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Fig.3| AINU trained with DNA images correctly identifies different cell
states. a,b, Representative full-size SR images of somatic cells (a) and hiPSCs (b)
rendered at x10 magnification using DNA localizations (Methods). The colours
correspond to the values of kernel density estimate for each pixel. c, AINU
trained with images rendered from single-colour DNA localizations in hiPSCs
and somatic cells was challenged on a test set of 36 previously unseen images
that represented 20% of the whole dataset. Normalized confusion matrix (with
the indication of positively and negatively predicted images in the parentheses)
shows the performance of the model for each class, with the main diagonal
showing the accuracy for each class. d-f, Representative full-size SR images of
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mock-infected (d), 1 hpi (e) and 3 hpi (f) cells rendered using DNA localizations
(Methods). The colours correspond to the values of kernel density estimate for
each pixel. g, Normalized confusion matrix (with the indication of positively
and negatively predicted images in the parentheses) shows the performance
of the model for each of the three classes, with the main diagonal showing the
accuracy for each class. h, ROC curves show the performance of the model at
all the classification thresholds for each class versus the other two as well as the
corresponding value of the AUC. The micro- and macro-average ROC curves of
the three classes and their corresponding AUC values are also plotted.

indicating the presence of subtle chromatin remodelling at 1 hpi. We
conclude that using DNASMLM to traina CNN modelisaviable option,
and that the model can correctly distinguish different levels of chro-
matin organization.

Interpretable Al identifies nucleoli as a cell discriminator

We used the Captum framework for PyTorch® to analyse the key fea-
tures behind the model’s classification and to explain the relationship
between the spatial organization of molecules and their impact on
biological functions.

We first used the occlusion-based algorithm?? (Extended Data
Fig. 4a) to visually inspect the areas of the image that exhibited posi-
tive (contributing) or negative (detracting) attribution scores for each
correctly predicted sample, using a 64 x 64 occluding pixel window,
with a32 pixelstride. In particular, the algorithm assigned the highest
positive scores (blue) to regions corresponding to nucleoliin hiPSCs,
and negative scores (red) to regions at the nucleus’s edge or interior
(Fig. 4a, top). Conversely, somatic cells showed the opposite pattern,
with positive scores primarily in the nuclear periphery and negative
scores within or near the nucleoli (Fig. 4a, bottom).
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Fig. 4| Pollllocalizations in the nucleoli are essential for hiPSCidentification.
a, Positive and negative attribution scores for representative hiPSCs and somatic
cells using the occlusion-based method (64 x 64 pixel size with stride of 32 pixels)
for AINU trained with single-colour Pol Ilimages. The blue regions correspond to
areas whose occlusion decreases the probability of predicting the correct class
and therefore considered positive for the prediction, whereas the red regions
correspond to ‘distracting’ areas whose occlusion increases the probability of
predicting the correct class. b,c, Images showing the CAM data for the hiPSC image
inaand its overlay on the originalimage (c). d, Same data as afor AINU trained
with dual-colourimages of Pol Iland H3 in hiPSCs and somatic cells. e-h, AINU
trained with dual-colour Pol lland H3 images was challenged on a test set of 71
previously unseen images having the nucleoli occluded by filling them with cloned
non-nucleolous regions from the same image. Normalized confusion matrix (with
numbers of positively and negatively predicted images in the parentheses).

e, Performance of the model for each class; the diagonal reports the accuracy

for each class. The ROC curve (f) shows the performance of the model at all the
classification thresholds and the AUC value. g h, Precision and recall plots for the
somatic cell (g) and hiPSC (h) classes, reporting the overall AP. i,j, Box plots showing
asignificant difference (two-sided Mann-Whitney U-test) between the median
localizations per cluster (i) and median cluster area (j) in somatic (n = 22) and hiPSC
(n=21) nucleoli. All the box plots depict the median (horizontal line inside box),
25th and 75th percentiles (box), and 25th or 75th percentiles + 1.5 x interquartile
range (whiskers). Distributions were compared as indicated, using the Mann-
Whitney U-test. **P< 0.01.k, Bar plot showing significant difference (two-sided
unpaired t-test, P=0.0028) of ssRT-qPCR level for asincRNA transcribed by Pol
IIfrom rDNAIGS 28, between IMR90 cells and IMR90-derived hiPSCs (error bars
represents.d.). The error bars, including mean and s.d. values, are shown forn=3
independent experiments.
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We then used 32 x 32 pixel occluding windows with different
strides (for example, 16 or 8 pixels) for a finer resolution. Consistent
withthe previous 64 x 64/32 data (Extended DataFig. 4b), the algorithm
still identified the nucleoli as the predominant positive attributions
for hiPSCs (Extended Data Fig. 4c,d), with emphasis on specific areas
within the nucleoli. These findings were confirmed by applying the
classactivation mapping (CAM) technique® to each correctly predicted
image, which consistently highlighted the nucleoli as the most impor-
tant feature for hiPSC classification (compare Fig. 4b-c (using CAM)
with Fig. 4a (with the occlusion-based method of the same image)).

Using the occlusion-based algorithm and the CAM technique gave
consistent results even with H3 and Pol Il dual-colour images, with
positive values assigned to the nucleoli for hiPSCs and to the outer
region of the nucleus for somatic cells (Fig. 4d). Likewise, using the
occlusion-based method on images of hiPSCs and somatic cells from
thessingle-colourlocalization of DNA identified the edge of the nucleus
as primarily positive in somatic cells and predominantly negative in
hiPSCs (Extended Data Fig. 4e).

Tovalidate theimportance of nucleolifor cell-state discrimination,
we modified the test set ofimages by replacing the nucleoli regions with
cloned, non-nucleolus areas from the corresponding image (Extended
Data Fig. 4f,g). The accuracy of identification was notably decreased
for hiPSCs, for which the nucleoliare a crucial distinguishing feature,
andslightly increased for somatic cells, in which nucleoli were consid-
ered ‘distracting’ areas (for example, with negative attribution scores)
(Fig.4e-hand Supplementary Table 11). These results emphasized the
importance of the nucleolifor classifying hiPSCs, and the ability of the
model to accurately identify these key structures.

Moreover, we also modified the test set ofimages by replacing the
nucleoli regions with non-nucleolus areas generated using a genera-
tive adversarial network technique** and confirmed the same result
(Supplementary Information).

PolIlin the nucleolus transcribes antisense intergenic non-coding
RNAs (asincRNAs) from rDNA large intergenic spacers (IGSs), thereby
controlling RNA polymerase I-derived sincRNAs™. Hence, we analysed
whether the amount or spatial organization of the Pol Il localization sig-
nals differed in the nucleoli of 13 hiPSC and 12 somatic cells stained with
nucleolar and coiled-body phosphoprotein 1 (NOLC1) (Extended Data
Fig. 4h). Our previously developed clustering algorithm’ revealed that
somatic cells have higher median cluster areas of Pol Il, and higher median
localizations per cluster in the nucleoli, than hiPSCs, thereby support-
ing our findings from the occlusion-based and CAM methods (Fig. 4i,j).

Finally, using single-strand reverse-transcription ((ss)RT) quantita-
tive polymerase chainreaction (QPCR) inIMR90-fibroblast somatic cells
and IMR90-derived hiPSCs, we observed a significant increase in the
expression levels of the asincRNAs transcribed from the rDNA large IGS
28in hiPSCs compared withsomatic cells (Fig. 4k). Overall, these results
show that AINU can discriminate hiPSCs from somatic cells by identify-
ing Pol Il localizations and activity in the nucleoli of the two cell states.

Discussion
To analyse cellular phenotypic heterogeneity, we have developed
AINU, a CNN model that can correctly identify different cells within
a heterogeneous system, even when these cells show only subtle
differences in their nuclei that are invisible in diffraction-limited
imaging. We achieved this by using the SMLM data collected in
multiple cell types labelled for Pol I, core histone H3 or DNA. AINU
demonstrated an almost 100% performancein correctly identifying
different human somatic cells, hiPSCs and cells infected by HSV-1at
extremely early time points (1 hpi). Importantly, by using interpret-
able Al algorithms, we discovered that hiPSCs are identified by AINU
based on the distinct spatial organization of Pol Il in the nucleoli
compared with somatic cells.

Large amounts of fluorescence-intensity-based whole-imaged
cells are needed as training datasets for DL models*®. With the use of SR

imaging, we can capture nuclear structures, specifically the nanoscale
spatial distribution of core histones, Pol Iland DNA structure, thereby
exploring anovel approach for training DL models. Infuture research,
it will be valuable to investigate the potential of using SMLM data
acquired from the imaging of specific epigenetic traits, such as the
transcriptionally active or repressive H3Ac, H3K9me3 and H3K27me3
histone marks, as additional nuclear features to train AINU to identify
specific cell states. Exploring the combination of multiple nuclear
features might lead to enhanced performance in classifying subtle
cell-state heterogeneity.

We also trained AINU with SMLM data on stained DNA. Through
interpretable Al analysis, we found that AINU correctly discriminates
somatic cells from hiPSCs by focusing on the nuclear edge. This may be
duetoDNAdensity at the nuclear edge, consistent with previous observa-
tions showing compacted heterochromatin at the nuclear peripheryin
somatic cells”. InHSV-1-infected cells, this distinct density might be asso-
ciated with early replicating viral foci, as the host cells’ chromatin fibre
isremodelled. We observed viral replication compartments at 3 hpithat
excluded and compacted the host DNA into the non-occupied areas of
the nucleus. However, AINU successfully identifiesinfected cells already
at 1 hpi, before any visible appearance of the viral replication compart-
ments. Thus, subtle differencesin DNAfibre density at 1 hpiare accurately
recognized by AINU at extremely early stages of HSV-1linfection.

Applying interpretable Al, we found that AINU accurately identi-
fies hiPSCs by recognizing the presence of nucleolar Pol II, which leads
to anincreased transcription of asincRNAs. Pol Il in human nucleoli
can drive the expression of non-coding intergenic regions flanking
nucleolar rRNA genes, thereby generating DNA:RNA hybrid complexes
called R-loops and maintaining the nucleolar structure®. We, therefore,
speculate that specific non-coding RNAs, such as the ones encoded
from IGS region 28, are expressed in hiPSCs, where they regulate the
functions and maintain cell integrity.

Our resultsshow that AINU, by identifying cellular heterogeneity
and ‘understanding’ complex biological systems, presents a potentially
robust diagnostic tool with multiple applications. For instance, our
method could be used to identify hiPSC clones with high pluripotency
grade, using onlyimmunostaininginstead of the current requirement
fortedious, animal-based experiments. Additionally, our method could
be used to identify virus-infected cells in blood or tissue at very early
stages after infection, withimportant applications forimmunology and
viral biology. Finally (and most importantly, in our opinion), it could
identify cancer cells (and perhaps metastatic cells) among wild-type
cells from human specimens.

Methods

Cells and culture conditions

Thefollowing cellswere usedin this study (all human, except the monkey
cells): A549 cells (lung carcinoma, American Type Culture Collection
(ATCC) CRL-185); Blymphocytes (GM12878); BJ fibroblasts (human fore-
skinskin fibroblasts) (ATCC CRL-2522); IMR90 (fibroblastsisolated from
lung tissue, ATCC CCL-186); bone marrow MSCs; HeLa; Miiller glia; myo-
cardiocytes; spontaneously arising retinal pigment epithelium (ARPE-
19); urine epithelial cells; and Vero (African green monkey) cells. Further,
hiPSCs wereinduced fromamniocytes, BJ fibroblasts, dermal fibroblasts,
normal lung tissue fibroblasts (hiPS(IMR90)-4: WiCell, #WISCi004)
periosteum cells, umbilical cord MSCs and urine epithelial cells. HeLa,
BJ fibroblasts, IMR90 fibroblasts and myocardiocytes were cultured in
Dulbecco’s modified Eagle’s medium (DMEM) (Gibco, #C11995500BT)
supplemented with10% fetal bovine serum (FBS) (Gibco, #10099141) and
1% penicillin-streptomycin (pen/strep) (Gibco, #15140122). Urine epithe-
lial cells were cultured in Lonza REGM BulletKit (Lonza, #CC-3190) sup-
plemented with 1% pen/strep. Blymphocytes were cultured inRPMI11640
with L-glutamine (Corning Cellgro, #10-040-CVR) supplemented with
15% FBS and 1% pen/strep. Miiller glia and ARPE-19 cells were cultured
in DMEM/F-12, GlutaMAX (Gibco, #10565018) supplemented with 10%
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FBS and 1% pen/strep. Bone marrow MSCs were cultured in DMEM sup-
plemented with 0.01% human FGF-basic (Peprotech, #100-18B),10.00%
FBSand1.00% pen/strep. Allthe hiPSCs were cultured in mTeSR1 (Stem
Cell, #85850) supplemented with 1% pen/strep. A549 cells were cultured
inF-12K (Kaighn’s) medium (Gibco, Thermo Fisher Scientific, #21127022)
supplemented with10% FBS (Thermo Fisher Scientific, #10270106) and
1% pen/strep. Vero cells were culture in DMEM, high-glucose GlutaMAX
Supplement (Thermo Fisher Scientific, #10566016) supplemented with
5% FBS and 1% pen/strep.

HSV-1sample preparation and cellinfection

HSV-1(KOSstrain) wasgrowninVerocells. Virus preparations were titrated
by a plaque assay, as previously reported*®. Forimaging purposes, A549
cellswereplatedinborosilicate-glass-bottom eight-well chambers (pSlide
ibidi, #80827) at a confluency of 20,000-30,000 cells cm™. A549 cells
were cultured withmedia supplemented with 5 uM ethynil-deoxy-cytdine
(EdC) (Sigma-Aldrich, #T511307) for 64 h before HSV-1 infection. After
mediawash, cellswere mockinfected orinfected with HSV-1at multiplic-
ity ofinfection of 3for1hat37 °Cinahumidified incubator with 5% CO,.
The medium was then removed and replaced by fresh DMEM medium
(supplemented with 2% FBS). At 1 or 3 hpi, cells were fixed with 4% para-
formaldehyde (Alfa Aesar, #43368) for 15 min at room temperature and
thenrinsed with PBS three times for 5 min each.

Immunolabelling for SR imaging (STORM)

Cells were plated in chambered coverglass (u-Slide 8 Well Chamber
Slide, ibidi, #80826) ata concentration of 40,000 cells cm2ingrowth
medium for 24 h. Cells were fixed with 4% paraformaldehyde (Leagene,
#DF10315) for 15 min at room temperature and then rinsed with PBS
three times for 5 min each. Cells were permeabilized with 0.4% (v/v)
Triton X-100 (Acros Organics, 327371000) in PBS for 15 min and then
blocked in blocking buffer (10.00% bovine serum albumin, #B2064-
50G; 0.01% (v/v) Triton X-100 in PBS) for 1 hat room temperature. Cells
wereincubated with primary antibodies (anti-RNA polymerase [l CTD
repeat YSPTSPS (phospho S5) antibody, Abcam, #ab5131; Histone H3
antibody, Active Motif, #39763) in blocking buffer at 1:50 dilution for
STORM of both single- and dual-colourimaging, overnightat4 °C.On
the second day, cells were washed three times for 5 min each withwash
buffer (2.00%bovine serumalbumin and 0.01% Triton X-100 in PBS) and
incubated in secondary antibody. For single-colour imaging of Pol II,
the secondary antibody (donkey anti-rabbit IgG H&L (Alexa Fluor 647),
Abcam, #ab150075) was added at 1:200 dilution in blocking buffer for
1h at room temperature. For dual-colour imaging, home-made® dye
pair (AlexaFluor 405 NHS Ester, Thermo Fisher, #A30000; Cy3 Maleim-
ide Mono-Reactive Dye Pack, Sigma-Aldrich, #GEPA23031; Alexa Fluor
647 NHS Ester (succinimidyl ester), Thermo Scientific, #A20006) was
usedtolabel secondary antibodies (AffiniPure donkey anti-rabbit IgG
(H+L),JacksonImmunoResearch, #711005152; Peroxidase AffiniPure
goatanti-mouse IgG, Fcy subclass 1specific, Jackson ImmunoResearch,
#115-005-205), which were added at a 1:50 dilution in blocking buffer
andwereincubated for 1 hatroomtemperature. Cells were then washed
three times for 5 mineach with wash buffer,and once with PBS. Samples
were stored in PBS at 4 °C before imaging.

For Extended Data Fig. 4h, anti-RNA polymerase Il CTD repeat
YSPTSPS (phospho S5; Abcam #ab5408) was used for STORM and
anti-NOLC1 (Abcam #ab184550) was used to mark the nucleoli (both
diluted 1:50). Secondary antibodies (goat anti-mouse IgG Alexa Fluor
647, Thermo Scientific #A21235; and goat anti-rabbit IgG, Oregon
Green 488, Thermo Scientific #0-11038) were used at 1:250 dilution.
Immunostaining was performed using the protocol given above. The
complete STORM protocol can be found in another work*°.

STORMimaging
STORM imaging was performed as follows: (1) for proteins, using an
N-STORM microscope (Nikon) equipped with a CFISRHP Apochromat

TIRF100x AC oil objective and an ORCA-Flash4.0 V3 digital CMOS cam-
era; (2) for DNA, using Oxford Nanoimager (ONI); and (3) for Pol Il and
conventional for NOLC1 (Extended Data Fig. 4h), usinganN-STORM 4.0
microscope (Nikon) with an iXon Ultra 897 camera (Andor) and a CFI
HP Apochromat TIRF x1001.49 oil objective, under the highly inclined
and laminated optical sheetillumination mode. NIS element (4.60 and
5.21) software was used for N-STORM image acquisition. Only nuclei
that were morphologically coherent with the characteristics expected
of aninterphase nucleus were imaged.

For single-colour STORM imaging of Pol II, continuous imaging
acquisition was performed with simultaneous 405 and 647 nmillumi-
nation of the sample and 10 ms exposure time for 60,000 frames. The
647 nm laser was used at constant 3.5 kW cm™, and the 405 nm laser
power was gradually increased over the imaging period.

For the dual-colour STORM imaging of Pol Il and H3, a double
activator and single reporter strategy was used by combining AF405_
AF647 anti-mouse and Cy3_AF647 anti-rabbit secondary antibodies.
Sequential imaging acquisition was performed (one frame of 405 nm
activation, followed by four frames of 647 nmreporter; and one frame
of 560 nm activation, followed by four frames of 647 nmreporter) with
20 msexposure time for120,000 frames. The 647 nm laser was used at
a constant 3.5 kW cm™ power density, whereas the powers of the 405
and 560 nm lasers were gradually increased over the imaging period.

Single-colour imaging of DNA images was performed on
the Nanoimager S Mark Il from ONI equipped with an Olympus
1.4-numerical-aperture x100 oil-immersion super apochromatic objec-
tive and aHamamatsu sCMOS Orca-Flash4.0 V3. Continuous imaging
acquisition was performed with simultaneous 647 nmillumination of
the sample, 10 ms exposure time for 45,000 frames.

During SRimaging, freshly prepared buffer was added to the sam-
ple:100 mM cysteamine MEA (Sigma-Aldrich, #30070), 1% Glox solu-
tion (0.5 mg ml™ glucose oxidase, 40 mg ml™ catalase; Sigma-Aldrich,
#G2133 and #C100), 5% glucose (Sigma-Aldrich, #G8270) in PBS. The
buffer was exchanged every hour to avoid enzymatic activity decay and
maximize the signal-to-noise ratio of the localizations.

Forthe ONlimages, localization lists were obtained using the inte-
grated simultaneous localization software from ONI (ONINimOSv.10.5)
and subsequently converted into files compatible with Insight3 (ref. 41)
for post-processing using custom-built software in MATLAB 2016a.

N-STORM and ONI microscopes have a resolution of 160 and
117 nm pixel™, respectively. For ONI images, molecule localizations
were extracted and exported with ONINimOS v.10.5and then converted
intoinsight3-compatiblefiles for post-processing with MATLAB 2016a.
For N-STORM images, molecule localizations were extracted using
Insight3 (ref. 41), as described earlier®*, Specifically, point spread
functions (PSFs) from the emission from single fluorophores were
identified atindividual frames of the acquired videos, based on restric-
tive set thresholds of intensity, PSF size and symmetry. They were fit
toatwo-dimensional Gaussian from which the centroid of the PSF was
obtained and the x and y positions for 2D STORM imaging were then
obtained from the PSF.

All the images were acquired using HiLo* to maximize the
signal-to-noise ratio in the nucleus. Focus plane was set to z of the
maximum nucleus area to ensure the representativity of slices. Cells
withunevenintensity profiles or localization artefacts were manually
discarded before proceeding with the DL pipeline.

EdCincorporation and DNA labelling

To label DNA, a 48 h incorporation of 5uM EdC (5-ethynyl-
2’-deoxycytidine; Sigma-Aldrich, #T511307) was performed using the
following cells: HeLa, BJ fibroblast, myocardiocytes, urine epithelial
cells, Blymphocytes, Miiller glia, ARPE-19, MSCs and hiPSCs induced
fromamniocytes, B) fibroblasts, dermal fibroblasts, periosteum cells,
umbilical cord MSCs and urine epithelial cells. Cells were plated in
chambered coverglass (u-Slide 8 Well Chamber Slide, ibidi, #80826)
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at a concentration of 40,000 cells cm™ in growth medium supple-
mented with 5 uM EdC for 24 h. For somatic cells, the growth medium
was replaced on the second day with resting medium supplemented
with EAC and incubated for another 24 h. For hiPSCs, 10 pM ROCK
Inhibitor (Y-27632, Millipore, SCM075) was added together with 5 mM
EdC for the first 24 h and then was replaced with medium supple-
mented with 5 mM EdC only. Cells were fixed with 4% paraformalde-
hyde (Leagene, #DF10315) for 15 min at room temperature and then
rinsed with PBS three times for 5 min each. Cells were permeabilized
with 0.4% Triton X-100 in PBS for 15 min and rinsed with PBS three
times for 5 min each. The click chemistry reaction was performed by
incubating cells for 45 min at room temperature in click chemistry
buffer (150 mM HEPES pH 8.2 (Sigma-Aldrich, #7365-45-9), 50 mM
aminoguanidine (Sigma-Aldrich, #396494),100 mM L-ascorbic acid
(Sigma-Aldrich, #A92902),1 mM CuSO, (Sigma-Aldrich, #C1297),2.0%
glucose (Sigma-Aldrich, #G8270), 0.1% Glox solution (see the ‘'STORM
imaging’ section) and 10 mM AF647 azide (Thermo Fisher Scientific,
#A10277)), protected from light. After three washes with PBS, STORM
imaging was directly carried out for single-colour DNAimaging experi-
ments (see the ‘STORM imaging’ section).

(ss)RT-qPCR amplification of asincRNAs

RNA extraction. hiPSCs (generated from IMR90, WiCell, no. WISCi004)
and IMR9O cells at 70-80% confluency were washed with RNase-free
PBS before RNA isolation using a Qiagen RNeasy Mini Kit (Qiagen,
#74106). The isolated RNA was treated with DNase | enzyme (Thermo
Fisher Scientific, #18068015) and precipitated with 0.8 M trisodium
citrateand 1.2 M NaCl.

Strand-specific complementary DNA synthesis. IGS region 28 was
chosen based on its identification as one of the regions prominently
transcribed by Pol Il in the nucleolus®. The complementary DNA syn-
thesis reaction was set up for the transcript of interest using M-MLV
reverse transcriptase (Thermo Fisher Scientific, #28025013). For this
reaction, we used the following strand-specific primers in concentra-
tions of 10 pM:

Primer Sequence (5'to 3') Company

ssTag_hIGS-28 FS-A CGAGGATCATGGTGGCGAATAAC Integrated DNA

CTTCCACGAGAGTGAGAAG Technologies
7SK FS-A TAATACGACTCACTATAGGGA Integrated DNA
GGACCGGTCTTCGGTCAA Technologies

The segments were amplified for 10 minat 25°C, 60 min at 37 °C
and 25 minat 70 °C.Samples were diluted 1:10.

qPCR. Real-time qPCR was performed using a ViiA 7 Real-Time PCR
System (Thermo Fisher Scientific). The qPCRreactions (10 pl total) each
contained LightCycler 480 SYBR Green | Master (Roche Diagnostics,
#04887352001), 10 uM of each of the forward (strand-specific) and
reverse (ssTag) primers, and 2 ng of diluted complementary DNA, as
detailed below:

Primer Sequence (5'to 3') Company

IGS28R GACCTCCCGAAATCGTACAC Integrated DNA Technologies
7SKRNAR TCATTTGGATGTGTCTGCAGTCT Integrated DNA Technologies
7SK-Tag TAATACGACTCACTATAGGG Integrated DNA Technologies
ssTag CGAGGATCATGGTGGCGAATAA  Integrated DNA Technologies

Amplification of the 7SK region was used for normalization. PCR
reactions used the following parameters: 1 cycle of 95 °C for 5 min; 45
cyclesof95°Cfor10s,58 °Cfor10 sand 72 °Cfor 19 s; and afinal melt-
ing curve cycleof 60 °Cto0 97 °Cin 0.05 °C s ' steps. The quantification
of each IGS was normalized for the 7SK region.

Hardware and software. All the computational operations were
conducted using the Center for Genomic Regulation cluster infra-
structure, which comprises ten NVIDIA GeForce 2080 Ti with 11 GB
of memory per GPU. The DL computations were performed using the
PyTorch framework version 1.10, with CUDA drivers version 11.3 and
Python version 3.9.7. For ONI images, molecule localizations were
extracted and exported with ONINimOS v. 10.5 and then converted
into Insight3-compatible files for post-processing with MATLAB 2016a.
For N-STORM images, molecule localizations were extracted using
Insight3. The images were segmented by manually selecting the nuclear
areas corresponding to each cell nucleus with Fiji**. Plots and statisti-
cal tests shown in Fig. 4i-k were produced with R version 4.2.2 and
GraphPad Prism version 8.01.

Datasets. We collected a total of 349 dual-colour images, including
171from human somatic cell nuclei and 178 from hiPSC nuclei, featur-
ing H3 and Pol II. Additionally, 384 single-colour images of Pol Il were
obtained, with 187 from somatic cells and 197 from hiPSCs. Somatic
cells comprised different cell types (B lymphocytes, bone marrow
MSCs, Miiller glia, myocardiocytes, B fibroblasts, ARPE-19 and urine
epithelial cells) and hiPSCs were generated from some of the somatic
cellsincludedinthe study (Supplementary Table 1).

Wealso collected single-colourimages of Pol Il (33) and dual-colour
images of H3 and of Pol 11 (30) in the nuclei of HeLa cells, single-colour
images of DNA in human somatic cells (68), hiPSCs (117) as well as
images of DNA in nuclei of mock-infected (81) and HSV-1-infected
A549 cells at 1 hpi (98) and 3 hpi (85). To avoid sex chromosome
bias during model training, we included images from both male and
female cells.

The molecule localization coordinates of the selected region
of interest (that is, nucleus) of dual-colour Pol Il and H3 were mul-
tiplied either by 10 or 30 corresponding to a resolution of 16.0 and
5.3 nm pixel™, respectively, and then rendered into images by com-
puting a Gaussian kernel density estimate using Scikit-learn* KDTree
function. Theimages were finally resized with the desired dimensions
tobeused asaninput ofthe CNN and the aspect ratio was maintained.

To enable the model to differentiate between the background of
theimage outside the nucleus and regions within the nucleus lacking
localizations, we set the background of full-size x10 rendered images
to white.

Both single- and dual-colour images rendered at x10 magnifica-
tion (Fig. 1a) were directly used as train/validation and test sets (see
the ‘Workflow for identifying the best-performing model’ section),
whereas dual-colour ones rendered at x30 magnification were divided
in non-overlapping patches (Extended Data Fig. 2a) of three different
sizes (256 x 256,512 x 512 and 768 x 768 pixels). Only patches with more
than 75% of the pixels containing localizations were used as training/
validation and test sets.

To avoid changing the aspect ratio, which would have modified
the spatial relationship of the imaged molecules, each image was first
resized onits longest axis to the desired value (for example, 768 pixels
for full-size images) by keeping the aspect ratio and was subsequently
padded with the background colour on the shortest axis. For all the
other datasets (that is, single-colour Pol Il, DNA and dual-colour Pol Il
and H3 HeLa), we just rendered and used images from x10 magnifica-
tion of the molecule localizations.

Workflow for identifying the best-performing model. The
dual-colour dataset, consisting of 349 full-size images rendered at x10
magnification, underwent an 80/20 splitinto training and validation
sets, keeping the proportion of each cell class present in the dataset.
Employing astratified K-fold CV (with five folds)*, we explored 11 dif-
ferent CNN architectures, each trained for 300 epochs using images
resized to 512 x 512 pixels. Model hyperparameters remained constant
across architectures for fair comparisons (Extended Data Fig. 1a).
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The best-performing architecture was chosen based on the average
accuracy and loss over the five folds. Data augmentation techniques,
including flipping, random rotation and colour adjustments, were
applied using the Albumentations library*®. Region dropout and the
GridMask technique* were explored to enhance training data diversity
(asshownin Extended DataFig.1a). The use of the GridMask technique
witharatio of mask holes to unitsize set at 0.3 and grid unit sizes rang-
ing from 128 to 384 led to the highest average accuracy and lowest
average loss values when assessed through five-fold CV (Extended
DataFig.1a).

Systematically, weresetthe model weightswiththebest-performing
parameters based on the validation set during the training stage. The
final architecture with its optimal hyperparameters, named AINU,
was used for training, validation and evaluation across various data-
sets, including single-colour images of Pol Il localizations collected
in somatic cells and hiPSCs; dual-colour images of Pol Il and H3 col-
lected from Hela cells; and single-colour images of DNA collected from
somatic cells, hiPSCs and HSV-1-infected A549 cells.

To explore alternative training approaches, we employed a patch
dataset, using patches extracted from the dual-colour STORM images
rendered at higher resolutions such as x30 instead of x10 (Extended
DataFig.1b, dataset (ii)). Thisapproach was undertaken to increase the
training dataset and to uncover potentially hidden nuclear features
that could improve the model performance. To collect patches, the
localization coordinates of each blinking fluorophore were multiplied
by afactor of 30, effectively rendering images at a x30 magnifica-
tion relative to the original camera pixel size. These high-resolution
images were then subdivided into smaller, non-overlapping patches,
of 256 x 256 or 512 x 512 pixels, effectively increasing the size of
the dataset.

The performance of the AINU model trained with patches was
evaluated using a separate withheld test set, selected randomly and
thus different from those used with full-size images (Extended Data
Fig. 1b, grey sector in dataset (ii)). For evaluation, we used various
metrics, including the F1 score, validation accuracy and loss, AUC,
precision and recall***’. Due to the intrinsic differences between the
full-size dual-colour images and patch-based images, fine-tuning of
AINU was needed when training with patches or simulated images.

When evaluating the model trained with patches, a classification
threshold of 50% was applied as the minimum number of patches
correctly assigned to the positive class. This means that animage was
correctly predicted if more than 50% of its patches were assigned to
the true class.

No transformations that altered the aspectratio of the image were
applied to augment the data, as this would have resulted ina distorted
spatial relationship of theimaged molecules, whichis akey character-
istic feature of somatic and hiPSCs.

Because those models were not trained five times with random
dataset splits due to high resource consumption, the performance
scores were reported with the 95% confidence interval calculated with
the normal approximation method.

When training was performed using patches, AINU exhibited
optimal validation performance when using non-overlapping patches
of 256 x 256 pixels. However, when challenged with patches from the
test set of full-size images (Extended Data Fig. 1b, dataset (i)), it showed
lower performance than the original full-size image training strategy
(seethe ‘Results’section). This suggests that using only partial sections
of the nucleus, even if at higher magnification, does not improve the
model’s overall performance.

Interpretable Al and cluster analysis. To evaluate the contribution
ofeachinputfeature (image pixels) onthe model’s output and predic-
tion accuracy and to gain an understanding of the model’s decisions,
the Captum framework™ and its occlusion-based method were used.
This approach allowed to visually inspect the areas of the image that

exhibited positive or negative attribution scores for each correctly
predicted sample (Extended Data Fig. 4a). Positive attribution scores
indicate areas of the image that contribute to the model’s predic-
tion, whereas negative attribution scores highlight regions whose
removal increases the probability of the predicted class. To apply the
occlusion technique, we systematically slid a 64 x 64 pixel window,
with a 32 pixel stride, across each image generated from the Pol Il
localizations. Subsequently, we superimposed the heat map of attri-
bution scores onto the original image, facilitating the identification
of the image regions most influential in the model’s classification
decision.

These results were further validated using the CAM* method,
which highlighted specific regions within the nucleoli that are critical
for classification. Additionally, the differencesin localization quantifi-
cation, distribution and organizationinside the nucleoli of hiPSCs and
somatic cells were verified using a distance-based clustering algorithm,
asdetailed elsewhere’® (Fig. 4i,j).

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The trained model and the full dataset for dual-colour images gener-
ated during the current study are available via Code Ocean at https://
doi.org/10.24433/C0.7405455.v2 (ref. 50). For single-colour images
(Pollland DNA), only the trained models and test sets are available to
reproduce the results of the paper.

Code availability

Allthe codes used to process and analyse the dataand to train, validate
and test the AINU are available via Code Ocean at https://doi.org/
10.24433/C0.7405455.v2 (ref. 50).
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Extended Data Fig.1| Experimental protocol to find AINU’s optimal
configuration. (a) Flowchart of our sequential hyperparameter tuning to select
the best-performing model architecture using 349 dual-color SRimages of Pol Il
and H3 splitin train and validation sets with a 80/20 ratio. The process starts by
setting and keeping fixed all the (hyper)parameters and then performing 5-fold
CVfor1ldifferent CNN architectures. The best performing one, based on the
average accuracy and loss over the 5-folds, is then selected, and the following
(hyper)parameter is tested over different values using 5-fold CV. Finally, the best
performing architecture and (hyper)parameters are retrained once by randomly
splitting the whole dataset in training/validation with a withheld test set, which is
used to challenge the trained model using previously unseen images. The green
squares connected by arrows highlight the best model or (hyper)parameters
resulting from running the 5-fold CV at each step. (b) Diagram listing all the
different datasets used throughout the paper: (i) dual-color images from 349

full-size nuclei of hiPSC and somatic images: 278 for train/validation and 71 for
testing; (ii) image patches rendered from dual-color localization of H3 + RNA

Pol Il of hiPSC and somatic cells: out of 349 images, 279 were divided into patches
for train/validation, and 70 for testing; (iii) 349 full-size single-color images
rendered using only the RNA Pol Il channel from dual-color localizations; (iv)
full-size images rendered from single-color localizations of RNA Pol 1 of 384
nuclei of hiPSC and somatic cells: 307 nuclei for train/validation, and 77 nuclei for
testing; (v) single-colorimages rendered from RNA Pol Il localizations of 30 HeLa
cells nuclei; (vi) dual-color images rendered from H3 + RNA Pol Il localizations of
33 Hela cells nuclei; (vii) full-size images rendered from DNA localizations of 185
hiPSC and somatic cells: 148 nuclei for train/validation, and 37 nuclei for testing;
(viii) full-size images rendered from DNA localization of 264 A594 cells infected
by HSV-1: 211 nuclei for train/validation, and 53 nuclei for testing.
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Extended Data Fig. 2| AINU trained with patches and challenged with

full-sizeimages. (a) Representative patches of 256 x 256-pixel size corresponding

to the white square of theimage in

(b-e) AINU trained with 256 x 256-pixel-wide patches from dual-color images of
Pollland H3 was challenged on a test set composed of patches from 59 previously

Fig.larendered at x30 magnification.

unseenreal images that represented 20% of the whole dataset. (b) Confusion
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for each class. The ROC curve (c) shows the performance of the model at all
classification thresholds and the value of the AUC. (d, e) Precision and recall
plots for the somatic cell (d) and hiPSC (e) classes, reporting the overall average
precision (AP).
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Extended Data Fig. 3| AINU challenged using datasets excluding urine
epithelial cells and BJ fibroblasts. (a-d) AINU trained with images rendered
from dual-color localizations of Pol Il and H3 that excluded urine epithelial
cells (both somatic and hiPSCs), which were used only as final unseen image
test set. (a) Confusion matrix reporting normalized and not normalized (in
parentheses) values shows the performance of the model for each class with the
main diagonals showing respectively the accuracy and the number of positively
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predicted test samples for each class. The ROC curve (b) shows the performance
of the model at all classification thresholds and the value of the AUC.
(c,d) Precision and recall plots for the somatic cell (¢) and hiPSC (d) classes,
reporting the overall average precision (AP). (e-h) Same as (a—d) for AINU trained
withimages rendered from dual-color localizations of Pol Iland H3 that excluded
BJ fibroblasts (both somatic and hiPSCs), which were used only as final unseen
image test set.
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Extended Data Fig. 4 | Interpretable Al. (a) Occlusion-based method for
Interpretable Al. Awindow of selected size (for example, 32 x 32px) is moved
with aspecificinterval (stride) across the whole image tested by the modelin the
horizontal and vertical direction. At each occlusion step, the model performs its
prediction and compares the probability for the predicted class with that of the
non-occluded image. If the probability decreases, a positive attribution score
isassigned to the occluded region, whereby the higher the score, the greater

the decrease in probability. In contrast, if the probability for the predicted class
increases, the occluded region is assigned a negative attribution score, whereby
the higher the negative score, the greater the increase of probability.

(b-d) Positive (blue) and negative (red) attribution scores for one representative
hiPSC applying the occlusion-based method, with occlusion region of different
sizes and strides asindicated in (a), to AINU trained with single-color Pol Il
images of hiPSCs and somatic cells. Left, representative super-resolution image

-1-0.75-0.5-025 0 025 05 0.75 1

of ahiPSC rendered at 10x magnification using single-color Pol Il localizations.
Middle, overlay of the rendered image with corresponding positive and negative
attribution scores. Right, corresponding positive and negative attributions
scores only. The blue regions correspond to areas whose occlusion decreases
the probability of predicting the correct class, which are considered positive

for the prediction, while red regions correspond to ‘distracting’ areas whose
occlusionincreases the probability of predicting the correct class. (e) Same

as (b) for AINU trained with single-color DNA images of hiPSCs and somatic

cells. (f) Representative unmodified super-resolution image rendered at 10x
magnification using dual-color Pol Il and H3 localizations used to challenge AINU.
(g) The same asin (f) with the nucleolus replaced with cloned areas from the non-
nucleolus corresponding image, to show the decrease of AINU performance for
hiPSCidentification. (h) Representative single-color Pol Il (magenta) rendered
image of a cell stained with NOLC1 (green) to highlight the nucleolus region.
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

/a | Confirmed

>

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
|X| A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
N Only common tests should be described solely by name; describe more complex techniques in the Methods section.

[ ] A description of all covariates tested
|:| A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

< A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

D

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

X

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings
For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated
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Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  NIS element (4.60 and 5.21; Nikon) installed at N-STORM 4.0 microscope was used to acquire SR images of RNA Polll and H3.
ONI NimQS v.10.5 installed at Oxford Nanoimager microscope was used to extract DNA molecule localizations

Data analysis Fiji (v. 2.9.0) software used for SR image analysis can be found at https://fiji.sc/
Insight3 (v. 4.29.8) software used for SR image processing has been kindly provided by Dr Bo Huang (UCSF)
R (v. 4.2.2) software for statistical analysis can be found at https://www.r-project.org/
GraphPad Prism (v. 8.01) software for statistical analysis can be found at https://www.graphpad.com/scientific-software/prism/
MatLab (v. 2016a) software used for data analysis can be found at https://www.mathworks.com/products/matlab.html
Python (v. 3.9.7) programming language used for data analysis can be found at https://www.python.org/
PyTorch (v. 1.10) framework used for DL model training/validation and testing can be found at https://pytorch.org/
All the codes used to process and analyze the data are available at https://doi.org/10.24433/C0.7405455.v2

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.




Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The trained model as well as the full dataset of dual-color images generated during the current study are available in the the Code Ocean capsule number 7405455
at https://doi.org/10.24433/C0.7405455.v2. For single-color images (Pol Il and DNA) only the trained models and the test sets are available to reproduce the results
of the paper.
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Policy information about studies involving human research participants and Sex and Gender in Research.

Reporting on sex and gender N/A

Population characteristics N/A
Recruitment N/A
Ethics oversight N/A

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size CNN historically requires large amount of data to be trained while STORM Super-Resolution imaging is a low-throughput technique. Hence,
being the first time SR images of cell nuclei are used to train a CNN for classification purpose, we started with a low number of sample images
and increased the dataset until the model reached high performances.

Data exclusions  Data exclusion was performed only when acquisition defects were detected such as uneven illumination of the imaging field or suboptimal
spatial drift correction. These are common practice quality check assessments in super-resolution imaging

Replication Imaging data was collected In multiple imaging sessions performed in different days with independent samples (i.e. independent cell
preparation/labelling); (ss)RT-gPCR experiment was performed in 3 biological replicates. Findings were replicated.

Randomization  Male and female human somatic and iPS cells were selected among 7 different cell types. Randomization was not relevant for HSV-1 infected
cell.

Blinding Since the different cell lines and conditions used for the study require different cell culture media and display different cell morphology,
blinding cannot be applied during data collection.
For data analysis (i.e. training, validation and testing), sample images were randomly chosen by the DL algorithm with given proportion
(60/20/20) for each cell type and condition

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.




Materials & experimental systems Methods

Involved in the study n/a | Involved in the study
Antibodies |Z |:| ChIP-seq
Eukaryotic cell lines |Z |:| Flow cytometry
Palaeontology and archaeology |Z |:| MRI-based neuroimaging

Animals and other organisms
Clinical data
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Antibodies

Antibodies used Antibodies were used for cell imaging
Primary antibodies:
anti-RNA polymerase || CTD repeat YSPTSPS (phospho S5) antibody, Abcam, #ab5131; Histone H3 antibody, Active Motif, #39763.
Secondary antibodies:
donkey anti-rabbit 1gG H&L (Alexa Fluor® 647), Abcam, #ab150075 for single-colour of RNA Polll;
For dual-colour imaging: home-made dye pair [Alexa Fluor™ 405 NHS Ester, Thermo Fisher,#A30000; Cy®3 Maleimide Mono-Reactive
Dye Pack, Sigma-Aldrich, #GEPA23031; Alexa Fluor™ 647 NHS Ester (succinimidyl ester), ThermoScientific, #A20006] labeled
secondary antibodies [AffiniPure donkey anti-rabbit IgG (H+L), Jackson ImmunoResearch, #711005152; Peroxidase AffiniPure goat
anti-mouse 1gG, Fcy subclass 1 specific, Jackson ImmunoResearch, # 115-005-205;
For Extended Data Fig. 3g, anti-RNA polymerase Il CTD repeat YSPTSPS (phospho S5; Abcam #ab5408) was used for STORM, and anti-
NOLC1 (Abcam # ab184550) was used to mark nucleoli (both diluted 1:50). Secondary antibodies (goat anti-mouse 1gG Alexa Fluor™
647, ThermoScientific #A21235; and goat anti-rabbit IgG, Oregon Green 488, ThermoScientific #0-11038)
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Validation All primary antibodies are commercially available and suitable for Immunofluorescence applications. Their performance and
specificity was validated by the producer company as declared in the Abcam website: https://www.abcam.com/en-es

Eukaryotic cell lines

Policy information about cell lines and Sex and Gender in Research

Cell line source(s) A549 cells (lung carcinoma, American Type Culture Collection, ATCC CRL-185); B lymphocytes (GM12878); BJ fibroblasts
(human foreskin skin fibroblasts) (American Type Culture Collection, ATCC CRL-2522); IMR90 (fibroblasts isolate from lung
tissue, American Type Culture Collection, ATCC CCL-186); bone marrow mesenchymal stem cells (MSC, Guangzhou Salilai
Stem cell Science and Technology Co.,LTD); Hela; Muller glia; myocardiocytes (American Type Culture Collection, ATCC
ACL16); spontaneously arising retinal pigment epithelium (ARPE-19) cells (China National Collection of Authenticated Cell
Cultures, CSTR:19375.09.3101HUMGNHu45); urine epithelial cells (gift from Duanging Pei, Guangzhou Institutes of
Biomedicine and Health Chinese Academy, Guangzhou, China, https://doi.org/10.1038/nmeth.2283); Vero cells (African
green monkey, Kidney epithelial, American Type Culture Collection, ATCC CCL-81); normal lung tissue fibroblast iPSC
(hiPS(IMR90)-4: WiCell, #WISCi004); BJ fibroblast-iPSC (https://doi.org/10.1016/j.cell.2015.01.054); Amniocyte-iPSC
(Shenzhen Cell Inspire Biotechnology Co.,Ltd, IPSNO008); Dermal fibroblast-iPSC (Shenzhen Cell Inspire Biotechnology Co.,Ltd,
IPSN0O010); Periosteum cell-iPSC (Shenzhen Cell Inspire Biotechnology Co.,Ltd, IPSNO011); Umbilical cord mesenchymal stem
cell-iPSC (Shenzhen Cell Inspire Biotechnology Co.,Ltd, IPSN0039) and Urine epithelial cell-iPSC (https://doi.org/10.1186/
$13287-021-02238-4 and https://doi.org/10.1038/srep22484)

Authentication All the cell lines are commercially available or have been previously published and we did not perform any additional
authentication procedure.

Mycoplasma contamination All the cells were grown in BSL2 mycoplasma free culture room and regularly tested for mycoplasma. No contaminations
were reported.

Commonly misidentified lines  No commonly misindentified cell lines were used in this study
(See ICLAC register)






