Directores:

Dr. Marcos Meseguer Escriva

TESIS DOCTORAL: Programa de doctorado en Medicina

NUEVAS METODOLOGIAS PARA LA
SELECCION NO INVASIVA DE EMBRIONES
HUMANOS EN TRATAMIENTOS DE
REPRODUCCION ASISTIDA: INTRODUCCION
DE LA INTELIGENCIA ARTIFICIAL EN LOS
LABORATORIOS DE FECUNDACION IN VITRO.

Lorena Bori Arnal

VNIVERSITAT

Dra. Thamara Alexandra Viloria Samochin ® VALENCIA

Facultat ¢- [\]edicina i Qdontologia

Dr. José Alejandro Remohi Giménez

Valencia, Noviembre 2022



“No es la especie mas fuerte, ni la mas inteligente la que sobrevive. Es la

que mas se adapta al cambio.”

Charles Darwin






NUEVAS METODOLOGIAS PARA LA SELECCION NO
INVASIVA DE EMBRIONES HUMANOS EN
TRATAMIENTOS DE REPRODUCCION ASISTIDA:
INTRODUCCION DE LA INTELIGENCIA ARTIFICIAL EN
LOS LABORATORIOS DE FECUNDACION IN VITRO.

NEW METHODOLOGIES FOR THE NON-INVASIVE SELECTION OF
HUMAN EMBRYOS IN ASSISTED REPRODUCTION TREATMENTS:
INTRODUCTION OF ARTIFICIAL INTELLIGENCE IN IN VITRO
FERTILIZATION LABORATORIES.

Lorena Bori Arnal

Directores de tesis: Dr. Marcos Meseguer Escriva, Dra. Thamara Alexandra
Viloria Samochin y Dr. José Alejandro Remohi Giménez.

Tesis doctoral

Programa de Doctorado 3139 Medicina: Obstetricia, ginecologia y medicina

regenerativa.

Facultat de Medicina i Odontologia

Valencia, Noviembre 2022






7 B VNIVERSITAT
c. 5 DEVALENCIA
%s g .A
Don Marcos Meseguer Escrivd, doctor en biomedicina por la Universitat de

Valencia, embriélogo en IVI Valencia y supervisor cientifico de IVIRMA Global.

Dofa Thamara Alexandra Viloria Samochin, doctora en ciencias bioldgicas por la
Universitat de Valencia y embridloga supervisora del laboratorio de fecundacion in

vitro en IVI Valencia.

Don José Alejandro Remohi Giménez, catedratico de pediatria, obstetricia y

ginecologia de la Universitat de Valencia y presidente de IVIRMA Global.

CERTIFICAN:

Que la presente memoria, titulada “Nuevas metodologias para la seleccion no
invasiva de embriones humanos en tratamientos de reproduccion asistida:
introduccion de la inteligencia artificial en los laboratorios de fecundacion in
Vitro.”, corresponde al trabajo realizado bajo su direccion por Dfia. Lorena Bori
Arnal, para su presentacion como Tesis Doctoral en el Programa de Doctorado en

Medicina de la Universitat de Valéncia.

Y para que conste firman el presente certificado en Valencia, a 28 de noviembre de
2022.

Fdo.: Dr. Marcos Fdo.: Dra. Thamara Fdo.: Dr José Alejandro
Meseguer Escriva Viloria Samochin Remohi Giménez

B &) A






Agradecimientos

Con estas lineas me gustaria expresar mi mas sincero agradecimiento a todas las
personas que han ayudado a que este trabajo de investigacion haya salido adelante,
por su soporte cientifico y/o humano.

Quiero agradecer en primer lugar a mis directores de tesis Dr. Marcos Meseguer,
Dra. Thamara Viloria y Dr. José Remohi que han hecho posible la ejecucién de los
estudios presentados en esta memoria.

Nunca hubiese pensado que realizaria la tesis bajo la supervision de un referente en
el mundo de la embriologia, Marcos. Cuando te escribi el primer e-mail para
colaborar en uno de tus miles de proyectos, no me imaginaba todo este trayecto.
Gracias por confiar en mi todos estos afios. Recorrer este camino contigo me ha
brindado muchisimas experiencias, de las que siempre he aprendido algo nuevo. Te
agradezco todas las reuniones, congresos, viajes, e incluso, tus audios de
WhatsApp. Gracias por todo el aprendizaje y enriquecimiento personal.

Tammy, gracias por estar siempre dispuesta a ayudar.

A los comparieros que he ido conociendo durante estos afios. Aunque no pueda
nombrarlos a todos, gracias por hacer mas facil el dia a dia.

Lu, gracias por acogerme desde el primer dia. jQuién me iba a decir que la primera
persona con la que hablé del FIV seria con la que mas conectaria! Admiro la pasion
y delicadeza que tienes por tu trabajo. Aungue sin duda, los mejores momentos los
hemos vivido (y viviremos) fuera del laboratorio.

Marta, eres el ejemplo de que tener miedo no significa no ser valiente. Porque no
hay nada que se te resista. Agradezco a la vida que nos uniera en Valencia para
compartir parte de este camino. Siempre recordaré nuestras tertulias matutinas,
gracias por todos tus consejos amiga.

Angel, gracias por haber formado parte en esta travesia. Me alegro de que
empezaramos esta etapa juntos, porque los afios en IVI 2 son imborrables. Eres un
gran profesional y mejor persona.

Nandito, no podria haber llegado alguien mejor al equipo MM. Siempre me

recuerdas que el primer dia te pregunté “qué eras”. No me imaginaba que desde ese



dia ibas a ser un gran apoyo. Gracias por hacer que los momentos mas estresantes
acabaran en risas.

Marian, pasamos de convivir en 2 m? a no vernos en semanas. Y, aun asf, sé que
siempre estas ahi. Gracias por echarme una mano cuando la necesitaba y por todo
lo que he aprendido contigo.

Elena, gracias por ensefiarme tanto, aun hablando distinto “idioma”. Muy
agradecida de conocerte, dentro y fuera del trabajo.

Irene, queria que tu nombre estuviese entre estas lineas. Porque, aungue no pasaste
mucho tiempo en nuestro equipo, fue suficiente para darme cuenta de lo grande que
eres.

Nuria, gracias por tu naturalidad. Por tu entusiasmo en cada tema que hablamos.
Agradezco conocer a alguien tan especial.

A todo el equipo de IVIRMA Valencia y Fundacion V1. Sobre todo, al laboratorio
de FIV. Gracias a todas las personas que han colaborado directa o indirectamente

en este trabajo.

A mis amigas, que sin darse cuenta me han ayudado a desconectar cuando mas lo
necesitaba. Gracias por estar siempre ahi: Aida, Africa, Elena, Julia, Laura, Lewis
y Paola. Y a mi amigo Javier. Os quiero.

A mi hermana y a mi Lili, por sacarme una sonrisa en cualquier momento. Muy
feliz de convertirme en tia en esta etapa de mi vida. Os quiero.

A mis padres. No existen palabras de agradecimiento para vosotros. Sois los
maximos responsables de que haya llegado hasta aqui. Gracias por los valores que
me habéis transmitido y por hacer que todo sea mas facil. Os quiero.

A mi chico, mi gran compafiero desde el principio. No podria haber elegido una
persona mejor. Gracias por ensefiarme que soy mas fuerte de lo que creo. Por todo

lo que me das. Te quiero.









INDICE

Simbolos, abreviaturas y Siglas ... 1
LiISTA 0B FIGUIAS ... 9
LiSta de tabIas.........ccoveiiiiii e 13
RESUIMEN ...t r e nr e nreenes 17
T U ] 0] 4T 1Y P R USSRN 23
Compendio de articulos que avalan esta teSiS.........cccuvveveiieiieereiieeiesiesiese e 29

Acrticulo I: Novel and conventional embryo parameters as input data for artificial
neural networks: an artificial intelligence model applied for prediction of the

implantation potential...........c.cccovviiiiiiie s 31

Acrticulo Il: An artificial intelligence model based on the proteomic profile of

euploid embryos and blastocyst morphology: a preliminary study................... 47

Acrticulo 11I: The higher the score, the better the clinical outcome: retrospective

evaluation of automatic embryo grading as a support tool for embryo selection

IN TV [2D0TatOrIes. ..o 63
Articulos como coautora no incluidos en esta teSiS.........ccvvrveriereeneisieienn 85
CAPITULO 1: INrOAUCCION ..ot 87

11 Técnicas de reproduccion asistida (TRA). ..o 89

111 Hitos en la historia de la reproduccion humana asistida. .............. 89
1.1.2 Inseminacion artificial. ..........ccoooeiieiiiiie e 90
1.1.3 Fecundacion in Vitro (FIV). ... 90
1.2 Seleccion de embriones en tratamientos de FIV. ... 91
121 MEtOdOS NO INVASIVOS. .....covviriieiiiiieie e 92
1.2.2 MELOTOS INVASIVOS ......cuvviniiiiieicieieie e 96
1.3 Inteligencia artificial (1A) aplicada a medicina reproductiva. ............... 98

131 ASPECTOS GENETAIES. ...t 98


https://d.docs.live.net/46fc943df6257809/Escritorio/Doctorado/Compendio%20publicaciones/Tesis%20LB.docx#_Toc120546835

132 Inteligencia artificial en el laboratorio de fecundacion in vitro.. 101

CAPITULO 2: Hipotesis, objetivos y justificacion de compendio de articulos 109

2.1 HIPOLESIS ..t 111
2.2 ODJELIVOS....ccuiciicie e 111
2.3 Justificacion de la tesis como compendio de publicaciones. ............. 112
CAPITULO 3: Resultados Y diSCUSION ...........c.cveveereicicieieneeseeseeseesesseesssens 113

3.1  Descripcion de pardmetros del desarrollo embrionario y su relacion con
el potencial de iImpIantaCioN. ........ccocvviirireiie e 115

3.2 Identificacion de marcadores no invasivos del secretoma embrionario y

su asociacion con el éxito de un tratamiento de reproduccion asistida........... 117

3.3 Desarrollo de modelos basados en inteligencia artificial para predecir
FeSUItAdO0S CHNICOS......cueiiiieieiece e 119

3.4  Evaluacion de herramientas para la automatizacion de la seleccion

embrionaria en los laboratorios de fecundacion in Vitro..........cocvvevevevevenen, 122
CAPITTULO 4: CONCIUSIONES ..ottt ee et ereeee s s e 125
Sugerencias y futuros desarrollos ... 129

Acrticulo IV: Will the introduction of automated ART laboratory systems render

the majority of embryologists redundant?..........ccccccceveieieciicce e, 131

Biblografia........cccoeiiiiec s 137


https://d.docs.live.net/46fc943df6257809/Escritorio/Doctorado/Compendio%20publicaciones/Tesis%20LB.docx#_Toc120546846
https://d.docs.live.net/46fc943df6257809/Escritorio/Doctorado/Compendio%20publicaciones/Tesis%20LB.docx#_Toc120546850
https://d.docs.live.net/46fc943df6257809/Escritorio/Doctorado/Compendio%20publicaciones/Tesis%20LB.docx#_Toc120546855

Simbolos, abreviaturas y siglas






Al: Inteligencia artificial, del inglés artificial intelligence
ANN: Red neuronal artificial, del inglés artificial neural network
ASEBIR: Asociacion para el estudio de la biologia de la reproduccion
AUC: Area bajo la curva

BC: Blastocisto cavitado

BE: Blastocisto expandido

BEd: Diametro de expansion del blastocisto

BH: Blastocisto eclosionado

BHi: Blastocisto eclosionando

BT: Blastocisto temprano

CCL23: Ligando de quimiocina 23

ccTroph: Ciclo celular del trofoectodermo

CD: grupo de diferenciacion

CX3CL1: Quimioquina ligando 1

CXCL.: Ligando de quimioguinas con motivo C-X-C
D+2: Segundo dia de desarrollo embrionario

D+3: Tercer dia de desarrollo embrionario

D+4: Cuarto dia de desarrollo embrionario

D+5: Quinto dia de desarrollo embrionario

D+6: Sexto dia de desarrollo embrionario

DL: Aprendizaje profundo, del inglés deep learning

DNER: Receptor relacionado Delta/Notch-like EGF
3



DS: Desviacion estandar

EIM: Consorcio europeo de fecundacion in vitro

EMMPRIN: Inductor de inductor de la metaloproteinasa de la matriz
EpCAM: Molécula de adhesion de células epiteliales

ESHRE: Sociedad europea de reproduccion humana y embriologia
FIV: Fecundacion in vitro

FIt3L: Ligando de la tirosina quinasa 3 tipo FMS

GM-CSF: Factor estimulante de colonias de granulocitos y macréfagos
h: Horas

hCG: Hormona gonadotropina coridnica

HE-4: Proteina 4 del epididimo humano

HLA-G: Antigeno leucocitario humano G

IA: Inteligencia artificial

IC: intervalo de confianza

ICMa: Area de la masa celular interna

ICSI: Inyeccion intracitoplasmaética

IFN-a2: Interferon-o2

IL: Interleucina

IMC: indice de masa corporal

IVF: Fecundacion in vitro, del inglés in vitro fertilization.

KID: Datos de implantacion conocidos

KiSS: Kisspeptina



MCI: Masa celular interna

MCP-1: proteina quimiotaxis aceptante de metilo

MIP-1B: Proteina inflamatoria de macréfagos-1f3

ML: Aprendizaje automatico, del inglés machine learning

MMP1: Metalopeptidasa de matriz 1

MSP-a: Proteina estimulante de macréfagos-o

NPX: Expresion proteica normalizada

OR: Odds ratio

PEA: Ensayo de extensién por proximidad, del inglés proximity extension assay
PGT-A: Test genético preimplantatorio para aneuploidias

PGT-M: Test genético preimplantatorio para enfermedades monogénicas
PLGF: Factor de crecimiento placentario

PN: Prondcleos

PNm: Migracion de los pronucleos

PZD: Perforacion parcial de la zona pellcida

RNV: Recién nacido vivo

SCF: Factor de células madre

SET: Transferencia de un Gnico embrién, del inglés single embryo transfer
Sl: Sistema internacional

SP1: Glicoproteina P-1 especifica del embarazo

SUZI: Inseminacion subzonal

t2: Tiempo de division a dos células



t3: Tiempo de divisidn a tres células

t4: Tiempo de division a cuatro células

t5: Tiempo de divisién a cinco células

t6: Tiempo de division a seis células

t7: tiempo de division a siete células

t8: Tiempo de divisién a ocho células

tB: Tiempo de formacion de blastocisto

tBEd: Tiempo de la medicion BEd

TE: Trofoectodermo

tEB: Tiempo de blastocisto expandido

tHib: Tiempo de inicio de eclosién

tIiCMa: Tiempo de la mediciéon ICMa

TL: Lapso de tiempo, del inglés time-lapse

tM: Tiempo de formacion de moérula

TNF: Factor de necrosis tumoral

TNFRSF9: Miembro de la superfamilia del receptor del TNF 9
tPNa: Tiempo de aparicion de los proncleos

tPNf: Tiempo de desaparicion de los pronicleos

TRA: Técnicas de reproduccion asistida

TRAIL: Ligando inductor de apoptosis relacionado con TNF
TRAIL-R3: Receptor para el ligando citotoxico TRAIL

tSB: Tiempo de inicio de blastulacion



tSC: tiempo de inicio de compactacion

uPA: Activador del plasmindgeno urocinasa

v1: Primera version

v2: Segunda version

v3: Tercera version

VEGFA: Factor de crecimiento endotelial vascular

pm: Micrémetros






Lista de figuras






Figura 1. Criterio para la evaluacion de embriones in vitro segun la asociacién para
el estudio de la biologia de la reproduccién (ASEBIR) en el segundo y tercer dia

del desarrollo embrionario.

Figura 2. Criterio para la evaluacion de embriones in vitro segun la asociacion para
el estudio de la biologia de la reproduccién (ASEBIR) en el cuarto dia del desarrollo

embrionario.

Figura 3. Criterio para la evaluacion de embriones in vitro segun la asociacién para
el estudio de la biologia de la reproduccion (ASEBIR) en el quinto dia del

desarrollo embrionario.

Figura 4. Criterio para la evaluacion de embriones in vitro segun la asociacion para
el estudio de la biologia de la reproduccién (ASEBIR) en el sexto dia del desarrollo

embrionario.

Figura 5. Criterio para la evaluacion de la masa celular interna segin la asociacién

para el estudio de la biologia de la reproduccion (ASEBIR).

Figura 6. Criterio para la evaluacion del trofoectodermo segln la asociacion para
el estudio de la biologia de la reproduccion (ASEBIR).

Figura 7. Esquema grafico de la estructura de una red neuronal artificial (o Artificial

Neural Network; ANN) con distintos tipos de variables de entrada y de salida.
Figura 8. Ejemplo de matriz de pixeles sobre la imagen de un blastocisto.
Figura 9. Pasos en la identificacién de un embrién en un pocillo.

Figura 10. Demostracion del software Geri Connect and Assess 2.0®° con las
anotaciones realizadas automaticamente y las modificaciones realizadas por los

embri6logos.

Figura 11. Demostracion de la categorizacion proporcionada por el algoritmo

KIDScore D5 v3 para una cohorte de 16 embriones en el software EmbryoViewer®,

11



Figura 12. Gréafico de columnas agrupadas del articulo Il que representa la media
del valor NPX obtenido mediante la técnica PEA para las 25 proteinas Utiles
analizadas en los medios de cultivo de 81 embriones generados a partir de 6vulos

autélogos.

12



Lista de tablas






Tabla 1. Media y desviacion estandar para cada parametro del embridn analizado

en el articulo I.

Tabla 2: Valores NPX obtenidos mediante la técnica PEA para las siete proteinas
independientes resultantes del analisis de colinealidad publicado en el articulo I1.

Tabla 3. Variables de entrada para cada arquitectura de red neuronal artificial

desarrollada en el articulo I.

Tabla 4. Resultados de los cuatro modelos de seleccion embrionaria desarrollados

en el articulo 1.

Tabla 5. Resultados del test de las tres arquitecturas mas eficientes en la prediccion

de nacimientos vivos publicadas en el articulo 1l.

Tabla 6. Analisis multivariante para la implantacién y el resultado de nacidos vivos
en diferentes poblaciones de pacientes.

15



16



Resumen






Resumen

La evaluacion y seleccidn de embriones en los tratamientos de fecundacién in vitro
(FIV) se realiza manualmente de forma convencional, mediante observaciones
puntuales bajo el microscopio durante el desarrollo del embrién in vitro. Dicho
andlisis altera las condiciones de cultivo, pudiendo afectar a las tasas de éxito del
tratamiento de reproduccién asistida. La introduccion de la microscopia de lapso
de tiempo o time-lapse ha hecho posible un seguimiento continuo de los embriones
in vitro. De esta forma, se obtiene rutinariamente gran cantidad de informacién en
formato de imagenes grabadas. Hoy en dia, el andlisis de este material todavia se

realiza manualmente, y las imagenes se utilizan sobre todo cualitativamente.

Otra fuente de informacidn acerca de la viabilidad de los embriones in vitro es el
medio de cultivo en el que se incuban durante su desarrollo. Numerosos estudios
avalan la importancia de la interaccion entre el embrién y el tracto reproductor
femenino mediante ligandos y receptores durante la fase preimplantacional.
Actualmente, el avance en las técnicas de analisis de proteémica permite conocer
los valores de numerosos marcadores simultaneamente en el medio de cultivo

embrionario.

Nosotros hipotetizamos que se podria considerar el uso de herramientas y técnicas
computacionales para aprovechar esta gran cantidad de datos y mejorar la
evaluacion de los embriones. Mediante el uso de la inteligencia artificial (1A) se
podrian identificar particularidades conocidas y desconocidas que caractericen un
embrion con alto potencial de implantacion. Informacion resultante de la
incubacion in vitro (tanto las imagenes time-lapse, como el perfil secretémico),
podria medirse con esta tecnologia, ya que es capaz de analizar cantidades masivas

de datos.

El objetivo general de esta tesis es definir nuevas metodologias no invasivas como

herramienta de apoyo en los laboratorios de fecundacion in vitro para seleccionar

qué embrion transferir a la paciente, desarrollando y aplicando innovadoras

tecnologias como la inteligencia artificial para automatizar y mejorar la evaluacion
19



in vitro. Para ello, se plantearon los siguientes objetivos especificos: a) describir
pardmetros del desarrollo embrionario y su relacion con el potencial de
implantacion; b) identificar marcadores no invasivos del secretoma embrionario y
su asociacion con el éxito de un tratamiento de reproduccidn asistida; c) desarrollar
modelos basados en inteligencia artificial para predecir resultados clinicos; y d)
evaluar herramientas para la automatizacion de la seleccion embrionaria en los

laboratorios de fecundacién in vitro.

La presente investigacion de tesis doctoral se presenta como un compendio de tres
publicaciones con datos relevantes para avanzar en la seleccién embrionaria con
métodos no invasivos, sefialando a la inteligencia artificial como herramienta de
apoyo fundamental en los laboratorios de fecundacion in vitro. Los siguientes

articulos componen este compendio:

l. Novel and conventional embryo parameters as input data for artificial
neural networks: an artificial intelligence model applied for prediction of
the implantation potential. Bori L, Paya E, Alegre L, Viloria TA, Remohi
JA, Naranjo V, Meseguer M. Fertil Steril. 2020 Dec;114(6):1232-1241.
doi: 10.1016/j.fertnstert.2020.08.023. Epub 2020 Sep 8. PMID: 32917380.
5-year impact factor: 8,109.

El objetivo principal de este estudio fue predecir el potencial de implantacion del
embrién utilizando nuevos parametros no invasivos observados con sistemas time-
lapse. Para ello, propusimos algunos parametros morfodinamicos del embridn, que
no habian sido evaluados hasta el momento, y analizamos su asociacion con la
probabilidad de implantacion. Finalmente, desarrollamos un modelo utilizando

redes neuronales artificiales para predecir el éxito de la implantacion.

Il. An artificial intelligence model based on the proteomic profile of euploid
embryos and blastocyst morphology: a preliminary study. Bori L,
Dominguez F, Fernandez EIl, Del Gallego R, Alegre L, Hickman C,
Quinionero A, Nogueira MFG, Rocha JC, Meseguer M. Reprod Biomed
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Online. 2021 Feb;42(2):340-350. doi: 10.1016/j.rbmo.2020.09.031. Epub
2020 Oct 8. PMID: 33279421. 5-year impact factor: 4,603

El objetivo del presente estudio era desarrollar un modelo de prediccion de
nacimientos vivos basado en la inteligencia artificial. Se utilizaron datos
procedentes del analisis de imagen de blastocistos e informacidn proteémica del
medio de cultivo embrionario para predecir el potencial de un embrién euploide

para dar lugar a un nacimiento vivo.

1. The higher the score, the better the clinical outcome: retrospective
evaluation of automatic embryo grading as a support tool for embryo
selection in IVF laboratories. Bori L, Meseguer F, Valera MA, Galan A,
Remohi J, Meseguer M. Hum Reprod. 2022 May 30;37(6):1148-1160. doi:
10.1093/humrep/deac066. PMID: 35435210. 5-year impact factor: 5,632

El objetivo principal de este estudio fue evaluar la utilidad de una puntuacién
embrionaria automatica como herramienta de apoyo a la toma de decisiones en los
laboratorios de FIV. En primer lugar, analizamos la asociacion entre la puntuacion
del embrién y una serie de resultados clinicos, como la ploidia, el embarazo, la
implantacion y el nacimiento vivo. En segundo lugar, cuantificamos la contribucion
de la puntuacion del embrién en los resultados de implantacion y nacimiento vivo

en diferentes escenarios en un contexto individualizado.
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Summary

Embryo evaluation and selection in in vitro fertilization (IVF) treatments is
performed manually in a conventional way, through specific observations under the
microscope during the embryo development in vitro. Such analysis alters the
culture conditions and may affect the success rates of assisted reproduction
treatment. The introduction of time-lapse microscopy has made it possible to
continuously monitor embryos in vitro. In this way, a large amount of information
is routinely obtained in the form of recorded images. Today, the analysis of this

material is still performed manually, and the images are mostly used qualitatively.

Another source of information about the viability of in vitro embryos is the culture
medium in which they are incubated during their development. Numerous studies
support the importance of the interaction between the embryo and the female
reproductive tract by means of ligands and receptors during the preimplantation
phase. Currently, advances in proteomic analysis techniques make it possible to
know the values of numerous markers simultaneously in the embryo culture

medium.

We hypothesize that the use of computational tools and techniques could be
considered to take advantage of this large amount of data and improve embryo
evaluation. Using artificial intelligence (Al), known and unknown particularities
that characterize an embryo with high implantation potential could be identified.
Information resulting from in vitro incubation (both time-lapse images and
secretomic profiling) could be measured with this technology, as it can analyze

massive amounts of data.

The general objective of this thesis is to define new non-invasive methodologies as

a support tool in in vitro fertilization laboratories to select which embryo to transfer

to the patient, developing and applying innovative technologies such as artificial

intelligence to automate and improve in vitro evaluation. To this end, the following

specific objectives were proposed: a) to describe parameters of embryo

development and their relationship with implantation potential; b) to identify non-
25



invasive markers of the embryonic secretome and their association with the success
of assisted reproduction treatment; c) to develop models based on artificial
intelligence to predict clinical outcomes; and d) to evaluate tools for the automation

of embryo selection in in vitro fertilization laboratories.

The present doctoral thesis is presented as a compendium of three publications with
relevant data to advance embryo selection with non-invasive methods, highlighting
artificial intelligence as a key support tool in in vitro fertilization laboratories. The

following articles make up this compendium:

l. Novel and conventional embryo parameters as input data for artificial
neural networks: an artificial intelligence model applied for prediction of
the implantation potential. Bori L, Paya E, Alegre L, Viloria TA, Remohi
JA, Naranjo V, Meseguer M. Fertil Steril. 2020 Dec;114(6):1232-1241.
doi: 10.1016/j.fertnstert.2020.08.023. Epub 2020 Sep 8. PMID: 32917380.
5-year impact factor: 8,1009.

The main aim of this study was to predict embryo implantation potential using new
non-invasive parameters observed with time-lapse systems. For this purpose, we
proposed new morphodynamic parameters of the embryo, which had not been
evaluated so far, and analyzed their association with the probability of implantation.
Finally, we developed a model using artificial neural networks to predict

implantation success.

. An artificial intelligence model based on the proteomic profile of euploid
embryos and blastocyst morphology: a preliminary study. Bori L,
Dominguez F, Fernandez EIl, Del Gallego R, Alegre L, Hickman C,
Quifionero A, Nogueira MFG, Rocha JC, Meseguer M. Reprod Biomed
Online. 2021 Feb;42(2):340-350. doi: 10.1016/j.rbmo.2020.09.031. Epub
2020 Oct 8. PMID: 33279421. 5-year impact factor: 4,603

The aim of the present study was to develop an artificial intelligence-based live

birth prediction model. Data from blastocyst image analysis and proteomic
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information from the embryo culture medium were used to predict the potential of

a euploid embryo to lead to a live birth.

1. The higher the score, the better the clinical outcome: retrospective
evaluation of automatic embryo grading as a support tool for embryo
selection in IVF laboratories. Bori L, Meseguer F, Valera MA, Galan A,
Remohi J, Meseguer M. Hum Reprod. 2022 May 30;37(6):1148-1160. doi:
10.1093/humrep/deac066. PMID: 35435210. 5-year impact factor: 7,736

The main objective of this study was to evaluate the usefulness of an automated
embryo score as a decision support tool in IVF laboratories. First, we analyzed the
association between embryo scoring and several clinical outcomes, such as embryo
ploidy, pregnancy, implantation, and live birth. Second, we quantified the
contribution of embryo score on implantation and live birth outcomes in different

scenarios in an individualized context.
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neural networks: an artificial intelligence model applied for prediction of the

implantation potential.
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Objective: To describe novel embryo features capable of predicting implantation potential as input data for an artificial neural network
(ANN) model.

Design: Retrospective cohort study.

Setting: University-affiliated private IVF center.

Patient(s): This study included 637 patients from the oocyte donation program who underwent single-blastocyst transfer during two
consecutive years.

Intervention(s): None.

Main Outcome Measure(s): The research was divided into two phases. Phase 1 consisted of the description and analysis of the
following embryo features in implanted and nonimplanted embryos: distance and speed of pronuclear migration, blastocyst expanded
diameter, inner cell mass area, and trophectodemn cell cycle length. Phase 2 consisted ofthe development of an ANN algorithm for im-
plantation prediction. Results were obtained for four models fed with different input data. The predictive power was measured with the
use of the area under the receiver operating characteristic curve (AUC).

Result(s): Out of the five novel described parameters, blastocyst expanded diameter and trophectoderm cell cycle length had statisti-
cally different values in implanted and nonimplanted embryos. After the ANN models were trained and validated using fivefold cross-
validation, they were capable of predicting implantation on testing data with AUCs of 0.64 for ANN1 (conventional morphokinetics),
0.73 for ANN2 (novel morphodynamics), 0.77 for ANN3 (conventional morphokinetics + novel morphodynamics), and 0.68 for ANN4
(discriminatory variables from statistical test).

Conclusion(s): The novel proposed embryo features affect the implantation potential, and their combination with conventional mor-
phokinetic parameters is effective as input data for a predictive model based on antificial intelligence. (Fertil Steril® 2020;114:1232-41.
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Consortium (EIM] for the European Society of Human

Reproduction and Embryology reported, in its 18th
annual report, more than 8 million treatments with the use
of assisted reproductive technology and nearly 1.5 million
newbom children (1). Most treatments reported to EIM were
performed through intracytoplasmic sperm injection (ICSI)
and subsequent in vitro embryo culture. The selection of the
most appropriate embryo of an entire cohort is a relevant fac-
tor for the successful outcome of an infertility treatment.

From the very beginning of IVF practice, morphology has
been the criterion par excellence to evaluate the development
of the embryo (2). The assessment is usually performed under
an optical microscope at x400 magnification to count the
number of cells, fragmentation level, or multinucleation,
among other parameters. Limitations of this method are not
only associated with the subjectivity of the embryologist (3],
but also with the evaluation per se. Even though the incubator
has optimal culture conditions, gas concentrations and tem-
perature are altered by removing the embryos from the incu-
bator to allow a static observation (4). Therefore, embryos are
evaluated at limited time points and a lot of information is
missing from the observations (5). It is well reported that
the embryo stage and classification can vary in a few hours
(6, 7), resulting in nonsuccessful embryo selection.

The introduction of time-lapse (TL) systems in IVF labo-
ratories allows the continuous monitoring of embryo devel-
opment in real time. This technology has become a useful
tool to study the dynamic embryo development without dis-
turbing the culture conditions and offers objective and precise
information in a qualitative and quantitative way (8). It has
been used to create predictive algorithms by applying
morphologic and morphokinetic parameters to choose the
best embryo to transfer (9).

Abnormal division patterns, multinucleation, fragmenta-
tion, or collapse are some of the deselecting parameters used
to categorize embryo quality (10). These parameters have been
associated with inadequate blastocyst formation (11), low
euploidy rate (12) and poor implantation and live birth rates
(12-20).

Over time, the final goal of the algorithms has changed
from appropriate embryo development to healthy live birth.
The most used morphokinetic parameters to predict blastula-
tion were the duration of the second cell cycle (cc2), the time
period to complete synchronous divisions (s2 and s3], the di-
vision time to two cells (t2), and the division time to five cells
(t5) (13, 21-28). The events more frequently used to predict
implantation were cc2, t5, and s2 (13, 28-32). Even though
morphokinetic parameters are not enough to predict ploidy
(33), most of the embryos with abnormal cell division times
have chromosomal alterations (5, 29, 34). It is also reported
that aneuploid embryos are delayed compared with euploid
ones in different morphokinetic parameters, such as the
timing of morula and blastocyst formation (35-37).
Therefore, TL technology could reduce the risk of
transferring aneuploid embryos in treatments with no
preimplantation genetic testing (PGT) (38).

Nevertheless, there has been very little improvement in
live birth rate over the past few years (1, 39), raising the

The European In Vitro Fertilization (IVF)-Monitoring

Fertility and Sterility®

need to investigate new approaches. The continuous
recording of the embryo development provides high-quality
images that allow the embryologists to find precise markers
to determine embryo quality. The problem of existing algo-
rithms is the incapacity for using the large amount of data
provided by time-lapse systems. Innovative artificial intelli-
gence (Al) techniques are capable of changing the subject of
study from limited independent variables to big data. Al could
be defined as the development of al gorithms with the capacity
of creating leamed models and exercising an intelligent
behavior (40). Supervised machine leaming is the Al method-
ology that uses mathematical technigques to give computer
systems the ability to learn from labeled data and make a pre-
diction. The techniques most used in this field are artificial
neural networks (ANNs), such as a convolutional neural
network (41) and multilayer perceptron (MLP) (42). Recently,
the introduction of ANNs in assisted reproduction investiga-
tions has increased sevenfold (43) with promising results (44,
45).

The main aim of the present study was to predict embryo
implantation potential using novel noninvasive parameters
observed by TL monitoring systems. To achieve this objective,
we proposed new embryo morphodynamic parameters, which
had not been evaluated so far by TL, and analyzed their asso-
ciation with the implantation probability. Finally, we devel-
oped a model using an ANN to predict the implantation
SUCCESS.

MATERIALS AND METHODS
Study Population

This research was a single-center retrospective study carried
out at IVI Valencia (Spain). We included recipients from the
oocyte donation program who underwent [CSI cycles without
PGT from the past two consecutive years. The exclusion
criteria for recipients were: uterine pathologies, endometri-
osis, polycystic ovary syndrome, and body mass index =30
kg/m”. Qut of the 8,832 treatments with these characteristics,
845 were included in the EmbryoScope Plus TL system (Vitro-
life). Single fresh embryo transfers were performed in 637 of
them, whose embryos were assessed in this project.

Ovarian Stimulation and Uterine Receptivity

Donors were stimulated by means of the conventional
controlled ovarian stimulation protocol with GnRH agonist
treatment. GnRH agonist (Decapeptyl 1; Ipsen Pharma) was
administered by intramuscular injection until more than eight
follicles had reached a mean diameter of = 18 mm. Transva-
ginal oocyte retrieval was scheduled 36 hours later. The endo-
metrial preparation of patients was undertaken with the use of
the hormone replacement therapy described by Cerrillo et al.
(46). After embryo transfer, oocyte recipients received a daily
dose of 400 mg vaginal micronized progesterone (Progeffik;
Laboratorios Effik) every 12 hours as luteal-phase support.

Qocyte Retrieval and ICSI

Transvaginal oocyte retrieval was performed through follic-
wlar aspiration, and oocytes were washed in gamete medium
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A PRONUCLEAR MIGRATION

fart: PN juxtaposition

nd: before PN fading

C INNER CELL MASS AREA

D TROPHECTODERM CELL CYCLE LENGTH

' “1* division »,

Measurement methodology carried out with the use of the drawing tools provided by the EmbryoViewer (Vitrolife). (A) Measurement of pronuclear
(PN) migration; the image on the right represents the initial migration point and the image on the left represents the distance traveled by the
pronuclei at the migration end point. {B) Measurement of blastocyst expanded diameter. (C) Measurement of inner cell mass area. (D)
Measurement of trophectoderm cell cycle length; the image on the left represents the selected trophectoderm cell, the center image represents
the two daughter cells from the selected cell, and the image on the right represents the four daughter cells from the two cells of the previous image.

Bon. Novel markers of enbryo implantation. Fertil Stenil 2020.

(Cook Medical). Then, oocytes were cultured in fertilization
medium (Origio; Cooper Surgical) at 5% CO,, 5% 0,, and
37°C. Denudation was carried out just before ICSI, 4 hours af-
ter oocyte retrieval, with the use of mechanical and chemical
procedures (pipetting in 40 IU/mL hyaluronidase). ICSI was
performed at x400 magnification with the use of an Olympus
IX7 microscope. Finally, oocytes were placed in preequili-
brated EmbryoSlides (Vitrolife) with 16 microwells divided
into two groups, with 90 uL single-step medium (Gems; Ge-
nea Biomedx) per group and 1.6 mL mineral oil per dish.

Embryo Incubation, Scoring, and Selection

Embryos were cultured in the EmbryoScope Plus TL system up
to the blastocyst stage. Images were taken automatically
every 10-20 minutes and in up to 11 focal planes. Embryo
development was assessed on an external computer withsoft-
ware for the analysis (EmbryoViewer workstation; Vitrolife).
Fertilization was evaluated at 16-19 hours after ICSI and
confirmed by the presence of two pronuclei and two polar
bodies. The number of cells, fragmentation level, symmetry
among blastomeres, and compaction degree were annotated

1234
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on days 2 and 3 of development. Later, blastocysts were as-
sessed and selected by applying a hierarchic classification
procedure based on a combination of standard Asociacion
para el Estudio de la Biologia de la Reproduccidn (ASEBIR)
morphologic grading (Supplemental Tables 1-3, available on-
line at www fertstert.org) and KIDScore D5 al gorithm (Embry-
oViewer software; Vitrolife). Embryos were graded from A
[(high morphologic quality) to D (low morphologic quality)
by senior emhryologists and scored from 1 (low likelihood
of implantation) to 9.9 (high likelihood of implantation) by
KIDScore D5. The embryo with the highest score among those
with good-quality morphology was selected to transfer in
each treatment. Implantation of transferred embryos was
confirmed by ultrasound scanning for gestational sacs with
fetal heart beat after 8 weeks of pregnancy.

Experimental Design

The project was divided into two phases.

Phase 1 consisted of analysis of novel morphokinetic pa-
rameters: distance and speed of pronuclear migration (PNm),
blastocyst expanded diameter (BEd), inner cell mass area
(ICMa), and cell cycle length in the trophectoderm (ccTroph).
Not all of the parameters could be analyzed on all of the trans-
ferred embryos, owing to image failures such as darkness,
presence of bubbles, or out-of-focus images. The measure-
ments were carried out by a designated embryologist, who
was responsible for the annotation of morphokinetic vari-
ables (to avoid interoperator variations), using the drawing
tools provided by EmbryoViewer. The distance of PNm was
assessed 505 embryos by drawing a line from the point of
PN juxtaposition up to the position where PNs faded in
(Fig. 1A). The speed of PNm was calculated from the distance
and the duration of this movement. The BEd was measured in
451 embryos in their maximum expansion and always before
the embryo started hatching (Fig. 1B). The ICMa was evalu-
ated with a circle surrounding its perimeter when the ICM
was compacted, in 477 embryos (Fig. 1C). To normalize data
of BEd and ICMa in early and delayed embryos, we calculated
a ratio with the time when the annotations were performed:
BEd/tBEd and ICMa/tICMa. The ccTroph length was measured
in 360 embryos. We selected one cell and made two marks, the
first one when this cell divided into two daughter cells and the
second one when one of the daughter cells divided again
(Fig. 1D). Subtracting these two division times, we obtained
ccTroph.

Phase 2 consisted of development of the predictive model
based on ANNs. Novel morphodynamic parameters (distance
and speed of PNm, BEd, [CMa, and ccTroph) and conventional
morphokinetic parameters (the time of the second polar body
emission, tPB2; the time of appearance of the two pronuclei,
tPNa; the time of their fade-out, tPNf; the division time to two
cells, t2; the division time to three cells, t3; the division time to
four cells, t4; the division time to five cells, t5; the division
time to six cells, t6; the division time to seven cells, t7; the di-
vision time to eight cells, t8; the time from ICSI to early
compaction, tSC; the time of morula formation, tM; the
time to early blastulation, tSB; the time to full blastocyst,
tB; the time to expanded blastocyst, tEB; and the time to early
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hatching blastocyst, tHiB) were considered to develop the
model.

The ANN that we designed was an MLP and involved the
selection of several hyperparameters. The number of hidden
layers and the number of hidden neurons were chosen empir-
ically but starting from rule-of-thumb methods. First, one or
two hidden layers should be enough to solve any nonlinear
complex problem (47). In the present work, the selection of
two hidden layers improved model performance. Second,
the number of hidden layers neurons should be two-thirds
the size of the input layer (48, 49). The best model was de-
signed with 1% neurons in each hidden layer (Supplemental
Fig. 1, available online at www.fertstert.org). Too many neu-
rons can result in overfitting problems and not lead to correct
generalization.

Initially, the data was preprocessed by cleaning the data-
base (removing samples with more than five missing values)
and then filling missing values with the use of different tech-
niques and standardizing the variables by means of Z score.
Conventional variables were time dependent. Therefore, we
could approximate missing values by means of interpolation.
Novel variables were filled by using their corresponding
means. In this way, 451 embryos were considered to feed
the ANNs. Afterward, the parameters were randomized and
split into two groups: 859 for the leaming process (training
and validation) and 159 for the blind test. In the leaming pro-
cess, the ANN was fed with the input data, the prediction was
calculated, and the error was obtained by comparing the
output value with the target value. Then, the backward prop-
agation of the error allowed for the model parameter updates.
A fivefold cross-validation approach was performed to guar-
antee robustess in the model (50). In this way, the leaming
data was divided into five sets and the network trained and
validated with different sets of data in each iteration. Finally,
the model was tested with the 15% of embryos, which were
unknown for the model. It took the embryo parameters as
input data and generated a confidence score in the range
from O to 1. According to the probability of belonging to
each class, the sample was assigned to the majority class.

The ANN was trained and tested by using distinct groups
of variables, resulting in four models with the same architec-
ture and different input data: conventional morphokinetic
parameters for ANN1, novel morphodynamical parameters
for ANN2, conventional and novel parameters for ANN3,
and those parameters which had significant differences be-
tween implanted and nonimplanted embryos for ANN4.

Statistical Analysis

The discriminatory capacity of each variable and the correla-
tion among them was analyzed. Statistical tests were applied
to probe significant differences in the values of each variable
between implanted and nonimplanted embryos. At test was
used for parameters with normal distribution and Wilcoxon
rank sum test for those with nonnormal distribution. The sub-
sequent results were expressed in terms of the 95% confidence
interval and significance. Also, a study of the correlation for
each pairwise variable combination was performed. The Pear-
son correlation coefficients and their respective P values were
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obtained to test the null hypothesis and if they were
independent.

Finally, receiver operator characteristic curves were used
to analyze the predictive power of the ANN. The resulting
graph represents the ratio of true test positives to total positive
(sensitivity) per the proportion of false positives (1 — speci-
ficity). The higher the area under the curve (AUC), the more
balanced the compensation between sensitivity and speci-
ficity. As a measure of the model performance, we also used
the combined metric F score, which considered predictive
positive values and sensitivity.

Ethical Approval

The procedure and protocol were approved by an institutional
review board (IRB reference: 1709-VLC-094-MM) that regu-
lates and approves database analysis and clinical IVF proced-
ures for research at IVI Valencia. In addition, the project
complies with the Spanish law goveming assisted reproduc-
tive technologies (14/2006).

RESULTS

Phase 1: Analysis of Novel Morphokinetic
Parameters

The means and standard deviations for novel morphodynamic
parameters from implanted and nonimplanted embryos are
presented in Table 1.

Pronuclei from the analyzed embryos traveled distances
of 2-38 pm. We found nonsignificant differences between
implanted and nonimplanted embryos regarding distance
and speed.

BEd reached 114-225 ym. Implanted embryos had signif-
icantly higher diameters than nonimplanted ones. The im-
plantation rate also improved as the ratio BEd/tBEd was
higher: 46.29 for <1.37, 45.3% for 1.38-1.52, 66.7% for
1.53-1.64, and 70.7% for >1.64.

ICMa was 1,051-4,847 um”. Nonsignificant differences
were found related to implantation rate. The tendency was
that embryos with larger ICM areas had better implantation
rates. Similar results were found for the ratio ICMa/tICMa:
52.1% for <19.07, 61.00% for 19.08-23.87, 63.8% for
23.88-28.90, and 57.4% for >28.90.

ccTroph was shorter than blastomeric cell cycle. In addi-
tion, we found significant differences between implanted and
nonimplanted embryos.

Phase 2: Development of the Predictive Model
Based on ANN

The means and standard deviations for conventional morpho-
kinetic parameters from implanted and nonimplanted em-
bryos are presented in Table 1.

TABLE 1

Mean and standard deviation for each embryo parameter analyzed.

Implanted embryos Nonimplanted embryos

Variable Unit (S1) Mean sD Mean sSD Pvalue
tPB2 h 3763 1.425 3.858 1.585 .907

tPMa h 8559 2.187 8735 2283 926
tPINF h 23.192 2.559 23508 2745 194
12 h 25654 2956 25951 24973 383

13 h 36219 3361 36.500 3817 356
4 h 37.403 3663 38.154 3975 .031°
] h 48.801 5.109 49104 5.812 526
6 h 50386 5.006 51519 5779 .023*
7 h 52777 5464 54468 7.031 .009*
t8 h 56.607 7817 59.840 10.137 .003°
9 h 69.889 8209 72800 8635 <.001°
5C h 80.891 8.757 83.139 9.163 .01z
tM h 86.925 8265 88.689 8.591 017
tSB h 96.843 6.712 98978 6.979 .001*
i) h 102436 6.740 104326 7216 .00s*
IEB h 107.940 6.452 110274 6.592 .001*
tHiB h 110638 7694 114796 9.790 418
PNm distance am 13.649 7.234 13.648 6.898 936
PNm speed umv'h 1377 1.989 1.174 0.995 079

BEd am 177.090 21374 170.830 18575 <.001®
ICMa um? 2763.036 707.134 2716.188 830591 069

ccTroph h 9.945 2706 9758 2702 <.001°
tIiCMa h 113369 5419 114252 9.046 184
tBEd h 113527 3787 113637 2915 461

Note:BEd = blastocyst expanded diameter; ccTroph = trophectoderm cell oycle; 10 Ma = inner cell mass area; PNm = pronuclear migration; t2, the division time to two cells; 13 = divison time to
three cells; t4 = the division time to four cells 15, the division time to five cells t6 = division time to six cellg 17 = division time to seven celly t8 = division time to eight cells; tB = time from
intracy toplasmic sperm injection (K251 to full blastocyst; tPB2 = the time of the second palar body emission; tEB = time: from IS to expanded blastocyst; tHiB = time from IC5I to early hatching
blastocyst; th = time from K23 to morula formation; tPNa = time of appearance of the two pronude; tPNf = time of their fade out; t58 = time fromIC 3 to early blastulation;. t5C = time from I3

to early compaction.
* P< 105, statistically significant diff erence between implanted and nonimplanted embryos.

Bodi. Novel markers of embryo implantation. Fertil Stenl 2020
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Receiver operating characteristic curve for prediction of implantation on the testing dataset by artificial neural network 3 (all conventional
morphokinetic and novel parameters as input data). AUC = area under the receiver operating characteristic curve.

Bori. Novel markers of embryoimplantation. Fertil Sterl 2020.

Independent variables capable of discriminating between
implanted and nonimplanted embryos were: t4, t6, t7, t8, t9,
tSC, tM, tSB, tB, tEB, VEd, and ccTroph.

After the preprocessing of the dataset, 451 embryos were
considered to develop the ANN architecture. The highest pre-
dictive power was achieved by ANN3, with an AUC of 0.77
(Fig. 2). The results in terms of sensitivity, specificity, accu-
racy, F score, and AUC for the four models in the testing
data set are presented in Table 2.

DISCUSSION

Novel embryo morphodynamic parameters described in this
research could play an important role in implantation poten-

tial prediction. Their combination with conventional morpho-
kinetic parameters in ANNs has resulted in an effective tool to
predict the success of an IVF treatment.

Since the introduction of time-lapse systems in IVF labo-
ratories, several algorithms have been developed using mor-
phokinetic parameters to improve embryo evaluation and
selection (24, 29). The efficacy of six time-lapse imaging em-
bryo selection algorithms to predict implantation (5, 25, 32,
35, 51, 52) showed AUCs ranging from 0.543 to 0.629 (53).
The insertion of new embryo features and new methodologies
of data analysis could improve the predictive power.

The appearance, movement, and fading of PNs has been
previously studied (54-56). Whereas the female PN appears
near the second polar body, in the cortex of the oocyte, the
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TABLE 2

Results obtained in terms of sensitivity, specificity, accuracy, Fscore, and area under the curve for each artificial neural network model on the

testing data set.

Artificial neural network Input data

ANNT tPB2, tPNa, tPNf, 12, 13, 14,15, 16,
17, 18, 15C, tM, 1SB, 1B, tEB,
tHiB

ANNZ Distance of PMm, speed of PNm,
BEd, ICMa, ccTroph

ANNZ tPB2, tPNa, tPNf, 12, 13, 14,15, 16,
t7, t8, 15C, tM, 15B, tB, tEB,
tHiB, distance of PNm, speed
of PNim, BEd, ICMa, ccTroph
length

ANNA t4, 16, 17, 18, 19, t5C, tM, 15B, 1B,

tEB, BEd, ccTroph length

Sensitivity Spec ificity Accuracy Fscore AUC
0.88 0.46 0.71 0.78 0.64
0.86 0.58 0.75 0.80 073
0.82 067 0.76 0.80 077
0.85 057 074 0.79 068

Note: ANN = artificial neural network; AUC = anea under the curve; BEd = blastocyst expanded diameter; ccTroph = trophectoderm cell oycle; KOMa = inner cell mass area; PNm = pronudiear
migration; t2 = division time to two cells; t 3= division time tothreecells; t4 = division time to four cells, t5 = division time to five cells; 16 = the division time to six cells; t7 = the division time to seven
celk; 18, the division time to eight celk; 18 = the time from intracytoplasmic sperm injection (IC51) to full blastocyst; tEB = the time from ICS] to expanded blastocyst; tHIB = the time from|CSlto early
hatching blastocyst; th = time fromIC 5l to morula formation; tPE2 = timeof the secon d polar body emision ; tFha = time of appearance of the twa pron udei; tPNf = time aof their fade out; 158 =

the time from IC51 to early blastulation; t5C = the time from §C ) to early compaction.
Boi. Novel markers of embryo implantation. Fertil Sterl 2020,

male PN can emerge in the center (53.6%), the cortex (15.20),
or an intermediate point (31.2%] (55). The central position of
PN juxtaposition and the presence of multinucleated
blastomeres at the two-cell stage have been associated with
the likelihood of live birth when transferring embryos on
day 2 or 3 (56). As a general rule, both PNs move together,
merge, and fade (55). The distance and speed of PN migration
before fading were added as input data in our Al model. We
did not find an association between implantation rate and
multinucleation at the two-cell stage. However, we found
that the intermediate PN position at juxtaposition was associ-
ated with higher clinical pregnancy rates, but the inclusion of
this parameter as input variable for ANN did not improve its
performance (unpublished data).

According to the ASEBIR criteria and Gardner grading,
ICM, blastocyst expansion, and trophectoderm are the best
criteria for evaluating and selecting embryos on day 5 of
development (Supplemental Tables 1-4, available online at
www.fertstert.org). Therefore, we wanted to analyze these pa-
rameters in an ohjective and quantitative way by using mea-
surements of BEd, ICMa, and ccTroph. Two decades ago,
Richter et al. were the first group to demonstrate that embryos
with larger ICMa had higher implantation rates (57). Although
we did not find statistical difference regarding the impact of
ICMs over the implantation potential as an independent var-
iable (Table 1), the most predictive ANNs included this param-
eter (Table 2). The relationship between BEd and clinical
outcome was first described with the use of an ocular micro-
meter in 2008 (58). Although the bBEd and the ICMa had
already been assessed with the tools of the Embryo Viewer
(59), this is the largest retrospective cohort study in a TL sys-
tem including these blastocyst features. In agreement with
ourresults, the transfer of fully expanded blastocysts yielded
greater implantation rates in fresh (60, 61) and frozen-thawed
(62) embryo transfers. Blastocyst expansion has been also

associated with embryo ploidy, as euploid blastocysts usually
expand earlier than aneuploid ones (63). To our knowledge,
this is the first time that the ccTroph has been measured,
although rapid expansion has been associated with integra-
tive cellular mitosis in trophectoderm cells (63). To ensure
that ccTroph was representative of each embryo, we per-
formed the measurement on two different cells for 100 em-
bryos without obtaining significant variations (unpublished
data).

The development of Al algorithms has become a common
practice in embryologic investigations (43). Most of them are
focused on image analysis through computer wvision.
Although, computer vision is a promising tool to use all the
data hidden in TL images, it is still improving in the field of
human embryology. There is one tool, called STORK, proposed
to predict blastocyst quality with high predictive value (AUC
= 0.98), based on TL images (45). Nevertheless, in their clas-
sification, good- and bad-quality embryos had little differ-
ence in the probability to lead to a birth: 61.4% and 50.9%,
respectively. Complete videos of the whole embryo develop-
ment have also been tested in software called IVY, with a
high capacity of predicting fetal heart beat (AUC = 0.93)
(44). However, the predictive power was calculated with the
use of all kind of embryos, even nonviable (7,063 discarded
embryos out of 10,683). The main goal should be to distin-
guish among viable embryos with similar appearance, among
those that have the possibility of being transferred.

Currently, there is no doubt that Al techniques such as
ANNSs are more powerful than conventional statistical meth-
odologies for data analysis. Among the models of ANN per-
formed in this research, the third one was the most
successful: All of the characteristics together were more pre-
dictive than individually. In addition, we found that the new
parameters analyzed were responsible for the increase in the
predictive power for implantation: The AUC for conventional
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morphokinetics was 0.64, and for their combination with the
novel parameters it was 0.77. Also, the accuracy for implan-
tation prediction was higher with the new parameters than
with the conventional ones: 0.75 and 0.7 1, respectively. Dig-
ging deeper into the predictive results, the highest sensitivity
was found with those parameters that were significantly
different in implanted and nonimplanted embryos (Table 2).
They had higher capacity for discriminating the implanted
embryos, but not the nonimplanted ones, because the speci-
ficity was too low. Thus, the most balanced model was the
ANN3, which had the highest specificity and an excellent
sensitivity (0.67 and 0.82, respectively).

The predictive value of implantation would be likely
higher with the addition of parameters related to the patients.
We recognize that implantation is not dependent only on the
embryo quality; the characteristics of the endometrium and
reproductive history also play important roles in IVF treat-
ments. Regardless of the patient demographics, our further
aim is to apply this ANN tool to improve the embryo selection
in the laboratory before transfer.

We used morphodynamic annotations, which are more
consistent, robust, and objective than morphologic ones
(64). However, the interobserver variability of TL annotations
limit the generalizability of our findings, especially with the
newly described parameters. In addition, although we used
a high-quality TL system supplied with different focal planes,
the embryonic three-dimensional morphology made the eval-
uation of some events difficult, mainly those related to the
PNs. In the near future, these annotations could be performed
automatically with the use of computer vision to reduce
subjectivity. This study is also limited by its retrospective na-
ture, which is necessary before using a new embryo selection
model in the IVF laboratory.

CONCLUSION

From this study, we can underscore the identification of
nonconventional embryo parameters involved in the implan-
tation potential. The use of Al to analyze big data provided by
TL systems showed that the most predictive model was made
up of all ofthe variables described and not just those that were
individually discriminatory. The further step will be to
compare our model prospectively against standard selection
methodologies. We expect that the imminent introduction
of new technologies and the resulting use of these morphody-
namic parameters may increase objectivity in embryo
evaluation.

Acknowledgments: The authors acknowledge the embryol-
ogists and technicians of the IVF laboratory from IVI-RMA
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Nuevos y convencionales parametros embrionarios como datos de entrada para redes neuronales artificiales: un modelo de inteligencia
artificial aplicado para la prediccion del potencial de implantacion.

Objetivo: Describir nuevas caracteristicas de embriones capaces de predecir el potencial de implantacién como datos de entrada paraun
modelo de red neuronal artificial (ANN).

Diseno: Estudio de cohorte retrospectivo.
Entorno: Centro de FIV privado afiliado a la universidad.

Paciente (s): Este estudio incluyd a 637 pacientes del programa de donacion de ovocitos que se sometieron a transferencia de un solo
blastocisto durante dos afos consecutivos.

Intervencion (es): Ninguna.

Principales medidas de resultado: La investigacién se dividié en dos fases. La fase 1 consistié en la descripcidn y andlisis de las si-
guientes caracteristicas embrionarias en embriones implantados y no implantados: distancia y velocidad de migracién pronuclear,
didmetro del blastocisto expandido, drea de masa celular interna y duracién del ciclo celular del trofoectodermo. La fase 2 consistié
en el desarrollo de un algoritmo ANN para la prediccion de la implantacion. Se obtuvieron resultados para cuatro modelos alimentados
con diferentes datos de entrada. El poder predictivo se midié con el uso del areabajo la curva caracteristica operativa del receptor (AUC).

Resultado (s): De los cinco nuevos pardmetros descritos, el didmetro expandido del blastocisto y la duracién del ciclo celular del tro-
foectodermo tenian valores estadisticamente diferentes en los embriones implantados y no implantados. Después de que los modelos
ANN fueron entrenados y validados mediante validacion cruzada cinco veces, estos fueron capaces de predecir la implantacion en los
datos de prueba con AUC de 0,64 para ANN1 (morfocinética convencional), 0,73 para ANN2 (morfodinamica novedosa), 0,77 para
ANN3 (morfocinética convencional morfodindmica novedosa) y 0,68 para ANN4 (variables discriminatorias de prueba estadistica).

Conclusion (es): Las nuevas caracteristicas embrionarias propuestas afectan al potencial de implantacion y su combinacién con
parametros morfocinéticos convencionales es eficaz como datos de entrada para un modelo predictivo basado en inteligencia artificial.
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Supplemental Figure 1

Scheme of the designed architecture of Artificial Neural Network, where m is the

number of input variables and h is the number of neurons in the hidden layers.
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Supplemental Tables

Supplemental table 1.

Category Inner Cell Mass size (um2) Cohesion
A 3800-1900 Compact
B 3800-1900 Non compact
C <1900
D Degeneration signs Indifferent
Excluded Degenerated

Supplemental table 2.

Category Trophectoderm description
A Homogeneous, united and full of cells
B homogeneous, less cells
C Few cells
D Degeneration signs
Excluded Degenerated
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Supplemental table 3.

Blastocyst stage | Grade Characteristics
The blastocoele is less than half the volume of the
Early blastocyst 1 embryo
The blastocoele is greater than or equal to half of
Blastocyst 2 the volume of the embryo
Full blastocyst 3 The blastocoele completely fills the embryo
The blastocoele volume is larger than that of the
Expanded 4 early embryo and the zona pellucida is thinnin
blastocyst y y P g
. The trophectoderm has started to herniate through
Hatching 5 zona pellucida
blastocyst P
Hatched . The blastocyst hii ::]Zmepll;el;[g:é/aescaped from the
blastocyst P
A Tightly packed, many cells
Inner Cell Mass B Loosely grouped, several cells
Very f !
C ery few cells
A Many cells forming a tightly knit epithelium
Trophectoderm B Few cells
C Very few cells forming a loose epithelium
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Supplemental table 4.

D+5
Expansion grade ICM Trophectoderm ASEBIR

A A
B B

A
C c
D D
A A
B B

Since “starting expansion” B
Cc Cc

Up to “hatched”

D D
A A
B B

C
Cc Cc
D D
D A,B,CorD D
Early blastocyst (Thick pellucid zone) C

Morula Excluded
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Acrticulo Il: An artificial intelligence model based on the proteomic profile of

euploid embryos and blastocyst morphology: a preliminary study.

Bori L, Dominguez F, Fernandez EIl, Del Gallego R, Alegre L, Hickman C,
Quifionero A, Nogueira MFG, Rocha JC, Meseguer M.
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KEY MESSAGE

An artificial intelligence model was designed using proteomic and morphological data from blastocysts. The
algorithm, based on artificial neural networks, is capable of discriminating with high accuracy between euploid
embryos that lead to a live birth and those which do not.

ABSTRACT

Research question: The study aimed to develop an artificial intelligence model based on artificial neural networks
(ANNs) to predict the likelihood of achieving a live birth using the proteomic profile of spent culture media and
blastocyst morphology.

Design: This retrospective cohort study included 212 patients who underwent single blastocyst transfer at V]
Valencia. A single image of each of 186 embryos was studied, and the protein profile was analysed in 81 samples

of spent embryo culture medium from patients included in the preimplantation genetic testing programme. The
information extracted from the analyses was used as input data for the ANN. The multilayer perceptron and the
back-propagation learning method were used to train the ANN. Finally, predictive power was measured using the area
under the curve (AUC) of the receiver operating characteristic curve.

Results: Three ANN architectures classified most of the embryos correctly as leading (LB+) or not leading (LB-) to
a live birth: 100.0% for ANN1 (morphological variables and two proteins), 85.7% for ANN2 (morphological variables
and seven proteins), and 83.3% for ANN3 (morphological variables and 25 proteins). The artificial intelligence
model using information extracted from blastocyst image analysis and concentrations of interleukin-6 and matrix
metalloproteinase-1 was able to predict live birth with an AUC of 1.0.

Conclusions: The model proposed in this preliminary report may provide a promising tool to select the embryo
maost likely to lead to a live birth in a euploid cohort. The accuracy of prediction demonstrated by this software
may improve the efficacy of an assisted reproduction treatment by reducing the number of transfers per patient.
Prospective studies are, however, needed.
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INTRODUCTION

he two main factors responsible
for the success of an IVF
treatment are the endometrium
and the embryo (Edwards
et al, 1984). Non-invasive methods
(meorphological and morphokinetic) as
well as invasive methods (genetic testing)
are currently used in IVF laboratories
in embryo selection. However, new
approaches to select embryos are still
being investigated due to the limited
improvement in live birth rate over the
last few years (Dyer et al,, 2015; De
Geyter et al,, 2018).

Mew non-invasive methods based on
“-omic” sciences, such as metabolomics
and proteomics, have emerged to assess
embryo viability and improve clinical
outcomes (Krisher et al, 2015). There is
evidence for the importance of soluble
ligands and receptors in both the embryo
and the female reproductive tract
during the embryonic preimplantation
stage (Thouas et al,, 2015). The group
of proteins secreted or metabolized by
the embryo is known as the secretome
(Hathout, 2007); by analysing the
culture medium, this is a promising
source of information about the protein
and metabolic state of the embryo
(Hollywood et al,, 2008).

Thirty years ago, platelet-activating

factor in spent embryo culture media

was reported as the first evidence of the
embryo secretome (Punjabi et al, 1990).
Since then, several proteins have been
identified during the preimplantation stage,
for example [FN-02 (interferon-02; Jones
et al,, 1992), SP1 (pregnancy-specific P-|
glycopratein; Saith et al, 1994), HLA-G
(human leukocyte antigen G ; Noci et al,
2005), Apo-Al (apclipoprotein Al; Mains
et al, 2011), HCG (human chorionic
gonadotrophin; Butler et al,, 2013) and
GM-CS5F (granulocyte-macrophage
colony-stimulating factor; Ziebe et al,
2013). Methods for protein analysis have
improved in terms of sensitivity, leading to
the simultaneous study of multiple proteins
(e.g. using mass spectrometry techniques
or microarray technology). This has made
it possible to observe associations among
protein expression patterns, developmental
stages and embryo morphology (Katz-
Jaffe and Gardner, 2007; Katz-JAFFE and
MecReynolds, 2013).

Analysis of the embryo culture medium
has revealed the secretion and

consumption of several proteins by the
embryo. The increase in the culture
medium of TNF (tumour necrosis
factor) R1, IL (interleukin) 10, IL-6,
VEGFA (vascular endothelial growth
factor A), EMMPRIN (extracellular
matrix metalloproteinase inducer),

PLGF (placental growth factor), EpCAM
(epithelial cell adhesion molecule),
caspase-3, HE-4 (Human epididymis
protein 4) and IL-6 meant that the
embryo had secreted those proteins
(Dominguez et al,, 2008, 2015; Lindgren
et al,, 2018). Similarly, a decrease in
CHXCL (C-X-C motif chemckine ligand)
13, SCF (stem cell factor), TRAIL-R3
(receptar for the cytotoxic ligand TRAIL),
MIP-1B (macrophage inflammatory
protein-1B) and M5P-ot (macrophage
stimulating protein-tt) in the culture
medium indicated that the embryo

had consumed or metabolized those
proteins (Dominguez et al., 2008).
Furthermore, different protein patterns
were observed according to implantation
potential and embryo quality. Embryos
that implanted consumed more CXCL13
and GM-CS5F than non-implanted ones
(Dominguez et al,, 2010; Robertson,
2007;). In addition, culture medium from
blastocysts showed higher concentrations
of EMMPRIN than samples from arrested
embryos. Higher concentrations of
caspase-3 were found in culture medium
from good quality blastocysts (Lindgren
et al., 2018).

Artificial intelligence, in terms of the
machine capacity to learn and exercise
intelligent behaviour (Simopoulou et dl,
2018), is making headway in human
embryology. Publications increased
seven-fold in 1 year (Curchoe and
Bormann, 2019), which shows the
potential of using artificial intelligence
to improve the efficiency of assisted
reproductive treatments.

It has recently been shown that artificial
intelligence is a non-invasive tool with

a high potential for predicting a live
birth due to its capacity for recognizing
patterns (Miyagi, 2019; Qiu et al., 2019).
Among artificial intelligence technigues,
the most outstanding are the following:
deep learning, which requires large
databases (Chen et al,, 2019; Miyagi,
2019) and hard computational efforts
(Najafabadi et al., 2015); convolutional
neural networks, which are a subset

of deep learning widely used in image
analysis (Matusevicius et al,, 2017); the
multilayer perceptron, whose artificial
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neural network (ANN) architecture
contains intermediate layers between
input and output data (Abiodun et al,
2018; Milewski et al., 2017; Zador,
2019); and Bayesian networks, which
are probabilistic medels (Hernandez-
Gonzdalez et al., 2018; Uyar et al., 2015).
All these technigues use artificial neural
networks as the basis of the model.

ANNs are computational techniques
inspired by the functioning of the
human brain whose main objective is to
learn tasks that seek to solve complex
problems (Vanneschi and Castelli,
2018). This technique simulates a
biclogical neuron and imitates its ability
to learn through trial and error. The
characterization of an ANN is achieved
via its self-learning through training. A
commenly used algorithm for supervised
learning is back-propagation (Gupto and
Sexton, 1999).

MNowadays, the potential of ANNs is
being increasingly explored mainly by
associating other techniques, such as
genetic algorithms, to optimize the
results. The latter are evolutionary
algorithms based on both Darwin's
theory of evolution and Gregor Mendel's
laws of genetics. This methodology
generates a random population of
individuals that is evaluated during the
evolutionary process. In this process, the
most qualified individuals are maintained
in the next generations. After the
creation of a new population, the process
is repeated until a satisfactory solution

is found (Ghaheri, 2015; Rigla et al.,
2018; Rosa and Luz, 2009). In this case,
the individuals are the ANNs (Tokahashi
et al, 2015).

The intreduction of artificial intelligence
to IVF laborataries would allow the
analysis of raw embryo images without
previous manual annotations. Even
though the incorperation of continuous
monitaring increases the objectivity of
embryo assessment, manual annotations
are subject to disparity among
embryologists (Martinez-Granadeos

et al., 2017; Storr et al.,, 2017; Sundvall
et al., 2013). The introduction of
systems with computer vision capable
of extracting objective and standardized
image information (Danuser, 2011) and
performing automatic annotations
could reduce the subjectivity of
embryo selection (Manna et al., 2013).
Macroscopic characteristics such as the
number of cells, texture or movement
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FIGURE 1 The study design shown as a flow diagram representing the distribution of embryos in the project. ANN, artificial neural network; PGT,

preimplantation genetic testing.

patterns could be learned through
training data.

Methods to fully automatize the
evaluation of mammalian embryos

have been already proven to work
(Rocha et al., 2017), and the next step

is to transfer this knowledge to human
embryology (Blank et al., 2019). Recently,
several approaches using artificial
intelligence technigues for embryo
classification and prediction of clinical
outcomes have been published (see, for
example, Bormann et al,, 2020; Chavez-
Badiola et al, 2020; Dirvanauskas et al.,
2019; Khosravi et al., 2019; Rad et al,
2018; Rocha et al.,, 2018; Tran et al,
2019; Zaninovic et al,, 2018).

The objective of the current study was to
develop a combinative predictive model
based on artificial intelligence. First,
morphological data from several embryos
were used to create an ANN capable of
predicting live birth. Donated cocytes
were used, assuming that, as they were
obtained from young women, they would
result in mostly euploid embryos (Dang
et al.,, 2019; Rubio et al., 2003;). Second,

information from blastocyst images

and proteomic information was used to
predict the potential of a euploid embryo
to lead to a live birth. To the authors’
knowledge, this is the first approach to
predict the likelihood of achieving a live
birth by relying on machine learning and
proteomic data.

MATERIALS AND METHODS

Study design and participants

In this single-centre project, two
populations were enrolled (FGURE 1):

131 recipients of the cocyte donation
programme of VI Valencia (no
preimplantation genetic testing [PGT])
and 81 women using autologous eggs

in the PGT for aneuploidies (PGT-A)
programme. The resulting embryos were
individually cultured up to blastocyst
stage in a continuous mMonitoring system
(EmbryoScope; Vitrolife, Denmark).

A single time-lapse image from each
embryo acquired at 111.5 £ 1.5 h of
development was analysed using
computational vision to extract
information (as described below).
Additionally, 20 pl of culture medium
(Gems; Genea Biomedx, Australia) was
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collected for the proteomic analysis from
the biopsied embryos and eight control
samples (medium in which no embryos
had been cultured). Samples were
obtained on day 5 of development and
were stored at —-80°C until the proteomic
analysis. Only the medium from euploid
embryos was analysed after single-
embryo transfer.

A total of 212 embryos was selected for
application of the artificial intelligence
technique: the first group consisted of
121 embryos cbtained from the cocyte
donation programme, and the second
group included 81 embryos from
autologous treatments with proteomic
information. After the image analysis,
26 embryos were excluded from the
second group: 19 blastocysts were
outside the zona pellucidaat 1M1 £ 15h
of development, which made image
analysis difficult and not comparable
with the 186 images finally remaining,
and seven embryos did not reach the
blastocyst stage at the proposed time
and were discarded due to their early
developmental stage. Therefore, the
second group included 55 embryos for
analysis, of which 11 were used for the



blind test. Thus, the database totalled 186
embryos to undergo application of the
artificial intelligence technigue.

Ovarian stimulation in treatments with
donated oocytes

Donors received stimulatory treatment
using the conventional ovarian
stimulation protocol with gonadotrophin-
releasing hormone {GnRH) agonist
treatment. GnRH agonist {Decapeptyl;
Ipsen Pharma, Spain) was administered
by intramuscular injection until more
than eight follicles had reached a mean
diameter of 18 mm or more. Transvaginal
ococyte retrieval was scheduled for 36 h
later. Endometrial preparation was
undertaken using hormone replacement
therapy as described by Cerrillo and
colleagues (Cerrillo et al., 2017). After
embryo transfer, cocyte recipients
received a daily dose of 400 mg of
vaginal micronized progesterone
(Progeffik; Lab. Effik, Spain) every 12 h as
luteal phase support.

Ovarian stimulation in treatments with
autologous oocytes

GnRH-antagonist treatments were applied,
the GnRH-agonist being administered
when at least three leading follicles had
reached a mean diameter of 18 mm.
Transvaginal cocyte retrieval was scheduled
for 36 h later through follicular aspiration,
and cocytes were washed in gamete

medium (Cook Medical, Australia).

Oocyte retrieval and embryo
incubation

Oocytes were cultured in fertilization
medium (Crigio; CooperSurgical,
Denmark) in 5% CO; and 5% O, at
37°C. Denudation was carried out just
before intracytoplasmic sperm injection
(ICSI), 4 h after cocyte retrieval, using
mechanical and chemical procedures
(pipetting in 40 |U/ml hyaluronidase).
ICSI was performed in a HEPES-
buffered gamete medium at = 400
magnification using an Olympus [X7
microscope (Olympus Corporation,
Japan). Finally, cocytes were placed

in EmbryoSlides (Vitrolife, Denmark)
pre-equilibrated to blastocyst stage with
28 pl of single-step medium (Gems;
Genea Biomedx, Australia) and 1.6 ml of
mineral oil.

Embryos were cultured individually up to
the fifth or sixth day of development in the
time-lapse system EmbryoScope (Vitrolife,
Denmark). Successful fertilization was

assessed at 16-19 h after ICSI.

Embryo morphology was evaluated on
day 3 (62-72 h after ICSI) based on
digital images, taking into consideration
the number, the symmetry of the
blastomeres, the percentage of
fragmentation and the degree of
compaction. Blastocysts were scored

on day 5 (120 h after IC5I) based

on the Association for the Study of
Biclogy of Reproduction (ASEEIR)
criteria (Supplementary Tables 1, 2

and 3) and the KIDScore Day 5 (with
EmbryoViewer software; Vitrolife,
Denmark). Embryclogists annotated the
morphokinetic parameters: the timings
of cell divisions to the 2-cell (t2), 3cell
(t3), 4-cell (t4), 5-cell (t5), B-cell (t8),
G-cell (t9), compaction (CP), morula
(tM), start of blastulation (t5B), blastocyst
(tB) and expanding blastocyst (tEB) were
calculated, with the start of ICS| being
used as t0. The durations of the cell
cycle intervals 132 (cc2), t4-43 (s2),
t5-t2, t5-13 (cc3) and tB-5 (s3) were
also calculated. If there was more than
one embryo of the same marphological
quality, the score provided by the
KIDScore Day 5 decided which would be
transferred.

PGT-A

Embryos were taken out of the incubator
on day 3 of development to undergo a
small laser incision traversing the zona
pellucida (assisted hatching) using a
Lykos laser (Hamilton Thorne, USA). This
procedure made the trophectaderm
biopsy on day 5 of culture easier, when

a biopsy pipette was used to remove
approximately 5 cells. Chromosome
analysis was performed using next-
generation sequence technology
(Thermo Fisher Scientific, USA).

Embryo transfer and clinical outcome
A single-embryo transfer of one blastocyst
was performed for all patients; for those
in the PGT-A programme, the blastocyst
had previously been vitrified and warmed
using the Cryctop method (Kitazato
Biopharma, Japan). Embryo selection

for transfer was based on chromosomal
status, morphology and merphokinetics.
The B-HCG concentration was
determined 10 days after embryo transfer,
and clinical pregnancy was confirmed by
the presence of gestational sac at the fifth
week of pregnancy. Finally, patients inform
about live birth after the delivery.

Protein analysis in spent culture media

The relative concentrations of 92 proteins
from 81 samples of spent embryo culture
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medium and eight control samples
(medium in which no embryos had been
cultured) were analysed using Proseek
Multiplex Assays (Olink Bioscience,
Sweden) based on proximity extension
assay (PEA) technology.

Proteins were measured using the Olink
Inflammation panel {Olink Proteomics,
Sweden) according to the manufacturer's
instructions. The PEA technology used
for the Clink protocol has been well
described (Assarsson et al.,, 2014); it
enables 92 proteins to be analysed
simultaneously, using 1l of each

sample. In brief, pairs of cligonuclectide-
labelled antibody probes bind to their
target protein. If the two probes are
closely located, the oligonuclectides

will hybridize in a pairwise manner.

The addition of a DNA polymerase

leads to a proximity-dependent DNA
polymerization event, generating a unique
polymerase chain reaction (PCR) target
sequence. |he resulting DMNA sequence
is subsequently detected and quantified
using a microfluidic real-time PCR
instrument {Biomark HD; Fluidigm, USA).
Data are then quality controlled and
normalized using an internal extension
control and an inter-plate contral, to
adjust for intra- and inter-run variation.
The final assay readout is presented as
MNormalized Protein eXpression (NPX)
values, which are arbitrary units on a log;
scale, where a high value corresponds

to a higher protein expression. Hence,
a1 NPX difference means a doubling of
protein concentration. All assay validation
data (detection limits, intra- and inter-
assay precision data, reproducibility

and specificity) are available on
manufacturer's website (www.clink.com).

Artificial intelligence model: image
analysis, collinearity analysis, ANN
and genetic algorithms

Standardization of the 186 blastocyst
images was necessary befare applying
the artificial intelligence technigue. The
methodology used was as described

by Rocha and colleagues (Rocha et al.,,
2017). The images were initially imported
automatically into Matlab software
(MathWoaorks, USA) and a standardization
algorithm was run to normalize them in
terms of contrast and resolution (Russ,
2015). Afterwards, blastocyst images were
segmented into regions of interest. Using
the Hough transform, the algorithm
analysed three regions separately
(Hassanein et al,, 2015; Mukhopadhyay
and Chaudhuri, 2014): the area of the
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FIGURE 2 The grouped column chart represents the average of the Normalized Protein eXpression (MPX) value obtained using the proximity
extension assay technique for the 25 useful proteins analysed in culture medium from 81 embryos generated from autologous eggs. Grey columns
represent control media (n = 8), and blue columns represent conditioned media collected on day 5 of embryo culture.

expanded blastocyst, the inner cell mass
and the trophectoderm. Finally, the
algorithm obtained 33 mathematical
variables by using the measurement of
the area, the number of pixels present in
each segmented portion of the blastocyst
image, the binary patterns (Huang et al,
2011} and the texture analysis (Bino et al,
2012). These variables were chosen
seeking to represent all the relevant
characteristics of the blastocyst for
embryo quality assessment and live birth
prediction through artificial intelligence.

After the embryo images had been
standardized and isolated, and the
mathematical variables had been
extracted, a collinearity analysis was used
to check if the variables were correlated
with one another based on the variance
inflation factor (VIF). The VIF represents
the degree of independence or non-
redundancy between a variable and
another independent variable. According
to previous studies, collinear variables
were considered to be those with VIF
values higher than 10 (O'Brien, 2007;
Walczak and Cerpa, 1999); removal of
collinear variables reduced the number
of variables representing the human
embryo to 20 (Supplementary Table 4).

Likewise, a collinearity analysis was
performed to discriminate the

independent and non-redundant
proteins. As it is shown in detail in
‘Collinearity analysis for proteins’, below,
seven proteins were suitable for using as
input to the ANN, in conjunction with
the 20 morphological variables. The
artificial intelligence technique associated
AMNNs (multilayer perceptron) with the
genetic algorithm by using the back-
propagation learning algorithm (Gupta
and Sexton, 1999) for the training phase.
The genetic algorithm used the ANNs
as individuals in a population, which,
over generations, end up selecting the
best ANN (i.e. the one with the highest
accuracy for live birth prediction).

The dataset of 131 embryos was randomly
divided into 70% for training, 15% for
validation and 15% for testing the ANN.
Of the dataset of 55 embryos, 20% were
used for the blind test, and the remaining
44 embryos were randomly divided into
68% for training, 16% for validation and
16% for testing the ANN (Kalpana et al,
2015).

Statistical analysis

Statistical tests were applied to probe
significant differences in the values of
each protein in conditioned compared
with control media and in conditioned
media from implanted compared with
non-implanted embryos. A t-test was
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used for parameters with a normal
distribution, and a Wilcoxon rank
sum test for those with a non-normal
distribution. Values of P that were
<0.05 were considered statistically
significant.

The image analysis and the final model
were tested using two techniques.

First, receiver operating characteristic
(ROC) curves were used to analyse

the artificial intelligence results for
pattern recognition. The resulting graph
represents the ratio of true test positives
to total positives (the sensitivity) per

the false positive fraction, i.e. the ratio
of false test positives to total negatives

(1 - specificity). An area under the ROC
curve (AUC) of greater than 0.5 might
indicate a predictive power to identify
embryos that lead (LB+) or do not

lead (LB-) to a live birth. The greater
the AUC, the more favourable the
compensation between sensitivity and
specificity. It tells how much the model is
capable of distinguishing ameng LB+ and
LB- embryos. Second, confusion matrix
methodology was used to analyse the
intersection between the data provided
by the madel (the artificial intelligence
system) and the real results. The authors
considered as true positive the number
of embryos that achieved a live birth,
the model classifying them as positive,



TABLE 1 NPX VALUES OBTAINED USING THE PEA TECHNIQUE FOR THE SEVEN
INDEPENDENT PROTEINS RESULTING FROM THE COLLINEARITY ANALYSIS

Protein NPX value (mean = SD)
LB+ (n = 38) LB-(n = 43) P-value

MMP-1 -03% =083 -0.4% =053 0.57%
IL-&6 094 =053 075 = 0.67 0.261
VEGFA 240+ 037 259+ 053 0137
uPA 0.67 = 0.42 0.61 = 0.52 0.634
TRAMCE 019 = 0.51 -0.05 =015 0.023
Fit3L 587020 6.00 £ 0.27 0.051
CMNER 457029 471+ 027 0.077

LB+, pasitive for live birth; LE-, negative for live birth; MPX, Normalized Protein eXpression; PEA, proximity

extension assay; 30, standard deviation.

and as true negatives those embryos
that did not achieve a live birth, the
model classifying them as negative. The
embryos wrongly classified as leading
to a positive or negative live birth were
described as false positive and false
negative, respectively.

Ethical approval

An Institutional Review Board (IRB
reference 1802-VLC-012-MM), which
regulates and approves database analysis
and clinical [VF procedures for research
at VI, approved the procedure and
protocel on 10 April 2018. Additionally,
the project complies with the Spanish
law governing assisted reproductive

technologies (14/2006).

RESULTS

The mean age of the patients included

in the study was 41.6 years, with a mean
body mass index (BMI) of 23.2 kg/m®

for the women receiving autologous
oocytes. Regarding the clinical outcome,
this group showed a positive B-HCG of
63.0%, an implantation rate of 56.8%
and a live birth rate of 470%. The
patients included in the cocyte donation
programme had a mean age of 379 years
with a mean BMI of 22.9 kg/m? and their
treatments achieved a positive B-HCG of
68.7%, an implantation rate of 54.20%
and a live birth rate of 40.5%.

Proteomic profile of preimplantation
embryos

Of the total of 92 proteins, 67 had
identical NPX values in all the samples
analysed (conditioned and control
media). The lack of variation in the
signal for each sample was decisive

for not including these proteins in the
following analyses. Only 25 of the total

protein samples analysed had different
NPX values. The means of the NPX
values for these 25 proteins in control
and conditioned medium are shown

in FIGURE 2. Higher concentrations of
three proteins were detected in the
spent embryo culture media compared
with background concentrations in
control media. These proteins were

IL-8 (P = 0.025), IL-6 (P = 0.001) and
uPA (urckinase-type plasminogen
activator; P = 0.008). Furthermore,
lower concentrations of 14 proteins
were detected in spent embryo culture
media compared with background
concentrations. These proteins were
DMNER (Delta/Notch-like EGF-related
receptor; P < 0.001), C5F-1 (macrophage
colony-stimulating factor 1; P < 0.001),
FIt3L (FM5-like tyrosine kinase 3 ligand;
P < 0.001), SCF (P < 0.007), CD40

(P < 0.001), MCP-1 (methyl-accepting
chemataxis protein; P < 0.001), CX3CL1
(P < 0.007), CDé (P < 0.001), TRAIL

(P = 0.002), TNFRSFS (tumour necrosis
factor receptor superfamily member 9;
P < 0.001), CD244 (P < 0.001), IL-18

(P < 0.001), CCL23 (P < 0.001) and IL-
18R1 (P < 0.001).

The only protein with a different NPX
value in implanted (NPX value 2.44) and
non-implanted embryos (NPX value 2.76)
was VEGFA (P = 0.017).

Collinearity analysis for proteins

The collinearity analysis of the 25
proteins demonstrated that most of them
were highly correlated with one another
(data not shown). Thus, after correcting
the collinearity, seven independent and
non-redundant proteins remained for use
in the ANN: matrix metalloproteinase-1
(MMP-1), IL-6, VEGFA, uPA, TNF-related
activation-induced cytokine (TRANCE),
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FIt3L and DMNER. The relative NPX values

for each protein are shown in TABLE1.

Artificial intelligence model

An extraction of relevant variables from
the 131 blastocyst images included in

the first population was required to
design the ANN using morphological
data. The training performed with 70%
of the images was capable of correctly
classifying 89% of the embryos as

either LB+ or LB- (true positive, 33;

true negative, 48; false positive, &; false
negative, 4), with 95% correctly classified
in the test (true positive, &; true negative,
13; false positive, 1; false negative, 0).

Regarding the validation of the ANN

with the second embrye population and
the additional proteomic data, the three
most efficient architectures obtained
using the genetic algorithm technique
are shown in TagLE 2. Considering only
the test data, the ANN was successful in
predicting positive and negative live birth
(mean of total success 89.67%).

Regarding the test dataset, the ROC
curves for the three architectures are
shown in AGURE 3. The architecture
developed using IL-6 and MMP-1
achieved a correct classification of all
the embryos as a positive or negative
live birth in the training, validation and
test phases (total success 100%). The
resulting AUC to predict the positive and
negative live birth reached the highest
value, 1.0

The blind test for architecture 1 was
performed with 11 embryos that had not
previously been used, and reached an
accuracy of prediction of 72.7% (FIGURE 4).
It correctly classified eight embryos out
of the total number (true positive 4,

true negative 4, false positive 1 and false
negative 2).

DISCUSSION

Information from the blastocyst images
and proteomic information gained from
the analysis of the embryonic secretome
were used to predict the potential of a
euploid embryo to lead to a live birth.

The proteomic analysis of the culture
media showed that, out of 92 proteins
measured, only IL-6, uPA and |L-8 were
differentially secreted by the developing
human embryos. Previous studies revealed
that the concentration of IL-6 in the culture
medium could be useful in selecting the
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TABLE 2 TEST ACCURACIES OF THE THREE MOST EFFICIENT ANN ARCHITECTURES IN LIVE BIRTH PREDICTION

ANN Morphology  Proteomic data Testing data(n =7)
architecture from image
analysis® Success for LB+ (%) (n = 4) Success for LB- (%) (n = 3) Total success (%)
1 20 variables MMP-1, IL-& 100 100 100
auc =1 (AUC =1
2 20 variables MMP-1, IL-6, VEGFA, uPA, 100 80 857
TRAMNCE, FlIt3L and DMER {AUC = 09) (AUC =09)
3 20 variables 25 protains® B7S 80 B33
{aUC = 0.83) (AUC = 0.B4)

* The varizbles are described in Supplementary Table 4.

£ |L-B, VEGFA, CD244, OFG, uPA, IL-6, MCP-1, TRAIL, CSTS, IL-la, CXCLY, CDé, SCF, IL-18, FGF-23, MMP-1, IL-18R1, TRANCE, CCL23, FItal, DNER, CD40, CX3CL1,

TMNFRSFS, CSF-1.

ANN, Artificial Neural Metwork; LB+, positive for live birth; LB-, negative for live birth.

embryo for implantation (Domingusz

et al,, 2015). Another research group has
demonstrated higher concentrations of
IL-6 in embryos that reach blastocyst stage
than in arrested ones (Lindgren et al,
2018). In addition, there is evidence about
the secretion of IL-6 by the endometrial
epithelial cells that emphasizes the
importance of this cytokine in embryo
development (Dominguez et al,, 2010).
The other prominent proteins found in the
current work to be differentially secreted
have also previously been detected.
Whereas the first evidence of uPAin
embryo culture media was in 1996 (Khamsi
et al,, 1996), the presence of IL-8 was not
identified in the embryo secretome until
2018 (Lindgren et al,, 2018), using PEA
technology.

At the end of the collinearity analysis,
seven proteins remained for use in the
artificial intelligence model. According
to the current study's results, two of
these proteins (IL-6 and uPA) were
secreted by the embryos, two others
(DMNER and FIt3L) were the ones

consumed, and one protein (VEGFA)
was related to poor implantation.
Regarding the other two proteins, the
authors consider that they have passed
the collinearity analysis due to their
exclusive characteristics: MMP-1 was
the only one with a negative mean valus
in both control medium and medium
from the embryos; and TRANCE was
not found in control media, but was
present in all media that had contained
an embryo (see AGURE 2). Furthermore,
TRAMNCE was the only one out of the
seven proteins with significant difference
in relative concentration between LB+
and LB- samples (TaBLE1).

The image analysis performed in the
present research on the blastocyst
pictures has been proven in a previous
study that showed good results in
classifying the quality of bovine blastocysts
(Rocha et al,, 2017). This software
considered that 20 morphological
variables (Supplementary Table 4) of
human embryos were encugh to predict
the likelihood of achieving a live birth.

These parameters were combined with
the data from the proteomic analysis to
develop the current artificial intelligence
model of prediction.

The current results demonstrated that
the accuracy of prediction was higher as
the ANNM architecture improved. First,
the model created using 25 proteins
correctly classified 83.3% of the embryos
used in the test. Second, the collinearity
analysis was shown to be efficient as

the predictive power improved to
85.7% when only the resulting seven
independent proteins were used. Finally,
the artificial intelligence model achieved
the highest accuracy in predicting live
birth (AUC = 1} when considering IL-

&, MMP-1 and the 20 morphological
wvariables. It is reported that these
proteins play an important role in
reproductive function. IL-6 is relevant
for embryonic development (Dominguez
et al,, 2010, 2015; lles, 2019}, and MMP-1
has been detected in mammalian ovaries
(Hulboy, 1997) and human follicular fluid
(Lee et al, 2005).

i ]

FIGURE 3 Receiver operating characteristic (ROC) curves for live birth (LB) prediction using the testing dataset (n = 7) and the artificial neural
network with architecture 1 (A), architecture 2 (B) and architecture 3 (C) (see Table 2 for information on the architectures). The y-axis represents
the sensitivity, and the x-axis refers to 1- Specificity. Class 1, positive live birth; Class 2, negative live birth.
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Confusion matrix: blind test data

Output class

LB+

LB-

Target class

FIGURE 4 Cenfusion matrix for the blind testing dataset using the artificial neural network
(ANN) with architecture 1. The y-axis refers to the output value predicted by the ANN, and the
x-axis to the real value. Green areas represent the embryos classified correctly, and crange
ones the embryos classified incorrectly. Dark blue areas represent the total hits (72.7%) and
total mistakes (27.3%), and light blue areas provide the right:wrong ratio for each column. LB+,

positive for live birth; LB-, negative for live birth.

A recent publication demonstrated that,
for embryo selection an objective time-
lapse imaging algorithm is superior to
the subjective blastocyst morphological
scoring system (Fishel et al., 2019).

The algorithm used had previously

been published (Fishel et al., 2017) and
obtained an AUC of 67.43% for live birth
prediction, compared with 61.74% using
the blastocysts’ morphological grade. The
accuracy of embryo selection using the
current proposed model is higher than
using standard morphological selection
alone, as well as using algorithms
developed with time-lapse images.

This study differs from previously
published approaches to artificial
intelligence in terms of the experimental
design, including the proteomic analysis,
and the cutcome. The first application of
AMN to predict the outcome of an IVF
treatment achieved an accuracy of 59%
(Kaufmann et al,, 1997). Since then, several
predictive models have been developed
based on different populations of patients,
such as in cycles associated with male
factor infertility (Wald, 2005) or women
with endometricsis (Bollester et al,

2012). In addition, embryo merphokinetic
parameters were exclusively used as input
data for an ANN that predicted 70%

of pregnancies (Milewski et al,, 2017).

Machine learning methods have been used
to combine morphokinetic algorithms

and factors of infertility such as sperm
motility, anti-Mallerian hormane (AMH)
concentration and blastomere size on day

3 (Blank et al,, 2019).

Embryo images provided by time-lapse
systems have now become the subject

of studies based on artificial intelligence.
Deep learning techniques have been

used to predict blastocyst quality and
select the most appropriate embryo to
transfer (Khosravi et al,, 2019). Embryos
classified as good quality by these authors
deep neural network, called STORK,
showed higher probabilities of leading to
a live birth than those classified as bad
quality (61.4% and 50.9%, respectively).
MNevertheless, STORK cannct estimate the
pregnancy rate, although it showed a very
high AUC (098] in predicting blastocyst
quality. Ancther deep learning model was
recently developed by Tran and colleagues
(Tran et al., 2019) that used the complete
video of embryo development to predict
the likelihood of pregnancy, with an AUC
of 093 in 5-fold stratified cross-validation.
The likelihood of an IVF treatment

ending up with a live birth has recently
been analysed considering patient and
treatment characteristics (Vogiatzi et al,

2019).
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Limitations of the current study that
should be considered are reflected

in the design of the research. This
maodel was trained with proteomic

data and morphological variables from
the image analysis of one time-lapse
system. The total population of embryaos
was distributed into two groups with
different phases (training, validation and
testing), resulting in a small number of
embryos in each. Additionally, only ane
laboratory and a unigque culture medium
were involved in this study. This could
be considered as an advantage in the
proteomic analysis, but applicability to
other laboratories remains unclear. In
addition, there is evidence of inter-batch
protein and pH variability with the same
medium (Dyrlund et al,, 2014; Leonard
et al., 2013; Tarahomi et al.,, 2018). In
general, the models developed with
ANNs could also be affected by the
overfitting phenomenon. The current
study tried to avoid this by defining

the input and output variables. The
overall success on the blind test may

be considered as evidence (72.7% for
the blind test versus 100% for training,
validation and testing). It is also necessary
to highlight that the model with
autologous cocytes was built using only
euploid embryos, so the clinical value lies
in distinguishing the most viable embryo
among those that test as euploid. Further
studies should have a large sample size
and multicentric nature, and should
include data from different time-lapse
systems to standardize the artificial
intelligence model and globalize its use.

In conclusion, the introduction of
artificial intelligence to IVF laboratories
would help embryologists to predict the
success of an embryo for achieving a

live birth. The combination of proteomic
analysis of the embryo culture medium
and morphological information from the
blastocyst images has never previously
been assessed using artificial intelligence
techniques. The present preliminary
research has shown the predictive power
of this combination. The ANN achieved
excellent accuracy for detecting euploid
embryos capable of resulting in a live
birth, especially in terms of IL-6 and
MMP-1. In fact, the model proposed in
this manuscript is a promising tool to
select the mast successful embryo of a
euploid cohort. In further studies, the
ANNM should be retrospectively tested with
an appropriately sized study to confirm
the effectiveness of this innovative method
before its prospective application.
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Supplemental Table. Morphological variables extracted from time-lapse human
blastocyst images after collinearity analysis and used as input data for the Artificial

Neural Network.

Demonstrate ~ the  correlation
between the image pixels in
determined neighbor across the

correlationMinus entire image. Values -1 or 1 shows
a perfect correlated image, negative
or positive respectively.

Square of sum of the GLCM
. elements. An energy value equals to
energyMinus .
1 correspond to a constant image.
GLCM  determined  variable.
Contrast is the measurement of the
intensity difference between a pixel
contrastintersect and its neighbors across the entire
image with a constant image of zero
contrast.

Demonstrate  the  correlation
between the image pixels in
determined neighbor across the

correlationIntersect entire image. Values -1 or 1 shows
a perfect correlated image, negative
or positive respectively.

Proximity measurement of the
distribution of GLCM elements
with the GLCM diagonal. The
homogeneity value is 1 for a
diagonal GLCM.

homogeneitylntersect

Same of correlationMinus, but only
correlationlCM for ICM isolate image.
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energylCM

Soma

mediaMinus

modaMinus

darkMinus

meanCountMinus

brightMinus

modalntersect

darklntersect
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Same of energyMinus, but only for
ICM isolate image.

A binary ER image is calculated,
using the Otsu algorithm for the
threshold detection. Next, the sum
of all values from the binary image
is calculated. Finally, this value is
divided by the total area of the
blastocyst.

Grey mean intensity of the pixels.

The total value of luminous
intensity more frequently.

Initially, pixels with luminous
intensity less or equal to 25, which
is 10% of the Ilimit allowed
(remembering as it uses 8-bit
values, the Iluminous intensity
varies between 0 and 255). Then,
this value is divided by the total
area of the embryo.

All the pixels with luminous
intensity between 10 pixels below
and 10 pixels above than the mean
intensity were counted. Then, this
value is divided by the embryo total
area.

Same as darkMinus, but using the
pixels counting of intensity higher
or equal to 230 (10% lighter of the
image).

Same of modaMinus, but only for
TE isolate image.

Same of darkMinus, but only for
TE isolate image.



meanCountintersect

brightintersect

LBPmeanEx

LBPmeanTE

LBPmeanICM
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Same of meanCountMinus, but
only for TE isolate image.

Same of brightMinus, but only for
TE isolate image.

Extract local binary pattern (LBP)
features — LBP: Texture operator,
which labels the pixels of an image
by thresholding the neighborhood
of each pixel and considers the
result as a binary number.

Same of LBPmeanEX, but only for
TE isolate image.

Same of LBPmeanEx, but only for
ICM isolate image.
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STUDY QUESTION: Is the automatic embryo grading function of specific time-lapse systems clinically useful as a decision support tool
for IVF laboratories!

SUMMARY ANSWER: Blastocyst grading according to the automatic scoring systern is directly associated with the likelhood of
implantation and live birth, at least in treatments without preimplantation genetic testing for aneuploidy (PGT-A).

WHAT IS KNOWN ALREADY: Several embryo selection algorithms have been described since the introduction of time-lapse
technology in IVF laboratories, but no one algorithm has yet been sufficiently consolidated for universal use. Mukticentric models based on
automated grading systems offer promise for standardization of embryo selection.

STUDY DESIGN, SIZE, DURATIOMN: A retrospective cohort study was performed including 1678 patients who underwent [VF
treatments between 2018 and 2020 and whose embryos (n = |12 468) were cultured in time-lapse systems.

PARTICIPANTS/MATERIALS, SETTING, METHODS: After obtaining the required parameters (division time to 2, 3, 4 and 5 cells;
time of blastocyst formation; inner cell mass quality; and trophectoderm quality), the automatic embryo score was calculated using the
software included in the appropriate workstation. First, embryo score was compared with conventional morphological quality and the
subsequent clinical outcomes of 1952 single blastocyst transfers. Second, we quantified the contribution of the automatic embryo score
and conventional morphological grade to implantation and live birth outcome with multivariate logistic regression analysis in different
patient populations.

MAIN RESULTS AND THE ROLE OF CHANCE: A higher embryo score was associated with a better clinical outcorne of IVF treat-
ment. The mean of the automatic embryo score varied significantdy (P < 0.001) among embryos with different morphological categories,
between euploid and aneuploid embryos, between embryos resulting in positive versus negative pregnancy, between implanted and
non-implanted embryos, and between embryos resulting in positive and negative live birth. Embryo score was related to the odds of
implantation and live birth in the oocyte donation program (odds ratio (OR)=1.29; 95% CI [1.19-1.39]; P< 0.001 for implantation and
OR = 1.26; 95% C [1.16-1.36]; P=< 000! for live birth) and in conventional treatments with autologous oocytes (OR = 1.38; 95% Cl
[1.24-1.54); P< 0.001 for implantation and OR = | 47; 95% CI [1.30-1.65]; P< 0,001 for live birth). There was no significant association
of embryo score with implantation or live birth in treatments involving PGT-A.

LIMITATIONS, REASONS FOR CAUTION: This study is limited by its retrospective nature. Further prospective randomized trials are

required to confirm the clinical impact of these findings. The single-center design should be taken into account when considering the
universal application of the model.

@ The Author(s) 2022 Published by Osdord University Press on behalf of European Society of Human Reproduction and Embryclogy. All rights reserved.
For permissions, please email: journaks permissionsi@oup.com
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WIDER IMPLICATIONS OF THE FINDINGS: Evidence of the clinical efficiency of automated embryo scoring for ranking embryos
with different morphological grade and potential in order to achieve higher implantation and live birth rates may make it a decision support

tool for embryologists when selecting blastocysts for embryo transfer.

STUDY FUNDING/COMPETING INTEREST(S): This research has been funded by a grant from the Ministry of Science, Innovation
and Universities FIS (PI21/00283) awarded to M.M. There are no competing interests to declare.

TRIAL REGISTRATION NUMBER: N/A.

Key words: KIDScore D5™ / automatic embryo scoring / implantation / live birth / time-lapse / preimplantation genetic testing for

aneuploidy / embryo morphology / automatism

Introduction

Embryo assessment and selection are defining factors in the successful
outcome of IVF treatment. Evaluation in vitro has been based on em-
bryo morphology since the beginning of assisted reproduction. Prier to
the introduction of time-lapse technologes, mormphological features
were assessed at specffic ime points during embryo development
However, this method of evaluation has often involved a loss of infor-
mation, and an inability to observe embryo developmental events re-
lated to treatment outcome, such as the existence of muktinucleated
blastormeres (Meseguer et al, 2011), direct cleavage (Rubio et dl.,
2012; Desai et al., 2018) or reverse cleavage (Liu et al, 2014).
Characterizing the morphokinetic parameters of embryo develop-
ment went hand-in-hand with the introduction of time-lapse technal-
ogy in IVF laboratories, and several algorithms have been created in an
aternpt to find out relevant variables that can improve embryo selec-
tion (Meseguer et al, 201 1; Cruz et al, 2012; Dal Canto et dl,, 2012;
Motato et al., 2016). Manual annotations of quantitative and qualitative
parameters have been used to predict blastogyst formation, implanta-
tion potential or even live birth. Early cleavage (Milewski et al, 2015)
and time of morula formation (Motato et al,, 201 6) have been used to
predict blastocyst formation. The length of the second cell cycle, the
division time to five cells, the second synchrony (the time interval be-
tween division from three to four cells) and the time of pronuclei fad-
ing are the most influential parameters of embryo implantation
potential, according to the review of time-lapse technology by Del
Gallego et al. (2019; Meseguer et al, 201 |; VerMilyea et al., 2014;
Goodman et al., 2016; Petersen et al., 2016). Late embryo develop-

mental events (e.g iniiation of blastulation, morula formation time, or -

trophectoderm quality) have been identified as the most reliable pre-
dictors of live birth (Fishel et al., 2017, 2018; Rienzi et al, 2019). The
lack of reproducibility is the main obstacle to a universal use of existing
algorithms (Fréour et al, 2015; Barie et dl, 2017). Confounding fac-
tors that can affect the reliability of time-lapse technology algorithms
include the environment and the techniques used in each laboratory,
patient characteristics and the subjectivity of manual annotations
(Sundvall et al,, 20 13; Martinez-Granados et al., 2017; ESHRE Working
Group on Time-Lapse Technology et al., 2020).

Currently, there are three main options for embryo evaluation and

selection with time-lapse systerns. The conventional approach is for :

embryologists to manually annotate a number of momphological and/
or morphokinetic parameters to evaluate the quality of the embryo.
These values are then used in models of clinical outcome prediction
(Meseguer et al., 2011; Basile et al, 2015, Motato et al., 2016).
Embryo selection can be automated by using artifidal intelligence (Al)
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to predict morphokinetic and morphology parameters (Kragh et al,
2019). In this case, Al is employed in an indirect way to optimize the
daily workflow based on existing traditional parameters. Finally, the
most innovative approach is the use of Al to directly predict preg-
nancy, implantation or even live birth by using only time-lapse images
(Khosravi et al.,, 2019, Tran et al., 2019; Bori et al., 2020a). Nowadays,
there are few time-lapse incubators that include specific computer
software capable of detecting division time points and embryo mor-
phological features (Kragh et al., 2019). In addition, the time-lapse sys-
tems from Vitrolife contain a decision support tool, the KIDScore
D5™ (EmbryoViewer software: Vitrolife), which increases the objec-
tivity and consistency of embryo evaluation by ranking embryos
according to probability of implantation. The first version of the algo-
rithm (KIDScore D5™™ v1) was based on the number of pronuclei
(PM), blastocyst maorphology and eight morphokinetic parameters:
time of PN fade-out (tPNf); time of division into two cells (t2), three
cells (£3), four cells (t4), five cells (t5) and eight cells (8); time to early
blastulation (tSB); and time to full blastocyst formation (tB). For the
second version of the algorithm (KIDScore D5™ v2) the input varia-
bles were reduced to five morphokinetic parameters (t2, t3, t4, 15 and
tB). Both versions have recently been retrospectively validated as a
decision-making tool to help embryologists (Reignier et al, 201%;
Gazzo et al., 2020).

The KIDScore™ D5 algorithm version 3 (KIDScore D5 ™ v3, or au-
tomatic embryo scoring), which is inbuilt into the EmbryoScope and
EmbryoScope Plus devices, classifies embryos based on their cleavage
regularity, developmental pace and blastocyst quality. It was designed
using a multicenter dataset of more than 5000 embryos with known
implantation data (KID embryos). According to the developers,
the latest version of this model takes into consideration the number of
PN, tZ 3, t4, t5, tB, inner cell mass and trophectoderm quality.
A final linear score ranging between | and 9.9 is generated for each
embryo, corresponding with low to high implantation probability.
Automatic embryo scoring is recommended for embryos originating
through conventional IVF or ICSI treatments and cultured under re-
duced oxygen conditions (4-6%). Contrary to algorithm versions |
and 2, the latest version has never been evaluated externally with a
large dataset. Therefore, the main aim of the present study was to
evaluate the reliability of its automatic embryo scoring as a decision
support tool for IVF laboratories. First, we analyzed the association be-
tween embryo score and a series of clinical outcomes, such as embryo
ploidy, pregnancy, implantation and live birth. Second, we guantified
the embryo score’s contribution to implantation and live birth out-
comes in different scenarios in an individualized context.
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Materials and methods

Study design and population

The procedure and protocol for analyzing embryos were approved by
the Institutional Review Board (IRB reference |709-VLC-094-MM),
which monitors and approves database analyses and clinical IVF proce-
dures for research at IVIRMA Global. This retrospective analysis in-
cluded 12 468 embryos cultured at IVl Valencia (Spain) over 3 years
(from 2018 to 2020). We considered patients and recipients who had
undergone ICSI cycles and whose embryos were grown until the fifth/
sixth day of development in the time-lapse systems EmbryaScope and
EmbryoScope Plus (Vitrolife, Copenhagen, Denmark). Embryos that
were not scored by the KIDScore D5 v3 algorithm owing to technical
problems (e.g. bubble formation or loss of embryo development re-
cording) or because fertilization (presence of two polar bodies and
two PN) was not successfully achieved were excluded from the
analysis.

The flow chart of the study population is represented in Fig. |. Out
of the total population, 2321 embryos were graded as non-viable prior
to the fifth day of development, 10 |47 embryos were assessed at the
blastocyst stage, and |574 embryos were included in the preimplanta-
tion genetic testing for aneuploidy (PGT-A) program. Single blastocyst
transfer was eventually performed in 1952 patients.

Ovarian stimulation and uterine receptivity

Donors were stimulated with a GnRH agonist, following the conven-
tional controlled ovarian stimulation protocol. The GnRH agonist
(Decapeptyl |, Ipsen Pharma, Spain) was administered by i.m. injection
until at least eight follicles had reached a mean diameter of =18 mm.
Transvaginal oocyte retrieval was scheduled 36h later. Endometrial
preparation of redpients was undertaken using the hormone replace-
ment therapy described by Cerrillo et al. (2017). After embryo trans-
fer, all patients received a daily dose of 400 mg of vaginal micronized
progesterone (Progeffik, Lab. Effilk, Madrid, Spain) every 12 h, as |uteal
phase support.

GnRH antagonist protocols were used for ovarian stimulation. In a
few cases, long GnRH agonist (GnRHa) protocols were administered
or LH surge suppression was omitted. The protocols followed have
been described elsewhere (Cozolino et al, 2020). In brief, the inital
dose of gonadotrophins was selected based on patient characteristics
(age, antral follicle count, anti-Millerian hormone, BMl and previous
ovarian responses, if any); recombinant FSH ranged from 150 to
3001U/day (GonalF®, Merck Serone; Puregon™, MSD; or Berrfola®,
Gedeon Richter), commonly in combination with 751U highly purified
HMG (Menopur®, Ferring Pharmaceuticals). Gonadotrophins were ini-
tiated during the first 3 days of menstruation, or 5days after discontin-
uation of the contraceptive pill. As part of the GnRH antagonist
protocols, estrogens were generaly administered from the midluteal
phase of the previous cycle, for programming purposes. In the long
GnRH agonist cycles, 0. mg/day of GnRHa (Decapepty™:
IpsenPharma) was administered from Day 21 of the previous cycle.

The first transvaginal ultrasound was performed on stimulation Day
5 and every 2 days thereafter, as were serum estradiol (E2) and pro-
gesterone (P) determinations. A daily dose of 0.25mg GnRH antago-
nist (Orgah.rtran@, MSD; or CEtrUtjdE@, Merde Serono, Istanbul,
Turkey) was introduced when at least one folicle reached a mean

diameter of 14mm. In the GnRH antagonist cycles, final oocyte matu-
ration was triggered with 0.2mg GnRHa (Decapaptyf"u; IpsenPharma)
and/or with a singe dose of recombinant hCG (rhCG 250meg,
Ovitrelle™ Merck Serono) when at least three follicles reached a mean
diameter of |7—18 mm,; in the case of long GnRHa cycles, only rhCG
was administered.

Oocyte retrieval and ICSI

Transvaginal ovarian puncture was carried out by follicular aspiration.
Oocytes were washed with Gamete medium (Cook Medical®,
Awustralia) and cultured with fertlization medium (Origio, Cooper
Su‘gicaf’p, Denmark) in 6% CO,, 5% O, at 37 °C. Denudation was
performed just before ICSI, 4h after oocyte retrieval, by means of me-
chanical and chemical procedures (pipetting in 401U/ml of hyaluroni-
dase). ICSI was carried out in fertilization medium (Origio, Cooper
Surgical®, Denmark) at =400 magnification with the aid of an
Olympus X7 microscope. Finally, oocytes were placed in pre
equilbrated EmbryeSlides (EmbryoSlide™, Vitrolife) until the blastoeyst
stage with 28pl (for conventional EmbryoScope) or 180pl (for
EmbryoScope Plus) single-step medium (Gems, Genea Biomedx”,
Sydney, Australia) and 1.6 ml mineral oil.

Embryo incubation and selection

Embryos were cultured individually (corwventional EmbryoScope) or in
groups of up to eight (EmbrycScope Plus) until the fifth/sixth day of
development. Images of up to || multiple focal planes were taken auw-
tomatically every 10-20 minutes. Embryo development was assessed
on an external computer with analysis software (EmbryoViewer ™
workstation, Vitrolife). Fertilzation was evaluated between |6 and
19 h after ICSI and confirmed by the presence of two pronuclei and
two polar bodies. Division times to 2 cells (t2), 3 cells (£3), 4 cells
(t4), 5 cells (15) and B, and ICM and trophectoderm quality were au-
tomatically annotated by the guided annotations tool inbuilt into
Embryoviewer. If an error occurred, it was manually modified. In the
meantime,  blastocysts evaluated (at |I14-118h
insemination/Day 5 and 136-140h post-insemination/Day 6) by se-
nior embryologists, who monitored the expansion of the blastocele
cavity, the inner cell mass and trophectoderm quality based on the
Asodacion para el Estudio de la Biologa de la Reproduccidn (ASEBIR)
criteria (Supplementary Tables SI, SlI, SlII and SIV). Embryo selection
was performed according to a hierarchical classification procedure
based on a combination of standard (ASEBIR) morphological grading
and the KIDScore D5 v3 algorithm (EmbryoViewer software;
Vitrolife). Embryos were graded from A (high morphologic quality) to
D (low morphologic quality) by senior embryologists and scored from
I (low likelihood of implantation) to 9.9 (high likelihood of implanta-
tion) by KIDScore D5™ v3. The first criterion for embryo selection
was the ASEBIR category. If two or more embryos were assigned the
same category, the one with the highest score was selected.

were post-

PGT-A

Embryos included in the PGT-A program (n= 1574) were removed
from the incubator on the third day of development and a small laser
incision traversing the zona pellucida (assisted hatching) was performed
with the Hamiton-Thorne Lykos™ laser. Biopsy was performed on
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Figure |. Distribution of patients included in the project, represented as a flow diagram. PGT-A, preimplantation genetic testing for

aneuploidy.

Day 5 of culture by removing approximately five trophectoderm cells
with a biopsy pipette. Chromosome analysis was performed using
next generation sequencing technology (Thermo Fisher Scientific,
Waltharn, MA, LISA).

Embryo transfer and clinical outcome

Single embryo transfer of one blastocyst was performed in 1952
patients. The [-hCG value was determined |Odays after embryo
transfer and implantation was confirmed when a gestational sac was
observed by ultrasound in the eighth week of pregnancy. The patients
confirmed live birth after the delivery by e-mail or telephone.
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In the case of deferred embryo transfers, embryos were vitrified
and warmed by the Cryotop method prior to transfer (Kitazato
Biopharma, Japan).

Statistical analysis

Differences in embryo score within each group of embryos (morpho-
logical grade, euploid versus aneuploid, positive and negative [-hCG,
implanted and non-implanted embryos, positive and negative live birth)
were calculated and compared by ANCVA and a chi-squared test.
Next, we quantified the correlation of the automatic embryo scoring
and the conventional morphological category with both implantation
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and live birth outcome. A stepwise multivariate logstic regression
model was employed to consider possible confounding factors: cocyte
origin (donated versus autologous); type of embryo transfer (fresh ver-
sus frozen); oocyte age; patient BMI; PGT-A (tested versus non-tested
embryos); day of embryo transfer (fifth versus sixth day of embryo de-
velopment); culture strategy (group versus single); blastocyst morphol-
ogy (embryos graded as A versus C and embryos graded as B versus
C); and indication for infertility treatment, that includes female etiology
(low ovarian reserve, ovulatory dysfunction, endometriosis, genetic dis-
ease, advanced maternal age, uterine etiology, tubal etiology, vaginis-
mus and oncologic preservation), male etiology (seminal pathology,
karyotype alteration, genetic disease, impotence and oncologic preser-
vation), mixed etiology, social or unknown factor. A forward proce
dure was used and variables were included if the corresponding
P-value for the Wald test was higher than 0.05. The probability values
between 0 (non-implantation) and | (implantation) obtained by the lo-
gistic regression models were used to create ROC curves and calcu-
late areas under the ROC curve (AUC). The AUC provides an
aggregated metric to evaluate the performance of the models. It repre-
sents the ratio of true test positives to total positives (sensitivity) per
false positive fraction; i.e. the ratio of false positives to total negatives
(I —specificity). AUC values between 0.9 and 1.0 denote excellent
performance, good for 0.8-0.9, fair for 0.7-0.8, poor for 0.6-0.7 and
failed for AUC values between 0.5 and 0.6.

Al analyses were performed using IBM SPSS statistics software
(New York, USA). P< 0.05 was considered significant for all tests, and
odds ratios (OR) were provided with 95% CI.

Results

A general description of the study population, including treatment type
and patient characteristics, is presented in Table |

A rotal of |2 468 embryos from 1678 patients were automatically
scored by the KIDScore D5™ v3 model. This does not represent the
number of metaphase Il oocytes aspired from the follicular punction,
but rather the number that were correctly fertilized and scored by the

model. The average number of scored embryos per patient was
7.0+3.7. The maximum score among the study population was 9.8,
and the minimum score was |.3. The difference between the maxi-
mum (8.5 points) and minimum (0 points) score was considerable for
all patients. The mean of this difference (maximum score—minimum
score) was 4.5+ 2.0,

Of the total population of |2 468 embryos, 1952 resulted in single
embryo transfers (SETs; including fresh and frozen). Subsequent overall
clinical outcome was as follows: 63.1% biochemical pregnancy rate;
55.3% implantation rate; and 46.6% live birth rate.

Association between automatic embryo
scoring and clinical outcomes

The mean score was significantly different (P < 0.001) among embryos
graded with different morphological categories according to the
ASEBIR criteda (8.3 4 || for embryos graded as A, n=640; 59+ 1.3
for B, n=4560; 37412 for C, n=2822; and 22409 for D,
n=2125) and between euploid (5.4+1.7, n=674) and aneuploid
embryos (4.7 + 1.8, n=900). The mean of the embryo score for the
SET population was 6.6+ 1.6 for positive [FhCG and 5.9+ 1.7 for
negative B-hCG (P<0.001); 6.6 £ 1.6 for positive implantation and
5.9+ 1.7 for negative implantation (P < 0.001); and 6.7 £ 1.6 for posi-
tive live birth and 5.9+ |.7 for negative live birth (P < 0.001).

After the embryos were divided into quartiles of similar sample size
by the SPSS software, a significant tendency (P< 0.001) toward better
clinical outcomes was observed as the embryo score rose (Fig. 2).

Relevance of automatic embryo scoring to
implantation rate and live birth outcome

The distribution of automatically scored embryos according to treat-
ment success (implantation and live birth) can be visualized in
Supplementary Fig. S1. A further logistic regression anaysis of
KIDScore D5™ 3 grading took into account pessible confounding
factors: oocyte origin (donated versus autologous); type of embryo
transfer (fresh versus frozen); oocyte age; patient BMI; PGT-A (tested
versus non-tested embryos); day of embryo transfer (fifth versus sixth

Table | Characteristics ofthe study population and treatment type.

Conventional ICSI Qocyte donation Total patients
cycles (n= 850) program (n= 828) (n=1678)
Mon PGT-A PGT-A General
(n=1591) (n=259) (n=850)
Oocyte age™ (patient age, years) 359+39 3B4+32 366139 25048 309173
BMI of patients* (kg/m?®) 236141 231 +£34 234139 23.7+45 23642
Number of retrieved/donated cocytes® 12160 11.3£59 1.59+6.0 126132 122449
Mumber of Mll cocytes* 94453 83+56 9.0+54 17+31 10.3+46
Mumber of fertilized cocytes (2PN)* 70+43 6045 67+44 92428 79+39
Mean of KIDScore D57 v3## 34121 50+18 39422 42423 4.1£22
(n=13748) (n=1574) (n=5322) (n=7148) (n=12468)
2PN, 2 pronude; Mil, hase Il; PGT-A, preimg genetic testing for aneuploidy.

*Mean and 5D are represented by cydes.
**Mean and S0 are 1 by total

b Sk o

induding
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Figure 2. Pregnancy rate, implantation rate and live birth rate according to automatic embryo score by quartiles.

day of embryo development), culture strategy (group versus singe);
blastocyst morphology (embryos graded as A versus C and embryos
graded as B versus C); and indication for infertlity treatment (fernale,
male, mixed, social or unknown factor).

The stepwise multivariate analysis for the different patient subpopu-
lations was performed by analyzing implantation and live birth out-
come. The contribution of embryo score to both outcomes was
statistically significant for all treatments in general, for patients from
the oocyte donation program and for conventional ICSI cycles with au-
tologous oocytes and non-PGT-A (Table Il). However, the automatic
embryo score was not related to implantation or live birth outcome in
embryos that had been genetically analyzed (n= 307, P=0.226 for im-
plantation and P=0.731 for live birth).

In addition, we performed a logistic regression analysis using SART
(Society for Assisted Reproductive Technology) age groups as a cate-
gorical variable instead of oocyte age as a continuous numerical vari-

able. In this case, the embryo score was ako related to the odds of

implantation and live birth in the oocyte donation program
(OR= 1.285; 95% CI [1.189-1.390]; P< 0.001 for implantation and
OR = 1.260; 95% CI [I.166—1.362]; P< 0001 for live birth) and in
conventional treatments with autologous cocytes (OR= |.381; 95%
Cl [1.236—1.543]; P<- 0.001 for implantation and OR = |.495; 95% Cl
[1.326-1.685]; P < 0.001 for live birth).

We also quantified the effect of KIDScore D5™ cansecutive quar-
tiles on implantation and live birth potential by performing a logistic re-
gression analysis (Supplementary Table SV).

Comparison between automatic embryo
scoring and conventional morphology

We performed a logstic regression model that was identical to the
previous one except for one difference; namely, the conventional
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morphological category replaced the automatic embryo scoring In this
case, the correlation of the ASEBIR category with implantation and live
birth rates was also statistically significant for all treatments; for
patients from the oocyte donation program and for conventional [CSI
cycles with autologous oocytes and non-PGT-A (Table Ill). A further
stepwise multivariate analysis was performed taking into account both
grading methodologies (automatic embryo scoring and conventional
morphology), in addition to the confounding factors discussed above.
The resulting model correlated automatic scoring, but not ASEBIR cat-
egory, with clinical outcome in the oocyte donation program and in
conventional treatments (Supplementary Table SVI). The AUCs for
each model are represented in Fig. 3.

Discussion

Qur data reveal that embryos with the potential for pregnancy,
implantation and live birth achieve a higher automatic embryo score
than unsuccessful embryos. We also demonstrate that embryo score
is significantly correlated with clinical outcomes in patients whose em-
bryos are not genetically tested.

According to the developers, KIDScore models are tools designed
to support embryologists in selecting embryos for transfer. The variant
of the model for embryo transfer on Day 3 of development uses the
time of pronuclel fading (tPMNf) and division to 2, t3, t4, 15 and t8 to
rank embryos into five classes (1-5) according to implantation poten-
tial. This selection algorithm was externally correlated with both im-
plantation and live birth rates (Adolfsson et al, 2018). Since then,
three different KIDScore™ versions have been created to help to
choose which embryos to transfer on Day 5 of development. The first
version (KIDScore D5™ wl) was evaluated in euploid embryos and
non-genetically tested embryos. Two studies evaluated the clinical
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Table Il Results from the multivariate logistic regression analysis including automatic embryo score for implantation and

live birth outcome in different patient populations.

Implantation Live birth

ORa 95% Cl P-value OR* 95% Cl P-value
All treatments (n= 1952 SETs)
Automatic embryo score 1.285 [1.214-1.360] <0.001 1.288 [1.215-1.364] <0.001
PGT-A 1.401 [1.080-1.817] 0011 1.544 [1.189-2.006] 0.001
Tested (15.7%) versus non-tested (84.3%)
Embryo transfer fresh (46.5%) versus frozen (53.5%) 1.389 [1.131-1.705] 0.002 1.510 [1.228-1.857] <0.001
BMI 0.968 [0.947-0.9%0] 0.005
Oocyte donation program (n = 1165 SETs)
Automatic embryo score 1.285 [1.189-1.3%0] <0.001 1.260 [1.166-1.362] <0.001
Embryo transfer 1451 [1.139-1.848] 0.003 1.642 [1.291-2.088] <0.001
Fresh (54.7%) versus frozen (45.3%)
BMI 05970 [0.944-0.957] 0.02% 0.966 [0.940-0.9%3] 0.014
Autologous oocytes, non-PGT-A (n= 480 SETs)
Automatic embryo score 1.381 [1.236-1.543] <0.001 1. 465 [1.298-1.653] <0.001
Oocyte age 0.909 [0.853-0.969] 0.003

OR, odds ratio; PGT-A, preimplantation genetic testing for aneuploidy; SET, single embryo transfer.

*ORs computed from stepwise multivariate logistic regression.
—Variables not considered by the model.

efficiency of this version for selecting euploid blastocysts in 107 and
184 SETs (27,30, respectively). The results suggested that this inital
version was capable of identifying euploid embryos with high implanta-
tion potential and the authors concluded that the KIDScore D5 ™
had the potential to improve clinical outcomes in PGT-A cycles.
Conversely, our results, obtained in neary twice as many embryos, re-
veal that the new version does not contribute significantly to an effec-
tive dassification of genetically tested embryos with different
implantation potential. With regard to non-PGT-A cycles, both
KIDScore D5 vl and v2 have been significantly associated with proba-
bility of implantation and lve birth after single blastocyst transfer
(Reignier et al., 2019), and our results confirm this for v3 (Table II).
Additionally, the second version has been shown to positively come-
late blastocyst metabolism with glucose consumption (Ferrick et al.,
2020). Our research group performed a preliminary validation of ver-
sion 2 and version 3 of the KIDScore D5 and we obtained more con-
sistent results using the new version (v3) of the algorithm for both
implantation and live birth outcome (Bori et al., 2020b). In regard to
other commercially available automatic models, orly one diagnostic
test—Eeva™ system—has been correlated with blastocyst farmation,
quality and implantation potential and ongoing pregnancy (Aparicio-
Ruiz et al, 2016). This classification is based on the study by Wong
et al (2010), in which the time between the first and second cytokine-
sis (P2 = t3—12) and the time between the second and third cytokine-
sis (P3 = t4—13) were found to be the most relevant parameters in
the prediction model. The Eeva system classifies embryos into three
different categories (high, medium, and low) that are related to

vl

ASEBIR. morphology categories (blastocyst formation and quality)
(Aparicio-Ruiz et al, 2016). However, in a prospective study, Kaser
etal (2017) showed that manual annotations were superior to the auw
tomated annotations provided by Eeva version 2.2

The automatic embryo scoring evaluated in the present study and
several embryo selection algorithms employ some common embryo
developmental parameters (Meseguer et al, 201 1; Basile et al., 2015;
Desai et al., 2016; Mizobe et dl., 2016; Wu et dl., 2016). However,
the algorithms in question are based on relatively small numbers of
embryos from single centers and, although they fit the orignal set of
data well, they have falled independent validation by other external
evaluations (Barrie et al., 2017; Zaninovic et al., 2017; Liu et al., 2020).
In contrast, the KIDScore D5™™ v3 model was developed using data-
sets from multiple clinics and should, therefore, be applicable to any
IVF laboratory. We are aware that embryo selection models need to
be validated in-house prior to implementation, since there is evidence
of the ineffectiveness of time-lapse algorithms (Meseguer et al.,, 201 1;
Conaghan et al, 2013) when applied to independent data sets
(Kirkegaard et al., 2014; Fréour et al, 2015). Nonetheless, our study
suggests a similar performance of this algorithm for automatic embryo
scoring to the conventional embryo selection method in our local set-
ting. To our knowledge, this is the first study to externally evaluate the
clinical efficiency of this model.

According to our results, a one-unit increase in embryo score, inde-
pendent of the other clirical variables included in the analysis, increases
the OR of implantation by 1.29 in the case of the oocyte donation
program and by 138 in the case of conventional cycles with
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Table Ill Multivariate logistic regression analysis including conventional morphological categories for implantation and live

birth outcome in different patient populations.

Implantation Live birth

OR* 95% Cl P-value OR® 95% Cl P-value
All treatments (n= 1952 SETs)
Conventional morphology A-embryos (1 9.6%) versus C-embryos (14.3%)  4.131 [2.953-5.779] <0.001 3.605 [2.559-5.080] <0.001
Conventional morphology B-embryos (66.0%) versus C-embryos (14.3%) 2.184 [1.668-2.861] <0.001 2120 [1.592-2.823] <0.001
PGT-A TESTED (15.7%) versus non-tested (84.3%) 1.526 [1.175-1.984] 0.002 1.B63 [1.400-2.479] <0.001
Embryo transfer fresh (46.5%) versus Frozen (53.5%) 1.419 [1.157-1.741] 0.001 1.547 [1.259-1.900] <0.001
BMI 0.968 [0.947-0.990] 0.004
OCocyte age 0.983 [0.968-0.999] 0033
Qocyte donation program (n = 1165 SETs)
Conventional morphology A-embryos (24.6%) versus C-embryos (9.0%) 3.575 [2.182-5.856] <0.001 3.792 [2.281-6.305] <0.001
Conventional morphology B-embryos (39.6%) versus C-embryos (9.0%) 2.038 [1.313-3.163] 0.001 2.557 [1.598-4.091] <0.001
Embryo transfer fresh (54.7%) versus Frozen (45.3%) | 456 [1.143-1.855] 0.002 1.704 [1.342-2.163] <0.001
BMI 0973 [0.946-0.99%] 0.044 0.970 [0.944-0.997] 0.027
Day of embryo wansfer 5 (56.1%) versus 6 (43.9%) 1.760 [1.033-2.998] 0.038
Autologous oocytes, non-PGT-A (n= 480 SETs)
Conventional morphology A-embryos (18.3%) versus C-embryos (20.8%) 6430 [3.403-12.150] <0.001 6835  [3.503-13337) <0.001
Conventional morphology B-embryos (60.8%) versus C-embryos (20.8%) 3176 [1.922-5.249] <0.001 2.758 [1.580-4.815] <0.001
OCocyte age 0.902 [0.846-0.961] 0.001

OR, odds ratio; PGT-A, preimplantation genetic testing for aneuploidy; SET, singe embryo transfer.

“ORs computed from stepwise multivariate logistic regression.
— Variables not considered by the model.

autologous oocytes. According to the external validation of the
EEVA™ system (Aparido-Ruiz et dl., 2016), the OR for implantation
obtained by the logistic regression analysis was not statistically sigrifi-
cant for medium versus low embryo category. However, the implanta-
tion rate increased by 2.24 for high versus low embryo classification.
We should stress that these results are not comparable to ours, since
EEVA classifies embryos according to three simple categories, while
the KIDScore D5 3 provides a continuous numerical classification
from | to 9.9. Indeed, when dividing the automatic embryo scoring by
quartiles, we obtained higher ORs than those reported for EEVA.

In addition, we analyzed the contribution of embryo score to live
birth rate, even though the scoring was designed to predict fetal heart-
beat. In the case of all the treatments involving singe blastocyst trans-
fer, a significant correlation between the autormatic embryo scoring
and live birth outcome was observed (OR = 1.26 for the oocyte dona-
tion program and OR = | .47 for conventional treatments with autolo-
gous oocytes). Although some authors have proposed different
parameters as markers to predict live birth (Azzarello et dal., 2012;
Barberet et al., 2019, Coticchio et al, 2021; Dal Canto et al, 2021;
Inoue et dl., 2021), only one model based on morphokinetics has
been externally validated (Azzarello et al, 2012), and was subsequently
studied as one of six embryo selection algorithms (Barrie et al,, 2017).
According to the results of this latter analysis, the AUCs were 0584
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for the model of Azzarello et al. (2012) to predict live birth, 0.558 for
the model of Cruz et al. (2012) to predict blastocyst formation and
quality, 0.573 for the model of Campbell et al. (2013) to predict aneu-
ploidy, 0.612 for the model of Chamayou et al (2013) to predic
implantation, 0.543 for the model of Dal Canto et al. (2012) to predict
developmert to blastocyst and implantation; and 0.629 for the model
of Basile et al. (2015) to predict implantation. Our models using
automatic embryo scoring applied to treatments administered within
the oocyte donation program achieved AUCs of 0.63 for implantation
and 0.64 for live birth, and the AUCs were higher for conventional
treatments with autologous cocytes (0.65 for implantation and 0.69
for live birth).

The higher correlation of the automatic embryo scoring with implan-
tation and |ive birth in treatments with autologous ococytes versus the
oocyte donation program could be related to aneuploidy rates. It has
been shown that cycles with young oocytes have higher rates of eu-
ploid embryos than cycles with older cocytes (Irani et al, 2019).
According to several studies, the most important reason for IVF failure
is embryo aneuploidy (Dahdouh et al., 2015), with many finding an as-
sociation between embryo morphology and/or morphokinetics and
chromosome status (Magi et al, 2007; Campbell et al, 2013; Minasi
et al, 2016; Majumdar et dl., 2017; Amir et al, 2019; Zhan et al,
2020), although no singe or combined morphokinetic parameter was
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ceiver operating characteristic.

consistently identified as being predictive of embryo ploidy (Reignier
et al, 2018; Kimelman et al., 2019). Although morphologically nor-
mal blastocysts still run a significant risk of aneuploidy, the mean of
the KIDScore D5™ 3 values for euploid and aneuploid embryos
was statistically different in our analysis. Monetheless, the euploid
embryo score did not contribute to implantation or live birth out-
come. In this sense, our results demonstrate that the score tends to
be higher for euploid embryos, which suggests that automatic em-
bryo grading is more relevant for embryos that are not genetically
tested and are prone to high rates of aneuploidy (i.e. those in

conventional treatments with autologous oocytes). In fact, we found
no relationship between embryo score and clinical outcomes in
PGT-A treatments.

On the one hand, this fact could be related to the methodology
used in the laboratory that involves assisted hatching of embryos on
Day 3 of development. Therefore, the automatic annotations may be
altered for blastulation time and for blastocyst morphology. On the
other hand, the unsuccessful outcome after euploid embryo transfer
may be more related to the stimulation protocol, the uterus or the pa-
tient herself, than to the embryo itself.
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According to our results, the KIDScore D5™ algorithm offers
advantages over conventional morphology assessment for embryo se-
lection. Although the ORs obtained for the ASEBIR category were evi-
dently higher than those for the automatic embryo score, this does

nat imply that the magnitude of the effect was superior, as the number

of grades was different. In fact, the areas under the ROC curve were
equal to or higher for models with automatic scoring than for models
with conventional morphology in al the patient subpopulations
(Fig. 3). We found that the automatic score was strongly associated
with the ASEBIR category; however, when we combined the two vari-
ables only the automatic score remained in the final model for cocyte
donation program and for conventional ICSI cycles. We believe that
this was due to the added effect of the morphokinetic parameters
considered in the KIDScore D™ algorithm, in addition to the varia-
bles in common with conventional embryo evaluation (inner cell mass
and trophectoderm quality). Nevertheless, when the data is combined
under all treatments, there appears to be a weak correlation between
ASEBIR category and implantation (Supplementary Table SVI): the lack
of data contributing towards C grade embryos could be the reason.
Although, when dividing the populations, the automatic embryo score
was related to clinical outcomes in both donated oocytes (low per-
centage of C embryos, 9.0%) and conventional treatments (higher per-
centage of C embryos, 20.8%). In addition, cormentional morphology
was manually annotated by senior embryologists, which implies addi-
tional value of the automatic morphology. However, the correlation is
so weak that when the sample size is reduced, it is no longer signifi-
cant. Although the effect of morphology remains, as it is included in
the KIDScore D5 variable. Recently, Ahlstrom et al. (2022), published
an article concluding that time-lapse selection with this commercially
available time-lapse model did not improve ongoing pregnancy when
compared with selection by morphology alone. However, they consid-
ered three versions of the KIDScore D5 model together (i.e. three dif-
ferent algorithms whose variables are not identical) versus Gardner's
morphological criterion. Being aware that the latest version (v3) of the
KIDScore D5 considers blastulation time, ICM and trophectoderm
quality, along with regularity and speed of cell divisions; the main
power of improvement against the morphological criterion would be
morphokinetics, which not surprisingly may have the least weight in
the logistic regression. To our knowledge, the comparison with the
second version of the model is even less relevant since it did not in-
clude the quality of the inner cell mass. In that case, KIDScore D5 v2

should be considered as an additional score to morphology instead of -

a substitute.

A maor limitation of our study is its retrospective nature. A pro-
spective randomized study would be needed to confirm the clinical rel-
evance of KIDScore DS™ v3. Although ours is a large external
validation with an unselected ICS| population, its single-center design
should be taken into account when considering the universal applica-
ton of the model Also, specific culture conditions should be
addressed when considering the generalized application of a prediction
model. Our data reveal that both methods (conventional morphologi-
cal grading and automatic embryo scoring) exhibit only poor perfor-
mance, indicating that further work is required to improve embryo
selection methods. The design of the comparison between the auto-
mated and the conventional grading systems may introduce bias to the
study since the KIDScore D5™ value is a continuous outcome and
ASEBIR's grading is a factorial outcome. Moreover, implantation and
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live birth rates are multifactorial, depending not only on the variables
included in the logistic regression performed in this study but also on
several clinical factors.

In conclusion, we endorse the clinial efficiency of the KIDScore D5
v3 model for automatically ranking embryos according to implantation
and live birth potential. Furthermaore, this model provides additional in-
formation that could quite conceivably improve consistency in embryo
selection. This capacity was strictly observed only in those cycles
where preimplantation genetic testing of embryos was not indicated.
According to the preferences of each laboratory, this embryo scoring
model can be user-dependent or user-independent, based on manual
or automatic annotations. Despite observing similar AUCs to conven-
tional embryo selection methodologies, the use of this automatic algo-
rithm should improve workflow and allow embryologists to spend
their time on other tasks. Therefore, automatic embryo scoring is a
useful decision support tool for embryologists that does not compro-
mise clinical outcomes.
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Supplementary Figure S1. Distribution of automatically scored embryos according to two outcomes. (a) Implantation success,
(b) live birth.
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Supplementary Table 51 Categories and characteristics of embryonic inner cell mass according to ASEBIR criteria 2015.

Category Inner cell mass size (um?) Cohesion

3B00-1%00 Compact
3800-1%00 MNon compact
<1900
Degeneration signs Indifferent
Excluded Degenerated

ocowp
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Supplementary Table 51l Categories and characteris-
tics of the trophectoderm according to ASEBIR criteria
2015.

Category Trophectoderm description

A Homogeneous, united and full of cells

B Homogeneous, less cells

C Few cells

D Degeneration signs
Excluded Degenerated
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Supplementary Table SIlIl Embryo classification on Day 5 of development, according to ASEBIR criteria
2015, based on expansion grade, inner cell mass (ICM) and trophectoderm quality.

D+5
Expansion grade ICM Trophectoderm ASEBIR
A A
A B B
C C
D D
A A
B B B
Since ‘starting expansion’ C C
Up to *hatched’ D D
A A
c B B
C C
D D
D A,B,CorD D
Early bl yst (Thick pellucid zone) c
Morula Excluded
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Supplementary Table SIV Embryo classification on Day 6 of development, according to ASEBIR criteria 2015, basedon ex-
pansion grade, inner cell mass (ICM) and trophectoderm quality.

D+6
Expansion grade ICM Trophectoderm ASEBIR
A B
B
A
C C
D D
A B
B
B
Since ‘starting expansion’ c c
Up to ‘hatched’ D D
A B
B
[
C C
D D
D A,B,CorD D
Early bl yst (Thick pellucid zone) D
Morula Excluded
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Supplementary Table SV Multivariate analysis for implantation and live birth outcome in different patient populations,
induding automatic embryo score by quartiles.

Implantation Live birth

OR* 95% Cl P-value OR* 95% Cl P-value
All treatments (n= 1952 SETs)
KIDScore D5 v3 Quartile 2 vs. | 1.656 [1.288-2.128] <0.001 1.638 [1.265-2.121] <0.001
KIDScore D5 v3 Quartile 3vs. | 1.989 [1.544-2.562] <0.001 2141 [1.655-2.770] <0.001
KIDScore D5 v3 Quartile 4 vs. | 2917 [2.245-3.791] <0.001 1946 [2.267-3.829] <0.001
PGT-A tested (15.7%) vs. non-tested (84.3%) 1.402 [1.080-1.820] .01 1533 [1.178-1.994] 0.001
Embryo transfer fresh (46.5%) vs. frozen (53.5%) 0714 [0.582-0.877] 0.001 0.661 [0.538-0.813] <0.001
BMI - - - 0.969 [0.947-0.991] 0.005
Oocyte donation program (n = 1165 SETs)
KIDScore D5 v3 Quartile 2 vs. | 1.592 [1.125-2.252] 0.009 1.623 [1.135-2321] 0.008
KIDScore D5 v3 Quartile 3vs. | 1.8%1 [1.331-2.688] <0.001 21860 [1.509-3.092] <0.001
KIDScore D5 v3 Quartile 4 vs. | 2709 [1.926-3.810] <0.001 2584 [1.832-3.644] <0.001
Embryo transfer fresh (54.7%) vs. frozen (45.3%) 0.675 [0.530-0.85%] 0.001 0.605 [0.476-0.770] <0.001
BMI 0.970 [0.944-0.9%7] 0.028 0.966 [0.940-0.993] 0014
Autologous oocytes, non-PGT-A (n= 480 SETs)
KIDScore D5 v3 Quartile 2 vs. | 2538 [1.577-4.085] <0.001 2237 [1.340-3.735] 0.002
KIDScore D5 v3 Quartile 3vs. | 3.000 [1.791-5.025] <0.001 351 [2.044-6.068] <0.001
KIDScore D5 v3 Quartile 4 vs. | 4325 [2.495-7 497] <0.001 5.495 [3.113-5.701] <0.001
QOocyte age - - - 0911 [0.854-0.972] 0.005

OR, odds ratio; PGT-A, preimplantation genetic testing for aneuploidy; SET, singe embryo transfer.

*ORs computed from stepwi Itivariate logistic regression.

KIDScore D5 v3 Quartile | = embryo score < 54; KIDScore D5 v3 Quartile 2= embryo score 55-6.4; KIDScore D5 v3 Quartile 3= embryo score 65-7.4; KIDScore D5 v3
Quartile 4= embryo score >75.

— Variables not considered by the model.
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Supplementary Table SVI Multivariate analysis of both grading methodologies (conventional morphological categories +
automatic embryo score) with respect to implantation and live birth outcome in different patient populations.

Implantation Live birth

OR* 95% CI P-value OR* 95% Cl P-value
All treatments (n= 1952 SETs)
Automatic embryo score 1.175 [1.074-1.286] <0001 1.288 [1.215-1.364] <0.001
Conventional morphology A-embryos (19.6%) vs. C-embryos (14.3%) 1.570 [1.160-3.347] 0012 - - -
Conventional morphology B-embryos (66.0%) vs. C-embryos (14.3%) 1.489 [1.056-2.098] 0.023 - - -
PGT-A Tested (15.7%) vs. non-tested (84.3%) 1.46% [1.128-1.912] 0.004 1.544 [1.189-2.006] 0.001
Embryo transfer fresh (46.5%) vs. frozen (53.5%) 1.387 [1.129-1.703] 0.002 1.510 [1.228-1.857] <0.001
BMI - - - 0.968 [0.947-0.950] 0.005
Oocyte donation program (n = 1165 SETs)
Automatic embryo score 1.285 [1.185-1.350] <0001 1.260 [1.166-1.362] <0.001
Embryo transfer fresh (54.7%) vs. frozen (45.3%) 1.451 [1.139-1.848] 0.003 1.642 [1.2%1-2.088] <0.001
BMI 0.970 [0.944-0.957] 0.029 0.966 [0.940-0.9%3] 0014
Autologous oocytes, non-PGT-A (n= 480 SETs)
Automatic embryo score 1.381 [1.236-1.543] <0001 1.465 [1.298-1.653] <0.001
Oaocyte age - - - 0.909 [0.853-0.96%] 0.003
OR, odds ratio; PGT-A, preimplantation genetic testing for aneuploidy; SET, singe embryo transfer.
“ORs I i from stepwi iltivariate logistic regressi

—Variables not considered by the model.
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INTRODUCCION

1.1 Técnicas de reproduccion asistida (TRA).

1.1.1 Hitos en la historia de la reproduccién humana asistida.

La posibilidad de realizar tratamientos médicos con el objetivo de obtener
descendencia causaba interés entre la sociedad desde hace siglos. Sin embargo, la
carencia de determinadas herramientas elementales impedia el conocimiento en
este sentido. Por ello, no se determiné la existencia de los gametos masculinos
(espermatozoides) ni femeninos (6vulos, ovocitos u oocitos), como responsables

del proceso reproductivo, hasta el desarrollo del microscopio 6ptico.

Las primeras técnicas de reproduccion humana asistida empezaron cerca del siglo
XIX, aungue existe la posibilidad de que se realizaran anteriormente y no se
hubieran descrito por la dificultad para reconocer publicamente este tipo de
actividades en aquella época. El primer relato publicado de una inseminacién
artificial humana realizada por un médico fue un tratamiento realizado el 5 de junio
de 1838 en Francia por el Dr. Girault. (L'Abeille Medicale, volumen 25, paginas
409-17; citado en Poynter, 1968 ). La primera publicacién acerca de una
inseminacion con semen de donante fue hecha por el italiano Paolo Mantegazza en
1887 (Clarke, 2006). En lo que a la crioconservacion se refiere, los primeros
nacimientos humanos resultantes de la inseminacion artificial con semen
criopreservado fueron comunicados por Bunge y Sherman en 1953 (Sherman,
1976).

El primer éxito publicado del proceso de fecundacion in vitro (FIV) en humanos
fue llevado a cabo por Edwards y colaboradores en 1969, quiénes observaron la
formacion de pronucleos en los ovocitos (Edwards et al., 1969). En 1970
consiguieron desarrollar embriones hasta 16 células (Edwards et al., 1970), y en
1978 reportaron el primer nacimiento en el mundo de un “bebe probeta” (Steptoe
and Edwards, 1978). Seis afios mé&s tarde, se describieron los dos primeros
embarazos resultantes de la transferencia de embriones humanos criopreservados
(Zeilmaker et al., 1984).
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En 1992 se lograron los primeros embarazos mediante la micromanipulacién de
gametos, inyectando espermatozoides dentro de 6vulos (Palermo et al., 1992b). En
cuanto al analisis genético, el primer diagnostico preimplantacional fue llevado a
cabo en 1990 para determinar el sexo (Handyside et al., 1990) y en 1992 para
descartar embriones portadores de fibrosis quistica (Handyside et al., 1992). Un
afio més tarde fue publicado otro hito para tratar los casos severos de infertilidad
masculina, se realizaron las primeras biopsias de testiculo por parte del Dr. Silber
(Silber et al., 1994).

1.1.2 Inseminacion artificial.

La inseminacion artificial se define como el depdsito de forma no natural de
espermatozoides en el utero femenino. Normalmente, suele ser la primera linea de
tratamiento frente a la infertilidad. Siempre tras un estudio previo a la pareja, en el
que se demuestra que no tienen motivos mas severos de infertilidad que

contraindiquen ser tratados mediante esta técnica.

Por un lado, el procedimiento habitual implica una estimulacién ovarica suave para
evitar el desarrollo folicular multiple. Ademas, durante el ciclo se realizan controles
ecogréaficos y analiticas de estradiol. Por otro lado, el dia de la inseminacion se
procesa la muestra de semen en el laboratorio mediante una técnica conocida como

capacitacion.

1.1.3 Fecundacion in vitro (FIV).

El procedimiento de fecundacion in vitro implica la inseminacion del 6vulo fuera
del cuerpo femenino, en el laboratorio de FIV. Esta metodologia empieza con la
obtencion de los gametos femeninos por puncion (o aspiracion) folicular. Se utiliza
un transductor vaginal que lleva acoplada una aguja, especialmente disefiada para
perforar los foliculos del ovario y aspirar el liquido folicular junto con el évulo de

su interior.

Los ovocitos pueden ser inseminados con distintas técnicas. La diferencia entre la
inseminacion convencional y el resto de las técnicas es el grado de contribucion a

la fecundacion y la complejidad. La FIV convencional consiste en la incubacion
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conjunta de ovocitos y espermatozoides facilitando el proceso de la interaccion
entre los gametos (Edwards et al., 1969). Debido al fracaso de esta técnica en casos
de factor masculino grave, se empezaron a utilizar otros métodos que exigian mayor
manipulacion del ovocito para facilitar su fusion con los espermatozoides. Se
desarrollaron varias técnicas de inseminacion, tales como la perforacion parcial de
la zona peldcida (PZD) (Gordon et al., 1988), la inseminacion subzonal (SUZI)
(Palermo et al., 1992a) o la inyeccion intracitoplasmatica (ICSI) (Palermo et al.,
1992b). La PZD consistia en la creacion de un orificio pequefio en la zona peldcida,
mediante un procedimiento mecéanico o quimico. La SUZI implicaba la inyeccion
de espermatozoides dentro del espacio perivitelino. La ICSI consiste en la
introduccion de un espermatozoide dentro del Ovulo mediante un
micromanipulador. Esta Gltima técnica supuso una revolucion para el tratamiento
del factor masculino severo, ya que s6lo requiere un espermatozoide vivo por

ovocito.

Desde 1997 hasta 2017, el Consorcio europeo de fecundacion in vitro (EIM) de la
Sociedad Europea de Reproduccion Humana y Embriologia ha registrado mas de
10 millones de tratamientos (10.713.407) que han dado lugar al nacimiento de mas
de 2 millones de bebés (Wyns et al., 2017). La mayoria de los tratamientos
notificados a la EIM se realizaron mediante inyeccién intracitoplasmatica de
espermatozoides y posterior cultivo de embriones in vitro. La seleccion del embrion
mas adecuado para transferencia de toda una cohorte es un factor relevante para el

éxito de un tratamiento de infertilidad.

1.2 Seleccion de embriones en tratamientos de FIV.

Los ovocitos inseminados y subsiguientes embriones se incuban en el laboratorio
de FIV, emulando las condiciones del tracto femenino, hasta el momento éptimo
para su transferencia al Utero materno. Los medios de cultivo ofrecen la capacidad

de sustentar el ambiente idéneo para conseguir la fecundacion de los ovocitos y
91



INTRODUCCION

permitir el desarrollo de los embriones hasta su transferencia. Los embriones deben
ser evaluados durante su crecimiento para decidir su destino. Al finalizar el cultivo
in vitro los embridlogos seleccionan qué embriones transferir, criopreservar o

descartar.

1.2.1 Meétodos no invasivos.

Morfologia convencional

La morfologia ha sido el criterio por excelencia para evaluar el desarrollo del
embrién desde el principio de la practica de la FIV (Edwards et al., 1984). La
evaluacion convencional de los preembriones in vitro se suele realizar bajo un
microscopio Optico a 400 aumentos para observar caracteristicas morfoldgicas,
tales como el conteo del nimero de células o blastomeros, el nivel de fragmentacion

o la multinucleacion (Baczowski et al., 2004).

En Espafia, el criterio més utilizado es el descrito por ASEBIR (Asociacion para el
estudio de la biologia de la reproduccion) (Cuevas et al., 2018). Los criterios
ASEBIR de valoracion morfoldgica de oocitos, embriones tempranos y blastocistos
humanos proponen la gradacion en los distintos dias de desarrollo embrionario
(ASEBIR, 2015). Aunque consta literalmente que “la decision clinica sobre el
destino de un embrién de determinada categoria pertenece exclusivamente al
laboratorio”. Para el sistema de gradacion se emplearon 4 categorias divididas en

funcion del potencial de implantacion esperado:

Categoria A: embrion de éptima calidad con maxima capacidad de implantacion.
Categoria B: embrion de buena calidad con elevada capacidad de implantacion.
Categoria C: embrion regular con una probabilidad de implantacion media.

Categoria D: embrion de mala calidad con una probabilidad de implantacion baja

o nula.

Durante el estadio de division celular, se propone la observacion de los blastémeros

en el segundo (D+2) y tercer dia (D+3) de desarrollo (Figura 1, anexo). En el cuarto
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dia de desarrollo (D+4) se observa la adhesion celular y la compactacion (Figura 2,
anexo). Finalmente, en el quinto (D+5) (Figura 3, anexo) y sexto dia (D+6) (Figura
4, anexo) del desarrollo embrionario se evalla la estructura del blastocisto,
considerando la expansion del blastocele, el grosor de la zona pellcida, el
trofoectodermo (TE) y la masa celular interna (MCI) (Figura 5 y 6, anexo). Se
considera que un embridn incubado in vitro con buen pronéstico de implantacion
alcanza el estadio de blastocisto en D+5 o0 D+6 y su observacion debe realizarse en
el intervalo recomendado: 114-118h postinseminacion para D+5 y 136-140h
postinseminacion para D+6. El grado de expansion permite la distincion entre
blastocisto cavitado (BC), blastocisto temprano (BT), blastocisto expandido (BE),
blastocisto eclosionando (BHi) y blastocisto eclosionado (BH). La MCI se evalua
en funcion de su tamafio y cohesion de las células; y la calidad del TE varia segln

el nimero de células, su homogeneidad y cohesion.

La clasificacion morfoldgica convencional sigue siendo hoy en dia el estandar de
referencia. Sin embargo, sélo el 30% de las transferencias de embriones dan lugar
aun embarazo en curso (Kupka et al., 2014). Ademas, la tasa de gestacion maltiple
asociada a los tratamientos de FIV sigue siendo elevada, debido a las transferencias
de mas de un embrion para conservar o aumentar las tasas de embarazo. Aunque
las gestaciones multiples conllevan riesgos maternos y neonatales (Committee and
Society, 2012; Norwitz et al., 2005). Las principales limitaciones de esta
metodologia de evaluacion estan asociadas tanto a la subjetividad del embriélogo
(Ferraretti et al., 2012), como a la evaluacion en si misma. Dado que, aunque el
incubador ofrece condiciones Optimas de cultivo, las concentraciones y la
temperatura de los gases se alteran al sacar los embriones de la incubadora (Zhang
et al., 2010). Por este motivo, los embriones se evalian en periodos de tiempo
limitados y se pierde mucha informacion entre las observaciones (Cruz et al.,
2012). De hecho, ha sido reportado que el estadio y la clasificacion del embrion
puede variar en pocas horas (Kirkegaard, Agerholm, et al., 2012; Montag et al.,

2011), lo que podria dar lugar a una seleccion de embriones no satisfactoria.

Sistemas time-lapse y pardmetros morfocinéticos
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La introduccion de incubadoras con sistemas de lapso de tiempo o time-lapse (TL)
en los laboratorios de FIV permitié la monitorizacidn continua del crecimiento del
embrién en tiempo real. Esta tecnologia se ha convertido en una herramienta util
para estudiar el desarrollo dindmico del embridn sin alterar las condiciones de
cultivo. Ademas, ofrece informacion objetiva y precisa de forma cualitativa y
cuantitativa (Aparicio et al., 2013). La determinacion de los parametros
morfocinéticos del desarrollo embrionario fue de la mano de la introduccion de la
tecnologia time-lapse en los laboratorios de FIV. La combinacion de parametros
morfol6gicos y morfocinéticos ha dado lugar a la creacion de varios algoritmos
para explorar variables relevantes en la seleccién de embriones (Cruz et al., 2012;
Dal Canto et al., 2012; Meseguer et al., 2011; Motato et al., 2016).

Las anotaciones manuales de parametros cuantitativos y cualitativos han sido
propuestas para predecir la formacién de blastocistos, el potencial de implantacién
o0 incluso el nacimiento vivo. La escision temprana (Milewski et al., 2015) y el
tiempo de formacion de la morula (Motato et al., 2016) se han utilizado para
predecir la formacion de blastocistos. Segun la revision acerca de la tecnologia
time-lapse realizada por del Gallego et al., 2019, la duracion del segundo ciclo
celular, el tiempo de division a cinco células, la segunda sincronia (el intervalo de
tiempo entre division de tres a cuatro células) y el tiempo de desvanecimiento de
los prontcleos son los parametros que mas influyen en el potencial de implantacién
del embrion (Goodman et al., 2016; Meseguer et al., 2011; Petersen et al., 2016;
Vermilyea et al., 2014). Los eventos del desarrollo embrionario tardio (por
ejemplo, el inicio de la blastulacion, el tiempo de formacion de la mérula o la
calidad del trofoectodermo) se han descrito como los predictores mas fiables de
recién nacidos vivos (Fishel et al., 2017, 2018; Rienzi et al., 2019). Ademas,
patrones de division anormales, multinucleacion, fragmentacion, o colapso son
algunos de los pardmetros considerados de mal pronéstico para clasificar la calidad
del embrion (Zaninovic et al., 2017). Estos eventos han sido asociados con
formacion inadecuada de blastocistos (Wirka et al., 2014), baja tasa de euploidia

(Zhan et al., 2016) y bajas tasas de implantacion y de recién nacidos vivos (Aguilar
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et al., 2016; Azzarello et al., 2017; Desai et al., 2014, 2016; Desch et al., 2017;
Ebner et al., 2017; Goodman et al., 2016; Rubio et al., 2012; Zhan et al., 2016).

El principal obstaculo para generalizar el uso de los algoritmos de evaluacion y
seleccion embrionaria es la falta de reproducibilidad (Barrie et al., 2017; Fréour et
al., 2015). Se han descrito posibles factores de confusion que podrian afectar al
rendimiento de los algoritmos de sistemas TL.: el entorno y las técnicas utilizadas
en cada laboratorio, las caracteristicas de los pacientes, y/o la subjetividad de las
anotaciones manuales (ESHRE Working group on time-lapse technology et al.,
2020; Martinez-Granados et al., 2017; Sundvall et al., 2013).

Mediciones en medio de cultivo: secretoma embrionario

Afos mas tarde surgieron nuevos métodos no invasivos para evaluar la viabilidad
del embrion y mejorar los resultados clinicos basados en las ciencias "-6micas",
como la metaboldmica y la protedmica (Krisher et al., 2015). Actualmente, existe
evidencia cientifica de la importancia de los ligandos y receptores solubles tanto en
el embrion como en el tracto reproductor femenino durante la fase de
preimplantacion embrionaria (Thouas et al., 2015). Este grupo de proteinas
secretadas 0 metabolizadas por el embrion se conoce como secretoma (Hathout,
2007). Por tanto, el medio de cultivo en el que se desarrollan los embriones es una
fuente de informacidn sobre el estado proteico y metabolico de éstos (Hollywood
et al., 2006).

Hace treinta afios, la primera evidencia del secretoma embrionario fue el factor
activador de plaguetas analizado en el medio de cultivo (Punjabi et al., 1990).
Desde entonces, se han identificado varias proteinas durante la fase
preimplantatoria, como el IFN-02 (interferon-a2; Jones et al., 1992), la SP1
(glicoproteina P-1 especifica del embarazo; Saith et al., 1994), el HLA-G (antigeno
leucocitario humano G; Noci et al., 2005), la Apo-Al (apolipoproteina Al; Mains
et al., 2011), la HCG (gonadotropina corionica humana; Butler et al., 2013) y el
GM-CSF (factor estimulante de colonias de granulocitos y macréfagos; Ziebe et

al., 2013). La sensibilidad de los métodos de analisis ha mejorado notablemente,
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permitiendo el estudio simultaneo de multiples proteinas (por ejemplo, mediante
técnicas de espectrometria de masas o de microarrays). Dicha evolucion ha
determinado la asociacion entre los patrones de expresion proteica y la morfologia
del embridn (Katz-Jaffe and Gardner, 2007; Katz-jaffe and Mcreynolds, 2013).

El andlisis del medio de cultivo embrionario ha revelado la secrecidn y el consumo
de varias proteinas por parte del embrion. EI aumento en el medio de cultivo de
TNF (factor de necrosis tumoral) R1, IL (interleucina) 10, IL-6 VEGFA (factor de
crecimiento endotelial vascular endotelial vascular A), EMMPRIN (inductor de
inductor de la metaloproteinasa de la matriz), PLGF (factor de crecimiento
placentario), EpCAM (molécula de adhesién de células epiteliales), caspasa-3, HE-
4 (proteina 4 del epididimo humano) e IL-6 sugiere que el embrién ha secretado
esas proteinas (Dominguez et al., 2008, 2015; Lindgren et al., 2018). Del mismo
modo, una disminucién de CXCL (ligando de quimioquinas con motivo C-X-C)
13, SCF (factor de células madre), TRAIL-R3 (receptor para el ligando citotoxico
TRAIL), MIP-1B (proteina inflamatoria de macrofagos-1p) y MSP-a (proteina
estimulante de macréfagos-a) en el medio de cultivo sugiere que el embrién ha
consumido o metabolizado esas proteinas (Dominguez et al., 2008). Ademas, se
han observado distintos patrones de expresion proteica segun la calidad del embrion
y su potencial de implantacion. Los embriones que implantaron consumieron mas
CXCL13 y GM-CSF que los no implantados (Dominguez et al., 2010; Robertson,
2007). Ademés, el medio de cultivo de blastocistos mostr6 mayores
concentraciones de EMMPRIN que las muestras de embriones arrestados en
estadios tempranos. En cuanto a la calidad de los embriones en D+5 o D+6, se han
reportado mayores concentraciones de caspasa-3 en el medio de cultivo de

blastocistos de buena calidad (Lindgren et al., 2018).

1.2.2 Métodos invasivos

Se presume que la transferencia de embriones cromosémicamente anormales al
endometrio es la principal causa de aborto tras los tratamientos de FIV (van den
Berg et al., 2012; Ljunger et al., 2005; Martinez et al., 2010). La evaluacién

genética de los embriones preimplantatorios previene la transmisién de
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enfermedades monogénicas (test genético preimplantatorio para enfermedades
monogénicas: PGT-M) antes de la transferencia y permite identificar los embriones
cromosdmicamente normales de cada cohorte materna (test genético
preimplantatorio para aneuploidias: PGT-A). En este sentido, muchas familias han
aprovechado los métodos de PGT para conseguir nacimientos sanos (De Rycke et
al., 2017).

En los ultimos treinta afios, se han desarrollado diversos métodos para analizar
genéticamente los embriones y deducir su estado de viabilidad. Por ejemplo, el
analisis cromosomico a partir de la biopsia del cuerpo polar es un método propuesto
de PGT, pero no proporciona informacion sobre la contribucién del espermatozoide
al perfil genético del embrion. Durante las primeras fases de las pruebas PGT, la
metodologia por excelencia implicaba la extraccion de uno o dos blastémeros del
embrién en division. Sin embargo, esta practica se ha asociado a una importante
reduccion del potencial de implantacion (Scott, Upham, Forman, Zhao, et al., 2013)
y a una elevada tasa de errores de diagnostico (Fragouli et al., 2019; Piyamongkol
et al., 2003). La introduccion del cultivo extendido de embriones permiti6 el
andlisis genético de las células del trofoectodermo, tomadas por biopsia directa del
trofoectodermo en el dia 5 0 6 del desarrollo del embrion. Dado que los blastocistos
son menos vulnerables que los embriones en division se pueden biopsiar mas
células para su evaluacion sin comprometer la viabilidad. Por tanto, es probable
que se reduzcan los errores de diagndstico debidos al mosaicismo (Fragouli et al.,
2017; Kokkali et al., 2007; Scott, Upham, Forman, Hong, et al., 2013). En la
actualidad, la gran mayoria de los procedimientos de PGT se realizan con células
de trofoectodermo biopsiadas. Sin embargo, la extraccion de material genético ya
sea del ovocito, del cigoto o del embrién ha implicado el uso de equipos
especializados y técnicas invasivas para realizar el procedimiento de biopsia.
Ademaés, el procedimiento debe ser realizado por profesionales altamente
capacitados para garantizar la viabilidad de los embriones (Cohen et al., 2007
Kirkegaard, Hindkjaer, et al., 2012; Levin et al., 2012; Neal et al., 2017).
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1.3 Inteligencia artificial (1A) aplicada a medicina reproductiva.

1.3.1 Aspectos generales.

La inteligencia artificial (IA) se define como la capacidad de un sistema
computacional para aprender y ejercer un comportamiento inteligente (Simopoulou
et al., 2018). Las primeras evidencias de IA en el area de medicina se registraron
en la década del 1960, con los clasificadores bayesianos. Las técnicas asociadas a
la 1A han evolucionado a lo largo de los afios en direccién al deep learning
(aprendizaje profundo). El aprendizaje simbdlico, mediante decision trees (arboles
de decisidn) o el machine learning (aprendizaje automatico), han formado parte del

progreso de los sistemas computacionales en el campo de la embriologia.

Clasificadores Bayesianos

Los clasificadores bayesianos simples, son métodos estadisticos clasicos y
supervisados basados en el Teorema de Bayes o teorema de la probabilidad
condicionada. Se trata de prever la probabilidad de que ocurra un evento “A” dada
una informacién “B”, calculandola al revés (Dale, 2005). La limitacion, es la
suposicion de independencia de cada condicionante propuesto como informacién
“B”. Un ejemplo, es el uso de clasificadores bayesianos para la seleccion
embrionaria: el evento “A” seria el embarazo (Si o No) y la informacion de grosor
de la zona pellcida, grado de fragmentacion, multinucleacion y tamafio de

blastémeros se representaria como “B” (Morales et al., 2007).

Arboles de decisién

Los arboles de decision son algoritmos de aprendizaje supervisado que crean
diagramas de construcciones logicas a partir de una base de datos. Los nodos son
las variables de entrada, las ramas representan los posibles valores de las
variables de entrada y las hojas son los posibles valores de la variable de
salida. Un ejemplo, es el uso de arboles de decision para prever la probabilidad

de embarazo ectopico: la variable salida seria el embarazo ect6pico (si 0 no), los
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nodos serian la hormona gonadotropina coriénica (hCG), una kisspeptina (KiSS)
y un microRNA (miR-324-3p) y las ramas, corresponderian a sus niveles en el

tejido embrionario/placentario (Romero-ruiz et al., 2019).

Machine learning

Machine Learning (ML) utiliza algoritmos para recopilar datos, aprender de ellos
y luego hacer una determinacion o prediccion. Las técnicas convencionales de ML
consisten en extraer caracteristicas “manualmente” para intentar encontrar patrones
repetidos que ayuden a realizar de forma automaética una tarea especifica. Dicha
metodologia se basa en las Artificial Neural Networks (ANNS; redes neuronales
artificiales). Se trata de un sistema que toma como analogia las redes neuronales
bioldgicas, de forma que adquiera una gran coleccion de unidades neuronales
interconectadas para permitir la comunicacion. Estas unidades son nodos o

neuronas que funcionan como procesadores simples en paralelo.

Las ANNSs, son sistemas inteligentes utilizados en el aprendizaje automaético que
combinan hardware (por ejemplo, unidades de procesamiento grafico) y software
(big data), para simular el cerebro humano (Curchoe and Bormann, 2019). Las
redes neuronales artificiales aplican algoritmos que simulan los procesos de
neuronas reales para resolver problemas complejos a través del aprendizaje
supervisado. Estas redes estan formadas por distintas capas compuestas por
neuronas encargadas de recibir las sefiales (variables o datos), asignarles un peso o
valor, y transmitirlas a la siguiente capa (Figura 7). La composicién de las ANNs

puede dar lugar a diferentes estructuras o arquitecturas de red.

Para desarrollar la estructura méas efectiva, se pueden utilizar algoritmos genéticos,
es decir, métodos computacionales basados en mecanismos naturales (Takahashi et
al., 2016). Con el entrenamiento de las redes neuronales, basado en el aprendizaje
de propagacion hacia atras (Backpropagation), el sistema llega a minimizar el error
en la prediccién del resultado deseado (Krogh, 2008; Lecun et al., 2015). Por
ejemplo, para el entrenamiento de una ANN que prediga calidad de los embriones

en dia 5 de desarrollo, se utilizarian imagenes de blastocistos categorizados por
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embriélogos. Ademas, se extraerian caracteristicas de las imagenes que serian las
variables de entrada de las ANNSs. Este procedimiento se ha llevado a cabo con
embriones de bovino, consiguiendo una precision de 76,4% en la deteccion de
blastocistos de calidad baja, media y alta (Rocha et al., 2017).

Caracteristicas

de la paciente,
w4 mediciones en
& | medio de cultivo

Variable de entrada

Imagen Blastocisto

sl ¢ o o o
(ANN) & o ® o

Morfologia Blastocisto Implantacién Recién Nacido Vivo (RNV)

| CLASIFICACION | | PREDICCION l

Variable de salida

Figura 7. Esquema grafico de la estructura de una red neuronal artificial (o Artificial
Neural Network; ANN) con distintos tipos de variables de entrada y de salida. MCI,
masa celular interna; TE, trofoectodermo; KID+, datos de implantacion positivos -
del inglés - positive known implantation data); KID-, datos de implantacion
negativos — del inglés- negative implantation data); RNV+, recién nacido vivo

positivo; RNV-, recién nacido vivo negativo.

Deep learning

El deep learning (DL) es un subcampo o una técnica dentro del ML considerada
como la evolucion de este. Esta metodologia reconoce un dato en un gran conjunto
de datos al hacer cambios en sus pardmetros para acercarse al valor real (Lecun et
al., 2015). La repeticion de una circunstancia es responsable del aprendizaje, como
si fuera un sistema nervioso bioldgico (Kim, 2016). De forma general, el cerebro
trata de descifrar la informacion que recibe a traves del etiquetado y la asignacion
de elementos en categorias, es decir, al recibir informacion nueva, el cerebro intenta

compararla con los elementos conocidos antes de darle un sentido. Este concepto
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es el utilizado en los algoritmos de DL (Garbade, 2018). Dicha metodologia se basa
en ANNSs complejas, como las redes neuronales convolucionales (Matusevicius et
al., 2017). En cuanto al analisis de imagen, se necesitarian muchos casos para el
entrenamiento y no habria extraccion previa de caracteristicas. Por ejemplo, para
predecir la calidad de blastocistos, mediante esta técnica, el aprendizaje se llevaria
a cabo con miles de embriones sin extraer variables de las imagenes (Khosravi et
al., 2019).

1.3.2 Inteligencia artificial en el laboratorio de fecundacion in vitro.

Las imagenes del desarrollo embrionario permiten la identificacion de parametros
involucrados en el proceso de implantacién. Para ello, la embriologia se puede
beneficiar del analisis de imagen por visiobn computacional, técnica ya utilizada
para resolver problemas médicos y bioldgicos a nivel molecular, sub- y supra-
celular (Peng et al., 2016). La vision computacional es la aplicacion de sistemas
artificiales sobre imégenes, para extraer informacion y decidir qué eventos son
relevantes para resolver una cuestion especifica (Danuser, 2011). El objetivo de un
programa de vision computacional es aprender de forma interactiva sobre el
contenido de una imagen. Una de las utilidades méas antiguas de los sistemas de
visién computacional en medicina, fue el conteo y seguimiento de células en

secciones de encias (Farnoush, 1977).

Los videos de los sistemas TL, estan compuestos por imagenes tomadas a intervalos
de tiempo definidos (por ejemplo, 10 o 15 minutos). Dichas iméagenes pueden ser
procesadas y analizadas en funcion de sus pixeles. La diferencia entre una imagen,
y la anterior o posterior, define patrones de desarrollo. Si un determinado
comportamiento se produce frecuentemente en los embriones que consiguen
implantar, y no en el resto, podriamos identificar un nuevo marcador de

implantacion.

Las imégenes deben ser normalizadas, es decir, procesadas (por ejemplo,
convertidas a escala de grises) y estandarizadas antes de someterse a cualquier

técnica de andlisis. Es importante conocer que, para las herramientas de analisis de
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imagen, las imagenes son matrices de pixeles representadas con valores de
intensidad. Por ejemplo, para iméagenes de 1 canal, que serian en blanco y negro,
los valores oscilarian entre 0 y 255 (Figura 8).
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Figura 8. Ejemplo de matriz de pixeles sobre la imagen de un blastocisto. Valores

cercanos a 0 indican oscuridad y valores cercanos a 255 indican luminosidad.

La aplicacion de filtros sobre las iméagenes permite la identificacion de bordes o
estructuras que facilitan la deteccién del embrion en el pocillo, como se puede
observar en la Figura 9, con el “filtro Gaussiano” (utilizado en analisis de imagen
para disminucion de la nitidez, aumento de borrosidad y pérdida de detalles). A
partir de ese punto, el andlisis de imagen puede tanto identificar divisiones
embrionarias, como reconocer las partes de un blastocisto. Por ejemplo, la técnica
de segmentacién ha sido utilizada para reconocer estructuras como la zona

pellcida, la masa celular interna y el trofoectodermo (Arsalan et al., 2022).

La aplicacion de filtros sobre las iméagenes permite la identificacién de bordes o
estructuras que facilitan la deteccion del embrion en el pocillo, como se puede
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observar en la Figura 9 con el “filtro Gaussiano” (utilizado en analisis de imagen
para disminucion de la nitidez, aumento de borrosidad y pérdida de detalles). A
partir de ese punto, el andlisis de imagen puede tanto identificar divisiones
embrionarias, como reconocer las partes de un blastocisto. Por ejemplo, la técnica
de segmentacion ha sido utilizada para reconocer estructuras como la zona

pelucida, la masa celular interna y el trofoectodermo (Arsalan et al., 2022).

Total Intensity (a

20 300 400 500
Coordinate X

Figura 9. Pasos en la identificacion de un embrién en un pocillo. Ay B: imagenes
de dos fotogramas consecutivos. C: diferencia de B-A, es decir, la resta pixel por
pixel; las zonas mas oscuras indican menos cambio entre fotogramas. D: aplicacién
de un filtro Gaussiano para suavizar la imagen. E: imagen con filtro de erosién, se
resalta la zona central. F: coordenadas de la suma del eje Y. G: coordenadas de la

suma del eje X. H: recorte del embrién identificado.

Anotaciones automaticas

La introduccion de sistemas con vision computacional, capaces de extraer
informacidn objetiva y estandarizada de imagenes (Danuser, 2011), puede reducir
la subjetividad en la seleccién de embriones (Manna et al., 2013) mediante las

anotaciones automaticas.
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En el campo de la embriologia humana, la primera aproximacion predictiva desde
imagenes proporcionadas por sistemas TL, fue realizada por Wong et al., (2010).
El equipo desarrollé un algoritmo capaz de cuantificar automaticamente la duracién
de las citocinesis y los tiempos entre mitosis, hasta el estadio de 4 células. Este
sistema se comercializd con el nombre de Eeva™ (del inglés Early Embryo
Viability Assessment), siendo la primera plataforma validada clinicamente que
integra time-lapse, 2 pardmetros predictivos y un software automatico. Se puede
incorporar a un incubador convencional y obtiene imagenes digitales de alta
resolucion, en un unico plano y a intervalos de 5 minutos. Dispone de un
microscopio invertido digital de campo oscuro, de una camara digital y del software
de adquisicion de imagenes; ademas de una placa para el cultivo de los embriones

en grupo (Conaghan et al., 2013).

Asimismo, el incubador Geri® (Merck, Darmstadt, Alemania), tiene incorporado
un sistema de anotaciones automaticas en su software de monitorizacion digital
Geri® Connect and Assess 2.0 (Figura 10). Es capaz de detectar automéaticamente
el tiempo de aparicion de los pronucleos y su desaparicion (tPNa y tPNf), los
tiempos de divisiéna 2, 3,4, 5y 6 células (t2, t3, t4, t5 y t6), la formacion de morula
(tM), la llegada a blastocisto temprano (tSB), blastocisto expandido (tEB), y el
inicio de eclosion a través de la zona peldcida (tHiB). Ademas, tiene la capacidad
de detectar eventos de division reversa o presencia de fragmentacion. Dichas
anotaciones se pueden modificar manualmente si el embri6logo considera que no
son correctas. Ademas, el propio software muestra una sefial de advertencia cuando
cierta anotacion esta fuera del rango temporal establecido por la compafiia
comercial. Actualmente, los intervalos de tiempo definidos para cada evento son
los siguientes: desaparicion de los pronucleos, 17-30 horas; division a 2 células,
20-40 horas; a 3 células, 30-48 horas; a 4 células, 32-54 horas; a 5 células, 38-68
horas; a 6 células, 46-78 horas; formacion de moérula, 64-100 horas, formacién de
blastocisto temprano, 86-126 horas; formacion de blastocisto expandido, 86-192
horas y el inicio de eclosion a través de la zona peldcida, 86-192 horas (Alpha
Scientists, 2011; Ciray et al., 2014)
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Figura 10. Demostracion del software Geri Connect and Assess 2.0® con las
anotaciones realizadas automaticamente y las modificaciones realizadas por los
embriodlogos. La flecha verde marca la casilla de anotaciones manuales; la flecha
azul, la casilla de anotaciones automaticas y la flecha rosa, el software Eeva®. La

sefial de advertencia indica una anotacion fuera del rango temporal establecido.

Los incubadores EmbryoScope® y EmbryoScope Plus® (Vitrolife, Copenhague,
Dinamarca) también poseen un sistema de anotacion automatica (Guided
Anotations) en su software EmbryoViewer®. Dicha herramienta esta disefiada para
proporcionar un flujo de trabajo de anotacién simplificado y coherente. Esta
estrategia de anotacion determina qué variables deben anotar los usuarios y en qué
orden.

Una vez definida la estrategia de anotacion (o algoritmo de seleccién), la
herramienta guia a los embriélogos en el proceso de realizar las anotaciones reales.
Todas las variables incluidas en la estrategia de anotacidn seleccionada se presentan
automaticamente junto con una imagen del embrion es ese mismo evento. La serie
de imagenes se envia automaticamente a un punto estimado en el tiempo donde

debe comenzar el proceso de anotacion. Finalmente, el usuario completa el flujo de
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trabajo, bien evaluando el embrién y realizando la anotacion o confirmando las

anotaciones sugeridas por la herramienta.

La funcion detecta automéaticamente la division celular y los eventos morfoldgicos
e inserta estimaciones de tiempos de division y parametros morfologicos (PN, MCI
y TE). El analisis automatico de imagenes estima los tiempos de division celular y
los parametros morfoldgicos con distintos grados de certeza (niveles de confianza).
Si establece un umbral de confianza alto, la mayoria de las veces las estimaciones
de tiempos y pardmetros morfoldgicos seran correctas. Sin embargo, tendra que
comprobar manualmente mas estimaciones. Si establece un umbral de confianza
bajo, las estimaciones seran, mas a menudo, menos precisas. Sin embargo, los
trabajadores tendrdn menos estimaciones que comprobar. Dicho umbral debe

basarse en la propia tolerancia de la clinica.

Algoritmos de IA para la selecciéon embrionaria

En la actualidad, el sistema Eeva™ esta incorporado en el incubador Geri®. El uso
de este software predictivo, en combinacion con la morfologia en dia 3 de
desarrollo, demostr6 mejorar la capacidad del embridlogo para identificar
embriones capaces de formar blastocistos de buena calidad. De esta manera, se
mejora la seleccion entre embriones de morfologia adecuada y se reduce la
variabilidad interoperador (Conaghan et al., 2013). Ademas, el software Eeva
también se ha correlacionado con mejora en la tasa de implantacion y en la tasa de
embarazo clinico (Adamson et al., 2016; Vermilyea et al., 2014) y embarazo
evolutivo (Aparicio-Ruiz et al., 2016).

Asimismo, los sistemas time-lapse de Vitrolife contienen una herramienta de apoyo
a la decision de los embridlogos, el KIDScore D5™ (software EmbryoViewer;
Vitrolife), que aumenta la objetividad y la coherencia en la evaluacion de los
embriones al clasificarlos segin la probabilidad de implantacién. La primera
version del algoritmo (KIDScore D5™ v1) se basaba en el nimero de prontcleos
(PN), la morfologia del blastocisto y ocho pardmetros morfocinéticos: tiempo de

desvanecimiento de los PN (tPNf); tiempo de divisién en dos células (t2), tres

106



INTRODUCCION

células (t3), cuatro células (t4), cinco células (t5) y ocho células (t8); tiempo hasta
la blastulacion temprana (tSB); y tiempo hasta la formacion completa del
blastocisto (tB). Para la segunda versién del algoritmo (KIDScore D5™ v2) las
variables de entrada se redujeron a cinco parametros morfocinéticos (t2, t3, t4,t5 y
tB). Ambas versiones han sido recientemente validadas de forma retrospectiva
como herramienta de toma de decisiones para ayudar a los embri6logos (Reignier
et al., 2019; Gazzo et al., 2020).

La ultima version, el KIDScore™ D5 versidon 3, clasifica los embriones en funcién
del ritmo de desarrollo y calidad del blastocisto (Figura 11). Se disefié con una base
de datos multicéntrica de mas de 5.000 embriones con datos de implantacion
conocidos (embriones KID). Segun los desarrolladores, la Gltima version de este
modelo tiene en cuenta el nimero de PN, t2, t3, t4, t5, tB, la masa celular interna y

la calidad del trofoectodermo.
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Figura 11. Demostracion de la categorizacion proporcionada por el algoritmo
KIDScore D5 v3 para una cohorte de 16 embriones en el software EmbryoViewer®,
La parte superior muestra las anotaciones automaticas realizadas en cada embrion.

La parte inferior muestra los cuatro embriones con maxima puntuacion.
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Se genera una puntuacion lineal final que oscila entre 1 y 9,9 para cada embridn,
que corresponde a una probabilidad de implantacion de baja a alta. La puntuacion
automatica de los embriones se recomienda para embriones procedentes de la FIV
convencional o de la ICSI e incubados en condiciones reducidas de oxigeno (4-
6%). Esta ultima version ha sido validada en la presente tesis y su publicacion
corresponde al articulo I11.
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HIPOTESIS, OBJETIVOS Y JUSTIFICACION

.1 Hipotesis

Las técnicas de reproduccion asistida han ido evolucionando de forma constante en
los ultimos afios. Sin embargo, los procedimientos del laboratorio de fecundacion
in vitro se siguen realizando manualmente. La evaluacion y seleccion de embriones
son procedimientos decisivos en los tratamientos de infertilidad que podrian
beneficiarse de nuevas tecnologias basadas en inteligencia artificial. Por lo tanto,
consideramos que es necesario investigar en este campo para mejorar la evaluacién
embrionaria con métodos no invasivos y precisos que aumenten el éxito de la

transferencia de un Unico embrion.

.2 Objetivos

Obijetivo general

En esta tesis el objetivo general es definir nuevas metodologias no invasivas como
herramienta de apoyo en los laboratorios de fecundacion in vitro para seleccionar
qué embrion transferir a la paciente, desarrollando y aplicando innovadoras
tecnologias como la inteligencia artificial para automatizar y mejorar la evaluacion

in vitro. Para ello, nos planteamos los siguientes objetivos especificos.

Obijetivos especificos

- Describir pardmetros del desarrollo embrionario y su relacién con el
potencial de implantacion.

- ldentificar marcadores no invasivos del secretoma embrionario y su
asociacion con el éxito de un tratamiento de reproduccion asistida.

- Desarrollar modelos basados en inteligencia artificial para predecir
resultados clinicos.

- Evaluar herramientas para la automatizacion de la seleccion embrionaria

en los laboratorios de fecundacion in vitro.
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.3 Justificacion de la tesis como compendio de publicaciones.

La presente investigacion de tesis doctoral se presenta como un compendio de tres
publicaciones con datos relevantes obtenidos recientemente para avanzar en la
seleccion embrionaria con métodos no invasivos, sefialando a la inteligencia
artificial como herramienta de apoyo fundamental en los laboratorios de

fecundacion in vitro.

Todos los hallazgos de estos trabajos tienen un mismo punto de convergencia:
mejorar la evaluacion y seleccion embrionaria en los tratamientos de reproduccion

asistida, como se resume brevemente a continuacion.

En el articulo I, Novel and conventional embryo parameters as input data for
artificial neural networks: an artificial intelligence model applied for
prediction of the implantation potential, fuimos capaces de identificar
pardmetros morfodindmicos del desarrollo embrionario que funcionaban como
variables de entrada de modelos basados en redes neuronales artificiales para

predecir la implantacion.

La combinacion de caracteristicas morfologicas (extraidas de imagenes del
desarrollo embrionario) con mediciones no invasivas de proteémica en el medio de
cultivo permitié desarrollar un modelo predictivo de recién nacido vivo en el
articulo 11, An artificial intelligence model based on the proteomic profile of

euploid embryos and blastocyst morphology: a preliminary study.

En el articulo 11, The higher the score, the better the clinical outcome:
retrospective evaluation of automatic embryo grading as a support tool for
embryo selection in IVF laboratories, se evalud la utilidad de la puntuacion
embrionaria automatica como herramienta de apoyo a la toma de decisiones en los

laboratorios de fecundacion in vitro.
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RESULTADOS Y DISCUSION

Los articulos anexados que constituyen el cuerpo de la presente tesis exponen la
metodologia y los resultados de nuestra investigacion de forma detallada. En este
capitulo, se describen y discuten, a modo de resumen, los principales hallazgos
obtenidos para cada objetivo especifico:

3.1 Descripcion de parametros del desarrollo embrionario y su

relacion con el potencial de implantacion.

En el articulo | se analizaron retrospectivamente los siguientes parametros
morfodindmicos del desarrollo embrionario: migracion pronuclear, didmetro de
expansion del blastocisto, area de la masa celular interna y duracion del ciclo

celular del trofoectodermo. Los resultados obtenidos se resumen a continuacion:

Migracion pronuclear

Los pronucleos de los embriones analizados recorrieron distancias de 2 a 38 um.
No se encontraron diferencias significativas entre los embriones implantados y los

no implantados, en términos de distancia y velocidad.

Didmetro de expansidn del blastocisto

Los blastocistos alcanzaron tamafios desde 114 a 225 pym de diametro. Los
embriones implantados tenian didametros significativamente mayores que los no
implantados. La tasa de implantacion también mejoré a medida que la relacion
BEd/tBEd era mayor: 46,2% para <1,37, 45,3% para 1,37-1,52, 66,7% para 1,52-
1,64y 70,7% para >1,64.

Area de masa celular interna

El area de la MCI evaluada oscil6 entre 1.051 y 4.847 um?. No se encontraron
diferencias significativas en relacion con la tasa de implantacién. Aunque la

tendencia fue la siguiente, los embriones con areas de MCI mayores tuvieron una
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mejor tasa de implantacion. Se encontraron resultados similares para la relacion
MCI/tICMa: 52,1% para <19,07, 61,00% para 19,07-23,87, 63,8% para 23,87-
28,90 y 57,4% para >28,90.

Duracion del ciclo celular del trofoectodermo

El ciclo celular de las células del trofoectodermo fue mas corto que el de las células
blastoméricas. Ademas, encontramos diferencias significativas entre los embriones

implantados y los no implantados.

La media y la desviacion estandar de los nuevos pardmetros morfodindmicos y de
los pardmetros morfocinéticos convencionales de los embriones implantados y no

implantados se muestran en la Tabla 1.

Tabla 1. Media y desviacion estandar para cada pardmetro del embrién analizado
en el articulo I. El valor p muestra las diferencias estadisticas entre los embriones
implantados y los no implantados. PNm, migracién pronuclear; BEd, didametro
expandido del blastocisto; ICMa, &rea de la masa celular interna; ccTroph, ciclo
celular del trofoectodermo; tBEd, tiempo transcurrido desde la ICSI hasta la
medicién de BEd; tIiCMa, tiempo transcurrido desde la ICSI hasta la medicion de
ICMa.

_ Unidad Embriones implantados Embriones no implantados
Variable . Desviacion . Desviacion P valor
(sh) Media , Media .
estandar estandar

tPB2 h 3,763 1,425 3,858 1,585 0,907

tPNa h 8,559 2,187 8,735 2,283 0,926

tPNf h 23,192 2,559 23,508 2,745 0,194

t2 h 25,654 2,956 25,951 2,973 0,383

t3 h 36,219 3,361 36,500 3,817 0,356
t4 h 37,403 3,663 38,154 3,975 0,031*

t5 h 48,801 5,109 49,104 5,812 0,526
t6 h 50,386 5,006 51,519 5,779 0,023*
t7 h 52,777 5,464 54,468 7,031 0,009*
t8 h 56,607 7,817 59,840 10,137 0,003*
t9 h 69,889 8,209 72,800 8,635 <0,001*
tsC h 80,891 8,757 83,139 9,163 0,012*
tM h 86,925 8,265 88,689 8,591 0,017*
tSB h 96,843 6,712 98,978 6,979 0,001*
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Unidad Embriones implantados Embriones no implantados
Variable . Desviacion . Desviacion P valor
(sh) Media . Media .
estandar estandar
tB h 102,436 6,740 104,326 7,216 0,005*
tEB h 107,940 6,452 110,274 6,592 0,001*
tHiB h 110,638 7,694 114,796 9,790 0,418
Distancia um 13,649 7,234 13,648 6,898 0,936
PNm
Velocidad | 1,377 1,989 1,174 0,095 0,079
PNm
BEd pm 177,090 21,374 170,830 18,575 <0,001*
ICMa pm? 2763,036 707,134 2716,188 830,591 0,069
ccTroph h 9,945 2,706 9,758 2,702 <0,001*
tIiCMa h 113,369 5,419 114,252 9,046 0,184
tBEd h 113,527 3,787 113,637 2,915 0,461

*p<0.05; diferencias estadisticamente significativas para el valor medio entre embriones implantados
y no implantados.

3.2 ldentificacion de marcadores no invasivos del secretoma

embrionario y su asociacion con el éxito de un tratamiento de

reproduccién asistida.

En el articulo 11 se analizaron los niveles relativos de 92 proteinas en 89 muestras.
Del total, 81 fueron medios de cultivo que habian sido incubados con embriones en
desarrollo y 8 fueron controles (medios en los que no se incubaron embriones). Se
utiliz6 un inmunoensayo de Proseek Multiplex Assays® (Olink, Bioscience,
Suecia) basado en la tecnologia Proximity extension assay (PEA). La lectura final
del ensayo se presentd en valores de expresion proteica normalizada (NPX). Se
trata de una unidad arbitraria en una escala log2, en la que un valor alto corresponde
a una mayor expresion proteica. Del total de 92 proteinas, 67 mostraron valores de
NPX idénticos en todas las muestras analizadas (medios condicionados y control).
Por tanto, solamente 25 de las 92 proteinas medidas tenian valores diferentes entre
el total de las muestras. La media de los valores de NPX para estas 25 proteinas en

el control y en el medio condicionado se muestra en la Figura 12.
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Figura 12. El grafico de columnas agrupadas del articulo Il representa la media del
valor NPX obtenido mediante la técnica PEA para las 25 proteinas Utiles analizadas
en los medios de cultivo de 81 embriones generados a partir de évulos aut6logos.
Las columnas grises muestran los medios de control (n = 8) y las azules los medios
condicionados recogidos el dia 5 de cultivo de los embriones. PEA, ensayo de
extension de proximidad; NPX, expresion proteica normalizada.

En los medios de cultivo con embriones detectamos concentraciones més altas de
3 proteinas en comparacion con los niveles de los medios control, indicando una
posible secrecion por parte de los embriones. Estas proteinas fueron la IL-8
(p=0,025), la IL-6 (p=0,001) y el uPA (activador plasminigeno urocinasa;
p=0,006). Ademas, también detectamos concentraciones mas bajas de 14 proteinas
en los medios de cultivo de embriones en comparacion con los niveles de fondo.
Estas proteinas fueron DNER (p<0,001), CSF-1 (p<0,001), FIt3L (p<0,001), SCF
(p<0,001), CD40 (p<0,001), MCP-1 (p<0,001), CX3CL1 (p<0. 001), CD6
(p<0,001), TRAIL (p=0,002), TNFRSF9 (p<0,001), CD244 (p<0,001), IL-18
(p<0,001), CCL23 (p<0,001) e IL-18R1 (p<0,001).

La Unica proteina con valor NPX diferente en los embriones implantados (valor
NPX=2,44) y no implantados (valor NPX=2,76) fue la VEGFA (p=0,017).

Posteriormente, se realizé un analisis de colinealidad que demostré que la mayoria
de las proteinas estaban muy correlacionadas entre si. Asi, tras corregir la
colinealidad, quedaron 7 proteinas independientes y no redundantes:

Metaloproteinasa de la matriz-1 (MMP-1), interleucina-6 (IL-6), factor de
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crecimiento endotelial vascular A (VEGFA), activador del plasmindgeno tipo

uroquinasa (UPA), citoquina inducida por la activacion relacionada con el TNF
(TRANCE), ligando de la tirosina quinasa 3 tipo FMS (FIt3L) y receptor
relacionado con el EGF tipo Delta/Notch (DNER). Los niveles relativos de cada

proteina se muestran en la Tabla 2, diferenciando entre muestras de embriones que

lograron un RNV y los que no.

Tabla 2: Valores NPX obtenidos mediante la técnica PEA para las siete proteinas

independientes resultantes del analisis de colinealidad publicado en el articulo II.

RNV+, recién nacido vivo posirivo; RNV-, recién nacido vivo negativo; NPX,

expresion proteica normalizada PEA, ensayo de extensién de proximidad; DS,

desviacion estandar.

Valor NPX (media = DS)
Proteina

RNV+ RNV- P valor

MMP-1 -0,39 £ 0,83 -0,49 £ 0,53 0,579
IL-6 0,94 £ 0,53 0,75+ 0,67 0,261
VEGFA 2,40 £ 0,37 2,59 +£0,53 0,137
uPA 0,67 £0,42 0,61 £0,52 0,634
TRANCE 0,19+0,51 -0,05 +0,15 0,023
FIt3L 5,87 £ 0,20 6,00 £ 0,27 0,051
DNER 4,57 £0,29 4,71 +£0,27 0,077

3.3 Desarrollo de modelos basados en inteligencia artificial para

predecir resultados clinicos.

En el articulo | se desarrollaron cuatro modelos de seleccion embrionaria basados

en IA para predecir implantacion. Se trata de una red neuronal que fue entrenada y
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testada utilizando distintos grupos de variables, lo que dio lugar a cuatro modelos
con la misma arquitectura y diferentes datos de entrada (Tabla 3): parametros
morfocinéticos convencionales para la ANN1, parametros morfodindmicos
novedosos para la ANN2, parametros convencionales y novedosos para la ANN3
y aquellos pardmetros que presentaban diferencias significativas entre los
embriones implantados y los no implantados para la ANN4.

Tabla 3. Variables de entrada para cada arquitectura de red neuronal artificial
desarrollada en el articulo 1. ANN, red neuronal artificial (del inglés, artificial
neural network); tpb2, tiempo de emision del segundo cuerpo polar; tPNa, tiempo
de aparicion de los dos prondcleos; tPNf, tiempo de desvanecimiento de los
mismos; t2, tiempo de division a dos células; t3, tiempo de division a tres células;
t4, tiempo de divisién a cuatro células; t5, tiempo de division a cinco células; t6,
tiempo de divisidn a seis células; t7, tiempo de division a siete células; t8, tiempo
de division hasta ocho células; tSC, tiempo desde la ICSI hasta la compactacion
temprana; tM, el tiempo hasta la formacion de la moérula; tSB, tiempo hasta la
blastulacion temprana; tB, el tiempo hasta la formacion del blastocisto completo;
tEB, tiempo hasta el blastocisto expandido; y tHiB, tiempo hasta el incio de
eclosion del blastocisto; PNm, migracion pronuclear, BEd, diametro expandido del
blastocisto; ICMa, area de la masa celular interna; ccTroph, ciclo celular del

trofoectodermo.

Red
Neuronal | Variables de entrada
Atrtificial

ANN1 tpb2, tPNa, tPNf, t2, t3, t4, t5, t6, t7, t8, tSC, tM, tSB, tB, tEB, tHiB

ANN2 Distancia PNm, velocidad PNm, BEd, ICMa, ccTroph

tpb2, tPNa, tPNf, t2, 13, t4, t5, t6, t7, t8, tSC, tM, tSB, tB, tEB, tHiB,
distancia PNm, velocidad PNm, BEd, ICMa, ccTroph

ANN3

ANN4 t4, 16, t7, t8, 19, tSC, tM, tSB, tB, tEB, Bed, ccTroph
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Los resultados en términos de sensibilidad, especificidad, precision, Valor-F y area
bajo la curva de los cuatro modelos en el conjunto de datos de prueba se representan
en la Tabla 4. EI mayor poder predictivo lo obtuvo la ANN3 con un AUC de 0,77.
Asimismo, el modelo més equilibrado también fue la ANN3, presentando la mayor
especificidad y una excelente sensibilidad.

Tabla 4. Resultados de los cuatro modelos de seleccion embrionaria desarrollados
en el articulo 1. ANN, red neuronal artificial (del inglés, artificial neural network);

AUC, érea bajo la curva.

Red
o o o Valor

neuronal Sensibilidad Especificidad Precision . AUC
artificial

ANN1 0.88 0.46 0.71 0.78 0.64
ANN2 0.86 0.58 0.75 0.80 0.73
ANN3 0.82 0.67 0.76 0.80 0.77
ANN4 0.85 0.57 0.74 0.79 0.68

La informacion procedente de las imagenes de los blastocistos y los valores de
protedbmica obtenidos del analisis del secretoma embrionario se utilizaron para
predecir el potencial de un embrién euploide para dar lugar a un nacimiento vivo

en el articulo 11.

Las tres arquitecturas mas eficientes obtenidas se muestran en la Tabla 5. La
arquitectura desarrollada con IL-6 y MMP-1 consiguid clasificar correctamente
todos los embriones como nacidos vivos positivos y negativos en las fases de
entrenamiento, validacion y test (éxito total = 100%). EI AUC resultante para

predecir los nacimientos vivos positivos y negativos alcanzé el valor mas alto, 1,0.
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Tabla 5. Resultados del test de las tres arquitecturas mas eficientes en la prediccion

de nacimientos vivos publicadas en el articulo I1l. AUC, area bajo la curva.

Datos de entrada Test
Arquitectura de | Morfologia del
ANN analisis de Datos de proteémica RNV+ RNV -
imagen?
1 20 variables MMP-1, IL-6 AuUC=1 AuUC=1
MMP-1, IL-6, VEGFA,
2 20 variables uPA, TRANCE, FIt3L AUC=0.9 AUC=0.9
and DNER
3 20 variables 25 proteinas® AUC=0.83 AUC=0.84

@ |_as variables se describen en la Tabla Suplementaria 4 del articulo I1.

b1L-8, VEGFA, CD244, OPG, uPA, IL-6, MCP-1, TRAIL, CST5, IL-1a, CXCL1, CD6, SCF, IL-18,
FGF-23, MMP-1, IL-18R1, TRANCE, CCL23, FIt3L, DNER, CD40, CX3CL1, TNFRSF9, CSF-1.

La prueba ciega de la arquitectura 1 realizada con 11 embriones, que no se
utilizaron previamente, alcanzé una precision de prediccion del 72,7%. Clasifico

correctamente 8 embriones del total.

3.4 Evaluacién de herramientas para la automatizacion de la seleccion

embrionaria en los laboratorios de fecundacion in vitro.

En el articulo 11l se muestra la evaluacion de un modelo basado en IA como
herramienta de ayuda a la decision de los embri6logos en el laboratorio de FIV. Un
total de 12.468 embriones de 1.678 pacientes fueron calificados automéaticamente
por el modelo KIDScore™ D5 versién 3 (KIDScore D5™ v3). Se trata de un
algoritmo incorporado en los dispositivos time-lapse EmbryoScope vy
EmbryoScope Plus (Vitrolife) que clasifica automéaticamente los embriones en
funcion de la regularidad de las divisiones celulares, el ritmo de desarrollo y la
calidad de los blastocistos. Dicho modelo genera una puntuacion lineal final que

oscila entre 1y 9,9 para cada embrion.
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La media de la puntuacién fue significativamente diferente (p<0,001) entre los
embriones clasificados con diferentes categorias morfoldgicas segun los criterios
ASEBIR (8,3£1 1 para los embriones clasificados como A, n=640; 5,9+1,3 para los
B, n=4.560; 3,7+1,2 para los C, n=2.822; y 2,2+0,9 para los D, n=2.125) y entre los
embriones euploides (5,4+1,7, n=674) y aneuploides (4,7+1,8, n=900). La media
de la puntuacion de los embriones de la poblacion SET fue de 6,6+1,6 para la -
hCG positiva y de 5,9+1,7 para la B-hCG negativa (p<0,001); de 6,6+1,6 para la
implantacion positiva y de 5,9+1,7 para la implantacién negativa (p<0,001); y de
6,7+1,6 para el nacimiento vivo positivo y de 5,9+1,7 para el nacimiento vivo
negativo (p<0,001).

A continuacidn, se realiz6 un analisis de regresion logistica sobre la clasificacién
KIDScore D5™ v3 teniendo en cuenta posibles factores de confusion: origen de
los ovocitos (donados frente a autélogos); tipo de transferencia de embriones
(frescos frente a congelados); edad de los ovocitos; IMC de la paciente; PGT-A
(embriones probados frente a no probados); dia de la transferencia de embriones
(quinto frente a sexto dia de desarrollo del embridn); estrategia de cultivo (en grupo
frente a individual); morfologia del blastocisto (embriones clasificados como A
frente a C y embriones clasificados como B frente a C); y la morfologia del
embrién. sexto dia de desarrollo del embrion); estrategia de cultivo (grupal vs.
individual); morfologia del blastocisto (embriones calificados como A vs. C y
embriones calificados como B vs. C); e indicacion de tratamiento de la infertilidad

(factor femenino, masculino, mixto, social o desconocido).

El analisis multivariante por pasos para las diferentes subpoblaciones de pacientes
se realiz6 analizando los resultados de implantacion y de recién nacidos vivos. La
contribucion de la puntuacion embrionaria a ambos resultados fue estadisticamente
significativa para todos los tratamientos en general, para las pacientes del programa
de donacion de ovocitos y para los ciclos de ICSI convencionales con ovocitos
autélogos y sin PGT-A (Tabla 6). Sin embargo, la puntuaciéon automatica del

embrién no se relaciond con el resultado de implantacion o nacimiento vivo en los
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RESULTADOS Y DISCUSION

embriones que habian sido analizados genéticamente (n= 307, p=0,226 para la

implantacion y p=0,731 para el nacimiento vivo).

Tabla 6. Andlisis multivariante para la implantacion y el resultado de nacidos vivos
en diferentes poblaciones de pacientes. OR: odds ratio o razon de probabilidades;
IC: intervalo de confianza; SET: transferencia de un solo embrion; PGT-A: pruebas

genéticas preimplantacionales para aneuploidia; IMC: indice de masa corporal.

Implantacion Recién Nacido Vivo
OR? 95% IC p-valor OR? 95% IC p-valor

Todos los tratamientos (n=1,952 SETSs)

Puntuacion embrionaria [1.214- [1.215-
automatica 1.285 1.360] <0.001 1.288 1.364] <0.001
PGT-A
Testado (15.7%) vs. No 1.401 [fgf% 0.011 1.544 [Zl'olgf%' 0.001
testado (84.3%) ' '
Transferencia
embrionaria [1.131- [1.228-
Fresco (46.5%) vs. 1389 | G705 | 0002 | 1510 | %igsy | <0001
Congelado (53.5%)
) i ) [0.947-
IMC 0.968 0.990] 0.005
Programa de donacién de ovocitos (n=1,165 SETS)
Puntuacion embrionaria [1.189- [1.166-
automética 1.285 1.390] <0.001 1.260 1.362] <0.001
EmbryoTransfer
Fresh (54.7%) vs. Frozen | 1.451 [11;43% 0003 | 1.642 [215381] <0.001
(45.3%) ' :
[0.944- [0.940-
IMC 0.970 0.997] 0.029 0.966 0.993] 0.014
Implantacion Recién Nacido Vivo
OR® 95% IC p-valor OR? 95% IC p-valor
Tratamientos con ovocitos propios, sin PGT-A (n=480 SETS)
Puntuacion embrionaria [1.236- [1.298-
automatica 1.381 1.543] <0.001 1.465 1.653] <0.001
. ) ) ) [0.853-
Edad ovocito 0.909 0.969] 0.003

80Rs calculados a partir de la regresion logistica multivariante por pasos.
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CONCLUSIONES

Lejos de los métodos convencionales para evaluar y seleccionar embriones en los

tratamientos de FIV, nuestros estudios proponen una nueva aproximacion basada

en el uso de la inteligencia artificial. Cada articulo anexado como justificacion de

la presente tesis muestra sus conclusiones individuales. En este capitulo, se

muestran las conclusiones generales de nuestra investigacion:

1.

Parametros no convencionales del desarrollo embrionario medidos sobre
iméagenes time-lapse podrian ayudar a predecir el potencial de implantacion

de los embriones in vitro.

Los modelos basados en redes neuronales artificiales permiten analizar y
considerar gran cantidad de datos en una prediccién especifica. Segun el
articulo I, el modelo més predictivo para implantacion es el que esta
entrenado por mas variables del desarrollo embrionario, y no sélo por

aquellas que son individualmente discriminatorias.

La introduccion de la IA en los laboratorios de FIV ayudaria a los
embridlogos a predecir el éxito de un embrion para conseguir un recién

nacido vivo.

La combinacidon del analisis protedmico del medio de cultivo del embrion
y la informacion morfolégica de las imagenes del blastocisto evaluadas
mediante técnicas de IA posee poder predictivo sobre el éxito de un
tratamiento de reproduccion asistida. Los resultados del articulo I,
demuestran que una ANN logré detectar embriones euploides capaces de
dar lugar a un nacimiento vivo con una excelente precision, especialmente

teniendo en cuenta la IL-6 y la MMP-1.

De acuerdo con los hallazgos publicados en el articulo I11, aprobamos que
la puntuacion automaética de embriones es una herramienta Gtil de apoyo a

la decision para los embridlogos sin comprometer los resultados clinicos.
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CONCLUSIONES

Ademas, este modelo proporciona informacién adicional que podria
mejorar la coherencia en la seleccién de embriones. Segun las preferencias
de cada laboratorio, este modelo de puntuacion de embriones puede ser
dependiente o independiente del usuario, basado en anotaciones manuales
0 automaéticas. A pesar de observar AUCs similares a las metodologias
convencionales de seleccion de embriones, el uso de este algoritmo
automatico deberia mejorar el flujo de trabajo y permitir a los embriélogos

dedicar su tiempo a otras tareas que requieren mas atencion.
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Sugerencias y futuros desarrollos

Durante el transcurso de la presente tesis doctoral la inteligencia artificial ha ido
adentrandose en el campo de la reproduccion asistida. En esta memoria, se han
resaltado algunos avances del uso de esta tecnologia en el laboratorio de
fecundacion in vitro. Del mismo modo, este hecho causa desconfianza a los
profesionales del dmbito al tratarse de una innovacion que podria alterar la
estructura del laboratorio de FIV, el flujo de trabajo, e incluso los resultados

clinicos.

La opinion de la candidata acerca de la introduccion de la automatizacion en el
laboratorio de FIV ha sido publicada en el articulo IV como una contribucién a la

contra corriente:

Bori L, Meseguer M. Will the introduction of automated ART laboratory systems
render the majority of embryologists redundant? Reprod Biomed Online. 2021
Dec;43(6):979-981. doi: 10.1016/j.rbomo.2021.10.002. Epub 2021 Oct 12. PMID:
34753681.

En este articulo se describe como la embriologia se esta enfrentando a un cambio
comin a la mayoria de las areas de la medicina, la introduccion de la
automatizacion. El uso de sistemas automatizados en el laboratorio de FIV ya se
estd produciendo, por ejemplo, con los testigos electronicos y la clasificacion de
los embriones. Se espera que en un futuro proximo se automaticen varios sistemas
del laboratorio de FIV. De este modo, la manipulacién de gametos podria dejar de
ser manual y el cultivo y la seleccion de embriones podrian realizarse mediante
microfluidos e inteligencia artificial. Por tanto, las tareas convencionales del
embridlogo se reducirian inevitablemente. Sin embargo, surgiran nuevas funciones
relacionadas con la captura, gestion y analisis de datos, junto con otras habilidades

de investigacion y una mayor comunicacion con otros profesionales y pacientes.
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Articulo 1V: Will the introduction of automated ART laboratory

systems render the majority of embryologists redundant?
Bori L, Meseguer M.

Reprod Biomed Online. 2021 Dec;43(6):979-981. doi:
10.1016/j.rbmo.2021.10.002. Epub 2021 Oct 12. PMID: 34753681.

Factor de impacto 2021: 4,567

5-afios factor de impacto: 4,603
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ABSTRACT

IVF techniques have changed over time with the aim of improving clinical results. Today, embryoclogy is facing a
change common to most areas of medicine, the introduction of automation. The use of automated systems in the
IVF laboratory is already happening, for example, with electronic witnessing and the ranking of embryos according
to their implantation potential. It is expected that in the near future, various systems in the IVF laboratory will be
automated. In this way, gamete manipulation would cease to be manual and embryo culture and selection would be

performed by means of microfluidics and artificial intelligence. Therefore, the tasks of the embryologist will inevitably
be reduced. However, new functions related to data capture, management and analysis will emerge, along with other

research skills and increased communication with other professionals and patients.

ince the first pregnancy was
achieved by IVF, there have
been many changes in assisted
reproduction treatments.
Ower the past 40 years, laboratory
methodologies have been rapidly
updated, including intracytoplasmic
sperm injection (ICSl), embryo culture
extension, embryo biopsy, vitrification,
time-lapse systems and electronic
witnessing platforms. Further technical
innovations, such as microfluidics and
noninvasive embryo screening tests, are
now being studied for future introduction
in assisted reproduction units. Currently,
we are seeing the incorporation of
automation in some routine processes
to minimize the number of steps and the
manipulation of gametes and embryos
by embryologists. Science and research
invite us to constantly update our work in
order to improve clinical cutcomes, and
the time to adapt is now.

T IVIRMA Vzlencia, Spain
2 |1 Foundation, Valencia, Spain
? Haalth Research Institute la Fe, Valencia, Spain

MANUAL GAMETE
MANIPULATION IS COMING TO
AN END

Automation will enter the andrology
laboratory in conjunction with
microfluidic technologies to facilitate
sperm analysis, sperm preparation and
sperm selection with minimal manual
input. Some preliminary studies have
suggested the use of microfluidics

for sperm isclation and microrobotic
immobilization for ICS| (Leung et al,
2011; Lu et al., 2017). Thus, future sperm
assessment may differ from current
evaluation. In addition to concentration
and motility, it would analyze the risk of
fertilization failure and identify risks to
offspring by methylation and mutation
loads (Jenkins et al., 2017).

Robotics, computerized systems
and artificial intelligence integrated

i© 2021 Published by Elsevier Ltd on behalf of Reproductive Healthcare Ltd.

*Corresponding author. E-mail address: marcos,

irma_com (M. i

). https:/fdoi.org0I0AA.

rbmo.2021.10.002 1472-6483/© 2021 Published by Elsevier Ltd on behalf of Reproductive Healthcare Ltd.
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with image analysis and biochemical
evaluation of cocyte quality could

guide patient treatment decisions and
automate processes such as cocyte
insemination by IVF and ICSL. Finally,
systems for intelligent assessment of
fertilization could be developed by means
of image capture and three-dimensional
reconstruction.

IN-VITRO EMBRYO CULTURE AND
SELECTION IS DESTINATED TO
CHANGE

Currently, in-vitro embryo culture is based
on static conditions, while embryos in vive
are exposed to dynamic environments
that provide stage-specific nutrients.

New technigues of manipulation may be
used to create microenvironments in the
IVF laboratory. In this case, automatic
microfluidic-based devices would regulate
the culture medium flux, reducing the

KEYWORDS
Artificial Intelligence
Automation
Embryologist
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workload of embryclogists. |deally, the
dispute between single or sequential
media would end with the addition of
biosensors to these devices. In this way,
catabolites and supplements would be
adapted to the needs of each embryo
automatically.

The introduction of continuous monitoring
of embryo development in IVF laboratories
has already reduced, in part, the time
spent by embryologists in moving embryo
culture dishes and assessing embryos
under optical microscopes at specific

time ranges. In addition, time-lapse
incubators allow for undisturbed culture
conditions and the creation of evaluation
and selection models based on the
dynamic development of the embrya, with
morphological and morphokinetic variables
(Del Gallego et al., 2019). However,
although time-lapse systems are very useful
for the accurate evaluation of embryos,
most of the existing embryo selection
models have not achieved satisfactory
results among different laboratories. This
may be due to limited interobserver
agreement, since the variables used,

such as cell division timings or blastocyst
morphology, are manually annctated.

Nowadays, embryologists could benefit
from artificial intelligence (Al) and
computer vision to improve their ability
to select the most competent embryo

for transfer. Time-lapse videos of embryo
development are composed of images
taken at defined time intervals (e.g. 10

or 15 minutes). These images can be
processed and analyzed on a pixel-by-
pixel basis. The difference between cne
image and the previous or subseguent
image defines patterns of development. If
a certain behaviour occurs frequently in
the embryos that implant successfully, and
not in the rest, we could identify a new
marker of implantation. Computer vision-
based models will apply artificial systems
on images to extract information and
decide which events are relevant to sclve
a specific question automatically. Indeed,
implementing automation with time-lapse
technology is already happening in the IVF
laboratory for ranking embryos according
to implantation potential. In parallel,
automatic models on static embryo images
should be developed for laborataries that
have not invested in time-lapse systems.

Consideration of the visual dynamics of an
embryo could be complemented by non-
invasive analysis of embryo-derived factors
secreted into the culture medium to

PubMed® results

2011 Z012

2013 2014 2015

2016 2017 2018

2019 2020 2021

Year

FIGURE 1 Number of publicaticns including the terms 'Artificial intelligence’ and 'IVF' in the last

decade from a PubMed® search query.

assess the embryo's metabolic state. On
the one hand, the metabolites involved in
oxidative processes have been suggested
as predictive of implantation success,

in conjunction with morphokinetics
(Alegre et al,, 2019). On the other hand,
several patterns of protein expression

in spent embryo culture medium have
been associated with stages of embryo
development, morphclogy, and even
implantation potential. Furthermore, a
combination of blastocyst image analysis
with proteomic information from the
spent culture medium on day 5/6 of
development has alreacly been proposed
as an initial model that predicts the
potential for achieving a live birth (Bori
et al,, 2020).

In addition, the ability to identify euploid
embryos by non-invasive methods,
without need for trophectoderm
biopsies, is improving rapidly. Novel
technigues range from cell-free DNA
collection for chromosomal analysis in
spent culture medium to the application
of computer vision to detect differences
in embryo development that may reveal
the embryonic health. Finally, automation
will also be used for vitrification as the
last step of microfluidic-based devices.

A complex artificial intelligence system
based on a combination of microfluidics,
biomarkers of embryo metabolism, image
analysis and non-invasive PGT-A will

serve to create an embryo ranking for
each embryo cohort and reduce time to
pregnancy.

THE EMBRYOLOGIST'S ROLE
WILL ADAPT IN THE FACE OF
AUTOMATION

Automation is entering embryology, as
revealed by the increase in publications
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based on artificial intelligence in IVF
laboratories (AGURE1). In the near future,
data collection could be performed
automatically in laborataries by voice
recognition in electronic medical record
systems. In the same way, a facial
recognition system could be installed at
the workstations that would automatically
record the date, time, process and
operator. Even the preparation of culture
dishes and sampling of the medium for
quality control could be automated. In
this way, key performance indicators

will become increasingly complex and
numerous. Big data-based systems could
be used as an early warning to detect
changes in equipment or operator
performance. In addition, Al-driven
technologies could improve quality
systems in all laboratories, regardless

of the number of cycles, by providing
sufficient information to optimize
procedures. Thus, data integration will
encompass all clinical and technical
variables to enable Al-based algorithms
to 'learn’ from these data sets and adjust
performance on an ongoing basis.

Electronic witnessing systems are a
form of automation used daily in IVF
laboratories. Their incorporation reduced
the time spent by embryclogists and
improved the traceability of samples
(Rienzi et al., 2015). In the short term,
it is expected that similar automated
systems will be introduced for quality
assurance and machine supervision.
This will also reduce the time spent
by laboratory operators on equipment
maintenance and simplify routine
procedures.

Automation will increase in several
clinical processes, such as embryo
scoring, oocyte denudation, and even
fertilization checks. Embryo morphology



and morphokinetics will undoubtedly

be delegated to Al and computer vision
applications, which will be able to detect
small developmental aberrations that may
affect reproductive success. In addition,
information from '-omics' sciences, such
as genomics, epigenomics or proteomics
will add further value to these novel
applications. However, more complex
procedures, such as IC5l, trophectoderm
biopsy, and vitrification, may not be fully
automated in the near future due to
their highly technical and variable nature.
Although there are researchers working
on these types of tools, as they are the
most difficult and time-consuming tasks.
In any case, the use of an automatic
technique should be tested prior to its
clinical application to ensure its safety.

These novel technologies will provide

us with a wealth of information that

we can use for further research and
advancement. Monetheless, the key
question is: are embryclogists ready

for tomorrow? It is inevitable that the
implementation of automated and rapid
systems will reduce the future demand
for embryclogists. However, when key
tasks are automated, other novel tasks
will be created around the increasing
amount of data that will be generated
per embryo. Therefore, the expertise of
embryologists will always be necessary to
ensure the successful implementation of
any new technology.

The embryoclogist's profession will
inevitably change. There may come

a time when human manipulation of
embryos will no longer be necessary
and all processes will be robotized. In
this way, embryclogy would be much
more technological, focused on advising
computer scientists and engineers

on the development of devices for
embryo manipulation. The new role

of embryologists will invelve exploring
the data and determining its relevance,

deciding how to use the huge amount
of data collected and in what way to
combine it to provide an accurate
diagnostic of the competence of an
embryo.

Embryologists will need to understand
how large data sets from different
sources, such as a combination

of stimulation protocols, patient
characteristics, embryo developmental
events, and even environmental
conditions, are processed using new
technologies. Additionally, they will learn
how to interpret results, with the capacity
to recognize biclogical and clinical
information generated by data fusion.
The knowledge gained will facilitate
communication between embryologists
and patients. The embryologist must be
able to broadcast what is 'in action’ in
the laboratory, to make this information
accessible to a growing demand from
patients who increasingly want to
understand all the procedures cccurring
in this 'black box' between cocyte
retrieval and embryo transfer. The new
tasks that embryologists will face will
require additional knowledge in statistics
and database management.

Future embryclogists, apart from having
a basic knowledge of the complexity of
in-vitro fertilization, should have good
communication skills as their new role
will also focus on advising colleagues

and patients on recommended
treatment options. Nonetheless, a few
embryclogists may still play a more active
role in practical laboratory work in the
daily clinical routine.

In conclusion, although automated ART
laboratory systems will reduce the time
spent by embryclogists on their current
tasks, they will perform new functions
focused on clinical and biclogical aspects
of patient care, including quality control
and assurance.
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Caracteristicas morfologicas de la evaluacion embrionaria convencional.

| Ritmo de division |

NO células D+2 NO células D+3

3-5cel—— D
2cel———C <

6-8 cel — C

4-5cel— D
3ceI4>C<:

6-9 cel —— C

5cel —— D

6cel ——» C

7cel — A

8cel —— A

4 cel——— A
9cel — B

10cel — B
11-12 cel— C

/ 6cel —— D
5 cel 7-10 cel B
\11 12cel— > C

Otras caracteristicas:

% Fragmentacion Zona Pellicida

T < 10% Aol
B....anormal

Biicsansis >10-25%

- 0

s >25-35% Grave alteracion

i I > 35% citoplasmica ...D

Multinucleacién

Ao sin multinucleacion

. 1 cél. bn en D+2 o bien

1-2 cél. bn en D+3. Resto Grado A
o S Cualquier otra multinucleacion

Simetria

A...4(D+2)— 8(D+3) Estadio-especifico
B...4(D+2)—»7(D+3) No estadio-especifico
C...4(D+2)—» 8(D+3) No estadio-especifico
D...3 cél. (D+2) No estadio-especifico

Vacuolas

A..Sin vacuolas

B..<50% cél. con vacuolas pequefias
C..<50% cél. con vacuolas grandes
D..>50% cél. con vacuolas pequefias

7 cel D
e
6 cel c 8-12cel —— ¢

>6 cel ————— D—>> 1 cel més que D+2——> D

Embriones excluidos de la clasificacion por
probabilidad de implantacién practicamente
nula: Falta de divisién en 24h; >50% de
fragmentacion; Vacuolas grandes en >50% de
las células; Combinacién de >2 anomalias
propias de grado D.

Figura 1. Criterio para la evaluacion de embriones in vitro segun la asociacion para
el estudio de la biologia de la reproduccion (ASEBIR) en el segundo y tercer dia
del desarrollo embrionario.
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D+3 Caracteristicas morfolégicas D+4 D+4

Cavitacion temprana
Compactacion total y >8 células

Compactacion parcial (1-2 cél. excluidas)

Compactacion parcial (>2 cél. excluidas)
No compactacion (> 8 cél.)

Cavitacion temprana
Compactacion total y >8 células
Compactacion parcial (1-2 cél. excluidas)

Compactacion parcial (>2 cél. excluidas)
No compactacion (> 8 cél.)

Cavitacion temprana
Compactacion total y >8 células

Compactacion parcial

Cualquier caracteristica

Cualquner embrién que presente en D+4:

« Fragmentacion celular >35%.
+ Excesiva vacuolizacion. —)n
« <8 células sin signos de compactacion o compactacion

< 50% del embrion.

Embriones excluidos de la clasificacion por probabilidad de implantacion practicamente
nula: Falta de division en 24 horas y embriones que presentan una combinacion de >2
caracteristicas propias de la categoria D.

Figura 2. Criterio para la evaluacion de embriones in vitro segn la asociacion para
el estudio de la biologia de la reproduccion (ASEBIR) en el cuarto dia del desarrollo

embrionario.

156



D+4

Grado de expansién

Desde:
"Iniciando la expansién”

] Hasta:
Mérula compacta "Eclosionando”

IUOUJDUOUJPUQUJD

G O 0OO0OW>POO0CW>»O0GK>

Blastocisto temprano o
cavitando (ZP gruesa)

Mérula no
compacta

D

Mérula

Figura 3. Criterio para la evaluacion de embriones in vitro segun la asociacion para
el estudio de la biologia de la reproduccion (ASEBIR) en el quinto dia del

desarrollo embrionario.
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D+5 D+6

Grado de expansion Trofoectodermo

ASEBIR

>

cavitando (ZP gruesa)

B

C

Desde: 2
"Iniciando la expansién" A
B

C

Hasta: D

Blastocisto temprano o "Eclosionando”

A

]

C

D

O OO0 T OO0 T OO W

Blastocisto temprano o
cavitando (ZP gruesa)

(=)

Mérula no compacta Mérula

Figura 4. Criterio para la evaluacion de embriones in vitro segin la asociacion para
el estudio de la biologia de la reproduccion (ASEBIR) en el sexto dia del desarrollo
embrionario.
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Categoria Tamaiio MCI (pm?) Cohesion
3800-1900 Compacta
3800-1900 No compacta
1900
Signos de degeneracién Indiferente
Degenerada

Figura 5. Criterio para la evaluacion de la masa celular interna segin la asociacién
para el estudio de la biologia de la reproduccion (ASEBIR). MCI, masa celular

interna.

Categoria Descripcién del Trofoectodermo

Homogéneo, cohesionado y muchas células

Homogéneo:; menos células

Pocas células

Signos de degeneracidn

Degenerado

Figura 6. Criterio para la evaluacion del trofoectodermo segun la asociacién para
el estudio de la biologia de la reproduccion (ASEBIR).
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