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196 an E-cadherin junction imaged by scanning confocal is shown in Figs. 3F,G. FRM can again be
197  used for high-fidelity reconstruction during a timelapse, allowing both nuclei and junctions to be
198 predicted throughout long acquisitions (see Movie S2). Overall, our network captures junctional

199 intensity and geometry, both of which are invisible to the eye in the DIC input image.
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Figure 3: Cell-cell junction reconstruction from DIC data and capturing otherwise invisible morphology

(A-D) Images of MDCK WT cells at 20x magnification were processed using a neural network trained to reconstruct
cell-cell E-cadherin junctions. Representative ground truth features are shown alongside, and merged with, network
predictions. The scale bar is 30 um. (E) Ensemble statistics for E-cadherin reconstruction; N = 4539 test images, see
Table S1. (F) Line sections from identical spatial regions in (B) and (C) highlight the accuracy of predicted
fluorescence intensity across the cell-cell junctions. From 2D transmitted light input (A), 3D structures may be
approximated. (G, H) Representative cell-cell junction and corresponding confocal section, highlighting the

205

206 Fine structure reconstruction

207 In practice, high content imaging is inherently a trade-off between throughput and resolution.
208 The more detail we can extract from lower magnification images, the more efficient the imaging
209 and analysis. Here, we demonstrate the practical performance of FRM and a 20X/0.8NA

210 objective to reconstruct fluorescence signatures for several useful sub-cellular markers using
211  HUVEC cells that stably expressed VE-Cadherin:YFP (mCitrine) and were labeled with Hoechst

212 33342 (live nuclear dye) and SiR Actin (infrared live actin dye). Processed timelapse data (see
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Movie S3) highlights the variation of these fluorescent features given the same input (DIC)

image shown in Fig. 4A.

As a baseline, we characterized prediction accuracy for cell nuclei as the nucleus itself is
relatively low resolution, but detection of sub-nuclear features requires higher accuracy. The
Fig. 4B column demonstrates FRM performance for 20X nuclei including a line section through
both the bulk structure and sub-nuclear granules. Visually, the FRM image is quite accurate,
and P = 0.91 in this case. The line section easily captures the bulk form of the nucleus, but does

not quite capture the texture inside the nucleus, although it does capture the rough form.

Next, we trained the network on identifying Actin after first staining HUVECs using the SiR-Actin
live imaging dye. Here, the column in Fig. 4C shows significantly reduced performance as the
fine F-actin filaments visible in the ground truth fail to be reconstructed in the predictions (P =
0.67) with the exception of some of the cortical filaments at the very edge of the cells (see the
line profile). We hypothesize this is primarily due to fundamental limitations of DIC imaging and
the lack of contrast for intracellular F-actin, but it may also be due to the network overprioritizing
cortical filaments and the diffuse cytoplasmic signal. However, in practice we found that these
FRM data were useful for general cell body detection and potential segmentation analyses due

to the relatively homogeneous reconstructed fluorescence in the cytoplasmic space.

Finally, we trained the network with VE-Cadherin:YFP data in an attempt to reconstruct not only
cellular borders, but also the well-characterized, nano-scale membrane fingers that develop in
endothelial cell-cell junctions and indicate the direction of front-rear polarity in each cell *°. In
contrast to the actin performance, FRM proved far more capable here and readily detected both
general VE-Cadherin boundaries (Fig. 4D column) and the membrane fingers (Fig. 4E column),
although P = 0.77 still seems quite low and likely relates to the network attempting to

reconstruct the more variable granules in the center of the cell, which are irrelevant for


https://doi.org/10.1101/2020.03.05.979419
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2020.03.05.979419; this version posted May 12, 2020. The copyright holder for this preprint (which

237

238

239

240

241

242

243

244

245

246

247

248

249

250

was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

junctional analyses. While VE-Cadherin protrusions and boundaries are sometimes detectable
by eye in DIC (as in Fig. 4A), they are still quite subtle in the best case, and developing a
traditional computer vision process to detect and extract them has not been demonstrated,
thereby again highlighting the practical value of FRM to reconstruct not only fluorescence, but
also key morphological markers that are much easier to analyze in the FRM image than in the
DIC image. The statistical accuracy distributions are shown in Fig. 4F, where the spread of the
data in F-actin indicates the lack of reliability, while the tighter distributions for nuclei and VE-
cadherin indicate more useful reconstructions. Again, the value of FRM depends on the specific
guestion and context, and the decision of whether it is ‘good enough’ at detecting fine structures
rests with the end user. For reference, short movies of several markers are presented in Movies
S3-5. Additionally, training the network with large and varied datasets enable it to begin to

predict statistically rarer events, such as mitotic divisions, as shown in Movie S6.
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Figure 4: Coarse-to-fine feature reconstruction.

(A) A representative transmitted-light image of HUVEC cells at 20x magnification with its corresponding structures of
varying scale (B-D). The scale bar represents 30 um. (B-D) the relatively large nuclei, the finer VE-Cadherin
structures, and thin F-Actin filaments which are not readily resolved by the network. Ground truth fluorescent features
are displayed alongside, and merged with, network predictions. (E) displays zoomed-in portions of images shown in
(D). Line sections from (B”, C”, and D”) are displayed graphically in (B”’, C’”, D’”), to enable intensity comparisons
across the ground truth and predicted features. (F) summarizes the distribution statistics, clearly showing the
uncertainty in F-actin, with tighter reconstruction for nuclei and VE-cadherin. N = 5500+ test images for these
datasets.

251
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252 Comparing FRM visual performance to P scores, training set size, and network

253 A key feature of FRM is that its performance can often be increased by collecting more training
254  data, which in turn ought to improve P. However, P will never be perfect, nor is P necessarily
255  the best metric to go by when determining if an FRM image is ‘good enough’, as clearly the
256  context matters and the key question is ‘good enough for what?’ Hence, we sought to provide
257  several examples of how the size of the training set affects both P and the actual visual

258  accuracy or quality of the resulting FRM predictions.

259  To do this, we first swept through different sizes of training sets for many of the biomarkers

260 presented earlier (see Methods). Briefly, we selected random subsets of very large datasets and
261 trained the U-Net from scratch with these subsets. This process was repeated for different

262 fractions of the complete dataset to capture the FRM performance versus training set size. The
263 relation between P and training set size is shown in Fig. 5A to give a sense of how the

264  quantitative accuracy progresses and eventually plateaus. In contrast, we also provide FRM
265  results from the fractional training sets for the 20X HUVEC and MDCK data (Figs. 5B,C;

266  respectively). Here, the input and ground truth data are presented alongside representative

267  FRM predictions from networks trained with different numbers of training images (noted below
268 eachimage). As a single image from the camera (2048x2048 pixels) is first split into 256x256
269  pixel sub-images for training, a fractional image (e.g. Fig. 5C, 1/16™ column) implies that the
270  network was trained on just a small crop from a single micrograph. Broadly speaking, and as
271  expected, these data all indicate that FRM quality varies directly with the size of the training set,

272  as expected.

273  However, Fig. 5A demonstrates that the rate of change in quantitative quality (P) vs. training set
274  size is neither linear nor is it uniform across different biomarkers. Further, the actual predicted

275 images shown in Figs. 5B,C offer further nuance because they demonstrate that training the
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network against even a single image would be sufficient to capture nuclei for the purposes of
tracking or segmentation, while just 6 images would be sufficient to capture cell shape and
junctional geometry in epithelia assuming the researcher were willing to perform some simple
manipulations such as background subtraction. There is an obvious performance increase for
both cadherins when the training set comprises several hundred images, but it is difficult to

visually detect a difference between nuclei reconstructed from 6 or 400 images.

An alternate way to improve FRM would be to alter the U-Net architecture. Here, we first
compared the standard U-Net to a neural network architecture which was essentially two U-Nets
stacked end-to-end with additional residual connections. Such an approach has been shown to
improve network depth and performance in other applications®-23, Here, however, we observed
no benefit to training a deeper network (see Fig. S2). Further, given the significant temporal and
computational cost, we advise against its use for this kind of FRM. Alternately, we explored the
role of the loss function, testing our Pearson’s-based loss function against the traditional Mean-
Squared-Error loss function and found no significant difference (Fig. S3; Methods). Hence, we
conclude that our minimal U-Net implementation performs well as a foundation for a variety of

daily analysis tasks without requiring significant fine tuning.
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Figure 5: Impacts on prediction accuracy from smaller training sets.

(A) Cropping a sample image into 64 sub-images. (B) A comparison of network prediction accuracy as a function of
training set size. The U-Net is trained with the complete dataset as described in Table S1 for each experimental
condition. Then, random images representing a fraction of the total training set is used to train a new U-Net from
scratch. (C, D) display representative images for the HUVEC 20x dataset and the MDCK 20x dataset, respectively,
with predictions shown for various training set sizes. This type of analysis may assist users in collecting enough data
for their task-specific quality requirements. All scale bars represent 30 pm.
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Discussion

Limitations of existing accuracy metrics and the importance of context

Our data—collected from actual, real-world analyses, highlight the limitations of using traditional
accuracy metrics from computer vision for biological image analysis. Specifically, while there is
a general relation between an improved P Accuracy Score and FRM quality, it is not linear nor
intuitive how to determine what is ‘good enough’ given only a P value devoid of context for a
specific analysis. Further, and most critically, FRM does not reconstruct images according to
human imperatives. The U-Net only optimizes via the specific loss function it has been given
(e.g. Mean-Squared-Error or the Pearson’s coefficient). What the computer considers ‘good’

need not match our own assessments of value and quality.

As a practical example, compare the FRM performance for E-cadherin (P = 0.73; Fig. 3) and F-
actin (P = 0.67; Fig. 5). While the accuracy metrics differ by < 10%, the FRM of F-actin only
detected peripheral actin cables, otherwise blurring all internal features into a homogeneous
signal. Nonetheless, even this plainly ‘inaccurate’ signal could prove useful for cytoplasmic
reconstruction and tracking. In stark contrast, the E-cadherin data was much more visually
accurate and also captured key quantitative features of the ground truth such as junctional
localization and intensity, and even the subtle intensity gradients representing 3D morphology
despite having only a slight improvement in P-values. Yet despite that, a score of 0.73 is far
enough from ‘1’ that it is ambiguous in absence of a specific analysis, which is why FRM must

be evaluated in the context of a given question or analysis.

Practical considerations for training on new, low-magnification data
We specifically targeted the lower-magnification end of the imaging spectrum to explore how

well FRM performed at magnifications more commonly used for high content imaging
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applications such as timelapse studies of very large cellular colonies or massive screens using
multiwell plates. Our data indicate that such magnifications can be effectively combined with
FRM for applications spanning nuclear tracking, cell-cell junction analysis, and certain fine-

structure reconstruction even at just 20X.

A particular concern for the average user of a complex machine learning process is the size of
the dataset required as this can impose potentially strenuous experimental demands. However,
our characterization of FRM performance vs. data set size again shows the importance of
context as relatively few images are needed to get quite accurate nuclei reconstruction, while a
greater number of images are needed for junction reconstruction (Fig. 6). However, we also
note that our largest training set size comprised at most 500 camera images at 20X
(approximately one six-well plate)—something easily obtained with a standard automated
microscope, and still compatible with manual capture. Further, a very common approach in
machine learning is to ‘augment’ an image dataset by performing reflections and rotations on
images such that the network perceives each augmented image as a different datapoint,
thereby virtually increasing the size of the dataset. We did not perform such augmentation here
for the sake of simplicity and transparency, which suggests that significantly smaller datasets, if

augmented, could still produce good results.

FRM versus machine-learning segmentation approaches

FRM is a quickly developing technology that exists alongside another popular approach where
machine learning is used for feature segmentation'*1°34, In the latter case, the network is
trained to specifically detect ‘features’ (e.g. nuclei) as binary objects, whereas FRM instead
reconstructs the effective fluorescent image of what a fluorescent label against that structure
might show. Both are useful techniques, and the best approach depends on the application.

However, there are several unique advantages to FRM. First, reconstructing an effective
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fluorescent image from auto-annotated data (e.g. chemical dyes, antibodies, fluorescent
proteins) obviates the need for any manual annotation or pre-processing—often quite time
consuming and subjective. This means that an FRM image can be directly incorporated into any
existing analysis pipeline intended for fluorescent images, including traditional threshold-based
segmentation approaches. Further, more of the original data is preserved in an FRM image,
allowing the capture of things such as fluorescence intensity gradients (e.g. Fig. 3), and features

that might be lost during traditional binary segmentation.

Concluding remarks

Here, we characterize the value of fluorescence reconstruction microscopy (FRM) for everyday
analysis tasks facing researchers working with cell biology. We specifically highlight the need for
individual researchers to explore and evaluate FRM in the context of specific research questions
rather than accuracy metrics. We also highlight the surprisingly good performance of FRM even
with lower magnification imaging or relatively fine structures such as VE-cadherin fingers.
Finally, we have made all of our tools and all training datasets publicly available to improve
accessibility and provide a starting point for researchers new to FRM to easily explore it for

themselves and to eventually build on and improve.
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Methods.
Tissue culture

MDCK-II (G-type) cells stably expressing E-cadherin:dsRed were cultured in low glucose
DMEM. The MDCK-II culture media was supplemented with 10% Fetal Bovine Serum (Atlanta
Biological) and penicillin/streptomycin. HUVEC endothelial cells stably expressing VE-
cadherin:mCitrine were cultured using the Lonza endothelial bullet kit with EGM2 media
according to the kit instructions. Primary murine keratinocytes were isolated from neonatal mice
(courtesy of the Devenport Laboratory, Princeton University) and cultured in custom media®®. All
cell types in culture were maintained at 37°C and 5% CO. in air.

Preparation of training samples

We collected training data using 3.5-cm glass-bottomed dishes coated with an appropriate
ECM. To coat with ECM, we incubated dishes with 50 pg/mL in PBS of either collagen-1V
(MDCK) or fibronectin (HUVEC, primary keratinocytes) for 30 min 37 °C before washing 3 times
with DI water and air drying the dishes.

In order to contain a variety of conditions within a single plate to ensure a broad training sample,
we placed silicone microwells into the dishes as described in [*®] at densities from [1-2x10°
cells/mL] which ultimately allowed for single cells, low density confluent monolayers, and high
density confluent monolayers to be captured. Silicone microwells consisted of 3x3 arrays of 9
mm? microwells into which we added 4 pL of suspended cells in media, allowed them to adhere
for 30 min in the incubator (6 hrs for keratinocytes), added media and returned them to the
incubator overnight prior to imaging. To further ensure variability, several dishes were also
randomly seeded with cells for each cell type.

Fluorescent labeling for ground truth data

We used the live nuclear dye NucBlue (ThermoFisher; a Hoechst 33342 derivative) with a 1 hr
incubation for all nuclear labeling. We used SiR-Actin (Spirochrome) at 10 uM for live F-actin
labeling in HUVECSs. All other labels were genetically encoded reporters as described.

Image Acquisition

5X MDCK data was collected on a Zeiss (Observer Z1) inverted fluorescence microscope using
a 5X/0.16 phase-contrast objective, an sCMOS camera (Photometrics Prime) and controlled
using Slidebook (Intelligent Imaging Innovations, 3i). An automated XY stage, a DAPI filter set,
and a metal halide lamp (xCite 120, EXFO) allowed for multipoint phase contrast and
fluorescent imaging.

All epifluorescence imaging was performed using a Nikon Ti2 automated microscope equipped
with a 10X/0.3 phase objective, a 20X/0.75 DIC objective, and a Qi2 SCMOS camera (Nikon
Instruments). Time-lapse imaging effectively increased dataset size as long as sufficient time
was allowed between frames to avoid overfitting in the U-Net. MDCK data was collected at 20
min/frame, while HUVEC and keratinocytes were given 60 min/frame. Standard DAPI, CY5, and
YFP filters sets were used. Confocal sections of E-cadherin fluorescence in MDCK cells (Fig. 3)
were collected using a Leica SP8 scanning confocal tuned for dsRed excitation/emission.
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All imaging was performed at 37 °C with 5% CO2 and humidity control. Exposures varied, but
were tuned to balance histogram performance with phototoxic risk. Data with any visible sign of
phototoxicity (blebbing, apoptosis, abnormal dynamics) were excluded entirely from training.

Data Pre-Processing and Training

Prior to input to the network, raw images were segmented into 256x256 pixel? sub-images,
ensuring consistent slicing across the transmitted-light image and the corresponding fluorescent
image. The images were then normalized by statistics collected across all images in each
channel: that is, by subtracting from each image the mean and dividing by the standard
deviation. A test-train split was applied, such that a random 20% of the total images were held
out to comprise the test set. Additionally, 10% of the training data subset were held out for
validation as is standard.

The U-Net style architecture shown in Figure 1 was trained using TensorFlow?’ and the
ADADELTA optimizer®8, In the standard training experiments, the mean squared error (MSE)
loss function was applied across pixel intensity values in the predicted images compared to
intensity values in the ground truth images. Results from the MSE were contrasted with results
from two networks trained to maximize the Pearson’s correlation coefficient (PCC). The PCC is
commonly used in cell biology for evaluating the colocalization of two fluorescently labeled
structures®. The PCC loss function was defined, for two intensity data sets R and G, as:

Yi(R; —R)x (G; — G)

PCC = — —
ViR —R)2 x 24(G; — G)?
Loss = —(1 _ZPCC)

Sample training loss plots are provided (Fig. S4), reflecting the use of early stopping during
training. That is, when the validation loss did not decrease for 75 epochs, the training process
terminated. The training and test set sizes and results are provided for all experimental
conditions in Table S1.

For several of the experimental conditions, networks were trained using subsets of the
original dataset. To do so, the network architecture was fixed, and networks were trained from
scratch by using a random subset of matched input-output image pairs from the original training
set. The training setup, including hyperparameters, was unmodified regardless of training set
size. The original test set was used to compare results for all training set size tests relative to
each experimental condition.

Data Testing and Image Processing

The Pearson’s correlation coefficient (PCC) of each test set is determined by individually
computing the PCC between each predicted image, as output by the network, and its
corresponding ground truth image. Additionally, an accuracy score (P) based on the PCC was
devised to more reliably represent the performance of the network. To determine P, we report
the PCC on a subset of the test set which selects for only those test images containing positive
examples of features (nuclei, junctions, etc.). We construct this subset by manually determining
threshold values to distinguish image intensities indicating the presence of the relevant features
versus background noise for each test set. That is, the histograms of a subset of the data
containing positive examples of features are plotted, and an approximate lower bound on
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459  intensity values is estimated to distinguish the features from the background. Then, the

460 histograms of a subset of the data containing only background are plotted to ensure that the
461 threshold value is adequate to label the images as background-only images. The MatLab
462  function rmoutliers() was utilized to remove outliers when P is reported for each condition.

463 For the low-magnification experimental conditions, a nuclear area comparison was

464  performed between corresponding ground-truth and predicted images. Initially, both pairs of
465  output nuclear images were segmented independently using standard auto-thresholding,

466  watershedding, and size exclusion (to exclude clusters) in ImageJ/F1JI, and then outliers were
467 removed using the MatLab function rmoutliers(). We additionally report the centroid-centroid
468 displacement values for the same segmented images. The ImageJ/FIJI plugin TrackMate was
469  used to determine displacements between the ground truth and predicted images, as if they
470  were two frames of a video. Standard TrackMate settings were used and outliers were removed
471  using the MatLab function rmoutliers() for reporting.

472 When intensity plots for line slices are reported, a line is selected as an ROI in
473  ImageJd/F1JI, and intensity values are exported for analysis.
474 New large transmitted-light images were processed using a sliding-window technique.

475  We processed a large image by analyzing 256x256 pixel*2 patches of the input image with a
476  stride of 64 pixels in each direction. Additionally, the border of each predicted patch was

477  excluded in the sliding-window process, as features near the patch borders are likely to have
478  lower accuracy (often as a function of cells being cut off). The sliding-window predictions at
479  each pixel were then averaged to produce the final large predicted image. Timelapse movies
480 can be processed on a frame-by-frame basis. If scaling was required as described in Fig. 3, the
481  input was scaled in FIJI and then passed to the network for analysis.

482 Code and Dataset Availability

483  All code used for pre-processing data, training the network, testing a trained model, and

484  applying the model to new images, along with an extensive user manual and pre-trained weight
485 files can be found at:

486  https://github.com/CohenLabPrinceton/Fluorescence-Reconstruction .

487  Additionally, our complete testing datasets, along with corresponding reconstructed images, are
488 available through our Zenodo repository, which can be found at:

489  http://doi.org/10.5281/zenod0.3783678 .
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493  Supplementary Materials

494
Modified
Training P:
Set Size | Test Reduced
(sub- Set Test Set PCC PCC Modifed | Modified
Magnification | Cell type Feature images) Size Size Mean St.Dev P Mean P St.Dev
5x MDCK Nuclei 22835 5709 4443 0.72529 | 0.35884 | 0.90322 0.07801
10x Keratinocyte | Nuclei 26214 6554 4156 0.57717 | 0.43833 | 0.9014 0.093155
20x MDCK Nuclei 40000 10000 4556 0.43844 | 0.43333 | 0.90327 0.05724
E-
20X cadherin | 40000 10000 4539 0.37466 | 0.34172 | 0.73053 0.091688
20X HUVEC Nuclei 30720 7680 5533 0.68936 | 0.40728 | 0.93776 0.060886
VE-
20X cadherin | 30720 7680 5666 0.60824 | 0.30398 | 0.77737 0.074176
20X F-actin 30720 7680 5820 0.51247 | 0.30438 | 0.66808 0.14057
495

496 Table S1. Accuracy and training statistics for all experimental conditions.

497
PCC vs. Modified P
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498

499  Figure S1. A comparison of experimental results in Pearson’s Correlation Coefficient (PCC),
500 versus a modified accuracy score P (see Methods). To ensure a fairer comparison, outliers
501 were not removed; only intensity thresholding was performed to produce the modified P from
502 the PCC. By filtering the PCC results by an intensity threshold in the fluorescent images, we
503 remove low-scoring background images, which bias our accuracy score on the complete
504  dataset. Visual inspection of the plot reveals the low-scoring images as “bumps” near 0.0.

505
506
507
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Network Depth and Accuracy
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512  Figure S2. Representative accuracy results for a dataset trained on the standard (1-stack) U-
513 Net, compared to a network comprised of two U-Nets stacked back-to-back, with residual
514  connections (2-stack). Training conditions were otherwise unchanged. Accuracy scores, as
515 reported in terms of the modified P (see Methods) were comparable.

516

517

Training Loss Function and Accuracy
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518
519 Figure S3. Representative accuracy results for networks trained using the Mean-Squared Error
520 loss function (MSE) compared to the Pearson’s Correlation Coefficient loss function (PCC). The

521  neural network architecture and training conditions are the same, with the exception of the

522  choice of loss function. Accuracy scores, as reported in terms of the modified P (see Methods)
523  were comparable.
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528

529  Figure S4. Representative loss functions from the standard U-Net training process. Early
530 stopping was enabled, so that if the validation loss did not decrease within a set number of
531 epochs, the training process terminated.

532
533
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538 Movie captions on the following page
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547  Supplementary Movie Captions:
548 Movie S1. Fluorescence reconstruction microscopy (FRM) on timelapse data.

549 A phase-contrast timelapse of MDCK cells, imaged at 5x magnification, is shown at left. The
550 center panel displays nuclear predictions produced by the trained U-Net, given individual frames
551 from the phase-contrast timelapse as input. The overlay of the phase-contrast movie and the
552  nuclear predictions is shown at right. Each panel is 0.31 cm x 0.31 cm, and time between

553 frames is 20 minutes. Video compressed for supplement, but raw data available on request.

554  Movie S2. FRM for high-content screening.

555 A DIC timelapse movie of MDCK cells, imaged at 20x magnification, is shown at left (top and
556  bottom). The top row displays E-cadherin junctions, while the bottom row displays nuclei.

557  Moving left from right, the second-from-left images are ground truth (actual) fluorescent images
558  of the junctions/nuclei in green, followed by the FRM predictions in red, and finally the merge of
559 the ground truth and predicted images. Predictions are produced by processing the DIC input on
560 the left through a neural network trained on a dataset of matched DIC and fluorescence image
561  pairs. Panel width is approximately 500 pum, and time between frames is 20 minutes.

562 Movies S3-5. FRM for fine structures.

563 A DIC timelapse movie of HUVEC cells, imaged at 20x magnification, is shown at left. Movie S3
564  shows VE-cadherin, Movie S4 shows Nuclei, and Movie S5 shows F-actin. All movies present
565  DIC/Ground Truth/Prediction/Merge from left to right. Individual panel width is 890 um, with 20
566  minutes per movie frame.

567 Movie S6. Mitotic division prediction.

568 A neural network is able to capture rare events, such as cell divisions, when trained on a

569 sufficiently large and varied dataset. Left panel: a fluorescent timelapse of stained HUVEC

570 nuclei, imaged at 20x magnification. Center panel: the U-Net predictions from DIC images of the
571 same spatial region. Right panel: an overlay of the left and center panels for comparison. Time
572  between frames is 20 minutes.
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