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Figure 12: Electrostatic surface potentials for protein 1svr mapped on two surfaces. (a) Surface generated by MSMS; (b) Surface
generated by the 12th order PDE transform.

(a) (b)

Figure 13: Electrostatic surface potentials for protein 1a7m mapped on two surfaces. (a) Surface generated by MSMS; (b) Surface
generated by the 12th order PDE transform.
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III.A.2 Dimensionality reduction and machine learning algorithms
Coarse-grained (CG) models provide a computationally efÞcient method for rapidly investigating the large time-
and length-scale processes that play a critical role in many important biological and soft matter processes.
Protein dynamics is complex and consist of motions of various amplitudes and frequencies. It has been ob-
served that the low-frequency, large-amplitude motions are most closely related to protein function whereas the
high-frequency localized vibrations may be more involved in signal transmission and other internal processes.
Thus analyzing the motions at different scales can be very important depending on oneÕs objectives. An im-
portant focus of our research is thus to Þnd ways to separate molecular motions of different frequencies and
amplitudes.

To achieve this goal we aim for a multiscale decomposition of molecular motions. Such a decomposition is
achieved through a scheme called iterative Þltering EMD, developed by the PI Wang coworkers.86 The classic
EMD (which stands for empirical mode decomposition) for data, which is a highly adaptive scheme serving
as a complement to the Fourier and wavelet transforms, was proposed by Norden Huang et al.87 This study
was motivated primarily by the need for an effective way for analyzing the instantaneous frequency of signals,
from which hidden information and structures can often be brought to conspicuous view. However, EMD is
unstable and limited to one-dimensional data analysis. Iterative Þltering EMD addresses these shortcomings
by iterations of convolution Þlters to obtain a multiscale decomposition of data into the so-called intrinsic mode
functions (IMFs). The approach differs from the classical EMD by using a different sifting algorithm to obtain
the IMFs. In iterative Þltering we begin with a ÒsiftingÓ operator for anNp dimensional data X = (x1, x2, · · · xNp )

T (X ) = X ! L(X ), (12)

where L is a certain lowpass Þlter (not all lowpass Þlters have convergence). We deÞne intrinsic mode function
(IMF) by the limit of the sifting operator

I 1 = lim
n!"

T n(X ), (13)

where the iteration converges for suitable choices of the lowpass Þlter. Higher-order IMFs are computed as
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Figure 8: Comparison of IMFs of time series for the tor-
sion angles of the 1st (red) and 9th (blue) amino acid
residues of protein 1HEL88 (see Fig. 9) revealing the
stable manifold (i.e., the dynamics of the alpha helix).
Upper: Original time series of the 1st and 9th amino
acid residues; Middle: The Þrst IMFs; Bottom: The sec-
ond IMF of the torsion dynamics of 9th residue (blue
line) indicates the stable manifold of an alpha helix.

I k = lim
n!"

T n
k (X !

k# 1!

i=1

I i) (14)

Using this iterative procedure, a signal X can be decom-
posed as IMFs:

X = I 1 + I 1 + · · ·+ I m + R (15)

where R = X !
" m

i=1 I i is the residual.
It should be pointed out that iterative Þltering is in fact

nonlinear because in actual computation we adaptively
stop the iteration when certain threshold is reached. Fur-
thermore, it differs from taking a single lowpass Þlter be-
cause typically a single pass with a lowpass Þlter cannot
sift out a mode entirely, thus it leads to Ómode leakageÓ.
The key idea here is that through this EMD we are able
to localize motions of different frequencies and amplitudes.
The Þrst few IMFs are typically highly oscillatory in nature
and are unsuitable for feature identiÞcation. The focus will
thus be on IMFs of moderate to high but not very high or-
ders, as very high order IMFs tend to have little features, see Fig. 8

To see how dimensionality reduction can be made more effective through examining the mode functions
from an iterative Þltering EMD, one has to Þrst appreciate the complexity of molecular dynamics. Given that on
average there are over 5000 atoms in a protein, the dimension of the motion manifold is so high that it makes
any attempt to identify persistent structures, which is one of our main objectives, prohibitive. However, given
the importance of low frequency-high amplitude motions, the actual relevant motions only have a manageable
degrees of freedoms. Such motions are captured by IMFs of higher orders. The motion manifolds from IMFs
of higher orders will have vastly reduced dimensions. We are currently conducting preliminary experiments to
determine the order of reductions in this approach, and what we have seen in data from small proteins so far
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Figure 8: Comparison of IMFs of time series for the tor-
sion angles of the 1st (red) and 9th (blue) amino acid
residues of protein 1HEL88 (see Fig. 9) revealing the
stable manifold (i.e., the dynamics of the alpha helix).
Upper: Original time series of the 1st and 9th amino
acid residues; Middle: The first IMFs; Bottom: The sec-
ond IMF of the torsion dynamics of 9th residue (blue
line) indicates the stable manifold of an alpha helix.
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Using this iterative procedure, a signal X can be decom-
posed as IMFs:
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where R = X−
" m

i =1 Ii is the residual.
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stop the iteration when certain threshold is reached. Fur-
thermore, it differs from taking a single lowpass filter be-
cause typically a single pass with a lowpass filter cannot
sift out a mode entirely, thus it leads to ”mode leakage”.
The key idea here is that through this EMD we are able
to localize motions of different frequencies and amplitudes.
The first few IMFs are typically highly oscillatory in nature
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thus be on IMFs of moderate to high but not very high or-
ders, as very high order IMFs tend to have little features, see Fig. 8
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from an iterative filtering EMD, one has to first appreciate the complexity of molecular dynamics. Given that on
average there are over 5000 atoms in a protein, the dimension of the motion manifold is so high that it makes
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determine the order of reductions in this approach, and what we have seen in data from small proteins so far
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