
algorithm for polyhedral surfaces, the complexity for a single sitepi to all otherpj ∈
P isO(V 2), whereV is the set of hull vertices.

The convex hull approach takes “shortcuts” across the mouth of concavities by
traversing the hull of the protein, but can miss shortcuts through the concavities. A
complementary approach is to start with a sample of paths on the protein surface,
rather than on the hull, and then take shortcuts where possible to reduce the lengths of
these paths. More precisely, a shortcut of a path replaces the subsequence of vertices
〈pk, pk+1, . . . , pl〉 with the sequence〈pk, pl〉 when the segmentpkpl doesn’t intersect
Sint. We call such a pairpk, pl a visible pair. Ourshortcut algorithm(Figs. 3, 4c)
applies this approach to compute an upper boundDshortcut. Since initial paths are on
the surface and shortcuts do not penetrate the body, this is a correct upper bound.

The complexity of the shortcut algorithm depends on the approaches to generat-
ing paths, computing visibility, and selecting shortcuts. Our current implementation
generates diverse paths by repeatedly performing a breadth-first search frompi to pj
(taking time linear in the number of surface vertices) and removing edges for path
vertices before the next iteration. Other approaches are also possible to achieve diver-
sity. We shortcut a path by an iterative greedy refinement algorithm, starting atpi and
at each iteration jumping to the vertex furthest in the path and still visible. Visibil-
ity can be tested by computing surface triangle intersections, as discussed regarding
the disk algorithm, yieldingO(TP 2) total time to shortcut a pathP . An alternate
approach that we are exploring is to test intersection of a segment with each of the
protein atom spheres, using an atomic radius expanded by that of the solvent. In
either case, efficient data structures could reduce the number of triangles tested. Dijk-
stra’s single-source shortest path algorithm15 could be employed instead of the greedy
shortcutting, requiringO(TP 2) time to guarantee optimal shortcutting. We find that
in practice the greedy approach usually makes substantial progress per iteration and
is closer to linear than quadratic in path length.

Rather than considering shortcuts on a few sample paths, we can compute, at the
cost of complexity, a complete visibility graph for the protein surface. A visibility
graph18 indicates all visible pairs of vertices. Given a visibility graph, we can apply
standard shortest paths algorithms (e.g. Dijkstra’s algorithm15). Our visibility algo-
rithm (Fig. 3) uses this approach to compute an upper boundDvisibility. As with the
shortcut algorithm, correctness as an upper bound is immediate.

A straightforward construction of the visibility graph, using the techniques men-
tioned above for shortcutting, requiresO(TV 2) time, whereT andV are respectively
the set of triangles and vertices ofS. This preprocessing is used for all cross-linking
site pairs; Dijkstra’s algorithm then requires additionalO(V 2) time for each site.



2.4 Protein Model Discrimination

In order to discriminate among a set of predicted protein models, we must test for
each of them the feasibility of the distances for all observed cross-links. We note that
less information can be gained from the absence of evidence for a cross-link under a
bottom-up mass spectrometry approach, since several factors other than cross-linking
distance can contribute to the absence. More powerful reasoning from negative ev-
idence will be possible in future work, particularly following the application of top-
down mass spectrometry for cross-linking analysis4.

When employed with observed cross-links, lower and upper bounds provide com-
plementary information for model discrimination. A lower bound can provide evi-
dence against a model, when the estimated distance for an observed cross-link ex-
ceeds the expectation for the cross-linker. An upper bound can provide evidence for
a model, when the estimated distance for an observed cross-link is less than the max-
imum distance. We adopt a simple strategy assuming cross-links are independent and
sum their scores:+1 when an upper bound is satisfied,−1 when a lower bound is
violated, and0 when neither holds. (It is impossible for both to hold.)

3 Results

We have tested the performance of our algorithms for model selection with both pub-
lished experimental and simulated data. Fibroblast growth factor (FGF-2) is the pri-
mary target because of available data3 and structure (PDB id 4FGF). Competing
models were obtained for the published template structures3 via the protein fold-
recognition meta-server19; two of the models are of the same fold (β trefoil) as 4FGF.
TheLys -specific cross-linker BS3 was used. To further demonstrate the utility of our
approach, we chose two CASP420 targets with many high-quality models: deoxyri-
bonucleoside kinase (PDB id 1J90) andα-catenin (PDB id 1L7C).

We applied our algorithms, using Nζ , Cγ , Cβ , or Cα atoms (with surfaces appro-
priately peeled), and found the Cβ to provide the best results. The Cα straight-line
measurement of Younget al.3 provides a control, although we could not exactly repro-
duce their model discrimination results (presumably due to differences in the details
of the protein models).

Visualizations like those in Fig. 4 provide evidence of the ability of our algo-
rithms to better approximate cross-linking distance. To quantitatively characterize
discriminatory power, we computed, for each distance between 1 and 45Å, the num-
ber of possibleLys pairs in 4FGF whose length exceeds the threshold and compared
the number for experimentally identified cross-links (to be maximized) and unidenti-
fied ones (to be minimized). Greater difference between these numbers at a threshold
indicates better abstraction of structural features and enhanced ability of the method
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Figure 5: Comparison of cross-linking distances for (left) Cα straight-line, (middle) Cβ disk, and (right)
Cβ plane methods. Thex-axis indicates a distance and they-axis the number of experimentally-identified
(blue lower line; 18 maximum) and not (red upper line; 48 maximum) cross-links exceeding that threshold.

employed to separate identified from unidentified for a cross-linker of that length.
Fig. 5 compares the straight-line distance against two of our lower bound methods.
The area between the curves (summing the count difference over the range) is 641
for Cα straight-line, 826 for Cβ disk, and 887 for Cβ plane, demonstrating the more
informative bounds provided by our algorithms.

In model discrimination, Younget al.3 employ a maximum value of 24̊A for
feasible cross-linking distance; we use the same threshold for testing both upper and
lower bounds. This value accounts for the BS3 length (11.4Å), the distance from the
reactive Nζ to the representative cross-linking site, and a small amount of uncertainty.
Fig. 5 shows that some of the experimentally-determined cross-links have distances
exceeding even this threshold (e.g.Ddisk(Lys21 ,Lys125 ) is 29.5Å). These large
distances were confirmed visually. Possible explanations include experimental errors,
artificial distortion of the protein, or extensive natural flexibility. Artificial distortion
(e.g. by partial denaturation due to multiple cross-links), may be alleviated by better
choice of experimental conditions. The work of Falke21 suggests it is possible to ob-
tain cross-links more than 10̊A longer than expected, in mobile situations, although
the rate of cross-linking falls off by orders of magnitude. To study such flexibility, we
intend to apply our algorithms to multiple frames of a molecular dynamics simulation,
boosting the need to trade off efficiency and tightness of bound. We note that infre-
quent conformations might in general be detected rarely by mass spectrometry, and
thus could be treated as noise in a probabilistic analysis. The cross-link experiment
could also be altered to exploit differences in rates.

We further quantified discriminatory power by comparing differences in esti-
mated cross-link distances between models. Treat the set of cross-linking distances
for a model as a point iǹ-dimensional space (for̀ cross-links), and compute dif-
ferences (Euclidean distance) between these points. A larger difference is indicative
of greater discriminatory power, since the cross-linker’s fixed length is more likely
to separate the points on some dimension (cross-link). We compared our disk Cβ



algorithm to the control straight-line Cα, and found that our algorithm yields an av-
erage of 0.2–0.3̊A larger average differences for both experimentally observed and
all possible cross-links, when either comparing 4FGF to all other models, 4FGF to
non-β-trefoil models, or each model to all other models.

We tested our methods by ranking the correct structure vs. the models, scoring
with either the Young approach of counting violations (straight-line distance> 24
Å) or our discrimination method combining disk (lower bound) and shortcut (up-
per bound) distances. We analyzed the effects of cross-link sparsity and noise by
choosing datasets consisting of a random subset of the identified plus a random set of
the unidentified cross-links. Fig. 6 illustrates the average rank of the correct structure
over 100 such simulations for each of several different numbers of observed and unob-
served cross-links. (We apply the conservative choice of ranking the correct structure
worst in case of a tie.) With smaller subsets of identified cross-links, the two methods
are comparable. Larger subsets tend to include more cross-links labeled infeasible by
the disk bound, and our method degrades.

Finally, we analyzed model discriminability by varying the number of simulated
“good” and “bad” cross-links and finding the average rank of the correct structure
as above. For tests with our method, good cross-links were chosen from those with
shortcut Cβ distance below 24̊A in the correct structure, and bad cross-links from
those with disk Cβ distance greater than 24̊A. Similarly, good and bad cross-links
for the straight-line method were chosen using the 24Å threshold. Fig. 7 shows
results for FGF using each method to analyze the corresponding simulated dataset.
These results test discriminability and robustness to sparsity and noise — over many
different sets of feasible/infeasible cross-links, our distances distinguish the correct
structure from the models better than do straight-line distances. Fig. 8 shows our
results on the CASP4 targets; straight-line is again inferior (not shown).

4 Conclusions

We have developed and applied a set of lower- and upper-bound algorithms for es-
timating cross-linking distance. The algorithms trade off complexity and tightness
of bound. We have shown that by taking into account protein surface geometry, our
algorithms provide better model discriminability, in terms of cross-link separability,
distance differences, and discrimination effectiveness. We illustrated the robustness
of our techniques by simulating sets of good and bad cross-link data. Our results
demonstrate that information from relatively rapid and inexpensive experiments per-
mit model discrimination in spite of sparse information and the presence of noise.

The current work can be further extended in several ways. Protein dynamics can
be taken into consideration. As more experimental data become available, better clas-
sifiers can be developed to apply distance estimates to model discrimination. While
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Figure 6: Discrimination using experimental data for FGF-2 with (a) straight-line Cα, (b) combined disk
and shortcut Cβ . Thex- andy-axes indicate number of cross-link pairs identified and unidentified, respec-
tively; thez-axis shows the average rank of the actual structure over 100 random subsets.
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Figure 7: Discriminability for FGF-2 with (a) straight-line Cα, (b) combined disk and shortcut Cβ . Thex-
andy-axes indicate number of good and bad cross-link pairs, respectively, chosen according to the same
methods; thez-axis shows the average rank of the actual structure over 100 random subsets.
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Figure 8: Discriminability, as in Fig. 7, with combined disk-shortcut Cβ using simulated data for (a)
deoxyribonucleoside kinase and (b)α-catenin models.



cross-links were considered independent here, a more complex framework would cap-
ture dependencies with respect to differential reactivity, competing cross-links, and so
forth. Our analysis can be used in planning experiments, e.g. proposing a cross-linker
of the best length or the substitution of particular residues to lysine.
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