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Abstract 

Mitochondrial DNA ( mtDNA ) encodes the core subunits f or OXPH OS, essential in near-all eukary otes. Pack ed into distinct foci ( nucleoids ) inside 
mitochondria, the number of mtDNA copies differs between cell-types and is affected in se v eral human diseases. Currently, common protocols 
estimate per-cell mtDNA-molecule numbers by sequencing or qPCR from bulk samples. Ho w e v er, this does not allow insight into cell-to-cell 
heterogeneity and can mask phenotypical sub-populations. Here, we present mtFociCounter , a single-cell image analysis tool for reproducible 
quantification of nucleoids and other foci. mtFociCounter is a light-weight, open-source freeware and overcomes current limitations to repro- 
ducible single-cell analysis of mitochondrial foci. We demonstrate its use by analysing 2165 single fibroblasts, and observe a large cell-to-cell 
heterogeneity in nucleoid numbers. In addition, mtFociCounter quantifies mitochondrial content and our results show good correlation ( R = 0.90 ) 
between nucleoid number and mitochondrial area, and we find nucleoid density is less variable than nucleoid numbers in wild-type cells. Finally, 
we demonstrate mtFociCounter readily detects differences in foci-numbers upon sample treatment, and applies to Mitochondrial RNA Granules 
and superresolution microscopy. mtFociCounter provides a versatile solution to reproducibly quantify cellular foci in single cells and our results 
highlight the importance of accounting for cell-to-cell variance and mitochondrial context in mitochondrial foci analysis. 
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itochondria are dynamic and heterogeneous cellular or-
anelles. They occur in a vast range of forms from small bean-
hapes to large tubular networks, depending on the state and
ype of their host cell ( 1 ) . To build the oxidative phosphoryla-
ion ( OXPHOS ) apparatus, crucial for ATP production, mito-
hondria maintain and express their own genome, mitochon-
rial ( mt ) DNA. Mammalian mtDNA is circular, encodes 37
ssential genes on ∼16.6 kb and is stored in small ( ∼100 nm )
ucleoprotein-granules, termed nucleoids ( 2 ,3 ) . The amount
f mtDNA is tightly regulated at the cellular level and ranges
rom 100 to 100 000 copies, depending on cell state and
ype ( 4–7 ) . Aberrations of mtDNA copy-number control are
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associated with mitochondrial disorders and cardiovascular
disease, cancer and neurodegeneration ( 6 ,8–10 ) . Mitochon-
drial Transcription Factor A ( TFAM ) has been identified as
a key factor to regulate mtDNA transcription, replication
and compaction ( 11–13 ) and downregulation of TFAM de-
creases mtDNA copy number in cultured cells ( 12 ,14 ) . How-
ever, the mechanisms by which healthy mammalian cells reg-
ulate mtDNA and nucleoid numbers are still not fully under-
stood ( 9 ) . Reliable quantification of the number of nucleoids,
therefore, remains crucial to elucidate the mechanisms of cel-
lular energy homeostasis in health and disease. 

To determine the number of mtDNA molecules per cell, cur-
rent methods rely on quantitative PCR and sequencing ( 6 ) .
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Hereby, mtDNA from bulk samples is normalised to nuclear
DNA to obtain per-cell estimates. Yet, these methods do not
preserve information beyond the average number of mtDNA
molecules from millions of cells and do not reveal cell-to-cell
heterogeneity. The recent droplet digital PCR approach allows
measurement of mtDNA copy-numbers in single-cells but is
limited in throughput and loses all contextual information, as
it requires mtDNA extraction ( 15 ,16 ) . 

Mitochondrial nucleoids and other foci, such as mitochon-
drial RNA granules ( MRG ) , can also be visualised by flu-
orescence microscopy ( 17–20 ) . The number of nucleoids or
MRGs per cell can therefore be counted directly from live or
fixed cell images, allowing to preserve context ( 7 ,21 ) . With su-
perresolution microscopy, the precise dimensions of nucleoids
and MRGs could be determined ( 2 , 3 , 20 , 22 ) showcasing that
choosing the correct experimental set-up is crucial to answer
specific biological questions. In return, quantitative methods
for image analysis developed for one foci-type are readily
transferable to other types, allowing direct comparison, for
instance between one nucleoid marker and another ( 2 ) . Cur-
rently, mitochondrial nucleoids are typically counted manu-
ally or manual thresholding, impacting reproducibility and
constraining the throughput to few 10s of cells and 100s of
foci ( 23 ,24 ) . Automation of foci-counting drastically reduces
random errors and observer biases and allows scaling to 100s
of cells and 10 000s of foci ( 3 , 25 , 26 ) . However, previous re-
ports for automated mitochondrial nucleoid counting do not
disclose the analysis code and the choice of influential param-
eters, restricting reproducibility and comparison of results. 

Here, we present an easy-to-use, free and open source soft-
ware tool to quantify mitochondrial foci in single cells, which
we named Mitochondrial Foci Counter or mtFociCounter .
mtFociCounter provides a 100% reproducible analysis, from
raw image to final results, and allows transparent parameter
choice. We showcase the use of mtFociCounter by analysing
> 2000 single cells and over 500 000 foci from confocal and
superresolution fluorescence microscopy, and find a very large
heterogeneity of mitochondrial nucleoid numbers across sin-
gle cells. In addition to foci-counts, mtFociCounter allows to
estimate the total area of the mitochondrial network in each
cell. This feature allows to investigate the relationship between
nucleoid numbers and mitochondrial area, for which we find
a good correlation. In further assessment of mtFociCounter
capabilities, we not only validate its transferability to an ad-
ditional human cell model but also detect and quantify de-
creased nucleoid numbers upon TFAM knockdown, in U2OS
cells. Finally, we also quantify MRG numbers in single U2OS
cells and thus show that mtFociCounter can readily be applied
to other foci types. 

Taken together, mtFociCounter provides a novel tool for
reproducible single-cell analysis of mitochondrial foci, and its
modular design and open source code enable easy adaptation
to specific needs, retaining a uniform output format between
studies. mtFociCounter allows to quantify nucleoid numbers
in single cells at high throughput and to study mtDNA abun-
dance in health and disease. 

Materials and methods 

Cell culture and transfections 

NIH / 3t3 fibroblast cells ( 3t3 ) were obtained from American
Type Culture Collection ( A TCC ) ( A TCC: CRL-1658™) and
cultured in growth medium with DMEM GlutaMax ( Gibco: 
31966-021 ) supplemented with 1% PenStrep and 10% Calf 
Serum ( ATCC: 30-2030 ) . Calf serum instead of fetal calf 
serum is used to maintain proliferative cell populations of 3t3 

fibroblasts. Stable cell-lines expressing MTS-dsRed were cre- 
ated as previously described ( 27 ) . In brief, cells were trans- 
formed with lentivirus to express MTS-dsRed, whereby suf- 
ficiently high expression-levels were achieved. To ensure ge- 
netic coherence across experiments, cells were cultured for 
no more than 20 passages before thawing a fresh cryo- 
vial. U2OS cells were obtained from ATCC and cultured in 

McCoy’s medium ( Life Technologies, Gibco®) supplemented 

with 10% fetal bovine serum ( Life Technologies, Gibco®) , 2 

mM l -glutamine, non-essential amino acids and 100 units / ml 
penicillin / streptomycin ( all GIBCO ) . All cell-cultures were in- 
cubated at 37 

◦C and 5% CO 2 . 
For small interference RNA experiments, U2OS were trans- 

fected using Lipofectamine RNAi max ( Invitrogen ) with 

20 nM siRNA for three days following the manufac- 
turer’s instructions. siRNA used, were: Non-targeting siRNA 

( ON-TARGETplus SMARTpool D-0001810-10-20 ) and siT- 
F AM ( ON-TARGETplus Human TF AM ( 7019 ) siRNA- 
SMARTpool, L-019734-00-0005 ) . 

Immunofluorescence 

3t3 cells were seeded on 12 mm glass slide cover slips ( Epredia: 
CB00130RAC20MNZ0 ) in different wells of 24-well plates,
and at a density of 50 000 cells per well. The next day, the 
medium was aspirated and cells were fixed with 300 μl of pre- 
warmed 4% PFA ( Thermo scientific: J19943-K2 ) for 20 min 

at room temperature ( RT ) . Samples were then rinsed with PBS 
once, and washed with PBS two times for 10 min at RT. Occa- 
sionally, samples were refrigerated ( 4 

◦C ) for few hours at this 
step, before the process was continued later on the same day.
The cells were then permeabilised for 10–20 min with 250 ul 
of 0.1% Triton X-100 ( Fluka: 93420 ) , before blocking with 

300 μl of 5% BSA ( Sigma: A7030-100G ) in PBS for 15–30 min 

at RT. For immunostaining, anti-DNA antibodies ( EMD Mil- 
lipore: CBL186 ) and anti-TOMM20 antibodies ( Proteintech: 
11802-1-AP ) were then diluted in 5% BSA in PBS at a ratio of 
1:250 ( a solution of at least 125 μl was made to reduce pipet- 
ting errors ) , and cover slips were flipped onto 20 μl drops of 
antibody-solution on parafilm for 1 h of incubation in a hu- 
mid chamber at RT. Samples were then rinsed with PBS once 
and washed two times for 5–15 min with PBS. Next, anti-IgM 

Alexa Fluor 647 antibodies ( Invitrogen: A21238 ) were diluted 

in 5% BSA at a ratio of 1:750 ( a solution of at least 350 μl was
made ) and cover slips incubated as described above, for 45 

min. Where applicable, Wheat Germ Agglutinin Alexa Fluor 
488 ( ThermoFischer: W11261 ) was also added. Cover slips 
were then flipped onto drops of Hoechst 33342 ( Invitrogen: 
10337 ) diluted in PBS ( 1:5000 or 1:2000 ) and incubated for 
15 min before again rinsing and washing in PBS. Individual 
cover slips were then mounted onto a drop of ProLong Gold 

( Invitrogen: P10144 ) and cured at 4 

◦C over night, in a dark 

but slightly opened chamber. Samples were always imaged the 
next day, to avoid sample deterioration. 

U2OS cells were fixed in 5% PFA in PBS at 37 

◦C for 15 

min, then washed three times with PBS, followed by incu- 
bation with 50 mM ammonium chloride in PBS to quench 

the unspecific fluorescence signal from aldehyde groups and 

three additional washes in PBS were performed. Cells were 
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hen permeabilised in 0.1% Triton X-100 in PBS for 10 min
efore blocking in 10% FBS in PBS for 20 min, followed by

ncubation with anti-TOMM20 ( Proteintech: 11802–1-AP or
anta Cruz Biotech, SC-17764 ) and anti-DNA ( EMD Milli-
ore: CBL186 ) , as well as anti-FASTKD2 ( Proteintech, 17464-
-AP ) primary antibodies in 5% FBS in PBS, for 2 h at RT.
fter three washes with 5% FBS in PBS, cells were incubated
ith goat anti-Rabbit IgG ( H + L ) Alexa Fluor 488 conjugate

 A-11070 ) and goat anti-Mouse IgM ( Heavy chain ) cross-
dsorbed Alexa Fluor 568 conjugate ( A-21043 ) as well as goat
nti-mouse IgG ( H + L ) cross adsorbed Alexa Fluor 647 con-
ugate ( A-21235 ) secondary antibodies for 1 h at RT. After
hree washes in PBS, coverslips were mounted onto slides us-
ng Dako fluorescence mounting medium ( Dako ) . 

icroscopy 

ll spinning disk confocal images were acquired using an An-
or Dragonfly 500 system on a Nikon Eclipse TiE inverted
icroscope. Image stacks were acquired with a 100 × or 60 ×
bjective lens ( NA1.4 ) . We used 405, 488, 568 or 633 nm
xcitation lasers and acquired images on a Zyla 4.2 PLUS sC-

OS camera with Fusion software ( Andor ) . Laser intensity
nd exposure times were optimised for wild-type or control
ells of each cell type, and kept constant across all acquisi-
ions. Images for z-stacks of 3t3 cells were acquired bottom to
op every 0.3 μm spanning the entire cell or every 0.2 μm for
2OS comprising 7 images. Superresolution microscopy im-
ges were acquired on a Zeiss Elyra7 microscope with a Lat-
ice SIM 

2 processing system. This comprises a Zeiss AxioOb-
erver 7 Inverted Microscope with a Zeiss Elyra7 imaging
ead, environmental chamber, dual cameras with DuoLink,
nd four lasers including a Solid-State Diode laser with 50mW
aximum power emission at wavelength 405 nm, two OPSL

ontinuous wave lasers with maximum power of 500mW
t emission wavelength 488 and 561 nm respectively, and a
olid-State Diode continuous wave of 500 W at 643 nm emis-
ion. All z-stack images were acquired with 0.126 μm step-
ize and 1280 × 1280 pixels ( 0.063 μm by 0.063 μm ) using a
lan-Apochromat 63 ×/ 1.4 Oil DIC M27 objective. The three
hannels were acquired sequentially with 13 phase images at
0 ms exposure and 50% ( 405 nm ) , 5% ( 642 nm ) or 5–15%
 561 nm ) laser power, whereby Hoechst was acquired with
and Pass filters BP 420–480 and BP 495–550, whereas dsRed
nd AlexaFluor 647 were acquired with BP 570–620 and LP
55 filters, on Dual PCO.Edge 4.2 sCMOS cameras with a
uoLink adaptor. 

mage analysis 

ll image processing and analysis was done using the mtFoci-
ounter workflow described in this article. We set the promi-
ence range for our images between 5 and 200 au. For 3t3
amples imaged by confocal, where the Hoechst-signal was
oo low, as well as for superresolution images, where nuclei
re too well resolved, we used manual segmentation for nu-
lei using the Hoechst-channel as input. For U2OS samples,
e used the mitochondria channel to manually segment the
uclear area. Mitochondria were automatically detected, and
sed to filter the foci, as well as to determine the mitochon-
rial area. The raw-data was then processed with python 3
nd jupyter notebooks. mtFociCounter and all jupyter note-
ooks are available on Github ( Github.com / TimoHenry ) . 
SDS-PAGE and immunoblotting 

Cells were lysed in RIPA buffer ( 20 mM Tris pH 8.0, 150
mM NaCl, 0.1% SDS, 1% deoxycholic acid, 1% NP-40 and
complete protease inhibitor cocktail ) . Protein concentration
of the samples was measured using Bradford protein assay
( BioRad ) calibrated using a BSA standard curve. Proteins were
resolved by SDS-PAGE and then transferred to nitrocellulose
membranes ( 0.2 μm pore size, GE-Healthcare ) . Membranes
were blocked with 5% of skimmed milk in phosphate buffer
saline ( PBS ) for 1 h at RT to block non-specific epitopes. Mem-
branes were then incubated with the primary antibodies, rab-
bit polyclonal anti-TFAM ( Genetex, GTX103231 ) or Mouse
polyclonal anti-Tubulin ( Santa-Cruz Technologies, sc-23948 )
diluted 1:1000 in 2% milk in 0.05% Tween-20 in PBS at 4 

◦C
overnight. Membranes were washed in 0.05% Tween-20 in
PBS 3 times for 15 minutes and incubated with appropriate
secondary antibodies, Amersham mouse ( NA931 ) and rab-
bit ( NA934 ) IgG horseradish peroxidase ( HRP ) linked from
sheep or donkey ( GE Healthcare ) diluted 1:3000 in 2% milk
in 0.05% Tween-20 in PBS for 1 h at RT. Finally, membranes
were treated with ECL Western Blotting Detection Reagent
Kit ( GE Health ) and exposed to chemiluminescence on a dig-
ital ECL machine ( Amersham ) for image quantification. 

Statistical analysis 

Data-Normality was tested by distribution assessment, Q–
Q plots and by CDF-distribution analysis and Kolmogorov–
Smirnov testing against simulated data-sets ( see Supplemen-
tary Data ) . Subsequently, non-parametric tests were used
where non-normal datasets were compared. Specific alpha-
values and statistical tests which were used are indicated for
each figure. All statistical analysis was performed in python 3
and exact algorithms and package versions are provided in the
corresponding jupyter notebooks ( Github.com / TimoHenry ) . 

S oftw are 

Only free and open-source software was used for this project,
with the exception of microscope-steering, as indicated above.
For analysis, MiniConda was used as a package manager to
run python 3 and jupyter notebooks. For writing, reference
management and figure-generation, LibreOffice, Zotero, Fiji
( ImageJ ) ( 28 ) and Inkscape were used respectively. 

Results 

mtFociCounter allows single cell analysis of 
mitochondrial foci 

The overarching workflow to quantify mitochondrial foci in
single cells by mtFociCounter is represented in Figure 1 . mt-
FociCounter is a Fiji-plugin composed of three modules: To-
Tiff , CellOutline and FociCounter ( Supplementary Figure S1 ) .
Each module can be run independently, and is discussed briefly
in the following. 

The first module, ToTiff converts images with microscope-
specific formats into TIFF-files. The user can choose a di-
rectory with input files and TIFF files are saved in a new
folder. We then consider the TIFF-files as raw data for anal-
ysis, storage and upload to public databases, and delete orig-
inal ( non-TIFF ) image files upon conversion, to avoid data-
multiplication. 

The second module, CellOutline uses TIFF-files as in-
put and allows segmentation of individual cells ( Figure 1 A ) .
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Figure 1. Workflow of Mitochondrial Foci Counter ( mtFociCounter ) . ( A ) Exemplary Spinning Disk Confocal image of 3t3 fibroblasts which express 
MTS-dsRed ( red ) , used as input for mtFociCounter . Mitochondrial nucleoids are stained with primary antibodies against dsDNA and AF647 secondary 
antibodies ( cyan ) , and nuclei are stained by Hoechst 33342 ( blue ) . Manually drawn segmentation lines are shown in yellow. ( B ) One individual 
segmented cell from ( A ) , as output by CellOutline module. ( C ) Two of six binary images produced by FociCounter module performing a parameter sweep 
between prominence values 5 and 200 arbitrary units ( au ) on the image in ( B ) . The number of detected mitochondrial foci is indicated below each image. 
( D ) Automatically generated binary masks which are used to filter detected foci from ( C ) . ( E ) Bottom shows detected foci ( prominence = 83 ) after 
filtration ( y ello w ) , o v erlaid onto mitochondria ( red ) from image ( B ) . Top shows zoomed-in image from bottom. ( F ) Representative analytical graphs for the 
parameter sweep ( top ) or comparison of 14 independent experimental replicates ( bottom ) . All scale bars represent 10 μm. Image intensities were 
adjusted manually for representation, but not for quantitative analysis. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

For multi-colour images, combined channels are displayed
and 3 dimensional images are z-projected using maximum
intensity by default. We then select individual cells by man-
ual segmentation of a region of interest ( R OI ) . All R OIs are
saved to ensure perfect reproducibility of the selection be-
fore a new image is created for every selected cell ( Figure 1 B ) .
Manual segmentation allows to exclude debris or overlapping
cells, and ensures high-quality input data ( Supplementary Fig-
ure S2 ) . Depending on the experimental set-up, the modular
design of mtFociCounter allows cell-segmentation by other
workflows, such as CellCatcher ( 29 ) or CellProfiler ( 30 ) , to
be used as input to the last module. 

The third module, FociCounter quantifies the number of
foci in segmented single cells. First, 2D TIFF-images with an
ROI are loaded ( Figure 1 B ) . Individual foci are then detected
by the FindMaxima algorithm and a single parameter, termed 

‘prominence’. FociCounter encourages to perform a param- 
eter sweep of six prominence values and requires to define 
a range of values ( Figure 1 C ) . Detected maxima are counted 

and binary images of detected foci as well as a list of ROIs are 
saved for future inspection. Optionally, FociCounter allows to 

filter the detected foci ( Figure 1 D ) . To ensure only mitochon- 
drial foci are counted, we enable the ‘Filter with mitochondria’ 
option and use automated segmentation to create a mitochon- 
drial mask. Again, a gateway for pre-segmented masks allows 
the use of external software such as Ilastik ( 31 ) or Weka ( 32 ) 
for segmentation, and manual segmentation is possible. The 
area of the inclusion mask ( mitochondrial mask ) is measured 

for every cell and saved as an output ( 33 ) . Because nuclear 
DNA can produce false positive mtDNA-signals in mitochon- 
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ria which overlap with the nucleus after z-projection, an op-
ion ‘Subtract nucleus’ allows to filter mitochondrial foci by
xclusion of the nuclear volume ( Figure 1 D ) . We use Hoechst
3342 to stain the nucleus for automated segmentation by Fo-
iCounter . Alternatively, images of mitochondria can be used
or manual segmentation, as the nuclear shape is identifiable
y eye. Binary images of segmented nuclei and mitochondria
re saved for every cell to ensure perfect traceability and re-
roducibility of the complete analysis pipeline. After filtering,
he quality foci detection can be visually verified by overlay of
very detected foci onto the corresponding image ( Figure 1 E ) .
inally, a single CSV-file is generated with number of foci and
otal mitochondrial network area per cell, for further analysis
 Figure 1 F ) . 

ucleoid analysis by mtFociCounter in 3t3 

broblasts 

o demonstrate the use of mtFociCounter for mitochondrial
oci quantification we analysed the number of mitochondrial
ucleoids in wild-type ( WT ) 3t3 mouse fibroblast cells. We
ound clean antibody-staining of mitochondria in 3t3 mouse
ells challenging ( Supplementary Figure S2A ) , and therefore
reated a stable cell line expressing mitochondrial matrix
argeted fluorophores ( MTS-dsRed ) , as previously described
 27 ) . Cells were then fixed and nucleoids stained with anti-
odies against dsDNA, which highlights mitochondrial nu-
leoids. The nucleus was stained with Hoechst 33342 and
hree-colour fluorescence images were acquired on a standard
pinning disk confocal microscope ( Figure 1 A ) . To convert
aw images from *.ims to *.tiff files the ToTiff module was
sed. Next, CellOutline with default options for maximum-
ntensity projection and manual segmentation was used to ex-
ract individual cells. We observed that 3t3 fibroblasts often
row on top of each other, even at medium and low cell den-
ity ( Supplementary Figure S2B ) , and that MTS-dsRed is ex-
ressed at different levels in individual cells. Overlapping cells
ith ambiguous boundaries, cells with faint mitochondrial

ignal as well as dividing cells with condensed chromosomes
ere, not selected for further quantification ( Supplementary
igure S2C ) . To measure the number of mitochondrial nu-
leoids we next applied FociCounter module, filtering out
on-mitochondrial foci using fully automated detection of nu-
lei and mitochondria, as described above. 

arameter-sweep promotes analysis of 
arameter-choice 

o test the effect of different prominence values on the de-
ected number of foci mtFociCounter performs a fully auto-
ated parameter-sweep. In our experiments, a low promi-
ence of 5 arbitrary units ( au ) leads to the detection of a
arge number of non-specific foci, whereas with a prominence
f 200 au many true positive nucleoids are missed ( Figure
 C ) . The optimal prominence depends on imaging acquisi-
ion and processing parameters and needs to be defined for
very experimental workflow. We therefore recommend to
egin with coarse sweeps for new projects. In our experi-
ents, we observe a sharp drop of detected foci between 5

nd 44au ( Figure 2 A ) , indicating a clear difference between
eal positive and false positive signals, in accordance with vi-
ually inspected overlays. To validate that the detected foci are
ndeed nucleoids, we performed control experiments in 3t3

T cells without dsDNA primary antibodies ( Supplementary
Figure S2D ) , and with 3t3 cells devoid of mtDNA ( rho0 cells )
( Supplementary Figure S2E ) . These experiments confirmed
that a parameter sweep is necessary but sufficient to identify
reliable settings for true positive foci-detection. In the here de-
scribed work, we fixed the prominence at 83 au for all analysis
of 3t3 cells, unless indicated otherwise. 

mtFociCounter enables analysis of experimental 
reproducibility 

Next, we used the CellOutline feature of mtFociCounter to
assess the observer-bias by repeating manual cell selection
on the same images, for two data-sets. We found negligible
differences between repetitions of manual cell segmentation
( P 1 = 1.000 and P 2 = 0.974 from two-sample Kolmogorov–
Smirnoff test ) ( Figure 2 B and Supplementary Figure S2F ) and
that manual cell segmentation by a trained experimenter is ro-
bust and reproducible. Furthermore, we compared four tech-
nical duplicates and triplicates and found no significant dif-
ference between samples which were processed and imaged in
parallel, on the same day ( P 1 = 0.285, P 2 = 0.735, P 3 = 0.349
and P 4 = 0.982, Two-sample Kolmogorov–Smirnoff test ) ex-
cept for one sample, which is on the virtue of significance
( P 5 = 0.025 and 0.055 ) ( Figure 2 C ) . Furthermore, we found
that the distribution of the number of mitochondrial nucleoids
per cell is significantly different between samples which were
prepared on different days ( P = 1.379 × 10 

−29 , Kruskal–
Wallis test ) ( Supplementary Figure S2G ) . Together, this illus-
trates that the sampling approach is robust but significant
variability between independent experiments exists. This in-
dicates that samples which will be compared need to be pre-
pared in parallel and that a sufficiently large sample size ( > 60
cells per replicate ) is preferable. 

Nucleoid numbers in single 3t3 cells are highly 

variable 

To investigate the biological variance of nucleoid numbers be-
tween single cells we measure more than 700 000 nucleoids
from 2165 single 3t3 WT cells by mtFociCounter ( Figure 3 A
and D ) . We observe a mean number of 339 nucleoids ( ±188
std ) and a median number of 299 nucleoids ( Interquartile
range of 201 nucleoids ) per single 3t3 WT cell ( n = 2165
cells ) . Interestingly, we find the number of nucleoids in 3t3
fibroblasts is not Normally distributed ( P = 5.674 × 10 

−10 ;
Two-sample Kolmogorov–Smirnoff test ) ( Supplementary Fig-
ure S3A, D, G and Figure 3 A ) . We also compute the mitochon-
drial area per cell and find a mean of 211.4 μm 

2 ( ±137.1
μm 

2 std; n = 2165 cells ) . Again, the distribution of mito-
chondrial area per cell does not follow a Normal distribution
( P = 1.118 × 10 

−24 ) ; two-sample Kolmogorov–Smirnoff test )
( Supplementary Figure S3D, E, H ) and the median mitochon-
drial area observed is 176.3 μm 

2 with an inter quartile range
of 116.9 μm 

2 ( Figure 3 B and E ) . Together, we thus observe
a very wide range of number of nucleoids as well as mito-
chondrial area in single 3t3 WT cells, with a coefficient of
variation of 55.5% for nucleoids per cell and 64.9% for mi-
tochondrial area. These results are in good agreement with
two recent reports of mtDNA copy-numbers from single-cell
digital droplet PCR ( 15 ,16 ) , and overall expected single-cell
heterogeneity ( 34 ) . Mixed populations of proliferative cells
do not necessarily follow a Normal distribution of cell-states,
and our observations indicate that determining a population-
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Figure 2. Experimental verification and parameter optimisation by mtFociCounter . ( A ) Histogram plots of the number of detected foci ( nucleoids ) in 3t3 
WT cells ( n = 679 single cells ) as a function of 6 different prominence values demonstrates the use of a parameter-sweep. Blue dots represent 
single-cell measurements. ( B ) R epresentativ e field of view ( FOV ) ( left ) with the outlines ( yellow ) from two separate manual segmentations of four 
individual cells, and comparison of the number of nucleoids detected ( right ) from the same sample after separate rounds of cell segmentation ( n = 146 
analysed cells after first segmentation and n = 152 analysed cells after second segmentation ) . ( C ) Comparison of the detected number of nucleoids 
from two or three technical replicates, with samples processed in parallel in four independent experiments ( processed on different days ) . All box plots 
represent the median and the first and third quartile. Whiskers represent the rest of the distribution except outliers. Two-sided Kolmogorov–Smirnoff 
tests were used with alpha = 5% and * denoting P < 0.05. Scale bar is 10 μm. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

averaged mean number of nucleoids per cell may mask subtle
differences in the underlying single-cell state distribution. 

Nucleoid numbers correlate with mitochondrial 
network area in single cells 

Because the distributions of nucleoid numbers and mitochon-
drial area resemble each other, we next asked whether these
features are related within individual cells. Indeed, we found
the number of nucleoids is strongly correlated with the mito-
chondrial area in 3t3 cells ( Corr = 0.81, n = 2165 cells, Sup-
plementary Figure S3J ) . We then calculated a nucleoid density
by normalising the absolute number of nucleoids with the re-
spective mitochondrial area and found a single-cell mean nu-
cleoid density of 1.7 nucleoids / μm 

2 ( ±0.4 std; n = 2165 cells )
( Figure C ) . Interestingly, this nucleoid density is Normally dis-
tributed ( Supplementary Figure S3C, F, I, P = 0.112; Two-
sample Kolmogorov–Smirnoff test ) and the coefficient of vari-
ation is substantially smaller at 24.1%. Together, cells with
fewer nucleoids are thus smaller whereas larger cells tend to
have more nucleoids ( Figure 3 F–H ) . This is in accordance with
literature that found a semi-regulated spacing of mitochon- 
drial nucleoids across eukaryotic species ( 35 ,36 ) , and suggests 
a link between total mitochondrial content of a cell and the 
nucleoid number. 

Nucleoid analysis by mtFociCounter in U2OS cells 

To test if mtFociCounter is compatible with other cell types,
we analysed 220 single U2OS WT cells in three independent 
experiments ( Figure 4 A and B ) . We detected an average of 221 

nucleoids per cell ( ±85 std; n = 220 cells ) with a coefficient 
of variation of 38.7%. The average total mitochondrial area 
of these cells was 194.6 μm 

2 ( ±77 std; n = 220 cells ) with a 
coefficient of variation of 39.6%, leading to a nucleoid den- 
sity of 1.2 nucleoids / μm 

2 ( ±0.3 std; n = 220 cells ) and 22.8% 

variation, as expected from the preserved correlation between 

nucleoid numbers and mitochondrial area in ( Corr. = 0.79 ) 
( Supplementary Figure S4J ) . The nucleoid number and mito- 
chondrial area are both normally distributed in U2OS WT 

cells ( Supplementary Figure S4A–I, P = 0.455; two-sample 
Kolmogorov–Smirnoff test ) . 
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Figure 3. Quantitative analysis of 3t3 WT mouse fibroblasts from Spinning Disk Confocal microscopy by mtFociCounter . Histogram and Kernel Density 
Estimation plots of ( A ) the number of nucleoids, ( B ) the mitochondrial network area in μm 

2 and ( C ) the nucleoid density ( number of nucleoids per 
mitochondrial area ) per single cell are shown. A total of 2165 cells from 14 independent experiments were analysed. Median values are indicated. Violin 
plots for each experiment from A–C are shown for the number of nucleoids ( D ) and the mitochondrial area ( E ) . Individual number of cells analysed for 
each sampling date, median and first and third quartiles are indicated. Median single-cell nucleoid numbers are Normally distributed ( Supplementary 
Figure S3K ) . ( F ) Images of the cell denoting the lo w est 10% according to the number of detected nucleoids ( 160 ) , with mitochondria ( red ) , nucleus ( blue ) 
and DNA-foci ( cyan ) and cell-segmentation outline ( yellow line ) on top or detected foci ( yellow boxes ) in bottom. ( G ) Images of the cell with the median 
number of nucleoids ( 299 ) , and rest as abo v e. ( H ) Images of the cell comprising the 10% highest number of detected nucleoids ( 553 ) , as abo v e, with 
anti-DNA ( cyan ) and cell segmentation ( yellow ) left, and detected foci right. A prominence level of 83 was used for these analyses. All scale bars are 10 
μm. 
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tFociCounter detects siTFAM-induced nucleoid 

eduction 

ext, we intended to verify the performance of mtFoci-
ounter in conditions where the mtDNA copy number is per-

urbed. Knockdown of the mitochondrial nucleoid packag-
ng protein TFAM by siRNA is known to reduce the mtDNA
opy-number in HeLa and HEK293 cells ( 14 ) . Therefore, we
nalysed the images of U2OS WT cells treated with siTFAM or
on-targeted siRNA controls ( siNT ) for three days and from
hree independent experiments by mtFociCounter ( Figure 4 A
nd B ) . We verified siRNA knockdown efficiency by West-
rn Blot ( Supplementary Figure S5K and L ) . We found siT-
AM treated U2OS cells have an average of 81 nucleoids
per cell ( ±45 std; n = 245 cells ) with a coefficient of vari-
ation of 55.9%. The average total mitochondrial area of
siTFAM treated cells was 176.6 μm 

2 ( ±65 

. 1 std; n = 245
cells ) with a coefficient of variation of 36.8%, leading to a
nucleoid density of 0.5 nucleoids / μm 

2 ( ±0. 2 std; n = 245
cells ) and 42.1% variation. Interestingly, the nucleoid number
and mitochondrial area are borderline to normally distributed
in the siTFAM cells ( pnucleoid s = 0.00741 , pmitochon dria = 0.0506;
two-sample Kolmogorov–Smirnoff test ) , and the correla-
tion between nucleoid numbers and mitochondrial area is
lower ( Corr. = 0.62 ) ( Supplementary Figure S5A–J ) . In di-
rect comparison between the siTFAM and control samples,
we thus found non- or barely significant differences for the
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Figure 4. Quantification of nucleoids and MRGs in U2OS cells by mtFociCounter and after 3 days of siTFAM treatment. ( A ) Box plots and quantitative 
analy sis f or three independent e xperiments of nucleoid number per cell ( siNT = cy an, siTFAM = blue ) , mitochondrial area in μm 

2 ( siNT = red, 
siTFAM = orange ) and nucleoid density per μm 

2 ( siNT = lime, siTFAM = green ) . All box plots represent the median and the first and third quartile. 
Whiskers represent the rest of the distribution except outliers. Two-sample Kolmogorov–Smirnoff tests were used with alpha = 5% and * denoting 
P < 0.05, *** denoting P < 0.0 0 01. ( B ) R epresentativ e full FOV of U2OS cells with mitochondria ( red ) and dsDNA ( cyan ) , treated with neutral siRNA 

( siNT, left ) or siRNA against TFAM ( siTFAM, right ) and cell segmentations in y ello w. Centre with single cell from abo v e, bottom with same cell and 
detected foci ( nucleoids, yellow boxes ) using prominence of 82. ( C ) Left, representative image of single U2OS cell with mitochondria ( red ) and MRGs 
( cyan ) . Cell outline is highlighted in y ello w. Right, same cell with detected f oci ( MR Gs, y ello w bo x es ) using prominence of 2100. Number of detected foci 
are indicated and all scale bars are 10 μm. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

mitochondrial area, but robust and stark reduction in the
number of nucleoids per cell and nucleoid density in siTFAM
treated cells, across all three replicates ( Figure 4 A and B ) .
Together, these experiments demonstrate that mtFociCo unter
can be used for multiple cell types as well as to detect differ-
ences in nucleoid numbers and nucleoid densities. 

Mitochondrial RNA Granules analysis by 

mtFociCounter in U2OS cells 

To test if mtFociCounter is compatible with other foci types,
we analysed the number of Mitochondrial RNA Granules
( MRGs ) , stained with an anti-FASTKD2 antibody, in 153
single U2OS WT cells from three independent experiments
( Figure 4 C ) . We detected an average of 217.4 MRGs per cell
( ±117.3 std; n = 153 cells ) with a coefficient of variation of
54.0%. The average total mitochondrial area of these cells
was 196.7 μm 

2 ( ±78 std; n = 153 cells ) with a coefficient
of variation of 39.4%, leading to an MRG density of 1.1
MRGs / μm 

2 ( ±0.4 std; n = 153 cells ) and 33.1% variation.
The correlation between MRG numbers and mitochondrial 
area in each cell was lower than for nucleoids ( Corr. = 0.73 ) 
( Supplementary Figure S6J ) and we found the mitochondrial 
area but not MRG number is Normally distributed in U2OS 
WT cells ( Supplementary Figure S6A–I, P MRG 

= 2.068 × 10 

−6 

and P mito = 0.157; two-sample Kolmogorov–Smirnoff test ) . 

Nucleoid analysis by superresolution microscopy 

Several mitochondrial foci, including nucleoids, and the mi- 
tochondrial network lie at the resolution limit of fluorescence 
microscopy ( 2 , 3 , 20 ) . Diffraction limited microscopy, such as 
confocal, can therefore systematically underestimate the true 
number of nucleoids per cell. Superresolution microscopy al- 
lows to circumvent the diffraction barrier and to investigate 
mitochondria and their features at greater detail ( 3 ) . We there- 
fore performed superresolution microscopy of 3t3 WT fi- 
broblasts by Elyra7 SIM 

2 and test whether mtFociCounter 
detects an increased number of nucleoids depending on the 
image modality applied. Indeed, in superresolved images of 
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t3 WT fibroblasts we measured a mean number of 644 nu-
leoids ( ±345 std, n = 200 cells ) and a median number of 586
ucleoids ( inter quartile range of 357 ) per single cell, with
 coefficient of variation of 53.6% ( Figure 5 A ) . The ob-
erved mean mitochondrial area is 109.0 μm 

2 ( ±57.4 μm 

2 

td; n = 200 cells ) with a coefficient of variation of 52.6%
nd a median of 98.3 um 

2 ( inter quartile range = 60.5 μm 

2 )
 Figure 5 B ) . The correlation between mitochondrial area and
he number of detected nucleoids in individual cells was
ell preserved at 0.90, and the mean nucleoid density is
.1 nucleoids / μm 

2 ( ±1.6 std; n = 200 cells ) , with a median
f 5.9 ( inter quartile range = 1.8 ) and coefficient of varia-
ion of 26.6% ( Figure 5 C, Supplementary Figure S7J ) . Both
he observed single-cell distribution of the number of nu-
leoids and the mitochondrial area are borderline significantly
ifferent from a Normal distribution ( P nucleoids = 0.0297,
 mitochondria = 0.0221; two-sample Kolmogorov–Smirnoff

est ) , whereas the single-cell nucleoid density is normally dis-
ributed ( P = 0.142; two-sample Kolmogorov–Smirnoff test )
 Supplementary Figure S7A–I ) . Together, these results show
hat mtFociCounter is readily applicable to different imaging
odalities and detects a higher number of nucleoids and a

maller mitochondrial network area with increased image res-
lution, as expected. Notably, the large cell-to-cell heterogene-
ty of nucleoid numbers and mitochondrial network size in 3t3

T fibroblasts are well preserved at superresolution, and thus
eflect true underlying biological variance. Furthermore, the
igher correlation between mitochondrial area and nucleoid
umbers together with the reduced variance upon normalisa-
ion support the benefit of assessing the nucleoid density, in
ddition to absolute nucleoid numbers in single cells. Our ex-
eriments also show that superresolution microscopy is nec-
ssary to obtain highly accurate descriptor values, but that
ndersampling errors are largely systematic. This allows to
obustly detect relative differences between samples by stan-
ard confocal microscopy, with sufficiently large sample and
ffect sizes. The choice of the imaging set-up thus depends on
he biological question, and mtFociCounter allows to consis-
ently analyse and assess the results from different experimen-
al systems. 

iscussion 

he number of mtDNA molecules and mitochondrial nu-
leoids in single cells depends on the cell type and cell state
 4–7 ) . Changes in the average copy number per cell have been
ssociated with several diseases ( 6 ,8–10 ) , yet the exact mecha-
isms which determine copy-number homeostasis within cells
emain unclear ( 9 ) . Today, nucleoids in single cells can be
ounted manually, by visual inspection ( 7 , 23 , 24 ) , or automat-
cally, with proprietary software ( 3 , 25 , 26 ) . However, man-
al counting is typically limited to 10s of cells and both ap-
roaches restrict the traceability and reproducibility of analy-
is and the integration and comparison of results from differ-
nt experiments. Digital droplet PCR for single-cell mtDNA
uantification on the other hand, does not allow to assess con-
extual information, such as the mitochondrial area per cell
 15 ,16 ) . Differences in absolute numbers of nucleoids have
hus not been differentiated from differences in cell size or cell
tate occupancy, and previous reports of single cell mtDNA
umbers only analysed 10s to few 100s of cells across con-
itions. In order to investigate the fundamental mechanisms
hich regulate mitochondrial gene maintenance at the cellular
level, simple tools for traceable, reproducible and compara-
ble analysis of mitochondrial nucleoids, capable of preserving
context in single cells, are therefore needed today. 

mtFociCounter is a simple tool for automated quantifica-
tion of mitochondrial nucleoids, and other foci, from fluores-
cence images ( Figures 1 and 4 C ) . It allows for a reproducible
and comparable analysis by generating a perfectly traceable
workflow, from raw images to final results. mtFociCounter is
open source and it can be downloaded and run free of charge
( 28 ) . Upon input format conversion, mtFociCounter first pro-
vides an interface for manual segmentation of single cells from
2D or 3D microscopy images. For foci-detection, the user is
then required to perform an automated parameter sweep. We
show that this is necessary but sufficient to identify appropri-
ate analysis conditions, avoiding false positives ( Figure 2 ) . Op-
tionally, detected foci can be filtered by exclusion ( ‘nuclear’ )
and inclusion ( ‘mitochondrial’ ) masks, whereby the area of
the mitochondrial mask is measured for every cell, in addition
to the foci number. The modular design and open source code
of mtFociCounter allows easy customisation and integration
of other software, depending on the experimental set-up and
questions, while generating directly comparable output. 

To demonstrate the capabilities of mtFociCounter , we anal-
yse more than 2900 single mouse 3t3 fibroblast and human
U2OS cells ( Figures 3 –5 ) . We find a very high cell-to-cell vari-
ance in the number of nucleoids per cell as well as the mi-
tochondrial area in both cell types, albeit the U2OS cells are
slightly less variable. A high variability between cells could be
expected from mixed populations of proliferative cells. How-
ever, it is interesting to note that we observe more than a two-
fold increase between the smallest 10% and the largest 10%
of cells, indicating the doubling of cellular materials during
the cell cycle alone cannot explain the entire variability. In
addition, we observe a good correlation between the mito-
chondrial area and the number of nucleoids in single cells of
both cell types ( Supplementary Figures S3 and S4 ) . Notably,
the normalised number of nucleoids per mitochondrial area
in single cells, which we term nucleoid density, is less vari-
able than the absolute nucleoid number per cell ( Figures 3 –5 ) .
Together, these findings indicate that the absolute number of
nucleoids per cell may underlie less strict regulation than the
relative density of mtDNA per mitochondrial area. mtFoci-
Counter will allow to investigate this question on the regula-
tion of cellular mtDNA homeostasis in the future. This exam-
ple further emphasizes the advantage of context preservation
in single-cell analysis, in comparison to bulk-cell assays. 

Our superresolution microscopy experiments demonstrate
that mtFociCounter can be applied to several experimental
set-ups, and that the mitochondrial area and exact nucleoid
number can be estimated more precisely with increased im-
age resolution. However, superresolution microscopy has sev-
eral practical disadvantages, throughput limitations and ac-
cess can be restricted. We find that spinning disk confocal
microscopy was sufficient to detect a correlation between
nucleoid numbers and mitochondrial area, that the cell-to-
cell variability is consistent, and that a clear difference in
pheontype between siTFAM treated cells and control cells
is readily detected. Comparison of mitochondrial foci de-
tected by mtFociCounter is thus possible, with multiple ex-
perimental setups. It remains interesting to note that nu-
cleoids in TFAM silenced cells may resemble enlarged nu-
cleoids ( Figure 4 B ) , so-called mito-bulbs, which form upon
inhibition of mitochondrial dynamics ( 21 ,37 ) . To which ex-
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Figure 5. Quantitative analysis of mitochondrial nucleoids in single 3t3 fibroblasts from SIM 

2 superresolution microscopy. ( A ) Histogram and KDE plots 
of the number of mitochondrial nucleoids, ( B ) the mitochondrial area in μm 

2 and ( C ) the nucleoid density ( μm 

−2 ) , with median values indicated ( n = 200 
single cells from three independent experiments ) . ( D ) F ull FO V with the cell ( centre ) denoting the lo w est 10% according to the number of detected 
nucleoids ( 330 ) , with mitochondria ( red ) , nucleus ( blue ) and DNA-foci ( cyan ) and cell-segmentation outline ( y ello w line ) on top or image of the cell with 
detected foci ( yellow boxes ) on bottom. ( E ) Full FOV of the cell with the median number of nucleoids ( 590 ) , and rest as abo v e. ( F ) F ull FO V of the cell 
comprising the 10% highest number of detected nucleoids ( 943 ) and as abo v e, with tw o z oomed e x cerpts sho wn belo w. A prominence le v el of 800 w as 
used for these analyses. All scale bars are 10 μm. 
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ent these structures are assemblies of individual nucleoids
r formed by nucleoid fusion is being investigated, and ne-
essitates large superresolved data-sets. It is therefore impor-
ant to note that the ideal experimental approach depends on
he biological question, whereby mtFociCounter is applicable
o both, diffraction limited and superresolution microscopy
mages. 

A main limitation of the presented version of mtFoci-
ounter is its reliance on manual cell segmentation. While

his bears the advantage of straight-forward input-data se-
ection, it reduces analysis throughput. Furthermore, to min-
mise the complexity of mtFociCounter as a whole, the built-
n functionality to create exclusion- ( ‘nucleus’ ) and inclusion-
asks ( ‘mitochondria’ ) is simplistic. The modular architec-

ure and gateways of mtFociCounter however, already al-
ows to use sophisticated algorithms, machine learning and
eep learning approaches such as ilastik, weka, cellProfiler or
tarDist ( 30–32 , 38 , 39 ) for fully automated cell and feature
egmentation, while preserving the traceability and compa-
ability of the foci analysis. Another challenge in single-cell
nalysis is the large cell-to-cell variability. We found that ex-
erimental replicates can differ significantly for small sample
izes ( less than 100 cells ) ( Figure 2 and Supplementary Fig-
re S2 ) . We therefore propose to emphasise on large num-
er of cells in every condition and that control and treated
amples are always processed in parallel to allow direct
omparison. 

In the future, mtFociCounter could be extended to de-
ect more than one foci-type in every cell. This would for
nstance allow to measure the number of nucleoids and
itochondrial RNA granules within the same cell, or to
etermine the ratio of replicating nucleoids. Furthermore,
dditional foci-descriptors, such as foci-size or location,
s well as contextual information, such as the cell cycle
tate, could be implemented, and identification of foci in
hree dimensions could improve detection accuracy due to
verlap. 
Taken together, we report the development of mtFoci-

ounter , a new and simple approach to quantify mitochon-
rial nucleoids in single cells. It allows to assess the effects of
ellular conditions on the mitochondrial genome and to inves-
igate the underlying mechanisms thereof in a fully traceable
nd reproducible manner. Other organelles and foci-types can
f course also be quantified and we anticipate mtFociCounter
o serve for a wide community of foci-analysts. 

ata availability 

ll data, including raw images and Western Blots,
s well as code are freely accessible on the data-
epository Zenodo ( DOIs: 10.5281 / zenodo.7633157,
0.5281 / zenodo.7634535, 10.5281 / zenodo.7634645,
0.5281 / zenodo.7634604 ) and Github ( https://github.com/
imoHenry ) respectively. Please do not hesitate to contact

he authors in case of unclarity, questions about the use, sug-
estions for improvements or any other queries. Please make
hanges to the source code and submit improvements via
ithub. Biological material may be available upon reasonable

equest. 
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