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High-throughput imaging cytometry
paired with artificial intelligence
Identifies ultrarare sperm in men
previously diagnosed with

clinical azoospermia
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Objective: To determine whether a novel diagnostic platform, which pairs high-throughput imaging cytometry with artificial
intelligence (Al)-assisted image analysis, can identify ultrarare sperm in ejaculatory samples deemed clinically azoospermic.
Design: A retrospective cohort review of remnant biobanked ejaculatory samples processed by high-throughput imaging cytometry
and Al-assisted image analysis.

Subjects: Remnant ejaculatory samples (n = 148) biobanked from December 2024 to September 2025 at a single high-volume male
infertility clinic.

Exposure: Image-based flow cytometry and convolutional neural network (CNN) driven image analysis for diagnostic classification.
Main Outcome Measures: Diagnostic reclassification rate of remnant ejaculatory samples initially deemed clinically azoospermic
using CNN-based morphologic assessment and corollary sperm specific protein expression.

Results: Within the 83 azoospermic samples analyzed, 40 samples (48%) were found to have sperm using this high-fidelity diagnostic
platform.

Conclusion: We propose a new classification of sperm concentration, microzoospermia, a sperm concentration so low that only
advanced image-based search technologies can reliably identify ultrarare sperm. (Fertil Steril® 2026;126:28-37. ©2026 by
American Society for Reproductive Medicine.)

El resumen esta disponible en Espafiol al final del articulo.
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he 2024 American Society for
TReproducﬁve Medicine (ASRM)/

American Urological Association
(AUA) male infertility guidelines recom-
mend upfront microtesticular sperm
extraction (mTESE) for men with nonob-
structive azoospermia (NOA) undergoing
surgical sperm retrieval (1). Reported

sperm retrieval rates approach 500
(2-4). Whether one views these chances
glass half-full or glass half-empty, there
remain two needs. First, a means to pre-
dict one’s odds of success before under-
taking the physical, emotional, and
financial burden of this invasive proced-
ure (5). And second, a more reliable and
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timely means to identify ultrarare sperm
in ejaculate and/or mTESE samples.
Efforts to predict mTESE success
are ongoing. At the deoxyribonucleic
acid (DNA) level, researchers are har-
nessing long-read genome sequencing
to detect the presence of sperm-
derived, cell-free DNA in azoospermic
ejaculate supernatants (6). At the ribo-
nucleic acid (RNA) level, unique gene
expression patterns have correlated
with different stages of spermatogen-
esis matching testicular biopsy pathol-
ogies (7). At the protein level, the
expression of AKAP4, ACRV],
ZPBP2, PGK2, and TEX101 in azoo-
spermic  ejaculates has predicted
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successful surgical sperm retrieval (8-10). Although these
emerging noninvasive assays exploring the genomics,
transcriptomics, and proteomics of human spermatogenesis
hold promise, they have yet to reliably enter the clinical
arena. These preliminary studies still mandate further
scientific validation and peer review. Accordingly,
reproductive  urologists rely primarily on clinical
nomograms to predict mTESE success (11).

After an mTESE is performed, trained embryologists
must search for rare sperm. In many cases, they are unable
to find sperm and couples must choose to use donor sperm
or freeze unfertilized ova. To address these low-yield results,
a single US andrology laboratory offers extended sperm
search + microfreeze (ESSM) (12). After receiving mTESE tis-
sue or a double ejaculate, multiple embryologists will pains-
takingly search these samples for over 6-8 hours. If found,
individual sperm are isolated and used either fresh for intra-
cytoplasmic sperm injection (ICSI) or preserved for later use.
Reported recovery rates range from 40% to 449%.

A significant limitation to identifying rare sperm for use in
ICSI is that selection must be nondestructive. Sperm specific
biomarkers (e.g., labeled antibodies) cannot be used. Nor can
traditional DNA fragmentation, chromatin integrity, or aneu-
ploidy assays as these will requisitely damage sperm DNA. Ad-
vances in nondestructive imaging modalities such as RAMAN
spectroscopy and holographic imaging have been investigated
(13, 14). However, these platforms generally provide
population-level information such as DNA fragmentation, pro-
tein oxidation, lipid damage, motility, and morphology, and are
not geared toward rare sperm identification.

Enter artificial intelligence (Al). Ghadya et al. (15) provide a
comprehensive review of the use of Al in male infertility; how-
ever, Al's use for the study of NOA remains limited. Emerging
work has demonstrated its ability to detect rare sperm in disso-
ciated mTESE samples using deep learning (16), machine
learning to predict sperm extraction outcomes in patients with
NOA (17), and use of Convolutional Neural Network (CNN)
driven image analysis to identify rare sperm in mTESE samples
(18). In the lattermost study, CNN-guided sperm search vastly
outperformed trained embryologists in time to sperm identifica-
tion (1,800x faster) with improved recall while maintaining a
similar number of sperm identified (SpermSearchAl). Most
recently, reproductive endocrinologists have reported the first
successful pregnancy using sperm identified by Al-guided im-
age analysis which were then sorted by microfluidics (sperm
tracking and recovery (STAR) system) (19).

Herien, we introduce a novel diagnostic platform that
addresses the challenge of identifying ultrarare sperm in
ejaculate samples. Specifically, we paired high-throughput
imaging cytometry with Al-assisted CNN guided image anal-
ysis to identify ultrarare sperm in ejaculate samples deemed
clinically azoospermic.

MATERIALS AND METHODS
Sample processing, acquisition, and IRB approval
Our CLIA-approved andrology laboratory performs semen an-

alyses following the WHO 6th edition guidelines (20) and pro-
cesses surgically retrieved testicular tissue. If a neat ejaculatory

Fertil Steril®

sample is found without sperm on initial examination, the
sample is centrifuged at 700 g for 10 minutes, the supernatant
is aspirated, and the sample is resuspended in 50 uL of human
tubal fluid media (InvitroCare, Frederick, MD). Four 10 uL ali-
quots are then examined individually, and the number of motile
and immotile sperm is recorded. A sample is deemed azoosper-
mic if no sperm are identified or cryptozoospermic if sperm are
identified.

Surgically retrieved testicular tissue from mTESE samples is
processed as follows. During the operative mTESE procedure,
and before sample transfer to the corresponding in vitro fertil-
ization (IVF) laboratory for ICSI, small representative sections
of each numbered specimen are gently teased apart using two
glass slides and examined under a phase-contrast microscope
by the primary surgeon. No enzymatic digestion or tissue stain-
ing is performed. The presence or absence of mature sperm in
each numbered sample is noted, and this information is
communicated to the collaborating embryologist.

After these clinical analyses are performed, there often ex-
ists a remnant ejaculatory or testicular tissue specimen. If a
sample is deemed of clinical interest, the sample is deidentified
and transferred to our research biobank (IRB H-47408). Bio-
banked samples include either remnant 10 uL aliquots from pel-
leted ejaculatory samples or remnant testicular tissue samples
analyzed during the operative mTESE (which are separate
from the mTESE samples delivered to the collaborating IVF lab-
oratory). This research protocol was deemed to be of minimal
risk and did not require informed consent because all remnant
biobanked samples were deidentified.

Samples were stored at 4 °C or cryopreserved at —196 °C.
Samples deemed clinically azoospermic or cryptozoospermic
were identified from the biobank. Controls included severely
oligospermic (<5 M/mL), oligospermic (>5 M/mL but <15
M/mL), and normospermic (>15 M/mL) samples. Deidenti-
fied clinical data were obtained through chart review. This
study was approved by our institution (IRB H-57730).

Sample preparation

Remnant ejaculatory samples were fixed and permeabilized
(eBioscience Foxp3 / Transcription Factor Buffer Set, Thermo-
Fisher Scientific, Waltham, MA) (21). Samples were stored at
4 °C until batched analyses. Samples were first stained with
DAPI (ThermoFisher Scientific), rat anti-human CD45-PE
(monoclonal YAML504.1, ThermoFisher Scientific)) mouse
anti-human acrosomal vesicle protein 1 (ACRV-1) (monoclonal
01, SinoBiological, Houston, TX), and rabbit anti-human lactate
dehydrogenase C (LDHC) (monoclonal 9F2, ThermoFisher Scien-
tific) (8). Samples were then counterstained with highly cross-
absorbed secondary antibodies: goat anti-rabbit Alexa 488
(ThermoFisher Scientific) and goat anti-mouse Alex647 (Ther-
moFisher Scientific). Control samples were stained without the
primary antibodies or mixed with peripheral blood mononuclear
cells (PBMCs) to confirm antibody specificity. Cryopreserved
testicular tissue was thawed to 37 °C, minced gently, and then
incubated in a phosphate-buffered saline (PBS)/Collagenase
IV Solution (2 mg/mL)/DNasel (20 U/mL) solution at 37 °C for
45 minutes with gentle vortexing (22). The reaction was
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then quenched, the tissue filtered through a cell strainer, fixed/
permeabilized, and stained with the above reagents.

Imaging cytometry

Validation of antibody staining was performed using the Cy-
tek Amnis ImageStream™ Mark" imaging cytometer (8).
Brightfield images of sperm and PBMCs were acquired at
x 60 optical magnification (0.3 um/pixel). Brightfield/fluo-
rescent overlays were created using the 405 nm, 488 nm,
561 nm, and 642 nm laser lines. For high-throughput cyto-
metric image acquisition, we utilized the ThermoFisher At-
tune Cytpix acoustic-focusing cytometer, capable of
imaging 6,000 brightfield events per second at a similar res-
olution of 0.3 um/pixel (248 x 248 pixels). Although this in-
strument does not provide brightfield/fluorescent image
overlays, each imaged event contains corollary fluorescent
data. Samples were grouped by acquisition date to track po-
tential run-to-run variation. Six batched runs were conduct-
ed. Images were exported as 8-bit TIFF files and fluorescence
data as FCS 3.1 files. Images and FCS files were analyzed us-
ing our self-programmed graphical user interface (GUI). All
data were stored securely on a remote BCM server.

Model architecture

A ConvNeXt CNN model pretrained on ImageNet-1k was
used as the base model for image classification (23). The Con-
vNeXt architecture was designed to emulate the higher accu-
racy achievable with large transformer-based models while
maintaining the efficiency of standard CNNs and is well-
suited to the classification of large-scale biomedical image
datasets (24). The classification head was replaced with a
two-unit fully connected layer for binary classification.
The entire network was fine-tuned using cross-entropy loss
and the AdamW optimizer with a cosine-annealing learning
rate schedule and periodic warm restarts on a manually
labeled training dataset selected from the first five batched
runs using an in-house Python-based GUIL

Cross validation and test set validation

Model training and evaluation on the training dataset fol-
lowed five-fold stratified cross-validation. For each fold,
20% of sperm and debris images were reserved as a valida-
tion set, and the remaining 80% formed the training set. To
ensure balanced classes during training, debris images were
randomly subsampled until equal numbers of sperm and
debris were included in the training data. The model was
then trained, and performance was assessed on the corre-
sponding validation set. The process was repeated for five
unique folds to generate nonoverlapping test partitions. A
final model was then trained on all training set images and
assessed using a separate test set comprising images manu-
ally selected and labeled from the sixth batch run.

Comprehensive sperm search and review

All images were classified as sperm or debris by the model.
These classifications were saved to a CSV file along with

the batch run, sample number, and unique image identifier
for tracking and later analysis. To provide an unbiased
assessment of model performance in practice, all images
from azoospermic patients classified as sperm by the model
were manually verified as sperm or debris by three indepen-
dent reviewers, and conflicting annotations were assigned
the label corresponding to the majority vote. Positive events
imaged were confirmed to express the sperm-specific
markers ACRV1 and LDHC using our self-programmed
GUI (Supplemental Fig. 1, available online). Positive predic-
tions in samples from cryptozoospermic and severely oligo-
spermic men were validated by a single reviewer until 100
sperm had been verified or all images in the sample had
been reviewed.

Statistical analyses

Performance of the model during cross-validation and test
set validation was assessed using F1-score, sensitivity, and
specificity. Interrater agreement for the manual review of
positive model predictions in the azoospermic samples was
assessed using Cohen’s Kappa. Equations for the perfor-
mance measures are given in Supplemental Figure 2. All
model training, validation, and testing were performed using
Python version 3.13 with the PyTorch, sklearn, and timm li-
braries (25). Statistical analyses were conducted using the
sklearn and numpy libraries.

RESULTS
Samples identified

From our biobank, we identified 83 azoospermic, 34 crypto-
zoospermic, and 22 severely oligospermic remnant samples.
For model training and validation, we also identified five oli-
gospermic and four normospermic remnant samples. Sam-
ples were identified from December 2024 to September
2025. Presumed etiologies of azoospermia were extracted
from electronic charts.

Verification of staining protocol

To verify our sperm-specific staining protocol for use in im-
aging cytometry, we built upon work by Zhang et al (8) uti-
lizing sperm-specific antibodies targeted to ACRV1 and
LDHC. We mixed a normospermic semen sample with
PBMCs, which served as a negative antigenic control. This
mixed sample was then stained with DAPI (a DNA marker),
ACRV1, LDHC, and CD45 (protein tyrosine phosphatase C,
which is expressed by cells of the hematopoietic lineage)
and imaged using a Cytek Amnis ImageStream™ Mark™ (Im-
ageStream) imaging cytometer. The DAPI was positive in all
cells, ACRV1 was specific to sperm heads, and CD45 was spe-
cific to mononuclear cells (Fig. 1A). The LDHC localized pri-
marily to sperm tails with high expression.

Titration of these antibodies found ACRV1 and LDHC
expression to be specific to sperm when mixed with PBMCs
(Fig. 1B, pink cells CD45 negative, green cells CD45 positive).
Images were acquired at the highest resolution (x 60 magnifica-
tion, 1 x 1 binning) with a median rate of 5.7 + 0.3 images/s.
We then stained representative cryptozoospermic, severely
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Development of a sperm-specific antibody staining protocol for high-throughput imaging cytometry. (A) Conventional imaging cytometry
demonstrates ACRV1 expression on sperm heads and LDHC expression on sperm tails, which were absent on CD45-positive leukocytes.
(B) Fluorescent plots of an experiment in which a normospermic ejaculate sample was mixed with PBMCs. After selecting for nuclei-positive
events (DAPI+, left panel), one can separate CD45+ PBMCs from CD45- sperm (middle panel), and then assess expression of ACRV1 and
LDHC (right panel). Sperm (pink) were ACRV1 and LDHC double positive, and PBMCs (green) were ACRV1 and LDHC double negative.
(C) Expression of ACRV1 and LDHC based on ejaculate sample concentration. LDHC expression appeared consistent regardless of sample
concentration, whereas ACRV1 expression varied. (D) Sample preparation protocol for analysis on the high-throughput imaging cytometer
(top panel). The output data sets of DAPI+ events analyzed included individual raw 8-bit TIFs with matched fluorescent data (bottom panel,
normospermic data set shown). ACRV1 = acrosomal vacuole protein 1; LDHC = lactate dehydrogenase C; PBMCs = peripheral blood

mononuclear cells.

Stocks. Imaging cytometry redefines azoospermia. Fertil Steril 2026.

oligospermic, oligospermic, and normospermic samples vs. an
unstained, no primary antibody control (Fig. 1C) to further
confirm marker specificity across sample type. The ACRV1
expression level varied on the basis of the concentration of
the ejaculate, consistent with previous work (26), but LDHC
expression appeared consistent. With confidence in this stain-
ing protocol, we transitioned to data collection using the
high-throughput imaging cytometry platform.

High throughput imaging cytometry

The Attune Cytpix imaging cytometer uses acoustic waves to
center particles in a single file line, enabling precise acquisi-
tion of fluorescent and imaging data even at high flow rates.
Using the staining protocol described (Fig. 1D), we analyzed
remnant ejaculatory samples from azoospermic (n = 83),
cryptozoospermic (n = 34), and severely oligospermic
(n = 22) men in six batched runs (Supplemental Table 1,
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available online). We also imaged oligospermic (n = 5) and nor-
mospermic (n = 4) controls, which would later serve for model
training and cross-validation. Total images captured were
2,164,907 (azoospermic), 1,023,289 (cryptozoospermic), and
62,0971 (severely oligospermic). Including oligospermic and
normospermic samples, 4,085,172 unique images across 148
samples were collected (Supplemental Table 1). Median images
captured per sample were 30,000 (interquartile range [IQR]
22,883-30,000), which is the upper limit per sample set by
the imaging cytometer. Median rate of image acquisition was
177.5 images/s (IQR 77.9-285.7), representing a 31-fold in-
crease over conventional imaging cytometry. Median individ-
ual sample acquisition time was 150 seconds (IQR 104-283)
and overall median fluorescent cellular event rate per second
was 7,921 (IQR 3,129-38,320).

Before proceeding with data collection, we tested rates
of sample spillover using different washing techniques by
running a normospermic sample followed by an “empty”
water sample. This was important in that we detected a
489 cell event spillover rate when no cleaning protocol
was performed. After testing multiple protocols, we found

that a complete cytometer sanitize with 50% Contrad
cleaner, followed by a complete cytometer sanitize with
water, yielded a potential cell spillover rate of just 0.02%
between a normospermic sample and the subsequent water
sample. Therefore, by employing this safety protocol, any
potential spillover from an azoospermic sample to a subse-
quent azoospermic sample would be obviated.

CNN model training, validation, and predictions

The initial training dataset was comprised of 5,400 images
drawn from the first five runs, encompassing normospermic
controls and from patients across the azoospermia-
oligospermia spectrum (Fig. 2A). Each of the 5,400 images
was manually classified as sperm (n = 1,600) or debris
(n = 3,800) using an in-house GUI. Model architecture is de-
picted in Figure 2B and cross-validation is depicted in
Figure 2C. To evaluate generalizability across potentially
variable acquisition conditions, an additional annotated set
consisting of 6,117 images (1,117 sperm and 5,000 debris)
from the sixth run was prepared for validation (Fig. 2D).
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annotation file for model training is automatically generated. The training set comprises images from the first five runs. (B) ConvNeXt model
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sets. (D) A model trained on all 5,400 training set images is used to classify 6,117 images from Run 6 manually annotated as sperm or debris.
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Predictions of the automated sperm detection model. (A) Log-scale bar plot of total images captured for each sample in men with prior diagnosis
of azoospermia (gray), total images classified as sperm by the model (blue), and total images visually verified as sperm by the three independent
reviewers (purple). Percent of model predictions manually verified as sperm is shown to the right of the corresponding blue bar, whereas total
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expression and search for specific images by ID-number (not shown). (D) Log-scale bar plots of total images (gray), total images classified as
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The ConvNeXt model achieved an F1-score of 0.963 +
0.006, sensitivity of 0.971 + 0.007, and specificity of
0.955 + 0.010 during the fivefold cross-validation on the
initial 5,400-image training dataset. When evaluated using
the 6,117-image test set, the model achieved an F1-socre of
0.874, sensitivity of 0.881, and specificity of 0.970
(Supplemental Fig. 3). The model classified at least one image
as sperm in all azoospermic samples (Fig. 3A). Manual vali-
dation found sperm in 40/83 (48%) of these samples (see
Supplemental Fig. 1 for a full graphical depiction of our
manual validation process). All three reviewers agreed on a
label in 94.3% of the verified images, resulting in pairwise
Cohen’s Kappa ranging from 0.723 to 0.907 between
reviewers. Sperm were identified by the model in all crypto-
zoospermic and severely oligospermic samples; manual vali-
dation confirmed at least one sperm in all 34
cryptozoospermic and all 22 severely oligospermic samples.

CNN training and inference speed

Fine-tuning all weights of the modified ConvNeXt classifier
on the 5,400-image training set required 20.1 minutes of
GPU time, 1.62 GB of VRAM, and 1.72 GB of RAM on average
across the five folds. During inference, the model classified
images at an average rate of 265 images/s, requiring 490
MB vRAM and 2.87 GB RAM. A full sample with the median
of 30,000 images requires 113 seconds of total processing
time to classify.

Corollary mTESE surgical specimen

One clinically azoospermic individual had two unique
remnant ejaculatory samples from which our CNN model
predicted sperm which we confirmed manually via our GUI
(Fig. 4A, example images with corollary ACRV1/LDHC posi-
tivity on the fluorescent plot). During the period assessed,

Run 2 Sample 14: ACRV1 vs LDHC
Qs 4288% :

Ejaculate Right mTESE

Sperm - Model
Predicted

Anatomic (CBAVD, Pituitary, UDT, DSD)
Cancer (chemotherapy and/or radiation)
Genetic (CFTR, MSH5, FSHR)
Karyotype Abnormality

Surgery (latrogenic)

Testicular Mass

Testosterone Therapy

Unknown

Y Microdeletion

Run 3 Sample 20: ACRV1 vs LDHC
ax28.19%

Left nTESE Control TESE

. Sperm - Predicted &
Manually Validated

Presumed Etiology of Azoospermia

I No Sperm Found
[ Sperm Found

T T
4 6 8 10 12

Number of Patients

CNN model predicts sperm in a negative mTESE sample and clinical phenotypes. (A) Representative GUI with manually validated sperm found in an
azoospermic ejaculate sample. (B) This same individual underwent a subsequent bilateral mTESE in which no sperm were identified by the surgeon
or embryologist. The CNN model predictions of right and left mTESE samples with manually validated sperm. (C) Sperm were identified from a
control TESE sample from an individual status after vasectomy. (D) Presumed primary etiologies of azoospermia in samples analyzed. Etiologies of
azoospermia were classified as y-microdeletion, unknown, testosterone therapy, testicular mass, surgery (iatrogenic), karyotype abnormality,
genetic, cancer with exposure to chemotherapy/radiation, or anatomic. Samples with CNN-predicted and manually validated sperm were then

compared (sperm found — blue bars; no sperm found — purple bars).
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VOL. 126 NO. 1/JULY 2026

34 L
escargado para Lucia Angulo (lu.maru26@gmail.com) en National Library of Health and Social Security de ClinicalKey.es por Elsevier en julio 16, 2026.
Para uso personal exclusivamente. No se permiten otros usos sin autorizacion. Copyright ©2026. Elsevier Inc. Todos los derechos reservados.



SEMINAL CONTRIBUTIONS

this individual underwent a bilateral mTESE in which no
sperm were seen by the surgeon or embryologist. From our
biobank, these right and left remnant mTESE tissue speci-
mens were analyzed in triplicate. Our CNN predicted sperm
in both left (1 of 3) and right (2 of 3) replicate tissue samples,
which were confirmed manually by visual morphologic
confirmation and fluorescent expression (Fig. 4B). As a con-
trol, our CNN model also reliably found sperm from a TESE
sample from an individual post vasectomy (Fig. 4C).

Clinical etiologies of azoospermia

We extracted a list of presumed etiologies of azoospermia
from the 83 ejaculate samples analyzed. Of the 67 unique
specimens deemed clinically azoospermic, 37 had manually
validated sperm from the CNN model predictions and 30
did not. We grouped presumed etiologies of azoospermia
into nine categories and compared the “sperm found” and
"no sperm found” groups (Fig. 4D). The presumed etiologies
of azoospermia did not appear to affect whether our CNN
predicted the presence or absence of sperm.

DISCUSSION

We introduce a novel diagnostic platform that pairs high-
throughput imaging cytometry with Al-assisted image analysis
to identify ultrarare sperm in azoospermic samples. We devel-
oped a fluorescent-antibody staining protocol to confirm
expression of sperm-specific proteins on imaged events that ap-
peared morphologically congruent with sperm. We programmed
and cross-validated a CNN model to identify sperm with high
sensitivity and specificity, which were manually validated using
an internally developed GUIL Overall, we report a 48% detection
rate of ultrarare sperm in remnant azoospermic ejaculate sam-
ples and identified sperm from an mTESE sample in which
none were found by the operating surgeon or embryologists.
Key limitations of our dataset warrant consideration.
One, the samples analyzed were remnant specimens
capturing approximately one-fifth of the clinical analyte.
We purposefully utilized our retrospective biobank to opti-
mize analytical throughput. Efforts are currently underway
using a separately approved institutional review board
(IRB) protocol (H-57193) that permits the collection of whole
semen samples for prospective research use after informed
consent. Two, our experimental staining protocol could not
be used for clinical ICSI. Staining for DNA (DAPI) and the
intracellular sperm-specific proteins ACRV-1 and LDHC re-
quires cellular fixation and permeabilization. This staining
protocol was developed to confirm whether an imaged event
morphologically congruent with a mature sperm also ex-
pressed sperm-specific proteins. Three, samples were not
run in technical nor biologic replicate because of the study
design and execution. Four, as with any rare cell analysis,
avoiding cellular spillover between samples will be essential,
especially for future clinical diagnostic use. We took great
care to mitigate this risk in experimental design and acquisi-
tion. Five, the upper limit of image acquisition per sample
was 30,000 events. Exhaustive runs may be needed for com-
plete analysis of prospectively collected samples. Six, this

Fertil Steril®

platform lacks data on sperm motility as only static images
were analyzed. Seven, as the specific imaging cytometer uti-
lized does not sort nor recover individual cells, we could not
assess the reproductive capacity of the identified sperm.

The extremely low sperm concentration in our target
population poses a substantial challenge for training the
CNN classifier. High specificity is paramount, because even
the 95% specificity reached by our model corresponds to
approximately 1,500 false positives for a 30,000-image sam-
ple. Nonetheless, sensitivity must also remain high to detect
the rare sperm in these men. Given the few sperm visible in
azoospermic men, it is also difficult to create a robust
training set for the model, because there are simply not
enough positive events in our population of interest. Conse-
quently, we included normospermic, oligospermic, and cryp-
tozoospermic men to supplement training, although this may
bias the model because of subtle differences in debris compo-
sition and sperm morphology. Image resolution is another
limitation; at only 248 x 248 pixels (0.3 um/pixel), distin-
guishing sperm from debris is often difficult even for human
experts, as reflected by the interreviewer Cohen’s Kappa.
Larger models with deeper architectures can improve classi-
fication performance to a certain degree, but this comes at
the cost of greater inference time required to call an image
as sperm or debris.

Finally, significant validation will be required before the
clinical introduction of our novel diagnostic platform.
Although other state-of-the-art platforms for rare sperm
search are emerging (ESSM, SpermSearchAl, and STAR sys-
tem), their widespread clinical adoption also remains limited.
Direct head-to-head comparisons of these platforms will be
necessary, and significant coordination and collaboration
will be required between research groups.

Looking to the future, high-throughput imaging cytometry
paired with Al-driven image analytics could be extended from
diagnostic to therapeutic use. Newer generations of imaging
flow cytometers now combine real-time, high-speed cell imag-
ing with gentle cell-sorting. One could envision running an un-
touched ejaculate or digested mTESE sample through these
machines, and simply, through image acquisition and recon-
struction (without using any destructive staining protocols),
be sorted for sperm based on morphology alone. Sorted rare
sperm could then be used for ICSI or cryopreserved. Although
significant preclinical testing and validation will be required
before clinical use (including testing of reproductive capacity),
this platform may represent a means to identify and collect ul-
trarare sperm in ejaculate or mTESE samples.

We propose a new sperm concentration, microzoospermia,
a classification falling between true azoospermia and classically
defined cryptozoospermia. We define microzoospermia as “a
sperm concentration so low that even after manual analysis
of a pelleted sample finds no sperm, only advanced imaging-
based search technologies can reliably identify ultrarare
sperm”. Ideally, patients deemed microzoospermic may one
day avoid mTESEs altogether using these emerging technolo-
gies. Future studies will validate the data presented herein
through prospective sample collection, biological and technical
replication, as well as CNN model refinement.
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CONCLUSION

High-throughput imaging cytometry paired with Al-assisted
analysis enabled the identification of ultrarare sperm in clin-
ically azoospermic ejaculate samples. We report a 48% detec-
tion rate and propose “microzoospermia” as a novel sperm
concentration category identifiable only through advanced
imaging and search technologies.
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La citometria de imagen de alto rendimiento combinada con inteligencia artificial identifica espermatozoides ultrarraros en hombres
previamente diagnosticados con azoospermia clinica

Objetivo: Determinar si una nueva plataforma diagndstica, que combina citometria de imagen de alto rendimiento con anélisis de
imagenes asistido por inteligencia artificial (IA), puede identificar espermatozoides ultrarraros en muestras eyaculatorias consideradas
clinicamente azoospérmicas.

Diseno: Revision retrospectiva de cohorte de muestras eyaculatorias remanentes biobancadas procesadas mediante citometria de im-
agen de alto rendimiento y analisis de imagenes asistido por IA.

Sujetos: Muestras eyaculatorias remanentes (n = 148) biobancadas entre diciembre de 2024 y septiembre de 2025 en una clinica de
infertilidad masculina de alto volumen.

Exposicion: Citometria de flujo basada en imdgenes y andlisis de imagenes impulsado por redes neuronales convolucionales (CNN)
para la clasificacion diagnoéstica.

Principales medidas de resultado: Tasa de reclasificacion diagndstica de muestras eyaculatorias remanentes inicialmente consid-
eradas clinicamente azoospérmicas mediante evaluacion morfologica basada en CNN y expresion correlativa de proteinas especificas
de espermatozoides.

Resultados: Entre las 83 muestras azoospérmicas analizadas, se encontraron espermatozoides en 40 muestras (48%) utilizando esta
plataforma diagndstica de alta fidelidad.

Conclusion: Proponemos una nueva clasificacién de concentracién espermética, microzoospermia, definida como una concen-
tracion de espermatozoides tan baja que solo las tecnologias avanzadas de busqueda basadas en imagenes pueden identificar de man-
era confiable espermatozoides ultrarraros.

VOL. 126 NO. 1/JULY 2026 37
Descargado para Lucia Angulo (lu.maru26@gmail.com) en National Library of Health and Social Security de ClinicalKey.es por Elsevier en julio 16, 2026.
Para uso personal exclusivamente. No se permiten otros usos sin autorizacion. Copyright ©2026. Elsevier Inc. Todos los derechos reservados.



	High-throughput imaging cytometry paired with artificial intelligence identifies ultrarare sperm in men previously diagnose ...
	Materials and methods
	Sample processing, acquisition, and IRB approval
	Sample preparation
	Imaging cytometry
	Model architecture
	Cross validation and test set validation
	Comprehensive sperm search and review
	Statistical analyses

	Results
	Samples identified
	Verification of staining protocol
	High throughput imaging cytometry
	CNN model training, validation, and predictions
	CNN training and inference speed
	Corollary mTESE surgical specimen
	Clinical etiologies of azoospermia

	Discussion
	Conclusion
	CRediT Authorship Contribution Statement

	Declaration of Interests
	References


