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Abstract 

Background  Sperm metabolic pathways that generate energy for motility are compartmentalized within the flagel-
lum. Dysfunctions in metabolic compartments, namely mitochondrial respiration and glycolysis, can compromise 
motility and male fertility. Studying these compartments is thus required for fertility treatment. However, it is very 
challenging to capture images of metabolic compartments in motile spermatozoa because the fast beating of the fla-
gellum introduces motion blur. Therefore, most approaches immobilize spermatozoa prior to imaging.

Results  Our findings indicate that immobilizing sperm alters their metabolic profile, highlighting the necessity 
for measuring metabolism in spermatozoa during movement. We achieved this by encapsulating mouse epididymis 
in a hydrogel followed by two-photon fluorescence lifetime imaging microscopy for imaging motile sperm in situ. The 
autofluorescence of endogenous metabolites—FAD, NADH, and NADPH—enabled us to visualize sperm metabolic 
compartments without staining. We trained machine learning for automated image segmentation and generated 
metabolic fingerprints using object-based phasor analysis. We show that metabolic fingerprints of spermatozoa 
and the mitochondrial compartment (1) can distinguish individual males by genetic background, age, or fecundity 
status, (2) correlate with fertility, and (3) change with age likely due to increased oxidative metabolism.

Conclusions  Our approach eliminates the need for sperm immobilization and labeling and captures the native 
state of sperm metabolism. This technique could be adapted for metabolism-based sperm selection for assisted 
reproduction.
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Background
Mammalian spermatozoa compartmentalize metabolic 
reactions into distinct subcellular domains for effi-
cient energy production [1]. Within the sperm flagel-
lum, metabolic compartments are separated spatially 
and biochemically; mitochondrial oxidative phospho-
rylation (OXPHOS) localizes to the proximal segment 
of the flagellum (midpiece), and glycolysis confines to 
the more distal, yet longest flagellar segment (principal 
piece) [2, 3]. Glycolysis breaks down glucose to gener-
ate pyruvate, reduced nicotinamide adenine dinucleotide 
(NADH), and two molecules of adenosine triphosphate 
(ATP). Mitochondria oxidize metabolites, i.e., NADH 
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and pyruvate, to produce additional 34 molecules of ATP. 
Since mitochondria produce the bulk of ATP, it is argued 
that OXPHOS alone can meet spermatozoa’s energy 
demands [4, 5]. This is true for dolphins [6], but mouse 
[7], rat [8], and human sperm [9, 10] rely on glycolysis in 
addition to OXPHOS to successfully move through the 
female reproductive tract and fertilize the egg. Conse-
quently, metabolic dysfunction resulting from mutations 
in mitochondrial DNA [11–17] or in genes coding for 
sperm glycolytic enzymes [18–20] compromise motility 
and male fertility in mice and men. Understanding sperm 
subcellular metabolism is thus necessary for developing 
treatments: (i) to alleviate infertility due to metabolic 
dysfunction and (ii) for controlling fertility by inhibiting 
sperm-specific metabolic enzymes.

Spermatozoa provide a unique model to visualize 
compartmentalized metabolic processes, yet most stud-
ies measure the sperm metabolism using bulk assays. 
For example, magnetic resonance spectroscopy [21] and 
mass spectrometry [22, 23] technologies can catalog tens 
or hundreds of sperm metabolites, respectively. These 
bulk methods provide only averaged information on 
metabolites from all compartments and are thus unable 
to resolve spatiotemporal dynamic changes in metabo-
lite levels or their distribution within the sperm. Imag-
ing metabolites in different subcellular compartments 
of spermatozoa can therefore provide a unique view of 
bioenergetic processes without the limitations of popula-
tion averages. However, metabolic imaging using exog-
enous labels as in fluorescence microscopy suffers from 
non-specific labeling, interference with native metabolic 
processes, and cytotoxicity [24]. To overcome these limi-
tations, we sought to develop a method that: first, does 
not require adding or genetically encoding fluorophores; 
second, can measure compartmentalized metabolic 
pathways in spermatozoa; third, can be combined with 
machine learning tools for fast (semi)automated image 
analysis.

The autofluorescence of the metabolic cofactors: oxi-
dized flavin adenine dinucleotide (FAD), reduced NADH 
and its phosphorylated analogue NADPH enables imag-
ing of metabolism label-free in living cells [25]. The 
nicotinamide ring of NADH absorbs light at 340 (± 30) 
nm and emits fluorescence at 460 (± 50) nm [26]. Since 
NADPH is phosphorylated at a site away from the nico-
tinamide ring, the fluorescence properties of NADPH are 
identical to NADH [27]. As NADH and NADPH cannot 
be distinguished based on autofluorescence, the abbre-
viation NAD(P)H indicates the combined fluorescence 
signal [28]. In general, NAD(P)H within mitochondria is 
primarily bound to enzymes [29], whereas the unbound 
NAD(P)H freely diffuses in the cytosol and nucleus [30]. 
The free (unbound) and bound NAD(P)H were previously 

shown to reflect glycolysis and OXPHOS metabolism, 
respectively [31, 32]. Intensity-based imaging, however, 
cannot distinguish between the free and bound NAD(P)
H due to their minor spectral differences [28]. Instead, 
we took advantage of the difference in fluorescence life-
time to measure the free and bound states. For instance, 
the lifetime of free NAD(P)H is short (~ 0.4 ns); however, 
upon enzymatic binding its lifetime increases to ~ 1.9–
5.7 ns (depending on the enzyme bound) [30, 33]. Fluo-
rescence lifetime is the average time a fluorophore takes 
in the excited state before returning to the ground state. 
Excited state fluorescence lifetime of a fluorophore is 
generally not influenced by fluorophore concentration 
and excitation intensity [34]. Therefore, images based on 
lifetime contrast are more suitable for quantitative analy-
sis compared to fluorescence intensity images and can be 
compared between different systems and samples [35].

There are two strategies to measure fluorescence life-
time: time- and frequency-domain fluorescence lifetime 
imaging microscopy (FLIM) [36–38]. A pulsed or ampli-
tude-modulated laser excites the sample for time- and 
frequency-domain FLIM, respectively. For time-domain, 
the fluorescence decay is measured using time-correlated 
single photon counting detection (TCSPC) or time-gated 
sensors, whereas the frequency-domain FLIM meas-
ures the relative changes in the amplitude and phase of 
the modulated fluorescence. Frequency-domain FLIM 
is implemented on widefield microscopes that are faster 
in acquisition speed but have lower spatial resolution 
compared to laser-scanning microscopes [38]. Although 
frequency-domain FLIM with UV excitation was used 
to measure NADH lifetime [39], images have low signal-
to-noise ratio and are less reliable for lifetime quantifica-
tion. Time-domain FLIM with TCSPC is more accurate 
than frequency-domain [37] and it is compatible with 
multiphoton excitation. This is important because two-
photon (2P) near-infrared excitation FLIM bypasses the 
undesirable effects associated with near UV one-photon 
excitation for NAD(P)H imaging, such as cellular pho-
todamage, photobleaching, and light scattering [40, 41]. 
Despite these advantages, rapid image acquisition is hin-
dered by mechanical scanning and the maximum detec-
tion count rate, which is limited by the single-photon 
counting detectors’ dead-time in TCSPC. Technological 
advances have sought to increase the acquisition speed 
of 2P-FLIM [42]. However, higher acquisition rates might 
affect the accuracy of the NAD(P)H lifetime measured 
[43], suggesting a trade-off between speed and sensitiv-
ity. Recently, light-sheet FLIM was developed for NAD(P)
H imaging [44]. The acquisition speed per frame is faster 
than laser scanning 2P-FLIM, but compared to TCSPC, 
the detector array in light-sheet FLIM introduces arti-
facts that need correcting to ensure accuracy in lifetime 



Page 3 of 19Kusari et al. BMC Biology           (2025) 23:85 	

measurement [44]. While each method has both pros 
and cons, we chose 2P-FLIM with TCSPC for NAD(P)H 
imaging due to its high sensitivity, resolution, as well as 
low overall photo- and cytotoxicity.

Recent advances in image analysis using machine learn-
ing have surpassed human-level performance at image 
segmentation, revolutionizing the field of quantitative 
microscopy [45]. This makes machine learning a promis-
ing tool for automating tasks that previously could only 
be done by experts. We thus took advantage of machine 
learning for fast and precise segmentation of sperm sub-
cellular structures from FLIM images.

Here, we introduce a 2P-FLIM-based framework for 
mapping the spatial distribution of endogenous metabo-
lites within individual motile spermatozoa with subcel-
lular resolution. We combined 2P-FLIM with machine 
learning and object-based phasor analysis [46] to gener-
ate sperm (sub)cellular metabolic fingerprints for mice of 
different genetic backgrounds, age, and fertility status.

Results and discussion
2P‑FLIM reveals changes in NAD(P)H lifetimes within sperm 
induced by immobilization
Our method utilizes 2P-FLIM for imaging endogenous 
metabolites of sperm at the single-cell and subcellular 
levels. We chose 2P-FLIM because it is gentle to biologi-
cal samples, uses endogenous contrast and provides high 
spatiotemporal resolution. 2P-FLIM was previously used 
to image NAD(P)H and FAD metabolites of immobile 
invertebrate spermatozoa [47, 48], and one-photon exci-
tation FLIM was used for FAD imaging of immobilized 
human sperm [49]. The intracellular levels of FAD are 
lower compared to NAD(P)H, suggesting that FAD alone 
may not be a reliable metabolic marker [28, 50]. On the 
other hand, NAD(P)H alone has been previously utilized 
to monitor cellular metabolic changes [50–53]. However, 
the usage of 2P-FLIM for NAD(P)H imaging in mamma-
lian sperm has not been demonstrated yet.

Imaging freely moving spermatozoa is technically 
challenging for two reasons: first, human [54], bull [55], 
rat, and mouse sperm swim near surfaces with circular 
or curvilinear trajectories [56]. As a result, parts of the 
flagellum are outside the focus plane of the microscope 
during live imaging. It is thus difficult to obtain the entire 
head and flagellum in one temporal frame. Second, sper-
matozoa swim very fast. In 1  s, the house mouse (Mus 
musculus, M. m.) sperm swim over an average distance 
of 105 μm [57]. Conventional NAD(P)H imaging by 
2P-FLIM lacks the temporal resolution to capture sperm 
swimming. Although recent FLIM set-ups can acquire up 
to 25 frames per second (fps) [43], they are still too slow 
to capture mouse sperm swimming that requires about 
50 fps [57]. To address the challenges of imaging motile 

sperm, we first tested immobilization of mouse sperm 
between coverslips in 1% LMPA. Immobilized spermato-
zoa were then imaged at 740 nm excitation to acquire the 
fluorescence intensity and lifetime of NAD(P)H (Fig. 1A). 
We noted that not all sperm compartments contributed 
equally to the signal. Mitochondria, found exclusively 
in the sperm midpiece, displayed a higher fluorescence 
intensity of NAD(P)H than the head and flagellar prin-
cipal piece, both of which lack mitochondria (Fig.  1A). 
This is not surprising, since mitochondrial enzymes in 
the midpiece use NAD(P)H as cofactors. However, we 
observed an unexpected distribution of NAD(P)H life-
times in subcellular compartments of immobilized sperm 
(Fig. 1A). Specifically, the lifetime of NAD(P)H in sperm 
mitochondria was shorter, indicating a higher ratio of 
free NAD(P)H, which is typically associated with gly-
colysis. On the other hand, the sperm head and principal 
piece compartments displayed longer NAD(P)H lifetimes 
(Fig. 1A), suggesting a higher ratio of bound NAD(P)H, 
typically found in mitochondria. This atypical metabolic 
profile within sperm compartments is also illustrated in 
phasor plots (Fig. 1B, C) that display NAD(P)H lifetimes 
graphically into a 2D coordinate plot (see “Methods”) 
through object-based phasor analysis [58]. Contrary to 
NAD(P)H, FAD has a short lifetime when protein-bound, 
but a longer lifetime when it is free [59]. Both forms 
localize to mitochondria, as FAD serves exclusively as a 
cofactor for mitochondrial enzymes and it is not involved 
in glycolysis. We reasoned that 2P-FLIM measurements 
for FAD would be easier to interpret given that only 
mitochondria in the midpiece would fluoresce. To test 
this, we imaged FAD at 900  nm excitation in the same 
immobilized spermatozoa as for NAD(P)H. Although the 
intensity of FAD was brighter in midpiece compared to 
the head and principal piece (Fig.  1D), nearly identical 
lifetimes for FAD were observed within sperm compart-
ments (Fig. 1E, F). While similar observations were made 
for immobilized human sperm [49], the fluorescence 
intensity and lifetime of FAD emanating from the head 
and principal piece was unexpected since both compart-
ments lack mitochondria and rely on glycolysis. Such 
findings for NAD(P)H and FAD lifetimes contradict the 
conventional understanding of sperm metabolic com-
partments [60–62] and raise the possibility that our sam-
ple preparation or imaging set-up might influence the 
obtained data. To test the accuracy of the imaging set-
up, we measured both free and bound NADH (NADH 
bound to LDH) [46] in solution. Our 2P-FLIM set-up 
distinguished between the free and bound-NADH (Addi-
tional file 1: Fig. S1), as shown by their distinct positions 
in the phasor plot, corresponding to their known life-
times. These results rule out any imaging inaccuracies 
and suggest that sperm immobilization on coverslips 
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during sample preparation could skew the metabolic pro-
file, possibly leading to unreliable results. We therefore 
sought to develop a sample preparation technique that 
does not require immobilization of spermatozoa to avoid 
perturbation of metabolic compartments.

NAD(P)H and FAD imaging using 2P‑FLIM captures 
the native metabolism of motile sperm in situ
Since spermatozoa are normally confined in intact 
organs, we reasoned that live imaging of sperm in tissues 
might overcome the challenges when imaging these cells 
in suspension or immobilized on coverslips. In addition, 
the lack of imaging data on mammalian sperm metabo-
lism within the native tissue environment further encour-
aged us to design a workflow for metabolic imaging of 
motile spermatozoa in situ (Additional file 2: Fig. S2).

In mammals, sperm acquire motility and fertiliz-
ing ability in the caudal (distal) part of the epididymis 
[63]. For this reason, cauda epididymis was selected as 
a model system for imaging. As model organisms we 
used house mice because of their similarity to humans 
in physiology and pathology [64]. To prepare the sam-
ple, freshly excised cauda epididymis was immersed in 
1% LMPA hydrogel (see “Methods”). LMPA was chosen 

to encapsulate the sample in hydrogel to gently immo-
bilize the tissue. Further, LMPA hydrogel encapsulation 
is rapid, inexpensive, has good optical properties, and 
is often used for imaging biological samples, i.e., mouse 
ovaries [65] and zebrafish embryos [66]. Next, samples 
were loaded onto a microscope stage and images of 
motile spermatozoa were acquired from ex vivo cauda 
epididymis (Fig. 2A).

The autofluorescence of NAD(P)H allowed us to visu-
alize living motile spermatozoa within cauda epididymis 
(Fig.  2A). Similar to immobilized sperm (Fig.  1A), the 
fluorescence intensity of NAD(P)H in the midpiece was 
brighter than in the heads and flagellar principal pieces 
both of which exhibited weaker NAD(P)H fluorescence 
intensity (Fig. 2A). In contrast to immobilized sperm, the 
lifetime of NAD(P)H in motile sperm was shorter in the 
head and principal piece compartments, but longer in 
mitochondria (Fig.  2B, C). Such compartmentalization 
of NAD(P)H in motile spermatozoa aligns with previous 
studies suggesting that glycolysis associated with higher 
fraction of the free NAD(P)H prevails both in the prin-
cipal piece and the sperm head, and OXPHOS, indicated 
by higher fraction of bound NAD(P)H, occurs in the 
mitochondrial midpiece [60–62].

Fig. 1  2P-FLIM of immobilized sperm reveals atypical lifetimes for NAD(P)H and FAD within metabolic compartments. A Representative image 
of the fluorescence intensity (left) and lifetime (right) of NAD(P)H in immobilized sperm. Mitochondria in the midpiece showed increased intensity 
(indicative of higher NAD(P)H levels) compared to the dimmer head and flagellar principal piece. The excited state lifetime information is encoded 
into RGB-based FLIM images as a lookup table, with blue indicating short and red long average arrival times of photons after excitation. Note 
that mitochondria in the midpiece display shorter lifetimes of NAD(P)H, whereas the head and flagellar principal piece display longer lifetimes 
of NAD(P)H. B Object-based phasor plot of NAD(P)H and C the detailed view of individual points illustrate the metabolic state of individual 
immobilized spermatozoa and subcellular compartments including the midpiece, head, and principal piece. Means depicted as empty geometric 
shapes are plotted in the graph along the data points of individual sperm cells and subcellular compartments (filled shapes). D Representative 
images of the fluorescence intensity and lifetime of FAD. E Object-based phasor plot of FAD and F the detail view of individual points 
of immobilized spermatozoa and subcellular compartments including the midpiece, head, and principal piece. Scale bar, 20 μm
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We next imaged FAD within motile spermatozoa 
in  situ using 2P-FLIM. As expected, the intensity and 
lifetime of FAD was restricted to the midpiece, whereas 
the head and principal pieces were dim (Additional file 3: 
Fig. S3). In contrast to immobilized sperm, FAD imaging 
in motile sperm accurately reflects its role in mitochon-
drial metabolism. Although NAD(P)H and FAD are often 
used together for metabolic imaging [32], sperm move-
ment during imaging prevented simultaneous acquisition 
of NAD(P)H and FAD for the same motile spermatozoa 
using dual wavelength excitation. Although it is pos-
sible to image simultaneously NAD(P)H and FAD with 
single wavelength excitation [67], this approach requires 
specialized emission filters and leads to lower signal-
to-noise ratio due to suboptimal excitation wavelength 
for both cofactors. We therefore focused on NAD(P)H 
imaging for quantitative analysis for two reasons. First, 
NAD(P)H lifetimes provide quantitative measurements 
of each metabolic compartment in individual sperma-
tozoa, whereas FAD only yields quantitative readouts 

of sperm mitochondrial metabolism. Second, because 
NAD(P)H levels were higher than FAD, lower excitation 
power was needed for imaging, which helped maintain 
sample viability.

To compare the metabolic states in immobilized and 
motile sperm, we segmented manually individual sperm 
and subcellular compartments from FLIM images and 
conducted object-based phasor analysis. The resulting 
phasor plots distinguished the metabolic states between 
motile and immobilized sperm (Additional file 4: Fig. S4). 
The mean g phasor values for mitochondrial midpiece 
(probability counted using linear model (lm) P = 0.003 ), 
head ( P = 0.045, lm) and principal piece ( P = 0.032, lm) 
compartments differed between motile and immobilized 
states, as well as for single spermatozoa ( P = 0.037, lm ). 
This comparative analysis confirmed that immobi-
lizing sperm with coverslips significantly alters their 
metabolic profile. Our findings raise concerns on the reli-
ability of metabolic imaging data obtained from immo-
bilized sperm, which may not faithfully capture all the 

Fig. 2  In situ 2P-FLIM NAD(P)H imaging unveils the native metabolic state of motile spermatozoa. A Greyscale image of NAD(P)H fluorescence 
intensity signals (left) and color-coded image of NAD(P)H fluorescence lifetimes (right). Note the increased cellular autofluorescence 
in the mitochondria-rich midpiece in both images, as well as in the zoom insets displaying the spermatozoon. B Object-based phasor plot and C 
the individual points display the metabolic states of motile spermatozoa and subcellular compartments including the midpiece, head, and principal 
piece. H, head; M, midpiece; P, principal piece. Scale bar, 20 μm
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metabolic features. By introducing a new sample prepa-
ration method that involves hydrogel encapsulation of 
cauda epididymis we avoid sperm immobilization prior 
to imaging. NAD(P)H and FAD lifetimes can be thus 
imaged in motile sperm. In sum, we directly visualize 
for the first time that NAD(P)H is compartmentalized 
in motile mouse spermatozoa, with levels that vary in 
subcellular domains and exist in both free and protein-
bound form—as previously observed for oocytes [65], 
embryos [68], somatic cells [52, 69], and stem cells [70].

Automated segmentation of sperm compartments 
from FLIM images using deep learning
The quantitative analysis of FLIM images requires seg-
mentation of individual sperm cells and subcellular 
compartments in order to extract object-based lifetime 
information. Since manual segmentation is both labor 
and time-consuming, we implemented a machine-learn-
ing algorithm based on U-Net [71] for automated seg-
mentation of sperm structures from FLIM images. First, 
FLIM images were manually annotated (see Methods); 
segmentation of bright and clearly delineated structures 
such as mitochondria in the midpiece was straightfor-
ward (Fig. 3A). Subcellular structures displaying reduced 
fluorescence intensity, i.e., sperm heads and principal 
pieces, proved more challenging. Adjusting the bright-
ness of FLIM images allowed us to identify sperm head 
boundaries and facilitated segmentation (Fig. 3C). Sperm 
motility induced sample motion during image acquisi-
tion and rendered principal pieces in proximity and thus 

difficult to discriminate unambiguously. For this reason, 
we did not automatically segment principal pieces from 
FLIM images. By making our data available, we anticipate 
that future work will aid in their segmentation.

To assess the quality of the segmentation, we com-
pared the performance of our U-Net to manually labeled 
ground truth using a test set of FLIM sperm images, 
which were used neither for training nor for validation. 
In comparison to the ground truth, our model achieved 
an accuracy of 92.8 ± 0.09, recall 71.2 ± 0.59, precision 
80.90 ± 0.66 and F1-score 75.7 ± 0.34 for both midpiece 
and head segmentation. Next, we carried downstream 
analysis of the resulting segmented images for further 
testing of our U-Net (Fig. 3B, C) using phasor analysis as 
above [58]. Object-based phasor coordinates, g ( x ) and 
s ( y ) derived from the FLIM data were then plotted to 
generate fingerprints for all segmented objects (Fig.  3B, 
C). We found that phasor fingerprints of automatically 
segmented midpieces and heads overlapped well with 
the ground truth. The g coordinate values were compa-
rable and statistically insignificant between automated 
and manually segmented midpieces ( P = 0.97, Wilcoxon 
test) and sperm heads ( P = 0.202, lm). Thus, our auto-
mated model is well trained and on par with manual 
segmentation.

Sperm and midpiece NAD(P)H metabolic fingerprints 
distinguish mouse strains from two subspecies
Once we established 2P-FLIM acquisition, FLIM image 
segmentation and object-based phasor analysis of sperm 

Fig. 3  U-Net segmentation is on par with manual segmentation. A An input FLIM image is used to segment: B midpiece and C head structures. 
Segmentation was performed manually and automatically by U-Net, respectively. Object-based phasor fingerprints were generated to compare 
the performance of U-Net to manual segmentation. In total, 2123 manual and 2437 U-Net segmented midpieces were compared. In the case 
of sperm heads, 1136 manual and 1037 U-Net generated objects were compared. As shown in phasor graphs, fingerprints of midpiece, and head 
objects overlapped well for both manual and U-Net segmentation. Means (empty triangles and circles) are plotted in the graphs along the data 
points of individual cells or objects (dots). Scale bar, 20 μm
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NAD(P)H lifetimes, we then tested the performance of 
this workflow for metabolic fingerprinting of spermato-
zoa through several experiments. In Mus species, sper-
matozoa are metabolically heterogeneous [72, 73]. Males 
that produce more metabolically active, and thus faster 
sperm are more likely to fertilize the egg [74]. Metabolic 
heterogeneity in sperm is thus physiologically important, 
but whether differences in sperm metabolism are exclu-
sive to the Mus species or represent the norm remains 
unclear. M. m. subspecies vary in sperm traits, i.e., count, 
size, and motility [75], but metabolic differences have not 
been documented. To fill this gap, we generated sperm 
metabolic profiles of wild-type mouse subspecies using 
our workflow (Additional file 2: Fig. S2). For this first set 
of experiments, we imaged NAD(P)H within sperm of 
three strains from two closely related house mouse sub-
species: PWD/Ph (henceforth PWD, M. m. musculus), 
C3H/N (C3H) and C57BL/6J (B6;  both M. m. domesti-
cus) (Fig.  4A). As expected, the autofluorescence signal 
was  derived mostly from mitochondria in the midpiece 
region, while a weaker NAD(P)H signal was observed in 
the head and principal piece compartments of all strains 
(Additional file  5: Fig. S5A). We then generated single-
cell (by manual segmentation) and subcellular (midpiece 
and head automatically; principal piece manually) phasor 
fingerprints (Figs.  4B, C, Additional file  5: S5B, C). We 
observed metabolic clusters specific to each of the three 
mouse strains on plots depicting sperm and midpiece 
fingerprints (Fig.  4B, C). The mean phasor g values of 
spermatozoa differed significantly between PWD and B6 
mice ( Padj. = 0.006, lm, Tukey’s method), but not between 
PWD versus C3H, and C3H vs. B6 (both Padj. ≥ 0.05). 
Midpiece phasor g values differed for all mouse strains 
including PWD vs. C3H ( Padj. = 0.034), PWD vs. B6 
( Padj. < 0.001 ) and B6 vs. C3H ( Padj. = 0.001) (Fig. 4B, C). 
When sperm head g values were compared, there were 
no differences between the strains (all Padj. ≥ 0.05, Addi-
tional file 5: Fig. S5B, C). The same was true for principal 
piece fingerprints (all Padj. ≥ 0.1). Therefore, mitochon-
drial OXPHOS, but not glycolysis, was the main source 
of heterogeneity in sperm metabolic signatures among 
these three strains.

Single‑sperm and midpiece metabolic profiles correlate 
with male fertility
In vertebrates, males with faster-swimming spermato-
zoa achieve higher fertilization  rates [76] and sire more 
offspring [77]. As faster spermatozoa require more ATP, 
selection should in theory favor adaptations that result 
in higher sperm energy metabolism. Indeed, in both 
non-mammalian and mammalian vertebrates the sperm 
midpiece is under strong selection and evolves rapidly 
compared to the principal piece [78]. This may explain 

why we observe heterogeneity in OXPHOS, but not gly-
colysis in mouse strains. Based on this, we hypothesized 
that males with higher sperm metabolism, specifically 
OXPHOS, might be more fertile. This does not imply 
that glycolysis in the principal piece is irrelevant for male 
fertility, but rather that we focused on mitochondrial 
OXPHOS as it evolves rapidly, was heterogeneous in 
males, and yields more ATP.

Sperm motility, morphology, and count are used as 
surrogate markers of male fertility. Studies suggest that 
these parameters are not sufficient; hence, the average lit-
ter size sired by males needs to be taken into account, for 
example, when testing the effects of new drugs on male 
fecundity [79]. For this reason, we used the offspring 
number (litter size) sired by males as a more reliable 
marker of male fertility. We then addressed the ques-
tion of whether potential correlations exist between the 
mean sperm metabolic profiles and the mean litter size 
(Fig.  4D). Notably, there was a strong inverse correla-
tion between sperm phasor g values (Pearson’s correla-
tion r = − 0.71, P=0.01) and the litter size, suggesting that 
spermatozoa with lower g values (and increased bound 
NAD(P)H) had higher fertilizing ability. A similar cor-
relation was obtained between midpiece g values and 
the litter size (Fig. 4D), indicating that increased bound 
NAD(P)H, and thus higher mitochondrial activity, might 
be advantageous for male fertility. Our data suggests that 
sperm NAD(P)H metabolism may influence fertiliza-
tion success, which could be used for selecting sperm to 
potentially increase in vitro fertilization rates. Given that 
sperm selection in the female reproductive tract is a mul-
tistep process [80, 81], it is unlikely that a single marker 
can accurately predict fertilization success. Traditional 
markers such as sperm count, morphology, and motil-
ity often fall short in predicting fertilization success, as 
evidenced by in vitro fertilization failures despite sperm 
selection based on these markers [80, 81]. A combined 
approach using several markers, including metabolic fin-
gerprints, may predict more accurately the fertilization 
ability of sperm. Future studies should investigate how 
sperm metabolism influences fertilization success, either 
directly or by boosting sperm swimming speed.

Sperm metabolic fingerprints can differentiate fertile 
and subfertile mice
The observed correlation between male fertility and the 
OXPHOS compartment (Fig.  4D) predicts that sperm 
with decreased mitochondrial activity, motility (asthe-
nospermia) and fertility would exhibit different meta-
bolic signatures compared to normal motile sperm. To 
test this hypothesis, we compared metabolic fingerprints 
of normospermic fertile and asthenospermic subfertile 
mice. For this feasibility study, we used F1 male offspring 
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from crosses between B6 females and PWD males as a 
subfertile mouse model. Unlike their PWD fathers, (B6 × 
PWD)F1 hybrids (hereafter, B6PF1) are asthenospermic 
and this coincides with decreased mitochondrial activity 

due to malformations in the mitochondrial sheath [82]. 
Using FLIM, we imaged NAD(P)H of spermatozoa in situ 
(Figs. 5A & Additional file 6: Fig. S6A). After manual cell 
segmentation, single sperm fingerprints were generated 

Fig. 4  Object-based phasor metabolic fingerprints distinguish sperm midpieces of three mouse strains. A Representative FLIM images of PWD (M. 
m. musculus), B6 and C3H (M. m. domesticus) depicting whole sperm cells and U-Net-segmented midpiece subcellular compartments, respectively. 
Metabolic fingerprints in B and C are different for each strain at the single-cell and subcellular midpiece levels. Sperm phasor fingerprints of PWD 
(2 males, 149 cells), B6 (3 males, 207 cells), and C3H (6 males, 632 cells) were generated manually. U-Net segmented midpieces of PWD (2 males, 
1426 objects), B6 (3 males, 1646 objects), and C3H (6 males, 3208 objects) strains. D Phasor g values of sperm and midpiece fingerprints correlated 
significantly with male’s reproductive success given as litter size. Every filled circle represents the mean value for one male, color-coded by strain 
as the single sperm cell and midpiece values above
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using phasor analysis (Fig.  5B, C). We observed two 
separate clusters of individual sperm values on the pha-
sor plot, indicating distinct metabolic profiles of B6PF1 
and PWD sperm cells. The g coordinate values of sin-
gle sperm differed between B6PF1 and PWD mice ( P = 
0.045, generalized least squares [gls]). To investigate 
whether these differential cellular metabolic signatures 
reflect differences in mitochondrial metabolism, we used 
our automated network to segment mitochondria and 
generated phasor fingerprints. Sperm mitochondria of 
B6PF1 subfertile mice were separated in the phasor plot 
and showed a different metabolic state ( P = 0.002, lm) 
compared to PWD fertile controls (Fig.  5B, C). There 

were no significant differences in the head and principal 
piece metabolic profiles between these two mouse geno-
types (Additional file 6: Fig. S6B, C).

We previously reported that B6PF1 had ~ 63% increase 
in midpiece malformations compared to PWD controls 
[82], likely contributing to the observed differences in 
OXPHOS metabolism. However, not all B6PF1 sperm 
are malformed. Some exhibit normal morphology, 
motility [82], and can fertilize eggs in  vivo [83], sug-
gesting phenotypic similarities with PWD. To test this 
in the context of metabolism, we calculated the over-
lap in g values between the PWD and B6PF1 midpieces 
by setting a threshold based on each group’s mean and 

Fig. 5  Metabolic fingerprints of spermatozoa and midpieces differed between fertile and subfertile males. A Representative FLIM images of sperm 
cells and midpiece mitochondrial compartments. Object-based phasor fingerprints B and C show two distinct clusters corresponding to PWD 
(fertile) and B6PF1 (subfertile) males. Sperm phasor fingerprints of PWD (4 males, 107 cells) and B6PF1 (2 males, 91 cells) were generated manually. 
U-Net segmented midpieces of PWD (4 males, 1016 objects) and B6PF1 (2 males, 957 objects) automatically. See Additional file 6: Fig. S6 for head 
and principal piece fingerprints. Scale bar, 20 μm
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standard deviation. Indeed, 41.5% of g values overlapped 
(Additional file 7: Fig. S7), suggesting that around 40% of 
B6PF1 spermatozoa share similar OXPHOS profiles with 
PWD controls, while the rest (~ 60%) differ. Although 
the overlap percentage changes depending on threshold, 
this analysis suggested metabolic similarities between 
some B6PF1 and PWD sperm. Overall, our method 
based on NAD(P)H autofluorescence lifetime effectively 
captures both metabolic differences and similarities, 
likely reflecting the metabolic quality of sperm.

Young and old males differ in metabolic fingerprints 
of spermatozoa
While mitochondria produce ATP and maintain energy 
homeostasis, they also generate reactive oxygen species 
(ROS) as a by-product of normal aerobic metabolism. 
Increased mitochondrial ROS production, e.g., during 
aging, causes oxidative damage to nucleic acids, lipids, 
and proteins [84]. Mitochondrial dysfunction and oxida-
tive stress are thus implicated in aging of soma [85] and 
gametes [86]. Spermatozoa are more susceptible to oxi-
dative damage than somatic cells, which upregulate anti-
oxidant gene expression to counteract ROS [87]. Mature 
spermatozoa have compacted chromatin and thus lack 
transcription and DNA repair proteins, which render 
them defenseless against ROS. Moreover, spermatozoa’s 
high demand for ATP results in exposure to ROS over 
time, inflicting DNA damage that is likely to accumulate 
without repair [88, 89]. Indeed, studies report of oxida-
tive damage in aged mouse [90, 91] and human sperm 
[92, 93], as well as mitochondrial metabolite changes in 
turkey sperm with aging [94]. Motivated by these studies, 
we investigated the impact of aging on the mouse sperm 
metabolism using our FLIM workflow. We generated 
sperm metabolic signatures in young adult (~ 4 months) 
and old (~ 18 months) PWD mice. We observed a shift of 
single spermatozoa in the phasor plot with age (Fig. 6A, 
B), closer to the bound NAD(P)H (that is, oxidative 
metabolism). This shift and decrease in the mean g value 
of old mouse spermatozoa when compared to the young 
ones ( P = 0.024, lm) was at the expense of the midpiece 
( P = 0.032, lm) and head ( P = 0.0167, lm) compartments 
(Figs.  6A and Additional file  8: Fig. S8A). However, this 
was not accompanied by any changes in the principal 
piece ( P = 0.41) (Additional file 8: Fig. S8A, B), suggest-
ing that glycolysis was unaffected by age. If it holds true 
that old mouse  spermatozoa have increased oxidative 
stress compared to younger ones, we should be able to 
recapitulate age-related metabolic profiles by exposing 
sperm to increased ROS levels, e.g., by adding H2O2. As 
expected, treatment with H2O2 shifted young sperm into 
a state of oxidative stress, such that their phasor posi-
tion was closer to the bound NAD(P)H concomitant with 

a significant decrease in the g value when compared to 
control sperm ( P = 0.02, gls) (Fig. 6C, D). There were no 
changes detected in the head ( P = 0.686, gls) and prin-
cipal piece ( P = 0.324, gls) (Additional file  8: Fig. S8A, 
B), implying that midpiece mitochondrial changes (P = 
0.0147, gls) account for the observed oxidative shift 
(Fig. 6C, D).

Glycolysis inhibition increases oxidative damage in 
ram sperm [95], presumably by enhancing OXPHOS and 
mitochondrial ROS generation. Based on this observa-
tion, we tested whether glycolysis inhibitors, such as 
2-DG, increase oxidative stress in mouse spermatozoa. 
Similar to H2O2 treatment, 2-DG significantly decreased 
the mean g value of sperm metabolism ( P = 0.005, lm) 
including mitochondria ( P = 0.001, lm), as a result of 
increased bound NAD(P)H and OXPHOS (Additional 
file  9: Fig. S9). Thus, the acute exposure to oxidative 
stress generated by H2O2 or 2-DG shifted the mouse 
sperm metabolism to an aging-like phenotype.

Conclusions
By combining hydrogel encapsulation of cauda 
epididymis, 2P-FLIM, automated image segmentation, 
and object-based phasor analysis, we developed a new 
tool for label-free NAD(P)H imaging of living motile 
spermatozoa with subcellular resolution. Our approach 
offers several advantages over current state-of-the-art 
metabolic assays. First, our sample preparation avoids 
the need for metabolite extraction, which is both slow 
and invasive. Second, we use label-free contrast to cap-
ture metabolic information, and thus bypass the limita-
tions that come with fluorescent dyes, i.e., specificity, 
impermeability, and toxicity. This is particularly impor-
tant for clinical application, where fluorescent labeling 
of spermatozoa is not allowed. Third, we eased the bur-
den of image segmentation by training U-Net to segment 
sperm metabolic compartments. Our trained U-Net seg-
mented automatically 17,326 midpieces and 8930 heads. 
This approach is computationally fast, performs hours 
of human work in minutes, and increases throughput 
for statistics. Fourth, quantitation of metabolite(s) life-
time within individual sperm cells and subcellular com-
partments can unveil metabolic heterogeneity in sperm 
populations of physiological and pathological states, such 
as infertility. Our approach could be further developed 
into a method that allows for selection of spermatozoa 
for assisted reproduction based on metabolic parameters. 
For clinical translation, future work should test high-
speed FLIM technologies for NAD(P)H imaging in freely 
moving sperm. Since the flagellum of human spermato-
zoa beats around 20 times/s [96], laser multiplexing [97] 
combined with 2P-FLIM acquisition at 25 fps [43] could 
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Fig. 6  Sperm and midpiece object-based phasor fingerprints detected an increase in OXPHOS metabolism with age. Phasor fingerprints A and B 
of PWD spermatozoa from old males are shifted toward bound NAD(P)H when compared to young males. Sperm cells from old (3 males, 102 cells) 
and young (3 males, 45 cells) males were generated manually. Midpieces from old (3 males, 1040 objects) and young (3 males, 1003 objects) mice 
were segmented using U-Net automatically. See Additional file 8: Fig. S8 for head and principal piece metabolic fingerprints. Object-based phasor 
plots in C and D depict spermatozoa treated with 50 μM H2O2 and untreated controls. Sperm cells from H2O2-treated (2 males, 46 cells) and control 
(2 males, 43 cells) males were generated manually. Midpieces from H2O2-treated (2 males, 945 objects) and control (2 males, 949 objects) sperm 
were segmented using U-Net automatically. Treatment of sperm from young males with H2O2 resulted in a phasor shift toward bound NAD(P)H, 
indicating increased OXPHOS metabolism. The treatment of sperm with 2-DG also induced an increase in OXPHOS activity (Additional file 9: Fig. S9)
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potentially capture the metabolism of human sperm in 
suspension. Alternatively, spermatozoa could be encap-
sulated in a biosynthetic gel that mimics the shape of 
cauda epididymis to resemble our approach.

Methods
Mouse work
Animal experiments complied with the Czech Repub-
lic Act for Experimental Work with Animals (Decree 
419/2012, Laws 246/1992 and 501/2020) and Europian 
Union Council Directives including 2010/63/EU.

The wild-derived PWD/Ph mouse strain of M. m. mus-
culus lineage was described in [98]; the C57BL/6J (B6) 
strain of M. m. domesticus lineage was purchased from 
The Jackson Laboratory (Stock no. 000664) and C3H/N 
(M. m. domesticus) from Velaz, Czech Republic. All 
strains were inbred and housed in the Animal Facility of 
the Institute of Molecular Genetics in Prague. Mice were 
euthanized by cervical dislocation followed by diaphragm 
incision.

In vivo fertility assay
In vitro fertilization bypasses the natural barriers of 
sperm selection that take place inside the female repro-
ductive tract [80, 81]. To avoid this, we tested male fer-
tility under in vivo conditions. Fertility of wild-type male 
mice of different strains including PWD, B6, and C3H 
was tested in three mating experiments (2–5 males/
strain/experiment). Each male (10–30  weeks old) was 
caged with two wild-type females (10–30  weeks old) of 
the same strain where possible; otherwise, B6 females 
were used. As soon as the dams had delivered, the num-
ber of pups was counted to exclude the effect of prewean-
ing loss. The average litter size was calculated by dividing 
the number of pups recorded for each litter by the num-
ber of litters produced. The average litter size calculated 
from three independent experiments per male/ strain 
was used for correlation analysis.

Sperm immobilization prior to imaging
Spermatozoa from PWD males were isolated from cauda 
epididymides in a 35-mm Petri dish containing 2  ml of 
Hank’s balanced salt solution (HBSS, recipe below) heated 
to 37◦C . Aliquots of spermatozoa (~ 10,000 cells) were 
pippetted onto coverslips (18 mm diameter) coated with 
1% low melting point agarose (LMPA, Promega) in HBSS. 
An additional (uncoated) coverslip was added on top. This 
method of sandwiching spermatozoa between LMPA-
coated coverslip (at the bottom) and uncoated coverslip 

(at the top) minimized the movement of spermatozoa and 
allowed imaging using the set-up described below.

Hydrogel sample preparation
Epididymides were dissected and placed in a 35-mm Petri 
dish containing 2  ml HBSS (136  mM NaCl, 5  mM KCl, 
1  mM CaCl2, 0.4  mM MgSO4 × 7H2O, 0.5  mM MgCl2 
× 6H2O, 0.2  mM Na2HPO4 × 2H2O, 0.5  mM KH2PO4, 
5.5 mM glucose, and 4 mM NaHCO3 pH 7.4) heated to 
37◦C . Under a stereomicroscope, cauda epididymis was 
then cut in the HBSS medium (as shown in Fig. S2) and 
placed in a 35-mm one-well magnetic chamber (Cham-
lide CMB, Live Cell Instrument) having an 18-mm-
diameter round coverslip at the bottom. The chamber 
was filled with 1  ml 1% LMPA (Promega) in HBSS and 
mounted in a stage top incubator (OKOlab) at 37◦C with 
5% CO2.

Hydrogen peroxide (H2O2) and 2‑deoxyglucose (2‑DG) 
treatments
After isolating epididymides as detailed above, paired 
cauda epididymides from each male were split into con-
trol and treated groups. The control group consisted of 
cauda placed into the Chamlide chamber filled with 1% 
LMPA in HBSS. The treated group was incubated with 
H2O2 (Sigma) to a final concentration of 50 μm (diluted 
and mixed with 1% LMPA in HBSS) into the Chamlide 
chamber for 10  min prior to imaging. For 2-DG treat-
ment, cauda epididymides were treated with 10  mM 
2-DG (Sigma) in 1% LMPA in glucose-free HBSS for 1 h 
and imaged. For both control and 2-DG treated groups, 
glucose-free HBSS was supplemented with 20  mM 
sodium lactate (Sigma) and 1  mM sodium pyruvate 
(Sigma). Control and treated groups were enclosed in a 
heated incubator (OKOlab) maintained at 37◦C with 5% 
CO2 flow for all FLIM experiments, as described below.

Two‑photon fluorescence lifetime imaging microscopy 
(2P‑FLIM) setup
2P-FLIM of caudal spermatozoa was performed on a 
Carl Zeiss LSM 880 NLO inverted scanning confocal 
microscope controlled with Zen Black 2.1 software. Two-
photon excitation was supplied by a Titanium:Sapphire 
femtosecond laser Chameleon Ultra II (Coherent) puls-
ing at 80  MHz, optimized by pre-chirp (femtoControl, 
APE Angewandte Physik & Elektronik GmbH) resulting 
in 200  fs pulse width at the sample. In 2P-FLIM, fluo-
rophores are excited with two photons simultaneously: 
each photon has approximately twice the wavelength 
and half the energy of the one photon required for one-
photon excitation. For this reason, endogenous fluoro-
phores NADH and NADPH were excited at 740 nm and 
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FAD at 900 nm using a Carl Zeiss C-Apochromat 40×/1.1 
W Corr objective. The laser power applied to the sam-
ple was ≤ 13 mW. A short pass dichroic mirror (690 nm) 
was used to separate the fluorescence signal from the 
laser light and a short pass filter (485 nm for NADH and 
NADPH; 500 nm for FAD) was placed in front of hybrid 
detector, HPM-100–40 (Becker & Hickl), placed at non-
descanned port, attached to a time-correlated single pho-
ton counting electronics HydraHarp 400 (PicoQuant). 
Prior to imaging samples, we first calibrated the FLIM 
system using 0.5 μM Coumarin-6 (Sigma) solution in 
100% ethanol with a reference lifetime of 2.5 ns [99]. To 
obtain high signal-to-noise ratio, we acquired typically 
16 frames of 512 × 512 pixels for each field of view. The 
acquisition time was 83 s (5.19 s per frame) at a speed of 
5 µs/pixel with 2 × zoom in monodirectional scanning 
mode. FLIM data were recorded using the SymPhoTime 
64 software (PicoQuant).

Preparation of free and bound NADH solution
NADH (Sigma) solution was prepared in 100 mM mor-
pholino propanesulfonic acid (MOPS, pH 7) at a final 
concentration of 250 µM NADH was then mixed in 1:1 
ratio with 1000 unit/ml lactate dehydrogenase (LDH, 
Sigma) as described [46]. Both free NADH and NADH-
LDH (bound) solutions were measured at 740 nm using 
the 2P-FLIM imaging set-up as described above.

U‑Net segmentation network architecture
U-Net is a state-of-the-art convolutional neural network 
developed for fast and precise biomedical image segmen-
tation [71]. U-Net-based networks are easy to implement 
and can achieve accurate image segmentation from train-
ing with only 30–50 microscopy images [100]. We thus 
adapted U-Net [71] to segment sperm structures from 
our FLIM dataset and slightly modified its original archi-
tecture. The U-Net’s general architecture consists of two 
parts, an encoder downward part and a decoder upward 
path [71]. The encoder path of our U-Net variant is com-
posed of five down-sampling blocks. Each block has the 
following structure: first, to extract and encode spatial 
features we used a convolution layer of kernel size 3 × 3 
with stride 1 (as in all convolutional layers, unless speci-
fied otherwise) and a rectified linear unit activation func-
tion (ReLU) followed by a batch normalization layer. 
A convolution layer with a kernel size 2 × 2 with stride 
2 is applied at the end of each down-sampling block to 
halve the spatial resolution and double the number of 
feature channels. In the decoder path, there are five cor-
responding up-sampling blocks, each of which consists 
of 2 × 2 transposed convolutional layers with stride 2 
and ReLU to double the spatial resolution of the output 
(that is, image pixels) and halve the number of feature 

channels. To prevent loss of information in the decoder 
path, we used a skip connection to concatenate the fea-
ture maps from the encoder path with the correspond-
ing layer in the decoder path. After each skip connection 
in the upsampling block, three convolutions with kernel 
size 3 × 3 and ReLU are applied, each followed by batch 
normalization. The final 1 × 1 convolutional layer uses 
soft-max activation to generate probability masks. The 
encoder and decoder pathways are connected by 3 ×3 
convolutional layers with ReLU, which lie at the bottom 
of the U-shape network architecture. All convolutional 
layers use the same padding to keep the spatial dimen-
sions unchanged in the final segmentation masks.

FLIM dataset preparation and U‑Net model training
We generated manual annotations of sperm structures 
from FLIM images with the goal of developing a U-Net-
based segmentation model. To create the dataset, we 
used FLIM images of three mouse strains and their 
hybrids: PWD, C3H, B6, (C3H × PWD)F1, and B6PF1 
males to represent the variability in terms of sperm den-
sity, morphology, and flagellar movement. FLIM images 
of different mouse strains were chosen from several 
independent males and experiments to eliminate biases. 
In total, 21,907 midpiece and 10,465 head structures of 
spermatozoa were manually labeled using the NIS Ele-
ments binary editor tool (Nikon). Overall, midpieces 
were easy to distinguish and their labeling was straight-
forward. However, sperm heads proved more challeng-
ing because of the weaker intensity and hook-shaped 
morphology. In some cases, sperm heads had very weak 
intensity and it was difficult to label them even when 
adjusting the brightness of FLIM images. In other cases, 
sperm heads were out of frame or too close for them to 
be distinguished unambiguously between two spermato-
zoa. All these factors contributed to our dataset having 
more midpiece labels compared to heads. In total, the 
labeled dataset consisted of 281 FLIM images of 512 × 
512 pixels with corresponding binary masks of midpieces 
and heads. The set of original images and the manu-
ally annotated masks were used for training, validation, 
and testing of our U-Net variant. In general, to develop 
U-Net-based models most of the annotated dataset is 
used for training (80%) and a smaller set for validation 
and testing (10–20%) [100–104]. We followed a simi-
lar strategy and used for training 235 FLIM images with 
a total of 17,952 midpieces and 8620 heads labeled. The 
validation set consisted of 16 images with 1488 mid-
pieces and 678 heads labeled. Whereas the test set had 
30 images with 2507 midpieces and 1167 heads labeled. 
To reduce the number of animals used for the experi-
ments, we applied several data augmentation techniques 
to artificially increase the size of the training set (only 



Page 14 of 19Kusari et al. BMC Biology           (2025) 23:85 

during training). Augmentation was performed utilizing 
rotations of all degrees in combination with vertical flip 
with probability 50% and cropping to a resolution of 256 
× 256 pixels at random locations. We trained our network 
with a batch size of 32 images per iteration using the 
Adam algorithm [105] with the initial learning rate set to 
5 ×10−4 . We applied a learning rate decay by a multiply-
ing factor of 0.5 every 20 epochs. The weighted pixel-wise 
cross-entropy was used as the loss function. To compen-
sate for class imbalances in our dataset, we gave static 
weights to each class: background (weight = 2), midpiece 
(weight = 2), and head (weight = 3). Weights of all con-
volutional layers were initialized according to He nor-
mal distribution [106], and each convolutional layer was 
regularized with L2-regularization with a factor of 0.001. 
The model was evaluated on the validation set every 10 
epochs during training and the model with the high-
est overall F1-score in the validation set was saved. Our 
network training was implemented in Python using Ten-
sorflow [107] and Keras libraries. On average, training 
took ~ 2 h on a single Quadro RTX 500 16 GB GPU.

The performance evaluation of our U‑Net model
We trained the model as described above and selected 
the best model according to the validation set. The final 
performance of the trained model was evaluated using 
the test set of FLIM images ensuring that the same 
images were not used for training or validation. To 
compare the segmentation masks from our model and 
ground truth masks (that is, manually annotated), we first 
needed to match midpieces and heads of the automated 
model and manual masks. Matching was done using the 
Hungarian algorithm [108], which minimizes the dis-
tance between individual mask objects. This distance (d) 
is calculated Intersection-over-Union (IoU) for each pair 
of masks, mi from the manual and mj from the automated 
network segmentation using the equation detailed below 
and described in [109, 110]:

where the d is defined as:

We calculated IoU for every pair of manual and auto-
mated segmented masks and applied the Hungarian 
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algorithm using the distance matrix (Eq.  2) to obtain 
true positive (matched) or unmatched masks. In Eq. 2, 
d=∞ denotes masks that cannot be matched due to their 
small IoU score. We then calculated four metrics includ-
ing pixel-wise accuracy, recall, precision, and F1-score on 
matched objects as follows:

and

 where TP is the number of true positives; TN is the 
number of true negatives; FP is the number of false posi-
tives; and FN is the number of false negatives. Segmenta-
tion performance metrics were measured per each class, 
where metrics were computed separately for segmented 
midpieces and heads. The overall performance of our 
model was calculated by micro- averaging the results of 
both classes. Micro-averaging is preferred for datasets 
with class imbalances, as is in our case, because midpieces 
are more represented than heads. We selected the model 
based on the overall F1-score, because our objective was 
to optimize the model both for precision and recall. Mid-
pieces smaller than 100 pixels and heads smaller than 50 
pixels were not used in the evaluation; the object size filter 
was estimated from the manually annotated images.

Phasor analysis
FLIM images were analyzed using in-house developed 
TTTR Data Analysis software (written by A. Benda). First, 
FLIM images displaying average photon arrival times 
after excitation as a rainbow colormap weighted by the 

pixel intensity were generated from the raw data (Pico-
Quant’s ptu files) and exported as RGB images (tiff files). 

(3)Accuracy =
TP+ TN

TP+ TN+ FP+ FN

(4)Precision =
TP

TP+ FP

(5)Recall =
TP

TP+ FN

(6)F1 =
2TP

2TP+ FP+ FN
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After manual and automatic segmentations the masks 
were batch loaded back to TTTR software and paired with 
the original images for object-based analysis. We chose 
the phasor approach [46, 58] to analyze FLIM images, as 
this analysis does not assume a priori any model needed 
for standard fitting of the fluorescence lifetime data, thus 
eliminating any biases that can come when an inappro-
priate fit model is used. Standard phasor analysis yields 
pixel-based plots specific to fluorophores and cells studied. 
NAD(P)H images of spermatozoa have rather low signal, 
which makes pixel-based phasor analysis unsuitable for 
spotting small differences between samples. We instead 
used object-based phasor approach, in which the signal 
is first summed up for all pixels in every detected object 
individually, and the phasor transformation is performed 
on the excited state decays for whole objects, rather than 
pixels. To do this, we used the fast Fourier transform algo-
rithm and transformed the excited state decay (TCSPC 
histogram) of each segmented object in the FLIM image to 
a point in a two-dimensional (2D) histogram (phasor plot). 
The phasor coordinates were calculated as previously 
described [58] using the following equations:

and

where gi,j(ω) and si,j(ω) represent the x and y coordi-
nates of the phasor plot, respectively, and I(t) is the 
time-resolved signal, ω is the laser frequency; ω =

(

2π f
)

 , 
where f  is the laser repetition rate, set to 80 MHz in our 
measurements. The fast Fourier transformations assign 
a position within the semicircle in phasor plot to each 
data point, dependent on the fluorescence lifetime of 
the components (i.e., NAD(P)H) present in the sample. 
In general, if the lifetime decay is mono-exponential, it 
appears on the semicircle, whereas multi-exponential 
decays appear inside the semicircle. We used coumarin-6 
solution in ethanol with a mono-exponential decay time 
as the calibration standard. All FLIM images converted to 
phasor plots were referenced using the calibration stand-
ard measured during each experiment as recommended 
[111].

Statistics
All statistical tests were performed in R studio software 
[112] for Mac OSX. The g coordinate phasor values shown 
to be the most sensitive to free/bound NAD(P)H [46] 
were used to compare significance among groups across 
all experiments. First, data were tested for normality 

(7)gi,j(ω) =

∫∞

0 I(t) • cos(ωt)dt
∫∞

0 I(t)dt

(8)si,j(ω) =

∫∞

0 I(t) • sin(ωt)dt
∫∞

0 I(t)dt

(Gaussian distribution) using the Shapiro-Walk test and 
the homogeneity of variances with Levene’s test. When 
data met both assumptions that is normal distribution 
with equal variances, linear model (lm) was used as in 
Figs. 3C, 4, 5B (midpiece), 6A, B, and Additional files 4–9: 
Figs. S4, S5, S6B,  C (head), S8A,  B, and S9A,  B. When 
groups of more than two were compared, we followed the 
general recommendation to use lm followed by Tukey’s 
multiple comparisons post-hoc test as in Fig.  4B and C. 
Tukey’s test is preferred for pairwise comparisons because 
it increases the likelihood of detecting true differences 
between groups [113]. When data were non-normally dis-
tributed with equal variances, Wilcoxon rank sum test was 
performed as in Fig. 3B and Additional file 9: Fig. S9C, D 
(head). When data were normally distributed with unequal 
variances, generalized least squares method (gls) was used 
in Fig. 5B (sperm), 6C, D, and Additional files: Fig. S6B, C 
(principal piece) and S8C,  D. We performed correlation 
analysis and computed the Pearson correlation coefficient 
between phasor g values and male fertility to examine 
their relationship. The significance level was set to < 0.05 , 
except for correlation tests in which P ≤ 0.025 was con-
sidered significant (Bonferroni correction for two tests). 
Sample sizes (n) can be found in the figure legends and in 
Additional data 10, and individual data points are shown 
in phasor plots and in Additional data 10. Data shown are 
derived from representative experiments (results were 
consistent across two or three independent experiments). 
Details regarding P-values and statistical tests are pro-
vided throughout the main text and figures.

Abbreviations
2-DG	� 2-Deoxyglucose
2P-FLIM	� Two-photon fluorescence lifetime imaging microscopy
ATP	� Adenosine triphosphate
B6	� C57BL/6J (mouse strain)
B6PF1	� (B6 × PWD)F1 (mouse hybrid)
C3H	� C3H/N (mouse strain)
d	� Distance
FAD	� Flavin adenine dinucleotide
FLIM	� Fluorescence lifetime imaging microscopy
fps	� Frames per second
g	� The x coordinate of the phasor plot
gls	� Generalized least squares
HBSS	� Hank’s balanced salt solution
IoU	� Intersection-over-Union
LDH	� Lactate dehydrogenase
lm	� Linear model
LMPA	� Low melting point agarose
M. m.	� Mus musculus (house mouse)
NAD(P)H	� Nicotinamide adenine dinucleotide and its phosphate (combined 

signal)
OXPHOS	� Oxidative phosphorylation (mitochondrial)
Padj.	� Probability adjusted for multiple testing
PWD	� PWD/Ph (mouse strain)
ROS	� Reactive oxygen species
ReLU	� Rectified linear unit activation function
s	� The y coordinate of the phasor plot
TCSPC	� Time-correlated single photon counting detection



Page 16 of 19Kusari et al. BMC Biology           (2025) 23:85 

Supplementary Information
The online version contains supplementary material available at https://​doi.​
org/​10.​1186/​s12915-​025-​02167-1.

Additional file 1: Fig. S1 2P-FLIM imaging set-up can distinguish between 
the free and bound NADH. The phasor positions of two NADH states 
measured by 2P-FLIM in solution: free NADH and bound NADH.

Additional file 2: Fig. S2 Schematic of the metabolic imaging workflow 
designed for mouse sperm. Our method consists of three steps: 1 Isolation 
of cauda epididymis and subsequent immersion in 1% LMPA hydrogel 
solution; 2 in situ 2P-FLIM imaging of endogenous autofluorescent NAD(P)
H metabolites at 740 nm excitation; 3 segmentation of single spermato-
zoa and their subcellular structures from FLIM images. Single spermatozoa 
and principal pieces are manually segmented into objects based on 
NAD(P)H fluorescence lifetime signal. We used U-Net –a machine-learning 
tool—for segmentation of sperm midpieces and heads. The resulting seg-
mented objects are analyzed using phasor analysis to generate metabolic 
fingerprints for each sample. ex, excitation; fl., fluorescence.

Additional file 3: Fig. S3 2P-FLIM imaging of FAD within motile sperma-
tozoa yields a very weak signal except in the midpiece for both FAD’s 
fluorescence intensity (left) and FAD’s fluorescence lifetime (right). Scale 
bar, 20 μm.

Additional file 4: Fig. S4 Metabolic states of immobilized sperm differ sig-
nificantly compared to motile sperm. Object-based phasor plots display 
two separate clusters of individual cells (A, left) corresponding to immobi-
lized and motile sperm. Plots depicting midpiece compartments (A, right) 
also differed between immobilized and motile compartments. Sperm 
heads (B, left) of immobilized and motile cells are depicted in phasor 
plots. Phasor plots show distinct positions of principal pieces  
(B, right) in immobilized sperm and motile ones. Individual sperm cells 
and subcellular compartments were segmented manually.

Additional file 5: Fig. S5 Related to Fig. 4. Similar metabolic fingerprints 
of sperm heads and principal pieces among three mouse strains derived 
from closely related subspecies. A Representative FLIM images of PWD, B6 
and C3H depicting sperm heads and principal piece subcellular compart-
ments, respectively. Metabolic fingerprints for sperm heads (B, left; C, left) 
and principal pieces (B, right; C, right) are similar among these strains. 
U-Net segmented heads of PWD, B6 and C3H strains. Principal pieces of 
PWD, B6 and C3H were segmented manually. Scale bar, 20 μm.

Additional file 6: Fig. S6 Related to Fig. 5. NAD(P)H fingerprints of sperm 
head and principal piece structures overlapped between fertile and 
subfertile males. A Object-based phasor fingerprints of sperm head 
and principal piece compartments, respectively. Phasor fingerprints of 
heads (B, left; C, left) and principal pieces (B, right; C, right) show overlap-
ping clusters corresponding to PWD and B6PF1 males. U-Net segmented 
sperm heads of PWD, and B6PF1 from FLIM images. Principal pieces from 
PWD, and B6PF1 males were segmented manually.

Additional file 7: Fig. S7 Related to Fig. 5. Overlap in NAD(P)H g values 
between PWD and B6PF1 sperm midpieces.

Additional file 8: Fig. S8 Related to Fig. 6. Metabolic fingerprints of 
sperm head and principal piece structures in young and old males. The 
fingerprints of heads A (left), B (left) were different, but the fingerprints 
of principal pieces A (right), B (right) occupy similar positions in phasor 
plots despite the male age. U-Net segmented sperm heads of old, and 
young males from FLIM images. Principal pieces from old and young 
males were segmented manually. H2O2 treatment did not change metabolic 
fingerprints of head C (left), D (left) and principal pieces C (right), D (right) 
when compared to controls. U-Net segmented heads of H2O2–treated, 
and control sperm. Manual segmentation was used for principal pieces 
from H2O2–treated and control sperm.

Additional file 9: Fig. S9. Altered metabolic signatures of spermatozoa due 
to inhibition of glycolysis. (A, B) In contrast to PWD control sperm, cells 
treated with glycolysis inhibitor 2-DG displayed lower mean g values of 
NAD(P)H fingerprints for single spermatozoa, for the midpiece, and higher 
mean g values for the site of glycolysis, but similar g values for the sperm 

heads C, D (left). Sperm cell segmentations from 2-DG–treated, and con-
trol males were generated manually. U-Net segmented: 2-DG midpieces 
and heads, as well as control midpieces and heads. Principal pieces from 
2-DG–treated and control sperm were segmented manually.

Additional file 10: Data underlying all figures.
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