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Abstract
Purpose To determine if creating voting ensembles combining convolutional neural networks (CNN), support vector machine 
(SVM), and multi-layer neural networks (NN) alongside clinical parameters improves the accuracy of artificial intelligence 
(AI) as a non-invasive method for predicting aneuploidy.
Methods A cohort of 699 day 5 PGT-A tested blastocysts was used to train, validate, and test a CNN to classify embryos 
as euploid/aneuploid. All embryos were analyzed using a modified FAST-SeqS next-generation sequencing method. Patient 
characteristics such as maternal age, AMH level, paternal sperm quality, and total number of normally fertilized (2PN) 
embryos were processed using SVM and NN. To improve model performance, we created voting ensembles using CNN, 
SVM, and NN to combine our imaging data with clinical parameter variations. Statistical significance was evaluated with a 
one-sample t-test with 2 degrees of freedom.
Results When assessing blastocyst images alone, the CNN test accuracy was 61.2% (± 1.32% SEM, n = 3 models) in correctly 
classifying euploid/aneuploid embryos (n = 140 embryos). When the best CNN model was assessed as a voting ensemble, 
the test accuracy improved to 65.0% (AMH; p = 0.1), 66.4% (maternal age; p = 0.06), 65.7% (maternal age, AMH; p = 0.08), 
66.4% (maternal age, AMH, number of 2PNs; p = 0.06), and 71.4% (maternal age, AMH, number of 2PNs, sperm quality; 
p = 0.02) (n = 140 embryos).
Conclusions By combining CNNs with patient characteristics, voting ensembles can be created to improve the accuracy of 
classifying embryos as euploid/aneuploid from CNN alone, allowing for AI to serve as a potential non-invasive method to 
aid in karyotype screening and selection of embryos.

Keywords Artificial intelligence · Non-invasive genetic testing · Embryo ploidy prediction · Machine learning · 
Preimplantation genetic testing (PGT) · Assisted reproductive technology (ART)

Introduction

Embryo morphology was initially the only method for 
assessing embryo quality and viability. Identifying and 
selecting a high-quality embryo for transfer is a key compo-
nent of improving pregnancy rates; however, morphology 
alone cannot guarantee a euploid embryo or a successful 
implantation event. Paired morphological and cytogenetic 
assessment of cleavage and blastocyst embryos revealed that 
chromosomal abnormalities had little effect on morphology 
up to day 3 of development, with many chromosomally 
abnormal embryos still advancing to the highest morpho-
logical grade [1]. As time-lapse imaging platforms became 
increasingly preferred within clinics, multiple studies [2] 
have assessed the impact of morphologic time points and 
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time to development in correlation with aneuploidy rates, 
with morphokinetic parameter assessment failing to improve 
the likelihood of selecting euploid embryos [3]. Addition-
ally, subjectivity in embryo morphologic grading continues 
to be a major challenge in training and standardization of 
morphologic-based decision making among embryologists.

The advent of next-generation sequencing and the 
advancement of preimplantation genetic testing for ane-
uploidy (PGT-A) has led to a genetic renaissance that will 
continue to grow and impact the future of the field. While 
transferring PGT-A tested euploid embryos has been shown 
in randomized controlled trials to improve the ongoing 
pregnancy rate of women between 35 and 40 compared to 
morphology alone [4], this narrow niche of indication and 
application is not the reality of the widespread use empha-
sizing couples’ desire to improve outcomes and avoid mis-
carriage. PGT-A testing, however, is a significant financial 
burden, with an average add-on cost of $5000 to the already 
surmounting cost of IVF in the add-on market. Also, impor-
tantly, there is lost time for the patient while awaiting results, 
increases in the embryology workflow, and continual con-
cerns behind the long-term effects of trophectoderm sam-
pling and assisted hatching procedures on the embryo. Given 
the time needed to perform PGT-A testing, utilization neces-
sitates either fresh transfer of an untested embryo or delayed 
frozen embryo transfer, leading to more medications, ultra-
sounds, and subsequent financial strain upon the patients. 
Recently, PGT-A testing has also come under scrutiny as 
embryo mosaicism continues to muddy results, challenging 
physicians and patients alike in the storage, management, 
and use of these embryos. When considering the implica-
tions of possible errors in sequencing, insufficient sampling 
with possible need for re-biopsy, and the concerns of mosai-
cism, PGT-A testing is far from perfect.

In reaction to these imperfect invasive biopsy techniques, 
the field is seeing a rapid expansion of non-invasive genetic 
testing methods such as spent culture media (SCM) testing, 
blastocoel fluid sampling (BFS), and the use of artificial intel-
ligence (AI) to be able to bridge the gap in assisting patients 
and physicians in clinical management. SCM testing involves 
collecting the spent media from extended embryo culture and 
using cell-free DNA testing techniques to assess the ploidy 
status of the embryos. While the non-invasive technique 
preserves embryo integrity, the technique currently lacks 
diagnostic uniformity, with a reported concordance with 
trophectoderm biopsy or whole embryo sequencing rang-
ing from 30.4–90% [5], with standard trophectoderm biopsy 
consistently outperforming SCM in direct comparison [6]. 
BFS serves as an alternative, non-cellular source of genetic 
material which involves needle aspiration of the blastocoel 
fluid. While less invasive than trophectoderm biopsy, this 
invasive technique posed significant technical challenges in 
both sample collection and analysis, with inferior predictive 

results compared to SCM [7]. The accuracy and efficiency of 
both blastocoel fluid sampling and SCM testing are mainly 
limited by technical challenges associated with low quality 
and quantity of DNA [8], making these techniques far from 
being considered safe or effective for commercial use. These 
results are widely inconsistent between techniques, and with 
this range of accuracy, these methods are not a reliable form 
of testing when considering choosing embryos for transfer, 
vitrification, or discard.

AI is the use of machine learning and computational sta-
tistics to perform tasks that require complex interpretation 
or processing, previously only attainable through human 
intelligence. AI has been a growing interest in the field of 
REI, with particular promise in both embryology quality 
assurance/quality control such as combating subjectivity 
in embryology morphology grading [9–11] and improving 
clinical pregnancy outcomes such as predicting implanta-
tion [10, 12]. Previous image-based AI models [13, 14] have 
shown promising results in euploidy prediction when analyz-
ing blastocyst images alongside patient metadata such as age 
and lab characteristics. In this study, we describe the use of 
an AI system that combines blastocyst images with patient 
characteristics into a voting ensemble composed of convo-
lutional neural networks (CNN), support vector machines 
(SVM), and multi-layer neural networks (NN) to improve the 
accuracy of predicting embryo ploidy status (Fig. 1).

Materials and methods

Data collection and handling

Data was collected at the Massachusetts General Hospital 
(MGH) Fertility Center in Boston, Massachusetts, 
following approval through the Institutional Review Board 
(IRB#2019P001000 and 2022P002955). Sperm quality was 
defined as 1 “Excellent” if the total motile count (TMC) 
from the raw specimen was > 15 million and the sperm 
concentration, motility, and strict morphology were within 
the normal range as defined by the WHO 5th edition [15]. 
Sperm quality was classified as 2 “Good” if the TMC 
was > 15 million and if sperm concentration, motility, or 
strict morphology were outside the normal range. Sperm 
quality was classified as 3 “Fair” if the TMC was between 5 
and 15 million. Sperm quality was classified as 4 “Poor” if 
the TMC was below 5 million. Time-lapse imaging videos 
of embryos were recorded using a commercial time-lapse 
imaging system (EmbryoScope, Vitrolife). The imaging 
system used a Leica 20 × objective that collected images at 
10 min intervals under illumination from a single 635 nm 
LED. Each embryo was exported as a video (.avi) using 
the imaging system software. Videos were processed 
into each respective image frame for all timepoints post 
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insemination. Each extracted image was 250 × 250 pixels 
and subsequently cropped to 210 × 210 pixels to remove 
any potential identifiers present within the frame. Out-of-
focus images were included in the datasets and used for 
both testing and training. Only completely non-discernable 
images of embryos were removed from the study. Since 
image collection timepoints across all patients were not 
consistent we binned them into groups of around 18 min 
intervals. In total, imaging data from 699 embryos from 248 
patients were utilized in this study.

Voting ensemble neural network development

Voting ensembles are a type of machine learning model that 
uses information gathered from multiple machine learning 
models to improve the overall performance for a given task, 
ideally achieving better performance than any single model 
used in the ensemble. Three models were used as part of a 
soft voting ensemble namely, a convolutional neural network 
(CNN), a support vector machine (SVM), and a multi-layer 
neural network (NN).

For the CNN, we used our previously developed models for 
blastocyst classification [12, 16]. Embryos were evaluated on 
day 5 blastocyst stage, prior to trophectoderm biopsy and vit-
rification. The CNN was used alone and in conjunction with a 
successive add-in of patient parameters analyzed in SVM and 
multilayer NN models to generate a voting ensemble to assess 
embryo ploidy status. SVMs construct a hyperplane or set of 
hyperplanes in a high- or infinite-dimensional space, which can 
be used for classification, regression, or other tasks like outlier’s 
detection. SVMs can also be adapted to efficiently perform a 
non-linear classification, implicitly mapping their inputs into 
high-dimensional feature spaces. A nonlinear SVM with the 
radial bias function kernel was trained to predict embryo ploidy 

status. A grid search is performed to find the best combination 
of parameters, C and gamma for radial basis function (RBF) 
kernels and C for linear kernels, in respect of the area under the 
curve (AUC). In RBF kernel, gamma was varied between 0.001 
and 30 and C between 0.01 and 100. The class weight was set 
to “balanced.”

NN consists of multiple layers of nodes that include an 
input layer, multiple intermediate hidden layers, and an out-
put layer. Except for the input nodes, each node is a neuron 
that uses a sigmoid activation. This network was trained 
with a stochastic gradient descent optimizer for predicting 
embryo ploidy status. SVM and NN model processes fol-
lowing patient characteristics such as maternal age, AMH 
level, paternal sperm quality (1–4: 1 = Excellent, 4 = Poor), 
and total number of normally fertilized (2PN) embryos. A 
total of 699 embryos were used in training and optimizing 
the network models. The CNN, SVM, and multi-layer NN 
models were trained with the Keras framework, CNN, and 
multi-layer NN uses with TensorFlow backend and were 
trained on NVidia 1080Ti GPUs.

Study design and statistical analysis

A total of 6828 embryos were manually assessed and graded 
by trained embryologists according to the Gardner grad-
ing system, as previously described [17]. “Euploid” status 
was included “euploid” classification on PGT-A testing 
(Invitae). “Non-euploid” status included “aneuploid” and 
“indeterminate” classifications on PGT-A testing (Invitae). 
PGT-A results (“euploid” and “non-euploid” as mentioned 
above) were further registered for each associated embryo 
grade (embryo stage (3–6), inner-cell mass (ICM, A-C), and 
trophectoderm grade (A–C)). Manual grading accuracy in 
correctly classifying embryos as “euploid” or “non-euploid” 

Fig. 1  Utilization of non-mor-
phological parameters in ploidy 
prediction. The scheme shows 
the dataflow of the different 
parameters through the voting 
ensemble. The dotted lines 
show optional parameters that 
were used in the comparisons
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was calculated using neural network and logistic regression 
models both before and after accounting for clinical parame-
ters (maternal age, anti-Mullerian hormone (AMH), number 
of 2 pronuclei embryos (2PNs), sperm quality).

The CNN was initially tested alone using day 5 blastocyst 
time-lapse images exclusively, without associated patient infor-
mation. We tested the system’s ability to identify embryo ploidy 
status correctly using a unique, independent test set of embryos 
(140 embryos) which were not previously used and did not over-
lap with the training data set. The CNN model was tested over 
three repetitions of running models. When the system identified 
the embryo ploidy status correctly, a “pass” was noted. If the 
system identified the embryo ploidy status incorrectly, a “fail” 
was noted. If the system cannot arrive at any consistent decision, 
it was considered as an error and removed from the analysis. 
Patient characteristics were subsequently collected and com-
bined into a SVM and multilayer NN.

The absolute error between the AI-predicted ploidy status 
and the documented PGT-A testing results was used by the 
software to calculate the accuracy rate. Two-tailed t-tests and 
chi-squared tests were used to compare patient demographics 
between groups, and to compare manual morphology grades to 
euploid status. Differences in accuracy among each AI model 
were analyzed and statistical significance was evaluated with a 
one-sample t-test with 2 degrees of freedom. Statistical signifi-
cance was met when the p-value was less than 0.05.

Results

Of the 699 day 5 blastocyst embryos within the CNN test-
ing set, 360 embryos were aneuploid and 339 embryos 
were euploid on PGT-A testing. Demographic characteris-
tics in this study are described in Table 1. Within the entire 

Table 1  Demographics of the 
embryo cohorts

Demographics All Embryos Aneuploid Euploid p-value

Age (SD) 37.30 (3.6) 38.28 (3.5) 36.26 (3.4) 3.01E-14
BMI (kg/m2) (SD) 24.53 (4.4) 24.55 (4.4) 24.52 (4.5) 0.90
AMH (SD) 3.00 (2.4) 2.87 (2.4) 3.14 (2.5) 0.12
Day 3 FSH (SD) 7.29 (2.1) 7.33 (2.2) 7.26 (2.0) 0.66
Total oocytes retrieved (SD) 12.76 (4.7) 12.33 (4.7) 13.22 (4.7) 0.02
# of 2PNs (SD) 8.30 (3.6) 7.74 (3.4) 8.89 (3.7) 7.16E-05
# of HQB (SD) 5.09 (2.7) 4.68 (2.6) 5.53 (2.7) 3.27E-05
Race/ethnicity
  White, n (%) 527 (75.4) 280 (77.8) 247 (72.9) 0.18
  Black, n (%) 13 (1.9) 5 (1.4) 8 (2.4) 0.68
  Asian, n (%) 105 (15.0) 48 (13.3) 57 (16.8) 0.19
  Hispanic/Latino, n (%) 6 (0.9) 4 (1.1) 2 (0.6) 0.76
  Other, n (%) 19 (2.7) 9 (2.5) 10 (2.9) 0.07
  Declined, n (%) 13 (1.9) 3 (0.8) 10 (2.9) 0.27
  Unavailable, n (%) 16 (2.3) 11 (3.1) 5 (1.5) 1.00

SART diagnosis
  Male factor, n (%) 243 (34.8) 113 (31.4) 130 (38.4) 0.09
  Endometriosis, n (%) 27 (3.9) 14 (3.9) 13 (3.8) 1.00
  DOR, n (%) 97 (13.9) 68 (18.9) 29 (8.6) 2.08E-4
  Tubal factor, n (%) 85 (12.2) 39 (10.8) 46 (13.6) 0.32
  Uterine factor, n (%) 79 (11.3) 40 (11.1) 39 (11.5) 0.94
  Unexplained, n (%) 97 (13.9) 48 (13.3) 49 (14.5) 0.82
  PCOS, n (%) 56 (8.0) 21 (5.8) 35 (10.3) 0.03
  RPL, n (%) 44 (6.3) 21(5.8) 23 (6.8) 0.66
  Fertility preservation, n (%) 96 (13.7) 50 (13.9) 46 (13.6) 1.00
  Ovulation disorder, n (%) 165 (23.6) 91 (25.3) 74 (21.8) 0.43
  Other, n (%) 62 (8.9) 41 (11.4) 21 (6.2) 0.03

Sperm class
  1, Excellent, n (%) 326 (46.6) 172 (47.8) 154 (45.4) 0.65
  2, Good, n (%) 273 (39.1) 145 (40.3) 128 (37.8) 0.47
  3, Fair, n (%) 85 (12.2) 36 (10.0) 49 (14.5) 0.10
  4, Poor, n (%) 15 (2.2) 7 (1.9) 8 (2.4) 0.87
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cohort, embryos were from predominantly White (75.4%) 
and Asian (15.0%) patients with an average maternal age 
of 37.3 ± 3.6 years, an average BMI of 24.5 ± 4.4 kg/m2, 
an average serum AMH of 3.00 ± 2.4 ng/mL, and average 
day 3 FSH of 7.3 ± 2.1 IU/mL. The most common infertil-
ity diagnoses among the entire cohort included male factor 
(34.8%), unexplained infertility (13.9%), and diminished 
ovarian reserve (DOR, 13.9%). Sperm parameters were 
predominantly of “Excellent” (Class 1, 46.6%) and “Good” 
(Class 2, 39.1%) quality. When comparing the aneuploid 
embryos to the euploid embryos, aneuploid embryos came 
from older patients (38.3 ± 3.5 vs 36.3 ± 3.4 years, p = 3.01E-
14, aneuploid vs euploid, respectively) with fewer oocytes 
(12.3 ± 4.7 vs 13.2 ± 4.7 oocytes, p = 0.02, aneuploid vs 

euploid, respectively), fewer number of 2PNs (#2PN, 7.7 ± 3.4 
vs 8.9 ± 3.7 years, p = 7.16E-5, aneuploid vs euploid, respec-
tively), and fewer number of high-quality blastocysts (HQB, 
4.7 ± 2.6 vs 5.5 ± 2.7, p = 3.01E-14, aneuploid vs euploid, 
respectively). Infertility diagnoses of DOR (18.9% vs 8.6%, 
p = 2.08E-4, aneuploid vs euploid, respectively) and other 
(11.4% vs 6.2%, p = 0.03) were higher among aneuploid 
embryos compared to euploid embryos. No other statistically 
significant differences were noted among the aneuploid vs 
euploid embryo cohorts.

Manual embryo morphology with associated Gardner 
grade was analyzed among 6828 blastocysts with associ-
ated PGT-A testing results (Table 2). There was a total of 
3274 blastocysts classified as “euploid,” representing 47.9% 
of embryos analyzed. Based on these data, euploid classi-
fication was associated with multiple morphologic markers 
by the Gardner grading, with advanced blastulation stage 
(stage 6 > 3) and higher inner cell mass and trophectoderm 
grades (grade A > C) associated with euploid classification 
(p < 0.001). Furthermore, accuracy based solely on manual 
embryo grade morphologies was 47.9% when using a neural 
network model and 60.0% when applying a logistic regres-
sion model in correctly classifying embryos as euploid or 
aneuploid without additional clinical information. After fac-
toring in patient characteristics (maternal age, AMH, num-
ber of 2PNs, sperm quality), accuracy increased to 60.0% 
and 62.1% when using a neural network and logistic regres-
sion models, respectively.

Accuracy rates of each AI model with associated statisti-
cal comparisons are listed in Table 3. When used to assess 
embryoscope blastocyst images alone, the CNN had a test 
accuracy of 61.2% (SEM: 1.32, 3 replicates) in correctly 
classifying embryos as euploid or aneuploid without addi-
tional patient information. When the best CNN model was 
assessed as a voting ensemble, the test accuracy improved 
after incorporating different clinical parameters to 65.0% 
(AMH; p = 0.1), 66.4% (maternal age; p = 0.06), 65.7% 
(maternal age, AMH; p = 0.08), 66.4% (maternal age, AMH, 
number of 2PNs; p = 0.06), and 71.42% (maternal age, 
AMH, number of 2PNs, sperm quality; p = 0.02) (n = 140 
embryos), as listed in Table 3.

Table 2  Manual embryo morphology with associated Gardner grade 
and PGT-A testing results

Embryo grade # Euploid 
embryos

# Non-
euploid 
embryos

Total # 
embryos 
analyzed

% euploid

3AB 524 667 1191 44.0%
3BB 114 184 298 38.3%
3BC 74 148 222 33.3%
3CB 4 11 15 26.7%
4AB 332 324 656 50.6%
4BB 130 120 250 52.0%
4BC 63 109 172 36.6%
4CB 3 7 10 30.0%
5AB 136 88 224 60.7%
5BA 822 848 1670 49.2%
5BB 556 484 1040 53.5%
5BC 266 364 630 42.2%
5CB 16 18 34 47.1%
6AB 117 91 208 56.3%
6BB 77 40 117 65.8%
6BC 32 43 75 42.7%
6CB 8 8 16 50.0%
Total 3274 3554 6828 47.9%

Table 3  Accuracy of the 
artificial intelligence models 
used to predict the ploidy status 
of a day 5 blastocysts with 
addition of patient-specific 
information

AI model Accuracy (%) Δ Accuracy (%) 95% CI P-value

CNN only 61.19 - - -
CNN, AMH 65.00 3.81  − 1.89, 9.51 0.1028
CNN, maternal age 66.42 5.23  − 0.46, 10.94 0.0585
CNN, AMH, maternal age 65.71 4.52  − 1.18, 10.23 0.0762
CNN, AMH, maternal age, #2PNs 66.42 5.23  − 0.46, 10.94 0.0585
CNN, AMH, maternal age, #2PNs, 

sperm quality
71.42 10.23 4.53, 15.94 0.0164
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Discussion

Through this study, we show the novel use of voting ensem-
bles to improve the accuracy of image-based CNN pro-
cessing alone. Combining patient characteristics with the 
image-based algorithm not only significantly improved our 
system by over 10%, but also further enforced these findings 
are greater than pure chance. Creating non-invasive genetic 
analytic methods for embryo karyotype screening is incred-
ibly beneficial to improve patient outcomes, particularly in 
the context of the growing emphasis on prioritizing single 
embryo transfer.

The use of voting ensembles to incorporate additional 
testing variables into CNN-only AI is an important first step 
to improving predictive accuracy. Manual morphology alone 
for ploidy prediction was aligned with the accuracy of our 
CNN-only AI model, showing the limited utility of morphol-
ogy images alone in euploid classification. By incorporating 
additional variables within the model, our combined voting 
ensemble system achieved a predictive accuracy of 71.4%, 
a significant improvement of accuracy from CNN-only AI, 
manual morphology alone, and combined with clinical 
parameters (62.1%) (Fig. 2). This novel use of voting ensem-
bles to simultaneously incorporate continuous, categorical, 

and image-based data serves as an important stepping stone 
to improve AI predictive power, particularly to assist with 
embryo selection in the absence of PGT-A testing results.

AI serves as a promising new addition to the field of REI, 
especially given the field uniquely combines embryo imag-
ing with patient characteristics. This AI system we have 
created is able to assess blastocyst quality and can serve 
as an important tool to be able to aid in embryo selection, 
especially when there are more than 2 HBQ in the absence 
of PGT-A testing. Our AI system would be easily integrated 
into any clinic, as many clinics already have advanced imag-
ing apparatuses and high-grade light microscopy to capture 
embryo images. This AI system can be utilized on the day of 
transfer, returning immediate results that can impact clinical 
care and fresh transfer. Although training and installation 
of the software will be an initial hurdle to integration, this 
system serves as a low-cost adjunct to care to aid in embryo 
selection for fresh transfers or in the absence of PGT-A 
results.

The major limitation of the study includes the training set. 
The embryos utilized to train the CNN were composed only 
of embryos that were imaged with the embryoscope. While 
this allowed for uniformity of image quality for training the 
CNN in this novel utilization of voting ensembles, this may 
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Fig. 2  Accuracy of manual grading logistic regression (LR) and AI 
models in predicting the ploidy status of day 5 blastocysts. Green 
columns (first and last column, respectively) represent logistic regres-
sion accuracy results when trying to predict the ploidy status of the 
embryo based on manual embryo grading before and after taking 
into account clinical characteristics (maternal age, AMH, number of 

2PNs, and sperm quality); blue columns represent AI models accu-
racy results when trying to predict ploidy status of the embryo based 
on the CNN image before and after stepwise taking into account clin-
ical characteristics (maternal age, AMH, number of 2PNs embryos, 
and sperm quality); AI artificial intelligence, CNN convolutional neu-
ral network, AMH anti-Mullerian hormone, 2PN 2 pronuclei
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potentially limit the clinics that can integrate these machine 
learning systems, given not all laboratories have the same 
imaging platforms. Though there have been advancements 
made in applying AI algorithms to images captured on 
different imaging devices [18], the current algorithm has not 
been validated across different systems. All biopsied embryos 
were classified as being either euploid or aneuploid. This 
algorithm did not factor in high- or low-level mosaics, which 
can result in positive clinical outcomes [19]. Additionally, 
the limited sample size may lead to unintended bias 
within the machine learning algorithms and may limit the 
generalizability of the data. For example, Black and Hispanic 
patients are underrepresented in our population, composing 
1.9% and 0.9% of our embryo population, respectively, 
while nationally, they represent 13.4% and 18.5% of the US 
population, respectively, according to the 2021 US Census. To 
address these limitations, future studies should include a more 
diverse, representative embryo cohort with a larger sample for 
training, validation, and testing to improve generalizability 
and reduce unintended bias. Also, we only incorporated 4 
patient characteristics into our current system, and exploring 
additional patient characteristics may improve the accuracy 
of the model.

Conclusions

By combining image-based CNNs with patient 
characteristics, the use of voting ensembles is a novel 
method to improve the accuracy of classifying embryos 
as euploid/aneuploid over image-based CNN alone. This 
AI system can be easily integrated into clinics, and serves 
to improve accessibility, affordability, and feasibility of 
in-clinic, immediate genetic screening for those who may 
not have initially qualified or opted for PGT-A. As accuracy, 
imaging, and data acquisition continue to improve, AI may 
serve as a powerful non-invasive method that aids in the 
karyotype screening of embryos. Future studies should 
include analysis for mosaicism and larger embryo cohorts.
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