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Abstract

Choosing which embryo to transfer is one of the most delicate steps of an in vitro
fertilization (IVF) cycle. It still relies largely on the embryologist’s visual assessment
of morphology, which is subjective and hard to reproduce. Time-lapse imaging
and machine learning offer a way to describe embryo development quantitatively.
However, in order to achieve good predictive performance, a sufficient amount of
data need to be collected for training; those data could be spread across clinics and
protected by strict regulations such as the GDPR and the EU Al Act. Federated
Learning (FL) addresses exactly this situation: it trains a shared model without the
data ever leaving the institution that owns them.

In this thesis, FL has been applied to the prediction of blastocyst formation from
optical-flow time series extracted from time-lapse videos of embryos development.
The dataset contains 5011 embryos acquired between 2013 and 2020. To mimic a
realistic multi-center setting, the dataset has been split in 8 different subsets, 7 used
for the training of the models and 1 kept for the global evaluation. Five model
configurations have been compared: ROCKET, ConvTran, a hybrid LSTM-FCN
network, and the MOMENT foundation model, used both with full fine-tuning and
as a frozen feature extractor with a small classification head on top. Every model is
trained with Fed Avg, using the Flower framework, for 2 to 7 clients, and compared
with the same model trained on the pooled data.

LSTM-FCN gives the best and most stable results. In the federated setting it
reaches an accuracy of 0.84-0.87 on the global test set, matching or beating its
centralized counterpart (0.83-0.84). The MOMENT-embedding model reaches
about 0.81 with seven clients while exchanging only the classification head, which
keeps the communication cost very low. A repeated-measures ANOVA shows a
strong effect of the architecture (p < 0.001) and a significant interaction between
architecture and training mode (p = 0.030), whereas the training mode alone has
no significant effect (p = 0.093).

Finally, a federated explainability procedure based on SHAP is proposed, which
is called SHAP-FL. Each client computes Shapley values locally on its own data and
sends the server only an aggregated importance vector, which the server combines
into a global explanation. Applied to LSTM-FCN, SHAP-FL, shows that the model
bases its decision on the last time period of culture, when cavitation and blastocyst
expansion take place. the explanations of the seven centers agree closely (mean
Spearman correlation 0.95).






Contents

Abstract i
1 Introduction 1
1.1 Artificial intelligence in embryology . . . .. ... ... ... .... 2

1.2 The Generalizability and privacy problem . . . . ... ... ... .. 2

1.3 The need for Explainability in the clinical domain . . . . ... ... 4

14 Objectives . . . . .. ... . 4

1.5 Thesisstructure . . . .. ... ... ... ... . ... o 5

2 Clinical Background 7
21 IVFworkflow . ... ... ... . ... ... . . 7
2.1.1 From stimulation to gamete retrieval . . . . .. ... ... .. 7

2.1.2 Fertilization and embryo culture . . . . ... ... ... ... 8

2.1.3 Theblastocyststage . . ... .................. 8

2.2 Human morphological assessment . . . . . ... ... ........ 9
221 TheGardnersystem . ...................... 10

222 Limits of visual inspection . . . . . .. ... ... .. ... .. 11

3 Existing decision-support systems 13
3.1 Lookingatanembryo . ......................... 13

3.2 Commercial systems . .. ... .. ... .. ... . ... . ... 13
321 iDAScore. . . ... ... ... 14

322 CHLOE . .... .. ... .. .. .. 14

3.3 Researchframeworks . . . . ... ... ... ... ... .. .. 15
331 BlastAssist . . . ... ... ... o 15

3.3.2 EmbryoMLSelection . . ... .................. 15

34 CellPIV . . . . ... e 16
341 TheCellPIVsoftware. . ... ... ............... 16

342 ThePIValgorithm . ... .................... 16

343 Derivedmetrics . . . ... ... oo oo 17

3.44 Strengths and limitations . . . .. ... ... .. .. ... .. 18

3.5 Comparison and limitations of these systems . . . . ... ... ... 19

1ii



Contents

4 Federated Learning

7

4.1
4.2
4.3
4.4
4.5
4.6

Problem formulation . . . .. ... ... ... ... . . ..
Aggregation strategies . . . . .. ... ... 0L
Federated Averaging . . .. ... ... ... .. ..... .. ....
Heterogeneous (non-IID)data . . . . . . ... ............
Privacy . . . . . . ..
The Flower framework . . . . .. ... ... ... ... .......

Explainable Al in a federated setting

51
52
53
54

55

5.6

5.7

Why explanations matter . . . . . ... ... ... ... ...
Explanationmethods . . . . ... ... ... ... . ... ...
Shapley values . . . . .. ... ... . ... . ... .. . .,
SHAP: SHapley Additive exPlanations . . . . . ... ... ... ..
54.1 Additive feature attribution . . . . ... ... 000
54.2 Thebackground dataset . . . . ... .............
543 Estimating SHAPvalues . . . . ... ... ..........
5.4.4 From local to global explanations . . . . ... ... .....
Explainability in Federated Learning . . . . . . ... ... ... ..
551 Challenges. . . .. ... ... . ... . ... . .. ...
How SHAP-FLworks . . ... ... ... .............
5.6.1 Properties . . ... ... ... ... ...
5.6.2 Measuring agreement between explanations . . . ... ..
Explanationlevel . .. ... ... ... . ... . ... . 0 .

Dataset and data preparation

6.1
6.2
6.3
6.4

Originand content . . . ... ... .. ................
Optical-flow time series . . . . . ... ... . ... .........
Data quality and preprocessing . . . . . . ... ... ... ... ..
Simulating a federated environment . . . ... ... ... ... ..
6.4.1 How many partitions? A bootstrap analysis . . . ... ..
6.4.2 Partitioning . . . ... ... ... Lo oL

Time series classification models

7.1
7.2
7.3
7.4

7.5

ROCKET . .. ... . .
ConvIran. . .. .. ... ... .. ... ... .. ...
LSTM-FCN . . . . ..
MOMENT . .. ...
74.1 Architecture and pre-training . . . . ... ... ... L.
74.2 Option 1: full fine-tuning . . . . ... ............
7.4.3 Option 2: frozen embeddings and a classification head . . .
Summary . . . ...

iv

21
21
22
23
23
24
25

27
27
28
28
29
29
29
30
30
30
31
31
32
32
33

35
35
36
36
37
37
38

41
41
42
43
44
44
44
44



Contents

8 Implementation

81 Software . ... ... ... ... ... ...
811 ServerApp . .. ... ... ... .......
812 ClientApp . ... ... ... ... ....
8.2 Experimental protocol . ... ... .... ... ..
8.3 Evaluationmetrics . . ... .. .. ... ......
8.4 Statisticalanalysis . . . . ... ... ... ... ...
8.5 SHAP-FL configuration . ..............
9 Results
9.1 Federated vs centralized training . . . ... .. ..
92 Metrics . . . . ...
9.3 Statistical analysis . . . . ... ... ... L.
9.3.1 Repeated-measures ANOVA .. ... ...
9.3.2 Per-model comparisons . ... .......
9.4 Discussion of performance . . . . .. ... ... ..
94.1 LSTM-FCN worksbest. . .. .. ... ...
9.42 Modelsize and stability . . ... ......
943 Embedding approach . ...........
9.5 Federated explainability results . . . . . ... ...
951 Globalimportance . . ... .........

9.5.2 Agreement between clients

953 Limits ... ... ... ... ... ...

10 Conclusions and future work

10.1 Summary . . . ... ... oo oL

10.2 Answers to the research questions

10.3 Limitations . . . . . . . . . . . . ... ...
10.4 Futurework . . . . . . . . .. ... ... ... ...
10.5 Finalremarks . ... ... .. ... ... ... ...

Bibliography






List of Figures

1.1

1.2

21

2.2

3.1

Example of Time-Lapse Imaging data: frames of two embryo from
the dataset, one that reached the blastocyst stage and one that not
reached that stage. Figure taken from [1]. . . . . ... ... ... ..

Graphical abstract of the thesis. (1) Optical-flow time series are
extracted from time-lapse videos and split by acquisition year into
seven federated clients and an independent global test set. (2) Five
model configurations are considered. (3) Each model is trained with
Federated Learning (Fed Avg, Flower). (4) All models are evaluated
on the global test set, and the federated predictions are explained
with SHAP-FL. . . .. ... .. . .

The main steps of an IVF treatment. (1) Ovarian stimulation with go-
nadotropins induces the growth of several follicles. (2) The oocytes
are collected by ultrasound-guided aspiration of the follicles. (3)
They are fertilized in the laboratory, by conventional IVF or by intra-
cytoplasmic sperm injection (ICSI, shown here). (4) The embryos are
cultured for up to five or six days, possibly in a time-lapse incubator
that records images at regular intervals. (5) The embryo with the
highest estimated potential is transferred into the uterus. (6) If de-
velopment proceeds, the blastocyst hatches from the zona pellucida
and implants into the endometrium. Image generated with Claude

Schematic representation of the blastocyst grading system intro-
duced by Gardner and Schoolcraft. top: degree of expansion. bot-
tom: quality of the inner cell (left) and of the trophectoderm (right).
Image generated withClaude . . . . . .. ... .......... ..

Principle of Particle Image Velocimetry as implemented in CellPIV.
Each interrogation region of frame ¢ is cross-correlated with the
corresponding area of frame t + At; the position of the correlation
peak gives the local displacement, and repeating the procedure over
all regions yields the velocity field. Based on the scheme in [2]. . . .

vii

11

17



List of Figures

51

6.1

6.2

6.3

7.1
7.2

8.1

9.1

9.2

9.3

94

9.5

The SHAP-FL procedure. Each client explains the global model on
its own data with a local background and shares only its aggregated
importance vector; the server computes the global importance as a
weighted average. Image generated with Claude . . . . . . . .. ..

Median (line) and interquartile range (shaded area) of the optical-
flow series for embryos that do (blue) or do not (orange) reach the
blastocyst stage, computed on the training partitions. The dotted
line marks the last time point fed to themodels. . . . ... ... ..

Average accuracy and Fl-score as a function of the number of par-
titions, from the bootstrap analysis. More partitions mean fewer
samples per node; beyond 8 partitions the metrics drop markedly. .

Number of embryos and percentage of blastocysts per partition. . .

The LSTM-FCN variant used inthiswork. . . . . . . . . . ... ...

The MOMENT-embedding pipeline: the pre-trained encoder is
frozen and run locally; only the classification head takes part in
federated training. . . . .. ... .. L Lo

Experimental protocol: for each N € {2,...,7} the corresponding
partitions are used to train the model in federated and centralized
mode; both models are evaluated on the global testset. . . . . . ..

Accuracy on the global test set as a function of the number of par-
titions, for each model, in federated (solid line) and centralized
(dashed line) training. . . . . ... ... ... ... 0L

Accuracy difference between federated and centralized training for
each model and number of partitions. Positive values (blue) indicate
higher accuracy for federated training. . . . . .. ... ... ... ..

Confusion matrices on the global test set (N = 7) for LSTM-FCN
and MOMENT-embedding in both modes (0 = no blastocyst, 1 =
blastocyst). . . . . ...

Matthews correlation coefficient on the 2020 test set as a function of
the number of partitions. . . . . ... ... ... .. 0 0 0L

Accuracy on the global test set of each architecture in federated
(blue) and centralized (orange) mode. Dots are the individual runs.
Architectures are ordered by their Friedman mean rank in federated
mode (1 = best in every configuration); the mean ranks of both modes
are given below eachname. . . . ... ... ... ... ... ... ..

viil

32

37

38
39

43

45

48

52

53

54

55

57



List of Figures

9.6 Federated global importance of the input time points for the LSTM-
FCN model. (a) Importance T] of each time point (thin line) and its
two-hour moving average (thick line); the shaded bands mark the
days of culture. (b) Share of the total importance falling in each day
of culture; the error bars give the range across the seven clients, and
the black marks the share each day would have if the importance
were uniform over time. . . . ... ... Lo L 58

9.7 Mean signed attribution of each time point (two-hour moving aver-
age) for the explained embryos that do (blue) and do not (orange)
reach the blastocyst stage over the seven clients. Positive values push
prediction towards blastocyst formation. . . . . ... ... ... ... 59

9.8 Agreement between the local explanations produced by SHAP-FL
on the seven clients. (a) Spearman correlation between the local
importance vectors of the time points. (b) Local importance of each
time point (two-hour moving average), normalized on the total of
eachclient. . . . . .. ... ... 60

iX






List of Tables

3.1

4.1

6.1

7.1

9.1

9.2

9.3

Summary comparison of the decision-support systems discussed in
thischapter. . . .. ... ... .. ... ... ... ..

Main differences between centralized and federated learning.

Composition of the partitions. Partitions 0-6 are the federated clients;
2020 is the global testset. . . . . . ... ... ... ... ..

Model characteristics and federated parameters. . . . . .. .. ...

Accuracy on the global test set as the number of partitions N varies.
F = federated (FedAvg), C = centralized, FT = Fine Tuning, emb =
Embeddings. The best value in each row and mode is in bold. . . .
Repeated-measures ANOVA on accuracy (subject: number of parti-
tions, m=6). . . . . . ..
Mean accuracy difference (federated — centralized) and Wilcoxon
testforeachmodel. . . . .. ... ... ... ... o L

X1

20

24

39
45

51






Chapter 1

Introduction

Infertility has become a major public health issue. The World Health Organization
estimates that it affects roughly 17.5% of the adult population worldwide [3, 4]. As-
sisted Reproductive Technology (ART), and in vitro fertilization (IVF), has changed
reproductive medicine profoundly and allowed millions of couples to overcome
obstacles that used to be insurmountable. Yet, despite decades of technical progress
since the first successful IVF procedures in the 1970s, the success rate per treatment
cycle is still modest. Measured as live births, it averages between 25% and 35%,
and it varies a lot with maternal age and gamete quality [5, 6].

One of the most critical steps in the whole process, is deciding which embryo to
transfer to the uterus [7]. A typical stimulation cycle yields several oocytes; once
fertilized, embryos are cultured in vitro for three to six days, up to the blastocyst
stage. The embryo(s) with the best chance of implanting have traditionally been
chosen through a qualitative or semi-quantitative morphological assessment [8],
carried out by experienced embryologists who look at the embryos under the
microscope at a few fixed points in time. This approach has three well-known
weaknesses. Firstly, subjectivity: different embryologists, and sometimes the same
embryologist on different days, read the morphological criteria differently [9-11].
Secondly, a handful of snapshots cannot capture what is in fact a continuous,
dynamic process [12]. Thirdly, what we can see of an embryo does not always
reflect its chromosomal make-up or its metabolic potential [13].

To raise the chance of pregnancy, clinics used to transfer more than one embryo
at a time. This led to many more multiple pregnancies, which carry real risks for
both mother and fetus [14]. The medical community now strongly recommends
single embryo transfer (SET) [15]; being able to pick the single most viable embryo
has therefore become a research priority.

A better explanation of the IVF workflow will be provided in Chapter 2



Chapter 1. Introduction

1.1 Artificial intelligence in embryology

In recent years, much research has focused on digitalization and automated embryo
assessment, to overcome the limits of manual evaluation and make SET more
effective [16]. Time-lapse imaging (TLI) [17] has been a turning point: incubators
equipped with a camera record the embryo continuously, at high resolution, without
taking it out of its culture environment (??). The result is an unprecedented amount
of morphokinetic data.

Artificial intelligence (Al), and machine learning (ML) have quickly become
central in this area [18]. Deep neural networks can pick up patterns in images and
videos that a human observer simply cannot see. Used well, they make embryo
scoring more objective, reducing human error, and predicting both implantation
and euploidy non-invasively [19]. Systems such as BlastAssist [20], EmbryoMLSe-
lection [21] and other recent architectures [22] show how far the meeting of data
engineering and reproductive medicine has already gone.

More recently, the field of Al has been reshaped by the advent of Foundation
Models [23]. These are large neural networks that are pre-trained on a vast and
diverse collection of data. During pre-training they learn general-purpose repre-
sentations, which can be adapted to many tasks either by fine-tuning the whole
model or simply by using its internal representation as features. After transforming
natural language processing and computer vision, this paradigm has recently been
extended to time series with models such as MOMENT [24]. Those are pre-trained
on large corpora of series from heterogeneous domain. In a clinical setting like ours,
where labeled data are difficult and expensive to collect, this is really interesting;:
a model that has already learned what time series "look like" in general can reach
good performance with fewer examples than one trained from scratch.

A better explanation of the existing Al-based decision-support system existing
will be provided in Chapter 3

1.2 The Generalizability and privacy problem

Deep learning models generalize well only when they are trained on large and
varied datasets. However, ART data are scattered across many clinics, each with a
limited number of cases, its own laboratory protocols, and its own patient popula-
tion. The combination of these data in one place is difficult due to strict regulations:
the General Data Protection Regulation (GDPR) [25, 26], the rules on medical de-
vices [27], and the recent European Al Act [28]. In practice, then, most models
end up being trained on data from a single clinic, and they risk fitting the local
population and acquisition conditions too closely to work elsewhere.

Federated Learning (FL) [29, 30] tackles this problem head on. Instead of moving
the data to the model, it moves the model to the data. Each participant, called client
(in our case, a clinic), trains a local copy on its own data and sends a coordinating

2
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Figure 1.1: Example of Time-Lapse Imaging data: frames of two embryo from the dataset,
one that reached the blastocyst stage and one that not reached that stage. Figure
taken from [1]
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server only the updated parameters, which the server then merges into a global
model. Several institutions can thus contribute to the same model while sensitive
data remain where they are [31, 32].

A better explanation of Federated Learning will be provided in Chapter 4

1.3 The need for Explainability in the clinical domain

In a clinical setting, a model that is accurate but "black-box" is not enough. A
decision-support system has to be able to justify its outputs: before relying on it, an
embryologist needs to understand why a given embryo is considered promising [13,
33]. Deep networks are essentially black boxes, and using them for something as
consequential as embryo selection raises questions of transparency, accountability
and regulatory compliance. Explainable AI (XAI) [34] provides tools to trace each
prediction back to the factors that produced it. Among them, methods based on
Shapley values, such as SHAP [35], have particularly solid theoretical foundations.

Explaining a federated model, is harder than explaining a centralized one. Post-
hoc methods like SHAP need access to reference data and to the samples being
explained, and in FL those data, by design, never leave the clients. We therefore
need a way to produce both local and global explanations without breaking the
rule that data stay local.

A better explanation of SHAP values and how they works in a Federated
Environment will be provided in Chapter 5

1.4 Objectives

The overall goal of this thesis is to design and evaluate a federated and explainable
approach for predicting blastocyst formation from optical-flow time series extracted
from time-lapse videos. More specifically, we set out to:

1. build a realistic federated simulation in which the data are split, so that
clients differ from one another in a non-IID (non-Independent and Identically
Distributed) way, with one whole year held out as an independent global test
set;

2. compare different time series classifiers (ROCKET, ConvTran, LSTM-FCN
and the MOMENT foundation model) in federated and centralized training,
for a growing number of clients;

3. evaluate whether the foundation model (MOMENT) can be used as a frozen
feature extractor, where only a small classification head is federated, which
cuts communication and client-side computation dramatically;

4. test whether models trained with federated learning underperform compared
to models trained in the traditional way;

4



1.5. Thesis structure

5. design and apply a federated explainability procedure based on SHAP (SHAP-
FL), which yields importance scores for each client and an aggregated global
importance without sharing raw data and use it to study how consistent the
explanations are across centers.

Figure 1.2 gives an overview of the whole workflow, from the time-lapse videos to
the federated explanation.

e N e

1 Data 2 Models 3 Training 4 Evaluation & XAI
ROCKET S Test on 2020 set
O random kernels + logistic reg. Ry accuracy, F1, MCC
ConvTi 7
Time-lapse videos onv_ran
(501 1 b 2013 2020) convolution + Transformer
embryos, —
- LSTM-FCN [ client } { client } [ client }
Optical flow BiLSTM + CNN + attention fed. vs centr. + ANOVA
PIV, FarnebéickvLucas-Kanade MOMENT ( fine- tuning) only P?ZE:;‘:tZSShaer *
foundation model .
\/\/\/\ Flower, 2-7 clients SHAP-FL
[MOMENT (embeddings) vs
time series, 0-127 h frozen encoder + MLP head
DD,DD Centralised i
7 clients (2013-2019) binary target: :] pooled dat -
DDDDDDD D bl local + global explanations
astocyst yes / no . .
without sharing data
split by year test 2020

J \

Figure 1.2: Graphical abstract of the thesis. (1) Optical-flow time series are extracted from
time-lapse videos and split by acquisition year into seven federated clients and
an independent global test set. (2) Five model configurations are considered.
(3) Each model is trained with Federated Learning (Fed Avg, Flower). (4) All
models are evaluated on the global test set, and the federated predictions are
explained with SHAP-FL.

1.5 Thesis structure

Chapter 2 describes the IVF workflow, the main stages of embryo development,
the Gardner grading system and the limits of visual inspection. Chapter 3 reviews
existing Al-based decision-support systems for embryo selection. Chapter 4 in-
troduces Federated Learning, the main aggregation algorithms, and the privacy
and regulatory aspects. Chapter 5 covers explainable Al, from Shapley values to
SHAP and its use in a federated setting, and defines SHAP-FL. Chapter 6 presents
the dataset, the extraction of optical-flow series, the quality checks and the parti-
tioning strategy. Chapter 7 describes the classification models, and Chapter 8 the
federated implementation, the experimental protocol, the metrics and the statistical
tests. Chapter 9 reports and discusses the results. Finally, Chapter 10 draws the
conclusions, discusses the limitations of this work and outlines future directions.






Chapter 2

Clinical Background

This chapter covers the biological and clinical background needed to follow the rest
of the thesis. Firstly, the thesis goes through the steps of an IVF cycle and the main
stages of preimplantation development; secondly, it looks at how embryologists
judge embryo quality. This is important for understanding both, what our models
are asked to predict (whether a blastocyst forms), and what kind of signal they
receive as input.

2.1 IVF workflow

IVF is a long chain of medical, surgical and laboratory procedures that have to be
carefully coordinated. The goal is to fertilize gametes outside the body, guide the
early development of the resulting embryos in a tightly controlled environment,
and finally identify the embryo with the highest biological potential so that it can
be transferred to the uterus [5].

2.1.1 From stimulation to gamete retrieval

IVF starts with Controlled Ovarian Stimulation (COS) [36]. In a natural cycle, the
endocrine system selects a single dominant follicle and brings it to maturity. In
the COS procedure, exogenous hormones (gonadotropins such as FSH (Follicle-
Stimulating Hormone) and LH (Luteinizing Hormone)) are given, so that a whole
group of follicles develops at the same time and the chances of success increase. The
ovarian response is followed with transvaginal ultrasound and repeated blood tests.
Once the follicles are large enough, a hormonal trigger, usually hCG (Human Chori-
onic Gonadotropin) or a GnRH (Gonadotropin-Releasing Hormone) agonist [37],
is given to mimic the natural LH surge. This lets the oocytes resume meiosis and
complete their maturation up to metaphase II (MII).

About 34-36 hours after the trigger, the oocytes are retrieved. Under ultrasound
guidance and in sterile conditions, the follicles are aspirated through the vaginal
wall [38], and the follicular fluid goes straight to the embryology lab, where the

7



Chapter 2. Clinical Background

cumulus-oocyte complexes (COCs) are isolated. Meanwhile, the semen sample is
prepared. Washing and selection techniques such as density gradients or swim-up
separate the sperm from the seminal plasma and cell debris, keeping the fraction
with the best progressive motility and morphology [39, 40].

2.1.2 Fertilization and embryo culture

With the gametes ready, the next step is insemination. Depending on the semen
quality and the couple’s history, fertilization is achieved either through conven-
tional IVF, where oocytes and sperm are simply placed together in a drop of culture
medium and the sperm penetrates the oocyte on its own; or through intracytoplas-
mic sperm injection (ICSI). ICSI is essential in cases of severe male-factor infertility:
the cumulus cells are removed (denudation) and a single selected sperm cell is
injected directly into the cytoplasm of the MII oocyte [41].

Around 16-18 hours later (day 1), the embryologists check whether fertilization
has occurred by looking for two pronuclei (2PN, one maternal and one paternal)
and two polar bodies [42]. From then on, the zygote develops inside modern
incubators that keep temperature, pH and gas concentrations strictly constant, so
as to reproduce the conditions of the oviduct and uterus [43].

On days 2 and 3, the embryo goes through a series of mitotic divisions without
growing in overall size, splitting into smaller and smaller cells called blastomeres
(the cleavage stage [44]). Around day 4 it becomes a morula: the cells bind tightly
to one another through tight junctions, a process called compaction, and their
boundaries become hard to make out under the microscope [45].

2.1.3 The blastocyst stage

Between day 5 and day 6 the embryo undergoes a key transformation and becomes
a blastocyst. Fluid starts to collect inside it and forms a central cavity, the blastocoel.
This leads to the first cell differentiation of embryonic life, with two distinct popula-
tions: the inner cell mass (ICM), a compact cluster of pluripotent cells [46, 47], and
the trophectoderm (TE), a single layer of epithelial cells that surrounds the cavity
and will form the placenta and the other extra-embryonic tissues [48].

At day 2 or 3 the embryo reach the Embryonic Genome Activation (EGA). Many
embryos with chromosomal abnormalities or metabolic defects stop developing at
this point and never form an expanded blastocyst, so extended culture to this stage
works as a first, natural biological filter [49]. Whether an embryo makes it to the
blastocyst stage is therefore a meaningful indicator of its developmental potential,
and it is exactly what the models in this thesis try to predict.

The workflow ends with embryo evaluation and transfer. The embryo with the
best developmental potential is loaded into a thin catheter and gently placed in the
patient’s uterine cavity. Any other good-quality blastocysts are vitrified (ultra-rapid

8



2.2. Human morphological assessment

cryoconservation) and kept for later attempts [50]. Figure 2.1 shows each step of
the workflow.

It is precisely during this long and dynamic culture window, and especially in
the fast transition from morula to expanded blastocyst, that human observation
shows its limits. This is where continuous time-lapse monitoring and Al algorithms
can make a difference [19].

(6]

—
ometrium

() o ©
7 = ol o i
%g —_— R
\__/
end

Ovarian Oocyte Fertilization Embryo Selection Implantation
stimulation pick-up culture and transfer
hormones, 34-36h IVF or ICSI, time-lapse, day 3 or 5 about 6-10 days
about 10-12 days after trigger day 0 days 1-5 after fertilization

Figure 2.1: The main steps of an IVF treatment. (1) Ovarian stimulation with gonadotropins
induces the growth of several follicles. (2) The oocytes are collected by
ultrasound-guided aspiration of the follicles. (3) They are fertilized in the
laboratory, by conventional IVF or by intracytoplasmic sperm injection (ICSI,
shown here). (4) The embryos are cultured for up to five or six days, possibly in
a time-lapse incubator that records images at regular intervals. (5) The embryo
with the highest estimated potential is transferred into the uterus. (6) If devel-
opment proceeds, the blastocyst hatches from the zona pellucida and implants
into the endometrium. Image generated with Claude

2.2 Human morphological assessment

Despite progress in omics and digital monitoring, direct visual observation has
been the clinical gold standard for decades. Embryologists use it to judge embryo
quality and to decide which embryos to transfer or freeze. They inspect the embryos
under the microscope at conventional moments in time, using criteria that depend
on the developmental stage.

During the first 72 hours after insemination, which correspond to the cleavage
stage, attention goes to how the first divisions unfold. The embryologist counts
the blastomeres, checks whether they are of similar size, and looks for cytoplasmic
fragmentation and multinucleation. Under good conditions, an embryo has two to
four cells 48 hours after fertilization and six to eight cells by 72 hours.

Each cell division consists of two closely linked steps: mitosis, in which the
duplicated chromosomes are separated into two nuclei; and cytokinesis, in which
the cytoplasm itself is split and the cell physically divides in two. During cytoki-
nesis a contractile ring of actin and myosin forms beneath the cell membrane and
gradually tightens, pinching the cell until two daughter cells are separated. When
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this process goes wrong, the cytoplasm may not be partitioned cleanly, and small
portions of it can bud off from the blastomeres. These fragments of cytoplasm
without a nucleus are known as cytoplasmic fragments [44]. The embryologist
estimates what share of the embryo’s volume these fragments take up and grades
the embryo accordingly, from excellent (no fragments, or less than 10%) down to
severely compromised (more than 50%). Blastomeres of even size and the absence
of cells with several nuclei are further signs that mitosis and cytokinesis, and with
them chromosome segregation, have gone well.

2.2.1 The Gardner system

When culture is extended to day 5 or 6, the embryo reorganizes completely into a
blastocyst. To assess this three-dimensional structure, clinics almost universally
use the grading system introduced by Gardner and Schoolcraft back in 1999 [47]. It
gives each blastocyst a code made of one number and two letters, each describing
one aspect of its morphology.

The number, from 1 to 6, describes how expanded the blastocyst is and how
much the zona pellucida has thinned under the pressure of the fluid in the blastocoel.
At grade 1 the cavity is barely visible and takes up less than half of the embryo; at
grade 2 it occupies half of the volume or more; at grades 3 and 4 the blastocoel fills
the embryo completely or has clearly expanded it. Grades 5 and 6 describe the final
stage, when the blastocyst starts to come out of its shell (hatching) or has come out
completely.

The first letter grades the ICM, the cells that will eventually form the fetus.
Grade A means a compact, well-defined mass with many tightly packed cells;
grade B a looser, less dense group; grade C very few cells or clearly disorganized
ones. The second letter grades the trophectoderm, which will become the placenta.
Grade A is a continuous, uniform layer of many cohesive cells; grade B a less
cohesive layer with unevenly distributed cells; grade C a sparse layer of a few large
cells. For example, a blastocyst graded “4AA”, is fully expanded with an excellent
ICM and trophectoderm, and would normally be the first choice for transfer.

Figure 2.2 shows a schematic representation of the appearance of the embryo at
different gradings.
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Figure 2.2: Schematic representation of the blastocyst grading system introduced by Gard-
ner and Schoolcraft. top: degree of expansion. bottom: quality of the inner cell
(left) and of the trophectoderm (right). Image generated with Claude

2.2.2 Limits of visual inspection

Widely used as it is, visual assessment has some built-in weaknesses that limit how
well it predicts outcomes.

Firstly, subjectivity: several studies have shown that different embryologists, or
even the same embryologist at different times, can give the same embryo different
grades, especially in the intermediate quality classes [9-11].

Secondly, traditional observation is static: to look at an embryo, the dish has to
be taken out of the incubator for a moment, so development can only be followed
through occasional snapshots. Fast or transient events, such as the actual speed of
compaction or brief collapses of the blastocoel, are easily missed [12].

Finally, morphology says little about the chromosomes. A sizeable share of blas-
tocysts rated excellent under the Gardner system turn out to be aneuploid, which
leads to implantation failure or early miscarriage [13]. Because visual inspection
cannot see this deeper biology, clinical judgment needs to be complemented by
objective, continuous and quantitative tools. This is the gap that Al models working
on time-lapse data aim to fill.
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Chapter 3

Existing decision-support systems

Bringing Al into reproductive medicine is about turning embryo selection from a
qualitative, subjective judgment into a data-driven analysis. Time-lapse systems
provided the infrastructure for this shift, since they produce large streams of high-
resolution images and videos that cover the whole preimplantation period [17].
Machine learning and deep learning have become the standard tools for extracting
the complex, non-linear patterns hidden in these data [16, 19].

This chapter reviews the main systems that have been proposed. Firstly, dif-
ferent algorithms to face this problem will be outlined. Secondly, two commercial
systems systems already used in clinical practice (CHLOE and iDAScore) and two
research frameworks (BlastAssist and EmbryoMLSelection) will be described. Fi-
nally, CellP1V will be described more in detail since is is essential to understand
how the input data of this thesis have been extracted.

3.1 Looking at an embryo

Al applications in embryology follow one of three strategies. Some analyze static
images, usually of the blastocyst on day 5 or 6, and try to reproduce or improve
on the embryologist’s morphological grading. Others focus on morphokinetics,
exploiting the time dimension of time-lapse recordings, either through annotated
division times or by feeding the whole video to a deep network. Finally, another
strategy is to quantifies cytoplasmic movement, measuring tiny motions inside the
cell with techniques borrowed from fluid dynamics.

3.2 Commercial systems

Over the last few years, several Al tools for embryo assessment have reached
the market, usually integrated with a specific time-lapse incubator. Their internal
models and training data are proprietary, so they cannot be reproduced or retrained,
but they are important because they show what is already being used in clinical
practice and how such systems are validated.
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3.2.1 iDAScore

iDAScore (intelligent Data Analysis Score), developed by Vitrolife [51] for the
EmbryoScope time-lapse incubators, is a fully automated deep learning model that
scores embryos directly from their time-lapse image sequences, with no manual
annotation [52]. Given the image sequence of an embryo, it outputs a score that
reflects its likelihood of implantation, which can be used to rank the embryos of a
cohort. Scores given by this framework were found to correlate with conventional
blastocyst grades.

The first version has been trained on 115832 embryos from 18 clinics, 14 644
of which had been transferred and had a known implantation outcome (Known
Implantation Data, KID). On these transferred embryos, the model reached an AUC
of 0.67; on clinics not used for training, the KID AUC ranged from 0.60 to 0.75 [52].
A second version extended the model to embryos transferred on days 2, 3 and 5,
using 141 428 embryos from 22 clinics and reached a KID AUC between 0.62 and
0.70 depending on the day of transfer [53].

iDAScore has been evaluated by different clinical groups on retrospective single-

clinic studies.
Firstly, a clinic in Japan tested it on 3969 embryos reaching an AUC ranging between
0.66 and 0.72 depending on patient’s age [54]. Secondly, in a cohort of 7786 day-3
embryos it reached an AUC around 0.62 [55]. Thirdly, on 3604 blastocysts in Italy, it
reached an AUC of 0.60 for euplidy and 0.66 for live birth,

comparable to embryologysts” performance [56]. Finally, a study across centers
reported an AUC of 0.63 for day 3 and 0.59 for day 5 transfers [57].

None of these studies reported a collapse in performance.

Furthermore, differences between clinics have been studied [58], evaluating the
model on 4805 blastocyst transfers from four different clinics and reaching a clinic-
specific AUC ranging between 0.58 and 0.69; standardizing for maternal age also
reduced between-clinic variance by 16% [58]. Finally, prospective evidences come
from a randomized trial conducted on 14 clinics on 1066 patients reaching a preg-
nancy rate of 46.5% against the 48.2% of standard morphology not demonstrating
the non-inferiority of the model, but reducing the time needed for evaluation [59]

3.2.2 CHLOE

CHLOE, developed by Fairtility [60], is an Al-based decision-support platform
for IVF laboratories. According to the manufacturer, it estimates the likelihood
of blastulation, implantation and ploidy, automatically annotates morphokinetic
events and pronuclear count, and ranks the embryos of a cohort. This framework
uses segmentation networks (Mask R-CNN with a ResNet-50 backbone) applied to
three focal planes of EmbryoScope time-lapse videos to segment the trophectoderm
and the inner cell mass. From the segmented structures it derives morphometric
parameters such as blastocyst size, ICM size, the ICM-to-blastocyst ratio and ICM
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shape. Compared with iDAScore, CHLOE places more emphasis on interpretable,
measurable features, although the full system remains proprietary.

The published evidence on CHLOE is much thinner than for iDAScore. In a
retrospective study on 6024 embryos, CHLOE quality score has been used as a
measurement tool to study how clinical variables affect development [61]. More
detail are available on CHLOE Blast, a module that predicts blastocyst formation
by day 5 [62]. The clinical study included 703 embryos from three US sites [63]
reaching an AUC of 0.74.

3.3 Research frameworks

3.3.1 BlastAssist

BlastAssist [20] has been designed to measure interpretable features of human
embryos automatically and objectively, focusing on segmenting and grading blasto-
cysts on days 5 and 6 from high-resolution images. Its pipeline follows the same
logical steps an embryologist would.

Firstly, the images are cropped automatically to isolate the embryo from the back-
ground, and color and contrast are normalized. Secondly, convolutional segmen-
tation networks based on the U-Net architecture identify the key structures of the
embryo: the zona pellucida, the inner cell mass and the trophectoderm. Finally,
quantitative features such as the degree of expansion and the quality of the ICM
and TE are computed from the segmented structures: consistent with the Gardner
criteria, and turned into a continuous score that can be used to rank embryos.

The pipeline has been developed on more than 67 million images from 32 939
embryos.Its measurements were comparable to those of human experts, for exam-
ple, an AUROC between 0.84 and 0.94 for fertilization status; a correlation between
0.71 and 0.77 with expert symmetry scores; and an accuracy of 90.0% for develop-
mental timing, against 91.4% for experts. Some of the measured features, such as
the time to the 2-cell stage and 2-cell symmetry, were also significantly associated
with implantation in 723 single embryo transfers [20].

The strength of BlastAssist is its interpretability. Because it shows the segmented
structures, the clinician can see which regions the algorithm based its assessment
on. However, all the data comes from a single center and the author themselves
note that the pipeline has not been tested on data from other clinics [20], so the
generalization of the results is limited.

3.3.2 EmbryoMLSelection

EmbryoMLSelection [21] exploits the time dimension of the time-lapse data. The
underlying idea is that how fast and how regularly an embryo moves through its
developmental stages says more than its final appearance alone. The framework
extracts morphokinetic parameters of early development, such as the timing of
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cell divisions and stage transitions; then it combines them with machine learning
models to identify a “signature” associated with blastocyst development. It can also
include clinical variables such as maternal age and look at several clinical endpoints,
making this kind of approach quite close to everyday laboratory practice.

The study included 575 embryos; from 30 candidates variables, the framework
selects features, extracts decision rules and evaluates them. The final signature
consists of six rules based on eight variables including maternal age, the time of
pronuclear fading and the durations of the second and third cell cycles; it reached
an AUC of 0.84 and an accuracy of 81% in predicting blastocyst development on a
validation cohort of 81 embryos [21]. However, the validation embryos come from
the same unit so we have no information on how EmbrioMLSelection generalize.

3.4 CellPIV

3.4.1 The CellPIV software

CellPIV is a collection of MATLAB tools written by Shane Windsor for the analysis
of cytoplasmic movement within whole cells. The software works on sequences
of 8-bit greyscale images and is organized in three programs, each building on
the output of the previous one. Firstly, the PIV Tool loads an image sequence, lets
the user select one or more square regions of interest (ROIs) around the cells (350
pixels by default), and runs the PIV algorithm to compute the velocity field inside
each ROI, frame by frame. Secondly, the Process Tool takes the PIV results and
computes, for each ROI and each frame, the mean velocity magnitude in the central
part of the cell, defined as the central 50% of the ROI in each direction, saving it as
a time series together with a plot. Finally, the Viewer Tool is used to explore the
results: it overlays the vector field on the original frames, computes a set of derived
quantities, and exports images, videos and data files.

Two corrections are available to deal with typical microscopy artifacts. Unsteady
illumination can be compensated with a de-flickering option, and the row misalign-
ment typical of scanning laser confocal microscopes can be estimated and corrected
automatically for each ROI before the PIV is run.

3.4.2 The PIV algorithm

Particle Image Velocimetry was developed in experimental fluid dynamics [64]. In
its classic form, a flow is seeded with small tracer particles, a plane of the fluid is
illuminated with a laser, and two images are taken a short time apart; comparing
them gives the velocity field of the flow. However, the algorithm itself, is not
specific to particles: it can estimate the displacement between any two greyscale
images that contain enough texture. In the cytoplasm, the role of the tracer particles
is played by organelles and granules, which give the image a pattern that moves
with the flow.
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The first image of each pair is divided into a grid of small square sub-windows,
called interrogation regions. For each region, the algorithm looks for the displace-
ment (Ax, Ay) that best matches its pixel pattern in the second image, by computing
the cross-correlation between the two:

R(Ax,Ay) =YY L(i,j) L(i+ Ax, j+ Ay), (3.1)
i

where I and I are the pixel intensities of the region in the two frames. The position

of the highest peak of R gives the most likely displacement of the region, and

dividing it by the time between the frames gives a velocity vector. Repeating this

for every interrogation region produces a full vector field (Figure 3.1).
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Figure 3.1: Principle of Particle Image Velocimetry as implemented in CellPIV. Each inter-
rogation region of frame ¢ is cross-correlated with the corresponding area of
frame t + At; the position of the correlation peak gives the local displacement,
and repeating the procedure over all regions yields the velocity field. Based on
the scheme in [2].

CellPIV relies on MatPIV, an open-source MATLAB implementation of PIV [65],
using its multi-pass cross-correlation scheme with a 50% overlap between neighbor-
ing regions. In the multi-pass scheme, the interrogation regions start large and are
halved at each pass (the available sizes are 128, 64, 32, 16 and 8 pixels), with the dis-
placement found at one pass used as the starting point of the search at the next. This
combines the best of both worlds: large initial regions allow large displacements
to be captured, while small final regions give a fine spatial resolution. The 50%
overlap doubles the density of the vector field. However, Smaller regions contain
fewer features, so the correlation peak becomes less distinct and the signal-to-noise
ratio decreases, producing more erroneous vectors.

3.4.3 Derived metrics

From the vector field of each frame, CellPIV computes a set of scalar quantities that
summarize the motion of the cytoplasm over time [2]. Plotted frame by frame, each
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of them becomes a time series:

* Mean magnitude: the mean length of the velocity vectors in the frame, in
pixels per frame. It measures how fast the cytoplasm is moving overall.

e Standard deviation of direction: for each vector, the inverse of the standard
deviation of the vector angles in its 3 x 3 neighborhood, averaged over the
frame. High values mean that groups of vectors point in the same direction
(an ordered, coherent flow), low values that the vectors are randomly oriented.

* Vorticity: the mean local rotation of the velocity field, which highlights areas
of rotational flow; positive values indicate clockwise rotation, negative values
anticlockwise rotation.

¢ Hybrid: a combination of mean magnitude and inverse standard deviation of
direction, which is high when the cytoplasm moves fast and/or coherently.

¢ Sum mean magnitude: the mean magnitude of the vectors summed over a
given number of frames forward in time, which captures the net displacement
accumulated over a short window rather than the instantaneous speed.

Besides these summary metrics, the Viewer Tool can draw streamlines and path
lines (integrated with Runge-Kutta schemes) to visualize the trajectories that the
cytoplasm would follow, and it can import calcium imaging data to compare them
with the motion signal.

These are exactly the kinds of metrics used in this thesis. As described in
Section 6.2, used time series are summary statistics of the motion field of each
frame, computed both with the PIV approach of CellPIV and with two differential
optical flow methods.

3.4.4 Strengths and limitations

CellPIV is non-invasive, since it only needs the images that the incubator already
records. It is grounded in a clear biological mechanism, the calcium-driven contrac-
tions of the cytoskeleton. And it can provide information very early, potentially
within hours of fertilization, when no morphological criterion is yet available. Its
metrics, being physical quantities, are also directly interpretable.

It also has limitations. The original study was performed on mouse zygotes
imaged every 10 seconds, whereas clinical time-lapse incubators usually acquire
human embryos every 10-20 minutes. The software requires manual selection of
the ROIs and careful parameter choices, PIV processing can take hours for long
videos, and the predictive model in the original study was a simple statistical
association rather than a trained classifier. These limitations motivate the approach
of this thesis: extracting motion series automatically from routine time-lapse videos
over the whole culture period, and feeding them to modern time series classifiers
trained on thousands of embryos.
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3.5 Comparison and limitations of these systems

Looking at these systems together, a few limitations can be observed. Firstly,
commercial models, owe much of their performance to very large multi-center
datasets, which only a company can assemble through commercial agreements
with many clinics. Furthermore, those systems are closed: they cannot be inspected,
retrained or adapted, and their explanations, when present, are limited to what
the manufacturer chooses to expose. Research frameworks, on the other hand, are
usually trained and validated on data from one or a few centers, so whether they
work as well in other laboratories, with different incubators, protocols and patients,
remains an open question. Collecting multi-center data in one place runs into the
regulatory obstacles discussed in Chapter 4.

A second limitation concerns generizability, i.e. whether a model keeps its

performances in clinics other than those in which it has been developed. For iDAS-
core as shown before, different studies has been made resulting in no evidence on
callpase in performance.
For the other systems this evidence is missing; in fact, BlastAssist, EmbryoMLS-
election and CellPIV has been developed and tested on a single center with no
external test set [20, 21, 45]. It’s important to underline that does not means that
these systems generalize poorly, but it simply has not been tested.

This thesis tries to address these points. It builds on the CellPIV idea of describ-
ing embryo development through motion signals, extracts them automatically from
routine time-lapse videos, and trains open time series classifiers on them. It does so
with Federated Learning, so that several centers could contribute to the same model
without sharing their data, and pairs the federated model with an explainability
procedure designed for this setting.
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Table 3.1: Summary comparison of the decision-support systems discussed in this chapter.

iDAScore CHLOE BlastAssist EmbryoML- CellPIV
Selection
Type Commercial Commercial Research Research Research
Main input Time-lapse Time-lapse Static images ~ Morphokinetic High-frame-
sequences videos (3 focal (day 5/6) parameters rate zygote
planes) videos
Core Deep learning Segmentation U-Net+CNN ML on PIV (cross-
method on image (Mask R-CNN) morphokinetic correlation)
sequences + morphometry features
Output Implantation  Blastulation, Segmentation  Blastocyst Cytoplasmic
score implantation, maps, development  motion metrics
ploidy Gardner-like
estimates score
Timing Up to Up to Late Early to Very early
blastocyst blastocyst (blastocyst) intermediate  (hours after
fertilisation)
Open No Partly Yes Yes Yes
method published
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Chapter 4

Federated Learning

Federated Learning (FL) [29] is one of the most recent advancements of distributed
machine learning in recent years. It offers a methodological answer to a very practi-
cal problem: how to learn from data that cannot be centralized. In conventional
machine learning, the raw data have to be copied to a single machine or a central
repository before training can start. This creates bottlenecks, and in many domains
it clashes with legal and ethical constraints.

FL turns this around. The central server no longer collects data. It sends the
model to the participating nodes, usually called clients, and each client trains it
on its own data. What travels back to the server are only parameter updates, such
as weights or gradients. By repeating this cycle of local training, aggregation on
the server and redistribution of the new parameters, the federation converges to
a global model that generalizes across clients, while the data never leave their
original location [30].

Table 4.1 shows the main difference between the classic approach and the
federated one.

41 Problem formulation

Consider K clients, each holding a local dataset Dy = {(x;, ;) } ¥, with nj samples,
and letn = Zle ng. For a model with parameters w € R? and a loss ¢ (w; x,y), the
local empirical risk of client k is

cm(w)zl Y, lwxy). (4.1)
"k (xy) €Dy

FL aims to minimize the global risk, defined as the weighted average of the local

ones:
K

. . Ny
min F(w) = k; 7Fk(w). (4.2)

If all the data have been pooled, Equation (4.2) would simply be the empirical
risk of centralized training. What makes FL different is that the server can neither
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evaluate Fy directly nor see Dy; it can only ask clients to run computations locally
and report the results.

4.2 Aggregation strategies

How well and how stably a federation converges depends to a large extent on how
the server aggregates the client updates. Many strategies have been proposed, each
with its own strengths and weaknesses.

FedAvg. Better explained in Section 4.3, Fed Avg is the most common choice [29]:
the server takes a weighted average of the client weights, proportional to the size
of each local dataset. It is cheap in terms of communication and computation and
works well when clients are similar, but it struggles when the data are strongly
heterogeneous.

FedProx. Federated Proximal (FedProx) [66, 67] was introduced to address that
weakness. It adds a proximal term to the local loss that keeps each client model
from drifting too far from the global one:

min F(w) —1—%Hw—wt\|2. 4.3)

This makes FedProx considerably more robust to statistical heterogeneity and to
clients with different computing power or unreliable connections. However, it has
an extra hyperparameter, 1, that has to be tuned carefully.

Personalized FL. Personalized Federated Learning (PFL) [68] covers a family of
hybrid strategies that combine a shared global structure with local adaptations,
trying to balance collective generalization and accuracy on each individual client.

FedOpt and beyond. FedOpt [69, 70] brings adaptive optimizers such as Adam
and Adagrad to the server side to speed up learning, and other approaches rely on
clustering clients or on knowledge distillation. Which method works best depends
on the network, the infrastructure, the available compute and, above all, on how
heterogeneous the data are.

In this work Fed Avg has been used for every model. It is the reference algorithm
in the literature and has almost no extra hyperparameters, which makes it a clean
baseline for measuring what we lose, if anything, by not centralizing the data.
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4.3 Federated Averaging

The most widely used algorithm for implementing Equation (4.2) is Federated
Averaging (FedAvg) [29]. At each round t, the server sends the current global
model w' to a subset S; of clients. Each of them starts from w!, runs E epochs
of stochastic gradient descent on its own data and obtains w,tfl. The server then
averages the models it receives, weighting each by its number of samples:
witl = _ Mttt 4.4
& T 4y
The full procedure is given in Algorithm 1. Compared with other strategies as
FedOpt, where clients communicate after every step, FedAvg saves a great deal of
communication because each client does several epochs of local work between two
synchronizations.

Algorithm 1: Federated Averaging (Fed Avg)
Input: number of rounds T, local epochs E, learning rate 7, client fraction C
Output: global model w’
1 Server initializes w';
2 fort =0,...,T—1do
3 Server selects a set S; of max([C - K], 1) clients;
4 foreach client k € S; in parallel do
5 wy — w';
6
7
8

fore=1,...,Edo
foreach mini-batch b C Dy do
L Wy < Wi — 1 Vﬂ(wk; b),

9 Send (wy, ny) to the server;

t+1 05 .
10 w $— Zkest mﬂ)k,

4.4 Heterogeneous (non-1ID) data

Centralized training usually assumes that samples are independent and identically
distributed (IID). In FL this assumption almost never holds, because each client sees
its own distribution Py (x, v), shaped by its patients, equipment and practices [30, 71].
The literature usually distinguishes four kinds of dataset shifts. With label skew
(or prior shift), the class proportions Py (y) differ between clients. With feature
skew (covariate shift), the input distribution Py(x) changes, for example because of
different incubators or acquisition settings. With concept shift, the relation P(y | x)
itself differs, for instance because annotation criteria are not the same everywhere.
Finally, with quantity skew, clients simply hold very different amounts of data.
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Such statistical heterogeneity makes local updates drift apart, a phenomenon
known as client drift. Each local model is pulled towards its own optimum
arg min F, which may be far from the global one, slowing down the aggregation
strategy convergence and lowering its final performance [71, 72].

4.5 Privacy

In medicine, the way FL is built helps with two long-standing problems: patient
privacy and the fragmentation of health data [31, 73]. Centralized training requires
the Al developer to follow strict data protection rules, namely the GDPR [25, 26],
the MDR/IVDR regulations on medical devices [27] and the AI Act [28], which
severely limit how health-related data can leave the hospital that collected them.

FL protects privacy at the source: sensitive clinical information never leaves the
IT infrastructure of each client. However, sharing only model parameters, is not a
complete guarantee in itself: under some conditions, training data can be partly
reconstructed from shared gradients [74]. To reduce the risk of reconstruction or
re-identification attacks, FL is commonly combined with Differential Privacy [75],
which adds calibrated noise to the updates and formally bounds what can be
learned about any single sample, and with secure aggregation [76] and encryption;
it lets the server compute the sum of the updates without seeing any individual
contribution.

Beyond privacy, FL also changes how clinical research can be organized, because
it makes large multi-institutional and even cross-border collaborations much eas-
ier [32]. Models trained on large, diverse patient cohorts from different regions are
less prone to overfitting and to the selection bias typical of single-center studies. It
is also lighter on infrastructure: sending parameter vectors takes far less bandwidth
than continuously moving high-resolution diagnostic files around.

Table 4.1: Main differences between centralized and federated learning.

Centralized learning

Federated learning

Privacy

Dataset size

Requires complex data transfer
agreements

Limited to the centers willing to
share raw data

Health data never leave the hospital

Collaboration among many centers,
also across borders

Model bias  Risk of overfitting homogeneous lo- Reduced, thanks to heterogeneous
cal populations and geographically diverse cohorts

Bandwidth High, to move large images and Low: only model parameters are
videos exchanged

Complexity Simple infrastructure, a single com- Distributed orchestration, heteroge-

pute node

neous and non-IID clients
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4.6 The Flower framework

As better outlined in Chapter 8, the federated learning environment developed in
this thesis has been developed with Flower(f1wr) [77], an open-source FL frame-
work that does not depend on any particular deep learning library. Flower clearly
separates two components. The ServerApp defines the aggregation strategy (Fe-
dAvg in our case), the number of rounds and, optionally, a function to evaluate
the global model on the server side. The ClientApp contains what runs on each
node: loading the local data, training from the parameters received, and local
evaluation. Server and clients exchange messages that carry model parameters
(ArrayRecord), metrics (MetricRecord) and configuration values such as the learn-
ing rate (ConfigRecord).

Flower also features a Ray-based simulation engine capable of running multiple
virtual clients on a single machine. This specific mode was utilized for all experi-
ments in this study. A major advantage of this framework is that the same codebase
can be seamlessly transitioned to a real distributed deployment without altering
the underlying training logic.
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Chapter 5

Explainable Al in a federated setting

Federated Learning gives ART a solid basis for multi-center collaboration: clinics
can train predictive models together without handing over their data. However,
the deep learning models involved, are black-boxes. When using Al to support
clinical decisions, such as which embryo to implant, it is not enough to know how
likely it is to reach the blastocyst stage; the clinician also needs to know which
developmental dynamics led the model to that conclusion. This chapter introduces
the main ideas of Explainable AI (XAI) and then discusses what changes when the
model to be explained is federated. On this basis SHAP-FL, the procedure used in
this thesis is defined.

5.1 Why explanations matter

There are at least four reasons why explainability matters in medicine.

Firstly, trust: an embryologist is unlikely to follow a bare number, especially
when it contradicts their own reading of the embryo’s morphology. If the system
can show which phases of development drove its prediction, the clinician can check
that reasoning against their own knowledge and decide, knowingly, whether to
accept it [13, 33].

Secondly, accountability and regulation: under European law, Al systems used
as medical devices, or as parts of them, are considered high-risk and come with
transparency obligations: users must be able to interpret the output and use it
appropriately [27, 28]. The GDPR also contains specific safeguards for decisions
based on automated processing [25].

Thirdly, debugging and bias detection: explanations help developers spot mod-
els that lean on spurious correlations, such as acquisition artifacts, administrative
variables, or information that would not be available at decision time, instead
of biologically sensible signals. In a multi-center setting this check is even more
important, since each center can bring its own artifacts.

Finally, scientific insight: looking at what an accurate model has learned can
suggest new biological hypotheses, for example by highlighting time windows that
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are especially informative about an embryo’s fate.

5.2 Explanation methods

XAI methods are usually classified along a few dimensions [34, 78].

Intrinsic or post-hoc. Some models are interpretable by design: linear models,
shallow decision trees, additive models. Post-hoc methods, on the other hand,
explain a model after it has been trained, treating it fully or partly as a black-
box. High-stakes applications has been argued to prefer intrinsically interpretable
models [79]. However, when the input is complex, as with a time series of sev-
eral hundred samples, deep models are often much more accurate, and post-hoc
explanations become a pragmatic compromise.

Local or global. A local explanation justifies one prediction (“why was this em-
bryo rated as promising?”), while a global explanation describes the model’s overall
behavior (“which features matter most in general?”). Global explanations can be
built by aggregating many local ones.

Model-agnostic or model-specific. Agnostic methods such as LIME [80] and
KernelSHAP [35] only need to query the model. Specific methods exploit its
internals, for example the gradients of a neural network [81, 82], and are usually
more efficient.

Form of the explanation. Explanations can take the form of feature attributions,
representative examples, counterfactuals (“what is the smallest change to the input
that would flip the prediction?”), or rules.

In this thesis post-hoc methods based on Shapley values have been used, which
assign each input feature a numerical contribution to the prediction. These methods
have been chosen for their sound theoretical properties and because attributions
are additive, which, as we will see, makes them easy to aggregate in a federated
setting.

5.3 Shapley values

Shapley values come from cooperative game theory [83]. Given a set of players
N = {1,..., M} and a characteristic function v : 2V — R that gives the payoff of
every coalition S C N, with v(@) = 0, the question is how to share the total payoff
v(N) fairly among the players. The Shapley value of player i is
S'(M —|S| —1)! .
)= ¥ BEMESEV @) —os). 6

SCN\{i}
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5.4. SHAP: SHapley Additive exPlanations

The term in square brackets is the marginal contribution of i to coalition S, and the
combinatorial weight is the probability that, in a random ordering of the players,
exactly the members of S come before i. In conclusion, ¢; is the average marginal
contribution of i over all possible orders in which the coalition could be formed.

54 SHAP: SHapley Additive exPlanations

SHAP [35] implements this idea over to the explanation of model predictions: the
input features become the players and the model’s output becomes the payoff to be
shared.

5.4.1 Additive feature attribution

Let f : RM — R be the model to explain (for a classifier, typically the logit or the
probability of one class) and x the instance of interest. SHAP belongs to the family
of additive feature attribution methods, which explain f(x) through a linear model
over simplified binary variables z’ € {0,1}M indicating whether each feature is
present or absent:

M
g(z) = o+ Y ¢z (5.2)
j=1

Lundberg and Lee [35] showed that there is exactly one additive attribution with
three desirable properties: firstly, local accuracy: meaning that the explanation
reproduces the prediction exactly, f(x) = ¢o + }; ¢;; secondly, missingness, mean-
ing that absent features get zero attribution; finally, consistency, meaning that if a
model changes so that a feature’s marginal contribution grows or stays the same
in every coalition, that feature’s attribution does not decrease. This attribution is
given by the Shapley values of the game whose characteristic function is

Ux(S) = ]E[f(X) ‘ XS = xs], (53)

that is, the expected prediction when only the features in S are known. The base
value ¢y = E[f(X)] is the average prediction over the reference data.

5.4.2 The background dataset

Computing the expectation in Equation (5.3) requires removing the features that are
not in S. In practice they are replaced by values taken from a background dataset B
that represents the data distribution:

Uy |B| Y f(xs,bg). (5.4)

beB

The choice of background defines the question the explanation answers: SHAP
values explain how far the prediction for x is from the average prediction over the
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background. This detail turns out to be crucial in FL, because the background is
made of real data, and in a federation real data have to stay local.

5.4.3 Estimating SHAP values

Computing Equation (5.1) exactly means evaluating 2™ coalitions, which is out
of reach even for a few dozen features, so several estimators have been devel-
oped. KernelSHAP [35] is model-agnostic and estimates Shapley values through
a weighted linear regression over sampled coalitions; however, it is expensive.
TreeSHAP [84] computes exact values in polynomial time for tree-based models.
DeepSHAP [35], available as DeepExplainer, is designed for neural networks and
builds on DeepLIFT [81]. DeepLIFT propagates differences in activation with re-
spect to a reference input back through the network, using layer-wise multipliers,
and its attributions satisfy summation-to-delta: }_; ¢; = f(x) — f(b). DeepSHAP
reads DeepLIFT’s propagation rules as a compositional approximation of Shap-
ley values and averages the attributions over every sample in the background.
Its cost is comparable to a few backward passes per sample, so it scales well to
high-dimensional inputs.

The model explained in this work is a neural network (Section 7.4.3), so
DeepSHAP has been used.

5.4.4 From local to global explanations

SHAP values are local: each instance x; gets its own vector ¢; € RM. A global
importance score for feature j is obtained by averaging the absolute values over a

set of instances X:

1
I = X Y loijl. (5.5)

x,eX

Absolute values are taken so that contributions of opposite sign on different in-
stances do not cancel out. A feature that pushes some predictions strongly towards
the positive class and others strongly towards the negative one, is still very impor-
tant to the model.

5.5 Explainability in Federated Learning

Applying post-hoc explanation methods to a federated model raises problems that
simply do not exist in the centralized case. Everyone knows the global model f,,
but the data needed to explain it, both the instances and the background, are spread
across the clients and cannot be pooled.
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5.5.1 Challenges

The first issue is the local background. Since SHAP values depend on the reference
data, computing them on the server would require sending real data there, which
defeats the purpose of FL. A synthetic or public background, on the other hand,
may not represent the real distribution well.

The second is that explanations can differ between clients. With non-I1ID
data, the same global model may rely on different features in different centers,
because their embryos and acquisition conditions are not the same. A single global
explanation risks hiding these differences, which are actually useful: they can point
to a center with artifacts, or to a subgroup of patients where the model behaves
differently.

The third is that explanations can leak information too. They are derived from
data, and per-instance SHAP values, if shared, may reveal something about the
original samples. Some level of aggregation is needed before anything is sent.

5.6 How SHAP-FL works

Let f,,r be the global model obtained at the end of federated training. SHAP-FL [85]
works on two levels, as shown in Figure 5.1.

At the local level, each client k already holds the global model f,,r from the last
round. It draws a local background By by sampling instances from its training set,
and a set of instances to explain, A%, from its test set. For each x; € X} it computes
with DeepSHAP the attribution vector gbl.(k) € RM for the positive class (blastocyst
formation), and from these it computes the local importance of every feature:

, j=1,...,M. 5.6)

Only the vector I¥) ¢ RM and a weight m, such as the number of explained
instances | Xx| or, as in Fed Avg, the size of the local training set, are sent to the server.
The per-instance explanations stay with the client, where the local embryologist
can look at them as explanations of individual clinical cases.

At the global level, the server combines the vectors it receives with a weighted
average, just as FedAvg does for model parameters:

K
7 Ul (k)
I = 2 ’ IV, (5.7)
/ k=1 Z{il my J

If all clients used the same background, I; would be exactly the importance
of Equation (5.5) computed over the union of the sets X}, as if the data had been
centralized. In the general case, with local backgrounds, I; should be read as the
average importance of feature j relative to the reference distribution of each center.
This is actually the right question from a clinical point of view: how much does this
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feature matter in explaining a prediction, compared with a typical embryo from the
same laboratory?

Server
global model f,
7. o— (k)
fi = Y& Z'zﬂil%l If

[ Client1 Client 2 ClientK ||
} By, X By, X, Bk, Xk |
'|  DeepSHAP DeepSHAP o DeepSHAP | |

data and per-instance explanations stay local

Figure 5.1: The SHAP-FL procedure. Each client explains the global model on its own data
with a local background and shares only its aggregated importance vector; the
server computes the global importance as a weighted average. Image generated
with Claude

5.6.1 Properties

SHAP-FL has a few properties worth pointing out. In terms of privacy, the only
thing communicated is a vector of M averages of absolute values, each computed
over tens or hundreds of instances; neither raw data nor per-instance attributions
leave the client. If needed, I'*) can be protected with secure aggregation or per-
turbed with differentially private noise before sending (Section 4.5). In terms of cost,
the procedure needs just one extra communication round at the end of training,
and running DeepSHAP on a client costs about as much as one epoch of inference.
It also gives two levels of reading at the same time: local explanations, per embryo
and per center, and a global explanation of the whole federation. Finally, comparing
the vectors I(%) across clients lets us measure heterogeneity, that is, how similarly
the global model reasons in different centers.

5.6.2 Measuring agreement between explanations

To quantify how consistent the explanations are across centers we use three com-
plementary measures. The Spearman rank correlation o(I%), I(!)) between the
importance vectors of two clients measures agreement on the overall ranking of the
teatures. The Jaccard index between the sets E(k) and 771(1) of the g most important
features,

(k) )
737 VT
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measures agreement on the top features, the ones a clinician would typically look
at. The concentration curve of the global importance, i.e. the cumulative share of
Y_j I; covered by the first q features in order of importance, tells us if the model
relies on a few dominant features or on information spread across many of them.

5.7 Explanation level

One last point concerns what the explanation refers to. When SHAP is applied
directly to the input of a time series classifier, the features are the time points of the
optical-flow series. The attribution is then easy to read in biological terms, because
it tells us which windows of embryo development influenced the prediction.

When the classifier works on a latent representation produced by a foundation
model, as with the 1024-dimensional MOMENT embeddings used in this work
(Section 7.4.3), SHAP attributes importance to the embedding dimensions, which
have no direct meaning. The explanation is still useful for studying how the model
is structured, how much centers agree and how concentrated the information is,
but to become clinically meaningful it has to be projected back onto the original
time axis. One way to do this is to propagate attributions through the encoder;
another is to compute attributions by occluding time windows of the input series.
This choice and its implications are explained in Chapter 9, and again among the
future directions in Chapter 10.
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Chapter 6

Dataset and data preparation

This chapter describes the data used: where they come from, which variables are
available, how optical-flow time series are obtained from time-lapse videos, which
quality checks were applied, and how the data were partitioned to simulate a
federated environment.

6.1 Origin and content

The dataset comes from the Laboratory of Reproductive Biology and Biotechnology
of the University of Pavia, in collaboration with the Genera assisted reproduction
clinic in Rome. It contains 5011 embryos cultured in time-lapse incubators and
recorded between 2013 and 2020. For each embryo we have the optical-flow time
series extracted from its time-lapse video (Section 6.2); clinical variables such as
maternal age, semen quality and culture medium; the morphokinetic annotations
made by the embryologists, namely the number of pronuclei (PN), the times of
pronuclear appearance and fading (tpns, tpny), the division times (f2, ..., t94),
the time of morula compaction (t)s) and the times of blastocyst start, formation
and expansion (fsp, tp, tgp); laboratory identifiers for the dish, the well and the
combined dish_well code, which includes the acquisition date; and, for biopsied
embryos, the result of the preimplantation genetic test (euploid or aneuploid).

The target is the binary variable BLASTONY, which tells whether the embryo
reached the blastocyst stage (y = 1) or not (y = 0). Overall, 50.6% of the embryos
form a blastocyst, so the problem is essentially balanced globally.

Cleaning. Some cleaning and standardization were needed before the data could
be used. An issue was patients with more dishes, which is common in cycles where
many oocytes are retrieved, since a dish holds at most 12 wells. All wells belonging
to the same patient and cycle were given the same identifier (patient_id), so that
embryos from one patient could be kept together during evaluation.
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6.2 Optical-flow time series

To quantify cytoplasmic motion, we apply optical flow algorithms to the frames of
the time-lapse videos. Optical flow estimates, for each pixel or region, the apparent
displacement (u, v) between two consecutive frames, under the assumption that
brightness is preserved:

I(x,y,t)=I(x+u,y+v,t+At) = Lu+Ilo+L~0, (6.1)

where Iy, I, and I; are the partial derivatives of the image intensity. Equation (6.1)
gives a single constraint for two unknowns (the so-called aperture problem), and
the various methods differ in the extra assumptions they make to solve it.

The extraction step has been executed with two different methods. The
Farnebick method [86] is dense and multi-scale: it approximates the intensity
around each pixel with a quadratic polynomial and uses a Gaussian image pyramid
to capture motion at different scales while avoiding aliasing. The Lucas-Kanade
method [87] is local: it assumes the flow is constant within a small patch and solves
the resulting over-determined system by least squares,

L(p1) IL(p1) I(p1)
: : ,b=— : : (6.2)

L(p) L(pn) i(pa)

From the velocity vectors computed frame by frame with each method, we
derive a few summary metrics in the form of time series. Firstly, the Mean Magni-
tude: the average speed of the field, ﬁ Ypeq Vu? + v? over the region of interest
Q). Secondly, Vorticity: w = dv/dx — du/dy, measures local rotation and reveals
vortices. Thirdly, Standard Deviation: captures how dispersed the magnitudes are,
and hence how uniform the motion is. Furthermore, Hybrid: combining magnitude
and dispersion. Finally, Sum Mean Magnitude: is a moving average of motion
intensity over consecutive frames.

Figure 6.1 shows the median series for the two classes. In the first hours the
two groups are almost indistinguishable. Between roughly 20 and 40 hours we see
peaks related to the first mitotic divisions, more pronounced in embryos that go
on to form a blastocyst. From about 90 hours, as compaction and cavitation begin,
the two classes separate clearly: embryos that become blastocysts show a marked
increase in activity, which is what one would expect as the blastocoel expands.

m —(ATA) AT, A=

6.3 Data quality and preprocessing

Careful preprocessing is essential to prevent visual noise or gaps in time from
spoiling training. Before the flow is extracted, the frames are contrast-enhanced to
even out the lighting, so that the embryo’s outline can be traced precisely and the
region of interest (ROI) in which vectors are computed can be isolated. The videos
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end of model input:
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Figure 6.1: Median (line) and interquartile range (shaded area) of the optical-flow series for
embryos that do (blue) or do not (orange) reach the blastocyst stage, computed
on the training partitions. The dotted line marks the last time point fed to the
models.

are then screened, and damaged, out-of-focus or artifact-ridden sequences that
would distort the spatio-temporal derivatives of the flow are discarded. Because
incubator acquisitions can be paused and recordings vary in length, the resulting
series are aligned and resampled onto a common 15-minute grid. A normalization
step follows (for example quantile normalization), which serves both to make the
sequences uniform for the different ML architectures and to damp anomalous peaks
or amplitude changes that do not reflect real cytoplasmic behavior.

Model input. All neural architectures receive the same input vector, built from
the numeric columns of the dataset and truncated to at most 512 values, which is
MOMENT’s native context length (Section 7.4). In the current implementation this
vector contains, in order, the numeric patient identifier, the maternal age and the
tirst 510 samples of the optical-flow series (from Oh to 127.25h).

6.4 Simulating a federated environment

6.4.1 How many partitions? A bootstrap analysis

Before settling on the final partitioning, how model performance degrades as
the number of centers grows has been checked. This operation has been done
with a bootstrap procedure. The dataset was first split into a training set (80%)
and a test set (20%), stratified by class. Then, for each k = 1,...,15, the training
set was divided into k stratified partitions, and from each partition, a sample of
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| Mtrain / k| elements keeping the class proportions has been extracted. On each of
these a reference classifier (a 100-tree Random Forest preceded by imputation and
standardization) has been trained and evaluated on the common test set. Averaged
accuracy and Fl-score over the k partitions have been computed.

—8— Average Accuracy
Average F1l-Score

0.86

0.85 4

Metric

0.84 4

0.83

0.82 4

T T T T T T T T T T T T T T T
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Number of Partitions

Figure 6.2: Average accuracy and Fl-score as a function of the number of partitions, from
the bootstrap analysis. More partitions mean fewer samples per node; beyond 8
partitions the metrics drop markedly.

As Figure 6.2 shows, the metrics decrease slowly up to 8 partitions and then fall
more sharply, dropping below 0.84 accuracy for k > 9. With about 5000 embryos,
then, it does not make sense to spread the data across more than 7-8 centers, or
each center will not have enough data. Our year-based split, with 7 clients plus a
test year, stays within this limit.

6.4.2 Partitioning

The years 2013 to 2019 make up the seven federated clients (partitions 0-6), while
the 2020 embryos form the global test set and are used only for the final evaluation.
No patient identifier in the test set appears in any training partition. Table 6.1 and
Figure 6.3 summarize the partitions.

Two of the forms of heterogeneity discussed in Section 4.4 are clearly visible
in Table 6.1. There is quantity skew, since the 2013 partition has about half as
many embryos as the others. And there is label skew with a time trend: the share
of blastocysts rises almost steadily from 40.5% in 2013 to 54.9% in 2020, probably
thanks to gradual improvements in culture conditions. As a result, the 2020 test set
has a higher proportion of positive cases than any training year. This prior shift
makes the evaluation tougher, but also more realistic.
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Table 6.1: Composition of the partitions. Partitions 0-6 are the federated clients; 2020 is the
global test set.

Partition Year Embryos Patients Blastocysts (%) Mean maternal age

0 2013 333 49 40.5 39.3
1 2014 642 103 48.3 39.6
2 2015 666 102 48.9 38.4
3 2016 662 120 50.8 38.7
4 2017 592 99 50.2 38.6
5 2018 645 98 51.8 38.1
6 2019 730 116 53.7 38.1
Test 2020 741 141 54.9 38.8
Total 5011 828 50.6 38.6

Il Federated clients (partitions 0-6) 741
800 730
W Global test set (2020) 666 662 (53.7%) (54.9%)
645
‘8 (48.9%) (50.8%) 592 (51.8%)
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5 600
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Figure 6.3: Number of embryos and percentage of blastocysts per partition.
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Chapter 7

Time series classification models

The task we face is binary classification of univariate time series: given the optical-
flow series x = (x1,...,x) of an embryo, the goal is to estimate the probability that
the embryo reaches the blastocyst stage. The time series classification literature [8§]
offers very different families of methods. We picked four architectures that cover
the main ones: ROCKET, which uses random convolutional kernels followed by
a linear classifier; ConvTran, a hybrid of convolutions and Transformers; LSTM-
FCN, a hybrid of recurrent and convolutional networks; and MOMENT, a large
pre-trained foundation model, which we use both with full fine-tuning and as a
frozen feature extractor.

These models differ in size, and in FL, this matters because the communication
cost of each round is proportional to the number of parameters exchanged. The rest
of the chapter describes each model and how it has been implemented.

71 ROCKET

ROCKET (RandOm Convolutional KErnel Transform) [89] rests on an idea that
is as simple as it is effective. Instead of learning convolutional filters (as a CNN
would) it generates a very large number of them at random and only learns a linear
classifier on top of the resulting features.

Each kernel w is defined by randomly drawn parameters: a length I € {7,9,11};
weights w; ~ N (0,1), then centered to zero mean; a bias b ~ U(—1,1); a dilation
d = |2°| witha ~ U(0,1og, £=}), which allows patterns at different time scales to
be picked up; and padding, applied or not with equal probability. Convolving the
kernel with the series gives

I-1

zt=b+ ) wiXiiig (7.1)
i=0

from which two features are taken: the maximum, max; z;, and the proportion
of positive values, PPV = ﬁ Y: 1[z¢ > 0]. With 10000 kernels this yields 20 000
features per series.
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In this implementation the ROCKET features are fed to a logistic regression. In
the federated version every client applies the transform with the same random seed,
so that all clients use identical kernels; this is what makes averaging the coefficients
meaningful in the first place. Each client then fits the logistic regression on its own
features, and FedAvg is applied only to the coefficient vector B € R?°% and the
intercept.

7.2 Convlran

ConvTran [90] combines convolutional layers, which are good at capturing local
patterns, with the self-attention of Transformers [91], which can model long-range
dependencies. The original paper also proposes two position encodings designed
for time series, where the order of the samples matters: time Absolute Position
Encoding (tAPE) and efficient Relative Position Encoding (eRPE).

The version starts with a convolutional embedding made of two Conv1d layers
(kernel length 9, 64 filters), each followed by batch normalization and a GELU acti-
vation. A learnable positional encoding is then added to the sequence, which goes
through three pre-norm Transformer encoder blocks. Each block has Multi-Head
Self-Attention (MHA, with 8 heads, dimension 64) and a Feed-Forward Network
(FEN, with hidden size 256, GELU), each preceded by Layer Normalization (LN)
and wrapped in a residual connections:

h' = h + Dropout(MHA(LN(h))), (7.2)
W' = W + FEN(LN(IY)), (7.3)

where each attention head computes
Attn(Q, K, V) = softmax(QK ' /Vd)V. (7.4)

layer normalization rescales each time step independently, so that its features
zero mean and unit variance. Normalizing the input of each sub-layer keeps the
activations on a similar scale across blocks and keeps the training more stable. The
multi-head self-attention lets every time step look at all the others and decide
how much of them contribute to its new representation. Each output time step
is weighted average of the values of all time steps. Using several heads allows
the model to attend to different kinds of relations at the same time, for instance a
short-range one and a long-range one. The feed-forward network is applied to each
time step separately. It expands the representation to a hidden size of dg = 256,
applies a GELU non-linearity and projects it back to dimension d

The output is summarized by global average pooling and passed to an MLP
classification head. It has been trained with RAdam and a learning rate of 107.
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7.3 LSTM-FCN

The original LSTM-FCN [92] runs two branches in parallel on the same series. One
is a Fully Convolutional Network (FCN) [93], which extracts local, shift-invariant
patterns; the other is an LSTM [94], which models temporal dependencies. The
outputs of the two branches are concatenated and passed to a classifier.

We used a richer variant of this design, sketched in Figure 7.1. Each scalar
sample x; is first projected to 64 dimensions by a small two-layer MLP (Linear—
LayerNorm-GELU-Dropout), then projected to 128 dimensions and normalized. A
sinusoidal positional encoding [91],

PE ;2 = sin(t/10000%/P),  PE(;5;,1) = cos(t/10000%/P), (7.5)

is added to the sequence, followed by a 4-head self-attention layer with a residual
connection and LayerNorm, so that each time step can draw on information from
the whole series. The result feeds two branches. The recurrent branch is a two-
layer bidirectional LSTM with 64 units per direction, whose final hidden states are
concatenated into a 128-dimensional vector. The convolutional branch has three
residual blocks with 64, 128 and 256 filters (kernel size 3). Each block contains two
convolutions with batch normalization and GELU, plus a Squeeze-and-Excitation
module [95] that re-weights the channels through channel-wise attention:

s = c(WoReLU(W; GAP(U))), U =soU. (7.6)

The output of the last block is summarized by concatenating global average and
global max pooling (512 values). Finally, the two branches are concatenated (640
values) and passed to an MLP (640-320-2) with LayerNorm, GELU and dropout.

Linear layers are initialized with Xavier and convolutions with Kaiming initial-
ization. We train with AdamW [96] (learning rate 10~%, weight decay 10~2) and
clip gradients to norm 1. The model has about 0.99 million parameters.

BiLSTM x2
— 128
Per-step encoder + Positional Multi-head Concat (640)
1—64—128 encoding attention MLP — 2
3 Conv+SE blocks
GAP||GMP — 512

Figure 7.1: The LSTM-FCN variant used in this work.

Series
x € R%12
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74 MOMENT

7.4.1 Architecture and pre-training

MOMENT [24] is a family of open-source foundation models for time series, pre-
trained on a large and varied collection of public series called the Time Series Pile,
which spans healthcare, finance, weather, industrial systems and more. The idea
is to have one model that, with minimal adaptation, performs well on forecasting,
classification, anomaly detection and imputation alike.

The architecture is derived from the encoder of the T5 Transformer [64]. Each
time series first goes through reversible instance normalization (RevIN), which
removes its mean and variance so that the model is insensitive to scale. The series,
of fixed length L = 512, is then cut into N = 64 non-overlapping patches of
length P = 8, following PatchTST [97]. Each patch is linearly projected into a
D-dimensional space and treated as a token. The token sequence passes through a
stack of Transformer blocks (24 layers with D = 1024 in the MOMENT-1-1arge model
used), and finally a task-specific head produces the output. Pre-training uses masked
reconstruction: some patches are hidden and the model learns to rebuild them from
the context. Since this is a self-supervised task that needs no labels, the model is
pushed to learn general representations of time series structure.

7.4.2 Option 1: full fine-tuning

The first way to use MOMENT is in its classification configuration, training the
whole model (encoder and classification head) on our task and updating every
parameter. In a federated setting, however, this means sending hundreds of millions
of parameters per client at every round, with a very high communication and local
compute cost.

7.4.3 Option 2: frozen embeddings and a classification head

The second option, and one of the main contributions of this thesis, is to use
MOMENT frozen, purely as a feature extractor (Figure 7.2). Each client computes,
once and locally, the embedding of each of its series: the model runs in embedding
mode and the representations of the 64 patches are averaged (mean pooling) into
a vector e € R19%4, A lightweight classification head, a two-layer MLP, is then
trained on these embeddings:

h = Dropout, ; (ReLU(BN(Wse + by))), ) = Woh + by, (7.7)
Wl c R512X1024 W2 c RZXSlZ. (78)

Only this head takes part in federated training.

The head has about 0.53 million parameters, almost three orders of magnitude
fewer than the full model, and this has several advantages in FL. The communica-
tion cost per round drops accordingly. On the client side, the computation boils
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down to one forward pass of MOMENT per sample plus training a small MLP,
which is realistic for the hardware usually found in a clinical lab. The represen-
tations are identical across clients, because the extractor is frozen and shared, so
part of the heterogeneity between clients is absorbed by a common, stable represen-
tation space. Finally, the head is a small differentiable model, well suited to efficient
explanation with DeepSHAP (Section 5.6).

\
Optical- RevIN + MOMENT Mean | MLP head
flow series 64 patches encoder pooling ‘ 1024-512-2
(L = 512) x 8 (frozen) e € R0 |, (federated)

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

computed once, locally on each client

Figure 7.2: The MOMENT-embedding pipeline: the pre-trained encoder is frozen and run
locally; only the classification head takes part in federated training.

7.5 Summary

Table 7.1 summarizes the main characteristics of the models and of the parameters
exchanged at each communication round.

Table 7.1: Model characteristics and federated parameters.

Model Approach Federated param- No. of parameters
eters

ROCKET Random kernels + Logistic  regres- ~ 20000
linear classifier sion coefficients

ConvTran Convolution + Whole model ~ 0.49M
Transformer

LSTM-FCN Recurrent + con- Whole model ~ 0.99M
volutional + atten-
tion

MOMENT (fine-tuning)  Foundation Whole model ~ 3.8 x 10%
model

MOMENT (embeddings) Frozen founda- Classification ~ 0.53M

tion model + MLP head only
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Chapter 8

Implementation

This chapter explains how the federated systems have been implemented, how the
experiments have been run, which metrics and statistical tests have been used to
evaluate them, and how SHAP-FL was configured.

8.1 Software

The project is written in Python 3.12. Using PyTorch 2.8 for the neural models,
momentfm for MOMENT, sktime and scikit-learn for ROCKET, Flower (>1.28)
for federated orchestration, and the shap library for explanations. The code is
organized in numbered modules that follow the pipeline: data preparation (year-
based partitioning, bootstrap analysis, quality checks); one Flower application
per model, made of server_app.py, client_app.py and task. py, the last of which
holds the model definition and the data loading, training and evaluation functions;
the model and experiment configuration files; the scripts for centralized training
and for testing on the global set; and finally the results and statistical analyses.

8.1.1 ServerApp

The ServerApp initializes the global model, serializes its parameters into an
ArrayRecord and starts the Fed Avg strategy with fraction-evaluate = 1, so that
every client takes part in every round. In each round the server sends the current
parameters and the learning rate (through a ConfigRecord) to the clients, collects
the updated parameters and aggregates them as in Equation (4.4), weighting
each client by the number of training samples it reports. A server-side evaluation
function computes the accuracy and loss of the global model on the global test set
after each round.
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8.1.2 ClientApp

Each ClientApp instance is tied to one partition (partition-id) and implements
two operations. The train operation loads the local data, initializes the model with
the parameters received from the server, runs E local epochs and sends back the
updated parameters together with the training loss and the number of samples.

Local dataset of each client is divided in a train subset (70% of embryos drawn
at random) and a validation subset (the remaining 30% of the data).

The evaluate operation evaluates the global model received on the local valida-
tion subset and returns loss and accuracy. In the MOMENT-embedding pipeline the
ClientApp works directly on the embeddings precomputed and stored locally for
each partition (Section 7.4.3), so MOMENT itself never runs during the federated
rounds.

8.2 Experimental protocol

The main goal is to measure how federated and centralized training compare as
the number of participating centers changes on the first N partitions for every
architecture. For each number of partitions N € {2,...,7} the corresponding
dataset is taken and the model is trained in two ways. In the federated scenario,
N clients train the model with FedAvg. In the centralized scenario, the same N
partitions are merged into a single dataset and the model is trained in the usual
way. In both cases the final model is evaluated on the global test set (741 embryos:
407 blastocysts and 334 non-blastocysts). Figure 8.1 illustrates the setup.

federated clients / training data global test

’ 2013 H 2014 H 2015 H 2016 H 2017 H 2018 H 2019 ‘ ’ 2020 ‘

N = 4 partitions used (example)

Federated: N clients | €O™MPar€ | Centralized: union Evaluation
FedAvg of the N partitions on 2020

Figure 8.1: Experimental protocol: for each N € {2,...,7} the corresponding partitions

are used to train the model in federated and centralized mode; both models are
evaluated on the global test set.

This design has two useful properties. As N grows, both the number of clients
and the total amount of data increase, so we can see whether the federated model
benefits from extra data as much as the centralized one. And since the test set never
changes, results from different configurations can be compared directly.
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8.3. Evaluation metrics

8.3 Evaluation metrics

Let TP, TN, FP and FN be the numbers of true positives, true negatives, false
positives and false negatives, with “blastocyst” as the positive class. We use the
following metrics:

TP+ TN
A = 1
Y = TP TN + FP 1 FN’ ®.1)
TP TN
Sensitivity (recall) = TP-|——FZ\]I Spec1f1c1ty = TN——f—FPI (82)
TP 2 - Precision - Recall
Precision = ——— F = .
redsion = 7p + FP’ ! Precision + Recall ’ (8.3)
Balanced accuracy = 3 (Sensitivity + Specificity), (8.4)
TP-TN — FP-FN
MCC = (8.5)

/(TP + FP)(TP + FN)(TN + FP)(TN + EN)

The Fl-score is computed separately for each class, taking class O or class 1
as positive in turn, and the macro-F1 is their mean. The Matthews correlation
coefficient (MCC) ranges from —1 to 1, with 0 corresponding to random guessing.
It is particularly informative when a classifier predicts mostly one class, a case in
which accuracy can be misleading [98].

8.4 Statistical analysis

To check whether the training mode (federated or centralized) and the architecture
significantly affect accuracy, a two-way repeated-measures ANOVA with mode (2
levels) and model (5 levels) as within-subject factors has been used. The number
of partitions N (6 levels) plays the role of the “subject”, i.e. the experimental unit
on which all factor combinations are observed. This allows us to look at the main
effect of the training mode, the main effect of the architecture, and the mode x
model interaction, which tells us whether the effect of federation depends on the
architecture.

In addition, for each model the Wilcoxon signed-rank test has been applied to
the paired differences between federated and centralized accuracy. The Friedman
test to compare the five architectures within each mode has been applied. The
significance level is « = 0.05.
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8.5 SHAP-FL configuration

SHAP-FL (Section 5.6) has been applied to the global LSTM-FCN model trained
with federated learning on K = 7 clients, the configuration with the most training
data. Each client uses the same model as in the federated rounds, with the same
512-dimensional input: patient identifier, maternal age and the 510 samples of
the optical-flow series from Oh to 127.25h. After splitting its partition as in the
ClientApp (Section 8.1.2), each client draws a background By of 50 samples from its
local training set and a set X of 200 samples to explain from its local validation set,
both at random (seed 42).

The output explained is the logit z1 (x) of the positive class (blastocyst formation),
so the attributions are measured in logit units. SHAP values are computed with
shap.GradientExplainer with its default of 200 samples per instance; each client
then computes its local importance vector I*) € R>12, which is the only thing sent
to the server.

On server side, the weights my in Equation (5.7) are set to the number of local
training samples, as in FedAvg. Agreement between clients has been analyzed
with the measures described in Section 5.6.2: Spearman correlation between the
importance vectors of the time points, Jaccard index on the 20 most important time
points and on the 10 most important two-hour windows, and the concentration
curve.
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Chapter 9

Results

This chapter presents the experimental results. It first compares federated and
centralized training for the five models as the number of partitions grows; then it
looks in detail at the seven-client configuration and at the statistical tests; finally, it
discusses what SHAP-FL tells. All metrics are computed on the global test set (741
embryos, 54.9% blastocysts), which was never used during training. As a point of
reference, a trivial classifier that always predicts the majority class would get an
accuracy of 0.549 and an MCC of zero on this set.

9.1 Federated vs centralized training

Table 9.1 gives the accuracy of each model for every number of partitions N in both
modes, and Figure 9.1 plots the same numbers.

Table 9.1: Accuracy on the global test set as the number of partitions N varies. F = federated
(FedAvg), C = centralized, FT = Fine Tuning, emb = Embeddings. The best value
in each row and mode is in bold.

MOMENT MOMENT
(FT) LSTM-FCN ConvTran ROCKET (emb.)

F C F C F C F C F C

056 054 084 084 057 056 058 060 061 0.76
061 064 086 084 056 056 058 059 070 057
068 071 086 084 05 078 05 059 077 074
069 070 086 084 056 074 059 061 070 0.80
071 072 087 084 061 074 060 062 081 0.70
073 074 085 083 068 082 060 065 081 0.82

Mean 0.663 0.675 0.857 0.838 0.590 0.700 0.590 0.610 0.733 0.732
Std. dev. 0.065 0.074 0.010 0.004 0.048 0.112 0.009 0.023 0.078 0.090

\]O\U'I»POJNZ
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MOMENT (fine-tuning) LSTM-FCN ConvTran ROCKET MOMENT (embeddings)
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Figure 9.1: Accuracy on the global test set as a function of the number of partitions, for
each model, in federated (solid line) and centralized (dashed line) training.

Four distinct patterns emerge.

LSTM-FCN. LSTM-FCN is clearly the best model in both modes, with an accuracy
between 0.84 and 0.87 for every N and very little variation (standard deviation
0.010 in federated mode). More interestingly, the federated version is as good as
or better than the centralized one in all six configurations. Not being allowed to
share the data cost us nothing here. A plausible explanation is that Fed Avg acts as a
regularizer: by averaging models trained on slightly different distributions, it keeps
the global model from fitting the quirks of any single year too closely. Centralized
training, run for 50 epochs on the pooled data, reveal the robustness of the model
that keeps the same performances on different quantity of data.

MOMENT embeddings. The model built on MOMENT embeddings reaches 0.81
accuracy with 6 and 7 clients, and its best centralized result, 0.82, comes with 7
partitions. Accuracy generally improves with N, but not monotonically, and the
swings are large: 0.77 with N = 4 but 0.70 with N = 5 in federated mode, and a dip
to 0.57 with N = 3 in centralized mode. These swings suggest that the classification
head is somewhat unstable, with predictions that tilt towards one class, as the
confusion matrices below confirm. On average the two modes are equivalent (0.733
vs 0.732). This makes it the second-best model overall, and it gets there while
federating only about half a million parameters.

Fine-tuning MOMENT. Full fine-tuning of MOMENT improves steadily with
the number of partitions (from 0.56 to 0.73 federated, from 0.54 to 0.74 centralized),
with little difference between the two modes. Still, it stays well below the same
model used as a frozen extractor. Fine-tuning a model with hundreds of millions of
parameters on a few thousand examples is very likely sub-optimal: it can damage
the pre-trained representations (catastrophic forgetting) without providing enough
data to replace them. The frozen option is also far cheaper in a federated setting.

52



9.1. Federated vs centralized training

ConvTran and ROCKET. In federated mode ConvTran stays close to the majority-
class baseline for N < 5 (0.56-0.57) and only improves with 6 and 7 clients (0.68).
Trained centrally, it goes above 0.74 from N = 4 onwards and reaches 0.82 with
N = 7, which makes it the model with the largest gap between the two modes (11
percentage points on average) probably due to the fact that in federated mode each
client has a small dataset, not big enough to let ConvTran learn well. ROCKET
gives modest but very stable results in both modes (0.58-0.65), with a small edge
for centralized training; it can be considered as the baseline.

Figure 9.2 summarizes the differences between the two modes. The blue cells,
where federated training wins, are concentrated on LSTM-FCN, while the deepest
red ones belong to ConvTran.

MOMENT (fine-tuning) -  +0.02 -0.03 -0.03 -0.01 -0.01 -0.01 0.2

LSTM-FCN -  +0.00 +0.02 +0.02 +0.02 +0.03 +0.02 0.1

ConvTran - +0.01 +0.00

Federated — centralised accuracy

ROCKET -  -0.02 -0.01 +0.00 -0.02 -0.02 -0.05 -0.1
MM(m)- o oo oo oo ooz
1 1 1 1
2 3 4 5 6 7

No. of partitions

Figure 9.2: Accuracy difference between federated and centralized training for each model
and number of partitions. Positive values (blue) indicate higher accuracy for
federated training.
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9.2 Metrics

Federated

Centralised

LSTM-FCN ConvTran MOMENT emb.
acc. = 0.86 acc. = 0.68 acc. = 0.81
116
)]
£
[_‘
19
0 1 0 1
acc. = 0.83 acc. = 0.82

WE 279 55

True

327

0 1 0 1 0 1
Predicted Predicted Predicted

Figure 9.3: Confusion matrices on the global test set (N = 7) for LSTM-FCN and MOMENT-

embedding in both modes (0 = no blastocyst, 1 = blastocyst).
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Federated LSTM-FCN is remarkably balanced: its sensitivity (0.857) and speci-
ticity (0.859) are almost identical, and its MCC, reaching 0.75, is the highest of all
configurations.

Federated MOMENT-embedding prefers sensitivity (0.899) over specificity
(0.707), whereas the centralized version is more balanced. This tilt fits the prior shift
described in Chapter 6: Fed Avg weights clients by size, and the more recent, larger
partitions also have a higher share of blastocysts. The decision threshold could be
adjusted afterwards anyway, depending on whether a clinic cares more about not
discarding viable embryos (sensitivity) or about not transferring embryos that will
not develop (specificity).

Federated ConvTran labels almost every embryo as a blastocyst (sensitivity
0.953, specificity 0.347). Its 0.68 accuracy is therefore misleading; the MCC of 0.388
gives a much more honest picture, and this is a good example of why metrics that
are sensitive to class prevalence matter.

Figure 9.4 shows the MCC as a function of the number of partitions for the three
models with full confusion matrices. Federated LSTM-FCN rises from 0.69 to 0.75
up to N = 6 and always stays above its centralized counterpart, while the curves
for MOMENT-embedding and ConvTran show the same instability already seen in
the accuracy.

LSTM-FCN ConvTran MOMENT (embeddings)

‘/‘/.__._——0\‘
0.6 1 E i /\/—4
0.2 1 b q

—8— Federated 0\_'

Centralised

2 3 4 5 6 7 2 3 4 5 6 7 2 3 4 5 6 7
No. of partitions No. of partitions No. of partitions

Figure 9.4: Matthews correlation coefficient on the 2020 test set as a function of the number
of partitions.

9.3 Statistical analysis

9.3.1 Repeated-measures ANOVA

Table 9.2 reports the repeated-measures ANOVA on accuracy, with mode and model
as within-subject factors and the number of partitions as the subject.

The model effect is highly significant (F = 40.55, p < 0.0001): the choice
of architecture is the most important factor. The main effect of the mode is not
significant (F = 4.29, p = 0.093); across all models there is no evidence that
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Table 9.2: Repeated-measures ANOVA on accuracy (subject: number of partitions, n = 6).

Effect F Num. df Den.df p-value
Mode 4.2914 1 5 0.0931
Model 40.5503 4 20 < 0.0001
Mode x model  3.3325 4 20 0.0303

federated training systematically loses accuracy compared with centralized training.
However, the interaction, is significant (F = 3.33, p = 0.030): the effect of federation
depends on the architecture.

9.3.2 Per-model comparisons

Table 9.3 gives, for each model, the mean difference between federated and central-
ized accuracy and the p-value of the Wilcoxon test on the six pairs. None of the
differences is significant at & = 0.05.

Table 9.3: Mean accuracy difference (federated — centralized) and Wilcoxon test for each

model.
Model Mean A p-value (Wilcoxon)
MOMENT (fine-tuning) —0.012 0.250
LSTM-FCN +0.018 0.063
ConvTran —0.110 0.125
ROCKET —0.020 0.063
MOMENT (embeddings)  +4-0.002 1.000

The Friedman test confirms significant differences among all the architectures
and configurations in both federated (x> = 20.93, p < 0.001) and centralized mode
(x? = 15.09, p = 0.005).

9.4 Discussion of performance

9.4.1 LSTM-FCN works best

LSTM-FCN does well because it combines several mechanisms that suit this kind
of signal. The convolutional branch with Squeeze-and-Excitation picks up local
patterns such as the peaks associated with cell divisions (Figure 6.1); the bidirec-
tional LSTM and the self-attention capture the overall shape of the series and the
relations between distant phases of development. With about a million parameters,
the model is expressive enough to learn these structures but small enough to train
stably on a few hundred examples per client..
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Figure 9.5: Accuracy on the global test set of each architecture in federated (blue) and
centralized (orange) mode. Dots are the individual runs. Architectures are
ordered by their Friedman mean rank in federated mode (1 = best in every
configuration); the mean ranks of both modes are given below each name.

9.4.2 Model size and stability

The two models that suffer most from federation are ConvTran and ROCKET. In
federated mode, ConvTran seems stuck, for N < 5, in a degenerate solution that
almost always predicts the positive class.

ROCKET federates the coefficients of a logistic regression on 20 000 features,
each trained locally to convergence. Averaging the coefficients of separately trained
linear models is not the same as training one linear model on all the data, especially
when, as here, the number of features is far larger than the number of samples per
client (roughly 300-700 embryos per year).

9.4.3 Embedding approach

From a practical point of view, comparing the two ways of using MOMENT is one
of the most useful outcomes of this work. Using the foundation model frozen gives
a higher mean accuracy than full fine-tuning (0.733 vs 0.663 in federated mode),
reduces the parameters exchanged per round by almost three orders of magnitude,
moves the heavy computation (extracting the embeddings) to a single local pass per
sample, and yields a model, the MLP head, that DeepSHAP can explain easily. All
of this makes the approach well suited to a real network of fertility clinics, where
bandwidth, hardware and IT expertise may be limited. The gap with LSTM-FCN
(about 4-5 accuracy points at N = 7), however, shows that MOMENT’s generic
representations, learned from series in very different domains, do not yet fully
capture what is specific about the embryo signal. Parameter-efficient adaptation,
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for example unfreezing only the last encoder layers, could close part of this gap
while keeping communication costs low.

9.5 Federated explainability results

9.5.1 Global importance

Figure 9.6(a) shows the global importance I; of every time point. At the beginning
the curve is almost flat; it starts to rise after about 100 h, shows a first peak at around
111 h, drops slightly at about 118 h, and then increases steeply until the end of the
series at 127.25h. Aggregated by day, Figure 9.6 (b) sows that day 5 accounts for
82% of the global importance, meanwhile, days 1 to 4 contribute 3.0%, 3.3%, 5.6%
and 6.0%, respectively.

(@) (b)

o D1 D2 D3 D4 D5
IO 200 - per time point 3 80 4 — uniform
b —— 2 h moving average =
X o)
= 3]
S 150 A E 60 A
: 3
£ 100 A g 40 A
2. o
E | o
& 50 ©204 — — — —
[¢°] [¢°]
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Time since insemination [h]

Figure 9.6: Federated global importance of the input time points for the LSTM-FCN model.
(a) Importance I; of each time point (thin line) and its two-hour moving average
(thick line); the shaded bands mark the days of culture. (b) Share of the total
importance falling in each day of culture; the error bars give the range across
the seven clients, and the black marks the share each day would have if the
importance were uniform over time.

This pattern matches the biology of blastocyst formation. Time of blastocyst
formation is about 116 h after insemination [99], and the window in which the
importance grows, from about 100 to 127 h, covers cavitation, the appearance of the
blastocoel and the expansion of the blastocyst.

Figure 9.7 shows the directions of the attributions. For embryos that reach the
blastocyst stage, late time points push the prediction towards the positive class. For
the others late time points push it towards the negative class, and in both cases the
effect is largest in the last hours. It can be seen that a higher motion during the last
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period is associated with a more positive contribution with a correlation between
the mean motion and the summed attributions on the last time points of r = 0.66.
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Figure 9.7: Mean signed attribution of each time point (two-hour moving average) for
the explained embryos that do (blue) and do not (orange) reach the blastocyst
stage over the seven clients. Positive values push prediction towards blastocyst
formation.

9.5.2 Agreement between clients

tig. 9.8a compares the local explanation of the clients. The Spearman correlation
between the importance vectors of pairs of clients has a mean of 0.95 ranging from
0.91 to 0.98. Each local vector correlates with the global one with p between 0.95
and 0.99. In addition, the top features are shared as well: the mean Jaccard index
on the 20 most important time points is 0.84 (ranging from 0.74 to 1.00). However,

Furthermore, a weak temporal trend is visible. The mean correlation is 0.96
between clients one or two years apart and decreases to 0.95, 0.94 and 0.91 for
gaps of four, five and six years; 2013, the oldest and smallest partition, is the client
whose explanations differ most from the others (o between 0.91 and 0.94). However,
the differences concern the fine ranking of the less important time points rather
than the overall pattern: the global model bases its decision on the same phase of
development in all the years of the federation.

In conclusion, the global explanation tells us when, in development, the model
looks. The comparison of the local explanations shows that this behavior is consis-
tent across centers. In a federation of different clinics, a center whose explanations
correlated poorly with the others, or whose importance were concentrated in a
different phase, would point to differences in acquisition, protocols or population
that deserve a closer look.
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Figure 9.8: Agreement between the local explanations produced by SHAP-FL on the seven
clients. (a) Spearman correlation between the local importance vectors of the
time points. (b) Local importance of each time point (two-hour moving average),
normalized on the total of each client.

9.5.3 Limits

These results should be interpreted with two things in mind.

Firstly, they show that the model relies on the last hours of the series, when cav-
itation and expansion are already under way. In other words, the model largely
recognizes blastocyst formation while it is happening rather than predicting it from
early development, which is consistent with the limitation discussed in Section 10.3;
training on shorter windows would force the model to use earlier phases, and
SHAP-FL would then show whether, and when, early signals are informative. Sec-
ondly, the importance of adjacent time points is strongly correlated; the series is
smooth and the network processes it sequentially, so individual time points should
not be over-interpreted: the reliable information is the time window, not the exact
sample.
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Chapter 10

Conclusions and future work

10.1 Summary

This thesis explored how Federated Learning and Explainable Al can be applied
to predicting blastocyst formation from optical-flow time series extracted from
time-lapse videos of human embryos. The starting point was two needs of clinical
practice in assisted reproduction: training models on data held by several clinics
without pooling them, and making the predictions of those models understandable.

The work makes four main contributions. Firstly, a realistic federated simu-
lation, based on splitting the dataset by acquisition year. This introduces natural
heterogeneity between clients (label skew and quantity skew) and keeps a whole
year, as a global test set that is independent by both year and patient; the maximum
number of centers was justified with a bootstrap analysis. Secondly, a systematic
comparison of five model configurations for time series classification (ROCKET,
ConvTran, LSTM-FCN, fine-tuned MOMENT and MOMENT as an embedding
extractor) in federated and centralized training, for 2 to 7 clients, implemented
with Flower. Thirdly, an efficient federated pipeline built on a frozen founda-
tion model, in which only a classification head of about half a million parameters
is federated. Fourthly, the SHAP-FL procedure, which produces local explana-
tions for each center and an aggregated global explanation without sharing data
or per-instance attributions, together with a set of measures to assess how well
explanations agree across centers.

10.2 Answers to the research questions

Does federated training cost performance? Not systematically. The repeated-
measures ANOVA finds no significant main effect of the training mode (p = 0.093),
but a significant interaction with the architecture (p = 0.030), meaning that the
impact of federation depends on the model. For the best model, LSTM-FCN, the
federated version matched or beat the centralized one in every configuration, with
an accuracy up to 0.87 and an MCC up to 0.75 on the global test set.

61



Chapter 10. Conclusions and future work

Which architecture fits best? LSTM-FCN turned out to be the most accurate and
the most stable. The MOMENT-embedding model came second (0.81 accuracy with
7 clients) and offers the best trade-off between accuracy, communication cost and
explainability. Fully fine-tuned MOMENT, ConvTran and ROCKET proved less
suited to this setting and to the amount of data available.

Can we explain predictions while respecting the federated constraints? Yes.
SHAP-FL needs just one extra communication round and sends only aggregated
vectors to the server. Applied to LSTM-FCN, it showed that the model bases its
decision on the last period of culture, which carries 82% of the total importance and
coincides with cavitation and blastocyst expansion. The explanations among the
centers agree closely (mean Spearman p = 0.95), with only a weak decrease as the
gap between years grows.

10.3 Limitations

Several limitations should be kept in mind when reading these results; they also
point to where the work can be strengthened.

Input time window. The models see the optical-flow series up to about 127 hours
after insemination, i.e. into day 5. This window includes compaction and the start
of cavitation, when the two classes visibly diverge (Figure 6.1). The task we solved
is therefore partly recognizing a blastocyst in the making rather than predicting it
early. For clinical use aimed at early selection, the models should be evaluated
on truncated windows (for instance up to day 1, 2 and 3) to see how performance
degrades as less of the development is observed.

Tensor layout in ConvTran. In ConvTran implementation, the series reaches the
tirst convolutional layer with the time dimension in the channel position. The
model therefore sees the series as a single token with 512 channels, and neither the
temporal convolution nor the self-attention works as intended. ConvTran’s results
should be read with this in mind; it probably hurts its performance, especially in
federated mode.

Simulation and single source. The federation is simulated on one machine, and
the partitions come from the same laboratory in different years. Heterogeneity
between genuinely different clinics, with different equipment, protocols and popu-
lations, may be larger than the temporal heterogeneity we studied.

What the explanation reveal. SHAP-FL shows that LSTM-FCN relies almost
entirely on the last hours of the series, when the blastocyst is already forming (??).
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The explanations are clinically readable, but they also confirm that, with the current
input window, the model recognizes blastocyst formation rather than predicting it
early.

10.4 Future work

Building on these results and limitations, we see several directions for future work.

Firstly, early prediction: training and evaluating the models on progressively
shorter time windows, to find out how early blastocyst formation can be predicted.
This would support earlier decisions and shorter culture.

Secondly, study early prediction using SHAP-FL. Explaining models trained on
progressively shorter windows would show whether, and when, earlier phases of
development, such as the first cleavages or compaction, carry information about
blastocyst formation, and the resulting maps could be compared with the embryol-
ogists” morphokinetic annotations.

Thirdly, trying aggregation strategies designed for non-IID data, such as Fed-
Prox [66], FedOpt [69] and personalized FL [68]. These could help mostly the
models that are more sensitive to heterogeneity (ConvTran, ROCKET) and correct
the imbalance between sensitivity and specificity caused by the prior shift.

Furthermore, between freezing a foundation model completely and fine-tuning
it entirely, there are intermediate options for efficient adaptation, such as unfreezing
the last encoder layers or using low-rank adapters. They might bring MOMENT
closer to LSTM-FCN while keeping communication costs low.

Moreover, on the privacy side, formal guarantees could be added by integrating
secure aggregation [76] and Differential Privacy [75], both for the model updates
and for the SHAP-FL importance vectors, and measuring the trade-off between
privacy level and accuracy.

In addition, a real multi-center validation, involving several IVF clinics in a
genuine federated deployment through Flower’s distributed mode, would test how
well the models generalize across equipment and populations and whether the
approach is sustainable in practice.

Finally, multimodal integration could combine the optical-flow series with
clinical variables (maternal age, semen quality, culture medium) and morphokinetic
annotations, and target clinically more relevant endpoints than blastocyst formation,
such as euploidy, implantation and live birth.
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Chapter 10. Conclusions and future work

10.5 Final remarks

The results show that a federated learning system can reach, for the prediction
of embryo development, performance comparable to or better than a centralized
system, and that explainability can be built into the federated paradigm without
giving up data locality. Turning this into a clinical tool will still require consolidating
the methodology, extending the explanations to the time domain and validating
the approach on several clinics. We hope this work provides a useful foundation,
and some evidence, for taking those next steps.
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