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INTRODUCTION

Infertility affects 1 in 6 individuals globally

IVF has loeen a groundbreaking advancement in
ART since the birth of “test-tuloe lbaby” In 1978

IVF live birth rate is 30-50% per cycle.

Emibryo selection is critical for success.
Louise Joy Brown, the first baly conceived

through In-Vitro-Fertilisation (IVF), born in the

year 1978 in Oldham Englaond.

Image source: Tech 2 news staff, 2019
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RESEARCHGAP

e Success rates remans optimal.
» Subjective Visual Emioryo Assessment
* Inter-oloserver variability

» Lack of standardized predictive system
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“To evaluate existing research on the Diagnostic Perfonrmance a
Clinical Applicability of Artificial Intelligence in Emioryo Selectio
IVF”




Al FRAMEWORK

* Input: Time-Lapse Embryo Imaging

» Processing: Deep Learning Models

» Output: Implantation Prediction Score

Al enhances ovarian
stimulation
personalization by
analysing patient data,
predicting optimal
protocols, and enabling
real-time adjustments,
improving oocyte quality
and IVF success rates.

Al-driven tools improve

gamecte sclection accurac y

by objectively assessing
sperm and oocyte quality
through image analysis
and genetic data
integration, enhancing
fertihization rates and
cembryo viability

Al improves embryo
selection through time-
lapse imagimng and
morphological data
analysis, providing
accurate viability
predictions, lcading to
higher implantation rates

and reduced IVF cycles.

Image source: David-Olawade, A. et al, Artificial intelligence in in-vitro
fertilization (IVF). A new era of precision and personalization in fertility

treatments, 2025




TIME-LAPSE IMAGING MODEL

Video: PRAGA MEDICA (2024)



RESULTS

|
Studyld SENSITIVITY (95% CI) Studyid SPECIFICITY (95% CI) Studyld ‘ DLR POSITIVE (95% ClI) Studyld DLR NEGATIVE (95% ClI)
|
Uyar et al , 2014 ®- 0.51]0.36-066) Uyaretal 2014 & 085[077-091) Uyar etal , 2014 r‘*’i 3.39[2.05 - 5.58]) Uyar etal , 2014 ﬁ' 058043 -078]
| |
Amitai etal., 2023 (1) —-®— 069[0.39-091] Amitai et al., 2023 (1) -‘"4}- 0.65[0.38 - 0.86] Amitai et al., 2023 (1) ® 196[094-411] Amitai et al., 2023 (1) —ﬂl’r 0.48 [0.20 - 1.00]
Amitai et al., 2023 (1) - 058[0.37-0.78) Amitai etal, 2023 (1) {®1+— 083[0.36-1.00] Amitai etal, 2023 (1) —9— 3.50[057 -21.62) Amitai et al., 2023 (1) —ﬁi} 0.50[028-091]
. |
VerMilyea et al., 2020 0.62[0.54 -0.70) VerMilyea et al., 2020 L#I 066 [0.56-075] VerMilyea et al., 2020 IO” 1.85[1.37 - 2.49] VerMilyea et al., 2020 ‘*' 0.57[045-0.73]
= - JE
Enatsuetal, 2022 (3) & 0.93[0.91-0.94) Enatsu et al., 2022 (3) ® 0.30[0.26-0.34] Enatsu et al., 2022 (3) |Q 1.32[1.24 - 1.41] Enatsu etal., 2022 (3) :9 0.25[0.19-0.32]
18
Enatsu et al, 2022 (2) 065[053-075) Enatsuetal, 2022(2) & 066[0.52-078] Enatsu et al,, 2022 (2) IO:‘ 1.90 [1.27 - 2 84) Enatsuetal ,2022(2) -p 054([038-0.76]
L L
Enatsuetal., 2022 (1) 0.74[0.70-0.77] Enatsu et al., 2022 (1) & 054[050-057] Enatsu et al., 2022 (1) Ti 1.59[1.45-1.74] Enatsu et al., 2022 (1) I,’ 049[042-057]
| |
|
COMBINED 0.69[(0.54 - 0.81) COMBINED # 062(0.49-0.75] COMBINED * 1.84[1.50 - 2 25] COMBINED ¢ 0.50[0.38 - 0.65]
Q=21358,df=6.00,p= 0.00 Q=157.07,df=6.00,p= 0.00 : Q=6289,df=600,p= 000 ‘ Q=5831,df=600,p= 0.00
| |
12 =97.19 [96.06 - 98.32] 12 =96.18 [24 48 - 97 88] = 12 = 84 .90 [84.90 - 96.02] l 12 =89.71 [83.58 - 95.84]
| |
I | I | | I I I
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» Pooled Sensitivity of 0.69 Positive likelihood ratio: 1.84

» Pooled Specificity of 0.62. Negoative likelihood ratio: 0.50
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RESULTS

O Observed Data

Summary Operating Point
@ SENS=0.69(0.54-0.81]
SPEC = 0.62 [0.49 - 0.75]

SROC Curve
AUC = 0.70 [0.66 - 0.74]

— 95% Confidence Contour
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= 95% Prediction Contour
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Hierarchical summary receiver
operating characteristic (HSROC)

curve
» Area under curve (AUC) was 0.7 with
95% CIl ranging from 0.66 to 0.74

Image source: Mina, A et al, Predicting pregnancy
outcomes in IVF cycles: a systematic review and
diagnostic meta- analysis of artificial intelligence in
embryo, 2025



APPROVED Al MODELS

Al Enhanced Fertility

Life Whisperer

48y Fairtilit
5 y

Fairtility CHLOE Blast first and only Al Life Whisperer Al evaluated by

powered emibryo assessment tool to VerMileya et al, shows sensitivity and
receive FDA clearance specificity rates of 70.1% and 60.5%




ETHICAL CONSIDERATIONS




CONCLUSION

« Al shifts emloryo selection from descriptive to predictive
« Potential to improve IVF efficiency and persondization
 Need for multicenter validation

» Ethical/regulatory concerns
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