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Abstract

After almost 45 years from the birth of Lousie Brown, the first baby born after in vitro fertilization

(IVF), pregnancy rates for this treatment remain around 30%, with a 20% chance of delivery.

Even if it is much better than the chances than those patients had without IVF, logically, there

are constant endeavours to gain insight into the biological reality behind fertility in order to refine

artificial reproduction technologies (ART).

In parallel to the technical advances achieved by ART professionals, artificial intelligence (AI) has

also progressed at a remarkable pace. Its ability to deal with high dimensional databases and detect

hidden data relationships has led researchers to investigate its application to healthcare. There are

several processes in ART, and specifically, IVF, where AI methods are currently being applied.

In this thesis, the main focus is on the selection of the first dose of follicle-stimulating hormone

(FSH) for controlled ovarian hyperstimulation (COH). COH is the first step of an IVF treatment,

where the objective is to retrieve an optimal number of mature oocytes from the ovary. Its results

are critical for the success of the IVF treatment. Standard clinical protocols to select the first dose

of FSH are not perfect, and lead a sizable portion of patients to suboptimal results. Here, we use

AI methods with historical data from past COH treatments to obtain an optimized FSH dosing

policy.

Historical or observational datasets are often biased and prone to low variability due to the high

adherence of clinicians to standard protocols. In this context, out-of-the-box AI methods do not

have enough information to learn dosing models that improve standard practice, or even show

consistency with the underlying physiological reality. Hence, the introduction of domain knowl-

edge in the training process is key to obtain clinically robust models from observational data. To

achieve this, we propose building the dosing model around the assumption that the dose-response

relationship between FSH and the number of oocytes retrieved is monotonic.

Further, since insight on the performance of dosing models is generally achieved through prospec-

tive clinical intervention, we designed an ad-hoc performance score to evaluate doses (real or

counterfactual) pre-clinically. This score, based on expert knowledge, can evaluate whether a dose

is appropiate depending on the ground truth outcome, expressed as the number of mature oocytes
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retrieved. Using this method, we were able to ascertain a statistically significant improvement ver-

sus standard clinical practice. A generalized method for similar dosing problems, called IDoser,

was also tested in the FSH use case against clinical practice and a benchmark of literature, finding

again significant improvement. A first approach of the application of IDoser to the selection of the

number of embryos for transfer in IVF also returned positive results with potential for improve-

ment.

Finally, AI driven solutions, especially for healthcare settings like drug dose selection, are to be

handled with care, as the patients’ health is at stake. Not only that, they need to gain the trust

of their intended users, in this case, clinicians. Trust is gained through clinical improvement and

easy-to-prove adherence to already available field knowledge. The first can be achieved through

pre-clinical analysis, but especially through randomized controlled trials (RCTs) where the mod-

els are tested against standard practice. The second, as proposed in this thesis, can be achieved

through interpretable implementations of domain knowledge into the creation and training of dos-

ing models. This leads to clinically robust dosing models that achieve better pre-clinical results.
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Chapter 1

Introduction

1.1 Thesis motivation

Every clinical embryologist works day-to-day striving to achieve success for every patient. As

success in this context means a healthy baby at home, it is easy to understand why professionals

in the field of human assisted reproduction are heavily invested in accomplishing it for each and

every patient in their care. 45 years after the birth of Lousie Brown (the first baby born via in

vitro fertilization) great technical advances have been achieved, however success rates per IVF

cycle still remain around 30%. This directly translates into many patients not reaching their desire

of adding a new member to their family at their first attempt, second, or sometimes ever. From

the professional point-of-view, often these poor outcomes can give way to frustration, as the hard

gained expertise and diligent work on the case has not yielded positive results. Sometimes it is

partly expected, due to the characteristics of the patient, such as biomarkers already indicating a

poor prognosis, but there is a non-negligible percentage of failures where the prognostic was good.

Always, and especially in these cases, professionals feel the pressure of understanding the cause

of the unsuccessful treatment in order to improve the patient chances in the next attempt.

The field is continuously endeavoring to advance basic and clinical knowledge that can lead to

technical advances. In parallel, artificial intelligence (AI) has also been progressing at an enor-

mous pace, with methods like machine learning (ML) and its subclass deep learning (DL) garner-

ing widespread interest and recognition from both the general public and the scientific community.

Ever since the contentious victory of Deep Blue, an AI-powered chess computer, over the reign-

ing world champion Garry Kasparov in 1997, the notion of AI surpassing human intelligence has

been in the collective mind. Even though AI singularity (the event where AI could surpass hu-

man intelligence in all aspects) is perhaps a future event, certainly AI, and especially ML, can

detect previously undetected patterns in high dimensional datasets. This possibility caught the

attention of many researchers dealing with large sets of complex data, where detailed analysis
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needs high computational power. This applies too to healthcare disciplines like assisted reproduc-

tive technologies (ART). Most professionals of this field would ponder whether AI could help us

understand and/or improve those cases were success is not achieved.

In ART, as in many healthcare specialties, information on the relevant biomarkers of the patient

(i.e. age, previous medical history, pertinent blood tests, results of treatment, etc.) are gathered

and stored safely in the points of care. This information is commonly used to run retrospective

studies, but there are many questions whose answers need to, ideally, check or adjust for many

related variables. Here is where AI, and especially ML, shines, as it is capable of processing many

variables and cases and detect previously undetected correlations.

An experiment on using ML to predict the result of a controlled ovarian hyperstimulation (COH)

was performed before this thesis, as COH is a key step in an in vitro fertilization (IVF) process,

where a failure can compromise the result of the cycle. The model, trained with patients char-

acteristics like age and body mass index (BMI), ovarian markers, and the first dose of follicle

stimulating hormone (FSH), was intended to predict the number of mature oocytes retrieved af-

ter ovum pick-up (OPU). Prediction quality scores during the test phase of this first experiment

were good, and an abstract of the study was presented for ESHRE 2018, where it was accepted as

an oral presentation (“Abstracts of the 34rd Annual Meeting of the European Society of Human

Reproduction and Embryology” 2017).

The idea behind the study was not to predict mature oocytes exactly, but rather to use it as a COH

protocol simulator, for clinicians to be able to adjust dose in-silico depending on the outcome

predicted for the individual patient. But when work on the project was resumed and the first in-

silico trials were performed, the trained model predicted consistently less oocytes when FSH dose

was increased for each individual patient. Which was, of course, far from reality. This could be

easily visualized with plots like SHapley Additive exPlanations (SHAP) dependence plots, like

the example in Figure 1.1. This kind of plot provides a visual and intuitive representation of the

dependencies between variables, helping to explain the model’s predictions and identify influential

features.

In the case of the model here explored, the variable ”stim”, which identified the starting dose of

stimulation drug (FSH), was marked as blue. This exploration was repeated with multiple different

fictional examples, finding that the FSH dose variable was always coded in blue. This meant that

the model understood the dose-response relationship as a negative one.

After close examination, it became clear that the database distribution was the culprit. That, and

that AI is really not that intelligent, and only learns from the data we provide it. Thus, if in the

dataset patients with lower doses always obtain more oocytes and those with higher doses less, that

is what the model learns. Of course, patients that receive high doses are those with poor prognostic

biomarkers, and on the other side of the spectrum the contrary happens. Clinicians are adjusting
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Figure 1.1: SHAP dependence plot for a fictional example patient. In red factors that increase the
value of the number of oocytes predicted. In blue factors that decrease the prediction. Other vari-
ables present in this plot are related to ovarian reserve or patient age at the moment of treatment.

the treatment taking the individual characteristics of the patient in order to get an optimal result

and minimizing risks. That is human intelligence, using expertise garnered by past experiences

and deep knowledge of the field to decode what an AI model alone cannot.

Confounding, which is the phenomenon present in the dataset that made the first model to be clin-

ically imprecise, happens when a variable affects both treatment allocation and the outcome under

study. In this case, as confounding was not dealt with, the model was understanding that the lower

the dose, the higher the outcome. Experts on the process can easily say that if adjusted by biomark-

ers, actually, that trend reverses, and the relationship should be positive up to a point of saturation

(more on that on the next chapter). A prospective randomized and controlled study (RCT) would

deal an uncounfounded dataset. But RCTs are expensive and time-consuming, so they are rarely

performed. Observational or retrospective datasets are the common source of data in clinical set-

ups available for research and/or AI projects. This kind of dataset tends to be confounded, limited

in treatment variation (as clinical protocols are followed closely), and usually suffer from variable

annotation quality and/or completeness. There are ways to overcome confounding, which will be

covered in the next chapter, but they often struggle when data is not complete and varied enough.

A human expert is able to look at a confounded dataset, that does not contain enough information

for the AI model to understand the real dose-response relationship, and use their knowledge to

fill-in the gaps. The opportunity then, is to combine the high computing power of AI methods

and the clinical and field knowledge not present in observational datasets. Then, clinically robust

dosing models should be obtained, together with the ability to analyze if their decisions are set in

the right direction, and thus may provide an actual benefit for the patients.

1.2 Research questions

COH is, as stated before, the first step in many IVF treatments, and its objective is retrieving an

optimal number of mature oocytes. This usually means a high enough number as to maximize
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the possibilities of a pregnancy, but not as high as to endanger the health of the patient. The first

dose of FSH in a COH protocol will recruit a given number of follicles; those will be surgically

punctured at the end of the stimulation in order to retrieve the oocytes. As once initial recruitment

is achieved the number of follicles hardly changes, it is clear that the selection of that first FSH

dose is key not only for COH, but for the whole cycle’s success.

Unbiased outcome data of a dose-response relationship is ideally obtained from randomized and

controlled prospective studies. This type of studies are, in fact, economically expensive and time-

intensive, which leads to researches to rarely being able invest in them. Additionally, they are only

performed with a justified cause, like testing a new treatment compared to standard practice. In

other words, performing an RCT just to obtain a varied database would mean treating randomly

patients without a real clinical cause, which is simply bad practice. As such, observational data

stored from past treatments is often the realistic source of information for dose-response analysis

for drugs already in use in clinical settings.

This reasoning drives the question that this project tries to answer first, which is:

• Q1: Is it possible to improve clinical FSH dosing policy for Controlled Ovarian Hyperstim-

ulation using only historical data?

Given the results of the project presented in ESHRE 2018, and after analyzing and learning

from them, it is clear that to really answer this question we first need to state what an

improvement really means. Good values in typical prediction scores as correlation between

predicted and real variables do not directly imply a clinical improvement for the patients.

Thus, stopping performance analysis there will not ensure that the dosing model is clinically

robust. Then, in order to be able to answer the first question, we need to answer:

– Q1a: How can we analyze a dosing model’s performance before clinical intervention?

Designing a trustworthy system of evaluating the performance of an AI driven dosing model

implies the codification of professional field knowledge absent in historical data. Such a sys-

tem will enable realistic analysis of dosing models. This is specially relevant, as nowadays

for any dosing model to be actually used in a clinical setting it needs to be tested in a ran-

domized controlled trial (RCT). Selecting the best model according to a clinically driven

evaluation can potentially facilitate the approval of such a trial, and safeguard the health of

patients during the trial.

Once this is possible, the next question is:

• Q2: Can we extend this methodology to other dosing problems?

With the first two questions answered, lessons learned can be applied to other similar prob-

lems in the IVF process. One such a possibility is the selection of number of embryos for
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transfer. Selecting the right number given the characteristics of the patient, her cycle and

the embryos should lead to the desired outcome: a single clinical pregnancy. The objective

would be to develop a dosing model able to improve the rate of success of this event, while

minimizing risks of no pregnancy and multiple pregnancy.

Questions 1 and 1a will be answered in Chapters 3 and 4, and a method to answer question 2 is

presented in Chapter 4. Its application is reviewed in Chapters 6 and 7.

1.3 Ethical aspects of this project

Obtaining ethical committee acceptance for study protocols is essential to ensure the protection of

participants’ rights, maintain scientific integrity, and uphold ethical standards in research. As such,

EU and Spain regulatory bodies govern over the necessary permits for clinical and observational

studies to be performed in their territories. In Spain, under the regulation Real Decreto 957/2020,

from the 3rd of November 2020, observational studies must obtain the approval of an ethical

committee beforehand.

All datasets used in this thesis are observational and have been retrieved and analyzed after ap-

proval from an Ethical Committee.

For the FSH dose-response project, permission to conduct the study was obtained from the Ethical

Committee for Research of Eugin on 20 October 2020 (approval code: ALGO2).

As for the selection number of embryo for transfer project, permission to conduct the study was

obtained from the Ethical Committee for Research of Eugin on 24 March 2021 (approval code:

SINGLE).

Additionally, the RCT protocol presented in Chapter 5 has also been reviewed and given approval

from the Ethical Committee for Research of Eugin on 8 March 2023 (approval code: ALGO3).

1.4 PhD structure

This thesis is structured as follows:

• Chapter 2 covers the current state of the art. Starting with general concepts of AI in health-

care, the many ways it can be implemented and examples of preliminary success, its main

pitfalls and some further details on the focus of this thesis, dose-response modelling. It

will follow-up with details of AI in ART, covering first aspects of natural conception and

infertility, and how ART and specifically, IVF tries to improve chances of pregnancy. Lastly,
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examples of AI implementations on multiple steps of the IVF process will be reviewed, with

especial focus on COH and the selection of number of embryos for transfer, together with a

commentary on RCTs performed up to date.

• Chapter 3 includes details on methodology and results of two first iterations on FSH dosing

models for COH, together with an ad hoc score function designed to evaluate how good the

doses recommended by the models are in comparison with the actual clinical prescriptions.

• Chapter 4 recounts the third and final iteration of the FSH dosing model, alongside the

description of the generalizable methodology for training and evaluating models that incor-

porate field knowledge, which was named IDoser.

• Chapter 5 describes the complete design of an RCT protocol for the final IDoser model

for FSH, which will test the hypothesis of non-inferiority compared to the current clinical

protocol related to the outcome of number of mature oocytes retrieved.

• Chapter 6 introduces a first approach to a second point of interest of this thesis related

to IVF, the selection of the number of embryos for transfer. Out-of-the-box ML models are

intentionally implemented naively to later review whether their behavior is clinically robust.

• Chapter 7 recounts general conclusions of the thesis, reports the contributions and publica-

tions originated by it, and outlines future lines of work of this line of research.

Next, the concepts of AI, ART, and the literature where both meet will be reviewed.
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Chapter 2

State of the art

2.1 AI in Healthcare

The term artificial intelligence, defined as the science and engineering of making intelligent ma-

chines, was coined by John McCarthy, Marvin Minsky and Claude Shannon in the Dartmouth

Conference in 1956; made possible by the work and advancements of many great scientists such

as Alan Turing and Ada Lovelace. Since then it has continued evolving and gathering attention,

as there are many knowledge fields that stand to benefit from its diverse implementations. One of

such fields is healthcare where, since the introduction of electronic health records (EHR), relevant

information has been accumulating, generating extensive databases that could be exploited.

The remarkable potential of AI in healthcare has already been validated through promising appli-

cations in several aspects, which include:

• Medical diagnosis: EHR databases represent a massive source of information regarding

medical history of individual patients, which includes results from blood tests, imaging,

treatment plans often with their outcomes, etc. All this data has been historically used by

clinicians to diagnose patients, and AI has been applied in the same direction in the hopes

of improving accuracy, swiftness and robustness of such diagnosis. Some examples are its

applications in cancer (Melarkode et al., 2023; Kakotkin et al., 2023; Stan-Ilie et al., 2023;

Pesapane et al., 2023) and heart disease (Kampaktsis et al., 2023; Denysyuk et al., 2023).

• Remote monitoring and telemedicine: Ever since the wearable devices have been widely

accessible and priced reasonably, remote monitoring of patients basic vitals like heart rate

or oximetry has been a realistic option and thoroughly explored. Together with invasive

or non-invasive medical devices specially devised to monitor particular illnesses like blood

sugar monitoring for diabetes, or connected ventilators for chronic obstructive pulmonary
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disease, a wealth of information has been gathered. This has led to further AI models trained

in order to accurately register relevant events or to obtain thresholds that determine need of

intervention/hospitalization (Pépin et al., 2022; Gautam et al., 2022; Arfan Ahmed et al.,

2020). This advancements have been specially relevant during the COVID-19 pandemic,

where face-to-face interactions had to be drastically minimized, and healthcare experienced

a paradigm shift to ensure safety of both patients and clinicians. Remote monitoring and

telemedicine (aided in some cases with AI chatbots [Aggarwal et al., 2022]) has proven

extremely useful both during the pandemic related restrictions, and after (Adnan Ahmed,

Charate, and Pothineni, 2020; Nazir et al., 2022; Motwani, Kumar, and Pawar, 2020).

• Personalized treatment: The wealth of data on illness related biomarkers can also be used

to improve individualized treatment. During the lasts years a significant rise in research

output in this regard has been observed for multiple diseases (Eskofier and Klucken, 2023),

specially in cancer treatment (Shao et al., 2023; Gui et al., 2023) where genomic and tran-

scriptomic data is being included in predictive models with good results. Other examples are

hypertension (Visco et al., 2022) or sleep apnea (Brennan and Kirby, 2023) management.

Another compelling way of personalizing treatment is the incorporation in AI modeling of

patients’ own views of their symptoms, or patient-reported outcome measures (PROMs).

The inclusion of this kind of variables humanizes AI models, and guides training with a

more comprehensive picture of the patient’s condition. Essentially, giving patients and clin-

icians the opportunity to make the best healthcare decisions together (Cruz Rivera et al.,

2023).

• Drug discovery: AI is emerging as an increasingly important tool to improve the efficiency

and effectiveness of the drug development process. Its applications are varied, from bio-

logical target identification, prediction of protein-protein or drug-protein interactions, drug

repurposing, to virtual screening of molecules in expansive docking libraries (Potlitz, Link,

and Schulig, 2023; Das and J, 2023; Raza et al., 2022; Yoo et al., 2023; Sarkar et al., 2023).

• Healthcare operations: Further uses in healthcare include managing staff schedules and

resources, reducing wait times, and improving patient flow (N. Rozario and D. Rozario,

2020; S. Jiang, Liu, and Ding, 2023; Hosseini et al., 2023).

Although all of these uses of AI for improving healthcare outcomes and processes are certainly

promising, there are rising concerns on how they are developed and or implemented. AI and,

specially machine learning (ML) and deep learning (DL) are highly appreciated due to their capa-

bility to process high-throughput databases, and in the process detect unknown patterns that can

help predict better certain outcomes. DL, specifically, is extremely useful to process imaging data,

as it is capable of automatically pre-process it in order to extract relevant information. But all

these advantages come with some cons.
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Interpretability and explainability of AI models:

Transparency of several ML algorithms and specially DL ones can range from high to very low.

Some of them are called black boxes because of the high complexity architecture of the resulting

trained models, making it difficult for users and AI experts to understand how they make a specific

decision. Although the performance of the model can be highly accurate, users can find it difficult

to trust them due to their opacity. Here, two popular concepts in the AI field are relevant:

• Interpretability: In the context of AI, this concept refers to the degree to which the internal

mechanisms and decision-making processes of a predictive model can be comprehended.

It encompasses acquiring insights into how the system reaches its conclusions or predic-

tions, such as discerning the influential input features or comprehending the connections

between the data and the output. The objective of interpretability is to establish a level of

transparency and understandability in the functioning of the AI model. A good example of

a highly interpretable model is a linear regression, were output is linked to input variables

through a set of coefficients in a linear function. Any variable linked to a negative coefficient

can be understood as a negative influence for the outcome, and the contrary for any positive

coefficient linked variable.

• Explainability: This concept defines the effort to take an ML model and explain the be-

havior in human terms. With complex models (for example, black boxes), it is certainly

challenging to fully understand how and why the inner mechanics impact the prediction.

However, through model agnostic methods (for example, partial dependence plots, SHap-

ley Additive exPlanations (SHAP) dependence plots, or surrogate models) it is possible to

discover meaning between input data variables and model outputs, which enables the expla-

nation of the nature and behavior of the AI/ML model.

In summary, an intepretable model can also be very easily explained, but a not all explainable

models are fully interpretable. Some black box models can be explained via model agnostic meth-

ods in an effort to increase their transparency, but achieving full understanding of their inner work

remains challenging.

This relates with the following disadvantage: the dangers of biased databases. ML models learn

from the data they are fed on, hence if the data is biased, the model will capture that trend too

and reproduce it in its predictions. This can be specially detrimental if the trained model is not

transparent, as it will be challenging to detect the inherent bias rapidly.

This is exemplified in the study by Caruana et al., 2015 describing setbacks found in previous

works (Cooper, Aliferis, et al., 1997; Cooper, Abraham, et al., 2005). Particularly the bias found

in models trained to predict probability of death for patients with pneumonia. Two models were
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tested: a neural network (black box) and a logistic regression. Even-though the neural network

performed much better than the logistic regression, it was considered too dangerous to be applied

to a real clinical setting, as the interpretation of the regression raised warning flags on bias that

most probably would also have been introduced in the neural network. Specifically, the logistic

regression model predicted that patients with asthma had higher probability of survival, which is

counter intuitive. Of course, the data did show this trend, due to a higher intensity of treatment

that these patients experience, on average, because of their health condition, ultimately leading

them to higher survivals in comparison with non-asthmatic population. From the start, the clinical

decision to aggressively treat them is explained by their high-risk condition as asthmatic patients.

Any expert in the field can pinpoint that reasoning, but ML models lack this context if not codified

in the data shown to them during training, and so introduce bias in their architecture. This example

is relevant for all ML applications, but particularly to those in healthcare, as biased decisions can

have pernicious consequences on the health of patients. In this instance an interpretable algorithm

was critical to the detection of bias before harm could be done.

Unfortunately, bias has not always been detected before deployment of algorithms. Obermeyer et

al., 2019, describes an algorithm commercially employed to predict risk scores for patients which

was heavily racially biased against black populations. At a given risk score, a black patient was

considerably sicker than a white patient. This, of course, led to less investment in their needed

treatments, to the detriment of their health. Adequate countermeasures were put in place after

detection, but significant harm had already been done.

Research is being conducted on the revision of interpretability of published models (Xu et al.,

2023), and to provide tools to easily interpret and/or explain trained models (Ribeiro, Singh, and

Guestrin, 2016).

Data availability:

Another challenge that arises when implementing AI in healthcare is data availability. For ML

and DL models to be able to learn properly huge databases are desirable. But as clinical data is

considered, and rightly so, confidential, it is highly protected. As such, data tends to be isolated

in individual centers, and only big hospitals, groups or public healthcare networks are privy to

sufficiently big databases. Additionally, patient consent is key for data privacy, and there has been

intense debate on this regard, as NHS came under heavy criticism after handing over patients’ data

without explicit consent in order to develop an app in collaboration with DeepMind, an AI sub-

division of Google (Powles and Hodson, 2017). With newer stricter legislation, these exchanges

have been made more difficult, protecting patient privacy, but slowing down possible cooperations.

Clinical validation of AI models:

Finally, the literature on clinical validation of AI models is sparse at best, as Randomized Con-

trolled Trials (RCT), the gold standard in hypothesis testing for medical interventions, are time and
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money intensive. Many projects remain at the pre-clinical stage for that reason. These drawbacks

are thoroughly covered in Khan et al., 2023.

Trust is paramount for any AI model to be adopted by professionals, and this trust is earned by

addressing the challenges mentioned above with the care they deserve. Ensuring that models are as

little biased as possible, thus consistent with field knowledge, and transparent enough for users to

understand how they make their decisions will increase user confidence (Obermeyer et al., 2019;

Khan et al., 2023). This has also to be supported by an easy-to-use platform to query the model,

implemented in a way that does not disrupt the clinical workflow.

2.1.1 Dose-response modelling

In this thesis we focus on personalized treatment, specifically in optimal drug dose selection. In

order to select an optimal drug dose, a response or outcome needs to be defined as the endpoint to

reach via the selected dose of drug. The relationship between dose and response, also known as

exposure-response relationship, refers to how much an organism responds to a stimulus or stressor

(often a chemical or drug) based on the amount of exposure or dose it receives after a specific

period of time. Dose-response curves are used to describe these relationships (Hayes, Wang, and

Dixon, 2020). Understanding the relationship is critical for any dosing protocol or policy to be

effective. Modelling it via curve functions is how historically this problem has been approached

(Calabrese, 2016).

The dose-response concept is fundamental in toxicology and pharmacology, and its modelling

via curves is used extensively in drug development. The shape of a dose-response curve can

provide insights into the underlying mechanisms of the substance’s effect, and be used to predict

the effectiveness and toxicity of drugs or stimuli.

These curves can take multiple shapes. One of the main theories underlying dose-response curves

is the idea of hormesis. Hormesis is the phenomenon by which exposure to a substance at high

doses is toxic, but at lower doses it has a beneficial effect. Plotting the substance’s benefit can

result in a U-shaped curve, where very low doses of the drug don’t have an effect, medium- to-

low doses have a positive effect, but higher doses become increasingly harmful (Calabrese and

Baldwin, 2002).

Another important theory in dose-response modelling is the threshold model. It suggests that there

is a certain threshold of dose below which there is no clinically significant or detectable effect, and

above which the response increases in proportion to the dose. This can take the shape of a linear

dose- response function, where the effect increases in a straight line as the dose increases. Related

to this model, is the linear non-threshold model (LNT), used habitually in the radiation science

(Sacks, Meyerson, and Siegel, 2016). Here, effects are always deemed harmful, even if dose is

low.
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Finally, the concept of saturation can also play a role in dose-response curves. Saturation occurs

whenever a drug or substance reaches a maximum response at a certain dose, beyond which further

increases in the dose have no additional effect. This can be represented by a sigmoidal dose-

response curve, where the effect initially increases rapidly as the dose increases, but then levels

off as the substance reaches its maximum effect. Many biological response curves can be closely

approximated as a sigmoidal shape, as saturation plays part of those processes, via, for example,

occupation of all available specific receptors for the substance. The Hill equation, non-linear

logistic function composed by 4 parameters, is frequently used to fit these relationships (Gadagkar

and Call, 2015).

Model-informed precision dosing (MIPD) aims to enhance the outcomes of drug treatment for

patients by attaining the ideal equilibrium between efficacy and toxicity that is tailored to the

individual patient. MIPD includes both pharmacometrics and AI-driven approaches (Keizer et al.,

2018; Darwich et al., 2017).

On the one hand, quantitative dose-response analyses are often referred to in general as phar-

macometrics. Pharmacometrics (PX) can be described as the science that develops and applies

mathematical and statistical models to analyze, understand, and predict a drug’s pharmacokinetic

(PK), pharmacodynamic (PD), and outcome behavior (Barrett et al., 2008).

On the other hand, whenever PX methods are not applicable, ML methods have been proposed.

Specifically, approaches that rely on the concept of causal inference. Causal analysis aims to infer

the causal effect of a specific treatment or action under certain conditions for a particular outcome

(Pearl, 2010). Its capability to model the causal relationship between treatment and outcome,

and to condition it on a set of covariates, is of great relevance for approximating individualized

dose-response functions.

In the next subsections we will review briefly both approaches. In Chapter 4 a novel methodology

is presented, designed to be used whenever PX and causal inference methods are not applicable.

Pharmacometrics

PX applies mathematical and statistical models to understand a drug’s PK and PD. PK focuses on

the relationship between the dose administered and its concentration in different body compart-

ments at specific time points. Conversely, PD focuses on what the drug does to the body, namely

in the exposure to effect relationship (Lewis and Wakefield, 1999). PK/PD studies where the main

bio-markers are included constitute the most physiological approach to MIPD. In its ideal form, it

will result in obtaining well fitted models for both PK and PD of the studied drug. Drugs approved

for clinical use often have a published PK/PD model, derived from phase III clinical trials.

Pharmacokinetic/pharmacodynamic (PK/PD) studies, used to fit the models to prospectively col-
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lected data, constitute an important step in drug development and clinical approval. These studies

inform the design and execution of Randomized Controlled Trials (RCTs), in which the drug is

tested in clinical conditions. Clinical dosing protocols are then derived from the results of RCTs

to guide practice, ensuring it is safe and optimizes the therapeutic effect. Ultimately, results range

from acceptable to almost optimal, depending on the fit of the PK/PD models on the final objec-

tive population and real clinical outcome. The final unexplained variability constitutes the aim

of further research. This variability is mainly related to the target population distribution and its

accompanying comorbidities.

More often than it is desirable, unfortunately, these models are not applicable to all patients. First,

phase III PK/PD studies tend to exclude most or even all comorbidities known to affect the drug,

although it is relatively common for individuals to have comorbidities (Gonzalez et al., 2017).

Second, only a relatively selected patient population tends to be included in these trials and their

precursors (phase I and II), usually healthy male adults. Third, the application of these models as-

sumes that the target population parameters have the same distributions as the study sample, often

an incorrect assumption due to, for instance, socioeconomic status, genetic and ethnic dispersion

and geographical distribution, amongst others (Keizer et al., 2018). Finally, it is not uncommon to

find PK/PD models fitted for outcomes that are different from the objective of clinical interest, or

unrelated to key bio-markers known to affect the individual dose-response function variability.

While, generally, this system allows for most patients to receive an adequate dose of drug, dose

protocols or policies may not be fitting all patients evenly. Whenever this is the case, clinicians use

their own experience and the published literature to fill in the knowledge gaps, however this is still

not optimal due to quality issues in published research, patient group coverage, and unreported

bias. There are, however, ways to adapt these initial models to real-world clinical use. Some ex-

amples are the use of non-linear mixed methods (Lewis B. Sheiner and Ludden, 1992; L B Sheiner

and Steimer, 2000), physiologically based PK models (PBPK) (Jones et al., 2015), Bayesian meth-

ods (Lewis B. Sheiner and Beal, 1982; Darwich et al., 2017; Hamberg et al., 2015), and traditional

PK/PD methods combined with machine learning (ML) (McComb and Ramanathan, 2020). How-

ever, for the dosing model to be improved, all of these approaches require that a covariate/bio-

marker linked PK/PD model to be improved is available as a starting point. Alternatively, a new

PK/PD model connected to said covariates can be developed, yet this approach is both computa-

tionally and labor-intensive, while often requiring data on drug concentrations in the body after

treatment, which may not be available (McComb, Bies, and Ramanathan, 2022; Koch et al., 2020).

Regardless, this approach implies either using new prospective data, or very diverse and complete

observational datasets. The first option involves collecting new data, which is expensive in both

time and resources. The second option remains difficult to define. While clinicians do adapt pro-

tocols when necessary, they try to not deviate from established safety and effectivity standards,

generating as a result data with sparse diversity for dose allocation. Additionally, as already men-
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tioned, there is data that is potentially not registered in clinical practice, like blood concentration

of the drug after its administration.

Nevertheless, the reliance of these methods on physiological and pharmacological concepts is a

great advantage for the explainability and trustworthiness of the resulting models.

Causal inference

The goal of MIPD is to optimize the effectiveness and minimize the toxicity of dose selection for

individual patients by achieving a balance tailored to their specific needs and characteristics. In

the previous subsection we have presented how PX methods could reach a solution for MIPD, and

their limitations. In this subsection we will review causal inference and its potential advantages

and disadvantages.

In order to understand causal inference, first, we need to define causation: ”A variable X is a cause

of a variable Y if Y in any way relies on X for its value” (Pearl, Glymour, and Jewell, 2016). Thus,

causal inference is the science that tries to determine causation between two variables (treatment

and outcome), models it and uses it to estimate outcome in counterfactual scenarios where the

treatment variable is different than the one present in reality.

As dose-response relationships indeed reflect a causal connection between treatment and outcome,

causal inference, at first glance, should indeed be a good fit for dose-response estimations. In

contrast, machine learning methods work mainly by seeking correlation between input variables

and output variables. But presence of correlation does not always mean that a causal relationship

is also present (Scholkopf et al., 2021). Hence, a method closer to the real relationship exposure-

outcome, and more interpretable is, indeed, causal inference.

Causal analysis also deals with the concept of confounding. Confounding can be defined as the

presence of spurious association between two variables (i.e. treatment and outcome) due to the

influence of external factors (Pearl, 2000). A clear example of this effect is the Simpson’s Paradox

(Simpson, 1951; Blyth, 1972), that describes the phenomenon where a variable (X) increases the

probability of another (Y ) in a population (p), but simultaneously decreases the same probability of

Y for every subpopulation of p (Pearl, Glymour, and Jewell, 2016). This can be easily understood

with the example shown in Figures 2.1 and 2.2. There, the results of a study where weekly exercise

and cholesterol levels are measured for multiple age groups are shown, first unsegregated and then

segregated by age group. Looking at Figure 2.1 one may conclude that an increase in weekly

exercise is associated to high cholesterol, maybe even causing it. But common knowledge would

indicate that this is a mistake. In fact, when the same data points are segregated by age group

(Figure 2.2) the real causal relationship is revealed: exercise lowers the levels of cholesterol. The

dataset of this study could be labelled as confounded, and the culprit or confounder variable is age
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in this case. A confounder can be defined as any variable that affect both treatment/intervention

and effect/outcome (Pearl, 2000).

Figure 2.1: Results of the exercise–cholesterol study, unsegregated. Taken from Pearl, Glymour,
and Jewell, 2016.

Figure 2.2: Results of the exercise–cholesterol study, segregated by age. Taken from Pearl, Gly-
mour, and Jewell, 2016.

The confounding effect is very common in dose-response relationships in healthcare, given that

for any specific problem it is usually possible to identify several biomarkers that affect both how

the treatment is allocated and the final outcome that needs to be measured.

Causal inference formally defines assumptions of causal relationships in a dataset via structural

causal models (SCM), which are related to a graphical causal model, generally represented as a

directed acyclic graph (DAG). These graphs allow for high transparency on how a causal model

associates a variable to another in the studied datasets, and allow for the identification of key

confounders that need to be adjusted by in order to see the unconfounded relationship between
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treatment and effect. A simple example of a DAG can be found in Figure 2.3.

X Y

Z

Figure 2.3: Directed Acyclic Graph showing a confounder (Z) affecting both treatment (X) and
outcome(Y ).

Recently, these two disciplines, causal inference and ML, that have been evolving separately,

are being joined in an effort to exploit the strong points of both (Scholkopf et al., 2021). In the

specific case of dose-response relationship modelling, ML and causal inference methodologies are

being combined for single observational data, as presented by Bica and Jordon, 2020. For binary

treatments the propensity score (probability of an individual of receiving certain treatment) is used

to adjust for treatment selection bias.

For multiple or continuous treatments this concept is translated to the generalized propensity score

(GPS) (G. Imbens, 2000; Hirano and G. W. Imbens, 2005). This score is used to weight samples

while estimating the outcome value. Unfortunately, propensity score models must be very well

determined and can be numerically unstable due to extreme propensity weights (Bica, Alaa, et al.,

2021).

Recent methods to ameliorate the same problem include kernel functions to estimate the GPS

(Colangelo and Lee, 2020; Kallus and A. Zhou, 2018) and Doubly Robust (DR) ML to estimate

outcome values. Other works discretize the treatment space (Cai et al., 2020; Schwab et al.,

2019), or use generative adversarial methods (Bica and Jordon, 2020). These are very good ap-

proaches for estimating dose-response relationships but require making two assumptions key for

every causal inference analysis (Pearl, Glymour, and Jewell, 2016):

• Positivity or overlap: every individual has non-zero probability of receiving every treatment

option.

• Unconfoundedness: all treatments and outcomes affecting variables are accounted for.

In clinical settings, these assumptions can be very challenging to fulfill. As stated before, clini-

cians seldom deviate from the clinically accepted dosing policy, thus they tend to dose similarly

patient with comparable characteristics. This hinders the positivity assumption, as it is frequent

to encounter dose-response problems where there are groups of patients with no data in certain

dose ranges. Furthermore, it’s not always possible to adjust for all confounding variables in a

uniform manner across all cases. This is because clinicians have personal and practice preferences
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for different biomarkers or may administer more or less comprehensive test batteries depending

on factors such as their expertise, financial considerations, or patient requests. As such, the un-

confoundedness assumption is also difficult to comply with.

2.1.2 Conclusions

ML methods have been applied with varying success in several specialties, like cancer chemother-

apy treatments (Yang et al., 2023). Caution must be used before the implementation of ML models

in clinical practice. The Ethics Guidelines for Trustworthy AI, formulated by the EU Commis-

sion’s High-Level Expert Group on Artificial Intelligence in 2019, mandates that machine learning

models should not only guarantee fairness and minimize bias but also ensure accountability and

transparency (Commission, 2022).

The potential of the harmonious matching of PX and ML methodologies in order to achieve ideal

MIPD is very significant, but will require close collaboration between clinicians, pharmacologists

and experts in ML (Poweleit, Vinks, and Mizuno, 2023). There is a consensus on the need for fur-

ther research, as there are specific aspects of its application to healthcare that need to be overcome

(Ota and Yamashita, 2022). On one hand, healthcare deals with the well-being of people, and as

such any AI implementation in clinical practice needs to be closely reviewed. On the other hand,

clinical datasets are prone to be limited in sample size, but with many relevant features. Dose-

response relationships known to be modulated by those many relevant features need big sample

sizes in order to fit adequate models, as models fitted with small sample sizes can detect spurious

correlations. PX and causal inference methods are very good candidates to estimate dose-response

relationships, but need either data obtained after a prospectively randomized trial, or observational

data with enough cases, all known confounders annotated, and variability in the allocation of dose

for similar patients. In reality, observational clinical datasets are the main source of data to opti-

mize dosing policies, and are far from the minimum requirements needed for either PX or causal

inference methods to work properly. Hence, other methods are needed.
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2.2 AI in ART

We will structure this section in two parts:

1. General overview: Where AI-driven methods tailored for ART are reviewed overall.

2. Dose recommendation in IVF: Where a zoom in in the areas in which this thesis is inter-

ested is performed.

First, we will review the general terms of fertility and the current methods used to deal with

patients that struggle to achieve pregnancy and/or parity.

2.2.1 General overview

Under natural conditions, the menstrual cycle governs the female body preparation for the possi-

bility of pregnancy each month. It is regulated by a complex interplay of hormones and involves

several stages, lasting under normal circumstances 28 days on average (Fraser et al., 2011). The

menstrual cycle is actually comprised of two superposed and interconnected cycles, the uterine

and the ovarian one, both divided between before and after ovulation (Fritz and Speroff, 2011).

On the uterine level, first there is the menstrual phase, where the lining of the uterus is shed in the

form of menstrual blood; and the proliferating phase, where it starts to thicken again. Happening

at the same time, on the ovarian level, the follicular phase is happening, where the hypophysis in

the brain releases follicle-stimulating hormone (FSH), which causes the available follicles in the

ovaries to start growing. One of these follicles will then become dominant and continue to de-

velop until it releases an oocyte during ovulation (Pache et al., 1990; Van Santbrink et al., 1995).

As the follicle grows, it produces estrogen (Hillier, Reichert, and Van Hall, 1981), which in time

produces the thickening of the lining of the uterus (or endometrium) in preparation for pregnancy

(Raine-Fenning et al., 2004).

Ovulation (release of the oocyte from the follicle) happens around the 14th day of a 28-day cycle

and lasts for about 24-48 hours (Lenton, Landgren, and Sexton, n.d.). The surge of luteinizing

hormone (LH) from the hypophysis triggers the dominant follicle to release the mature oocyte

from the ovary (Fritz and Speroff, 2011), which then travels down the fallopian tube towards the

uterus (Baerwald, Adams, and Pierson, 2012; Van Santbrink et al., 1995). The mature oocyte is

in the meiotic stage metaphase II, and is commonly referred to as MII. Here is when the window

of opportunity for conception opens, as if a spermatozoon finds and fertilizes correctly the mature

oocyte, an embryo can develop and eventually implant in the receptive endometrium (Küpker,

Diedrich, and Edwards, 1998). For that to happen, sexual intercourse is optimal if timed within
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two days before ovulation happens (Wilcox, Clarice R. Weinberg, and Donna D. Baird, 1996).

Estrogen levels fall after ovulation (Fritz and Speroff, 2011).

After ovulation, on the ovarian level, the corpus luteum (the follicle that contained the mature

oocyte) produces progesterone and estrogen to maintain optimal conditions for pregnancy. If

pregnancy ends up not happening, the corpus luteum ceases to exist and those hormones levels

drop (Fritz and Speroff, 2011; Khan-Dawood et al., 1989). This is called the luteal phase and lasts

about 14 days. On the uterine level, the endometrium enters the secretory phase, where the rise of

progesterone halts its thickening but makes it receptive to implantation of an embryo. If no such

thing happens, progesterone and estrogen levels fall and the cycle starts anew with the menstrual

phase (Fritz and Speroff, 2011).

Infertility is defined as the failure to conceive or carry a pregnancy to term despite having regu-

lar and unprotected sexual intercourse for at least one year (World Health Organization (WHO),

2018). It is estimated that it affects between 8 to 12% of reproductive-age population in the world

(Inhorn and Patrizio, 2014).

Assisted reproductive technologies (ART) are a collection of techniques designed to help indi-

viduals or couples that struggle with infertility. These techniques are varied in their grade of

invasiveness, from more natural treatments like timed intercourse to more intrusive ones like in

vitro fertilization (IVF). A brief definition of the main techniques follows:

• Timed Intercourse: This treatment option is the simplest one, and implies the monitoring

of the menstrual cycle via ultrasound and hormonal tests in order to time sexual intercourse

around ovulation.

• Intrauterine Insemination (IUI): This technique also monitors the ovarian cycle via ultra-

sound and hormonal testing, in order to introduce in the uterus a prepared and concentrated

sperm sample around ovulation. The sample can be from either a male partner or a sperm

donor. Additionally, the cycle can be natural and just monitored or controlled via a mild

ovarian stimulation.

• In Vitro Fertilization (IVF): It is the most invasive technique. It involves the surgical aspi-

ration of grown follicles under ultrasound guidance to collect mature oocytes, and collection

and preparation of a sperm sample in order to fertilize the oocytes in vitro to obtain embryos.

The embryo or embryos considered to be better are transferred back to a prepared uterus in

hopes of achieving a pregnancy.

Depending on the cause or combined causes of infertility, expert clinicians will determine which

course of action is deemed as preferable. IVF is prescribed whenever IUI has failed or the pa-

tient/couple did not even qualify for this first-line procedure due to, for example, low sperm count

or fallopian tube obstruction.
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In this thesis, the main interest inside ART is IVF, and specifically two subtasks of individual

steps: first FSH dose selection for controlled ovarian hyperstimulation (COH), and embryo quan-

tity selection. First, we will review briefly the main steps of IVF, which can also be visualized in

Figure 2.4. Next, we will go over current AI applications for each step of IVF, with special detail

in the focused interests of this project.

The main steps of an IVF treatment are:

• Controlled Ovarian Hyperstimulation (COH): As previously stated in the abridged def-

inition of IVF, retrieval mature oocytes is needed in order to fertilize them in vitro. To

retrieve them, first, available follicles in the ovaries need to be stimulated to grow, trig-

gering maturation of the oocytes inside. As stated when reviewing natural conception and

the menstrual cycle, follicles grow when FSH levels raise. This process can be monitored

with minimal external intervention, which would lead to one dominant follicle to grow, but

commonly is supported by administering external FSH. This allows for multiple follicles to

grow at once, so leading to collection of more than one oocyte. To administer external FSH

safely and guiding stimulation in a controlled way, endogenous FSH, and LH liberation by

the hypophysis needs to be supressed. In order to do that, supression of the Gonadotropin-

releasing hormone (GnRH) secreted by the hypothalamus is needed. That can be achieved

either by using agonists or antagonists of GnRH. Once the patient’s hormones are down-

regulated, exogenous FSH can be administered. After follicles are recruited and grown

up to a diameter deemed correct, ovulation can be externally triggered, and the next step

scheduled.

• Ovum Pick Up (OPU): Once ovulation is pharmacologically triggered but before sponta-

neous ovulation (that is, around 36 hours after administration of trigger), surgical retrieval of

the mature oocytes is scheduled. Often under sedation administered by an anesthesiologist,

follicle fluid will be aspirated by a needle guided by vaginal ultrasound. Embryologists will

search under microscope for cumulus-oophorus complexes (COCs), which are the combi-

nation of granullosa cells that surround the oocyte, and the oocyte itself. Once identified

and collected, those COCs will be prepared for fertilization.

• Sperm preparation: Sperm samples are usually collected fresh on the same day of the

OPU. Collection before that day is also possible, with the consequential freezing of the

sample to allow for its use on the day of OPU. The sample, fresh or thawed, is then pro-

cessed to separate the sperm cells from the seminal fluid. This can be done through various

methods, such as density gradient centrifugation, swim-up or microfluidic sperm sorting.

These techniques help to select and concentrate the healthiest and most motile sperm for

IVF.
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• Fertilization: Generally speaking, there are two main techniques to fertilize in vitro the col-

lected oocytes. One is conventional IVF, where COCs are cultivated overnight with a sample

of the prepared sperm. After the needed hours pass, mechanical denudation of the oocyte is

performed, discarding the granullosa cells. The oocytes are observed under microscope to

determine if they have been correctly fertilized. On the other hand, intracytoplasmic sperm

injection (ICSI), consists in the manual selection of individual sperm cells and their injec-

tion on chemically and mechanically denudated mature oocytes. This process is performed

by highly skilled embryologists. The injected oocytes are cultured overnight, and again re-

viewed under microscope to deem if they have been correctly fertilized, and thus, are able

to form apt embryos.

• Embryo transfer: Correctly fertilized oocytes, or zygots, go on to embryo stage when they

start cell division. Culture in the laboratory of those embryos since the day of fertilization

can span up to seven days. During those days, embryo development is carefully observed

by embryologists. Depending on the number of embryos and their quality, transfer back to

uterus can happen in days 2-3 of evolution post-fertilization (cell stage) or day 5 (blastocyst

stage). The best embryo or embryos will be selected for transfer back to the uterus, while

the surplus of apt embryos will be cryopreserved. The number of embryos to be transferred

usually ranges from 1 to 3, always keeping in mind that the objective is a single pregnancy,

and transferring more than one embryo is only done to increase chances of single pregnancy

with reduced risk of multiple pregnancy.

• Pregnancy test: After embryo transfer a small period of wait ensues, where if implanta-

tion happens a raise of human chorionic gonadotropin (hCG) is expected to happen. It is

consistently detectable 15 days after conception, which would be around 9 to 16 days after

transfer, depending on the embryo stage when it was transferred. Usually, blood tests are

performed to ensure low chances of a false negative.

Although significant strides have been made in the last 40 years, the mean pregnancy rate after an

IVF cycle still hovers around 30%, with a 20% chance of delivery (De Geyter et al., 2018). This,

of course, even if it betters the chance of pregnancy for patients that need these treatments when

compared to natural conception, can be very frustrating for both patients and professionals of the

field.

Basic and clinical research is continuously moving forward in hopes of finding more ways of help-

ing these patients by improving treatment success. In parallel, AI has been also developing rapidly,

and as aforementioned, it has been explored more and more in multiple healthcare disciplines. It

is no exception in the case of ART.

As reviewed just before, an ART treatment, and specially, an IVF cycle, is composed by multiple

and often complex steps, where frequently decisions must be made in a personalized way in order
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Figure 2.4: Graphical summary of the steps of the IVF treatment. Customized from the original
template design published in canva.com by @martaborreguero.

to obtain the best possible outcome. Thus, there are many situations where the application of

AI technologies can be of help. The first publication of AI applied to ART dates back to 1997

(Kaufman et al., 1997), but it is not until few years ago that this intersection of disciplines has

started to grow exponentially, as it is indicated by the sudden increase in number of AI related

presentations in both the American Society of Reproductive Medicine (ASRM) and European

Society of Human Reproduction and Embriology (ESHRE) annual meetings of 2018 (Curchoe

and Bormann, 2019).

Regardless of this increase in publications, clinical adoption is still slow, and this is directly related

to the same general challenges of AI in healthcare. Most critically, professional and patient trust

in AI is still tenuous, specially due to the extended use of DL. The general consensus is that
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explainability of any model proposed is highly recommended to mitigate this concern (Simopoulou

et al., 2018; Curchoe, Malmsten, et al., 2020; Fernandez et al., 2020; Curchoe, 2023). Explainable

models may be more accepted simply because the biological logic behind their decisions can be

verified. Additionally, early detection of undue bias is necessary to avoid harmful consequences

of their use in clinical practice.

One more challenge that concerns professionals is data availability and algorithm standardization.

In the field of ART, data isolation is very pronounced, due to interclinic competition, difficulty in

the acquisition or absence of data sharing consent by patients, and strict data privacy (Curchoe,

Malmsten, et al., 2020). This leads to the emergence of multiple local solutions, few of which are

externally validated. In this context, external validation would mean testing the developed model

with the data of other clinics, as a means to validate its robustness and reproducibility (Fernandez

et al., 2020; Geampana and Perrotta, 2023).

Even if these hurdles are dealt with, there is still some resistance to adopt AI-based solutions due

to the opinion that they could substitute human professionals (Simopoulou et al., 2018). However,

general opinion of professionals dedicated to AI applications for ART is far from that notion. In

fact, AI driven ART is envisioned as a way to enhance human capabilities, helping in the decision-

making processes by improving accuracy, speed and reducing variability (Medenica et al., 2022;

Curchoe, Malmsten, et al., 2020).

In step with the rising interest and concerns around AI driven ART the need to organize profes-

sionals of this intersection has resulted in the celebration of the first international congress on AI

in fertility in September 2022. Critical strengths and weaknesses were discussed along with future

opportunities and challenges. Its proceedings are thoroughly reviewed in Curchoe, 2023. In the

wake of its conclusion, the AI Fertility Society was created with the goal to coordinate interna-

tional efforts, to create agreements on necessary frameworks and validations, ethical use of AI,

publication standards and peer review, collaboration with policymakers, etc. Additionally, a spe-

cial group interest (SIG) on AI for ART was funded in ASRM at the end of 2022, and effort on

the same direction is being carried out for ESHRE.

Next, we will review details of current state-of-the-art on AI solutions for relevant IVF processes,

specially for the two key steps pertinent for this thesis. An overview of the contributions described

in this chapter can be found in Table 2.1.
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ART process Task Main Contributions

Treatment prognosis

Male surgery intervention Ory et al., 2022; Zeadna et al., 2020
IUI Ranjbari et al., 2021
IVF Choi et al., 2013; Scott M. Nelson et al., 2015
Number of oocytes needed
to obtain a euploid embryo

Esteves, Carvalho, et al., 2019

COH
Selection of starting
dose of FSH

La Marca et al., 2012; Ebid et al., 2021; Allegra et al., 2017; Nyboe Andersen et al., 2017
Howles et al., 2006; Olivennes et al., 2015; Fanton, Nutting, Rothman, et al., 2022

Ovulation trigger
date selection

Hariton et al., 2021; Fanton, Nutting, Solano, et al., 2022; Liang et al., 2022

ICSI Sperm cell selection
Mirroshandel, Ghasemian, and Monji-Azad, 2016; Mirsky et al., 2017
McCallum et al., 2019; Mendizabal-Ruiz et al., 2022

ICSI automation Borges et al., 2022; V. S. Jiang, Kartik, et al., 2022
Embryo culture
evaluation

Pronuclei detection Fukunaga et al., 2020
Morphokinetic events
automatic annotation

Danardono et al., 2022; Feyeux et al., 2020

Embryo transfer
Embryo selection

- Embryo-Uterus modelling:
Stephen A. Roberts and Stylianou, 2012; Corani et al., 2013; Gianaroli et al., 2013
Hernández-González, Inza, et al., 2018; Hernández-González, Valls, et al., 2022
- Morphokinetics as input:
Petersen et al., 2016; Conaghan et al., 2013; Milewski et al., 2017
Campbell et al., 2013; Basile et al., 2014; De Gheselle et al., 2022
- Raw image as input:
Cao et al., 2018; Miyagi et al., 2019; Khosravi et al., 2019; Tran et al., 2019
Bormann et al., 2020; VerMilyea et al., 2020; Berntsen et al., 2021
Erlich et al., 2022; V. S. Jiang, Kandula, et al., 2023; Ben-Meir et al., 2022
Diakiw et al., 2022

Selection of the number
of embryos

Stephen A. Roberts, 2007; S. A. Roberts, Hirst, et al., 2010
S. A. Roberts, L. McGowan, et al., 2010; Stephen A. Roberts, Linda McGowan, et al., 2011
Lannon et al., 2012; Vaegter et al., 2019; Wen et al., 2022

Endometrial receptivity Diaz-Gimeno et al., 2022; Zhang et al., 2021; He et al., 2023

Table 2.1: Main contributions found in the current literature for AI driven solutions in different
ART tasks.
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COH protocol personalization

An important requisite to the success of an IVF cycle is the availability of a certain number of

mature oocytes, usually obtained after COH. Ovarian stimulation, therefore, represents, a key step

for IVF success, as failing to ensure an optimal number of MII oocytes will likely hinder the

positive outcome of the procedure (a live birth).

As the number of MII oocytes retrieved increases, so does the chance of producing embryos with

high pregnancy potential (Drakopoulos et al., 2016; Esteves, Carvalho, et al., 2019), but stimulat-

ing a patient excessively leads to an increased risk of ovarian hyperstimulation syndrome (OHSS).

As such, a compromise must be reached to retrieve a number of oocytes inside of an optimal range

that does not increase chances of OHSS but maintains good pregnancy potential. One such def-

inition of an optimal range of oocytes ranges from 10 to 15 oocytes (Sesh Kamal Sunkara et al.,

2011; Steward et al., 2014). Anything outside these values is considered too many or too few.

Whenever a patient falls outside the defined range, the risk of an unsuccessful or cancelled cycle

increases as well as the occurrence of OHSS. An OHSS risk also implies the need to freeze all the

embryos when generated, which increases costs and causes delays in treatment.

Acceptance of an increased risk of OHSS, when properly managed with gonadotrophin releasing

hormone agonist trigger, in exchange for a higher number of MII oocytes, is controversial. Sesh

Kamal Sunkara et al., 2011 and Steward et al., 2014 found that live birth rates (LBR) in fresh

cycles with more than 15 oocytes plateaued or even declined; other investigators (Ji et al., 2013)

showed an increased cumulative LBR when the frozen embryo transfers were taken into account.

This could benefit patients with specifically advanced maternal age but not patients with polycystic

ovary syndrome (PCOS) (Chen et al., 2017).

Essential to all ovarian stimulation protocols is the starting dose of exogenous FSH. This dose

should be sufficient to recruit enough FSH responsive follicles but should not be any higher to

avoid unsafe effects, i.e. OHSS or decreased oocyte quality Luo et al., 2022. After about 8 days of

stimulation, changing the FSH dose does not allow for a significant further recruitment of follicles

(Fleming et al., 2006). In other words, if the starting dose of exogenous FSH is inadequate, little

can be done to fix its effects on MII yield.

Another relevant decision when personalizing a COH protocol is when to stop stimulation and

trigger ovulation. Timing well this intervention will ideally lead to retrieval of a high rate of

oocytes grown in the follicles in a mature state, or MII stage (Mohr-Sasson et al., 2020; Permadi

et al., 2021). Of course, there are more decisions, like choosing antagonists or agonists of GnRH

for the down-regulation of the hypophysis, but there is yet no literature on AI applications for

these other decisions.
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❖ AI for FSH dose selection

In this thesis, we strive to develop a dosing model that finds a first dose of FSH with the best

balance of risk-benefit chances for all the diverse population of patients. Chapters 3 to 5 will

cover in detail our proposals on the matter. But first, we must understand the current clinical

protocol of FSH dosing, and its pharmacometric properties. A comprehensive analysis of FSH

pharmacometrics, current standard clinical protocol and published AI solutions can be found in

subsection 2.2.2.

❖ AI for trigger time selection

In recent years, there has been some exploration of AI solutions to select the right time to trigger

ovulation, with few publications in this direction, but the ones available are quite interesting and

diverse.

Hariton et al., 2021 proposed the use of causal inference where a binary treatment (trigger or

wait) was assessed in its effect on the outcome measured as number of correctly fertilized oocytes

(2PNs) and usable blastocysts. Fanton, Nutting, Solano, et al., 2022 used linear regression to

generate two predictive models (triggered today, triggered tomorrow) and used PSM (as with

their FSH starting dose) to review expected improvements retrospectively. Lastly, Liang et al.,

2022 presents an AI tool to segment the images obtained by a 3D ultrasound scan, obtaining the

volumes of the follicles, and using those volume values to better tailor the trigger date. All three

show expected improvements, but are not tested prospectively yet.

Embryo transfer personalization

❖ Embryo selection

Selecting from the patient’s cohort the embryo with the highest chances of pregnancy is of great

importance for cycle success. If selected accurately, the patient may get pregnant at the first

embryo transfer. If not, the patient will need to undergo a new transfer attempt, implying more

time to pregnancy and higher economical and psychological burden.

Since the dawn of IVF, embryos generated in the laboratory have been ranked by their morpho-

logical traits observed once a day under the microscope. The Istanbul consensus (Balaban et al.,

2011) brought standardization to many international morphology grading systems. Even-though

scoring methods based in morphology have been consistently proved to be positively correlated

to pregnancy rates (Balaban et al., 2011; Gardner et al., 2000), pregnancy rates after an IVF cycle

remain around 30%. This could be related to intra and inter-operator variability when using this

scoring method (Martı́nez-Granados et al., 2018; Storr et al., 2017; Arce, Ziebe, et al., 2006; Pa-

ternot et al., 2011), and to the limited information that can be obtained through a morphological

evaluation on the implantation potential of any embryo.
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Some of the first AI-driven solutions to optimize the selection of the embryo with the highest

expected chance of pregnancy were based on bayesian networks, introducing as predictor vari-

ables information on the morphology of the embryos, cycle characteristics and/or uterine features

(Speirs et al., 1983; H. Zhou and C R Weinberg, 1998; Stephen A. Roberts, 2007; Morales, Ben-

goetxea, and Larrañaga, 2008). This has been referred to as the embryo-uterus (EU) model. More

recent publications use the same strategy (Stephen A. Roberts and Stylianou, 2012; Corani et al.,

2013; Gianaroli et al., 2013; Hernández-González, Inza, et al., 2018; Hernández-González, Valls,

et al., 2022), as bayesian networks provide the advantage of being able to deal with partially la-

belled datasets (we don’t know the pregnancy results for all embryos as not all are transferred),

and are easily explainable due to their structure being formulated as a variable inter-dependency

graph. However, these models could not provide a significant improvement over the morphology

scoring system.

Morphological scoring systems still get some update following literature (Cuevas Saiz et al.,

2018), but new scoring methods appeared since the introduction in the laboratory of time-lapse

system (TLS) technologies. These new incubators allow for a continuous visual evaluation of

the developing embryos without removing them from temperature and pH controlled conditions.

Subsequently, new information on embryo development has become available, like morphokinet-

ics, which refers to the specific timing for certain embryo development events (like cell division

or compaction). Models to exploit this new information in order to select the best embryo of

the cohort were developed (Petersen et al., 2016; Milewski et al., 2017; Conaghan et al., 2013),

but the posterior meta-analysis by S. Armstrong et al., 2018 reviewed the RCTs performed with

these models, showing a lack of significance in pregnancy results versus control cases. Some of

the reasons for the results obtained brought forward by the authors are that manual morphokinet-

ics annotations suffer of intra and inter-operator variability (as with morphologic scoring), and the

lack of well designed RCTs. Aneuploidy detection was also used as end-point in some models that

employed morphokinetic data as predictor variables (Campbell et al., 2013; Basile et al., 2014; De

Gheselle et al., 2022).

New solutions were explored by applying DL to the bulk of images obtained thanks to the TLS,

with very promising results in prediction of embryo quality, viability or pregnancy results (Cao

et al., 2018; Miyagi et al., 2019; Khosravi et al., 2019; Tran et al., 2019; Bormann et al., 2020;

VerMilyea et al., 2020; Berntsen et al., 2021; Erlich et al., 2022). The same methodologies are

being applied to predict chances of euploidy of the analyzed embryos (V. S. Jiang, Kandula, et al.,

2023; Ben-Meir et al., 2022; Barnes et al., 2023; Diakiw et al., 2022). These solutions, though

very interesting, lack still prospective validation, and suffer from the curse of the black box. There

is, though, awareness of the lack of explainability in the field, as some researchers strive to make

the models interpretable (Hickman et al., 2022).
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❖ Selection of number of embryos for uterine transfer

For many years, it has been common practice to transfer two embryos simultaneously to the uterus

in order to improve success rates and increase the likelihood of achieving a pregnancy compared

to Single Embryo Transfer (SET). (Kamath et al., 2020). Consequently, Double Embryo Transfer

(DET) stands as a 54.5% of all embryo transfers. The unwanted consequences of this high DET

prevalence is an increased obstetrical risk due to the increment of instances of multiple pregnan-

cie. Compared to single pregnancies, twin births are four times riskier (Crosignani et al., 2000).

As such, a multiple pregnancy is an undesired outcome of ART cycles. An equilibrium must

be achieved between the raised chances of pregnancy of DET, and the almost null incidence of

multiple pregnancy of SET, as particular patient factors (economical, psychological or individual

success prognosis) can modulate the selection of number of embryos to be transferred.

As this problem is of special interest in this thesis, a close-up on it and the current state of literature

of AI applications for it can be found in subsection 2.2.2.

❖ Endometrial receptivity detection

Successful implantation, and hence, the start of a pregnancy, does not depend uniquely on the

embryo. The uterus, specially the endometrium, is the other main player in this process. The hu-

man endometrium is a constantly changing tissue that becomes receptive to the implantation of a

blastocyst in response to steroid hormones during a brief time frame known as the window of im-

plantation (WOI) (Harper, 1992), which begins around days 19-21 of the menstrual cycle (Wilcox,

Donna Day Baird, and Clarice R. Weinberg, 1999). The endometrium exhibits a receptive state

during the WOI, which allows for implantation to happen, characterized by various processes such

as adhesion, invasion, survival, growth, differentiation, decidualization, and immunomodulation

(Carson et al., 2000).

Identifying the inter-patient variable WOI is still a topic of research, as inadvertently transferring

an embryo on a misaligned WOI timing can cause a failure of implantation (Haouzi et al., 2012;

Ruiz-Alonso et al., 2013). Tools powered by AI are already present in the literature, and some in

the market, that use endometrium transcriptomic analysis results in order to identify the timing of

WOI for individual patients (Diaz-Gimeno et al., 2022; Zhang et al., 2021; He et al., 2023).

AI driven sperm selection

Frequently in IVF, the focus of attention is centered in the oocyte or the embryo, leaving the sperm

cell in a undeserved second plane. This has been the case too for AI driven solutions in IVF, as

much of the effort is invested in embryo-related solutions. There has been some relevant advances

though, with early implementations delving good results but not being yet able to integrated in

the laboratory workflow (Mirroshandel, Ghasemian, and Monji-Azad, 2016; Mirsky et al., 2017;
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McCallum et al., 2019). A recent publication solved that by making their software compatible

with micro-manipulators used for sperm selection during ICSI (Mendizabal-Ruiz et al., 2022),

delving a tool that enables real-time AI supported selection of the best spermatozoa.

Other AI driven solutions for ART

❖ Automation

In recent years, a new trend in automation of processes in the IVF laboratory has emerged in

the scientific literature. We had previously stated that manual morphokinetic annotation suffers

from intra and inter-operator variability, which ”contaminates” the predictive models with the

subjectivity of the operators. One solution is the automation of those processes (Feyeux et al.,

2020; Fukunaga et al., 2020; Danardono et al., 2022).

Further research is being performed in the automation of more complex processes like ICSI with

promising results (Borges et al., 2022; V. S. Jiang, Kartik, et al., 2022). In the near future we

could be witnesses to a near-to-fully automated IVF laboratory under the supervision of human

embryologists.

Even if AI-driven solutions do not seek to substitute human professionals, certainly there will be

a shift on the tasks embryologists and clinicians will do after enough AI-driven automations are

deployed in the clinical workflow.

Automation helps with standardization of processes, and frees time of the professionals previously

sequestered by those technical procedures. This shift in tasks and re-acquisition of free time will

usher a new type of professional, on the words of Daniella Gilboa, a computational embryologist

(Curchoe, 2023). This new type of embryologist will be able to use their experience for high order

data analysis, research, quality control and mentoring.

❖ Cycle success prediction

Research is very much focused on the development of deep knowledge on all reproductive pro-

cesses, and specifically, on using this knowledge to raise the success chances for all patients. This

leads to the focus of AI related investigation to focus on interventional models, or in other words,

in models that optimize specific steps of the treatment by adjusting it.

But in the day to day practice, patients, who more often than not rely on professionals for those

decisions and rarely weigh-in, ask routinely about one topic: expectation of success for their

individual case. Usually, clinicians give estimated success rates stratified by age range, computed

for historical records (per center or from national records). Recently, studies have been published

covering the matter. From success rates estimated before commencing an IVF treatment (Choi

et al., 2013; Scott M. Nelson et al., 2015), and IUI (Ranjbari et al., 2021).
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❖ Other applications

There are other applications of significant clinical relevance that are also highly compelling. For

example, the proposal by Esteves, Carvalho, et al., 2019, where a calculator is able to compute

how many mature oocytes are required to obtain at least one euploid blastocyst. This type of

proposal could go hand in hand with a FSH starting model, as depending on the number of oocytes

predicted, the clinician would want to push the ovaries differently, and thus, prescribe a different

FSH dose.

Other significant publications are those by Ory et al., 2022 and Zeadna et al., 2020, where an ML

model predicts the results of surgical interventions for the male partner. Specifically, of varicocele

repair and testicular biopsy respectively. This is clinically compelling, as achieving good predic-

tion results can enhance the decision power for clinicians faced with patients that may need it, and

avoid futile surgical interventions.

2.2.2 Dose recommendation in IVF

In this thesis the focus lies in the optimization of dose selection policies in IVF processes, training

models that abide by the available clinical knowledge. This subsection details the context for the

two main processes of interest: selection of the first dose of FSH for COH and selection of the

number of embryos for transfer.

Selection of the first FSH dose for COH

Next, a close zoom into FSH dosing policies for IVF treatments is made. In order to understand

fully the background of the problem, first, FSH pharmacometrics will be described. Next, current

standard dosing policies for FSH will explained. Lastly, the state-of-the-art of AI driven solutions

for FSH dosings will be examined.

❖ FSH pharmacometrics

The gonadotrophs found in the anterior pituitary gland (hypophysis) are responsible for the syn-

thesis and secretion of FSH when stimulated by the hypothalamic GnRH (Richards, 1980). FSH’s

β-subunit is responsible for its functional specificity, ensuring that it interacts exclusively with

the FSH receptor (FSHR) (D. T. Armstrong and Dorrington, 1976). FSHRs are located in the

granulosa cells of the follicles in the ovaries. As mentioned, sigmoid equations often describe

closely dose-response relationships where protein-receptors interactions are involved. FSH is no

exception, as both literature and clinical experience show evidences that point in that direction.

This is clearly reflected in the results of the pharmacometrics studies by Porchet, Le Cotonnec,

and Loumaye, 1994 and by Arce, Klein, and Erichsen, 2016 where sigmoid functions of the type
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E-max were used to fit the PD portion and described adequately the study data in both cases. Abd-

Elaziz et al., 2017 did not explicitly use a sigmoid function to fit PD data, but did report a positive

relationship between FSH serum levels and follicular growth.

In the clinical literature, there is evidence of this same positive relationship, in other words: gen-

erally, the more dose of FSH administered, the more follicles are recruited to grow, and hence,

the more oocytes that can be retrieved (Abbara et al., 2019; Lensen et al., 2018) provided that

spontaneous ovulation is prevented. This pattern replicates almost always across different types of

patients, from expected poor responders to expected high responders. Expected poor responders

are defined as those patients that have < 5 AFC and AMH levels of < 1.2 ng/ml (Conforti et al.,

2019). Expected high responders can be defined as those that have > 24 AFC and levels of AMH

of > 3.4 ng/ml (ASRM, 2021; Sun et al., 2021).

A sigmoid function also describes a saturation phenomenon, where from a certain threshold of

dose, the clinically relevant response to the drug remains unvaried. Clinically, this saturation is

described specially in low responders, as seen also in the meta-analysis by Lensen et al., 2018,

where up to 300 UI of exogenous FSH a positive relationship is observed, but no statistical differ-

ence is observed over this threshold. From a physiological standpoint, this is also plausible, as a

patient with fewer available follicles in the ovaries, where the FSH receptors are located, would

reach saturation sooner with the same dose of FSH than a patient with more follicles ready to

grow, and thus, with more FSH receptors available.

❖ Current standard clinical protocol for FSH dosing

Although this sigmoid-like relationship is quite clear both from the pharmacometrics and from the

clinical point of view, there are many bio-markers that modulate this relationship. Consequently,

not all patients react equally to the same doses of FSH.

In clinical practice, the choice of the FSH starting dose is mostly based on the patient’s charac-

teristics, i.e. age, body mass index (BMI) or ovarian reserve and clinical characteristics, i.e. past

gravidity and parity. Among these bio-markers, some modulate the reactivity to FSH downwards,

like age (Shahrokh Tehraninezhad et al., 2016; Wilkosz et al., 2014; Amanvermez and Tosun,

2015), BMI (Imterat et al., 2019), basal FSH (Abdalla and Thum, 2004), etc. On the other hand,

higher levels of anti-Müllerian hormone (AMH) and antral folicle count (AFC) regulate upwards

the reactivity to FSH (Hansen et al., 2011; Anderson, S. M. Nelson, and Wallace, 2012). Addi-

tionally, several of these bio-markers are correlated. For instance, it is well described that when

age increases, ovarian reserve decreases. In more detail, levels of AMH and AFC decrease, and

basal FSH increases (Hansen et al., 2011; Anderson, S. M. Nelson, and Wallace, 2012; Shahrokh

Tehraninezhad et al., 2016; Amanvermez and Tosun, 2015; Steiner et al., 2017). This is directly

related to and describes the decline in the number of available follicles in aging ovaries. Regard-

less, this decline is not consistent for all women, and a combination of these bio-markers is usually
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used to determine the preferred starting dose of FSH to reach an optimal outcome.

Sometimes, in spite of the careful evaluation of multiple bio-markers, ovarian stimulation leads to

unexpected and widely different results even among apparently similar patients, resulting in either

too many or too few oocytes collected. Furthermore, even if the MII oocytes retrieved are in the

expected number range for the biomarkers analyzed, they may still be of insufficient quality to

achieve success, as only 30–40% of microinjected oocytes develop to blastocyst (Maggiulli et al.,

2020; Vaiarelli et al., 2020), and around 11% to an euploid blastocyst (Chamayou et al., 2017).

Here is important to remember that even-though in the dose-response relationship at hand the

outcome is number of oocytes retrieved, the main desired outcome of an IVF cycle is healthy baby

at home. Thus, the importance of striving to reach a number as close as possible to an optimal

range for all patients.

Experienced clinicians utilize past cycles outcomes in order to predict and avoid cases of unex-

pected response, but they are generally unable to detect these deviations from normality if no

previous cycle’s results are available. This is specially true whenever FSHR polymorphims are

involved, as they may hinder FSH sensitivity of patients affected, needing more FSH dose to reach

the same outcomes (Lledo et al., 2014). Although significant differences have been described in

number of oocytes retrieved for patients carrying known polimorphims of FSHR, there is discus-

sion on the clinical relevance of testing for these genetic variants before treatment (Nikolaos P.

Polyzos et al., 2021; Neves et al., 2022).

Continued research has led to the publication of guidelines for COH (The ESHRE Guideline

Group on Ovarian Stimulation et al., 2020), but regarding FSH dose only cover low responders.

General consensus on protocols to prescribe first dose of FSH is not fully consolidated, and efforts

are being centered in improving it (Barrenetxea et al., 2023).

❖ AI for FSH dosing

So far, some machine learning models have been developed to encapsulate the medical experience

reflected in historical data to try to automate that decision. Two separate nomograms based on

patient age, AMH or AFC and basal FSH levels have been developed for this task (La Marca et

al., 2012; Ebid et al., 2021). The nomogram by La Marca et al., 2012 was tested prospectively

(Allegra et al., 2017), reporting an increase in the number of patients with an optimal range of

MII oocytes retrieved, and a decrease in the number in patients with lower response in those

using the nomogram. These two nomograms did not include patients older than 40 years or those

with irregular cycles, including patients with PCOS. In an RCT for another model developed

specifically for individualized dosage of FSH delta (Nyboe Andersen et al., 2017), no differences

in pregnancy rate were observed.

Additionally, the CONSORT model, based on multivariate regression (Howles et al., 2006) pre-

dicted overall lower starting doses compared with those prescribed by clinicians in normo-ovulatory
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patients (Naether, Tandler-Schneider, and Bilger, 2015; Pouly et al., 2015). CONSORT was also

tested by RCT (Olivennes et al., 2015), showing that the model was able to reduce the risk of

OHSS in patients while maintaining comparable pregnancy rates compared with the clinician-

chosen dose, despite a reduction in the number of retrieved oocytes.

A recent study (Fanton, Nutting, Rothman, et al., 2022) published after our first two iterations

(covered in Chapter 3) does cover all types of patients, and introduces the concept of computing

individual dose-response curves. It does so by searching the 100 most similar patients using k-

nearest neighbors (KNN) and fitting a constrained second-order polynomial to data on the number

of MII retrieved (y) and the FSH starting dose administered (x). Mostly flat curves were deemed

as non-responsive to FSH, which was the case for 30% of the cases analyzed. For dose-responsive

curves, the optimal starting dose was identified as the one where the curve showed a peak of

MII. Using propensity score matching (PSM) to pair similar patients with different doses, they

concluded that patients that received the optimal dose predicted by their model versus those who

didn’t obtained better results. Although the design is indeed very interesting, it is surprising that

so few patients analyzed are predicted to be dose-responsive. This could be due to a low variabil-

ity of doses prescribed for patients deemed flat-responsive, probably concentrated in doses where

saturation of FSH receptors has already been reached for these patients. Additionally, the curves

used to fit the dose-response relationship do not fit well with the known pharmacometrics of FSH.

Second-order polynomial curves do not reflect the positive monotonicity (as dose increases, out-

come also increases or remains the same, but never decreases), nor the saturation properties of

sigmoid curves, which are deemed to be the closest fit for the FSH-oocytes relationship.

A common characteristic of these proposals and our own (exposed in Chapters 3 and 4) is that

they are very transparent and explainable. Using linear, sigmoid, or curve functions, it is easy to

interpret how the trained models work. We mentioned before this was capital for healthcare related

AI, and it is clear that it has been prioritized by all research teams in this specific task. This will

be a returning theme during this thesis, as it has been a paramount pillar during this whole work.

Selection of number of embryos for uterine transfer

To mitigate low success rates, the transfer of two embryos simultaneously to the uterus has been

the standard during many years. This certainly increases the chances of achieving a pregnancy

versus Single Embryo Transfer (SET) (Kamath et al., 2020). Double Embryo Transfer (DET) now

represents 54.5% of all embryo transfers. Unfortunately, the increase in success comes with an

increased obstetrical risk, reflected by the troublingly high 17% of twin births DET. Measured

against singleton births, twin births have a four times higher risk of perinatal mortality. Twin

pregnancies are also associated with an increased risk of obstetric complications, higher rates of

miscarriage, pregnancy-induced hypertension, gestational diabetes, premature labor and abnormal
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delivery compared to singleton pregnancies (Crosignani et al., 2000). As a consequence, a twin

pregnancy is an undesired outcome of ART cycles.

Nevertheless, the rate of DET remains high. Why is this? The issue is indeed complex. As stated

before, RCTs have consistently shown that SET provides lower pregnancy rates than DET, but they

do so with a much lower twin rate (about 1%, mostly due to embryo splitting and monozygotic

-identical- twins forming). Literature also indicates that the cumulative pregnancy rate between

repeated SET and a single round of DET is similar, but there is a much lower twin rate in patients

that get SET+SET vs. DET (Kamath et al., 2020). This would, from a strictly clinical point view,

lead to an easy solution, which would be to always perform SET. But, as stated before, the issue

is not that straightforward.

On the one hand, we should acknowledge that the embryos available to a woman for transfer

are not always of high morphological quality, and worse morphology is an indicator of lower

development potential and higher aneuploidy rates (Hardarson et al., 2003). In these cases, DET

is used as a strategy to allow for higher pregnancy rates in poor prognosis treatments, assuming that

the risk of multiple pregnancy should be lower as at least one of the two embryos transferred has

a low chance to implant. Further, embryo stage may influence the outcome, as there is moderate

quality evidence that blastocyst stage embryos (at day 5 or 6 after fertilization) have better chances

of pregnancy versus cleavage stage embryos (at day 2 or 3 after fertilization) (Glujovsky et al.,

2016). Also, regardless of embryo quality and stage, the specifics of every case modulate the

chances of pregnancy as does for example the age of the oocyte (Grøndahl et al., 2017) and its

origin (donor or own oocytes), the integrity of the uterine environment and shape, the reproductive

history of the couple or single patient, the parameters and origin (donor or partner) of the semen

used to fertilize the oocytes, etc. On a day-to-day basis, all this information is processed by the

clinical experts in order to make a recommendation based on literature and firsthand experience

on the adequate number of embryos to be transferred in order to achieve the highest possible live

birth rates with the lowest possible multiple pregnancy rate.

On the other hand, patients are paramount in these processes, as they are the ones going through

the treatment with the very emotionally charged goal of being able to give birth to a healthy baby.

They participate actively in making the final decision of how many embryos will be transferred,

and often non-clinical factors weight in their decision. Some of those factors include their psy-

chological state (affected by repeated treatments, urgency to get pregnant, previous miscarried

pregnancies, etc.), the economic pressure of the treatments and the information that they receive

and/or understand (Abd-Elaziz et al., 2017).

Few studies modelling the number and quality of the embryos to transfer have been carried out in

this regard, but the ones that did give us some very interesting insight. One proposal is based on

the EU model presented in Stephen A. Roberts, 2007 and later refined iterations (S. A. Roberts,

Hirst, et al., 2010; S. A. Roberts, L. McGowan, et al., 2010). It proposes modelling by logistic
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regression separately the embryo and the uterine components, combining both probabilities for

the final live birth outcome. The final model (composed of both sub-models) was fitted by direct

maximization of the resultant observed data likelihood.

In the following publication (Stephen A. Roberts, Linda McGowan, et al., 2011), results are pre-

sented on its use for prediction of different scenarios (SET or DET) for each analyzed patient. This

allowed them not only to validate the predictive power of the model, but simulate counter-factual

scenarios and analyze the predicted results. Simulations results showed that SET had approxi-

mately one third less LBR in comparison with DET in a per transfer level. Accurate selection of

patients for SET can ameliorate this difference. When considering full cycles (i.e. the results after

the transfer of all available embryos form one ovarian stimulation), simulations showed a likely

increase in cumulative LBR by using the SET strategy. No prospective validations with this model

have been published to date.

In the very thorough report on the theme performed in S. A. Roberts, L. McGowan, et al., 2010,

it also recounts construction of nested pregnancy (P) and multiple pregnancy (MP) models using

first UK national reports. The nested component relates to how the MP model is constructed solely

from data of patients with a positive result of pregnancy, hence, it is used only if the P model

predicts a positive result. Results show an AUC of 0.60 for the first model and of 0.66 for the

second. Further research includes information from multiple private centers with more predictor

variables in the training of the models, resulting in slightly better AUC scores. Interestingly,

authors point out that these models, due to their modest prediction powers, are not suitable for

individual prediction, but are useful to predict population tendencies.

Lannon et al., 2012 proposes a boosted tree model trained only on patients that got a DET and

achieved a pregnancy, a methodology of inclusion of cases similar to that of the logistic regression

models by S. A. Roberts, L. McGowan, et al., 2010. To validate the model, it is compared to a

similar model developed to only take into account the age of the patient, and to baseline prediction

(that is, predicting MP by assigning always the general MP rate in their train dataset). Results

showed improvement of predictive power versus both controls, with an AUC of 0.632. This pro-

posed methodology, though, does not allow for comparison between SET and DET scenarios for

the same patient.

Another relevant study created independent models: one for P prediction and its pair model for

MP, both trained exclusively on DET cycles; and another one for P prediction trained only in SET

cycles, getting AUCs between 0.64 and 0.75 (Vaegter et al., 2019). This is the only methodology

that presents prospective interventional validation, where whenever a patient had predicted >15%

chance of MP after DET was selected for SET. Significantly higher LBR and cumulative LBR

(CLBR) were observed in the population where the model was used, versus retrospective data

where the model was not used. It is pertinent to point here that the models were constructed with

data from embryos up to the second day of development post fertilization.
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Lastly, Wen et al., 2022 presented the same methodology of nested P and MP predictive models,

determining that XGBoost algorithms achieve best results, with respective AUCs being 0.787 and

0.732. Compared to previous study, even if the performance is better, the size of the training and

validations datasets are reduced.

All these studies only report model performance by means of scores like AUC or accuracy, but

do not explicitly check compliance of the models with general clinical knowledge. Derived from

that knowledge, a set of constraints can be defined, and the models tested against them. One

such exploration of this problem is covered in Chapter 6, and a tentative approximation of it as a

dose-response problem is described in Chapter 7.

2.3 RCT trials for AI solutions in ART

As reiterated elsewhere, AI-driven solutions in general, but specially in healthcare must be applied

with care. Proper evaluation of the behaviour of the models needs to be performed in order to avoid

harm to patients. In clinical fields the RCT is the gold standard to assess the efficacy of a treatment.

In the ART discipline specifically, experts like Cristina Hickman, PhD lead the discussion around

when is an RCT really necessary to prove efficacy of developed tools (Curchoe, 2023).

There are varying levels of autonomy in AI technologies, and each level of autonomy carries its

own degree of risk. From assistive AI (informative models, clinical decision support), to condi-

tional automation, and up to full automation AI. However, regulation-wise, often a ”one size fits

all” approach is adopted and all AI systems are subject to the same level of scrutiny. As a result,

clinical decision support models are often cautiously classified by local authorities as medical de-

vices of type IIb (under Regulation (EU) 2017/745), requiring them to conduct clinical trials in

order to obtain the Conformité Européenne (CE) marking before clinical implementation. Only if

regulators deem the model as a medical device of type I, can the developers auto-certify themselves

and not report the results of an RCT in order to implement the tool clinically.

This approach may be driven by concerns around the potential risks associated with AI systems,

as regulators consider that even low-risk assistive AI systems can have significant impacts on

human lives and decision-making. Additionally, it may be difficult for them to determine the

precise level of autonomy and risk associated with each AI system. That is why collaboration

between regulators and experts of the field is paramount to protect the safety of patients while

simultaneously favoring the progress of research and its translation to technical solutions.

Regardless, nowadays these trials are still being required for many AI developments. Given that

RCTs are very expensive and time-intensive, there are not many models designed for ART pro-

cesses that have an RCT published on their efficacy.
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In the case of FSH dosing, the nomogram by La Marca et al. (2012) was tested prospectively in an

RCT (Allegra et al., 2017), describing an increased number of patients falling into an optimal range

of MII, and a lower number of patients with lower outcome for those participants in the interven-

tion arm. The multivariate regression developed by Howles et al., 2006 was tested also (Olivennes

et al., 2015), results showing that the model was able to reduce the risk of OHSS in patients while

maintaining pregnancy rates, albeit an observed reduction in the number of recovered oocytes.

Lastly, another randomized trial was performed for a model developed specifically for FSH delta

(Nyboe Andersen et al., 2017). Results described significantly more patients with target response

(8–14 oocytes), less excessive responses (≥ 15 oocytes in the high AMH stratum), and less poor

responses (< 4 oocytes in the low AMH tier), always comparing to a non-personalized-dosing

control group. Nevertheless, no differences in pregnancy and live birth rates were observed.

Concerning embryo selection, S. Armstrong et al., 2018 analyzed the published RCTs on models

developed to support the decision on which embryo to transfer first by training them on morphoki-

netic data. Results showed that there was no evidence that the use of TLSs alone, or TLSs in

combination with predictive models improved pregnancy or live birth. Currently no RCTs are

available on the efficacy of pregnancy or aneuploidy prediction models based on image training

via deep learning to the best of our knowledge.

Most probably additional RCTs are underway for multiple AI-driven applications for ART, but the

current requirement for this type of trial in order to implement the developed solutions is one of

the main barriers hindering clinical adoption.

2.4 Conclusions

In this chapter, we have reviewed the many possible applications of AI in healthcare in general,

and in ART and IVF specifically, including its main pitfalls and strategies to overcome them. IVF

has many steps where AI can be of help to optimize results. In this thesis, the main point of interest

is the optimization of dosing policies in the IVF treatment, with a dominant focus on selection of

the first FSH dose for COH protocols. After evaluation of the current literature, it is clear that there

is a lack of AI-driven dosing models that include all patient population without restrictions, and at

the same time, upholds pharmacometrics and clinical evidence on its dose-response relationship.

In this text we will cover 3 increasingly accurate iterations of dosing models for FSH, a proposed

protocol for an RCT that would test its accuracy, and an initial exploration of the selection of

number of embryos to transfer.
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Chapter 3

FSH dosing policy optimization

In this chapter, we will present an initial answer to the question

Q1: ”Is it possible to improve clinical FSH dosing policy for Controlled Ovarian Hyperstimulation

using only historical data?”,

and its sub-question

Q1a: ”How can we analyze a dosing model’s performance before clinical intervention?”.

The chapter will be divided in three main sections:

• The first section describes an initial solution (an extended version of ”Núria Correa, Flavia

Rodrı́guez, et al. (2021). “P-637 Development and validation of an Artificial Intelligence

algorithm that matches a clinician ability to select the best follitropin dose for ovarian stim-

ulation”. In: Human Reproduction 36.Supplement 1. deab130.636. DOI: 10.1093/humrep/

deab130.636”)

• The second section details a second iteration of the solution (a slightly modified version

of ”Núria Correa, Jesús Cerquides, Josep Lluı́s Arcos, and Rita Vassena (2022). “Sup-

porting first FSH dosage for ovarian stimulation with machine learning”. In: Reproduc-

tive BioMedicine Online 45.5, pp. 1039–1045. DOI: 10 . 1016 / j . rbmo . 2022 . 06 . 010”

and presented as ”Núria Correa, Jesús Cerquides, Amelia Rodrı́guez-Aranda, et al. (2022).

“379/427 Acompañamiento en la selección de la dosis de FSH para estimulación ovárica

mediante machine learning.” In: 33º Congreso Nacional Sociedad Española de Fertilidad.

Oral communication. Sociedad Española de Fertilidad (SEF). Bilbao”)

• The third section is focused on common learnings and conclusions.
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3.1 Background

As a brief reminder, at the time of writing, literature on AI for the optimization of the first FSH

dose for COH included the nomograms by La Marca et al., 2012 and Ebid et al., 2021, a mul-

tivariate regression model (Howles et al., 2006) and a model developed uniquely for FSH delta

(Nyboe Andersen et al., 2017). Some of these models were validated via RCT with good results

(Allegra et al., 2017; Nyboe Andersen et al., 2017; Olivennes et al., 2015). However, patients

older than 40 and/or with irregular menstrual cycles were excluded. Those models then, do not

cover the complete range of patients, further, they are not optimized for patients where a correct

dose selection is even more critical. The solutions presented in this chapter do not exclude older

patients nor patients with irregular cycles.

With the exception of Nyboe Andersen et al., 2017 and Howles et al., 2006 (where data from

pharmaceutical Phase II-IV studies was available for the authors), observational data is the com-

mon source of information available for researchers. Prospective data is, in general, challenging

to obtain when not already available. Additionally, and as mentioned in Chapter 2, observational

datasets tend to suffer from confounding, requiring the implementation of measures to address

it. Methods to do that, like causal inference, need data sufficiently varied and complete, which is

very hard to comply with in clinical settings. Finally, up to the moment of these investigations,

models presented in the literature reported performance solely based on scores that evaluate the fit

of the model. Scores like concordance probability index (C-index), that measures the association

between predicted doses and actual doses; Akaike information criterion (AIC), that quantifies how

well the model fits the data it is generated from; or Pearson’s correlation. Evaluating performance

like this is informative, but does not disclose information on the quality of the recommendations

made by the model, especially and more critically when they differ from the clinical ones. This

is very relevant in this setting, where models need to be validated by an RCT before clinical im-

plementation. It would be beneficial to devise a novel methodology for assessing dosing models

pre-clinically, as the investment of time and resources in such trials is considerable. This would

enable more effective screening of potential candidates, and enhanced safety for participants of

the prospective trials.

Hence, in this chapter, the challenges addressed are the following:

• Creating an unconfounded FSH dose model with observational data.

• Creating a pre-clinical scoring method of doses proposed by the constructed model.

Additionally, two relevant requirements for the FSH dosing model were set:

1. Obtaining 10 to 15 MII was considered the objective of the selection of the first dose of

FSH.
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In agreement with published research (Sesh Kamal Sunkara et al., 2011; Steward et al.,

2014; N. P. Polyzos and S. K. Sunkara, 2015), the aim of the study was to predict the

initial dose of FSH to achieve a number of MII as close as possible to an optimal range of

oocytes. The range 10–15 was considered desirable, the range four to nine suboptimal and

MII lower than four or above 15 not desirable (see Figure 3.1). Given patient characteristics

and limitations in the maximum dose of FSH allowed to be administered, not every patient

is considered able, a priori, to reach the desired goal. The number of MII was selected

as an end point due to its closeness in time and association with the intervention, while it

maintains clinical relevance (a recognized association exists between number of MII and

chances of pregnancy and live birth). Live birth rate (LBR) and clinical pregnancy rate

(CPR) were considered initially in the building of the model but were too distant in time

from the intervention for any model to be able to predict accurately the effect of a specific

treatment using, as in the present study, only the information from participants available at

the start of treatment.

Figure 3.1: Outcome ranges expressed in number of oocytes considered non-desirable, suboptimal
and optimal.

2. The maximum recommended dose of FSH allowed to the model was 300 IU.

As per ESHRE guidelines (OS Guideline Development Group, 2019) based in literature

(Harrison et al., 2001; Bastu et al., 2016), starting doses over 300 IU are not recommended

due to the absence of significant advantages observed in prospective trials with poor respon-

ders.

3.1.1 Patient population

Data from a total of 2713 first IVF cycles, from January 2011 to September 2019, registered

in five private centers, were used to develop the model. All five centers operated under similar

quality-control protocols, but choice of stimulation and modifications to standard protocols were

left to each clinician. Natural cycles and cycles in which FSH doses were not expressed in IU/ml

were excluded. The inclusion of first cycles aimed to prevent bias caused by unrecorded clinician

knowledge (such as FSH dosage and results of previous cycles). An additional 774 cycles between

January 2020 and May 2021 were used for prospective validation of the model. Three categories

of data were collected as variables. First, the input data, composed of age, BMI, proven fertility
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(Y/N) and ovarian reserve markers AMH and AFC; second, the intervention, namely the first dose

of FSH prescribed by the clinician; and third, result data expressed as number of MII collected

after stimulation (see Table 3.1). Throughout the study, only cases with complete data on all the

variables were included. Cycles from both the development and validation databases corresponded

to women aged 37.9 ± 4.6 years (18–50 years), with a BMI of 23.6 ± 4.2 kg/m2, AMH of 2.4 ±

2.3 an average number of MII obtained 6.8 ± 5.4.

Development database
(N=2713)

Validation database
(N=774) p-value

Age (years) 37.8 ± 4.6 38.3 ± 4.4 <0.05*
AMH (ng/ml) 2.4 ± 2.3 2.2 ± 2.2 <0.05*
AFC 11.2 ± 7.3 11.3 ± 8.5 0.29
BMI (kg/m2) 23.7 ± 4.2 23.2 ± 3.9 <0.05*
Number of MII retrieved 6.8 ± 5.1 6.7 ± 6.5 <0.05*
Proven female fertility 12.4% 10.1% 0.067

Table 3.1: Patient characteristics in the two databases used in the study. Values are expressed as
average and SD. Variables were compared using Mann-Whitney U test. For proportions a 2-sample
z-test was conducted. A p-value of <0.05 was decided as significant.

3.2 First iteration

In order to define whether an FSH dosing model is better than the current clinical practice before

any prospective intervention, first, a method to evaluate recommended doses is needed. The next

section includes the description of an evaluation methodology tailored for starting FSH doses.

3.2.1 Development of a performance score

A score function was designed to compare individual recommendations made by any FSH dosing

model with the prescriptions made by the clinicians. Given any FSH prescription, paired to its

resulting ground truth MII outcome, the function assigns a performance score value, or φ for a

hypothetical recommended dose:

φi = f(yi, y
∗, d̂i, di) (3.1)

Where yi is the ground truth outcome, y∗ the desired outcome range, d̂i the dose to be evaluated,

and di the real prescribed dose. The score value (φ) can span from –1 (the recommended dose

is considered too low) to 1 (too high), 0 being the best possible value (the dose recommended is

considered appropriate). FSH doses (di and d̂i) are categorized in four ordinal ranks (100 to 150,
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151 to 200, 201 to 250 and 251 to 300) to create the score function. Here, 300 IU is deemed

as the maximum dose allowed, as previously stated. The score function is designed to consider

appropriate those dose ranks where the outcome is not in the optimal range, but the dose rank is

not improvable. For example, it does not penalize a dose rank whenever a poor responder gets

recommended and/or prescribed the highest one but has yielded few to none oocytes, as there is

little more that is possible to achieve, physiologically, from a poor responder.

The score function also allows clinical prescriptions to be assessed, which can be done by setting

the recommended dose equal to the clinically prescribed dose. In doing so, the function evaluates

how close the MII outcome is from the optimal range (10 to 15), and if there is any room for

improving the dose rank (penalizing prescribed doses that did have margin to improve outcome).

In order to assign a φ value for every possible combination of the 3 variables (MII number, pre-

scribed dose, and recommended dose), first, values for key combinations were set and reviewed

with expert clinicians. Specifically, for 5 specific values of MII (0, 6, 10, 15 and 25), a table was

crafted with the scores (from -1 to 1) describing the effect of, given a real dose rank of FSH and its

outcome, changing it for another rank (or maintaining it). For example, if the outcome was 0 MII

and the dose prescribed 100-150 IU/ml, maintaining that dose as a recommendation would result

in a φ of -1, as the dose is clearly insufficient. Increasing the dose by one dose rank would get

the recommendation to a φ value of -0.2, or in other words, closer to 0. The dose rank with the φ

closer to 0 in this example would be 225-250 IU, as the case calls for a big change, but caution is

introduced by giving a slightly worse value to the highest dose rank. All these values can be seen

in Table 3.2 and Figure 3.2.

Figure 3.2: Linear representation of φ for all combinations of prescription/recommended dose
ranks given that the outcome was 0 MII retrieved.

If the outcome yi of a given case falls outside of the 5 key values, φ is computed by assuming a

linear function between the available lower an higher key values that have an assigned φ value.

This can be expressed as
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Real dose rank
Recommended dose rank 100-150 IU 175-200 IU 225-250 IU >250 IU
100-150 IU -1 -1 -1 -1
175-200 IU -0.2 -0.90 -0.95 -0.95
225-250 IU 0.1 -0.01 -0.7 -0.9
>250 IU 0.15 0 0 -0.01

Table 3.2: φ values for every prescribed/recommended dose rank given that the result was 0 MII

φi(yi = a, d̂i, di) = φ(yi = a−, d̂i, di) +
(φ(yi = a+, d̂i, di)− φ(yi = a−, d̂i, di)) ∗ (a− a−)

(a+ − a−)
.

(3.2)

Where a− is the key value of y immediately under a, and a+ the key value of y immediately over

a. For example, if a case pi has a value for yi of 3, or a = 3, which is between the key values 0

(a−) and 6 (a+), receives a prescribed dose between 100 and 150 IU and it’s recommended the

same dose rank, φ would be computed as

φi(yi = 3, d̂i = 100− 150, di = 100− 150) = −1 +
(−0.8− (−1)) ∗ (3− 0)

(6− 3)
= −0.9. (3.3)

The equation is solved using φ values for those prescribed-recommended doses available in the

tables for a− = 0 (Table 3.2) and a+ = 6 (Table 3.3). Tables A.3 to A.5 contain the rest of φ

values for the key combinations that were used to construct the performance score (φ) function.

The values can be analyzed visually in Figures A.2 to A.5. These are available at Appendix A.

Real dose rank
Recommended dose rank 100-150 IU 175-200 IU 225-250 IU >250 IU
100-150 IU -0.8 -0.9 -0.95 -0.99
175-200 IU -0.05 -0.60 -0.85 -0.9
225-250 IU 0.3 0 -0.5 -0.85
>250 IU 0.4 0.1 0 -0.001

Table 3.3: φ values for every prescribed/recommended dose rank given that the result was 6 MII.

Finally, in order to evaluate collective performance in comparison to clinical standard practice, the

main interest is to assess which set of doses achieve a mean absolute φ closer to 0. This collective

performance score can be expressed as

Φ =

∣∣∣∑N
i=1 φi(yi, y

∗, d̂i, di)
∣∣∣

N
. (3.4)
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3.2.2 Prediction model

An ML model was trained to predict φ for all four dose ranks, given a specific patient. The vari-

ables age, BMI, AFC, AMH and proven fertility (yes/no) were used as predictors. For any case

present in our database 4 φ values were possible (one for each possible dose rank, the one pre-

scribed and 3 possible recommendations). Thus, a data augmentation technique was passed on our

database, resulting in its quadruplication, with every case (described always by the same predic-

tor variable values) related to every 4 possible dose ranks and its corresponding scores (φ). The

performance scores here, are in fact evaluating counterfactual dose scenarios for each case. There

is not sufficient information in the database to achieve precise counterfactual dose-response eval-

uation (as if there was enough information, causal inference methods could handle the problem),

but clinical knowledge can complement it enough as to assess broadly whether a dose change is

beneficial or detrimental.

These φ values were then considered to be the objective variable to be learnt by the algorithm.

Before training the model, the variables containing the real stimulation dose rank and the number

of MII recovered were dropped, as to hide them from the algorithm, making it only learn from the

profile of the patient, the dose rank assigned, and the φ value calculated by our function.

A random 80% of the quadrupled database (conserving always the same patient together) was

selected for training. The remaining 20% consisted of only the original cases without data aug-

mentation, and was reserved for validation of the dosing model. The algorithm selected to learn

this regression problem was a Random Forests Regressor (RFR). 5-fold cross-validation was per-

formed.

3.2.3 Dosing model and performance evaluation

The resulting dosing application used the trained model to predict φ values for all 4 dose ranks

for new patients, selecting the dose rank where the predicted φ value was closer to 0. This meant

that, for each patient, the model predicted the best possible result (or φ closer to 0) with a specific

dose rank. Thus, that dose rank was the one recommended by the dosing model. This process was

executed for all 5 randomly selected test datasets during the development phase, and again for the

cases in the time separated validation dataset.

To evaluate the performance of the dosing model compared to clinical practice both in test and

validation, the score function was used to compute the φ values of the recommendations outputed

by the model, as the real prescribed dose ranks and the outcome in number of MII in those datasets

were also available. φ and Φ for the recommendations were compared to those computed for

clinical prescriptions, graphically in the first case and statistically in the second. For the statistical

comparison, mean absolute values, or Φ, were compared using Wilcoxon signed-rank test, as the
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distribution of the φ was not normal and the values compared were paired (related to the same set

of cases). The hypothesis 1 was that of a one-sided difference between means, specifically, that

the value of Φ for the recommendations by the dosing model was smaller, or in other words, closer

to 0.

3.2.4 Results

The mean absolute scores (Φ) for the dose rank recommendations of the model were significantly

lower both in development and validation phases (Table 3.4).

Clinical prescription Model recommendation p-value
Φdevelopment 0.17 (95% CI 0.16 to 0.18) 0.12 (95% CI 0.11 to 0.12) <0.01*
Φvalidation 0.16 (95% CI 0.14 to 0.18) 0.13 (95% CI 0.11 to 0.15) <0.01*

Table 3.4: Mean absolute score (Φ) values plus 95% confidence interval (CI) for clinical dose rank
prescriptions and model recommendations during development and validation phases. Statistical
differences tested using the Wilcoxon signed-rank test. A p-value under 0.05 was considered
significant.

Distributions of the signed scores (φ) during development and validation can also be visualized

in Figures 3.3a and 3.3b. In both cases a higher accumulation of φ values around 0 is observed

for the model recommendations versus the clinical prescriptions. This distribution agrees with the

statistical difference observed.

(a) Distribution of scores for clinical prescriptions
(φc) and model recommendations (φm) in the devel-
opment database.

(b) Distribution of scores for clinical prescriptions
(φc) and model recommendations (φm) in the vali-
dation database.

Further, when dose ranks assigned by the model are compared to those by clinicians per range

of MII obtained, sub-optimal and poor response patients are assigned a clear increment in dose

rank (Figures 3.4a and 3.4b). On the other hand, an increment is also observed in patients with

optimal and hyper-responses. This does not negate the collective improvement, especially in poor

and sub-optimal response cases, but it is not to be disregarded.
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(a) Dose ranks prescribed per range of MII retrieved
by the clinicians during validation.

(b) Dose ranks prescribed per range of MII retrieved
by the model during validation.
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3.2.5 Lessons learned

Upon construction of the initial iteration of the FSH dosing model and subsequent analysis of its

performance through the developed score, it was apparent that the two challenges introduced at

the beginning of the chapter could be overcome. First, the model was capable of recommending

higher doses for expected poor responders (AMH < 1.2 ng/ml and AFC < 5, as per POSEIDON

criteria Esteves, Roque, et al., 2018), and lower for expected high responders (AMH ≥ 3 ng/ml and

AFC ≥ 15), even if with some exceptions. Specifically, it recommended expected poor responders

with the highest dose rank in a 100% of cases, and expected high responders with the remaining

lower rank doses in a 84.6% of cases.

Therefore, the developed score facilitated the circumvention of the confounding effect present in

the dataset by indirectly training the model to recognize the positive dose-response relationship.

This is reflected in the assigned score, as for example, for cases with poor responses (<4 MII) a

higher dose rank gets a φ closer to 0 (the more dose, the higher effect, which is needed in this

case). Of course, the score function also included penalization (φ not as close to 0) whenever it

was deemed that although a change in dose was necessary, the dose rank recommended was too

far removed from the clinical dose rank. This was done to introduce a measure of precaution,

because when the outcome is already close to the optimal range, large changes are more likely to

be detrimental.

In conclusion, given that informing indirectly the ML model about the nature of the studied dose-

response relationship allowed for a clinically consistent model, it was expected that specifying this

relationship more clearly could improve the performance. Furthermore, following this strategy

would improve interpretability of the resulting model. In the next section a second iteration is

described, where the predictive model is based in an assumed linear dose-response relationship.

3.3 Second iteration

As explained in earlier chapters (Chapter 2, subsection 2.2.2), available research suggests that a

sigmoid function could explain closely the dose-response relationship between the dose of FSH

administered and clinical outcomes like number of oocytes retrieved after OPU. Ideally then, find-

ing the 4 parameters of a Hill’s equation (or the 3 of a logistic curve) for each individual patient

would take us closer to a model based in the pharmacometric characteristics of FSH. In other

words, closer to physiological reality. But to be able to approximate these curves for every patient,

multiple dose-response points from each individual case are needed. Or at least, diverse dose pre-

scriptions for similar patients with its outcomes. The first requirement clearly is difficult to obtain,

as the majority of patients get only one or two treatments, as they either achieve their objective

(a baby at home), do not have the economical or psychological means to endure more treatments,
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or decide to change the type of treatment. The second requirement poses a significant challenge

due to the clinicians’ adherence to standard clinical practice, as previously noted. Therefore, the

available dataset did not lend itself to the optimal approximation of individualized sigmoid curves.

Sigmoid curves have two main characteristics of interest in this context:

• Saturation: Property that describes the asymptotic behavior of the curve as its input ap-

proaches positive or negative infinity.

• Monotonicity: Property that describes the direction and consistency of a function’s output

as its input changes. In the context of positive monotonicity, the function’s output is non-

decreasing as the input increases, meaning that it either increases or remains constant, but

never decreases.

A linear function complies with the monotonicity property, and it is composed by only two pa-

rameters that need to be estimated: the intercept and the slope. In the next sections a thorough

description of how individualized linear dose-response functions are estimated using observational

databases with only one dose-response data point per patient can be found.

Predictive model construction

A linear function can be mathematically described as:

yi = y0 + si ∗ di (3.5)

Where yi is the outcome (in this case the number of MII) of a patient pi, y0 the intercept or

outcome whenever input is 0, si the slope of the line, and di the input (here the dose of FSH).

For any patient, during a natural cycle (0 IU/ml of exogenous FSH) the outcome in number of

MII collected would stay mainly between 0 and 1. This would describe the intercept parameter

of a linear dose-response function. Given that the value range of the intercept hardly varies from

patient to patient, it could be assumed equally for all population. Hence, the slope parameter of

the function, which describes the patient’s capability of reacting to the first dose of FSH, was the

only one that needed to be computed individually. As the results of a specific dose of FSH for each

case were available in the databases, the value of individual slopes was easily calculated. To avoid

negative slope values, it was assumed that all patients would achieve 0 MII if given 0 exogenous

FSH, thus the intercept was fixed to 0.

The slope of a linear function is defined as follows:
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si =
yi − y0
di − d0

=
yi
di

(3.6)

As the first data point (x0, d0) can be set at the origin (0, 0) due to the intercept being fixed at 0,

the slope value for every patient is computed by dividing the outcome or yi (MII) by di (the first

dose of FSH). Thus, the slope was calculated for each case in the development database.

The slope value calculated was set as the target variable to be learnt, and a linear regression

algorithm was trained to predict it for every case (defined by its values at the start of the stimulation

in age, BMI, AFC, AMH and proven fertility). Training was conducted on a random 80% of

the development database. The remaining 20% was reserved for testing purposes. The training

process was again cross-validated five times with five randomly selected training datasets, with

their corresponding five test sets.

Dose recommendation by the model

For dose-recommending purposes, the predicted slope for each test patient was used to compute

the necessary FSH to obtain an outcome of 12 MII (middle point for the 10 to 15 optimal range)

using the dosing function, derived from the linear function:

d̂i =
y∗

βTxi
(3.7)

Where d̂i is the FSH dose recommended for the case described by xi variables, y∗ the desired

outcome, and β the set of coefficients estimated by the linear regression model trained to predict

the slope using the covariates included in xi. Thus, βTxi represents the value of the predicted

slope. Again, recommended doses were capped at 300 IU/ml.

Evaluating the performance of the model

The performance of model-based recommendations was evaluated using the φ function in the 20%

portion reserved for testing in the development database (cross-validated 5 times) and in all the

cases of the validation database. In both cases, two φ values were computed for each patient. One

for the dose prescribed by the clinician (φc) and another for the model recommended dose (φm).

Mean absolute values of both set of scores (Φc and Φm) were compared across all cases to identify

which group (clinical or model recommended) had Φ closer to 0, being of no importance if the

dose was too high or too low, just as in the previous iteration. Again, the Wilcoxon signed-rank

test was used for this purpose.
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3.3.1 Results

Predictive and recommendation performance

Both in development and in validation phases, the dosing model created had a significantly lower

Φ compared to dose ranks prescribed by clinicians (see Table 3.5). When comparing the results

from this iteration (Φ2) to those of the initial iteration outlined in preceding sections (Φ1), the

findings indicated that there was no statistically significant difference in the results attained from

the development database (p-value = 0.098). However, a significant enhancement from the second

iteration as compared to the first was observed in the validation database (p-value < 0.05).

Clinical prescription Model recommendation p-value
Φdevelopment 0.17 (95% CI 0.16 to 0.18) 0.13 (95% CI 0.12 to 0.14) <0.01*
Φvalidation 0.16 (95% CI 0.14 to 0.18) 0.11 (95% CI 0.10 to 0.12) <0.01*

Table 3.5: Mean absolute φ values (Φ) plus 95% confidence interval (CI) for clinical dose rank
prescriptions and model recommendations during development and validation phases. Statistical
differences tested using the Wilcoxon signed-rank test. A p-value under 0.05 was considered
significant.

To further understand the performance of the model and of the clinical prescriptions, the model

performance was analyzed graphically as in previous sections. The clinicians’ score distribution

(φc) were compared to that of the scores from the model (φm) in the test sets of the development

database and in the validation one (Figures 3.5a and 3.5b ). The model’s φ values approached 0

(the best possible dose rank) more times than the clinicians’ scores, suggesting dose ranks higher

than the one favored by clinicians when their φ values were not approaching 0. In 57.4% of

cases in the test set and in 68.8% in the validation database, the dose rank was not modified in

relation to the clinician-prescribed dose. How the dosage was changed from clinician prescription

to model recommendation was further analyzed in relation to the real outcome in number of MII

in Figures 3.6a and 3.6b. Visual analysis shows that the model tends to increase the dose for

patients with low and sub-optimal oocyte retrievals, but also increases dosage for some of the

hyper-responders. Tendencies are similar between this model and the first iteration, with a 100%

of expected poor responders receiving a recommendation of the higher dose rank, and a 89.7% of

expected high responders receiving the remaining lower dose ranks. This means that the current

model recognizes slightly better the expected high-responder profile, even if not as accurately as

expected poor responders. This leads to the already mentioned increase in dose rank in some

hyper-responders (>15 MII obtained).
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(a) Distribution of scores for clinical prescriptions
(φc) and model recommendations (φm) in the devel-
opment database.

(b) Distribution of scores for clinical prescriptions
(φc) and model recommendations (φm) in the vali-
dation database.

(a) Dose ranks prescribed per range of MII retrieved
by the clinicians during validation.

(b) Dose ranks prescribed per range of MII retrieved
by the model during validation.
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3.4 Discussion

Currently, literature on FSH dosage models includes several recommending models that have

provided promising results. Yet, some of them have not been tested by RCT; those that have

(Olivennes et al., 2015; Allegra et al., 2017; Nyboe Andersen et al., 2017), however, have not

been developed for use on all types of patients. The inclusion of only normo-ovulatory patients

(Howles et al., 2006), or patients younger than 40 years with regular cycles (La Marca et al., 2012;

Nyboe Andersen et al., 2017) restricts the personalization of the first FSH dose to a small subset

of patients. In this subset, however, this personalized dose finding is not as critical as for the ex-

cluded patients. As the models presented in this chapter include every type of patient, the results

are enhanced for all of them.

In addition to age, which is the strongest predictor; AFC, AMH, BMI and presence of previous

successful pregnancies as variables in the core model have been shown to be good predictors

of the dose-response function slope. This slope value has already been used as ovarian sensitivity

(oocytes recovered per unit of starting FSH) in the development of a monogram tested by RCT (La

Marca et al., 2012). Its use as an objective variable of the core model mitigates the confounding

effect produced in any non-randomized treatment database, and that could lead a direct model

(oocyte number as objective variable) to determine, for example, that higher doses, which are

often prescribed for low-responders, lead to smaller oocyte yields. As already mentioned, the

treatment is tailored to the patient by the clinician, and it is especially important to account for

the confounding it can cause in a non-randomized database. Removal of this effect also leads to

a model adherent to clinical knowledge, understanding that extreme patients (low-responders and

hyper-responders) have extreme ovarian potential values.

During this chapter we have reviewed two incremental iterations of FSH dosing models, along with

the construction of a score function able to evaluate dose recommendations pre-clinically, tackling

successfully the two challenges set at the beginning of the section. The second iteration, based on

an assumed positive linear dose-response relationship, demonstrated slightly better performance

than the first. Thus, up until this chapter, it is the preferred version. Not only did it obtain better

φ values during the validation phase, its construction around a linear function allows for an easier

interpretation of how the model is assigning doses for each patient. In Figure 3.7 three linear dose-

response functions are plotted, each with a different slope value, and with markers indicating the

dose needed to achieve y∗ (12.5) in each case. With the slopes values of 0.15 and 0.07, the doses

recommended by the function are inside the allowed space, but with the lowest exemplified slope

value, the maximum allowed dose (300) does not reach y∗. This is not only easy to understand,

but does reflect also faithfully the physiological reality of poor responder patients.

Further, the continuous prediction of the doses, as opposite to dose ranks by the first iteration,

allows for an even finer tailoring of the FSH dose. Of course, full continuous selection of FSH dose
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Figure 3.7: Graphical representation of three individualized linear dose-response functions with
three different slopes. The marked points indicated the dose needed to achieve 12.5 mature oocytes
for each function.

for injection is not realistic, as there are some limitations to the granularity of drug administration,

but real dose steps are much finer than the dose ranks proposed in the first iteration. Hence, a

model that outputs continuous recommendations can be easily adapted to the real fine dose-steps.

Additionally, the dosing function enables the final user to select the number of MII desired to be

retrieved, and then obtain the corresponding FSH dose recommendation. This opens the use of

this model to all kinds of situations, not just those in which 12 MII, or 10 to 15, are the desired

result.

As a separate contribution to an inclusive FSH dosing model, the developed performance score

allows to test in silico whether the model would improve results compared with historical data, as

a step preceding an RCT. To this end, the performance score was designed to encode and automate

faithfully an expert clinical assessment of treatment-recommendation-outcome combinations. In

other words, it allows to test whether a recommended dose could fare better than the one al-

ready prescribed, given the real result in retrieved MII. It is therefore possible to estimate reliably

whether the model can improve current clinical practice. With this information, the investment in

a well-designed RCT can be made more confidently. Additionally, results of the in-silico perfor-

mance of the model are more informative than the sole prediction scores (like R squared) of the

core dosing model.

The φ values of the selected model were consistently better than those of clinical practice, both
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in the development and validation databases. This is of interest as the model holds its value even

though the population of the validation database is significantly older. Therefore, it means that

the core model has learnt the important aspects of the relationship between the patient’s charac-

teristics and her ovarian potential or slope in the dose-response function. It is worth noting that

the most significant predicted improvement was for those patients whose oocyte yield was low or

sub-optimal, in which doses are increased on average. Upon implementation, the system’s recom-

mendations may improve the average results and most probably avoid some cycle cancellations

owing to lack of embryos for transfer.

Detailed analysis of the behaviour of both iterations revealed their tendency, when incorrect, to

overdose some patients. This contrasts with clinical practice, in which the tendency is to underdose

when the prescription is inadequate. These instances of overestimations by the models correspond

mainly to hyper-responder patient profiles, which are under-represented in our databases. As

such, the algorithm could not learn appropriately owing to the lack of a sufficient sample size.

Importantly, although the selected model does tend to overdose these patients, it still recommends

the same or lower doses than the clinician in most of these cases, i.e. the clinician also tends to

overdose. Nonetheless, we cannot dismiss the possibility that this could lead to a small increase

in the risk of OHSS. This contrasts with previously published results in which RCT-tested models

reduced the incidence of OHSS risk (Olivennes et al., 2015; Allegra et al., 2017; Nyboe Andersen

et al., 2017). Secondary results of these studies, however, failed to show an increase in either

retrieved oocytes or pregnancy results, with one reporting a reduction in oocyte yield (Olivennes

et al., 2015). Although the risk of OHSS must be taken seriously, it is also true that it can be

managed within a cycle with proper prevention, such as gonadotrophin releasing hormone agonist

trigger and deferred embryo transfer. All things considered, it is not unreasonable to consider a

manageable, or even almost completely avoidable, risk for a small portion of patients in order to

avoid a lack of embryos suitable for transfer for others.

Further analysis of the instances in which the selected model made a sub-optimal suggestion led

to another conclusion. Instances in which the model had negative φ values seem to coincide

frequently with negative values for the clinician’s prescription. Analysis of these cases in more

detail produced a profile of patients with good markers and an unexplained low retrieval of oocytes.

This could possibly be related to undiagnosed genetic polymorphisms in the FSHR or LHB genes

(Lledo et al., 2014), which, obviously, neither the clinicians nor the model could detect. Despite

the possible limitations of the system, it is encouraging that the preliminary results show, in most

cases, similar or better φ of the model’s recommendation compared with the dose prescribed by

the clinician.

In conclusion, clinicians prescribe the first FSH dose for each patient based on their characteristics,

reserve markers and their own experience with similar cases. Although most of the time they

prescribe the dose necessary for an optimal result, sometimes the outcome can unexpectedly vary
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and fall into sub-optimal or extreme ranges. Our model could avoid most of these deviations

by analyzing the patient’s profile and making suggestions for the medical professional to assess.

Once tested and its performance confirmed by RCT, the ML selected model could be used as a

training and learning tool for new clinicians and could serve as quality control for experienced

ones; furthermore, it could provide a second opinion as the information could be useful in peer-

to-peer case discussions.

3.5 Conclusions

At the beginning of this chapter we set up to answer the first research question of this project:

Q1: ”Is it possible to improve clinical FSH dosing policy for Controlled Ovarian Hyperstimulation

using only historical data?”,

which needed first an answer for its subquestion

Q1a: ”How can we analyze a dosing model’s performance before clinical intervention?”.

The first research question (Q1) has been given a positive answer, with a dosing model based in

an assumed linear dose-response function. As for its subquestion Q1a, the answer passed through

the injection of coarse grained counterfactual evaluations constructed as a tailored performance

score to evaluate all possible FSH doses for each case. This demonstrates that the shortcomings of

observational datasets (low treatment allocation variability and difficulties to have complete infor-

mation on all relevant variables) can be surpassed if field knowledge is included in the construction

of the dosing models. Of course, more balanced and varied datasets would enhance results (for

example with more datapoints for hyper-responders), as would the introduction of additional and

more precise clinical knowledge.

The performance score has played a crucial role in evaluating the potential improvement of the

dosing model versus a clinical reality, but it has been developed as an ad hoc solution. This means

that it is not extendable to other similar dosing problems in its present form. In order enable its

extension to other dosing problems, a general method needs to be devised. In the next chapter, a

generalizable solution is presented and demonstrated in the same FSH dosing problem.
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Chapter 4

IDoser: including field knowledge into
the training of dosing models

In this chapter, we will present an approach to answer the second research question

Q2: ”Can we extend this methodology to other dosing problems?”,

by presenting a novel methodology and applying it to the FSH dosing case.

The chapter will cover:

• A formal definition of a general one-time dosing problem

• A thorough description of the proposed methodology

• An implementation in the FSH dosing problem with positive results

• Lessons learned and conclusions

This chapter is a lengthier description of the article ”Núria Correa, Jesús Cerquides, Rita Vassena,

et al. (2023). “IDoser: Improving individualized dosing policies with clinical practice and ma-

chine learning”. In: medRxiv. DOI: 10.1101/2023.03.28.23287859” which has also been accepted

as an oral communication in the ESHRE (European Society for Human Reproduction and Em-

bryology) annual meeting of 2023 in Copenhagen as ”Núria Correa, Jesús Cerquides, Josep Lluı́s

Arcos, Rita Vassena, and Mina Popovic (2023a). “O-185 A clinically robust machine learning

model for selecting the first FSH dose during controlled ovarian hyperstimulation: incorporating

clinical knowledge to the learning process.” In: Oral communication. European Society of Human

Reproduction and Embryology (ESHRE) Annual Meeting. Copenhagen”.
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4.1 Background

As previously explored in Chapter 2, there are methods available to optimize a drug dose selection.

Either PX methodologies or causal inference, separately or combined, especially when enhanced

by ML, are appropriate approaches that can provide model informed precision dosing (MIPD).

The advantages and disadvantages of said methods are briefly summarized here:on the one hand,

PX’s mathematical methods rely heavily on known physiological properties of dose-response re-

lationships, which delivers clinically trustworthy models. These models are obtained and further

refined using prospective data. The utilization of prospective data obtained from randomized trials

enables a more thorough investigation of dose-response functions, as the data are expected to be

independent from confounding factors. However, for social, practical and financial reasons alike,

trials have been historically often limited to an specific portion of population and lack enough

diversity as to have its results be applicable to a diverse population (Oh et al., 2015; Keizer et al.,

2018). Further, trials often exclude patients with certain comorbidities (sometimes all of them) that

are relevant for the studied drug-response function (Gonzalez et al., 2017). Lastly, it is also not

uncommon to find PK/PD models fitted for a proxy outcome rather than the clinically relevant one

due to time and cost considerations. To summarize, frequently PX models available for specific

drugs are not suitable for clinical practice, or are only fit for certain portions of the patient popula-

tion. Methodologies to adapt these models for a more diverse population and considering relevant

biomarkers require either prospective data, an initial model fitted to a clinical relevant outcome

and related to at least some biomarkers, or access to data on drug concentration in blood plus a

diverse and complete observational database (in order to develop a new model without prospective

data). For the reasons explained above and in Chapter 2, subsection 2.1.1, these requirements are

overall difficult to comply with.

On the other hand, causal inference methods do not entail dependence on a PX model fitted to

relevant biomarkers and/or clinical outcome, while they do rely on the causal interdependence of

covariates, drug and outcome. By design, it enables the use of confounded observational databases

in order to obtain reliable causal models. Hence, it maintains causal sense, close to physiology, and

does not need prospective data. However, as mentioned in previous chapters, there are two strong

assumptions that need to be satisfied for these methods to work properly: unconfoundedness and

overlap. In practice this means that (1) all confounders are accounted for and (2) that all cases

have a non-zero probability to receive all treatments or doses possible. For the first statement, it is

important to note that a common struggle in EHR databases is that of completeness. As clinicians

will have diverse medical criteria for which biomarkers are relevant, not all patients will get tested

for all known confounders. Furthermore, the economic costs associated with testing may impede

the fulfillment of all necessary tests. For the second, clinical adherence to standard protocols is

typically high, indicating that patients who fall under certain categories are unlikely to receive

treatments or doses that are not recommended for them. Hence, day-to-day clinical practice rarely
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produces observational datasets that are amenable to the use of current causal methodologies.

This leaves a gap for situations where drug dosing policies are sub-optimal and would still need

an improvement. In Chapter 3 we already explored an ad hoc solution for the FSH dosing policy,

that partly takes inspiration in both PX and causal methodologies by introducing a core model that

complies with known physiological and/or causal characteristics. In the next sections a general

extension of this idea, along with a generalization of the dose evaluating system is presented and

tested in the FSH dosing policy optimization problem. The common objective to reach a 10 to 15

oocyte range stays the same, but maximal dose is explored up to 450 UI.

4.2 The Individualized Dose Improvement Problem

The problem under study can be summarized as the Individualized Dosage Improvement Problem

(IDIP). Given a large population of N patients P , the goal of an IDIP is to select the optimal

quantity of a certain drug, which we refer to as the dose. For every patient pi ∈ P a dose and its

outcome or response is recorded, and there is only a pair of dose-response values. We represent

the response of pi by a real number which we refer to as yi ∈ R, and the dose as di ∈ [0,∞). We

assume that the response can be measured by a single real number. Furthermore, we assume that

the desired levels of response are known for each individual, which we describe as y∗i .

Each patient pi ∈ P is described by a set of k characteristics xi = (x1i , . . . x
k
i ) ∈ X = Rk. These

characteristics can include for example, the patient age in years, its weight, height, gender, values

of previous analysis, and so on.

An individualized dosage policy, or IDP, π : X → R is a function that decides a proposed dose d̂i

provided the characteristics of the patient (xi).

The objective is to find an IDP or π with the minimum error or loss possible. Mathematically, this

means identifying

π∗ = argmin
π

L(π) (4.1)

where L is a collective loss function. That is, the higher the L(π) the smaller the quality of the

IDP π. The collective loss is computed as the average of individual losses (li), one for each patient

pi. The individual loss of a dose on a patient l(yi, y∗i , d̂i, di) measures how good a proposed dose

(d̂i) would be depending on the real di, its correspondent yi obtained and the objective y∗i . Thus,

the Collective loss can be mathematically defined as

L(π) =

∑N
i=1 l(yi, y

∗
i , π(xi), di)

N
. (4.2)

In the IDIP, we are provided with data that describes current practice for the dose policy of the
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drug. Specifically, we are provided with information about N patients out of the complete popu-

lation, and for each patient pi, i ∈ [1..N ], that has been administered the drug, we record

• their characteristics xi ∈ X ;

• the dose of drug administered to this patient, namely di ∈ [0,∞);

• the response value obtained, namely yi ∈ R.

The main challenge posed is: How can we use the information available from current dosing

practices to create an individualized dosing policy with minimal loss?

4.3 Proposal: Individualized Doser (IDoser)

Our proposal hinges on the following two assumptions:

1. The dose-response function is at least locally monotonic, that is the larger the dose, the

bigger (or equal) the expected response.

2. There is a known optimal outcome (y∗) and it is known to us. This can either be a range or

a point.

IDoser is then constructed around two elements: (1) A Core dosing model that relates X to d

through a set of coefficients that we describe as γ, and is used to predict d̂; and (2) A loss function
that evaluates the predicted d̂ depending on d and y (see Figure 4.1).

d = 𝛾!𝑥 𝐿(𝑦, 𝑦∗ , 𝑑, *𝑑)
Observational dataset 

Dose based on 𝛾

Domain 
knowledge

New patient Proposed dose for new patient

𝑿𝟏 𝑿𝟐 𝑿𝒌 y d

𝑥&& 𝑥&' 𝑥&( 𝑦& 𝑑&
… … … … …

𝑥)& 𝑥)' 𝑥)( 𝑦) 𝑑)

Model Loss function

IDoser

…

Optimize 𝛾

Figure 4.1: Principal components of IDoser.
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We will review both elements in the following subsections. For the rest of the manuscript positive

monotonicity will be the default assumption. Nevertheless, IDoser can be effortlessly adapted for

a negative monotonicity assumption.

4.3.1 The core model

Given that our main interest lies in predicting the optimal dose for each patient, a general and

parametric core model is represented as follows:

d̂i = πγ(xi) (4.3)

Where γ ∈ R⋉ is the parameter.

A core model can be specified in linear form as:

d̂i = πγ(xi) = γTxi (4.4)

This is the simplest form that complies with the monotonicity assumption and the requirement of

relating the dose d̂i to the covariates xi through γ, but other more complex forms can be used as

needed.

4.3.2 Loss function

Being able to evaluate a hypothetical or counterfactual dose is key for achieving an improvement

on any real dosing policy (π). Due to the limitations found in clinical observational datasets, we

do not have enough information to build a predictive model for y in counterfactual doses, but we

have enough expert knowledge to evaluate if the doses are good or bad based in ground truth found

in the database. For this purpose, we codify field knowledge into the loss function. Namely, our

two assumptions: positive monotonicity (general or local), and the existence of a desired outcome

y∗. This can be easily introduced as follows:

l(y, y∗, d̂, d) =


−1 dose change is correct

+1 dose change is incorrect

0 no dose change

(4.5)

where a correct dose change is increasing d whenever y < y∗, and decreasing d when y > y∗.

Any change outside of these assumptions would be incorrect (Figure 4.2).
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Figure 4.2: Graphical representation of loss evaluation for cases where y < y∗ (left) and where
y > y∗ (right)

Given positive monotonicity, for any pi that has yi > y∗, an increase on dose would move yi

further from y∗, hence impairing the outcome. In the situation, an improvement would be to

reduce dose. On the situation where yi < y∗ the reverse is true.

It is worth noting that the idea of local monotonicity enables inclusion of dosing settings where

the general monotonicity is an extreme assumption. But if inside local monotonicity can still be

assumed inside a specific dosing space, a local policy can be optimized using the method IDoser.

The function that generates the loss evaluation can be modified as needed for negative mono-

tonicity and, further, complemented with additional rules that may be required depending on the

situation or specific use cases.

One example of this is not considering any change in the right direction as good, and introducing

limitations on dose change. This kind of limitations would ensure that uncertainty is considered,

as larger changes in dose imply less confidence in its effect.

Another rule may involve introducing a certain threshold to start considering d̂ as different from

d. These additional rules would consequently change our allocation of loss value as represented

in Figure 4.3 and will be exploited in our use case.
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Figure 4.3: Graphical representation of loss evaluation for cases where y < y∗ (left) and where
y > y∗ (right) with additional rules considering maximum change allowed and a minimum change
threshold.

4.3.3 Optimization of parameters

After definition of the core model and the loss function according to the use case selected, the

parameters of the model are found by minimization of the loss function. Here, we propose a

coordinate descent algorithm (Wright, 2015), to iteratively establish the set of parameters that

results in a minimum collective loss or L:

γ∗ = argmin
γ

L(πγ) =

∑N
i=1 l(yi, y

∗, πγ(xi), di)

N
(4.6)

Once a minimum is reached within a randomly selected portion of the database (training), the

resulting parameters γ∗ determine the optimized dosing policy, namely π∗ = πγ∗ .

4.4 Use case

The use case aims to find the right FSH dose in a COH for an IVF treatment. In the available

observational dataset, a set of covariates related to the ovarian reserve of the patient are observed,

together with the dose of FSH prescribed by clinicians and the outcome, measured in the number of

mature oocytes retrieved. The covariates include: patient age at the time of treatment, body mass

index (BMI), AFC, AMH levels, and basal endogenous FSH levels. Compared to the variables

used in Chapter 3, basal FSH was added, and presence of previous fertility discarded. Presence

or absence in the model of the variable previous fertility was assessed, concluding that its weight

in the model was not very relevant. Regarding basal endogenous FSH levels, this variable was
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Development database Validation database
(n = 7768) (n = 273)

age 37.09± 4.85 [18-51] 38.13± 4.10 [24-46]
BMI 23.75± 4.22 [14.53-45.18] 22.98± 4.02 [16.45-41]
AFC 11.92± .7.73 [0-81] 11.49± 9.15 [0-85]

AMH 2.38± 2.33 [0.01-32.95] 2.29± 2.5 [0.01-23.70]
basal FSH 7.47± 4.19 [0.1-94.00] 8.78± 6.72 [0.93-89.60]
FSH dose 246.96± 58.95 [100-600] 268.64± 54.73 [112.5-450]

MII 7.30± 5.26 [0-47] 6.55± 6.07 [0-36]

Table 4.1: Summary statistics of development and validation databases.

introduced in this experiment in order to analyze whether its inclusion in the model increased its

performance compared to not including it.

Two databases were retrieved. One dedicated to developing the dosing models, composed of first

IVF cycle patients undergoing treatment between January 2011 and December 2019; and a second

one reserved only for validation of the resulting models (cases from January 2020 to September

2021). A summary of the characteristics of the two databases can be found in Table 4.1.

Thanks to available literature, we confirmed that both assumptions needed for our proposal hold

true. For assumption 1 (positive monotonicity), while some evidences in cows may defy it (Karl

et al., 2021), in the human species, no increment of FSH dose results in a lower number of oocytes

retrieved under the same circumstances (same patient, same menstrual cycle) (Porchet, Le Coton-

nec, and Loumaye, 1994; Arce, Klein, and Erichsen, 2016; Lensen et al., 2018; Abd-Elaziz et al.,

2017). The only negative effects of higher doses of FSH observed in human relate to the quality of

oocytes (Luo et al., 2022) and not their quantity. As such, the positive monotonicity assumption

holds. This is not to say that oocyte quality should be disregarded, rather that both quality and

quantity are relevant for the cycle success, given that only collected and fertilized oocytes have the

chance, by definition, to develop into a blastocyst stage embryo (Maggiulli et al., 2020; Vaiarelli

et al., 2020). Therefore an equilibrium must be sought by defining an optimal number of oocytes to

be achieved. For assumption 2 (known optimal outcome), clinicians select the first dose of FSH in

order to obtain an optimal number of mature oocytes that is known for all patients, although there

is some discussion around what constitutes an optimal number in literature (Sesh Kamal Sunkara

et al., 2011; N. P. Polyzos and S. K. Sunkara, 2015; Steward et al., 2014; Ji et al., 2013; Chen et al.,

2017). In this project, we have defined it to be between 10 (y∗min) and 15 (y∗max) mature oocytes,

following the recommendations by Sesh Kamal Sunkara et al., 2011 and Steward et al., 2014. This

holds true for every patient, even though some will have a reduced ovarian reserve, and will thus

not be able to arrive at this range. For these patients, the dose will be adjusted as needed to bring

them as close as possible to the optimal range. To note: we have described dose as di ∈ [0,∞),

hence there is a minimum set by definition. But this minimum can be higher than 0, and it is very
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likely that a maximum limitation exists. Therefore, it is not only physiologically difficult for some

patients to get to the optimal outcome range, patients can also be limited by the range of available

doses depending on the use case. In this specific use case, dmin has been set at 100 IU of FSH,

and dmax ranging from 300 to 450 IU has been explored. Additionally, dose recommendations by

IDoser will be transformed from its raw continuous form to a discretized space where increments

in dose are done by steps of 12.5 IU. This is done to account for the real available dose steps for

FSH administration.

4.4.1 IDoser for FSH dosing

There are two elements essential for the application of our proposed IDoser in all cases: the core

model and the loss function. For this study, the core dosing model selected assumes an underlying

linear dose-response and is defined as

yi = y0 + βTxid. (4.7)

Then, given a desired outcome y∗, it can be rearranged into our dosing model d̂i as follows

d̂i =
y∗ − y0
βTxi

. (4.8)

This can be generalized to the following dosing model

d̂i =
κ

βTxi
, (4.9)

which will have as parameter set γ both κ and β, that is γ = (κ, β).

For the loss function, additional rules (outside the basic ones described) were defined to ensure an

improved but conservative dosing policy, as highly variable doses are discouraged due to greater

uncertainty regarding the expected outcome. Limitations in dose changes were defined depending

on the outcome range for the specific patient. Following the definitions by N. P. Polyzos and S. K.

Sunkara, 2015, the next categories where defined:

• An outcome below than 4 mature oocytes was considered too low;

• An outcome between 4 and 9 mature oocytes was considered sub-optimal;

• An outcome between 10 and 15 mature oocytes was considered optimal; and

• An outcome greater than 15 mature oocytes was considered too high.

Accordingly, higher changes were allowed for patients with a too low and too high outcome com-

pared to those with a sub-optimal outcome. Specifically, a dose modification up to 150 IU was
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allowed in the first two instances, and up to 75 IU for those in the latter cases. Changes up to 25

IU (two times 12.5, the available step after discretization) were not considered as such. All these

thresholds were established in collaboration with expert professionals in the field.

4.5 Evaluation Methodology

4.5.1 Literature benchmark

We identified from the existing literature the implementation described in the study by La Marca

et al., 2012 and later tested via an RCT (Allegra et al., 2017). This work uses a core model similar

to the one in our research, ensuring positive monotonicity. Additionally, our second assumption

was referenced in the paper by fixing y∗ to 9 oocytes for all patients, leaving implicitly our concept

y0 equal to 0. Thus, we decided to use it as the literature benchmark for our study, and from here

onward will be referred to as La Marca or LM.

Their covariates included age, AMH and FSH. The developed and published model was derived

from running a linear regression of the following equation:

yi
di

= βTxi, (4.10)

where the coefficients included in β were estimated to construct the dosing model. The dosing

model constructed then would be expressed as

d̂i =
y∗

βTxi
. (4.11)

In the following RCT (ibid.) a significantly higher proportion of patients got an optimal outcome

(described here as 8 to 14 oocytes), even if the mean number of oocytes was not significantly

changed.

4.5.2 Optimization exploration

Several approaches were explored when optimizing the LM model, and compared statistically

to clinical practice and the unmodified LM model. Specific details and results are covered in

Appendix B. The final model was obtained after including two extra covariates available in our

dataset (AFC and BMI), and omitting the variable basal FSH. All parameters of γ were optimized

and used for the final proposed doser. A second optimization was run after γ∗ was found in order to

find a value of dmax across the available dosing space that would minimize L even if the maximum

value for dmax (450) was always allowed. This second optimization where, as in the first one, the
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loss function penalizes drastic dose changes, was done to obtain a conservative dosing model even

if no maximum dose boundaries were used.

4.5.3 Model comparison and statistic tests

To compare the optimized models to LM and clinical practice two methods were used. The first

one was analyzing and plotting L of all options across all the dmax values allowed. In this first

method, an extra comparison was performed to understand the quality of the IDoser and LM

models. This extra comparison introduced an oracle decision policy or model, where the doses

recommended are always correct: if a dose change is needed it is done in the right direction and

inside the adequate range. This is done by simply determining if the outcome yi is inside or outside

the optimal range. If it is outside, a dose change is needed, and it is executed in the correct direction

and range. Hence, the oracle model’s dose recommendations represent all available and correct

dose changes for the test patients, or in other words, a perfect policy as per our loss function. The

L value for the oracle indicates the maximum improvement possible in the validation dataset.

To test if any of the methods were statistically different from clinical practice or among themselves,

loss (l) values from every group were compared between them. This is a comparison of more than

three sets (or groups) of related values (as each patient pi has a li value for each method tested). If

the data was normally or close to normally distributed, a repeated measures ANOVA test could be

used. Normality was tested in our data via a Shapiro test, and was rejected (p-value <0.01). Thus,

a non parametric statistical test was needed. We used the method recommended in the studies

by Garcı́a and Herrera, 2008 and by Garcı́a, Fernández, et al., 2010, which are an extension of

the study by Demšar, 2006. Specifically, Iman-Davenport’s corrected Friedmann test (Iman and

Davenport, 1980) was used. When significant results were achieved (meaning that significant

differences were found between the groups), a post-hoc test was used to determine which groups

were different. P-values were adjusted using Finner’s correction, as per Garcı́a, Fernández, et al.,

2010. R’s package scmamp was used to run the mentioned tests. A p-value of less than 0.05 was

considered significant.

4.6 Results

As mentioned, the first methodology used to compare our proposed model, IDoser, to LM and

clinical practice was to plot L of every model after they were used to dose our validation dataset

across all 4 dmax explored. Clinical practice was always described always as L = 0. The values

obtained were plotted in Figure 4.4, together with the oracle’s value (d̂ always in right direction

and range).
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Figure 4.4: L across dmax for La Marca, oracle and the proposed IDoser when used to dose in the
validation dataset. The dashed line marks L for the clinical practice dosing method.

As it can be clearly observed, IDoser is always under LM L values and below the 0 mark, where

clinical practice lies. It is also clear that the oracle model lies far below both of them, indicating

that there is still a gap to be filled.

Regarding statistical results, Iman-Davenport’s corrected Friedman test results (shown in Ta-

ble 4.2) prove a significant difference between models’ L across all selected points of dmax.

dmax 300 350 400 450
p-value 0.002657* 4.977e-11* 5.373e-14* 8.36e-14*

Table 4.2: Results of Iman Davenport’s correction of Friedman’s rank sum test of all methods
tested across the 4 selected values for dmax

The consequent post-hoc test results to ascertain which specific models were different showed

a significant improvement of our optimized model compared to the LM model across all dmax

points explored. This also holds true when compared to clinical practice, except in the case of

dmax = 300, where even if an improvement is observed, it cannot be proven statistically. These

results are represented in Table 4.3. Specific L values and adjusted p-values are listed in Tables

B.1 to B.4 in Appendix B.

dmax Ordered results by significant differences
300 La Marca ≺ Clinical Practice ∼ IDoser
350 Clinical Practice ≺ La Marca ≺ IDoser
400

La Marca ∼ Clinical Practice ≺ IDoser450

Table 4.3: Ordered results from worst (left) to best (right) method in one vs one comparison
across all dmax values. Results extracted from post-hoc test with p-values adjusted by Finner’s
methodology.

67



4.7 Discussion

The proposed IDoser model achieved a significant improvement compared to the LM model across

all investigated dmax values, and most of the times also when compared to baseline clinical prac-

tice or policy, except for dmax = 300. Here, the improvement achieved did not reach the signifi-

cance threshold stipulated. As shown on Figure 4.4, there is actually less margin for improvement

in dosing policy compared to the rest of values of dmax. This would explain why, with our current

sample size, a significant difference compared to clinical practice with dmax = 300 cannot be

shown, as there are few cases that can be improved, and IDoser does not identify a correct dose

change for all of them. This is clearly evident from the distribution of improvable cases across the

outcome axis (number of mature oocytes). We define case as improvable whenever yi is outside

of the optimal range, and d̂i can be changed in the right direction. In Figure 4.5 we can observe

that most of them are concentrated in low or sub-optimal ranges .

Figure 4.5: Distribution of cases that need an increase of dose (red) or decrease (blue) for the
validation dataset if dmax = 450 is allowed.

These cases would need a significant increase of medication, however, as expected, many low-

responder patients have already received 300 IU of FSH by their clinician. This value of dmax

is commonly used in European countries, supported by the new European Society of Human Re-

production and Embryology (ESHRE) guidelines for ovarian stimulation The ESHRE Guideline

Group on Ovarian Stimulation et al., 2020. As shown in Figure 4.6, there are still some cases in the

validation database that have been dosed over 300 IU in clinical practice, indicating that clinicians

thought that some specific patients may benefit from exceeding the broadly recommended dmax,

as studies used for the guideline are based on population tendencies and not individuals. Given

that the IDoser model has been optimized to also auto bound itself for a more conservative dosing
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Figure 4.6: Distribution of doses for La Marca (blue), Clinical Practice (red) and IDoser (green)
for the validation dataset with dmax = 450

policy (with an optimized dmax of 333 IU), it could be used safely with an open dmax in order to

identify which patients are candidates for a FSH dose over 300 IU. Figure 4.6 also aids to visu-

alize how IDoser smooths and shifts the dose distribution slightly upwards compared to clinical

practice, and how it is limited to 333 IU by its automatic bounding system. On the contrary, the

LM model tends to distribute doses more evenly (not as centered in 300), having more cases with

decreased doses and doses over 300 concentrated in the 450 IU mark (dmax value implemented in

Figure 4.6).

These antagonistic tendencies can also be clearly visualized in Figures 4.7 to 4.10, where dose

changes distributed across the outcome are shown for both models (IDoser and LM) and dmax

300 and 450. IDoser (Figures 4.7 and 4.9) tends to rescue more cases under our defined y∗min,

where the majority of improvable cases lie, at the expense of very few patients over y∗max having

their dose increased and some not decreased. This could be due to an under-representation of this

subset of patients in our dataset, and should be considered a limitation of the resulting model. On

the contrary, the LM model performance (Figures 4.8 and 4.10) shows that more patients that need

a reduction on dose get it, but at the same time many patients that need an increase in dose are

instead given a reduced one. That is clearly why our loss function is penalizing this model.

It could be argued that the decreasing tendency of the LM model could be derived by its use of a y∗

value of 9, one step lower than our defined y∗min of 10. Of course, this could be the case for some

patients in our databases, but as shown in Figures 4.8 and 4.10, it would not explain the relevant

dose reductions in patients with very low outcomes. Another cause of the lower performance of

the LM model could be that it was originally developed for normo-ovulatory patients under 40

years, and our database comprises all patients eligible for an IVF treatment. That characteristic
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Figure 4.7: Doses changes for the IDoser
model with dmax = 300

Figure 4.8: Doses changes for the La Marca
model with dmax = 300

Figure 4.9: Doses changes for the IDoser
model with dmax = 450

Figure 4.10: Doses changes for the La
Marca model with dmax = 450

was the motivation for this study, as all published FSH dosing models excluded critical portions of

the patient population. Also notable is the vantage obtained with IDoser while not using a single

point for y∗, but a range of desired outcomes. This makes the model less prone to change doses in

the desired interval, as shown in Figures 4.7 to 4.10.

Finally, it is also worth noting that our loss function penalizes dose changes considered to be too

large, even though they may be in the right direction. Given that our model has been optimized

with these rules to avoid being too bold, the fact that it still recommends significant changes in

dose could be due to some patients truly needing such a change. Importantly, true clinical utility

of IDoser can only be established through a prospective randomized trial.

The methodology described here may be applied to any similar dosing problem. Existing method-

ologies, such as causal inference and double machine learning are very interesting and robust, but

in cases like the one described in this study, far from applicable. Nevertheless, there is still a need

to improve dosing policies using evidence-based knowledge for the sake of patients that receive

subpar clinical care following generalized policies.

Observational datasets available in clinical practice, generated using dosing protocols, are prone to
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have little variability. Moreover, not all confounders can be accounted for evenly across all cases,

as different clinicians favor different biomarkers or prescribe more or less complete test batteries

depending on experience or other factors, including financial constraints or patient request. Hence,

algorithms trained on those databases may not conform with evidence-based knowledge, and even

sometimes plain logic. It is clear that formalizing the rules that a clinician applies based on their

experience, and packaging them in a selected core dosing model and a loss function can help in

the process of obtaining a model that follows those rules. These two rather simple elements allow

for significant versatility for implementation in different dosing settings (local and/or negative

monotonicity, changing core function, etc.). These concepts partially take inspiration from PK/PD

modelling, where physiological and pharmacological assumptions and principles are followed.

This is translated into our methodology by including a core model were the monotonic assumption

is heeded, and by including rules in our loss function that penalize any dose change in the wrong

direction. In this study, we explore a core function derived from a linear dose-response. Other

functions, including exponential and a straight linear function relating dose to covariates were

investigated, however the one presented gave the best results. Other core models that are closer

to physiological dose-response relationships, such as sigmoid functions may be explored in the

future. To note, IDoser in its present form is only applicable to single-dose dosing cases, and does

not take into account adjustment of dose over time for each individual patients.

Ultimately, IDoser achieved an optimized dosing policy in a time-efficient manner, but can also be

implemented in a conservative way to validate drug doses “in silico”. This is especially important,

given that RCTs entail a significant investment both in time and money. Being able to demonstrate

some expected improvement non-interventionally should lead to a faster approval by appointed

regulatory authorities in the route to an RCT.

IDoser constitutes a clear and straightforward method to implement field knowledge to train indi-

vidualized dosing models with a relevant predicted improvement on current clinical practices. This

is especially relevant, as in several instances the historical databases available are not amenable to

more complex methodologies.

Future lines of work include the implementation of individual values for y∗, the use of different

optimization methodologies outside of coordinated descent, or more complex core models close

to real dose-response functions.
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4.8 Conclusions

At the start of this chapter, we established as the main objective to address the second research

question of this project:

Q2: ”Can we extend this methodology to other dosing problems?”.

IDoser has been described and tested successfully in the FSH dosing case. IDoser can be described

as an straightforward method to improve individualized drug dosing policies using available ob-

servational datasets and field knowledge, while simultaneously incorporating requirements of the

specific problem. Its generalized set-up allows for its extension to similar dosing problems, where

monotonicity (positive or negative) and known outcome objective can be assumed. Furthermore,

the loss function is highly customizable, which enables the inclusion of multiple requirements

regarded as important in any given use case, and can also be modified to consider different re-

ward/penalization weights depending on the dose change made. Along this line, the loss function

is the general version of the ad hoc score function presented in Chapter 3, and its inclusion in

the optimization phase is reminiscent of the first iteration presented in that chapter. Hence, ideas

from both iterations (including the dose evaluation in the training phase, and specification of a

core dosing model) have been included in the IDoser method, and specified to allow for its appli-

cation to similar dosing problems. Future work should focus on broadening its applicability and

performance.

Specifically to test its applicability in another setting inside the processes of IVF, Chapter 7 con-

tains an initial approach to the extension of IDoser to optimize the selection of the number of

embryos for transfer.

Regardless of the good performance demonstrated ”in silico” for the FSH case, prospective vali-

dation is still required for iDoser clinical use. In Chapter 5 we will outline a detailed protocol for

an RCT to test its non-inferiority against standard clinical practice.
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Chapter 5

IDoserFSH: A non-inferiority study
protocol for a multi-center randomized
c trial

In this chapter, we will present a detailed protocol for a randomized controlled trial (RCT) de-

signed to test the non-inferiority of IDoser for FSH (or IDoserFSH) compared to standard clinical

practice. This is a slightly modified version of an article currently under revision by the journal

Trials.

5.1 Background

AI-powered solutions, particularly in the healthcare industry, must be utilized cautiously. It is

essential to conduct a thorough evaluation of the models’ performance to prevent any harm to

patients and ensure that the intervention is at least equal in terms of outcome to the current stan-

dard of care, with an ideal improvement on the leading outcome. In clinical settings, RCTs are

considered the benchmark for assessing the efficacy of a treatment. Although there are differing

viewpoints regarding the need for RCTs in all situations, it is an undeniable fact that current regu-

latory norms (specially in the EU) are stringent and require prospective randomized validation for

any AI model that has an impact on treatment prescription in order for appointed authorities to con-

sider their efficacy and safety sufficiently proven. Consequently, the requirement for prospective

validation poses a significant challenge that must be addressed before clinical implementation can

take place. There is no exception for FSH dosing models, such as IDoserFSH, the one developed

in Chapter 4 of this thesis.

Some of the FSH dosing models available in the current literature have been validated in RCTs
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(Allegra et al., 2017; Olivennes et al., 2015; Nyboe Andersen et al., 2017), demonstrating clinical

improvements such as an OHSS risk reduction, or an increase of patients achieving the targeted

response (8-14 oocytes). Nevertheless, no differences in pregnancy or live birth were confirmed.

Furthermore, none of these models consider patients over the age of 40 years or non-normo-

ovulatory women in their development nor in the respective RCTs. As such, the applicability

of current models remains limited. The trial presented in this chapter evaluates an all-inclusive,

comprehensive FSH dosing model for COH (IDoserFSH). This kind of trial for interventional ML

models is sparse in literature, but necessary for a safe clinical application of any medical device of

this nature.

This chapter is composed by the answers to the SPIRIT checklist (Standard Protocol Items: Rec-

ommendations for Interventional Trials; Chan, Tetzlaff, Gøtzsche, et al., 2013; Chan, Tetzlaff,

Altman, et al., 2013). This checklist and its accompanying statement, were elaborated by an inter-

national group of stakeholders (SPIRIT group) with the objective of improving the completeness

and quality of clinical trial protocols. Their recommendations are evidence-based, and developed

using a systematic methodology. The checklist adheres to the ethical principles stated in the Dec-

laration of Helsinki (2008), requirements from trial registration by the World Health Organization

(WHO) and the International Committee of Medical Journal Editors.

5.2 Trial general details

❖ Objectives

This RCT tests the hypothesis that the performance of IDoserFSH in prescribing the initial dose of

FSH during COH is not inferior to the performance of a clinician, measured by the average number

of mature oocytes retrieved after COH. Secondary objectives include the effect of IDoserFSH on

number of cycle cancellations (due to low response or no retrieval of oocytes), number of cases

with OHSS risk, clinical pregnancy and live birth after the first embryo transfer.

❖ Trial design

Single blinded RCT with two arms with a 1:1 allocation ratio, comparing outcomes following FSH

dose selection by IDoserFSH and dosing based on standard clinical practice.

The hypothesis that will be tested is whether the performance of IDoserFSH selecting the first dose

of FSH is non-inferior to the standard clinical protocol in regards to the average number of mature

oocytes recovered per group. The difference in number of MII that is regarded to be clinically

significant is 2 MII. If the average number of MII in the intervention group is inferior in 2 or more

units, IDoserFSH will be considered inferior to the standard clinical practice.
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❖ Trial status

Recruitment has not started. Current protocol version is: version 2 from the 2nd of February 2023.

The protocol has been reviewed and approved by the Eugin ethical committee.

❖ Trial flowchart

The general flow of the study can be visualized in Figure 5.1, with each step in the chart described

in detail the following sections.

Figure 5.1: Trial step-by-step flowchart.
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5.3 Methods: Participants, interventions and outcomes

❖ Study setting

This is a randomized, single-blinded, multicenter clinical trial.

❖ Eligibility criteria

Patients will be selected based on eligibility criteria by their clinician during the pre-treatment

visit. Inclusion criteria are:first IVF cycles; use of autologous oocytes (those pertaining to the same

patient); and use of FSH on the first day of stimulation (which can be combined with luteinizing

hormone, LH). Exclusion criteria are: natural cycles (without COH); and cycles in which FSH is

not measured in International Units (IU).

❖ Who will take informed consent?

Patients will only be included in the trial after written informed consent is retrieved by medical

personnel prior to starting COH. This medical personnel will be composed by the main clinicians

assigned to each patient, that follow them up during their treatment at the clinics.

❖ Additional consent provisions for collection and use of participant data and biological
specimens

Not applicable

5.4 Interventions

❖ Explanation for the choice of comparators

Patients in the control group will be prescribed their first dose of FSH by the clinician in accor-

dance with standard clinical practice.

❖ Intervention description

Patients in the intervention arm will be prescribed the first dose of FSH by IDoserFSH, that will

take into account the age of the patient, BMI, AFC and AMH. These data will be retrieved from

the patient clinical file after their first visit to the clinic, after providing the patient with informed

consent documentation.
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❖ Criteria for discontinuing or modifying allocated interventions

Participants can withdraw from the study at any time and for any reason, or no reason. The

reason for withdrawal will be recorded if patients choose to disclose this information. Failure to

administer the allocated FSH dose and discontinuation of IVF for medical reasons will also result

in withdrawal. Participants will be communicated about their withdrawal (if not decided by them)

as soon as either error of dose administration or a medical reason are detected. If a medical reason

or an error in FSH administration is detected, the participant’s treatment will either be interrupted

or continue as routine practice, depending on the clinician judgement. The data of withdrawn

patients obtained during their participation in the study will be included in the study analysis.

Withdrawn patients will not be replaced.

❖ Strategies to improve adherence to interventions

The research team will ensure that the patient has adequate follow-up after the end of the interven-

tion in order to retrieve all relevant outcome data, which is the standard after treatment for all IVF

patients.

❖ Relevant concomitant care permitted or prohibited during the trial

Outside of first FSH dose allocation, the COH and IVF treatments will be under control of the

assigned clinician of the participant, as per routine practice.

❖ Provisions for post-trial care

Care post-trial will follow routine practice and will be controlled by the assigned clinician for each

participant.

In accordance to the Spanish legislation regarding clinical trials with medicines (Real Decreto

223/2004 6th of July), the sponsor of the study will subscribe an insurance covering the sponsor,

investigator, collaborators and center. This will cover any contingencies in the event of deleterious

consequences for participants.

❖ Outcomes

The primary efficacy criterion will be the number of mature, MII oocytes retrieved at OPU. This

treatment outcome is the closest to the intervention and has a clear impact on IVF cycle success.

Secondary efficacy endpoints will include cycle cancellations (due to poor response or in the event

that no mature oocytes are retrieved), OHSS risk, clinical pregnancy and live birth per first transfer.

The following variables will be analyzed:
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• COH outcome variables

– Number of MII oocytes

– Number of cumulus-oocyte complexes (COCs)

– Estradiol at last ultrasound assessment (pg/ml)

– Number of follicles ≥ 11mm at last ultrasound check

– OHSS risk rate (risk = estradiol > 5000 pg/ml and or ≥ 18 follicles ≥ 11mm at last

ultrasound check)

– OPU cancellation rate (number of patients who have stopped COH prior to OPU/total

number of patients)

– Cycle cancellation rate (number of patients with no MII oocytes at OPU/total number

of patients)

• Pregnancy outcome variables

– Clinical pregnancy rate (fetal heart beat observed at 7th week of gestation) per first

embryo transfer

– Live Birth rate per first embryo transfer

❖ Participant timeline

Participant schedule for enrolment, interventions, assessments and trial relevant visits can be vi-

sualized in Figure 5.2.

A detailed description of the timepoints reflected in the figure is as follows:

• −t1: First appointment with the clinician where information on IVF treatment is relayed to

the patient. Information on the trial is communicated to the patient, and informed consent

documentation is handed over to eligible patients. If any of the baseline variables needed for

IDoserFSH to function are not available at this time, steps are put in place to obtain relevant

information for the next appointment. These can include petition of blood tests for AMH

level results, or echography for AFC assessment.

• t0: Appointment with the clinician where the signed informed consent form is retrieved.

Patient is included if all baseline variables are available. Once included, the participant

is allocated to either the IDoser FSH selection group or control group. The FSH dose is

prescribed to the participant.

• t1: First day of the COH protocol. Participant will self-administer the prescribed dose of

FSH.
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Figure 5.2: SPIRIT flowchart of enrolments and assessments: Detailed timing for relevant events
for participants during the randomized trial

• t2: Last ultrasound appointment prior to OPU. First outcome variables are registered (OHSS

risk and OPU cancellation).

• t3: Day of OPU. Further outcome variables are registered (number of COCs recovered,

number of MII recovered and cancellation after OPU).

• t4: Appointment to evaluate the presence of a fetal heart beat at the 7th week of gestation

to establish whether pregnancy is achieved after first embryo transfer in current IVF cycle.

Presence or absence of clinical pregnancy is registered.

• t5: End of study, considered after outcome on live birth after first embryo transfer is ob-

tained. Presence or absence of live birth achieved is registered.

Baseline variables include all necessary variables required for IDoserFSH, including age of the

patient, BMI, AFC, and AMH levels.

❖ Sample size

A sample size calculation was performed to establish the number of participants required for the

study. To determine a statistically significant difference equal or greater to 2 MII oocytes, 118

subjects are necessary in each group (n=236), accepting an alpha risk of 0.05 and a beta risk

of 0.2 in a one-sided test. We estimate a mean common standard deviation of 5.84 (as per the

observational data included during development and validation of IDoserFSH) and anticipate a

drop-out rate of 10%.
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❖ Recruitment

All potential participants will be informed about the study by their clinician prior to undergoing

IVF treatment.

5.5 Assignment of interventions: allocation

❖ Sequence generation

Stratified block randomization will be carried out depending on whether the patient is an expected

poor responder (AMH < 1.2 ng/ml and AFC < 5, as per POSEIDON criteria Esteves, Roque,

et al., 2018), high responder (AMH ≥ 3 ng/ml and AFC ≥ 15) or expected normo responder (all

other cases). This will ensure equal distribution of these patient etiologies across both arms. There

will be 3 blocks (one for each strata) for every arm. The size of every block has been determined by

the population distribution of each mentioned strata during the development and validation of the

IDoserFSH to be studied (13% poor, 15% high and 72% normo-responders) (Correa, Cerquides,

Vassena, et al., 2023). These figures translate to 15 patients in the poor responders group, 18 in

the high responders, and 85 in the normo-responders within each arm. The study group (treatment

or control) will be randomly assigned using a computer program with a 1:1 allocation ratio.

The 3 randomization lists will be generated using the online software Graphpad 1. This is a single-

blind trial, in which the patients are blinded to the source of the dose prescribed, as are also other

clinicians apart from the assigned one to the participant, embryologists and part of the research

team.

❖ Concealment mechanism

Single-blind trial. Participants will not be aware of which arm they have been placed in. Once

the random allocation sequences are generated, they will be stored in an electronic data table

accessible to the responsible clinician. Once the data for IDoserFSH is introduced into the table,

the arm allocation field will be populated with the next free sequence value of the participant strata.

Apart from the data coordinator, the research team will also be blinded to participant allocation.

❖ Implementation

The allocation sequence will be generated with the Graphpad tool by a member of the research

team. Enrollment will be carried out by medical doctors. Once included, participants will receive

the prescription for the first FSH injection dose, whether decided by the clinician or IDoserFSH,

and self-administer it as indicated by their clinician.
1http://www.graphpad.com/quickcalcs/randMenu/
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5.6 Assignment of interventions: Blinding

❖ Who will be blinded

Participants will be blinded to arm allocation. The research team will also be blinded, with the

exception of the data coordinator. The medical team, with the exception of the ones assigned to

care of the participants, will also be blinded to arm allocation. The embryology laboratory team

will be blinded as well.

❖ Procedure for unblinding if needed

Unblinding for participants will be permissible after their participation in the trial is ended. Ad-

ditionally, it will be permissible for patients, the medical and embryology team in the event of a

medical event that justifies unblinding.

5.7 Data collection and management

❖ Plans for assessment and collection of outcomes

All trial data will be collected as per standard clinical practices for IVF treatments in the participant

clinics.

❖ Plans to promote participant retention and complete follow-up

There are no additional plans for retention of participants.

❖ Data management

Data will be registered both in the electronic data table where allocation is provided and in a

separate registry file. In the electronic data base, maximum and minimum value checks will be

performed for every variable (if applicable).

❖ Confidentiality

Participants’ information will be stored in both an electronic data table and registry file in a secure

folder with controlled access only accessible to clinicians and the research team involved in the

trial. This folder will be located in a secure server under exclusive control of the sponsor. Both
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the data table and registry file will be password protected. All data will be anonymized. Personal

data will be protected according to the Regulation (EU) 2016/679 of the European Parliament

and the Council of 27th April 2016 on the protection of natural persons in regards to processing

of personal data and on the free movement of such data (General Data Protection Regulation or

GDPR). In Spain, in addition to the GDRP, the transposition of this regulation to the national “Ley

Orgánica 3/2018, de 5 de diciembre, de Protección de Datos Personales y garantı́a de los derechos

digitales” will apply.

Relevant data will be stored 10 years after the finalization of the trial as per Regulation (EU)

2017/745 from the 5th of April.

❖ Plans for collection, laboratory evaluation and storage of biological specimens for ge-
netic or molecular analysis in this trial/future use

Not applicable

5.8 Statistical methods

❖ Statistical methods for primary and secondary outcomes

Descriptive analysis

Description of all demographic and result variables included in the trial will be provided overall

and per study group (mean, standard deviation or SD, n, %).

Univariable analysis

Differences regarding the number of MII oocytes amongst the groups will be evaluated using a

t-student test or Mann-Whitney U test (if the distribution is not normal). These tests will also be

used to compare FSH doses and COC number.

Regarding all categorical variables (OHSS risk, OPU cancellation, cycle cancellation, clinical

pregnancy, live birth), differences between groups will be evaluated using Pearson’s Chi Squared.

Description of adverse events (if any) will be provided by study group.

The efficacy analyses will be performed in accordance with the intention-to-treat principle.

A p-value <0.05 will be considered as statistically significant.

❖ Interim analyses

There is no interim analysis planned for this study.
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❖ Methods for additional analyses (e.g. subgroup analyses)

Subgroup analysis will be carried out for participants predicted to be low, high and normo-responders.

❖ Methods in analysis to handle protocol non-adherence and any statistical methods to
handle missing data

Non-adherence to the trial protocol would imply that the participant has either not received the

intervention planned or has later dropped out of the IVF treatment/follow-up or not adhered to

the prescribed protocol outside of the trial intervention. As such, they would be considered as

withdrawn from the trial. In either case, data will be analyzed following the intention-to-treat

principle.

Missing covariates would immediately be considered as exclusion criteria, as they are necessary

for the randomization and/or the use of the IDoserFSH.

❖ Plans to give access to the full protocol, participant level-data and statistical code

Fully anonymized participant level data and the statistical code used for this trial will be made

available by the corresponding author on reasonable request.

5.9 Oversight and monitoring

❖ Composition of the coordinating centre and trial steering committee

This is a multicenter trial, where the coordinating centre is Clinica Eugin in Barcelona. Daily

support for the study is provided by the:

• Principal investigator: supervises the trial and coordinates the study team.

• Data coordinator: manages data annotation and data safety and quality

• Research team: includes both principal investigator and data coordinator, together with co-

investigators in charge of data outcome analysis.

• Medical team: in charge of participant recruitment, handling of informed consent forms,

follow-up of participants, and safety monitoring according to protocol.

There is no steering committee.
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❖ Composition of the data monitoring committee, its role and reporting structure

The unblinded data coordinator will be in charge of monitoring safety and quality of data and will

report to the principal investigator. The data coordinator is not independent from the sponsor. The

research team has no commercial conflict of interest.

❖ Adverse event reporting and harms

Clinical study participants will be routinely asked about adverse events (quantity and quality)

at each study visit. Any adverse event that may occur to the participants of the study must be

documented and followed up by the investigator. The event will be documented with the necessary

investigations for adequate assessment of causality as established in the document “MDCG 2020-

10/1- Safety reporting in clinical investigations of medical devices under the Regulation (EU)

2017/745”. Serious adverse events must be immediately notified to the sponsor, who will be

in charge of reporting the events to the Ethics Committee and the Competent Authorities. The

sponsor must report serious adverse events within 15 days (7 days in case of death or a life-

threatening event) using the official serious adverse events notification forms. The sponsor will

report the serious adverse events through Eudavigilance-CT.

❖ Frequency and plans for auditing trial conduct

This trial is subject to external audit independent from investigators and the sponsor, annually.

The data coordinator will perform internal audits quarterly, by randomly selecting a subset of

participants and crosschecking the electronic data table and informed consents.

❖ Plans for communicating important protocol amendments to relevant parties (e.g. trial
participants, ethical committees)

Any amendment to the trial protocol will be reported to the Ethics Committee and Competent

Authorities, and only applied after their approval.

❖ Dissemination plans

Plans to disseminate results and conclusions of the trial include scientific papers and/or congress

communications.
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5.10 Conclusions

In this chapter, a highly detailed protocol for an RCT to validate the non-inferiority of IDoserFSH

compared to standard clinical pregnancy was presented. After the conclusion of the study, a more

certain determination regarding its appropriateness for clinical implementation can be conducted.

If the non-inferiority of IDoserFSH compared to standard clinical practices is demonstrated, reg-

ulatory bodies can approve the next steps (like CE marking for medical devices in the European

Union) for its clinical implementation.

RCT trials for ML models that intervene in treatment prescription, as already mentioned, are

currently sparse in literature. There is a clear struggle between their necessity, especially for

high-stakes medical decisions, and their cost both in time and resources. Administrative changes

could be achieved upon collaboration between AI experts and regulatory bodies in order to fine

tune which type of AI-driven medical solutions call for an RCT to gather enough evidence of

their efficacy and safety in the eyes of appointed authorities. However, up until that moment

arrives, the utmost care must be applied whenever selecting a candidate for an RCT. This can be

achieved by examining exhaustively the in-silico performance of any candidate, and determining

if its recommendations are coherent with field-knowledge. IDoser has been developed in order to

accomplished precisely this, and when applied for the FSH dose recommendation task, it has been

examined in detail before deeming a good candidate for an RCT trial (see Chapter 4).

In the following chapter, a first approximation to the selection of number of embryos for transfer

is described, with an initial approach based on the IDoser method later described in Chapter 7.
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Chapter 6

Limits of conventional Machine
Learning methods to predict pregnancy
and multiple pregnancy after embryo
transfer

In this chapter we will present a first approximation to the optimization of the selection of the

number of embryos for transfer using out-of-the-box ML methods. This chapter is a slightly mod-

ified version of the paper presented as an oral communication in the 23rd International Conference

of the Catalan Association for Artificial Intelligence (CCIA) as Núria Correa, Rita Vassena, et al.

(2021). “Limits of Conventional Machine Learning Methods to Predict Pregnancy and Multiple

Pregnancy After Embryo Transfer”. In: CCIA. DOI: 10.3233/faia210141.

6.1 Background

A core objective of this thesis has been the construction of ML models that abide by constraints

determined by field knowledge. Without that, trusting recommending models trained from ob-

servational data is certainly challenging. This has been the case in optimizing the dosing policy

for FSH, and it is not an isolated case. In several healthcare fields, a robust research background

already exists, providing a high amount of field knowledge. In this context, it is expected that

known data relations are picked up by trained models and their predictions heed them. In other

words, the models’ decisions need to be coherent with previously demonstrated knowledge. Fur-

thermore, to ensure user confidence and general transparency, the explainability of ML models is

of paramount importance. Being able to explain in a relatively simple way how the models arrive
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to their decisions also allows for a better inspection of their adherence to field knowledge. To sum

up, expectations on how the models will work are set by preceding research, and failure to comply

with it hinders the models’ applicability and logically, diminishes the confidence of the users in

the models’ predictions.

The specific case covered in this chapter, the selection of the number of embryos for transfer in an

IVF treatment, is no exception. A brief reminder of the main challenge of this decision follows.

After oocyte retrieval and fertilization in vitro with a processed sperm sample, the resulting em-

bryos are cultured in the IVF lab for a few days. Then, selection of those expected to have better

chances of giving rise to a healthy pregnancy leads to their transfer to the uterus of the patient.

IVF provides approximately 30% pregnancy rate per treatment, which leads to about 20% delivery

rate (De Geyter et al., 2018). These rates can undoubtedly be frustrating for both professionals

and patients. Until recent years, double embryo transfer (DET) has been standard practice in or-

der to compensate these low success rates. This strategy does increase the rates of pregnancy

compared to single embryo transfer (SET), but it also increases the occurrence of multiple preg-

nancies (Kamath et al., 2020). Compared to singleton births, twin births have higher obstetrical

risks (Crosignani et al., 2000). Clinically, repeated SET is the logical solution, as its success rate

is equivalent to that of a one-time DET treatment (Kamath et al., 2020), while drastically reducing

the chances of a multiple pregnancy. However, lower embryo quality can see the chances of mul-

tiple pregnancy reduced, and singleton pregnancy chances raised enough as to reach a risk-benefit

scenario that actually calls for a DET as opposed to repeated SET. Additionally, there is a portion

of patients that will drop out after a negative treatment, even if there are still embryos that are

considered apt for transfer or, in other words, they still have chances to achieve a pregnancy. It

is important to remember that often economical and psychological factors play a relevant part in

the patients’ decisions regarding following their treatment and/or the selection of the number of

embryos to get transferred, even if thoroughly counseled by expert clinicians.

Considering all this, it is clear that the clinical objective when selecting between a SET or DET

treatment for each individual patient is to get the highest pregnancy chance with the lowest twin

pregnancy risk. And so, it is natural to search for methods that allow us to predict better the chance

of pregnancy (P) and multiple pregnancy (MP) for patients before getting SET or DET. In order to

do so, in this chapter, out-of-the-box ML methods will be explored.

Then, the technical objective is training models able to predict chances of P and MP given a set

of covariates that include both treatment options. Getting accurate models for these tasks would

enhance professionals’ confidence in aiding patients to make an informed decision. But for those

models to be really regarded as usable in clinical practice they need to comply with previously

demonstrated knowledge, leading us to identify three main constraints:
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1. Constraint 1: Under stable conditions (same patient, same cohort of embryos) it is not

possible for the chances of both P and MP to be decreased by increasing the number of

embryos transferred (positive monotonicity). [Kamath et al., 2020]

2. Constraint 2: Under any conditions MP chances cannot be higher than P chances.

3. Constraint 3: Chances of P and MP are highly correlated with age, embryo stage, and

quality (Hardarson et al., 2003; Glujovsky et al., 2016; Grøndahl et al., 2017).

To test the performance of conventional ML models, we need to examine their compliance with

all three constraints, further to standard measures such as AUC.

There are several available models focused on predicting the reproductive results of SET treatment

versus DET (S. A. Roberts, L. McGowan, et al., 2010; Stephen A. Roberts, Linda McGowan, et

al., 2011; Vaegter et al., 2019; Wen et al., 2022). They report their prediction power mainly

in AUC score values, but hardly explore explicitly their compliance with field knowledge (the 3

constraints). As such, similar methods are explored in this chapter in order to ascertain if out-

of-the-box ML models can comply with them without any specific adaptation. At the time of

work, a real clinical dataset was not yet accessible. A synthetic database was constructed based

on statistics reported on a real dataset, as described in the next section.

This chapter will be structured in 4 sections:

• Material and Methods: Detailing the construction and descriptive analysis of a synthetic

database, and the method to examine how models trained on it perform predicting P and

MP.

• Results: Specifying the prediction scores of trained models and their adherence to the above

determined constraints.

• Discussion: A comprehensive evaluation of the outcomes obtained in the preceding sec-

tions.

• Conclusions: Learnings from the work detailed in the chapter are examined and future

needs identified.

6.2 Material and Methods

There are multiple public and published sources that report results on P and MP with both SET and

DET (S. A. Roberts, L. McGowan, et al., 2010; Aldemir et al., 2020). All these population level

studies are coherent among them but offer only summarized sample statistics, and no granular
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patient level datasets are publicly available. In this chapter, to ensure reproducibility, we focused

on the data from the observational study by Aldemir et al., 2020, taken as a guiding example to

synthetically generate a dataset. In their study, where 2298 patients were included, three groups

were compared: those who got DET with good quality embryos (GQEs), DET with mixed quality

embryos (MQEs), and SET with good quality embryos. For those three groups several variables

were gathered, including age, embryo stage, results on P and results on MP.

The replicated dataset was carefully constructed. Maternal age was simulated for every group

using mean and standard deviation reported by the observational study to randomly sample from a

normal distribution, resulting in 33.28 ± 4.1 for the first group, 34.4 ± 3.8 for the second and 29.2

± 4.1 for the third. Individual outcomes of P and MP per group and embryo stage were sampled

randomly from reported results using a Bernoulli distribution. The resulting proportions, shown in

Tables 6.1 and 6.2, had less than a 5% deviation compared to the original study results. Further,

strict restrictions were put in place in order to avoid inconsistencies in our artificial dataset, such

as cases with positive MP results but a negative P result.

DET with GQEs

n=324

DET with MQEs

n=127

SET with GQE

n=887

P 41.05 35.43 29.99
MP 23.46 9.45 3.16

Table 6.1: Proportions of pregnancy and multiple pregnancy instances by group in patients who
got transferred embryos at the cleavage stage

DET with GQEs

n=174

DET with MQEs

n=52

SET with GQE

n=734

P 56.32 25.00 43.46
MP 32.76 23.08 2.32

Table 6.2: Proportions of pregnancy and multiple pregnancy instances by group in patients who
got transferred embryos at the blastocyst stage

Three common ML classifiers were selected to be trained on our resulting database: Logistic

Regression (LR), Random Forest Classifier (RFC), and Gradient Boosting Classifier (GBC). A

randomly selected 80% of the synthetic database was used to train them and the other 20% was

reserved for testing purposes. Average AUC and accuracy scores were obtained by cross validating

10 times over the training dataset.

As not only conventional scores are important in this kind of scenarios, the predicted outcomes on

the test portion were analyzed to assess compliance of the 3 stated constraints. To do this, all cases
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in the test dataset (1) got predicted probabilities of P and MP with SET and DET separately to

detect any negative “effects” of increasing the number of embryos; (2) got predicted probabilities

of P and MP to detect cases with higher MP chances than those of P; and (3) both P and MP

predicted chances were examined for its relations with maternal age and embryo stage and quality.

6.3 Results

After analyzing common prediction scores as AUC and accuracy, the LR and GBC classifiers fare

better at predicting both outcomes, with LR being slightly better at AUC and GBC at accuracy

(see Table 6.3). Regarding the mean expected effect of using DET versus SET for every specific

patient, all estimators get close to values described in literature regarding P, which fall between

12% and 23% increased chances (Kamath et al., 2020) This is not the case of MP, where multiple

RCTs pooled suggest an increase between 11% and 13% if DET strategy is used compared to SET.

RFC and GBC are slightly over those values, and LR is very clearly out of the described range.

AUC Accuracy Mean effect Constraint 1 Constraint 2 Constraint 3

LR-P 0.58 0.55 0.14 Yes No Partial
LR-MP 0.78 0.75 0.55 Yes - No
RFC-P 0.52 0.54 0.17 No No No
RFC-MP 0.71 0.86 0.24 No - No
GBC-P 0.56 0.62 0.12 No No Partial
GBC-MP 0.77 0.91 0.21 No - Partial

Table 6.3: Results of the divided by type of model (Logistic Regression, Random Forest Classifier,
Gradient Boosting Classifier) and outcome (Pregnancy and Multiple Pregnancy). Mean effect
shows the mean differences between chances predicted with DET minus chances predicted with
SET.

When considering the first constraint (under the same conditions increasing the number of embryos

cannot decrease the success chances), only LR complies fully with it. RFC and GBC both show

multiple instances where their predictions estimate a decrease in chances in DET vs SET in the

same patient, as shown for example in Figure 6.1.

Looking upon the second constraint we found no compliance across all models studied, with GBC

infringing the constrains the least (see Figure 6.2).

Lastly, for the third constraint both LR and GBC comply only partially and RFC does not comply

with it. It is referred as partial as with both models age seems to add little to no variation in

predicted P when embryo stage does, as shown in Figure 6.3. Predicting MP though, GBC seems

to show some variation across ages, but LR does not comply at all.
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Figure 6.1: Probability differences between predictions on the same patients with SET and DET
in the models Logistic Regression (left) and Random Forest Classifier (right) trained to predict
pregnancy outcomes.

Figure 6.2: Distribution of the differences in predicted probabilities for pregnancy and multiple
pregnancy using Gradient Boosting Classifiers.

91



Figure 6.3: Logistic Regression and GBC pregnancy predicted probabilities plotted against mater-
nal age and colored by embryo stage (blastocyst yes or no).
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6.4 Discussion

Given the poor adherence to the 3 constrains, the three conventional ML models tested are not

entirely suitable for the task at hand, even though the AUC scores are close to those available in

the medical literature. The highest performing algorithm seems to be LR but it only complies with

some of the constraints. If presented to a field expert for clinical practice, it would not be regarded

as clinically robust and thus unusable. In any ML implementation related to healthcare, a model

needs to be accurate but it also needs to convince the professional about its reliability, i.e. being

consistent with field knowledge. Especially nowadays when AI and ML models are under public

scrutiny and asked to be accountable, and that leads to be able to explain their decisions.

Concerning the first constraint (positive monotonicity), there seems to be an inbuilt bias in the

dataset, where younger patients and embryos with better qualities or more advanced embryo stages

tend to lead to more SET treatments. This is in agreement with previous knowledge of the field, as

better prognosis is associated with a higher risk of MP, and so professionals and patients tend to

prefer SET. Older patients and lower quality embryos tend to fair worse, and so with lower risks

of MP, they tend to get more DET attempts. In other words, treatment is not randomized, as it is

often the case in observational databases. Also, our dataset does not contain SET with embryos of

lower quality, nor DET with both embryos of lower quality. This may create a confounding effect

that cannot be accounted for correctly by the model. It would be interesting to identify from the

literature studies with more types of embryo combinations, to understand if this remains a concern.

Unfortunately, none of the published researches check for that constraint.

As for the second constraint (MP chances cannot exceed P chances in individual cases), one of the

main problems seems to be the need to model two separate but closely related outcomes, without

being able to state some restrictions on how the models should predict both outcomes for the same

patient. Even if treated as a multiclass problem (with outcomes failure, P, and MP) we would

not be able to specify that there should never be a higher chance of MP than of P with common

classifier ML models. Looking at the available literature, a way of overriding the second constraint

would be by constructing the MP model only using data of DET cycles that got a successful P, as

that is what all studies do in constructing MP models. But that would drastically reduce the size

of the available dataset and maybe hinder the models’ performance. It also completely ignores the

prediction of the probabilities of MP for SET cycles that, though they have very little chances in

general of an instance of MP, could be also interesting to be able to predict.

Last but not least, the third constraint (P and MP are correlated to age and to embryo stage and

quality) seems to be mostly complied with in published studies. In these publications, the datasets

include far more information than the one here constructed, indicating that possessing a database

with richer characteristics would enable us to get models compliant with it. To this extent, in

Chapter 7, a real clinical database with more relevant variables is used.
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6.5 Conclusions

In this chapter we have shown that conventional ML models, even when performing well in terms

of prediction score at the population level, struggle considerably at the individual patient level. In

doing so, they fail to comply with clinical knowledge derived constraints. The issue of suitability

for population analysis but non applicability for individual level prediction is also reported in S. A.

Roberts, L. McGowan, et al., 2010, even if not by explicitly checking adherence to our constraints.

In healthcare specifically, explainability is very relevant as it enables a straightforward analysis

of the model’s alignment with previous field knowledge. As exposed in other studies (Obermeyer

et al., 2019), failing to ensure cohesiveness to it can lead to diminished user confidence in the

model and, in the worst-case scenario, detrimental consequences for patients.

Focusing on the specific experiment detailed in this chapter, there seems to be possible solutions

for the second and third constraints (C2: MP chances cannot be higher than P chances; C3:
chances of P and MP are highly correlated with age, embryo stafe and its quality) , but for the

first one (C1: chances of P and MP cannot be decreased by increasing the number of embryos to

transfer) there seems to be no straightforward answer without adapting the learning process. This

exploratory experiment and its results tie with the core concept of this thesis: to obtain clinical

robust AI models from biased observational data field knowledge needs to be codified into the

training process. The method we called IDoser, described in Chapter 4, is designed to do exactly

that. Thus, the natural progression after the experiment presented here, is to apply IDoser to this

problem, which would further answer the third research question:

Can we extend this methodology to other dosing problems?

Preliminary results of applying IDoser to optimize the selection of the number of embryos for

transfer are reviewed in the next chapter, along with an evaluation of the main conclusions and

contributions of this thesis and future lines of work.
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Chapter 7

Conclusions and Future Work

In this chapter we will review the lessons learned from the research in this thesis, the main contri-

butions made and their correspondent publications, and finally, outline the open lines of work to

be tackled in the future.

7.1 General conclusions

This thesis focuses on the use of AI within clinical environments, particularly in the context of

artificial reproduction techniques (ART), with the objective of enhancing the process of one-time

dose selection optimization. As it is often the case in such clinical settings, historical data gathered

from past treatments constitute the main source of information available. These historical datasets

contain information on non-randomized dose allocations, as are derived from day-to-day clinical

practice. Consequently, as routine practice is focused on the best interest of the patient, standard

procedures are guided by protocols, experience, and the scientific literature on the specific drug

and its effect on the desired outcome. This leads to similar patients receiving similar doses, which

produces datasets with limited variability in dose allocation. This is also related to the confound-

ing effect found in them, as doses are allocated depending on specific covariates that also affect

outcome.

Out-of-the-box ML methods are not suitable to optimize dose selection in these cases, as the

information captured in clinical observational datasets is insufficient for them to learn the true

underlying dose-response relationship, as explicitly explored in Chapter 6. It is a commonly said

that AI learns from what we show it, and this is clearly the case here, where clinical observational

datasets lack enough information for the model to learn the proper dose-response relationship.

Pharmacometrics (PX) and causal inference methods are good approaches to model these dose-

response relationships. PX is based on mathematical models that already introduce constraints
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on how the functions can be modelled, complying with known characteristics of the drug studied.

This method, though, works best with prospective randomized data or with varied observational

data that includes drug blood levels. Causal inference does work perfectly with observational data,

but needs varied enough dose allocation and complete information on all confounders known to af-

fect the dose-response relationship. The variation on dose allocation has been already discussed to

be challenging to be obtained in observational clinical datasets. Additionally, obtaining complete

information on all the confounders is certainly difficult, as different medical criteria from each

practitioner and economical barriers can hinder the test of all relevant variables. Even-though

these approaches cannot be implemented in many clinical settings, their logic has been an inspira-

tion for the solutions presented in this thesis.

As models need to be trained on a more complete picture than the limited observational datasets

available in clinical settings, it is clear that we need to introduce field knowledge in the process. In

this thesis, we explore this in Chapters 3 and 4 by introducing a core dosing model that complies

with known characteristics of the drug-outcome function like monotonicity (or even just local

monotonicity). This concept is inspired by the PX approach, where specific curves are fitted

that comply with certain pharmacological properties. It is further reinforced in Chapter 4 by the

introduction of a loss function into the training of the dosing model. This loss function and the

ad hoc performance score described in Chapter 3 evaluate dose recommendations obtained from

the model by comparing them to real prescribed doses that are associated to a known outcome.

This counterfactual evaluation, inspired by the causal inference approach, is done thanks to expert

knowledge on the dose-response relationship. To summarize, codification of expert knowledge

does not only lead to dosing models that perform better than clinical standard, it enables them to

be clinically robust and trustworthy, as they are trained to comply with specific constraints deemed

relevant by field experts.

With the ever increasing interest of AI in clinical settings, concerns are being raised about its safety

for patients and about the explainability and accountability of models. In order to gain the trust of

both practitioners and patients, the models need to be as transparent as possible, and demonstrate

their compliance to field knowledge. In the specific case of dose-response optimization, we pro-

pose the use of fully interpretable models that align with pharmacological properties of the drug

and its causal effect on the relevant clinical outcome.

Additionally, the in-silico evaluation of the models using counterfactuals coded into a loss function

or performance score is key for a proper pre-clinical evaluation of dosing models. This is espe-

cially relevant in the dosing models context, as interventional RCTs are a needed step before real

clinical implementation is allowed. Due to the high cost both in time and economical investment

of this type of trial, proper curation of candidate models is needed.

In the next section, the relevant contributions derived from this thesis are listed and briefly ex-

plained.
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7.2 Contributions

In this section, we list and concisely review the contributions to the state of the art described in the

previous chapters.

• Chapter3:

– Contribution 1: An all-patient inclusive FSH dosing model that demonstrates better

pre-clinical performance than standard clinical practice.

This contribution answers Q1 (”Is it possible to improve clinical FSH dosing policy

for Controlled Ovarian Hyperstimulation using only historical data?”) by training a

linear regression model to predict the slope of an assumed linear dose-response func-

tion (or ovarian sensitivity) using covariates related to ovarian reserve and relevant

demographics (age, BMI and previous fertility). This predicted slope is the input of a

dosing formula derived from the linear dose-response function, together with a desired

outcome, which then outputs the recommended dose of FSH.

By assuming the FSH to number of mature oocytes dose-response relationship as lin-

ear, we are adhering to the hypothesis that the function is monotonic, derived from

field knowledge. Adherence to this not only enables the model to perform well, it also

results in heightened trust by clinical professionals, as it aligns coherently with their

experience. This trust is also inherently tied with the model’s high interpretability

level, as professionals of the field can understand easily the origin of the dose rec-

ommended by reviewing whether the ovarian sensitivity (or slope of the linear dose-

response function) predicted for that individual case is high or low, and why is it pre-

dicted so by consulting the linear regression model linked to relevant covariates.

Further, even if in this thesis the value for y∗ has been set to a fix value extracted from

the clinical literature, it can be changed to any value a clinical expert deems necessary

for individual cases. This flexibility allows for a versatile clinical use of the model.

– Contribution 2: An ad hoc perfomance score for FSH doses.

In order to answer Q1, its subquestion Q1a (How can we analyze a dosing model’s

performance before clinical intervention?) needed to be answered too. The ad hoc

performance score presented in this thesis does this by codifying clinical knowledge

in order to evaluate counterfactual scenarios where for the same patient, from whom a
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known dose-outcome value pair is known, a confident (even if not granularly precise)

estimate can be made on whether a different dose will have a beneficial or detrimental

effect compared to the real scenario. This allows for a reliable pre-clinical assessment

on the performance of the dosing model, facilitating the selection of candidate models

for a necessary RCT in the way of clinical implementation.

• Chapter4:

– Contribution 3: A general methodology for one-time dose optimization with clinical

observational datasets (IDoser).

This contribution answers Q2 (Can we extend this methodology to other dosing prob-

lems?) by generalizing the key concepts of Contributions 1 and 2. The ad hoc per-

formance score is translated into a customizable loss function that is able to evaluate

counterfactual dose scenarios based in comparison to ground truth, and also is used to

optimize the core dosing function by coordinated descent. This introduces field knowl-

edge in the training step via the loss function and the selection of core dose function.

This introduction of expert knowledge during the optimization of the model’s coeffi-

cient allows to cover the gap left by the lack of necessary information inherently built

in many clinical observational datasets, which hampers the application of methodolo-

gies already described in literature.

The method we describe, IDoser, needs just two assumptions: first, that there is a

known desired outcome to be achieved and second, the monotonicity of the dose-

response relationship in study. This monotonicity constraint can be either positive or

negative, and does not need to be general, as it can be assumed only locally. Dose rec-

ommendations then could be made confidently in the local space where monotonicity

can be assumed, but not outside of it. Including the concept of local monotonicity

also allows for the addition of a measure of caution, as outside the space assumed as

monotonic there is uncertainty about the counterfactual scenarios.

– Contribution 4: An FSH dosing model (IDoserFSH), the result of the implementa-

tion of Contribution 3 that performs pre-clinically significantly better than clinical

practice and a literature benchmark.

• Chapter5:

– Contribution 5: A randomized controlled trial (RCT) protocol for final validation of
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the proposed IDoserFSH.

As all AI-driven models designed to be used in clinical settings, especially if at an

intervention level, need to be properly evaluated both pre-clinically and clinically. As

per current regulatory directives in the EU, decision support systems that influence

treatment allocation need to be tested via an RCT before its clinical use is approved.

IDoserFSH is no exception, and as such, in this thesis a detailed RCT protocol to test

its non-inferiority regarding the number of mature oocytes obtained, and as compared

to standard clinical practice, is presented.

• Chapter6:

– Contribution 6: An exploration on the use of out-of-the-box ML methods to predict

pregnancy and multiple pregnancy chances.

As a preliminary exploration on the extension of Contribution 3 to the optimization

of the selection of the number of embryos for transfer, a synthetic database was con-

structed based in literature, and conventional ML methods were applied to predict

the chances of both pregnancy and multiple pregnancy depending on embryo quality,

stage, and number. Adherence to the main constraints derived from field knowledge

was analyzed, and poor compliance was found with the different out-of-the-box ML

models tested. This initial investigation proved the importance of introducing field

knowledge to the model training process in order to achieve adherence to known con-

straints.
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ing models using clinical observational datasets. The approach utilizes a customizable loss

function, which evaluates counterfactual dose scenarios compared to ground truth, to opti-

mize a core dosing model. Field knowledge is incorporated in the training step through the
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4) can be found in Chapter 4.
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inferiority study protocol for a multi-center randomized controlled trial”. Under review by

the Trials journal

A paper describing a detailed RCT protocol to test the non-inferiority of Contribution 3
(IDoserFSH) regarding the number of mature oocytes obtained, and as compared to standard

clinical practice (Contribution 5).
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7.4 Future work

In this thesis, we have described the results of 4 years of research. These results, like the method

IDoser presented, and its use-case application IDoserFSH, are not closed ideas. Hence, they can

and should be expanded. New avenues to be explored will be described in this section, together

with some partial results on the implementation of IDoser for the selection of the number of

embryos for transfer.

7.4.1 IDoser method

The IDoser method, as presented in this thesis, introduces concepts from both pharmacometrics

(PX) and causal inference into the training and evaluation of dosing models, using clinical ob-

servational datasets. In the first case (PX) by assuming monotonicity (a mathematical property

common in many described dose-response relationships), and in the second (causal inference) by

the introduction of the loss function (able to evaluate to some extent the expected effect of coun-

terfactual doses). The core function exposed here is derived from a linear dose-response function,

which can be close to reality, but not as close a sigmoid function. Future work in this avenue would

include exploration of closer to physiology like the sigmoid one. To do so, is necessary to analyze

how the multiple parameters relevant to these function should be linked to pertinent covariates.

Additionally, introduction in the loss function of the saturation effect could be explored. In other

words, the loss function could include constraints on increasing the dose whenever the saturation

level is estimated to be reached, as more dose is not going to improve the effect, while it is probably

going to increment the economical cost of the case and the risks of exposure to the drug.

Exploring these concepts can improve the fit of the dosing models to the physiological and clinical

reality, and thus, improve their performance.

7.4.2 IDoserFSH

In Chapter 5 a detailed protocol for an RCT to test the non-inferiority regarding the number of

mature oocytes retrieved of IDoserFSH as compared to clinical practice is described. This RCT

protocol has been already approved by the ethical committee of Eugin (CEIm Eugin) and is cur-

rently under review by the clinical journal Trials. Additionally, local appointed authorities will

need to give their approval for the trial to be able to start.

Whenever this protocol has all necessary authorizations, the trial can start. In the future, analysis

of its results will ascertain whether IDoserFSH is indeed non-inferior to standard clinical practice.

This prospective comparative clinical evidence would enable the regulatory authorities to approve
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its use in clinical practice, which will finally allow for the work reported here to reach its intended

use, and hence, benefit both professionals and patients. Reporting these results and their analysis

in the form of a scientific paper is also part of the future work.

7.4.3 IDoser for selection of number of embryos for transfer

In order to address the issue of the low success rate per cycle of IVF treatments, it has been com-

mon practice for many years to transfer two embryos to the uterus simultaneously. This approach

significantly improves the chances of achieving a pregnancy compared to a Single Embryo Trans-

fer (SET) (Kamath et al., 2020). However, this increase in success rates also comes with a higher

risk in terms of obstetrical complications, as indicated by the concerning 17% rate of twin births

resulting from DET.Twin births carry a four times higher risk of perinatal mortality compared to

singleton births. Additionally, twin pregnancies are associated with an increased risk of obstetric

complications, such as miscarriage, pregnancy-induced hypertension, gestational diabetes, pre-

mature labor, and abnormal delivery, when compared to singleton pregnancies (Crosignani et al.,

2000). Consequently, the occurrence of a twin pregnancy is an undesirable outcome in assisted

reproductive technology (ART) cycles.

From the clinical point of view, the obvious alternative of repeated SET allows for similar cumu-

lative pregnancy (P) outcomes with much lower multiple pregnancy (MP) occurrences (Kamath et

al., 2020). However there are other factors that lead a proportion of patients to select DET instead

of repeated SET. These include economical, psychological or even embryo quality related reasons.

Consequently, there are cases where the patient will have a DET due to personal reasons, or due to

the recommendation of the clinicians (lower quality of embryos). In very exceptional cases, some

patients may get a triple embryo transfer (TET), 3 being the maximum number of embryos that can

be transferred together according to the Spanish law. In this context, there is a need for optimizing

the selection of number of embryos with the objective of finding an optimal equilibrium between

high chances of a single pregnancy and minimum chances of multiple pregnancy.

As has been repeatedly discussed in this thesis, and explicitly explored in Chapter 7, the straight

application of conventional ML methods returns models that do not comply with expert knowl-

edge. In this case, we had already defined three main constraints derived from available literature:

1. Under stable conditions (same patient, same cohort of embryos) it is not possible for the

chances of both P and MP to be decreased by increasing the number of embryos transferred

(positive monotonicity). [ibid.]

2. Under any conditions MP chances cannot be higher than P chances.

3. Chances of P and MP are highly correlated with age, embryo stage, and quality (Hardarson

et al., 2003; Glujovsky et al., 2016; Grøndahl et al., 2017).
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To this end, IDoser (described in Chapter 4) can be applied, thus adhering to the three constraints.

For the first one, IDoser calls for the assumption of monotonicity to be applicable. For the second,

outcome or y will be defined as the number of gestational sacs observed around the 7th week of

pregnancy, which automatically eliminates the possibility of assuming more chances of P than MP.

Lastly, for the third constraint, the dosing model will be linked via a set of coefficients γ to the

variables specified, together with more covariates (X) that were deemed to be relevant.

Database exploration

We used a retrospective observational database constituted by embryo transfers performed in mul-

tiple centers from Spanish private clinics. Treatments included were from both fresh and frozen

embryos, resulting from both own or donated gametes, and spanned from October 2010 to Septem-

ber 2019. Treatments excluded were those where the embryos transferred were resultant of pre-

implantational gestational tests (PGTs).

A descriptive summary of the dataset can be seen in Table 7.1, and can be categorized as:

• Patients characteristics: age of patient, age of partner, previous fertility (previous term

and/or preterm pregnancies, miscarriages and/or life births) and presence of uterine malfor-

mations.

• Cycle characteristics : use of egg and/or sperm donors, cycle number, transfer number,

number of correctly fertilized oocytes (2PNs) obtained, number of apt embryos obtained,

state of oocytes (fresh or frozen) and age of oocytes.

• Embryo charactistics: embryo stage (cells or blastocyst), day of culture and quality of the

embryo transferred (categorized as top/medium/low).

• Treatment: number of embryos transferred.

• Outcome: number of gestational sacs at approximately 7 weeks of gestation.

Embryo morphological quality, annotated following ASEBIR guidelines, was divided into three

ordinal categories where the top quality was annotated as 1 and the low quality as 3. As there

are cases where there would be two or even three embryos with their related quality value, an

aggregated value of quality for all embryos transferred was needed. Given that available literature

indicates that transfer of embryos of mixed quality (a good quality embryo together with low

quality embryos) does not produce significative difference as compared to SET with a good quality

embryo (Wintner et al., 2017; Berkhout et al., 2017; Zhu et al., 2020; Theodorou et al., 2021; Pujol

et al., 2021), the value that was recorded for each case was the one corresponding to the highest

ranking of the embryos transferred.
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Mean±SD/Proportion(%)

(N=8821)

[Min-Max]

(N=8821)
Age of patient (years) 41,15±4,89 [22-51]
Age of oocyte (years) 28,12±6,57 [18-46]

Age of partner (years) 43,13±11,41 [18-81]
Use of egg donor (%) 80% -

Use of sperm donor (%) 22% -
Cycle number 1,45±0,84 [1-9]

Transfer number 1,26±0,60 [1-7]
Uterine malformation (%) 15% -

State of oocytes [frozen] (%) 19% -
Number of previous term pregnancies 0,27±0,66 [0-6]

Number of previous preterm pregnancies 0,01±0,09 [0-2]
Number of previous miscarriages 0,74±1,17 [0-9]

Number of previous livebirths 0,26±0,67 [0-9]
Number of 2PNs 5,51±2,31 [1-19]

Number of apt embryos 3,35±1,91 [1-17]
Day of transfer 3,67±1,41 [2-7]

State of embyo [Blasto] (%) 45% -
Embryo quality 1,78±0,86 [1-3]

Number of embryos transferred 1,62±0,54 [1-3]
Number of sacs at 7 weeks 0,44±0,62 [0-3]

Table 7.1: Summary statistics of the embryo transfer database.

Finally, upon close inspection of the distribution of the outcome in the database, an unbalance was

detected in favor of 0 gestational sacs observed (no pregnancy achieved). This can be seen in Fig-

ure 7.1. After a first trial with IDoser this unbalance was regarded detrimental for the learning of

the model, and balancing strategies were used in the training portion of the database. Specifically,

random undersampling was used in the cases with 0 gestational sacs, and random oversampling

in the cases with more than 1 sac. The balancing strategies aimed to have the same number of

cases for outcomes 0, 1 and 2, and only randomly oversampled the cases with 3 gestational sacs

to have 5 times more than the ones originally found in the database. Final distribution of cases per

outcome can be found in Figure 7.2. The portion reserved for testing the trained model was left

untouched.
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Figure 7.1: Distribution of cases by the
number of gestational sacs observed around
the 7th week of pregnancy in the whole
database.

Figure 7.2: Distribution of cases by the
number of gestational sacs observed around
the 7th week of pregnancy after balancing
strategies in the training database.

Core model and loss function

IDoser has two main elements for its application: the core dosing model and the loss function. In

the initial exploration of this problem the core model was defined as:

d̂i = γTxi (7.1)

Where for every patient pi, the recommended dose d̂i is linearly related to the covariates xi through

a set of coefficients γ.

As for the loss function, the objective outcome or y∗ is a single pregnancy or, in other terms, a

single gestational sac observed around the 7th week of pregnancy. This means mathematically

that y∗ is equal to 1. Hence any outcome lower or greater than y∗ = 1 is considered undesirable.

The allowed space for d̂i is [1 − 3] as per the laws in Spain. Any change in the number of

embryos transferred (here d) that is considered to be on the wrong direction (as per the assumed

monotonicity) is not encouraged by assigning a positive loss value. Finally, to account for the

uncertainty of the effect of large changes on dosification, changes bigger than 1 were not rewarded

with a negative loss or l value. This translates into:

yi < y∗ −→


l = -1 d̂i > di by 1

l = +1 d̂i ¡ di

l = 0 no change or increment of d by > 1

(7.2)
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yi > y∗ −→


l = -0.75 d̂i > di by 1

l = +1 d̂i ¡ di

l = 0 no change or increment of d by > 1

(7.3)

The l value for a reduction of d by 1 whenever yi > y∗ was slightly greater than in the reverse

case to account for the barely higher number of cases where yi > 1.

Results

After balancing the training dataset and setting the core dosing model and loss function as detailed

in the previous section, the performance of IDoserET was analyzed both by statistical comparison

of collective loss or L defined already as:

L =

∑N
i=1 l(yi, y

∗
i , π(xi), di)

N
, (7.4)

and by graphical and tabular exploration of the dose changes recommended. In the first case,

results showed that the L achieved is negative. This means that improvement as compared to

clinical practice (where l is always 0, and so L = 0 too). But when testing the hypothesis that the

value of L for IDoserET is significantly smaller than the value for clinical practice, no differences

where observed (see Table 7.2).

Clinical practice IDoserET p-value
L 0 0,02 0.82

Table 7.2: L values for both the number of embryos prescribed by clinical practice and recom-
mended by IDoserET. Differences stastically compared with the Signed-rank Wilcoxon test for l
values for each test case. A p-value under 0.05 was considered significant.

When the changes (increases and reductions in the number of embryos to be transferred) recom-

mended by IDoserET in the test database are plotted, a clear separation between the distribution of

reductions and increases is observed (see Figure 7.3), where increases are majority whenever the

number of sacs is over 1, and decreases are majority whenever the number of sacs is lower than 1.

In more detail this also can be observed in Table 7.3.

107



Figure 7.3: Distribution of changes on the number of embryos to be transferred recommeded by
IDoserET per number of gestational sacs observed.

0 sacs 1 sac 2 sacs 3 sacs
Increase 2 13 0 0 0
Increase 1 286 105 1 0

Equal 702 359 83 0
Decrease 1 108 66 37 2
Decrease 2 2 1 0 0

Table 7.3: Number of embryos recommended by IDoserET as compared to clinical practice (rows)
separated by the real outcome observed (columns). The cells where the changes are considered
good are colored in green, in red the changes considered bad, and in yellow those where results
are considered uncertain.

Discussion

Although the L obtained in the results of the experimentation presented in the previous section

indicated that an improvement was accomplished versus clinical practice, the difference was ob-

jectively small, and indeed, non significant. When the distribution of changes is analyzed in

Figure 7.3 and Table 7.3, it is clear that IDoserET is capable of identifying correctly a significant

portion of the cases where a reduction of the number of embryos transferred is needed (31,70%)

only misidentifying a 0,81% of them. As a counterpart, it does increase the number of embryos

for cases where no pregnancy was achieved in a 25,75% of cases, but decreases the number in-

correctly for a 9,9% of them. Additionally, 1,17% of patients get recommended an increase in the

number of embryos by 2, which could lead them either to a single or a multiple pregnancy. These

changes are not considered good, as their effect is too uncertain. Finally, a 32,39% of patients that

did not need any change where recommended a change by IDoser, which would be most probably

detrimental for them.
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In conclusion, IDoserET does identify properly which cases does need a change and recommends

it in the adequate direction in a good proportion of cases, which is why a negative L value was

achieved, but the number of cases where recommendations are incorrect is still too high for this

model to be considered clinically acceptable. More work needs to be done in the future, with

change in the core dosing model, loss function or balancing strategies as the most probable next

steps. Other approaches could include the incorporation of more variables regarding the quality of

the transferred embryos, like data related to their morphokinetics.

7.4.4 Final conclusions and next steps

The core objective of this thesis’s work has been to understand better the underlying physiological

processes like dose-response relationships in order to help every individual patients as much as

possible. A step closer to the underlying truth means that we are step closer to help those patients

to achieving their desire, a healthy baby at home. In this context, AI and ML methods are pow-

erful tools that clearly can help us professionals in this endeavor, but ”great power comes with

great responsibility” (Stan Lee). Thus, conscious collective efforts need to be done to adhere to

previously achieved knowledge in order for AI models to be of real use, and not just fancy but

ultimately useless, or even worse, harmful in practice. This concept goes hand in hand with the

needed investment in transparency whenever AI is used, especially for healthcare, as adherence to

field knowledge should also be easily proven and interpreted.

The proposals presented here are intended to benefit the patient and to support the professional,

that is why they are designed to adhere to clinical knowledge and to be carefully examined before

they are released for use in clinical practice. In the next steps of this line of research, IDoserFSH

needs to be tested prospectively to prove its safety and for local authorities to approve its real use

in patients. Regarding the method in itself, IDoser, more work needs to be invested to close the

gap with physiological reality. This could also help with its implementation in IDoserET, where

the partial results presented in the previous section could be improved. Furthermore, ex- pansion

of its utility to other dose-response situations outside of a one-time selection of dose, like doses

that need to be adjusted over time, can be considered.

To conclude, it is our hope that the ideas described in this thesis can be of help for other researchers

in their endeavours to apply AI in a mindful way in ART or any other healthcare setting. We

encourage future projects to build upon our work, addressing the gaps and challenges that remain,

and extending the boundaries of knowledge in this ever-evolving field. But specially, we hope that

the progress we have achieved reaches their intended beneficiaries, IVF patients. If, in any way,

this project serves to help them—providing them with improved outcomes or enhanced care—then

our primary objective will be genuinely fulfilled.
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Appendix A

Tables and figures for the FSH
performance score function

Real dose rank
Recommended dose rank 100-150 IU 175-200 IU 225-250 IU >250 IU
100-150 IU -1 -1 -1 -1
175-200 IU -0.2 -0.90 -0.95 -0.95
225-250 IU 0.1 -0.01 -0.7 -0.9
>250 IU 0.15 0 0 -0.01

Table A.1: Score values for every prescribed/recommended dose rank given that the result was 0
MII

Real dose rank
Recommended dose rank 100-150 IU 175-200 IU 225-250 IU >250 IU
100-150 IU -0.8 -0.9 -0.95 -0.99
175-200 IU -0.05 -0.60 -0.85 -0.9
225-250 IU 0.3 0 -0.5 -0.85
>250 IU 0.4 0.1 0 -0.001

Table A.2: Score values for every prescribed/recommended dose rank given that the result was 6
MII.
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Real dose rank
Recommended dose rank 100-150 IU 175-200 IU 225-250 IU >250 IU
100-150 IU -0.05 -0.75 -0.9 -0.95
175-200 IU 0.1 -0.01 -0.75 -0.8
225-250 IU 0.4 0.1 -0.01 -0.7
>250 IU 0.6 0.4 0.3 0

Table A.3: Score values for every prescribed/recommended dose rank given that the result was 10
MII.

Real dose rank
Recommended dose rank 100-150 IU 175-200 IU 225-250 IU >250 IU
100-150 IU 0.001 -0.2 -0.4 -0.7
175-200 IU 0.2 0.01 -0.15 -0.6
225-250 IU 0.7 0.6 0.05 -0.15
>250 IU 0.85 0.8 0.8 0.2

Table A.4: Score values for every prescribed/recommended dose rank given that the result was 15
MII.

Real dose rank
Recommended dose rank 100-150 IU 175-200 IU 225-250 IU >250 IU
100-150 IU 0.01 0 0 -0.1
175-200 IU 0.8 0.40 0 -0.01
225-250 IU 0.9 0.85 0.8 0.1
>250 IU 1 1 1 1

Table A.5: Score values for every prescribed/recommended dose rank given that the result was 25
MII.

Figure A.1: Linear representation of the scores of all combinations of prescription/recommended
dose ranks given that the outcome was 0 MII retrieved.
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Figure A.2: Linear representation of the scores of all combinations of prescription/recommended
dose ranks given that the outcome was 6 MII retrieved.

Figure A.3: Linear representation of the scores of all combinations of prescription/recommended
dose ranks given that the outcome was 10 MII retrieved.
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Figure A.4: Linear representation of the scores of all combinations of prescription/recommended
dose ranks given that the outcome was 15 MII retrieved.

Figure A.5: Linear representation of the scores of all combinations of prescription/recommended
dose ranks given that the outcome was 25 MII retrieved.
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Appendix B

IDoser: Optimization exploration and
statistic results

B.1 Optimization exploration

Given that by our definition y∗min and y∗max are slightly higher (10 to 15) we primarily used their

β coefficients and optimized only κ. Next, our workflow was designed to explore optimization of

all coefficients in γ and addition/omission of covariates. Specifically:

1. Optimization of only κ

2. Optimization of all γ

3. Addition of AFC and BMI covariates, available in our database

4. Omission of basal FSH covariate

This resulted in 4 new optimized dosing models to be compared to the benchmark and the clinical

dosing policy recorded in our database, which we will refer to from now on as baseline. Once γ

values were obtained for all 4 models, a secondary optimization was run to automatically find an

upper bound to dose or d∗max, as a further measure for a safe and conservative model. Every model

was trained with all available data depending on the covariates included, but validated always on

the same database where all covariates were filled in, to avoid possible biases on the population.

The benchmark and our 4 iterations were validated across 4 possible dmax: 300, 350, 400, and

450. For each limit, validation cases with d up to that value were admitted, and every model was

allowed to dose at a maximum of the same value, and every individual loss evaluated. It is worth

noting here that our models were autolimiting themselves with their optimized value of d∗max,

whenever this value was lower than any of 4 dmax explored.
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In the end, only the best of all 4 iterations was selected as our final proposal.

B.2 Statistics results
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Abd-Elaziz, Khalid, Ingrid Duijkers, Lars Stöckl, Bruno Dietrich, Christine Klipping, Kelvin Eck-

ert, and Steffen Goletz (2017). “A new fully human recombinant FSH (follitropin epsilon):

Two phase i randomized placebo and comparator-controlled pharmacokinetic and pharmaco-

dynamic trials”. In: Human Reproduction 32.8, pp. 1639–1647. DOI: 10.1093/humrep/dex220

(cit. on pp. 31, 34, 63).

Abdalla, H. and M. Y. Thum (2004). “An elevated basal FSH reflects a quantitative rather than

qualitative decline of the ovarian reserve”. In: Human Reproduction 19.4, pp. 893–898. DOI:

10.1093/humrep/deh141 (cit. on p. 31).

“Abstracts of the 34rd Annual Meeting of the European Society of Human Reproduction and

Embryology” (2017). In: Human Reproduction 33.suppl 1, pp. i1–i541. DOI: 10.1093/humrep/

33.Supplement\ 1.1 (cit. on p. 2).

Aggarwal, Abhishek, Cheuk Chi Tam, Dezhi Wu, Xiaoming Li, and Shan Qiao (2022). “Artifi-

cial Intelligence (AI)-based Chatbots in Promoting Health Behavioral Changes: A Systematic

Review”. In: medRxiv 25, p. 2022.07.05.22277263. DOI: 10.2196/40789 (cit. on p. 8).

Ahmed, Adnan, Rishi Charate, and Naga Venkata K Pothineni (2020). “Role of Digital Health

During Corona virus Disease 2019 Pandemic and Future Perspectives”. In: Card Electrophys-

iol Clin January. DOI: https://doi.org/10.1016/j.ccep.2021.10.013 (cit. on p. 8).

Ahmed, Arfan, Sarah Aziz, Mahmood Alzubaidi, Jens Schneider, and Sara Irshaidat (2020). “Wear-

able devices for anxiety & depression: A scoping review”. In: Computer Methods and Pro-

grams in Biomedicine Update January. DOI: https://doi.org/10.1016/j.cmpbup.2023.100095

(cit. on p. 8).

Aldemir, Oya, Runa Ozelci, Emre Baser, Iskender Kaplanoglu, Serdar Dilbaz, Berna Dilbaz, and

Ozlem Moraloglu Tekin (2020). “Impact of Transferring a Poor Quality Embryo along with a

Good Quality Embryo on Pregnancy Outcomes in IVF/ICSI Cycles: a Retrospective Study”.

120

https://doi.org/10.3389/fendo.2019.00579
https://doi.org/10.1093/humrep/dex220
https://doi.org/10.1093/humrep/deh141
https://doi.org/10.1093/humrep/33.Supplement\_1.1
https://doi.org/10.1093/humrep/33.Supplement\_1.1
https://doi.org/10.2196/40789
https://doi.org/https://doi.org/10.1016/j.ccep.2021.10.013
https://doi.org/https://doi.org/10.1016/j.cmpbup.2023.100095


In: Geburtshilfe und Frauenheilkunde 80.8, pp. 844–850. DOI: 10.1055/a-1213-9164 (cit. on

pp. 88, 89).

Allegra, Adolfo, Angelo Marino, Aldo Volpes, Francesco Coffaro, Piero Scaglione, Salvatore

Gullo, and Antonio La Marca (2017). “A randomized controlled trial investigating the use

of a predictive nomogram for the selection of the FSH starting dose in IVF/ICSI cycles”. In:

Reproductive BioMedicine Online 34.4, pp. 429–438. DOI: 10.1016/j.rbmo.2017.01.012 (cit.

on pp. 24, 32, 37, 39, 52, 54, 65, 74).

Amanvermez, Ramazan and Migraci Tosun (2015). An update on ovarian aging and ovarian re-

serve tests (cit. on p. 31).

Anderson, R. A., S. M. Nelson, and W. H.B. Wallace (2012). “Measuring anti-Müllerian hormone

for the assessment of ovarian reserve: When and for whom is it indicated?” In: Maturitas 71.1,

pp. 28–33. DOI: 10.1016/j.maturitas.2011.11.008 (cit. on p. 31).

Arce, Joan Carles, Bjarke M. Klein, and Lars Erichsen (2016). “Using amh for determining a strat-

ified gonadotropin dosing regimen for IVF/ICSI and optimizing outcomes”. In: Anti-Müllerian

Hormone: Biology, Role in Ovarian Function and Clinical Significance, pp. 83–102 (cit. on

pp. 30, 63).

Arce, Joan Carles, Søren Ziebe, Kersti Lundin, Ronny Janssens, Lisbeth Helmgaard, and Per

Sørensen (2006). “Interobserver agreement and intraobserver reproducibility of embryo qual-

ity assessments”. In: Human Reproduction 21.8, pp. 2141–2148. DOI: 10.1093/humrep/del106

(cit. on p. 26).

Armstrong, D T and J H Dorrington (1976). “Androgens augment FSH-induced progesterone

secretion by cultured rat granulosa cells.” eng. In: Endocrinology 99.5, pp. 1411–1414. DOI:

10.1210/endo-99-5-1411 (cit. on p. 30).

Armstrong, Sarah, Priya Bhide, Vanessa Jordan, Allan Pacey, and Cindy Farquhar (2018). “Time-

lapse systems for embryo incubation and assessment in assisted reproduction”. In: Cochrane

Database of Systematic Reviews 2018.5. DOI: 10.1002/14651858.CD011320.pub3 (cit. on

pp. 27, 37).

ASRM (2021). “Practice Committee of the American Society for Reproductive Medicine and the

Practice Committee for the Society for Assisted Reproductive Technology. Guidance regarding

gamete and embryo donation”. In: Fertility and sterility 115.6 (cit. on p. 31).

Baerwald, Angela R., Gregg P. Adams, and Roger A. Pierson (2012). “Ovarian antral folliculo-

genesis during the human menstrual cycle: A review”. In: Human Reproduction Update 18.1,

pp. 73–91. DOI: 10.1093/humupd/dmr039 (cit. on p. 18).

Balaban, Baak et al. (2011). “The Istanbul consensus workshop on embryo assessment: Proceed-

ings of an expert meeting”. In: Human Reproduction 26.6, pp. 1270–1283. DOI: 10 . 1093 /

humrep/der037 (cit. on p. 26).

121

https://doi.org/10.1055/a-1213-9164
https://doi.org/10.1016/j.rbmo.2017.01.012
https://doi.org/10.1016/j.maturitas.2011.11.008
https://doi.org/10.1093/humrep/del106
https://doi.org/10.1210/endo-99-5-1411
https://doi.org/10.1002/14651858.CD011320.pub3
https://doi.org/10.1093/humupd/dmr039
https://doi.org/10.1093/humrep/der037
https://doi.org/10.1093/humrep/der037


Barnes, Josue et al. (2023). “A non-invasive artificial intelligence approach for the prediction of

human blastocyst ploidy: a retrospective model development and validation study”. In: The

Lancet Digital Health 5.1, e28–e40. DOI: 10.1016/S2589-7500(22)00213-8 (cit. on p. 27).

Barrenetxea, Gorka, Cora Hernández, Julio Herrero, Luis Martı́nez Navarro, Manuel Muñoz, José
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Correa, Núria, Jesús Cerquides, Rita Vassena, Mina Popovic, and Josep Lluı́s Arcos (2023).

“IDoser: Improving individualized dosing policies with clinical practice and machine learn-

ing”. In: medRxiv. DOI: 10.1101/2023.03.28.23287859 (cit. on pp. 56, 80, 101).

Correa, Núria, Flavia Rodrı́guez, Jesús Cerquides, Josep Lluı́s Arcos, and Rita Vassena (2021). “P-

637 Development and validation of an Artificial Intelligence algorithm that matches a clinician

ability to select the best follitropin dose for ovarian stimulation”. In: Human Reproduction

36.Supplement 1. deab130.636. DOI: 10.1093/humrep/deab130.636 (cit. on pp. 38, 100).
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Spinosa Chéles, Rebeca Colauto Milanezi de Souza, Marcelo Fábio Gouveia Nogueira, and
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“Modeling three sources of uncertainty in assisted reproductive technologies with probabilistic

graphical models”. In: Computers in Biology and Medicine 150.April, p. 106160. DOI: 10 .

1016/j.compbiomed.2022.106160 (cit. on pp. 24, 27).

Hickman, Cristina, Nikica Zaninovic, Jonas Malmsten, Qiansheng Zhan, Adriana Brualla Mora,

Iris Har-Vardi, and Assaf Ben-Meir (2022). “TURNING THE BLACK BOX INTO A GLASS

BOX: USE OF TRANSPARENT ARTIFICIAL INTELLIGENCE TO UNDERSTAND BI-

OLOGICAL MARKERS USEFUL FOR EMBRYO SELECTION”. In: Fertility and Steril-

ity 118.4, Supplement. 78th Scientific Congress of the American Society for Reproductive

Medicine, e5–e6. DOI: https://doi.org/10.1016/j.fertnstert.2022.08.032 (cit. on p. 27).

Hillier, S G, L E Jr Reichert, and E V Van Hall (1981). “Control of preovulatory follicular estrogen

biosynthesis in the human ovary.” eng. In: J Clin Endocrinol Metab 52.5, pp. 847–856. DOI:

10.1210/jcem-52-5-847 (cit. on p. 18).

Hirano, Keisuke and Guido W. Imbens (2005). “The Propensity Score with Continuous Treat-

ments”. In: Applied Bayesian Modeling and Causal Inference from Incomplete-Data Perspec-

131

https://doi.org/10.1016/j.fertnstert.2021.06.018
https://doi.org/10.1016/s0950-3552(05)80092-6
https://doi.org/10.1016/S0015-0282(00)01643-5
https://doi.org/10.1016/S0015-0282(00)01643-5
https://doi.org/https://doi.org/10.1016/B978-0-12-815921-7.00002-8
https://doi.org/10.1186/s12958-023-01070-0
https://doi.org/10.1177/0962280216651098
https://doi.org/10.1177/0962280216651098
https://doi.org/10.1016/j.compbiomed.2022.106160
https://doi.org/10.1016/j.compbiomed.2022.106160
https://doi.org/https://doi.org/10.1016/j.fertnstert.2022.08.032
https://doi.org/10.1210/jcem-52-5-847


tives: An Essential Journey with Donald Rubin’s Statistical Family 2001, pp. 73–84. DOI:

10.1002/0470090456.ch7 (cit. on p. 16).

Hosseini, Mohsen Masoumian, Seyedeh Toktam, Masoumian Hosseini, Karim Qayumi, and Soleiman

Ahmady (2023). “The Aspects of Running Artificial Intelligence in Emer- gency Care ; a Scop-

ing Review”. In: 11.1, pp. 1–28 (cit. on p. 8).

Howles, C. M., H. Saunders, V. Alam, and P. Engrand (2006). “Predictive factors and a correspond-

ing treatment algorithm for controlled ovarian stimulation in patients treated with recombinant

human follicle stimulating hormone (follitropin alfa) during assisted reproduction technology

(ART) procedures. An analysis ”. In: Current Medical Research and Opinion 22.5, pp. 907–

918. DOI: 10.1185/030079906X104678 (cit. on pp. 24, 32, 37, 39, 52).

Iman, Ronald L. and James M. Davenport (1980). “Approximations of the critical region of the

friedman statistic”. In: Communications in Statistics - Theory and Methods 9.6, pp. 571–595.

DOI: 10.1080/03610928008827904 (cit. on p. 66).

Imbens, G.W. (2000). “The role of propensity score in estimating dose-response functions”. In:

Biometrika 87, pp. 706–710 (cit. on p. 16).

Imterat, Majdi, Ashok Agarwal, Sandro C. Esteves, Jenna Meyer, and Avi Harlev (2019). “Impact

of Body Mass Index on female fertility and ART outcomes”. In: Panminerva Medica 61.1.

DOI: 10.23736/s0031-0808.18.03490-0 (cit. on p. 31).

Inhorn, Marcia C. and Pasquale Patrizio (2014). “Infertility around the globe: New thinking on

gender, reproductive technologies and global movements in the 21st century”. In: Human Re-

production Update 21.4, pp. 411–426. DOI: 10.1093/humupd/dmv016 (cit. on p. 19).

Ji, Jingjuan, Yusheng Liu, Xian Hong Tong, Lihua Luo, Jinlong Ma, and Zijiang Chen (2013).

“The optimum number of oocytes in IVF treatment: An analysis of 2455 cycles in China”. In:

Human Reproduction 28.10, pp. 2728–2734. DOI: 10.1093/humrep/det303 (cit. on pp. 25, 63).

Jiang, Shancheng, Qize Liu, and Beichen Ding (2023). “A systematic review of the modelling of

patient arrivals in emergency departments”. In: Quantitative Imaging in Medicine and Surgery

13.3, pp. 1957–1971. DOI: 10.21037/qims-22-268 (cit. on p. 8).

Jiang, Victoria S., Hemanth Kandula, Prudhvi Thirumalaraju, Manoj Kumar Kanakasabapathy,

Panagiotis Cherouveim, Irene Souter, Irene Dimitriadis, Charles L. Bormann, and Hadi Shafiee

(2023). “The use of voting ensembles to improve the accuracy of deep neural networks as a

non-invasive method to predict embryo ploidy status”. In: Journal of Assisted Reproduction

and Genetics, pp. 301–308. DOI: 10.1007/s10815-022-02707-6 (cit. on pp. 24, 27).

Jiang, Victoria S., Deeksha Kartik, Prudhvi Thirumalaraju, Hemanth Kandula, Manoj Kumar

Kanakasabapathy, Irene Souter, Irene Dimitriadis, Charles L. Bormann, and Hadi Shafiee

(2022). “Advancements in the future of automating micromanipulation techniques in the IVF

laboratory using deep convolutional neural networks”. In: Journal of Assisted Reproduction

and Genetics, pp. 251–257. DOI: 10.1007/s10815-022-02685-9 (cit. on pp. 24, 29).

132

https://doi.org/10.1002/0470090456.ch7
https://doi.org/10.1185/030079906X104678
https://doi.org/10.1080/03610928008827904
https://doi.org/10.23736/s0031-0808.18.03490-0
https://doi.org/10.1093/humupd/dmv016
https://doi.org/10.1093/humrep/det303
https://doi.org/10.21037/qims-22-268
https://doi.org/10.1007/s10815-022-02707-6
https://doi.org/10.1007/s10815-022-02685-9


Jones, HM, Y Chen, C Gibson, T Heimbach, N Parrott, SA Peters, J Snoeys, VV Upreti, M Zheng,

and SD Hall (2015). “Physiologically Based Pharmacokinetic Modelling in Drug Discovery

and Development: A Pharmaceutical Industry Perspective”. In: Clinical Pharmacology and

Therapeutics 97, pp. 247–262 (cit. on p. 13).

Kakotkin, Viktor V., Ekaterina V. Semina, Tatiana G. Zadorkina, and Mikhail A. Agapov (2023).

“Prevention Strategies and Early Diagnosis of Cervical Cancer: Current State and Prospects”.

In: Diagnostics 13.4, pp. 1–15. DOI: 10.3390/diagnostics13040610 (cit. on p. 7).

Kallus, Nathan and Angela Zhou (2018). “Policy evaluation and optimization with continuous

treatments”. In: International Conference on Artificial Intelligence and Statistics, AISTATS

2018 7, pp. 1243–1251 (cit. on p. 16).

Kamath, Mohan S., Mariano Mascarenhas, Richard Kirubakaran, and Siladitya Bhattacharya (2020).

“Number of embryos for transfer following in vitro fertilisation or intra-cytoplasmic sperm in-

jection”. In: Cochrane Database of Systematic Reviews 2020.8. DOI: 10 . 1002 / 14651858 .

CD003416.pub5 (cit. on pp. 28, 33, 34, 87, 88, 90, 103).

Kampaktsis, Polydoros N., Maria Emfietzoglou, Aamna Al Shehhi, Nikolina-Alexia Fasoula, Con-

stantinos Bakogiannis, Dimitrios Mouselimis, Anastasios Tsarouchas, Vassilios P. Vassilikos,

Michael Kallmayer, Hans-Henning Eckstein, Leontios Hadjileontiadis, and Angelos Karlas

(2023). “Artificial intelligence in atherosclerotic disease: Applications and trends”. In: Fron-

tiers in Cardiovascular Medicine 9.January, pp. 1–16. DOI: 10.3389/fcvm.2022.949454 (cit.

on p. 7).

Karl, Kaitlin R., Fermin Jimenez-Krassel, Emily Gibbings, Janet L.H. Ireland, Zaramasina L.

Clark, Robert J. Tempelman, Keith E. Latham, and James J. Ireland (2021). “Negative impact

of high doses of follicle-stimulating hormone during superovulation on the ovulatory follicle

function in small ovarian reserve dairy heifers”. In: Biology of Reproduction 104.3, pp. 695–

705. DOI: 10.1093/biolre/ioaa210 (cit. on p. 63).

Kaufman, S J, J L Eastaugh, S Snowden, S W Smye, and V Sharma (1997). “The application of

neural networks in predicting the outcome of in-vitro fertilization”. In: Human reproduction

12.7, pp. 1454–1457 (cit. on p. 22).

Keizer, Ron J., Rob ter Heine, Adam Frymoyer, Lawrence J. Lesko, Ranvir Mangat, and Srijib

Goswami (2018). “Model-Informed Precision Dosing at the Bedside: Scientific Challenges

and Opportunities”. In: CPT: Pharmacometrics and Systems Pharmacology 7.12, pp. 785–

787. DOI: 10.1002/psp4.12353 (cit. on pp. 12, 13, 57).

Khan, Bangul, Hajira Fatima, Ayatullah Qureshi, Sanjay Kumar, Abdul Hanan, Jawad Hussain,

and Saad Abdullah (2023). “Drawbacks of Artificial Intelligence and Their Potential Solutions

in the Healthcare Sector.” In: Biomedical materials & devices (New York, N.Y.), pp. 1–8. DOI:

10.1007/s44174-023-00063-2 (cit. on p. 11).

133

https://doi.org/10.3390/diagnostics13040610
https://doi.org/10.1002/14651858.CD003416.pub5
https://doi.org/10.1002/14651858.CD003416.pub5
https://doi.org/10.3389/fcvm.2022.949454
https://doi.org/10.1093/biolre/ioaa210
https://doi.org/10.1002/psp4.12353
https://doi.org/10.1007/s44174-023-00063-2


Khan-Dawood, F S, L T Goldsmith, G Weiss, and M Y Dawood (1989). “Human corpus lu-

teum secretion of relaxin, oxytocin, and progesterone.” eng. In: J Clin Endocrinol Metab 68.3,

pp. 627–631. DOI: 10.1210/jcem-68-3-627 (cit. on p. 19).

Khosravi, Pegah, Ehsan Kazemi, Qiansheng Zhan, Jonas E. Malmsten, Marco Toschi, Pantelis

Zisimopoulos, Alexandros Sigaras, Stuart Lavery, Lee A. D. Cooper, Cristina Hickman, Mar-

cos Meseguer, Zev Rosenwaks, Olivier Elemento, Nikica Zaninovic, and Iman Hajirasouliha

(2019). “Deep learning enables robust assessment and selection of human blastocysts after in

vitro fertilization”. In: npj Digital Medicine 2.1, pp. 1–9. DOI: 10.1038/s41746-019-0096-y

(cit. on pp. 24, 27).

Koch, Gilbert, Marc Pfister, Imant Daunhawer, Melanie Wilbaux, Sven Wellmann, and Julia E.

Vogt (2020). “Pharmacometrics and Machine Learning Partner to Advance Clinical Data Anal-

ysis”. In: Clinical Pharmacology and Therapeutics 107.4, pp. 926–933. DOI: 10.1002/cpt.1774

(cit. on p. 13).
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