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Supplementary Note 1: RNA Detection

Simulated images to validate spot detection algorithms

To evaluate our spot detection algorithm, we simulated 3D images with spots mimicking the smFISH

signal produced by RNA molecules. We used simulated, but realistic images in order to have precise

control over the ground truth in terms of noise levels and RNA counts. With experimental data, these

parameters are not accessible, and make a comprehensive validation difficult. Lastly, manual annotation
f 30 FISH i ) . ; | subjecti

Bash and Python scripts used for these simulations are available on GitHub
(https://github.com/fish-quant/sim-fish/tree/main). These images are obtained with three main steps:

1. We randomly draw the number of spots (this parameter can also be predetermined) and their
localization in three dimensions.

2. For each spot we simulate a 3D Gaussian signal with a predefined amplitude and sigma. The final
intensity of every pixel is sampled from a Poisson distribution with the gaussian simulated value as
expectation.

3. We simulate a background white noise over all the image, following a normal distribution centered
around a predefined noise level.

Low noise

Medium noise

High noise

300 spots

25 spots 100 spots

Figure S1. Examples of simulated smFISH images with different noise levels and varying number of simulated spots.


https://github.com/fish-quant/sim-fish/tree/main

To evaluate detection in imaging conditions with different noise levels, we varied the parameters to
simulate images. Signal quality was evaluated with the Signal-To-Noise ratio (SNR). SNR is calculated for
each spot, where we define the background as a region surrounding its center and a radius twice the size
of the spot radius, with the following equation:

MAX(intenSityspot) — MEAN(intenSitybackground)

SNR =

spot STD (intensitybackgmun d)

The function to calculate the SNR function is also available on GitHub:
https://github.com/fish-quant/big-fish/tree/master/bigfish/detection/snr.py

For each image, we then estimated the mean SNR. We simulated images with SNR values between 2
and 30. We then group these SNR values in three regimes (Figure S1): high (SNR around 20), medium
(SNR around 10) and low low noise (SNR around 3.5) .

Automated detection of individual and clustered RNAs

Automated spot detection

RNA spots are detected with a standard method (1) consisting of three steps:

1. Image is denoised and spots are enhanced by using a Laplacian of Gaussian (LoG) filter.
2. Peaks are detected in the filtered image with a local maximum detection algorithm.
3. An intensity threshold is applied to discriminate actual spots from noisy background.

In order to scale this spot detection to thousands of images, a fully automated approach is required. The
size of the LoG filter can be derived from the expected size of the point spread function of our spots. This
parameter is assumed to be known (or approximated) for a given experimental protocol. The critical
parameter is the intensity threshold that usually needs to be adjusted for each probe-set targeting a
specific RNA. We therefore implemented a heuristic approach to automatically set this threshold.

The detected local maxima are either actual spots or some background noise (autofluorescence, of-site
binding of oligos, ...). We assume that they have a different intensity distribution, and RNA spots have
significantly higher intensity values since they are targeted by multiple oligos. Indeed, as we start
increasing our detection threshold (Figure S2), we first observe a quick (and almost monotone) decrease
in the number of spots detected. The threshold only removes background noise; real spots are too bright
to be removed. At higher intensity values and good image quality, the number of detected spots reaches a
plateau, corresponding to adequate intensity threshold. If the intensity threshold is further increased, true
RNAs are missed and sensitivity decreases accordingly. While for high noise levels, this plateau may be
less pronounced, we can still see an abrupt change in the slope of the curve, clearly separating the
regimes of over- and underdetection.

In summary, if we plot the number of detected spots as a function of the intensity threshold, we observe
an elbow curve. We then set the intensity threshold at the value where this curve breaks and has an
abrupt change in gradient (red point in Figure S2). More specifically, we choose the threshold where the
gradient is above the average gradient of the curve.


https://github.com/fish-quant/big-fish/tree/master/bigfish/detection/snr.py
https://www.zotero.org/google-docs/?Dv7SpS

A

)
[]
v
“(l
o
°
=
°
@
-
[~
]
]
[}
-]
w
=1
=
=
E
-
3
=
o
2
E
E
=

Low noise Medium noise High noise

¢ Selected threshold

@

o

w

-

[

100 200 00 200 0 100 200 300 400 0 100 200 300 00
Candidate thresholds Candidate thresholds Candidate thresholds

. .

- -
Medium noise

High noise

Low noise

Figure S2. Automated detection of RNAs. (A) Number of detected spots shown as a function of
different intensity thresholds for different noise levels. Red dot indicates the value of the automatically
determined threshold. (B) Simulated images with different noise levels containing 100 spots (top).
Detected positions (red circle) and simulated positions (white dots).

When testing our automated spot detection method on images with varying signal quality, we found that it
performs very well for a SNR equal or greater than 8 (Figure S3). For a high level of noise (SNR between
2 and 5) we estimate an average error of 24% in terms of the number of detected spots when we simulate
between 10 and 300 spots per image. However, for a medium or low level of noise (SNR between 8 and
26), we respectively estimate an average error of 5.5% and 1.4%.
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Figure S3. Impact of noise on automated detection. (Leftf) Number of detected spots compared to the actual
number of simulated spots simulated. For each noise regime, 100 images were simulated. Dashed trend lines
indicate different estimation errors. (Right) Plot summarizes results for images simulated with 100 spots and different
noise levels. Each dot corresponds to one image.

Decomposition of dense regions and cluster detection

The above described standard spot detection approach fails to separate spots that aggregate in dense
and bright areas, where no individual spots can be resolved. In this case, RNA counts are thus
underestimated._To_overcome this limitati DroVj 3 ative approa i 3
such dense areas and decompose them into individual RNAs. Secondly, we detect and quantify clustered

RNAs using the individual RNA coordinates. Below, we describe these steps in more detail.

NIEAUON, We Proviae an ailernd € approacn wnere we

First, we implemented an approach where we detect such dense areas and then iteratively populate
them with additional RNAs until the reconstructed image matches best the observed image. This
process can be summarized in four main steps:

1. Avreference spot is estimated from all detected spots, by calculating their median image.

2. The reference spot is fitted with a Gaussian function, and the estimated parameters represent our
model for a noise free reference spot.

3. We detect potential spot clusters (candidate regions) as dense and bright areas, using a connected
component algorithm. Such a candidate region has at least 2 connected pixels that are brighter than
the reference spot.

4. For each candidate region, we implemented an iterative approach to create an image that matches
best the identified candidate regions. Starting with an empty image, we compare at each iteration the
simulated image with the actual image, and place a reference spot at the location with the maximum
difference. Image similarity is estimated by their squared sum of squared residuals (SSR), and
iteration is stopped once the SSR is not decreasing anymore.

Second, we can apply a spatial clustering algorithm (DBSCAN) (2) on the obtained RNA point cloud to
detect spatially localized clusters and count the RNAs inside.


https://www.zotero.org/google-docs/?PaGz17

To evaluate this process, we simulated images with one cluster containing a specific number of spots (5,
10 and 15 spots) and different noise levels (Figure S4). Then, we used our method to infer the number of
spots per simulated cluster. Please note, that this entire process from the initial RNA detection,
decomposition to the cluster calling is entirely automated and requires no user intervention.

Low noise

Medium noise

High noise

5 spots in cluster 10 spots in cluster 15 spots in cluster

Figure S4. Simulations with 100 spots, one unique cluster centered in the image and different levels of noise. We
include different numbers of spots inside the cluster.

Our decomposition and cluster detection approach performed robustly across the different noise levels
of noise (Figure S5). The average error was 0.8 spots when simulating clusters with 5 or 10 spots, and
1.6 when simulating clusters with 15 spots.
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Figure S5. Estimated number of RNAs per simulated cluster as a function of different SNR. Three different cluster
sizes were simulated. Red line indicates the simulated ground ftruth, dashed green line the average number of
detected RNAs per cluster.

Supplementary Note 2: Segmentation with Deep
Learning

We implemented deep learning models to segment nuclei directly from big-fish without using another API,
package or framework. We train and evaluate these models on fluorescent images with 4 channels from a
recent study (3) : one channel for nuclei segmentation (DAPI), three different channels with different
image quality permitting cell segmentation (CellMask, smFISH and a GFP marker for centrosomes). To
obtain ground-truth annotations, we pre-segmented 180 fields of view with Cellpose (5), and then
manually corrected these predictions. We used 19 images for evaluation and the rest for training.

Our models use an encoder-decoder architecture like Unet (4, 5), with 4 downsampling stages (the spatial
resolution of our images is divided by 16 at the bottom of the model). We also use residual blocks, for
each stage, mimicking Cellpose (5). Models are trained with Adam optimizer until validation loss does not
improve anymore. To evaluate our models, we use the mean Average Precision (MAP) as a metric. For
each pair of predicted and ground truth instances, we compute their Intersection over Union score (loU).
They match if the loU is above a specific value. For a given threshold, we can then compute True
Positives (instances matched correctly), False Positives (predicted instances matching nothing), False
Negatives (ground truth instances missed) and the Average Precision as:

TP
AP = TP+FP+FN

The mean Average Precision (MAP) is the average of this score for different loU thresholds between 0.5
and 0.95. Higher values indicate better agreement between prediction and ground-truth.

Segmentation of nuclei is implemented as a pixelwise classification problem with three classes:
background, foreground and nuclear boundary. The model then assigns each pixel to one of these 3
classes. To build a mask for every nucleus instance, we use its foreground predicted surface and apply a
dilation of 1 pixel (Figure S6A). The model is trained with a categorical cross-entropy loss.

3-classes Unet 0.6



https://www.zotero.org/google-docs/?rp8ejs
https://www.zotero.org/google-docs/?QyLw8m
https://www.zotero.org/google-docs/?26ZRQo
https://www.zotero.org/google-docs/?Af7eK7

Distance map Unet 0.66 0.59 0.58

Distance map Unet (double input) 0.65 0.63 0.62

Table S1. MAP for different input channels. For every channel, evaluation is performed over 19 images.

For cell segmentation, we implemented two different models. First, the model uses one cell channel as an
input (Cellmask, smFISH or GFP) and predicts the cell surface and a distance map to cell edges. These
predictions are then processed with a watershed algorithm to both predictions (using segmented nuclei as
seeds) to obtain a mask for every cell instance. We use a combined loss to train the model with a binary
cross-entropy loss for the surface prediction and a mean absolute loss for the distance map. Best
segmentation results were obtained with CellMask, while the smFISH and GFP channel yielded similar
AP scores (Table S1, Figure S6B-D).

In a second approach, the model uses two input images (nucleus and cell channel) and predicts 3
images: the cell surface (as a binary map), a distance map to edges of the nuclei and a distance map to
cell edges. Cell instances are obtained with the same strategy as above, i.e. by application of a
watershed algorithm. We speculated that by adding the nuclear channel, segmentation of cells could
become more accurate. As above, we use a combined loss to train the model, mixing a binary
cross-entropy loss for the surface prediction and a mean absolute loss for both distance maps. This
approach slightly improves segmentation results for the smFISH and GFP channel (Table S1).
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Figure S6. (A) Example of nuclei segmentation with the DAPI channel as input. (B-D) Example of cell
segmentation with a different channel as input (B=CellMask, C=smFISH, D=GFP). For cell segmentation,
DAPI channel is also used as input with the double input model.



Supplementary Note 3: Spatial features for RNA
localization

Here, we list the different spatial features that are implemented in big-fish and permit a classification of
cells based on their RNA localization patterns. Features are grouped into different classes.

Feature Description
Area of nucleus Measured in pixels.
Area of cell Measured in pixels.
Area of cell extension The cell area removed by an opening of size 3000nm (an erosion
followed by a dilation). Measured in pixels.
Proportion of nucleus area Proportion of the nucleus area compared to the entire cell.

Table S2. Features to describe cell morphology.

Feature Description

Total number of mMRNAs -

Number of mRNAs inside | -
nucleus

Proportion of mRNAs inside | Proportion of the mRNAs localizing inside the nucleus compared to the
nucleus total number of mMRNAs in the cell.

Proportion of mRNAs in foci Proportion of MRNAs clustered in a foci compared to the total number
of mMRNAs in the cell.

Proportion of mRNAs in cell | Proportion of mMRNAs in cell extension compared to the total number of
extension mRNAs in the cell.

mRNA  proportion  along | Proportion of mRNAs within 500 nm from the nuclear envelope
nuclear envelope compared to the total number of MRNAs in the cell.

Proportion of mRNAs in | Proportion of mRNAs in specific subcellular regions compared to the
specific subcellular areas total number of mRNAs. Five concentric regions are defined around
the nuclear envelope: 500-1000 nm, 1000-1500 nm, 1500-2000 nm,
2000-2500 nm and 2500-3000 nm. Six concentric regions are defined
from the cell membrane: 0-500 nm, 500-1000 nm, 1000-1500 nm,
1500-2000 nm, 2000-2500 nm and 2500-3000 nm.

Polarization index Measurement of the mRNA point cloud polarization in the cell. The
higher the more polarized are the mRNAs. Index is computed based
on the distance between the mRNAs centroid and the cell centroid.
Details in (6).

Dispersion index Measurement of the mRNA point cloud dispersion in the cell. The
higher the more dispersed are the mRNAs. Details in (6).

10
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Peripheral distribution index

Measurement of how close the mRNAs localize to the cell periphery.
Details in (6).

Mean/median mRNA distance
to centrosome

Expressed as an index: mean/median distance over the expected
mean/median distance if mMRNAs were distributed uniformly in the cell.

Proportion of mRNAs around
centrosome

Proportion of mRNAs within 2000 nm from a centrosome compared to
the total number of mMRNAs in the cell.

Table S3. Features to describe non-random RNA localization patterns.
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Supplementary note 4: Comparison of existing
analysis tools

Object segmentation
NucleAlzer Python, Yes (7)
MATLAB
Cellpose Python Yes (5)
EmbedSeg Python No (8)
Stardist Python Yes 9)
llastik Python Yes (10)
Spot detection in smFISH images
RS-FISH Semi-automated Java Yes (11)
DeepBlink Python No (12)
TrackMate Semi-automated Java Yes (13)
General purpose, modular image processing tools
CellCognition Python Yes (14)
CellProfiler | Semi-automated To be Python Yes (15)
adapted
ICY Semi-automated To be Java Yes (16)
adapted
Frameworks for smFISH analysis
StarFISH Semi-automated Python No (17)
FISH-quant v1 | Semi-automated MATLAB, Yes (1)
Python
DypFISH Python No (18)
FISH-quant v2 Python Yes

Table S1. Comparison of different methods and software that can be used in a smFISH study and

analyze sub-cellular RNA localization. This table provides a non-exhaustive overview of different tools.
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