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Single sperm analysis and data collection
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Embryons

Grading

5 embryologists
Gardner Gradiing System
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Embryons

Grading

5 embryologists - Antoine Beclere Hospital
Gardner Gradiing System

Figure — Accuracy (Top vs Non Top).
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Figure — Venn Diagram
(Gardner EXP+ICM+TE).

Figure - Venn Diagram
(Top vs Non Top)

Table - Inter-Observer variability (Gardner EXP+ICM+TE).

Kappa

Interpretation

<0

0.21 — 0.40

Disagreement

_ Poor N

Fair

0.41 — 0.60 Moderate
0.61 — 0.80 Good
Very good

Table — Inter-Observer variability (Top vs Non Top).
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Table : Intra-observer variability Intra-observer Variability : Top vs Non Top
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Deep learning enables robust assessment and selection of
human blastocysts after in vitro fertilization
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Deep learning as a predictive tool for
fetal heart pregnancy following
time-lapse incubation and blastocyst
transfer
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