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1
1.1

Abstract
Abstract

Recent advances in fixed-target and rotational serial synchrotron
crystallography (SSX) allow data collection from up to several thousand
crystals. Consequently, SAD (single anomalous diffraction) phasing
and structure determination can be particularly demanding because of
possible systematic differences (non-isomorphism) between the partial
data sets and a resulting weak anomalous signal. The identification and
exclusion of non-isomorphous data sets by suitable indicators is therefore
indispensable. In this work, two different data selection methods to
overcome the problem of non-isomorphism for multi-crystal data sets
are presented:
Firstly, the development and application of XDSCC12 (Assmann et
al., 2016; Assmann et al., 2020) is demonstrated in two consecutive
projects. It is shown that XDSCC12, which is based on the weighted
∆CC1/2 , a quantity representing the influence of a single data set on
the overall CC1/2 of the merged data, is a simple and robust data
selection method. By iterative application and an optimized scaling
protocol, the (anomalous) signal is further improved. The success of
the iterative selection and scaling procedure is verified by substructure
determination and subsequent structure solution for several SSX data
sets. In fact, structure solution is dramatically simplified after a few
rejection iterations and enabled with much less data than originally
required. In addition, an SSX data challenge (proposed by Holton, 2019),
minimizing the number of (simulated) data sets necessary to solve the
structure, is met and significantly underbid.
Secondly, the effective application of XSCALE_ISOCLUSTER
(Diederichs, 2017; Assmann et al., 2020) is shown for SSX and simulated
serial femtosecond crystallography (SFX) data sets. More precisely, it
is found that XSCALE_ISOCLUSTER, a multi-dimensional scaling
procedure based on pairwise correlation coefficients, reliably identifies
distinct clusters of data sets with systematic differences. Selection of the
data sets within a cluster resulted in an improved (anomalous) signal
enabling SAD structure solution. Both methods - although optimizing
different target functions - can be applied to identify data sets with
systematic differences; in combination XSCALE_ISOCLUSTER should
be applied first to identify distinct clusters before outlier rejection with
6

ABSTRACT
XDSCC12 is initiated.

1.2

Zusammenfassung

Jüngste Fortschritte in der Seriellen-Synchrotron-Kristallographie (SSX) sowohl für
fest installierte als auch drehbare Proteinkristalle ermöglichen das Messen von Daten
von bis zu mehreren tausend Kristallen. Folglich kann die Phasenbestimmung mit
SAD (‘Single Anomalous Diffraction’; die anomale Beugung bei einer Wellenlänge)
und die Strukturlösung wegen möglicher systematischer Unterschiede (NichtIsomorphismus) zwischen den partiellen Datensätzen und einem daraus resultierenden
schwachen anomalen Signal besonders anspruchsvoll sein. Die Identifizierung und
der Ausschluss nicht-isomorpher Datensätze durch geeignete Indikatoren ist daher
unerlässlich. In dieser Arbeit werden zwei verschiedene Methoden zur Auswahl
für Datensätze von mehreren Kristallen vorgestellt, um das Problem des NichtIsomorphismus zu umgehen:
Zum einen wird die Entwicklung und Anwendung von XDSCC12 (Assmann
et al., 2016; Assmann et al., 2020) in zwei aufeinander folgenden Projekten
demonstriert. Es wird gezeigt, dass XDSCC12, welches auf dem gewichteten
∆CC1/2 basiert, einer Größe, die den Einfluss eines einzelnen Datensatzes auf den
CC1/2 der fusionierten Daten repräsentiert, eine einfache und robuste Methode
zur Auswahl von Daten darstellt. Durch iterative Anwendung und ein optimiertes
Skalierungsprotokoll wird das (anomale) Signal weiter verbessert. Der Erfolg des
iterativen Auswahl- und Skalierungsverfahrens wird durch Substrukturbestimmung
und anschließende Strukturlösung für mehrere SSX-Datensätze verifiziert. Tatsächlich
wird die Strukturlösung nach einigen Iterationen des Ausschlusses von Daten
drastisch vereinfacht und mit viel weniger Daten als ursprünglich erforderlich
ermöglicht. Darüber hinaus wird eine Herausforderung für SSX Daten (vorgestellt von
Holton, 2019), bei der die Anzahl der (simulierten) Datensätze minimiert werden soll,
die zur Lösung der Struktur notwendig sind, angenommen und deutlich unterboten.
Zweitens wird die effektive Anwendung von XSCALE_ISOCLUSTER (Diederichs,
2017; Assmann et al., 2020) für SSX und simulierte Serielle-FemtosekundenKristallographie (SFX) Datensätze demonstriert. Genauer gesagt wurde festgestellt,
dass XSCALE_ISOCLUSTER, ein mehrdimensionales Skalierungsverfahren, welches
auf paarweisen Korrelationskoeffizienten basiert, zuverlässig unterschiedliche Cluster
von Datensätzen mit systematischen Unterschieden identifiziert. Die Auswahl der
Datensätze innerhalb eines Clusters führte zu einem verbesserten (anomalen) Signal,
welches die Lösung der Struktur mit SAD ermöglicht. Beide Methoden - obwohl
sie unterschiedliche Zielfunktionen optimieren - können angewandt werden, um
Datensätze mit systematischen Unterschieden zu identifizieren; in Kombination sollte
7

ABSTRACT
XSCALE_ISOCLUSTER dennoch zuerst angewendet werden, um unterschiedliche
Cluster zu identifizieren, bevor der Ausschluss von Ausreißern mit XDSCC12
vorgenommen wird.
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2
2.1

Introduction
Protein structures

Proteins are linear chains of amino acids and are fundamental components of all
living cells (along with carbohydrates, fats, and nucleic acids) (Widłak W., 2013).
Proteins play one of the most important roles in a living organism as they represent
the functional units in a cell, covering a myriad of different functions. They regulate
DNA transcription and translation, perform enzymatic reactions in various metabolic
pathways and synthesize or degrade other molecules. These different functions are
determined by the amino acid sequence which is in turn encoded by the associated
gene expressed. In all organisms, 20 different amino acids form the basic building
blocks of the protein. Successive amino acids are covalently connected by peptide
bonds, building the protein backbone. The specific side chains of every amino acid
have distinctly different atomic properties, which combined with posttranslational
modifications and three-dimensional arrangement give rise to the extraordinary
variety of functionality (Rupp, 2009).
The linear amino acid sequence is termed the primary structure of a protein and
is folded into its three-dimensional arrangement directly during or after synthesis.
During the folding process, specific secondary structure elements form first, such as
α-helices and β-sheets. These are built dependent on repetitive hydrogen networks
between the CO- and NH- groups of the peptide bonds in neighboring residues. The
spatial arrangement of the secondary structure elements defines the tertiary structure
or the three-dimensional fold of the protein. The folding process is spontaneously
realized by side-chain and main-chain interactions and directed into an optimized
energy state of the protein. Assembly of several proteins to homo-oligomers or
hetero-oligomers into functional units is called the quaternary structure.
The different functional groups such as alcohols, thiols, thioethers, carboxylic acids,
carboxamides, and a variety of basic groups in combination with their spatial
arrangement account for the broad spectrum of functionality (Berg et al., 2002).
To understand the functions of proteins and their catalytic centers at a molecular
level, it is necessary to determine and investigate their three-dimensional structure.
To find the ‘native’ structure of proteins, two different approaches are commonly
used:experimental structure determination or computational prediction. The latter
can either be template-based or ab initio. The template-based structure solution
exploits known structure elements under the assumption that similar sequences
share similar folds.
9
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Ab initio structure prediction is only based on physio-chemical principles and the
sequence rather than on previously solved structures. Finding the thermodynamically
most favorable model is theoretically resolved by sampling the whole conformational
space of the protein. According to Levinthal’s paradox, this would vastly exceed the
computational resources currently available (Zanzig et al., 1992).
As shown in the latest CASP13 (2019) competition (critical assessment of protein
structure prediction), substantial improvement was found mainly due to advanced
deep learning artificial intelligence techniques coupled with previous prediction
algorithms, both for template-based and ab initio modeling. A 20% improvement
in backbone accuracy and success in increased protein size (up to 256 residues)
was shown in CASP13 (2019). Advances in DNA sequencing techniques are giving
rise to a vast amount of new sequences widening the ‘sequence-structure-gap’ even
further (Schwede, 2013). The latter in combination with the mean protein size of
around 370-430 residues (Brocchieri & Karlin, 2005) makes the need for experimental
structure determination obvious.
Experimentally, protein structures can be determined by different methods; the
most fruitful to date is macromolecular X-ray crystallography followed by NMRspectroscopy and Cryo-electron microscopy (EM). According to the PDB ((Protein
Data Bank) database (PDB, 2020), 88.9% of all structures deposited are solved by
X-ray crystallography.

2.2

X-ray crystallography

Experimental structure solution by X-ray crystallography can be divided into three
major steps: protein purification and crystallization; diffraction and data collection;
structure solution and model building.

2.2.1

Crystallization

For the purification & crystallization step, the protein of interest is cloned,
expressed, purified, and crystallized. Crystallization is accomplished by exposing
the concentrated, soluble protein to chemicals resulting in a homogenous, periodical
three-dimensional arrangement of the protein. The protein crystal is stabilized by
weak interactions between the single molecules. Once a crystal is obtained, the
diffraction experiment and data collection are initiated at a suitable radiation source
(2.2.4) (Rupp, 2009).

10
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2.2.2

Diffraction

X-rays are high energy electromagnetic radiation in the range of 10 eV to 100 keV;
macromolecular crystallography experiments are typically done at 5-25 keV. In
the ‘wave-particle duality’, electromagnetic radiation is composed of single photons
traveling as wave packets. The associated electric and magnetic field vectors oscillate
in phase perpendicular to each other and perpendicular to the propagation direction
with the frequency defined by their energy or wavelength. The interaction of the
electric field vector with the electrons of the molecule in the crystal is the underlying
physical process of X-ray diffraction (Rupp, 2009).
In a scattering event, a photon simultaneously excites all electrons within its
coherence length. The excited electrons oscillate and emit waves with identical
frequency and a fixed phase relation to each other, recombining into a scattered
wave by constructive and destructive interference. The recombined wave gives the
probability of the photon to be scattered in a certain direction proportional to the
amplitude of the wave in that direction (Rupp, 2009).
Scattering of X-rays by the electrons of a single atom occurs largely in a forward
direction because of the phase differences of the partial waves emanating from the
single electrons. The amplitude of the resulting wave is proportional to the number
of electrons of the atom and dependent on the distribution of the electrons. The
so-called ‘atomic scattering factor’ curves for each element are Gaussian-shaped
functions describing the scattering of the entire atom, decreasing as the scattering
angle increases (Fig. 2.1). It is given by
Z
fs =

V

ρ(r) exp(2πiSr )dr

(2.1)

r

with the scattering vector S , the electron density ρ(r) of the atom, and the distance
r between the electrons emitting the waves (Rupp, 2009).

11
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Figure 2.1: (Rupp, 2009): Gaussian-shaped scattering function of an atom, S0
describing the incoming wave vector and E describing the electric field vector.

Figure 2.2: (Rupp, 2009): Scattering from two adjacent atoms with the scattering
vector S = S1 − S0 , with the distance r between the two scattering objects and the
scattering angle θ.
The scattering function of two adjacent atoms is a result of the superposition of the
two single atomic scattering factors, with specific parts extinguished or amplified
(Fig. 2.2). The maxima of the combined scattering factor will be located where
maximum constructive interference of the partial waves exists. This is the case if
the phase difference ∆ϕ of the two emitted waves equals n2π, where n must be an
integer. As the phase difference is also related to the resulting scattering vector S
by ∆ϕ = 2πS · r, it follows that Sr = n for maximum constructive interference. As
a consequence, the occurrence of the maxima is related to the interatomic distance
r. If the interatomic distance r is interpreted as the basic unit cell vectors a, b, c in
three dimensions, the ‘Laue equations’ describing this relation are given by
12
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S · a = n1 , S · b = n2 , S = n3 ,

(2.2)

where n1 , n2 , and n3 are integers.

Figure 2.3: (Rupp, 2009): The interpretation of the diffraction process as reflection
on lattice planes hkl with the interplanar spacing d.
Another representation of the diffraction process is given by the ‘Bragg equation’
(Fig. 2.3). The scattering event is interpreted as the reflection of incoming X-rays on
an equidistant set of lattice planes to which the scattering vector S is normal. The
interplanar spacing d of the planes is related to the scattering angle θ by (Rupp,
2009):
n · λ = 2dhkl · sin θ

(2.3)

The set of the reflecting planes is defined by the ‘Miller indices’ h k l, which indicate
the intersections of the lattice planes with the unit cell vectors a, b, c, respectively.
They can be further interpreted as the multiple integers in the ‘Laue equations’
(2.2) n 1 , n 2 , n 3 . The interplanar spacing in real space R is thus termed dhkl and
corresponds to the lattice vector d∗hkl in reciprocal space R∗ , perpendicular to the
reflecting lattice planes. The magnitude of d∗hkl is reciprocal to the magnitude of dhkl
and extends from the lattice origin to the reciprocal lattice point h k l, also denoted
as reflection h k l.
It follows that the tighter the spacing d of the reflecting planes h k l and thus the
higher the integers h k l, the higher the diffraction angle. As diffraction intensities
decrease with increasing diffraction angle (eqn. 2.1 & Fig. 2.2), high resolution
information is weak and limited (Rupp, 2009).
The geometrical representation of the ‘Bragg equation’ in the ‘Ewald sphere’ with a
13
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radius of 1/λ (Fig. 2.4) shows that diffraction only occurs when the scattering vector
S hkl and d * hkl coincide. From superimposing the reciprocal lattice with the ‘Ewald
sphere’ (Fig. 2.4) it follows that only reflections fulfilling the diffraction condition i.e. lying on the ‘Ewald sphere’ - can be observed (Rupp, 2009).

Figure 2.4: (Rupp, 2009): The Ewald construction, a geometrical interpretation of
the Bragg equation (eqn. 2.3), with the reciprocal lattice superimposed. Diffraction
spots (reflections) only occur if d∗ and S coincide.
The scattering function of a whole molecule is the superposition of all atomic
scattering factors in the molecule. As the atoms are irregularly arranged, the resulting
diffraction is a weak, unstructured and continuously decaying scattering function. If
the molecules are arranged in a periodic crystal lattice, the minuscule contributions
of every molecule amplify and distinct diffraction maxima can be observed at specific
diffraction angles θ as described in eqn. 2.3. The total scattering from a crystal (in a
given direction h) termed ‘complex structure factor’ F h is the sum of all scattering
contributions of all atoms j in the crystal at position x j given by (Rupp, 2009):

Fh =

atoms
X

0
fs,j
exp(2πihxj )

(2.4)

j=1

The complex structure factor F h mathematically consists of the structure factor
amplitude |Fh | and the phase term ϕh . The phase term described by 2πihxj contains
the relative phase angle of every contributing partial emitted wave of every atom,
which is only dependent on the direction of scattering h and the position of the
atoms j in relation to the origin.
14
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During the data collection process, the accumulated photon count (intensity I obs )
arriving at the detector at a reflection h k l gives only a measure of the scalar squared
structure factor amplitude |F h |². The phase term ϕh of the complex structure factor
gets lost; this phenomenon is termed the ‘phase problem’. To reconstruct the electron
density ρ(r) of the molecule from the diffraction process, the missing phases must
be provided (Rupp, 2009).

2.2.3

Structure solution

As described in section 2.2.2, during the data collection process only the scalar
squared structure factor amplitude of one reflection h k l is measured as intensity
I obs . The phase information of the summed scattered partial waves in direction h k l
gets lost. The phases of each complex structure factor F h need to be provided. Two
major approaches exist: ’Molecular Replacement’ (section 2.2.3.1) and ’Experimental
Phasing’ (section 2.2.3.2). With the (experimentally) obtained phases and the
associated measured structure factor amplitudes the diffraction process can be
inverted to reconstruct the electron density (Rupp, 2009).
Mathematically this is realized by a ’Fourier transformation’ FT. The Fourier
transformation relates functions in mutually reciprocal domains (in the diffraction
experiment the real space R and reciprocal space R * ) in invertible form with the
conservation of information. The Fourier transformation is a bijective function and
can be inversely applied to both domains, given by:

F (r∗) = F T [ρ(r)] and ρ(r) = F T −1 [F (r∗)] leading to F T −1 [F T (ρ(r)] = ρ(r)
(2.5)
with F (r∗) as the resulting function in reciprocal space. In general, a Fourier
transformation can be interpreted as a decomposition of a function into a set of
sine-waves of appropriate amplitude, phase, and frequency, leading - if superimposed
on each other - back to the function itself. In the crystallographic experiment, the
diffraction process decomposes the electron density into the complex structure factors
with associated amplitude, phase, and frequency. Therefore the diffraction process
can be interpreted as the inverse Fourier transformation from the electron density
to the structure factors and vice versa, given by (Rupp, 2009):
Z
F (S) =

V (cell)

ρ(r)· exp(2πiSr )dr = FT [ρ(r)]

(2.6)

r

with F (S), the scattering function as its complex structure factors. As an explicitly
15
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written discrete Fourier summation the following two relations are obtained:

Fhkl = V

a X
b X
c
X

ρ(x, y, z) · exp[2(hx + ky + lz )]

(2.7)

x=0 y=0 z=0

ρ(x, y, z) =

+∞
+∞
+∞
1 X X X
F (hkl )· exp[−2πi(hx + ky + lz )]
V h=−∞ k=−∞ l=−∞

(2.8)

With the pair of the Fourier summations (eqn. 2.7 and 2.8), a formalism to reconstruct
the electron density from the complex structure factors and vice versa exists.
If an initial map of the electron density is generated with the Fourier transformation
of the measured structure factor amplitudes and the obtained phases, the protein
chain needs to be built into the density. This can be done manually and with
automated software. The backbone of the protein and individual side chains are
fitted into the electron density by real space refinement to bring the model into more
reasonable geometry. To correct the small stereochemical and conformational errors
remaining after real space refinement, the model is subjected to global reciprocal
space refinement. The calculated and observed structure factors are compared and
the differences are minimized with maximum likelihood target functions. Successive
rounds of rebuilding, correction and refinements are done to obtain a reasonable
model for the target protein crystallized before (Rupp, 2009).
2.2.3.1

Molecular replacement (MR)

One approach to obtaining the missing phase terms ϕh of the complex structure
factors is a method termed ‘Molecular Replacement’ (Rossmann, 1990). The method
is based on the concept of obtaining the missing phases from a structurally similar
model (based on the sequence identity of ~30% or higher) (Evans & McCoy, 2008).
The Molecular Replacement calculation involves the determination of an optimized
rotation and translation function: the model is placed in the asymmetric unit until
the best fit between observed structure factors and calculated structure factors from
the placed model is found. Different search algorithms for the rotation and translation
function exist, the three-dimensional rotation search followed by a three-dimensional
translation search or the six-dimensional placement search.
The phases for the structure factors of the unknown protein are then ‘borrowed’
from the phases calculated from the search model. An initial map of the electron
density is calculated with these borrowed phases and the experimentally measured
amplitudes. During the refinement process, the ‘borrowed’ phases need to be improved
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with manual or computational approaches as the electron density maps are highly
susceptible to model bias (Rupp 2009).
Molecular Replacement was used to solve ~70% of the structures published (Evans
& McCoy, 2008) and has the advantage of being fast, cheap, and highly automated.
Target proteins with no suitable similar search models cannot be solved by Molecular
Replacement; Experimental Phasing techniques must be applied.
2.2.3.2

Single-wavelength anomalous diffraction (SAD)

Another approach to obtaining the missing phase terms ϕh of the complex structure
factors is a de novo experimental phasing method termed ‘Single-wavelength
anomalous diffraction (SAD)’ (Hendrickson & Teeter, 1981), along with ‘Multiplewavelength anomalous diffraction’ (MAD); both methods predominate in de novo
structure determination (Hendrickson, 2014). SAD is based on the concept of solving
the phases from a smaller, simplified problem first and bootstrapping the phase
determination from this solution (Rupp, 2009).
During the diffraction event X-rays are absorbed by matter; the higher the energy of
the X-rays the more absorption occurs. The mass absorption coefficient (µ) is higher
for heavy atoms than for light atoms at a given wavelength. Absorption curves for
different atoms display several sharp absorption edges at characteristic wavelengths
(Fig. 2.5).
These absorption edges occur if energy is absorbed from electrons of the atom so
that the electron gets ejected from a shell. Corresponding to the K-, L-, and M- shell
electrons absorb at high, medium and lower energies, respectively, dependent on the
strength of the binding of the electron to the core. The excited atomic states can
relax either by dropping an inner shell electron giving rise to X-ray emission or by
step-wise relaxation giving rise to X-ray fluorescence.
As a consequence of the removal of electrons from core levels, the ‘anomalous
scattering factor’ contains additional wavelength-dependent components at the
absorption edge energies, given by (Rupp, 2009):
f = f 0 + fλ0 + i · fλ00 .

(2.9)

The real component f ’ leads to ‘dispersive differences’ in the intensities of one
reflection which are measured at different wavelengths. The imaginary component
i · f 00 gives rise to a +90° phase change. As a consequence, the centrosymmetry of
the diffraction pattern breaks:
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Figure 2.5: (Rupp, 2009): X-ray absorption of the elements N, S, Se, and Hg. For
light elements such as N or S, no or only K - shell absorption edges lie in (or close
by) the usable X-ray range. For heavy elements such as Se or Hg, the K- or L - shell
absorption edges lie in the usable X-ray range.
In the absence of anomalous scattering contributions, the centrosymmetricallyopposed pairs of structure factors F+h and F−h have exactly the same amplitude
and conjugate phase angle. This phenomenon is called ‘Friedel’s law’; the measured
intensities are equal and are termed ‘Friedel pairs’. In non-centrosymmetric space
groups, each member of a pair may have true symmetry equivalents, which have
equal amplitude even in the presence of anomalous scattering. As a consequence,
true symmetry equivalents of one member of a Friedel pair form a set with the same
amplitude |F+h |, while all symmetry equivalents of the other member of the Friedel
pair form a second set with a different amplitude |F−h |; two members of each set
are then termed ‘Bijvoet mates’. A Friedel pair is thus also a Bijvoet pair, whereas
a Bijvoet pair is not necessarily a Friedel pair. With the complex anomalous phase
contribution f ’’ Friedel’s law breaks and the measured intensities I+h and I−h (or
2
2
squared structure factor amplitudes |F+h
| and |F−h
|) of a Friedel pair are different,
giving rise to ‘anomalous differences’.
As only the characteristic absorption edges for heavy elements are in the usable
X-ray range, artificial heavy-atom derivatization or selenomethionine substitution
in proteins is used for strong anomalous diffraction. However, even the light native
elements such as sulfur (Z=16) in Cys and Met and phosphor (Z=15) in nucleic acids
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suffice for the generation of a weak anomalous signal at low energies (Hendrickson &
Teeter, 1981; Liu et al., 2012). The expected anomalous signal relative to the normal
signal can be estimated based on the composition of the sample and the wavelength.
For SAD, the anomalous signal (Bijvoet diffraction ratio) varies typically between
1-5% of the total scattering signal (Watanabe et al., 2005; Liu et al., 2012), which is
often weaker than the measurement error of an intensity value (Hendrickson, 1991).
Despite the weakness of the anomalous signal, the anomalous differences calculated
from the few heavy elements present in the molecule (marker atoms) are exploited
to determine the positions of the heavy atoms and thus the phases by Patterson
methods (Rupp, 2009):
The Fourier transformation of the electron density (eqn. 2.8) from the diffraction
pattern requires structure factor amplitudes and the phases. If the phases are
artificially set to zero, the Fourier transformation with only the squared amplitudes
is given by
+∞
+∞
+∞
1 X X X
|F (hkl)|2 · cos2π(hu + kv + lw )
P (u, v, w) =
V h=−∞ k=−∞ l=−∞

(2.10)

which is termed ‘Patterson function’ P (u). The Patterson function is interpreted
as the convolution of the electron density with itself or as the autocorrelation of
the molecular structure. The resulting ‘Patterson map’ shows peaks at interatomic
distance vectors rather than at absolute atomic positions and is centrosymmetric.
An electron density with N strong peaks will show N · (N − 1) strong interatomic
distance peaks. As the Patterson map from an entire molecule with all atoms is
not interpretable because of the sheer amount of (overlapping) peaks, structure
factor amplitudes |FA | representing only a few heavy (marker) atoms present in the
molecule are used to calculate a ‘difference Patterson map’, giving only interatomic
distance vectors between the marker atoms (Rupp, 2009).
The structure factor
structure factor FP ,
structure factor FA ,
measured amplitudes

Fh in a SAD experiment is a complex sum of the partial
the contribution from all atoms of the protein, and of the
the contribution of all marker atoms (Fig. 2.6), but their
are not additive (Rupp, 2009):
Fh = FA + FP and |FA | =
6 |Fh | − |FP |.

(2.11)

Derived from the MAD (multiple anomalous diffraction) equations from Karle (1980)
and Hendrickson et al., (1985) it can be shown that
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Figure 2.6: (adapted from Thorn, 2017): The complex structure factor Fh in the
complex plane consisting of FA , the contribution from the anomalous scatterers, and
FP , the contribution from all atoms of the protein. The angle α describes the phase
difference between FA and Fh .

|F+h | − |F−h | ' c · |FA | · sin(α),

(2.12)

with c, a wavelength-dependent constant and α, the angle (termed phase difference)
between FA and Fh as shown in Fig. 2.6. By normalization, c can be eliminated.
If only the largest positive or negative anomalous differences are used, they will
tend to have a sin(α) of +1 or −1, respectively. With the latter approximation,
the difference of the measured structure factor amplitudes |F+h | − |F−h | suffices as
an estimation for |FA |, which can then be used for the generation of the difference
Patterson map in order to find the atom positions of the marker atoms (Sheldrick,
2010; Thorn, 2017; Rupp, 2009).
From the N · (N − 1) peaks in the difference Patterson map generated from the
approximated |FA |, the coordinates of the N heavy atoms are calculated:
In general, a heavy atom occupies several positions according to the space group
operators. If the difference vectors between these general positions are calculated,
three (non-zero) difference vectors with one fixed coordinate value exist, defining the
‘Harker sections’. A Harker section contains the possible difference vectors between
each set of symmetry-related atoms and provides the fractional coordinates of the
Patterson peaks. Other sections contain the cross-peaks of different atom sets. The
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Patterson peak coordinates u,v,w found in the Harker sections can be translated into
atomic coordinates x,y,z with the difference vector equations defining the Harker
sections. Because of the centrosymmetry of the Patterson space, the handedness
of the heavy atom positions (substructure solution) is not yet determined (Rupp,
2009).
With the structure factor equation (eqn. 2.4) and the calculated heavy atom positions,
the complex structure factors F A of the heavy atoms can be calculated, including
the phase contributions ϕA . With the approximation for sin(α) of +1 or −1, giving
the phase difference α, and the phase contributions ϕA of the marker atoms, the
phases ϕh of the protein including the heavy atoms can be calculated by:
ϕh = ϕA + α.

(2.13)

Another condition used for the MAD phasing equations from Karle (1980) and
Hendrickson et al., (1985) is given by
|Fh | = 0.5 · |F+h | + |F−h |,

(2.14)

estimating the structure factor amplitude |Fh | of the protein including the heavy
atoms. Both unknown quantities, the phase ϕh and the amplitude |Fh | are now
derived from the measured anomalous differences and can be used for an initial
electron density map generated by FT (Thorn, 2017; Rupp, 2009).
From the above approximations, the initial SAD phases are ambiguous as well
as inaccurate. Density modification dramatically improves the initial phases and
thus the electron density; it also resolves the handedness of the substructure. The
map - which after density modification has more protein-like features, meaning
better connectivity among other things - has started from the correct substructure
(Thorn, 2017). Density modification procedures such as ‘Solvent Flattening’, ‘Solvent
Flipping’, ‘Histogram matching’ and ‘Sphere of influence’ are based on the fact that
protein crystals contain remarkable amounts of disordered solvent regions, which are
defined and flattened during modification steps, while the protein density regions
are sharpened (Rupp, 2009).
If the electron density is improved with density modification techniques, an initial
poly-alanine model is built automatically into the density. According to the sequence
of the protein, specific side chains can be manually or automatically incorporated
into the model. Several iterations of manual inspection, subsequent improvement,
and refinement are repeated until the model is of sufficient quality.
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2.2.4

State-of-the-art crystallography

Measuring a diffraction pattern from a protein crystal generally requires an X-ray
source supplying hard X-rays in the range of 5-25 keV, X-ray optics to focus the
X-ray beam, a device to position (and turn) the crystal in the focused beam and a
detector to collect the intensities of the reflections.
As a general principle, radiation is emitted if a force acts on an electron such that it
is accelerated or decelerated. In X-ray sources, high energy electrons are accelerated
by special devices such as bending magnets, undulators, or wigglers, and the emitted
X-rays are focused and used for the experiment.
Depending on the availability and quality of crystals, phasing technique and
data collection strategy, synchrotron crystallography (SX), serial synchrotron
crystallography (SSX), or serial femtosecond crystallography (SFX) approaches
are used.
2.2.4.1

Synchrotron crystallography (SX)

Synchrotron crystallography is the most commonly used method for macromolecules
and synchrotrons are available in various research facilities. Synchrotrons provide
X-rays over a wide range of wavelengths and allow selection of distinct narrow energy
bands (monochromatic beams), especially useful for phasing techniques such as SAD
or MAD. The electrons are injected into a ring and accelerated by an assembly of
bending magnets and wigglers. The tangentially emitted photons are extracted and
used in the experiment.
The high resolution information of the structure is mainly contained in the reflections
with high h k l indices, thus at high diffraction angles. Reflections measured at
high diffraction angles are generally far weaker than low diffraction angles (section
2.2.2). As the measured intensities in a diffraction pattern are proportional to the
number of unit cells, larger crystals generally show diffraction spots up to higher
resolution reflections (high diffraction angles) than smaller crystals at the same
source brilliance. The 3rd generation source brilliance allows a data collection with
‘sufficient’ resolutions of microcrystals down to ~10µm (Spence, 2020).
Typically, a complete diffraction pattern is collected from a single crystal. The
crystal is mounted on a so-called goniostat, which allows continuous (~0.1 - 1.0°)
rotation of the crystal, and during each rotation interval a diffraction image (frame)
is collected. The different spot intensities are integrated over all individual frames
and the reflection intensities are determined. The resolution of the crystal and
the amount of radiation damage is dependent on the brilliance of the source, the
size of the unit cell, the size of the illuminated crystal volume, and the quality of
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the crystal. As a consequence, a lower limit to the size of crystals exists, down to
which sufficient diffraction data can be extracted from, prior to the onset of severe
radiation damage (Holton & Frankel, 2009). Cryocooling of crystals, optimization of
crystallization protocols, improved detectors, and enhanced experimental setups led
to major improvements in data quality in the last decade (Spence, 2020).
2.2.4.2

Serial synchrotron crystallography (SSX)

In SSX usually also synchrotrons are used as X-ray source as described for the
SX approach (section 2.2.4.1). In general, SSX typically collects the diffraction
images from numerous small crystals in a rotational and serial approach, thus also
denoted as multi-crystal crystallography (Rossmann, 2014). However, the term
‘SSX’ has recently been used in a wider sense, also referring to fixed-target or
injection-based single zero-rotation diffraction patterns (stills) from crystals exposed
to monochromatic (Owen et al., 2017; Nogly et al. 2015; Botha et al., 2015) or
polychromatic (pink) radiation (Meents et al., 2017; Martin-Garcia et al., 2019).
Serial femtosecond crystallography (SFX, section 2.2.4.3) brings this method to the
extreme; it collects stills from numerous small crystals before destroying them with
X-ray pulses generated by a free electron laser. In this work the term ‘SSX’ is used
for rotational data collections from multiple crystals at synchrotrons.
SSX data collection is used to overcome the problem of a lack of sufficiently large
crystals for collecting a complete data set with little radiation damage. Multicrystal data collection strategies were established early on and have experienced a
renaissance recently (Kendrew, 1960; Dickerson et al., 1961; Liu et al., 2012; Huang
et al., 2018). The partial diffraction patterns of only a few degrees of rotation are
merged to obtain a complete diffraction pattern. Because of the data collection from
small, but many crystals, the radiation damage is kept to a minimum, but merging
of the diffraction patterns requires perfect similarity (isomorphism, section 2.3) of
the crystals. Reasonable data selection is thus indispensable. In meso or in situ
serial setups were recently established (Huang et al., 2018), especially for membrane
proteins that are difficult to crystallize. Data collection from up to hundreds of
crystals down to a size of a few µm is possible.
2.2.4.3

Serial femtosecond crystallography (SFX)

Serial femtosecond crystallography (SFX) brings the SSX method to the extreme; it
collects single ‘still’ shots from numerous small crystals with X-ray pulses generated
by a free electron laser (FEL). A free electron laser (to date only a few FELs
exist) generates highly brilliant coherent X-ray pulses in the range of femtoseconds,
resulting in the ‘diffraction before destruction’ principle: a single shot is collected
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before radiation damage occurs. This method has the advantage that even the
smallest microcrystals, and potentially nanometer-sized crystals, can give useful
diffraction data. Since the crystals are randomly oriented in the beam and not
rotated during the exposure, these data sets contain fewer reflections than those
from SSX and all reflections are partials (Boutet et al, 2012; Chapman, 2011).
Although radiation damage is eliminated, perfect similarity (isomorphism, section
2.3) of the thousand single shots is difficult to obtain for the indexing, integration,
merging, and scaling process. Because of the imprecise sampling delivery methods
such as liquid jets (Spence, 2020) and the small number of partial reflections collected
per shot, a large number of crystals (several thousand) is required.

2.3

Non-isomorphism in serial
crystallography

As described in section 2.2.4.2, several thousand partial data sets are collected in an
SSX experiment. The partial data sets generated from only a few degrees of rotation
are merged by averaging all observations of each reflection h k l from different
crystals to obtain a complete data set. As the thousand partial data sets from as
many crystals represent a huge variety of systematic differences (such as different
unit cell variations, different amounts of mosaicity or even small variations in the
conformation of the target protein) it is crucial that the crystals are similar and show
(ideally) no systematic differences. In other words, it is essential that the crystals
are isomorphous, so that the merged data set is only obtained from similar crystals.
As described in section 2.2.3.2 (SAD), the expected anomalous signal from SAD data
collection varies typically between 1-5% of the total scattering signal (Watanabe et
al., 2005; Liu et al., 2012), which is often weaker than the measurement error of an
intensity value (Hendrickson, 1991). To reduce the random error in the measured
intensities, high multiplicity (and isomorphism) to determine an accurate anomalous
signal is required.
The combination of SAD and multi-crystal data collection strategies such as SSX
exacerbates the urgent need for isomorphism, as the correct determination of the
already weak anomalous differences is in this regard dependent on multiple partial
data sets. If the weak anomalous differences are misestimated, phasing and structure
solution is not possible. Hence, a robust method to identify non-isomorphous data
sets (crystals) and optimize the anomalous signal is crucial for SAD multi-crystal
data collections and the subsequent accurate determination of atomic models.
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2.3.1

Random and systematic errors

Isomorphism of crystals in the literal sense denotes conservation of morphology,
which entails space group and cell parameters. For crystallographic data sets, this
concept extends to the diffracted intensities and the resulting models. Isomorphous
data sets (crystals) thus represent the same atomic model; in the strict sense, they
only differ randomly.
Random errors arise in any measurement in which the rate of the photon count
(intensity of a reflection) is the property of interest; since the counting events are
independent of each other and their arrival is unpredictable, a Poisson distribution
of total counts results if the events are accumulated over a finite time. In such
a statistical distribution, the variance of an actual count equals the count itself.
Repetition of an experiment that only suffers from random noise allows averaging
of counts, resulting in a mean count that is - on average - closer to the true value
than an individual measurement. Statistics, and in particular the theory of error
√
propagation, shows that the accuracy of the averaged values improves with a n
law if n is the number of repetitions. Hence, the measured intensities of different
data sets only differ randomly and should be averaged.
On the other hand, non-isomorphous data sets (crystals) either represent different
atomic models or crystal packings or are affected by experimental deficiencies; their
intensities differ both randomly and systematically. Systematic differences between
data sets can be due to a number of reasons which are typically connected to the
experimental setup. Some of them arise from direct changes of the crystal, such
as radiation damage, packing of crystals, and conformation of the protein. Other
important error sources are technical details such as detector variations or timedependent variations of the geometry of the experiment. The intensities of different
data sets differ both randomly and systematically and thus should not be averaged.

2.3.2

Data quality indicators

There are several existing indicators for assessing data quality and identifying outliers.
They can be divided into quality indicators that measure the precision of unmerged or
merged data of a crystallographic experiment. Precision describes the consistency of
several measurements of the same event, whereas accuracy describes the correctness
of a measurement in relation to the truth. If only random errors exist in a data set,
the accuracy is only limited by the precision and the truth can be estimated from
the average. If additional systematic errors exist, the truth cannot be described by
the average, even if the precision is high. Hence, the use of a precision indicator in
crystallography is only reasonable if systematic errors are eliminated, as accuracy is
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the measure of interest to predict the correctness of data.
The most commonly used crystallographic statistic for the precision of unmerged
data is Rmerge. It is defined as
Pn
|Ii − I|
iP
,
n
hkl
i Ii

P
Rmerge =

hkl
P

(2.15)

where n is the number (multiplicity) of symmetry-related reflections with intensities
I i . Rmerge measures the mean fractional deviation of symmetry-related reflections
from their average (Diederichs & Wang, 2017), and has no upper limit. As Rmerge
is a biased estimator and increases with increasing multiplicity, a correction term
was introduced by Diederichs & Karplus (1997), resulting in the unbiased unmerged
precision indicator Rmeas given by
P
Rmeas =

hkl

p n Pn
|Ii − I|
Pn−1 Pni
.
i Ii
hkl

(2.16)

Although Rmerge favors low-multiplicity data over high-multiplicity data, Rmeas is still
not used for decision making in the crystallographic community, as the numerical
value of Rmeas is higher than Rmerge for the same data. Using indicators of unmerged
data precision leads to false data cutoff strategies or data collection strategies, that
in fact lead to radiation damage and lower data quality. The multiplicity-independent
precision indicator Rmeas is useful for assessing space group symmetry and should
play no role in determining resolution cutoffs (Karplus & Diederichs, 2015).
Precision indicators for merged data are useful for determining high-resolution
cutoffs and assessing data quality for subsequent data processing steps such as
phasing and refinement. Multi-crystal strategies with high multiplicity and potential
non-isomorphism require particularly robust and statistically sound indicators.
Analogous to Rmeas , the unmerged precision indicator, Rpim as a merged
precision
q
1
indicator was introduced (Weiss & Hilgenfeld, 1997) with the term n−1 instead of
p n
√
accounting for the increase in precision by n when merging n independent
n−1
observations. Still, Rpim is unbounded and difficult to interpret and misestimates the
‘true’ data quality. This is because when data of different precision are merged, Rpim
and all R-factor based indicators lose relevance because each reflection is weighted
equally rather than according to its reliability as done by < I/σ(I) > (Karplus &
Diederichs, 2015).
< I/σ(I) >, the average signal-to-noise ratio (SNR), accounts for the reliability of
the measurements but suffers from the inconsistent strategies for calculating σ(I).
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Moreover, the SNR will rise with the inclusion of more data, no matter if it is
isomorphous or not.
Besides that, another indicator called ISa, or < Iσ(I) >asymptotic (Diederichs, 2010)
exists, calculated from coefficients of the error model established during scaling. ISa
provides an estimate of the level of experiment/hardware-related systematic error in
the data set. It is the I/σ(I) of an infinitely strong reflection, and without systematic
error it would be infinite. With systematic errors present, it is finite and describes
the theoretical upper limit of an observation.
To overcome the disadvantages of R-values and I/σ(I), a correlation coefficient
based quantity called CC1/2 was introduced by Karplus & Diederichs (2012). It
is a statistical quantity with a numerical value in the range of -1 to 1, which is
easily interpretable and has an analytically well-defined relationship to < Iσ(I) >
(Karplus & Diederichs, 2015). The well-studied statistical properties allow, for
instance, calculation of the probability that the estimated value occurred by chance.
CC1/2 can be used to select a high-resolution cutoff and determine non-isomorphism
between data sets (see below, section 3.4).
CC* can be mathematically derived from CC1/2 using the relationship CC* = [2
CC1/2 /(1 + CC1/2 )]1/2 and provides an estimate of the CC that would be obtained
between the final merged data set and the unknown true values that they represent.
This allows to assess model and data quality on the same scale and reveals when
data quality is limiting model improvement (Karplus & Diederichs 2012).
Moreover, CC1/2 can also be calculated for the anomalous differences, giving
CC1/2_ano as an indicator for assessing the resolution limit of the useful anomalous
signal.
As shown by Karplus & Diederichs (2015), CC1/2 is the most statistically sound
quality indicator to determine high-resolution cutoffs and select isomorphous data,
especially in multi-crystal data collection strategies.
To determine the quality of the model which was built into the obtained electron
density (i.e to quantify the agreement between model and the observed structure
factor amplitudes), Rwork is used. It is defined as:
P
Rwork =

|F obs − F calc |
P hkl obs hkl
hkl Fhkl

hkl

(2.17)

obs
calc
with Fhkl
, the experimentally observed structure factor amplitudes and Fhkl
, the
calculated structure factor amplitudes derived from the previously built model. A
perfect fit between model and data would result in Rwork = 0, whereas for large
molecules the R factor usually ranges between 0.2 and 0.6 (the latter for random
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models). By increasing the model parameters (i.e overfitting the data), Rwork can
be ‘made’ arbitrarily low leading to an incorrect model during refinement (Brünger,
1992). The R factor is thus susceptible to manipulation and is not as reliable in
terms of accuracy. Hence, a cross-validation quantity termed Rfree was introduced
by Brünger (1992), consisting of a (‘free’) test set of reflections of only 5-10% of all
reflections. These test reflections are excluded from the refinement so that Rfree can
be calculated according to eqn. 2.17 with only the test reflections. The Rfree value,
unlike Rwork , cannot be artificially reduced by refining an overparameterized model
and is only expected to decrease during a successful refinement (Tickle et al., 1998).
Consequently, a high Rfree and a simultaneously low Rwork (i.e. a large ‘Rwork /Rfree gap’) indicate an inaccurate model.

2.3.3

Existing multi-crystal data selection methods

As described in section 2.2.4.2 a robust method to identify non-isomorphous data
sets (crystals) is crucial for SAD multi-crystal data collections. Several approaches
exist up to date:
Outlier data sets can potentially be identified by hierarchical cluster analysis (HCA),
using deviations of their unit cell parameters as a proxy for systematic differences
(Foadi et al., 2013). However, the similarity of cell parameters is a necessary, but
not sufficient condition and the actual similarity of the diffraction is not assessed
in the selection process, which therefore only identifies strongly deviating data
sets (crystals). For SSX with partial data sets, the cell-based method could further
suffer from the unavoidable inaccuracy in the determination of cell parameters.
Hierarchical cluster analysis has also been employed based on the pairwise comparison
of intensities of common reflections (Giordano et al., 2012).
Alternatively, the pairwise correlation of every single data set and the reference
data set from all merged data sets has been used to reject data based on a
chosen correlation cutoff (Huang et al., 2018). The selection is based on correlation
coefficients between intensities, but since low correlation results from both nonisomorphism and weak exposure, the disadvantage is that weak (high random error)
but isomorphous (low systematic error) data sets are rejected, which trades accuracy
(correctness) for precision (internal consistency).
Automated pipelines (MeshAndCollect: Zander et al., 2015; ccCluster : Santoni et
al., 2017) with both unit cell based or intensity based HCA selection were recently
established. Basu et al. (2019) provide another automated SSX software suite with
selection of data also based on unit cell parameters, asymptotic I/σ (ISa) (Diederichs,
2010; Diederichs and Wang, 2017), or pairwise correlation coefficients. Another
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approach utilizes a genetic algorithm (Zander et al., 2016; Foos et al., 2019) generating
random combinations of data sets into subsets. These are then optimized according
to an iteratively optimized fitness score derived from a weighted combination of
Rmeas , < Iσ(I) >, CC1/2 (Karplus & Diederichs, 2012), completeness, multiplicity
and, in case of Foos et al. (2019), anomalous CC1/2 (called CCanom overall by Foos et
al., and termed CC1/2_ano in this study). This approach again optimizes precision
but not necessarily accuracy, and may not scale well with an increasing number of
data sets.
For Experimental Phasing, some selection methods focus on the anomalous signal
by calculating anomalous correlations and rejecting data sets with (arbitrarily) ‘low’
anomalous correlation or ‘high’ Rmerge (Akey et al., 2014). The anomalous correlation
between a single data set and a reference data set of all merged data sets, the relative
anomalous correlation coefficient (RACC), was employed by Liu et al. (2012) and
further combined with cluster analysis dependent on both unit cell parameters and
intensity correlations. Yet another selection procedure combines frame rejection
based on relative correlation coefficients (RCC) and CC1/2 , crystal rejection based
on SmRmerge (smoothed frame Rmerge as reported in AIMLESS (Evans & Murshudov,
2013)) and further subset selection based on anomalous correlation coefficients (ACC)
(Guo et al., 2018; Guo et al., 2019).
As for the calculation of an anomalous difference of a reflection the existence of a
Bijvoet partner in the data set is required, few (if any) reflections per data set are
included in the calculation if the data sets are partial. The low number of reflections
used, in combination with the weakness of the anomalous signal, dramatically
decreases the significance of the calculated anomalous correlations. This effect is
amplified the narrower the rotation range of the single data sets and the lower
the symmetry of the space group is, and therefore selection based on anomalous
correlations may not always be feasible.

2.4

Objective of this study - different
projects

Multiple partial data sets from SAD multi-crystal collection strategies result in
a complete data set if the partial data sets are isomorphous and can be merged
(2.2.4.2). A robust method to identify non-isomorphous data sets and optimize the
anomalous signal is crucial for SAD multi-crystal data collections.
The central objective of this research study is the establishment and calculation
of a quantity, which informs about the amount of non-isomorphism (or systematic
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errors) in a data set. A quantity termed ∆CC1/2 derived from CC1/2 (Karplus
& Diederichs, 2012) was established in the program XDSCC12 (section 3.4) and
validated in two subsequent projects with SSX data (published as Assmann et al.
(2016) and Assmann et al. (2020)). Another selection approach implemented in the
program XSCALE_ISOCLUSTER published by Diederichs (2017) was evaluated
for SSX data (also published in Assmann et al. (2020)) and SFX data:
• Project 1: In the first project, the calculation of CC1/2 by the ‘σ − τ method’
without weights (section 3.4.1) and the following calculation of ∆CC1/2 (section
3.5) was established. The ‘σ-τ method’ describes a way to calculate CC1/2
without random assignment, as originally proposed in Karplus & Diederichs
(2012), which results in more precise values of CC1/2 . This allows the ∆CC1/2
method to be introduced for the identification of non-isomorphous data sets.
Two experimental partial SSX data sets (AlgE and PepT1 ) provided by Huang
et al. (2015) and one complete simulated SSX data set (modified - 2BN3)
were used to monitor properties and applicability of ∆CC1/2 as published in
Assmann et al. (2016).
• Project 2: The second project extends the calculation of CC1/2 (‘σ-τ method’)
with the use of weights (section 3.4.2) and allows iterative application of
∆CC1/2 (section 3.5 and 3.7). Three experimental partial SSX data sets
(BacA, PepT2 , LspA) provided by Huang et al. (2018), one complete SSX
data set (NS1) (Akey et al., 2014) and one simulated SSX data set (modified
-1G1C) (Holton, 2019) were used to monitor the applicability of this iterative
selection method to SAD multi-crystal data, which is published in Assmann
et al. (2020).
• Project 3: In the third project, the method to dissect random and systematic
errors published by Diederichs (2017) (section 3.8) was applied to the same data
sets as described in the second project (BacA, PepT2 , LspA; NS1; modified 1G1C), to an additional partial experimental SSX data set (Cas13a) provided
by Knott et al. (2017), and to simulated SFX data sets (modified-3C8P).
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3.1

Processing and scaling of data sets

3.1.1

Project 1

The experimental data sets (AlgE and PepT1 ) were provided as XDS_ASCII.HKL
files (Huang et al., 2015) and scaled with XSCALE (Kabsch, 2010b) with default
settings. The simulated data set was processed with XDS (Kabsch, 2010a) and
scaled with XSCALE with default settings.

3.1.2

Project 2

For the data sets of project 2 (BacA, PepT2 , LspA, NS1, modified - 1G1C), a few
specific options during the data processing or data scaling were used:
Since the standard deviations σi of the reflection intensities Ii are used as weights
wi = σ12 in scaling and merging, the error model of each data set, which serves to
i
adjust the σi such that they match the observed differences between symmetry-related
reflections, plays an important role. The INTEGRATE step of XDS derives a first
2
estimate σ0,i of σi from counting statistics, and inflates it to σi = 2·(σ0,i
+0.0001·Ii2 )1/2
thus limiting the Ii /σi values to at most 50. Then the error model is adjusted in the
CORRECT step of XDS. However, in the SSX case, only a few (or no) symmetryrelated reflections per data set exist and the adjustment of the error model in
XDS may be poorly determined or cannot be performed at all. This may lead to
a biased weighting of data sets in the scaling procedure and should be avoided.
Consequently, XDS was prevented from scaling and further adjusting the error
model in its CORRECT step by using MINIMUM_I/SIGMA=50 in versions of
XDS before October 2019 (and SNRC=50 thereafter). The scaling and calculation
of the error model was thus postponed to XSCALE.
However, this requires availability of the unscaled INTEGRATE.HKL reflection
files. Some data sets (in this study: BacA, PepT2 , LspA) are only available as
XDS_ASCII.HKL files, whose internal scale factors and error model have already
been adjusted in CORRECT if there were symmetry-related reflections within the
same data set. In order to have XSCALE (instead of XDS ) determine the scale and
error model of each data set in the context of all other data sets, a small helper
program RESET_VARIANCE_MODEL to (approximately) revert the adjustment
of the error model was written, based on the two parameters of the error model as
stored in the reflection file produced by CORRECT.
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3.1.3

Project 3

Additionally to the scaling of the data sets from project 2 (as described in section
3.1.2), the XDS_ASCII.HKL files from Cas13a were scaled with XSCALE with
default settings. The simulated SFX data sets (modified-3C8P) were processed and
scaled with nXDS (Kabsch, 2014).

3.2

SAD structure solution

In order to validate a specific data selection, structure solution was attempted with
the correspondent subset. This was done with the software suite SHELXC/D/E
(version 2013/2; Sheldrick, 2010). SHELXC serves as a data conversion program,
whereas the actual substructure determination i.e. the assignment of the heavy
atom coordinates (as described in section 2.2.3.2) is provided by SHELXD. As an
indicator for successful substructure determination the CFOM (combined figure
of merit), which is CCAll + CCWeak , was used. CCAll is the correlation coefficient
between the normalized structure factor differences in the measured data and those
calculated from a given substructure solution. CCWeak is calculated analogously,
but only for weak reflections which have not been used, and hence are a somewhat
independent criterion. CFOM for a correct substructure varies depending on the
phasing method, resolution, etc., but typically CCAll and CCWeak are considerably
higher for solutions than for non-solutions (Thorn, 2017). Additionally, a bimodal
distribution of solutions and non-solutions for a given number of tries indicates a
correct substructure determination.
Another indication of a correct substructure is a clear drop in the heavy atom
occupancies. However, the absence of this phenomenon does not mean that
substructure determination was incorrect; the latter might be due to a wrong
number of estimated heavy atoms by the user (FIND keyword in SHELXD) along
with other causes.
In the final step, density modification and autotracing of a poly-alanine protein
backbone is done with SHELXE. As an indicator for successful structure solution, the
criterion CCtrace/nat > 25% was used which appears valid for resolutions of 2.5 Å or
better (Thorn & Sheldrick, 2013). CCtrace/nat describes the correlation of amplitudes
calculated from a model consisting of the traced backbone against the native data.
Moreover, a visual inspection of the density and the traced backbone shows a high
connectivity (continuous areas of protein density) and contrast (distinct areas of
ordered and unordered regions of the crystal) next to simplified secondary structure
elements if the solution is correct. Usually, the two hands of the substructure
solution are processed by SHELXE ; if no significant difference (CCtrace/nat or visual
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inspection) exists between both solutions, the solution is almost certainly incorrect.
Some data sets (BacA, LspA, NS1, Cas13a) could not be solved by SHELXE,
although the CFOM of SHELXD indicated a possible correct solution. For the latter
cases the CRANK2 (Skubak et al., 2013) pipeline (automated substructure solution,
phasing, density modification, model building, and refinement) was used after the
SHELXD step, and Rwork and Rfree from the REFMAC refinement (Murshudov et
al., 2011) were monitored, which is reported by the last CRANK2 step. An Rwork
and Rfree < 0.5 is considered to be possibly correct; whereas Rwork and Rfree < 0.48
or lower are considered to be solved, although a lot of effort is required for building
the correct structure and several refinement steps need to be done to obtain a correct
model with lower Rwork and Rfree .
An additional approach exists to validate the correct substructure determination,
especially if the published PDB model is available. ANODE estimates the anomalous
density of the heavy atoms. Instead of adding a phase shift to the heavy-atom phases
to obtain a starting value for the native protein phase, this phase shift is subtracted
from the native phase to obtain the heavy-atom substructure phase. ANODE gives
an estimate of the average density (in units of the standard deviation of the electron
density of the difference map σ) from each atom type and the heights and coordinates
of the unique peaks in the map, and their distances from the nearest atom in the
PDB file (Thorn & Sheldrick, 2011). If the highest unique peaks (corresponding to
the expected number of heavy atoms in the map) coincide with the associated heavy
atoms in the PDB file and the average peak height of the expected heavy atom is
high, the substructure is assumed to be correct.

3.3

Projects and their data sets

In this study data from different SSX collection strategies were used as described in
section 2.4. Their statistics can be found in Table 1, 2 and 3, according to their use
in the projects 1, 2, 3, respectively.

3.3.1

Project 1

3.3.1.1

AlgE, PepT1 - partial experimental SSX data

Partial data sets were kindly provided by Huang et al. (2015) as individual frames
for all data sets of the two proteins AlgE (Tan et al., 2014) and PepT1 (Lyons et al.,
2014). Data was processed with XDS and XSCALE. For some calculations, random
shifts of atom coordinates of the original PDB file were introduced by MOLEMAN2
(Kleywegt, 1995).
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3.3.1.2

Modified insulin 2BN3 - complete simulated SSX data

Eleven complete datasets to 1.46 Å resolution were simulated with SIM_MX
(Diederichs, 2009) using the atomic coordinates of cubic insulin [PDB code 2BN3
(Nanao et al., 2005); space group I21 3] and a flat bulk solvent (density 0.35 e– A– 3
and B = 50 Å2 ) for the calculation of structure factors. To simulate a specific case of
non-isomorphism by numerical experiments, the unit-cell parameters were elongated
by different amounts (0 – 1 Å). This results in a different sampling of the molecular
transform and thus changes the intensities. Artificial Fcalc 2 to be used as intensities
were then calculated using PHENIX.FMODEL (Adams et al., 2002), and simulated
raw datasets were calculated with SIM_MX and processed with XDS. Different
random seeds ensured that different (pseudo-) random errors for different datasets
were calculated.

3.3.2

Project 2

3.3.2.1

BacA, PepT2 , LspA - partial experimental SSX data

Partial data sets were kindly provided by Huang et al. (2018) as individual
XDS_ASCII.HKL files for all data sets of the three proteins BacA (El Ghachi
et al., 2018), PepT2 (Lyons et al., 2014), and LspA (Vogeley et al., 2016). The error
model of every XDS_ASCII.HKL was reset with RESET_VARIANCE_MODEL.
The parameter MINIMUM_I/SIGMA=0, adopted from Huang et al. (2018) was
used in XSCALE (or SNRC=0.1 in XSCALE built on or after 15-Oct-2019). The
substructure was determined with SHELXD (version 2013/2) with a resolution
cutoff of 3.3, 3.5, 4.2 Å for BacA, PepT2 , and LspA, respectively, and NTRY 25000;
phase improvement and extension as well as autotracing was done with SHELXE
(version 01/2019) with the options -s0.60 -a25 -q -z for BacA, -s0.55 -a25 -q -z for
PepT2 and -s0.65 -a25 -q -z for LspA or with the CRANK2 pipeline for BacA and
LspA.
Refinements in the PepT2 project were performed with PHENIX.REFINE (Liebschner et al., 2019) using PDB entry 4XNJ as a model, after ‘shaking’ using the
options sites.shake=0.5 and adp.set_b_iso=53.
3.3.2.2

NS1 - complete experimental SSX data

Raw data for NS1 were kindly provided by Akey et al. (2014) and served as an example
for complete SSX data. XDS processing with SNRC=50 from 28 crystals with on
average two wedges each resulted in 62 complete data sets as XDS_ASCII.HKL files.
Scaling and merging was done with XSCALE and SNRC=0.1. The substructure
was determined with SHELXD with a resolution cutoff of 4.2 Å; phase refinement,
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autotracing, and refinement was done with the CRANK2 pipeline starting from the
previously found substructure.
3.3.2.3

Modified-1G1C - partial simulated SSX data

Artificial data sets were provided by Holton (2019). These are based on squared
structure amplitudes calculated from the coordinates of PDB entry 1G1C (Mayans et
al., 2001), but with slightly changed cell parameters and crystal packing. The artificial
intensities were modified to simulate significant radiation damage. Additional
systematic errors were introduced in the frame-simulation program MLFSOM (Holton
et al., 2014).
After processing the 100 simulated SSX data sets (3 frames of 1° rotation each)
with XDS (SNRC=50), indexing ambiguities were analyzed with XSCALE_ISOCLUSTER. Reindexing, scaling and merging was done with XSCALE. The
parameters NBATCH=3 CORRECTIONS=DECAY ABSORPTION were used. The
substructure was determined with SHELXD with a resolution cutoff of 3.5 Å; phase
refinement and autotracing was done with SHELXE with the options -s0.53 -L1 -t1
-B3 -a100 as suggested by Holton (2019).

3.3.3

Project 3

In addition to all data sets from project 2 (BacA, PepT2 , LspA, NS1, modified 1G1C), two additional data sets were analysed in project 3:
3.3.3.1

Cas13a - complete experimental SSX data

52 partial data sets from 26 crystals of the protein Cas13a were kindly provided
by Knott et al. (2017) as individual XDS_ASCII.HKL files. 32 of the 52 data
sets were integrated in space group C121 and used for further analysis. Data were
processed with XDS and XSCALE. After application of XSCALE_ISOCLUSTER
the structure was solved with SHELXC/D/E with a resolution cutoff of 3.5 Å, NTRY
25000, 65 sites and a solvent content of 0.5 as suggested by Knott et al., (2017).
3.3.3.2

Modified - 3C8P - simulated SFX data

Several thousand single SFX shots up to 1.25 Å were simulated with the python
script tst_nanoBragg_random.py from the package simTBX provided by J. Holton
(simTBX, 2020) of CCTBX [Computational Crystallography Toolbox from the
PHENIX software suite (Liebschner et al., 2019 )]. The atomic coordinates of
viscotoxin [PDB code 3C8P (Pal et al., 2008); space group P 43 21 2] were used.
To simulate different systematic differences, several modifications were manually
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introduced into the PDB file. The resulting SFX shots were processed and scaled
with nXDS to a single unmerged nXDS_ASCII.HKL file. This was analyzed with
XSCALE_ISOCLUSTER.

3.3.4

Data statistics
AlgE

PepT1

modified-2BN3

Partial
experimental SSX

Partial
experimental SSX

Complete
simulated SSX

No. of crystals
processed

266

159

11

Resolution dmin (Å)

2.54

2.78

1.46

P21 21 21

C2221

I21 3

No. of residues
(sequence)

490

484

51

Multiplicity

8.07

29.09

19.31

4XNK

4XNI

derived from 2BN3

∼1°

∼1°

180°

Data collection method

Space group

PDB code
Average rotation range
per data set

Table 3.1: Data statistics from the data used in project 1.
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Partial
experimental SSX
4528
1595

2.7
C2221
484
0.55
1002.8
6FMY
10-20°
12 S

3.5
31.0/12.6

Partial
experimental SSX
742
360

3.0
C222
283
0.60
126.7
6FMT
10-20°
2 Hg

3.3
29.4/17.1

No. of crystals
processed

No. of data sets merged
in the original
publication

Resolution dmin (Å)

Space group

No. of residues
(sequence)

Fractional solvent
content

Multiplicity

PDB code

Average rotation range
per data set

Type and number of
anomalous scatterers
for substructure search

Resolution cutoff for
substructure search (Å)

Best CCall /CCweak (%)
from publication

CRANK2

SHELXC/D +

41.5/16.5

4.2

12 Se

10-20°

6FMS

27.2

0.65

4×188 (chains A,
B, C, D)

C2

3.0

497

614

Partial
experimental SSX

Se/S-LspA*

Table 3.2: Data statistics from the data used in project 2 & 3

Structure solution
SHELXC/D +
SHELXC/D/E
software
CRANK2
*The crystals contain a mixture of Se-labeled and native protein

Data collection method

S-PepT2

Hg-BacA

SHELXC/D/E +
CRANK2

Not available

4.2

30 S

90°

4TPL

114.8

0.65

378

P321

2.9

18

28

Complete
experimental SSX

S-NS1

SHELXC/D/E

Not available

3.5

4 Se

3°

derived from 1G1C

5.1

0.53

2×98 (chains A,B)

P21 21 21

1.8

100

100

Partial simulated
SSX

modified-Se1G1C
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Cas13a

modified-3C8P

Complete
experimental SSX

Simulated SFX

26 crystals (32 data
sets)

500 - 20000

20

-

Resolution dmin (Å)

1.45

1.25

Space group

C121

P43 21 2

No. of residues
(sequence)

1440

2 × 46 (chain A, B)

Multiplicity

26.6

-

5WIH

derived from 3C8P

Average rotation range
per data set

180°

Single SFX shotno rotation

Type and number of
anomalous scatterers
for substructure search

65 I

-

Resolution cutoff for
substructure search (Å)

3.5

-

Data collection method
No. of crystals
processed
No. of data sets merged
in the original
publication

PDB code

Table 3.3: Data statistics from the data used in project 3
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3.4

Derivation and calculation of the ‘σ-τ
method’ -XDSCC12 (project 1 & 2)

For the calculations of CC1/2, the XSCALE output file (XSCALE.HKL) was used.
Merged intensities of observations were weighted with their sigma values as assigned
by the preceding data processing programs, XDS and XSCALE.
As defined by Karplus & Diederichs (2012), CC1/2 can be calculated from the formula
for Pearson’s correlation coefficient:

CC1/2

P
(ai − a)(bi − b)
= qP
(ai − a)2 (bi − b)2

(3.1)

where ai and bi are the intensities of unique reflections merged across the observations
randomly assigned to subsets A and B, respectively, and a and b are their averages.

3.4.1

Calculation of CC1/2 without weights (project 1)

As shown in Assmann et al. (2016), CC1/2 was calculated in a different way, avoiding
the random assignment to subsets. CC1/2 may be expressed as (Karplus & Diederichs,
2012, supplement)

CC1/2 =

στ2
στ2 + σε2

(3.2)

with τ = difference between true values of intensities and their average (thus has
zero mean),
εA,B = random errors in merged intensities of half-sized subsets (with zero mean)
which are mutually independent and on average of equal magnitude,
στ2 = variance of τ ,
σε2 = variance of εA,B .
Then, the full dataset merged intensity y (after subtraction of the average) is
y=τ+

(εA + εB )
and
2

1
σy2 = στ2 + σε2 .
2
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στ2 is substituted with σy2 − 12 σε2 and CC1/2 is obtained as
CC1/2 =
with σy2 , the variance of
resolution shell and 12 σε2 ,
contributing to them. σε2
of the mean s2ε for every

(σy2 − 12 σε2 )
(σy2 − 21 σε2 )
στ2
=
=
στ2 + σε2
(σy2 − 21 σε2 ) + σε2
(σy2 + 12 σε2 )

(3.5)

the average intensities across the unique reflections of a
the average variance of the mean of those observations
is estimated from the unbiased weighted sample variance
unique reflection i with observations j by:

1
s2εi =
·
ni − 1

ni
X
j

!
Pni
2
(
x
)
ni
j,i
j
x2j,i −
/( ) leading to
ni
2

s2ε =

N
X

s2εi /N ,

(3.6)

(3.7)

i

with N unique reflections.
P
With xi = nj xj,i , σy2 is estimated by the unbiased sample variance from all averaged
intensities of all unique reflections s2y , which is calculated by:

s2y

1
=
·
N −1

N
X

x2i

i

−

(

PN

2
i xi )
N

!
.

(3.8)

As shown above, this ‘σ-τ method’ of CC1/2 calculation is mathematically equivalent
to the calculation of a Pearson correlation coefficient for the special case of two
sets of values (intensities) that randomly deviate from their common ‘true’ values.
Since it avoids the random assignment into half-data-sets, it is not influenced by
any specific random number sequence and thus yields more consistent values.
The average intensity of macromolecular diffraction data diminishes with increasing
resolution. If all data, from low to high resolution, are used for calculation of an
overall CC1/2 , the resulting correlation coefficient is dominated by the strong lowresolution terms and therefore biased towards large positive values; the overall CC1/2
is thus almost meaningless (Karplus & Diederichs, 2015). More meaningful CC1/2
values are obtained when dividing the data into (usually ten or more) resolution
shells since in each resolution shell the average intensity can be considered constant.
To obtain a single value, the CC1/2 values obtained in all resolution shells for this
project are averaged (Assmann et al., 2016), while weighting with the number of
contributing reflections.
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3.4.2

Calculation of CC1/2 with weights (project 2)

As shown in Assmann et al. (2020), the weighting of the intensities in the CC1/2
calculations (starting from eqn. 3.5) was further implemented in the program
XDSCC12, which reads the reflection output file from XSCALE containing the
scaled and unmerged intensities of all data sets:
σε2 is estimated from the unbiased weighted sample variance of the mean s2εw
(Bevington & Robinson, 2003, equations 4.22 and 4.23) for a half-data set and
the standard deviations of the observations - modified by the error model determined
for every partial data set by XSCALE - are used as weights. For each reflection i
with observations j, the contribution s2εi w to s2εw is calculated from the ni different
data sets that include this particular reflection. Accounting for the reduced size of
the half-data set requires division of s2εi w by n2i instead of ni :
P

s2εi w
with wj,i =

1
2 .
σj,i

ni
j

wj,i x2j,i
ni 
Pni
−
·
=
ni − 1
j wj,i

!2 
Pni
n 
w
x
j,i j,i
i
j

Pni
/
2
j wj,i

(3.9)

The calculation of frequency-weighted s2εi w (eqn. 3.9) was changed

to use reliability weights (following the notation as in Wikipedia, 2019), replacing

s2εi w

P
( nj i wj,i )2
ni
P
and
with Pni
2
)
ni − 1
( j wj,i )2 − ( nj i wj,i

(3.10)

P
( nj i wj,i )2
ni
with Pni 2 , which resulted in
2
2( j wj,i )

(3.11)

P
P
ni
2
( nj i wj,i )2
j wj,i xj,i

P
P
P
=
·
−
ni
2
( nj i wj,i )2 − ( nj i wj,i
)
j wj,i

!2 
Pni
w
x
j,i j,i
j
/
P
ni
w
j,i
j

in which some terms cancel down. Finally, the variances
unique reflections to obtain

s2εi w

!
P
( nj i wj,i )2
P
2
2( nj i wj,i
)

(3.12)
are averaged over all N

N

σε2

1 X 2
= ·
s .
N i εi w
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3.5

Calculation of ∆CC1/2 - XDSCC12
(project 1 & 2)

Since the goal is to maximize CC1/2 by excluding datasets, the following algorithm
that avoids any combinatorial explosion of possibilities was used:
It requires the calculation of CC1/2,with-i of all the data sets used and CC1/2,without-i ,
the CC1/2 of all data sets without the observations of one single data set i, for
those unique reflections that are represented in i, and excluding those that are only
represented in i. Both quantities, CC1/2,with-i and CC1/2,without-i are calculated with
the above formulas (‘σ-τ method’; section 3.4.1 (project 1) or 3.4.2 (project 2)). The
difference given by
∆CC 1/2,i = CC 1/2,with-i − CC 1/2,without-i

(3.14)

informs if a data set i improves (∆CC1/2,i > 0) or deteriorates (∆CC1/2,i < 0) the
merged data, for the reflections represented in data set i. In our implementation,
∆CC1/2,i is calculated for all resolution bins and averaged.
As shown in Assmann et al. (2020) an improvement for eqn. 3.14 was implemented.
To obtain more meaningful ∆CC1/2 differences - independent of the magnitude of
the CC values involved - the ∆CC1/2 values are by default modified by a Fishertransformation (Fisher, 1915), thus replacing eqn. 3.14 with
∆CC 1/2,i = tanh(artanh(CC 1/2,with-i ) − artanh(CC 1/2,without-i ))

(3.15)

For example, this formula assigns the same value (about 0.01) to ∆CC1/2 if
(CC1/2,with-i , CC1/2,without-i ) is (0.0100,0.0000) or (0.2096, 0.2000) or (0.9019, 0.9000)
or (0.9902, 0.9900).
The equivalent quantities for the anomalous signal, CC1/2_ano,with-i , CC1/2_ano,without-i ,
and ∆CC1/2_ano,i , can be calculated analogously. Importantly, the calculation of
∆CC1/2_ano,i does not require both Bijvoet mates to be present in data set i.
∆CC1/2,i and ∆CC1/2_ano,i values for each data set are reported by XDSCC12, and
a file that may be edited and used as input to XSCALE is written out. This file is
sorted by ∆CC 1/2,i .
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3.6

Calculation of ∆CCFOC (project 1)

Analogous to ∆CC1/2, a strategy to assess an actual improvement of the data by
2
comparison with the squared calculated structure factors (Fcalc
) obtained from a
structural model was devised. To this end, deposited PDB models (4XNJ for PepT1 ,
4XNK for AlgE; Huang et al., 2015) were processed with PHENIX.FMODEL to
2
produce Fcalc
reference data, to be used for comparison with Iobs . CCFOC,with-i is
defined as the correlation coefficient of observed and calculated intensities when
all datasets are included. Moreover, CCFOC,without-i is defined as the correlation
coefficient with all datasets included except for one dataset i, which is omitted from
calculations. The difference
∆CC FOC,i = CC FOC,with-i − CC FOC,without-i

(3.16)

gives the improvement or impairment the dataset i causes in the overall correlation
of data and model. ∆CCFOC,i < 0 indicates that data set i impairs the similarity of
data and model; ∆CCFOC,i > 0 indicates that data set i improves the similarity of
data and model.

3.7

Iterative scaling and rejection (project
2)

Since the goal is to maximize CC1/2 by rejection of data sets, an iterative rejection
procedure was used for the SSX data sets from project 2 (BacA, PepT2 , LspA;
NS1; and modified-1G1C). The calculation of the weighted and Fisher-transformed
∆CC1/2 was combined with an iterative selection procedure.
First, all data sets (with σ values as obtained in INTEGRATE i.e. without adjustment
in CORRECT (XDS )) are scaled with XSCALE. Then
1. XDSCC12 is run with the options -nbin and -dmax. -nbin 1 is used to
maximize the number of common reflections per pairwise data set combination.
Using the -dmax option, a high resolution cutoff is chosen such that only
statistically significant data are included.
2. The newly generated XSCALE.INP file (written by XDSCC12 ) containing
all data sets sorted by ∆CC1/2 is inspected and the worst data sets (at least
one data set, and at most 1% of the total number) are removed from it. Data
sets with positive ∆CC1/2,i should not be removed since this would impair
the merged CC1/2 . Sorting of the data sets by their anomalous contribution
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(∆CC1/2_ano,i ) is also possible, but is only recommended when complete data
sets are used (see section 4.2.3). The sorting by ∆CC1/2 also allows the best
data set to be subsequently used as reference data set (with a scale of 1 and
relative B factor of 0) in XSCALE, which is generally desirable in scaling
multiple data sets.
3. A new scaling run with XSCALE is performed with the reduced number of
data sets. The resulting reflection file can be used for structure solution tries.
Steps 1-3 may be iterated as long as there remain data sets with significant negative
∆CC1/2,i . Because ∆CC1/2 has limited precision (it has a standard error inversely
proportional to the square root of the number of reflections), data sets with ∆CC1/2,i
around 0 should not be rejected – these may be just weak, and rejection without
good reason may ultimately reduce the completeness. Usually, execution of a few
rejection iterations is enough to improve data quality and may enable structure
solution.
A flowchart visualizing the iterative rejection process is shown in Fig. 3.2.

3.8

XSCALE_ISOCLUSTER (project 3)

Data sets can differ in as many ways as there are reflections. After merging and
averaging symmetry-related reflections, a data set can be represented as a point
in a space that has as many dimensions as there are unique reflections. Since it is
cumbersome to analyze data in high-dimensional space, dimensionality reduction to
characterize and classify data sets in a low-dimensional space was used. To this end,
Brehm and Diederichs (2014) and Diederichs (2017) suggested a multi-dimensional
scaling (MDS) analysis that separates single data sets according to their random
and systematic differences. Data sets are represented by vectors in low-dimensional
space; this space has the shape of a unit sphere.
Numerically, the arrangement of vectors in low-dimensional space is obtained by
minimization of the function Φ(x):

Φ(x) =

N
−1
X

N
X

i

j=i+1

(CC i,j − xi ·xj )2

(3.17)

dependent on the differences of the pairwise correlation coefficients CC i,j of data
sets i and j, calculated from the intensities of common unique reflections, and
the respective dot products of vectors xi , xj representing the N data sets in lowdimensional space. At the minimum of the function, the dot products between any
pair of vectors reproduce, in a least-squares sense, the correlation coefficients between
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the data sets that these vectors represent.
The solution of eqn. 3.17 written in a matrix representation given by xxT = r can
be algebraically obtained by eigenanalysis of the matrix r = {CCi,j }, with x as a
column vector composed of all the x i . With the n strongest eigenvalue/eigenvector
pairs of r, giving the number of n dimensions, the construction of the N vectors x i
is possible by multiplying the eigenvector matrix with the root of the n eigenvalues
according to classical MDS (Borg & Gronen, 2005). The existent solution is unique
and rotations of x around the origin are equivalent.
It was shown (Diederichs 2017) that the lengths of the vectors are inversely related
to the amount of random error in the data sets, whereas their differences in direction
represent their systematic differences. Data sets with vectors pointing in the same
direction thus only differ in random error; if the vectors have the same length, the
data sets also contain a similar amount of random errors. Short vectors represent
noisy data sets; long vectors represent data sets with high signal-to-noise ratios and
low random deviation from the ‘true’ data set which would be located in the same
direction, but at a length of 1 i.e. on the surface of the sphere.
This method was implemented in the program XSCALE_ISOCLUSTER. The
program reads the XSCALE output file (scaled but unmerged intensities) provided
by the user and calculates pairwise correlation coefficients between data sets from
averaged (within each data set) intensities of common reflections. Next, the solution
vectors are constructed from the correlation coefficient matrix. The program writes a
new XSCALE.INP file, which also reports, for each data set, the length of its vector
and the angle with respect to the center of gravity of all data sets. Additionally, a
pseudo-PDB file with vector coordinates for visualization of the mutual arrangement
of data sets is written. For this study, the program was run with the settings -nbin=1
(one resolution bin) and -dim=3 (representation in three dimensions).
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3.9

Flowcharts

Figure 3.1: Flowchart project 1: Data sets are processed with XDS, scaled, and
the unweighted ∆CC1/2 (section 3.4.1 and 3.5) is calculated. The worst data sets
are rejected and the improvement is monitored by calculation of ∆CCFOC with the
published model (section 3.6).
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Figure 3.2: Flowchart project 2: Data sets are processed and scaled with XDS and
XSCALE. The scaled file is analyzed with XSCALE_ISOCLUSTER. If distinct
clusters can be detected, the selected data sets within the cluster are scaled and
analyzed further. Additionally, structure solution is tried; if this is not successful,
data sets are analyzed with XDSCC12. The worst data sets are rejected and the
selected data sets are scaled. This iterative rejection and scaling procedure is repeated
until the structure can be solved (section 3.7).
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4.1
4.1.1

Results
∆CC1/2 application without weights
(project 1)
General description of the project

In this project, CC1/2 was calculated by the ‘σ-τ method’ without weights (section
3.4.1) and the calculation of ∆CC1/2 (section 3.5) was applied to the two experimental
partial SSX data sets (AlgE and PepT1 ) provided by Huang et al. (2015) and to
one complete simulated SSX data set (modified - 2BN3).
The ‘σ-τ method’ describes a way to calculate CC1/2 without random assignment,
as originally proposed in Karplus & Diederichs (2012), which results in more precise
values of CC1/2 (section 3.4.1). This allows for the introduction of the ∆CC1/2
method for the identification of non-isomorphous data sets. Besides the identification
of rogue data sets, properties and applicability of ∆CC1/2 were monitored.
The selection and subsequent rejection of the non-isomorphous data set(s) for AlgE
and PepT1 were validated by the comparison of the calculated structure factors of
the previously published model (Huang et al., 2015) and the observed structure
factors from the remaining merged data set. This quantity, termed ∆CCFOC , is
analogously calculated to ∆CC1/2 (section 3.6) and used for validation. Other
validation approaches were tested but did not lead to conclusive results (section
5.1.1). The results of this project are published in Assmann et al. (2016). Fig. 3.1
shows the experimental workflow.

4.1.2

Characteristics of ∆CC1/2 for the simulated data
(modified - 2BN3)

Eleven complete simulated datasets with different changes in the unit-cell parameters
were used to mimic a realistic case where most of the datasets are isomorphous
relative to each other, but some are non-isomorphous outliers.
The ∆CC1/2 method was applied to the simulated datasets. In general, increasing
changes in unit-cell parameters are associated with decreasing ∆CC1/2,i , as expected
(Table 4.1). The largest change in unit-cell parameters (1.0 Å) shows the lowest
∆CC1/2,i , which is thus correctly identifying non-isomorphism. ∆CC1/2,i shows highly
positive values for those datasets where no or only slight changes were introduced
(0.0–0.2Å). ∆CC1/2,i does not increase linearly; rather, it drops dramatically from
0.2 to 0.4 Å. On the basis of ∆CC1/2,i , the most isomorphous dataset is the one with
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∆CC1/2,i

Change of unit-cell
parameters (Å)
+1.0

– 0.518

+0.8

– 0.313

+0.6

– 0.271

+0.4

– 0.262

+0.2

+0.873

+0.1 (2 datasets)

+0.785, +0.785

0.0 (4 datasets)

+0.710, +0.706,
+0.698, +0.684

Table 4.1: ∆CC1/2,i of simulated datasets with elongated unit-cell parameters
a 0.2 Åcell parameter change; this appears to be a sensible result since its intensities
are the most closely related to those of all other datasets. The numerical values of
∆CC1/2,i change to a much greater extent (−0.5 to 0.8) than in the experimental case.
This is because the impact of one complete dataset (out of 11) is high in comparison
to a single small rotation wedge SSX dataset (out of hundreds). Moreover, the
artificially induced gap between nearly perfect isomorphous datasets (cell changes
of 0.0–0.4 Å, i.e. close to the average of all cell changes) and very few severely
non-isomorphous datasets (cell changes of 0.6–1.0 Å) enforces this effect.

4.1.3

Model unbiased by non-isomorphous data set - PepT1

For PepT1 , 159 datasets were analysed, as seen in Fig. 9, where a histogram of
∆CC1/2,i is shown. The histogram is dominated by a Gaussian-shaped central part
slightly above ∆CC1/2 = 0, with the standard deviation σ = 1.68 × 10−4 . Datasets
with a ∆CC1/2,i of around zero do not significantly change the CC1/2,with-i (all data
sets included); however, their inclusion is necessary for increased completeness and
multiplicity. One dataset has a significantly (−28.8σ) negative ∆CC1/2,i and is thus
identified as non-isomorphous. Some datasets have, at 31.8σ and 76.2σ, a highly
positive ∆CC1/2,i ; they significantly decrease CC1/2,with-i if rejected and appear to
be particularly valuable.
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Figure 4.1: Histogram of ∆CC1/2,i values for PepT1 . The -28.8σ unit outlier is
indicated with an arrow.
Comparing, in terms of raw data appearance and processing logfiles and statistics
reported by XDS or XSCALE, positive or negative outlier datasets with datasets
from the central part of the histogram showed no striking peculiarities for any of
the analysed criteria such as the number of reflections or similar. In particular, the
negative ∆CC1/2,i value was not predictable from unit-cell parameters, spot shape, or
other data processing statistics of single datasets. Furthermore, the negative outlier
had not been identified by the ISa-based (Diederichs, 2009) rejection of datasets
performed by Huang et al. (2015). However, important experimental variables, like
crystal volume, are not recorded during the experiments.
Fig. 4.2 shows a plot of ∆CCFOC,i against ∆CC1/2,i for the datasets of this project. If
our procedure for identifying non-isomorphism is meaningful, an improvement of the
2
correlation between model Fcalc
and merged I obs is expected for those datasets that
increase CC1/2 , and a decrease of correlation for the non-isomorphous ones. As could
be expected from the histogram of Fig. 4.1, most of the data sets cause little change
of ∆CCFOC and ∆CC1/2 ; they cluster in the middle of the diagram. The dataset
identified as the most non-isomorphous one indeed shows the worst correlation
of experimental data and model; CCFOC is significantly improved when rejecting
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this specific dataset. Conversely, some of the datasets show a clear improvement of
CCFOC and CC1/2 .
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Figure 4.2: Plot of ∆CCFOC,i against ∆CC1/2,i for PepT. The -28.8 8 σ unit outlier
(∆CC1/2,i ' −4.8 · 10−4 ) is boxed.
The validation appears to work satisfactorily despite the fact that the 4XNJ model
derived from cryo data and used here for validation is itself not isomorphous with
the data since the cell parameters of the cryo and the room-temperature crystals
differ in a and b by about 4%.

4.1.4

Model biased by non-isomorphous data set - AlgE

AlgE displays a similar histogram (σ = 7.22 × 10−4 ) of ∆CC1/2,i values (Fig. 11) as
PepT1 . The worst non-isomorphous dataset is, at −14.8 σ units, an obvious outlier
of the ∆CC1/2,i distribution. Similarly, positive outliers exist at 10.1 σ and 11.5 σ
units. As for PepT1 , not any particular properties of positive or negative outliers
in the raw data or in the processing and scaling statistics were observed. Again,
the strongest negative outlier had not been identified by the ISa-based rejection of
datasets performed by Huang et al. (2015).
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Figure 4.3: Histogram of ∆CC1/2,i values for AlgE. The −14.8σ unit outlier is
indicated with an arrow.
In contrast to Fig. 4.2, the plot of ∆CCFOC,i against ∆CC1/2,i for AlgE shows an
unexpected behaviour (Fig. 4.4). As expected, most of the datasets cluster at ∆CC1/2
and ∆CCFOC values around zero, but the dataset identified by ∆CC1/2,i as the most
non-isomorphous dataset is surprisingly showing the best ∆CCFOC,i . Conversely, the
best datasets as judged from ∆CC1/2,i exhibit negative ∆CCFOC,i .
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Figure 4.4: Plot of ∆CCFOC,i against ∆CC1/2,i for AlgE. Different colours and
marker symbols refer to the different random shifts of the atom coordinates. Arrows
indicate the change of ∆CCFOC,i upon increasing the magnitude of random shifts
for the three most significant outliers of the Gaussian distribution of Fig.4.3.
After some investigation, these observations were attributed to our choice of PDB
models used for validation. In the case of PepT, a model derived from an independent
single-crystal cryo dataset (4XNJ) was chosen, whereas in the case of AlgE the
model 4XNK was chosen, which had been refined against those very datasets that
were tried to be characterized in this study. In the case of AlgE, refinement of the
model 4XNK against the SSX data had led to a bias in the sense that the model
partly fits the systematic effects contributing to the non-isomorphism of the worst
dataset. This bias additionally leads to a reduced ∆CCFOC,i since the model is biased
into a state more distant from those of datasets with positive ∆CC1/2,i .
Therefore an additional experiment was performed: By applying random shifts of
magnitude up to 1.0 Å to the 4XNK coordinates, the model was attempted to be
‘shaken’ out of its local minimum. Recalculating ∆CCFOC,i for increasing shifts, the
expected behaviour of a positive correlation between ∆CC1/2,i and ∆CCFOC,i was
progressively observed, as emphasized by arrows in Fig. 4.4. This is most pronounced
for the dataset with the largest negative ∆CC1/2,i , which is seen to have strongly
negative ∆CCFOC,i when the model is shaken most. However, the datasets with most
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positive ∆CC1/2,i did not fully reach high values of ∆CCFOC,i , presumably because,
for the highest shifts, the model is strongly degraded so that it cannot fit the data
well.
Ideally, validation is done with a model that is independent of the data. Another
experiment was therefore performed with the 4XNL coordinates derived from a
dataset collected at cryo temperature. In this case, no bias is present, and indeed
there is a positive correlation between ∆CC1/2,i and ∆CCFOC,i as expected.

4.2

Improved scaling and ∆CC1/2 application
with weights - XDSCC12 (project 2)

4.2.1

General description of the project

The second project extends the calculation of CC1/2 (‘σ-τ method’) with the use of
weights (section 3.4.2) and allows the iterative application (section 3.7) of ∆CC1/2
due to increased significance and precision (section 3.5). Moreover, an improved
scaling procedure was applied as described in section 3.1.2.
Three experimental partial SSX data sets (BacA, PepT2 , LspA) provided by Huang
et al. (2018), one complete SSX data set (NS1) (Akey et al., 2014) and one simulated
SSX data set (modified -1G1C) (Holton, 2019) were used to monitor the applicability
of this iterative selection method, especially to SAD multi-crystal data.
The iterative selection and rejection of several data sets were validated by structure
solution. For every iteration, including rejection of data sets, SAD substructure
determination and subsequent density modification and autotracing - according to
the original publication - were performed. For the modified - 1G1C data set, not
only the successful structure solution but also the use of the minimal amount of data
was aimed for. Also, a comparison of the different ways to calculate CC1/2 with or
without weighting, with or without the application of the Fisher-transformation, and
with or without the improved scaling procedure was done for PepT2 . The results of
this project are published in Assmann et al. (2020). Fig. 3.2 shows the experimental
workflow.

4.2.2

Experimental SSX data findings

The three partial experimental SSX data sets can be classified into a challenging
project (BacA), where structure solution without manual model building is barely
possible, into a project where structure solution is only possible after the rejection
of the worst data sets (PepT2 ) and into a less challenging project where structure
solution is already possible with all data sets, but further improvement can be made
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through rejection of the worst data sets (LspA).
The 742, 4528, and 614 data sets of the three projects BacA (Fig. 4.5), PepT2
(Fig. 4.6), and LspA (Fig. 4.7), respectively, were analysed with XDSCC12. The
application of the iterative rejection procedure in order to optimize CC1/2 was
conducted as described above (section 3.7).
∆CC1/2,i was calculated by XDSCC12 for every data set. Rejection of the worst 10,
50, and 4 data sets, respectively, corresponding to about 1% of all data sets, was
done iteratively. An attempt to solve the structure with SHELXC/D/E or CRANK2
was made at each rejection cycle. The whole procedure was performed starting with
all data sets (black curves in Figures 4.5-4.7), and also starting with a randomly
chosen half of the data (blue curves). Quantities from half of the data are offset in
Figures 4.5, 4.6, 4.7 by 35, 45, and 80 iterations, respectively, since in these iterations
the number of randomly omitted data sets roughly corresponds to the numbers in
the rejection rounds with all the data sets.
A total of 60, 80, and 120 iterations, respectively, was calculated in order to investigate
the asymptotic behaviour of ∆CC1/2 , CC1/2 , CC1/2_ano , CFOM, CCtrace/nat and
refinement R values of CRANK2 solutions.
Panel A of Figures 4.5-4.7 shows the highest ∆CC1/2,i values of all data sets rejected
in each iteration. The first iterations show strongly negative values; after iteration
50, 50 and 60, respectively, positive data sets are rejected, and strong positive data
sets onwards. The ∆CC1/2,i values of half of the data also show strong negative
values at the beginning; data sets with positive ∆CC1/2,i values are rejected in the
last iterations.
It can be observed that in parallel with optimization of CC1/2 (panel B of Figures
4.5-4.7), CC1/2_ano on average increases during the rejection iterations both for all
data sets and half of the data, but decreases slightly for the last iterations (panel
C of Figures 4.5-4.7), when data sets with positive ∆CC1/2,i values are rejected.
Quantitatively, the correlation between CC1/2 and CC1/2_ano is 0.66 (BacA), 0.92
(PepT2 ), and 0.79 (LspA) for the three projects, respectively.
The CFOM (CFOM = CCweak + CCall ) of the best SHELXD solution per 25000
tries is depicted in panel D of Figures 4.5-4.7. It shows the highest values after a few
rounds of rejections at the beginning, decreasing with following iterations for both
all data sets and half of the data. CFOM values of half of the data are in general
lower than the values of all the data.
The SHELXE CCtrace/nat values (best obtained in 25 autotracing cycles) are shown
in panel E of Figures 4.5-4.7, indicating no successful structure solution for BacA
and LspA and indicating success for PepT2 .
In general it is found that decrease of CC1/2 (B), CC1/2_ano (C), worse SHELXD
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solutions (D), insufficient SHELXE results (E) and increase in R values (F) arise
from the rejection of data sets with positive ∆CC1/2,i (A) values.
Application of the iterative rejection procedure to all data sets enables noticeable
improvement in the final merged data, which simplifies structure solution compared
to the previous work (Huang et al., 2018). Similar improvements are seen in a
random selection of half of the available data sets.
In these projects, the multiplicity was so high that rejection of data sets did not
compromise the completeness of the resulting merged data within the range of
rejection iterations shown in Figures 4.5-4.7.
4.2.2.1

Individual findings BacA

The most challenging project (BacA) shows a varying, relatively low CFOM of the
best SHELXD solution between 50 and 60 (Fig. 4.5D). The SHELXD solutions are
improved after rejecting the worst data sets in both all data and half data tests.
Compared to previous work (Huang et al., 2018) the substructure determination is
easier, whereas structure solution is still difficult: the best CCall/weak (CFOM) from
SHELXD for BacA with 360 data sets selected by Huang et al. (2018) is 29.4/17.1
(46.5) and the best CCall/weak (CFOM) from this study is 38.7/25.5 (64.2) with all
724 data sets.
The CCtrace/nat values are mostly below 25%, failing to indicate structure solution
both for all and half of the data (Fig. 4.5E). However, additional diagnostics, the
weighted mean phase error (wMPE) calculated by SHELXE with the PDB reference
model 6FMT, reveals a wMPE of ~70°. This indicates a basically correct but
incomplete solution for almost all iterations. Consistent with that, Rfree values on
the order of 45% result from a few iterations of the CRANK2 pipeline (Fig. 4.5F)
with all data sets, also indicating a successful structure solution.
The CCtrace/nat of half of the data is below 25% for all iterations, but the wMPE is
mostly at ~90°, which indicates failure of structure solution. Consistently, R values,
in this case, do not indicate structure solution.
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Figure 4.5: 60 rejection iterations of BacA (724 data sets) - 10 data sets are rejected
per iteration. XDSCC12 analysis done with all data sets is shown in black and done
with a random half is shown in blue. (A) Highest ∆CC1/2,i of the rejected data sets,
(B) CC1/2 , (C) CC1/2_ano , (D) the best SHELXD CFOM solutions, (E) CCtrace/nat
of SHELXE and (F) Rwork (x) and Rfree (·) of REFMAC of the CRANK2 pipeline.
4.2.2.2

Individual findings PepT2

The PepT2 project shows low CFOM values of the best SHELXD solution for the
first two iterations in Fig. 4.6D. Consistent with this, the CCtrace/nat values indicate
no solution in the first two iterations in Fig. 4.6E. The same is true for half of the
data; solutions can be found only after the first rejection iteration and for a few of
the following iterations.
Compared to the original publication, the structure solution is much easier for any
rejection round between 3 and 65: the best CCall/weak (CFOM) for PepT2 with
1595 data sets selected by Huang et al. (2018) is 31.0/12.6 (43.6), whereas the best
CCall/weak (CFOM) found in this study is 34.0/18.8 (52.8) with 3778 data sets.
Application of the iterative rejection procedure results in better data quality,
improved SHELXD solutions and enables structure solution. This SSX case study
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with PepT2 shows that a few iterations which reject the worst data sets make the
difference in structure solution, for both all and half of the data.
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Rwork in the highest resolution shell (2196 reflections) from the refinement of the
merged data of each iteration with the shaken pdb model 4XNJ are depicted in
Fig. 4.6F. These R values decrease up to iteration ~65, and continuously increase
afterwards both for all and half of the data. Rfree on average decreases in parallel
(data not shown), but the variation is much higher since the number of test reflections
is only 107.
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Figure 4.6: 80 rejection iterations of PepT (4528 data sets) - 50 data sets are
rejected per iteration. XDSCC12 analysis done with all data sets is shown in black
and done with a random half is shown in blue. (A) Highest ∆CC1/2,i of the rejected
data sets, (B) CC1/2 , (C) CC1/2_ano , (D) the best SHELXD CFOM solutions, (E)
CCtrace/nat of SHELXE and (F) Rwork from phenix.refine.
4.2.2.3

Individual findings LspA

The least challenging project, LspA, has a CCtrace/nat lower than 20% (Fig. 4.7E),
which is less than expected for a successful structure solution. This is found when
using all the data sets, and for a random selection consisting of half of the data
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sets. However, Rfree values from the final refinement step of the CRANK2 pipeline
(Fig. 4.7F) using the previously found SHELXD solutions clearly indicate successful
structure solution up to rejection iteration 95 starting with all the data sets. When
starting the rejection iterations with half of the 614 data sets, solutions can be found
only for the first 20 iterations.
Compared to the original publication the structure solution is eased: the best
CCall/weak (CFOM) for LspA with 497 data sets selected by Huang et al. (2018) is
41.5/16.5 (58.0), whereas the best CCall/weak (CFOM) from this study is 45.7/26.0
(71.7) with 590 data sets.
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Application of the iterative rejection procedure to all data sets thus results in
significantly better data quality and enables structure solution already without
rejection steps, and even with only half of the data.
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Figure 4.7: 120 rejection iterations of LspA (614 data sets) - 4 data sets are rejected
per iteration. XDSCC12 analysis done with all data sets is shown in black and done
with a random half is shown in blue. (A) Highest ∆CC1/2,i of the rejected data sets,
(B) CC1/2 , (C) CC1/2_ano , (D) the best SHELXD CFOM solutions, (E) CCtrace/nat
of SHELXE and (F) Rwork (x) and Rfree (·) of REFMAC of the CRANK2 pipeline.
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4.2.3

Complete SSX data -NS1

The rejection procedure that optimizes CC1/2 was applied to 62 complete data sets
obtained with XDS from raw data (Akey et al., 2014), and serving as an example for
multi-data set crystallography with complete data sets (Fig. 4.8). Optimization based
on both, ∆CC1/2,i (blue curves) or ∆CC1/2_ano,i (black curves) was performed, as
the data sets provide enough reflections to calculate significant ∆CC1/2_ano,i values.
In each iteration, the worst data set was rejected. Sixty iterations were calculated in
total, although the structure could already be solved without rejection (Fig. 4.8F).
Again, this was done to investigate the behaviour of ∆CC1/2,i , CC1/2 , CC1/2_ano,i
and SHELXD/E solutions in further iterations.
Fig. 4.8A shows the highest ∆CC1/2,i and ∆CC1/2_ano,i of all data sets rejected in
each iteration. Both quantities increase continuously, and data sets with positive
∆CC1/2,i are rejected from iteration 20 onwards, consistent with the decline of
CC1/2_ano,i (Fig. 4.8C).
An increase of CC1/2 (Fig. 4.8B) and CC1/2_ano (Fig. 4.8C) was observed for
optimization based on either ∆CC1/2,i or ∆CC1/2_ano,i . CC1/2 decreases from
iteration 45 on, whereas CC1/2_ano already starts to decrease from iteration 20.
The CFOM of the best SHELXD solution per 25000 tries is depicted in Fig. 4.8D.
For both selection strategies, the best CFOM decreases with increasing iteration.
The CCtrace/nat values are shown in Fig. 4.8E. They are lower than 20%, thus not
indicating structure solution. However, with CRANK2 the structure can be solved
without rejection from the first iteration onwards for the next ~40 iterations for
either ∆CC1/2 or ∆CC1/2_ano optimization, as shown in Fig. 4.8F representing Rfree
and Rwork from the CRANK2 pipeline.
No significant difference between ∆CC1/2 and ∆CC1/2_ano optimization can be
observed; both serve well as optimization targets. Different from the findings of
the original publication (Akey et al., 2014), the structure was solved over a wide
range of data set numbers, and even without rejections. This is attributed to the
improvement in all procedures contributing to the structure solution.
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Figure 4.8: 60 rejection iterations of NS1 (62 data sets). XDSCC12 analysis
done with all data sets based on ∆CC1/2 (black) and based on ∆CC1/2_ano (blue).
(A) Highest ∆CC1/2,i and ∆CC1/2_ano,i of the rejected data sets, (B) CC1/2 , (C)
CC1/2_ano , (D) the best SHELXD CFOM solutions, (E) CCtrace/nat of SHELXE and
(F) Rwork (x) and Rfree (·) from the CRANK2 pipeline.

4.2.4

Simulated SSX data - modified 1G1C

The challenge prepared by Holton (2019) was threefold: first, to resolve the indexing
ambiguity arising from two axes of the same length in an orthorhombic space group.
Second, to cope with strong radiation damage in scaling, and third, to find the
minimal number of data sets for structure solution, using the (simulated) anomalous
signal of Se-Met.
The first challenge was met by using XSCALE_ISOCLUSTER to identify the two
groups of data sets, which differ in their indexing mode (Fig. 4.11I). Based on this
result, data sets of one of the groups were reindexed in XSCALE and merged with
the data sets of the other group. The second challenge was tackled by increasing
(to 3, from the default of 1) the number of scale factors used for the DECAY (i.e.
radiation damage) scaling in XSCALE. The solutions of these two challenges were
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obtained in previous work, but not formally published (XDSwiki (SSX), 2019).
The goal of this study was mainly to meet the third challenge. To this end, the
rejection of the worst data set in order to optimize CC1/2 was performed 80 times
for the 100 data sets (Fig. 4.9, black curves). As a control, the sequential omission of
one data set per iteration -as done by Holton (2018) - which is equivalent to random
rejection, was performed 80 times (Fig. 4.9, blue curves).
Fig. 4.9A shows the highest ∆CC1/2,i value of all data sets rejected in each iteration. It
increases steadily, and data sets with positive ∆CC1/2,i start to be rejected after a few
iterations. In contrast to that, the random rejection shows varying ∆CC1/2,i values
of the rejected data set, as expected.
In Fig. 4.9B, C a decrease in CC1/2 and CC1/2_ano , respectively, is observed for
the ∆CC1/2 based optimization for almost all iterations after the first iterations.
CC1/2 and CC1/2_ano for random rejection is in general lower, but shows the same
behaviour.
The CFOM of the best SHELXD solution per 25000 tries is depicted in Fig. 4.9D. For
both random and ∆CC1/2 based rejection, the best CFOM decreases with increasing
iteration number. The best CFOM values based on random rejection are in general
higher than the CFOM values of the rejection based on ∆CC1/2 .
The completeness of the merged data set for each iteration is shown in Fig. 4.9E.
For both rejection algorithms the completeness decreases with increasing iterations.
The CCtrace/nat values are shown in Fig. 4.9F. The structure can be solved in all
iterations down to a minimum of 30 data sets, if data sets are rejected based on
∆CC1/2 . It is assumed that the lack of completeness - about 80% in all resolution
ranges when only 30 data sets remain - becomes the limiting factor for successful
structure solution.
In comparison, the structure is solved for every iteration down to a minimum of 42
data sets (as found by Holton 2019) if data sets are randomly rejected.
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Figure 4.9: 80 rejection iterations of the modified-1G1C (100 data sets) - one data
set is rejected per iteration. XDSCC12 analysis done with all data sets based on
∆CC1/2 is shown in black. Random rejection is shown in blue. (A) Highest ∆CC1/2,i
and ∆CC1/2_ano,i of the rejected data sets, (B) CC1/2 , (C) CC1/2_ano , (D) the best
SHELXD CFOM solutions, (E) completeness and (F) CCtrace/nat of SHELXE . The
range of iterations where random and ∆CC1/2 based rejections differ is highlighted
by an orange rectangle.

4.2.5

Technical aspects of the scaling method and ∆CC1/2
calculation

For the PepT2 project only, the importance of individual elements of the rejection
iterations was assessed:
• omitting the reset of the variance model,
• using frequency weights (eqn. 3.9) in XDSCC12 instead of reliability weights
(eqn. 3.12),
• using no Fisher-transformation in XDSCC12, i.e. using eqn. 3.14 instead of
eqn. 3.15,
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• random rejection instead of ∆CC1/2,i based rejection
using 40 rejection iterations in each case. Fig. 4.10 shows (A) the highest ∆CC1/2,i
of all rejected data sets, (B) CC1/2 , (C) CC1/2_ano , (D) the best CFOM solutions,
(E) the number of ‘high’ SHELXD solutions per 25000 tries and (F) CCtrace/nat for
all five alternatives.
It is found that random rejection performs worst, as expected. The rejection based
on ∆CC1/2,i without Fisher-transformation enables structure solution for only 6 out
of 40 rejection iterations. CC1/2 and CC1/2_ano decrease constantly, the best CFOM
values are low and almost no ‘high’ SHELXD solutions are found. The highest
∆CC1/2,i values (Fig. 4.10A) of all rejected data sets are slightly below zero for all
iterations.
The use of XDSCC12 without reliability weights or without reset of the variance
model shows increasing CC1/2 and CC1/2_ano , but enables structure solution for only
25 and 17 out of 40 rejection iterations, respectively. The best CFOM solutions are
higher than for random rejection, and more ‘high’ SHELXD solutions are found.
As shown in Fig. 4.10, rejection based on ∆CC1/2,i with reliability weights in
combination with upstream reset of the variance model and Fisher-transformation,
i.e. the procedure combining the methodological improvements that are suggested
in this study, shows the best CFOM solutions and the highest number of ‘high’
SHELXD solutions (Fig. 4.10D, E) and enables structure solution in all except the
first two iterations.
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Figure 4.10: 40 rejection iterations of PepT2 (4528 data sets) - 50 data sets are
rejected per iteration. XDSCC12 analysis done with all data sets based on eqn. 3.12
(reliability-weighted ∆CC1/2,i ) is shown in black, with frequency weights instead of
reliability weights (eqn. 3.9 instead of eqn. 3.12) is shown in blue, without Fishertransformation (eqn. 3.14) is shown in green and without reset of the error model is
shown in dark violet. Random rejection is shown in orange. (A) Highest ∆CC1/2,i
of the rejected data sets, (B) CC1/2 , (C) CC1/2_ano , (D) the best SHELXD CFOM
solutions, (E) the number of SHELXD CFOM solutions > 40.0 in 25000 tries and
(F) CCtrace/nat of SHELXE.

4.3

XSCALE_ISOCLUSTER (project 3)

4.3.1

General description of the project

In this project, the method to dissect random and systematic errors published by
Diederichs (2017) and implemented in XSCALE_ISOCLUSTER (section 3.8) was
applied to several data sets. The method is mainly used to identify either clusters of
similar data sets or - if no distinct clusters exist - to identify outlier data sets with
high systematic or random errors. In both cases, data sets can be selected and used
for subsequent structure solution.
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The same data sets as described in the second project (BacA, PepT2 , LspA;
NS1; modified -1G1C) were analyzed with XSCALE_ISOCLUSTER and the
results compared to the previous selection by XDSCC12 (section 3.4 and 3.5).
An additional partial experimental SSX data set (Cas13a) provided by Knott et
al. (2017), and a simulated SFX data set (modified-3C8P) were also analyzed with
XSCALE_ISOCLUSTER. The selections were validated with SAD structure solution,
except for modified-3C8P, as no anomalous signal was present in the latter.

4.3.2

Experimental SSX data from project 2

For PepT2 , 4528 data sets were analyzed. XSCALE_ISOCLUSTER showed no clear
separation of data sets or clusters (Fig. 4.11A). Therefore, several subsets with
different cutoffs of length and angle were tried (within a cone relative to the center
of gravity) in the range of 0.5 - 0.95, and 5 - 20 degrees, respectively (e.g. Fig. 4.11
C for length 0.8 and angle +/-10).
Selecting vectors with length > 0.8 resulted in 4068 data sets enabling structure
solution, but resulted in lower CFOM (39.8) than the 1595 data sets selected by
Huang et al. (2018) (CFOM = 43.6; Fig. 4.11B). At a higher length threshold (0.9;
3022 data sets), the CFOM rose to 46.0. In contrast, subset generation dependent
on the angle alone did not enable structure solution. Combined selection of length
and angle also enabled structure solution, but the results were not substantially
improved relative to selection based on length alone.
For BacA, selections based on length alone were attempted but did not lead to
structure solution. For LspA, selections based on length were attempted and led to
structure solution. This was expected, as LspA could already be solved without any
rejections and further improvement of the signal inevitably resulted in structure
solution as long as the completeness is maintained, which was the case. No attempts
to select based on length were made for NS1 and modified-1G1C since the structures
could be solved without selection.
The visualization of the analysis of the data sets of the three SSX projects with
XSCALE_ISOCLUSTER after application of XDSCC12 is shown in Fig. 4.11D-F.
Rejected data sets after an arbitrary number of iterations (40 in each project) mainly
represent high random error and high systematic error.
Visualization in the unit circle of the 62 complete experimental data sets of NS1
in Fig. 4.11G shows that mainly data sets with high random and systematic error
are rejected by the ∆CC1/2 -based iterations. The 100 data sets of modified-1G1C
by XSCALE_ISOCLUSTER are represented in Fig. 4.11H-I. Before resolving the
indexing ambiguity, these data sets fall into two clusters with a distinct 90° separation
as shown in Fig. 4.11I. After re-indexing, they form a single cluster (Fig. 4.11H),
and ∆CC1/2 -based iterations reject data sets without any obvious selection pattern.
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The arrangement of vectors is extended perpendicular to the radial direction of lowdimensional space; this indicates systematic differences that cannot be compensated
by scaling, e.g. radiation damage or differences of unit cell parameters.
The difference between data sets rejected based on ∆CC1/2 and the remaining data
sets is not apparent in any of the XSCALE_ISOCLUSTER analyses, as also data
sets with low random and low systematic error are sometimes rejected.
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Figure 4.11: Analysis of the data sets with XSCALE_ISOCLUSTER. The x and
y axes represent a two-dimensional scaling analysis (eqn. 3.17) and a section of the
unit circle is shown: (A) PepT2 , all 4528 data sets; (B) PepT2 , selection (blue) of the
1595 data sets suggested by Huang et al. (2018) for structure solution; (C) PepT2 ,
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Rejected data sets (black) at iteration 40 of iterative application of XDSCC12,
remaining data sets (blue) for (D) PepT, (E) BacA, (F) LspA, (G) NS1 and (H)
modified-1G1C; for the latter, analysis before reindexing is shown in orange (I).
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4.3.3

Experimental SSX data - Cas13a

For Cas13a, 32 data sets were analyzed. XSCALE_ISOCLUSTER showed two
distinct clusters with 22 and 9 data sets and one single separated data set (Fig.
4.12/4.13). Several selections (Table 4.2 & Fig. 4.12/4.13, selection indicated in blue)
according to the clusters were made and attempts to solve the structure were carried
out. All selections are shown in x-y-direction and x-z-direction in two subsequent
panels in Fig. 4.12/4.13.
Selection and scaling of all 9 data sets from the smaller of the two clusters (Fig.
4.12A, B) did not enable structure solution indicated by low CFOM (28.2), low
CCtrace/nat (5.8/ 7.1) and a low mean ANODE (Thorn & Sheldrick, 2011) peak
height of 1.01 σ (Table 4.2).
Selection and scaling of all 22 data sets from the larger of the two clusters (Fig. 4.12C,
D) did not enable structure solution with SHELXE (CCtrace/nat =6.49), although
the best CFOM of 65.7 and the mean peak height of ANODE (18.32 σ) calculated
with the published PDB model 5WIH indicates a possible correct substructure
determination (Table 4.2). Consistent with that, Rwork /Rfree values (0.44/ 0.41) of
the final refinement step of the CRANK2 pipeline also indicate a successful structure
solution.
Scaling of the 20 data sets selected by Knott et al. (2017) (Fig. 4.12E, F) did
not enable structure solution with SHELXE (CCtrace/nat =6.6), but statistics also
indicated a possible correct substructure determination (Table 4.2). Consistent with
that, Rwork /Rfree values (0.47/ 0.44) of the final refinement step of the CRANK2
pipeline indicate a successful structure solution. The 20 selected data sets by Knott
et al. (2017) coincide with the larger of the two clusters that can be visually identified
after application of XSCALE_ISOCLUSTER, although two data sets of the cluster
are not included in the 20 selected data sets by Knott et al. (2017) (Fig. 4.12F, left
side).
Selection and scaling of 10 data sets from the larger of the two clusters, forming a
small subcluster, (Fig. 4.12G, H) did enable structure solution. This was indicated
by the best CFOM of 66.4 and a mean ANODE peak height of 18.4 σ. Although
CCtrace/nat was not > 25% (section 3.2), a difference in CCtrace/nat (16.6/7.1) of
original and inverted hand, in addition to visual inspection of the density, showed a
successful structure solution.
Scaling of 6 data sets and 4 data sets out of the previously selected 10 data sets (Fig.
4.13A, B and Fig. 4.13C, D, respectively) did enable structure solution, indicated by
all parameters (CFOM, CCtrace/nat , mean peak height; Table 4.2).
An additional selection of 6 data sets from the larger of the two clusters, forming
another small subcluster, (Fig. 4.13E, F) did not enable structure solution. This was
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4.12E, F

4.12G, H

4.13A, B

4.13C, D

4.13E, F

4.13G, H

9 data sets
of the
smaller
cluster

22 data sets
of the
larger
cluster

20 data sets
selected by
Knott et al.
(2017)

10 data sets
(right)

6 data sets
(right)

4 data sets
(right)

6 data sets
(middle)
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Table 4.2: Statistics of structure solution attempts with selected data sets.
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data sets
selected
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indicated by a medium CFOM (48.1), a low mean ANODE peak height (7.65 σ)
and an equally low CCtrace/nat (12.24/ 12.38) for both hands.
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Figure 4.12: Analysis of Cas13a (32 data sets) with XSCALE_ISOCLUSTER.
The panels represent a three-dimensional scaling analysis (eqn. 3.17) and a section
of the unit circle is shown. All selections are indicated in blue and shown in two
subsequent panels, in x-y and x-z representation: (A, B) selection of the ‘smaller’
cluster (9 data sets); (C, D) selection of the ‘larger’ cluster (22 data sets); (E, F)
selection of the 20 data sets suggested by Knott et al. (2017) and (G, H) selection
of 10 data sets from the ‘larger’ cluster.
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Figure 4.13: Analysis of Cas13a (32 data sets) with XSCALE_ISOCLUSTER.
The panels represent a three-dimensional scaling analysis (eqn. 3.17) and a section
of the unit circle is shown. All selections are indicated in blue and shown in two
subsequent panels, in x-y and x-z representation: (A, B) selection of 6 data sets out
of the previously selected 10 data sets (Fig. 4.12G, H); (C, D) selection of 4 data
sets out of the 6 data sets; (E, F) selection of another 6 data sets out of the ‘larger’
cluster and (G, H) selection of a BLEND cluster.
Moreover, the 32 data sets were analyzed with BLEND (Foadi et al., 2013). In this
program, outlier data sets are identified by hierarchical cluster analysis (HCA), using
deviations of their unit cell parameters as a proxy for systematic differences.
Fig. 4.14 shows the original dendrogram output of BLEND. The clusters chosen by
BLEND (Fig. 4.14 bottom & Table 4.2 last column) do not coincide with any of
the selections made according to XSCALE_ISOCLUSTER. Selection of a BLEND
cluster (Fig. 4.13G, H; in the original BLEND dendrogram Fig. 4.14 the lowermost
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right branches (8 data sets)) did not enable structure solution as indicated by all
parameters (CFOM, CCtrace/nat , ANODE peak height; Table 4.2 last row).
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bottom of the dendrogram identify the data sets; the same order was used as in the
XSCALE_ISOCLUSTER analysis. Data sets from the lowermost right branches (8
data sets) were selected for detailed analysis with XSCALE_ISOCLUSTER.
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4.3.4

Simulated data SFX -modified 3C8P

4.3.4.1

Effects of artificial systematic differences

Single SFX shots were simulated, derived from the PDB model 3C8P (viscotoxin,
Fig. 4.15). Several random mutations (Fig. 4.15 top, blue), a distortion of an α-helix
(Fig. 4.15 middle, red) and truncations at the N- and C-terminus (Fig. 4.15 bottom,
magenta) were introduced into both chains of the original PDB model (Fig. 4.15,
black) in order to simulate systematic differences (Table 4.3).

Colour in Fig.
4.15-4.17
Location of
modification

Number of
shots
simulated

Original
-3C8P

Mutated
-3C8P

Distorted
-3C8P

Truncated
-3C8P

black

blue

red

magenta

-

Residue 9:
Gly-Val,
Residue 15:
Thr-Leu,
Residue 30:
Ser-Met

α-helix

N- and
C-terminus

5000

5000

5000

5000

Table 4.3: Modifications of viscotoxin (PDB 3C8P).
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Figure 4.15: Structures of 3C8P (black) in comparison to the modified structures:
Mutations (top, blue), distortions (middle, orange), and truncations (bottom,
magenta).
5000 shots of all three modifications in addition to the original model were
simulated, processed, and scaled together with nXDS, resulting in a single
nXDS_ASCII.HKL file with scaled, but not merged observations. Analysis with
XSCALE_ISOCLUSTER of the 20000 shots showed three distinct clusters (Fig.
4.16A). The truncated-3C8P (magenta) and distorted-3C8P (red) are clearly
separated, whereas the mutated-3C8P (blue) and the original 3C8P (black) cannot
be separated (Fig. 4.16A).
Processing 15000 shots without the mutated-3C8P with XSCALE_ISOCLUSTER
led to three distinct clusters; the two modifications and the original are clearly
separated (Fig. 4.16B).
If XSCALE_ISOCLUSTER is applied to 10000 data sets with the mutated-3C8P
and the original 3C8P only, both fractions can also be separated (Fig. 4.16C).
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These experiments show that fractions of data sets with different systematic errors
can be separated, depending on the severity of the modification and the number of
different modifications present in a composite data set.
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Figure 4.16: Analysis of 3C8P with different modifications [several mutations (Fig.
4.15 top, blue), a distortion of an α-helix (Fig. 4.15 middle, red) and truncations at
the N- and C-terminus (Fig. 4.15 bottom, magenta)] with XSCALE_ISOCLUSTER.
The panels represent a three-dimensional scaling analysis (eqn. 3.17) and the unit
circle is shown: (A) All modifications [mutations (blue), distortion (red), truncations
(magenta)] and the original 3C8P (black), (B) two modifications [distortion (red),
truncations (magenta) and the original 3C8P (black), (C) mutations (blue) and
original 3C8P (black).
4.3.4.2

Effects of an artificial mutation series

As the previous experiment (section 4.3.4.1) showed that depending on the severity
of the modification a separation can be observed, a mutation series was analyzed
with XSCALE_ISOCLUSTER.
The modification including three mutation sites [Residue 9: Gly-Val; Residue 15:
Thr-Leu; Residue 30: Ser-Met] (Fig. 4.15 top, Table 4.3) in combination with the
original 3C8P is shown in Fig. 4.17A. The two fractions are assigned to two distinct
clusters.
In panel B of Fig. 4.17 the modification including only two mutations [Residue 9:
Gly-Val; Residue 15: Thr-Leu] in combination with the original 3C8P is shown. The
two fractions can be separated if coloured accordingly, but no distinct clusters can
be visually found without colouring.
If the modification includes only one mutation [Residue 15: Thr-Leu], neither two
distinct clusters nor a separation by colour can be found (Fig. 4.17C).
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Figure 4.17: Analysis of the original 3C8P (black, 5000 data sets) and 3C8P with
different mutations (blue, 5000 data sets) with XSCALE_ISOCLUSTER. The panels
represent a three-dimensional scaling analysis (eqn. 3.17) and the unit circle is shown:
(A) three mutations [Residue 9: Gly-Val; Residue 15: Thr-Leu; Residue 30: Ser-Met]
(blue) and original 3C8P (black), (B) two mutations [Residue 9: Gly-Val; Residue 15:
Thr-Leu] (blue) and original 3C8P (black), (C) one mutation [Residue 15: Thr-Leu]
(blue) and original 3C8P (black).
4.3.4.3

Effects of different ratios between original and shots from
mutated 3C8P

Different ratios of original 3C8P and mutated 3C8P [Residue 9: Gly-Val; Residue
15: Thr-Leu; Residue 30: Ser-Met; Fig. 4.15, top] were scaled and analyzed with
XSCALE_ISOCLUSTER (Fig. 4.19).
For all different ratios, the result of XSCALE_ISOCLUSTER is coloured accordingly
in the upper panel of Fig. 4.19 A-C to visualize the success of separation of the two
fractions by XSCALE_ISOCLUSTER.
In order to quantify the success of separation of the two fractions a posteriori, the
positions of the data sets in 3D space were projected onto a normalized vector
defined by the two centers of gravity calculated from both fractions. As a result, the
distance D from the center of gravity of the original 3C8P fraction (black) to every
data set i was obtained (along the previously defined vector through both centers of
gravity) as shown in Fig. 4.18. The corresponding resulting histograms of the two
fractions as a function of the distance D are shown in Fig 4.19 D-F.
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Figure 4.18: Schematic visualization of the distance D calculated for every data
set i: The red dots indicate the centers of gravity for both fractions of the original
(black) and the mutated (blue) 3C8P data sets. A normalized vector is defined by
the two centers of gravity onto which every data set is projected. The distance D
for every data set from the center of gravity of the black data sets to the data set i
is then used for the histogram in Fig. 4.19.
A ratio of 1:1 (5000 original and 5000 modified data sets each) is shown in panel A.
Both fractions can clearly be visually separated. Both histograms show -as expectedtwo distinguishable peaks at a distance D of ~0.0 and ~0.3 with the same shape in
panel D.
A ratio of 5:1 (5000 original and 1000 modified data sets) is shown in panel B. Both
fractions can be visually separated, although the separation is not as obvious as
before. The corresponding histograms show again two peaks at a distance D of ~0.0
and ~0.3 (Fig. 4.19 E), but the shape of the histogram of the smaller fraction is
flatter in comparison to the shape in panel D, as expected.
A ratio of 10:1 (5000 original and 500 modified data sets) is shown in panel C. The
fractions can not be visually separated, but the peaks of the two histograms are
located again at a distance D of ~0.0 and ~0.3 in Fig. 4.19 F. The shape of the
histogram of the smaller fraction is even flatter than before.
In all cases the peaks of the histograms are found at the same distance D at ~0.0
and ~0.3. Additionally, all the histograms show the same width, whereas the peak
height is decreased with reduced amounts of mutated 3CP8 data sets present in the
combined data set. This means that the separation (as calculated by the method) of
two species of objects does not depend on the absolute numbers or the ratio of their
numbers, but only on the amount of systematic differences present. Whether the
two species can be visually separated of course depends on the sharpness of their
frequency distributions.
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Figure 4.19: Analysis of different ratios of the original 3C8P (black) and 3C8P
with mutations [Residue 9: Gly-Val; Residue 15: Thr-Leu; Residue 30: Ser-Met]
(blue) with XSCALE_ISOCLUSTER. The panels represent a three-dimensional
scaling analysis (Eqn. 32) in y-z representation and the unit circle is shown: (A) a
ratio of 1:1 (5000:5000 data sets) of original and mutated 3C8P, (B) a ratio of 5:1
(5000:1000 data sets) of original and mutated 3C8P, (C) a ratio of 10:1 (5000:500
data sets) of original and mutated 3C8P. The lower panels (D-F) represent the
corresponding histograms of the two fractions (original (black) and mutated (blue)
3C8P) as a function of the distance D, which is obtained after projection of the
position of the data sets in 3D onto a normalized vector defined by the two centers
of gravity calculated from both fractions.
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Discussion

In this work two different methods (computational tools) to overcome the problem
of non-isomorphism for multi-crystal data sets are presented: XDSCC12 (section
3.4 and 3.5; project 1 & 2) and XSCALE_ISOCLUSTER (section 3.8; project 3).
Both methods provide a quantity based on which data selection in multi-crystal
composite data sets can be conducted. Depending on the size of the composite
data set, data scaling, and the degree of non-isomorphism present, one of the
presented methods or both methods in combination can be applied, leading to an
improvement in data quality up to the point where difficult projects result in a
successful downstream structure solution.

5.1

CC1/2 - XDSCC12

Two consecutive approaches to calculate CC1/2 were presented in section 3.4.1
(project 1, published in Assmann et al., 2016) and 3.4.2 (project 2, published in
Assmann et al., 2020). Both approaches led to improved data quality, but the second
approach to calculate CC1/2 in combination with an updated scaling procedure
(section 3.1.2 and 3.7) revealed itself to be more robust, accurate, and promising,
which is why only the latter approach was finally implemented in XDSCC12.

5.1.1

∆CC1/2 application without weights (project 1)

The findings from project 1 demonstrate that non-isomorphous data sets can be
identified with an algorithm using CC1/2 (∆CC1/2 ) as a target function. This not
only works well with artificial data simulating cell parameter variation but is also
demonstrated and validated with experimental data (section 4.1.2, 4.1.3, and 4.1.4):
If artificial data sets are synthesized with increasing amounts of unit cell inflation,
a direct relation between ∆CC1/2 and the amount of unit-cell change is found in
Table 4.1. For this specific combination of data sets, unit cell changes ≥ 0.4 Å can
be considered as non-isomorphous. In fact, this does not mean that unit cell changes
or other sources of non-isomorphism cannot be detected below a certain threshold,
rather non-isomorphism is dependent on different properties of the data set, such as
resolution limit and the specific combination and amount of data sets. In this case,
the most isomorphous data set is the one with the average of all unit cell parameters,
which appears to confirm the method of Foadi et al. (2013).
However, using the method of Foadi et al. (2013) for the two experimental composite
data sets AlgE and PepT1 did not succeed, because their partial data sets have poorly
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determined unit cell parameters. For these composite data sets the identification
of non-isomorphous data sets was straightforward with the ∆CC1/2 method. A few
rogue (outlier) data sets were identified and rejected, and the improvement of data
quality was validated with different approaches:
The most obvious way of validating the rejection of a few non-isomorphous data
sets (as done in the case of AlgE and PepT1 ), would be to refine a model against
data with and without the data sets in question and to compare Rwork /Rfree of the
two refinements. As the rejected partial data sets are comparatively small and as
a consequence the influence of one partial data set on the Rfree test-reflections is
rather low, Rfree showed large variations and did not lead to conclusive results.
Likewise, direct comparisons of squared structure factors from the model (Fcalc ) with
intensities of the partial data sets (Fobs ) also did not lead to conclusive results, since
weak data sets display weak correlations.
Therefore, ∆CCFOC and ∆CC1/2 were compared without refinement, i.e. the change
of the correlation between observed and calculated structure factors (Fobs and Fcalc )
was compared to the change of the correlation between the artificial ‘half-data
sets’, if single outlier data sets were rejected from the composite data set. This a
posteriori validation (as the calculated structure factors can only be derived from
the corresponding, previously solved structure) was expected to demonstrate that
∆CC1/2 serves as a proxy for ∆CCFOC :
In the case of PepT1 , those data sets which were rejected (i.e. identified as nonisomorphous according to ∆CC1/2 ) also reduce the correlation of the merged data
and the model: A strongly negative ∆CC1/2 coincides with a strongly negative
∆CCFOC and vice versa (section 4.1.3), and thus confirms the decision based on
∆CC1/2 .
In the case of AlgE the opposite effect was observed, i.e. rejection of the most
non-isomorphous data sets according to ∆CC1/2 resulted in highly positive ∆CCFOC
values. This was the case because the PDB model, which the comparison was based
on, was originally obtained by refinement against the very data used in this study,
in contrast to the PepT1 case. In other words, the model had been influenced by
all data sets, including the most non-isomorphous ones, and was therefore biased
towards these data sets. To overcome this bias, large random shifts with zero mean
were added to the coordinates of the model. This was done to force the model out
of its ‘biased’ local energy minimum at the expense of an overall degraded model.
As a result, the strongly negative ∆CC1/2 values coincided with strongly negative
∆CCFOC values and vice versa (section 4.1.4).
Classical model bias is usually caused by atomic models that are used to calculate
phases, and if combined with measured amplitudes, the resulting model-based
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phases yield electron-density maps with features of the correct structure, but with
a significant bias towards features of the model (Terwilliger, 2004). Contrary to
classical model bias, a different kind of model bias is observed in this case: a data set
influences the model to such an extent that the correlation of model and data always
diminishes if this data set is rejected from the merged data (and is strong enough).
This leads to the insight that each and every data set noticeably influences the
model, and consequently the model will have to account for all possible constituents
and conformations present in the data.
For the two experimental data sets AlgE and PepT1 of this project only single
or a few non-isomorphous data sets were rejected at once and the rejections were
validated as discussed above. At that time an iterative rejection approach was
contemplated but never realized for this project. Another way of validating the
rejection of single (or a few) non-isomorphous data sets would be structure solution
trials with the remaining merged data sets. As described in Huang et al. (2015), both
structures AlgE and PepT1 were solved with molecular replacement. As the PDB
entries [4D2B (Lyons et al., 2014) and 4AFK (Tan et al., 2014)] used by Huang et al.
(2015) for Molecular Replacement are the identical proteins and show an extremely
high sequence identity, it was assumed that rejection of a single partial data set
would not lead to significant changes in molecular replacement trials. Moreover,
no anomalous signal was present, which is why no experimental structure solution
trials could be conducted. Both concepts, the iterative approach and the structure
solution trials for validation, were realized in the consecutive project 2 (section 4.2).
The calculation of CC1/2 (section 3.4.1 , project 1) and the subsequent calculation of
∆CC1/2 as described in section 3.5 (up to this point without Fisher transformation)
has a number of advantages compared with the random-selection method using the
formula of Pearson’s correlation coefficient as described in Karplus & Diederichs
(2012):
As no random split of the observations of a unique reflection needs to be done and no
random number sequence influences the calculations, reflections with odd numbers
of observations are treated more consistently, resulting in more accurate results. As
a consequence, the more precisely calculated CC1/2 values allow a calculation of
more precise ∆CC1/2 values, which would otherwise be swamped by noise.
If negative CC1/2 or CC1/2_ano values are observed during a data processing step
- which has brought up some discussion (CCP4 Bulletin Board, 2015) in the
crystallographic community - one can derive from eqn. 3.5 that in such cases the
average variance of the mean is higher than the variance of the averaged intensities.
Finally, this project (1) demonstrates that CC1/2 serves as a target function that
is optimized in order to overcome non-isomorphism, and more precisely to identify
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rogue (outlier) data sets in multi-crystal data sets. The novel way of calculation with
the ‘σ-τ method’ avoiding the random assignment of observations resulting in more
precise numerical values of CC1/2 and ∆CC1/2 allows rejection of non-isomorphous
data sets. Although the validation of rejections was not straightforward for this
project and the effect of rejection could not be easily demonstrated by refinements,
e.g., a new form of ‘model bias’ was detected and eliminated.
In the consecutive project (project 2), the algorithm and target function are
significantly improved by several aspects, discussed in section 5.1.2.
Section 5.1.3 discusses whether CC1/2 with its properties is more suitable than other
target functions that can be optimized during data processing; insights are combined
from both projects 1 and 2.

5.1.2

Improved scaling and iterative ∆CC1/2 application
with weights (project 2)

XDSCC12 also implements CC1/2 as a target function, the main difference in
comparison to the calculation described in section 3.4.1 (project 1) is the adjusted
‘reliability-weighting’ of the intensities (section 3.4.2), the Fisher transformation of
the CC1/2 values (section 3.5), and the iterative approach (section 3.7). Moreover,
the scaling procedure was improved in order to treat all observations from different
partial data sets in a more equal way (section 3.1.2).
In comparison to project 1, the optimized algorithm results in more correct values
of CC1/2 and therefore more robust and meaningful ∆CC1/2 values. In general, the
algorithm allows for conquering a large number of possible combinations of data sets
by a greedy algorithm, i.e. an efficient procedure that ranks the data sets by their
contribution towards CC1/2 of the final, merged data set, even if several thousand
partial data sets are present.
In project 2 it was found that XDSCC12 enables the reliable iterative rejection of
outlier data sets, which, after rescaling the remaining data sets, first and foremost
improves the precision of merged data to the point where difficult projects can be
solved. The results confirm that data sets with negative ∆CC1/2 are non-isomorphous
relative to the bulk of the other data sets and that their exclusion improves the
overall level of isomorphism and enables structure solution for difficult composite
data sets:
The statistics for all projects (Figure 4.5 - 4.9) are consistent with the interpretation
of ∆CC1/2 as an indicator for non-isomorphism since they initially show an increase
of CC1/2 and CC1/2_ano when rejecting data sets with negative ∆CC1/2 . As expected,
this improves substructure determination, as evidenced by significant increases in
CFOM values. Moreover, the subsequent structure solution is noticeably simplified
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in comparison to the original structure solution processes as described by Huang
et al. (2018), Akey et al. (2014), and Holton (2019). This is indicated by the
minimum/maximum number of data sets necessary and by CCtrace/nat values from
SHELXE or Rwork /Rfree from the final step of the CRANK2 pipeline. Additionally,
a promising aspect of the data selection by ∆CC1/2 is the improvement of a model
by refinement with the selected merged data set as shown in the PepT2 case where
Rwork was monitored for the highest resolution shell. Consistently, in all projects,
both CC1/2 and CC1/2_ano deteriorate upon rejection of data sets with positive
∆CC1/2 .
The results thus validate the choice of CC1/2 as a target function, and in particular
an approach that scales and scores each data set in the context of all other data sets.
The method avoids arbitrary cutoffs, but instead uses ∆CC1/2 = 0 as the natural
threshold between data sets that are isomorphous and those that are not. Rejection
and subsequent scaling of data sets should be iterated at most until rejected data
sets show a positive ∆CC1/2 , since further rejection iterations noticeably deteriorate
the signal and ultimately prevent downstream structure solution.
On the basis of the results, several conclusions for the application of XDSCC12 for
multi-crystal data sets can be drawn and technical aspects improving the target
function are found:
Most importantly, and somewhat unexpectedly it was found that the improvement
of the anomalous signal (CC1/2_ano ) and the success of substructure determination
runs in parallel with the improvement of the isomorphous signal (CC1/2 ). This is
illustrated by high correlations (0.66, 0.92, and 0.79 for BacA, PepT2 , and LspA,
respectively) between CC1/2_ano and CC1/2 for the three experimental SSX projects
that were investigated.
The parallel optimization is the case even if just CC1/2 is explicitly optimized by
rejecting data sets based on ∆CC1/2 . This is true for partial SSX data sets as
shown for BacA, PepT2 , LspA, and modified 1G1C, and is also true for complete
multi-crystal data sets as shown for NS1. For the NS1 data set, it was also shown
that explicit optimization of the anomalous signal (rejection based on CC1/2_ano )
is about as successful as the optimization of the isomorphous signal (CC1/2 ). Both
optimization strategies worked as expected, as the complete data sets provide
enough reflections to calculate significant ∆CC1/2_ano values. It is assumed that
the anomalous signal, which due to its low magnitude can easily be swamped by
noise, benefits from the exclusion of data sets with negative ∆CC1/2 because the
overall noise is reduced. Along with this effect the (in general) low anomalous signal
can be estimated with greater strength and accuracy. As a result, substructure
determination and structure solution is improved.
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It follows that the optimization of the anomalous signal should be done either
indirectly by optimization of the isomorphous signal - if only partial data sets are
present - or directly - if (nearly) complete data sets exist. In addition the results
demonstrate that the rejection procedure improves not only the precision of the
merged data, but also - much more importantly - their accuracy.
It was also found that the rejection of non-isomorphous data sets - along with
improved data quality - enabled structure solution from significantly less data sets
than described in the respective publications. For the experimental SSX data sets
(BacA, PepT2 , LspA) only half of the data were randomly chosen and the iterative
rejection was performed. Although only half of the data was used, structure solution
was in most cases still possible. On top of that, for the data set modified-1G1C
the minimum number of data sets necessary for structure solution was significantly
underbid. As a consequence, the optimization of CC1/2 is suitable to obtain a ‘highquality’ merged data set, even if large parts of the data are not usable and supposed
to be rejected, which may be the case for SFX data.
As described in section 3.1.2 a variation in the scaling procedure by XDS/XSCALE
was introduced to estimate the variances of the single observations more accurately,
especially if the latter are derived from partial data sets with only a few symmetryrelated observations present. The postponement of the scaling and estimation
of the error model from XDS (using SNRC=50, or if the INTEGRATE.HKL
files are not present- with the small program RESET_VARIANCE_MODEL) to
XSCALE ensures consistent variances of the observations, regardless of the number of
symmetry-related observations within a data set. This results in a better (anomalous)
signal not only for highly partial data sets, where the error model cannot be reliably
determined without reference to the other data sets, but also in cases with almost
complete data sets (data not shown). This happens, because the postponed global
adjustment of the error model, which typically increases the standard deviation σ of
the strong reflections if no symmetry-related observations are present, now results
in lower σ (and thus higher weights) for the low resolution reflections at the start
of the scaling iterations in XSCALE. As a consequence, the adjusted scaling yields
lower systematic differences for these reflections, which enhances the anomalous
signal. This is shown in Fig. 4.10 (blue) (section 4.2.5), where the effect of omitting
the reset of the variance model is demonstrated for the experimental data set PepT2 ,
leading to noticeably worse structure solution results.
It follows that the adjustment of the error model with its estimation for the standard
deviations and weights for the single observations should be postponed to XSCALE,
especially if only partial data sets are present. Several investigations with more
complete data sets were also performed, strengthening this recommendation.
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In project 1, the calculation of CC1/2 was done without the weighting of the intensities
with the variances assigned by the error model during the scaling process. As a first
improvement, the weighting was included into the calculation by using frequency
weights as shown in eqn. 3.9. The inclusion of reliability weights (eqn. 3.12) instead
of frequency weights for calculation of CC1/2 was introduced in a second step and is
essential to obtain correct CC1/2 values and respective differences for ∆CC1/2 . This
is the case, as the reliability weights reduce the bias in the weighted estimator for
σε2 . This is demonstrated in Fig. 4.10 (dark violet), where the optimization of the
frequency weighted CC1/2 and the subsequent structure solution process strongly
deteriorates in comparison to the use of reliability weights for the calculation. The
same is true for CC1/2_ano in all cases tested in this study.
Another important aspect that significantly enhances the accuracy of ∆CC1/2 values
is the Fisher-transformation (section 3.5, eqn. 3.15). This is done to obtain meaningful
differences independent of the magnitude of the CC1/2 values involved. If no Fisher
transformation is done, the differences between the CC1/2 values contributing to
∆CC1/2 are less significant and are presumably swamped by noise. As a result slightly
non-isomorphous data sets are not identified as such and isomorphous data sets
may be rejected. The structure solution therefore deteriorates as shown in Fig. 18
(green). It is assumed that this is particularly important in the case of significantly
anisotropic data.
Finally, this project (2) demonstrates that CC1/2 serves as a target function that
is optimized in order to overcome non-isomorphism, more precisely to iteratively
identify and reject several non-isomorphous data sets in multi-crystal data sets.
The improved algorithm with several technical aspects (reliability weighting, Fisher
transformation, improved scaling) results in more precise numerical values of CC1/2
and ∆CC1/2 and allows rejection of non-isomorphous data sets.
Rather unexpectedly, it was found that the optimization of the anomalous signal
(CC1/2_ano ) runs in parallel with the optimization of the isomorphous signal (CC1/2 ).
Compared to project 1, the validation of the rejections represented by success or
failure of structure solution was much more evident.

5.1.3

General properties of the ‘σ-τ method’, CC1/2 , ∆CC1/2 ,
and the choice as a target function

As described in section 5.1.1 and 5.1.2, in both projects 1 & 2 it was found that
CC1/2 serves as a target function that is optimized. Although several steps and
experiments were necessary to come up with the final formula of CC1/2 and ∆CC1/2 ,
the presented results are quite indicative that the novel method is statistically sound
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and promising.
During the course of this study alternative target functions and optimizations were
contemplated, but not investigated further for different reasons:
Would it be possible to devise an alternative, but analogous procedure attempting
to optimize e.g. the mean I /σ, or Rmeas , or completeness as a target function?
If the mean I /σ was the target function, the behaviour of I /σ would need to be
examined and extrapolated from: once all data sets are scaled, the I /σ of each
unique reflection increases on average with every additional observation (I i , σi ).
This is the case because the intensity I on average does not change, since scaling
results in intensities of all observations of a unique reflection to be approximately
equal. As σ decreases monotonically with every additional observation according to
s
σ=

P

1
−2
i σi

(5.1)

I /σ grows monotonically. This is true for both cases, in the absence of systematic
errors and in the presence of systematic errors. CC1/2 shows the same behaviour,
i.e. the monotonic growth, but only in the absence of systematic errors since the
mean error decreases if more data is merged. On the contrary, in the presence of
systematic errors CC1/2 diminishes if data with a sufficient amount of systematic
error is merged, since it depends on the agreement of the observed intensity values.
Considering this behaviour, CC1/2 is a superior target function to I /σ.
If I /σ of each unique reflection increases on average, the mean I /σ also does. If the
concept of ∆CC1/2 is applied to the mean I /σ as a thought experiment, it reveals
that every data set would display a positive ∆I/ σ. The data sets could still be ranked
in such a procedure, but the ranking on ∆I /σ would just reproduce the ranking
of I /σ values, independent of any possible non-isomorphism. This property would
defeat the purpose of the optimization. I /σ is therefore not a suitable optimization
target. In addition, an explicit ∆I /σ optimization appears unsuitable, since the
I /σ calculation explicitly assigns an important role to the σi values, although it is
known that there is a practical difficulty of estimating accurate σi values in a data
processing package (Weiss, 2001).
Choosing Rmeas as a component of a target function would not necessarily improve
the final result since Rmeas indicates the precision of the unmerged data (individual
observations) rather than that of the merged data, and thus favours strong data sets
regardless of their level of non-isomorphism. However, in ‘easy’ cases, optimizing
Rmeas may lead to structure solution, as may happen with any other method that
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just rejects weak data.
Completeness does not appear to be required as an explicit component of a target
function, as optimization of CC1/2 alone automatically favours high completeness
for a given number of data sets, as is evidenced by the results for simulated-1G1C.
In comparison to other selection methods using pairwise correlations of the
isomorphous or anomalous signal (Giordano et al., 2012; Akey et al., 2014; Huang
et al., 2018) interpreting low correlation as non-isomorphism resulting in rejection,
this method avoids the erroneous rejection of weak data sets, at least in a situation
where the majority of data sets are isomorphous and a mixture of strong and weak
data sets exists.
Another frequently asked question within the scope of this work was:
Do the non-isomorphous data sets identified by ∆CC1/2 display any striking
properties or features (size, unit cell parameters, e.g.) that explain the nonisomorphism?
Considering the results from both projects (1 & 2), it is generally found that the
type or nature of non-isomorphism present in the rejected data sets cannot in general
be derived from ∆CC1/2 . Neither the single rejected data sets displaying a highly
negative ∆CC1/2 from project 1 nor the many data sets rejected during the iterative
approach in project 2 did show any striking features. A significant correlation of
∆CC1/2 with unit-cell differences from the average was not found in the projects
investigated. A correlation of ∆CC1/2 with I /σ was also not found.
For the simulated modified-1G1C project, a rejection preference for smaller (<100
µm3 ) crystals was found, but some big crystals were also rejected. To further assess
the possibility that an alternative and simpler procedure could outperform our
∆CC1/2 -based scaling/rejection procedure for modified-1G1C, rejection iterations
based on crystal size only were run, but it was found that this was about as successful
as random rejection.
It should be kept in mind that ∆CC1/2 only measures the change of the agreement
between the artificial ‘half-data sets’ - if a specific data set is omitted from calculations.
This estimation reflects only the agreement between the intensities, irrespective of
the source of error that may be present in the data sets, weakening the agreement.
As discussed above, the selection based on ∆CC1/2 is a rather convenient and robust
method, but still entails some difficulties:
If only a small degree of non-isomorphism is present in a single data set, it may not be
identified as such if the change in CC1/2 of the merged data set is insignificant. If a
large number of such data sets is merged, the merged intensities will degrade, because
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these data sets introduce a mixture of signals into the merged intensities that are a
combination of all molecular conformations or states. As a consequence, a rather
slight increase of CC1/2 may be observed, although the merged intensities are in fact
slightly degraded, i.e. are slightly noisier and not suitable for refinement/structure
solution. An increase of CC1/2 is thus a necessary but, because of this caveat,
not strictly a sufficient condition for improvement of data by merging. However,
the optimization is directly based on the experimental intensities instead of using
secondary parameters such as the unit cell constants and is successful in doing so
considering the results.
Another drawback for the application of XDSCC12 is the size, i.e the number of
measured observations of a single data set. In general, the smaller the data set,
the smaller the number of observations present and the smaller the number of
reflections used for the calculations. If a highly partial single data set is omitted
from calculations to obtain CC1/2,without-i (section 3.5), the difference calculated with
CC1/2,with-i resulting in ∆CC1/2 is only based on the few reflections the omission has
an effect on. As a consequence, the ∆CC1/2 values are less significant resulting in
possibly wrong rejections. If XDSCC12 would be applied to SFX data, this issue
would be put to the extreme as only single shots are present and - in contrast to the
conventional rotation data - the reflections are not fully integrated but are partials
(section 2.2.4.3).

5.2

XSCALE_ISOCLUSTER (project 3)

XSCALE_ISOCLUSTER was applied to all data sets of projects 2 & 3 (BacA,
PepT2 , LspA, NS1, modified-1G1C, Cas13a, modified-3C8P) to find out if there
are distinct clusters (subgroups) of the data sets. It was hoped and expected that
clusters may represent distinct and different conformations, features, or packing
of the molecules. If these data sets were scaled and merged within each subgroup
they may yield insight into biologically relevant conformations, simplify structure
solution, or display other striking features. These expectations were fulfilled for some
of the data sets (modified-1G1C, Cas13a, modified-3C8P), while limitations of the
method that XSCALE_ISOCLUSTER employs were highlighted by the other data
sets.

5.2.1

Experimental SSX data sets

Application of XSCALE_ISOCLUSTER to the experimental SSX data sets from
project 2 (BacA, PepT2 , LspA, NS1) did not lead to any conclusive results. No
obvious clusters could be identified that would have enabled structure solution or
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displayed any alternative conformations.
Yet removal of outliers based on length or angle in the low-dimensional representation
of the data sets was tried to enable structure solution, but no simple algorithm to
perform this sensibly was found. As described in section 4.3.2, mainly data selections
based on length (short vectors = high random noise and vice versa) or in combination
with selection based on the angle (high angle = high systematic deviation) usually
enabled structure solution.
Additionally, it was demonstrated that the original data selection procedure by
Huang et al. (2018) also rejects mostly high random error.
These results demonstrate that rejection of weak data sets (short vectors) can lead
to structure solution - as may happen with any other method that just rejects weak
data - but the results are noticeably worse than selection based on XDSCC12.
As long as no distinct patterns can be detected, selection for low random noise
(‘strong’ data sets, the length of the vectors is high) seems to be a reasonable
approach. This may be the case because the pairwise correlations are not as accurate
as required since the significance of the pairwise correlation coefficients increases the
more reflections are included. This is why especially for partial data sets the choice
of one resolution bin is crucial because the maximum number of common reflections
is realized in this way.
Even more importantly, the set of common reflections is different for each pair of
partial data sets, which leads to correlation coefficients CCi,j that are not strictly
comparable. This is only partially compensated by the fact that the low-dimensional
vectors are highly overdetermined if many data sets are available.
Hypothetically, in spite of choosing only one resolution bin, some data sets assigned
with high systematic deviation (high angle) in fact may be data sets with less
accurate correlation coefficients and truly display less systematic differences than
expected from the angle. These ’incorrect’ deviations of the vectors from their ideal
angles thus diminish the signal that could be used to identify distinct clusters. To
verify this hypothesis, data sets with different amounts of systematic deviations and
different amounts of reflections used for the calculation of the pairwise CCi,j may be
simulated and compared regarding their resulting angle.
Is there a specific angle that tells the user to reject data?
In a continuous spread of data sets a single data set may not be similar to the center
of the cluster, but similar to data sets close by, which are in turn more similar to data
sets in the center. Consequently, a specific angle as a cutoff cannot be determined.
In contrast to the experimental SSX data sets investigated, it was found for the
simulated SSX data set (modified-1G1C) that XSCALE_ISOCLUSTER is a valuable
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tool to identify major systematic differences of SSX data sets. A distinct separation
of data sets in terms of direction is a reliable indicator and allows either rejection or
different treatment (e.g. re-indexing) of the separated data sets. For this case, a 90°
separation was detected, which is a striking indicator for indexing ambiguities that
could be resolved after re-indexing (Fig. 4.11 H, I).
Additionally, it was found for another experimental (complete) SSX data set
(Cas13a) that several clusters can be identified with XSCALE_ISOCLUSTER.
The selection and scaling of data sets from these clusters revealed a dramatic
improvement in SAD structure solution; without selection, the structure could not
be solved. The choice of data sets was not only superior to the published selection
regarding parameters of the SAD structure solution process, but also demonstrated
that structure solution from less than half of the data used by Knott et al. (2017)
was possible and even better. Considering the results, it is assumed that clustering
by XSCALE_ISOCLUSTER was mainly done according to the anomalous signal,
although all data sets show similar amounts of anomalous signal present if the
single data statistics are investigated before scaling. This vividly demonstrates that
systematic differences can be detected by XSCALE_ISOCLUSTER that otherwise
are not detectable, but make the difference in structure solution.
It can be concluded that XSCALE_ISOCLUSTER is a valuable tool to identify
systematic differences in multi-crystal data sets. Identification and selection of
distinct clusters dramatically increase data quality. In some cases, the arrangement
of data sets by XSCALE_ISOCLUSTER is difficult to interpret, because of less
significant pairwise CCi,j, and the sheer amount of data sets displaying all variations
of systematic deviations. However, the selection of ‘strong’ (low random error) data
sets usually improves data quality, even though not to the amount that is realized
by other algorithms such as XDSCC12.

5.2.2

Simulated SFX data sets

Several thousands of single shots (stills) from 3C8P were simulated in order to assess
the properties of XSCALE_ISOCLUSTER regarding SFX data. During an SFX
data collection, several thousands of single shots from just as many crystals are
generated, which possibly represent a huge variety of systematic differences. Selection
of ‘similar’ shots is therefore crucial to obtain a merged high-quality data set sufficient
for structure solution. This is especially true for crystals with different states of a
molecule or even for time-resolved data collection strategies. Besides the problem of
partiality (2.2.4.3), an obstacle of the application of XSCALE_ISOCLUSTER to
SFX data can be (dependent on the protein of interest) the low number of reflections
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per single shot and hence less significant pairwise CCi,j values - if calculable at
all. Another problem is the combination of a huge variety of different states of the
molecule of interest if no data selection is conducted, as data sets are collected from
thousands of different crystals with possibly as many systematic differences.
To simplify the problem, the data sets investigated in this study were simulated in
an identical way, except for a few defined alterations in the conformation:
Most importantly, it was demonstrated that XSCALE_ISOCLUSTER is able to
identify and clearly separate different fractions of alterations in the conformation.
If several (here: four) alterations are present in a composite data set, the fractions
with the strongest deviations are separated first, whereas the fractions with lower
deviations may stay unseparated. If the latter are scaled again and analysed with
XSCALE_ISOCLUSTER, those fractions can also be separated.
This is the case because in MDS (multidimensional scaling, section 3.8) the n
strongest eigenvalues/eigenvectors derived from the correlation matrix r are used to
reduce the data to n dimensions, describing and visualizing the strongest deviations
in the data. If more stronger deviations (truly) exist than strong eigenvalues are
found and dimensions are visualizable, the weakest deviation may not be separated.
If the data sets with the stronger deviations are then omitted - as done in the
first experiment- the remaining, previously not separated (weaker) fractions can be
separated up to the point where the deviation is only as strong as noise and cannot
be identified any more.
It follows that depending on the number and severity of alterations present in the
composite data set fractions can be separated. This was further confirmed with
a second experiment with decreasing numbers of mutation sites. Although in this
experiment only two fractions were scaled together, the fractions could not be
separated in all cases; the weaker the mutation the less efficient was the separation.
The third experiment demonstrates that the success of visual separation of
XSCALE_ISOCLUSTER is additionally dependent on the number of data sets
present that display a specific systematic deviation. Quantitatively it was shown
that the distance of the center of both fractions (here: if displayed as a histogram of
the distance D (section 4.3.4.3) the peak of the histogram) remains the same for
all investigated ratios (1:1, 5:1, 10:1), whereas the peak height of the histograms is
reduced with a constant width of the histogram for the ratios 5:1 and 10:1. As a
result, the peak belonging to the smaller fraction becomes a shoulder in the peak
of the larger fraction, and is no longer separated by a trough. For these ratios, the
two fractions can (presumably) only be separated if the data sets of each fraction
are assigned closer together by XSCALE_ISOCLUSTER, i.e if the histogram is
‘sharpened’. This may potentially be realized by weighting of the intensities with
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their standard deviations σ resulting in more informative pairwise CCi,j values.
The separation of different fractions was not validated except by colouring the
underlying known truth. This was done, because no anomalous signal was present
and validation of the different fractions with Molecular Replacement did not lead to
any significant differences, as expected, since the deviations are too small to make a
difference in MR with the correct model.
Although the data sets in these experiments are simulated perfectly isomorphous
except for the defined alterations, and no mixtures of different deviations or any
other impurities are present, the concept of identification of systematic deviations by
XSCALE_ISOCLUSTER for SFX data is illustrated. If this concept is transferred
to a real case scenario, where thousands of single shots from as many crystals with
as many random orientations and systematic differences are collected, it may be
assumed that strong systematic deviations can be identified. Especially in SFX,
determination of relations of single shots to each other are extremely difficult
as quite often no common reflections exist. However, with this MDS approach
of XSCALE_ISOCLUSTER indirect relations can be used and some systematic
deviations in the data may be visualized. If no distinct clusters can be found, the
rejection of weak data sets remains - as described earlier. Still, the user should keep
in mind that the result of XSCALE_ISOCLUSTER is only as good as the CCi,j
derived from the data are significant, i.e. as good as the CCi,j reflect the truth.

5.2.3

Comparison of XSCALE_ISOCLUSTER and
XDSCC12

Analysis of the experimental SSX data sets (BacA, PepT2 , LspA, NS1, modified1G1C; project 2) with XSCALE_ISOCLUSTER revealed that the data sets rejected
by XDSCC12 (after an arbitrary number of iterations) mainly represent high
random error and high systematic error. This shows that with both algorithms
non-isomorphous data sets can be identified.
However, the identification of data sets as non-isomorphous is not the same in
XDSCC12 and XSCALE_ISOCLUSTER, and data sets with low random and low
systematic error are also sometimes rejected by XDSCC12. The differences exist,
because both approaches in fact lead to an improved data quality, but are realized
by two completely different algorithms: the optimization of CC1/2 (XDSCC12) and
the use of pairwise correlations for MDS (XSCALE_ISOCLUSTER).
Therefore, XSCALE_ISOCLUSTER should be applied to detect distinct clusters
or indexing issues, before outlier removal using XDSCC12 (or any other rejection
algorithm) is initiated.
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6.1

Conclusion & Outlook
General conclusions

The paradigm of multi-data set scaling and merging is that averaging reduces random
errors in the merged intensities, according to the laws of error propagation. This
assumes that the intensity differences of different data sets with respect to the
unknown ‘true’ intensities are unrelated and random.
However, if data sets have systematic differences, merging introduces systematic
errors that are not necessarily reduced by averaging. If the data sets only differ
by random errors, the accuracy of the merged data is identical to their precision,
for which a number of crystallographic indicators exist. On the contrary, in the
presence of systematic differences, the accuracy of the merged data is worse than
their precision, by an amount that is difficult to quantify but which can be large
enough to prevent structure solution.
In this work two computational tools are presented (XSCALE_ISOCLUSTER and
XDSCC12 ) that successfully identify non-isomorphous data sets. Most importantly,
it was shown that rejection of non-isomorphous data sets identified by XDSCC12
results in all cases in merged data that is better suited for experimental phasing,
structure solution and refinement. In some cases identification and rejection of the
non-isomorphous data sets allows for a successful SAD structure solution, even if
only half of the data is used.
For XSCALE_ISOCLUSTER it was found that selection of data sets with low
random error also results in improved data quality. Moreover, it was shown that
distinct clusters can be identified and that selection of the data sets within a cluster
results in improved data quality enabling structure solution. A few insights of the
application of XSCALE_ISOCLUSTER to simulated SFX data were gathered, but
optimization needs to be done for experimental SFX data.
As a consequence, both algorithms should be applied to multi-crystal data
sets; preferably initially XDSCC12 to identify distinct clusters, secondly XSCALE_ISOCLUSTER to iteratively remove single outlier data sets.

6.2

Outlook

First and foremost, future work will be the implementation of XDSCC12 for SFX
data sets. It is hoped and expected that analysis of SFX data sets with XDSCC12
will significantly improve the merged data quality after rejection of (probably)
thousands of shots. However, one problem that has to be tackled is the partiality
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and the lack of sufficient numbers of reflections present in a single shot in order to
obtain significant CC1/2 values. There should be no issue with the calculation time
and performance, as the complexity of the algorithm is approximately quadratic
with the number of data sets included. Several aspects need to be investigated:
1. Is it possible to obtain significant CC1/2 and ∆CC1/2 values from single
simulated SFX shots? How well does the same procedure for experimental
SFX shots scale?
2. How many rejection iterations should be applied and how many shots should
be rejected at once?
3. Can the rejections be validated with SAD structure solution or other
procedures?
4. The diffraction images in an SFX experiment are single shots of nonrotating
crystals (section 2.2.4.3). Opposed to the conventional rotation data, the
reflections are not fully integrated but are partials. The particular orientation
of the crystal lattice determines the extent of this partiality, which is a great
difficulty in the present SFX processing step (Kroon-Batenburg et al., 2015).
How does the partiality of single SFX shots influence the results as the correct
estimation of the partiality finally determines the ‘full’ intensities that are
used for calculations?
5. Are different results obtained for different SFX processing software packages
(nXDS and CrystFEL (White et al., 2015)?
Moreover, future work will investigate algorithmic improvements for XSCALE_ISOCLUSTER through Fisher transformation of the pairwise correlation coefficients
CCi,j and scalar products in eqn. 3.17.
So far, the concept of XSCALE_ISOCLUSTER was proven for experimental multicrystal data sets and simulated SFX data sets, where valuable insights were gathered.
Additionally, the application of XSCALE_ISOCLUSTER for experimental SFX
data sets needs to be thoroughly investigated regarding several aspects:
1. Are the calculated pairwise CCi,j significant enough, i. e. do enough reflections
and thus relations exist between two data sets i and j, if the data are
experimentally obtained instead of being simulated perfectly isomorphous?
2. Is it possible to obtain more informative pairwise CCi,j by weighting with
the standard deviations of the intensities (σ- weighting) leading to sharper
separations of different clusters/fractions (as suggested in section 5.2.2)?
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3. Is it possible to identify clusters of data sets, although presumably a lot
of different states of a protein and different crystal features exist in a ‘real’
collected data set? Does the mixture of so many different states contaminate
the signal so much that only inconclusive results are obtained?
4. If no distinct clusters can be identified, does rejection of (presumably) ‘weak’
shots still improve the merged data quality?
5. If the data sets identified as non-isomorphous are rejected, can these rejections
be validated with SAD, e.g?

All described questions and aspects should be thoroughly investigated to ensure a
robust and promising data selection for multi-crystal data sets, especially for the
rather new field of SFX data collection, where data reduction is absolutely necessary.
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8.1

Software
Availability of XSCALE_ISOCLUSTER
and XDSCC12

The XSCALE_ISOCLUSTER and XDSCC12 programs for Linux and macOS are
available from their respective XDSwiki (XDSwiki, 2019) articles, which also
document them. The programs have negligible runtime; they can be easily
integrated into scripts and are therefore suitable for automation.

8.2

Short description of used software

ANODE : Anomalous density calculation; used with correct PDB model to
validate substructure determination from SHELXD (Thorn & Sheldrick, 2011).
BLEND: Hierarchical cluster analysis with multi-crystal data sets based on unit
cell constants (Foadi et al., 2014).
CRANK2: Automated structure solution pipeline from substructure
determination to automated model building and refinement (Skubak et al., 2013).
MOLEMAN2: Modification of PDB files (Kleywegt, 1995).
PHASER: Automated crystallographic software suite; used for Molecular
Replacement in this study (McCoy et al., 2007).
PHENIX.FMODEL: Calculation of structure factors from a PDB file (Adams et
al., 2002).
PHENIX.REFINE: Refinement of PDB files (model) with experimental data
((Liebschner et al., 2019).
REFMAC: Refinement of PDB files (model) with experimental data (Murshudov
et al., 2011).
RESET_VARIANCE_MODEL: Reset of the variances of an observation
estimated by XDS (Assmann et al., 2020).
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SIM_MX: Simulation of experimental data sets derived from a PDB model
(Diederichs, 2009).
SHELXC/D/E: Software suite for Experimental Phasing (Sheldrick, 2010).
XDS: Data processing of the diffraction data (Kabsch, 2010a).
XDSCC12: Detection of non-isomorphous data sets in multi-crystal approaches
(Assmann et al., 2020).
XSCALE: Scaling (and merging) of processed diffraction data (Kabsch, 2010b).
XSCALE_ISOCLUSTER: Dissection of random and systematic errors in
multi-crystal data sets (Diederichs, 2017).
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