EmbryoProfiler: A Visual Clinical Decision Support System for IVF
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Fig. 1: EmbryoProfiler supports embryologists in the visual analysis of time-lapse microscopy images for embryo selection through five
consecutive dedicated views: (I) assessing fertilization status, (1) verifying developmental stage timings, (lIl) examining cell morphology
and fragmentation, (IV) evaluating blastocyst quality, and (V) comparing embryos with an explainable classifier.

Abstract—In-vitro fertilization (IVF) has become standard practice to address infertility, which affects more than one in ten couples in
the US. However, current protocols yield relatively low success rates of about 20% per treatment cycle. A critical but complex and
time-consuming step is the grading and selection of embryos for implantation. Although incubators with time-lapse microscopy have
enabled computational analysis of embryo development, existing automated approaches either require extensive manual annotations
or use opague deep learning models that are hard for clinicians to validate and trust. We present EmbryoProfiler, a visual analytics
system collaboratively developed with embryologists, biologists, and machine learning researchers to support clinicians in visually
assessing embryo viability from time-lapse microscopy imagery. Our system incorporates a deep learning pipeline that automatically
annotates microscopy images and extracts clinically interpretable features relevant for embryo grading. Our contributions include: (1) a
semi-automatic, visualization-based workflow that guides clinicians through fertilization assessment, developmental timing evaluation,
morphological inspection, and comparative analysis of embryos; (2) innovative interactive visualizations, such as cell-shape plots,
designed to facilitate efficient analysis of morphological and developmental characteristics; and (3) an integrated, explainable machine
learning classifier offering transparent, clinically-informed embryo viability scoring to predict live birth outcomes. Quantitative evaluation
of our classifier and qualitative case studies conducted with practitioners demonstrate that EmbryoProfiler enables clinicians to make

better-informed embryo selection decisions, potentially leading to improved clinical outcomes in IVF treatments.

Index Terms—In-vitro fertilization, embryo selection, visual analytics

1 INTRODUCTION

Assisted reproductive technologies (ART), such as in vitro fertilization
(IVF) and intracytoplasmic sperm injection (ICSI), represent a crucial
development in reproductive medicine, providing hope for individuals
and couples facing infertility—an issue affecting approximately 10% of
the US population [14, 15]. Its adoption continues to expand, evidenced
by ART contributing to 2.3% of all US births in 2021, with a steadily
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increasing trajectory [28]. Nevertheless, the success rate of a single
ART cycle remains relatively modest, at approximately 20% as of 2021,
and notably declines with increasing maternal age [28]. Moreover,
ART protocols impose substantial financial costs, in addition to being
emotionally stressful and physically demanding for patients [60]. Given
these challenges, there is an urgent need for innovations capable of
enhancing ART outcomes.

A key step in IVF and ICSI procedures involves fertilizing eggs
and evaluating the resulting embryos within laboratory settings prior to
transfer. For simplicity, we will use IVF as an umbrella term encompass-
ing both IVF and ICSI. Clinicians use embryo grading—comprising
assessments of developmental timings and morphological characteris-
tics—to determine embryos with the highest likelihood of successful
implantation and live birth [50]. Ideally, they pick a single embryo
for transfer to avoid possibly multiple pregnancies. Manual grading
is inherently tedious, time-consuming, and subject to significant vari-
ability across embryologists [6,50]. Recent advances in incubators
integrated with time-lapse microscopy, such as the EmbryoScope sys-
tem [55], present promising opportunities to employ computational
techniques for embryo analysis. However, existing computational ap-
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proaches either rely on extensive manual annotations or utilize opaque
end-to-end machine learning models whose predictions are challenging
for clinicians to interpret, validate, and trust [2]. To truly enhance
clinical decision-making, interactive and interpretable systems that ef-
fectively support, rather than replace, embryologists’ expert judgment
are critically needed.

In this interdisciplinary collaboration among biologists, embryol-
ogists, computer vision experts, and visualization researchers from
Harvard University and Tel Aviv Sourasky Medical Center, we intro-
duce a visual clinical decision support system called EmbryoProfiler.
Designed specifically to assist clinicians analyzing embryo viability
from time-lapse microscopy images, EmbryoProfiler employs a deep
learning-based pipeline to visually annotate embryo morphology, high-
light critical developmental milestones, and provide transparent viabil-
ity scores correlated with successful clinical outcomes. The system’s
design aligns closely with an interdisciplinary-defined workflow for
embryo assessment. It guides embryologists step-by-step through a
structured ML-assisted and visualization-driven procedure for verifying
fertilization status, pinpointing embryo developmental stages, inspect-
ing morphological features, and monitoring blastocyst maturation. It
also enables intuitive side-by-side comparisons among embryos.

Dedicated views support every workflow step, employing small mul-
tiples with clear visual cues to facilitate rapid evaluation of critical fea-
tures. For detailed insights, embryologists can utilize context-sensitive
visualizations or interactively explore embryos frame-by-frame via a
timeline interface. Throughout, visual indicators explicitly highlight
morphological and developmental features linked positively or nega-
tively to clinical success, and allow manual refinement of automatically
generated assessments. This clear visual feedback aims to foster user
trust in automated evaluation methods. Ultimately, EmbryoProfiler is
intended to enhance clinical embryo selection for transfer or cryop-
reservation, potentially improving ART efficacy and patient outcomes.

This paper makes three key contributions toward improving clinical
IVF outcomes. (1) We introduce a semi-automatic, visualization-based
embryo grading workflow designed through close interdisciplinary col-
laboration with clinical embryologists, visualization specialists, and
computer vision researchers. This workflow systematically guides clin-
icians in assessing embryo fertilization, precise developmental timings,
morphological characteristics, blastocyst maturation, and comparative
embryo quality analyses. (2) We further present EmbryoProfiler, a
visual analytics system that operationalizes this workflow. It provides
embryologists with interactive, intuitive visualization techniques for
efficiently examining time-lapse embryo microscopy data, highlighting
relevant developmental indicators, and verifying grading assessments.
For each workflow step, we introduce visualizations tailored to the
respective tasks, including novel cell shape plots that enable intuitive
assessment of cell morphology and symmetry. (3) Our explainable clas-
sifier integrates within our system, leveraging automatically extracted
human-interpretable embryo features to estimate embryo viability and
predict the likelihood of attaining a live birth upon transfer. Finally,
we present results from an evaluation case study, conducted together
with clinical practitioners, in which our visual analytics approach was
applied to support embryo selection decisions. Together, these contri-
butions foster improved interpretability, efficiency, and utility when
selecting embryos for IVF treatments.

2 RELATED WORK

Recent advancements in automated embryo grading promise improved
accuracy and consistency in embryo selection. Complementary re-
search areas, including visual analytics for clinical decision-making
and live-cell visualization, provide valuable strategies for deriving in-
sights from complex imaging data. We situate our approach within
these related domains and address existing research gaps in the field.

2.1 Automatic Embryo Grading

While many embryo grading methods require manual annotations [9,
16], recent automated strategies have leveraged machine-learning algo-
rithms to evaluate specific components of the embryo selection process.

These automated methods include assessing sperm quality and deter-
mining fertilization status [66]. The training objectives for current
systems using time-lapse microscopy imaging (TMI) data without
manual annotations encompass a broad spectrum; some concern the
development of the embryo into a blastocyst, while others focus on the
likelihood of implantation [8,57] or chemical pregnancy [16]. Others
use the evidence of a fetal heartbeat as a training label [58, 59, 61].
Few approaches, however, attempt to predict live birth, as it involves a
number of confounding variables, such as the mother’s age [64]. Many
existing methods cannot easily be applied directly for ranking embryos
since they either assume a certain developmental stage [8], need data
for five days of incubation [59, 61], or focus on analyzing transferred
embryos [57]. The commercial iDAScore grading system [58], trained
on over 180,000 embryos from multiple centers using a 3D-CNN
model to predict fetal heartbeat pregnancy outcomes, achieved reported
AUC scores ranging from 0.62 (early day-2 transfers) to 0.71 (day-5
transfers), highlighting the ongoing challenge of accurately predicting
clinical embryo viability.

This work builds upon our prior work on deep learning-based com-
puter vision models for detecting and segmenting blastomeres and
pronuclei, predicting the level of blastomere fragmentation, and seg-
menting the zona pellucida and ovum [36,44], as well as predicting
developmental timings [46]. The derivation of interpretable features
is inspired by our previous work BlastAssist [64], which computes a
subset of interpretable grading features from computer vision models
and compares them to human annotations as well as clinical outcomes.
We build on and extend these approaches, and propose a novel system
for the interactive analysis of time-lapse imaging data, powered by
computer vision models and a novel classifier for predicting embryo
viability for live birth based on interpretable features.

2.2 Video Summarization

Time-lapse microscopy produces vast video data, requiring efficient
summarization as viewing long videos is time-consuming and often not
feasible within a clinical context. A recent survey [3] categorizes video
visualization approaches into video search, video annotation, and video
content summarization approaches [51], among others. A common
strategy for summarizing videos is to extract a small subset of diverse
yet representative keyframes [40,48,49], for instance, using clustering
methods. Our approach uses a dedicated stage classifier model to
detect boundaries between important events, hence identifying such
representative keyframes. Timeline-based visualizations are frequently
used for analyzing time series data, particularly in a clinical context [11,
45]. In EmbryoProfiler, users can hover over the timeline to see the
imaged embryo at a precise moment in its development, inspired by
preview-based video navigation [21].

2.3 VA for Clinical Decision Making

Recent research has shown that incorporating pure ML-based rec-
ommendations does not necessarily improve the accuracy of clinical
decision-making tasks and may even decrease accuracy under certain
conditions [35]. Thus, VA can help contextualize ML-based predictions
and help clinicians make informed and data-based decisions about a
patient’s treatment plans and risks [54]. Zajac et al. [65] summarize
the opportunities and challenges of introducing Al-based systems into
clinical practice, emphasizing the need for close collaborations with
practitioners. State-of-the-art VA tools focus on improving the inter-
pretability of ML-based clinical predictions [38,63] and efficient visual
data summarization [27, 31,32, 67]. Highlighting the importance of
features on specific predictions is a common strategy to make models
more interpretable [18,33], which we adopt as well. EmbryoProfiler
uses machine learning to support the decision-making process by (1)
augmenting and summarizing the data for easier manual inspections,
as well as (2) providing a score based on interpretable features.

2.4 VA for Live-Cell Visualization

VA is commonly used to analyze biological tissue with the guidance of
a scientist or physician, for example, in cancer histopathology [37,39],
radiotherapy planning [56], and neuroscience [7,34]. Cell-Profiler [12],



a widely adopted open-source tool, allows users to perform a wide
variety of analysis tasks, such as cell phenotyping, on different image
data modalities and formats. Other approaches, like Screenit [20], are
more tailored to specific biomedical applications and data structures but
provide more interactive visualizations. Facetto [41] and Visinity [62]
leverage machine learning by integrating interactive cell clustering and
classification, which is based on cell morphology and spatial neighbor-
hoods present in whole-slide tissue images.

Fewer approaches support analysis of time-varying (live cell imag-
ing) data. Pretorius et al. [52] categorize such approaches into spatial
embedding, dimensional reduction, spacetime cubes, temporal plots,
lineage diagrams, and aggregate visualizations. A common challenge
is extracting and visualizing representative states and events. Loon [43]
displays main events and features in cancer development by sorting,
grouping, and selecting exemplar cells by growth rate and shape. This
enables a more compact and comparable timeline visualization for navi-
gation and overview. Their follow-up work, Aardvark [42], specifically
focuses on the visual encoding of cell division in cancerous tissue. With
a focus on visual discovery instead of decision-making, the extraction
of division timing is not part of their approach. Similarly, Fangerau et
al. [26] traces paths of cells with features such as shape and construct
trajectories representing the lineage. After clustering and dimensional
reduction, they can be interactively explored in 2D/3D plots. Cedilnik
et al. [13] integrate information and volume visualization for analysis
of cell lineage and gene expression during embryogenesis. However,
tracking cells and constructing correct lineages from recorded images
in a clinical setting is more challenging due to the limited resolution of
images, the lack of volumetric data, and the lack of fluorescent mark-
ers. Thus, we use the stage prediction model and inferrred pronuclei
timings to mark key events. Duffy et al. [22] propose a glyph-based
video visualization technique to facilitate analysis of sperm quality,
addressing an earlier stage of the IVF process.

Most existing approaches for IVF primarily focus on machine learn-
ing methods, resulting in challenges related to interpretability and
effective human-AlI integration. To the best of our knowledge, our
work presents the first visual analytics system designed specifically to
support embryo selection using non-invasive, time-lapse microscopy
data gathered from incubators increasingly adopted in clinical practice.

3 DECISION-MAKING IN IVF

Our primary objective is to support clinicians in analyzing microscopy
video data for informed decisions regarding embryo implantation. Our
multidisciplinary team comprises clinicians from Tel Aviv Sourasky
Medical Center as well as computational biologists, and machine learn-
ing and visualization researchers from Harvard University. This section
briefly introduces the background of IVF treatments and outlines the
ML-assisted, human-in-the-loop decision-making workflow identified
through our research. Additionally, we discuss domain-specific objec-
tives and design requirements established through ongoing iterative
discussions over the course of our multi-year collaboration.

3.1 IVF Treatments

IVF and its specialized technique, intracytoplasmic sperm injection
(ICSI), provide essential solutions for overcoming infertility. The treat-
ment typically begins with hormonal stimulation, allowing clinicians to
retrieve multiple eggs from the ovaries for fertilization [23]. Following
fertilization, embryos are cultured for approximately 3-5 days. Ini-
tially passing through early cleavage stages (from the 2-cell to 9+-cell
stage), embryos then compact into a dense cell cluster known as morula.
Ideally, they progress further to the blastocyst stage, characterized by
rapid cellular growth and subsequent embryo hatching. Embryologists
assess embryo quality by microscopically evaluating morphology [30].
Clinicians then select and transfer the most viable embryo(s) into the
mother’s uterus, typically opting for a single-embryo transfer to mini-
mize the risk of multiple pregnancies. If pregnancy does not occur, the
cycle may be repeated by transferring previously frozen embryos or by
initiating another egg retrieval procedure. Time-lapse incubators like
EmbryoScope [55] enable continuous monitoring of embryos. Each
embryo is placed in an individual compartment within a specialized

petri dish, which is used to fertilize, culture, and observe the embryo.
An EmbryoScope incubator can monitor up to 12 wells on a slide and
usually captures images every twenty minutes across up to seven focal
planes with a resolution of 500x500 pixels [1]. Embryologists then
analyze these images, compiled into video sequences, to closely as-
sess developmental progression through the stages and morphological
features over time. In this paper, we are concerned with the process
of embryo selection only, which starts after the fertilization phase and
ends with the selection of embryos to transfer, freeze, or avoid.

3.2 Decision-Making Process

Grading embryos for viability encompasses critical decision-making
tasks, illustrated in Fig. 2. These decisions affect embryo selection for
transfer and can be divided into two types: clinician-only decisions
and semi-automatic decisions (i.e., those assisted by machine learning
algorithms). To structure these decision-making processes clearly, we
use the Typology of Decision-Making Tasks for Visualization [10].
Within this framework, decision tasks fall into three distinct categories:
1) @D generating, annotating, or synthesizing new information to

inform decisions; 2) : filtering options based on predefined

thresholds or criteria; and 3) : selecting the best candidates
from a set of options. Applying this taxonomy enables us to systemat-
ically decompose the IVF workflow into structured and well-defined
decision-making stages. We have identified the following stages:

(1) Post-Fertilization Stage. Clinicians exclusively transfer embryos
exhibiting normal fertilization [53], characterized by exactly two pronu-
clei (2PN)—one derived from the egg and one from the sperm. Embry-
ologists confirm the automatically assigned embryo categories (0-4PN,
1PN, 2PN, or 3PN) and subsequently filter for embryos identi-

fied as 2PN EIeiVELE).

(2) Timings. Embryos advance through distinct developmental mile-
stones. The timing of these transitions is critical for embryo grad-
ing [19]. Clinicians validate automatically generated timing annotations
of developmental stages and may choose to exclude embryos

exhibiting stalled or delayed progression L.

(3) Morphological Assessment. Clinicians typically prioritize embryos
with minimal fragmentation (cellular debris created during division and
not integrated into the blastomeres) and with blastomeres of consistent
size and shape [6]. Prior research has shown correlations between
specific morphological features and successful embryo transfer out-
comes [4,24,25,53]. Embryologists confirm automatically identified
features related to cell morphology, symmetry, and fragmentation levels
over time ETA). They may subsequently filter out embryos demon-

strating significant fragmentation or asymmetry (€ 0.

(4) Blastocyst Inspection. At the blastocyst stage, embryologists em-
ploy Gardner scoring [29] to evaluate the inner cell mass (ICM)—the
cluster of cells destined to become the developing fetus, the fluid-filled
blastocoel cavity, and the trophectoderm (outer cell layer) 9. Em-
bryos with insufficient or suboptimal development may subsequently

be filtered out .

(5) Final Comparison and Selection. Our system computes viability
scores based on human-interpretable grading features from the previous
steps D). Clinicians then comparatively evaluate embryos based
on these scores to identify optimal candidates for embryo transfer or
cryopreservation (Egegd. This critical decision directly influences
pregnancy success rates and must strategically balance considerations
related to maximizing implantation potential and minimizing the risk
of multiple pregnancies.

3.3 Clinical Goals

To guide the design of EmbryoProfiler, we identified five primary goals:
G1 - Workflow Integration. The system should integrate into existing
clinical workflows, adapting flexibly to established practices to ensure
usability and clinical relevance.

G2 - Efficacy of Embryo Selection. Clinicians should be supported
making better-informed decisions by clearly identifying embryos with
the highest likelihood of resulting in successful pregnancies.
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Fig. 2: Embryo Selection Decision Diagram. Embryo selection is represented as a decision-making process structured according to the Typology
of Decision-Making Tasks [10]. The sequential steps (1-5) entail semi-automated decisions (blue) and clinician-only decisions (pink and brown).

G3 - Insights into Embryo Development. Clinicians require detailed
contextual insights into embryo developmental trajectories and morpho-
logical characteristics to facilitate hypothesis generation and identify
correlations between embryo features and clinical outcomes.

G4 - Transparent and Trustworthy Scores. The approach must en-
sure transparency, enabling clinicians to clearly understand the factors
influencing machine-learning-derived embryo viability scores and cor-
rect potential errors to build trust and confidence in automated grading.
GS5 - Efficient and Streamlined Decision-Making. Given the limited
clinical time available, the solution must be intuitive and streamlined,
providing rapid access to critical information and insights without
sacrificing analytical depth or accuracy.

3.4 Design Requirements

Incorporating feedback from our collaborators, we translated these
overarching goals into seven actionable design requirements:

R1 - Workflow-Oriented Interface. The interface should clearly re-
flect and support the identified key workflow steps for embryo viability
grading, enabling embryologists to efficiently focus on each task (G1).
R2 - Contextual Data Overview. The system should present an
intuitive overview of embryo development captured by time-lapse mi-
croscopy at critical events, with the ability to drill down for detailed
exploration of time-series data when needed (G2,G5).

R3 - Temporal Aggregation. Dynamic developmental features and
event timings must be aggregated and visually represented clearly,
allowing quick assessments and comparisons (G3).

R4 - Visualization of Grading Relevant Features. Critical morpho-
logical and developmental features such as cell symmetry, shape, and
developmental progression should be highlighted, directly supporting
embryo grading (G2,G3,GS5).

RS - Visual Explanations. Feature contributions to viability scores
must be transparently visualized, enabling clinicians to quickly verify
scoring logic (G4,GS5). The classifier must use human-interpretable
features to build user trust (G4).

R6 - Interactive Feature Correction. Recognizing clinicians may
identify errors or inconsistencies in automated annotations, the system
must facilitate intuitive corrections to extracted features, dynamically
updating viability assessments accordingly (G2,G4).

R7 - Accessible Usability for Clinicians. The interface must be acces-
sible and effective for clinicians, particularly catering to users without
specialized visualization or data science training (G1). This includes
emphasizing qualitative assessments (viable, non-viable) rather than
overly technical feature metrics (GS5).

Driven by these goals and design requirements, EmbryoProfiler pro-
vides a robust, human-in-the-loop visual analytics solution, explicitly
designed to assist clinicians by visualizing relevant embryo features
and predicting embryo viability to enhance IVF outcomes.

4 DATA PIPELINE AND MODELING

EmbryoProfiler utilizes microscopy images obtained from Em-
bryoScope incubators to support embryologists in clinical decision-
making. Each incubator accommodates up to 12 wells (dishes), captur-
ing images every 20 minutes across seven distinct focal planes per well.

Our methodology capitalizes on tens of thousands of these time-lapse
microscopy images collected throughout each developmental cycle,
enriched further by integrating additional pertinent patient characteris-
tics, such as maternal age. The architecture underlying our approach
is illustrated in Fig. 3. This section details the system architecture,
including a description of our data processing pipeline and the model
we trained to compute the viability score assigned to each embryo.

4.1

Building upon our previous work [36,44], we employ computer vision
models at each timestep to identify and segment cells and pronuclei,
measure cell fragmentation levels, segment the zona pellucida from the
ovum, and segment the blastocyst into inner cell mass, trophectoderm,
and blastocoel. Additionally, we utilize the stage classifier developed
by Lukyanenko et al. [46] to predict the embryonic developmental stage
at each frame. To ensure data quality, we refine these predictions by
removing segmentations with low confidence scores, duplicates, and
any identified artifacts. Further details regarding our preprocessing
methods are provided in App. B.

Frame-By-Frame Predictions

4.2 Feature Engineering

After data cleaning, we derive human-interpretable features to popu-
late visualizations that clinicians can utilize when evaluating embryo
viability for implantation. These features also serve as input to our
viability classifier. Using these derived characteristics, clinicians can
efficiently gain insight into crucial embryo grading criteria, alleviating
the need for time-consuming manual annotations and supporting more
effective and consistent embryo evaluations (Section 3.3). Importantly,
our approach contextualizes measurements in a data-driven manner,
reducing potential biases in embryo selection strategies by emphasiz-
ing features strongly correlated with clinical outcomes. Our method
derives critical timing events, such as pronuclei fading, translates de-
velopmental stage predictions into a monotonically increasing time
series, estimates pronuclei count, and computes relevant morphological
indicators including cell shape and symmetry, average fragmentation
levels, and blastocyst growth. A comprehensive list and further details
of these derived features can be found in App. B.

4.3 Viability Classifier

Our embryo viability classifier serves two main purposes. First, it
communicates a data-driven, automatically derived score that corre-
lates human-interpretable features such as timings and morphological
features with the likelihood of live birth. Optionally, it can integrate
specific patient characteristics, such as maternal age and infertility type.
Even though these patient-level attributes remain constant across em-
bryos within the same cycle, they are important in the training process
due to their confounding role in predicting live birth outcomes. Second,
the classifier allows us to visualize how individual features correlate
with clinical outcomes, guiding embryologists to focus on more influen-
tial aspects during embryo assessment. Importantly, these correlations
reflect observational relationships and do not imply causality.

Our dataset comprises 47,336 embryos with tens of millions of im-
ages and corresponding EHR data obtained from the Sourasky Medical
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Fig. 3: System Architecture. We first apply computer vision models to annotate each recorded frame. After data cleaning, we extract human-
interpretable embryo grading features and combine them with patient characteristics as input to our novel live-birth prediction classifier. Our visual
analytics system integrates annotations, derived features, and viability scores into interactive visualizations to support clinical embryo assessment.

Center in Tel Aviv, spanning treatment cycles between 2012 and 2019.
The dataset includes clinician decisions (avoid, freeze/undecided, or
transfer) and clinical cycle outcomes (successful live birth). We divided
embryos into training, validation, and test subsets using a 60-20-20
split at the patient level, ensuring embryos from the same patient do
not appear across subsets to avoid data leakage.

Given the interpretable features (previous section) and patient charac-
teristics such as age, our goal is to estimate the likelihood of delivering
a live birth if said embryo was transferred. When more embryos were
transferred than children born, we apply instance weights to balance
the data accordingly. A central challenge is the unknown outcome
for embryos never transferred; we cannot simply assume a negative
outcome. Training exclusively on transferred embryos would introduce
significant selection bias, as the model would not encounter non-viable
embryos (e.g., highly fragmented embryos). Additionally, many trans-
fers in our dataset occurred at days 2 or 3 rather than day 5.

To address these challenges, we designed a two-step training ap-
proach. First, we trained a maturity classifier to predict whether em-
bryos ultimately developed into expanding blastocysts, reached only
morula or early blastocyst stages, or showed no development. These
three maturity categories are strongly correlated with decreasing clin-
ical success and can be objectively assigned without judgment bias.
Subsequently, we leveraged this maturity model to expand and enrich
our training set for the primary live birth prediction task, using 30,328
embryos in total. Specifically, we included frozen and other unla-
beled embryos by using maturity-based predictions. Embryos strongly
predicted as non-blastocyst or no development were labeled negative,
while embryos strongly predicted as reaching blastocyst stages with
expansion were included with a positive label at a reduced instance
weight of 0.05. To ensure rigorous evaluation, our validation and test
datasets comprise only embryos that were explicitly transferred or
clearly marked as "avoid".

We use XGBoost [17], an implementation of gradient-boosted trees
that have been proven to achieve state-of-the-art performance on clas-
sification tasks on such tabular datasets. Evaluation on the test set
demonstrated strong classifier performance, reaching an AUC of 0.83.
Additionally, even in the clinically more challenging scenario restricted
solely to embryos previously deemed viable enough for transfer, our
approach remains predictive, achieving competitive performance mea-
sures of 0.70 AUC on the test set. Accurately classifying these embryos
presents a greater challenge, reflecting the clinical expertise already
invested in their selection. Building from the finalized model, we com-
puted individual feature correlations with clinical outcomes to support
intuitive visualization via color coding, as detailed further in Section 5.1.
More details and comprehensive results are provided in App. C.

5 VISUALIZATION DESIGN

EmbryoProfiler provides a visual analytics interface designed to support
embryologists in the systematic assessment and grading of embryos
from time-lapse microscopy images. The interface is structured into
distinct views, corresponding closely to the decision-making process
outlined in Section 3.2 (R1). The workflow starts with an overview
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Fig. 4: Fertilization View. Tabs guide embryologists through the work-
flow (a). Each workflow step displays embryos as tiles (b) accompanied
by context-dependent visual summaries (c), with instances requiring
human verification highlighted in yellow (a). Below, detailed information
on a selected embryo is available, including frame-by-frame visualization
(d) navigated through an interactive timeline (e). Additional visualizations
related to the current task appear above the timeline (e) and adjacent
to the viewer (g). Quantitative grading metrics are displayed through an
interactive, color-coded slider plot (h), supporting qualitative adjustments.

display of wells—where users can easily upload and process additional
data— followed by specialized views for checking fertilization status,
inspecting developmental timings, assessing morphological criteria
such as cell symmetry, rating blastocyst quality, and finally performing
side-by-side embryo comparisons supported by our computed viabil-
ity scores (see Fig. 1). Additionally, users can input patient-specific
characteristics to derive more personalized viability assessments. This
section introduces each view in the order of the workflow.

5.1

Small Multiples Visualization. We utilize a small multiples approach
consistently across all views, displaying each embryo (well) from the
current cycle as an individual tile, as shown in Fig. 4b (R2). Each tile
represents the embryo with a carefully selected frame, such as the frame
clearly showing the pronuclei for assessing fertilization status. The
tile’s sidebar contains concise, task-specific summary visualizations
(c) that effectively communicate essential grading metrics. Both the
chosen frame image and associated summary visuals are customized
to support the workflow step under consideration, facilitating quick

Common Visualization and Interaction Principles



Developmental

15:11

« 0 v >

u 1x 2x 4x 8x

Current Stage

2-cell 1

Set as Start of Stage ...

Day 1 I Day 2 Day 3

blastocyst

Day4

Fig. 5: Timings View. Visualization of embryo progression through early cleavage stages up to blastocyst formation using a color-coded timeline (a)
and corresponding stage markers (rows above timeline). Alternative predictions that deviate from a strictly monotonic progression are indicated by
lighter colors and periods of uncertainty regarding stage timing are highlighted in yellow (c). Arrows (b) point toward the expected timing range when
a particular stage starts earlier or later than typical. In this example, both embryos display the characteristic stair-like progression pattern, although
automatic annotations show greater uncertainty in the lower embryo. The controls next to the viewer allow embryologists to adjust stage timings (d).

and informed judgments (R2, R4). Each tile prominently displays the
current decision status (none, transfer, freeze, avoid) in the tile’s top-left
corner, which users can change through a context menu. For instance,
WELL12 was selected for transfer in Fig. 1.

Human-in-the-Loop Highlighting. To further streamline embryo eval-
uation, the system highlights embryos with potential data reliability
issues using a distinctive yellow header (Fig. 4a) (RS, R6). This in-
dication alerts embryologists to uncertain or conflicting algorithmic
predictions—e.g., ambiguous pronuclei detection—which could neg-
atively influence viability assessments. By explicitly flagging such
cases, embryologists can better prioritize their inspection efforts toward
ambiguous cases that require further scrutiny.

Timeline-Based In-Depth View. Selecting a tile reveals an in-depth
view beneath the embryo tiles, comprising two integrated components
(R3, R4). The timeline-based frame viewer (Fig. 4d, e) allows in-
spection of embryo images across recorded time points, with helpful,
context-sensitive interactive controls (f). Users can navigate through
frames by hovering over the timeline or replaying the video from the cur-
rent time point. Our collaborators emphasized the need to quickly scroll
through focal planes, so users can easily adjust them via mouse wheel
while positioned over the timeline in addition to a dropdown menu.
Relevant task-specific temporal features are visualized clearly above the
timeline to guide embryologists efficiently toward crucial frames (e).
Grading Feature Visualizations. Alongside the frame viewer,
contextualized visualizations present detailed evaluations of embryo
grading criteria (Fig. 4g), offering users complementary insights
for accurate assessment. For highlighted embryos, the detail view
further lists the reason for the warning (e.g., uncertainty about
number of pronuclei). Across the interface, we consistently employ
a red-gray-blue color scheme to intuitively indicate correlations with
lower or higher embryo viability (RS, R7).

Feature Adjustments. For quantitative grading criteria, such as frag-
mentation levels, we introduce intuitive slider-style plots (Fig. 4h). An
arrow visually situates the embryo’s feature value along a linear con-
tinuum ranging from “bad” to “good”. Additionally, we reinforce this
visual encoding by applying a matching background color to provide
redundancy, thereby facilitating both rapid, preattentive feature eval-
uation and more precise visual comparisons (R7). To accommodate
manual adjustments for trustworthy human-Al decision-making (R6),
users can directly adjust these feature assessments through an intuitive
menu, selecting categories such as good, neutral, or bad (Fig. 7f).

5.2 Fertilization View

The Fertilization View (Fig. 4) is designed to help embryologists con-
firm normal embryo fertilization. Normally fertilized embryos contain
exactly two pronuclei (2PN), which typically disappear shortly before
cell division begins. Embryos with zero, one (1PN), or three or more
pronuclei (3+PN) are excluded from transfer. While pronuclei count
is the main criterion, embryologists also consider features such as
pronuclear symmetry, inter-pronuclear distance, and the timing from
pronuclear fading to cleavage.

symmetric
circles

outlier cell

Bad
uneven,
elliptical cells

Fig. 6: Cell Shape Plots for rapid evaluation of cell morphology and
symmetry. Left: Centrally aligned, superimposed cell outlines, color-
coded by similarity to the ideal circular shape (thin black circle) calculated
from the average cell area. Right: Extended view showing individual cell
outlines side-by-side, each with a reference circle (black) based on the
mean area of the remaining cells.

Next to each representative frame (Fig. 4b), we provide an
uncertainty-aware visualization of automated pronuclei counts using
circular plots (c). Each plot shows the proportion of frames, within the
visibility window, classified into each category. Near-complete circles
with filled backgrounds visually denote clear cases: blue for optimal
(2PN), red for abnormal (OPN or 3+PN), and gray for the intermediate
(1PN) category, which may result from partial occlusion. These plots
also serve as interactive buttons for embryologists to adjust embryo
status. The representative frame shown is the one that best displays
pronuclei, providing quick visual confirmation.

The detailed view (Fig. 4 bottom) helps embryologists manage am-
biguous cases. Above the timeline, the detected category is displayed
for each frame (Fig. 4e), enabling rapid navigation to problematic
frames. The visualization automatically emphasizes the early develop-
mental stages, typically up to two days. Additional plots next to the
viewer highlight key metrics such as pronuclear symmetry and the inter-
val between pronuclear fading and first cleavage (g). Further discussion
of these plots is provided in the Morphology View subsection.

5.3 Timings View

After fertilization, embryos undergo cleavage, with rapidly dividing
cells forming an expanding blastocyst. Accurate timing of early divi-
sions is crucial for embryo grading. The Timings View shows develop-
ment across eleven stages using stacked bars (Fig. 5a), mapping the
eight early stages (2-cell to 9+-cell) onto a light-to-dark green gradient
for clear contrast with the later and more mature morula (violet) and
blastocyst (blue) stages.

Above the timeline, we visualize progression through the stages
using dedicated rows for each stage, in addition to color coding. This
creates a stair-step pattern that intuitively depicts the extent and speed
of cleavage—slow progression appears as gradual ascents, while rapid
or abrupt changes result in larger vertical jumps. This layout also
accommodates conflicting stage predictions, which are displayed as
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Fig. 7: Morphology View enables assessment of cell symmetry, shape, and fragmentation during early cleavage stages. The overview tiles provide
concise visual summaries of fragmentation and cell shapes at the 2-cell and 4-cell stages (a), while the detailed view offers expanded visualizations
for closer inspection (b) and means to adjust automated assessments (f). Fragmentation levels over time are depicted above the timeline (c).
Additionally, the frame viewer dynamically illustrates the cell shapes of the current frame (d), with optional overlays of cell annotations (e).

points at different y positions and highlighted with brighter colors
(Fig. 5¢), making discrepancies from the final stage assignment (after
monotonic mapping) immediately apparent. A clean stair-step pat-
tern reflects confident stage detection, whereas scattered bright points
indicate uncertainty or problematic classifications.

EmbryoProfiler further assists in identifying data quality issues by:
(1) highlighting sequences with alternative predicted timings in yellow
(Fig. 5¢); and (2) marking significant deviations from expected stage
onset with yellow arrows (Fig. b). Stage mapping controls (d) in the
frame viewer allow embryologists to refine stage assignments by setting
the start frame for a stage or removing assignments as needed.

5.4 Morphology View

Embryologists assess cell symmetry and overall cell shape in embryos
at early developmental stages, particularly the 2-cell and 4-cell stages.
Consistent with established practice, our data confirm that embryos
exhibiting significant cell size (area) variability or reduced roundness
have a lower probability of resulting in successful live births. Moreover,
the degree of cellular fragmentation is another critical evaluation crite-
rion; embryos demonstrating extensive fragmentation are avoided, as
higher fragmentation correlates with poorer developmental outcomes.

We introduce cell shape plots to support embryologists in quickly
and objectively evaluating cell shape and symmetry. In these plots,
segmented cell outlines are centrally aligned and superimposed, with
each outline color-coded according to how closely it achieves the ideal
shape and symmetry. A thin black circle representing the ideal shape
(from the average cell area) serves as a reference. Thus, with perfectly
round and symmetric cells, the plot converges to a clear blue circle
overlapping the thin black reference circle, shown at the top left in Fig. 6.
Notable deviations in size or shape become immediately apparent
(middle left). Greater deviations produce increasingly indistinct edges
reminiscent of a fuzzy solar eclipse, while severe shape variations result
in a cluttered arrangement of red polygons (bottom left).

Our detailed Morphology View extends this by displaying each cell
outline side-by-side (Fig. 7b), each with its own black reference circle
that represents the ideal shape derived from the average cell area of the
other cells. This additional visualization facilitates rapid identification
and clear characterization of shape and size deviations, strongly sup-
porting detailed morphological analysis. Cell shape plots are computed
for both the 2-cell and 4-cell stages, using frames that are most repre-
sentative of average morphology; the 4-cell stage frame also serves as
the overview tile. As users scroll through frames, the viewer dynami-
cally updates the corresponding cell shape plot (Fig.7d), and users can
overlay detected cell outlines on images (e). The cell shape plot is also
used in the Fertilization View to assess pronuclear morphology (Fig.4g).
For fragmentation, we complement a slider plot of average values with
an area chart above the timeline showing fragmentation evolution over
time, with background colors reflecting the viability-driven fragmenta-
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Fig. 8: Blastocyst View. The morphology of the inner cell mass (ICM)
and the expansion of the blastocoel cavity are key criteria in blastocyst
grading. Each tile is accompanied by a color-coded schematic visual-
ization (a), depicting the current blastocoel area (filled circle) relative
to the original ovum size (thin black circle outline). The triangle’s slope
illustrates the rate of cavity expansion. The detailed view provides a
time-series plot of blastocoel cavity size (c)

tion assessment to help users quickly interpret embryo quality changes
(Fig. 7¢).

5.5 Blastocyst View

Once embryos reach the blastocyst stage, the blastocoel cavity forms
and progressively expands until embryo hatching occurs. At this stage,
embryologists commonly evaluate three components—the inner cell
mass (ICM), trophectoderm, and blastocoel expansion [29]. Our sum-
mary plots placed to the right of each embryo tile effectively illustrate
the ICM area, blastocoel size, and growth rate (Fig. 8a). Specifically,
the maximum observed blastocoel area is depicted as a filled circle,
proportional to the original ovum size, which is indicated by a thin
black circle. This schematic visualization helps users assess the relative
proportions of the blastocoel cavity within the embryo, aligning di-
rectly with the first criterion of the Gardner score. Additionally, a filled
triangle positioned below encodes the expansion rate of the blastocoel,
where steeper triangle angles signify faster growth. Ideally, embryos
demonstrate rapid expansion and formation of large cavities. Consistent
application of our color scale further aids embryologists in interpreting
these metrics in context.

For embryos selected for in-depth analysis, we also present the pro-
gression of blastocoel area over time as a magenta curve positioned
above the embryo timeline (Fig. 8c). Dashed reference lines denote
the original ovum area and estimated inner cell mass area, providing
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Fig. 9: Scoring. The comparison view incorporates our viability score
(top right). The diverging plot adjacent to each embryo visualizes feature
importance through SHAP values, grouped according to workflow steps.
In this example, the first two wells contain viable embryos, whereas
cleavage-timing features negatively influence the score of WELLO05.

essential context. Embryologists can also rely on a range of additional
features (b). For example, they may optionally assign a Gardner score
for personal reference (d). Although this score does not impact our
automated viability classification, it serves as a familiar bridge link-
ing traditional grading techniques with our comprehensive, machine
learning-supported evaluation approach.

5.6 Compare View

The previous workflow steps focused primarily on analyzing embryos
individually, though our overview visualizations inherently support
comparative analyses. Specifically designed for side-by-side embryo
comparisons, the Compare View facilitates the final assessment pro-
cess. Aligned with our collaborators’ core clinical goal of integrating
data-driven metrics into embryo grading (G2), this view provides the
viability scores generated by our interpretable classifier as numerical
values (0—100) at the top-right corner of each embryo (Fig. 9). These
scores are further visually reinforced by the background color of the
header. In contrast to earlier views, embryos here are sorted according
to their predicted viability, streamlining comparative decision-making.

To interpret the factors influencing each viability score, we em-
ploy SHAP values [47]. Given the additive nature of these values, we
aggregate individual features into five major categories: fertilization,
timings, fragmentation, morphology, and blastocyst formation. We
illustrate feature impacts through diverging bar plots (G4, R5), where
blue bars extending to the right represent features positively influencing
the viability score, and red bars extending to the left represent negative
influences. However, it is crucial to recognize that instance-level ex-
planations, such as SHAP values, can fluctuate substantially even due
to minor changes in a single feature. Therefore, SHAP values do not
inherently represent the absolute quality of individual aspects but rather
their relative contribution within a specific context. For example, if one
feature strongly indicates a low probability of embryo viability, other
potentially negative features might appear to have diminished influence,
despite also being unfavorable. This contextual sensitivity motivates
our grouping of features rather than focusing on individual ones.

Embryologists can select multiple embryos to be visualized as com-
pact rows below for comparison (Fig. 10). Each row features a famil-
iar timeline accompanied by representative frames illustrating critical
developmental milestones. Hovering over the timeline reveals the
corresponding frames through an enlarged tooltip for easy examina-
tion. Incorporating feedback from clinicians, timelines are aligned
to pronuclei fading for accurate developmental timing comparisons.
Area charts show cell fragmentation in early stages and, if applicable,
blastocoel expansion during the blastocyst stage. Buttons allow users
to toggle the visibility of charts and representative frames (Fig. 10
top left), enabling flexible focus on timings, fragmentation and blasto-
cyst expansion metrics, morphological evaluations, or all together for
comprehensive comparison.

6 EVALUATION

We demonstrate the effectiveness and usability of EmbryoProfiler
through a case study and a user study with four embryologists. App. A
describes our iterative design process that led to the current version of
our approach. For the quantitative evaluation of our viability classifier,
we refer readers to Section 4.3 and App. C.

Fig. 10: Comparison View. Embryologists can compare multiple em-
bryos side by side using synchronized timelines aligned by pronuclei
fading. Key developmental stages are shown with representative frames
and optional overlays (cell boundaries, pronuclei, zona pellucida). Charts
illustrate fragmentation during early cleavage and blastocoel expansion
(magenta) at the blastocyst stage. Frames and charts are optionally
hidden for compact viewing. Hovering over the timeline enlarges the
corresponding frame.

6.1 Case Study

This case study emerged from collaborative Zoom sessions with one
computational biologist and one embryologist to discuss the design
of the approach in a pair analytics [5] setting where we presented
different functionalities of the approach and collected feedback. The
cycle was chosen from a small random subset of the entire dataset of
our collaborators (Section 4.3) and consisted of four embryos spanning
350 time steps, resulting in 9,800 images to analyze. After loading
the data, the analyst first evaluated embryo fertilization status using
the Fertilization View (Fig.4). The first two wells clearly exhibited
successful fertilization (2PN, shown as filled circles), as confirmed by
representative frames. In contrast, the third well appeared non-fertilized,
prompting immediate classification of this embryo as one to avoid using
the menu at the top left. The fourth well (in yellow) presented some
uncertainty, with frames variably classified as 1PN, 2PN, and 3PN.
Upon detailed examination of frames labeled as 3PN (Fig.4e) and
toggling detection outlines, the analyst identified a misclassification:
a vacuole had erroneously been identified as a third pronucleus. The
embryo was then manually adjusted to a correct classification of 2PN.
However, the cell shape plot indicated uneven pronuclei sizes (Fig. 4h),
which the analyst noted as an unfavorable, albeit non-disqualifying
feature.

Next, evaluation of developmental timing in the Timings View re-
vealed no major data quality issues but did identify a delayed transition
to the 4-cell stage for WELLOS, indicated by an arrow in the stair-step
visualization (Fig.5b). Upon closer inspection (by hovering over this
event), the delay was confirmed, marking another negative aspect for
this embryo. Conversely, in the Morphology View, the cell shape plots
suggested overall favorable morphology, depicted as uniform blue cir-
cles. The Blastocyst View (Fig.8) further confirmed strong expansion
and growth rates for embryos in the first two wells (with WELLO2
slightly outperforming WELLOI), clearly surpassing WELLOS5. This
finding was supported by the Compare View (Fig. 9), where the first
two wells scored highly, while WELLOS5 was ranked considerably lower.

Given these assessments, the analyst decided to continue monitoring
WELLOS for an additional day prior to determining whether it should
be frozen or excluded. The two highest-ranked embryos, WELLOI and
WELLOQ2, were selected for an in-depth comparison (Fig. 10). Timeline
analysis revealed slightly faster development and a more prolonged
period of rapid blastocyst expansion for WELLO2. Moreover, closer
inspection of the 4-cell stage keyframe showed superior blastomere
symmetry and less cell overlap in WELLO2. Considering these factors
in combination with overall assessment scores, the analyst ultimately
selected WELLO?2 for immediate transfer, opting to freeze WELLO].

6.2 User Study—Method

Participants: We recruited four embryologists from the Tel Aviv
Sourasky Medical Center who had no prior exposure to our system (all



female). These embryologists typically perform embryo annotation and
grading incrementally using the commercial VitroLife system, assess-
ing fertilization status on day 1 and subsequently verifying suggested
developmental timings each day until recording completion.

Setup: Participants initially completed a pre-study survey describing
their existing workflow and recorded the typical duration required to
annotate embryos. Following this, they were introduced to our approach
through a concise, seven-minute instructional video at the beginning of
a remote session conducted via Zoom. During the study session that
lasted between 60 and 75 minutes, participants used our hosted web
application to grade embryos comprehensively from day 1 through day
5, utilizing their own equipment. Their primary task was to select the
single most viable embryo for transfer and to provide grading decisions
(freeze or avoid) for the remaining embryos. They were then asked to
fill in a post-study survey about their experience with the approach.

6.3 Results

All four embryologists successfully graded the set of 12 embryos in
their sessions, completing assessments from fertilization through day-5
viability decisions. During the session, participants increasingly relied
on automated predictions—such as the number of pronuclei—with
rapid visual verification, significantly streamlining their workflows.
Although participants experienced an initial learning curve due to the
novelty of the system, completion times for fertilization and timing
verifications were comparable to, or shorter than, traditional workflows
(between 15 and 40 minutes compared to the typically expected 25 to
40 minutes). This result suggests gains in efficiency.

Participants’ interactions with EmbryoProfiler varied based on in-
dividual preferences. P1 extensively used smart playback, frequently
toggled visual outlines to inspect morphological features, and reviewed
every embryo, though proceeding quickly through embryos that were
not visually highlighted. In contrast, the other participants predom-
inantly relied on direct mouse interactions. P3 closely inspected de-
velopmental timings, frequently making minor one-frame adjustments.
Early identification of non-viable embryos varied: P1 and P2 made
confident early decisions, while P3 and P4 delayed their decisions until
final comparisons. All participants mostly used the system in the order
of the workflow steps with only occasional backtracking, indicating that
the views align with their grading workflow. P1 mentioned a preference
for seeing the embryo scores earlier in the workflow steps. P2 and P4
interacted extensively with the final comparison view and liked that
they could directly compare a subset of embryos in a ’less crowded
way’, whereas P1 and P3 allocated more attention and time to the
early workflow phases. Occasionally, workflow interruptions reduced
efficiency, partly because participants used their own equipment, often
with comparatively small laptop screens.

All participants greatly appreciated the color-coded feature visual-
izations. The feature contribution charts explaining the classifier score
were particularly appreciated, as they clearly illustrated the positive and
negative influences on each embryo’s evaluation. This transparency
was especially useful during difficult freeze decisions, allowing partici-
pants to understand, discuss, or reconsider the system’s scores rather
than simply dismissing or accepting them. Viability scoring generally
proved to be instrumental for final embryo selection and participants
particularly liked how automatically generated scores were deeply inte-
grated with detailed image analyses—something their current systems
lack. P1, P3, and P4 confidently selected the top-scoring embryo for
transfer. P2 favored a different embryo, but briefly reconsidered after
noticing that the scoring system had assigned it a slightly lower viability
score due to morphological factors.

The small overview visualizations, such as pronuclei detection cir-
cles next to the tiles, helped all participants focus their analysis, while
the context-dependent representative images supported them in verify-
ing automated assessments. P1 explicitly praised the interactive visual
timeline as "very convenient" and liked the quantification of previously
subjective criteria such as fragmentation. However, all participants
indicated they would have benefited from a more extended introductory
training period to familiarize themselves further with the system and
more quickly grasp uncertainty visualizations such as the display of

alternative stage predictions.

7 DiscuUssSION

Compared to existing ML-based systems, our approach introduces a
novel human-Al collaboration for embryo selection. In particular, it
delivers transparent and contextualized viability scoring for increased
trustworthiness (G4). It further provides visual summaries and ex-
plicit guidance on clinically established grading criteria—such as cell
symmetry and fragmentation—that have traditionally been subject to
subjective interpretation (G2, G3). This integration empowers em-
bryologists to efficiently and confidently analyze microscopy data,
seamlessly blending manual expertise with computational support (G2,
G5). The system enables customizable levels of in-depth analysis and
validation, facilitating flexible adaptation to individual workflows and
clinical requirements (G1).

A primary limitation of this study is its focus on a single clinical
center and reliance on the EmbryoScope imaging system. Neverthe-
less, our dataset includes tens of millions of images, capturing a wide
variety of imaging conditions—including variations in quality, contrast,
and embryo movement—that are representative of real-world clinical
diversity seen across different vendors. Additionally, the design of
the workflow and selection of grading features were informed by both
broad clinical expertise and an extensive literature review, supporting
the method’s relevance and potential adaptability to laboratory practices
elsewhere (G1). Our viability classifier utilizes engineered, abstracted
features following a rigorous data cleaning process (App. C), which
suggests generalizability. The system’s use of background processing
and small multiples further contributes to its scalability for typical
clinical datasets, although the final comparative view is optimized for a
focused, preselected embryo subset (GS).

User feedback from our study indicates that the comprehensive
grading features facilitated holistic and confident embryo assessment,
even for extensive microscopy datasets. Nonetheless, the introduction
of new visual analytics tools necessitated a brief adaptation period,
with some clinicians quickly adopting automated hinting features while
others preferred to independently verify results via manual assessment.
The combination of familiar video playback with novel visualizations
eased this transition, though an initial learning curve persisted.

While our evaluation offers promising evidence of the system’s util-
ity and efficiency, broader validation—particularly through multi-center,
prospective clinical trials—remains essential. Lastly, it is important to
note that the current classifier models correlations rather than causal
relationships and assumes independence among embryos, without ac-
counting for intra-cycle dependencies.

8 CONCLUSION AND FUTURE WORK

In this paper, we introduced EmbryoProfiler, a visual analytics system
that integrates advanced machine learning techniques with interactive
visualizations, developed collaboratively with embryologists, biolo-
gists, and ML researchers, aimed at facilitating embryo selection in
IVF treatment. By seamlessly combining automated embryo annotation
with interpretable visual analytics, our system addresses critical clinical
needs that current manual or opaque computational methods fail to ade-
quately support. Future enhancements include developing schematic
morphological visualizations that smooth variations across multiple
consecutive frames, enabling averaged cell plots of specific stages.
Moreover, improving cell-tracking techniques, particularly given the
challenges posed by overlapping cells and limited imaging resolution,
will deliver richer temporal insights into embryo morphology dynam-
ics. Another prospective improvement is enabling quick, automated
visual confirmation of critical developmental timings without requir-
ing full video playback, thus further streamlining clinical workflows.
Addressing modeling improvements and visualization extensions will
strengthen the clinical relevance, practical utility, and interpretabil-
ity of future iterations of EmbryoProfiler, facilitating adoption and
contributing towards improved IVF treatment outcomes.



SUPPLEMENTAL MATERIAL
» The Appendix provides additional details about our iterative de-

sign cycles, as well as the methodology used for data processing
and machine learning modeling.

¢ The supplemental video demonstrates the functionality of our

system on a concrete dataset.
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A DESIGN ITERATIONS

We conducted iterative design cycles through regular online meetings
that involved computational biologists from Harvard University and
clinical experts from the Tel Aviv Souraski Medical Center. Clinical
collaborators included senior embryologists and the laboratory’s prin-
cipal investigator. These meetings significantly shaped the evolution
of EmbryoProfiler, ensuring our approach matched real-world clinical
requirements.

Our initial design, developed after preliminary collaborative sessions,
emphasized comparative timing analyses due to their centrality in em-
bryo grading (Fig. 11). The design specifically targeted support for
clinicians’ primary task: identifying and selecting the most promising
embryos for implantation. Additionally, our collaborators highlighted
the value of incorporating data-driven modeling into the system to
promote consistency and objectivity in embryo assessments.

Thus, our first prototype for EmbryoProfiler focused heavily on
visually ranking embryos side-by-side based on viability predictions,
facilitating streamlined yet informed clinical transfer decisions. To
explicitly communicate correlations among the identified morphologi-
cal features, developmental stages, and viability scores, we employed
distinct color-coding schemes and overlay visualizations of segmented
cell boundaries on embryo image frames.

While clinicians appreciated the enhanced visualization and clear
presentation of the recorded videos and the corresponding embryo vi-
ability scores, preliminary usability testing revealed several areas for
improvement. Users faced challenges when adjusting timing parame-
ters through context-menus, interpreting numeric feature scores such
as 80% symmetry, and dealing with considerable visual density, as the
initial design was more suitable for data analysts and biologists than
clinical users.

Based on these insights, the following meetings centered around re-
structuring EmbryoProfiler into clearly defined sections corresponding
directly to key clinical workflow steps, such as fertilization assessment.
After several iterations, this lead to the final revised version presented
in this paper. This included developing more specialized visualizations
tailored explicitly for each analytical task to mitigate cognitive overload.
For instance, we developed cell shape plots to better support visual
assessments of cell morphology without frame overlays that occlude
parts of the image. We further combined traditional frame-by-frame
embryo viewers with summary visualizations that facilitate faster and
more intuitive analyses. To address clinicians’ preference for qualitative
rather than numeric data, we shifted from displaying numeric scores
toward qualitative indicators with our slide-style plots, categorizing
embryo quality assessments as good, neutral, or poor. Furthermore, we
standardized and explicitly linked color schemes with specific devel-
opmental stages, significantly improving the visual interpretability of
developmental progress and providing immediate insights.

B PREPROCESSING AND FEATURE ENGINEERING

We first employ computer vision models to annotate individual frames
with raw features, from which we then compute aggregated, grading-
relevant, and human-interpretable features for both our visualization
interface and the subsequent viability classifier.

B.1

For each timestep, comprising several focal planes, we obtain the
following predictions:

Pixelwise segmentation of all focal plane images into outside well,
inside well (petri dish), zona pellucida (protective shell of ovum), and
ovum (egg).

Bounding box of the actual embryo within the well for each focal
plane based on the zona segmentation.

Probability that the embryo is in a certain stage for each of the
twelve stages (empty, 1-cell, ..., 9+-cell, morula, blastocyst, plus un-
known).

Blastocyst segmentation for frames belonging to the blastocyst stage.
We obtain segmented areas for inner cell mass, trophectoderm, and
blastocoel cavity of the main focal plane FO.

Frame-By-Frame Predictions

Level of blastomere fragmentation, a number that typically varies
between 0 and 3, with values over 2.5 corresponding to the clinical
definition of having a level of fragmentation that exceeds 25%.
Detected pronuclei and blastomeres, comprising the path of the
polygon and a confidence value.

Following these raw predictions, a level of data cleaning is necessary
before feature extraction and automated scoring.

B.2 Data Cleaning

In some cases, these CV models may give inaccurate predictions, partic-
ularly for highly fragmented embryos. These incorrect predictions usu-
ally fall into three categories: duplicates, other phenomenons mistaken
for blastomeres (especially outside the ovum), and noise (typically re-
sulting in weirdly shaped polygons). We, therefore, discard blastomere
and pronucleus predictions that are clearly outside of the ovum based
on the computed segmentation. We also eliminate polygons that are
clearly duplicates, having nearly the same area and centroid, and those
that do not exhibit an ellipsoid-like shape (area significantly smaller
than what the circumference would imply for a circle-like shape). Fi-
nally, we discard low-confidence predictions and pronuclei instances
that do not appear in the previous or next frame.

B.3 Feature Engineering

After data cleaning, we compute morphological features that clinicians
can use to evaluate the viability of embryos for implantation in the
corresponding cycle. We first compute smoothed bounding boxes
across focal planes and timesteps so that our interface can zoom onto
the actual embryo. We further compute the following set of features.
They also serve as inputs for our viability classifier (see Sec. 4.3), in
addition to patient characteristics such as maternal age during ovum
pickup and during treatment as well as type of infertility.
Fragmentation: The median and interquartile range of the level of
blastomere fragmentation across all frames in early cleavage stages
(2-cell to 9+-cell).

Pronuclei Timings: We determine when the pronucleus or pronuclei
(PN) appear and when they dissolve shortly before the first division.
Stage Assignments and Timings: We derive the final monotonically
increasing stage assignments by incrementing the stage if the currently
estimated stage is higher than before and lower or equal to the predic-
tions of the next three frames. Using the predicted stage progression, we
determine stage timings in reference to the PN fading time to normalize
between IVF and ICSI.

Fertilization: We calculate the likelihoods that the embryo has 0, 1, 2,
or 3+ pronuclei by looking at the distribution of the expected number
of pronuclei across all frames until the 2-cell stage. We also calculate
the distance between pronuclei (if 2+ exist).

Symmetries: For a given frame, we calculate the per-cell (per-
pronucleus) symmetry by averaging the area ratios (<1) with every
other cell (pronucleus). The average of this constitutes the symmetry
of the current frame. We then derive average pronuclei, 2-cell, 4-cell,
and 4+-cell symmetries.

Roundness (Shape): For the 2-cell and 4-cell stages, we compute the
ratio of the area of the polygon with the expected area of a circle given
the observed circumference. This is the isoperimetric quotient that
ranges from just above O to 1 for a perfect circle.

Zona Width (Thickness): Using the zona pellucida and ovum seg-
mentations, we derive the median thickness of the zona pellucida and
the relation of the thickness to the ovum diameter until the 2-cell stage.
We also compute the average thinning of the zona pellucida over time
during blastocyst expansion (if present).

Size: We compute the average area of the detected pronuclei. Using
the segmentations, we further determine the areas of the single-cell,
ovum, zona pellucida, inner cell mass, and trophectoderm.

Blastocyst Expansion: Using the segmentations, we use both the ovum
expansion and blastocoel expansion per frame in the blastocyst stage to
compute a more robust measure of the average blastocoel growth and
the peak area of the blastocoel cavity.



Day 1

Day 2

12-cell 14-celt

—

2-cell
ROUNDNESS ~

SIZE v

WELLO2 L

LSO 1-cell

|2-cell

1-cell
ROUNDNESS ~

SIZE v

Day3

Day 5

| blastocyst

B-cell -c i Y AL blastocyst

79:38 FRAG 7% W

Tmorula

9+-cell
[blastocyst

9+-cel EIEE]

morula EYECRN biastocyst

Fig. 11: Initial Design of EmbryoProfiler. The first version of EmbryoProfiler, developed after collaborative sessions with clinical experts, prioritized
comparative timing analyses and supported the selection of embryos for implantation through a ranking-driven interface.

C VIABILITY CLASSIFIER

Our embryo viability classifier serves two main purposes. First, it
provides an automatically derived, data-driven score based on human-
interpretable features—such as cell-development timings and morpho-
logical attributes—that strongly correlate with embryo viability and live
birth outcomes. Optionally, patient characteristics, including maternal
age and infertility diagnosis, can be incorporated into the classifier.
Although consistent across embryos within a single treatment cycle,
these patient-level attributes are essential for robust model training due
to their confounding relationship with clinical outcomes.

Secondly, the viability classifier enables the visualization and in-
terpretation of the relative influence of individual embryo features
on predicted clinical outcomes. Such visualizations facilitate clini-
cal reasoning and guide embryologists to focus attention on the most
influential developmental markers. It is important to emphasize that
resulting correlations represent observational associations and should
not be interpreted causally.

We deliberately chose a machine learning method that utilizes inter-
pretable embryo-derived features. This design promotes transparency
and cultivates clinical trust in our scoring and ranking system. Nev-
ertheless, our clinical decision-support approach, centered around vi-
sualization, remains broadly model-agnostic and can easily integrate
scoring from existing embryo grading methods introduced by clinical
facilities.

C1

Our dataset consists of 47,336 embryos captured through tens of mil-
lions of EmbryoScope time-lapse microscopy images from the Sourasky
Medical Center in Tel Aviv, supplemented by relevant electronic health
records (EHR), spanning treatment cycles conducted between 2012
and 2019. Each embryo is associated with a clinical selection decision:
transferred, frozen, avoided, or undecided. We know clinical outcomes
for each cycle, specifically live birth occurrences. However, if more
embryos got transferred than children born, we do not know which of
the transferred embryos was successful.

The length of the microscopy recordings varies significantly within
each treatment cycle; embryos selected for early transfer have corre-
spondingly shorter monitoring durations, while non-selected embryos
continue incubation. This introduces potential bias, as incomplete
recordings indirectly reflect clinical decisions and thus must not in-
fluence derived model inputs. Therefore, careful handling of derived
features related to developmental stages was essential to prevent inad-
vertent information leakage.

EHR patient characteristics employed include maternal age at ovum
retrieval, maternal age at time of treatment, measured estradiol hormone
levels, and infertility type (primary, secondary, or none). For model

Dataset

training and evaluation, we partition embryos into training, validation,
and test subsets following a 60-20-20 patient-level split, ensuring em-
bryos from a single patient do not overlap among these subsets to
prevent data leakage. We use larger proportions of validation and test
sets since successful outcomes are comparatively rare (only a few em-
bryos are being transferred, and only a few of them lead to successful
deliveries).

C.2 Method

Our primary objective is to estimate an embryo’s likelihood of resulting
in a live birth upon transfer. Input features provided to our predictive
model consist of interpretable embryo characteristics computed through
our computer vision pipeline, supplemented with patient information.
In cases where more embryos were transferred than live births obtained,
we applied instance-based weighting proportionally to address this
imbalance.

A major challenge arises from embryos that are never transferred,
which constitute the majority of embryos in our dataset and thus lack
known clinical outcomes. Assigning negative outcomes indiscrimi-
nately (particularly to frozen embryos) is inappropriate. Conversely,
excluding non-transferred embryos from training would significantly
narrow our dataset and introduce severe selection bias—excluding
many clearly non-viable embryos (e.g., highly fragmented embryos).
Another complexity is that many transfers occurred on days 2 or 3 rather
than day 5, creating shortened recordings even for embryos clinically
deemed viable. To address these challenges, we developed a two-step
training approach.

Step 1: Maturity Classifier

We initially developed an embryo maturity classifier to predict embryo
developmental potential using expansion status at day 5 as the primary
criterion. Embryos were categorized into three distinct maturity stages:

¢ Advanced maturity: Expanded blastocysts
* Moderate maturity: Morulae or early-stage blastocysts

¢ Low maturity: Embryos exhibiting minimal or no further devel-
opmental progression at day 5

These maturity categories closely correlate with declining clinical
success rates and can be assessed objectively, significantly reducing the
risk of assessor bias.

Our dataset showed that approximately 8% of embryos classified
with advanced maturity were selected for transfer, achieving a live birth
success rate of 22%. Embryos classified as moderate maturity were
transferred less frequently (approximately 3% of embryos), resulting
in a slightly lower success rate of about 20%. In contrast, embryos
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Fig. 12: Success Rates on the Validation Set with bootstrapped confi-
dence intervals (90%), computed from successful outcomes among all
embryos (including non-transferred embryos) within each score range.
The stacked bar chart shows the number of transferred embryos (dark
bars) relative to the total number of embryos (light bars).

identified as low maturity were rarely transferred, and no successful
births occurred from this category.

The primary objective of creating this classifier was to generate reli-
able weak labels for non-transferred embryos, effectively increasing the
usable dataset size for training our primary embryo viability predictor.

For training and evaluating the maturity classifier, we utilized a
subset containing 21,709 embryos continuously monitored until day 5.
We deliberately excluded developmental features explicitly related to
the maturity-label definition criteria (e.g., blastocyst expansion timings)
to prevent label leakage. Class imbalance was addressed by assigning
appropriate sample weights prior to model training. The final maturity
classifier demonstrated strong predictive performance, attaining an area
under the ROC curve (AUC) of 0.89 on the held-out test dataset.

Importantly, beyond correct categorical assignment, the classifier’s
probabilistic outputs more accurately reflected underlying embryo via-
bility. Embryos predicted to have advanced maturity with likelihood
scores greater than 0.7 exhibited enhanced clinical outcomes: 16%
of these embryos were selected for transfer, and approximately one-
third resulted in successful births. This performance surpasses baseline
rates observed within comparable embryos categorized by the original
ground-truth maturity labels.

Step 2: Viability Classifier

Following maturity classification, we trained our primary viability
classifier designed to predict live birth outcomes following embryo
transfer. To avoid unintended leakage of clinical decisions into model
features, embryo recordings within each treatment cycle were uniformly
trimmed to an identical monitoring duration before feature extraction.

We then leveraged the maturity classifier results to enrich our orig-
inal training set. Specifically, frozen or unlabeled embryos strongly
classified as demonstrating low maturity (no development or limited de-
velopment) were added with negative outcomes. Conversely, embryos
robustly classified as advanced maturity (expanded blastocysts) were
labeled positive, but assigned significantly reduced instance weights
(0.05), reflecting considerable uncertainty around their ultimate clin-
ical outcome. Optimal maturity classifier probability thresholds and
hyperparameters were determined using the validation dataset.

Additionally, we balanced positive and negative class weights
equally during training to prevent bias toward negative predictions.
To guarantee rigorous evaluation, our validation and test subsets com-
prised exclusively embryos explicitly transferred or clearly labeled as
"avoid." With this strategy, we effectively utilized 30,328 embryos.

We employed an XGBoost model [17], known to deliver state-of-
the-art predictive performance for classification tasks involving such
tabular data.

Success Rates on All Embryos (Including Non-Transferred Embryos) on the Test Set
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Fig. 13: Success Rates on the Test Set with bootstrapped confidence
intervals (90%), computed from successful outcomes among all em-
bryos (including non-transferred embryos) within each score range. The
stacked bar chart shows the number of transferred embryos (dark bars)
relative to the total number of embryos (light bars).

C.3 Results

Evaluations conducted on our independent test set demonstrate strong
viability classifier performance overall, yielding an AUC of 0.83. Even
within the clinical subset representing only embryos pre-screened for
transfer (a notably more challenging evaluation setting), our method
remains predictive and competitive, attaining an AUC of 0.70. This
highlights the effectiveness of our approach, particularly given the con-
siderable clinical judgment already involved in prior embryo selections.

Fig.12 and Fig.13 provide more detailed results for the validation
and test sets, respectively. For each predicted likelihood score interval,
we compute the proportion of successful clinical outcomes (deliver-
ies) across the entire set of embryos scored in that interval, including
those embryos not selected for transfer (which are therefore counted
as unsuccessful outcomes). Confidence intervals are computed using a
bootstrap procedure at a confidence level of 0.9.

The results indicate that higher predicted scores correlate positively
with increased embryo viability, reflected both in higher transfer pro-
portions and overall success rates. Although the absolute number of
transfers remains comparatively stable across score intervals, this does
not imply a frequent disagreement between classifier predictions and
historical clinical decisions. Rather, it likely reflects the substantial
variability in average embryo viability among cycles, where clinicians
frequently face limited availability of highly viable embryos. In these
scenarios, our data-driven scores could potentially assist clinicians in
determining whether initiating new cycles is beneficial or necessary.

Overall, our proposed two-stage training framework demonstrates
robust predictive accuracy for clinically relevant embryological out-
comes, providing a strong foundation to support and enhance clinical
decision-making.
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