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Time-lapse imaging and deep-learning algorithms are promising tools to assess the most viable 
embryos and improve embryo selection in IVF laboratories. Here, we developed and validated a deep 
learning model based on self-supervised contrastive learning. The model was developed with a new 
approach based on matched KID (Known Implantation Data) embryos derived from the same cohort of 
a stimulation cycle, both judged to be of good quality according to classical morphological criteria and 
morphokinetics, transferred fresh or frozen, but with a different implantation fate (clinical pregnancy 
vs. failure of implantation). We used self-supervised contrastive learning to train convolutional neural 
networks to ensure an unbiased and comprehensive learning of the morphokinetics features of the 
embryos, followed by a Siamese neural network fine-tuning and an XGBoost final prediction model 
to prevent overfitting. 1580 embryo videos of 460 patients were included between January 2020 
and February 2023. With the knowledge of the implantation outcome of a previous transfer of an 
embryo derived from the same stimulation cycle, this model could predict the pregnancy outcome of 
the subsequent transfer with an AUC of 0.57. Without any knowledge of transfer history, the model 
achieved a satisfactory performance in predicting implantation (AUC = 0.64). This model could be 
considered as an adjunct tool for biologists to better select embryos and reduce the number of useless 
transfers per patient, when a cohort with several embryos classified as good quality by classical criteria 
is obtained.
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Since the first human baby resulting from in vitro fertilization (IVF) in 1978, more than 12 million children 
have been born after assisted reproduction technology (ART) treatment worldwide1 and over 3.5  million 
cycles are performed every year. Despite this, IVF’s success remains relatively low, leading to high financial 
and emotional costs. Embryo selection represents a critical step in the prognosis of the IVF treatment. Embryo 
morphology is traditionally used to assess embryo quality and to select embryos for transfer. However, under 
the classical approach, embryos are observed only at discrete observational time points, and the number of 
such usable conventional grading criteria is limited. Recently, the introduction of the time-lapse system (TLS) 
in IVF laboratories has enabled continuous monitoring of embryo development without disturbing culture 
conditions by removing embryos from the incubator. By combining a panel of morphokinetic parameters, 
several algorithms have been developed to facilitate the selection or the deselection of embryos for transfer2–4. 
Nevertheless, this semi-automatic approach is time-consuming and is limited by an inter- and intra-observer 
variability, due to the subjectivity of manual annotations. Additionally, a Cochrane review concluded that there is 
currently insufficient good-quality evidence of differences in live births to choose between TLS, with or without 
embryo selection software, and conventional incubation5. In this context, the increasing access to “big data” and 
artificial intelligence (AI) in reproduction medicine has generated new hope for optimization of the use of time-
lapse for embryo selection. Deep learning algorithms, in particular convolutional neural networks (CNNs) have 
recently been used to directly predict embryo viability and quality6implantation7–9 or live birth10–13 by analyzing 
the raw time-lapse videos without the need for annotated parameters. This automated approach could be easily 
integrated into the workflow of a busy IVF laboratory.
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In this study, we propose a deep-learning model built from a dataset obtained from matched KID (Known 
Implantation Data) embryos derived from the same cohort of a stimulation cycle, but with a different 
implantation fate. Only cycles with embryo freezing and several transfers with different outcomes (with and 
without implantation) are included, in order, on the one hand, to overcome individual patient characteristics, 
and on the other hand, to only include embryos judged to be of good quality by conventional morphological 
and kinetic criteria. We aimed to build a model that could provide additional information to those used in daily 
practice (conventional morphology and morphokinetics), independently of patient and cycle characteristics, 
and could potentially detect subtle differences between embryos from the same cycle that were judged to be 
similar according to these traditional methods. Therefore, the purpose of the current study is to evaluate the 
reliability of this deep-learning model, and to determine whether the AI model represents an added value in our 
daily practice of embryo selection.

Materials and methods
Study design and population
This research was a retrospective observational study carried out of IVF cycles peformed in the reproductive 
medicine center at Angers hospital (France) between January 2020 and February 2023. We included women 
from 18 to 43 years old (French standard age requirements for IVF) who obtained embryos cultured in an 
EmbryoScope+® time-lapse incubator and for whom the stimulation cycle resulted in several embryo transfers 
(fresh and/or frozen).

Namely clinical pregnancy (positive known implantation data, KIDp) or implantation failure (negative 
known implantation data, KIDn).

Ovarian stimulation and laboratory procedures
Pituitary suppression was achieved using either an antagonist (Ganirelix; 0.25 mg daily), or a gonadotrophin-
releasing hormone agonist (Triptorelin; 0.1 mg subcutaneously daily). Ovarian stimulation was performed using 
recombinant or urine-derived follicle stimulation hormone (FSH). Gonadotropin dose selection was based on 
patient characteristics, ovarian reserve biomarkers, and response to any previous ovarian stimulation cycle. 
Triggering criteria included a minimum of three follicles ≥ 17 mm and serum estradiol (E2) levels. Ultrasound-
guided transvaginal oocyte retrieval was scheduled 36 h after ovulation triggering, which was performed by 
injection of 6500 IU choriogonadotropin alfa and/or 0.2 mg triptorelin.

Collected oocyte cumulus complexes were washed with G-MOPS™ PLUS (Vitrolife, Sweden), and placed 
for 1–3 h in FertiCult® IVF medium (FertiPro, Belgium) at 5% O2, 6% CO2, and 37 °C. Sperm preparation was 
performed using a standard gradient separation at 300 g for 20 min, followed by washing with FertiCult® IVF 
medium (FertiPro, Belgium) at 600 g for 10 min. Oocytes were inseminated by IVF or ICSI according to semen 
quality parameters and patient’s history (failed or poor fertilization on a previous cycle). For conventional IVF, 
the cumulus-oocyte complexes were incubated with 100,000 motile spermatozoa in 1 mL of FertiCult® IVF 
medium and denuded the following day (19–20 h after insemination). For ICSI cycles, metaphase II (MII) oocytes 
were injected using a RI Integra 3™ Micromanipulator (Cooper Surgical Company, Trumbull, Conn., USA) after 
denudation with hyaluronidase (FertiPro, Belgium). Oocytes were then cultured in an EmbryoScope+® time-
lapse incubator (Vitrolife, Sweden), in pre-equilibrated EmbryoSlides™ with a global culture medium (G-TL™, 
Vitrolife, Sweden) under a controlled atmosphere (5% O2, 6% CO2). Images were acquired automatically every 
10 min in 11 focal planes with illumination from a single red LED (635 nm) until use. Embryo development 
was assessed with the EmbryoViewer software (Vitrolife, Sweden). Fertilization was checked ~ 19  h post 
insemination or injection. Abnormally fertilized oocytes (1 or 3 or more pronuclei) were excluded from further 
consideration. Number of cells, fragmentation level, symmetry among blastomeres and compaction degree were 
evaluated on days 2 and 3 of development, using the BLEFCO classification14. According to this classification, 
embryos that were ≥ 4.1.2. or 4.2.1. at day 2 and ≥ 8.1.2. or 8.2.1. at day 3 were deemed good grade, other types 
were deemed poor grade. Blastocysts were assessed according to the Gardner and Schoolcraft classification15. 
Based on these criteria, we defined good-quality blastocysts as follows: expansion grade ≥ 3, inner cell mass 
(ICM) grade ≥ B, and trophectoderm grade ≥ B on day 5. Any combination of ICM or trophectoderm quality 
grading of “C”, or embryos with developmental stage graded as early blastocyst or below were classified as poor 
quality. Morphokinetic parameters were manually annotated according to published guidelines16 and included: 
time to syngamy (tPNf), time to two (t2), three (t3), four (t4), five (t5), and eight (t8) cells, as well as time to 
blastocyst (tB). Embryos were then scored from 1 to 5 by the KIDScore D3 v1.2 algorithm4 and from 1 to 9.9 by 
the KIDScore D5 v3.1 algorithm17.

Embryos were selected for transfer or freezing according to the result of the KIDScore™ Day 3 or Day 5, 
and the conventional grading criteria. Other parameters such as multinucleation, direct or reverse cleavage, 
and blastocyst collapse were also monitored to further classify embryos. Embryos with abnormal (direct or 
reverse) cleavage were discarded. According to age, cycle number and quality of embryos, one or two embryos 
were transferred under transabdominal ultrasound guidance at cleaved or blastocyst stage. Vitrification was 
performed at cleaved or blastocyst stage using closed CBS High Security Vitrification (HSV) straws (Cryo Bio 
System, France) in combination with ethylene glycol, DMSO and sucrose as the cryoprotectants (Vit Kit-Freeze 
and Vit Kit-Thaw, Irvine Scientific, USA), as described previously18.

Luteal phase support of fresh embryo transfers was provided with oral dydrogesterone (30  mg/day) and 
personalized in case of abnormal endometrial receptivity analysis or previous implantation failure. In case of 
frozen embryo transfers, endometrial preparation was conducted via artificial cycles with oral or transdermal 
estrogen, and the addition of intravaginal progesterone when endometrial thickness was ≥ 8mm19. Biological 
pregnancy was confirmed 14 days after oocyte retrieval with a serum β-HCG level above 100 IU/L. Clinical 
pregnancy was defined as the presence of at least one fetal heartbeat on ultrasound 5 weeks after embryo transfer. 
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Double embryo transfers (DET) that resulted in a single gestational sac were excluded. During the inclusion 
period, there was no significant difference in pregnancy outcomes between fresh and frozen embryo transfers. 
We matched embryos obtained from a same cycle in pairs according to their clinical outcome.

Data collection and image preprocessing
Raw videos were exported using the EmbryoViewer software (Vitrolife, Sweden) and then processed in Python. 
Data preprocessing was applied to convert the videos into usable images, given that raw videos could not be 
exploited directly. First, the initial resolution (400 × 400) was too large to be directly processed as sequences of 
images with the available computational resources. Thus, we cropped all images by restricting them to the view 
around the embryo. We also discarded all frames of poor quality, containing artefactual visual defects, such as 
bubbles or low luminosity and hindering the visibility of the embryo, and all frames without embryo (due to an 
asynchronous time of transfer and freezing for the same embryo cohort).

To carry out this step, we trained a YOLO v6 object detection deep learning algorithm to detect and locate 
the embryos in raw images20. We first curated a random subset of 2000 images of embryos at various stages. 
Using color binarization and thresholding, we semi-automatically located the embryos on these images, before 
manually reviewing these annotations. Finally, after image augmentation (random rotation, flipping, cropping, 
affine and elastic transformations, noise, blur), YOLO was trained to detect and locate embryos. After training, 
YOLO was used to preprocess all videos into embryo images: images in which an embryo was detected and 
located were kept and cropped/padded with black to 362 × 362, centered on the embryo. We manually reviewed 
all images to ensure the quality of our dataset. Images in which an embryo could be visually identified but was 
undetected by YOLO due to visual artefacts were discarded.

Pre-training: extracting embryo morphology features
We used self-supervised contrastive learning, namely the SimCLR architecture, to pre-train a deep learning 
model (encoder) to learn to map (encode) embryo images into feature vectors summarizing static morphological 
features21. This step was performed on videos of embryos that fulfilled the inclusion criteria summarized in 
Table  1. In contrast to the original SimCLR architecture, we used a more conservative image augmentation 
pipeline, limited to random rotation and flipping followed by centered cropping, minor contrast, and saturation 
jittering. However, instead of using two augmentations of the same original image, each positive pair was 
composed of two different images of the same embryo taken 10  min to < 1  h apart. This was performed to 
ensure that the model could learn to map both the stage of the embryo but also its intrinsic morphological 
characteristics into the final feature vector. Two architectures were trained and compared, namely VGG16 22 and 
ResNet18.

During this step, the encoders were trained on all images of embryos selected for transfer or freezing, 
regardless of the transfer outcome. To validate the model during and after pre-training, we used a publicly 
available external dataset23,24. The dataset comprised 302,134 frames of videos accompanied by the annotations 
of 16 cellular events, from the extrusion of the second polar body to the hatched blastocyst stage. Annotation 
of these timings was performed and manually checked by experienced embryologists using the definition of 
key events proposed by Ciray et al.16: tPB2 (extrusion of the second polar body), tPNa (pronuclei appearance), 
tPNf (pronuclei fading), t2, t3, t4, t5, t6, t7, t8, t9+, tM (end of compaction), tSB (start of blastulation), tB (full 
blastocyst), tEB (expanded blastocyst), and finally tHB (hatched blastocyst). Since the number of images per 
event in the dataset was imbalanced, we randomly sampled 99 images per stage of development to ensure a 
balanced external validation dataset, thus including a total of 1,584 images.

After each epoch and during the final validation step, we used the deep learning pre-trained model to encode 
the images of embryos into feature vectors, and then trained an XGBoost model to predict the stage of the 
embryo based on these feature vectors. We used mean one-versus-one Area Under the Receiver Operating 
Characteristic Curve (ROC-AUC) and F1-score after 5-fold cross-validation as the metric to test how much 
information from the embryos images were kept and encoded by the pre-trained model into the feature vector.

Fine-tuning: extracting morphokinetic features
After pre-training, we used supervised one-shot learning (Siamese network) to fine-tune the encoders to predict 
the pregnancy outcome of the embryo transfer, namely clinical pregnancy (positive known implantation data, 
KIDp) or implantation failure (negative known implantation data, KIDn). For fine-tuning, the training dataset 
was limited to cycles with at least three transfers, including at least one positive and one negative. This was done 
to ensure that, in the same cohort, each embryo could be matched both to an embryo with a similar outcome 

Inclusion criteria Exclusion criteria

Age 18–43
Cycles involving multiple embryo transfers
Known implantation data
Matched embryos from the same cycle with similar (KIDn/KIDn or KIDp/KIDp) or different outcome (KIDn/KIDp)
High grade embryos
 Day 2 : ≥ 4.1.2. or 4.2.1. (Blefco classification
 Day 3 : ≥ 8.1.2. or 8.2.1. (Blefco classification)
 Day 5 : ≥ 3BB (Gardner classification)

Objection to processing of personal data
DET with a single gestational sac
Artefactual image defects

Table 1.  Inclusion and exclusion criteria of the study. KIDp positive known implantation data, KIDn negative 
known implantation data, DET double embryo transfer.
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and to an embryo with a different one, in order to prevent overfitting. Random stratified partitioning per patient 
was used to separate videos of embryos into a training set (80%) and a validation set (20%). No embryo could 
be found both in the training and in the validation set. All videos unsuitable for fine-tuning (i.e. less than three 
usable embryos or lack of a positive or a negative outcome) were assigned to the validation set.

Each training step was performed as follows (Fig. 1): (1) for a same cycle, two embryo videos were randomly 
selected, and a sequence of N random images of each of these videos was randomly selected, ensuring that 
each pair of images was from the same cycle and at the same time point; (2) each image was encoded using 
the previously pre-trained model into a “static” feature vector; (3) each of the two sequences was input to a 
long short-term memory (LSTM) model, which output one “dynamic” feature vector for each embryo of the 
same patient, summarizing their morphokinetic features; (4) the morphokinetic feature vectors were compared 
and the model was penalized into predicting similar morphokinetic feature vectors(low Euclidean distance) for 

Fig. 1.  Training and validation steps of the deep learning models used for implantation prediction. (A) 
Self-supervised contrastive learning is used to pre-train the static encoder to extract morphological features 
from embryo images. (B) One-shot learning is used to train the dynamic encoder to extract morphokinetic 
features correlated to the clinical pregnancy outcome. The model is trained on paired embryo sequences, and 
the Euclidean distance between the paired output morphokinetic feature vectors is compared to the clinical 
pregnancy outcome pair. (C) Morphokinetic features from two embryos of the same stimulation cycle are 
compared to predict whether that of the clinical pregnancy outcome is similar (KIDn/KIDn or KIDp/KIDp) or 
different (KIDn/KIDp). (D) Features from one embryo per patient are used to predict the clinical outcome of 
the attempt. VGG visual geometry group, LSTM long short-term memory, KIDp positive known implantation 
data, KIDn negative known implantation data.
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videos of embryos with the same clinical outcome (KIDp/KIDp or KIDn/KIDn), and dissimilar (high Euclidean 
distance) for embryos with a different clinical outcome (KIDn/KIDp or KIDp/KIDn).

Several hyperparameters were compared during fine-tuning, namely: input size of images (64 × 64 or 
128 × 128), training or freezing the weights of the pre-trained static encoder model, number of frames per 48 h 
(6, 12, 24, or 48), learning rate, batch size and number of epochs.

After fine-tuning, the models’ predictions were tested using two validation tasks. The first validation task 
consisted of predicting the clinical pregnancy outcome by knowing the outcome of a previous transfer performed 
with an embryo from the same cohort. For this task, we included cycles with at least two paired embryos (with 
identical or different outcomes). After encoding both paired embryo videos by the fine-tuned model, the 
Euclidean distance between the two encodings was used as a metric to determine whether the two embryos of 
the pair should be associated with the same outcome. We performed a 1000-iteration bootstrap analysis; for each 
bootstrap, we used the samples resampled with replacement to determine the ROC-AUC and optimal Euclidean 
distance threshold using the Youden index. Then, we used the samples left out of the bootstrap to determine F1-
score, sensitivity and specificity at the determined threshold. Finally, results from all iterations were aggregated 
to compute 95% confidence intervals.

The second validation task was to predict the clinical pregnancy outcome of a transfer without knowing the 
outcome of a previous transfer. For this task, we included one embryo for each cycle. Based on the encodings 
output by the fine-tuned model, we trained a simpler machine learning model, namely XGBoost with 5-fold 
cross-validation repeated over 200 iterations, to predict the clinical outcome based on these morphokinetic 
feature vectors. For each model, we computed F1-score, ROC-AUC, sensitivity and specificity, and merged the 
means of all 200 iterations to compute 95% confidence intervals. In parallel, we also ran a permutation test 
with 200 random permutations for each 5-fold cross-validated model to assess the significance of the model’s 
performance compared to random.

Statistical analyses and model performance
The performance of the deep learning model was assessed using AUC of ROC curve generated by plotting 
the true positive rate (sensitivity) against the false positive rate (1-specificity) across all possible thresholding 
values. AUC score ranges from 0 to 1, where 0.5 indicates random classifier, and 1 indicates perfect predictive 
performance. AUC values were interpreted according to the classification as described elsewhere25and 95% 
confidence intervals were compared to an AUC of 0.5 to assess performance against a random model. We also 
used the weighted F1-score, sensitivity and specificity, using a threshold of 0.5 (50%). 95% confidence intervals 
were computed over 1000-iteration bootstrapping, or using 5-fold cross-validation repeated over 200 iterations, 
by selecting the 2.5th and 97.5th percentiles over repeats.

Computational tools
We used Python 3.11.5, Pillow 9.3.0, scikit-learn 1.3.2, scikit-image 0.24.0, pytorch 2.1.1, imgaug 0.4.0 to perform 
analyses.

Results
A total of 3419 videos of 504 patients were analyzed between January 2020 and February 2023 (Fig. 2). After 
discarding embryos due to poor morphological quality, 1580 embryos from 460 patients were available and 
used for pre-training. Demographic characteristics and IVF parameters of cycles are described in Table 2. After 
excluding embryos with unusable data (i.e. embryos frozen but never transferred, DET with only one single 
gestational sac, image artefacts preventing image sequence generation), 829 embryos from 374 patients were 
still available. Among these, 209 embryos from 62 patients were used to fine-tune the model, and 620 from 312 
patients were used to define the validation cohort. The first validation task (predicting the clinical pregnancy 
outcome of an embryo with the knowledge of a matched embryo from the same cohort) was applicable to all 
cycles with at least two embryos with identical or different outcomes. One hundred seventy-four patients from 
the validation set matched these criteria and were selected for this task. To ensure unbiased results, only one 
pair of embryos was selected for each patient, prioritizing KIDp/KIDn and KIDp/KIDp pairs when available. 
The second validation task (predicting the pregnancy outcome without knowing the previous transfer outcome) 
could be applied to all 312 patients included in the validation set. To prevent bias, we only included one embryo 
per patient, resulting in 312 embryos for 312 patients.

Statistical analyses and model performance
After pre-training, the encoder was validated on an external dataset of 1,296 embryo images evenly divided 
into 16 classes, based on annotations checked manually23. We trained XGBoost models to determine the 
discriminant power of these encodings to discriminate embryos based on their stage in a 1-versus-1 stage 
setting, by computing the mean weighted F1-score and ROC-AUC over a five-fold cross-validation supervised 
training. Overall, XGBoost models were able to discriminate between two stages with a median F1-score of 0.92 
throughout all 1-versus-1 comparisons, with interquartile range 0.85–0.96 (Table 3). Median ROC-AUC for all 
1-versus-1 comparisons was 0.97 (IQR: 0.93–0.99) (see Supplementary Table S1).

Interestingly, using a ResNet18 architecture instead of the VGG architecture slightly improved the median 
F1-scores and ROC-AUC for the pre-training validation task (F1-score: median of 0.94, IQR: 0.88–0.98; ROC-
AUC: median of 0.98, IQR 0.95-1.00) but did not improve the pregnancy outcome prediction after fine-tuning.

Dynamic encoding and clinical pregnancy prediction
After fine-tuning, the encoder which performed the best was VGG16, after training for 11 epochs at a rate of 1 
frame per 4 h. For the first validation task (174 patients for whom videos of KID embryos pairs were available), 
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we used 1000-iteration bootstrapping to determine the discriminant power of the Euclidean distance between 
the morphokinetic encodings of the two embryo videos, to determine the outcome of a transfer knowing the 
outcome of a previous transfer. The distance between two embryos yielded a mean F1-score of 0.14 (95% CI: 
0-0.28), with a mean ROC-AUC of 0.57 (95% CI: 0.41–0.74). Mean sensitivity and specificity were 48.3% (95% 
CI: 0-100%) and 54.8% (95% CI: 8.8–89.8%), respectively.

The second validation task obtained a mean F1-score of 0.55 (95% CI: 0.51–0.60) with XGBoost models 
trained using 5-fold cross-validation to discriminate the clinical pregnancy outcome of 312 patients (173 with a 
negative outcome, 139 with a positive outcome). A permutation test, repeated over 200 iterations, showed that 
the F1-score was significantly different from random (p = 0.02). Mean ROC-AUC was 0.64 (95% CI: 0.60–0.68). 
Mean sensitivity and specificity were 53.9% (95% CI: 48.7–59.8%) and 68.1% (95% CI: 63.1–73.3%), respectively. 
Calibration analysis showed a Brier score of 0.30 (95% CI: 0.25–0.36) (Fig. 3).

Feature exploration
The unsupervised analysis (Fig. 4), including 312 embryos from the second validation dataset, showed that 
there was no clear clustering of KIDp or KIDn embryos. When selecting a high number of clusters (n = 32), we 
obtained 7 clusters (22%) with 3 or more embryos and more than two-thirds with a positive outcome; and 13 
clusters (41%) with 3 or more embryos and more than two-thirds with a negative outcome.

Discussion
In this study, we developed and validated a deep learning model based on self-supervised contrastive learning. 
This model was built from a dataset obtained from matched KID embryos derived from the same cohort 
of a stimulation cycle but with a different implantation fate. The model achieved to predict implantation of 
morphologically good-quality embryos with an AUC of 0.64 (95% CI: 0.60–0.68). In this way, this model could 
be used in clinical routines to assist embryologists in embryo assessment and represents a promising tool for 
predicting the success of an embryo transfer. When adding the knowledge of the pregnancy outcome of a 
previous transfer performed with an embryo derived from the same stimulation cycle, the model could predict 
the pregnancy outcome of a subsequent transfer with an AUC of 0.57 only. We hypothesize that there is no single 
morphokinetic pattern indicating the quality of an embryo. This assumption is supported by the results of the 

Fig. 2.  Description of the cohort and samples used for pre-training, fine-tuning, and model validation.
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unsupervised analysis, which shows no clear clustering between KIDp and KIDn embryos unless the number 
of clusters is increased.

Prioritizing embryos for transfer is a long-standing challenge in the field of IVF. Since the introduction of 
time-lapse microscopy in IVF laboratories, several algorithms have been developed which take into account the 
time at which a number of key morphological events occur26. Unfortunately, these classical models overlook 
numerous features whose relevance has not been previously investigated (like colour and granularity of 
cytoplasm, cell shape, and movement patterns…), and suffer from the subjectivity of manual annotations. Deep 
learning algorithms offer new perspectives since they can directly analyse the raw time-lapse sequence without 
assumptions about the significance of the information that embryologists focus on. One of the main concerns, 
however, is the lack of transparency and explainability, leaving embryologists to rely on a black-box model to 

tPNa tPNf t2 t3 t4 t5 t6 t7 t8 t9p tM tSB tB tEB tHB

tPB2 0.98 0.98 0.95 0.94 0.98 0.82 0.92 0.98 0.91 0.87 0.96 0.97 0.93 0.99 0.84

tPNa 0.89 0.77 0.92 0.92 0.98 0.96 0.83 0.96 0.94 0.9 0.77 0.93 0.97 0.98

tPNf 0.85 0.93 0.93 0.96 0.94 0.89 0.94 0.93 0.94 0.8 0.91 0.96 0.97

t2 0.89 0.78 0.98 0.91 0.75 0.88 0.93 0.81 0.8 0.84 0.96 0.99

t3 0.89 0.94 0.77 0.89 0.87 0.84 0.81 0.92 0.73 0.95 0.94

t4 0.98 0.88 0.86 0.86 0.95 0.81 0.87 0.83 0.97 0.98

t5 0.95 0.96 0.91 0.82 0.94 0.96 0.92 0.97 0.78

t6 0.88 0.79 0.68 0.78 0.89 0.71 0.96 0.92

t7 0.94 0.96 0.88 0.81 0.87 0.96 0.99

t8 0.73 0.83 0.91 0.72 0.96 0.94

t9p 0.87 0.93 0.8 0.97 0.9

tM 0.85 0.72 0.98 0.95

tSB 0.83 0.96 0.97

tB 0.99 0.95

tEB 0.98

Table 3.  Stage classification performance of the encoder model after pre-training, represented by weighted 
F1-score of 1-versus-1 discrimination. Timings of expected events: tPB2, second polar body extrusion; tPNa, 
pronuclei appearance; tPNf, pronuclei fading; t2-8, 2–8 cells; t9p, 9 cells or more; tM, end of compaction; tSB, 
start of blastulation; tB, full blastocyst; tEB, expanded blastocyst; tHB, hatched blastocyst.

 

Pre-training database Fine-tuning database

Validation database

Task 1 Task 2

1580 embryos 209 embryos 348 embryos 312 embryos

Cycle characteristics

 Oocyte age 32.7 ± 4.6 32.2 ± 4.5 33.7 ± 4.9 33.1 ± 4.8

Tobacco use

 - Yes 11.7% 12.9% 12.1% 10.9%

 - No 85% 82.3% 86.8% 86.2%

 - Unknown 3.3% 4.8% 1.1% 2.9%

Woman BMI (kg/m2) 24.2 ± 4.9 23.9 ± 4.6 24.2 ± 5.0 24.3 ± 4.8

Paternal age 34.9 ± 5.4 34.6 ± 5.3 35.9 ± 5.3 35.2 ± 5.5

Insemination method

 - Conventional IVF 53.7% 58.1% 50.0% 50.3%

-  ICSI 46.3% 41.9% 50.0% 49.7%

Embryo parameters

 Stage

  - Cleavage stage 74.9% 70.3% 69.8% 74.4%

  - Blastocyst 25.1% 29.7% 30.2% 25.6%

 Cryopreservation status

  - Fresh 33.0% 26.3% 40.8% 43.3%

  - Frozen 67.0% 73.7% 59.2% 56.7%

  Positive outcome 32.2% 42.1% 19.3% 44.6%

Table 2.  Description of cycle characteristics and embryo parameters in the pre-training, fine-tuning and 
validation (Task 1 and 2) phases. Values are shown as mean ± SD or %.
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make clinical decisions. Despite this, this machine learning (ML) algorithm offers advantages over conventional 
methods for embryo selection. It offers new opportunities to better prioritize embryos for transfer in order 
to shorten the time to pregnancy27 when a cohort with several embryos classified as good quality by classical 
morphokinetics is obtained. Furthermore, it saves valuable time in the embryo evaluation process. For example, 
a recent randomized controlled trial comparing deep learning algorithm (iDAScore) with standard morphology 
assessment found a 10-fold reduction in the time required for embryo evaluation28.

In recent years, several ML algorithms have been developed in the field of IVF, with various names (STORK29IVY9 
FiTTE30iDAScore31ERICA32BlastAssist33…) and various outcomes such as embryo quality27,29,34blastocyst 
formation12,29,35–37ploidy status27,38–40implantation7,9,40,41clinical pregnancy12miscarriage12 and live 
birth11,12,42,43. The algorithm described in this paper differs from previously published approaches in terms of the 
experimental design since it includes only cycles with good-quality embryos, and for which several consecutive 
transfers were performed. Although performances of different models trained with distinct datasets cannot be 
directly compared with each other, the AUC value of our model could be considered satisfactory compared 
with other models, especially because, as mentioned, this model enabled us to discriminate between embryos 

Fig. 3.  Calibration plot of validation task 2: mean and 95% confidence interval of the actual fraction of 
positives according to the probability predicted by an XGBoost model, computed using 1000-iteration 
bootstrapping.
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of good quality (suitable for transfer or freezing according to classical morphokinetic criteria) and not in an 
exhaustive cohort of embryos of inconsistent quality. For example, a pioneer study obtained a surprisingly 
high AUC (0.93), but their dataset included 66% of discarded embryos9. Similarly, the first deep learning 
model developed by Berntsen et al.. (iDAScore v1.0) obtained an AUC of 0.95 for sorting the whole cohort 
of available embryos in relation to fetal heartbeat, but an AUC of 0.67 if only KID embryos were considered7. 
Following studies published AUCs ranging from 0.62 to 0.77 41,44–47, moderately higher than those obtained 
with conventional embryo selection algorithms26. Indeed, some studies aimed to compare ML models with 
current embryo selection schemes based on morphology and/or morphokinetics. For example, Ueno et al.31 
compared the pregnancy prediction performance after single vitrified-warmed blastocyst transfer among 
3 assessment methods: iDAScore v1.0 (automated embryo scoring system), KIDScore D5 v3 (annotation-
dependent morphokinetic embryo scoring model) and Gardner criteria (traditional morphological grading 
model). The AUCs for the iDAScore, KIDScore and Gardner criteria were 0.70, 0.69 and 0.67 respectively 
and iDAScore AUC was significantly greater compared to other methods in the < 35 years age subgroup only. 

Fig. 4.  Heatmap of the hierarchical clustering of morphokinetic features of embryos (columns) and clinical 
pregnancy outcome (rows). Embryos are depicted in green or blue according to their clinical outcome, 
respectively positive or negative.
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Ehrlich et al.48 developed a pseudo-label guided contrastive learning model in order to predict the KID status 
and compared it with KIDScore D3 system and a group of eight senior professionals. They found that their 
final ML model (AUC = 0.681) outperformed KIDScore D3 model (AUC = 0.582) and the group of human 
embryologists (mean AUC = 0.639) in general population but also across different age groups. Illingworth et 
al.28 conducted the first randomized, double-blind noninferiority trial comparing deep learning-based embryo 
selection (iDAScore) with manual morphology-based assessment for single blastocyst transfer. The principal 
finding was that this study was not able to demonstrate noninferiority of deep learning for clinical pregnancy 
rate when compared to standard morphology used by embryologists. An overview of embryo selection through 
artificial intelligence compared to current ranking schemes based on morphology and/or morphokinetics is 
detailed in the literature49–54 with description of advantages (data integration capabilities, automation, efficiency, 
potential for improved prediction, objectivity and reproducibility) and disadvantages (lack of transparency and 
interpretability, data quality and bias concerns, limited clinical validation, data security, ethical and regulatory 
concerns, cost and technical requirements), highlighting that further research is needed to improve embryo 
selection methods. While the model evaluated in this study achieved an AUC of 0.64, discriminative performance 
of ML algorithms is of key importance regarding their clinical application, particularly if applied for embryo 
deselection. A model with moderate predictive accuracy might inadvertently discard viable embryos, thereby 
reducing the overall likelihood of achieving a pregnancy. This is especially critical when such models are used 
not to rank embryos for transfer, but to exclude those deemed unlikely to result in pregnancy. Indeed, a low 
sensitivity model might fail to identify embryos with implantation potential, while a low specificity model 
might inappropriately prioritize embryos with poor prognosis. In both cases, the clinical outcome (cumulative 
pregnancy rate or time to pregnancy) could be negatively impacted.

An important consideration in the development of ML models applied to embryo selection is to know whether 
these models should integrate external factors as input data. This issue must be addressed when considering 
the generalizability of ML models trained on videos only, to heterogeneous patient populations from different 
clinics. Implantation is, in fact, multifactorial and depends not only on embryo quality but also on several 
clinical factors, including age, BMI, uterine receptivity, sperm quality, and stimulation procedures. It is plausible 
to imagine that including some relevant clinical parameters could improve the performance of this model. For 
example, Duval et al. found that training a hybrid model consisting of TLS videos and 31 clinical variables 
describing the patients and their IVF treatment significantly increased the AUC compared to algorithms that 
only analyzed videos (AUC = 0.73 versus 0.68 respectively)44. This is consistent with the results of Zou et al., who 
improved the predictive power of their models after adding clinical features to TLS parameters as input data40. 
However, published data are heterogeneous on this subject. Enatsu et al. found that the difference between the 
AUC of image-only and ensemble models was not statistically significant30. To further investigate the potential 
of ML models in a clinical setting, the choice of clinical variables to be included would be of great importance. 
Liu et al. ranked 103 patient couples’ clinical features according to their ability to predict a live birth outcome 
and identified that 16 improved live birth prediction11. However, the most significant explanatory variables 
seem to differ substantially from one model to another. The so-called FiTTE AI system developed by Enatsu 
et al. revealed that after the blastocyst images, the best predictors of clinical pregnancy were age, pregnancy 
history, serum AMH, serum oestradiol, and progesterone at the time of embryo transfer30. The SHapley Additive 
exPlanations (SHAP) analysis of the hybrid model of Duval et al. showed that the most important features 
to predict pregnancy were video score, oocyte age, total gonadotrophin dose intake, number of oocytes, and 
embryos obtained and endometrium thickness44. Another study published by Blank et al.41 found that gravidity 
and parity, age, and AMH levels were the most important predictive variables in the first two nodes of their 
random forest model (RFM). From the perspective of future studies, the model might also be improved by 
including other data sources like ploidy status, metabolic profiling and mitochondrial content. For example, the 
artificial neural network (ANN) models described by Bori et al. using blastocyst image analysis and proteomic 
profile of spent culture media such as concentrations of interleukin-6 and metalloproteinase-1 were able to 
predict live birth with excellent AUCs55. Finally, it should be mentioned that including some clinical factors does 
not a priori affect the ranking process itself, since these factors are constant for all the embryos derived from a 
same stimulation cycle, so this approach does not seem relevant in the context of this study.

This study included a large panel of patients, regardless of age, insemination method (IVF and ICSI), transfer 
protocol (fresh and cryopreserved), and transfer stage (day 2,3 or blastocyst). To investigate the generalization 
performance of the model across different patient demographics and clinical practices, it could be interesting 
to apply it in different subgroups, especially in different age groups. Different studies reported a higher AUC 
for older patients43,44,46,48. The most plausible explanation lies in a wider distribution of embryo quality for 
older women46. But as hypothesized by Ehrlich et al.48it cannot be ruled out either that infertility in younger 
patients is often due to non-embryonic causes, such as endometrium receptivity, resulting in noisy labels that 
can adversely affect the performance of the predictive model. Subgroup analyses of various studies7,44,46 reported 
better predictive performance with fresh embryos than with cryopreserved embryos, probably because other 
factors (cryopreservation technique, endometrial preparation protocol) can have an impact on the likelihood 
of pregnancy. Concerning the stage of transfer, other studies validated AI models separately on cleavage stage 
embryo transfers10,56 or blastocysts transfers12. Duval et al. found no statistical difference in AUC according to 
the day of transfer, suggesting that their AI model could detect key early phenomena44while Theilgaard Lassen et 
al. observed better performance for blastocyst-stage transfers compared with cleavage-stage ones, emphasizing 
that maximizing the amount of information available to AI algorithms can improve their predictive power46.

To overcome the lack of transparency of AI systems, approaches using Class Activation Mapping (CAM) 
methodology could offer embryologists new insights into identifying embryo areas on which ML models focus 
to predict their outcomes. For example, Sawada et al. developed an attention map to visualize embryo features in 
focused regions associated with a live birth42. Unfortunately, no standard features were identified in the embryos 
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that could predict a live birth, even though there were many images in which high-focused areas existed around 
the zona pellucida. More specifically, the authors found no significant difference in the thickness of the zona 
pellucida between embryos that led to live birth and those that failed to implant and suggested that the neural 
network may have focused on the shape and density of the zona pellucida rather than on its thickness. More 
recently, heatmaps generated from the CNN model developed by Liu et al.11 showed that trophectoderm-related 
features contributed more to live birth prediction when training included both blastocyst images and patient 
couple’s clinical features, compared with training including blastocyst images only. These preliminary studies 
suggest that ML models likely detect a combination of known and previously unknown morphological features 
related to embryo quality27 and highlight the need for further investigation to better characterize the relevant 
patterns and their biological significance.

Compared to other machine learning developed in the field, several strengths of this research can be 
highlighted. The algorithm is fully automated; its implementation in routine use does not need any additional 
manual intervention. A robust testing and validation process was employed to ensure the safety of the model. 
As deep neural networks are typically overparameterized and easily overfit to the training data, we applied a 
methodology (self-supervised learning and one-shot learning) to control the risk of overfitting and limit the bias 
in comparison to supervised learning methods only. This is demonstrated by the ability of our static encoder 
to accurately determine the stage of embryos without being explicitly trained for this task. In addition, this 
approach enables, during the pre-training step, the use of data of embryos for which the outcome is undetermined 
or ambiguous. Indeed, only the last simpler model, namely XGBoost, which is known for its reduced risk of 
overfitting compared to neural networks57,58is trained with supervised learning. Additionally, the training and 
the validation sets included embryos transferred at different times, reflecting the diversity of laboratory practices. 
Lastly, training and validation were performed with KID embryos only. This methodology differs from previous 
investigations46which included discarded embryos in the KID-negative group, which constitutes inevitably an 
inaccurate generalization, since we cannot be sure that all discarded embryos would fail to implant.

However, some limitations of our study should be recognized. A first limitation concerns the relatively 
limited sample size of the study. Our approach, while adapted to narrower datasets without the risk of overfitting, 
would probably benefit from the inclusion of a larger number of samples. We hypothesize that sample size 
differences between the two validation datasets could explain, at least in part, the performances of the models 
(first validation with knowledge of matched embryo versus second validation without knowledge of previous 
transfer outcome). The difference in complexity between the two validation tasks could be another explanation 
for the different performances that we observed. Validation of a prediction model with a local dataset represents 
another limit and external validation in independent cohorts could help confirm the generalizability of the 
model56. The reliability of this model is also limited by the retrospective design of the study. Further prospective 
randomized studies would be needed to confirm the clinical relevance of the model. Given that implantation 
is only an approximate approach to live birth, these studies should ideally choose live birth as their ultimate 
outcome. In the limitations of the study, there could also be a potential bias in the validation cohort. Implantation 
rates differed between the two validation tasks; however, no direct comparison was made between these groups. 
Implantation was assessed only within each homogeneous cohort—one consisting of paired embryos, and the 
other including a single embryo per cycle. Finally, another limitation concerns the transfer protocol (fresh or 
frozen), because we assumed that transfer outcomes would have been the same, regardless of whether embryos 
were transferred fresh or frozen, which is not necessarily the case, as the outcome of a transfer may depend on 
the endometrial preparation59.

In conclusion, we highlighted the potential benefits of a ML model to predict implantation in a cohort of 
good-quality transferred embryos with a reliable predictive performance. The ML model described in this study 
provides additional information that could improve the efficiency, objectivity and consistency of the embryo 
selection process. In this perspective, further external validation with larger datasets from other centers is 
needed. We believe that extending the datasets could improve the predictive performance of the model, which 
could be used in the near future as a clinical decision-making tool.
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