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The second term is negative to increase the
correlation when evaluated for the interior re-
gion of ρEM i.e. when the interior of the
atomic-structure data matches the interior of
the low-resolution data.

4 Results

4.1 Laplace-filter

Fig. 4 illustrates the effect of the Laplace filter for
the RecA hexamer.

Figure 4: Cross-section of the spatial density map
(left) and the same cross-section after application
of the Laplace-filter for the RecA hexamer.

4.2 Vector quantization

Fig. 5 shows an atomic structure (tube represen-
tation) together with the code-book vectors of the
contour-region (dark balls) and the interior-region
(light balls). It can be seen that the code-book vec-
tors are indeed located in the corresponding region.

4.3 Comparison with the spatial correla-
tion

We now turn to the comparison between the
Laplace-correlation based docking with the original
spatial-correlation based approach. We investigate

Figure 5: RecA monomer (tube representation)
with 10 code-book vectors of the contour-region
(dark balls) and 20 code-book vectors for the
interior-region (light balls).

for which resolutions the Laplace-correlation out-
performs the spatial-correlation. However, this task
is related to the question how the total number of
code-book vectors as well as the ratio between inte-
rior and contour code-book vectors needs to be ad-
justed to yield optimal results. Finally we analyze
the impact of the vector quantization method on the
Laplace-filter enhanced fitting.

All tests are based on the docking of the atomic
structure of the RecA-monomer [17] into a low-
resolution map which was obtained from blurring
the atomic structure data of the RecA hexamer (see
Fig. 2). This use of pseudo-data has the advan-
tage that a well defined best-docking position exists,
with which the performance of the algorithm can be
compared.

4.3.1 Dependence on the resolution

To investigate the dependence of the docking per-
formance on the resolution of the target map we
have blurred the RecA hexamer to resolutions of
15, 20 and 25̊A. The position of the RecA monomer
was varied in 1̊A steps in a range of±10Å around
the optimal docking position along a given axis. For
each position the correlation was calculated4. Fig. 6
shows the results for this analysis. Compared is
the docking-performance for spatial- and Laplace-
correlation when the RecA monomer is approxi-

4In addition at each position the rotation was chosen which
maximizes the correlation.
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Figure 6: Comparison of the docking performance
for different resolutions of the target map. The
plot shows the correlation as a function of the dis-
placement around the optimal docking at 0. The
monomer was approximated with 70 code-book
vectors. In the Laplace case these were distributed
in equal shares to interior and contour region. The
Laplace method shows a more pronounced maxi-
mum of the correlation in all cases. This results into
a stronger feedback force which drives the system
into the original docking position.

mated with 70 code-book vectors (the monomer
consists of 443 atoms). For the Laplace-filtered data
an equal number of code-book vectors assigned to
the interior and contour region was chosen.

The study confirms the expectation that with
dropping resolution the Laplace method outper-
forms the spatial correlation i.e. the Laplace-
correlation displays a better defined maximum with
steeper edges, resulting into a stronger feed-back
force which drives the system into the best dock-
ing position. Fig. 7 compares the performance of
Laplace and spatial correlation for 25Å data in the
xy-plane. For every position the optimal rotation
was calculated. It can be clearly seen that the
Laplace method (top) distinguishes the 6 possible
docking positions while the spatial correlation ranks
the whole RecA structure high.

Finally, Fig. 2 in the appendix compares the
docking based on the spatial correlation and the
Laplace correlation in terms of the resulting posi-
tions for the 3D structure. Fig. 2a in the appendix
shows that for the spatial correlation based method
the best fit is shifted from the optimal position by≈
1Å. The Laplace method can reproduce the optimal
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Figure 7: Docking of the RecA monomer into the
hexamer at 25̊A resolution. Displayed is the corre-
lation in thexy-plane. Top: Laplace-filter method,
bottom: spatial correlation. The Laplace method
leads to well defined maxima for the monomer
while the spatial correlation ranks the whole RecA
structure high.

position within a small fraction of 1̊A, at least if a
proper choice for the fraction of interior and contour
code-book vectors is made (see Fig. 2b and Fig. 2c
in the appendix). The next section is devoted to the
question how the performance of the Laplace dock-
ing depends on the fraction of interior and contour
code-book vectors.

4.3.2 Dependence on the ratio between interior
and contour region

Clearly the performance of both algorithms (spatial-
and Laplace-correlation) depends on the number of
code-book vectors i.e. improves with a larger num-
ber of code-book vectors. However, the Laplace
method introduces an other degree of freedom into
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Figure 8: Correlation as a function of the displace-
ment for different ratios of the number of code-book
vectors for interior (i) and contour region (c). The
position 0 corresponds to perfect docking of the
RecA monomer into the hexamer. For each dis-
placement the optimal rotation has been calculated.
It can be seen that the performance of the Laplace
method increases with the fraction of interior code-
book vectors.

the analysis, namely the ratio between the number
of code-book vectors assigned to the interior and
contour region respectively. To investigate the im-
pact of this choice we have repeated the monomer
docking for different ratios of interior and contour
code-book vectors.

Fig. 8 shows the corresponding results for the
20Å case. It can be clearly seen that the perfor-
mance of the algorithm improves with the fraction
of interior code-book vectors until all code-book
vectors are assigned to the interior region. That the
docking is strongly driven by the interior code-book
vectors seems to be particularly surprising since the
interior amounts only to≈30% of the total volume.
The reason for this unexpected behavior lies pre-
sumably in the fact, that the compact inner region
is easier to approximate than the “thin-walled” con-
tour region. Furthermore the contour of the single
monomer is certainly not expected to match per-
fectly to the contour of a monomer within the full
hexamer. However, one should note that this re-
sult does not indicate, that the distinction between
interior and contour becomes irrelevant. First, the
interior code-book vectors do confine the bound-
ary region “from inside” i.e. carry indirect informa-
tion about the contour region likewise. Second, and

more important, even in the absence of any contour
code-book vector does the low-resolution data carry
the sign-information about the contour-interior dis-
tinction. Hence, it still plays a role in the algorithm.

Finally, Fig. 1 in the appendix compares spatial-
and Laplace-based docking at 15Å resolution. For
the Laplace method the monomer was approxi-
mated by 70 code-book vectors,all assigned to the
interior region. Displayed is the absolute value
of the feedback-force. The Laplace-filter method
shows a much better pronounced minimum at the
original docking position (0,0).

4.3.3 Impact of the vector-quantization

The vector-quantization approximates the original
atomic structure by a small set of code-book vec-
tors. In our example the number of code-book vec-
tors corresponds to only 16% of the total number of
atoms. To examine the impact of this approximation
on Laplace filtered maps and the subsequent deter-
mination of the correlation one need to compare the
performance of our docking with a Laplace-filter al-
gorithm which does not use any data compression5

Fig. 2 in the appendix compares the results of
these two algorithms for the docking of the RecA
monomer. In all plots does the green tube corre-
spond to the optimal position, the blue tube to the
Laplace docking resultwithout vector-quantization
and the red tube to a resultwith vector-quantization.
In plot 2b the red tube is based on the Laplace corre-
lation with 70 interior code-book vectors while for
plot 2c 35 interior and 35 contour code-book vec-
tors were employed. Again, the Laplace-docking
with vector quantization improves with the frac-
tion of interior code-book vectors. Moreover, plot
2b shows an excellent agreement between the two
Laplace-filter based methods and the optimal dock-
ing position.

5 Summary

We have successfully implemented the Laplace-
filter method intoSenSitus for the docking of
atomic structures into low-resolution data. The
Laplace filter gives edge information i.e. introduces
the distinction between interior and contour region.

5Such a method is implemented into the algorithmic docking
tool CoLoRes (Contour-based Low-Resolution docking) which is
part of theSitus [16] package.
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Tests show that this method significantly improves
the docking for resolution of 15̊A and below.

SenSitus supports the docking by VR tech-
niques which are especially well suited for the anal-
ysis of these highly complex macro-molecules. To
allow for force update rates of 1kHZ and above, as
required in VR-environments [10],SenSitus em-
ploys the vector-quantization method to approxi-
mate the structure data. The application of this
method for Laplace-filtered maps introduces the
question of how to deal with the sign-information
of the Laplace filter and how to share the code-
book vectors between interior and contour region.
Our investigation shows that the docking is strongly
driven by the interior code-book vectors. However,
even in the absence of any contour code-book vec-
tor for the structure data does the low-resolution
data carry the sign-information of contour and in-
terior regions. Hence, the contour information is
retained by the algorithm.
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