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Fundamentals operations in reconstructions and projections
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(van Heel 1987)



Fundamentals operations with heterogeneous data
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Classification ...?

Supervised Classification 

(looking for a specific thing, matched 

filtering, find my reference, reference bias)

Unsupervised Classification
(comparing everything to everything and let 

the data speak for itself, avoid bias)



Classification ...?

Nomenclature has 

become a mess…

2D Classification ?

3D Classification ?



A priori frustration:

(you decide what makes sense, not the 

classification program)



Classification is a matter 

of perspective…



Biology is a mess...

(you need powerful 

multivariate statistical tools 

to make sense of it all)

Van Heel M, Portugal RV, Schatz M: MSA of large datasets 

single particle electron microscopy.   OJS 6 (2016) 701-739. 

http://dx.doi.org/10.4236/ojs.2016.64059



Correlation / Inner Product = ∑ F(a) . G(a) 

a

(Euclidian Distance) 2 = ∑ (F(a) - G(a))2

a

Dist. 2 = ∑ ( F2(a) – 2 (F(a). G(a)) + G2(a) )    
a

Dist. 2 = ∑ F2(a)   – 2 . ∑ (F(a). G(a)) +   ∑ G2(a) )    
a a a

Normalised Signal  = F(a) /  √ ∑ F2(a)   = F(a) / SDF

a

Multivariate statistics:

is all about distances, correlations…



Hyperspace Data Representation

of single particle images

Images Hyper Space

1 1

2 1

3 2

4 4

Data Compression!



Hyperspace representation

of single-particle data 

Data Compression!

J-P Bretaudière 



Hyperspace representation and Classification



Data Matrix “X”



(Ref.:  Review 2000 )



From algorithm to mathematics:

X’. X .U = U. Л

In detail eigenvector equation:

X’ . N . X . M . U = U . Л

With orthonormalisation constraint:

U’ . M . U = Ip

In conjugate space:

X . M . X’ . N . V = V . Л

With orthonormalisation constraint:

U’ . M . U = Ip



Parallel MSA and its scaling with the number of 

available CPUs (tested on 32 nodes with each 4 

CPUs). The calculations necessary for standard 

MSA algorithm (top left) are distributed over the 

available CPUs (lower left). I/O is parallelized by 

copying the relevant part of the huge input data 

file to the local scratch file available on each 

node.  Overall speed increase with the current 

version of the MSA (see text) and images of size 

256x256 is around 27 times (Full Program).
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MSA analysis of 

Lumbricus 

Terrestris 

hemoglobin





Average images in each class





Ward Criterion



ABC-4D  (Alignment by classification)

1000 class averages (144,000 particles)



From 2D classes to 

3D Structure(s)



Three-Dimensional 

reconstruction from 

projections

We first need to find the 

relative angles to do a 3D 

reconstruction…



Intersecting Central Sections 

(DeRosier Klug 1968; Crowther1971



Fundamentals operations in 3D reconstructions and projections
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Fundamentals operations in reconstructions and projections
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Projection 

Matching   

Angular       

Reconstitution

Central Section 

Matching

Fourier  space 

Common Lines



Width of Central Section: Central Section Slab



Overlapping central sections in Fourier space



Early projection matching experiments: Budapest 1984 Abstract



L1

CP

L7/L12

Angular Reconstitution

3D

2D

2D

2D

1D

(MvH 1987)





70S E. coli projection plus sinograms



 



Intersecting Central Sections

in 3D Fourier space

Not Measured

Measured

We have only 

measured the 

information inside 

the central section 

slabs, not the 

information in the 

missing wedges 



4D Data Processing



RF3 Complex

Type-1

vs.

Type-2

(Klaholz et al, 

Nature, 2004) 

4D cryo-EM!



IMAGIC 4D:



A typical 4D refinement round)



A typical 4D refinement round











Stark et al Nature 2010



RF3 Complex

Type-1

vs.

Type-2

(Klaholz et al, 

Nature, 2004) 

4D cryo-EM!

Focussed 

classification 

in 2D



Focussed 

classification 

in 3D/4D:

process each 

Globin fold 

independently
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