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Abstract

Single-molecule X-ray scattering experiments using ultrashort X-ray free electron laser (XFEL)
pulses have opened a new route for the structure determination of biomolecules. They also hold
the potential to extract the structural ensemble of a molecule without the need for synchronization.
In these experiments, a stream of single copies of the molecule to be studied enters the pulsed
XFEL beam, and for each pulse, the scattered photons are recorded as a scattering image.
However, structure refinement from single-molecule X-ray scattering images is quite challenging
due to unknown molecular orientations, typically very low numbers of recorded photons per

scattering image, and low signal-to-noise ratios in this extreme Poisson regime.

In the first and main part of this thesis I therefore develop and assess a novel Bayesian approach
and demonstrate that it should be possible to determine not only a single structure, but an entire
structural ensemble from these experiments. This approach allows for the systematic treatment
of noise and other complicating experimental effects and, simultaneously, eliminates the need
for classification, hit selection, and orientation determination. In fact, I explicitly include many
complicating experimental effects, such as Ewald curvature, intensity fluctuations, hits vs. misses,

beam polarization, irregular detector shapes, incoherent scattering and background scattering.

On the single structure level, I demonstrate that my approach can achieve near-atomistic
resolutions for the protein crambin from noise-free synthetic scattering images, and that it
achieves the same resolution of 9nm from experimental data for the coliphage PR772 virus as
previous approaches, using only a very small fraction of the available data. On the structural
ensemble level, I demonstrate that my approach can determine the conformational ensemble
of alanine dipeptide and even the unfolded ensemble of the mini-protein chignolin. I further
demonstrate using synthetic images that my approach can reliably determine electron densities

even in the extreme low hit rate and high noise regime.

Further, I systematically analyze the scaling behavior of my approach, finding, for instance, that
the number of images required to determine a structural ensemble is proportional to the square
of the number of conformers, that the amount of structural information per image is proportional
the square of the number of photons, and that already a small amount of noise strongly decreases

the achievable resolutions.

In a second part of this thesis, I present an analysis of time-lagged independent component
analysis (tICA), a widely used dimension reduction method for the analysis of molecular dynamics
trajectories. I seek to understand how much information on the actual protein dynamics is
contained in the tICA-projections of MD-trajectories, as opposed to noise due to the inherently
stochastic nature of each trajectory. To that end, I analyze the tICA-projections of high
dimensional random walks using a combination of analytical and numerical methods, finding
that they resemble cosine functions and strongly depend on the lag time, exhibiting strikingly
complex behavior. Further, I demonstrate that the tICA-projections of protein trajectories can
indeed be strikingly similar to those of random walks, suggesting that not only the ensemble
properties of the non-converged protein trajectories resemble those of random walks, as has been

shown earlier via PCA, but also the time correlations of the underlying protein dynamics.
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Chapter 1

Introduction

This thesis consists of two independent parts. The first and main part focuses on a novel Bayesian
approach for structure determination from single-molecule X-ray scattering, and the second part
on an analysis of the dimension reduction technique time-lagged independent component analysis
(tICA), specifically its application to high-dimensional random walks. This chapter serves as an

introduction for both of these parts.

1.1 Single-molecule X-ray scattering

Proteins are the primary building blocks of all known living organisms. They perform a vast
variety of functions, from the catalysis of biochemical reactions as enzymes to the defense against
foreign invaders as antibodies, to signal transport and to DNA-replication. Almost every protein
adopts a specific three-dimensional configuration, its structure, determined by its sequence of
amino acids. However, proteins are far from being static objects, featuring exceedingly complex
and high-dimensional dynamics, structural heterogeneity, and conformational transitions between

different distinct conformations or metastable structures [1, 2.

Knowledge of both protein structures and protein dynamics is required to understand their
functions and, in particular, the underlying functional mechanisms. Structural models are also
required for drug design or biotechnology. However, determining the structure of a protein, or even
its dynamics, is a far from trivial task, due to the fact that each protein has an astronomically large

number of potential structures despite folding spontaneously, known as Levinthal’s paradox [3, 4].

Many experimental structure determination techniques have therefore been developed, including
X-ray crystallography, nuclear magnetic resonance (NMR) spectroscopy and cryogenic electron-
microscopy (cryo-EM). Most recently great advances have been made in particular for cryo-EM,
which is used for a quickly growing number of determined structures [5]. Despite this, so far only

the structure of about 17% of all known human proteins has been determined experimentally [6].

The main reason is the time consuming and resource-intensive nature of the three main structure
determination techniques used today, but also other limitations are important. For instance,
crystallography requires the protein to be crystallized, which for many proteins is difficult to
impossible [7]. NMR is limited to small proteins of typically less than 30kDa [8], although

recent advances have softened this limit [9-11], and requires substantial quantities of the sample
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1 Introduction

molecule in solution, with up to millimolar concentrations that may be difficult or impossible
to achieve [9]. Cryo-EM, in turn, requires larger proteins of typically more than 50kDa and
suffers from low signal-to-noise ratios [12-14|. Finally, both cryo-EM and X-ray crystallography
are fundamentally limited by the required unphysiological conditions of freezing to cryogenic

temperatures or crystallization |[15].

Even more challenging than single structure determination is to obtain additional ensemble
information or even a time-resolved structure. The ultimate goal here is akin to a ‘molecular
movie’ of the transitions between conformational states or of the movement involved in the protein
function [16]. An important step towards this goal is to determine all or most of a proteins
conformational states with their corresponding populations, that is, its structural ensemble or
distribution. If the resolution of this ensemble is high enough, it can be used in combination with

molecular dynamics simulations to construct conformational motions [17].

However, the established experimental structure determination approaches generally do not
provide an entire structural ensemble, only averages or superpositions of it [18]. X-ray
crystallography is particularly limited by this averaging, being fundamentally based on collective
observation of many particles. NMR has been successfully used to resolve ensembles, but is also
based on ensemble-averaged information [9]. In contrast, cryo-EM is based on many individual

observations of single particles, such that structural ensembles can be inferred [19, 20].

As an alternative or extension to experimental structure determination techniques, recently great
advances have been made in the prediction of protein structures from their sequence alone.
Particularly the recent development of neural network models for structure prediction, such as
AlphaFold2 [21] or RoseTTAFold [22], has been successful. Indeed, it is estimated that the
fraction of known human protein structures would increase to up to 76% with the inclusion of
such predictions [6]. However, these predicted structures are less reliable than experimentally

determined ones [23].

While this success even lead some to state that structural biology is now ‘solved’ [24], such
artificial intelligence approaches have so far not been successfully applied to predict dynamics
or structural ensembles |24, 25]. One important reason for this limitation is the so far too small
amount of experimentally known protein structural ensembles [25]. The further development of
methods to determine structural ensembles from established approaches such as cryo-EM, but
also the development of new experiments will be essential for the further understanding of protein

dynamics [25].

The development of brighter X-ray sources in the form of X-ray free electron lasers has opened
the way towards one class of such novel experiments. In these ‘diffraction before destruction’
experiments [26], a high intensity X-ray pulse is scattered on a small sample, and the ultrashort
pulse duration ensures that all scattering occurs before the sample is destroyed by the Coulomb

explosion due to the high intensity [27].

Most current experiments use the high intensity of these XFELs to collect useful scattering
data from much smaller nano-crystals. Termed ‘serial femtosecond crystallography’, these

scattering experiments have been very successful, for both static [28, 29] and time-resolved
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1.1 Single-molecule X-ray scattering
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Figure 1.1: Single-molecule X-ray scattering experiment. A stream of single molecules is hit by femtosecond
X-ray free electron laser pulses, and for each pulse the scattered photons are recorded as images. Reproduced
from von Ardenne et al. [36].

structures 30, 31]. However, these nano-crystals still average over many molecules, such that
for time-resolution, all or most molecules in one crystal must be in the same conformational
state. Therefore, synchronization is required for molecular movies, typically by optical laser
pulses [32]. Consequently, most studies focus on light-induced conformational changes in light-

sensitive samples, for example the receptor protein rhodopsin [30].

Taking things to the extreme, it was proposed to instead perform X-ray scattering experiments
on single molecules, foregoing the crystal altogether [27]. In such experiments (Figure 1.1), a
stream of single copies of the molecule to be studied enters the pulsed XFEL beam, and for each
pulse, the scattered photons are recorded as a scattering image [27]. The high repetition rates
of current XFELs (for example 27,000 Hz for the European XFEL [33]) allow the collection of
millions of such images in reasonable times, despite low hit rates of less than 1% [34]. Because
the scattering happens not on a crystal but on a single molecule, this means that each scattering

image is a snapshot of the molecule in one single state with femtosecond exposure time [35].

With these advantages over other methods, single-molecule X-ray scattering experiments are
therefore, in principle, in an ideal position for the determination of protein structural ensembles
and the construction of molecular movies [16, 37, 38]. They are, however, much more challenging,
both from an experimental point of view and due to the lack of sufficient analysis methods, such

that the vast majority of current experiments focuses on nano-crystals |28, 32, 39-44|.

The analysis of single-molecule scattering experiments is challenging mainly because the molecular
orientation is random and unknown for each scattering image [27]. Further, the number of
scattered photons is small, the hit rates are low, and the signal-to-noise ratio is very low in this
extreme Poisson regime [27]. In contrast, for scattering on nano-crystals, the orientation is also
random but not unknown because in this case it can be determined from the much stronger
scattering signal [29]. Indeed, whereas the feasibility of this approach has been demonstrated

by a number of proof-of-principle experiments, successful refinement of structures or electron
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1 Introduction

densities has so far been limited to large specimen like entire viruses [45-47|. For such large
specimen, up to 107 photons are coherently scattered for each hit, as opposed to only 10 — 50

expected photons for typical proteins.

Because single-molecule X-ray scattering images are inaccessible to conventional analysis methods,
many new methods have been developed. Most of these methods apply the same general principle,
aiming first to determine the molecular orientation for each image from the positions of the
scattered photons and subsequently to assemble the properly oriented images in Fourier space into
a full three-dimensional scattering intensity [48-55|. From this intensity, the electron density is
then determined using a phase retrieval algorithm [56-58|. Notably, in contrast to crystallography,
here a continuous intensity distribution is obtained as opposed to a pattern of Bragg-peaks, such

that this phase retrieval is indeed possible [59].

Multiple different instances of these orientation determination methods exist. The common line
method, first proposed by Huldt et al. [60], utilizes the fact the any two scattering images share, as
the name suggests, a common line (or, rather, curve on the Ewald sphere) on which they intersect
in Fourier space [48, 60, 61]. By identifying this common lines for any two or three images,
their relative orientation is estimated, and these relative orientations are combined to determine
the orientation for each image. Bortel et al. proposed a variation of the common line method
that reduces the number of required pattern comparisons and first demonstrated orientation
determination with realistic target parameters [61]. However, to determine this common line
for two diffraction patterns, an average photon count of at least 10 per pixel is required [48],
corresponding to more than 16,000 photons per image. It was therefore proposed to classify the
images into similar groups and average them to increase the photon counts; this, however, also

requires many photons per pixel [60].

Because of the exceedingly high photon count requirements of the common line method,
alternative approaches have been developed. Loh and Elser proposed the EMC algorithm [49],
which iteratively fits orientation estimates to a model for the intensity function. Each iteration
involves first an expansion step, which generates all possible diffraction patterns of the current
intensity model, second a maximization step, which estimates the orientations with their
likelihoods given these diffraction patterns and updates the diffraction patterns to maximize
the likelihood, and third a compression step, which determines a new estimate for the intensity
function from these orientations [49]. For each image, not a single orientation, but the likelihood
distribution of the orientation conditioned on the current model for the intensity function is
determined [49].

The EMC algorithm requires much lower photon counts than the common line algorithm, and
is, in fact, the current method of choice for orientation determination [34, 55, 62|, and successful
structure determination has been demonstrated both on synthetic data and on experimental data.
For instance, it was used to determine the structure of GroEL molecules at 2 nm resolution from
106 simulated images [49], and to determine the structure of a coliphage PR772 virus at 9nm
resolution from experimental images, although the latter with explicitely imposed icosahedral
symmetry [62]. However, this approach still requires a few hundred photons per image and

suffers from low convergence rates for low photon counts [49]. While a successful application of
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1.1 Single-molecule X-ray scattering

the EMC algorithm has been reported for less than 100 photons per image [63], these photon
counts referred to photon counts outside of the central speckle, with the total photon counts
per downsampled image still above 400. It has been proposed to use a low resolution structure
of the studied protein as a seed model [50] to improve convergence. This seeding does indeed
decrease the required photon counts to 10-100 photons per image [50], but such seed models are

not always available.

Because the EMC algorithm is computationally very expensive, improvements have been proposed,
for example using spherical harmonics expansions [54|. Closely related to the EMC algorithm are
the correlation maximization algorithm, which, instead of averaging, selects only one correlation-
maximizing orientation in the maximization step [53, 64] and the multitiered iterative phasing
(M-TIP) algorithm, in which a similar iterative procedure is combined with constraints on the

electron density [65].

As a further alternative, Fung et al. proposed to use a general class of so called manifold
embedding algorithms [66]. These algorithms exploit correlations within the set of all scattered
photons which arise from the fact that the Fourier intensity function is continuous, such that
similar orientation lead to similar diffraction patterns [66]. Among these, it was first proposed
to determine a maximum likelihood manifold in orientational space using generative topographic
mapping, which was then used to classify the image orientations and subsequently average the
diffraction patterns [66]. More recently, the diffusion map algorithm was developed, exploiting
additional symmetries in the image formation [67—69]. Closely related to manifold-based
approaches, Kassemeyer et al. proposed to exploit the same similarities between scattering images
using routing algorithms and geodesic distances on the rotation group [51|. Whereas manifold
embedding algorithms can utilize the scattering images far more efficiently than the common line
method, they still require at least 100 photons per image [67—70|. Further, despite not explicitly
determining the orientation, manifold embedding algorithms still function fundamentally similar
to orientation determination methods; in fact, it has been argued they and the EMC algorithm

are merely different implementations of the same fundamental approach |70].

In contrast, a further class of methods based on photon correlations foregoes determining the
orientations altogether [36, 71-78]. These methods extract correlations between photons as a
summary statistic of the full set of all images, which are used as an intermediate representation
for the electron density determination. It was first proposed by Saldin et al. to use the
two-photon correlation function [71], which, however, only suffices to determine the structure
under symmetry assumptions [72] or if the random orientation is restricted to one axis [73-75].
Therefore, von Ardenne et al. suggested to use the three-photon correlation function, which,
despite using only one additional photon, does allow determining the molecular structure without
such restrictions [36]. The three-photon correlation function measures the frequency of each
photon triplet, described by three distances to the detector center and two angles, among all
possible triplets [36]. It was in fact already known much earlier that a degenerate three-photon
correlation, which uses only those photon triplets for which two of the three photons share
the same position, does, in principle, suffice for this unrestricted structure determination [79].
Notably, the three-photon correlation function can be expressed analytically from the spherical

harmonics expansion of the Fourier intensity function [36, 79]. This analytic expression allows
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1 Introduction

for highly efficient computations, which were utilized by von Ardenne et al. in a Monte-Carlo
simulated annealing scheme to determine a maximum likelihood Fourier intensity function from

the three-photon correlation [36].

With only three photons per image the three-photon correlation method requires much fewer
photons counts than other methods — in fact, because the two-photon correlation is not sufficient,
three is the fundamental minimum [36]. However, photon correlation methods use only part
of the available information, for instance discarding higher correlations, and thus rely on the
collection of large amounts of data and averaging to address Poisson noise, detector noise, and

incoherent scattering [36].

Considering the current main challenge of determining protein dynamics or structural ensembles
as opposed to static structures, further limitations of these approaches become apparent. To
determine a structural ensemble, images need to be classified into different sets, one for each
conformer, and, so far, such classification algorithms have only been reported to be successful for

more than a thousand photons per image [62, 80, 81].

A similar challenge is posed by the fact that sample delivery is successful only for a fraction of
typically less than 1% of the pulses, such that 99% of the images are ‘empty’ but nevertheless
contain noise photons [34]. Because the beam intensity at the position of the sample molecule
fluctuates strongly, separating the actual scattering images (‘hits’) from the empty ones is not
always possible, particularly at the low photon counts expected for small proteins. However,
most established approaches rely on a classification into such hits and misses, with the exception

of those based on photon correlations [34].

The current method of choice for classification is the diffusion map algorithm [67-69], which can
straightforwardly be extended for both hit and conformer classification, but so far fails for the
low signal-to-noise ratio of small proteins [34, 82]. Many other hit and conformer classification
approaches exist [83, 84|, including, for example, spectral clustering [85]. It has also been
proposed to identify the hits by experimental means, for instance using ion Time-of-Flight
spectrometers [84]. In contrast to the other established approaches, photon correlation methods
do not rely on hit selection, as the correlations in the empty images should average out. It
has also been suggested that it may be possible to determine conformational landscapes from
the three-photon correlation function without classification, although this has not yet been
demonstrated [36].

From a more general perspective, the challenges of single-molecule X-ray scattering share many
similarities with cryo-EM, which also involves images of single randomly oriented particles that
need to be identified (‘picked’), albeit at a much lower noise level [14]. Also the spectrum of
available analysis methods is similar — though much more mature — involving orientation
determination and classification algorithms as parts of larger software packages [86-91] as well
as sophisticated machine learning approaches [19], Bayesian approaches [92], and attempts to
circumvent particle picking [93]. Here, too, the current main challenge and limiting factor is

structural heterogeneity [94].

Finally, the established approaches do not systematically include noise and other experimental

effects in the analysis, instead relying on, for example, averaging and subtraction of background
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1.1 Single-molecule X-ray scattering

scattering [34]. Often, they neglect effects such as polarization, irregular detector shapes,
or detector noise [36, 49, 50, 60]. I am not aware of any single-molecule scattering electron
density determination method that can systematically include all experimental noise and resolve

ensembles which also does not rely on classification, hit selection, and orientation determination.

A Bayesian approach would in fact allow for a systematic treatment of noise and, simultaneously,
eliminate the need for classification, hit selection, and orientation determination. In such an
approach, the electron density or ensemble of electron densities maximizing the Bayesian posterior
probability given the whole set of typically millions of images is determined directly. The
‘only’ requirement is an accurate forward model, that is, a full mathematical description of the
distribution of the scattering images. To account for noise and other experimental effects, they
only have to included in this forward model. Importantly, the Bayesian posterior inherently
contains all available structural information, such that no information of the experimental data
is lost, which is particularly important considering the limited operational capacity of current
XFEL facilities. The Bayesian framework can also provide error bounds and uncertainty estimates,

which is particularly useful when only a limited amount of information is available.

The first and main part of this thesis is therefore the development, assessment, and application
of such a rigorous Bayesian approach to determine protein structures and structural ensembles
from single-molecule X-ray scattering experiments. To deal with the considerable sampling
challenge due to the many degrees of freedoms of protein structures, I developed a novel
specialized hierarchical Monte Carlo simulated annealing technique, which enhanced the sampling
performance by a factor of at least hundreds or thousands. To further deal with the substantial
computational cost of computing the Bayesian posterior probabilities, I implemented and
optimized the computations on graphics processing units (GPUs). The source code is available
as a Julia [95] package at https://gitlab.gwdg.de/sschult/xfel.

Although the most important aspect is the determination of structural ensembles, I first tested if
my approach can determine single structures. Because my approach uses all available information,
I expect it to require fewer scattering images to achieve a certain resolution than, for example,
correlation based methods. I assessed this aspect by using synthetic scattering images generated
for the same 46 amino acids comprising protein crambin [96] that was used to test the three-photon

correlation method [36].

I further tested my approach on the single structure level experimental scattering images collected
for single coliphage particles [81]. These were downsampled by a factor of 10* to mimic the
scattering images expected for proteins. Notably, my approach was able to determine the
structure of the virus at the same detector-limited resolution of 9 nm as reported using established

methods [36, 62, 63], while using only a small fraction of the available data.

Moving from single structures to structural ensembles, I selected alanine dipeptide and the
artificial mini-protein chignolin [97] as test systems to assess how well my approach can determine
structural ensembles. Using molecular dynamics trajectories to generate the synthetic scattering
images, my approach was indeed able to reconstruct the structural ensembles for these test
systems, notably including the unfolded ensemble of chignolin. Determining these structural

ensembles required much fewer scattering images than expected, and, notably, also much fewer
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than would be required for a single structure with the same number of degrees of freedom. To
understand this, I further analyzed the scaling behavior of this required number of images in the
number of determined conformers, and, for comparison, in the number degrees of freedom in one
single structure. Strikingly, the required number of images turned out to be proportional to the

square of the number of conformers.

Next, I asked how well my approach performs in the presence of noise from incoherent scattering
and other complicating effects. To that end, I included many of the expected experimental
effects in the likelihood function, like incoherent scattering, background scattering, polarization,
irregular detector shapes, Ewald curvature, hits and misses, intensity fluctuations and unknown
molecular orientations. As before, I used crambin as the test structure, and demonstrated how
its electron density can still be determined from highly noisy low hit rate images, albeit so far
only at a lower resolution. I also analyzed if, in theory, an orientation determination approach
could also be successful in this scenario, again relying on the fact that my Bayesian approach

uses all the available information.

Finally, I sought to understand how the approach scales in the number of expected photons per
image and the amount of noise, and, ultimately, in the size of the sample molecule. These and the
above scaling results will be important to plan future experiments, particularly when considering

the limited operational capacity of current XFEL facilities.

1.2 Time-lagged independent component analysis.

As already mentioned, the alternative to experiments is to study protein dynamics theoretically
or by simulation. The prevalent method here is molecular dynamics simulation, which has
been applied with great success to elucidate protein function, protein folding, and protein
interaction [98]. They simulate the movement of every atom in a molecular system like a
protein [99]. However, with the number of these atoms ranging from several hundreds to hundreds
of thousands or more [100-103|, the extremely complex and high-dimensional dynamics pose a

formidable problem for data analysis.

It has therefore been proposed to extract essential features of these dynamics, or, in other words,
to reduce the dimension of the trajectories [104]. These essential dynamics can be extracted
by principal component analysis (PCA), which identifies those collective degrees of freedom
(that is, directions in configuration space) that contribute most to the variance in the atomic
movements [104]. More recently, time-lagged independent component analysis (tICA) has been
proposed, which instead identifies those collective degrees of freedom that exhibit the strongest
time-correlations for a given lag-time [105, 106], that is, along which the atomic movements
appear the ‘slowest’. Both PCA and tICA are mathematically formulated by an eigenvalue
problem, with PCA computing eigenvectors of the autocorrelation matrix of a given trajectory

and tICA computing generalized eigenvectors of a time-lagged version of this matrix [104, 105].

Both techniques yield information on the conformational dynamics of a protein. They are

particularly useful as a preprocessing step to describe the conformational dynamics as a discrete
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1.2 Time-lagged independent component analysis.

Markov model [107-109]. Here, tICA is most widely used, and it is generally preferred over PCA

because it uses time information of the input trajectory [110].

An important and natural question is how much of the output of these dimension reduction
techniques is determined by the protein dynamics, as opposed to noise due to the inherently
stochastic nature molecular dynamics trajectories, and how this can be quantified. To answer
this question, their output when applied to molecular dynamics trajectories can be compared
with their output when applied to a featureless purely random trajectory, that is, a random walk,

which, by construction, does not contain any correlations or collective motions.

For PCA, the question has been answered by this comparison, with the highly unexpected finding
that the principal components of such a random walk appear not at all random and featureless,
instead turning out to be cosine functions [111, 112|. This finding offers a way to measure the
convergence of a molecular dynamics trajectory, the so called cosine-content [111]: The more
the principal components of a trajectory resemble a cosine function, the more it behaves like a

random walk, and the less information on the protein dynamics it contains.

For tICA, no such analysis has so far been achieved, but similar affects seem to occur [113, 114].
In the second part of this thesis, I therefore analyzed the tICA-projections of high dimensional
random walks, obtaining a semi-analytical expression for random walk tICA-projections,
analogous to the cosine-function for PCA. Strikingly, the tICA-projections display a significantly
more complex behavior, notably very similar for random walks and protein trajectories, such

that they may serve as more sensitive tool to analyze convergence.
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1 Introduction

Thesis overview

In the first part of this thesis, consisting of Chapter 2 and 3, my Bayesian approach for single-

molecule X-ray scattering is developed and assessed.

Chapter 2 introduces my approach for both single electron density and structural ensemble
determination, in this instance for noise-free synthetic images and downsampled experimental

images from a virus data set. Here also the hierarchical sampling technique is presented.

In Chapter 3, experimental effects are included in the approach, such as incoherent scattering,
background scattering, polarization, irregular detector shapes, hits and misses, and intensity
fluctuations. Here it is also analyzed how the required number of image scales in, for example,

the photon count and the noise level.

In the second part of this thesis, consisting of Chapter 4, the analysis of time-lagged independent
component analysis is presented. Here, the semi-analytical expression for random walk tICA-
projections is derived, and the tICA-projections of random walks and protein trajectories are

compared.

Finally, in Chapter 5 the results are summarized and discussed, and an outlook on future research

and possible improvements is given.
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Chapter 2

Bayesian structural ensemble

determination

A previous version of the following text is available on arXiv as

S. Schultze and H. Grubmiiller: De novo structural ensemble determination from single-
molecule X-ray scattering: A Bayesian approach [115]. This chapter has been submitted

to Nature Communications but was unfortunately rejected in the second round of review.

I carried out the research and wrote the manuscript. Helmut Grubmidiller supervised the research

and revised the manuscript.

Abstract

Single molecule X-ray scattering experiments with free electron lasers have opened a new route to
the structure determination of biomolecules. However, structure refinement is quite challenging
due to unknown molecular orientations, typically very low numbers of recorded photons per
scattering image, and low signal-to-noise ratios in this extreme Poisson regime. As a further layer
of complexity, many biomolecules show structural heterogeneity and conformational transitions
between different distinct structures; these structural dynamics are averaged out by existing
refinement methods. To overcome these limitations, here we developed and tested a rigorous
Bayesian approach and demonstrate that it should be possible to determine not only a single
electron density map, but an entire structural ensemble from these experiments. We tested our
approach on synthetic scattering images, resolving, for example, an ensemble of eight alanine
dipeptide conformers at 2 A resolution from 106 images. Tests on experimental data achieved
the same resolution of 9nm for the coliphage PR772 virus as previous approaches, using only
a small fraction of the available data. These findings show that X-ray scattering experiments
using state-of-the-art free electron lasers should allow one to determine not only biomolecular
structures, but whole structure ensembles and, ultimately, construct ‘molecular movies’ from

these ensembles.
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2 Bayesian structural ensemble determination

2.1 Introduction

Ultrashort pulse X-ray scattering experiments offer the possibility to take ’snapshots’ of
biomolecular structures with atomistic spatial and femtoseconds time resolution [35, 60, 116, 117].
Still, most current experiments focus on nano-crystals |28, 32, 39-44]. Like classical X-ray
crystallography, these average over many molecules and, therefore, time resolved structure
determination requires strict synchronization, typically by optical laser pulses [32]. Scattering
on single particles or molecules avoids this limitation and should enable us to advance towards
structure ensembles and, ultimately, time resolved conformational and functional motions without

the need for synchronization [37, 38|.

In such ‘hit and destroy’ experiments, a stream of single molecules is exposed to a beam of
high intensity femtosecond X-ray free electron laser (XFEL) pulses (Fig. 2.1a). For each hit
the positions of the scattered photons (red dots) on the detector are recorded as a scattering
image [27]|. Importantly, the ultra-short pulses serve to outrun the subsequent destruction of the
particles due to radiation damage, but also imply that only very few photons are being recorded

for each molecule [35].

The feasibility of this approach has already been demonstrated by a number of experiments [45-47],
but so far only structures of relatively large specimen at low resolution have been successfully
determined, for instance of entire mimivirus particles [45, 46| (450 nm in diameter) and coliphage
viruses [47] (20 nm in diameter). Whereas for large specimens many photons are scattered per im-
age, for example 107 for the mimivirus [45, 46|, for typical proteins only 10-100 coherently scattered
photons per image are expected [118, 119], which further complicates structure determination
particularly for small molecules. Such images can be obtained with an intensity of 10'? photons
per pulse at 5keV and a 1 pm beam diameter [36], for example from the XFELs at DESY or SLAC.

Most importantly, the orientation of the molecules at the time of scattering is typically unknown,
which poses an additional and substantial refinement challenge. These issues are particularly
challenging for the structure refinement of small specimen such as proteins or protein complexes
at near-atomic resolution. Still, the scattering images contain much more information than a
simple SAXS signal, due to the fact that all scattered photons in an image arise from the same
molecular orientation. A number of methods have been proposed to extract this information, such
as orientation determination methods [48-55, 65|, which aim to estimate the molecular orientation
for each image, and manifold embedding algorithms [66-68, 70]. All these methods, however,
typically require 100 to 1000 photons per scattering image. As an alternative, correlation based
approaches [71, 73-75, 77| have recently allowed substantial advancements and have been shown

to require, quite counterintuitively, only three photons per image [36].

Finally, many biomolecules show structural heterogeneity and conformational dynamics between
different distinct structures, which, when resolved, would provide a direct view on biomolecular
function. Hence, and similar to the current main challenge in cryogenic electron microscopy [94],
not one but many conformations need to be extracted from the scattering images. In this scenario,
in addition to the orientation, also the current conformer for each scattering image is unknown.

Very much like for the unknown orientation, current approaches rest on a classification of each
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Femtosecond

Detector 1) i
XFEL pulses

Figure 2.1: Single molecule scattering experiment. a A stream of single molecules is hit by femtosecond X-ray
pulses, and the scattered photons are recorded as images (image reproduced from von Ardenne et al. [36]). b The
scattered photons (red dots) are distributed on the Ewald sphere according to the 3D-intensity function I (blue).
c Example scattering images generated for crambin. The axes each range from —2 A to2A7"

single image, that is, assigning each image to a particular conformer of the molecule. Therefore,
whereas both orientation determination methods and manifold-based methods have been applied
to determine multiple conformations [62, 80|, the required large number of photons per image,

again, precludes their application to single biomolecules.

To overcome these limitations, we here developed and tested a rigorous Bayesian approach, which
requires neither conformer classification nor orientation determination. Instead, a likelihood is
computed for all possible structures and conformers, represented by electron density maps. This
likelihood describes the probability that the resulting structure, or set of conformers, agrees with
all scattering images, including a weighted average over all possible molecular orientations. Thus,
rather than determining the orientation for each individual image and subsequently merging all
oriented images into one 3D Fourier density, here we identify the real space electron density that

is most likely to produce the observed whole set of scattering images.

This approach has two conceptual advantages. First, in contrast to classification or correlation
based methods, all available experimental information is used. Second, the Bayesian framework
only requires an accurate forward model of the experiment, that is, the probability distribution
of all possible scattering images for a given structural ensemble and orientation. As a first step,
we here focus at idealized experiments that only contain shot noise. In a second step, as a proof
of principle demonstration using real experimental data on the coliphage PR772 virus, other
noise sources or experimental uncertainties (such as incoherently scattered photons, background
scattering, or detector noise) can be included within the Bayesian framework in a straightforward

and rigorous manner, provided a sufficiently accurate error model is available.

Using synthetic data, our tests demonstrated that our Bayesian approach not only serves to deter-
mine a single electron density to near atomistic resolution, but also weighted ensembles of conform-
ers described by multiple electron density maps. Remarkably, assuming the same average number
of photons per image, we find that much fewer images are required for refining an ensemble of n
conformers consisting of m atoms each than for refining a single structure consisting of m xn atoms.
Despite identical complexity in terms of unknown positions, determining conformational ensem-
bles seems to require less information than determining a single structure. This unexpected result

should render biomolecular ensemble determination accessible to state-of-the-art experiments.
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2 Bayesian structural ensemble determination

2.2 Results

2.2.1 Summary of the approach

For each scattering image, the positions of the recorded photons specify vectors ki,...,k; on
the Ewald sphere in Fourier space (red dots in Fig. 2.1b). Here, the probability of observing
a photon at a particular position on the detector is proportional to the 3D intensity function
I(k) o< |F{Rp;}(k)|? at the corresponding position k on the Ewald sphere, which in turn is
given by the Fourier transform of the electron density p; of conformer i. Here, R is the unknown
orientation of the molecule for this particular image, and Rp; denotes the electron density in this

orientation.

It follows that the probability of observing an image with photon positions k1, . . ., k; is obtained by
averaging over both the conformational ensemble p = {p1, ..., pn} with weights w = {w1, ..., w,}
as well as over all orientations R. Because the scattering images are statistically independent

from each other, the total probability of observing the complete set of all images Z reads

P(Z|p,w)ox ] sz‘/ P(ki, ...,k |Rp;)dR. (2.1)
(ki1,...k;)€T i=1 S0(3)

This probability serves to determine either a single structure or a structural ensemble by sampling
from the Bayesian posterior probability P(p,w|Z) x P(Z|p,w)P(p,w) using a Markov chain
Monte Carlo approach. For the prior P(p,w) the orientations are assumed to be uniformly
distributed. To minimize the number of required degrees of freedom, and as a means of
regularization, we chose a physically motivated representation of each p; in terms of a sum

of Gaussian functions, which also completes the definition of the prior.

For a typical protein consisting of 50 to several hundred residues, the number of required degrees of
freedom remains large and poses a formidable sampling challenge. To address this issue, we have
implemented a hierarchical simulated annealing approach. Starting at very low resolution, the
macromolecular structures were sampled in multiple hierarchical stages of increasing resolution.
To increase the sampling efficiency, in each of these stages, for each Markov step the previous
ensemble of structures of maximal posterior probability was used as a proposal density. To this
end, the scattering images that would have been observed for a smoothed low resolution copy
of the original molecule were obtained from the original images by rejection sampling using the

convolution theorem (see the Methods section).

Further, we adapted the Bayesian formalism such that only those images are used which contain
new information, that is, photons for which the magnitude of k is larger than the threshold of the
resolution from the previous stage. With increasing resolution, the fraction of such useful images
becomes very small, thus enhancing computational efficiency up to two orders of magnitude. The

approach is described in detail in the Supplementary Information.
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2.2.2 Sample test refinements

Because our Bayesian approach uses all available information, we expect it to require fewer
scattering images to achieve a certain resolution than, for example, correlation based methods.
To assess this aspect, we first tested our method on the single structure level, using the same
46-residue protein crambin [96] as in our previous study [36]. A total of 10% noise-free synthetic
images were generated, containing a realistic average of 15 photons each (at an assumed intensity
of 10'2 photons per pulse with a beam diameter of 1pm). From these images, the electron
density was determined in five hierarchical stages (Fig. 2.2a), increasing the number of degrees
of freedom by a factor of two in each stage. For the final stage, a representation of p consisting
of 184 Gaussian functions was used, which is four times the number of residues. For more details
see Supplementary Note 2.5.1. Indeed, using only half of the total number of scattered photons,
a similar Fourier shell correlation resolution [120] of 4.2 A (Fig. 2.2b) is obtained as with the
previous correlation based method [36]. As explained in the Methods section, here the Fourier
shell correlations serve to compare the reconstructed and reference electron density maps. As a
further measure of quality, the optimal transport plan between the reconstructed and reference
electron densities was computed using the Sinkhorn algorithm [121], obtaining an earth mover’s
distance of 1.45 A.

Next, to demonstrate that our method can resolve not only a single protein structure, but also
ensembles of multiple conformers, we used three molecular dynamics trajectories of alanine
dipeptide [122] of length 250ns each to generate 10° scattering images, using a randomly
chosen snapshot for each image. As before, an average of 15 photons per image were generated,
corresponding to a beam intensity of roughly 2.5 - 10" photons per pulse. Using our approach, a
weighted ensemble of eight conformers was determined from these images (Fig. 2.3), with each
conformer being described by a sum of 10 Gaussian functions. To obtain sufficient statistics, a

total of 10 independent simulated annealing runs were carried out, using the same image set.

To assess the quality of the obtained conformational ensemble, for each of the eight conformers the
resolution with respect to its nearest neighbor in the input trajectories was calculated using Fourier
shell correlations [120] (Fig. 2.3b), resulting in a weighted average resolution of 1.8 A. This result
shows that the obtained eight conformers are indeed close to the reference ensemble. To also assess
the accuracy of the entire ensemble, for each time step in the input trajectories, the resolution with
respect to its nearest neighbor among all the determined conformers was calculated (Fig. 2.3d). As
a main result we found that 90% of the input trajectories are within 2.1 A Fourier shell correlation
resolution of the determined conformers, and that all of the trajectory frames are within 2.5 A
resolution of the determined conformers, thus demonstrating atomistic resolution. Figure 2.3e
compares the 10 obtained ensembles with the reference ensemble using a Ramachandran plot [123]
showing the distribution of the torsion angles ¢ and 1. For each of the determined conformers
its nearest neighbor in the input trajectories was used to compute these angles. As can be
seen, the reference density is well represented by the determined conformers. As an independent
quality assessment, we calculated the optimal transport plan between reconstructed and reference
ensembles of electron densities using the Sinkhorn algorithm [121]. Using the FSC resolution as the

cost function, an earth mover’s distance of 2.37 A was obtained (see Supplementary Note 2.5.8).
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Figure 2.2: Electron density determination of Crambin. a Hierarchical stages of retrieved electron densities.
b Fourier shell correlation between the retrieved densities and the reference density. ¢ Retrieved electron density.
d Reference electron density.

Next, we asked if our method is also capable of extracting structural ensembles for the larger mini-
protein chignolin [97], comprising 10 residues. To that end, 50 molecular dynamics trajectories of
length 10 pis were used to generate 1.2-107 images with, on average, 15 photons each, corresponding
to a beam intensity of approximately 5 - 10'? photons per pulse. As a further challenge,
this ensemble also contained unfolded structures. From the obtained images, we determined
multiple stages of weighted structural ensembles of increasing resolution and increasing number
of conformers (Fig. 2.4a). As above, resolutions were computed using Fourier shell correlations
(Fig. 2.4b,c), finding a weighted average resolution of 4.7 A for the folded conformers, and 6.4 A
for the unfolded conformers. As can be seen in Fig. 2.4b, the Fourier shell correlation approaches
the conservative threshold of 0.5 already for smaller values of k, which explains why, by visual
inspection, some of the reconstructed conformers appear ‘worse’ than the above FSC resolutions.
Therefore, resolutions of 4—6 A for the folded conformers and 6—12 A for the unfolded conformers
seem more realistic. The independently calculated optimal transport cost between the reference

and reconstructed ensembles of 6.96 A (see also Supplementary Note 2.5.8) supports this estimate.

Interestingly, in the final stage one of the six determined weights is nearly zero, suggesting that
five conformers suffice for the used number of images at this resolution level. While the current
resolution level does not suffice to reliably distinguish the two compact conformers (commonly
referred to as ‘folded’ and ‘misfolded’) from each other, which are both present in the reference
structure ensemble at nearly equal proportion, it is worth noting that the 9% fraction of unfolded

states was indeed correctly identified.
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Figure 2.3: Structural ensemble determination of the alanine dipeptide. a Reconstructed conformers (green),
the corresponding weights, and the nearest neighbors in the input trajectories (blue) with the corresponding
resolutions. b Fourier shell correlations for the individual reconstructed conformers from the 10 independent runs,
with average and standard deviation. ¢ Weighted resolution distribution for the 10 independent runs from the
the same data. d Resolution distribution over the time steps of the input trajectories relative to their nearest
neighbors among the determined conformers from all 10 runs. e Ramachandran plot for the input trajectories
(shown as a density) and the determined conformers from all 10 runs (points, the colors indicate the separate
runs).
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Figure 2.4: Structural ensemble determination for chignolin. a Hierarchical stages of retrieved densities (green)
and their nearest neighbors (blue) in the input trajectories with the corresponding resolutions. b Fourier shell
correlations of the reconstructed densities relative to their nearest neighbors (from left to right). ¢ Resolution
distribution over the time steps of the input trajectories relative to their nearest neighbors among the determined
densities.
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2.2.3 Scaling behavior

For both of the above sample applications we observed, unexpectedly, that resolving n conformers
consisting of m degrees of freedom each required much fewer scattering images and photons than
resolving a single n x m degree of freedom structure of the same total size and complexity —
even in cases where the conformers of the ensemble are very different from each other. This
result is counterintuitive, as both cases require the same amount of information, i.e., the 3D
positions of n x m Gaussian functions. To investigate this result in more detail, small ‘structures’
consisting of randomly placed Gaussian functions were used. For each combination of parameters,
eight independent structure determination runs were performed, and for each run the achieved
resolution was determined. The structure weights w; where chosen to be uniform and kept fixed
during the simulated annealing runs. For a fair comparison, all electron densities were normalized

such that, on average, the scattering images contained 15 photons each.

Figure 2.5¢ and 2.5f show for each combination of parameters the smallest number of images for
which all of the replicas achieved a resolution better than a given threshold. As can be seen in
Fig. 2.5¢, for the structural ensemble of n conformations with m degrees of freedom each, the
required number of images is approximately proportional to n?, the square of the number of
conformations. This finding is in line with a theoretical argument showing that the information
content of a single image is in this case proportional to 1/n? (Supplementary Note 2.5.2). In
contrast, the number of images required to resolve a single structure of n x m degrees of freedom
grows even much faster, approaching a power law m¢ with an exponent ¢ =~ 5 for increasing
resolution (Fig. 2.5f). Hence, for given complexity, ensemble refinement seems to be easier than

single structure determination.

2.2.4 Application to experimental data

Having assessed our method using synthetic data for which the ‘ground truth’ is known, we
next tested it on real experimental data from the coliphage PR772 virus data set [81]. Because
this virus is much larger than the molecules considered above, much more photons per image
were recorded, on average about 400000 photons each. For a fair assessment, and to mimic
the more challenging low photon counts expected for single-molecule scattering experiments, we
downsampled the original images by a factor of 10* using rejection sampling to obtain images
with an average of 40 photons per image. This sample application also served to demonstrate
how experimental details such as incomplete detector coverage, irregular detector shape [81],
polarization effects, and intensity fluctuations can be systematically included within the Bayesian
formalism via an appropriate likelihood function (see Supplementary Note 2.5.7). In addition,
a normally distributed noise background of 10% with standard deviation of ¢ = 0.2nm~! was

assumed to account for fluctuations in the subtracted background.

The virus electron density was described by 13 Gaussian functions, adapted to the resolution set
by the experimental data. Using 1510 randomly selected and downsampled images, the structure
shown in Fig. 2.6a) was determined. In contrast to Hosseinizadeh et al. [62], no icosahedral

symmetry was imposed. Of course, the restriction to a representation using 13 Gaussian function
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Figure 2.5: Dependence of the resolution on the number of images, the number of conformations, and the
complexity of the structure. a Resolution as a function of the number of images for various numbers of
conformations n. b Resolution as a function of the number of conformations for various numbers of images.
¢ Required number of images to achieve various resolutions as a function of the number of conformations. For
comparison, a quadratic relationship is shown (dashed line). d Resolution as a function of the number of images
for various structure complexities (parameterized by the number of Gaussians m). e Resolution as a function
of the number of Gaussians for various numbers of images. f Required number of images to achieve various
resolutions as a function of the number of Gaussians. For comparison, a power law m® is shown (dashed line).
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Figure 2.6: Electron density determination of coliphage PR772. a Electron density determined from 1510
downsampled scattering images with an average of 40 photons each. b Fourier shell correlation (blue) between to
independently computed densities and detector limit (orange).
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also implies some regularization. To ensure that the obtained icosahedral structure is not an
artifact of this particular electron density representation, we determined structures using between

10 and 15 Gaussian functions, and found that 13 yielded the largest posterior probability.

An independent structure calculated from a second, different set of 1510 randomly selected and
downsampled images served to calculate the Fourier shell correlation between the two structures
(Fig. 2.6b). As can be seen, the resolution is still largely limited by the detector limit of 9nm,
as also reported by Hosseinizadeh et al. [62], and despite the fact that only a very small fraction

(10%4) of the originally recorded photons was used.

2.3 Discussion

Here we have developed a rigorous Bayesian method for determining biomolecular structures
from single molecule X-ray scattering images in the extreme few photon Poisson regime. Using
synthetic scattering images generated from simulated X-ray scattering experiments, we have
demonstrated that both single structures as well as structural ensembles of small biomolecules

can be resolved to near atomic resolution.

Our results for the globular protein crambin show that a similar resolution of 4.2 A is obtained
compared to previous correlation based methods [36] which also require very few photons per
scattering image. Because such correlation based methods disregard higher correlations, whereas
the full information content of each image is used in our Bayesian approach, the latter should
require fewer images. This was indeed observed for the above protein, for which the number of
images required to obtain near atomistic resolution was reduced from roughly 2 - 10% to 1 - 10%.
Assuming a pulse rate of 27,000 per second [33] and a 10% hit fraction, this would reduce required

beam time from 20 to 10 hours.

Because the rather small test proteins studied here scatter very few photons, their structure
determination is conceptually more challenging than for larger proteins [50]. To obtain near-
atomistic resolutions for larger macromolecules, in contrast, the main bottleneck is computational
cost, due to the increased number of unknown degrees of freedom. This issue will need to
be addressed by improved optimization or sampling methods, or by utilizing prior structural
information, either from structure databases, from AlphaFold [21], or guided by molecular
dynamics force fields. Alternatively, as demonstrated for the coliphage PR772 virus data set,
lowering the desired resolution reduces the number of required Gaussian functions, thus also

enabling electron density determination of larger systems, albeit not at atomistic resolution.

For alanine dipeptide the full conformational ensemble generated by an atomistic simulation was
extracted at atomistic resolution of on average 1.8 A from simulated scattering experiments, in
which not only the current orientation of the biomolecule but also its current conformer was
unknown. For the 10 amino acid protein chignolin [97] both the folded and unfolded ensembles
were resolved, albeit so far at somewhat lower resolution. Clearly, the latter two test systems
pushed the limits towards very small molecules, and thus somewhat higher fluxes had to be

assumed than are currently achievable. Nevertheless, these examples demonstrated that not only
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a larger number of conformers were successfully reconstructed, including disordered (unfolded)
states, but also the weights corresponding to the folded and unfolded conformers were accurately
recovered. Further, as demonstrated by vanishing weights for incorrect structure poses, using

weighted ensembles allows the number of conformers to be determined dynamically.

Unexpectedly few images were required to resolve structural ensembles. Because an ensemble of
n conformers consisting of m degrees of freedom each has the same total number of degrees of
freedom as a single structure of n x m degrees of freedom, a similar number of images should
be required. Closer analysis suggests that roughly O(m®) images are required to a resolve a
single structure with m degrees of freedom. One might therefore expect that O(n°m®) images
are required for an ensemble of n such structures. However, our test refinements required
only O(n?m?®) images, consistent with an expected information content of O(1/n?) for a single

scattering image.

This result suggests that in terms of the required number of scattering images, even determining
more complex conformational ensembles should be possible with current experimental technology.
This finding is consistent with previous analyses of larger specimen [124]. Assuming a linear
scaling of the scattered number of photons with the sample volume, the required number of
images should not depend on the particle size [124]. This translates into our finding, having
assumed a constant photon count independent of the number of degrees of freedom. However,
our analysis focused on the low photon count regime in which orientation determination for each

image is not possible.

Our Bayesian analysis of structural heterogeneity is similar in spirit to approaches that were
successfully applied in cryo-electron microscopy [19, 86-92|, which, from a mathematical
standpoint, shares some similarities with single molecule X-ray scattering, albeit at a much lower
noise level. From a more general perspective, our Bayesian approach represents a systematic and
rigorous approach to include shot noise in the extreme Poisson regime characteristic for single
molecule X-ray scattering experiments. In contrast to other proposed methods, this Bayesian
framework will also allow to include other sources of noise and uncertainty in a conceptually
straightforward manner, such as incoherently scattered photons, background scattering, detector

noise, or scattering by disordered water at the biomolecular surface.

Our analysis of the experimental coliphage PR772 data set demonstrated that and how our
Bayesian approach allows for a straightforward and rigorous consideration of, for example,
intensity fluctuations, polarization, and irregular detector shapes. More work will be required
to also assess the performance regarding incoherent and background scattering, detector noise
at high noise levels, and the effect of solvation shells. Here inclusion of calibrated forward noise
models (for example, as documented by Yoon et al. [118]) will be a particularly important next
step towards atomistically resolved multiple structure ensembles. If successful, and in contrast
to diffraction experiments on nano-crystals, this single molecule approach might, with increasing
number of resolved conformers, ultimately provide a route to the construction of time resolved
structures — molecular movies — without the need for synchronization through optical laser

pulses.

29



2 Bayesian structural ensemble determination

2.4 Methods

2.4.1 Structure and structure ensemble representation

Electron density functions of the reference structures or conformers were described by a sum of

m of Gaussian functions with atomic positions y;, heights h; and standard deviations o;,

m

h; 1 9
) = Y e (el wil?) (22
i=1 (UZ V 271') 20—1
Electron density functions of the determined structures were described similarly, with one common
height h = h; and one common standard deviation ¢ = ¢;, which is treated as an unknown and
determined together with the positions y;. Structural ensembles were represented by a weighted

sum of conformers p = {p1,...,py} with weights w = {wy,...,w,}.

2.4.2 Synthetic data generation

For each of the synthetic scattering images, the photon positions on the detector D were drawn
from a probability distribution proportional to the intensity function I(k) = |F{p}(k)|? restricted
to the appropriate Ewald sphere. Specifically, generation of each image involved the following

steps:

1. A conformation of the molecule is selected randomly from the reference ensemble (for

example, consisting of molecular dynamics trajectories),
2. a random orientation R of the molecule is drawn uniformly from the rotation group SO(3),

3. the number of scattered photons is drawn from a Poisson distribution with mean
N [, I(Rk)dk, where N is the incoming beam intensity,

4. the position of each scattered photon is drawn from the probability distribution proportional
to (I o R)‘ D-

The last two steps were implemented using rejection sampling. To this end, a von Mises-Fisher
distribution p on D was chosen with high enough standard deviation that I(k) < p(k) everywhere.
Then, for each photon, its position k was drawn from p and it was accepted with probability
I(Rk)/p(Rk). The beam intensity N was chosen together with a normalization of p such that
this procedure accurately produces a Poisson distribution of the desired expected number of

photons per image.

2.4.3 Computation of likelihoods

The probability density of observing an image defined by photon positions ki, ..., k; given

an electron density function p with is corresponding intensity function I(k) was computed by

30



2.4 Methods

averaging over all possible orientations R € SO(3) of the molecule,

l l
Pky,.... k| p) = ]X/So(g) exp (—N/D I(RK) dk) (HI(Rk,»)) dR, (2.3)

i=1

where for each orientation, the probability is a product of the Poisson distribution for the number
of photons [ in the image and a factor depending on the photon positions. These integrals were
approximated by averaging over a discrete set of typically r ~ 103 to r ~ 10° rotations R; with

weights s;,
Nl r l
P(kl,...,kl|p)%723iexp —N/ I(Rk)dk | [ I(Rik;). (2.4)
C =1 D j=1

The rotations R; and their weights s; are constructed by combining a Lebedev quadrature rule on

S? with a uniform quadrature rule on S via the Hopf map [125, 126] (Supplementary Note 2.5.3).

2.4.4 Simulated annealing and hierarchical sampling

A Monte Carlo simulated annealing approach with the energy function —log P was used to
sample from or maximize the Bayesian posterior probability, as described in detail in the
Supplement. To enhance convergence, Bayesian sampling and maximization were performed
in multiple hierarchical resolution stages. Starting from a low resolution representation of p
with correspondingly few degrees of freedom, the number of Gaussian functions was doubled
in each stage and the reduced resolution electron density determined by the previous stage
was used as a proposal density (see Supplement). To calculate likelihoods for the reduced
resolution structures, lower resolution scattering images were generated from the original images
by rejection sampling, that is, by removing each photon in the original images with probability
1 — exp(—02k?/2). By construction, this rejection scheme samples from a Fourier transformed
density I, - exp(—o?|k|?/2) which, by the convolution theorem, corresponds to a smoothed real
space density p = p* N (o) obtained as the convolution of p with a Gaussian kernel with width
(resolution) o. Computational efficiency was further increased substantially by selecting only
those original images for the likelihood computations that actually contain useful information
at the respective resolution. As described in the Supplement, the Bayesian formalism allows for

removing this selection bias.

2.4.5 Structure alignment and resolution estimate

Because the orientations of the obtained structures are irrelevant, these were rotationally aligned

to each other by minimizing the cost function
Lgn m A B ,
d(S) = nz;l;fg{l\lyi —syj| +m;rp:1{l ly: — Syl (2.5)
= j=
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2 Bayesian structural ensemble determination

Here, the positions y1,...,y, and y{,...,y,, define two structures per equation (2.2) and S is
a rotation matrix S € O(3). Both rotations and reflections were included, as X-ray scattering

images do not distinguish between mirror images.

The resolution of the aligned structures was estimated using Fourier shell correlations [120],

FSC(k) . f||k||:k [’1 (k)*ﬁ2(k) dk (2.6)

o 9109 [ 2 (0 i

where p; are ps the structures to be compared and p denotes the Fourier transform of p.
Accordingly, the achieved resolution was determined as 2m/kgs., where kg is the threshold

at which the Fourier shell correlation drops below 1/2, providing a conservative estimate [120].

2.4.6 Molecular dynamics simulations

All atomistic simulation trajectories were generated using the GROMACS 2018 software
package [127] with the Charmm36mm force field [128] and the OPC water model [129]. For
chignolin, the starting structure was taken from the Protein Data Bank [130], entry 5SAWL [97].
All hydrogen atoms were described by virtual sites [131]. Each protein was placed within a triclinic
water box, such that the smallest distance between protein surface and box boundary was larger
than 1.5nm. Sodium and chloride ions were added to neutralize the system, corresponding to a
physiological concentration of 150 mmol/l. Energy minimization was performed using steepest
descent for 5 - 10* steps. Each system was subsequently equilibrated for 0.5ns in the NVT
ensemble; and subsequently for 1.0 ns in the NPT ensemble at 1 atm pressure and temperature
300 K using an integration time step of 2 fs. The velocity rescaling thermostat [132] and Parrinello-
Rahman pressure coupling [133| were used with coupling coefficients of 7 = 0.1 ps and 7 = 1 ps,
respectively. All bond lengths of the solute were constrained using the LINCS algorithm [134]
with an expansion order of 6, and the geometry of the water molecules was constrained using the
SETTLE algorithm [135]. Electrostatic interactions were calculated using PME [136], with a real
space cutoff of 10 A and a Fourier spacing of 1.2 A. For all production runs, a 4 fs integration was
used, and the atom coordinates were saved every 100 ps, such that 10° snapshots were available
for each trajectory. The trajectories for alanine dipeptide were taken from mdshare [137]. The

structure for crambin was taken from PDB entry 1EJG [96].

2.5 Supplementary Notes

2.5.1 Parameters

The parameters used for the test cases are shown in Table 2.1. The Lebedev precision and the
number of angular rotations S; are chosen such that the expected angular distance between
nearest neighbors in the resulting grid is smaller than the length scale corresponding to the

desired relative resolution divided by the approximate radius of the molecule. The parameters
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for image selection (r; and m;) were chosen such that the radial distribution of photons in the

selected images was close to uniform up to the desired resolution level.

total selected Lebedev —angular
Name  Stage images images n; i [1/A] o[A] tiys m n precision rotations
1 896-10° 1,000 (4) (0.25, 00) 20 1-10° 12 1 23 32
2 1.00-107 19315 (3, 2) (0.33,0.5, 00) 1.5 1-10* 23 1 47 32
Crambin 3 3.04-10° 50,000 (1,1,2) (0.35,0.5,0.65,00) 1.2 2-10* 46 1 47 64
4 1.00-10% 204,447 (1,2,2) (0.35,0.5,0.8,00) 0.9 1-10° 92 1 89 64
5 1.00-10% 634,032 (1,1,3) (0.4,0.65,0.9,c0) 0.5 1-10° 184 1 89 64
Diventide - 1.00-10° 3,965 (4, 4) (0.9,1.3,0) 05 1-10° 10 2 23 32
LA 2 1.00-10° - - - 00 5-10° 10 8 35 32
1 1.00-10* - - - 25 1-10° 5 2 23 32
Chignolin 2 1.09-107 100,000 (2, 2) (0.4,0.6,00) 1.5 5-10° 10 4 23 32
3 1.24-107 100,000 (2, 3) (0.4,0.6,00) 1.2 1-10* 20 6 47 64
Coliphage 1  1.51-10° - - - 70.0 1-10* 13 1 35 50

Table 2.1: Parameters for the test cases.

2.5.2 Expected information content of scattering images

The information content of scattering image on structural ensembles can be estimated analogous
to an argument for mixtures of normal distributions [138], as follows. Consider an ensemble of
two structures p; and ps with weights w and 1 — w, respectively. The probability of observing

an image z is then a mixture of the two single distributions,

p(x; p1, p2) = wp(z; p1) + (1 — w)p(z; p2). (2.7)

By the Bayesian central limit theorem, in the limit of many scattering images the posterior

becomes a multivariate normal distribution with covariance N~1171,
P(p1,p2|T) = N(p1,p2s N7, (28)

where IV is the number of images, and I the Fisher information matrix. The first diagonal element

of this matrix is approximately proportional to the weight squared,

o ( O ool )>2 5| ((wampl@ien) ’ 2 | (BoP(@ien) ’ 29)
= —lo x; p1, = _— =w S EE— . .
e Ip1 P PL P2 p(z; p1, p2) p(z; p1, p2)

Therefore, under the assumption that the off-diagonal elements are small, the limiting variance
for p; becomes 1/(Nw?). An similar argument can be carried out for more than two distinct
structures. In the special case of uniform weights w = 1/n the limiting variance becomes n?/N,

consistent with the quadratic scaling observed in Fig. 5.
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2.5.3 Computation

The integral over SO(3) is approximated by a finite sum over rotations R; with weights s;,

P(ky,....ky|p) ~ Zslexp< N/ (R;k dk)ﬁ (R;k;) (2.10)

Computing this sum involves evaluating the intensity function I at all points of the form R;k;.
Since this has to be done for all the images, this leads to a very large number of evaluations of
I. 1t is therefore efficient to first discretize the images. To that end, the detector is pixelated,
that is, partitioned into a grid of cells with centers x; and areas ag. Each image kq, ..., k, is
replaced with a set of indices k1, ..., ky, such that for each k; the closest point in the grid is xy,.

In this setting, the probability distribution becomes

P(ky,....kn|p) = oy Z S; €Xp (—NZ akI(Rixk)) H ar; I (Rixg;) (2.11)
k

Jj=1

To construct the quadrature rule for SO(3), we proceed as follows. First, we choose a Lebedev
grid as a uniform grid of points v; in the 2-sphere S2. For each one of these, we find a rotation
Qi € SO(3) such that Q;v; || ko. In addition, let S; be uniformly spaced rotations around the
axis defined by ko. The set of products S;Q; is then a uniform grid in SO(3). Equation (2.11)

becomes

(k‘l, N Z S; €XP (—N Z akI(QZS]Xk)> H aka(QiSijm) (212)
k m=1

Choosing the pixel grid xj such that it is rotationally symmetric allows further simplification.
We reindex it as x,;, such that S;x;; = x3.4;;. Here, the first index is considered cyclic, that is,

if, say, k ranges from 1 to kmax, then xx;; is to be interpreted as X145 mod kumax),i-

The corresponding areas ay; only depend on [, so we write a; = ay;. The images now also consist

of these new indices. Plugging this in, we get

Pk, kb | p) = sz exp —NZCLZI(QiSij,l) H ar,, 1(QiSjxk,, 1,,) (2.13)
kil

m=1

k,l m=1

= 7’L' szpz H Izkm+]l (215)

j m=1

NTL n
= sz‘ exp —NZGlI(Qisz Z H a1 (QiXky+j.0,) (2.14)
I £ -

The values I; ) = a;1(Q;xy;) and P; = exp(—N Zk,l I; ;1) can be computed in advance and

reused for each image.
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Due to limited floating point precision, a number of adjustments must be made. Due to the large

value of N, computing P; results in underflow. Therefore, we write

1

7;max tmax
P, =P/P, P= (H P,.,) . (2.16)
=1

Further, I; ; < 1, so if the images contain enough photons the product over m will underflow.

Since the magnitude of I; ;,; depends mostly on [, we define

imax Kmax

Lijg = Liga/ 1, I = Z Z oy (2.17)

lmakaax 1 =1

Both P and I; do not depend on the rotation index i and factor out,

Pkl knsln | p) & gﬁ (H I‘lm) szp > H Lk it (2.18)
: m=1

7 m=1

Taking the logarithm,

N no
log P(ki,l1, ... knyln | p) & log——i—logP—l—E log I, +1og§ w; P EjHI Fomt gl s (2-19)
m=1 7

Jj m=1

we see that only log P and log I; appear, which can be computed without overflow.

2.5.4 Monte Carlo Simulated Annealing

Let p = (p1,...,pn) and w = (wy,...,w,) denote vectors of electron densities and weights,
respectively. A Markov chain of structural ensembles p, with weights w; was constructed
iteratively using a Metropolis-within-Gibbs algorithm. This algorithm works as follows. For
each step t, first a Metropolis step for the structures is performed, that is, new candidate
structures p’ are drawn from a proposal distribution g(p’|p,), and this candidate is accepted

(Ps41 = p') or rejected (py 1 = p;) with probability

1 Aexp

<log P(p',wi|Z) —log P(p;, wi | Z) + log g(ps] ) — logg(p’\pt)> (2.20)

T(t)

adopting the notation 1 A z = min(1,x). The temperature T'(¢) is determined according to an
exponential annealing schedule T'(t) = Ty exp(—At) for some constant A. The proposal density
g is an isotropic normal distribution AN (p,,d) around p,, that is, to obtain the candidate, the
position of each Gaussian in the structure representation is perturbed by a normally distributed
amount; or it is given by our hierarchical sampling method as described in the next section. The
step size d is determined iteratively such that the acceptance rate is the optimal 23% [139], by

increasing or decreasing it after a successful or unsuccessful step, respectively.

Second, a separate Metropolis step for the weights is performed. To correctly sample from the

n-simplex of weights w; such that w; < 0 and ), w; = 1, we introduce variables s; < 0 such

35
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that w; = s;/ > ;8- For these variables, the proposals are drawn from a Gamma distribution of
mean s; and standard deviation given by the current step size. Note that this is not a proposal
distribution in the sense of equation (2.20), as it does not appear in the acceptance probability.
If one of the weights w; becomes zero during the sampling process, the corresponding structure p;
does no longer affect the posterior probability, hindering convergence. To prevent this, a delayed
acceptance scheme is used as follows. Each proposal s’ with corresponding weights w’ generated

by the above procedure is accepted with probability

. 1 1
g (w'|wy) =1ANexp <2y|]w' —c|]® - 5‘|Wt — c\2> , (2.21)
where ¢ = (1/n,...,1/n) and v is sufficiently small to ensure that the weights remain non-zero.

Finally, the proposal is accepted with probability

1A exp <log P(Pt+1aW, | ) — log P(Pt+1,Wt | ) + log g*(wy|w') — 10g9*(W/|Wt)) ' (2.22)

T(t)

The metropolis step for the weights has little computational cost, as the computationally costly

parts of equation (2.5.3) are unaffected. Therefore, it is repeated multiple times in each iteration.

2.5.5 Proposal density for hierarchical sampling

In each hierarchical sampling stage, the number of Gaussian functions was doubled, and the
reduced resolution structure determined by the previous stage was used as a proposal density to
improve convergence in the simulated annealing, as follows. Let yq,...,y, be the positions of
the Gaussian functions from the previous stage, and z1, ..., z2, those of the current stage. Then

the proposal density was, up to normalization, given by

P\ (= il b — il
Z, — 2 i Y Yy Yy
9(zy, ... Z5, | Z1, .. ., Z2n) oc”exp( Iz ZH )il_llexp<— : - 2w22l+1 : ),
(2.23)

where w is the width of the Gaussians from the previous stage. For ensembles of structures, the

proposal density becomes a product over the single structures p; with separate intermediates for

each p;,
n

g(0' o)) = [J 9o 1 ps), (2.24)

=1

where g(p | p;) is the proposal density from equation (2.23).

2.5.6 Image selection

In our hierarchical sampling scheme, images containing only photons with |k| below a threshold
are no longer useful, and the computations were sped up by removing these images. To achieve
this, numbers (r;) and integers m; were chosen, and only the subset Z¢ of those images was
used that fulfilled the condition C(I) that for each i the image I contains at least m; photons
with 7; < |k| < r;41. To ensure that the posterior was not biased by this filtering, it was taken
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into account in the Bayesian formalism by dividing by the probability P(C'| p, w) that an image
fulfills C'. In other words, the original posterior probability was replaced with P(p,w |Z¢,C) x
P(Z¢ | p,w)/P(C| p,w). The probability that an image fulfills C' depends on both the orientation
R and the conformer i. Therefore, P(C'| p, w) was obtained by averaging over both,

P(C|p,w ij/ H<1— <m 1 N/ |F{p;}(RKk) 2dk>>dR (2.25)

where Q(z, A) is the cumulative distribution function of a Poisson distribution with mean A and
D; =1{k € D|r; < ||k|| < ri+1} is the relevant slice of the Ewald sphere.

2.5.7 Intensity fluctuations and noise

The Bayesian framework allows for a straightforward inclusion of effects like intensity fluctuations,
noise, polarization, and the irregular detector shape. For example, to include a simple model of

background scattering, the 3D intensity function I gets an additional normal distribution,

2
I(k) oc |F{p}(k)|> + Cexp <2k02> : (2.26)

where o sets the standard deviation of the background scattering and C' is a normalization
constant setting the amount of noisy photons. As this only changes the 3D intensity function,
the other parts of our method are unaffected. Other noise distributions can be included similarly.
To account for the irregular detector shape, we introduce an additional factor f(k), into equation

(3) from the main text, describing how likely a photon with scattering vector k is to be detected,

l
P(ki,....k|p) = ]X /So(g) exp (—N/DI(Rk ) (HI (Rk;) ) dR. (2.27)

Nothing that f(k;) is constant (it neither depends on the structure p nor the orientation R), this

becomes

P(ky,....k|p) = (Hf ) /SO()eXp< N/ (RK) f )(HIRk)
a];/;l/so(?))exp( N/ (Rk) f )(HI (Rk;) ) "

This was implemented into equation (5) by modifying the weights a;. The polarization of the
XFEL-beam is handled in the same way, with f encoding the additional factor due to the
polarization. For the analysis of the coliphage data set, we fitted a very simple polarization
model f(k)=1—-c- ki to the data.

To account for intensity fluctuations, one could, in principle, integrate equation (3) from the

main text over the incoming intensity N. However, as the correct distribution is unknown, we
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instead opted for a ‘normalized’ version independent of the intensity,

—1 l
Pki,.... k| p) x 1—1!/80(3) (/D I(RKk)f(Kk) dk) <EI(Rk¢)> dR. (2.29)

This corresponds of observing the image ki, ..., k; given an already known number of photons /.

2.5.8 Optimal transport resolutions

a b
0.20
0.104
0.159
0.054 0.101
0.05-
0.004 0.00
1.5 2.0 25 3.0 3.5 4 6 8 10 12 14
FSC-resolution [A] FSC-resolution [A]

Figure 2.7: Cost distribution of optimal transport plan between reconstructed and reference ensembles for
alanine dipeptide (a) and chignolin (b)

38



Chapter 3
Scaling behavior and noise tolerance
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Abstract

Single molecule X-ray scattering experiments using free electron lasers hold the potential to
resolve both single structures and structural ensembles of biomolecules. However, structure
refinement is exceedingly challenging due to complications such as low photon counts, high noise
levels and low hit rates. Furthermore, for each scattering image the molecular orientation is

random and unknown.

Here we developed and assessed a Bayesian framework with a quite realistic forward model,
accounting for experimental effects such as intensity fluctuations, hits vs. misses, beam polariza-
tion, irregular detector shapes, incoherent scattering and background scattering. Importantly,
our approach does not rely on hit selection or orientation determination. We demonstrate that
it should be possible to determine electron densities of small proteins in this extreme low hit
rate and high noise Poisson regime. We show that in this scenario it is indeed not possible to
determine hit vs. miss or the orientation for each image. Further, we found that the structural
information per scattering image scales with the square of the number of coherently scattered
photons, and that already a small amount of noise strongly decreases the achieved resolutions.
Extrapolating our scaling analyses, we estimate that 10'? to 10 scattering images should be
required to resolve the protein Crambin at atomistic resolution, but already slightly reduced

resolutions should require substantially fewer images
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3.1 Introduction

Single-molecule X-ray scattering experiments using ultrashort X-ray free electron laser (XFEL)
pulses offer a new route for the structure determination of biomolecules |27, 60, 116, 117|. They
also hold the potential to extract the entire structural ensemble of a molecule [115] without the
need for synchronization, presenting a promising alternative to the established approaches using
nano-crystals [28, 32, 39-44].

In such single-molecule scattering experiments, single copies of the molecule enter a high intensity
femtosecond pulsed XFEL beam, and for each pulse, a scattering image is recorded (as shown
in Figure 3.1). The ultrashort pulse duration is used to outrun the Coulomb explosion due
to the extensive radiation damage. Importantly, for small specimen like single molecules, this
image does not consist of a continuous intensity distribution, but only the positions of a few
scattered photons on the detector. In addition to photons from coherent scattering, each image
also contains incoherently scattered photons arising from Compton scattering and interaction
via the photo effect and subsequent Auger decay. Furthermore, photons also scatter on stray gas

particles in the beam line is, which originate mostly from carrier gas and evaporated solvent.

Only the photons from coherent scattering on the sample molecule carry structural information,
the remaining photons are noise. The relative intensities of these scattering effects depend
strongly on the molecule size and the photon energy [140]. It is, however, estimated that up to
90% of the scattered photons are noise, and only 10% signal photons [118]. We here assume that
coherent and incoherent photons are indistinguishable, because their small energy difference can
typically not be detected [118].

Several proof-of-principle experiments [45-47| have demonstrated the feasibility of the approach.
However, successful density determination has so far been limited to much larger specimen, for
instance of entire mimiviruses [45, 46| and coliphage viruses [47|. For such large specimen the
number of coherent photons per image is much higher than for single molecules — specifically, it is
107 for the mimivirus [45, 46| as opposed to 10-100 expected photons per image for average sized
proteins [118, 119]. In combination with the high noise level, this lower estimated photon count

poses substantial challenges for structure refinement, especially due to two further complications.

First, the molecular orientation at the time of scattering is typically unknown. Although there
have been attempts to determine the orientation from the images [48-55, 65|, they all require
several hundreds to thousands of photons per image — and even more for higher noise levels.
In fact, as we will demonstrate, for lower photon counts the orientations can generally not be
determined from the images alone, even with knowledge of the true molecular structure. As
an alternative, manifold based approaches (including, for example, diffusion map) have been
developed, which aim to determine the manifold of orientations [66-70]. They are, however,

limited by similarly high photon count requirements.

Second, most proteins also show structural heterogeneity and undergo conformational transi-
tions [1], such that also the current conformational state is unknown. Delivering a single molecule
into the beam line is successful for only a small fraction of typically less than 1% of the pulses,

such that 99% of the images are ‘empty’ but nevertheless contain noise photons [34]. Because,
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Figure 3.1: a Single molecule scattering experiment (image reproduced from von Ardenne et. al. [36]). b Irregular
detector shape used for our simulated scattering experiments, modelled after the AGIPD [141]. ¢ Example
simulated scattering images, showing both hits and misses. Only the photons from coherent scattering on the
sample molecule (red) carry structural information, all others (black) do not. All axes show the range ¢ < 1.4 AT
These images were generated as described in Section 3.4.1.

further, the intensity of the beam at the position of the scattering molecule fluctuates, separation
of the actual scattering images (‘hits’) from the empty ones is a non-trivial task. In addition
to the unknown conformational state is therefore also unknown if each image is a hit or a miss.
Similar to the molecule orientations, most established approaches rely on such a classification
into multiple conformers and hits and misses. Some exemplary scattering images are shown in

Figure 3.1c.

Because most conventional refinement methods rely on both accurate hit selection as well as
orientation determination, correlation based approaches have been developed as an alterna-
tive [36, 71, 73-75, 77|, which, notably, require only 3 photons per image [36]. However, as
is also the case for the other approaches discussed so far, they use only part of the available
information and thus require the collection of large amounts of data and averaging to address
shot noise, detector noise and incoherent scattering. Further, we are not aware of any single
molecule scattering electron density determination method that allows for systematic inclusion

of all types of occurring noise.
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In contrast, a Bayesian approach would in fact offer such rigorous inclusion of noise and
uncertainties in the form of a forward error model. Also, and equally importantly, such an
approach holds the promise to circumvent the need of orientation determination, conformation
sorting, or maybe even hit selection. Rather, the electron density that maximizes the Bayesian
posterior probability given the whole set of typically millions of images is determined directly. For
this, the only requirement is the forward model, that is, the full mathematical description of the
distribution of the scattering images including all effects of noise and experimental uncertainties.
Importantly, the Bayesian posterior inherently contains all structural information available from
the images and thus no information of the experimental data is discarded, such that a minimum

number of images should be required to achieve a given resolution level.

In our previous study [115] we have developed such a Bayesian method for electron density
determination and have demonstrated that using such a Bayesian method allows for the
determination of electron densities at high resolutions, albeit so far only from synthetic noise-
free scattering images. Further, we have demonstrated that not only single densities but entire
conformational ensembles can be determined from single-molecule scattering images, importantly

requiring much fewer images than expected.

Here we present an implementation and assessment our Bayesian framework for much more
realistic experimental data, accounting for intensity fluctuations, hits and misses, polarization,
irregular detector shapes, incoherent scattering and background scattering. Importantly, our
forward model is realistic in that it considers observed signal-to-noise ratios [34, 142| and photon
counts [36, 119]. Our approach should therefore provide realistic estimates of the required number

of images to achieve a given resolution level.

Considering the limited operational capacity of current XFEL facilities, such as the European
XFEL or the LCLS, such realistic estimates are crucial for future experiments. In addition to
such an estimate, we used our approach to systematically analyze the scaling behavior of the
required number of images in dependence on parameters such as the expected photon count and
the signal-to-noise ratio. Unexpectedly, we find that the amount of structural information per

scattering image is proportional to the square of the number of scattered photons.

3.2 Theory

Here we first recall the basic scattering theory from which we will derive the noise-free forward
model for the Bayesian structure determination [115]. Subsequently, we will expand and refine the
forward model by including the most relevant noise sources within this framework. In particular
we will consider (1) incoherently scattered photons, (2) background scattering on gas molecules,
(3) beam polarization, (4) the irregular shape of the detector, (5) intensity fluctuations, and (6)
hits vs. misses. For each step we will first describe the noise model and then implement it within

the Bayesian likelihood function.
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3.2.1 Basic theory and noise-free forward model

In the experiments, single copies of the sample molecule enter a pulsed femtosecond XFEL-beam,
and for each pulse, the positions of the scattered photons are recorded on the detector as a
scattering image. Only the coherently scattered photon contain structural information. Each
location on the detector corresponds to a specific scattering vector k = k; — kg on the Ewald
sphere E in Fourier space. Here, k; is the incident wave vector and kg the wave vector after
scattering. Each scattering image is, therefore, given by a list of scattering vectors ki, ..., k;.
Their probability distribution is given by 3D-intensity function I,(Rk) = |F{p}(Rk)|?, which in
turn is given by the Fourier transform of the electron density p. Here, R € SO(3) is a rotation

matrix describing the orientation of the molecule.

The likelihood that an image ki, ..., k; is observed for a given electron density p is obtained by
averaging the conditional likelihood over all possible orientations R. This conditional likelihood
is given by the product of a Poisson distribution for the number of photons [ and, because the
photons are conditionally independent given R, a product of the intensity function evaluated at

the scattering vectors of the scattered photons,

l
P(ki,.... k| p) / dR. I} exp <—Io/ I(RK) dk> [[1®RK;). (3.1)
SO(3) E Pl

Because each scattering image is an independent event, the likelihood that a whole set of images

T is observed for a given electron density p is the product of the likelihood of each single image,

PIlp)= ] Pl kip) (32)
(kl,...,kl)EI

Note that here and subsequently we omit all normalization factors and constants such as the
electron radius; instead the normalization is chosen at the end such that the correct photon

counts are obtained.

This likelihood, given by equation (3.2), represents the complete noise-free forward model, which

forms the basis for the subsequent inclusion of error models [115].

3.2.2 Incoherent and background scattering

In addition to the coherent photons, also incoherently scattered photon from, for example,
Compton scattering and Auger decay, are observed. They make up up to 90% of the total
scattered photons, but are distributed uniformly on the Ewald sphere. They therefore spread
over a much larger solid angle than the coherent photons, such that the effective amount of noise
due to this incoherent scattering is smaller. For this reason, the noise due to incoherent scattering
is larger for increasing resolution, whereas at the lower resolutions of about 10 nm that have been

demonstrated for viruses it can be neglected.

A second source of noise is scattering from other molecules, such as water molecules attached

to the sample in aerosol delivery [143], bulk water for liquid beam [144] or sheet [145] delivery,
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3 Scaling behavior and noise tolerance

or remaining gas molecules in the beam volume. These molecules scatter both coherently and
incoherently, but, due to the random positions and orientations of these particles, incoherent

summation to I, is a good approximation.

Neglecting beam polarization for a moment, the distribution of the photons from incoherent and
background scattering is radially symmetric. For simplicity, we here assume a uniform distribution
on the Ewald sphere for the incoherently scattered photons and a Gaussian distribution centered
at the origin of reciprocal space for the background scattering. Other radial distributions, for

example from measurements, can of course be readily implemented

To include incoherent and background scattering within the likelihood function, their distributions

are added to the intensity function, replacing I, by
Li(k, p) = Ip(k) + In(k) + us + up. (3.3)

in equation (3.1). Here, the constants us and up, describe the uniform incoherent scattering on

sample molecule and background gas, respectively, and

Ch k2

is the Gaussian distribution of the ‘coherent’ background scattering.

3.2.3 Polarization

To additionally include the linear polarization of the XFEL beam, the scattering intensity needs
to be changes by the factor f,(k) = cos? 6 + cos? ¢psin?f = 1 — kSA/zﬂ', where 6 is the scattering
angle and ¢ the azimuthal angle relative to the direction of polarization [146]. As a result for each
scattering vector k the expected number of photons from coherent and Compton scattering is
reduced by fp(k). In contrast, the distribution of photons arising from Auger decay is unaffected.
For our forward model, we assume therefore that the Gaussian noise [}, is multiplied by this

factor while the uniform noise is not.
Accordingly, I, is replaced by
Lnp(R, Kk, p) = fp(k)(,(Rk) + Ip(k)) + us + up. (3.5)

, which now also depends on the molecular orientation. As result, rotating the molecule around
the beam axis does no longer rotate the scattering images, because the polarization orientation

is stationary. The likelihood becomes

l

P(ki,....k|p) oc/ dR I} exp (—Io/ dk Ip(R, K, p)> [[Ep® kip).  (3.6)
SO(3) E paiey
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3.2 Theory

3.2.4 Irregular detector shape

Most X-ray detectors have irregular shapes. For example, the AGIPD detector [141]| used at
the European XFEL is composed of 16 separate modules arranged as shown in Figure 3.1b.
Note that because the detector is flat, the distortion of the detector in k-space results from the
projection onto the Ewald sphere. In our forward model, the shape of the detector is encoded
in the detection probability pq(k) that a photon with scattering vector k is registered by the
detector. This allows for the inclusion of any detector shape. Also, this formalism can be used

include individual detection probabilities per pixel.

The resulting likelihood function is a straightforward extension similar to the above polarization,
the only difference being that here all photons are affected. As a consequence, the factors pq(k;)

in the product over i factor out and can be omitted because they do not depend on the images,

l
P(ki,....ki|p) o /S L (—Io / dk (k) Lnp(R. k, p)) T pa(ki) Lp(R. i, p)
3 E

=1 (3.7)

l
o / dR. I} exp (—IO / dk pa(k)Ip(R, k, p)> I 2R K, ).
SO(3) E i=1

3.2.5 Intensity fluctuations

The fluctuations of the incoming beam intensity Iy are described by a Gamma distribution
Iy ~ (I0)I'(«, ), where (lp) is the average intensity [147-149]. The shape and rate parameters
« and B depend on the specific free electron laser. For our forward model, we use a = 8 = 4,

which as has been measured for an XFEL operating at 32 nm wavelength [149].

To include these fluctuations within the likelihood function, an additional integral over Iy weighted

by the probability density of the Gamma distribution is required,

Pk, X | p)
x / Al I§ exp <_0> / dR I} exp <—IO/ dk pd(k)lnp(R,k,p)> HI(R, ki, p).

0 {To) / Jso) E Py
(3.8)

Conveniently, this integral can be carried out analytically, and the likelihood reads

B —l—Oé l
P(kly"'akl ‘p) X / dR < +/dkpd(k>IHP(R7 k:p7$)> HInp(Ra k”up) (39>
S0(3) (o) J& paley

Note that this likelihood does not include fluctuations due to the relative position of the sample

molecule within the beam; these will be included in the next section.
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3 Scaling behavior and noise tolerance

3.2.6 Hits and misses

Finally, we take into account that most pulses actually miss the sample molecule and, hence,
the resulting scattering image contains only noise. In fact, typical hit rates are below 1 to 10
percent [142, 150]. Unfortunately, in the very low signal to noise regime considered here, most
of the scattering images resulting from hits are indistinguishable from misses. Further, due to
the non-uniform beam profile, the beam intensity at the molecule position is reduced by an
approximately log-uniformly distributed factor 7 ~ LU (Mmin, 1). To see this, assume that for
each pulse exactly one sample molecule is placed at a position r uniformly distributed on a
disc of radius R. The squared norm of r is uniformly distributed, as seen by the calculation
p(r?=c) = p(||r||=1/<) <%r2\r:ﬁ>_l ~ y/¢/y/c = 1. Assuming a Gaussian beam profile with
standard deviation o, the logarithm of the relative intensity at r is logn = log(exp(—r2/(20?))) =

—1r2/(20%), which due to the previous calculation is uniform between 0 and 9y, = —R2/(202).

In the intensity function, the scattering intensities corresponding to scattering on the sample are
scaled by the relative intensity 1 wile those corresponding to scattering on the gas background

remain unchanged,
Lip(R, k1, p) = fo(K) (01, (RK) + Iy (K)) + usn + up. (3.10)

The likelihood function is obtained by integrating over 7 as a nuisance parameter, weighted by

the probability of the log-uniform distribution p(n) ~ 1/n,

—l—a !

i 8
o ( +f dkpd<k>fnp<R,k,n,,o>) TT oo (R i, 1, ).
1N Jso(3) E

1
P(k1>7kl|p)o</ <IO> .
- (3.11)

min

The likelihood function in equation (3.11) represents the so far complete forward model, including
incoherently scattered photons, background scattering, beam polarization, the irregular detector
shape, intensity fluctuations, and hits vs. misses. It will be used subsequently to determine

electron densities from synthetic scattering images.

3.3 Methods

3.3.1 Structure representation

Electron density functions of the reference structures were described by a sum of one Gaussian
bead per atom with position y;, heights h; and standard deviations o; assigned depending on

the atom type,

m

p(r) ZZ((TfL\/;?)SeXP <—2;2||r—yi!|2> : (3.12)

i=1
Electron density functions of the determined electron densities were described similarly, with one
common height h = h; and one common standard deviation ¢ = g; for all Gaussian function in

the above sum, which is treated as an unknown and determined together with the positions y;.
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3.3 Methods

3.3.2 Simulated scattering experiments

Synthetic scattering images were calculated using the forward model described in Section 3.2.1

as follows.

1. Draw the pulse intensity Ip ~ (Ip)I'(a, §), the relative intensity n ~ LU (min, 1), and a
random orientation R ~ U(SO(3)),

2. draw [ ~ Pois (Iopd7(27/X)*Lp(R, 0,7, p)) with the intensity function I, from eq. (3.10),

3. draw photon positions ki, ..., k; uniformly distributed on the Ewald sphere, and accept
each with probability pq(k;)Inp (R, ki, n, p)/Inp(R, 0,2, p).

This procedure was repeated for each scattering image with different seeds. Note that this
rejection sampling works correctly because the intensity function I,(R, k, 7, p) has its maximum
at k=0.

3.3.3 Computation of likelihoods

Likelihoods were computed according to equation (3.11) or (3.9). The integral over R was
approximated by a weighted average over a discrete set of orientations as described in detail
in our previous study [115]. Here, we used a precision of 23 for the Lebedev grid and 32
angular orientations, resulting in a total of 6208 orientations. Similarly, the integral over 7
was approximated by averaging over a discrete set 71, ...,n, of n = 10 values uniformly spaced
between 71 = 0 and 7, = 1, with weights w; = p((7;—1 + 1:)/2 < n < (ni+1 + 1:)/2), using the
notation g = 0 and 7,41 = 1.

3.3.4 Monte Carlo simulated annealing

The positions y; of the Gaussian beads, were determined using a hierarchical Monte Carlo
simulated annealing approach. As described in detail in our previous study [115], the sampling
challenge due to the high number of degrees of freedom at high resolutions is circumvented by
determining the structure in multiple hierarchical stages with an increasing number of Gaussian
beads. In each step, the density from the previous stage is used as a proposal density, greatly

increasing the sampling performance.

To resolve the electron density at reduced resolutions, a regularization procedure is used. To that
end, consider a smoothed version of the true electron density function p obtained by a convolution
with a Gaussian kernel, p = p * N'(c). The intensity function corresponding to this smoothed
version is, due to the Fourier convolution theorem, given by the pointwise product of the original
intensity function and the squared absolute value of Fourier transform of the smoothing kernel,
I5(k) = I,(k) - exp(—ok?). This means that scattering images corresponding to the smoothed
density p could be created from those arising from p by rejection sampling. These images could

then be used to determine the smoothed density.
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3 Scaling behavior and noise tolerance

In consequence, however, much of the available data would be lost. While this could be prevented
by averaging over all possible outcomes of this rejection procedure, this would come great
computational cost. Therefore, we developed a procedure to approximate this average. To that
end, the likelihood function from equation (3.11) was modified by shifting some of the photons
originating from the high resolution structure p to the background part of the intensity functions.
For this, let s(k) be the radial average of |F{p}|? (the powder spectrum of the sample molecule).
Then for each k the smoothed structure j scatters, on average, r(k) = s(k)(1 —exp(—o?k?)) fewer
photons with || k|| = & than the original structure p. By adding this function into the likelihood

function as an additional noise-like term,

. . IB —l—«
P(ki,....k | p) o</ dn. /80(3)dR (W +/Edkpd(k)(1np(R,k, ps1) +7“(||k||))> o)
l .

x [ [(Tup (R i, p,m) + r(|ki]),
1=1

min

the posterior is biased towards lower resolution densities. The radial distribution s(k) is
straightforwardly obtained from the scattering images by radial averaging and subtraction of the
expected contributions from the noise sources. For the subsequent density determinations for
Crambin we used the approximation s(k) = 2.5 exp(—6k?) + 0.15 exp(—2k?) + 0.13 exp(—0.6k2).

3.3.5 Structure alignment and resolution estimate

Because the orientations of the obtained electron densities are random and irrelevant, they were

aligned to each other by minimization of the cost function

IS I IR )
d(S) = - > minly; = Syjll + > min [ly; - Syj|. (3.14)
=1 7=1
Here, the vectors yi,...,y, and yi,...,y,, define the representation of two electron densities per

equation (3.12) and S is an orthogonal matrix S € O(3), describing both rotations and reflections,
as X-ray scattering images do not distinguish between mirror images.

The resolution of the aligned densities was calculated using Fourier shell correlations [120],

FSC(k) = Sl P1(K)* pa (k) dk |
Vi 17100 diey fpgy 152007 di

(3.15)

where p; are ps the densities to be compared and p denotes the Fourier transform of p. The
achieved resolution was determined as 27 /kgs., where a conservative threshold of ki is the value

at which the Fourier shell correlation drops below the conservative threshold of %2 [120].
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3.4 Results and Discussion

Because our Bayesian approach does not require to determine for each single image the orientation
of the molecule or whether it was a hit or not, it should also be able to extract electron densities
from a set of images where the number of photons per image is so small that indeed neither is
possible. We therefore tested if our method is able to extract electron densities in such a low
hit rate low signal-to-noise scenario. Further, we used our Bayesian framework to check that
orientation determination and hit classification are indeed not possible in this scenario. Finally,
because the Bayesian framework extracts all available information and is therefore particularly
well-suited for this, in this section we also analyze the scaling behavior with respect to the
expected number of photons per image and the amount of noise to allow one to estimate the

required number of images for given resolutions.

3.4.1 Density determination from noisy low hit-rate images

To test our method in this low hit rate low signal-to-noise regime, we selected the same 46-residue
protein Crambin [96] as in our previous studies [36, 115], and generated 107 synthetic scattering
images. Figure 3.1c shows a sample of these super-noisy images, where only the red-colored
photons are coherently scattered and thus carry structural information. The same average of 15
coherently scattered photons per central hit (n = 1) as in our previous study [115] was chosen
such that (as will be demonstrated below) the orientations for each image cannot be determined.
Further, on average 15 normally distributed photons from elastic scattering on background gas
were added, and for inelastic scattering on both the sample molecule and the background gas,
on average 135 (90 %) uniformly distributed photons were added each, as should be achievable
from experiments [34, 118, 142|. The relative radial distributions of these photon sources are
shown in Figure 3.2. Note that these photon numbers refer to all scattered photons, in any
direction. Therefore, only a fraction of these photons actually arrive at the detector. The hit
rate was chosen to be about 2%, in the sense that 2% of the images contained more than 5
signal photons, with an even smaller fraction of only 0.1% of the images containing more than
15 signal photons. For each image, the distribution of the relative intensity n as in Section 3.2.6
was 1 ~ LU(10719 1), As a result of this setup, for the whole set of 107 simulated images, 2% of

all the recorded photons were signal photons, and for the central hits 25% were signal photons.

Despite this super-low signal-to-noise ratio, Figure 3.3 shows that still some electron density
was recovered. Although at this relatively low resolution the electron density is not accurately
recovered, the main features of the molecule are clearly visible. This finding is supported and
quantified by the Fourier shell correlation (Figure 3.3c), which provides a conservative resolution
estimate of 10.2 A. Here, two hierarchical stages were used, with density representations consisting
of 12 and 23 Gaussian functions, respectively. Although no atomistic resolution was achieved, the
obtained resolution is markedly higher than the FSC-resolution of the reference density relative

to a perfectly spherical object (described by just one Gaussian bead) of about 18 A
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Figure 3.2: Radial photon distribution for a central hit. Shown are coherent scattering on the sample molecule
hit (blue), Gaussian background scattering (orange) and incoherent uniformly distributed scattering (green). For
the vast majority of images the relative amount of signal photons is much smaller than shown here.
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Figure 3.3: Electron density determination for Crambin. a Reference electron density. The reference density was
smoothed to allow for a better comparison at this resolution level. b Reconstructed electron density. ¢ Fourier
shell correlations show the achieved resolution of 10.2 A.

3.4.2 Hit classification and orientation determination of single images

To test if in the above scenario it is indeed not possible to accurately identify which of the images
are hits, we generated 10 scattering images with the same parameters as above, and for each
image compared the true value for the relative intensity 7 at the molecule position with the
corresponding maximum likelihood estimates. For this, equation (3.11) served as the likelihood
function for the relative intensity 7, excluding the integral over 7. Note that in order to calculate
the likelihood via equation (3.11), one has to assume that the true structure is known. Therefore,
if hit selection is not possible in this ideal case, it will certainly not be possible in the realistic

case where no structure would be known a priori.

Figure 3.4a shows for each image the true value for n and the corresponding maximum likelihood
estimate 7). Note that the visible vertical ‘line’ at 7 = 0 is a consequence of the log-normal
distribution of 7, and the horizontal 'lines’ at 7, = 1 and arises from the fact that, statistically,

some images will appear as if n was higher than one, but only values for 7, < 1 were tested.
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The maximum likelihood estimates alone do indeed not suffice to uniquely select the hits, here
defined as images with n > 0.01. For instance, while selecting only the images with a maximum
likelihood estimate of 7, = 1 would result in set of nearly exclusively hits (true positive rate
90 %), much information would be lost as only a small fraction of the true hits would be selected
(true discovery rate 5%). Opting for a smaller threshold of, say, 7y, > 0.1 would result in
an increased true positive rate of 50% but the true discovery rate would fall to 30%. This is
further shown in 3.4b, which compares the true discovery rate with the true positive rate for
thresholds for 7y, from 0 (upper left) to 1 (lower right). It is clearly visible how a higher true
positive rate comes at the cost of a reduced true discovery rate. Importantly, this suggests that
no other classification algorithm could achieve significantly more accurate classifications, because

the likelihood function captures all available information.

A similar approach was used to test to what extent it is possible to determine the molecular
orientation for each image. To this end we used equation (3.9) as a likelihood function for R, but
without the integral over R. Again 10? images were generated. To simplify the analysis, only
central hits (images with n = 1) were considered. Figure 3.4c shows the obtained distribution
of the rotation angle ¢ between the maximum likelihood orientations and the true orientations
for these images. As can be seen, for most of the images the maximum likelihood estimate is off
by over 90°. Comparison with a uniform distribution on the rotation group SO(3) (orange line)
shows that the maximum likelihood estimates are only marginally more accurate than random
guesses. In a realistic scenario without prior knowledge of the structure the estimate would be
even worse, even more so for the vast majority of non-central hits. To assess the significance
of this result, consider the above protein crambin. To achieve even the low resolution of 10 A
by conventional superposition of oriented images, an orientational accuracy of 60° would be

required [70].

Interestingly, the distribution for the estimated orientation shows a pronounced peak at ¢ = 7.
The reason for this is is that, due to Friedel’s law, the intensity function is antipodally symmetric
(Ip(k) = 1,(=k)), such that I,(k) = I,(R.(m)k), where R.(7) is a rotation by 180° around the
beam axis and k is a scattering vector on the Ewald sphere. This would in fact be an equality
in the limit of A = 0 for which Ewald curvature becomes negligible. No such peak is visible at
¢ = 0 due to the vanishing amount of rotations with small rotation angles in SO(3), as is also

seen in the rotation angle distribution for the uniform distribution which vanishes near ¢ = 0.

3.4.3 Required number of images and scaling behavior

Finally, we asked how many images are required to achieve given resolutions and, further, sought
to understand how the required number of images depends on parameters like the expected
number of photons per image or the amount of noise. To that end, a large number of independent
refinement runs were performed for different values of these parameters (50 to 100 replicas
per value), with independently generated synthetic images each. To reduce the substantial
computation cost of this parameter scan, we here considered only central hits (images with n = 1)

and used the corresponding likelihood function from (3.9).
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Figure 3.4: a True relative intensities 7 and corresponding maximum likelihood estimates for 10* scattering
images of Crambin. b True discovery rate vs true positive rate for thresholds for the maximum likelihood estimate
Nm1 from 7m1 > 0 (upper left) to 7, > 1 (lower right). ¢ Rotation angle ¢ between true orientation and maximum
likelihood orientation for 10* scattering images of Crambin, calculated using 10* test orientations. For reference,
the distribution of rotation angles for a uniform distribution on SO(3) is shown, given by p(¢) = (1 — cos(p))/m.

Some of these runs resulted in implausible resolutions on the order of 100 A, particularly for very
low numbers of images. Inspecting the corresponding densities showed that this was caused by
some Gaussian beads diverging to infinity. For the subsequent analysis, these values were set to
the ‘worst case’ resolutions of the sample molecule relative to the density described by just one

Gaussian function.

Figure 3.5a and 3.5¢ show the achieved FSC-resolution for each of these independent runs (dots),
and the average achieved resolution (lines) for each parameter value. Interestingly, in both cases
there seem to be two regions with different relationships between the resolution and the number
of images, with a change in slope at around 13 A resolution. We attribute this to the fact that,
as shown in Figure 3.2, the amount of signal photons (and also the signal-to-noise ratio) is much
higher for k below the threshold 27 /(13A) ~ 0.48 A corresponding to this resolution than

above.

In both Figure 3.5a and 3.5¢, the resolution increases only very slowly with the increasing number
of images. This also means that the required number of images increases exceedingly quickly with
increasing resolution. For example, for resolutions higher than 13 A, to increase the resolution
by only 1 A seems to require roughly a 10-fold increase in the number of images. Extrapolating
to higher numbers of images suggests that 108 to 10'° hits would be required to resolve crambin
at a resolution of 6 A, and 10'2 to 10 hits for 3 A resolution (assuming log-linear behavior
outside of the sampled range). Considering that the proportion of signal photons decreases
further with increasing resolutions and that we have here only considered central hits, this is a

most conservative estimate, and the required number of images may turn out to be even higher.

To calculate how the required number of images depends on the expected number of photons per
image, we calculated for each number of photons and a few resolution thresholds the number of
images at which the average obtained resolution becomes lower than that threshold. Figure 3.5b
shows these required numbers of images as thick lines. As can be seen, the required number of
images is well described by an inverse quadratic relationship Nyeq = O(1/n?) (thin lines), where

n is the expected number of photons per image. Indeed, only the lines corresponding to 16 A
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and 17 A differ much from this quadratic relationship, likely because these resolutions are barely
below the worst case resolution of about 18 A between the reference structure and a perfectly
spherical object. For these two thresholds the required number of images also becomes close
to one, and for obvious reasons always at least one image is required, such that the quadratic

relationship cannot hold universally.

This finding strongly suggests that the amount of structural information per scattering image is
proportional to the square of the number of signal photons n?. This is somewhat unexpected, as
one might expect that each additional photon should contain the same amount of information,
which would imply a linear relationship. Despite this, the quadratic relationship can be explained
by the following argument mimicking an orientation determination algorithm. Suppose that,
instead of the scattering images, we are given a list of vectors ki, ..., ky, where the k; drawn
independently from the distribution defined by |F{p}(k)|?, and known with an uncertainty o.
Because these are independent data points, the uncertainty of the estimate for the electron density
p should be roughly proportional to o/ V/N. To relate this to the problem at hand, consider
that we may estimate the molecule orientation R for each image ki, ..., k,, with an uncertainty
roughly given by or ~ 1/4/n. The images can then be combined into a list of vectors as above,
each image contributing the vectors Rkj, ..., Rk,. The uncertainty of these vectors should then
largely be given by the uncertainty of the orientation estimate, o ~ ogr. While this does not
result in completely independent data points, the uncertainty of the electron density estimated
from this should still be o, ~ or/y/nm = 1/(ny/m), where m is the number of scattering images.

Finally, solving this equation for m yields the quadratic scaling m ~ 1/(n’a,).

Having understood the scaling behavior in the number of photons, we next looked at the effect of
the noise photons, using a similar method as above. For this, the intensity of all sources of noise
photons was scaled linearly, with a value of 0 corresponding to zero noise and 1 corresponding to
the model described in Section 3.4.1. For each noise amount and for a few resolution thresholds
we determined the number of images at which the average obtained resolution (shown in Figure
3.5¢) becomes lower than that threshold. Figure 3.5d shows these required numbers of images
divided by the number required in the noise-free case as well as corresponding 90%-confidence
intervals computed using bootstrapping. While no simple relationship is apparent, there is a very
steep increase in the number of images required for 12 A and 14 A resolution already for very
small amounts of noise. This behavior can be explained in the using the same point-cloud model
as above, in which the additional noise photons act both as additional points and by reducing the
accuracy of the orientation estimate ogr, and these effects combine to cause the steep increase
in the required number of images. It is also clearly visible in Figure 3.5d that the effect of the
noise becomes stronger for higher resolutions. This is plausible, as the number of photons noise

photons increases with increasing magnitudes of the scattering vector.

Because the accuracy of orientation estimates seems to be an essential factor, we investigated it
more closely. Figure 3.6 shows how this accuracy depends on the expected number of photons
per image and the amount of noise. It is indeed clearly visible that the addition of small amounts
of noise does affects the accuracy of the maximum likelihood estimates for the orientation.
From Figure 3.6a, it can extrapolated how many photons per image are required for successful

orientation determination. For instance, to estimate the orientation to within 0.37 = 54° about
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Figure 3.5: Scaling behavior in the number of photons and amount of noise. a Achieved resolution for 50
independent density determination runs for each number of images and each expected photon count (dots) and the
corresponding averages (lines). b Required number of images as a function of the expected number of photons and
the resolution with quadratic relationships for comparison (thin lines). ¢ Achieved resolution for 100 independent
density determination runs for each number of images and each amount of noise (dots) and the corresponding
averages (lines). Here, a value of 0 corresponds to noise-free images and a value of 1 to the amount of noise as
described in Section 3.4.1. d Factor by which the required number of images increases relative to zero noise as a
function of the amount of noise for different resolution thresholds (lines) with 90%-confidence intervals calculated

using bootstrapping (shaded areas).
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Figure 3.6: Average error of the maximum likelihood orientation estimate as a function of a the expected
photon count and b the amount of noise, calculated using 10* synthetic scattering images and 1000 random test

orientations each for each value.
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Figure 3.7: Scaling behavior in the molecule size. a Achieved resolutions for 10 independent density determination
runs for 4 different test proteins (PDB entries SAWL, 1JLZ, 1ARE and 1EJG) and each number of images (dots)
and the corresponding averages (lines), with the corresponding ‘worst case’ resolutions of the reference densities
relative to perfectly spherical objects (horizontal lines). Note that, in particular for low numbers of images, some
of the runs resulted in implausible resolutions on the order of 100 A, caused by one or more Gaussian beads
diverging to infinity. For this analysis, these values were set to the corresponding ‘worst case’ resolutions, visible
as the dots directly on the horizontal lines.

100 photons per image are required at zero noise, but about 400 photons are required with the
full amount of noise photons. Note however, that as discussed above, these are estimates using
the true protein structure, such that in a realistic setting were the structure is not known a priori

these numbers will be higher.

Finally, we asked how the size of the sample molecule affects the achieved resolutions. To answer
this question, we selected 4 protein structures (5AWL, 1JLZ, 1ARE and 1EJG [96, 97, 151, 152])
from the Protein data bank [130], and for each performed a large number of independent density
determination runs (Figure 3.7). The forward model was chosen as above, with on average 15
coherent photons per image for crambin (1EJG) and appropriately fewer for the smaller proteins,
down to an average of 2-3 for chignolin (5AWL). Figure 3.7 shows the achieved resolution of
a large number of independent density determination runs depends on the number of images.
As can be seen, for the two smallest proteins the image numbers were not sufficient to achieve
resolutions higher than the respective ‘worst case’ values. Unfortunately, while for the two largest
proteins considered here a small increase in the required number of images for the same resolution
is seen, the data are so far insufficient to determine the exact relationship between molecule size

and required images.
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3 Scaling behavior and noise tolerance

3.5 Conclusion

Here we have demonstrated electron density determination from highly noisy low hit rate single
molecule X-ray scattering images using a Bayesian approach. This approach takes into account
many experimental effects such as intensity fluctuations, hits and misses, polarization, irregular
detector shapes, incoherent scattering, and background scattering. Our simulated scattering
experiments show that electron densities can be reliably determined even in this extreme low hit
rate and high noise regime. Furthermore, our results show that our Bayesian approach does not
require image classification into hits and misses, which is particularly important because, as we
have demonstrated, such a classification as well as orientation determination becomes impossible

at the low signal-to-noise ratios considered here.

Despite the super-high noise-level, out approach was able to determine the electron density of
the small globular protein Crambin at a resolution of 10.2 A, which, due to its small size is a
particularly challenging test case. While this is still a relatively low resolution, higher resolutions
should be achievable, albeit requiring a larger number of images. This is further supported by our
analysis of the scaling behavior. While extrapolation of our data suggests that for an atomistic
resolution of 3 A an unrealistic number of 1012 to 10'* images would be required, already slightly
reduced resolutions of, say, 6 A require substantially fewer images and should therefore within

reach.

Our scaling results suggest that for larger proteins even more images would be required for the
same absolute resolutions. However, for a similar relative resolution, that is, a similar protein size
to resolution ratio, our quadratic scaling result for the number of photons per image implies that
much fewer images would be required. Notably, our finding that the required number of images
increases with the molecule size may at first glance seem to contradict the previous finding that
the achievable resolution should increase for larger molecules [50]. However, in the latter case,
this refers to the resolution that can be achieved using an orientation determination approach in

the limit of infinitely many images, and does therefore not contradict our finding.

This scaling behavior in the molecule size is also compatible with our previous finding that
about O(m®) images are required to resolve a structure consisting of m Gaussian functions [115],
because here we additionally took into account the increase in the number of signal photons
and the signal-to-noise ratio for larger proteins. Similarly, this result should also be compatible
with other analyses of the size dependence that have come to the conclusion that the achievable
resolution should be independent of the molecule [124, 153|, because these focused on larger
specimen where orientation determination is possible for each image. The scaling behavior clearly
deserves further analysis. It will be very interesting to see how the achievable resolutions depend

on other parameters, like, for instance, the distribution of the background noise.

While we have here only considered single structures or electron densities, our Bayesian method
also allows one to extract structural ensembles [115]. Although not explicitely tested, this should
also be possible from the noisy images considered here, albeit requiring more images. In our
previous study [115] we further found that extracting such a structural ensemble consisting of n

conformers requires only O(n?) images. For instance, determining a structural ensemble of, say,
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2 conformers at 10-12 A resolution would only require 4 times as many images, which should
be within reach of current experiments. This is particularly noteworthy because such structural

ensembles already offer valuable insights at much lower resolutions than single electron densities.

The main bottleneck of our approach is its high computational cost, particularly for high
relative resolutions and for larger molecules. To address this, improved optimization or sampling
methods will be essential, in combination with the use of prior structural information from
structure databases, AlphaFold [21], or molecular dynamics force fields. Alternatively, reduced
resolutions require much fewer degrees of freedom to represent and present a substantially smaller
computational problem. In particular in combination with structural ensembles this will be a

worthwhile route to pursue.

While our results show how our Bayesian approach should be well-suited for structure
determination from noisy single-molecule X-ray scattering images, we have so far only assessed
its performance and accuracy on synthetic scattering images or on preprocessed images of much
larger virus specimen [115]. Although the forward model presented in this work is already quite
realistic, it will still need to be calibrated and expanded for a future application to experimental

data. In particular, some further experimental effects will have to be included.

For instance, we have so far neglected detector noise. The reason is that it presents an unexpected
computational challenge. To see why this is the case, consider a simple model in which, in addition
to the scattered photons, each detector pixel has a certain probability to be false positive. The
amount of the resulting false positive photons would be Poisson distributed, but independent of
the beam intensity Iy. Therefore, the distribution of the photons would no longer be independent
of Iy (for example, at high Iy each photon would have a much lower probability to be false
positive than for low Iy). Consequently, Iy would also appear in the product over ¢ in equation
(3.8), such that the integral over Iy would no longer have a simple analytical expression. In fact,

it would have to be reevaluated for each image, at great computational cost.

We have also not yet accounted for a possible solvation shell around the molecule. While fully
disordered water would have the same effect as the background scattering and fully ordered
water would simply be included in the resulting electron density, partially ordered water poses a
challenge. The two main routes to its inclusion are treating is as additional conformers, or as an
additional nuisance parameter (in principle, by integrating over all possible water configurations
in dependence on the electron density). Here, molecular dynamics approaches will be particularly
helpful.

We have also not accounted for multi-hits, in which more than one sample molecule would be
present in the beam focus at the same time. An exact treatment in terms of an additional
nuisance parameter would require a sum over the number of molecules and computationally
expensive integrals over their relative orientations. For cases where the fraction of multi-hits is
not too high, an alternative could be to treat the multi-hits as additional conformers, discarding

the structural information provided by the respective images.

Finally, the effect of the Coulomb explosion of the sample molecule is noteworthy. While this

effect should be negligible at the resolutions considered here, as the atoms in the molecule move
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3 Scaling behavior and noise tolerance

only by up to 2A during exposure [118], it is remarkable that to include their motion within the
likelihood would come at almost no computational cost. The reason for this is that, as long as this
motion is approximately deterministic, the value of the corresponding nuisance parameter (the
time of scattering within the pulse duration) is independent for each scattered photon instead of
for each image, in contrast to, say, the molecular orientation. Therefore, this effect can be taken
into account simply by appropriately modifying the intensity function. It should be possible to

include realistic simulations of the effects of radiation damage in a very similar way [154-156]

In the long run, and in addition to the effects analyzed and implemented here, other effects
will becomes relevant and will have to be included. This will likely be possible in a similarly
straightforward and systematic manner as demonstrated here, again highlighting the great
advantage of the Bayesian approach. The calibration of the forward model considered here
and the inclusion of these additional effects will be crucial for future protein structure and

structural ensemble determination from single-molecule X-ray scattering experiments.
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Chapter 4

Time-lagged Independent Component
Analysis of Random Walks and Protein

Dynamics

The following text has been published as

S. Schultze and H. Grubmiiller: Time-lagged Independent Component Analysis of Ran-
dom Walks and Protein Dynamics, Journal of Chemical Theory and Computation, 2021 [157].

This project was initiated after observations by Nicolai Kozlowski, Andreas Volkhardt and Helmut
Grubmuiller. I carried out the research and wrote the manuscript. Helmut Grubmiiller supervised

the research and revised the manuscript.

Abstract

Time-lagged independent component analysis (tICA) is a widely used dimension reduction method
for the analysis of molecular dynamics (MD) trajectories and has proven particularly useful for
the construction of protein dynamics Markov models. It identifies those ‘slow’ collective degrees
of freedom onto which the projections of a given trajectory show maximal autocorrelation for
a given lag time. Here we ask how much information on the actual protein dynamics and, in
particular, the free energy landscape that governs these dynamics the tICA-projections of MD-
trajectories contain, as opposed to noise due to the inherently stochastic nature of each trajectory.
To answer this question, we have analyzed the tICA-projections of high dimensional random
walks using a combination of analytical and numerical methods. We find that the projections
resemble cosine functions and strongly depend on the lag time, exhibiting strikingly complex
behaviour. In particular, and contrary to previous studies of principal component projections, the
projections change non-continuously with increasing lag time. The tICA-projections of selected
1 us protein trajectories and those of random walks are strikingly similar, particularly for larger
proteins, suggesting that these trajectories contain only little information on the energy landscape
that governs the actual protein dynamics. Further, the tICA-projections of random walks show
clusters very similar to those observed for the protein trajectories, suggesting that clusters in the

tICA-projections of protein trajectories do not necessarily reflect local minima in the free energy
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4 tICA of Random Walks and Protein Dynamics

landscape. We also conclude that, in addition to the previous finding that certain ensemble
properties of non-converged protein trajectories resemble those of random walks, this is also true

for their time correlations.

4.1 Introduction

The atomistic dynamics of proteins, protein complexes, and other biomolecules is exceedingly
complex, covering time scales from sub-picoseconds to up to hours [158, 159|. It is governed
by a similarly complex high-dimensional free energy landscape or funnel [160|, characterized
by a hierarchy of free energy barriers [1|, and has been widely studied computationally by
molecular dynamics (MD) simulations [99]. With particle numbers ranging from several hundreds
to hundreds of thousands or more [100-103], the correspondingly high-dimensional configuration
space of the system poses considerable challenges to a fundamental understanding of biomolecular
function, e.g., of the conformational motions of these biological ‘nano-machines’ [17, 161], protein

folding [98], or specific binding.

Several attempts to reduce the dimensionality of the dynamics have addressed this issue. Most
notable approaches are principal component analysis (PCA) to extract the essential dynamics [104]
of the protein that contributes most to the atomic fluctuations, and time-lagged independent
component analysis (tICA), which identifies those collective degrees of freedom that exhibit the
strongest time-correlations for a given lag-time [105, 106]. Both dimension reduction techniques
can yield information on the conformational dynamics of a protein, i.e., how the protein moves
through several conformational substates, which can be defined as metastable conformations

characterized by local free energy minima [162].

This property also renders these dimension reduction techniques highly useful as a pre-processing
step to describing the conformational dynamics of macromolecules in terms of a discrete Markov
process [107-109]. Currently tICA is most widely used, and it is preferred over PCA for this

purpose [110] because it additionally uses time information of the input trajectory.

In this context, both PCA and tICA rely on MD trajectories as input, which raises the question
how much of these analyses is determined by actual information on the protein dynamics, as
opposed to noise due to the inherently stochastic nature of each trajectory, and, importantly,

how these two can be quantified.

For PCA, this question has been answered by analysis of the principal components of a high-
dimensional random walk in a flat energy landscape [111, 112]. Unexpectedly, these turned out
to approximate cosine functions, thus providing a very powerful criterion for the convergence
of MD trajectories: The more an MD trajectory resembles a cosine, quantified by the cosine
content [111], the more it resembles a random walk, and the less information it contains on the

actual protein dynamics or the underlying free energy landscape.

These analyses [111, 112] have also suggested that clusters observed in low-dimensional PCA
projections do not necessarily imply the existence of conformational substates and, instead, may

also be a stochastic and/or projection artefact. Particularly the latter finding is highly relevant
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for the use of PCA for the construction of Markov models [109], which thus may also in part reflect
the randomness of one or several trajectories. Note that this holds also true — albeit probably
to a lesser extent — for the construction of Markov models from several or many trajectories, as
these have to be spawned from a seeding trajectory or from starting structures generated from

other advanced sampling methods [162-165|.

For tICA, no such analysis is available, but inspection of several examples suggests that similar
effects may also be at work [113, 114]. To address this issue, here we will therefore analyze
the tICA-projections of high dimensional random walks, and subsequently compare them to
tICA-projections of selected protein trajectories. In particular, we will semi-analytically derive
an expression for random walk tICA-projections, which will prove analogous to the PCA cosine
functions and thus can also serve as a criterion for convergence as well as for the quality of
derived Markov models. Unexpectedly, and contrary to the regular behaviour of random walk
PCA projections, tICA-projections turn out to display much more complex behaviour. In
particular, we observed critical lag times at which the random walk projections change drastically
and — for high dimensions — even discontinuously. The resulting much richer and more intricate
structure of random walk projections renders the proper interpretation of tICA-projections of
protein dynamics trajectories particularly challenging, and has profound implications for the

proper constructions of Markov models.

4.2 Theoretical Analysis and Methods

4.2.1 Definition of tICA

To establish notation, we briefly summarize the basic principle of tICA; for a more comprehensive

treatment with particular focus on molecular dynamics applications, see Ref. [166].

Consider a d-dimensional trajectory x(t) = (z1(t),...,zq(t))T € R? with Cartesian coordinates
x1,...,Tq, which for compact notation we assume to be mean-free, that is, the time average
(x(t)), is zero. TICA determines those ‘slowest’ independent collective degrees of freedom vy, € R,

k=1,...,d, onto which the projections yi(t) = vi - x(t) have the largest time-autocorrelation

{yr(B)yr(t + 7)),
w@®?),

where 7 is a chosen lag time. Equivalently, using the time-lagged covariance matrix

C(r) = (<xi(t)xj(t + T)t>)2.j e R¥x4,

each degree of freedom vy maximizes
vi C(7)vy
vIC(0)vy
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4 tICA of Random Walks and Protein Dynamics

under the constraint that it is orthogonal to all previous degrees of freedom. Hence, the v are

the solutions of the generalized eigenvalue problem
C(T)Vk = /\kC(O)Vk. (4.1)

We will use the term ‘tICA-eigenvector’ for the vi and ‘tICA-projection’ for the projections yg
onto the tICA-eigenvectors. In the literature, the term ‘tICA-component’ is often used, but it is

somewhat ambiguous and we will therefore avoid it.

For an infinite trajectory of a time-reversible system the matrices in this eigenvalue problem are
symmetric. However, for the finite trajectories considered here, with time steps t = 1,...,n, the
matrix C(7) is usually not symmetric. There are two slightly different symmetrization methods
that circumvent this problem. The more popular one, which we denote the ‘main’ method,
uses an estimator that replaces the simple time-lagged averages above by averages over all pairs
(x¢, X¢4r) and (X¢y7,%¢), following e.g. Noé [166] and the popular software package PyYEMMA
[122]. As a result, on the left hand side of equation (4.1) C(7) is replaced with

N | =

CSym(T) =

(C(r) + C(n)7) = (;n L - (Z wB)s(t )+ 3 (e + T)xj(t)>>
t=1 t=1

ij

and on the right hand side C(0) with

>= (iniT (Z wi(t)z;(t) + in(t+7)$j(t+T)>> 7
ij

t=1 t=1

yielding a symmetrized version of equation (4.1) with real eigenvalues,
Csym(T)Vk = )\kilvk. (4.2)

The second ‘alternative’ symmetrized version of equation (4.1) only differs on the right hand side,
where C(0) is not replaced with 3,

Csym(T)Vk = )\kC(O)Vk. (4.3)

Our analysis is very similar for both versions, though with unexpectedly different results.

4.2.2 Theory

To render this symmetrized generalized eigenvalue problem more amenable to analysis, and

following Ref. [167], we define a matrix formed from the trajectory
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as well as a shorter time-lagged matrix

| | |
Xiag = | x(74+1) x(t+2) ... x(n)

| | |
and one that is cut off at the end

Xcut: X(l) X(Q) X(n—T)

The latter two matrices serve to re-write the above left and right hand sides,

1 1
Csym (T) = 5 n—1 (Xcutxlj;g + XlagXZ;t)
and L1
Y= on_ (XlagXigg + XcutXCTut) )

and, hence, also the symmetrized tICA-equation,
(XeutXhy + XiagX ) Vi = M (XiagXihg + XeutXie) Vi - (4.4)

This defining equation (4.4) for tICA can be converted into a more convenient form using the

matrices
070 1
0 )2\)
1
A =
=
1 0 «onn.. 0
and

Noting that
(XeutXhy + XiagXEy) = XAXT, (Xiag Xy + XeutX{y) = XBXT,

cut

equation (4.4) reads
XAXTv, =\ XBXTv,, . (4.5)
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This can be transformed into a normal eigenvalue problem using the AMUSE-algorithm [168, 169]
as follows. First diagonalize the right hand side by an orthogonal matrix Q and a diagonal matrix
A such that

QTXBX"Q = A.

Substituting v, = Wuy, with W = QA~/2, and assuming all diagonal elements of A are
nonzero, yields

XAXTWu, = M\ XBX Wy, .

Note that this assumption is actually not necessarily true here, but since we are only interested
in the nonzero eigenvalues and their eigenvectors the end results will still be correct. Since W is

invertible, this equation is equivalent to
WIXAXT"Wu, = M WIXBXT"Wu,,,
where the matrix on the right hand side turns out to be the unit matrix,
WIXBX'W = A~ 12QTXBXTQA /2 = A"1/2AN2 = 1.

Hence equation (4.5) simplifies to

WIXAXTWuy, = \uy, . (4.6)
Now consider the following ‘swapped’ version [167]:

XTWWTXAy, = My (4.7)

Notably, for each yj, satisfying equation (4.7) there exists a corresponding eigenvector that solves

equation (4.6). Indeed, choosing up = W7 XAy}, yields
WIXAX"Wu = WIXAXTWWTXAy = WIXAMNyL = \pug.

Finally, up to normalization, y; is the projection of the trajectory onto the corresponding
v = Wuy,
XTv, = XTWu, = XTWWIT XAy, = \eye.

In other words, the tICA-projections of the trajectory are the eigenvectors (with non-zero
eigenvalues) of the matrix M = XTWWTXA. We will use this reformulation of the tICA
defining equation to calculate the tICA-projections of random walks of given finite dimension

and length.
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4.2.3 Random Walks

For the numerical and semi-analytical evaluation of tICA components, random walk trajectories

x(t) € R? of dimension d were generated by carrying out n steps according to
x(t+1) =x(t) +r(t), r(t) ~ N,

where N is a d-dimensional univariate normal distribution centered at 0. Each trajectory was
centered to zero before further processing. We verified empirically that other fixed probability

distributions with mean 0 and finite variance yield similar results.

4.2.4 Molecular Dynamics Simulation

For two proteins a 1 us molecular dynamics trajectory each was analyzed (Andreas Volkhardt,
private communication). Both were generated using the GROMACS 4.5 software package [170]
with the Amber ff99SB-ILDN force field [171] and the TIP4P-Ew water model [172]. The starting
structures were taken from the PDB [130] entries 11AS [173] and 2F21 [174], respectively. From
the latter, only a part of the structure (the WW-domain) was used. Energy minimization
was performed using steepest descent for 5 - 10* steps. The hydrogen atoms were described
by virtual sites. Each protein was placed within a triclinic water box using gmx-solvate, such
that the smallest distance between protein surface and box boundary was larger than 1.5nm.
Natrium and chloride ions were added to neutralize the system, corresponding a physiological
concentration of 150 mmol/l. Each system was first equilibrated for 0.5 ns in the NVT ensemble,
and subsequently for 1.0ns in the NPT ensemble at 1 atm pressure and temperature 300K, both
using an integration time step of 2fs. The velocity rescaling thermostat [132] and Parrinello-
Rahman pressure coupling [133] were used with coupling coefficients of 7 = 0.1 ps and 7 = 1ps,
respectively. All bond lengths of the solute were constrained using LINCS with an expansion
order of 6, and water geometry was constrained using the SETTLE algorithm. Electrostatic
interactions were calculated using PME [136], with a real space cutoff of 10A and a fourier
spacing of 1.2 A. The integration time step was 4 fs, and the coordinates of the alpha carbons
were saved every 10 ps, such that 10° snapshots were available for each trajectory. Of these we

discarded the first 10* steps, leading to trajectories of length n = 9 - 104

4.3 Results and Discussion

To characterize the tICA components and projections of random walks, we will proceed in two
steps. We will first analyse a special case, for which some analytical results can be obtained.
Second, we will use the obtained insights to generalize this result to random walks of arbitrary
length n and dimension d using a combined analytical /numerical approach. Subsequently, we

will compare the obtained random walk projections to tICA analyses of biomolecular trajectories.
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4.3.1 A Special Case

To gain first insight into the tICA components of a random walk, first consider the special case
d = n, which allows for an almost fully analytical approach. In this case, all matrices in equation

(4.7) are square and, assuming that X is invertible,

-1

XTWWTX = XT(XBX?) X = XX "B 'X"'X =B},

such that equation (4.7) becomes independent of X,
B 'Ayi = \iys. (4.8)

Note that the assumption that X is invertible is not strictly correct, as it has one zero-eigenvalue
associated to the eigenvector given by yo = (1,...,1)T. This is also an eigenvector of B~ A, but
instead with eigenvalue 1. Therefore all the eigenvectors and all but one eigenvalue of equation

(4.7) are identical to those of equation (4.8), and the analysis can proceed using equation (4.8).

In the limit of large n, and using the above definitions for A and B, the matrix B~ A approaches
a circulant matrix with the property that each of its columns is a cyclic permutation of the
preceding one. It differs from a circulant matrix only at the four ‘corners’ (of size 7) of the
matrix, and for large n = d these ‘corners’ become small relative to the size of the matrix. More
precisely, B"'A and the circulant matrix are asymptotically equivalent as in defined in Ref.
[175].

Circulant matrices are diagonalized by the Fourier transform [176], yielding eigenvectors are

- _ K
Yie = (1,wk,w,%, Wy 1) ) WE = exp (2771) .
n
and eigenvalues
T + n—r k
A = % = cos (27TT> : (4.9)
n

These eigenvectors are complex, but since A\, = A\,_ and y, =y, _,, the real and imaginary
part of ¥ (cosine and sine) are real eigenvectors for the same eigenvalues. Depending on 7 and

n, many of these eigenvalues are equal, since they only depend on 7k mod n.

This result implies that for large n = d the eigenvalues of B"'A approach those of the circulant
matrix. More precisely, their eigenvalues asymptotically equally distributed [175]. In contrast,
the eigenvectors are only preserved in limits or under small perturbations if the respective
adjacent eigenvalues are well-separated from each other [177]. For the case at hand, however, this
eigenvalue separation very quickly approaches zero for small £ and large n (and for other k with
| cos(2m7k/n)| = 1). As a result, the eigenvectors of B~1 A for small k& (and other k as before)
differ from those of the circulant matrix even in this limit. Rather, they need to be represented
as approximate linear combinations of those eigenvectors of the circulant matrix with similar

eigenvalues.
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This subtlety contributes to the complexity of the problem as well as of the solution, and has so
far prohibited us from proceeding further purely analytically both for finite d = n as well as for
d =n — oco. Nevertheless, the eigenvalue problem equation (4.8) provides a good starting point
for a numerical approach. Still, the degeneracy discussed above needs to be taken properly into

account, as the numerical eigenvectors are essentially arbitrarily chosen from the eigenspaces.

Inspecting the Fourier transforms of the numerical eigenvectors suggests that the eigenspaces of

equation (4.8) for small k£ each contain an eigenvector that resembles a cosine function

tk
t) ~ —
yr(t) cos(wn),

with increasing accuracy for increasing n.

Another effect of the poor separation of the eigenvalues is that the above results are very sensitive
to small changes to the matrix in equation (4.8). E.g., using the alternative symmetrization
method defined by equation (4.3), the analysis in Section 4.2.2 is unchanged, except that all

diagonal entries of B become 2, and equation (4.8) reads

1
§AYk = Ak -

For n = d — oo, the same circulant matrix is obtained, such that the eigenvalues, equation (4.9),

are unchanged. The numerical solution however reveals that the first few eigenspaces instead

yi(t) ~ sin <27rtk) .

n

contain eigenvectors given by

This result is indeed strikingly different, in that the cosine functions are replaced by sine functions

with twice the frequency.

4.3.2 General Solution

Next, we will consider the general case, i.e., a random walk of length n in d < n dimensions.
Unfortunately, we were unable to find analytical solutions similar to the above; however, the
results of Section 4.2.2 permit an elegant way for a numerical approach by computing the
expectation value of the matrix M. To this aim, M was computed for a sample of 20000 random
walks of given fixed dimension d and number of time steps n, from which an average matrix
(M) was computed. The eigenvectors of (M) served as the semi-analytical solution for the
general case. We note that this does not necessarily produce the same results as averaging the
individual tICA-projections directly. We have, however, tested that the eigenvectors of (M) are
very similar to the averages of the tICA-projections. An exception to this is that averaging the
tICA-projections can produce artefacts arising from to the fluctuating order of the eigenvectors,

and these artefacts are not present in the eigenvectors of (M).

As an illustration, Figure 4.1 shows the first two resulting tICA-projections for random walks
with n = 1000 and d = 50, revealing a strong dependence on the lag time 7. For short lag times

7, y1(t) = cos(mt/n) and ya(t) ~ cos(2wt/n). With increasing 7, this low-frequency cosines are
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gradually replaced by higher-frequency components, first in yo (starting at about 7 = 90) and
for further increasing 7 > 150 also in y;. From then on, the frequencies of both y; and yo slowly

decrease, maintaining a 7 phase shift.

In contrast to the special case considered above (Section 4.3.1), our numerical studies suggest that
for large lag times the averaged projections do not approach exact cosines for large n. Rather,
‘cosine like’ functions appear, as can be seen for the high lag-times shown in Figure 4.1, where
the circular shape that would be expected for exact cosines is noticeably distorted, even if n is
further increased. In contrast, for short lag times, where the higher frequency components have
not yet appeared (e.g. 7 < 90 in Figure 4.1), the projections do seem to approach exact cosines

with increasing n.

For the alternative symmetrization method, equation (4.3), the same method can be applied,
and the obtained projections are shown in Figure 4.2. Indeed, comparing the two Figures, even
more dramatic differences are seen as a result of this very small change. In particular, for short 7
values, the cosine-like functions seem to be replaced by sine-like functions of twice the frequency,
just like we have already seen for the special case d = n. Also, for increasing 7 a much richer and
complex behavior is seen. Finally, the onset of higher frequencies occurs for somewhat smaller
7 values (at 7 =~ 100) compared to Figure 4.1 (at 7 ~ 110). This abrupt emergence of higher

frequencies deserves closer inspection.
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Figure 4.1: The first two ‘expected’ tICA-projections of random walks of dimension d = 50 with n = 1000 time

steps for varying lag time 7, computed with the averaging method from Section 4.3.2 using a sample of 20000
random walks. For each 7, the first tICA-projection is shown on the x-axis and the second one on the y-axis.
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Figure 4.2: The first two ‘expected’ tICA-projections, for the alternative symmetrization method, of random
walks of dimension d = 50 with n = 1000 time steps for varying lag time 7, computed with the averaging method
from Section 4.3.2 using a sample of 20000 random walks. For each 7, the first tICA-projection is shown on the
x-axis and the second one on the y-axis.
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4.3.3 Abrupt Changes

To gain more insight into why these abrupt changes occur, Figure 4.3 (A) shows the eigenvalues
of (M) as a function of 7 for dimension d = 30, revealing a strikingly complex pattern. For small
lag times 7 all eigenvalues decrease with 7, with associated cosine-shaped eigenvectors of period
lengths 2n,2n/2,2n/3, ..., as annotated in the Figure. The decrease of these curves reflects the
sampling of the cosine-shaped eigenvectors with increasing lag time 7 and, hence, the respective

autocorrelations also resemble cosine functions.

Also visible are several curves that monotonically increase with 7, each starting at zero for small
7. These curves represent two eigenvalues each, with cosine-shaped and sine-shaped eigenvectors
of period lengths 7,27,37,..., respectively, as also annotated in the Figure. Their increase is
less obvious, as one might expect the autocorrelation of a 7-periodic function at lag time 7 to
be unity and, therefore, constant. Note, however, that the eigenvalue of (M) does not strictly
represent this autocorrelation; rather, it represents the average of the autocorrelations of many
instances of this eigenvector for each single random walk — each of which is not strictly periodic.
For increasing period lengths, the eigenvectors approach cosines or sines, such that their average

autocorrelation increases and so do the corresponding eigenvalues of (M).

At the intersections of these two sets of curves (black circles) the respective eigenvalues are
degenerate and their order changes, which causes abrupt changes of the eigenvectors and, therefore,

also of the projections onto these eigenvectors, the first two of which were discussed above.

For larger dimensions d, e.g., for d = 50 as shown in Figure 4.3 (B), one would expect that the
tICA-projections resemble cosine or sine functions increasingly closely, also also at increasingly
higher frequencies. As a result, the eigenvalues corresponding to the eigenvectors with period
lengths 7,27,37,... should increase with d at any given lag time 7, whereas the decreasing
eigenvalue curves on the left side should remain unchanged. Therefore, the respective intersections
should occur at smaller lag times 7. Comparison of the black circles in the two panels of Figure 4.3
shows that this is indeed the case. To illustrate this effect, Figure 4.4 shows the first two tICA-
projections of random walks with dimensions ranging from 50 (top row) to 500 (bottom row) for

increasing 7.

To quantify this behaviour, we generated a large number of random walks and determined the
lag times 7 at which the abrupt changes occur. Figure 4.5 shows the first and second of these
critical lag times as a function of dimension d and for n ranging from 1000 to 5000 (colors). To
enable direct comparison, the lag times 7 have been normalised by n. As can be seen, for d
between ca. 150 and n/2 both the first (upper curves) and second (lower curves) approximate
power laws n/7 o< d°, as indicated by the respective fits (solid lines, the colors correspond to the

values of n). For each fit, only dimensions d within the above range have been used.

The inset of Figure 4.5 shows the power law exponents b for varying n and for the first and
second abrupt change, both of which apparently approach b = —1/2 for large n (also represented
by the black lines in the main Figure). Although we were unable to find a rigorous proof, this
finding suggests that in the limit of large n and d, with d markedly smaller than n, the first few

lag times at which abrupt changes occur scale as 7 < n/ V.
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4.3.4 Comparison of Random Walks and MD-trajectories

We next compared the tICA-projections of random walks with those of molecular dynamics
trajectories of proteins in solution. To that end, we used two MD-trajectories of length 1 us each
(generated as described in Section 4.2.4), one of a comparatively large protein (PDB 11AS, 330
amino acids) [173| and one of a smaller protein (WW-domain of PDB 2F21, 34 amino acids) [174].

As can be seen in Figure 4.6, the tICA-projections of the larger protein (top group) are indeed
spectacularly similar to those of a random walk (bottom group). Even the strong dependence on

the lag time is very similar, as are the abrupt changes discussed above.

Note that this striking similarity was obtained for a particular choice of d = 40 for the random
walk; other dimensionalities yield less similar projections. Intriguingly, this finding thus suggests

a new method of estimating an ’effective’ dimensionality of MD trajectories.

It is also worth noting that both the MD-trajectory and the random walk projections show
apparent ‘clusters’, e.g. for 7 = 500 and 7 = 8000, which also look quite similar. The fact that
such clusters are also seen for the random walk strongly suggests that these are mostly stochastic

artefacts and do not point to minima of the underlying free energy landscape.

Closer inspection of the random walk projections offers an additional possible explanation for
some of the clusters, which may also apply to the MD trajectory projections. Focusing, e.g., at
the averaged tICA-projections in Figure 4.1 immediately before the first abrupt change, one can
see that the projection becomes overlayed with a cosine of higher frequency. Particularly at the
ends of the curves, and in the presence of noise typical for single trajectories, this high frequency

component can also produce apparent ‘clusters’.

In contrast, for the smaller protein (Figure 4.7) no similarity to the tICA-projections of random
walks is observed. In fact, the tICA-projections of the trajectory of the smaller protein show no
resemblance to a cosine-like function at all. In light of the above analysis, this finding suggests
that this trajectory is sufficiently long to explore one or several minima of the underlying free
energy landscape, thereby deviating from a random walk. Further, one may infer that the three
clusters seen in the Figure actually point to conformational substates and, hence can serve as

proper Markov states.

It is an intriguing question whether or not, for given trajectory length, larger or more flexible

proteins tend to more closely resemble random walks.
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the right). The larger protein (11AS) produces a cosine-like shape while the smaller one does not.

4.4 Conclusions

Here we have analysed projections of random walks on tICA subspaces and subsequently compared
those to tICA-projections of molecular dynamics trajectories of proteins. Our combined analytical
and numerical study revealed a staggering complexity of the random walk tICA-projections, which
showed a much richer mathematical structure than projections of random walks on principal
components (PCA) [111, 112].

We attribute this complexity primarily to the fact that, in contrast to PCA, tICA components
encode time information of the trajectory and, therefore, extract and process significantly
more information. Mathematically, the complex behavior originates from the non-continuous
switch of the order of eigenvalues for increasing lag time 7, when passing through points of
eigenvalue degeneracy. At these points, the associated eigenvectors change abruptly, and so do
the corresponding projections of both random walks and molecular dynamics simulations. We
also find that tICA can be very sensitive to very small changes in the definitions of the involved
matrices. In particular, the projections of random walks are very different for the two discussed

symmetrization methods.

A particularly striking example is the first abrupt change of the projections onto the two largest
eigenvalues. Here, a closer inspection revealed an approximate square root relationship between
the lag times at which this occurs and the dimensionality of the random walk. A similar square
root law is already known for PCA: Approximately the first v/d principal components of random

walks resemble cosines [111].

Comparison of tICA-projections of random walks with those of a large protein (PDB 11AS)
revealed striking similarities. This remarkable finding suggests that not only the ensemble
properties of the finite protein trajectory resemble those of a random walk, as has been shown
earlier via PCA [111], but also the time correlations of the underlying protein dynamics. Here,

the appearance of cosine-like functions in the projections onto the tICA-vectors associated with
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the longest correlation times clearly points to a non-converged trajectory. For the comparatively
small lag times typically used, the tICA-projections of random walks almost exactly resemble
cosine functions, such that the cosine-content [112| of the tICA-projections should serve as a

good quantifier of this.

In contrast, no resemblance to a random walk was seen for the second, smaller protein studied
here, indicating that the projection reflects actual features of the underlying conformational

dynamics of the protein.

The example in Figure 4.6 also illustrates the risk of over-interpreting apparent ‘clusters’ seen
in the tICA-projections as actual conformational substates |1, 162|, which are defined as local
minima of the protein free energy landscape that are sufficiently deep for the system to stay there
for a certain amount of time [162|. Clearly, it is tempting to also see ‘clusters’ in the random
walk projections, which, however, by the definition of the random walk as a diffusion on a flat
energy landscape, cannot represent conformational substates. This finding raises concerns for
using automated clustering algorithms to identify, e.g., folding intermediates or to characterize

conformational motions from tICA-projections [178|.

Because the additional parameter of a varying lag time provides a much richer structure and many
instead of only one projection (as is the case for PCA), we speculate that tICA resemblance to a
random walk offers a much more sensitive tool to detect lack of convergence in MD trajectories of
large biomolecules. Further, by adjusting the dimension of the random walk such as to maximise
the similarity to a given MD trajectory, one can estimate the effective dimensionality of the
underlying dynamics. The latter idea, as well as precisely how this ‘effective dimensionality’ can

be defined, clearly deserves further exploration.
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Chapter 5

Conclusion

5.1 Single-molecule X-ray scattering

In Chapter 2 and 3, a novel Bayesian approach for structure and structural ensemble determination
from single-molecule X-ray scattering images was developed. In contrast to most established
methods, this approach does not require prior hit selection, classification, or orientation
determination, nor does it perform these steps itself. A a first main result, I demonstrated
that single electron densities can indeed be determined using this approach. My results show that
fewer images are required than using established methods, as is expected because this Bayesian
approach uses all available structural information. As a second main result, my findings show
that not only single electron densities but entire structural ensembles can be determined from
single-molecule X-ray scattering images. For this ensemble determination, far fewer scattering

images are required than expected, which may put them within reach of current experiments.

The fact that my approach does not rely on hit selection, classification, or orientation
determination is particularly important considering my finding that these are indeed not possible
for the sparse and highly noisy images expected for small proteins. In contrast, it is generally
assumed in the field that orientation determination is required, due to the fact that, with few
exceptions, all commonly used approaches do require it [34]. This assumption has so far also
meant that almost only those experiments have been undertaken where orientation determination
was expected to be successful [46, 62, 179]. Indeed, my results have already motivated new
experiments that were previously deemed too challenging and have started collaborations with
multiple other research groups. Further, a proposal for beam time at the European XFEL has

been submitted by a cooperating group partly based on my results.

Many complicating experimental effects such as Ewald curvature, incoherent scattering,
background scattering, beam polarization, irregular detector shapes, hits and misses, and intensity
fluctuations were explicitly included in both the simulated scattering images and the likelihood
function used to obtain these results. I am not aware of any other established approach that
includes all these effects in such a systematic and rigorous way as is possible in the Bayesian

formalism.

On the single structure level, I assessed my approach using both synthetic and experimental

images. Because my approach uses all available information, it should require fewer scattering
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images for a given resolution than other approaches. For the tests on synthetic images, I therefore
selected the same protein crambin as was used to validate the previous three-photon correlation
approach [36], and, indeed, two times fewer images were required to achieve the same resolution
of about 4 A for crambin than were required using three-photon correlations. Whereas this
improvement is quite helpful, it is a bit less spectacular than expected, which suggests that the
three-photon correlation already contains much of the full available information. However, the
improvement for single structures may in the long run turn out to be larger than it appears from
this result. Indeed, the posterior probability of my reconstructed density was still substantially
lower than the reference value, suggesting than an even higher resolution could have been achieved

with better sampling, using the same amount of images.

For the test on experimental images, the improvement over established methods was much
larger. Here my approach successfully recovered the icosahedral structure of the coliphage PR772
virus [81], achieving the same detector-limited resolution of 9 nm as reported using the established
diffusion map algorithm [62] using only a tiny fraction of the available data. Indeed, only 10%
of the available images were used, which were further downsampled by a factor of 10, such
that in total only 0.001 % of the available photons were used. Considering that the information
content is quadratic in the number of photons, this means that only one billionth of the available
information was used. Despite the restriction to this tiny fraction of the data, I also did not need

to impose any icosahedral symmetry, in contrast to Hosseinizadeh et al. [62].

This coliphage data set has been analyzed using many other approaches [36, 63, 77, 180-182],
some of which also did not impose the icosahedral symmetry or also used downsampled images,
but I am not aware of any that achieved this resolution using such a small fraction of the data.
Even Ayyer et al., who applied the EMC algorithm in what they termed the ‘low signal limit’,
used about ten times the number of photons required by my approach [63]. Although they report
average photon counts per downsampled image that may at first sight seem similar to mine, their
photon counts are somewhat misleading. Indeed, their values refer to the number of photons
outside of the central speckle [63], which is substantially lower than the full number of photons
per image. Specifically, they report an average of 33.9 photons outside the central speckle for
their most strongly downsampled images, whereas the downsampled images used here contained
on average only about 3 photons outside the central speckle. In terms of photon counts including
the central speckle, I estimate that their images contained on average about 400 photons per

image, as opposed to the average of 40 photons per image in this work.

On the structural ensemble level, I tested my approach using synthetic scattering images
generated from molecular dynamics trajectories. Here my approach was able to determine
the conformational ensembles of alanine dipeptide, and the unfolded ensemble of the the mini-
protein chignolin. These ensembles were represented by discrete weighted sets, consisting of eight
conformers for alanine dipeptide and six for chignolin. In contrast to the single-structure level,
no obvious comparison to previous methods is possible, because, to my knowledge, ensemble

determinations have so far not been successfully attempted from such sparse scattering images.

Still, much fewer scattering images were required to determine these ensembles than expected. To

understand this, I analyzed the scaling behavior of the required number of images in the number
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of conformers and, for comparison, in the size of one single structure. Because an ensemble of
n conformers consisting of m degrees of freedom each has the same total number of degrees of
freedom as a single structure of n x m degrees of freedom, one might expect that a similar number
of images should be required. My analysis revealed not only that is this is not the case, but also
that the scaling behavior in both scenarios is very different. In fact, I found that to determine
an ensemble of n conformers, O(n?) images are required, for which I also found a theoretical
argument using the Fisher information of the scattering images. In contrast, about O(m?) images
seem to be required for a single structure consisting of m Gaussian beads. Here I did not find a
theoretical explanation, and it is, in fact, not clear that this relationship should indeed be given
a power law. Still, these results clearly demonstrated that structural ensembles require fewer

images than single structures of the same complexity.

Having validated my approach both on the single structure and the ensemble level, I next sought
to assess how well it performs in the presence of noise and other complicating experimental effects.
Whereas the already mentioned applications to experimental data demonstrate some resilience to
these effects, the noise level in these images is actually rather low, due to preprocessing steps like
background subtraction or hit selection which are not possible for smaller specimen. I therefore
also applied my method to synthetic noisy images, for which, as already mentioned above, I
accounted for many experimental effects such as incoherent scattering, background scattering,
beam polarization, irregular detector shapes, hits and misses, and intensity fluctuations. Here,
I was able to reconstruct the electron density of crambin from low images with a very low hit
rate (about 2%) and a very low signal to noise ratio (also about 2 %), albeit so far only at a
lower resolution of 10.6 A. Notably, I also showed that in this scenario, neither hit selection nor
orientation determination are possible for each image, such that approaches that rely on these

would not be applicable.

Even though I did not explicitly test it, structural ensemble determination should also be possible
in this low signal-to-noise low hit rate scenario, of course requiring more images than from
noise-free images. Further, the quadratic scaling in the number of conformers already mentioned
above should also hold in this scenario. Despite this, I was so far unable to determine the
conformational landscape of the coliphage PR772 virus as reported by Hosseinizadeh et al. [62]
using my approach. A possible reason for this is that the downsampled images may not contain

enough information.

I have so far not applied my approach directly to the full not-downsampled images from this data
set, because the current implementation of my method is only optimized for sparse scattering
images with smaller photon counts. In fact, problems due to floating point precision have so far
prevented a direct application to images with more than about 200 to 500 photons. Although these
could be addressed either by switching from single to double precision or by working with logarith-
mic values, this would come at a prohibitive computational cost, particularly on GPUs. Still, my
approach in itself is also applicable to scattering images with higher photon counts, and it should

be possible to solve these problems using a separate implementation for dense scattering images.

Another possible reason may be that my forward model, while already quite realistic, still has to

be calibrated and expanded. Importantly, the implementation is flexible and general enough to

81



5 Conclusion

allow for this calibration. For example, while so far a simple Gaussian distribution was used to
account for background scattering, a more accurate distribution for background scattering can
be straightforwardly included. As an alternative, in case this distribution or other parameters
are not known in advance, the Bayesian framework also allows to infer them from the data
along with the electron densities. The Bayesian framework should also make the inclusion of
additional experimental effects fairly straightforward. However, this might come at additional
computational cost or require tedious work, as is the case for example for detector noise or other

complicated detector effects.

The most challenging effect yet to take into account is the scattering on the solvation shell around
the molecule. While experimental techniques could be used to keep the amount of water minimal,
this would be somewhat counter-productive, as the ultimate goal is to observe the protein in
solution. Therefore, the water droplet included the solvation shell has to be included in the
analysis. The challenge posed by the solvation shell lies in the fact that it is structure-dependent
and neither fully ordered or fully disordered. While fully ordered water would simply appear
in the determined electron density and fully disordered water would appear like background
scattering, partially ordered water is much more tricky to handle. To include it, a model for
the distribution of this partially ordered water and for its scattering distribution given the used
electron density representation is needed. Here, a combination of molecular dynamics software

and thorough calibration with experimental data will be instrumental.

Notably, a similar kind of partial disorder is present in the molecular dynamics trajectories used
to generate the scattering images. The scattering images were generated from an effectively
continuous ensemble, but the determined ensembles are discrete. This is quite similar to the
effect of the solvation shell, where many configurations of the water molecules correspond to one

molecular structure, suggesting that the problems posed by the solvation shell can also be solved.

After the inclusion of all necessary experimental effects and the calibration of the forward model,
my approach should be able to determine structures and structural ensembles for specimen that
were so far deemed inaccessible — in fact, as mentioned before, some of these new experiments

are already in planning, motivated by my results.

To plan these future experiments, realistic estimates of the required number of scattering images
for given resolutions will be crucial. To be able to provide estimates for the required number
of images also for other scenarios than the ones explicitly considered here, and I systematically
analyzed the scaling behavior with respect to the most important parameters of the forward
model, the expected number of photons per image and the amount of noise. Here, I found that
the information content per image is proportional to the square of the number of photons per
image, and that already small amounts of noise greatly affects the required number of images.
While extrapolation from this analysis suggested that atomistic resolutions may be out of reach
of current experiments for small proteins like Crambin at realistic hit rates and signal-to-noise
ratios, already slightly reduced resolutions of about 6 A require much fewer images and should

be achievable.

I also analyzed how the size of the specimen molecule affects the achieved resolutions. Here, I

found that the number of images required for the same resolution increased slightly with the size
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of the molecule, although the data are so far insufficient for a definite conclusion. In contrast, it
was previously shown that the resolution achievable with an orientation determination approach
is proportional to M1/6, where M is the molecular mass. However, this refers to the resolution
achievable from infinitely many images, and does therefore not contradict my finding that the
achievable resolution from a given finite number of images decreases with the size of the molecule.
Other previous analyses have come to the conclusion that should be independent of the size of the
molecule {124, 153|. These analyses focused on larger specimen where orientation determination
is possible for each image, and should therefore also be compatible with my findings, in particular
considering the fact that my approach should be able to extract more information than other

approaches particularly for smaller specimen, which does affect the scaling behavior.

Despite all its advantages, the Bayesian approach comes with its own challenges, the most
important one being the need for sampling large solution spaces, implying excessive computational
cost. In fact, a substantial computational effort was already required for the results presented
in this thesis. To give specific examples, the electron density determination of crambin shown
in Figure 2.2 required about one week of concurrent computation on 20 GPUs, and the scaling
analysis shown in Figure 3.5 required on the order of 10,000 GPU-hours of computation. In
contrast to, say, methods using photon correlations, the computational cost for each likelihood
computation increases with the number of images, both in terms of the number of arithmetic
operations and the memory requirements. The most important factor for the computational cost
is the relative resolution, that is, the ratio between the size of the molecule and the resolution.
Because both the required number of images and the required number of Monte-Carlo steps (and
therefore likelihood computations) grow quickly for higher relative resolutions, the computational

cost quickly becomes the main bottleneck.

Notably, this also means that the computational cost is much lower for reduced relative resolutions,
which require substantially fewer images and fewer Monte-Carlo steps. To again give a specific
example, for the third resolution stage in 2.2, only a about one hour of computation on a single
GPU was required. In fact, for the expected first applications to experiments, already such

reduced resolutions will likely be sufficient.

The fact that ‘only’ sampling is prohibitive can also be considered an advantage, because many
efficient sampling methods have been developed, which have not been explored in this work.
While my specialized hierarchical simulated annealing scheme has already greatly enhanced the
sampling efficiency, compared to standard simulated annealing by a factor at least in the hundreds
or thousands, other more sophisticated optimization or sampling algorithms may further increase

the performance.

Promising here are, for example, alternating projection algorithms which have been very
successful for phase reconstruction [57], and have already been successfully applied using photon
correlations [77, 78]. My method could also easily be modified into an iterative updating scheme
similar to the EMC algorithm [49]. Similarly, it may be possible to utilize gradient information.
While simple gradient descent is ill-suited to this particular problem, due to the highly non-convex
target function, other, more sophisticated methods may be better suited, like the Metropolis

adjusted Langevin algorithm [183]. The Metropolis sampling may also be enhanced by utilizing the
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three-photon correlation function [36] or other summary statistics for better proposals, for instance
by a delayed acceptance scheme [184], or by an improved sampling technique like replica exchange
(also known as parallel tempering) [185|. The latter may be particularly useful in combination
with a modified version of my hierarchical sampling method, as the higher temperature replicas
could also be sampled at a lower-resolution. I have already begun investigating some of these
methods, like delayed acceptance and replica exchange, but so far have not reached a definite

conclusion which will be the ideal choice.

As an alternative or addition to algorithmic improvements, it may be possible to include
additional prior information. By including this prior information, the space of potential structures
would become smaller, such that fewer scattering images would be required. This information
may come from other experiments, such as the established structure determination techniques
(crystallography, NMR and cryo-EM), from structural databases like the PDB [130] or from
molecular dynamics software like GROMACS [127]. Particularly molecular dynamics force fields
should greatly reduce the size of the solution space, but would also make the solution space
much more non-convex, introducing an additional energy landscape with many barriers and
local minima, thus posing a substantial additional sampling challenge. Still, including molecular
dynamics as a prior may be a worthwhile approach to investigate, potentially in a simplified
form better suited to sampling, for example excluding electrostatic interactions. It may also be
possible to guide a molecular dynamics simulations by the likelihood function, that is, introduce

it as an additional energy term in the simulation.

Considering the ever increasing efficacy of artificial intelligence, this prior information may also
come from structure prediction methods like AlphaFold or RoseTTAFold. While these methods
have so far focused on the single structure level, they may nevertheless be quite useful as prior
information on structural ensembles. Important here is that my method and its implementation
do not rely on a particular structure representation, such that is could flexibly be applied to

those used by these structure prediction methods.

Finally, while Bayesian approaches are particularly known for their excessive computational cost,
the established approaches are also not computationally cheap either. For instance, both the
EMC algorithm as well as manifold embedding methods require exceedingly costly computations
when applied to sets of many images [49, 66]. Even the approaches based on photon correlations
are limited by this, despite the fact that their computational cost does not increase with the
number of images [36]. Notably, the three-photon correlation approach may also be improved
by the same improved sampling of optimization methods as discussed above, showing that the

development of such methods is of more general use.

For all results presented in this thesis the same structure representation consisting of Gaussian
beads with variable positions was used, because in this way relatively few degrees of freedom are
required to represent protein structures. Further, specimen of arbitrary size can be represented
using such Gaussians, which can loosely correspond to amino acids, subdomains of larger proteins,
or even larger structures in a virus. In the extreme, one Gaussian bead could also represent a

single atom, but the much higher number of degrees of freedom would lead to highly increased
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required numbers of images such that this is likely only useful in combination with a molecular

dynamics prior as mentioned above.

However, representing electron densities using a small number of degrees of freedom can also
mean that the true solution is not representable or is too far away from the closest representable
density. Therefore, it may be worthwhile to consider alternatives. To give a specific example,
a representation consisting of radial shells and spherical harmonics in Fourier space as used for
example by the three-photon correlation method [36] may be worth considering. Similarly, simply
using voxels in Fourier space may provide good results. This would also allow for a simpler
version of the hierarchical sampling used here, by cooling down the innermost shells before the

outer shells. As a downside, however, an additional phase retrieval step would be required.

Also on the structural ensemble level alternative representations will be worth investigating.
While representing structural ensembles by sets of discrete conformers has so far been adequate,
it may eventually turn out to be a limiting factor. Continuous representations as have been
proposed for cryo-EM [19] are much more flexible, and should, for instance, be better suited to
represent pathways of conformational changes or disordered ensembles. Alternatively, it may be
possible to develop a regularization scheme that includes the discrepancy between continuous and
discrete ensembles in the Bayesian formalism. For instance, by including an integral over a small
random perturbation of the electron density in the likelihood function, the posterior could be
biased towards discrete ensembles that coincide with the centers of conformational states (local

maxima) in the continuous ensemble.

From a more general viewpoint, the Bayesian approach developed here may also be very useful
to derive structures from other kinds of experimental data, including, but not limited to,
other scattering experiments. To give a particular example, cryo-EM is, from a mathematical
perspective, very similar to single-molecule scattering, also involving random particle orientation
and unknown conformations. The techniques developed here, including the hierarchical sampling
method as well as the tools used to compute the likelihoods should be applicable also to cryo-EM
in a very similar form. In fact, Bayesian approaches have been proposed for cryo-EM that are

formally very similar to my method [92].

An analogous Bayesian approach may also be applied to fluctuation X-ray scattering [186]. Here,
instead of on a single particle, the XFEL pulses are scattered on droplets containing hundreds
or thousands of randomly oriented molecules. The resulting images are typically analyzed using
photon correlations [186]. A Bayesian algorithm as here would involve a costly integral over
all of the independent orientations, which may however still be possible to compute if efficient

approximations can be found.

Overall, my results strongly suggest that the de novo determination of structural ensembles for
proteins and other biomolecules is within reach of state-of-the-art single-molecule X-ray scattering
experiments, which will be an important step towards the ultimate goal of time-resolved structures.
The most important next step will be do demonstrate my approach on more experimental data,
likely first for larger test specimen before the most challenging case of small proteins. Further,
my method may also be of more general use, with possible applications in cryo-EM or other

scattering experiments.
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5.2 Time-lagged independent component analysis

In Chapter 4, I analyzed time-lagged independent component analysis (tICA), a dimension
reduction algorithm commonly applied to molecular dynamics trajectories. Specifically, I sought
to understand the tICA-projections of high dimensional random walks, and to compare these
projections to the tICA-projections of molecular dynamics trajectories. By a combination of
analytical and numerical means, I was able to determine the expected tICA-projections of high
dimensional random walks. Just like the PCA-projections of random walks [111, 112], the tICA-
projections turned out to resemble cosine functions; however, in contrast to PCA, for tICA the

projections show a much more complex behavior and a much richer mathematical structure.

I was unfortunately not able to obtain a fully analytical expression for the expected random walk
tICA-projections, only one that is restricted to a special case. It will be very interesting to see if
such an expression or even a fully rigorous proof can be obtained in the future. For this it may

also be worth considering to analyze tICA outside of the linear algebra picture.

The tICA-projections of short molecular dynamics trajectories for large proteins did indeed turn
out to be very similar to those or random walks. Remarkably, the complex patterns found for the
random walk projections near identically appear for the molecular dynamics trajectories. This
suggests that not only the ensemble properties of finite protein trajectories resemble those of

random walks, but also their time correlations and dynamical properties.

My results also provide a measure for the convergence of a molecular dynamics trajectory based
on tICA; in fact, they show that the cosine-content [112|, which was originally devised for PCA,
can also be used in combination with tICA. Because the additional lag-time parameter provides a
much richer structure, the cosine content may in fact be a more sensitive measure for convergence
when applied in combination with tICA. It should also be possible to devise a more specialized way
to measure the similarity to random walk tICA-projections across all lag-times, which may result
in even higher sensitivity. Here, it should also be taken into account that the tICA-projection

strongly depend on the dimensionality of the random walk.

This relationship between the dimensionality of the random walk and its tICA-projections also
means that my analysis offers a way to estimate an effective dimensionality of a molecular
dynamics trajectory, by determining the dimension of the random walk which maximizes the
similarity of the tICA-projections. It will be very interesting to further understand this and
compare this with other attempts to estimate such an effective dimensionality [187, 188|. This
idea, as well as precisely how this ‘effective dimensionality’ can be defined, clearly deserves further
exploration. It will also be worth investigating the tICA-projections of random walks on other
spaces, for example on high-dimensional cubes or tori. A random walk on such a hypercube would
more closely mimic the behavior of proteins, such that this may offer an even better measure of

convergence or a more accurate effective dimensionality.

In summary, my analysis revealed that the tICA-projections of protein trajectories can be
strikingly similar to those of high-dimensional random walks, and thereby suggest a new measure
of convergence for such trajectories. Finally, my results also offer a new way to estimate an

effective dimensionality of protein dynamics.
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