
 

In recent years, new algorithms have successfully transformed 2D cryoEM projections 
into a heterogeneous conformation of states from a single particle dataset.1-7 The unique 
structure and size of ROOL for an RNA-only particle has suggested that a thorough application 
of these novel heterogeneity algorithms could reveal a conformational landscape.8 

 

Section 1: 2D classification   
 

The most traditional method for uncovering heterogeneity among a single particle 
dataset is through expectation-maximization (EM) or gradient-driven classification algorithms. 9, 

10The two distinct “open” and “closed” forms of ROOL were first revealed from cryoSPARC’s  2D 
EM classification jobs run on the initial particle dataset.9 From the 2D projections, it became 
visually evident that some particles formed fully connected spheres, while others had separated 
along the C2 symmetrical axis (Figure 1).  

Figure 1: From a cryoSPARC 2D classification job, one can clearly distinguish “open” and 
“closed” classes.  
 
Section 2: Ab-initio reconstruction  

Subsequent ab-intio reconstruction in cryoSPARC initialized with two and three classes 
confirmed this hypothesis. The first reconstruction job with 10A maximum resolution on 14,842 
particles (P17 J83) picked from a series of refinement jobs from a traditional cryoEM processing 
workflow was initialized with two classes and separated the particles into 8,066 (open) and 
6,776 (closed) particles. To confirm consistency of results, the same custom parameters were 
used in three subsequent jobs (J83, J89, and J90) with a small variation in the number of 
particles classified into either consensus form.  

 
Table 1: Classification of refined particle stacks into consensus “open” and “closed” form from 
ab-initio reconstruction.  

 Open Closed  

J83 8,066 6,776 

J84 8,066 6,776 

J89 8,080 6,762 

J90 8,049 6,793 

Average  8065.25 +/- 0.5625 6776.75 +/- 13.16 

 

 



 

To assess if any distinct hidden conformations were classified into either the open or closed 
form, multiple iterations of ab-initio reconstruction initialized with three classes was performed 
(Table 2). Consensus volumes revealed that the algorithm segregated the dataset into open, 
closed, and noisy classes.  
 
Table 2: Classification results from cryoSPARC’s ab-initio reconstruction job initialized with three 
classes at a maximum resolution of 10 Å, initial minibatch size of 300, and final minibatch size 
of 1500.  

 Class 1 (open) Class 2 (closed) Class 3 (“junk”)  

J85  7,605 6,546 691 

J86 7,726 6,504 612 

J87 7,804 6,479 559 

J88 7,733 6,543 566 

Average  7717 +/- 79.36 6518 +/- 28.67 607 +/- 58.16  

 
​  

 
 
 
 
 
 
 
 
 
 
Figure 2: The three consensus volumes from cryoSPARC’s ab-initio reconstruction with three 
classes, 10 Å max resolution, 300 minibatch size, 1500 final minibatch size, and the remaining 
default parameters (see METHODS).  
 
 
After removing particles used to reconstruct the noisy class, many subsequent NU refinement 
jobs on both the open and closed classes were performed. Following these refinement jobs, 
ab-initio reconstruction of just the refined open particles into 3 classes revealed that there may 
be compositional heterogeneity among particles investigated (J291, J292 k=3), and (J293, J294 
k=2).  
However, the large standard deviation of particles labeled in class 1 or class 2 from the ab-initio 
reconstruction jobs with k = 3 suggests that a number of hidden conformations could be present 
among the dataset. Additionally, because ab-initio reconstruction realigns all particles before 
performing the EM algorithm to segregate the particles into the number of initialized classes 
chosen by the user, it is much more computationally burdensome.  
 



 

Section 3: 3D Classification  
Refined and aligned ROOL particle stacks with poses from prior ab-initio reconstruction, 

3D alignment, and non-uniform alignment jobs are further subjected to a rigid heterogeneity 
analysis through cryoSPARC’s 3D classification job. Similar to the 2D classification job, 
cryoSPARC’s 3D classification job applies a hybrid online and batch expectation maximization 
algorithm to sort 2D particle projections into 3D classes.9  

 
Eleven iterations of cryoSPARC’s 3D classification were performed, varied by the 

number of initial classes chosen by the user (indicated by the variable k), as well as unique filter 
resolutions. Five jobs initialized with k=10, four with k=2, and two with k=3. Classification jobs 
with k=10 were performed at the following resolutions: 4A, 6A, 8A, and 10A. Outputs from those 
classification runs consisted of multiple junk classes (4-6 per run), with clearly two resolved 
classes (open and closed form) as evident from the high number of particles, ~100-1000, 
jumping from similar classes between iterations 5 and 6. In addition to visual inspection, 
consensus structures from similar classes were verified by performing a cross correlation 
analysis.  

 
Table 3: Particle distributions from 3D classifications with k=10. Magenta classes were manually 
identified as closed, teal as open, and red as “junk”.  
 

 Class 
1 

Class 
2 

Class 
3 

Class 
4 

Class 
5 

Class 
6  

Class 
7 

Class 
8 

Class 
9 

Class 
10 

435 
(10A) 

1237 2 8 3386 6186 6 2419 141 0 4 

436 
(8A) 

4690 3 5712 1191 7 16 428 1330 0 12 

437 
(6A) 

1826 1 2733 6839 0 1306 0 9 457 218 

438 
(4A) 

14 3512 553 2 1964 2332 844 6 3700 461 

448 
(6A) 
2000 batch 
size  

2539 6921 1 1 1748 129 760 561 10 712 

 
Cross correlation values that were used to validate class labels are in tables 4i-v below.  
 
Tables 4: Cross correlation values of consensus class volumes from 3D classification jobs (i → 
iv. are J435, 436, 437, 438, 448, respectively)  

 
 
 



 

 
 
 

 
 
 
 
 

 
 
Class labels were assigned from visual inspection of volumes. Closed class cells are highlighted 
yellow, while open class cells are highlighted magenta. Tables i, ii, iii, and v., jobs processed at 
10, 8, 6, and 10A respectively, recovered two separate open classes, each with a wide 
distribution of particles assigned to each class. Table v recovered 4 open classes. Tables i - v 
recovered 3, 3, 5, 3, 5, classes of closed particles, respectively. For J435, J437, and J448, the 
classes qualitatively labeled as open showed relatively “low” cross-correlation values, 0.68, 
0.73, and 0.67 respectively, suggesting that they could be representing distinct intermediate 
conformations of the open form of ROOL. However, the inconsistent distribution of particles to 
each open class between replicates of classification casts doubt on this hypothesis. The 
relatively low cross correlation score for the two open classes is likely due to the variability of 
density among the solvent exposed helices, which unlike the closed conformation, are not tightly 



 

packed with other motifs in the final tertiary structure. The separate classes qualitatively labeled 
“closed” for each trial have cross-correlation values all above 0.83 for every job processed. 
However, the consistent recovery of at least three separate closed classes for all five jobs 
indicates that within the particles classified as “closed,” there could remain a sub-landscape of 
heterogeneous structures present.   
 
To further support or cast doubt upon the hypothesis that there remains particle projections of 
intermediate conformations between the open and closed forms, four 3D classification jobs 
initialized with k=2 at 10, 8, 6, and 4A filter resolutions were processed. Each job resulted in an 
identical distribution of particles : 6,332 in a closed form, and 7,057 in an open form. The 
consistency among the results even with varying the filter resolution suggests that there are not 
any distinct intermediate conformations of ROOL in energetically accessible states that lie within 
this dataset. This conclusion was further validated by two 3D classification jobs initialized with 
three classes. The particles were separated by the same distribution as the 2-class jobs, with 
the third class produced being assigned no particles at the final iteration.   
 
Section 4: 3DVar 
 
A new algorithm embedded in cryoSPARC’s software package is 3DVA (3D Variability Analysis) 
which uses probabilistic PCA (PPCA) to generate a consensus volume V0 and a user chosen 
number (k) of eigenvolumes Vk trained on aligned particle stacks.1 Iterations of 
expectation-maximization (EM) are performed to assign weights of each variable eigenvolume 
Vk to each 2D projection image. These weights are fundamentally latent coordinates of each 
particle projection that can be used to reproduce a unique 3D reconstruction when sampled 
from the latent space. An advantage of 3DVA to other neural network heterogeneous algorithms 
is that the variable components are trained on the entire dataset before latent coordinates are 
assigned, which prevents overfitting of variable component weights to individual particles.  
 
Nine iterations of 3DVA were performed on the ROOL dataset, three were processed on all 
particles, open and closed, three closed, and three open. Variables changed within each 
iteration of 3DVA were the number of modes (Vk) and particle masking.  
 
Table 5: 3DVA jobs with parameter descriptions. Note that S, C, and I refer to “simple,” “cluster,” 
and “intermediate” display modes.  

 Consensus Mask Particles Filter Res Modes Display jobs 

J569 J493  All  6 3 581(S) 582(C) 583(I) 

J577 J493  Closed (439) 6 3 584(S) 585(C) 586 (I) 

J578 J493  Open (439) 6 3 587(S) 588(C) 589(I)   

J561 J439 All 6 3 564(S) 565(C) 566(I) 

J562 J439 Closed (439) 6 3 571(S) 573(C) 574(I) 

J563 J439 Open (439) 6 3 572(S) 575(C) 576(I) 



 

 
 
 
 
 
 
 
Modes from iterations trained on all particles confirmed conclusions from the rigid classification 
jobs: there were no eigenvolumes that were recovered to recreate structures that were clearly in 
between both open and closed classes (Supplementary information).  
 

 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
Figure 3: Probing the conformational landscapes of ROOL particles from open and closed 
classes separately with heterogeneity algorithms. Figure on the left represents a simplified 
energy landscape of ROOL (blue) superimposed with an estimated relative population of states 
(red) to illustrate the hypothesis that open and closed conformations represent favorable 
thermodynamic states separated by a kinetic barrier. Figures on the right represent individual 
simplified energetic landscapes of the open (top, pink) and closed (bottom, yellow) states with 
black lines representing an estimated relative population of particles in corresponding states. 
Our analysis changed from trying to recover states within the poorly populated red region 
between both open and closed states (left), to the lowly populated peripheral regions of either 
primary structure (right).  
 
 
 
 
 
 
 

J579 J439 All 6 6 594(S) 596(C) 597(I) 

J592 J439 closed 6 6 598(S) 599(C) 600(I)  

J593 J439 open 6 6 601(S) 602(C) 603(I)  



 

 
 
Open and closed particles 
 
J564 simple volume series → traversing latent coordinate space across each generated 
eigenvolume (Vk) .  

 
Figure 4: Frames 0, 5, 10, 15, and 19 (note: a bit uneven because wasn’t paying attention to 
0-indexing) from traversing the principal component eigenvolume Vk  
 
As seen Figures 4 and SI-1, traversing the latent space of principal variable component V1, or 
increasing the corresponding weight of Vk for each particle image, represents subtracting 
particle density from one half of ROOL’s open conformation until only a noisy representation of 
that half is present, and then adding particle density to full form ROOL’s closed conformation. 
This further supports the 2D and 3D classification results that counter the proposed hypothesis 
of particles representative of intermediate states being present within the dataset. Principal 
variable components V2, and V3 appear to traverse noise present within the particle images.  
 
 
 
 
 
 
 



 

 Figure 5: Frames 0, 4, 9, 14, and 19 from traversing each principal variable component 
eigenvolume V1, V2, V3 from top to bottom for closed particles extracted from classification J439.  
 
As seen in Figure 5, the principal variable eigenvolumes seem to just be adding or subtracting 
noise within the dataset, suggesting that there is not a wider conformational landscape of closed 
ROOL particles. This result can be used to help validate a final model map fitted to a high 
resolution closed consensus structure derived from this dataset.  
 
 
 
 
 
 
 
 
 
 
 
 



 

 
Figure 6: Frames 0, 4, 9, 14, and 19 from traversing each principal variable component 
eigenvolume V1, V2, V3 from top to bottom for open particles extracted from classification J439. 
 
Similar to the closed particle dataset, volumes extracted from far ends of latent coordinate 
space along each principal eigenvolume axis have increased presence of noise compared to 
structures sampled from the center of the latent coordinate axis. While it may appear that 
volumes extracted from the far ends of the latent space are representative of particles in the 
intermediate region between open and closed conformations, the particle diameter remains the 
same throughout the trajectory , confirming that they are just representative of noise from open 
form particles.  
 
Closed NU Refined with mask  
Looking at extracted volume series across all three principal variable eigenvolumes again 
reveals that each PC represents different modes of noise within both the J584 volume series 
(closed) and J587 volume series (open).  
 
Both NU Refined with mask 
 
 
 
 
 
 
 



 

 
 
Figure 7: Components 0,1, and 2 from 3-mode 3D variability analysis at a 6A filter resolution for 
open and closed particles from NU refinement job with top half masked (J581)  
 
There were no unique results from 3DVA jobs initialized to solve 6 eigenvolumes (k=6), further 
supporting the hypothesis that ROOL particles in the closed and open form conformations are 
kinetically trapped, with a narrow conformational landscape surrounding these trapped states.  
 
Section 5: cryoDRGN  
 
Sets of open, closed, and both particles were used to train cryodrgn, a variational autoencoder 
(VAE) based model which maps every particle image in a training set to its own latent 
coordinate through the encoder, and every latent coordinate to a reconstructed 3D volume 
through the decoder.  
 
The first training run included the entire particle stack refined with a top half mask from J493. 
Convergence of the encoder was verified by elbow-like stabilization of the dot product, 
magnitude, and cosine distance of latent coordinates (Figure 8) 

 
 
 
 
 
 
 
 
 
 
 

Figure 8: Dot product, magnitude, and cosine distance of latent coordinates used to verify 
encoder convergence.  
 
 
 

 
 
 
 
 
 
 
 
 



 

 
 
 
Figure 9: Total loss of VAE (left) used to demonstrate convergence of entire VAE, and 
cross-correlation of the decoded 3D volumes from 20 GMM k-means clustering centroids from  
the UMAP of latent coordinates used to verify convergence of the decoder.  

 
 
 
 
 
 
 
 
 
 

Figure 10: Final UMAP of latent space after 500 epochs of training shows two clear clusters. 
The left cluster represents open particles, and the right cluster represents closed particles.  

 
 
Figure 11: PCA 1 traversal video (left) and plot of volumes used to form frames for video (right)  
 
PCA 1 traversal further supports the conclusion from 3D classification and 3DVA results that 
there are no intermediate states present within the ROOL dataset used for this reconstruction.  
 
 
 
 
 
 
 
 
 
 
 



 

 
 
Figure 12:  PC1 traversal video (far left), coordinates sampled for PC1 traversal video (middle) 
(notice coordinates sampled from white space), and UMAP graph of latent space showing two 
distinct and separate clusters. 06_cryodrgn128 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 13: PC1 traversal video from open particles only (no mask) (08_cryodrgn128) with plot 
of coordinates sampled to generate corresponding volumes (right).  

 
 
 
 
 
 
 
 
 
 
 
 

Figure 14:  PC1 traversal video from closed particles only (no mask) (11_cryodrgn128) with plot 
of coordinates sampled to generate corresponding volumes (right)  
 
 
Table 6 : Summary of cryoDRGN training iterations. Results from highlighted rows are used to 
draw conclusions above. More detailed results from each job displayed in the table can be 
found as folders in the virtual desktop 147 /data/gtully/ROOL/cryodrgn_training/  

 Down_sampl
ed particles 

Z dimensions Image size  num_epochs Mask? 

01_cryodrgn128 J493 
 

8 128 500 Yes 

01_cryodrgn_256 J493 8 256 25 Yes 



 

02_cryodrgn256 J493 4 256 25 Yes 

03_cryodrgn256 
(ERROR in name)  

J493 4 128 100 Yes 

04_cryodrgn256 J439_closed 8 256 25 no 

05_cryodrgn J439_closed  4 256 500 no 

06_cryodrgn J439_both 8 128 49 no 

07_cryodrgn J439_both 4 128 50 no 

08_cryodrgn J439_open 8 128 500 no 

09_cryodrgn J439_open  4 128 50  no 

10_cryodrgn128 J439_closed 8 128  200 no 

11_cryodrgn128 J439_closed 8 128 500 NO 

12_cryodrgn256 J439_closed 4 256 500 no 

13_cryodrgn256 J439_open 4 256 500 no 

 
 
Section 6: 3DFlex 
 
We trained 3DFlex, a deep learning based ML model embedded in cryoSPARC on open, 
closed, and both particles separated from a previous 3D classification job with k=2 (J439).3 The 
initial aim of cryoSPARC’s 3Dflex algorithm is to use the recovery of heterogeneity among the 
particle dataset to correct for flexible regions “blurred-out” by the standard ab-initio 
reconstruction algorithm.  Of the model systems trained on 3DFlex by the algorithm developers, 
the largest range of motion captured was 20Å by the tri-snRNP spliceosome particles.3 In 
comparison, ROOL subunits vary in position by about  40Å between the open and closed form, 
so we are uncertain if the algorithm design can reliably capture these large motions. As 
summarized in Figure 15, the 3D flex model takes in 2D particle projections, a consensus 3D 
structure, and a tetrahedral mesh of the consensus structure. The model then learns a 
deformation flow field for each particle image to produce a convected 3D map for each particle 
image. Particle image latent coordinates, the deformation flow field, and the canonical 3D map 
are jointly trained on an MSE loss function between original 2D images and projections of the 
convected 3D map using the experimentally determined poses, CTF, and noise parameters 
previously determined for each image.   



 

 
Figure 15: 3DFlex model.3  
 
We first followed the 3D flex training pipeline (3D flex data prep, mesh prep, training, generation, 
and reconstruction) with particles isolated in closed and open form, using standard parameters 
for mesh creation and flex training. We found that the heterogeneous conformation of states 
generated from these initial training runs recovered little range of motion or conformation of 
states beyond the consensus structures for both the open and closed classes. However, we 
postulate that because there must exist a pathway between the two consensus classified 
structures, there is likely, within a population of thousands of particles, some particles that 
should be found along the pathway between open and closed. As a result, we relaxed the 
rigidity constraints within the algorithm for training.  
 
For open form particles only, we decreased the default rigidity prior on regions of lowest density 
from 0.5 to 0.3, and increased the tetrahedron grid span number from 20 to 40 (both in the 
mesh prep job). We then decreased the rigidity penalty in training from 2 to 0.1. A slightly more 
evident range of motion became present when viewing volume series generated along two 
orthogonal latent dimensions.  
 

 
 
Series 1 and 2 from default dimensions (extracted from Flex Generator job 462) , compared with 
1 and 2 from relaxed parameters (extracted from Flex Generator job 482) .  
 
As a result, we decided to train 3D flex on open and closed particles together, with both default 
rigidity parameters as well as relaxed parameters.  



 

 
Above first two series along default trajectory along latent coordinates 1 and 2, with the default 
parameters and relaxed parameters.  
 
Increasing the model size from 2 to 4 latent dimensions, as well as relaxing the rigidity 
parameter even more (down to 0.1), allowed for recovery of an almost complete open-closed 
range of motion. Additionally, flex reconstruction helped improve the resolution on the periphery 
of the molecules (see figures below).  
 
Table 7: Summary of 3D Flex training jobs performed on ROOL dataset from J434 NU 
refinement, and labeled open or closed from J439 classification job.  

 Pa
rti
cl
e 
la
be
l 

LD Rigidity 
(prior) 

Rigi
dity(
lam
bda) 

tetrahedr
on 

Initial 
low res 
flex 
Generat
or job 

Flex 
reconst
ruction 
job 

High 
res flex 
generat
e job  

Job Time 
(closest hr) 

J451 C 2 Min = 0.5 2 20 J452  J453 J619 3  

J455 C 2 Min = 0.5 2 20 J463 J604 J618 3 

J458 C 2 Min =0.5 1 20 J476 J605 J617 3 

J468 C 8 Min =0.5 2 20 J483 J606 J616 10 

J461 O 2 Min =0.5 2 20 J462 J615 J631 4 

J467 O 4 Min =0.5 2 20 J478 J614 J630 7 

J480 O 2 Min =0.3 0.1 40 J482 J613 J629 10 

J485 O 4 Min =0.1 0.1 40 J503 J610 J612 17 

J466 B 2 Min =0.5 2 20 J469, 
J470, 
J473 

J471 J609 3 



 

 
Following the typical workflow of 3D flex, improvement of resolution is evaluated from FSC 
scores from the cryoSPARC’s flex reconstruction job.  
 
Closed Particles, No Mask 
From training J468 on closed particles only (parameters can be seen in Table 7), 3DFlex 
appears to slightly improve final resolution of consensus structure as can be seen by side by 
side FSC plots of rigid and flex reconstructed volumes (Figure 15) . Additionally, increasing the 
latent dimensions of the model increases resolution improvement from the flex model, as J468 
was trained with 8LD had GSFSC Resolution of 5.01A, while J455 trained with 4LD had a 
GSFSC Resolution of 5.08A, compared to the GSFSC rigid resolution of 5.12A.  
 

 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
Figure 15: Top- Flex generated volume FSC plot (left) and flex reconstruction FSC-filtered full 
map (right). Bottom- rigid reconstruction FSC (right) and rigid-reconstruction FSC-filtered full 
map..  

 
 
 
 
 
 
 

J475 B 2 Min =0.3 2 40 J477 
(mid-trai
ning) 
J481 

J611 628 10 

J487 B 4 Min =0.1 0.1 40 J504 J505 J506 17 



 

 
 
Figure 16: Flex-generated FSC plot from closed-particle training J455 (parameters found in 
Table 7) (left) and corresponding rigid-generated FSC plot (right)  
 
Open Particles, No Mask 
 
As seen in Figure 17 below, the resolution of reconstructed volumes from 3DFlex on open 
particles improves from flex-generated volumes compared to rigid generated volumes. This 
improvement also increases as the number of model latent dimensions increases, from a 0.91A 
to a 1.11A improvement from a 2LD to 4LD model.  
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 17:  FSC flex-generated (left) and rigid (right) plots from J614(full parameters can be 
seen in Table 7), with 4LD (top) and same results from J615 (bottom). Both jobs are trained on 
open particles only.  
 
 
Open and Closed, No Mask  
 
As seen in Figure 18 below, the resolution of reconstructed volumes from 3DFlex on open and 
closed particles improves from flex-generated volumes compared to rigid generated volumes. 
This improvement also increases as the number of model latent dimensions increases, from a 
0improvement from a 2LD to 4LD model.  
 

 
 
 
 
 
 



 

 
 
 
 
 
 
 
 

Figure 18:  Top: FSC plots from J471 with 2LD on open and closed particles (flex generated on 
left, rigid generated on right) and the same thing from J505 with 4LD on the bottom.  
 
Masking particles  
To prevent potential bias in the 3DFlex training jobs on open and closed particles together 
(decoder is just capturing density being translated from open to close), NU refinement jobs with 
a mask over one half of the ROOL particles was used for further training. The purpose of this 
procedure is so that the particles are not aligned on the center of mass, but aligned from the 
reference point of the top half.  
 
Procedure for constructing mask: I aligned both the Class 0 Class 1 volumes from J439, put a 
spherical eraser over the top half where all regions are aligned, erased all that is not in the 
sphere, and created a mask.  
 
Volume of this partial particle : Volume J491.mrc  
Mask:  J492_mask.mrc  
 
 
Table 8: Summary of 3DFlex jobs performed with ROOL particles refined from J493 NU(open 
and closed),  J495  NU(closed), J496 NU (open), and  J497 HR (open and closed), J498 HR 
(closed), J499 HR (open). Original labels of open and closed assigned from J439 3D 
classification with k=2.  

 NU 
or 
Hom
o 

Ope
n/clo
sed 

L
D 

Rig
idit
y 
(pri
or) 

Rigi
dity 
pen
alty 

tet
ra
he
dr
on 

Jo
b 
ti
m
e 

Flex 
generat
or job 

Flex 
reconst
ruct job 

Flex 
generat
or job  

J536 NU both 2 0.1 0.1 20 3 J537 J620 J632 

J552 NU both 4 0.1 0.1 40 15 J558 J559 J621 

J525 NU close
d 

2 0.5 2 20 3 J539 J607 J622 



 

 
 
 
 
 
 
 
 
 
 
 

Conclusion  
 
We conclude that the open and closed conformations extracted from this ROOL cryoEM SPA 
are kinetically trapped states. However, we acknowledge that these results do not mean a 
negligible number of intermediate states of ROOL are populated in biological environments, but 
our dataset of particle projections from the cryo-EM microscope did not capture sufficient 
population of these states, and thus we can confidently fit atomic models to our high resolution 
model maps of open and closed particles from this dataset.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

J527 NU open 2 0.5 2 20 3 J541 J623 J633 

J530 Hom
o 
(J49
7) 

both 2 0.5 2 20 3 J542 J624 J634 

J546 Hom
o 

both 4 0.1 0.1 40 15 J557 
and 
J560 

J625 J635 
 

J549 Hom
o 

close
d 

2 0.5 2 20 3 J553 J608 J626 

J550 Hom
o 

open 2 0.5 2 20 3 J554 J627 J636  



 

Supplementary Figures  
 

 
SI I: Traversing the latent coordinates (or weights) of three variability component eigenvolumes 
(Vk) generated from 3DVA of open and closed particles. 
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