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Abstract

Particle picking in cryo-electron tomograms (cryo-ET) is crucial for in situ structure detection of macro-
molecules and protein complexes. The traditional template-matching-based approaches for particle pick-
ing suffer from template-specific biases and have low throughput. Given these problems, learning-based
solutions are necessary for particle picking. However, the paucity of annotated data for training poses
substantial challenges for such learning-based approaches. Moreover, preparing extensively annotated
cryo-ET tomograms for particle picking is extremely time-consuming and burdensome. Addressing these
challenges, we present TomoPicker, an annotation-efficient particle-picking approach that can effectively
pick particles when only a minuscule portion (~ 0.3 — 0.5%) of the total particles in a cellular cryo-ET
dataset is provided for training. TomoPicker regards particle picking as a voxel classification problem and
solves it with two different positive-unlabeled learning approaches. We evaluated our method on a bench-
mark cryo-ET dataset of eukaryotic cells, where we observed about 30% improvement by TomoPicker
against the most recent state-of-the-art annotation efficient learning-based picking approaches.

1 Introduction

Cryo-electron tomography (Cryo-ET) is an emerging imaging technology that has enabled in-situ 3D visu-
alization of macromolecular structures at up to subnanometer resolution within cells in near-native contexts
[1,2]. Furthermore, cryo-ET can resolve the structures of macromolecules and protein complexes inside cells
with different compositions and/or conformations. Just as importantly, mapping back molecules into their
original positions within cryo-tomograms can reveal their spatial organization, providing additional poten-
tially novel biological insights [3]. As a result, cryo-ET is emerging as a powerful new imaging approach for
in situ structural biology.

Presently, the extraction of macromolecular structures from 3D cellular cryo-ET tomograms is a complex
process that involves multiple steps [4] 2]. The first and most important step is locating the macromolecules
in the tomograms, i.e., “particle picking” [5] [6]. However, particle picking is a challenging task for several
reasons. Firstly, cryo-ET tomograms are large 3D volumes with a size /= 1000 x 1000 x 500 pixels, even after
4x binning [7, 8]. Secondly, these tomograms are typically possess low signal-to-noise ratios and contrast
due to the complex cytoplasmic environment and low electron dosage [8, [4]. Finally, the concentration of
macromolecules per image is very high (~ 500 — 1000 per cryo-tomogram) [6], making it even more difficult
to locate them accurately.
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Figure 1: Overview of the particle picking process with TomoPicker. First, the training tomogram is
preprocessed, and a corresponding binary mask tomogram is generated, given the few manual annotations.
Pairwise subvolumes and their labels are extracted from the tomogram and the binary mask tomogram,
respectively, in a sliding window manner. Then, a voxel-classifier network fp is trained using the pairs
of subvolumes and their labels using positive-unlabeled (PU) learning-based loss functions. PU learning
requires the expected number of particles in the training tomogram to be provided. After training, the
classifier network is applied to all subvolumes extracted from all the tomograms to infer the masks. The
masks are combined for each tomogram to obtain the full binary masks. The locations of the particles are
obtained from these masks through non-maximum suppression.

Given the aforementioned challenges, manually picking particles in cryo-tomograms is extremely time-
consuming and burdensome. Just as importantly, aside from ribosomes and select large macromolecular
complexes (e.g., mitochondrial respiratory complexes) which can be seen by eye within cryo-tomograms due
to their size and contrast, the vast majority of molecules within cells are too small to be visually detected,
rendering manual picking all but impossible. To this end, automated approaches for particle picking have
been developed [5, @, [I0]. A common approach is template matching (TM), which uses templates from
existing data sources as references to localize similar macromolecules within the tomograms [11]. However,
TM can only be applied when a reference template is available for the macromolecules to be picked and
often contains reference-dependent biases [7, [12]. In addition, analogous to manual particle picking, TM is
extremely time-consuming [7] and shows suboptimal performance [I3]. To solve this issue, neural network-
based deep learning approaches have been introduced [14, [T0,[9]. These approaches provide high-throughput,
fast localization of particles without reference-dependent biases. However, most of these approaches [10] 9]
are based on supervised learning, which again requires manual annotation of many particles in the tomograms
for training purposes. Therefore, annotation-efficient methods that can perform reliable annotations without
requiring large, annotated training data are necessary.

In recent years, a few learning-based picking approaches have addressed this annotation burden [I5], [16].
Huang et al. [I5] developed an algorithm to detect proteins from sparse labels by regarding particle picking
as a regression problem. The algorithm regards every 3D tomogram as a single sample and thus predicts
particle coordinates directly at the tomogram level. This approach has two problems. First, since this method
is a learning-based method and regards each tomogram as a sample, a large number of similar tomograms
are required in the training set. Second, fitting tomograms as inputs to convolutional networks results in
significant downsampling. This exacerbates the already serious issues associated with particle crowding
within the tomogram, further diminishing signal-to-noise. Another supervised algorithm has been developed
very recently, DeepETPicker [16]. Unlike the algorithm developed by Huang et al. [15], DeepETPicker can
be trained on a single tomogram where several particle coordinates in the tomogram are annotated. Despite
achieving success for sparse single-particle and prokaryotic tomograms, its efficacy in crowded eukaryotic
tomograms has not yet been explored. Moreover, DeepETPicker [16] did not adopt any mechanism tailored
to deal with the annotation-efficiency issue. Consequently, a more efficient approach for annotation in particle
picking is clearly required.

In this work, we developed a novel annotation-efficient particle-picking approach called TomoPicker. Our
approach only requires a small proportion (~ 0.3 — 0.5% of all particles in a tomogram dataset) of the
particle’s center coordinates to be annotated beforehand. In TomoPicker, we regard particle picking as a
voxel classification problem. For 3D cryo-ET tomograms, each voxel is classified as a binary value based
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on whether it contains particles or not. However, unlike the methodology described by Huang et al. [I5],
our approach can be trained on a single tomogram since we do not treat the entire tomogram as a discrete
sample. Rather, we use subvolumes extracted from tomograms as samples for voxel classification. Given
that only a few portions of the voxels are labeled as positive, a specific approach is necessary to deal with the
large unlabeled voxels. If all unlabeled voxels are regarded as negative, it would lead to erroneous prediction
and picking. To solve this problem, we introduced two positive-unlabeled (PU) learning approaches-one
based on non-negative risk estimation and another based on regularization based on a prior distribution.
In this work, we developed a novel annotation-efficient particle-picking approach called TomoPicker. Our
approach only requires a small proportion (~ 0.3 — 0.5% of all particles in a tomogram dataset) of the
particle’s center coordinates to be annotated beforehand. In TomoPicker, we regard particle picking as a
voxel classification problem. For 3D cryo-ET tomograms, each voxel is classified as a binary value based
on whether it contains particles or not. However, unlike the methodology described by Huang et al. [I5],
our approach can be trained on a single tomogram since we do not treat the entire tomogram as a discrete
sample. Rather, we use subvolumes extracted from tomograms as samples for voxel classification. Given
that only a few portions of the voxels are labeled as positive, a specific approach is necessary to deal with the
large unlabeled voxels. If all unlabeled voxels are regarded as negative, it would lead to erroneous prediction
and picking. To solve this problem, we introduced two positive-unlabeled (PU) learning approaches-one
based on non-negative risk estimation and another based on regularization based on a prior distribution.
We evaluated our methods against two well-annotated benchmark datasets (one imaged with Volta-
Phase-Plate (VPP) and the other imaged using Defocus-only) of eukaryotic S. Pombe cell tomograms. We
also evaluated the recent and popular learning-based cryo-ET picking methods (including the state-of-the-art
DeepETPicker [16]) on these datasets for the first item. Our extensive experiments demonstrate superior
performance of the TomoPicker approach compared to the other earlier approaches. Our proposed KL
divergence-based and non-negative risk estimator-based TomoPicker method improves the particle picking
performance by ~ 30% over the DeepETPicker method in analyzing the VPP (Volta-Phase-Plate) and
Defocus-only datasets, respectively. In addition, qualitatively, the TomoPicker predictions most closely
resemble the ground truth when visualized (Figure 2 and Figure 4). Thus, TomoPicker shows high efficacy
even when 0.4% of the total number of annotated particles in the datasets are used for training. Overall, our
data suggest that TomoPicker can serve as a valuable tool for particle picking in 3D cryo-ET tomograms.

2 Related Works

Template-Matching for Particle Picking

Before the development of learning-based models, Template Matching (TM) [II, 5] was the most used
approach for particle picking. In TM, structural templates from existing databases, such as the Protein
Database (PDB) [17] and Electron Microscopy Data Bank (EMDB) [18], have been usually resolved through
X-ray crystallography or single-particle cryo-EM. The structure of interest is first low-pass-filtered, and then
randomly rotated in a fixed interval to create multiple templates. These templates are scanned throughout
the cryo-ET tomograms in a sliding window manner and a cross-correlation score is calculated between the
templates and each subvolume. Thus, TM determines the location of the particles and their orientations with
respect to the original template. Despite being widely used, this process is extremely time-consuming given
the large size of the tomograms and the large number of templates to match with. Moreover, this is prone
to template-dependent biases and cannot determine any structure without known existing templates. As a
result, learning-based methods have been developed for particle picking. The proposed method, TomoPicker,
is also a learning-based picking method.

Supervised Learning-based Particle Picking Methods

To overcome the challenges of TM, several learning-based particle-picking methods have been developed.
However, most of them [19, 20] are based on supervised learning, where a deep learning model is trained
using a vast amount of manually annotated data. DeepFinder [I9] and DeepiCT [20] use supervised UNet
Networks to perform segmentation on cryo-ET tomograms where the predicted segmentation masks are used
for particle picking. Training these models requires manual annotation of segmentation masks. DeepET-
Picker [16] follows a similar strategy by placing gaussian blobs in the picked location to create a ground
truth segmentation map and trains a fully supervised UNet segmentation model. CrYOLO [9] performs
supervised object detection using a YOLO-based object detection network. It requires the users to provide
bounding box annotations instead of segmentation masks. However, CrYOLO [J] is originally developed for
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2D single-particle cryo-EM images. Using this approach for 3D data requires performing 2D annotation on
the 3D cryo-ET image slices and later converting the 2D predictions to 3D. Though providing boxes is easier
than segmentation masks, the conversions between 2D and 3D are still a problem and successful training
requires a large number of ground truth boxes to be manually annotated. Such manual annotation is also
extremely time-consuming and burdensome. Unlike these methods, our method only requires providing the
coordinates (approximately at the center) of a few particles to be annotated.

Weakly supervised Learning-based particle picking

A few weakly-supervised learning-based particle picking methods [I5, [21] have been developed very recently
that require only providing the center coordinates of a few particles in tomograms for training. These
methods directly predict the center coordinate of particles given a whole 3D tomogram. However, as discussed
earlier, they significantly downsampled the tomograms to treat them as a single sample. Such downsampling
increases the crowding of particles, which can be tolerable only for purified or a few prokaryote tomograms
with sparsely located particles but not for already crowded eukaryote tomograms. Moreover, they can be
trained only on datasets containing many (> 50) similar tomograms. Unlike them, our method regards
subvolumes from a tomogram as a sample and can be trained on a single tomogram. Since we do not require
downsampling the tomograms, our method works well even on crowded eukaryote tomograms. Though we use
positive-unlabeled (PU) learning similar to Huang et al. [I5], our PU learning pipeline is methodologically
much different from theirs.

3 Methods

Given a set of n € N tomograms S = {7 (W}, where each tomogram 7)) € R xd2xds {713 ¢ Nisa 3D
grayscale image, TomoPicker provides a set of particle coordinates {(;, y:, 2;)}<, for each tomogram 7).

TomoPicker consists of three main components for annotation-efficient particle picking in cryo-ET tomo-
grams (Figure . We briefly discuss them as follows:

3.1 Preprocessing and Data Generation for Training

The tomograms 7 in the dataset S are preprocessed to enhance contrast. We load the tomograms as
voxelized arrays and standardize the voxels for each tomogram to 0 mean and 1 standard deviation. Then, we
clip those values that lie beyond three standard deviations from the mean (which is 0 after standardization).
After clipping, we again standardized the voxels in each tomogram to 0 mean and 1 standard deviation.

A training dataset T and validation dataset V (optional) is selected from the dataset S, where |T| < [S].
In our experiments, we used only one tomogram for training and one for validation, keeping |T| = |V| = 1.
For each training and validation tomograms 7 € {T,V}, we create empty voxel arrays {£(")} having the
same shape as the corresponding tomogram. We create these empty voxel arrays to generate labels for
each voxel for our voxel classification-based particle-picking network. We require a few (minuscule percent
of the total particles K) particles coordinates {(z;,v:, z)}%1,m < K to be provided for the training and
validation tomograms. For each of the provided particle coordinates per training or validation tomogram,
we put values of 1 in all the voxels around the coordinate that lie within a distance equal to the radius r € N
of that particle in the empty voxel arrays. Thus, we have a roughly spherical mask of 1s for each labeled
particle in the corresponding {£("} arrays belonging to the tomogram (Figure .

Given the large size of the tomograms, it is difficult to pass them directly as input to our particle-
picking model. Consequently, we generate small subvolumes and submasks from the tomograms and their
corresponding label arrays. To this end, we use a sliding window approach to pick subvolumes t(?) € R*5xs
and their corresponding submasks (V) € {0,1}*5*% with a given subtomogram size s from the tomogram
T and label array £, respectively. Thus, we collect subvolumes and submask pairs (t(i),l(i)) from the
tomograms. We save all such pairs for training tomograms and use them to train our particle-picking model.
For validation tomograms, we only save those pairs with submasks [() with at least one non-zero value. After
saving the data necessary for training and validation, we move forward to the next step of model training.

3.2 Training Classifier with Positive Unlabeled (PU) Leaning

We formulate particle picking as a voxel classification problem. Our training dataset consists of (t(i)7 l(i))
pairs where [(¥) serves as the voxel-wise label for the subvolume ¢(¥). We assume that P is the set of voxels
that are labeled as 1 and U is the set of voxels labeled as 0. In other words, P is the set of labeled particles
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in the training tomograms, and U is the set of unlabeled particle and non-particle regions in the training
dataset. Given P and U, we learn a classifier (fy) that distinguishes between particle and non-particle regions
in the subtomograms. In other words, the classifier is our particle-picking model. We used three different
strategies (two with PU learning and one without) to train the classifier, which we discuss below.

3.2.1 Positive Negative (PN) Learning

When all elements belonging to U are non-particle regions, we can treat the elements in P as positive samples
and the elements in U as negative samples. In such a scenario, we train a classifier with a standard loss
minimization objective function (named PN) as shown in Equation

™ Evnp[L(fo(2), D]+ (1 = 7) Exnv[L(fo(2), 0)] (1)

Here, 7 is the fraction of labeled and unlabeled particle regions within P U U. The value of 7w can be
calculated as the fraction of non-zero values in the training data after the label generation process mentioned
before. In other words,

_ |7l
- |[PUU @

We denote L as the cost function between classifier output and labels. To implement it, we use binary
cross-entropy loss defined as follows:

N
£00:3) = =77 3 o) + (1 = ) log(1 — ) (3

Here, ) is the prediction fs(x) and y is the ground truth label from (.

However, this objective function is effective when all the particle regions in tomograms are labeled, thus
belonging only to P, and only non-particle regions are in U, which is usually not the case. In an ideal
scenario, P represents only a few particles in the tomogram, whereas most of the particles belong in U. As
a result, PN learning provides suboptimal particle picking performance in our experiments. To this end, we
introduce positive-unlabeled (PU) learning.

3.2.2 Non-negative Risk Estimator based Positive Unlabeled (PU) Leaning

We first leveraged a non-negative risk estimator-based PU Learning approach to incorporate PU learning
in our cryo-ET particle picking framework. In this framework, we use n’ as the expected average of voxel
values in the label of a sample in the training tomogram. We calculate this based on the expected number
of particles per training tomogram, Ep, and the particle radius r provided by the user. Based on r, a fixed
number of voxels are labeled as 1 in the training data generation process. If this number is denoted as Rn,
then the value of 7’ is as follows;

Ep x Rn

/

— i 4
T T PuUU )

Here, Ep x Rn is the expected total number of 1s in [P N U].
We further denote R, = E,~u[L(fy(x), 0)], Rp = Ezp[L(fo(x), 0)], and RJFC = FEyp[L(fo(x), 1)]. L
is implemented as Equation 3| Using these three, we denote a new quantity R pu as follows:

Rpy = '(R} — Rp) + Ry, (5)
We used a specialized version of the algorithm in [22] for training our particle-picking network. If

El} — W’E; > 0, we update the parameters of fy using V}AEPU, where V is the gradient with respect to the
parameters. Otherwise, we update the parameters of fy using V(7' Ry — Ry;).
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3.2.3 KL based Positive Unlabeled (PU) Leaning

We further introduce an alternate approach to Non-negative Risk Estimator PU learning. Instead of min-
imizing the positive-negative misclassification loss, a classifier can simultaneously attempt to minimize the
P class misclassification loss and match the expectation over U. In other words, we can learn a classifier
(f) that minimizes E,p[L(fg(x), 1)] subject to the constraint E,.y[fg(x)] = = , where © is the fraction
of unlabeled particle regions within U. We can impose such constraint through a regularization term in the
objective function with a weight A as shown in Equation [6]

EpplL(fo(@), V] + AKL(Eenu[fo(@)] | ) (6)

In this objective, a constraint is imposed through the KL-divergence between the expectation of classifier
over U and the estimated fraction of unlabeled particle regions in U, denoted by 7. This divergence is
minimized when both terms are close to each other. KL divergence between two distributions P and ) can
be defined as Equation [7]

P(i)
Qi)

To calculate 7r//, we take the expected number of particles per training tomogram (Ep) as input, similar
to our previous non-negative risk estimator-based approach. Given the number of voxels Rn labeled as 1 in
data generation for a particle of radius r, the expected total 1 in PUU is Ep X Rn. Among them, | P| is the

observed number of 1. So, the expected number of unlabeled 1s that are unlabeled is Ep x Rn — | P|. So, T
can be written as.

KL(P|Q) = ZP(i) log (7)

o Ep x Rn — |P|
PUU

Ep x Rn | P|

|PUU|  |PUU|

Using equation [2[ and 7 can be expressed as.

"

T =7 - (8)

3.3 Implementation of the classifier

To implement the classifier network fp, we used a MultiRes-Unet architecture [23]. Our MultiResUnet
network consists of four down-sampling and four up-sampling layers. Each of the down-sampling layers
consist of either ResUNet or UNet blocks, starting with an input channel of 1 and progressively increasing
to 32, 64, 128, and 256 channels. The primary difference between a ResUNet block and UNet block is
the use of a residual connection in the ResUNet block which adds the block’s input to its output. The
UNet block, on the other hand, simply stacks two convolutional layers without any residual addition. The
upsampling path mirrors this configuration, restoring spatial dimensions with transposed convolutions. Skip
connections provide concatenation between the corresponding up-sampling and down-sampling layers. An
optional dropout layer is used for regularization and a final 1x1 3D convolution produces the single-channel
output. All the experimental results presented here use the default configuration of using ResUNet layer in
the up-sampling and down-sampling networks with no additional dropout for regularization.

We train the classifier network using the losses mentioned above.—We use a mini-batch size bs of 8 and
use Adam optimizer to optimize the parameters 6 in fy. Since |P| < |U|, we found that scaling the term
E,p[L(fo(x), 1)] and E,.p[L(fo(x), 0)] by a factor v improves picking performance by picking more true
positives. We set the value of v as 10 x %, which was found to be an optimal value in all our experiments.

3.4 Inference and Picking

After training the classifier with the above-mentioned learning strategies, we perform particle picking on all
the tomograms in the dataset, including the ones we used for training and validation. For each tomogram
V', we use a sliding window strategy to obtain non-overlapping subvolumes of the same size as the training
subtomograms. Then, we perform inference for each subvolume with our learned classifier fy. The inference
results in a score for each voxel in the subvolumes. We merge the score outputs for each subvolume in the

6
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tomogram to a volumetric array (Vicore) with the same size as the tomogram. We then apply the picking
process on this merged predicted array Vicore. The process takes the required number of particles N or
subvolume score threshold ¢ and the particle radius r as input. It operates in 4 steps. In step 1, Find the
point (Zmax; Ymax, Zmax) With maximum score value in Vicore. In step 2, we append (Zmax, Ymax, Zmax) as well
as the score Vicore(Tmax; Ymax, Zmax) t0 the extracted particle list. In step 3, we remove a roughly spherical
region of particle radius r around (Zmax, Ymax, Zmax) 1 Vicore Dy setting their scores to —oo. This ensures
that the same particle will not be extracted more than once. Finally, we repeat steps 1 — 3 until IV particles
are extracted or no prediction scores above the threshold ¢ remain.

4 Experiments & Results

4.1 Benchmarking

For benchmarking, we used well-annotated cryo-ET datasets of S. pombe cells publicly available at EMPIAR-
10988 [24], which represent some of the only available well-annotated tomograms in the cellular cryo-ET
domain. The dataset contains 10 Volta-Phase-Plate (VPP) tomograms and 10 Defocus-only tomograms of
S. pombe cell sections (voxel spacing of 1.348 nm). Consequently, we used : 1) VPP and 2) Defocus-only
tomogram sets as two different datasets in our experiments for benchmarking

4.2 Baselines

We used CrYOLO [9] and DeepETPicker [I6] learning-based cryo-ET picking methods as baselines with the
aim of picking ribosomal particles. Since CrYOLO [9] is a bounding box predictor method for 2D cryoEM
images, it is necessary to convert 3D tomograms into 2D slices and provide 2D annotations for each slice
to train CrYOLO. For slicing the tomograms, we divided them into 2D x-y slices across the z axis. If any
particle fell into the z = ¢ th slice, we annotated all the 2D xy slices with z value in range [t — 12,¢ + 12]
with that particle in the same (x,y) coordinate as the radius of ribosomes which is maximally 12 voxels
(12 x 1.348 = 16 nm) in the tomograms. For DeepETPicker [16], we used their publicly available codebase
with the default settings for ribosome picking.

Evaluation: For evaluation, we calculated the number of True Positives (TP), False Positives (FP), False
Negatives (FN), Precision, Recall, and F1-score predicted by the baseline models, and our proposed models.
To estimate the metrics, we used the annotations of ribosome coordinates provided in the original dataset
as ground truth. If any predicted coordinate is within 10 voxels of Euclidean distance from a ground truth
coordinate, it is regarded as a TP. Predicted coordinates not within 10 voxels are considered FP, while
ground truth coordinates without nearby predicted coordinates are considered FN. Precision and Recall are
calculated as TPTifFPv %, respectively. Finally, F1 score is calculated as %‘m. By definition,
precision penalizes FP but not FN. On the other hand, Recall penalizes FN, but not FP. Both FP and
FN should be penalized for particle picking. Consequently, we regard F1 score as our primary evaluation
criterion since it penalizes both.

4.3 Experimental setup

In our experiments for TomoPicker, we used 3D-ResUnet as the classifier network fy, similar to DeepETPicker
[T6]. We used a batch size of 8 and an initial learning rate of 2 x 10~3, which has been reduced by a factor
0.5 if validation accuracy does not improve for 5 consecutive epochs. We trained TomoPicker and CrYOLO
[9) for 20 epochs, which we found to be sufficient. However, we trained DeepETPicker [16] for 100 epochs.
We implemented our method in pytorch and trained the models using NVIDIA RTX A5000 GPUs.

4.4 TomoPicker (KL) performs overall best particle picking in Volta-Phase-
Plate (VPP) S. Pombe cellular cryo-ET Datasets

The VPP dataset contains 10 tomograms (labeled from TS_0001 to TS_0010 consecutively) with a total of
25,311 ribosome particles. The individual tomograms from TS_0001 to T'S_0010 contains 2450, 2342, 2429,
2967, 3571, 1336, 617, 2744, 3482, and 3373 ribosome particles respectively.

We trained CrYOLO, DeepETPicker, and TomoPicker with three different losses (PN, PU, and KL) on
the training tomogram. For training our models, we only used 100 particle coordinates from TS_0001 for

training and 100 particle coordinates from TS_0002 for validation. This accounts for only 251?31 = 0.4% of
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Table 1: Precision, Recall, and F1 Score Comparison across Different Methods on VPP Ribosome Datasets
with True Positives, False Positives, and False Negatives

Dataset Method TP FP FN Precision Recall F1 Score
CrYOLO 1306 3322 1144 0.28 0.53 0.37
DeepETPicker 1632 506 818 0.76 0.67 0.70
TS_0001  TomoPicker (PN) 1592 465 858 0.77 0.65 0.71
TomoPicker (PU) 1300 734 1150 0.64 0.53 0.58
TomoPicker (KL) 1499 549 951 0.73 0.61 0.67
CrYOLO 555 1093 1787 0.34 0.24 0.28
DeepETPicker 323 87 2019 0.79 0.14 0.23
TS_0002 TomoPicker (PN) 51 46 1616 0.51 0.46 0.49
TomoPicker (PU) 1049 1010 1293 0.51 0.45 0.48
TomoPicker (KL) 1222 858 1120 0.59 0.52 0.55
CrYOLO 1377 5691 1052 0.19 0.57 0.29
DeepETPicker 409 145 2020 0.74 0.17 0.27
TS_0003 TomoPicker (PN) 594 1427 1835 0.41 0.38 0.39
TomoPicker (PU) 842 1188 1587 0.41 0.35 0.40
TomoPicker (KL) 1162 890 1267 0.57 0.48 0.52
CrYOLO 1677 7016 1290 0.19 0.57 0.29
DeepETPicker 79 32 2888 0.71 0.03 0.05
TS-0004  TomoPicker (PN) 623 2397 2344 0.21 0.21 0.21
TomoPicker (PU) 1142 1892 1825 0.38 0.38 0.38
TomoPicker (KL) 484 1536 2483 0.24 0.16 0.19
CrYOLO 800 2167 2711 0.27 0.22 0.24
DeepETPicker 1353 276 2218 0.83 0.38 0.52
TS_0005 TomoPicker (PN) 1955 1108 1616 0.64 0.55 0.59
TomoPicker (PU) 1670 1378 1901 0.55 0.47 0.50
TomoPicker (KL) 2074 1003 1497 0.67 0.58 0.62
CrYOLO 210 1566 1126 0.12 0.16 0.13
DeepETPicker 397 226 939 0.64 0.30 0.41
TS_0006 TomoPicker (PN) 235 780 1101 0.23 0.18 0.20
TomoPicker (PU) 293 718 1043 0.29 0.22 0.25
TomoPicker (KL) 873 666 463 0.57 0.65 0.61
CrYOLO 66 1133 551 0.06 0.11 0.07
DeepETPicker 302 417 315 0.42 0.49 0.45
TS_0007 TomoPicker (PN) 247 771 370 0.24 0.40 0.30
TomoPicker (PU) 218 789 399 0.35 0.33 0.27
TomoPicker (KL) 254 758 363 0.25 0.41 0.32
CrYOLO 471 2273 2273 0.20 0.17 0.19
DeepETPicker 199 58 2545 0.77 0.07 0.13
TS_0008 TomoPicker (PN) 623 2385 2121 0.21 0.23 0.22
TomoPicker (PU) 684 2326 2060 0.23 0.25 0.24
TomoPicker (KL) 408 1601 2336 0.20 0.15 0.17
CrYOLO 1158 4372 2324 0.21 0.33 0.26
DeepETPicker 831 173 2651 0.83 0.24 0.37
TS_0009 TomoPicker (PN) 1690 1344 1792 0.56 0.49 0.52
TomoPicker (PU) 1597 1440 1885 0.53 0.46 0.49
TomoPicker (KL) 675 1437 2807 0.33 0.19 0.25
CrYOLO 1805 4289 1568 0.30 0.54 0.38
DeepETPicker 1023 299 2350 0.77 0.30 0.44
TS_0010 TomoPicker (PN) 1561 1490 1812 0.51 0.46 0.49
TomoPicker (PU) 1403 1645 1970 0.42 0.40 0.44
TomoPicker (KL) 1879 1196 951 0.61 0.56 0.58
CrYOLO - - - 0.22 0.34 0.25
DeepETPicker - - - 0.73 0.28 0.35
Overall TomoPicker (PN) - - - 0.41 0.38 0.39
TomoPicker (PU) - - - 0.42 0.39 0.40
TomoPicker (KL) - - - 0.48 0.43 0.45
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the total particles. Since the voxel spacing is 1.348 nm and the radius of a ribosomal particle is 11 — 15 nm,
we use [15g | = 12 voxels as the particle radius.

After training, we tested the models against all the tomograms in the dataset. We have put the precision,
recall, and F1 score (up to 2 decimal places) obtained by each method against each tomogram and overall
dataset in Table [I} It can be observed that TomoPicker (KL) shows the best performance in terms of F1
score - our primary criterion- in the overall evaluation. It shows 80% improvement over CrYOLO, 29%
improvement over DeepETPicker, 15% improvement over TomoPicker (PN), and 12% improvement over
TomoPicker (PU). While considering individual tomograms, TomoPicker (KL) performs the best in 5 out of
10 tomograms, TomoPicker (PU) performs the best in 2 out of 10 tomograms, TomoPicker (PN) performs
the best in 2 out of 10 tomograms, and DeepETPicker performs the best in 1 out of 10 tomograms.

CrYOLO

TomoPicker (PN)

§ e I"—P H o i y )
TomoPicker (PU) TomoPicker (GE-KL) Ground Truth

Figure 2: Predictions vs Ground Truth for central (z = 500) xy slice of T'S_0003 VPP tomogram. Blue Box
= Ground Truth, Green Box = TomoPicker Predictions, Red Box = DeepETPicker Predictions, Yellow Box
= CrYOLO Predictions.

We further provided a qualitative analysis of the models’ particle-picking performance. We used the
predicted and ground truth particle locations in TS_-0003 tomograms and visualized them for a middle
(z = 500) xy slice as bounding boxes. To convert the 3D predictions into 2D bounding boxes, we took
slices across the z-axis and drew a bounding box around each predicted point (its @ — y coordinates) in the
corresponding xy slice. For each z-axis value (z), we also considered neighboring slices within a [z —12, z+12]
range, as the ribosome’s radius in these tomograms is maximally 12 voxels. Given the ribosome’s diameter
of 24 voxels, we center the bounding boxes on the predicted points and size them to 24 voxels. We have
provided a visualization for all the model predictions and ground truth in Fig. The figure shows that
CrYOLO picks very few particles. DeepETPicker picks much more particles than CrYOLO, but the amount
of picked particles is still very low compared to the ground truth. It can be inferred from the figure that
TomoPicker (KL) predictions most resemble the ground truth.

We also provided a comparison between TomoPicker (KL) prediction and DeepETPicker prediction with
respect to the ground truth for the training tomogram TS_0001 in Fig. [3] It can be observed that DeepET-
Picker provided prediction for many particles in the training tomogram, unlike testing tomograms where it
only predicted a few (Fig. . On the other hand, in TomoPicker (KL) predictions, we did not observe such
disparity and the predictions are consistent in both training and testing tomograms. Moreover, Fig. [3|shows
that DeepETPicker predicted many particles in regions far from the ground truth, whereas TomoPicker
(KL) closely resembles the ground truth. All of these observations showcase the superior performance of
TomoPicker (KL) in picking particles in the VPP S. Pombe Datasets.
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Table 2: Precision, Recall, and F1 Score Comparison across Different Methods on Defocus Ribosome Datasets
with True Positives, False Positives, and False Negatives

Dataset Method TP FP FN Precision Recall F1 Score
CrYOLO 1296 16185 377 0.07 0.77 0.14
DeepETPicker 468 352 1205 0.57 0.28 0.38
TS.027 TomoPicker (PN) 159 844 679 0.28 0.34 0.31
TomoPicker (PU) 905 1159 768 0.44 0.54 0.48
TomoPicker (KL) 650 1396 1033 0.32 0.39 0.35
CrYOLO 3495 28929 1810 0.11 0.66 0.19
DeepETPicker 1005 192 4300 0.84 0.19 0.31
TS-028 TomoPicker (PN) 688 1340 1127 0.37 0.36 0.36
TomoPicker (PU) 2612 2548 2693 0.51 0.49 0.50
TomoPicker (KL) 2947 2213 2358 0.57 0.56 0.56
CrYOLO 1950 14039 947 0.12 0.67 0.21
DeepETPicker 907 292 1990 0.76 0.31 0.44
TS-029 TomoPicker (PN) 1176 1856 1721 0.39 0.41 0.40
TomoPicker (PU) 1653 1411 1244 0.54 0.57 0.55
TomoPicker (KL) 1789 1278 1108 0.58 0.62 0.60
CrYOLO 1952 22392 831 0.08 0.70 0.14
DeepETPicker 824 234 1959 0.78 0.30 0.43
TS_030 TomoPicker (PN) 1200 1827 1583 0.40 0.43 0.41
TomoPicker (PU) 1542 1522 1241 0.50 0.55 0.53
TomoPicker (KL) 1439 1617 1344 0.47 0.52 0.49
CrYOLO 2499 13838 1284 0.15 0.66 0.25
DeepETPicker 1064 249 2719 0.81 0.28 0.42
TS_034 TomoPicker (PN) 1491 2557 2292 0.37 0.39 0.38
TomoPicker (PU) 2045 2028 1738 0.50 0.54 0.52
TomoPicker (KL) 1871 2221 1912 0.46 0.49 0.48
CrYOLO 1039 10805 607 0.09 0.63 0.15
DeepETPicker 381 236 1265 0.62 0.23 0.34
TS_037 TomoPicker (PN) 498 1526 1148 0.25 0.30 0.27
TomoPicker (PU) 748 1294 898 0.37 0.45 0.41
TomoPicker (KL) 789 1249 857 0.39 0.48 0.43
CrYOLO 1637 6884 1176 0.19 0.58 0.29
DeepETPicker 518 196 2295 0.73 0.18 0.29
TS_041 TomoPicker (PN) 941 2092 1872 0.31 0.33 0.32
TomoPicker (PU) 1165 1906 1648 0.38 0.41 0.40
TomoPicker (KL) 800 2236 2013 0.26 0.28 0.27
CrYOLO 788 16252 1027 0.05 0.43 0.08
DeepETPicker 402 237 1413 0.63 0.22 0.33
TS_043 TomoPicker (PN) 222 1783 1593 0.34 0.38 0.36
TomoPicker (PU) 688 1351 1127 0.34 0.38 0.36
TomoPicker (KL) 222 1783 1593 0.11 0.12 0.12
CrYOLO 1294 5778 1054 0.18 0.55 0.27
DeepETPicker 462 176 1886 0.72 0.20 0.31
TS-045 TomoPicker (PN) 618 1409 1730 0.30 0.26 0.28
TomoPicker (PU) 783 1253 1565 0.38 0.33 0.35
TomoPicker (KL) 776 1253 1572 0.38 0.33 0.35
CrYOLO - - - 0.12 0.63 0.19
DeepETPicker - - - 0.72 0.24 0.35
Overall TomoPicker (PN) - - - 0.32 0.34 0.33
TomoPicker (PU) - - - 0.43 0.46 0.44
TomoPicker (KL) - - - 0.39 0.42 0.41
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(a)

Figure 3: (a) DeepETPicker vs Ground Truth for a xy slice of T'S_-0001 VPP tomogram which was used for
training. Blue Box = Ground Truth, Red Box = DeepETPicker Predictions. (b) TomoPicker vs Ground
Truth for a xy slice of TS_0001 VPP tomogram which was used for training. Blue Box = Ground Truth,
Yellow Box = TomoPicker Predictions.

4.5 TomoPicker (PU) performs overall best particle picking in Defocus-only
(VPP) S. Pombe cellular cryo-ET Datasets

The Defocus-only dataset consists of 10 tomograms (labeled as TS_026, TS_027, TS_028, TS_029, TS_030,
TS_034, TS_037, TS_041, TS_043, TS_045) with a total of 25,901 ribosome particles. The individual to-
mograms on the abovementioned sequence contains 838, 1673, 5305, 2897, 2783, 3783, 1646, 2813, 1815,
and 2348 ribosome particles respectively. Among them, T'S_026 has a very different organization than other
tomograms and contains much fewer particles. As a result, we did not use this tomogram for training, valida-
tion, or testing. We only used 100 particle coordinates from TS_029 for training and 100 particle coordinates

from TS_030 for validation. This accounts for only 251%063 = 0.4% of the total particles.

After training, the model was tested against all the tomograms (except TS_026). Table [2| describes the
precision, recall, and F1 score (up to 2 decimal places) obtained by each method against each tomogram and
the overall dataset. The tables show that our proposed TomoPicker strategies outperformed the baseline
methods. Overall, TomoPicker (PU) outperformed DeepETPicker by 29% and CrYOLO by 131.6%. On
the other hand, TomoPicker (KL) outperformed DeepETPicker 17% and CrYOLO by 115.8% in the overall
dataset. TomoPicker (PU) performed 7% better than TomoPicker (KL). Moreover, for individual tomogram
results, TomoPicker (PU) performed the best in 7 tomograms, and TomoPicker (KL) performed the best in
2 tomograms.

Moreover, similar to VPP experiments, we provided qualitative results of CrYOLO, DeepETPicker, and
TomoPicker (PN, PU, and KL) prediction compared to ground truth in Figure We visualized the prediction
for a middle (z = 250) xy slice in testing tomogram TS_028. The figure indicates the lower contrast in defocus-
only tomograms compared to VPP tomograms. It can be observed that CrYOLOQO’s picking completely differs
from the ground truth. In other words, CrYOLO picked particles randomly instead of recognizing actual
particles. DeepETPicker predicted much fewer particles compared to ground truth. On the other hand,
TomoPicker predictions best match the ground truth.

5 Conclusion

In this work, we have introduced a novel annotation-efficient particle-picking approach, TomoPicker, for
3D cellular cryo-ET images or tomograms. In TomoPicker, we regarded particle picking in 3D cryo-ET
tomograms as a voxel classification problem. As such, TomoPicker can be trained on a single tomogram.
Since only a few particles are annotated in the tomogram, we leveraged two different positive-unlabeled
(PU) learning approaches to train the voxel classifier in TomoPicker. We trained and compared these
methods against recent learning-based particle picking methods on volta-phase-plate (VPP) and defocus-only
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CrYOLO TomoPicker (PN)

TomoPicker (PU) TomoPicker (GE-KL) Ground Truth

Figure 4: Predictions vs Ground Truth for central (z = 250) xy slice of TS_028 Defocus-only tomogram.
Blue Box = Ground Truth, Green Box = TomoPicker Predictions, Red Box = DeepETPicker Predictions,
Yellow Box = CrYOLO Predictions.

S. Pombe cell cryo-tomograms. Consequently, we are the first to rigorously evaluate learning-based picking
methods on crowded eukaryotic cell tomograms. Our exhaustive experiments demonstrate the superior
(~ 30% improvement of F1 score and qualitatively closer to ground truth) performance of TomoPicker over
strong baseline methods when only a minuscule portion (~ 0.3 — 0.5%) of the particles in the tomograms
are annotated for training. Ultimately, given these innovations, TomoPicker is poised to become a standard
approach for particle picking within the complex intracellular environment of eukaryotic cells.
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