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An artificial intelligence model correlated with 
morphological and genetic features of blastocyst 
quality improves ranking of viable embryos
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KEY MESSAGE
Improved methods for evaluating artificial intelligence in the field of IVF are described. The importance of 
correlating intelligence scores with known parameters of embryo quality for artificial intelligence characterization 
is highlighted. The findings support artificial intelligence testing methods and use in clinical practice.

ABSTRACT
Research question: Can better methods be developed to evaluate the performance and characteristics of an artificial 
intelligence model for evaluating the likelihood of clinical pregnancy based on analysis of day-5 blastocyst-stage 
embryos, such that performance evaluation more closely reflects clinical use in IVF procedures, and correlations with 
known features of embryo quality are identified?

Design: De-identified images were provided retrospectively or collected prospectively by IVF clinics using the artificial 
intelligence model in clinical practice. A total of 9359 images were provided by 18 IVF clinics across six countries, 
from 4709 women who underwent IVF between 2011 and 2021. Main outcome measures included clinical pregnancy 
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outcome (fetal heartbeat at first ultrasound scan), embryo morphology score, and/or pre-implantation genetic testing 
for aneuploidy (PGT-A) results.

Results: A positive linear correlation of artificial intelligence scores with pregnancy outcomes was found, and up to 
a 12.2% reduction in time to pregnancy (TTP) was observed when comparing the artificial intelligence model with 
standard morphological grading methods using a novel simulated cohort ranking method. Artificial intelligence scores 
were significantly correlated with known morphological features of embryo quality based on the Gardner score, 
and with previously unknown morphological features associated with embryo ploidy status, including chromosomal 
abnormalities indicative of severity when considering embryos for transfer during IVF.

Conclusion: Improved methods for evaluating artificial intelligence for embryo selection were developed, and 
advantages of the artificial intelligence model over current grading approaches were highlighted, strongly supporting 
the use of the artificial intelligence model in a clinical setting.

INTRODUCTION

S electing the best quality embryo 
for transfer is essential to ensure 
the shortest time to pregnancy 
(TTP) for patients undergoing 

IVF procedures. Despite efforts to 
continually improve outcomes, IVF is by 
no means a perfected technology, with 
live birth rates averaging around 30% 
per embryo transfer. Improved embryo 
selection methods are a critical driver 
for increasing pregnancy success rates 
during IVF.

In recent years, interest in the use of 
artificial intelligence to support embryo 
quality assessment has grown, with 
numerous algorithms being developed 
for analysis of static images or time-lapse 
videos of embryos to aid in the selection 
of embryos for transfer (Khosravi et al., 
2019; Tran et al., 2019; Chavez-Badiola 
et al., 2020; Silver et al., 2020; VerMilyea 
et al., 2020; Berntsen et al., 2022; Erlich 
et al., 2022; Loewke et al., 2022). Because 
of the infancy of artificial intelligence in 
the embryology field, however, few of 
these studies have evaluated real-world 
clinical use. Furthermore, although 
artificial intelligence is often compared 
with existing methods of embryo quality 
evaluation, such as morphological grading 
or pre-implantation genetic testing 
(PGT-A), characterisation of the extent 
to which artificial intelligence can identify 
known features of embryo quality is 
relatively limited.

The evaluation of artificial intelligence for 
embryo assessment has so far focused 
on using performance metrics generally 
suited to binary classification problems. 
Binary performance metrics do not 
accurately reflect the clinical application 
and intended use of artificial intelligence 
for embryo quality assessment, which 
is to select an embryo for transfer from 

a patient cohort containing multiple 
embryos in any given IVF cycle. These 
binary performance metrics are, 
therefore, likely underestimating the 
power of the artificial intelligence model 
in this setting.

The Life Whisperer viability artificial 
intelligence model analyses static images 
of day-5 blastocyst-stage embryos during 
IVF procedures to provide information 
on the likelihood of clinical pregnancy 
(embryo viability) (VerMilyea et al., 
2020). In this study, the viability artificial 
intelligence model was characterized 
using data collected prospectively 
through the course of real-world clinical 
use. This included development of a 
novel method for performance evaluation 
that assesses the ability of the artificial 
intelligence model to rank embryos 
within a patient cohort during a single 
IVF cycle to select the best embryo for 
transfer.

Results showed a strong correlation of 
artificial intelligence scores with known 
embryo quality measures, including 
those measured by Gardner-based 
morphological grading and PGT-A, 
and demonstrated superior embryo 
ranking performance for the viability 
artificial intelligence model. This study 
provides insight into the mechanisms of 
artificial intelligence-based evaluation of 
embryos and substantiates the use of 
artificial intelligence for embryo viability 
assessment in clinical use for the selection 
of embryos during IVF procedures.

MATERIALS AND METHODS

Artificial intelligence model 
development
The development of the viability artificial 
intelligence model was described by 
VerMilyea et al. (2020). In brief, the 
artificial intelligence model consists of 

a series of image pre-processing steps, 
following by object detection, optional 
segmentation of the zona pellucida 
or intra-zonal cavity region, and a 
selection of image-based deep learning 
classification models, which are combined 
together in an ensemble model that 
provides a final artificial intelligence score 
for each image. The pre-processing 
steps include the following: alpha-
channel stripping, colour normalization, 
square-padding and cropping. The deep 
learning classification models comprise 
ResNet and DenseNet convolutional 
neural network architectures, which were 
trained by minimizing the log loss using 
Stochastic Gradient Descent. Images 
used for training comprised a wide 
range of specifications, e.g. resolutions, 
brightness, contrast, colour balance, and 
were obtained from multiple different 
imaging systems to ensure the resulting 
model was robust to input variation. In 
addition, augmentation of images was 
used during training to anticipate changes 
to lighting conditions, rotation of the 
embryo and focal length, e.g. rotations, 
reflections, Gaussian blur, contrast 
variation and random compression. 
No additional patient meta-data were 
included in developing the artificial 
intelligence model.

Experimental design
For the present study, de-identified 
data were provided for a total of 4709 
women aged 18 years or over who 
underwent IVF procedures at 18 different 
IVF clinics between 2011 and 2021. 
Data included 9359 two-dimensional 
embryo images with associated clinical 
outcomes, including clinical pregnancy 
outcome, preimplantation genetic testing 
with aneuploidy (PGT-A) outcome and 
Gardner score. A description of the test 
datasets is provided in Supplementary 
Tables 1–3. The full dataset is provided in 
Supplementary Table 4.
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For inclusion in the study, images of 
embryos were required to be taken on 
day 5 of culture post-fertilization using 
either standard or time-lapse-based 
optical light microscopy systems. Images 
were excluded if taken after biopsy for 
PGT-A or cryopreservation. All images 
were required to have a minimum 
resolution of 480 × 480 pixels with the 
complete embryo in the field of view, and 
the focal plane centred on the inner cell 
mass.

For evaluating performance in predicting 
clinical pregnancy outcomes, data 
were limited to patients who received 
a single embryo transfer with a day 5 
blastocyst-stage embryo. For evaluating 
the correlation of artificial intelligence 
scores with the Gardner system, data 
were limited to embryo images with an 
associated embryologist's grade supplied. 
For evaluating the correlation of artificial 
intelligence scores with embryo ploidy 
status, data were limited to embryo 
images with associated results obtained 
via conventional PGT-A methods.

Collection of retrospective data for this 
study was exempted from ethical review 
and approval, and from the requirement 
for informed consent, because of the 
retrospective nature of the analyses, and 
de-identification of data. Exemption was 
confirmed by Sterling IRB ID number 
6467 (5 September 2018) and number 
7751 (21 January 2020), for protocol 
identifiers LW-C-001A and LW-C-004A, 
respectively. Collection of prospective 
data for this study was carried out in 
accordance with the Life Whisperer 
patient privacy policy, constituting 
informed consent for research purposes. 
This study was conducted according 
to the guidelines of the Declaration of 
Helsinki of 1975, as amended.

Embryo scoring methods
The artificial intelligence score is 
presented on a scale of 0.0 to 10.0, with 
10.0 representing the highest likelihood of 
clinical pregnancy (highest confidence that 
the embryo is viable) and 0.0 representing 
the least likelihood of clinical pregnancy 
(highest confidence that the embryo is 
not viable). A viable embryo was defined 
as an embryo for which at least one fetal 
heartbeat was detected on first ultrasound 
scan at around 6 weeks after transfer, and 
a non-viable embryo was defined as one 
for which no fetal heartbeat was detected. 
For live birth analyses, a viable embryo 
was defined as one for which a successful 

live birth occurred, and a non-viable 
embryo was defined as one for which no 
live birth occurred.

For correlation of artificial intelligence 
score with known morphological features 
of embryo quality, embryo images were 
graded according to their developmental 
stage as first described by Gardner and 
Schoolcraft (1999) (the Gardner scoring 
system). Embryo grades were provided 
by the treating embryologist at the time 
the image was taken.

Preimplantation genetic testing for 
aneuploidy
The present study used retrospective 
PGT-A results carried out by Ovation 
Fertility Genetics Laboratories. Testing 
was carried out on biopsies from day 5 
blastocyst-stage embryos using a next-
generation sequencing-based assay 
(VeriSeq platform) (Illumina, San Diego, 
CA). Testing followed standard protocols 
and manufacturer recommendations.

Resulting chromosome analyses were 
provided using standard cytogenetic 
nomenclature to record abnormalities. 
Embryos with 30% abnormal cells or 
less were classified as euploid, and those 
with over 70% cells were classified as 
aneuploid. Embryos were defined as 
mosaic if they contained between 31% 
and 70% abnormal cells.

Statistical analyses
This study involved standard statistical 
methods used in performance evaluation 
of machine learning classifiers, 
including accuracy and area under 
the curve (AUC) value for receiver 
operating characteristic curves (ROC) 
(Florkowski, 2008). Average artificial 
intelligence scores for multiple groups 
were compared using ordinary one-
way analysis of variance with Tukey's 
multiple comparisons post-test. Trends 
in average artificial intelligence scores 
were evaluated using ordinary one-way 
analysis of variance with test for trend 
between column mean and left-to-
right column order, unless otherwise 
indicated. Trends in the proportion of 
successful pregnancies or the proportion 
of euploid embryos were evaluated using 
a chi-squared test for trend. Error bars 
indicate standard error of the mean 
where presented, and P < 0.05 was 
considered significant.

A five-point moving average method was 
used to evaluate the correlation between 

every point on the artificial intelligence 
score scale, e.g. 0.0, 0.1, 0.2 through 
to 10.0 out of 10.0, and the proportion 
of successful clinical pregnancies. This 
involved taking the proportion of viable 
embryos at the point of interest plus 
two points above and two points below 
(five-point total). GraphPad Prism version 
9.0.0 was used for statistical analyses.

Simulated cohort ranking analyses
For simulated cohort ranking analyses, 
images of transferred embryos were 
randomized into tens of thousands 
of simulated embryo ‘cohorts’ each 
consisting of embryos with known 
pregnancy outcomes from different 
patients. The number of distinct cohorts 
generated is related to dataset size and 
cohort size as follows: n cohorts ≈ n 
images in dataset / (average) cohort size 
* 1000. To construct the simulation, 
embryo images within a dataset were 
compiled into a single list and shuffled 
randomly. Then, starting from the top of 
the list, the first n images were taken to 
be a simulated cohort (depending on the 
cohort size allocated for that experiment). 
These embryo images were then removed 
from the list, and the process repeated 
until the value of n was larger than the 
remaining embryos in the list (remaining 
embryos were discarded). Cohorts 
containing all viable or all non-viable 
embryos were then removed from the 
analysis. This procedure constituted a 
single randomization of the dataset, which 
was carried out for a pre-set random 
seed to ensure repeatability. To obtain 
additional randomizations, the random 
seed was incremented, and the process 
repeated. For each experiment, a total of 
1000 randomizations were generated, and 
the results of all randomizations analysed 
together. Therefore, each embryo in a 
dataset was used in up to 1000 discrete 
cohorts for each experiment, but in each 
case the embryo was most likely allocated 
to cohorts of different compositions 
(including being grouped with different 
neighbouring embryos and, where 
relevant, in cohorts of different sizes). 
After the randomization of embryos 
to simulated cohorts was completed, 
each cohort was sorted in a descending 
order rank score. Rank scores used in 
these experiments were either artificial 
intelligence model scores (on a scale of 
0.0 to 10.0), the randomly generated 
scores used for cohort randomization 
(as a proxy for embryologists’ ranking 
based on pregnancy success rates of 
about 50%), or a Gardner-based rank 
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score. Three independent Gardner-based 
ranking methods were investigated in 
the present study. The first used a single 
binary threshold of 3BB as a commonly 
reported example of embryo stratification 
(Kemper et al., 2021). The second used 
a four-group ranking system as follows: 
rank 1 = 3-6AA; rank 2 = 3-6AB/BA, 2AA; 
rank 3 = 3-6BB/AC/CA, 2AB/BA; and 
rank 4 = 2-6BC/CB/CC, 2BB/AC/CA, 
1XX. This four-group ranking system has 
been used in several studies to define 
embryo groups as very good, good, fair 
and poor quality (Capalbo et al., 2014; 
Irani et al., 2017; Zhao et al., 2018). The 
final method was a novel seven-group 
ranking system defined in the present 
study using published research, using the 
following general rules: expansion grades 
3-6 > grade 2 > grade 1 and combined 
inner cell mass and trophectoderm grades 
AA > AB/BA > BB > AC/CA > BC/CB > 
CC. The rank groups for the seven-group 
system were as follows: rank 1 = 3-6AA; 
rank 2 = 3-6AB/BA; rank 3 = 3-6BB; rank 
4 = 3-6AC/CA, 2AA; rank 5 = 3-6BC/CB; 
2AB/BA; rank 6 = 3-6CC, 2BB; and rank 
7 = 2AC/CA/BC/CB/CC, 1XX.

For a single simulated cohort, theoretical 
TTP or time to live birth was calculated 
as the position of the top viable embryo 
in the ranked cohort. Mean difference in 
TTP or time to live birth was compared 
for all cohorts between ranking 
methods using the asymmetric Laplace 
distribution (ALD) probability density 
function (Kozubowski and Podgorski, 
2000). Significance was determined 
using the Mann–Whitney Wilcoxon 
U test. For estimation of theoretical 
pregnancy rates or live birth rates, the 
percentage of simulated cohorts where 

the top-ranked embryo was viable was 
calculated for all ranking methods. 
This value provides a representation of 
pregnancy rate or live birth rate for the 
first cycle of IVF. Significant differences 
were determined using a chi-squared 
test.

RESULTS

Methods evaluating the correlation 
of artificial intelligence score with 
clinical pregnancy rate to assess 
relative likelihood of embryo viability
The viability artificial intelligence model 
was previously evaluated for its ability 
to predict clinical pregnancy using a 
binary prediction threshold of 5.0/10.0. 
In the study by VerMilyea et al. (2020), 
the accuracy of the artificial intelligence 
model was 64.3%, and the ROC-
AUC was 0.68. These values, while 
allowing a general comparison to be 
made with similar reported artificial 
intelligence models, e.g. Alife Health 
artificial intelligence model ROC-AUC 
0.62–0.64, Fairtility artificial intelligence 
model ROC-AUC 0.68–0.70, Vitrolife 
artificial intelligence model ROC-AUC 
0.67 (Berntsen et al., 2022; Erlich et al., 
2022; Loewke et al., 2022), do not give 
an indication of the ability of the artificial 
intelligence model to effectively rank 
embryos for selection within a patient 
cohort during a single IVF cycle.

To evaluate the performance of the 
viability artificial intelligence model in a 
way that is similar to its intended clinical 
use, a number of additional methods 
were developed to evaluate its ability 
to rank embryos according to their 
likelihood of clinical pregnancy.

For development of these ranking 
methods, a retrospective blind test 
dataset consisting of 1161 day 5 
embryo images with corresponding 
clinical pregnancy outcomes was used 
(Supplementary Table 1). Images were 
provided by 1158 women who underwent 
IVF between 2011 and 2018 in one of 
14 IVF clinics across the USA, Australia, 
New Zealand, Malaysia and Thailand. 
Results of conventional performance 
evaluation on this dataset using a binary 
prediction threshold of 5.0/10.0 were 
similar to the findings described by 
VerMilyea et al. (2020) (accuracy of 
61.8% and ROC-AUC of 0.61 in the 
present study).

The first two methods that were 
developed to assess ranking ability 
used correlative analyses of artificial 
intelligence score and pregnancy rate to 
reflect the relative likelihood of embryo 
viability on transfer. The simplest of these 
methods involved defining four ‘likelihood 
categories’ (bins) corresponding to 
different artificial intelligence score 
thresholds, then evaluating the proportion 
of embryos resulting in successful clinical 
pregnancies for each category. Results 
showed a significant positive correlation 
between categories of increasing artificial 
intelligence score and the proportion 
of successful pregnancies using a chi-
squared test for trend (FIGURE 1A), with 
the percentage of pregnancies more 
than doubling from 29.3% in the low 
likelihood category to 64.6% in the very 
high likelihood category (P < 0.0001). 
Therefore, it can be inferred that embryos 
in the highest score category are twice 
as likely to result in pregnancy as those in 
the lowest score category. This basic type 

FIGURE 1 Methods evaluating the correlation of artificial intelligence score with clinical pregnancy rate. (A) The correlation between artificial 
intelligence score and the proportion of successful pregnancies was evaluated using four defined viability likelihood categories based on artificial 
intelligence score brackets as indicated. The pregnancy rate is depicted for each group, and the number of embryos in each group indicated in 
parentheses; (B) the linear correlation between each point of the artificial intelligence score and the proportion of successful pregnancies was 
evaluated using a five-point moving average method of artificial intelligence. AI, artificial intelligence; df, degrees of freedom.
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of analysis can be easily conducted within 
individual IVF laboratories to validate 
artificial intelligence model performance 
on relevant internal datasets.

To evaluate the correlation between 
artificial intelligence score and the 
proportion of successful clinical 
pregnancies at a higher level of granularity, 
the linearity of the association was 
assessed using a five-point moving average 
method across every point of the artificial 
intelligence scale (from 0.0 to 10.0). Linear 
regression analysis (FIGURE 1B) demonstrated 
a significant linear correlation between 
the artificial intelligence score and the 
proportion of successful pregnancies (P < 
0.0001), with a slope of approximately 
+4, and values ranging from 12.0% viable 
embryos at the lowest point (0.0) to 
67.7% viable embryos at the highest point 
(10.0) of the artificial intelligence scale. 
The observed positive correlation reflects 
the increased likelihood that embryos of 
higher scores will lead to pregnancy over 
embryos of lower scores along the artificial 
intelligence score scale. The apparent 
oscillatory behaviour of the five-point 
evaluation is an inherent characteristic of 
the moving average method in general, 
which introduces an artificial wave effect. 
This effect is expected to be reduced as 
dataset size increases.

Development of a simulated cohort 
ranking analysis method to evaluate 
relative ranking ability using 
theoretical time to pregnancy and 
first-cycle pregnancy rate
The final method developed to evaluate 
artificial intelligence ranking ability was 
a sophisticated ranking analysis using 
simulated patient ‘cohorts’ to estimate 
the number of cycles that would be 
needed to select a viable embryo leading 
to pregnancy, with results presented as 
theoretical TTP, and the proportion of 
cohorts with a top-ranked viable embryo, 
with results presented as theoretical 
pregnancy rate for one cycle of IVF. 
For this analysis, the 1161 images in the 
viability test dataset were randomized 
multiple times to give a total of 
approximately 110,000 distinct simulated 
patient embryo cohorts of an average 
of approximately 10 embryos each. 
Each cohort was intended to represent 
a single patient cohort during IVF, but 
where pregnancy outcomes were known 
for every embryo. This method was 
developed to address one of the greatest 
obstacles facing the evaluation of artificial 
intelligence for embryo selection, as the 

pregnancy outcome of every embryo in 
a real-world patient cohort would not 
generally be known, limiting the ability to 
conduct this type of analysis. Using this 
approach, the embryos in each simulated 
cohort were ranked according to the 
likelihood of clinical pregnancy based 
on artificial intelligence score. Time to 
pregnancy was calculated as the position 
of the first embryo in the ranked cohort 
to result in clinical pregnancy, and first-
cycle pregnancy rate was calculated as 
the percentage of cohorts with a viable 
embryo in the top-ranked position. The 
method is presented in FIGURE 2A.

For this initial analysis, the distribution 
of cohort sizes generated was based 
on a real-world clinical dataset of 487 
patient IVF cycles. The average size 
of all cohorts in this dataset was 9.3 
embryos per cohort; however, given 
the simulated cohort ranking analyses 
of necessity excludes cohorts with no 
embryos (failed IVF cycles), the average 
size excluding these failed IVF cycles was 
9.7 embryos. The distribution of cohort 
sizes in this real-world dataset compared 
with the final distribution of cohort 
sizes generated in the simulated cohort 
ranking experiment is presented in 
FIGURE 2B. The distribution of cohort sizes 
according to the percentage of viable 
embryos (successful pregnancies) is also 
presented. Although a large proportion of 
cohorts demonstrated a 1:1 ratio of viable 
to non-viable embryos, the distribution 
itself demonstrated a general shift to 
a slightly higher percentage of viable 
embryos (average 52.3%), owing to the 
marginal bias towards viable embryos in 
the original dataset (57.4% viable).

The distributions of TTP values for 
artificial intelligence ranking, random 
ranking and the differences between 
them are presented in FIGURE 2C. The TTP 
distributions showed exponential decay 
behaviour consistent with the expected 
probabilities for correctly identifying a 
viable embryo. The TTP pregnancy values 
for the artificial intelligence model were 
more weighted towards achieving the 
best possible TTP value of 1 compared 
with random ranking, whereas random 
ranking gave rise to more TTPs of >1. This 
indicated that the model systematically 
provided viable embryos with higher 
scores than those achieved by random 
ranking. The probability distribution of 
the difference of these two exponential 
decay curves (with different exponents) 
was best modelled using an ALD 

(FIGURE 2C). The shape of the distribution 
was asymmetrically biased towards 
negative values, showing that the artificial 
intelligence model was generally reducing 
TTP values relative to random ranking.

The mean TTP using artificial intelligence 
ranking for all of the approximately 
110,000 simulated cohorts was 1.504 
cycles, representing a 12.6% ± 0.3% 
reduction in the number of cycles 
needed to select a viable embryo 
compared with random ranking (mean 
TTP of 1.720 cycles). The statistical 
uncertainty associated with the mean 
TTP was calculated as 0.003 cycles for 
both the artificial intelligence model 
and random ranking TTP values using 
the ALD probability function (P < 
0.0001). In addition, pregnancy rates of 
66.0% and 56.5% were observed for 
artificial intelligence ranking and random 
ranking, respectively, representing an 
improvement of 9.5% in theoretical 
pregnancy rate for one cycle of IVF 
(P < 0.0001). These improvements in 
performance are significant, given that 
all the embryos in the ranking study 
were selected for transfer and, therefore, 
represent a bias towards a higher quality 
of embryo.

Although the distribution of embryo 
cohort sizes used in this analysis was 
derived from a real-world clinical 
dataset, average cohort sizes can vary 
significantly between clinics based on 
a variety of factors, such as patient age 
and medical history. An investigation of 
the contribution of cohort size to the 
results obtained using simulated cohort 
ranking analyses was carried out using 
fixed cohort sizes ranging from 3 to 12 
embryos. Results showed that TTP and 
pregnancy rate generally improved as 
cohort sizes increased, for both the 
artificial intelligence model and random 
ranking. The observed improvement, 
however, was greater for the artificial 
intelligence model than random 
ranking, resulting in a net increase in 
improvement with increasing cohort 
size. The artificial intelligence model 
demonstrated improvements over 
random ranking, ranging from an 8.6% 
to a 14.2% reduction in TTP, and a 9.2% 
to a 10.4% improvement in first-cycle 
pregnancy rate, for cohort sizes of 3 to 
12, respectively. Performance values for 
all cohort sizes are presented in TABLE 1.

Although clinical pregnancy is one 
measure of IVF success, the goal of the 
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FIGURE 2 Simulated cohort analyses evaluating artificial intelligence ranking ability based on the likelihood of clinical pregnancy. (A) The ability 
of the artificial intelligence model to rank embryos within a patient cohort and improve theoretical time to pregnancy (TTP) (in number of cycles) 
and theoretical first-cycle pregnancy rate was evaluated using a novel method using multiple randomized simulated patient cohorts. Embryo images 
from the viability test dataset were randomized to approximately 110,000 distinct patient ‘cohorts’ consisting of embryos from different patients, 
where the clinical pregnancy outcome was known for each embryo. Ranking ability was evaluated by estimating TTP based on the number of cycles 
needed to select a viable embryo leading to clinical pregnancy, and by estimating pregnancy rate for one cycle of IVF based on the proportion 
of cohorts with a viable embryo in the top-ranked position; (B) the distributions of cohort sizes in the original clinical dataset used to determine 
embryo cohort size range, and in the simulated cohort analysis. The distribution of cohorts according to the proportion of viable embryos in each 
is also depicted for the simulated analysis; (C) results of the simulated cohort analysis are presented for the retrospective viability test dataset. 
The distributions of TTP values for the artificial intelligence model and random ranking are shown for comparison, as is the distribution of the 
differences in TTP values, which displays the characteristic asymmetric Laplace distribution indicated by a dotted line. Note that x-axes for the TTP 
figures are truncated for optimal visualization of distributions; this does not affect interpretation of results (approximately 50–100 cohorts from a 
total of approximately 110,000 out of range).

TABLE 1 PERFORMANCE VALUES GENERATED USING SIMULATED COHORT RANKING ANALYSES

Time to pregnancy First-cycle pregnancy rate

Artificial intelligence 
model (cycles)

Random 
(cycles)

Artificial intelligence 
improvement over 
random (%)a

Artificial intelligence 
model (%)

Random 
(%)

Artificial intelligence 
improvement over 
random (%)b

Cohort size

 Clinical distributionc 1.504 1.720 12.6 66.0 56.5 9.5

 Three embryos 1.476 1.616 8.6 61.8 52.6 9.2

 Six embryos 1.531 1.733 11.7 65.4 56.1 9.3

 10 embryos 1.506 1.743 13.6 67.2 57.1 10.1

 12 embryos 1.495 1.743 14.2 67.6 57.2 10.4

Outcomed

 Pregnancy 1.416 2.121 33.2 71.7 45.2 26.5

 Live birth 1.686 2.252 25.1 57.3 42.3 15.0
a Improvement in time to pregnancy is presented as relative % improvement.
b Improvement in first-cycle pregnancy rate is presented as absolute % improvement.
c The distribution of embryo cohort sizes was based on a real-world clinical dataset (FIGURE 2B).
d Differences in outcome measures were evaluated on a subset of 155 embryos from the total retrospective viability dataset (Supplementary Table 1).
eFor this analysis only performance values represent time to live birth and first-cycle live birth rate.
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procedure is to achieve a successful 
live birth. To investigate the ability of 
the artificial intelligence model to rank 
embryos according to the likelihood 
of live birth, simulated cohort ranking 
analyses were carried out on a subset of 
embryos from the retrospective viability 
dataset for which live birth outcomes 
were available (n = 155). Results showed 
that the artificial intelligence model was in 
fact able to improve time to live birth over 
random ranking (P < 0.0001), although 
this improvement was less than the 
improvement in time to pregnancy (25.1 ± 
0.810% and 33.2 ± 0.693% improvement 
for time to live birth and pregnancy, 
respectively) (TABLE 1). Similarly, the artificial 
intelligence model showed improvement 
in first-cycle live birth rate over random 
ranking (+15.0%), although this was again 
lower than the improvement in first-cycle 
pregnancy rate (+26.5%). Although these 
results should be interpreted with caution 
owing to the smaller dataset size for which 
live birth outcomes were available, they 
are supportive of the ability of the artificial 
intelligence model to rank embryos 
according to the likelihood of live birth 
outcome.

Artificial intelligence scores correlate 
with morphological indicators of 
embryo quality and show improved 
embryo ranking in a prospectively 
collected real-world clinical dataset
To evaluate the correlation betwen 
artificial intelligence scores and known 
visible features of blastocyst morphology, 
a dataset of 2729 day 5 embryo images 
with matched Gardner scores was 
prospectively collected during real-world 
clinical use by two IVF clinics (Spain and 
Australia). Neither clinic had previously 
provided any data for training or testing 
the artificial intelligence model, and 
therefore, this test dataset was completely 
independent of model development 
(Supplementary Table 2). All images were 
taken using time-lapse imaging systems 
(Vitrolife EmbryoScope or Merck GERI) 
for 979 women who underwent IVF 
procedures between 2019 and 2021.

There is some evidence that the Gardner 
score and its relative morphological 
components correlate with pregnancy 
rates and other measures of clinical 
outcome (Gardner and Balaban, 2016). 
Given that the artificial intelligence model 
in this study was trained to evaluate 
the likelihood of clinical pregnancy, 
it was hypothesized that the artificial 
intelligent score would also correlate 

with components of the Gardner score. 
Using the Gardner test dataset, the 
average artificial intelligence score was 
evaluated for the relative grades of each 
component, including expansion grade, 
inner cell mass grade and trophectoderm 
grade (FIGURE 3A). A significant correlation 
was found between artificial intelligence 
score and grade in each case, with the 
average score generally increasing with 
advancing blastocyst developmental 
stage and increasing quality. Similar 
correlations were observed in the 
proportion of successful pregnancies in 
each group (for the subset of images with 
pregnancy outcomes) (FIGURE 3B).

Although the Gardner scoring method 
has long given embryologists a valuable 
way to quantify the physical features 
of embryos associated with embryo 
development and quality, it is difficult 
to use for embryo ranking as it is not 
intended as a continuous linear scale. 
Embryologists use different thresholds to 
define a good versus poor-quality embryo, 
such as 2AA, 3BB or 3AA (Gardner et al., 
2000; Hara et al., 2005; Gardner et al., 
2007; Kemper et al., 2021); however, no 
consensus has been reached to date on 
how to use the Gardner method to rank 
embryos within a cohort. To compare 
ranking performance, three distinct 
Gardner ranking methods were used, 
including a commonly reported binary 
3BB threshold, a previously published 
four-group ranking system and a novel 
seven-group ranking system based on 
Gardner scores that was defined using 
published research. Each of these 
grouping methods demonstrated a 
correlation between morphological rank 
group and the proportion of successful 
clinical pregnancies (FIGURE 3C).

These ranking methods were used to 
evaluate TTP and pregnancy rates on 
the subset of images from the Gardner 
dataset that had pregnancy outcomes, 
allowing for a direct comparison of 
the ranking abilities of the artificial 
intelligence model with the Gardner 
scoring systems. The 547 images with 
pregnancy outcomes were randomized 
to approximately 50,000 distinct cohorts 
for evaluation. Distributions of cohort 
sizes, TTP values and differences in TTP 
values are presented in Supplementary 
Figure 1. For this dataset, the artificial 
intelligence model demonstrated a 17.9% 
± 0.5% improvement over random 
ranking (TABLE 2). All morphological 
ranking methods also showed a 

significant (P < 0.0001) reduction in TTP 
compared with random ranking, although 
the improvement was less than that of 
the artificial intelligence model in each 
case (6.5% to 10.2% improvement, ± 
0.5% assuming independent random 
bootstraps). It was noted that the ranking 
ability of the Gardner score improved 
from the single binary 3BB threshold to 
the four-group ranking system, then only 
marginally from the four-group system to 
the seven-group ranking system defined 
in this study. These TTP results suggest 
that only minor improvements may be 
gained by introducing further granularity 
to Gardner-based ranking methods, 
although evaluation of larger datasets 
including more embryos of poorer 
morphological quality are warranted.

Depending on the morphological ranking 
method used, the artificial intelligence 
model demonstrated improvements of 
between 8.6% and 12.2% ± 0.5% over 
the Gardner score in reducing TTP (P < 
0.0001 for all comparisons). Consistent 
with a reduced TTP, the artificial 
intelligence model also demonstrated 
improvements in first-cycle pregnancy 
rate of 9.2% to 11.1% over the various 
morphology-based ranking methods (P < 
0.0001). These results collectively suggest 
that the artificial intelligence model is 
superior in its ability to select viable 
embryos over and above the information 
provided by the Gardner score.

It was of interest to note that performance 
values for the artificial intelligence model 
and random ranking varied between the 
original retrospective viability dataset 
(Supplementary Table 1) and the Gardner 
dataset (Supplementary Table 2), with 
the artificial intelligence model providing 
an improvement in TTP of 12.6% and 
17.9% over random ranking, respectively. 
While these datasets differ in size and, 
therefore, in the number of simulated 
cohorts generated for each analysis 
(approximately 110,000 and 50,000, 
respectively), it was hypothesized that the 
main factor contributing to this variation 
was the composition of each dataset in 
terms of the proportion of successful 
clinical pregnancies. To investigate this 
further, the retrospective viability dataset 
and Gardner dataset were both balanced 
by removing a random selection of viable 
embryos in the case of the retrospective 
viability dataset (n = 171), and a random 
selection of non-viable embryos in the 
case of the Gardner dataset (n = 27). 
Simulated cohort ranking analyses 
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conducted on these balanced datasets 
demonstrated first-cycle pregnancy rates 
of 50% each, as would be expected 
for random selection from a dataset 
consisting of a 1:1 ratio of viable to non-
viable embryos (TABLE 2). The TTPs, while 
extremely similar in both datasets (1.932 
and 1.924), were slightly less than the 
2.0 value that would be expected in this 
situation for random ranking (as in a coin 
toss experiment). This was the result of 
introducing experimental conditions, 

such as excluding cohorts with no viable 
or non-viable embryos, the proportion 
of which differ between datasets based 
on the overall ratio of viable to non-
viable embryos. In estimation of TTP, it 
was necessary to exclude these cohorts, 
because as well as providing no further 
constructive information to interpretation 
of the results (the effect on performance 
values would be the same for both 
random ranking and artificial intelligence 
ranking), it would also be impossible to 

assign a TTP value to cohorts containing 
no viable embryos using this approach 
as that cohort would never lead to 
pregnancy.

Although it is not possible to evaluate 
TTP for cohorts with no viable embryos, 
the ability of the artificial intelligence 
model to identify whether a cohort 
contained at least one viable embryo 
versus no viable embryos was assessed 
using a modified version of the simulated 

FIGURE 3 Significant correlations between the artificial intelligence score, morphological components of the embryo, and clinical pregnancy 
outcome. (A) Correlations between average artificial intelligence score and each individual morphological component according to the Gardner score, 
including expansion grade, inner cell mass (ICM) grade and trophectoderm grade. Average artificial intelligence scores are depicted for each group, 
and P-values shown between adjacent grades only (analysis of variance P < 0.0001 for each component); (B) the proportion of successful clinical 
pregnancies associated with each component of the Gardner score. Pregnancy rate is depicted for each group, and the number of embryos in each 
group indicated in parentheses; (C) the proportion of successful clinical pregnancies in each rank group according to Gardner score ranking methods. 
Rank groups were defined using a 3BB threshold, a four-group system as indicated and a seven-group system as indicated. Pregnancy rate is depicted 
for each group, and the number of embryos in each group indicated in parentheses. AI, artificial intelligence; df, degrees of freedom.
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cohort ranking method. To carry out this 
analysis, embryos were randomized to 
cohorts as described in the Materials and 
methods section, but no cohorts were 
excluded. To assess the likelihood of a 
cohort containing a viable embryo, only 
the scores of the top-ranked embryo in 
each cohort were considered. A binary 
threshold for predicting at least one viable 
embryo was selected based on the average 
artificial intelligence score of all top-ranked 
embryos in the analysis. Predictions of at 
least one viable embryo were defined as 
being equal to or higher than the average 
score, whereas predictions of no viable 
embryos were defined as being less than 
the average score.

For the retrospective viability dataset, 
2.1% of the approximate 110,000 
simulated cohorts contained no viable 
embryos. The mean score of top-
ranked embryos across all cohorts was 
9.7/10.0. On the basis of this threshold, 
the artificial intelligence model could 
predict if a cohort had at least one 
viable embryo with a class accuracy of 
79.4% (true positive rate), and if a cohort 
had no viable embryos with a class 
accuracy of 66.8% (true negative rate). 
Overall accuracy on this dataset was 
79.1%. For the Gardner dataset, 3.8% 
of the approximately 50,000 cohorts 
contained no viable embryos, and the 
mean score of top-ranked embryos 
was 9.2/10.0. The true positive rate for 

identifying cohorts with at least one 
viable embryo was 67.5%, and the true 
negative rate for identifying cohorts with 
no viable embryos was 75.0% (overall 
accuracy of 67.8%). These seemingly 
higher accuracies than those reported 
for the artificial intelligence model in 
predicting viability on a per-embryo basis 
are explained by the added requirement 
of selecting an optimal dataset-specific 
prediction threshold, which would 
necessitate different clinics optimizing 
prediction thresholds on their own 
patient groups over time.

Artificial intelligence scores correlate 
with embryo ploidy and specific 
chromosomal abnormalities as 
determined by PGT-A
Preimplantation genetic testing for 
aneuploidy is commonly used to evaluate 
embryo ploidy status, which is known 
to influence clinical outcomes in IVF 
(Scott et al., 2012; Dahdouh et al., 2015; 
Schaeffer et al., 2018). An aim of the 
present study was to evaluate if an artificial 
intelligence model that predicts pregnancy 
outcomes might also detect visible 
features associated with ploidy status. 
This was addressed using a retrospective 
dataset of 5469 day 5 embryo images 
with matched PGT-A outcomes 
(Supplementary Table 3). Images were 
provided by five IVF clinics in the USA 
for 2615 women who had undergone IVF 
procedures between 2015 and 2020.

Comparison of artificial intelligence 
scores and PGT-A outcomes revealed 
that the average artificial intelligence 
score was significantly higher for euploid 
embryos than for aneuploid embryos 
(P < 0.0001), corresponding to a higher 
potential for successful clinical pregnancy 
(FIGURE 4A). For mosaic embryos, the 
average artificial intelligence score fell 
between the scores for euploid and 
aneuploid groups, consistent with an 
intermediate proportion of abnormal 
cells making up these embryos and a 
higher potential for successful clinical 
outcomes over aneuploid embryos owing 
to the process of self-correction (Greco 
et al., 2015; Victor et al., 2019; Viotti 
et al., 2020). Given the high proportion 
of non-euploid embryos generally 
identified by PGT-A (approximately 
30–60% based on age) (Viotti, 2020), 
experts in the field have started to define 
specific chromosomal abnormalities 
that have a lower risk profile for mosaic 
embryos on transfer, as an alternative 
option for when no euploid embryos 
are available for use (CoGEN, 2017; 
Cram et al., 2019; Grati et al., 2018). 
Our results showed that the artificial 
intelligence score was significantly 
higher (P = 0.0197) for embryos that 
have segmental abnormalities than for 
those with full chromosomal gains or 
losses (FIGURE 4B), which is consistent 
with improved clinical outcomes for 
these embryos, including increased 

TABLE 2 COMPARISON OF THE RANKING ABILITY OF THE ARTIFICIAL INTELLIGENCE MODEL WITH GARDNER-BASED 
RANKING METHODS

Assessment Raw values % Improvementa

Artificial 
intelligence 
model

Random Gardner Artificial intelligence 
versus random

Gardner 
versus random

Artificial intelligence 
versus Gardner

Time to pregnancyb

 3BB Gardner threshold 1.651 2.012 1.881 17.9 6.5 12.2

 Four-group Gardner ranking 1.651 2.012 1.809 17.9 10.1 8.7

 Seven-group Gardner ranking 1.651 2.012 1.806 17.9 10.2 8.6

 Balanced Gardner dataset 1.618 1.924 ND 15.9 ND ND

 Balanced retrospective viability dataset 1.678 1.932 ND 13.2 ND ND

First-cycle pregnancy rate

 3BB Gardner threshold 62.6 47.9 51.5 14.7 3.6 11.1

 Four-group Gardner ranking 62.6 47.9 53.4 14.7 5.5 9.2

 Seven-group Gardner ranking 62.6 47.9 53.4 14.7 5.5 9.2

 Balanced Gardner dataset 63.3 50.1 ND 13.2 ND ND

 Balanced retrospective viability dataset 58.8 50.0 ND 8.8 ND ND
a Relative improvement in time to pregnancy and absolute improvement in first-cycle pregnancy rate of the ranking method comparisons indicated.
b Time to pregnancy measured in number of cycles.
ND, not determined.
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implantation and clinical pregnancy rates 
(Victor et al., 2019; Viotti et al., 2020). 
Average artificial intelligence scores were 
also significantly higher for embryos 
with trisomic over monosomic changes 
(P = 0.0027), which is consistent with 
monosomic abnormalities generally 
being non-viable (PGDIS, 2016). Although 
artificial intelligence scores were not 
significantly different between embryos 
with single versus multiple chromosomal 
abnormalities, a trend was observed 
towards higher scores for those with 
single abnormalities (FIGURE 4D). This aligns 
with recommendations for selecting 
mosaic embryos with certain single 
abnormalities for transfer over those 
with multiple or complex aberrations 
(CoGEN, 2017; Cram et al., 2019). 
Similar correlations were observed when 
evaluating the proportion of specific 
abnormalities according to artificial 
intelligence score brackets (viability 
likelihood categories) (Supplementary 
Figure 2).

The proportion of euploid embryos 
was found to significantly correlate 
with increasing Gardner-based score 
groups, demonstrating a relationship 
between embryo morphology and 
ploidy status (FIGURE 4E). Interestingly, 
high artificial intelligence scores were 
associated with a higher percentage of 
euploid embryos even when considering 
embryos of similar morphological grades 
(FIGURE 4F), suggesting that the artificial 
intelligence model could potentially be 
used to differentiate embryos of similar 
morphology based on ploidy status.

Regions of relevance to artificial 
intelligence analysis demonstrate some 
overlap with known morphological 
features of embryo quality
The observed correlations of artificial 
intelligence score with morphological 
components of the embryo and 
with specific types of chromosomal 
abnormalities suggest that the artificial 
intelligence model may be detecting 

a combination of known and as-yet 
unknown morphological features. To 
begin investigating these features, class 
activation maps (CAM) were generated 
for an example input image representing 
an embryo graded 4BA by Gardner 
score. The embryo received an artificial 
intelligence score of 9.1 and resulted in 
clinical pregnancy.

Although a range of CAM algorithms 
exist, the Grad-CAM++ method 
was used in this preliminary analysis 
(Chattopadhay et al., 2018). Heat maps 
associated with regions of high or low 
relevance to the artificial intelligence 
prediction are presented for each of 
the constituent convolutional neural 
network models making up the overall 
artificial intelligence ensemble model in 
FIGURE 5. In general, regions of relevance 
corresponding to viable and non-
viable classifications differed from each 
other, with a localized focus on the 
inner cell mass for non-viability and a 

FIGURE 4 Artificial intelligence scores correlate with features of chromosomal abnormality detected by preimplantation genetic testing for 
aneuploidy (PGT-A). Correlations between average artificial intelligence score and (A) overall euploid, mosaic or aneuploid embryo status; (B) full 
chromosomal gains or losses, or segmental duplications or deletions (‘segmental’ subgroup included embryos with single or multiple segmental 
abnormalities; ‘full’ subgroup included embryos with full chromosomal abnormalities (gain or loss), either alone or in combination with additional 
abnormalities); (C) monosomic or trisomic changes (only embryos with single full monosomies or trisomies were included, embryos with 
multiple abnormalities were excluded); and (D) single or multiple chromosomal abnormalities detected by PGT-A. Average artificial intelligence 
score is depicted for each group, and the number of embryos in each group is indicated in parentheses (analysis of variance P < 0.001 for each 
comparison); (E) the proportion of euploid embryos according to morphological grade using the Gardner seven-group ranking system. Pregnancy 
rate is depicted for each group, and the number of embryos in each group indicated in parentheses. Note that no embryos of expansion grade 
1 or 2 were available in the PGT-A test dataset; (F) the proportion of euploid embryos in each morphological rank group (seven-group system) 
according to high (<5/10) or low (≥5/10) artificial intelligence score. The pregnancy rate is depicted for each group, and the number of embryos in 
each group indicated in parentheses. AI, artificial intelligence, df, degrees of freedom.
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more distributed focus on parts of the 
trophectoderm and the blastocoele 
for viability. For the trophectoderm, 
it is not possible at this stage to 
determine if the regions of relevance 
reflect the trophectoderm grade in 
general, or specific localized parts of the 
trophectoderm, zona pellucida, or both, 
for which the significance is unknown, 
or whether it simply reflects detection 
of the overall shape of the embryo 
(expansion grade).

It is important to note that these 
observations are preliminary, and further 
investigation of feature detection will 
be required using multiple mapping 
methods, different experimental 
parameters and a range of embryo sub-
types to understand more fully what the 
artificial intelligence model is detecting. 
The collective results presented in 
this body of work, however, provide 
support for the notion that the artificial 

intelligence model is likely detecting 
some well-known morphological features, 
as well as features beyond those that 
are visually apparent using the Gardner 
method, which may in some instances 
correspond to features reflecting 
chromosomal integrity.

DISCUSSION

Evaluating embryo selection techniques 
and establishing comparative 
performance is challenging, because the 
ground truth pregnancy outcome for 
each embryo in a patient cohort is not 
generally known. This has led the field 
to turn to simple binary comparisons 
for performance evaluation of artificial 
intelligence, which do not accurately 
reflect real-world clinical practice. 
Binary accuracy measures, such as 
sensitivity, specificity, precision and recall 
provide some idea of the likelihood of 
clinical pregnancy on a per-embryo 

basis (answering the question, is this 
embryo likely or unlikely to lead to 
pregnancy?); however, they do not 
provide an estimation of the ability of 
an artificial intelligence model to rank 
multiple embryos within a patient cohort 
and select the best one for transfer 
(answering the question, which embryo 
is the most likely to lead to pregnancy?). 
Even ROC-AUC only provides, at best, 
an approximate estimation of the ranking 
ability of a binary classification system for 
this particular application, as the curves 
generated are simply an integration 
of the accuracy of the model over 
the complete range of possible binary 
threshold values. Therefore, although 
ROC-AUC is a useful tool for comparing 
artificial intelligence model performance 
on any given dataset, it still lacks the 
ability to estimate more clinically relevant 
performance measurements like the 
number of cycles needed to achieve 
pregnancy, or pregnancy rate. While 

FIGURE 5 Grad-CAM++ mapping of artificial intelligence feature detection for a single day 5 blastocyst image. Heat maps associated with four 
constituent convolutional neural network models making up the final artificial intelligence model are depicted for regions relating to a viable 
(left row) and non-viable (right row) classification. The intensity of the regions of relevance is indicated on a scale from yellow to dark purple (for 
viability), and from white through to grey (for non-viability), corresponding to regions of the most to least relevance during artificial intelligence 
analysis. The original input image is provided, as is a depiction of the summary of features detected by overlaying heat maps from all constituent 
models. Regions of focus corresponding to the inner cell mass (ICM) and trophectoderm (TE) are indicated, as are regions where the significance 
of the detected feature is unclear (indicated with a question mark). The significance of localized focus on specific parts of the trophectoderm is 
unclear. Note that regions of relevance lying outside the embryo boundary may provide information regarding overall embryo shape (expansion 
grade). AI, artificial intelligence.
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ultimately a randomized controlled 
trial remains the standard paradigm for 
evaluating interventional methods in 
medicine, it is not always practicable 
to conduct such burdensome studies, 
particularly for evaluating low-risk clinical 
decision support artificial intelligence, 
which may undergo future iterations 
resulting in the need for repeated 
performance evaluation.

The present study identifies several 
alternate methods for evaluating 
artificial intelligence models for ranking 
embryos to better mirror the process 
of embryo assessment and selection in 
the IVF laboratory, without relying on an 
interventional clinical trial. Correlative 
analyses linking increasing artificial 
intelligence score to increasing clinical 
pregnancy rates demonstrated that the 
viability artificial intelligence model can 
be used to aid in ranking embryos within 
a patient cohort according to relative 
likelihood of pregnancy. These methods 
were derived from procedures for 
developing calibration curves traditionally 
used to validate the performance of in 
vitro diagnostic devices.

A simulated cohort analysis was also 
developed to allow an estimation of TTP 
using tens of thousands of simulated 
patient IVF cohorts (cycles). This method 
showed that the use of the artificial 
intelligence model improved ranking 
and reduced the average number of 
cycles that might be needed to achieve 
clinical pregnancy. Given that embryo 
cryopreservation techniques have been 
optimized over the years such that frozen 
embryo transfers now demonstrate 
equivalent or even higher success rates 
than on fresh transfer, improved embryo 
selection is unlikely to affect cumulative 
pregnancy rates in IVF (Mastenbroek 
et al., 2011). As an alternative metric, 
the simulated cohort ranking method 
was used to demonstrate that use 
of the artificial intelligence model 
improved pregnancy rate in the first 
cycle of IVF. These improvements were 
compared with random ranking, which 
was selected to reflect the approximate 
50% pregnancy success rate in the 
datasets collected for this study, and with 
a number of different Gardner-based 
ranking methods, a common grading 
system typically used to select embryos 
based on pre-defined morphological 
characteristics. Regardless of the 
comparator ranking method used, the 
artificial intelligence model was found 

to be superior in reducing TTP and 
increasing pregnancy rates. Collectively, 
these methods allowed evaluation of 
artificial intelligence performance for 
embryo ranking and selection on a 
per-patient basis, rather than on a per-
embryo basis, which more closely reflects 
the intended clinical use of the artificial 
intelligence model for ranking embryos in 
preferred order for transfer.

The artificial intelligence model also 
improved embryo selection based on live 
birth outcome compared with random 
selection using the simulated cohort 
ranking method. The improvement 
was, however, less than when selecting 
embryos based on a clinical pregnancy 
outcome. This is not surprising, as there 
are likely additional confounding factors 
outside of embryo quality that could 
contribute to miscarriage after an initial 
positive clinical pregnancy result, e.g. 
hormonal conditions, uterine or cervical 
factors, or infection. A clinical end point 
of pregnancy is in this case a more 
appropriate ground truth outcome than 
live birth for evaluating the performance 
of artificial intelligence models trained to 
assess embryo quality.

Artificial intelligence approaches for 
embryo selection are considered by 
many to be a black box evaluation. 
It is important to characterize these 
models for consistency with known 
clinical features of embryo quality to 
gain trust in the predictions they make. 
This study showed not only correlation 
of artificial intelligence scores with 
known morphological features typically 
associated with embryo viability, but also 
correlation with embryo ploidy status, 
providing confidence that the artificial 
intelligence model is identifying complex 
features that relate to known metrics 
of embryo quality that are relevant to 
pregnancy outcomes. A preliminary 
investigation of feature detection using 
CAM methodology supported the 
hypothesis that the artificial intelligence 
model likely detects both known and 
previously unknown morphological 
features related to embryo quality, 
although substantial additional work 
will be required to characterize the 
regions of relevance and their biological 
significance more fully. Given the non-
linearity of the Gardner grade, and the 
inconsistency of its application between 
clinics and embryologists (Storr et al., 
2017), the results of this study show 
that the artificial intelligence model 

offers a more objective and accurate 
measurement of embryo quality with 
regards to pregnancy likelihood, which 
can be used to effectively rank order 
embryos for transfer. Considering the 
state of the IVF field today, even relatively 
small, incremental improvements in 
success rates are important (Chambers 
et al., 2021). That the artificial intelligence 
model reduced TTP by up to 12.2% and 
improved first-cycle pregnancy success 
rate by up to 11.1% over morphological 
methods is likely to translate to a 
significant real-world benefit.

In conclusion, the findings of this 
study outline methods that should be 
considered more widely for evaluating 
artificial intelligence models in the field of 
embryology, and further support the use 
of this viability artificial intelligence for 
embryo selection during IVF treatment.
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