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KAMO and Blend provide particularly effective tools to automatically manage
the merging of large numbers of data sets from synchrotron serial crystallogra-
phy. The requirement for manual intervention in the process can be reduced by
extending Blend to support additional clustering options to increase the sensi-
tivity to differences in unit cell parameters and to allow for clustering of nearly
complete datasets on the basis of intensity or amplitude differences. If datasets
are already sufficiently complete to permit it, apply KAMO once, just for reflec-
tions. If starting from incomplete datasets, one applies KAMO twice, first using
cell parameters. In this step either the simple cell vector distance of the original
Blend is used, or the more sensitive NCDist, to find clusters to merge to achieve
sufficient completeness to allow intensities or amplitudes to be compared. One
then uses KAMO again using the correlation between the reflections at the com-
mon HKLs to merge clusters in a way sensitive to structural differences that may
not perturb the cell parameters sufficiently to make meaningful clusters.
Many groups have developed effective clustering algorithms that use a measur-
able physical parameter from each diffraction still or wedge to cluster the data
into categories which can then be merged to, hopefully, yield the electron den-
sity from a single protein iso-form. What is striking about many of these physical
parameters is that they are largely independent from one another. Consequently,
it should be possible to greatly improve the efficacy of data clustering software
by using a multi-stage partitioning strategy. Here, we have demonstrated one pos-
sible approach to multi-stage data clustering. Our strategy was to use unit-cell
© 0000 International Union of Crystallography ~ ClUStering until merged data was of sufficient completeness to then use intensity
Printed in Singapore - all rights reserved based clustering. We have demonstrated that, using this strategy, we were able to
accurately cluster data sets from crystals that had subtle differences.

1. Introduction sufficiently to make meaningful clusters.

X-ray free-electron lasers (XFELS) have pioneered effective

KAMO(?) and Blend®) provide particularly effective tools to .
automatically manage the merging of large numbers of data Ser%ystallography data collection from large numbers of crystals.

from synchrotron serial crystallography. The requirement fo ?) (?) Serial crystallography, an essential technique at x-ray

manual intervention in the process can be reduced by extenéf—.ee electron laser light sources, has become an important tech-

ing Blend to support additional clustering options to increased4€ at synchrotrons?) (?), especially at newer high inten-

the sensitivity to differences in unit cell parameters and to allov\gtyxsglgfhl_rl(()tro?”b_eamllnes. Thetﬁata m?jy b? orgdanlzedfedlthter
for clustering of nearly complete datasets on the basis of interf> -like still Images or as thousands ot wedges of data

sity or amplitude differences. If datasets are already sufficientl ro&juced fr%m vt;ary Iargellnumbe(s cg‘.crystals. Thglstrlllls and
complete to permit it, apply KAMO once, just for reflections. edges need to be careiully organized into reasonably homoge-

If starting from incomplete datasets, one applies KAMO twice NEOUS clusters of data that can be merged for processing. This is

first using cell parameters. In this step either the simple cell ve@oingto be one_of the common tools to as_semble co_mplete data
- érom many partial wedges in MR, SAD, ligand studies and to

NCDist, to find clusters to merge to achieve sufficient complete—s.Ort classes of cry.stals for studies of dynqmics, binding, interac-
ness to allow intensities or amplitudes to be compared. One théﬁms’et(i" KAMdO II’IC|L1I:|dEi cluster elmtgly&s b?fsgd ?Oth on cell
uses KAMO again using the correlation between the reflection§3rameters and on refiection correiation coethicients.

at the common HKLsY) to merge clusters in a way sensitiveto  In this paper we discuss the issues involved in improving the
structural differences that may not perturb the cell parametersensitivity of both approaches to clustering, using, as an exam-
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ple, 999 5 wedges from lysozyme in four iso-forms: lysozyme iso-forms into two clusters. Each cluster of data was
o NAG: native with N-acetylglucosamine (NAG) soaked in, then merged, and then phased using the known structure of
e Benz.: native with benzamadine soaked in, and lysozyme. The atomic model was then refined using refrac (
e Benz.+NAG: native with both NAG and benzamadineand an omit difference map was examined using coot in the
soaked in. region where the ligands are expected to bind to the protein sur-
e Native: no ligands face (7). The omit difference map was contoured at 1.5 sigma

As we will see, although the cell parameters are changed su#&nd displayed using pymaoP). The omit maps calculated from
ficiently to allow recognition of the NAG soak, it is difficult to the four-way clustering data was not observed to closely match
filter the benzamadine soak simply on the basis of cell parameny of the four lysozyme iso-forms known to have been acous-
ter changes, suggesting the desirability of switching from celltically harvested onto the micro-meshes (data not shown). We
based clustering to reflection-based clustering as early in theoncluded from this result that the clustering algorithm was not
process as possible. sufficiently sensitive to differentiate these four classes of very
similar crystals using only variations in the observed unit cell
parameters. However, the omit maps calculated from the two-
) ) o o way clustering data were a good fit to the expected lysozyme
Since our goal is to expand the capabilities of existing clusteriso-forms (Fig.1). We concluded from this result that the two-
ing techniques, we began by applying a conventional clusteringgang jso-form was sufficiently different from the native iso-
strategy to diffraction data from lysozyme mirco-crystals con-form that unit cell based clustering could be successful. To do

taining various combinations of known small molecule bindersine four-way split, intensity-based clustering was added to the
Lysozyme micro-crystals suitable for acoustic harvestity ( process.

were grown using batch crystallization by dissolving 120 mg/ml
lysozme in 0.2M sodium acetate pH 4.6 (Hampton Research .
HR7-110) and combining with equal parts precipitant (10%>: Clustering on Cell Parameters
ethylene glycol + 12% sodium chlorideP)( The resulting  Stills and wedges of very low completeness are more appro-
slurry of 5-10 um crystals was divided into four aliquots. Threepriate for cell parameter clustering, rather than reflection clus-
of the four aliquots were then equilibrated overnight with antering, because pairs of images with very few commensurate
equal volume of 0.5 M solutions of, respectively, benzamadineeflections may still provide reasonable estimates of unit cells
NAG, and benzamadine plus NAG. These two small moleculesut not provide enough data to compute a meaningful distance
are known to bind tetragonal lysozyme crystads The fourth  petween sets of reflections.
aliquot was diluted with an equal volume of mother liquor but  The default Blend approach to clustering on cell parameters
contained no ligands. is to usela, b, ¢, a, 3, 7] as a six vector, drop the columns with-
The diffusion rate for benzamadine and NAG within out significant variance, and use the Euclidean distance calcu-
lysozyme crystals is approximatelydvs(?). To preventcross- |ated from the remaining columns. This approach does not deal
contamination of crystals with neighboring iso-forms, crystalsas effectively with the discontinuities produced by experimen-
could not be mixed with different iso-forms for more than 1stal error and ambiguities in reductioad. between Type | and
before diffusion was halted by plunge cryo-coolindiN,. To  Type Il cells and near the cubics) as the Andrews-Bernstein
accomplish this, we deposite@b of crystal slurry from each  NCDist algorithm @), which allows slightly larger clusters of
aliquot onto a separate agarose supp®rt\(Ve used acoustic truly similar datasets to be formed, working in the sp&d
sound pulses to harvestSaL of crystal slurry from each of formed using Niggli reduction in the six-dimensional space
the four lysozyme aliquots, and separately position them on grmed by the metric tensor with the last three components dou-
micro-mesh (MiTeGen M3-L18SP-10) such that none of thepled,[a?, b?, ¢2, 2bc cos(a), 2accos(/3), 2ab cos()).
droplets was in contact with any other (Figure 1A). Crystal |n our test case of 999 datasets of lysozyme with NAG and
containing droplets were threaded through small apertures t9enzamadine soaks 998 clusters are found with completeness
prevent cross-contaminatioB)( We then swept the non-crystal ranging from 40% to 100%. The top levels of the two dendro-
containing side of the micro-mesh against a sponge moistengftams are shown in Figs. 2 3.
with cryo-protectant (mother liquor + 20% glycerol) and, in = The dendrograms are qualitatively similar but, for this test
one smooth motion, immediately cryo-cooled the micro-meshyata, the discrimination of the clustering changes. For the orig-
in LN,. In addition to cryo-protection, this also mixed the Crys-ina| Blend algorithm, the largest clusters that are 100% native,
tals together into one contiguous field. The same procedure wag)goy, NAG, 100% benzamadine and 100% NAG+benzamadine
repeated for a micro-mesh containing only two lysozyme iso¢ontain 4, 15, 5, and 10 datasets, respectively. For the NCDist
forms, Benz. + NAG and native. Serial diffraction data werec|ystering, the largest clusters that are 100% native, 100% NAG,
then obtained in 5 degree wedges from 100 crystals on eacfphoo, henzamadine and 100% NAG+benzamadine contain 9,
micro-mesh. 15, 8, and 7 datasets, respectively. This provides a better base

The software package KAMO was then used in defaulifor switching over from cell clustering to reflection clustering.
configuration to partition the diffraction data from micro-

meshes containing four lysozyme iso-forms into four clusters
and the diffraction data from micro-meshes containing two

2. Limits of conventional clustering

. Clustering on Reflections
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In a regime of high completeness (say, 90%) different dataset e Itis not necessarily desirable to continue clustering to the
can have enough reflections at common hkl's to generate a satis-  largest of the “best” possible clusters. Smaller clusters of
factory similarity or distance for clustering. If the data has been sufficient quality for processing are more likely to be pure
scaled, a R-value can be used as a distance, but, for unscaled species.

data, the preferred approach is to use a Pearson Correlation

Coefficient CC) as a measure of similarity, i.e. having a largerg. Discussion

value for sets of reflections that are similar and a smaller Valu%ecause micro-crystals are expected to react quickly and uni

for sets of reflections that are dissimilar. The Pearson Correl%rmly to changes in their environment, serial crystallography

tion Coefficient is essentially the cosine of the angle betweeri1S a desirable tool for examining the plasticity with which pro-
vectors of data. The lack of common scaling is dealt with by 9 P y P

subtracting the meanif of each vector from each component tein crystals respond to external perturbations. In some cases the

o : external perturbation can be physical, such as conformational
and dividing by the norm of each to get two unit length VeCtorS'changes induced by light (Young et al., 2016). In other cases

data_set; = [Fir,, FLnd,, - prote_lns are perturbed by chemical mea®k [t is ofte_n n_ot
possible to to draw a sharp boundary between diffraction images
data_sety; = [Fa iy, Fonuy s -] from different protein iso-forms without the assistance of some

type of clustering software. In response to this, many groups

have developed effective clustering algorithms that use a mea-
vec; = [Fohiy — 2, o, — p2, -5 surable parameter from each diffraction still or wedge to clus-
CC(data set;, data set,) — VEC1.VECy ter the_data into categories v_vhich can then be mer_ge_d to, hope-

’ ||vecy||||vec,|| fully, yield the electron density from a single protein iso-form.

Examples of measurable parameters that have been used for
this purpose include unit cell dimensiory (?), and diffraction
intensities ?) (?). What is striking about many of these phys-

vecy = [Fyni, — pa, Fahi, — 1, -0

In order to extend the range of applicability@E, we convert
it to a distance,

SFdist(data_set;, data_set;) = || veGL _Vve& I ical parameters is that they are largely independent from one
|lvecy||  ||vec|| another. Consequently, it should be possible to greatly improve
which is related t€C by the efficacy of data clustering software by using a multi-stage

partitioning strategy. Here, we have demonstrated one possi-
ble approach to multi-stage data clustering. Our strategy was
_ to use unit-cell clustering until merged data was of sufficient
2 _ o _ . . .
SFdist(datasety, datasetp)” = 2 — 2CC completeness to then use intensity based clustering. We have

Having this as a distance allows a simple adaptation to casé¢monstrated that, using this strategy, we were able to accu-
of Comp|eteness lower than 90% by add|ng a pena|ty to the d|§.a-te|y cluster data sets from Crystals that had subtle differences.
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Figure 1

Electron density maps calculated after two-way clustering of diffraction data obtained from micro-meshes that contained a mixture of native crystals (no ligands;
figure 1B) and double bound crystals (benzamadine + NAG; figure 1A). The omit difference maps are contoured at 1.5 sigma in the region expected to contain
benzamadine (top) and NAG (bottom). The historgram cluster on the left represents the unit cell dimensions of the cluster of crystal data sets that yielded the omit
difference map shown in A. Similarly, the histogram cluster on the right represents the unit cell dimensions of the cluster of crystal data shown in B. Clearly the
clustering algorithm was able to accurately partition the data for this simple two-way split.
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Figure 2
This dendrogram on presents the top levels of Blend clustering using the original Blend cell-parameters Euclidean distance function.
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Figure 4 Figure 7

Omit difference maps of the NAG site in cluster 28 of a two-stage clusteringOmit difference map of the Benzamidine site in cluster 28 of a two-stage clus-
with KAMO using cell parameters and NCDist to get to at least 10% complete-tering with KAMO using cell parameters and NCDist to get to at least 10%
ness and then CC clustering with SFDist. completeness and then CC clustering with SFDist.

Figure 5 Figure 8

Omit difference maps of the NAG site in cluster 43 of a two-stage clusteringOmit difference map of the Benzamidine site in cluster 43 of a two-stage clus-
with KAMO using cell parameters and NCDist to get to at least 10% complete-tering with KAMO using cell parameters and NCDist to get to at least 10%
ness and then CC clustering with SFDist. completeness and then CC clustering with SFDist.

Figure 6 Figure 9

Omit difference maps of the NAG site in cluster 62 of a two-stage clusteringOmit difference map of the Benzamidine site in cluster 62 of a two-stage clus-
with KAMO using cell parameters and NCDist to get to at least 10% complete-tering with KAMO using cell parameters and NCDist to get to at least 10%
ness and then CC clustering with SFDist. completeness and then CC clustering with SFDist.



https://doi.org/10.1101/141770
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/141770; this version posted May 24, 2017. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY 4.0 International license.

0%
a0%
70%.

B0%
*Native %
“NAG+Benz %
*Banzamdine %
#NAG %

= Native %

“ NAG+Benz %
= Benzamdine %
SNAG %

s0%

a0

0%

20%

10%

0%
12345678 ¢10111213141516171819202122232425262726203031 32334 35 1234 56 7 8 0 1011121314 1518 17 18 19 20 21 22 23 24 25 26 27 28 20 30 31 32 333435

Figure 10 Figure 11

Color charts of the 35 largest dataset clusters for the NCDist clustering. FronColor charts of the 35 largest dataset clusters for the SFDist clustering. From

top to bottom the color blocks are the native soak, the NAG+benzamadine soakop to bottom the color blocks are the native soak, the NAG+benzamadine soak,

the benzamadine soak and the NAG soak. If one color reaches nearly from thtte benzamadine soak and the NAG soak. If one color reaches nearly from the

bottom to the top at a given position, that cluster is a nearly pure species. bottom to the top at a given position, that cluster is a nearly pure species. That
is the case for each soak on the left end of this SFDist chart.
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