 
of the AI. Additionally, the AI trained using a UDC-cleansed dataset achieved 95% generalized accuracy. #is 
exceeds the 92% accuracy reported for other models in the literature using this same chest X-ray  dataset27.

Lastly, we investigated application of UDC on the test dataset of X-ray images to assess its quality. #is is vital 
because the test dataset is used by AI practitioners to assess and report on AI performance. Too much poor-
quality data in a test set means the AI accuracy is not a true representation of AI performance. To evaluate this, 
we injected the uncleansed test dataset into the training dataset used to train the AI to determine the maximum 

Figure"1.  Cohen’s kappa test for noisy and Correct labels shows that images with Correct labels lead to a 
signi!cantly higher level of agreement than random chance, and signi!cantly higher than those with noisy 
labels.
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accuracy that could be obtained on the validation dataset. Figure'3 shows reduced performance of AI trained 
using the aggregated dataset (training dataset plus the noisy test dataset) compared with the AI trained only 
using the cleansed training set. #is suggests that the level of poor-quality data in the test dataset is signi!cant, 
and thus care should be taken when AI performance is measured using this particular test dataset.

Assessment of embryo quality for IVF. Finally, UDC was successfully applied to the problem of assessing embryo 
viability in IVF. UDC was a core technique in developing a commercial AI healthcare product, which is currently 
being used in IVF clinics  globally17. #e AI model analyzes images of embryos at Day 5 of development to iden-
tify which ones are viable and likely to lead to a clinical pregnancy.

Clinical pregnancy is measured by the presence of a fetal heartbeat at the !rst ultrasound scan approximately 
6 weeks a"er the embryo is transferred to an IVF patient. An embryo is labeled viable if it led to pregnancy, and 
non-viable if a pregnancy did not occur. Although there is certainty in the outcome (pregnancy or no pregnancy), 
there is uncertainty in the labels, because there may be patient medical conditions or other factors beyond embryo 
quality that prevent pregnancy (e.g. endometriosis)17. #erefore, an embryo that is viable may be incorrectly 
labeled as non-viable. #ese incorrect labels impact the performance of the AI if not identi!ed and removed.

UDC was applied to images of embryos to identify incorrect labels. #ese were predominantly in the training 
dataset’s non-viable class, as expected, as they included embryos that appeared viable but were labeled as unvi-
able. Performance results are shown in Fig.'4. AI models trained using a UDC-cleansed training dataset achieved 
an increase in accuracy, from 59.7 to 61.1%, when reported on the standard uncleansed test dataset. #is small 
increase in accuracy was not statistically signi!cant, but could potentially be misleading, as the uncleansed test 
set itself may comprise a signi!cant portion of incorrectly labeled non-viable embryo images, thus reducing 
speci!city as the AI model improves. For the predominantly clean viable class, sensitivity increased by a larger 
amount, from 76.8 to 80.6%. When a UDC-cleansed test set is utilized, AI models trained using a UDC-cleansed 
training dataset achieved an increase in accuracy from 73.5 to 77.1%. #is larger increase is a truer representa-
tion of the AI performance, and while the upli" is just at the 1 ! ! level, it is noted that a medical dataset may 
require multiple rounds of UDC to fully cleanse the training set.

E%ect sizes before and a"er UDC are represented using Cohen’s d, as shown in Table'3, along with p-values. 
E%ect sizes larger than 0.6 are considered “large”, meaning that for all test sets (including validation), UDC has 
a large e%ect on training and inference (test) performance, except for speci!city results for both cleansed and 
uncleansed (expected due to the large proportion of incorrectly labeled non-viable embryos) test sets. #is can 
be interpreted as there being a signi!cant pair-wise upli" in sensitivity without much cost to speci!city. In all 

Figure"2.  Balanced accuracy before and a"er UDC. #e orange bar represents the AI accuracy on the test 
dataset using the standard AI training practice. #e blue bar represents the theoretical maximum AI accuracy 
possible on the test dataset. #e discrepancy between these two values is indicative of the generalizability of the 
model.

Figure"3.  #e colors of the bars represent the performance of the model on the validation set, with (orange) 
and without (blue) the test set included in the training set. AI performance drops when the uncleansed blind test 
set is included in the training set, indicating a considerable level of poor-quality data in the test set.
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cases, there is very large ( d > 1.4 ) e%ect on overall performance. Taken together these results suggest that using 
UDC to cleanse training datasets can improve the accuracy of the AI even in clinical datasets with a high level 
of mislabeled, poor-quality data.

Discussion
#is study characterizes a novel technique, Untrainable Data Cleansing (UDC), that serves to automatically 
identify, and thus allow removal of, poor-quality data to improve AI performance and reporting. In the clinical 
setting, accurate AI could mean the di%erence between life and death, or early diagnosis versus missed diagnosis. 
#us it is critical that poor-quality data are identi!ed and removed so as not to confuse the AI training process 
and impact clinical outcomes. It can be di$cult for even the most experienced clinicians to identify poor-quality 
data, particularly when the clinical outcome is uncertain, or the quality and integrity of the data does not allow 
for a de!nitive labeling of the image. Furthermore, due to data privacy laws, it may not even be possible to 
manually assess data quality of private medical datasets. Because UDC can be “shipped” to the secure location of 
private data, it o%ers an automated way of addressing data quality concerns while respecting data privacy laws.

UDC was validated across two problem sets, (1) cats vs. dogs, and (2) vehicles, or binary and multi-classi!ca-
tion problems, respectively, because image labels could be manually veri!ed. In both cases UDC was e%ective at 
identifying synthetically introduced incorrect labels. Training AI models following removal of poor-quality data 
signi!cantly improved the AI performance, in terms of both accuracy and generalizability. UDC was applied to 
two medical problem sets, one for pneumonia detection in chest X-rays, and the other for embryo selection in 
IVF. Both are challenging clinical assessment areas due to varying degrees of noisy or incorrectly labeled data. 
In both studies UDC was e%ective (as measured on double blind datasets) at identifying poor quality data, and 
yielded signi!cant improvements in accuracy and generalizability.

In UDC, the use of a variety of model architectures as well as k-fold cross-validation serves to mitigate over!t-
ting on smaller datasets. #ough there may always be a trivial lower bound on dataset size, the behavior of UDC 
as total training images decreases was found to be stable a"er training on (cleansed) datasets as low as 5% the 
size of the initial training datasets. Nevertheless, to further alleviate the e%ect of over!tting, all models are trained 
using data augmentation, dropout, weight balancing, learning rate scheduling, weight decay, and early stopping.

In the same way that poor-quality training data can impact AI training, the reporting (or testing) of AI 
performance done so on a poor-quality test dataset (that contains noisy or incorrectly labeled data) can lead to 
inaccurate performance reporting. Inaccurate reporting can mislead clinicians and patients on the true perfor-
mance and reliability of the AI, with potential real-world consequences for those that may rely on AI results. 
We assessed the utility of UDC for cleansing test datasets and showed that the accuracy of the AI reported on 
test datasets cleansed with UDC was di%erent to that reported on uncleansed test datasets. #e reporting of AI 
accuracy on a UDC-cleansed test set was shown to be a truer representation of the AI performance based on 
independent assessment.

Since UDC relies on pooling or ensembling various model architectures, its advantages (namely, that it is 
relatively agnostic to initial feature-cra"ing and allows for automated implementation) could be enhanced with 
the application of discriminant analysis techniques to provide richer context when identifying noisy or incor-
rect data. Future research is possible investigating how the granularity of Principal Component Analysis-Linear 
Discriminant Analysis (PCA-LDA) or related techniques, which cannot be applied directly to images themselves, 

Figure"4.  Performance metrics of AI model predicting clinical pregnancy, trained on original (le" section) 
and UDC-cleansed (right section) training data. Both graphs show results on the validation set (green), and 
corresponding original test set (blue) and UDC-cleansed test set (orange).

Table 3.  E%ect size d and p-value of enhancement a"er application of UDC on embryo dataset.

Dataset  Validation set Original test set Cleansed test set
Test statistic Acc. Sens. Spec. Acc. Sens. Spec. Acc. Sens. Spec.
d 8.656 2.439 3.234 1.414 0.664 ( 0.329 1.611 0.788 0.144
p < 0.001 0.199 0.049 0.002 0.401 0.449 0.062 0.385 0.482
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but to model activation (or feature) layers, could be applied to more precisely explain why individual samples 
were identi!ed as poor-quality by UDC. Such methods may be able to identify which features in each image are 
not in agreement with the received label.

Finally, we showed that UDC was able to identify noisy data, which in the case of the pneumonia X-rays 
neither the AI nor the radiologist could consistently classify. #e ability for UDC to identify these cases suggests 
it can be used as a triage tool and direct clinicians to those cases that warrant new tests or additional in-depth 
clinical assessment. #is study demonstrates that the performance of AI for clinical applications is highly depend-
ent on the quality of clinical data, and the utility of a method like UDC that can automatically cleanse otherwise 
poor-quality clinical data cannot be overstated.

Methods
UDC algorithm. Untrainable Data Cleansing (UDC) can identify three categories of image-label pairs:

• Correct—strongly expected to be correct (i.e. label matches the ground-truth).
• Incorrect—strongly expected to be incorrect (i.e. label does not match ground-truth).
• Noisy—data is ambiguous or uninformative to classify with certainty (i.e. label may or may not match 

ground-truth).

UDC delineates between correct, incorrect, and noisy images using the method described in Algorithm'1, which 
utilizes a mixture between sampling di%erent (n) model architectures and sampling across data using k-fold cross 
validation (KFXV). #ese n ! k models vote on each image-label in this manner to reduce bias and to increase 
robustness to outliers.
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Prior to training each AI model con!guration, the images are minimally pre-processed by auto-scaling their 
resolutions to 224 ! 224 pixels, and normalizing the color levels using the standard ImageNet mean RGB values 
of (0.485, 0.456, 0.406) and standard deviations of (0.229, 0.224, 0.225), respectively.

We describe UDC as “turning AI onto itself”, as it uses the AI training process to identify poor-quality data. 
Multiple AI models using di%erent architectures and parameters are trained using the data (to be cleansed), then 
the AI models are applied back on the same training data to infer their labels. Data which cannot be consistently 
classi!ed correctly are identi!ed as poor-quality (i.e. incorrect or noisy).

#e idea behind UDC is that if data cannot be consistently correctly classi!ed within the AI training process 
itself, which is where AI models are likely to !nd the strongest correlations and correct classi!cations on the 
dataset used to train/create it, then the data is likely to be poor-quality.

#e intuition behind using UDC to subdivide image-label pairs into three types of labels is based on prob-
ability theory. A correct label can be thought of as a positively weighted coin ( p ! 0.5 ), where p is the probability 
of being correctly predicted by a certain model. In contrast, an incorrect label can be thought of as a negatively 
weighted coin ( p ! 0.5)—very likely to be incorrectly predicted. A noisy label can be thought of as a fair coin 
( p ! 0.5)—equally likely to be correctly or incorrectly predicted. To illustrate how this intuition applies to UDC, 
we consider a hypothetical dataset of N image-label pairs. Algorithm'1 is applied to this dataset to produce a num-
ber of successful predictions ( sj ) for each image j. A histogram of sj values (with increasing s on the x-axis) then 
shows how correct, incorrect, and noisy labels tend to cluster at high, low, and medium values of s, respectively.

Synthetic errors (incorrect labels) were added to the training dataset of 24,916 images, which is split 80/20 
into training and validation sets with the following parameters used for each study t, where n(t) =

!

n
(t)
cat ,n

(t)
dog

"

 , 
where 0 ! n(%) ! 100 , contains the fractional level of incorrect labels for cat and dog classes (see Table'4), 
respectively, and where RN stands for  ResNet23, and DN stands for  DenseNet24.

Synthetic errors (incorrect labels) were added to the training dataset of 18,991 images, which is split 80/20 
( k = 5 ) into training and validation sets and where for each study t, n(t) =

!

n
(t)
A ,n

(t)
B ,n

(t)
M ,n

(t)
T

"

 represents 
fractional levels of incorrect labels for airplane (A), boat (B), motorcycle (M), and truck (T) classes (see Table'5), 
respectively, where 0 ! n(%) ! 100 , and where R stands for  ResNet23, and D stands for  DenseNet24. Note, in 
Table'5, the fractional level of incorrect labels was kept constant across classes in each study, so only one value 
is shown.

Reader consensus between radiologists for correct vs. noisy labels. Images identi!ed by UDC to 
have noisy labels are suspected to have inconsistencies rendering their annotation (or labeling) more di$cult. 
As such, we expect the reader consensus of Pneumonia/Normal assessments between di%erent radiologists to 
be lower for images with noisy labels than for those with correct labels that are easily identi!ed by the AI model 
and for which we expect a relatively high reader consensus between radiologists. #e following two hypotheses 
are formulated and can be directly tested using the (Cohen’s) kappa test:

• H
(1)
0  : #e level of agreement between radiologists for noisy labels is di%erent from random chance.

• H(1)
a  : #e level of agreement between radiologists for noisy labels is no di%erent from random chance.

• H
(2)
0  : #e level of agreement between radiologists for correct labels is no greater than random chance.

• H(2)
a  : #e level of agreement between radiologists for correct labels is greater than random chance.

We prepare an experimental dataset by splitting the data into correct and noisy labels as follows, where the two 
subsets are used in a clinical study to test the above hypotheses and validate UDC: 

1. A dataset D with 200 elements zj =
!

xj , ŷj
"

 has images xj and (noisy) annotated labels ŷj . #is dataset is split 
into two equal subsets of 100 images each: 

(a) Dclean—labels identi!ed as correct by UDC, with the following breakdown: 

 i. 48 Normal
 ii. 52 Pneumonia (39 Bacterial / 13 Viral)

Table 4.  Parameters used to test untrainable data cleansing (algorithm'1) on cats and dogs dataset. ‘RN’ stands 
for  ResNet23 and ‘DN’ stands for  DenseNet24 neural network architectures, respectively.

k n M(1) M(2) M(3)
n
(1)

n
(2)

n
(3)

n
(4)

n
(5)

5 3 DN-121 RN-50 RN-18 (35,5) (50,5) (30,30) (70,70) (50,50)

Table 5.  Parameters used to test untrainable data cleansing (algorithm'1) for a multi-classi!cation problem.

k n M(1) M(2) M(3) M(4)
n
(0)

n
(1)

n
(2)

n
(3)

n
(4)

n
(5)

n
(6)

n
(7)

n
(8)

n
(9)

5 4 D-121 R-101 R-50 R-18 0 10 20 30 40 50 60 70 80 90
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(b) Dnoisy—labels identi!ed as noisy by UDC, with the following breakdown: 

 i. 51 Normal
 ii. 49 Pneumonia (14 Bacterial / 35 Viral)

2. #e dataset D is randomized to create a new dataset D̂ for an expert radiologist to label, and to indicate 
con!dence or certainty in those labels (Low, Medium, High). #is randomization is to address fatigue bias 
and any bias related to the ordering of the images.

3. #e reader consensus between the expert radiologist and the original labels is calculated using Cohen’s kappa 
test26 and is compared between datasets Dclean vs. Dnoisy.

Figure'1 provides visual evidence showing that both null hypotheses, H(1)
0  and H(2)

0  , are rejected with very high 
con!dence ( > 99.9% ) and e%ect size ( > 0.85 ). #erefore, both alternate hypotheses are accepted: H(1)

a  , stating 
that labels identi!ed as noisy have levels of agreement no di%erent from random chance, and H(2)

a  , stating that 
labels identi!ed by UDC as correct have levels of agreement greater than random chance.
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must be driven by global collaboration



The future of the AI-enabled digital lab 
must be driven by global collaboration

Dr Michelle Perugini

A Product by



➢ It is the key to technology transformation within the lab

➢ It will drive integration and automation of lab equipment

➢ It will deliver improved patient outcomes through standardisation and good quality control

➢ It will deliver efficiencies to allow clinics to service more patients

➢ It will feed new age technologies like Artificial Intelligence (AI) to enable scale and impact across 
the fertility sector

➢ It will enable IVF labs of any size to access cutting edge technology on demand through the cloud       
without large capital costs

Connected Data will Drive the Digital IVF Lab



Scalable and reliable AI need Globally Diverse Data

Train AI on medical data that represent different patient demographics and clinical settings



Connected globally diverse data can produce 
the world’s most powerful AI that is 

unbiased, scalable, accessible and affordable



Collaboration enables globally connected data

➢ For AI connected data is key as it impacts the scalability of technology across the sector, and 
brings global intelligence to individual labs of any size.

➢ Developing AI at a single institute level is not scalable, or commercially or technically viable - it 
is expensive and biased!

➢ The AI algorithm is only a small part of the upfront and ongoing costs of operationalizing the AI 
and supporting its use in IVF labs. 

➢ Development of scalable AI means it can be delivered at low cost and on-demand making it 
affordable and accessible to IVF labs/clinics of any size and to patients globally out of the box.



There are significant challenges in connecting global 
medical data

Data Privacy Laws
Unable to move and centralize global data outside the 
country of origin for AI training

Data Quality
Clinical data is inherently poor quality, and only 1% poor 
quality data impacts AI scalability & accuracy



How do we overcome these challenges?

Global Cloud Platform
To collaborate with clinics and allow them to contribute 
their data (locally) which is distributed all over the world

Royalty-Based Incentive Model
Incentivize clinics globally to contribute data, expertise 
and clinical support

Federated Learning
Unique algorithm that allows the AI to train on data 
distributed globally without having to move or see the 
data, whilst improving accuracy (patent)

Automated Data Cleaning
Unique algorithm to automatically detect and remove 
poor quality medical data, even data that cannot be 
reliably detected by experts (patent)
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We build AI with and for clinics globally

Clinical Delivery System

Clinical Data Portal

Federated AI Training Platform

Step 1. Collect

Step 2. Build

Step 3. Deliver



AI is impacting 
the IVF sector

➢ Embryo selection
➢Life Whisperer on-demand AI to predict implantation
➢Time-lapse AI algorithms

➢ Oocyte and sperm assessment

➢ PGT-A – AI assessment

➢ Non-invasive embryo genetic assessment 

➢ Stimulation protocol optimization

➢ Facial recognition for donor selection

Connected AI across 
multiple touchpoints of 

the IVF process



Life Whisperer demonstrates the power of scalable AI

Viability Genetics



Call out for global clinical collaborators for new AI projects

Oocyte Sperm Endometriosis PCOS

Email: Michelle@LifeWhisperer.com



ADELAIDE  |  SAN FRANCISCO |  LONDON
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Identifying inherent poor quality embryo 
data using Artificial Intelligence to improve 
AI performance and clinical reporting



revealed an OR 2,402 (CI95% 1,161-4,970) (p¼0.003) comparing Xtend 1 vs
5.

CONCLUSIONS: There is a direct correlation between Xtend categories,
percentage of viable embryos, blastocyst rate and blastocysts available for bi-
opsy. Moreover, the best Xtend categories corresponded to the embryos with
better morphology. Regarding the implantation rate, we observed significant
differences between categories. Retrospective nature of this study may be a
reason for caution; nevertheless, it is the largest sample size reported with
this test, based in blastocyst transfer with>90% of single-embryo-transfer.
Additionally a multivariable-analysis confirmed the magnitude of the results.
It confirms that morphology and automatic time-lapse classifications can be
used together to increase success rate in the laboratory.

SUPPORT: This work was supported by: The Ministery of Science and
Universities CDTI (IDI-20191102) awarded to M.M
P-100 4:30 PM Saturday, October 17, 2020
IDENTIFYING INHERENT POOR QUALITY EMBRYO
DATA USING ARTIFICIAL INTELLIGENCE TO
IMPROVE AI PERFORMANCE AND CLINICAL
REPORTING. Milad A. Dakka, PhD,1
Matthew David VerMilyea, PhD,2 Tuc Van Nguyen, PhD,1 Don Perugini,
PhD,1 Sonya M. Diakiw, PhD,1 Kaylen Silverberg, MD,3

Jonathan MM. Hall, PhD,4 Michelle Perugini, PhD1 1Presagen and Life
Whisperer, Adelaide, SA, Australia; 2Ovation Fertility, San Antonio, TX;
3Texas Fertility Center, Austin, TX; 4Australian Research Council Centre
of Excellence for Nanoscale Biophotonics, Adelaide, SA, Australia.

OBJECTIVE: Analysis of clinical data suggests inherent errors in the clas-
sification of Day 5 blastocyst images, where viable embryos are wrongly
classified non-viable based on a negative pregnancy outcome. A novel AI
technique (UDC) was used to identify and remove mis-classified data to
obtain a cleaned dataset which improves AI performance and reduces
misleading reporting of AI accuracy.

DESIGN: Retrospective analysis in private reproductive technology pro-
grams.

MATERIALSANDMETHODS:We assessed�5,500 static 2D images of
Day 5 blastocysts with known clinical pregnancy outcomes. Clinical analysis
considered patients under 35 years because they are likely to contain more
mis-classified non-viable embryos with patient factors preventing a preg-
nancy. A novel AI technique (UDC) which identifies incorrectly classified
(labeled) data, was used to identify viable embryos incorrectly classified as
non-viable. We compared the performance of AI trained using the original
embryo dataset and a new cleaned dataset, by assessing accuracy on both
an uncleaned and cleaned blind test dataset.

RESULTS: Patients<35 that did not achieve a pregnancy had a higher rate
(63.6%) of patient factors (e.g. endometriosis) compared with patients R35
(49.1%). For patients <35, 49.2% of embryos transferred did not lead to a
pregnancy, despite only 17% of these being deemed non-viable by traditional
morphological grading. This indicates that there are many examples of em-
bryos deemed non-viable that are likely viable, but did not result in a preg-
nancy. These mis-classified cases are deemed poor quality data.

Applying the UDC to the images identified a significant proportion of em-
bryos suspected to be viable but labeled as non-viable.We removedmis-clas-
sified nonviable data to create a clean AI training dataset, and a clean test
dataset which is used to report the performance of the AI.

Cleaning the training data improved overall AI performance from 59.7%
to 61.1%, as measured on an unclean test dataset. There was a large accuracy
increase in the (correct) viable class from 76.8% to 80.6%, and a drop in the
(misclassified) non-viable class from 37.3% to 35.4%.

Whenmeasuring the AI performance of the samemodel on the cleaned test
dataset with mis-classified data removed, we found that the original AI accu-
racy was under-reported, and the true performance overall was 77.1%. For
the non-viable class of embryos the under-reported accuracy was even
more pronounced, consistent with a larger amount of poor quality data in
this class, and the true performance was actually 58.8%.

CONCLUSIONS: These data suggest that in the class of embryos deemed
non-viable due to a negative pregnancy outcome, there are many embryos
that are viable and just wrongly classified. The UDC is a unique technique
that is effective at identifying these mis-classified cases, which when
removed from the AI training datasets results in improved AI performance
and enables the true reporting of AI performance. This also calls into ques-
tion whether it is even possible to achieve the high accuracy (above 90%) re-
ported by others in the literature when embryo viability data is inherently
poor quality.
e148 ASRM Abstracts
References: 1. Natarajan, N., Dhillon, I. S., Ravikumar, P. K. & Tewari, A.
Learning with Noisy Labels. in Advances in Neural Information Processing
Systems 26 (eds. Burges, C. J. C., Bottou, L., Welling, M., Ghahramani, Z. &
Weinberger, K. Q.) 1196–1204 (Curran Associates, Inc., 2013).
2. Xiao, T., Xia, T., Yang, Y., Huang, C. & Wang, X. Learning from

massive noisy labeled data for image classification. in Proceedings of the
IEEE conference on computer vision and pattern recognition 2691–2699
(2015).
3. Tran, D., Cooke, S., Illingworth, P. & Gardner, D. Deep learning as a

predictive tool for fetal heart pregnancy following time-lapse incubation
and blastocyst transfer. Human Reproduction 34, 1011–1018 (2019).
4. VerMilyea, M., Hall, J. M. M., Diakiw, S. M., Johnston, A., Nguyen, T.,

Perugini, D., Miller, A., Picou, A., Murphy, A. P., Perugini, M. Development
of an artificial intelligence-based assessment model for prediction of embryo
viability using static images captured by optical light microscopy during IVF.
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A STRATEGY TO VALIDATE THE INTRODUCTION
OF TIME-LAPSE INCUBATOR IN THE
LABORATORY. Ricardo Azambuja, DVM, PhD,
Bibiana Cunegatto, Msc, Marta Ribeiro Hentschke, MD,

PhD, Alice Tagliani Ribeiro, Msc, Fabiana Mariani Wingert, DVM,
Vict�oria Campos Dornelles, MD, Vanessa Devens Trindade, MD, Msc,
Alvaro Petracco, MD, PhD, Mariangela Badalotti, MD, PhD Fertilitat-Cen-
tro de Medicina Reprodutiva, PORTO ALEGRE, Brazil.

OBJECTIVE: To present a strategy to validate the introduction of time-
lapse technology in the laboratory for clinical use.
DESIGN: Retrospective case-control study performed at an assisted repro-

duction clinic in southern Brazil.
MATERIALS ANDMETHODS: The data refers to a period from January

to February 2020 and was collected from electronic records. Inclusion
criteria: patients undergoing in vitro fertilization (IVF), with at least two
fertilized oocytes. A total of 39 patients were included in the analysis. Em-
bryos from the same patient were then divided into two groups: Group 1, em-
bryos cultured in the Time-lapse technology, and Group 2: embryos cultured
in a conventional incubator. A total of 417 inseminated oocytes (G1¼210;
G2: 207) and 188 blastocysts (G1¼111; G2¼77) were included. Fertilization
rate, embryo development and blastocyst ratewere analyzed between groups.
Mann–Whitney U-test test was applied. Variables was expressed in median
[25th-75th], and statistical significance was defined as p<0.05.
RESULTS: The mean maternal age was 34.6 � 4.4. When compared

Group 1 with Group 2 the following results were observed: inseminated oo-
cytes (5 [4-6] vs. 5 [4-7], p¼0.800); fertilized oocytes (5 [3-6] vs. 4 [3-5],
p¼0.334); fertilized oocytes rate (fertilized/inseminated) (83.3% [71.4-
100.0] vs 83.3 % [66.7-100], p¼0.657); D3 embryos with more than 6 cells
(4 [2-5] vs. 2 [1-5] (p¼0.028); number of blastocysts (D5 plus D6) (3 [1-4] vs.
1.5 [1-3], p¼0.039) and blastocysts rate (60.0% [33.3-75.0] vs 45% [18,6-
61.7], p¼0.038).
CONCLUSIONS: In this study, data from 39 patients and 188 blastocysts

was sufficient for demonstrating statistical difference regarding to embryo
development in different incubators. Hence, the applied methodology in
this study may be a strategy to validate the introduction of time-lapse tech-
nology in the laboratory for clinical use.
POSTER SESSION: ART PROCEDURES AND TECHNIQUES
P-102 4:30 PM Saturday, October 17, 2020
GERMLINE TRANSMISSION OF DONOR MTDNA IN
TRANS-MITOCHONDRIAL MONKEYS. Crystal Van
Dyken, BS,1 Hong Ma, PhD,1 Hayley Darby, MS,1

Aleksei Mikhalchenko, PhD,1 Nuria Marti-Gutierrez, PhD,1
Amy Koski, BS,2 Ying Li, MS,1 Dan Liang, PhD,1 Rebecca Tippner-Hed-
ges, MS,1 Travis Hodge, HT,3 Heather M. Sidener, DVM, DACLAM,3

Cathy Ramsey, BS,3 Paula Amato, MD,1 Shoukhrat Mitalipov, PhD1 1Ore-
gon Health & Science University, Portland, OR; 25204 SE 36th PL, Portland,
OR; 3Oregon Health & Science University, Beaverton, OR.

OBJECTIVE: To examine efficacy and long-term safety of mitochondrial
replacement therapy (MRT) in rhesus macaques.
Vol. 114, No. 3, Supplement, September 2020

http://crossmark.crossref.org/dialog/?doi=10.1016/j.fertnstert.2020.08.430&domain=pdf


A novel decentralized federated learning 
approach to train on globally distributed, 
poor quality, and protected private 
medical data



1

Vol.:(0123456789)

Scientific Reports |         (2022) 12:8888  | https://doi.org/10.1038/s41598-022-12833-x

www.nature.com/scientificreports

A novel decentralized federated 
learning approach to train 
on globally distributed, poor 
quality, and protected private 
medical data
T. V. Nguyen1,2*, M. A. Dakka1,3, S. M. Diakiw1, M. D. VerMilyea4,5, M. Perugini1,6, 
J. M. M. Hall1,7,8,9 & D. Perugini1,9

Training on multiple diverse data sources is critical to ensure unbiased and generalizable AI. In 
healthcare, data privacy laws prohibit data from being moved outside the country of origin, 
preventing global medical datasets being centralized for AI training. Data-centric, cross-silo 
federated learning represents a pathway forward for training on distributed medical datasets. 
Existing approaches typically require updates to a training model to be transferred to a central server, 
potentially breaching data privacy laws unless the updates are sufficiently disguised or abstracted to 
prevent reconstruction of the dataset. Here we present a completely decentralized federated learning 
approach, using knowledge distillation, ensuring data privacy and protection. Each node operates 
independently without needing to access external data. AI accuracy using this approach is found to be 
comparable to centralized training, and when nodes comprise poor-quality data, which is common in 
healthcare, AI accuracy can exceed the performance of traditional centralized training.

Bias in AI, and its subsequent limitations of scalability, are starting to emerge as common themes in the AI 
healthcare sector. It has been recently proposed that these limitations are a consequence of training on ‘narrow’ 
datasets that do not represent real-world clinical or patient  diversity1,2. Data diversity, and using data from mul-
tiple sources, have demonstrated greater potential to train AI that is more accurate and generalizable compared 
with AI trained on a larger (less diverse) dataset from a single  source3–8.

In healthcare, access to these diverse datasets can be challenging. Not only are medical data distributed across 
many institutions globally, but centralized aggregation of data for AI training is increasingly restricted due to 
legal and regulatory barriers that prevent movement of data outside of the region of origin, in order to protect 
data  privacy9,10.

Data quality can also pose a challenge if there is no way to assess quality of individual datasets that are distrib-
uted. For many real-world problems, data can be inherently poor-quality due to uncertainty, subjectivity, errors, 
or subjected to adversarial  attack11–13. This problem is exaggerated when private data at each locality cannot be 
manually seen or verified. Therefore, minimizing the negative impact of poor-quality data on AI performance 
is paramount, and the ability of any approach to handle realistic levels of data noise will represent a core part 
of its scalability.

This study assesses the efficacy of the decentralized AI training approach, firstly on a non-medical dataset with 
synthetic data noise, and secondly on a medical dataset, to measure generalizability across multiple locations. 
We also employ methods for optimizing topologies of a Pattern-based framework that allows a trade-off between 
accuracy and cost to be specified. Importantly, we show that the accuracy of AI resulting from our approach is 
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comparable to a scenario where all data are centralized. Furthermore, when nodes contain poor-quality data, 
which is common in real-world scenarios, the accuracy of the AI can exceed traditional centralized training. We 
conclude that decentralized AI training can be made both practical and scalable to within a desired tolerance of 
generalizability, all whilst protecting data privacy.

This article is organized as follows. After summarizing related works in “Related works”. below, the Results 
are presented in second section. The experiments are divided into those that consider a non-medical dataset 
(“Non-medical dataset”), including scenarios labeled i. through iv., and those that consider a medical dataset 
(“Medical dataset”). The “Discussion” is presented in third section. Lastly, the “Methods” are described in fourth 
section, including the experiment design, training procedure, and the composition of the non-medical and medi-
cal datasets as “Experiment design and training procedure”, “Non-medical dataset composition”  and Medical 
dataset composition, respectively.

Related works. One recent development that addresses the challenges associated with training AI using 
distributed and private datasets is federated  learning14,15. Federated learning encompasses any machine learn-
ing approach where clients (such as devices or data centers) with access to their own local datasets collaborate 
to solve a problem without exchanging the data in raw format, coordinated by a central  service16. The field of 
federated learning has rapidly expanded into the area of  healthcare17–21, in medical applications in  particular22–25 
bringing a wide range of methods for AI training across distributed devices or data silos (horizontal or sample-
based federated learning), data centers within an organization with potentially overlapping records (vertical or 
feature-based federated learning)26, and datasets that are not ‘independent and identically distributed’ (IID)27,28.

Some federated learning techniques need heavy encryption to allow aspects of potentially sensitive training 
parameters to be shared to a central server for  training17,29–31, which can be computationally expensive, placing 
constraints on the practicality and scalability of the technique. In applications such as healthcare, private medi-
cal data cannot be legally shared at all, and a completely decentralized and data privacy preserving approach is 
 required16,28. Additionally, federated learning typically relies on batch-by-batch updates to a model from clients, 
which can be difficult to scale to a high number of data centers due to the high network costs, even when relying 
on Pattern-based transfer reduction frameworks, such as Ring  Reduce32 or Ring  Allreduce33.

The objective of this study was to create a completely decentralized, data-centric, cross-silo AI training algo-
rithm that does not require batch-by-batch updates to a model on a central server, and can achieve high accuracy 
for low network costs, even on non-IID datasets. In this paper we unveil a novel, data agnostic implementation 
of a robust Decentralized AI Training Algorithm (DAITA)). We combine several techniques such as federated 
 learning15, knowledge  distillation34, and a scalable Pattern-based or Directed Acyclic Graph (DAG) framework. 
Our algorithm implements a cost-effective simplification of full distributed training, checks for security viola-
tions, and uses weight averaging to prevent reconstruction of any data.

Results
First, we considered a non-medical, cat and dog image  dataset35, where ground-truth outcomes were definitively 
known, and synthetic noisy data were injected into the dataset to simulate real-world unbalanced distributions 
of data and poor-quality data scenarios. Different node and cluster configurations were implemented. Given 
the best experimental setting for this non-medical dataset, the technique was then applied to an embryo dataset 
obtained from multiple IVF clinics to test the performance in a real-world scenario.

Non-medical dataset. The source and composition of the non-medical dataset is described in “Training 
procedure” in the “Methods” section. The configuration of distributed nodes (data sources) and clusters (groups 
of nodes) used in the experiments are shown in Fig. 1. Below the key results of three decentralized training 
scenarios are summarized.

Experiments comparing cleansed and noisy datasets. In these experiments, a 5-node, 1-cluster setting as illus-
trated in Fig. 1a was used together with its “Training procedure” described in the “Methods” section. A model 
M

1 was trained using a transfer dataset via distillation and using the plurality of all trained Generalists as its 
teacher models. The final model and weights were obtained based on the epoch reporting the highest balanced 
accuracy on the validation set.

A second model M2 was created by the ensemble of all trained Generalist models without the use of knowl-
edge distillation. This process can occur on a separate server where there is no restriction in downloading the 
transfer dataset to the local machine. These two models’ results are compared with the baseline results, which 
represent traditional training on all the data centralized on one node.

Results shown in Table 1 confirm the decentralized training algorithm performs well compared with the cen-
tralized baseline results. When using a cleansed dataset, there was minimal difference reported in the accuracy 
between decentralized training ( M1 and M2 ) and the centralized baseline results.

When using a noisy dataset, Table 1 shows that the decentralized training algorithm ( M1 ) performs better 
(+ 2.7% accuracy) than the centralized baseline. The experiment was repeated multiple times using different 
dataset configurations, and similar improved accuracy was achieved using decentralized training. This result was 
unexpected and significant in demonstrating the utility of the DAITA for data privacy, performance (accuracy 
and generalizability), and ability to robustly train in the presence of noisy (poor-quality) data. Noisy data are 
likely to occur in most real-world situations, particularly in a decentralized situation where there are multiple 
data owners and limited data transparency. Nevertheless, all the local Specialist models showed reduced gener-
alizability compared with the Baseline model since they have access to much smaller sets of training data than 
the baseline training set.
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Table 1 also shows that the model trained without using knowledge distillation ( M2 ) performed worse (− 1.5% 
accuracy) than the baseline because the ensemble of individual Generalists emerges locally at each node. There-
fore, this extra step of creating an ensemble will be disregarded while the use of knowledge distillation will be 
emphasized for now, to simplify the experimental design, while more options of a transfer set were examined.

Since the experimental results for the cleansed training set is similar to the baseline results and close to the 
maximum 100% accuracy, in the following sections, all experiments were conducted only on the noisy training-
validation datasets, with a lower 75% baseline accuracy, to better assess variations between different decentral-
ized training approaches. While the total accuracy and balanced accuracy are similar in value, as shown in the 
bottom half of Table 1, the final model trained on the transfer set shows its superiority to the baseline results 
when knowledge distillation is used (the class 1 accuracies exceed those of class 0 due to the unbalanced class 
distribution and the uneven amount of noise synthetized to each class).

Experiments comparing choices of transfer dataset. The algorithm in “Experiments comparing cleansed and 
noisy datasets” requires a separate transfer set, however in practice, a separate transfer set might not be available. 
In that case, the existing data at each node can play a role as the transfer set. In this section, we empirically inves-
tigate various options for the choice of transfer set. Figure 2 compares the results of the following experiments:

(1) Dc-i: after proceeding through the training on 5 nodes’ data using the DAG topology shown in Fig. 1a, and 
using multiple Teacher knowledge distillation, M1 is ultimately trained at its final step with a single node’s 
data (i-th node’s data), as the transfer set for M1.

(2) Dc-m1: Represents the optimistic scenario where all the nodes’ data can be gathered collectively and Dc-m1 
is the result when M1 is trained on this collective transfer set.

(3) Dc-m2: Represents the realistic data privacy preserving scenario, where multiple transfer sets are utilized. 
M

1 will travel to each node and, in turn, take each node’s data as its transfer set. The final model is trained 
on the local data (seen as a local transfer set) and consulting the knowledge from the plurality of trained 
Generalist models. Since the process requires extensive data transfer, the final model and all trained Stu-
dents are transferred to each node for only one round (see Fig. 1a).

Figure 1.  Illustrations of 5-node (a), 15-node (b) with single cluster scenarios, and 5-node each in 3-cluster 
scenario (c).

Table 1.  Model result comparison using 5 evaluation metrics: mean accuracy, class 0 (cat) accuracy, class 1 
(dog) accuracy, balanced accuracy, and log loss.

Models Total accuracy Class 0 (Cat) Class 1 (Dog) Balanced accuracy Log loss

Cleansed data

Baseline 98.44 98.62 98.26 98.44 0.061

M
1 98.42 98.49 98.35 98.42 0.045

M
2 98.62 98.13 99.11 98.62 0.038

Noisy data

Baseline 75.31 57.34 93.32 75.33 1.235

M
1 78.00 57.68 98.35 78.01 0.421

M
2 73.78 48.49 99.11 73.80 0.598



4

Vol:.(1234567890)

Scientific Reports |         (2022) 12:8888  | https://doi.org/10.1038/s41598-022-12833-x

www.nature.com/scientificreports/

Note that the intention of Fig. 2 is specifically to compare the performance in a given decentralized scenario, 
for different choices of transfer set. Note that a shared validation set was used for all decentralized models, and 
this set was identical to that used in the baseline training. The validation set was placed on a single node where 
all the decentralized models could eventually be moved in order to report on the validation set.

In experiments Dc-1–4, the transfer set was chosen to be a dataset on one of the nodes only. This is compared 
to a scenario in experiment Dc-m1 where a theoretical transfer set consists of all centralized data. In contrast, a 
privacy-preserving decentralized approach is conducted in experiment Dc-m2, where each final model at each 
node is sent to every other node, to be distilled on each node’s data as a transfer set, thus using combined data 
as a transfer set without transferring the private data from any node.

Figure 2 demonstrates that the performance of almost all the decentralized AI models outperform the base-
line result. Even if the transfer set is as small as a single node’s data, the results of experiments Dc-1 to Dc-4 are 
still similar to the baseline result. In terms of using multiple transfer sets, both experiments Dc-m1 and Dc-m2 
show a significant improvement in accuracy (by 9% and 11%, respectively) compared with the baseline results. 
This suggests that a combination strategy would be beneficial for the transfer set. In fact, the model created for 
experiment Dc-m2 exceeds the performance of the model for Dc-m1, where data are centralized. This is due to 
Dc-m2 having: (a) an order of traversal through the nodes (a Pattern-based DAG approach); and (b) a new hyper-
parameter corresponding to total number of epochs on each node, which can be tuned to achieve optimal results.

Since experiment Dc-m2 empirically was considered to be the most robust and feasible methodology of using 
data as the transfer set, it was used in the following experiments.

Experiments comparing scalability using clustering and varying epochs at each node. To test the scalability of the 
DAITA, a 15-node scenario was explored. Two types of DAG topologies are considered, namely 1-cluster (refer 
Fig. 1b) and 3-cluster (refer Fig. 1c) with even node distributions. The decentralized models will be trained using 
these two clustering arrangements.

We specifically tested the influence of the number of epochs at each node on the decentralized AI model 
performance. For each topology, the final decentralized models were trained using 3 to 20 epochs, and the cor-
responding accuracy results are denoted as Dc-i e where i ∈ {3, 5, 8, 10, 15, 20} . For instance, Dc-3e denotes the 
approach where the final decentralized model is sent around to each node once and then trained locally with 3 
epochs. All results reported are on the test set. The term “Best on Validation” in Fig. 3 is used to denote results 
of models that were selected based on the best balanced accuracy on the validation set. The term “Best on Test” 
is used to denote results that are selected on the best balanced accuracy on the test set. The “Best on Test” results 
are reported purely for the assessment purpose of the model’s best predictive capability.

Node clustering, otherwise described as the 3-cluster scenario, was used to improve the scalability of the 
decentralized AI technique. The decentralized AI training was carried out within each individual cluster of 
nodes concurrently, then further training occurred between clusters, in a hierarchical way, where each cluster 
represents a single node. This approach defines the DAG, improves load-balancing, reduces the number of trained 
Generalist models that need to be transferred between nodes, and hence improves data transfer efficiency and 
cost, and overall training time.

Figure 2.  Comparison of decentralized model results for different transfer set scenarios. Baseline indicates 
an experiment where all data are centralized, and training occurs on this central node. Dc-1 to Dc-4 refer to 
experiments where individual nodes (1–4) are chosen as the only transfer set. Dc-m1 indicates a scenario where 
decentralized training occurs, but the transfer set is the theoretical centralized set of all data. Dc-m2 indicates 
a scenario where decentralized training is followed by a final process whereby all final models are distilled 
together at each node in term, with one full traversal of all nodes.
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Experiments comparing data transfer efficiency. The poor performance from node clustering is primarily due to 
cluster-wide Generalist models only visiting each nodes’ data once within a given cluster as can be seen in Fig. 3 
for 3-cluster scenario. Even though the final decentralized model Mc has access to all data across all clusters, a 
single visit to each node is not sufficient to appropriately train Mc . The node’s data size is important; however, 
the results shown in Fig. 3 indicate that clustering configuration is a significant factor contributing to the drop 
in accuracy. Since the clustering is necessary to ensure scalability in a real-world situation, a larger number of 
clusters may further reduce the accuracy of Mc . The following experiments will confirm that when Mc travels 
to each node within clusters more than once, its accuracy and generalization can increase to a level comparable 
with the baseline results.

Results in Table 2 show that when Mc visits each node at least three times, the final model accuracy improves. 
Importantly, Mc ’s accuracy can exceed the baseline accuracy results by approximate 3% on average. The scenarios 
in Table 2 are denoted Dc-1e-5t and Dc-2e-5t, which represents Mc visiting each node 5 times and the number 
of epochs at each node being 1 or 2, respectively. Another observation that is not shown in Fig. 3 but can be seen 
here is that the per-class “Best on Validation” accuracies of the decentralized AI models are much more balanced 
than the baseline results, accounting for at least 14% improvement in accuracy for Class 0. The decentralized 
training technique and the knowledge-based distillation integration has shown to some extent, an ability to 
accommodate the unbalanced class distribution in this case.

There exists a trade-off between network transfer cost and the final AI model’s accuracy. Empirically, the 
final model exhibits higher performance when it is given a sufficient number of training epochs to learn from 
data at each node. As a result, a Pattern-based DAG approach with a tunable number of epochs before transfer 
of the Generalist model to another node effectively abstracts the problem of optimizing network transfer costs 
against accuracy to a hyperparameter search, thus allowing for specifying a desired threshold of accuracy for a 
given problem, whilst retaining scalability.

Consider a worked example where there are 5 nodes arranged in a ring for our decentralized training 
approach, as per Fig. 1a, resulting in a model Mc . As a comparison, consider a 4-worker and 1-master cli-
ent–server architecture for traditional distributed training, resulting in a model Md . Assume each model is 
trained for 100 epochs with batch size 16 on the dataset of 4,500 images.

Using our decentralized approach, let us propose that Mc will be trained with 5 nodes’ data of even size 
(900 images), using 5 Teacher models and knowledge distillation. While training, Mc is assumed to move to 

Figure 3.  Comparison of 15-node decentralized experiments where the number of node-level epochs for each 
node are altered and compared. For all node-level training of k epochs before transferring to neighboring nodes, 
the experiment is denoted Dc-ke. A clustering scenario where 15-nodes are split into 3 clusters of 5 nodes each, 
are compared to the results from a full ring of 15 nodes.

Table 2.  Trade-off between data transfer and model accuracy.

Exp-id Description Total Acc Class 0 Class 1 Balanced Acc

Best on validation

Baseline 75.31 57.34 93.32 75.33

Dc-1e-5t 1 epoch at each node 76.98 75.01 78.95 76.98

Dc-2e-5t 2 epochs at each node 79.91 71.01 88.83 79.92

Best on test

Baseline 83.27 71.06 95.5 83.28

Dc-1e-5t 1 epoch at each node 85.04 73.5 96.61 85.06

Dc-2e-5t 2 epochs at each node 87.75 90.14 85.36 87.75
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each node, along with the 5 Teacher models, and is trained for 2 epochs using local data before being moved 
to the next node. Since each model needs to be transferred to the node’s local storage, a model weight transfer 
operation needs to be performed each time. If the model Mc traverses the entire 5-node topology for 10 rounds, 
each Teacher model on each node trains for 2 epochs * 5 nodes (each Teacher model trains on each node) * 
10 rounds = 100 total epochs. This requires 5 nodes * 10 rounds * (5 Teacher models + 1 final Mc model) = 300 
model weight transfer operations.

In the case of full distributed training, assume  Md trains on 1,125 images allocated at each of the 4 worker 
nodes, where the master node has no data, and acts as an orchestrator. For a distributed training run, an epoch 
would contain 1125/16 ≈ 70.3 batches of size 16. The number of model’s weight transferred for a single batch 
is 4 workers * 2 times (back and forth) = 8 per-batch transfer operations between 4 workers and the 1 master 
node. If it is assumed that Md is trained with 100 epochs, the total number of times the network’s weight being 
transferred would be 70.3 batches * 8 per-batch transfer operations * 100 epochs = 56,240 model weight transfer 
operations. Hence, by using the decentralized training, while the accuracy is maintained at a comparable level, 
the average number of transfers reduces by 187.5 times which is a reduction from 56,000 down to 300 transfers. 
The number of data transfer scales linearly with the number of nodes involved. The proposed knowledge-based 
decentralized training algorithm helps optimize the amount of data transfer, and ultimately minimize the data 
transfer costs especially when the decentralized AI training is scaled with many nodes.

Figure 3 (1-cluster) results show that the decentralized models’ accuracy can outperform the baseline, particu-
larly when the final model is trained with 5 or 8 epochs at each node, which accounts for up to 15% improvement 
in accuracy. An interesting observation is when the final model remains at each node for longer (i.e. a greater 
number of epochs), the test set accuracy becomes worse than the baseline accuracy. This is because the decentral-
ized model is prone to overfitting the local node’s data and ‘forgets’ what it learned in previously traversed nodes.

Figure 3 (3-cluster) results show that the decentralized AI models’ accuracy dropped by approximately 10% 
compared with the corresponding decentralized AI model using 1-cluster setting. The final models are also less 
accurate than the baseline results. As with 1-cluster, when the final model is trained with more epochs at each 
node, the test set accuracy worsens, though the expected network transfer costs decrease.

Nonetheless, the poor performance for this configuration is to be expected and effectively measures the extent 
to which clustering of nodes impacts the final decentralized model’s generalizability and performance. In the 
“Methods” section we describe a technique to address poor performance from node clustering, by optimizing 
data transfer costs against model accuracy.

Medical dataset. In considering a medical dataset, we focused on the problem of assessing the viability of 
embryos in the IVF sector, using an existing algorithm called Life Whisperer Viability—a commercial in-market 
ML application for embryo  selection7. A viable embryo is defined as one that leads to a clinical pregnancy for 
the IVF patient once transferred, and a non-viable embryo is considered to be one that does not lead to a clinical 
pregnancy. Images of embryos were collected from multiple clinics. The description of this medical dataset is 
shown in Table 4 and Fig. 6 in the “Methods” section under Medical dataset composition.

Figure 4 presents the workflow or the process of predicting or identifying a given input embryo viable or 
non-viable. The process can be described briefly as follows. There are pre-processing and classifying stages. In 
the pre-processing stage, the trained detection model was utilized to detect the input embryo (a), and the results 
are represented as bounding boxes (b). The images were then cropped before feeding into another segmentation 
model which was trained with embryo image’s mask (c) and ultimately the process produces two more images 
(zona pellucida (Zona)-segmented and intra-zonal cavity (IZC)-segmented images) in addition to the cropped 
(Full) image (d). In the classifying stage, these three types of images were used as input to the classification model 
which is called AI model (i.e., an M model in the decentralized training). This classifier model would play the 
central role in predicting the Viable or Non-Viable outcomes of the input embryo images.

A 5-node 1-cluster configuration was used, where each node contained data from different clinics. A number 
of model training runs were conducted with different options of model architectures, parameters in which the 
3-level loss function’s variables were considered an addition to AI model’s tunable hyper-parameters (see Sup-
plementary Information S1). For the centralized training, the two weighting levels, namely sample and class 
weighting, can be deployed while for the decentralized model, all three-level weighting would be applicable.

Figure 4.  The workflow of predicting/identifying the viability of an embryo image.
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The best AI models were selected based on the best log-loss value on the validation set, which represents a 
key selection metric that indicates generalizability in a more robust manner than balanced accuracy, for medi-
cal datasets.

The results of the cleansed and noisy test sets were then obtained and compared between the baseline central-
ized and decentralized AI ( Mc ) models.

Table 3 presents the per-class and total accuracy of the baseline and decentralized AI models for the embryo 
dataset. Their results are very comparable with slight shifts between the per-class accuracies. Mc gave slightly 
superior results in terms of total accuracy, with approximately 2% greater prediction accuracy for viable embryos 
compared to the baseline’ results.

Figure 5 shows the results of Mc model for individual clinical centers’ data allocated in the cleansed test set 
(on the left) and in the noisy blind test set (on the right). The accuracies fall with a range from 56.67% to 87.77% 
for clinics’ data in the test set and from 52.55% to 70.63% for clinics’ data in the noisy blind test set. One clini-
cal dataset (MISA) that performed the worst on the cleansed dataset is smallest set overall and hence a non-
representative dataset (accounting for 3% of the test set). The accuracies across different clinics are nevertheless 
quite consistent overall.

Discussion
Training generalizable, unbiased AI models using real-world diverse medical datasets that are distributed, private 
and poor-quality poses significant challenges in terms of accuracy, cost and scalability, particularly in highly 
regulated markets like healthcare.

The DAITA implementation incorporates knowledge distillation, enabling scalable model training to be exe-
cuted at a much lower cost compared with distributed training, because it is achievable without the network traffic 
and server costs associated with a batch-by-batch gradient gathering procedure. The DAITA can furthermore be 
organized into a Pattern-based or DAG structure, lending itself to automation and cost/accuracy optimization.

Surprisingly, the final performance of the model, depending on the configuration chosen, can even exceed 
the baseline accuracy associated with training on a centralized dataset in the traditional manner. This accuracy 
uplift provides greater flexibility and choice in transition models from node-to-node, and hyperparameters can 
be tuned so that the decentralized training process can be treated as an optimization problem. In a case study of 
non-medical images, for a binary classification problem with a known level of mislabeling, AI model performance 
was shown to increase up to 11% above the baseline accuracy.

The reported uplift in performance on noisy datasets can be understood as originating in the additional 
stabilizing capability of federated learning methods, such as distillation training across data sub-divided across 
multiple nodes. Each Student model, trained with inputs distilled from multiple Teacher models across each 
node, combines the knowledge from individual biases derived from each node in order to stabilize the model 
training, and thus naturally gains an advantage over simply training a single model on a centralized dataset.

Table 3.  Comparison of model results on a medical (Embryo Viability) dataset.

Models Non-viable Viable Total accuracy

Cleansed data

Baseline 59.92 82.96 76.09

M
c 57.72 84.37 76.41

Noisy data

Baseline 35.97 78.67 60.24

M
c 34.04 80.58 60.50

Figure 5.  The decentralized model’s accuracy performance for individual clinic data in the cleansed test set (left 
graph) and in the noisy blind test set (right graph).
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A medical image dataset, focusing on the binary classification problem of Embryo Viability, was examined. 
A range of separate clinics with different work practices, and different levels of noise and image quality were 
considered, encompassing many of the challenges encountered in a real-world scenario that would ordinarily 
prevent a robust AI model from being obtained. By adopting a DAITA strategy and optimizing for the total 
number of node-level epochs, with a three-level weighting—sample, class, and node-level, up to 2% performance 
increase compared with the centralized baseline was observed.

A comparison with state-of-the-art deep learning results in medical imaging, including prostate MRI 
 segmentation21, and breast  mammography22, shows a consistent trend federated approach can significantly 
improve upon the performance of models trained only at their local node, and report results comparable with 
that of a centralized  dataset39.

Note that, while using a cleansed dataset led to minimal difference in accuracy between decentralized training 
and the baseline, using a noisy dataset led to much larger difference between the two. We found that DAITA, 
when equipped with a novel loss function (see Supplementary Information S1) and multiple Teacher models for 
distillation, results in an uplift in accuracy similar to that of data cleansing  techniques39,40.

A further optimization strategy can also be adopted, where the total number of model transfers per node-
level epoch can be reduced, either by reducing the hyperparameter associated with the number of node-level 
epochs, or by treating the DAG of nodes differently, using clustering, and only transferring representative models 
between the clusters, rather than the nodes. Clustering drastically reduces the total number of model transfers 
required, albeit at the expense of accuracy improvement above the baseline result.

We note that tackling data privacy issues and localized datasets will become increasingly more important, as 
ML techniques expand to increasingly complex real-world datasets in healthcare and other industries that involve 
sensitive data, with the demands that they generalize correctly on diverse datasets with different distributions, 
without violating privacy.

Methods
Experiment design and training procedure. In training on distributed datasets, a strategy must be 
chosen, in how the workload will be divided among the compute nodes. In one method, Data Parallelism, the 
dataset is split into partitions. Between two forms of Data Parallelism, namely Fully Distributed Training and 
‘Pattern’ (or DAG based Training), as described in Supplementary Information S1, we show that the Pattern 
method exhibits superior scalability and cost-effectiveness15–17. Combining the Pattern method with distillation 
can further improve the efficiency of the training algorithm, in a way that allows an ML engineer to optimize a 
solution, either for cost, or accuracy.

In this article, we consider a n-node ring problem, where each of the n nodes individually suffers from a 
small-data problem. We successfully train a high-performing, generalizable model on the n nodes. Further, we 
explore a novel Clustering algorithm, by which model transfer costs (that scale quadratically as the number of 
nodes increases) can be further reduced by limiting the nodes to which Teacher models are transferred, to within 
a Cluster. This alternative topology simplifies the n-node ring into m separate Clusters of rings, where each ring 
can contain a different number of nodes if desired, and where each Cluster is used to produce a representative 
model. From this point on, the Clusters are treated for all intents and purposes as nodes. For example, in the 
case of 15-node ring, with 3 Clusters of 5-nodes each, this limits the total model transfers from 152 = 225 , to 
3× 52 + 32 = 84 transfers per circuit of the nodes. For more information, see Supplementary Information 
online S1.

Decentralized training and knowledge distillation. Distillation is a powerful method that uses a trained Teacher/
Specialist model to guide the training of a Student/Generalist model, without directly requiring expensive model 
weight updates to be transferred across nodes for every  batch34. This is achieved by allowing a Teacher model 
to compute its predicted outputs (probabilities and losses) at the same time as the Student model is training on 
a node, on the node’s own local dataset (called a transfer set), and to contribute to the loss function of the Stu-
dent model as it is training. The Teacher outputs (or soft labels) are compared to the Student model outputs via 
a divergence function such as the Kullback–Leibler (KL)-Divergence36, which compares the relative ‘distance’ 
between the two models’ output distributions and adds to the loss function being used to train, such as the 
standard cross-entropy loss. Multiple Teacher models can be used to assist a Student model at the same time, 
with difference weightings, and they do not have to be the same kind of neural network architecture, making it 
a powerful and general approach. Additional details regarding the specifics of the loss functions used, and pseu-
docode for the training Algorithm, can be found in the Supplementary Information S1.

We therefore are able to cast the problem of decentralized training as simply an optimization problem, where 
we now include additional hyperparameters for Student–Teacher weighting (i.e. the temperature and alpha 
parameter, which controls how much the training is biased toward the Teacher model input versus the Student 
model training)36, and the Pattern/DAG parameters such as the number of epochs for each Student to reside 
before being transferred to another node, and how many ‘rounds’ across all nodes to compute. The performance 
of a final distilled model can be assessed on a given transfer dataset.

As a final step, we consider a final ‘closing’ process that exhibits superior generalizability. After training n 
Student models in parallel across a topology (for n nodes), the final n models are distilled together at each node, 
treating the local dataset of each node as a transfer dataset, for k epochs (at the node level), before transferring all 
n models to a neighboring node, repeating at least one full cycle of the nodes. This final process is more network-
transfer intensive, but essentially treats the entire distributed dataset as a transfer dataset, rather than using a 
single node’s dataset as the transfer dataset, thereby achieving more balanced performance.
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The model architectures used in the experiments presented in this work include  ResNet1837, ResNet50 and 
 DenseNet12138 with the pre-trained model using the ImageNet dataset. The network parameters are selected 
by running multiple runs using the baseline cleansed dataset. The optimal values for hyperparameters such as 
learning rate, regularization methods, weight decay, loss function, or batch size, etc., were identified and then 
used throughout all the experiments for decentralized training.

For each architecture considered above, the network weights in the feature space were obtained from a mode 
pre-trained on ImageNet, with network surgery performed to add a fully-connected layer with a binary output 
(cat/dog, or non-viable/viable, for the non-medical and medical datasets, respectively). A softmax layer is added 
as the final output. Training of the local models was conducting using PyTorch library (version 1.3.1 including 
Torchvision version 0.4.2; Adam Paszke, Sam Gross, Soumith Chintala, and Gregory Chanan; 1601 Willow 
Rd, Menlo Park, CA 94025, USA), with CUDA support (version 9; Nvidia Corporation; 2788 San Tomas Expy, 
Santa Clara, CA 95051, USA), using GPU instances through Amazon Web Services (AWS).

Training procedure. Three different DAG topologies, namely (1) 5-node in 1-cluster, (2) 15-node in 1-cluster 
and (3) 15-node in 3-cluster (5 nodes each) as being described in more details in Supplementary Information 
section S1, were deployed. For non-medical dataset, a separate transfer dataset of 2000 cleansed images with 
equal class sizes, which is different from any training, validation and testing set, is used for decentralized train-
ing procedure. With more nodes involved in topologies (2) and (3), the number of images allocated at each 
node would be smaller (240 images per node in 15-node setting compared with 720 images per node in 5 node 
setting).

Non-medical dataset composition. The dataset used for the following experiments includes images of 
cats and dogs, taken from  ImageNet35, with the intention of using a binary classification problem as a known, 
solvable problem in which to trial the novel Decentralized AI Training technique. 4500 images (2250 cats and 
2250 dogs) were used for training/validation sets while 4501 images (2253 cats and 2248 dogs) were used as 
the test set. The training/validation was shuffled and split 80/20, with 3600 images in the training set and 900 
images in the validation set. The validation set is presumed to be sharable between different nodes or otherwise 
it is assumed to be kept separated from any nodes’ data. These original datasets are considered cleansed since 
there are no images of cats labeled “dog” and vice versa. Without the introduction of noise into the training 
and validation datasets, a trained deep AI model would approach maximum accuracy on the test set. The noisy 
datasets would also help to leverage the problem complexity and to demonstrate the differences between the new 
decentralized training and a more conventional centralized training regime. Different models were tested on 
their ability to handle and overcome some levels of noise. The noisy datasets were created by converting 10% of 
“dog” labels to “cat” labels (class 0), and 50% of “cat” to “dog” labels (class 1). This results in the amount of noise 
appearing in “cat” and “dog” classes, respectively, to be 17% and 36%. The different noise levels for each class 
were intentional, creating an unbalanced class distribution and uneven noise levels between two classes. The test 
set was kept clean in order to reliably compare different AI models’ performance.

In the 5-node in 1-cluster scenario, the training dataset is equally split between each node (720 training 
images per node). The clean data at each node contains 360 of either “cat” or “dog” class. If noise is introduced, 
each node has 216 images of cats and 504 images of dogs. In the 15-node scenario, 240 images are available at 
each node with 72 images labelled as cat and 168 images labelled as dog for the case of noisy data. The number 
of images summed from all nodes remains 3600. The centralized models were trained and validated on the cen-
tralized set of 3600 training images and 900 validation images (clean or noisy) with multiple hyper-parameter 
and model architecture settings. The best model was selected, forming a baseline for later comparison with new 
decentralized model results.

The choice of transfer set was then investigated using a node’s data as a transfer set or by using a combination 
of multiple nodes’ data. The effect of the training duration (number of epochs) of a Student model at each node 
was studied by varying the number of epochs, which allows the determination of practical bounds on the total 
number of (node-level) ‘epochs’ to consider when finalizing the training process across multiple nodes using 
distillation training.

In another scenario, the 15-node was divided into three equal clusters using the clustering method described 
above. The trade-off between data transfer (network) cost, and model accuracy was explored, providing a guide 
as to how to optimize decentralized training for real-world experiments.

Medical dataset composition. Table  4 presents the data allocation to each node from a multi-center 
clinical datasets.

The data sizes vary from 167 to 587 images across different nodes. The total number of images for the training 
set is 2193, in which a validation set was randomly drawn and accounts for 20% of the original training set. If a 
centralized model is deployed, all these per-node data will be placed collectively in a single server regardless of 
the clinic information. The model trained using this centralized dataset, validated on the validation set, will form 
the baseline results which will be used to compare with the decentralized model trained on 5-node clinical data.

The Noisy Blind Test Set contains inherent errors in the Non-Viable class. Embryos labeled as Non-Viable may 
be Viable but extraneous patient factors (e.g. severe endometriosis) result in the patient not becoming pregnant. 
The Noisy Blind Dataset consists of 1198 original images collected from the same clinics allocated to four nodes 
above, namely, FANZ, IRH, OVA and MISA (this is a combination of smaller datasets from two clinics), and 
from 5 other unseen clinics including Alpha Fertility (Alpha), Flinders Fertility Adelaide (Flinders), Institute for 
Reproductive Health (IRH), Oregon Reproductive Medicine (ORM), Safe Fertility and Washington University 
at St Louis (Washington). Therefore, Node3 (REP clinic) contributes only to the training set, and the noisy blind 
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test set contains representatives from 9 clinics total. The clinically realistic (albeit noisy) blind test set allowed 
us to practically assess the AI models’ performance (accuracy and generalizability) within and between clinics.

A clean test set was also created using a novel data cleansing method (UDC)41, from the noisy blind test set. 
The clean test set includes 913 images in which the viable embryos remain almost the same as in the original 
noisy dataset while approximately a half of non-viable embryos were identified as mislabeled and removed. The 
cleansed test dataset provides an unbiased assessment of the AI model’s performance.

Figure 6 presents the clinics’ data sizes in percentages. The circle graph on the left represents the training 
dataset with 5 node allocation, the graphs in the middle and on the right represent the clinic data distributions 
for the cleansed test set and the noisy blind test set, respectively. Generally, the image data provided from various 
clinics differ in image size/resolution, and in camera type and focal setting. The test sets are broader in the num-
ber of participated clinics and contain largely unequal-sized datasets contributed by those clinical centers. This 
diversity would pose significant challenges for a classifier in terms of generalizability across different clinics’ data.

Ethics approval. This study was exempted from ethical review and approval, and from the requirement for 
informed consent due to the retrospective nature of the analyses, and de-identification of all data. Exemption 
was confirmed by Sterling Institutional Review Board (Sterling Independent Services, Inc.) committee ID #6467, 
for protocol ID LW-C-001A. This study was conducted according to the guidelines of the Declaration of Helsinki 
of 1975, as amended.

Data availability
Datasets generated during the current study are available from the corresponding author on reasonable request. 
Non-medical datasets are publicly available. Medical datasets are not publicly available due to data privacy 
restrictions.
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future pregnancy: dynamic viability suggests video has limited 
bene"t over static images for AI assessment
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Study question: Does embryo quality/viability change over time, suggesting 
the use of  video for AI-based embryo quality assessment has limited benefit 
over single point-in-time images?
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Summary answer: AI assessment of  single static embryo images at multiple 
time-points indicates embryo viability is dynamic, and past viability is a limited 
predictor of  future pregnancy.
What is known already: Artificial Intelligence (AI) has been applied to the 
problem of  embryo quality (viability) assessment using either video or single 
static images. However, whether historical data within video provide an additional 
advantage over single static images of  embryos (at the time of  transfer) for 
assessing embryo viability is not known. This applies to both manual and AI-based 
embryo assessment. If  embryo viability changes over time prior to transfer, then 
the implication is that the assessment of  future pregnancy using historical embryo 
data from videos would provide limited additional value over single static images 
taken immediately prior to transfer.
Study design, size, duration: Retrospective dataset of  single embryo images 
taken at up-to three time-points prior to transfer: Early Day 5, Late Day 5 (8 
hours later), and Early Day 6 (16 hours later), with corresponding fetal heartbeat 
(pregnancy) outcomes. The AI assessed the viability of  each embryo at its avail-
able timepoints. Viability prediction was compared with pregnancy outcome to 
assess viability predictiveness at each timepoint prior to transfer, and assess the 
variability of  viability over time. 
Participants/materials, setting, methods: Single static images of  173 
embryos were taken using time-lapse incubators from a single IVF clinic. 116 
embryos were viable (led to a pregnancy) and 57 were non-viable (did not lead 
to a pregnancy). The AI was trained on thousands of  Day 5 static embryo images 
taken from multiple IVF laboratories and countries, but was not trained on data 
from this clinic.
Main results and the role of chance: When embryos were assessed as 
viable by the AI immediately prior to transfer (no delay), the AI accuracy 
(sensitivity) in predicting pregnancy was 88.1% (59/67) for Early Day 5, 84.8% 
(28/33) for Late Day 5 and 87.5% (14/16) for Early Day 6. When the delay 
between AI assessment and transfer is 8 hours, 16 hours and 24 hours, the 
the accuracy drops to 66.7% (22/33), 31.3% (5/16) and 12.5% (2/16), 
respectively.

These results indicate that the viability of  the embryo is dynamic, and therefore 
time series analysis, i.e. using video, may not be well suited for embryo viability 
assessment because past viability is not necessarily a good predictor of  future 
viability or pregnancy outcome. The viability of  the embryo immediately prior 
to transfer, from a single static image, is a reliable predictor of  viability. This is 
consistent with the current clinical practice of  using Gardner score end-point 
assessment for embryo quality.

Results also suggest significant benefits from using time-lapse with AI, where 
AI continually assesses embryo viability over time using static images. The time 
point at which the embryo should be transferred to maximize pregnancy out-
come is when the embryo has the greatest AI viability score.
Limitations, reasons for caution: Although evidence suggests past embryo 
viability is a limited predictor of  future pregnancy, a side-by-side comparison of  
video versus single static image AI assessment would further verify that the 
historical or change in embryo development or viability has minimal impact on 
embryo viability assessment at the time prior to transfer.
Wider implications of the findings: Time-lapse and AI can beneficially 
change the way embryos are assessed. Continual AI monitoring of  embryos 
enables optimization of  which embryo to transfer and when, to ultimately 
improve pregnancy outcomes for patients. The findings also suggest that static 
end-point AI assessment is sufficient for predicting embryo implantation 
potential.
Trial registration number: not applicable 
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Using AI for Embryo Selection

Assess embryos and 
decide which to transfer 

to the patient

AI as a tool to predict 
implantation success and 
assist the embryologist 
with embryo selection



Using AI for Embryo Selection

AI predicts human embryo viability 
using static Day 5 images from a
standard camera and microscope

with high accuracy and reproducibility



XXXStudy Question & Design

Dataset description

3,689 Images 
Day 5 Blastocysts

Training/Validation 
Dataset

2,530 Images

Blind Test Set 1: 
Optical Microscope

938 Images

Blind Test Set 2: 
(Cleaned) Test Set 1

(696 Images)

Blind Test Set 3: 
Embryo-Scope

221 Images

• Including data from 12 clinics in 5 countries – U.S., Australia, New Zealand, Malaysia, and Thailand

• Blind Test Set 2 is a cleaned set of Blind Test Set 1 using the UDC technique

Can automated annotation and deep learning create an AI that can be applied to both 
standard microscope images and time-lapse images?



Camera Agnostic AI 

Training Dataset
(Non-time lapse images only)

Pre-processing & 
Automated Centering

Zona/ICM 
Segmentation

AI Blind Testing on 
Different Imaging Types

AI Training

+
Pregnancy Outcome

Standard Time-Lapse

AI Training with automated image annotation & deep learning

Image 
Augmentation

Deep Learning 
& Ensemble



AI Prediction Results Across Multiple Blind Test Sets
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Blind Test Set 1: Microscope Blind Test Set 2: Cleaned Set Blind Test Set 3: EmbryoScope

AI Predictive Accuracy Results
Balance Accuracy Sensitivity Specificity

*Specificity (non-viable class) contains a high level of mis-classified images for Blind Sets 1 and 3 
due to patient factors impacting implantation beyond the embryo. For Blind Set 2, mis-classified 
images were removed using a novel data cleaning technique called the UDC.

*



Non-Viable and Viable class prediction score distributions 

Blind Test Set 1: 
Optical microscope 
images

Blind Test Set 2: 
Cleaned Test Set 1

Blind Test Set 3: 
EmbryoScope images 
(single focal plane: F-15)

AI score distributions 
are similar for standard
microscope images and 

time-lapse images



Distribution Comparison Across Multiple Focal Planes on Blind Test Set 3 - Embryoscope

Focal plane F-15 Focal plane F-30Focal plane F-75

Focal plane F0 Focal plane F+15 Focal plane F+45 

AI score distributions 
are consistent and 

robust to images taken 
at different focal planes

with an accuracy 
variation of only 2.2%



Overall Conclusions

An AI model was trained using novel pre-processing, augmentation and 
segmentation techniques, to focus the AI onto key morphological features

The AI is robust, accurate, and can generalize to different camera types and setups

Automated annotation and deep learning were successfully applied to create 
scalable AI that work with both standard microscope images and time-lapse images

The AI was consistent when tested across different focal planes for time-lapse images
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