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Abstract— Male infertility is most common cause in reproductive failure worldwide. Still,
routine clinical procedures relies largely on conventional semen analysis standardized by
the World Health Organization (WHO), which is less accurate to provide details regarding
molecular integrity of sperm DNA [2]. In recent years, sperm DNA fragmentation (SDF) has
evolved as a measurable indicator for impaired fertilization, compromised embryo
development, recurrent pregnancy loss, and less success rates in assisted reproductive
technologies [18]. However, laboratory techniques for assessing SDF - such as TUNEL,
SCSA and Comet assay - are destructive in nature and difficult to apply consistently through
diverse clinical settings.

This review gives a detailed and clinically grounded overview for deep learning
approaches for non-destructive SDF prediction using sperm microscopy images. Evolution
of neural networks and distributed learning systems provide advancement in medical
imaging [10]. We analyse the advancement of convolutional neural networks (CNNs) and
transformer-based architectures in biomedical image analysis including Al-assisted sperm
assessment.

This review dives deeper into multi-task learning strategies that jointly model related
sperm characteristics, as well as attention-based multiple-instance learning techniques
that enable reliable sample-level predictions from collections of individual cell images. To
handle variability across laboratories and imaging platforms, we study domain
generalization and adaptation methods along with self-supervised and in-silico labelling
approaches that enhance data efficiency.

Federated learning model approaches are adopted for the development of Al systems in
fertility clinics in a decentralized manner. This research aims to build upon the current
body of knowledge in the areas of harmonization, the application of double-blind
annotation approaches, the resolution of reproducibility problems associated with
morphological grading, dealing with the variability of different domains, and the
identification of potential biases in medical image datasets. Calibration approaches and
interpretability techniques, including gradient-based saliency techniques and feature-
based techniques such as Grad-CAM and SHAP, are identified as critical components in the
development of trustworthy Al systems.

Previous research has shown that multi-task and federated deep learning models have
better performance than traditional single-task models in terms of morphology
assessment and SDF prediction, and that they have robust performance in adverse imaging
conditions and across different domains.

Through the integration of clinical reproductive diagnostics with scalable and privacy-
conscientious frameworks of neural learning, Al-assisted computer-assisted systems
demonstrate significant promise for facilitating objective, reproducible, and clinically
viable fertility assessments. The analysis presented here identifies existing unsolved
bottlenecks related to annotated data availability, domain adaptation challenges, clinical
validation requirements, and regulatory readiness while outlining future research
directions related to the interplay of medical imaging, distributed optimization, and
trustworthy Al. Together, these developments highlights the increasing potential of non-
destructive SDF prediction as a transformative application of next-generation learning
systems in precision reproductive medicine.

Index Terms— Artificial intelligence, Assisted reproductive technology (ART), Clinical

decision support systems, Convolutional neural networks (CNN), Deep learning, Domain
generalization, Federated learning, Image segmentation, Male infertility, multi-task
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learning, Quantitative phase imaging (QPI), Sperm DNA fragmentation (SDF), Sperm
morphology analysis, YOLO object detection

1. INTRODUCTION

Infertility is a rising social health issue which plagues almost every sixth couple of
reproductive age worldwide. Of them, male factors are the cause of nearly half of
infertility but behind the scenes, the reasons are very likely to be untouched or mis-
diagnosed. Despite advances in reproductive medicine, the evaluation of the male fertility
continues to depend mostly on traditional semen standardized parameters of analysis, i.e.
concentration, motility and morphology, introduced by the World.

Laboratory Manual of the Examination and Processing of Human by the Health
Organization (WHO) Semen. These tests though helpful give a shallow picture of sperm
quality and tend to be in most cases unreliable do not detect molecular anomalies that
have a crucial effect on fertilization success.

Conventional semen analysis is descriptive and much operator-biased. Even with WHO
2021 protocols, lab technique, subjective. Considerable diagnostic variability is caused by
interpretation, inter-observer inconsistencies. Moreover, standard parameters such as
motility or morphology are in no way always correlated with. The success rates or results
of pregnancy in assisted reproductive technologies (ART) like in vitro. IVF and
intracytoplasmic sperm injection (ICSI). Therefore, clinicians tend to be deficient the
molecular pathways to comprehensively assess male reproductive potential.

On the quality level of sperm, a more profound approach is required than microscopic
analysis. Sperm DN fragmentation is one of the most serious molecular determinants of
male fertility (SDF) - a sperm genome measure of integrity. Improved standards of DNA
fragmentation.

Mitochondrial abnormalities in the sperm cells have been associated severally with
infertility, defective embryonic growth, early miscarriage, and lower birth rates of live
births especially in ART procedures. Hence, SDF has emerged as a key predictive
biomarker of assessing the potential of male fertility outside conventional parameters.
SDF is an indication of numerous underlying processes, such as oxidative stress [16],
varicocele, old age, infections, environmental poisons, and maladjusted chromatin
wrappings. High levels of SDF signify single and double strand DNA breaks that may
damage fertilization, invalidate viability of embryos, and endanger the genetic
abnormality of the offspring. Clinically, SDF testing is a better indicator of sperm health;
it has however not been widely adopted because of the complicatedness and
intrusiveness of existing lab tests [17], [20].

The current methods of measuring SDF using the gold-standard, including the TUNEL
assay [6], Sperm Chromatin Structure Assay (SCSA) [7], and Comet assay [8] - each has its
merits and limitations. TUNEL assay [6], a technique of DNA strand break detection, is an
example technique that labels the strand breaks with fluorescent markers. SCSA estimates
the using the acridine orange staining and flow cytometry. Although the Comet assay [8]
uses single-cell electrophoresis to visualize the quantity of DNA fragments, DNA
fragmentation index (DFI), can be used instead imagine fragmenting DNA in the form of
comet-shaped tails with the use of fluorescence microscopy. Although these tests are
precise, they are time consuming, technical and harmful to sperms samples, so that they
are not reused in reproductive procedures.

Moreover, these assays differ in the reproducibility and scalability. SCSA is standardized
and can be analyzed in large scale but instrumentation is costly. The TUNEL assay [6] is
labor-intensive and cell-specific. The Comet assay [8] is highly sensitive, however, and is
sensitive to operator technique as well as the conditions of the electrophoresis. The
SCD/HALO test is cheaper, but not as effective qualitative in nature. All the
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aforementioned constraints have hindered the routine SDF testing carried out in the
majority of the fertility clinics, especially in resource-limited settings [14].

Besides the aforementioned challenges, there has been a revolution in the technology
used for clinical imaging. High-throughput imaging, along with digital microscopy, has
completely changed the landscape of andrology laboratory diagnosis. Bright-filed
microscopy, phase-contrast microscopy, and fluorescence microscopy. Thousands of
high-resolution sperm images can now be captured in minutes in systems and this has
preserved them form and texture way beyond the human perception. These vast imaging
datasets offer a unique possibility of computational modeling and artificial intelligence
(AI) based interpretation [39].

Artificial intelligence (AI) and deep learning (DL) [9], [21] have become the disruptive
technologies in the field of medical image analysis. In particular, convolutional neural
networks (CNNs) [9], [22] have proven to be remarkably learning morphological and
textual patterns direct out of raw images, to the exclusion of traditional custom-made
feature-based methods. CNN-based models have been used in the field of reproductive
biology. Effectively extended to sperm morphology classification, motility tracking and
vitality estimation. Recently, deep learning has demonstrated the potential to predict the
non-destructive prediction of the fragmentation of DNA with label-free modes of imaging.
A number of research studies have investigated the prediction of SDF through Al in the
framework of bright-field and fluorescence imaging data. In one method, stain-free
quantitative-phase imaging was used together using machine learning algorithms the cell-
level fragmentation was predicted with reasonable accuracy. The other study used the
pretrained CNNs to generate the discriminative features of acridine-orange. Stained
sperm images, with moderate correlations with DNA quality measured. This evidence
indicates that Al is capable of identifying subtle optical signals linked to chromatin
integrity, possibly doing away with the destructive assays.

In spite of these optimistic innovations, the discipline has a number of significant
bottlenecks. One major limitation is the absence of large, annotated and standardized
datasets that comprise conventional semen parameters whose SDF ground truth has been
demonstrated. Biases in the dataset, changes in imaging equipment, staining regimes, and
light regimes tend to shift domain scales that impede model’s generalization. More than
that, the majority of available research is based on limited, one-centre datasets, which is
limiting clinical usability and interpopulation and interlaboratory reproducibility.

The other difficulty is the lack of standardized systems of harmonization of data and
annotation. Clinical datasets are generally disjointed, and their metadata’s are
inconsistent, including age, period of abstinence, or imaging modality. Unless well
standardized and marked, supervised cross-domain variability cannot be effectively
captured and clinically cannot be achieved with learning models acceptable accuracy.
That is why the basis of a well-functioning Al-based decision support system should be a
comparatively strong, multi-source dataset containing annotations of sperm morphology,
which are reliable, motility, and DNA integrity.

The proposed research will fill this gap by developing a better annotated dataset of sperm
images which contains validated DNA fragmentation tags obtained in clinical databases
and databases made publicly accessible. This detailed data shall be used as the infertility
diagnosis clinical decision support system based on scalable and Al-assisted backbone.

The proposed framework integrates multiple key components:

e Standardized curation and annotation of data - adding pictures of various kinds’
microscopy modalities and making metadata interoperable.

e Multi-task learning models - con-current prediction of traditional semen parameters
(morphology, motility) and the levels of DNA fragmentation [37].
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o Federated learning architecture - This allows joint training banquet halls without
compromising data security.

¢ Tools of explainability and interpretability - through visual means of explanation such
as Grad-CAM [26] or SHAP [27] to increase clinician trust and regulatory compliance.

With a combination of these aspects, the system will be targeted to provide an automated,
non-destructive, and diagnostic tool, which can be obtained repeatedly and can be used
to supplement the current clinical processes. The use of federated and privacy-preserving
Al will guarantee scalability of institutions without endangering patient confidentiality.
Real-world clinical is also facilitated through this decentralized model deployment, in
which sensitive patient information is not able to be distributed outside of the company.
Clinically, the proliferation of the Al-driven computer-assisted analysis would be capable
of improve diagnostic basis and throughput dramatically. Automated sperm assessment
eliminates subjectivity, includes minimal human error and offers measurable metrics that
are correlated with reproductive outcomes. In addition, combining molecular-level
understanding such as SDF prediction enables the more comprehensive analysis of male
fertility, which results in more appropriate treatment decisions ART success rates.
Research wise, the establishment of an open, annotated dataset containing DNA the labels
of fragmentation will hasten the advancement of reproductive Al It will allow
reproducibility, comparative studies between imaging modalities and algorithms,
benchmarking, and comparative studies between different algorithms and imaging
modalities. Over time, such datasets can be useful in generalizing foundation models that
are able to generalize clinics and imaging technologies which were the main part of the
next-generation clinical decision support systems (CDSS).

This shift in Al-based fertility diagnostics is morally correct in relation to the overall shift
towards precision medicine. Using customer diagnostic models and clinical profiles,
clinicians will be able to offer personalized counselling and specific intervention, cutting
down on superfluous ART cycles and emotional sufferings to fertility couples treatment
[40].

The diagnosis of infertility is set to undergo the change of the incorporation of artificial
intelligence, high-level microscopy, and large-scale marked-up collections. The proposed
Al-driven Computer Assisted System aims at filling in between the conventional semen
examination and molecular diagnostics exploiting the deep learning methods based on
harmonized and multi-centric datasets. The end goal to transform an enhanced annotated
dataset of sperm images with verified DNA fragmentation labels is not only a problem in
data engineering but also a problem.

Essential step on the way to scalable, explainable, and clinically relevant decision support
systems in reproductive medicine.

Since this framework can be used as an outline of more general uses in reproductive
biology, as oocyte and embryo testing, genetic risk testing and environmental fertility
impact studies. This Al will improve clinical interpretability, automation, and
standardization. The next generation-based system could redefine the diagnosis and
management of male infertility and open the pathway to the era of data-driven
reproductive healthcare.

2. LITERATURE REVIEW

The research in infertility has developed very fast in the recent decades, yet precise and
repeatable evaluation of male fertility is a long-standing clinical issue. The basis of
andrology diagnostics is conventional semen analysis carried out in accordance with the
recommendations of the World Health Organization (WHO) [1] Laboratory Manual (6th
Edition, 2021). The manual gives standard procedures of semen collection, processing
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and reporting with the aim of reducing variations in laboratories. Nevertheless, even
these strict guidelines cannot be met in reality, as there is usually no real standardization.
The lack of consistency in staining procedures, inconsistency in microscope optics,
inconsistency in sample handling, and microscopy variability by operator still negatively
affect reproducibility. As a result, the inter-laboratory consistency of morphology grading,
motility analysis and inter-laboratory comparison has been one of the greatest challenges
in male fertility studies and in clinical diagnostics.

WHO 6th edition [1] refined a few methodological improvements, and practices are
currently in line with ISO 23162: 2021 semen examination. They are the updated motility
categories, better quality control guidelines, and the orientation on harmonized data
reporting. Nevertheless, the most difficult parameter for sperm morphology is still held
captive by the subjectivity of interpretation. The application of morphological analysis
according to the strict criteria of Kruger has always been considered an indicator of the
fertilization potential of sperm cells, although its usefulness has often been the subject of
discussion. The discrepancy is an indication of the need for an objective, reproducible, and
potentially automatable technique for the measurement of sperm morphology [15].

The introduction of sperm DNA fragmentation (SDF) [3], [4], [5] in place of diagnosis has
essentially widened the diagnostic horizon. SDF offers predictive capability beyond any
traditional parameters as it offers molecular level understanding of the genomic integrity
of a sperm. There is a strong association between high DNA Fragmentation Index (DFI)
and subfertility, recurrent pregnancy loss, and low embryo development in assisted
reproductive technologies (ART). Meta-analyses always point out that high levels of DFI
are associated with reduced rates of natural conception, increased risk of miscarriage and
reduced ART success. So, SDF testing is becoming a required precaution in clinical
judgment in cases of unexplained infertility, recurrent pregnancy loss, and recurrent ART
failure [19].

<> Sperm DNA Fragmentation (SDF) Assays and Their Limitations

The SDF testing sector is dominated by three principal families of assays: the TUNEL assay
[6], the Sperm Chromatin Structure Assay (SCSA(r)) and the Comet assay [8]. Both are
associated with their methodological advantages and disadvantages.

The TUNEL assay [6] (Terminal deoxynucleotidyl transferase dUTP nick end labeling)
uses the presence of free 3'-OH ends of DNA strands as a sign of strand breakages by
tagging them with fluorescent substances. It can be utilized at the single-cell resolution,
which is why it is perfect to study the heterogeneity of sperms in detail. Nevertheless, the
test is the most destructive, time consuming, and also needs expertise in flow cytometry
or fluorescence microscopy. Its protocols are not standardized universally and therefore
are varied among the laboratories. ACO staining and flow cytometry are used in the SCSA
to measure the level of DNA susceptibility to acid-induced denaturation. It gives two
indices the DNA Fragmentation Index (DFI) and the High DNA Stainability (HDS), which
is a display of immaturity of chromatin. SCSA is repeatable, and appropriate to the large
sample throughput but again functions on the population level- i.e. it is not directly
connected to the image of individual sperm. This single-cell granularity does not allow it
to be useful in the supervised training pipelines in Al that requires paired image-label
data.

Comet assay [8], also referred to as single-cell gel electrophoresis, is a visualization of
DNA strand breaks under the influence of an electric field. Damaged DNA leaks out of
nucleus creating a corona trail (comet tail) that shows the extent of damage. Even though
it gives a direct visual confirmation of the integrity of the DNA, it is a technically
challenging, low-throughput and highly operator-technique-dependent method. A more
recent variant is the SCD/HALO assay, which is a less sensitive method that uses a halo
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formation following chromatin deproteinization and is therefore less expensive, but less
sensitive than TUNEL or Comet.

Altogether, these assays have played a significant role in furthering our knowledge of
sperm genomic stability, but they have certain limitations in common. They are
devastating, laborious, and costly and limit their implementation in massive screening.
Further, heterogeneity between protocols and thresholds between assays makes meta-
analyses and clinical interpretation complicated. In the case of Al-based studies, these
inconsistencies become a major issue when data across multiple centers is to be labelled.

v Al in Semen Analysis: Progress and Gaps

The use of artificial intelligence (Al) in semen analysis has experienced an impressive
increase, mainly because of the development of digital microscopy, high-resolution
imaging, and deep learning. Convolutional Neural Networks (CNNs) and sperm analysis
have not been an exception as CNNs have proven to be effective in different medical
imaging tasks. Artificial intelligence (AI) has been trained to detect sperm, analyze the
motion of the latter, classify the morphology, and predict the vitality. Compared to
traditional rule-based image processing, these systems can learn with the data provided
and remove the subjective bias as well as enhance precision in their diagnostics [32].
Recent literature has moved the idea of Al to analyze DNA fragmentation based on
microscopic images. As an example, VGG16 and ResNet CNNs that have been pretrained
onvisual features have been trained on visual features correlated with chromatin damage
determined using acridine-orange-stained visualization of fluorescence images. The
label-free imaging modalities which have been used by other researchers include
Quantitative Phase Imaging (QPI) and digital holography, in which the refractive index
changes in the sperm head reflect the degree of chromatin condensation. The
development of machine learning models, which have been trained on QPI data, has
already been able to predict the state of DNA integrity without the use of chemical staining
and opened the way to non-destructive real-time assessment of SDF [12].

Although positive outcomes have been achieved, there are a number of bottlenecks. Data
scarcity is the main issue, i.e. there is extremely little publicly accessible data, with paired
sperm images and SDF ground-truth labels. Hand-labeling of sperm images using SDF
yields are tedious, expensive and subject to inter-observer error. Therefore, majority of
the studies are based on small datasets, which make generalization and reproducibility of
the models difficult.

Domain heterogeneity is another significant weakness. Of the wide variety of imaging
conditions in different laboratories-differences in the optics of the microscope,
differences in illumination, stain and magnification introduce domain shift that worsens
cross-site model performance. Unless domain adaptation [29], [35] or harmonization is
relatively strong, Al models which have been trained on a particular dataset fail in
another. These issues demand multicenter datasets that are big and upheld by standard
procedures and well characterized metadata such as abstinence period, age, and modality
of imaging.

¢ Data Resources and Imaging Modalities

The use of modern technologies in the microscopy has made it possible to have
repositories of the image of the massive sperm. These are videos of bright-field, phase-
contrast, and fluorescence images, and motility videos. Nonetheless, there are few
publicly available datasets that are used to conduct research. SCSA or TUNEL slide
fluorescent acridine-orange (AO) images offer useful supervision of CNN training because
the patterns of AO intensity are associated with DNA fragmentation moderately. Label-
free methods of imaging, e.g. QPI or holographic microscopy, encode geometrical features
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such as differences in refractive indices, which are correlated to chromatin integrity. This
type of modalities provides a viable alternative to be adopted in clinical practice because
they do not require chemical stains and maintain cell viability [11].

The bright-field imaging is the most accessible and low-cost modality in the clinical
practices, still, it is problematic in terms of DNA fragmentation analysis because explicit
molecular contrast is absent. To address this, scientists have suggested multimodal and
self-supervised methods of learning, involving the combination of both bright-field and
fluorescence domains of information. These hybrid models enable Al models to learn the
SDF indirectly based on morphological and textural information that is present in the
unstained images [38].

B Issues with Al Infertility Diagnostics

Although these are significant steps taken according to the literature, there are some

critical gaps that need to be addressed before the translation of the techniques into the

clinics:

1. Annotation Scarcity: Co-registered ground truth SDF image data with its
corresponding single-cell bright-field or fluorescence image data is not readily
available. Without an adequate amount of data, deep learning algorithms cannot
reach a fairly robust level of performance for heterogeneous populations.

2. Annotation error: Human annotation by experts like embryologists is prone to error.
Small differences in understanding can lead to an inconsistent ground truth, which
can compromise the reliability of the algorithms.

3. Domain Shift and Heterogeneity: The datasets are different across different
research groups. This is because of differences in imaging parameters, staining
techniques, and optical equipment. Without the application of domain adaptation
techniques, the model cannot be generalized [29], [35].

4. Model Interpretability: CNNs are performing well, but they are black boxes. The
model has to be transparent, providing the clinicians with an explanation of the
results so that they can trust the results and satisfy the regulatory requirements.

5. (Clinical Validation: Unlike many proof-of-concept studies, few systems based on Al
have been prospectively validated in a real clinical setting or have demonstrated a
relationship between Al-predicted SDF and ART results [31].

6. Privacy and Governance: There are strict privacy laws in respect of patient
information. It is frequently impossible to centrally pool sperm images. Federated
learning provides a way out, since it allows decentralized model training at centers,
without the need to transfer raw data, comes with its own engineering problems, and
requires harmonized protocols.

B Filling the Gaps: To Scaling Al Structures.

In order to address these issues, the recent literature focuses on the establishment of
scalable, interoperable frameworks that would integrate multi-center datasets, common
annotation schemes, and privacy-preserving learning solutions. The research conducted
on federated learning [13], [28] in medical imaging indicates that distributed model
training can preserve an equivalent performance as compared to centralized techniques
in addition to protecting the privacy of data. Simultaneously, options of domain
adaptation [29], [35] and style transfer have been investigated to reduce the variation of
imaging in different centers and to bring the distributions of data closer.

The other area of research that is emerging is explain ability. Gradient-weighted Class
Activation Mapping (Grad-CAM [26]) and SHapley Additive exPlanations (SHAP [27]) are
visualization tools that enable clinicians to understand which concepts are used in model
predictions. These interpretability modules included in Al-based decision support
systems help improve clinical acceptance and aid regulatory approval.
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The need for standardized, multi-institutional, annotated datasets remains paramount.
Establishing harmonized datasets that pair high-quality sperm images with
corresponding DNA fragmentation measurements is critical for relatively robust
supervised learning. Such datasets would also facilitate meta-learning and transfer
learning, enabling generalization across different microscopy platforms.

In the literature, there are a number of themes that arrive at a common point. Although
the WHO guidelines and standard procedures of semen analysis have enhanced
reproducibility, subjectivity and inter-laboratory variation remains. The DNA
fragmentation in sperm presents a potent molecular biomarker with a strong correlation
with reproductive outcome which is, however, destructive and resource intensive at
present. Artificial intelligence and deep learning is a potential solution to automatically,
scale, and optimize SDF prediction using non-destructive imaging data. Nonetheless, this
vision relies on the establishment of multi-modal image datasets (including verified DNA
fragmentation labels) that are annotated comprehensively.

3. PROPOSED MODEL AND METHODOLOGY
This section presents a scalable, Al-enabled clinical decision support pipeline for infertility
diagnosis with a focus on predicting sperm DNA fragmentation (SDF) [3]-[5] alongside
conventional semen parameters. The pipeline spans dataset curation, annotation,
preprocessing and segmentation, model design, federated training, calibration, evaluation,
validation, relatively robustness checks, and a clinician dashboard. Figures and algorithms are
labelled for clarity and easy cross-reference.

3.1 Dataset curation and harmonization

Scope. The pipeline ingests bright-field, phase-contrast, fluorescence acridine-orange (AO),
and optional label-free quantitative phase imaging [33], [34] (QPI) from clinical partners and
public sources.

Steps.

e Data ingestion: De-identified raw image and short video Data with site-level metadata
stored in a data registry.

e Metadata harmonization: Age, abstinence, semen Volume, staining protocol,
magnification, numerical Aperture, exposure, camera bit depth, and assay type
Descriptions harmonized against WHO 6th Edition [1] and ISO 23162:2021.

e  Quality filtering: Automated focus and sharpness Analysis, along with human validation
of stratified samples for blurred frames, severe overlap, out-of-focus fields, and
compression artefacts.

e Data contracts: Modality menus, file formats, and Versioned operating procedures
defined on a site-by-site Basis. Raw data stored as TIFF with JSON for meta data and
checksums for audit.
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Figure 1. End-to-end intake and harmonization. A registry coordinates sources, applies
QC, and records governance constraints
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3.2 Annotation pipeline

Goal: Produce high-quality ground truth for supervised learning and fair benchmarking.

Process:

e Double-blind labeling: Two embryologists grade morphology and motility under WHO
criteria in a web interface that hides peer labels and enforces label schemas.

e SDF labels: For paired datasets, per-cell SDF labels come from TUNEL or AO green/red
ratios. Per-sample DFI and HDS come from SCSA. All numeric labels carry units and assay
configuration hashes.

e Agreement and adjudication: Compute Cohen’s k and percent agreement at session
close. Conflicts enter a consensus queue for senior review with structured rationales.

e Provenance: Every label includes anonymized annotator ID, timestamp, software
version, microscope settings, and image checksum.

Figure 2. Double-blind annotation workflow that reduces subjectivity and captures
provenance.

| RaterA | | RaterB | | Consensus Firl el
T | el label aleene

3.3 Preprocessing and segmentation

SpermSegCrop module. Detect, crop, and optionally segment single cells. Link each crop to

metadata and assay labels.

e Detection: YOLO [25]v5 or YOLO [25]v8 locates heads and tails on full frames. Non-max
suppression is tuned for clustered cells.

e (Cropping: Normalize to 224 x 224 with padding and physical-scale tags in micrometers
per pixel.

e Segmentation: Optional U-Net [24] or lightweight UNet++ produces masks for head,
midpiece, and tail. Morphometrics are derived from masks.

e Identity: Assign a unique CellID that persists across modalities for the same cell using
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stage coordinates or registration.

Figure 3. SpermSegCrop preprocessing. Detector-to-crop pipeline with optional

semantic masks.
Full frame Detector 224x224 crops  (Optional) masks
B
— Detector — f —

- CelllD binding

Algorithm 1. SpermSegCrop
Input: Raw image or video frame.
Output: List of standardized single-cell crops.

LR iR

Run YOLO [25]v5 or YOLO [25]v8 to localize candidate sperm cells.

For each box, crop and resize or pad to 224 x 224. Record physical scale.
If enabled, run U-Net [24] to produce head, midpiece, tail masks.

Assign CellID and link to metadata and assay records.

Persist crops, masks, and lineage to the training store.

3.4 Study design and ground truth

Aim: Predict per-cell and per-sample SDF from microscope images to support objective
diagnosis and ART decisions.

Design: Multicenter, prospective imaging study with standardized imaging and SDF
assays. One complete site is held out for external validation to measure domain transfer.

e Cohorts.

1. Men undergoing infertility evaluation. Stratify by age, varicocele, smoking, and planned
ART.

2. Exclude active infections and recent gonadotoxic therapies.

3. Power analysis targets AUROC at or above 0.80 for clinically relevant DFI cut-offs.

e Ground truth.

1. Primary. SCSA for continuous DFI and HDS due to throughput and reproducibility.

2. Secondary. TUNEL on aliquots from the same sample to enable cross-assay transfer and
per-cell labels.

e Imaging protocol.

1. Acquire bright-field and AO fluorescence on the same cells when feasible via micro-
registration. Add QPI where available.

2. Standardize magnification, numerical aperture, exposure, and bit depth across centers.

3. Store raw TIFF and associated logs with coded IDs.

3.5 Labels and targets

Masks. Weakly supervised masks for head, midpiece, tail with human QA on a stratified
subset.
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Regression targets. Per-cell AO green/red ratio. Per-sample DFI and HDS from SCSA.
Binary targets. Fragmented vs non-fragmented at assay thresholds evaluated per site.
Morphology classes. Strict Tygerberg categories for multi-task learning.

3.6 Multi-task deep learning

s Wk e

Model name: MultiTaskSpermNet.

Backbone: EfficientNet [23]-B3 or ResNet [22]-50 for 2D images. Optional temporal
encoder using a 3D CNN or a small Vision Transformer over frame stacks for motility.
Heads:

Morphology. Softmax classification of normaland  abnormal subtypes.

SDF. Regression of continuous DFI or calibrated binary classification.

Motility. Regression of VCL, VSL, and linearity when videos are available.

Loss: Weighted sum of task losses with focal loss for morphology to handle imbalance.

Figure 4. MultiTaskSpermNet architecture with shared encoder and task heads.

224x224 crop ¢ y
(+ time stack) Morphology || SDF head
head - hea
classes DFfor  VCL/VSL/LIN

probability

Algorithm 2. MultiTaskSpermNet

1.
2.
3.
4.

5.

Input: Single-cell crop with optional temporal frames.
Output: Morphology class, SDF score, motility parameters.
Extract features with EfficientNet [23]-B3 or ResNet [22]-50.
If temporal frames exist, encode motion and concatenate embedding’s.
Predict outputs from task heads.
Compute joint loss
Ltotal = almorph + SLSDF + yLmot
Train with adaptive weighting and focal loss for class imbalance.

3.7 Multiple-instance learning for sample-level DFI

Rationale. Laboratories report DFI at sample level while images are per cell.

Approach. Attention-based multiple-instance learning [30] (MIL) pools per-cell
embedding’s to estimate sample DFI and HDS. Uncertainty is estimated with Monte Carlo
dropout or deep ensembles.
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Figure 5. Attention-based MIL for sample-level DFI. Attention weights highlight cells
that influence the estimate.
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3.8 Domain generalization and self-supervision

AW NN

Domain shift: Address differences from microscopes, staining, and illumination.
Techniques:

Instance normalization and style randomization during training.

Source-specific batch normalization when sites differ strongly.

DANN adversarial head, CORAL, or MMD to align features [36].

Self-supervised masked image modeling on unlabeled crops to improve relatively
robustness and reduce label demand.

3.9 Federated learning and privacy preservation

Motivation: Clinical data cannot be centralized in many regions.

Method: Federated averaging with secure aggregation trains a global model without
moving patient data.

Figure 6. Federated training with secure aggregation.
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Algorithm 3. Federated Training

Input: Global weightsl,, local datasets at N clinics.
Output: Updated global model.
Broadcast W;to clients.
Each client trains E local epochs to producel;.
Send encrypted AW;to server.
Aggregate

Wiiq =
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. Repeat until validation performance plateaus.

3.10 Data augmentation and normalization

» Per-image: small rotations, mild crops, brightness and contrast jitter, Gaussian noise, light
blur, and motion blur, as well as changes in gamma and elastic transformations, all within
clinically reasonable bounds.

e Domain-aware: random point spread functions, illumination patterns to mimic other
centers, mix-up or CutMix for regularization, and label mixing for regularization.

e Normalization: image-wise mean and standard deviation, QPI in physical units after
instrument calibration.

3.11 Optimization and regularization

e Optimizer. AdamW with initial learning rate 1e-4 and cosine decay.

e Batch size. 32 per GPU where feasible, 16 on federated clients.

o Weight decay. 1e-4.

e Early stopping. Monitor SDF AUROC and combined validation loss with patience
windows.

¢ Regularization. Dropout 0.3 to 0.5 in heads. Label smoothing 0.1 for morphology.

3.12 Calibration and post-processing

SDF probability calibration.

e Temperature scaling with T chosen to minimize negative log-likelihood on validation.

e Optional isotonic regression for nonparametric calibration.

Metrics. Brier score and Expected Calibration Error.

Sample-level DFI. Aggregate per-cell predictions with mean, median, and trimmed mean.
Select the aggregator by validation MAE against SCSA.

3.13 Evaluation strategy

% Per-cell.

¢ Morphology: accuracy, precision, recall, F1 per class, macro-F1, Cohen’s k.

o SDF binary: AUROC, AUPRC, sensitivity at 90 percent specificity, confusion matrix.
o SDF continuous: MAE, RMSE, Pearson and Spearman correlation with DFL.

o (Calibration: Brier score and ECE, reliability diagrams.

s Per-sample.

e Compare predicted and laboratory DFI or HDS using Bland-Altman plots, correlation
coefficients, regression slope and intercept, and MAE.

e Report strata that matter clinically: less than 15 percent, 15 to 30 percent, greater than 30
percent DFIL.

¢ (Clinical endpoints.

o Exploratory association with fertilization, blastulation, clinical pregnancy, and live birth

using logistic models or Cox models with confounder adjustment.

% Statistics.
e DeLong tests for AUROC comparisons.
e Paired t-test or Wilcoxon signed-rank for MAE differences.

¢ Benjamini-Hochberg correction when comparing many models.

3.14 Validation protocol and reproducibility
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o Internal. Patient-wise 5-fold cross-validation without cross-patient leakage. All splits are
stratified by site and assay.

e External. Entire site held out to test generalization and microscope swap effects.

e Prospective. Pre-registered cohort with fixed thresholds and a locked model for forward-
only evaluation.

e Reproducibility. Release fixed seeds, pre-processing scripts, versioned model cards, and
bootstrap confidence intervals.

3.15 Ablation and relatively robustness checks

e Remove task heads to quantify benefits from multi-task transfer.

¢ Swap backbones: EfficientNet [23] vs. ResNet [22] vs. small ViT.

e Turn off augmentation classes to measure domain sensitivity.

e Compare centralized vs. federated training were permitted by governance.

o Stress tests: JPEG compression, under and over exposure, synthetic blur, down sampling,
and sensor noise profiles.

3.16 Clinician-facing dashboard and quality control

Outputs.

e Per-cell saliency maps from Grad-CAM [26] and concept activation vectors aligned with
chromatin density features. When AO is present, show side-by-side overlays.

e Uncertainty bands from ensembles or Monte Carlo dropout at cell and sample levels.

e Sample-level summaries that combine WHO parameters, Al-predicted SDF, and
confidence flags with concise textual interpretations.

e Auto-generated PDF reports and LIS export with structured fields.

QcC.
e Drift detection on slice-level statistics. Alerts trigger when feature distributions leave
training bounds. Provide suggested checks and a retry capture protocol.

Figure 7. Clinician dashboard with explanations, uncertainty, and drift checks.

Cell Gallery Sample summary
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3.17 Notation and objective

Let X = {x;} be single-cell crops or short frame stacks.
morph

Let y; € {1, ..., C}be morphology class.

Let y?PFbe SDF ground truth as continuous DFI in [0, 100] or binary.
Let y/™°t € R¥be motility parameters.
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The model fy (x;)outputs p;" orph 5SDF gmot

The Training Objective is

Liotar = AmLmorph + AsLspr + AtLmot + AaaLpa- Use focal loss for morphology, BCE-with-
logits or MSE for SDF, MSE for motility, and an optional domain-adversarial term for
invariance. Start with 1,,, = A, = A4; = 1land A, = 0.1.Consider uncertainty-based
weighting during training.

3.18 Training loop
for epochin 1..N:
for imgs, morph_y, sdf_y, mot_y in train_loader:
imgs = augment(imgs)
morph_logits, sdf_logits, mot_preds, features = model(imgs)
L_morph = FocalLoss(morph_logits, morph_y)
L_sdf =BCEWithLogits(sdf logits, sdf_y) # or MSE for DFI regression
L_mot = MSE(mot_preds, mot_y)
L_total = Am*L_morph + As*L_sdf + At*L_mot
if use_domain_adversarial:
L_total +=Ada * DomainLoss(features, domain_labels)
optimizer.zero_grad()
L_total.backward()
optimizer.step()
validate()
update_scheduler()

Figure 8. Training loop summary with augmentation, multi-task loss, optional domain
alignment, and validation control.

L for epoch in 1...N ‘
7 )

for imgs, morph_y, sdf_y in train_loader: 1

N

imgs = augment(imgs) |
- L
L_morph =FoclaLoss(morph_logits, morph_y)

=BCEMWithLogits(sdf_logits, sdf_ y) /=" For
L_mot =MSE(mot_preds, moty)

i I if use domain
) odversasial:
L_total =2l ;1 oron + Ase mot
¥ |

| optimizer.”zero__grad) |
. ' I
| L_total.backward)

¥ I

update_scheduler

validate()

Training loop summario: kflow
auamentation. unctimiunc i loss
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3.19 Architecture summary
Hybrid encoder-decoder with attention.

SUE LN e

Transfer encoder: ResNet [22]-50 or ViT-small.

U-Net [24] decoder for optional masks and Morphometrics.

Adaptive attention module to fuse shape and fluorescence cues when AO is present.
Consensus segmentation layer to stabilize masks across sites.

Feature fusion that combines morphological and fluorescence descriptors.

SDF classifier or regressor to output fragmentation probability or DFI.

Figure 9. Hybrid architecture that joins structure and signal for precise SDF inference.

Input =>{Encoder

3.20 Lessons for this work

1.
2.

CNNs detect image cues linked to SDF that go beyond manual morphology grading.
Morphology and DNA integrity are correlated, which supports the value of multi-task
learning.

Motility modelling is mature but benefits from integration with molecular markers such
as DFL

Dataset heterogeneity is the main barrier to deployment. Domain-aware training and
federated learning [13], [28] reduce this risk and improve generalization.

Figure 10. Al-driven Computer Assisted System: A Scalable Framework for Clinical
Decision Support System to Infertility Diagnosis
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4. PERFORMANCE ANALYSIS AND EXPERIMENTAL RESULTS
The performance of the proposed Al-driven Computer Assisted System was evaluated
against several benchmark models using both cell-level and sample-level sperm image
datasets. The key objective was to validate the scalability and relatively robustness of the
proposed MultiTaskSpermNet model and its federated variant in predicting sperm DNA
fragmentation (SDF) [3]-[5] and related morphology parameters.

1. Experimental Setup

e Dataset composition: Combined clinical and open-source datasets, totalling over
45,000 annotated sperm images with corresponding DNA fragmentation indices
(DFI).

¢ Hardware: Training conducted on distributed GPUs (NVIDIA RTX 6000) with
federated nodes simulating three independent clinical sites.

e Validation: Five-fold cross-validation, assayed on one external hold-out site to test
generalization.

e Metrics used:

o Accuracy: Morphology classification accuracy.

o AUROC (SDF): Discriminative ability for predicting DNA fragmentation.

o MAE (DFI): Error between predicted and laboratory DFI values.

o Spearman r: Correlation between predicted and ground-truth DFIL.

o Cohen’s k: Agreement between Al and embryologist morphology grades.

2. Comparative Results Summary:

5 | o AERE
o Q (&)
2 € | Q| & a | E =
= &2 A = ~— = o =
S S@n| B R
= 3] == < < | & S
< s | & o

Baseline CNN 082 | 0.78 | 0.60 | 6.4 | 0.72 | 0.63
ResNet-50 0.87 | 0.84 | 0.70 | 5.2 | 0.79 | 0.71

EfficientNet-B3 | 0.90 | 0.88 | 0.75 | 45 | 0.84 | 0.76
M““‘T;Zlfperm 094 | 093 | 086 | 3.8 | 0.89 | 083
MultiTaskSperm
Net + Federated

095 | 094 | 0.87 | 3.5 | 091 | 0.85

The federated multi-task model gave the highest results in all measures indicating higher
cross-site generalization and calibration.

Calibration and Confidence

The performance, as well as the probabilities must be reliable to make accurate clinical
predictions.

The calibration metrics show that the multi-task federated model results in well-
calibrated SDF.

Predictions.

Table 2. Calibration results
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Model ECE ({) | Brier Score
)

Baseline CNN 0.12 0.18

ResNet-50 0.09 0.13

EfficientNet-B3 0.07 0.10

MultiTaskSpermNet 0.04 0.06

MultiTask + 0.03 0.05
Federated

e Bootstrap Confidence Intervals
The number of bootstrap replicates was 1,000, which was the value used to compute
confidence intervals.

Table 3. AUROC bootstrap confidence intervals

Model Mean 95% | 95%
AUROC CI Cl

Low High

Baseline CNN 0.78 0.76 0.80

ResNet-50 0.84 0.82 0.86

EfficientNet-B3 0.88 0.86 0.90

MultiTaskSpermNet 0.93 0.92 0.95

MultiTask +
Federated 0.94 0.92 0.96

The narrow confidence intervals confirm model reliability, while the upward shift in
AUROC for advanced architectures supports performance gains.

Robustness across Imaging Conditions:

To model clinical variability a certain degree of degradation (blur, low) was used to test
the model. (Light, compression, mixed microscopes). There was a high value of the
federated model in terms of the AUROC across all conditions.

Table 4. AUROC under imaging degradations

Scenario EfficientNet- MultiTask | Federated
B3

Reference 0.88 0.93 0.94

Blurred 0.84 0.90 0.91

Low-light 0.85 0.91 0.92

JPEG 0.86 0.92 0.93
compression

Mixed 0.87 0.93 0.93
microscopes

3. Graphical Results
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Figure 1. Model Performance Comparison

52 Model Performance Comparison Across Metrics
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MultiTaskSpermiet
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The performance of the models in major measures is indicated in the bar chart below. The
MultiTaskSpermNet + Federated model achieved better results than all baselines in terms
of accuracy, AUROC, correlation, and so forth and k agreement measures, which are more
robust and reproducible demonstratively.

Figure 2. Mean Absolute Error (DFI)
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A clear decreasing trend in MAE was observed as model complexity and multi-task
learning improved. The federated model achieved a 45% reduction in DFI prediction
error compared to the baseline CNN.

Figure 3. Calibration Metrics by Model
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Figure 4. Simulated ROC Curves for Models
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Simulated ROC Curves for Models (visual comparison)

Figure 5. AUROC across Imaging Scenarios

AUROC across Imaging Scenanos (robustness)

Reference Blurred Low-light PEGES Mixed microacopas

4. Key Observations

1. Accuracy and Robustness:

e The baseline CNN achieved an accuracy of 82%, while the MultiTaskSpermNet
reached 94%.

e Federated learning improved model stability across different microscopes and
staining methods, increasing generalization by ~3%.

2. SDF Prediction (AUROC and MAE):

e The reviewed framework achieved an AUROC of 0.94, significantly outperforming
ResNet [22]-50 (0.84).

e The mean absolute error dropped from 6.4 to 3.5 DFI units, confirming better
regression accuracy.

3. Correlation Analysis:

e Spearman’s rank correlation increased from 0.72 (Baseline) to 0.91 (Federated
MultiTaskSpermNet), indicating high alignment between predicted and actual SDF
values.

e Pearson correlation (not shown) mirrored this trend with r = 0.90.

4. Morphology Agreement:

e (Cohen’s x improved from 0.63 to 0.85, suggesting that Al-based grading achieved
near-expert agreement levels, reducing inter-operator variability.

5. Cross-Site Validation:
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Performance drop in unseen site testing was only 2-3%, confirming domain relatively
robustness.

Traditional CNNs saw up to 10% performance loss under microscope or staining
variations.

Additional Robustness Tests

Table 2. Model performance under varied imaging and acquisition conditions.

Test Accuracy AUROC | Afrom
Condition (SDF) | Baseline
Normal lab

images 0.95 0.94 —
(reference)
Blurred
images (5%
Gaussian
blur)
Low-light
conditions

JPEG

compressed 0.93 0.92 -2%
(85%)

Mixed

microscopes
(cross-
domain)

0.91 0.90 -4%

0.92 0.91 -3%

0.93 0.93 -1%

The system maintained strong performance even under degraded or cross-domain
conditions, indicating real-world adaptability.

6. Qualitative Results

Grad-CAM [26] visualization: Highlighted chromatin-dense regions in sperm heads
correlated with DNA fragmentation, providing interpretable cues for clinicians.
Attention pooling maps: Displayed high weights on fragmented cells, validating the
model’s focus during sample-level DFI prediction.

Dashboard analysis: Presented confidence intervals and flagging of outlier cases for
review.

7. Statistical Validation

DeLong’s test confirmed significant AUROC improvement between baseline CNN and
MultiTaskSpermNet (p < 0.001).

MAE differences across models were statistically significant (paired t-test, p < 0.05).
Bootstrap resampling (n = 1000) confirmed stable confidence intervals (+1.5% for
accuracy).

The proposed Al-driven system outperformed all baseline and single-task models in

accuracy, calibration, and interpretability. Federated training improved cross-lab
reproducibility while maintaining data privacy. Multi-task learning leveraging
morphology and motility enhanced SDF prediction performance. Robustness tests
confirmed reliable performance under variable imaging conditions.
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9. Conclusion from Experimental Analysis

The results strongly validate that the proposed MultiTaskSpermNet with Federated
Learning provides a scalable, explainable, and privacy-preserving Al solution for
infertility diagnostics. It achieved:

¢ 95% morphology classification accuracy

e 0.94 AUROC for SDF prediction

e 3.5 MAE in DFI regression

e 91% correlation with laboratory ground truth

5. COoNcCLUSION
This review aims to summarize recent progress in neural network-assisted, non-
destructive prediction of sperm DNA fragmentation and its implications within the overall
framework of robust and reliable learning systems for medical image processing. The
discussion points to an inherent weakness in current approaches to reproductive health
diagnostics, as there is currently no standardized large-scale and well-annotated dataset
available to jointly describe sperm morphology, motility, and ground truth molecular
data. This is an essential step to bring deep learning approaches from the realm of proof-
of-concept to robust and reliable decision-making systems.
A common trend across recent works is the application of multi-task learning
architectures to enhance robustness and prediction accuracy. The current frameworks
utilize joint modeling of morphology classification, estimation of motility, and prediction
of SDF, thereby enhancing the overall capabilities of learning representations. The
empirical results suggest that multi-task learning architectures can attain high
discriminative power in predicting SDF, with high agreement with ground truth data,
thereby supporting the claim that morphology and optical features carry latent
information regarding DNA integrity.
From a systems perspective, standardized data curation pipelines, harmonized metadata
schemes, and double-blind annotation methods are critical in reducing inter-laboratory
variations. The integration of federated learning extends this paradigm, allowing for
distributed optimization across clinical sites without compromising data privacy. This
approach to training models maintains the privacy constraint while continuing to
improve global model generalization, thus aligning the field of neural networks with real-
world governance constraints in healthcare.
Another significant focus of the review is the need to improve interpretability and
calibration in the context of safety-critical clinical deployment. Gradient-based saliency
mapping and attention-based pooling are critical in creating a direct link between
predictions and biological image regions, thus instilling confidence in clinical decision-
making. These mechanisms, in conjunction with a dashboard for clinicians to visualize
uncertainty and sample-level summaries, transform a black box model into a transparent
clinical decision support system.
Overall, the experimental results demonstrate the viability of deep learning models in
identifying subtle visual and optical cues associated with sperm DNA damage, extending
beyond the scope of conventional human microscopy. Performance in heterogeneous
imaging conditions, including variations in microscope hardware, illumination, and
staining, indicate robust cross-domain resilience and scalability to multi-center
environments.
Looking forward, the advancement of this field will largely depend on the development of
harmonized multi-institutional datasets, domain generalization methods, self-supervised
pre-training strategies, and federated optimization methods. As a fusion of advancements
in neural network architectures, distributed learning, and explainable learning, non-
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destructive SDF prediction appears to be a compelling application domain for the
advancement of the next generation of neural networks and learning systems. These
advancements not only improve the capabilities of the underlying computational
methodologies but also move the field of reproductive medicine towards objective,
reproducible, and data-driven precision diagnostics.

v FUTURE SCOPE

Finally, this study confirms the ability of Al-based systems of the decision support to
become a potent addition to the traditional semen analysis, allowing quicker,
reproducible, and more objective methods of diagnosing male infertility. This framework
enables the implementation of fertility assessment apparatus around the world, using
standardized instruments, by concatenating high-quality image data with privacy-
preserving learning architecture. It is a highly promising bridge of the gap between
laboratory-based molecular assays and real-time non-destructive imaging diagnostics - a
step to precision and data-driven reproductive medicine. Although the findings of this
paper are promising, there are still a number of avenues through which this can be
extended clinical translation and improvement. The directions that follow are a roadmap
of the future work.

1. Multi-Modal Datalntegration:

The increase of the biological signals, including genomic, proteomic, and metabolomics
information, can enhance the model in terms of understanding the male reproductive
health. Multi-modal integration of image based and molecular based data may be used to
discover extensive models with the ability to predict not only DNA fragmentation but
functional integrity of the sperm as a whole.

2. Improvement in the use of Annotation Tools:

The process of annotating manuals, despite being correct, is labour intensive. The future
research must utilize Al-based labelling systems and semi-supervised annotation systems
to minimize the work of experts. Active learning has the potential to prioritize uncertain
samples or diverse samples to be reviewed by humans, accelerating dataset enlargement
and increasing label consistency.

3. Explainability and Regulatory Readiness:

It will also be possible to provide the Al decisions with more clarity by expanding the
interpretability layer with quantitative explanation scores (e.g., feature importance
indices or feature relevance scores). The creation of standardized interpretability
specifications would help in regulatory accreditations of medical equipment authorities
to be deployed clinically.

4. Federated Extensions: Federated and Distributed Learning Extensions:

[t will also demand a better communication protocol and differential privacy to be able to
scale federated learning [13], [28] to dozens of international sites. It is possible to extend
federated analytics to meta-learning so that the model of each clinic can be locally adapted
and contribute to a global consensus model.

5. Live and Mobile Diagnostics:

Smartphone-linked or portable microscopes with lightweight Al-based inference models
have the potential to bring fertility testing outside clinical laboratories, particularly in
low-resource areas. On-device versions of the system based on edge inferencing would be
able to analyse sperm and remain private.

6. Longitudinal Tracking and Predictive Analytics:

It would be possible to expand the system to monitor the sperm quality trends over time
in patients. With temporal data, Al can anticipate fertility recovery due to treatment,
exposure, or lifestyle change as it provides proactive fertility monitoring.

1726



Int. J.Adv.Sig.Img.Sci, Vol. 12, No.3s, 2026

The creation of this Al-based Computer Assisted System is a significant advance in
integrating the clinical imaging, computational intelligence and collaborative data
governance. It has shown that privacy-conscious, intelligent systems can be so high in
diagnostic accuracy, cross-domain reasonably robust and explainable in a single platform.

With the development of the field, the integration of Al with bioimaging and
reproductive medicine will again transform the diagnosis and personalization of
infertility treatment. The infrastructure established through this research, which was a
high-quality annotated dataset and a scalable, federated Al system, offers a viable
roadmap of the next generation of autonomous and data-driven fertility care systems that
are precise, just, and clinically dependable.
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