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STUDY QUESTION: What is the accuracy and agreement of embryologists when assessing the implantation probability of blastocysts
using time-lapse imaging (TLI), and can it be improved with a data-driven algorithm?

SUMMARY ANSWER: The overall interobserver agreement of a large panel of embryologists was moderate and prediction accuracy
was modest, while the purpose-built artificial intelligence model generally resulted in higher performance metrics.

WHAT IS KNOWN ALREADY: Previous studies have demonstrated significant interobserver variability amongst embryologists when
assessing embryo quality. However, data concerning embryologists’ ability to predict implantation probability using TLI is still lacking.
Emerging technologies based on data-driven tools have shown great promise for improving embryo selection and predicting clinical
outcomes.

STUDY DESIGN, SIZE, DURATION: TLI video files of 136 embryos with known implantation data were retrospectively collected
from two clinical sites between 2018 and 2019 for the performance assessment of 36 embryologists and comparison with a deep neural
network (DNN).

PARTICIPANTS/MATERIALS, SETTING, METHODS: We recruited 39 embryologists from 13 different countries. All participants
were blinded to clinical outcomes. A total of 136 TLI videos of embryos that reached the blastocyst stage were used for this experiment.
Each embryo’s likelihood of successfully implanting was assessed by 36 embryologists, providing implantation probability grades (IPGs)
from 1 to 5, where 1 indicates a very low likelihood of implantation and 5 indicates a very high likelihood. Subsequently, three embryolo-
gists with over 5 years of experience provided Gardner scores. All 136 blastocysts were categorized into three quality groups based on
their Gardner scores. Embryologist predictions were then converted into predictions of implantation (IPG� 3) and no implantation
(IPG� 2). Embryologists’ performance and agreement were assessed using Fleiss kappa coefficient. A 10-fold cross-validation DNN was
developed to provide IPGs for TLI video files. The model’s performance was compared to that of the embryologists.

MAIN RESULTS AND THE ROLE OF CHANCE: Logistic regression was employed for the following confounding variables: country of
residence, academic level, embryo scoring system, log years of experience and experience using TLI. None were found to have a statisti-
cally significant impact on embryologist performance at a¼ 0.05. The average implantation prediction accuracy for the embryologists was
51.9% for all embryos (N¼ 136). The average accuracy of the embryologists when assessing top quality and poor quality embryos
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(according to the Gardner score categorizations) was 57.5% and 57.4%, respectively, and 44.6% for fair quality embryos. Overall
interobserver agreement was moderate (j¼ 0.56, N¼ 136). The best agreement was achieved in the poor þ top quality group (j¼ 0.65,
N¼ 77), while the agreement in the fair quality group was lower (j¼ 0.25, N¼ 59). The DNN showed an overall accuracy rate of
62.5%, with accuracies of 62.2%, 61% and 65.6% for the poor, fair and top quality groups, respectively. The AUC for the DNN was higher
than that of the embryologists overall (0.70 DNN vs 0.61 embryologists) as well as in all of the Gardner groups (DNN vs embryologists—
Poor: 0.69 vs 0.62; Fair: 0.67 vs 0.53; Top: 0.77 vs 0.54).

LIMITATIONS, REASONS FOR CAUTION: Blastocyst assessment was performed using video files acquired from time-lapse incuba-
tors, where each video contained data from a single focal plane. Clinical data regarding the underlying cause of infertility and endometrial
thickness before the transfer was not available, yet may explain implantation failure and lower accuracy of IPGs. Implantation was defined
as the presence of a gestational sac, whereas the detection of fetal heartbeat is a more robust marker of embryo viability. The raw
data were anonymized to the extent that it was not possible to quantify the number of unique patients and cycles included in the study,
potentially masking the effect of bias from a limited patient pool. Furthermore, the lack of demographic data makes it difficult to draw con-
clusions on how representative the dataset was of the wider population. Finally, embryologists were required to assess the implantation
potential, not embryo quality. Although this is not the traditional approach to embryo evaluation, morphology/morphokinetics as a means
of assessing embryo quality is believed to be strongly correlated with viability and, for some methods, implantation potential.

WIDER IMPLICATIONS OF THE FINDINGS: Embryo selection is a key element in IVF success and continues to be a challenge.
Improving the predictive ability could assist in optimizing implantation success rates and other clinical outcomes and could minimize the
financial and emotional burden on the patient. This study demonstrates moderate agreement rates between embryologists, likely due to
the subjective nature of embryo assessment. In particular, we found that average embryologist accuracy and agreement were significantly
lower for fair quality embryos when compared with that for top and poor quality embryos. Using data-driven algorithms as an assistive
tool may help IVF professionals increase success rates and promote much needed standardization in the IVF clinic. Our results indicate a
need for further research regarding technological advancement in this field.

STUDY FUNDING/COMPETING INTEREST(S): Embryonics Ltd is an Israel-based company. Funding for the study was partially
provided by the Israeli Innovation Authority, grant #74556.
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Introduction
The successful outcome of IVF treatment can be measured in many
ways, but ultimately the goal is a live, healthy birth. Terminal outcomes
are most often reported as live birth rate (LBR) or cumulative live
birth rate (CLBR) (Maheshwari et al., 2015). Multiple factors are
known to affect LBR and CLBR and, as such, 40 years of evidence-
based advancements in these areas have led to significant improve-
ments in IVF success. These include advances in the understanding of
ovarian reserve and ovarian stimulation (van Wely et al., 2011; Broer
et al., 2013; Lambalk et al., 2017), improvements in sperm selection
and ICSI (Balaban et al., 2011; Walls et al., 2012; Worrilow et al.,
2013), improvements in embryo culture and transfer, including elective
single embryo transfer (Gardner et al., 1998; Papanikolaou et al., 2006;
Thompson et al., 2013) and advances in embryo grading and selection
(Gardner et al., 2000; Alpha Scientists in Reproductive Medicine and
ESHRE Special Interest Group of Embryology, 2011; Van den Abbeel
et al., 2013).

However, although success rates have continued to improve along
with the demand for IVF, there is a general consensus that there is still
room for improvement: LBRs per intended oocyte retrieval in the
USA in 2019 were �37% (2019 Assisted Reproductive Technology
Fertility Clinic and National Summary Report j CDC, 2022).
Commentators in the field have consistently pointed to the subjective
and variable nature of the embryo selection process as a particular
barrier, despite attempts to standardize and validate this approach

(Van den Abbeel et al., 2013; Rocha et al., 2016; VerMilyea et al.,
2020). Furthermore, direct measurement of the accuracy of embryo
selection is challenging since the clinical outcome of non-transferred
embryos cannot be known. Instead, agreement is often used to assess
performance relative to variable outcomes (Storr et al., 2017;
Hammond et al., 2020). The subjective nature of embryo grading is
therefore biased further by the fact that performance is typically vali-
dated in the context of a subjective gold standard.

Preimplantation genetic testing for aneuploidy (PGT-A) and its prede-
cessors introduced a valuable new tool to the IVF laboratory. As aneu-
ploidy is believed to be a particularly common cause of miscarriage,
and incidence increases with age, PGT-A and selective transfer of eu-
ploid embryos have been shown to improve ongoing pregnancy (OP)
rate per embryo transfer (Munné et al., 2019). Additionally, when eu-
ploid embryos are transferred, implantation rates have been observed
to be similar regardless of maternal age at the time of oocyte retrieval
(Harton et al., 2013). However, although PGT-A has been widely
adopted in the USA, its cost and the technicality of the procedure are
significant barriers (Roche et al., 2021). Furthermore, it is still unclear
whether its use has a significant impact on OP per intention to treat
and LBRs (Munné, 2018; Munné et al., 2019; Roche et al., 2021). The
current debate surrounds the fate of mosaic embryos, the transfer of
which has been traditionally avoided, and guidance is required in this
area (Munné et al., 2017; Roche et al., 2021). Regardless, it is still an in-
valuable tool and provides an objective approach to embryo selection,
particularly in cases of advanced maternal age (Munné et al., 2019).

2276 Fordham et al.
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The introduction of time-lapse imaging (TLI) was heralded as another

major step in the right direction for embryo culture, enabling clinicians
to maintain a constant environment whilst monitoring the entirety of
the embryo’s in vitro development. Unfortunately, its effect on birth
rate is again unclear, with a lack of quality evidence suggesting any posi-
tive impact (Kirkegaard et al., 2015; Armstrong et al., 2019). TLI has,
however, led to improved understanding of morphokinetics and to the
accumulation of vast amounts of visual data of embryogenesis. It is likely
that certain irregular morphokinetic events, such as reverse cleavage,
direct cleavage and multinucleation, as well as the timing of develop-
mental events, are associated with implantation outcome (Kaser and
Racowsky, 2014; Motato et al., 2016; Barrie et al., 2017). A recent mul-
ticenter double-blinded randomized control trial assessing a commer-
cially available TLI-based algorithm designed to predict implantation
outcomes from morphokinetic and morphological annotations was
found to be non-inferior to embryologists but had no significant impact
on continuing pregnancy or implantation rates (Ahlström et al., 2022).

There is little doubt in the IVF community that the human eye is a
limiting factor when assessing the microscopic phenotypic manifesta-
tions of embryogenesis. In recent years, there have been numerous
attempts to standardize embryo selection with artificial intelligence
(AI), including subfields such as machine learning and deep learning
(DL), using visual data to develop more objective embryo assessment
techniques. Such endeavors have focused on different technologies
and outcome predictions, such as blastocyst formation using morpho-
kinetic annotations (Petersen et al., 2016), embryologist decisions to
transfer and cryopreserve embryos (Bormann et al., 2020) and implan-
tation outcome (Tran et al., 2019; VerMilyea et al., 2020; Wang et al.,
2021). Models based on visual inputs that are designed to predict im-
plantation outcome possess the greatest potential as they do not rely
on traditional, subjective inputs, namely manual morphological assess-
ment or morphokinetic annotations. The models are instead trained
using still images or TLI videos of embryos with known implantation
data (KID), which are then used to objectively identify patterns associ-
ated with success. The detected patterns may include previously
identified morphological and morphokinetic features, but the high-
throughput nature of AI methods also affords them the ability to iden-
tify factors that manual embryo study cannot.

A common metric to assess the performance of such tools is the
AUC of a receiver operating characteristic (ROC) curve (Kragh and
Karstoft, 2021). This allows interpretation of a model’s ability to distin-
guish between outcomes in a binary classification system and is calcu-
lated by plotting true positive rate (sensitivity) over false positive rate
(1-specificity). Results vary depending on the primary outcome of the
studies. Models attempting to predict embryo quality, defined by stan-
dard morphological assessment, perform extremely well with AUCs as
high as 0.98 (Khosravi et al., 2019). Several papers have been pub-
lished in recent years assessing the ability of AI models to predict im-
plantation, with AUCs promisingly sitting around the 0.7 mark (Kragh
et al., 2019; Chavez-Badiola et al., 2020b; Ueno et al., 2021; Berntsen
et al., 2022; Loewke et al., 2022). Given that euploid embryos implant
on average �70% of the time (Tiegs et al., 2020), it is likely that these
results are approaching maximum performance when considering em-
bryo factors alone.

Although results thus far have been promising, there is yet again a
lack of data validating their clinical performance (Storr et al., 2018).
One important hurdle is software generalization: the ability of AI to

perform consistently regardless of known differences such as embryo
culture methods, imaging hardware and patient populations. Such diffi-
culties in generalization are largely due to the tendency of AI models to
overfit their training data (Berntsen et al., 2022). Generalization is theo-
retically achievable with DL through the use of large, heterogeneous
datasets and advancements in DL techniques; however, this is logisti-
cally difficult (Zhang et al., 2016; Neyshabur et al., 2017). Therefore,
human morphological assessment remains the gold standard for em-
bryo selection as the AI community continues to debate the challenges
and merits of a generalized versus clinic-specific approach.

The objective of this study was to assess the implantation prediction
agreement between a large cohort of embryologists grading TLI videos
of embryos developed to the blastocyst stage with KID, and to com-
pare their implantation prediction performance against a purpose-built
DL model.

Materials and methods

Study design
In this prospective study, 39 embryologists were recruited from 13 dif-
ferent countries in April and May of 2020. The aim was to assess the
inter- and intraobserver agreement of embryologists when asked to
predict the likelihood of implantation for blastocysts based on retro-
spectively collected TLI videos of developing embryos and then com-
pare their performance with that of a purpose-built deep neural
network (DNN) model.

The dataset initially consisted of 143 retrospectively collected TLI
videos of transferred embryos cultured in EmbryoScope or
EmbryoScopeþ TLI systems (Vitrolife, Aarhus, Denmark) at two dif-
ferent IVF clinics from cycles performed between 2018 and 2019.
Videos were 500 by 500 pixels, with time-lapse intervals of 15 min.
Mean patient age was 35.7 years (age range 26–44 years). Both ICSI
and IVF were utilized in the fertilization process (98% and 2%, respec-
tively), using 141 autologous oocytes and 2 donor oocytes. Inclusion
criteria for this experiment were: embryos with KID, determined using
ultrasound evidence of a gestational sac at 5–8 weeks as identification
of implantation (Zegers-Hochschild et al., 2017); TLI culture and image
capture until at least 90-h post-insemination (HPI); and blastocyst stage
embryo, determined by senior embryologists. Overall, seven videos
were excluded from model training and final analyses either because
the embryos had not reached the blastocyst stage (n¼ 6) or because
the implantation outcome was unclear (n¼ 1), resulting in a final data-
set of 136 videos (Fig. 1). Incubation times of the final 136 embryos
ranged from approximately 95 to 144 HPI, with one embryo cultured
to Day 4, 123 embryos cultured to Day 5 and 12 embryos cultured to
Day 6. The final ratio of negative to positive implantation was approxi-
mately 1:1 (52.3% no implantation (n¼ 71) versus 47.7% implantation
(n¼ 65)). Transfers were either single embryo transfers with known
implantation outcomes or double embryo transfers where implantation
outcome was guaranteed through virtue of deduction (i.e. implantation
rate either 100% or 0%). PGT was not performed on any embryo.
There was one recorded incidence of monozygotic twins. OP and
birth outcomes were only available for a subset of the data and were
therefore not included in the analysis.

Data-driven solutions to embryo assessment subjectivity 2277
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.Embryologist implantation prediction
grading
We asked 37 embryologists to provide TLI implantation predictions for
this study based on their analysis of entire TLI videos. They were not
required to provide morphological scores or morphokinetic annota-
tions. One participant failed to complete the study, leaving a total of 36
embryologists for analysis. Three video sets, each containing a random-
ized subset of 100 TLI videos from the original 143, were generated
and uploaded to a shared folder. Participants were given temporary
permission to view the set. They were required to complete each set
before continuing to the next set, which became available after seven
days. Participants were blinded to the fact that videos repeated be-
tween sets. Participants were asked to provide an implantation proba-
bility grade (IPG) between 1 and 5 for each embryo with descriptions
as follows: 1—Very low likelihood of implantation; 2—Low likelihood
of implantation; 3—Moderate likelihood of implantation; 4—High likeli-
hood of implantation; 5—Very high likelihood of implantation. These
results were collected in an Excel proforma provided to each partici-
pant with the release of each set. No additional clinical information was
provided. At the end of the experiment, participants completed a ques-
tionnaire containing questions relating to years of experience, job title,
embryo grading system(s) used at their clinic, previous experience with
TLI hardware and, if so, which systems.

Analysis of each embryologist’s IPG predictions was conducted on
42 embryos graded once, 39 graded twice and 55 graded three times.
A total of 10 260 individual predictions were made (285 per embryol-
ogist). Sample sizes were deemed adequate after reviewing relevant lit-
erature comparing inter- and intraobserver variability (Storr et al.,
2017; Hammond et al., 2020).

Blastocyst morphological grading
Two additional embryologists were recruited from independent clinics
to provide Gardner scores for all embryos that met the inclusion

criteria. In the event that their grades did not agree, a senior embryol-
ogist from the initial prediction study acted as a tie breaker. Each of
the three embryologists providing Gardner scores had at least 5 years’
experience. After Gardner scores were finalized, embryos were di-
vided into three groups: top quality embryos graded 3-6AA (n¼ 32),
fair quality embryos graded 3-6AB, BA or BB (n¼ 59) and poor quality
embryos graded 1–2 for expansion or a C for either inner cell mass
and/or trophectoderm (n¼ 45) (Fig. 2) (Gardner et al., 2000;
Cetinkaya et al., 2015; Petersen et al., 2016). The percent of embryos
that achieved implantation in each group remained relatively balanced
(59.4%, 42.4% and 46.7%, respectively).

Model architecture
Two separate DNN models were used to generate IPGs. For the
first model, five frames were extracted from each video as the
model input based on the expected optimal timings of developmen-
tal stages described in the Istanbul consensus (Alpha Scientists in
Reproductive Medicine and ESHRE Special Interest Group of
Embryology, 2011). Resulting HPIs were 28, 44, 68, 92 and 116,
corresponding to the ideal timings of the 2-cell, 4-cell, 8-cell, morula
and blastocyst stages, respectively. These frames were fed through
a pretrained EfficientNetV2 encoder (Tan and Le, 2021) to extract
content features. Extracted frames were linearly resized to 500 �
500 pixels and normalized to standard values for the EfficientNetV2
pretrained network which concatenates the resulting encoded vec-
tors and fine-tunes a linear layer for classification. For the
EfficientNet model, the initial learning rate was 1e�5, with a drop-
out rate of 0.1. Extracted data were used as input for a classification
network which outputs IPGs.

For the second model, 100 frames were extracted from each video
as the model input (from 20 to 120 HPI at 1-h intervals) (Fig. 3).
These sample frames were encoded using the ‘Embryo morphology
encoder’ (Fig. 4), a conventional neural network encoder based on the

Figure 1. Flow chart detailing the study design. Summary workflow detailing the main steps of the study. After results were collected, statisti-
cal analysis was performed in order to assess embryologist agreement and to compare embryologist and DNN model performance.

2278 Fordham et al.
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..Seg-Net architecture (Badrinarayanan et al., 2017). It was trained on
semantic segmentation of embryo components from time-lapse frames
(images) and was designed to take TLI frames and output vectors
encoding data related to visual elements of the developing embryo.

A positional embedding was then concentrated to each of the
encoded vectors before being fed through a transformer encoder. For
the Transformer-based model, a learning rate of 5e�5, and a dropout
rate of 0.3 were used.

In parallel to the transformer, one frame from HPI 110–120 was fed
through the pretrained EfficientNetV2 encoder with the aim of extract-
ing content features specific to the embryo’s blastocyst stage of devel-
opment. The transformer block and the pretrained EfficientNetV2
were followed by a multilayer perceptron head which output the
model predictions for which a classification loss was minimized during
the training. The optimizer used was Adam (Kingma and Ba, 2017).

Both models were combined into a DNN ensemble to output a sin-
gle IPG from both models’ predictions.

Ten-fold cross-validation
The TLI videos were randomly divided into 10 equal folds with implan-
tation: no implantation ratios of 1:1. In total, 10 iterations were carried
out covering the entire 136 video dataset. Within each iteration, 7
folds were selected as the training set, with 2 folds for validation and 1
fold for testing. At the conclusion of the series, the stopping epoch for
each run for the test fold was chosen based on the highest AUC value
of the validation folds.

Several intrinsic factors were anticipated to artificially affect the clas-
sification label, including brightness, light source and shadow of the

Figure 2. Binning of embryos into quality groups using the
Gardner score. Each TLI video was graded using the Gardner cri-
teria by a panel of embryologists. Embryos were then binned into
top, fair and poor quality embryos based on their Gardner score
(Gardner et al., 2000; Cetinkaya et al., 2015; Petersen et al., 2016).
TLI, time-lapse imaging.

Figure 3. Transformer-based deep neural network model overview. Summary of model 2. A video is sampled uniformly into a fixed length
of 100 frames, each frame is encoded, positions are embedded, and the resulting sequence of vectors is fed to a standard transformer encoder. One
of the last frames was fed to a pre-trained efficient-net encoder (EfficientNetV2), the output vectors from EfficientNetV2 and the transformer were
concatenated and passed through a multilayer perceptron (MLP) which output the model predictions. Image adapted from Figure 1 of Dosovitskiy
et al. (2020).

Data-driven solutions to embryo assessment subjectivity 2279
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EmbryoScope model, embryo position within the well and zoom scale
(Supplementary File S1). In order to enhance the model’s robustness
to such factors and prevent overfitting, augmentations were applied to
the training set including rotations, scaling and global color adjustments
(Supplementary File S1).

Raw predictions from each fold were between 0 and 1. The optimal
prediction threshold was determined based on accuracy over the vali-
dation folds, binning thresholds for the transformation to IPGs of 1 to
5 were calculated by normalizing raw predictions to the extended
range.

Statistical analysis
To examine the impact of the embryologists’ characteristics on implan-
tation prediction accuracy, binomial regression was performed
(71 cases of non-implantation and 65 cases of implantation). For the
characteristic ‘country’, three cohorts were generated loosely based
on geographical territories: embryologists working in the USA,
Western Europe and Turkey, and the rest of the world. CIs of 95%
were applied to odds ratios.

The Fleiss kappa (j) coefficient (Fleiss, 1971) was used to assess
the level of agreement between the 36 embryologists. In total, three
kappa scores were calculated according to the following groupings:
fair quality embryos (n¼ 59), poor and top quality embryos com-
bined (‘poorþtop quality group’, n¼ 77) and all embryos. Like
Hammond et al. 2020, a combined poorþtop group was selected
for kappa analysis as a presumption was made that embryologists
would have stronger agreement for these embryos. The suggested
kappa value interpretation is: 0.0–0.20 poor agreement, 0.21–0.40
fair agreement, 0.41–0.60 moderate agreement, 0.61–0.80 good
agreement and 0.81–1.00 very good agreement (Altman, 1990). To
evaluate statistical significance between Fleiss kappa coefficients, Z-
test approximation was used.

The three test sets provided to the embryologists contained a num-
ber of TLI videos that were repeated two or three times across sets.
A test–retest agreement method using intraclass correlation (ICC) was
calculated to determine how consistent the embryologists were with

themselves, based on the embryos that were graded either two
or three times. ICC values may be interpreted as follows:
>0.8¼ high-perfect agreement; 0.7–0.8¼ good agreement; 0.5–0.6¼
regular-moderate agreement; 0.2–0.4¼ fair agreement; and 0.0–0.2¼
poor agreement (Shrout and Fleiss, 1979).

To allow for performance assessment, which requires binary inputs,
the five-point IPG scale was divided into two groups. IPGs of 3, 4 and
5 were considered predictions of implantation, whereas IPGs of 1 and
2 were considered predictions of no implantation. The IPG threshold
of 2 was selected because it resulted in the highest overall interob-
server agreement for the embryologists (data not shown). The embry-
ologists’ and model’s performances were then evaluated by the
following statistical measures: accuracy, F1, sensitivity, specificity, nega-
tive predictive value (NPV) and positive predictive value (PPV). For
these comparisons, the bootstrapped method for the mean was calcu-
lated for each metric by resampling the 36 embryologists’ performan-
ces 10 000 times, and the 95% CI to the mean was created for each
measure.

The Kruskal–Wallis test was applied to evaluate whether a
statistical difference was present between the three quality groups.
The Mann–Whitney U test was then used to assess significance
between individual embryo quality groups. Comparisons were also
made between the model and embryologists using ROC curves, with
AUC used for performance comparison. AUCs were calculated for
the overall dataset, and after binning into Gardner quality groups.

Results

Characteristics of embryologist cohort and
their effect on accuracy
The characteristics of the embryologists who participated in the study
are summarized in Table I. In total, 36 embryologists working in 12 dif-
ferent countries and 29 different IVF clinics provided implantation pre-
dictions for this study. At the time of the study, 27.8% of participants
practiced in North America (10/36), with 55.6% in Europe (20/36),

Latent
Space

Figure 4. Embryo morphology encoder overview. An auto-encoder architecture based on Seg-Net (Badrinarayanan et al., 2017) where the
skipped connections were removed to encode embryo morphology by training the model on a semantic segmentation task.

2280 Fordham et al.
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..13.8% in Asia (5/36) and 2.8% in Africa (1/36). Years of experience
(post-undergraduate qualification) ranged from 3 months to 32 years,
with a mean of 7.1 years (standard deviation 6.8 years). Female to
male ratio was exactly 2:1. The majority of the participants reported
previous or current experience with TLI incubators (69%, 25/36),
with EmbryoScope/EmbryoScopeþ being the most commonly used
device. Unsurprisingly, the embryo grading system used by participants
had a regional distribution. The Gardner score was the most

ubiquitous system (67%, 24/36), showing universal distribution.
ASEBIR was particularly prevalent amongst embryologists working in
Spain (4/6), and 17% (6/36) of participants routinely used two differ-
ent grading systems, for which the Gardner score always featured.
Most (94%) participants had at least a master’s degree (34/36) with
25% (9/36) having completed a doctorate.

Logistic regression comparing odds ratios showed no statistically sig-
nificant differences (at a¼ 0.05) between implantation prediction

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

Table I Characteristics of participating embryologists.

Embryologists
numbers

Country Years
active

Embryo
grading

Specific
TLI experience

Qualifications Job title
(self-reported)

1 USA 32.00 a, f 0 PhD Consultant Embryologist

2 USA 20.00 a 1,2 Masters Senior Embryologist/Lab Supervisor

3 USA 16.00 a 0 Masters Senior Embryologist/Lab Supervisor

4 USA 9.00 a 1,3,4 Masters Senior Embryologist

5 USA 4.00 a 0 PhD Embryologist

6 USA 3.00 a 1 Masters Embryologist

7 USA 3.00 b 1 Masters Embryologist

8 USA 3.00 a, b 0 Phd Senior Embryologist

9 USA 3.00 a 0 Masters Embryologist

10 USA 1.00 f 0 Masters Junior Embryologist

11 Spain 15.00 a 1,3 Masters Senior Embryologist

12 Spain 6.00 a, c 1,3 Masters Senior Embryologist

13 Spain 4.00 c 1 Masters Embryologist

14 Spain 2.00 a 1,2 PhD Embryologist

15 Spain 2.00 c 1,2,3 2 Masters Embryologist

16 Spain 0.25 c 1,2 2 Masters Embryologist

17 Ukraine 9.00 f 1,5 Masters Senior Embryologist

18 Ukraine 4.00 a 0 PhD Embryologist

19 Ukraine 3.00 a 0 BSc Embryologist

20 Ukraine 1.00 a 0 Masters Junior Embryologist

21 Ukraine 0.50 c Unknown Masters Junior Embryologist

22 India 8.00 a 1 Masters Senior Embryologist/Lab manager

23 India 8.00 d 1,5 PhD Consultant Embryologist

24 India 6.00 a, e 1 Masters Senior Embryologist

25 India 2.00 a, d 0 Masters Junior Embryologist

26 UK 5.00 a 1,2 2 Masters Embryologist

27 UK 2.00 a 1,2 Masters Embryologist

28 Turkey 14.00 f 1 Masters Senior Embryologist

29 Turkey 9.00 d 1 Masters Senior Embryologist/Lab Director

30 Bulgaria 13.00 a 1 Masters Senior Embryologist

31 Bulgaria 8.00 a 0 PhD Embryologist

32 UAE 8.00 f 6 Masters Senior Embryologist

33 Lithuania 19.00 a, f 6 PhD Senior Embryologist

34 Ghana 2.00 a 0 BSc Embryologist

35 Georgia 10.00 a 0 Masters Consultant Embryologist

36 Czech 6.00 a 1,3,5 DR Rer Nat Clinical Embryologist

TLI, time-lapse imaging.
Embryo Grading: aGardner, bSART, cASEBIR, dIstanbul Consensus, eKIDScore D5, fLocal grading system.
TLI Experience: 0None, 1Embryoscope/Embryoscopeþ, 2Geri, 3PrimoVision, 4Eeva, 5MIRI TL.
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accuracies and embryologist characteristics (Table II). To assess the ef-
fect of characteristic variables on embryologist accuracy, a binomial re-
gression model was built where the response variable was the number
of correct predictions (true positives and true negatives) each embry-
ologist provided in the 136-video set. The variables Country, Degree,
Embryo Scoring System and Experience in TLI were indicator variables
in this regression. The baseline (‘intercept’) was an embryologist with
the predictors: Country [Other], Embryo Scoring System [without
Gardner], Experience in TLI [No] and Degree [No PhD].

Interobserver and intraobserver agreement
between embryologists
Figure 5 shows the interobserver agreement, which was assessed using
weighted kappa scores. Embryos classified as poor and top quality af-
ter Gardner grading were grouped together (n¼ 77) and compared to
embryos classified as fair quality (n¼ 59), and to the entire set of 136
embryos (Fig. 5). The kappa score for the combined poorþtop quality
group (weighted j: 0.65; 95% CI: 0.6–0.7) indicated good agreement
between embryologists. In contrast, the interobserver agreement for
the fair quality group only showed fair agreement (j: 0.25; 95% CI:
0.18–0.321), significantly lower than that of the poorþtop quality
group (P< 0.001). Overall agreement was moderate (weighted j:
0.56; 95% CI: 0.51–0.61).

ICCs measuring the test–retest reliability, a measure of intraob-
server agreement, were calculated for TLI videos graded twice
(n¼ 39; ICC: 0.77; 95% CI: 0.64–0.91) and three times (n¼ 55; ICC:
0.75; 95% CI: 0.67–0.89) by each embryologist, showing good consis-
tency (Supplementary Table SI).

Embryologist characteristics were found to not statistically affect the
agreement. For embryologists working in the USA the kappa was 0.51
(95% CI: 0.45–0.57, n¼ 10), for Western Europe and Turkey
j¼ 0.52 (95% CI: 0.47–0.58, N¼ 14), and for Other j¼ 0.51 (95%
CI: 0.45–0.56, n¼ 12). For embryologists with a PhD, j¼ 0.49 (95%

CI: 0.43–0.55, N¼ 9) compared to j¼ 0.55 (95% CI: 0.50–0.60,
n¼ 27) for those without. For embryologists with up to 5 years of ex-
perience j¼ 0.55 (95% CI: 0.50–0.60, n¼ 19), for embryologists with
5–10 years of experience j¼ 0.51 (95% CI: 0.45–0.56, n¼ 12), for
embryologists with 10–15 years of experience j¼ 0.41 (95% CI: 0.32–
0.50, n¼ 3), for embryologists with over 15 years of experience
j¼ 0.48 (95% CI: 0.41–0.55, n¼ 4).

Performance of embryologists versus DNN
model after binary binning according to
implantation prediction
To calculate implantation prediction accuracy, an IPG of �2 was con-
sidered a prediction of failure to implant, whereas �3 was considered
a prediction of successful implantation. Figure 6 shows the distribution
of the IPGs for each embryo (n¼ 4896). For TLI videos that were
graded multiple times across the video sets, only the first recorded
IPG was analyzed. Overall, participants appeared to over-estimate the
likelihood of implantation with 75.6% of embryologists’ IPGs predicting
implantation (n¼ 3699) versus 24.4% predicting no implantation
(n¼ 1197), despite the balanced dataset.

In order to assess the performance of the DNN, statistical analysis
was conducted on IPGs generated for the dataset and compared to
those of the embryologists. The DNN performed better than the
embryologists in every key metric measured, with a 20.5% increase in
accuracy (62.5% vs 51.9%), 10.3% increase in F1 (67.1% vs 60.8%),
1.7% increase in sensitivity (80% vs 78.7%), 21.8% increase in NPV
(71.7% vs 58.9), and 16.1% increase in PPV (57.8% vs 49.8%) (Fig. 7).
Excluding sensitivity, the improvement in performance achieved for the
benchmark metrics by the DNN model was found to be significant
(a¼ 0.05). All individual values with 95% CIs and SDs for the DNN
model are shown in Supplementary Table SII.

Performance of embryologists versus DNN
model after binning according to Gardner
groups
Figure 8 compares the implantation prediction accuracies for embryol-
ogists with those of the DNN model after embryos were binned into
Gardner groups. Using the Kruskal–Wallis test and then evaluating sig-
nificance with the Mann–Whitney U test, a significant difference was
found between embryologist accuracy when predicting implantation
for fair embryos (44.6%, 95% CI 36.2–52.9) compared to poor em-
bryos (57.4%, 95% CI 49.1–65.7) (P< 0.0001) and top embryos
(57.5%, 95% CI 49.2–65.8) (P< 0.0001). There was no statistically sig-
nificant difference found between poor and top embryo prediction ac-
curacies. The DNN model achieved higher accuracies for the poor
(62.2%), fair (61.0%) and top (65.6%) embryo quality groups com-
pared with the embryologists.

ROC curves showing true positive rate versus false positive rate are
shown in Fig. 9. The AUC for the DNN was higher overall (0.70
DNN vs 0.61 embryologists) as well as in all the Gardner groups
(DNN vs embryologists for Poor: 0.69 vs 0.62; Fair: 0.67 vs 0.53;
Top: 0.77 vs 0.54). Multiclass analysis showed that the DNN model
performed better than every embryologist when ROCs were plotted
individually (Supplementary Fig. S1).

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

Table II Logistic regression comparing odds ratios be-
tween implantation prediction accuracy and embryolo-
gist characteristics.

Successes/total

Predictors Odds ratios 95% CI P

(Intercept) 1.10 0.92–1.31 0.311

Country [United States of America] 1.00 0.86–1.16 0.970

Country [Western Europe þ Turkey] 0.98 0.84–1.14 0.798

Degree [PhD] 1.03 0.90–1.18 0.639

Embryo Scoring System [with Gardner
score]

1.04 0.91–1.20 0.537

Experience in TLI [Yes] 1.04 0.89–1.21 0.611

Log Years of Experience 0.96 0.89–1.04 0.286

No characteristic predicting variable was statistically significant at a¼ 0.05.
TLI, time-lapse imaging.
The baseline (‘intercept’) was an embryologist with the predictors: Country [Other],
Embryo Scoring System [without Gardner], Experience in TLI [No] and Degree [No
PhD].
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Studies assessing inter- and intraobserver agreement in IVF have tradi-
tionally been performed using data and embryologists from a single
center, using static images of embryos and tend to either compare
specific embryo quality scores or embryo selection (Arce et al., 2006;

Storr et al., 2017; Hammond et al., 2020). In this study, we assess the
underlying factors affecting both embryologist agreement and outcome
prediction in a novel way. To the best of our knowledge, this is the
largest and most diverse cohort of embryologists assembled for a
study of this kind. The use of TLI videos and the prediction of

Figure 5. Weighted kappa scores comparing embryologist agreement according to Gardner grouping. Embryologists were
significantly more likely to agree on implantation probability grades (IPGs) for embryos in the poor þ top group when compared with fair embryos or
the overall data. ***P-value < 0.001; *P-value < 0.05.

Figure 6. Distribution of embryologist implantation probability grade (IPG) predictions per actual implantation outcome.
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..implantation are also relatively unique in the assessment of observer
agreement. Ultimately, the results demonstrate embryologist adaptabil-
ity whilst allowing direct comparison of their performance with that of
a DNN model trained for the purpose of implantation prediction.

Initial assessment of embryologist predictions showed that none of
the characteristics recorded in this study significantly affected their ac-
curacy or level of agreement. These include country of residence,
years of experience, embryo score generally used in clinical practice,

Figure 7. Performance metrics of embryologists compared to the deep neural network (DNN) model. The DNN model (red star)
outperformed the study population in a number of key metrics. See Supplementary Table SII for figures.

Figure 8. Deep neural network (DNN) model and embryologist implantation prediction accuracies after Gardner quality
grouping. Red diamonds represent DNN model accuracies. Black circles represent individual embryologist outliers. After performing the
Kruskal–Wallis test, embryologists were significantly more accurate at predicting implantation for embryos deemed poor and top quality according to
Gardner quality grouping. There was no statistically significant difference found between accuracies for the poor and top group. To determine
whether the DNN model was more accurate, the approximate one sample Z-test for proportion was used. It was found that for the fair group, the
model was more accurate (P ¼ 0.0245). ***P-value < 0.001. ns, non-significant.
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..previous TLI experience and educational degree. This lack of signifi-
cant association between interobserver agreement and years of ex-
perience (Bendus et al., 2006; Storr et al., 2017), credentials
(Bendus et al., 2006) and grading system (Hammond et al., 2020)
has been previously observed in multiple studies. To our knowledge,
there is a lack of published data from multicenter studies assessing
the correlation between agreement and country of residence.
As previously discussed, due to the subjective nature of embryo
assessment, comparative studies between embryologists have
tended to focus on agreement. Thus, the findings of this study that

characteristics did not have an association with accuracy should be
further investigated in future studies.

Interobserver agreement varied depending on the quality of the em-
bryos being assessed. Embryologists were more likely to agree on im-
plantation probability for top and poor quality embryos (j¼ 0.65)
than for fair quality embryos (j¼ 0.25). This is somewhat explainable
as, with the use of TLI, embryos exhibiting morphokinetic events asso-
ciated with poor prognosis (e.g. direct or indirect cleavage) and good
prognosis (e.g. appropriate event timing) are likely to stand out to the
trained embryologist as poor and top quality respectively, whereas fair

A B

C D

Figure 9. ROC curves with AUCs comparing DNN and average embryologist implantation prediction performance for the
full dataset and each of the Gardner quality groups. The DNN outperformed the study population overall and in each Gardner group. ROC,
receiver operating characteristic (sensitivity over 1-specifivity). AUC, area under the curve, the cumulative distribution function.
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.
quality is a more ambiguous description (Rubio et al., 2012; Liu et al.,
2014). This data supports the findings of Hammond et al. (2020) in
which a vastly inferior kappa score was observed for borderline blasto-
cysts compared to top quality and non-viable blastocysts when embry-
ologists were tasked with selecting embryos for cryopreservation.
Hammond hypothesizes that the subjective nature of current manual
grading systems inherently leads to reporter inconsistency, particularly
for borderline blastocysts, thus negatively impacting patient care
(Hammond et al., 2020). Farin et al. (1995) also observed inferior
agreement between embryos given intermediate grades compared to
top and bottom grades when assessing bovine embryo quality (Farin
et al., 1995). Storr et al. (2017) observed that when embryologists
were asked to select a single day 5 embryo for transfer (i.e. highest
quality embryo in a cohort), the overall kappa scores were compara-
ble to that of the poor þ top quality group in our study. Intraobserver
agreement was also similar, with overall good agreement (Storr et al.,
2017). These findings, despite exploring somewhat different outcomes,
support our conclusion that traditional morphological grading leads to
inconsistencies in embryo selection, for fair/borderline embryos.

It is this subjectivity, well recognized in the ART community
(Paternot et al., 2009; Sundvall et al., 2013; Rocha et al., 2016), which
warrants the development of techniques that utilize a more objective
outcome, such as implantation, when creating assistive AI solutions for
ART objectives (Khosravi et al., 2019; Tran et al., 2019; Ueno et al.,
2021). While models designed to mimic the classical approach of grad-
ing embryo quality, invariably using predefined morphological metrics,
and essentially reproducing manual assessments, could be useful for re-
ducing embryologist workload, a model that can predict the chances
of a positive pregnancy could potentially lead to improved clinical out-
comes, thereby conferring additional benefits to both the IVF clinics
and their patients.

When compared with the DNN model, both the embryologists and
the model were equally sensitive; however, the embryologists had sig-
nificantly lower specificity, PPV, NPV and overall accuracy. Importantly,
the DNN model performed similarly in all quality groups, not showing
the dip in accuracy for the fair group that was observed amongst
embryologists. It is likely that this reflects the more objective approach
of the model, which was trained on a relatively balanced dataset with
regards to embryo quality. As this is the cohort that morphological
grading appears to find challenging to predict, it represents a justified
area of focus for AI assistance in order to aid embryologists in their
clinical decision-making (Rocha et al., 2016).

Comparing the AUCs of the ROC between the DNN model and
embryologists, not only did the model outperform the average embry-
ologist (0.70 and 0.61, respectively), it performed better than each of
the 36 embryologists individually (Supplementary Fig. S1). Importantly,
the model showed superior performance for all Gardner quality
groups. Kragh et al. (2019) reported no significant difference between
the AUCs of an implantation prediction model and embryologists
(0.66 and 0.64, respectively). However, the implantation rate of their
dataset was 29%, and much of the criticism of AUC as a metric for
performance in this field lies in the fact that it is susceptible to bias in
the event of uneven datasets. Tran et al. (2019) reported a very im-
pressive AUC of 0.93 for their DL implantation prediction model.
However, these results seem unrealistic and have been disputed due
to the labeling of non-transferred embryos with negative implantation,
which made up the vast majority of their dataset and likely had a large

impact on results (Chavez-Badiola et al., 2020a; VerMilyea et al.,
2020). VerMilyea et al. used convolutional neural networks (ResNet-
152 and DenseNet-161) designed to predict implantation for static
images of day 5 blastocysts. The AUC was reported as 0.71; however,
they acknowledge imbalance of their test set as a limiting factor (ap-
proximately 1:3 implanted to non-implanted) (VerMilyea et al., 2020).

More recently, Loewke et al. (2022) published an impressive study
concerning a static image-based AI model also designed to predict im-
plantation probability. They reported AUCs of 0.74 for all embryos,
0.64 for non-PGT transferred embryos, and 0.63 for transferred eu-
ploid embryos. Non-transferred aneuploid embryos, confirmed using
PGT, were included in the training of the algorithm. This to some
extent addresses the problem of generalizing AI models for non-
transferred embryos; however, the issue of viable mosaic embryos be-
ing excluded from training was not discussed. Additionally, to generate
AUCs comparing model performance with that of the embryologists,
they converted standard of care alphanumeric morphokinetic grades
to a 36-point numerical system. While this approach allows for com-
parison that does not require embryologists to grade embryos in a
manner they are not familiar with, it makes it harder to objectively
compare AUCs, as they are assessing different clinical endpoints (i.e.
embryologists’ morphological assessments compared to the model’s
implantation predictions).

In our study, 75.6% of embryos were predicted by embryologists to
result in implantation. This is in spite of the fact that implantation rates
are seldom this high. For example, the overall implantation rate for
transferred embryos was �39.8% in the USA in 2019 according to the
CDC national summary (2019 Assisted Reproductive Technology
Fertility Clinic and National Summary Report j CDC, 2022). In our
study, the implantation rate for the dataset was 47.7%. The difference
in predicted implantation compared to actual implantation rate sug-
gests that embryologists tend to overestimate the likelihood of implan-
tation. This overestimation of clinical outcome (this optimism) is a
phenomenon seen across many aspects of clinical decision-making, and
indeed decision-making in general, which could be considered analo-
gous to the ‘framing effect’ described in decision-making theory
(Tversky and Kahneman, 1981). This study essentially poses the ques-
tion ‘is this embryo good enough to implant?’, defining the terms of
success in a slightly different clinical framework than embryologists are
used to. Putting the conscious observer into an experimental situation,
suddenly the question has been framed relative to implantation. A cor-
rect prediction of implantation (true positive) is the most desirable
outcome, followed by correct non-implantation (true negative). The
least desirable outcome according to frame theory is false non-
implantation (false negative), with false implantation (false positive)
considered preferable to this. This leads to decision-making optimism,
with a subconscious bias for the positive outcome when making sub-
jective decisions (Wang et al., 2021). Additionally, when presented
with a decision to grade something in a set, one may do so relative to
the set as a whole in a process known as ‘value normalization’ (Rangel
and Clithero, 2012). But this is not the case in biology. If one were to
grade several poor embryos in a row, it should not mean that an em-
bryo of slightly better morphological quality should be considered a
good embryo. This potential cause of subjectivity (an interesting area
where further research is merited) does not exist with the AI ap-
proach. An algorithm is trained to grade each embryo independently
of other embryos in the cycle. For better or for worse, it is not
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.
burdened with the decisions that have real-world emotional, financial
and physical consequences for patients that clinicians are forced to
make and which may increase observer false positives when grading
embryos or predicting implantation. It is, therefore, reasonable to sug-
gest that AI-based tools could be used in the clinical workflow to help
clinicians make critical decisions by combining objective AI assessments
with their own experience as well as knowledge of each clinical
situation.

As previously mentioned, one limitation of this study is that embry-
ologists are not typically trained to predict implantation or assess likeli-
hood of successful implantation. Instead, they are trained to assess
embryo quality using methods that have been found to correlate with
implantation or other pregnancy outcomes (Gardner et al., 2000).
However, in order to focus on objective solutions, objective outcomes
must be selected, and implantation is the outcome with the strongest
association with embryo grading (Gardner et al., 2000; Rubio et al.,
2012; Thompson et al., 2013). LBR was not selected as the endpoint
in an attempt to minimize the confounding factors affecting miscarriage.
Another limitation is the decision to use TLI videos as input. TLI is an
expensive technology that is currently implemented in a minority of
labs (Dolinko et al., 2017; Armstrong et al., 2019). The low adoption
rate of TLI limits the application and accessibility of prediction models
only capable of interpreting TLI videos, contributing to the motivation
behind recent efforts to develop AI-based embryo assessment algo-
rithms for static images (Khosravi et al., 2019; Bormann et al., 2020;
VerMilyea et al., 2020; Loewke et al., 2022).

This study was conducted using retrospectively collected data.
Future studies should include prospective use of the algorithm to fur-
ther evaluate its effectiveness in the clinical setting. Continuing with the
limitations of the dataset itself, embryos used in this study were almost
entirely from ICSI cycles (98%). Although this is an accurate represen-
tation of the standard of care at the clinics that supplied the data, fu-
ture studies should include embryos that were fertilized using
conventional IVF. Additionally, despite being blinded to implantation
outcomes, participants were aware that all embryos in this study were
transferred embryos with KID, which may have biased their results.
However, if these limitations were indeed in part responsible for the
low PPV and over-estimation of implantation, then it reinforces the no-
tion that subjectivity is a critical factor in the embryologist’s perfor-
mance as the effect of video set bias was minimized due to the
balanced nature of the data.

The endpoint of our study was implantation as defined by detection
of gestational sac. In similar studies, fetal heartbeat has been used as
the endpoint, and can be considered a more robust measure of clinical
pregnancy (Tran et al., 2019; Loewke et al., 2022). Unfortunately,
records of fetal heartbeat were not available for our datasets.
However, as gestational sac identification is often considered the pri-
mary criterion for clinical pregnancy/implantation, it is still a clinically
relevant endpoint (ESHRE Special Interest Group of Embryology and
Alpha Scientists in Reproductive Medicine, 2017; Zegers-Hochschild
et al., 2017).

A well-recognized potential limitation of this study is that specific
factors used by the model to calculate implantation probability are
unidentifiable: the so-called ‘black box’ approach. Critics suggest that
this approach may give rise to a number of unintended complications
including preferential selection of embryos with potentially disadvanta-
geous traits, sex selection bias, poor generalization with previously

unseen populations and the inability for the embryologist to perform
real-time error checking (Afnan et al., 2021). As AI becomes ever
more ubiquitous in society, particularly in the medical setting, the issue
of explainability is actively being addressed with techniques being de-
veloped in order to identify or, at the very least extrapolate contextu-
ally, the factors that contribute to an algorithm’s output (Arbelaez
Ossa et al., 2022).

In summary, the results of this study suggest that embryologists
have at least fair agreement when asked to predict implantation from
TLI videos of embryos with KID but have far better success when
assessing embryos with Gardner scores suggestive of top or poor em-
bryo quality. The fact that a simple DNN model, with off-the-shelf
components, was trained with a very small dataset provided by two
different clinics, was able to outperform the predictive ability of the
embryologist cohort in every measured metric, excluding sensitivity
where there was no statistical difference, is very promising. These
results suggest the validity of two separate approaches, potentially ad-
vocating an assistive focus, especially on moderate morphological em-
bryos: (i) a generalized model trained with a large multicenter dataset
containing TLI input from various hardware, potentially capable of
being used in any lab as an assistive tool guiding the embryologist; or
(ii) a second, more subtle approach, where a prebuilt DNN model is
trained on a local scale, essentially accounting for characteristics unique
to each clinic. However, some commentators have expressed their
doubts for the generalized approach, given the paucity of multicenter
validation studies, citing overfitting of the datasets and confounding fac-
tors being unidentifiable in the black box approach as possible reasons
for poor performance (Curchoe et al., 2020; Afnan et al., 2021).
Clinic-tailored models could potentially compensate for confounding
variables that differ between locations and clinics and may impact the
success of IVF, such as variations in clinical technique, hardware, pa-
tient populations, and socio-economic, environmental and healthcare-
related factors.
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Supplementary data are available at Human Reproduction online.
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