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Notat ionn and Abbreviations 

Throughoutt this thesis a number of symbols and abbreviations wil l be used which are 

summarisedd here. Probability density functions (pdf) and distribution functions (df) are 

denotedd by f and F. Form and structure factors amplitudes are distinguish from the latter 

byy the subscript h. 
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Expectationn value of t(x) by integration over x 

Averagee of t(x) 

Positionall  parameters of atom j 

Thee variance of a Gaussian error model applied 

onn the positional parameters 

Thee perturbation term on atom j : a random 

vectorr from a spherically symmetric Gaussian 

centredd on the origin 

Thee vector between an atom j and k 

Thee length of d}k 

Thee error free (ideal) distance between atoms j and k 

Thee observed distance between atoms j and k 

Thee cumulative distribution function of a distance 

betweenn atom j and k, given the target distance and 

aa Gaussian error of the positional parameters 

Thee nearest neighbour distribution for atom j in a 

proteinn structure with a given Gaussian error 

Thee nearest neighbour distribution for a protein with 

aa given Gaussian error 

Thee radial distance distribution of a protein for a 

givenn Gaussian error 
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Thee atomic width given a Gaussian density model 

Thee expected map correlation 

Thee nominal resolution of an X-ray data set 

Babinett bulk solvent scale factor 

Babinett bulk solvent B value 

Scalee factor 

Wilsonn plot B value 

Reciprocall  lattice spacing 

AA calculated structure factor 

AA structure factor ampli tude 

Ann observed structure factor ampli tude 

Thee trigonometric part of the structure factor 

Averagee observed intensity in a resolution shell m 

Expectedd average observed intensity in a resolution shell m 

Thee form factor of atom j ; includes the Debye-Walle factor 

AA Patterson vector 

Thee length of the Patterson vector u 

Thee number of atoms 

Thee non central Maxwell distribution 

AA resolution dependent term that describes the Debye effects 

forr a given protein 

AA resolution and error depending term that describes the 

Debyee effects for a given protein 

A nn empirical "f(h) curve obtained from a large number 

off  structures 

A nn estimate of j(h) obtained from experimental data. 

rmsd d 

pdf pdf 
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mcc c 

FOM M 

Roott mean square displacement 

Probabil i tyy density function 

non-centrall  Maxwell 

Mapp correlation coefficient 

Figuree Of Merit, the expected cosine of the phase difference 
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Chapterr 1 

Introduction n 

1.11 General Overview 

X-rayy crystallography has become a routine tool to assist the investigation of biological 

phenomenaa by providing the researcher with detailed atomic models of the bio-molecules 

off  interest. Advances in the field of synchrotron radiation allow diffraction data to be 

recordedd at an ever-increasing rate at dedicated beam-lines. The fraction of X-ray struc-

turess solved using synchrotron data collection is rapidly approaching 100% (Minor et a/., 

2000).. More and more emphasis is now given to the need for the existence of robust, easy-

to-usee and efficient software pipelines that allow rapid, on-site determination of protein 

crystall  structures (e.g. Brunzelle et al. 2003). 

Theree are well-established computational (Foadi et al, 2000; de Gelder et al., 1993; Karle 

kk Hauptman, 1957; Read, 2001; Rossmann k Blow, 1962; Rossmann, 1990; Schneider 

kk Sheldrick. 2002: Weeks k Miller , 1999) and experimental (Blow k Rossmann, 1961; 

Dauterr et al. 2002: de Graaff et a/., 2001: Harker. 1956: Hendrickson. 1979, 1991: Math-

ews.. 1966; North, 1965: Smith et al, 1998: Wang, 1985) techniques for recovering the lost 

phasee information in a crystallographic X-ray diffraction experiment. Once initial phase 

informationn has been made available, a three-dimensional image of the electron density 

cann be computed and can be subsequently improved via density modification techniques 

(Abrahams,, 1997; Cowtan k Main, 1998; Terwilliger, 1999; Xiang et al., 1993; Zhang, 

1993).. The transition from the electron density distribution to a chemically sensible 

atomicc model is known as map interpretation. The construction of an atomic model has 

beenn traditionally carried out manually with the aid of interactive molecular graphics pro-

gramss such as Frodo (Jones, 1985). O (Jones et a/., 1990) and Xtalview (McRee, 1999). 

Manuall  interpretation is however labour intensive, subjective, and often not straightfor-

ward.. This gave rise to the development of various automated model building methods, 

whichh wil l be reviewed in the next section. Special attention wil l be given to ARP/wARP 

(Perrakiss et al, 1999), because the methods presented in this thesis are developed for this 
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suitee of programs. For model building methods, the availability of prior information on 

thee structure one aims to build and, ideally, the accuracy of the available structure fac-

torss and phases is needed. A short summary of existing error estimation methods wil l be 

presentedd and their importance for automated model building methods wil l be discussed. 

1.22 Automated Model Building Methods 

1.2.11 Related Wor k 

Manuall  model building of a protein structure often starts with the construction of a 

reducedd representation of the electron density. This so-called skeleton is easier to interpret 

inn comparison with the electron density because it only consists of a set of connected line 

segmentss (Greer, 1974). The available skeletons are used to identify regions in the electron 

densityy that correspond to possible common secondary structural elements such as alpha-

helicess or beta-strands. These pronounced secondary structural elements can be used as 

aa starting point for the construction of a CQ backbone of the main chain. Local fitting of 

polypeptidee fragments using the estimated positions of the Ca coordinates, the electron 

density,, known Ramachandran angles (Ramachandran et al, 1963) and the placement of 

sidee chains in accordance with the known sequence and the available electron density map 

resultss in a partial or full model of the protein structure (Jones & Thirup. 1986). Improved 

phasee estimates can be obtained by the refinement of a partially built model, which in 

turnn leads to an improved electron density in which more residues can be identified. 

Ann early attempt to automate map interpretation is the method developed by Diamond 

(1966),, who applied a least-squares method to fit  short chain segments into electron den-

sityy maps given a set of guide points, restraining some atoms of the protein fragments to 

aa certain location in the real-space. A related approach has been suggested by Read & 

Moultt (1992) who use a local, systematic search of the electron density using a large num-

berr of (backbone) conformations to identify and build missing or poorly modelled main 

chainn fragments. Another well known appoach to detect structural elements in electron 

densityy maps is based on local correlations of the observed density to that of the search 

templatess as implemented in the program ESSENS (Kleywegt & Jones, 1997). A combi-

nationn of this template matching approach with a database of structural elements and a 

Montee Carlo technique rather than a systematic search has been implemented in DADI 

(Dillerr et a/., 1999b). Conducting the template matching in the form of a phased trans-

lationn function greatly enhances the performance compared to the systematic search and 

hass been employed in various forms (Cowtan, 1998, 2001; Doesburg & Beurskens, 1983; 

Pavelcikk et a/., 2002; Read k Schierbeek, 1988; Vagin & Isupov, 2001). The template 

matchingg approach in the reciprocal space has been extended to an automated proce-

duree in the program RESOLVE (Terwilliger, 2003a). RESOLVE carries out a number 
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off  template matchings using a set of standard structural fragments. These are subse-

quentlyy combined to form a connected set of longer chains, to which side chains can be 

fittedfitted (Terwilliger, 2003b). Instead of using electron density templates based on a set of 

standardd fragments, a set of rotationally invariant features can be constructed describing 

thesee templates. A real-space search can then be carried out, where for each location 

thee set of observed features is compared to the ones in the database. Connection of the 

placedd fragments results in a (partially) built atomic model. Such an approach has been 

implementedd in TEXTAL (Holton et ai, 2000). 

Thee model building methods in the program MAI D (Levitt, 2001) largely follow the 

philosophyy of the manual model building strategies. Most notably is the use of the 

skeletonn to obtain initial information of the location of the secondary structural elements, 

aa procedure that also has been adopted by the model building routines in Quanta (Oldfield, 

2002a).. Extension of a partially built model by Quanta is also carried out on the basis 

off  skeletons using a set of rules based on geometrical and electron density criteria to 

buildd successive CQ atoms {Oldfield, 2003). Another model building algorithm that uses 

skeletonss is CAPRA (Ioerger fc, Sacchettini, 2002). This method utilises an artificial 

neurall  network model to estimate the distance from selected skeleton points to the nearest 

Caa atoms. The CQ backbone models constructed by MAID , Quanta and CAPRA are 

extendedd to a poly-alanine model by a database driven method similar to the one described 

byy Esnouf (1997). 

Thee model building program ConfMatch (Wang, 2000) adopts a different philosophy. The 

mapp interpretation problem is formulated as placing a molecule in such a way, that the 

molecularr conformation is reasonable and the fit to the electron density is the best. The 

electronn density is parametrised by a set of grid points, which serve as putative estimates of 

thee atoms within the molecule. The ConfMatch procedure aims to build the full molecule 

att once. A sophisticated search algorithm does not prevent this approach from being 

muchh slower than most other model building programs. 

AA different approach, Conditional Optimisation, has been developed by Scheres & Gros 

(2001,, 2003). This method utilises prior information of geometrical features in proteins 

andd assigns multiple restraints to the observed groups of atoms. During the refinement of 

thee positional parameters all assigned restraints are taken into account and used in calcu-

lationss of the gradients. The basic idea behind the conditional optimisation approach is 

similarr to the one adopted by most other model building programs. The main difference 

iss that the conditional optimisation formalism allows for the presence of an ensemble of 

interpretations,, where each individual interpretation has a vote in the refinement proce-

dure.. Although the method has shown some spectacular results, the major drawback is 

againn the CPU requirement. 
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1.2.22 The Automated Refinement Procedure (ARP) 

Thee basic principle of ARP (also known as ARP/wARP) is to couple density interpre-
tationn with the refinement of the atomic parameters (Lamzin & Wilson, 1997). The 
approachh of allowing the macromolecular model to consist only of what is found in the 
electronn density map at a given time and provide the flexibilit y of having atoms or peptide 
fragmentss removed or added to account for density features that emerge in the course of 
refinement,, proved an extremely powerful tool in overcoming limitations of convergence 
radiuss of - especially pre-likelihood - refinement programs. Whereas conventional re-
finementt might fail to move a restrained atom for fragment over an energy barrier to 
aa new position, ARP/wARP would simply take it out of the model, thereby ignoring 
thee restraints and then place it back somewhere else. Significant phase improvement has 
furthermoree been obtained by the wARP concept (Perrakis et al, 1999), where several 
differentt atomic models were used to interpret the same electron density. Subsequent 
refinementt of these models and combination of phases resulted in maps of higher quality 
comparedd to maps calculated from the individual contributors. Although this method 
hass been largely superseded by novel model building routines, the wARP principle is now 
beingg reconsidered in the light of advances in applications of Bayesian statistical methods 
inn protein crystallography as outlined by Read (2001). 

1.2.33 Model update combined wit h pattern recognition and refinement 

Ann ARP/wARP model consists initially of a set of atoms that can approximately repro-
ducee the density calculated from the measured structure factor amplitudes and the current 
sett of phase estimates. There are no atom type or bond assignments and therefore no 
stereo-chemicall  restraints on these atoms. Following a nomenclature suggested by Isaacs 
&&  Agarwal (1985) we therefore refer to them as free atoms. In order to proceed from this 
sett of free atoms to a valid chemical model of the molecule a further layer of interpretation 
iss required. For accurately placed atoms the chemical interpretation reduces to an exer-
cisee in connecting points to produce well-known covalent geometry. However, the initial 
phasess are often of poor quality and substantial improvement of these phases is required 
too allow the atom placement to be sufficiently accurate for model building. ARP/wARP 
aimsaims at providing the best possible density for construction of the model and this goal 
iss achieved via model building itself coupled with restrained refinement. If the density is 
nott of sufficient quality to immediately build a full protein model, the relation between 
atomicc positions and phases can be employed: the improvement of atomic parameters 
inn the real-space will provide better phase estimates in the reciprocal space. If a part 
off  the macromolecular model can be correctly built, subsequent refinement will give rise 
too phases that produce an improved electron density map. This iterative procedure is 
outlinedd in Perrakis et al. (1999). 
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1.2.44 Mai n chain t racin g and side chain bui ldin g 

Inn cases where the initial electron density map does not allow all atoms to be placed with 

sufficientt confidence and accuracy, a decision-making process during the process of model 

buildingg becomes necessary to guess the most likely interpretation. Such a situation can 

bee shown to be equivalent to randomising the atomic coordinates of a refined structure and 

attemptingg to find the original connectivity between the atoms. Using only local bonding 

geometryy this becomes increasingly difficult with the inaccuracy of the atomic positions, 

sincee many pairs of originally non-bonded atoms fall into a valid bonded distance. In 

suchh situations one has to rely on the experience of a crystallographer and interactive 

graphicss software to find the most plausible solution or to attempt to find some heuristics 

thatt mimic this process. Morris et al. (2002) formulated this as a constrained integer 

optimisationn problem and outlined efficient graph searching techniques similar to well-

establishedd methods of Artificia l Intelligence to find good approximations to an NP-hard 

problem.. In short, a density-weighted match between found and expected protein Ca 

geometryy is computed and the best set of highest scoring main chain fragments is sought 

for.. The search technique is a modified depth first iterative deepening search algorithm 

(Russell  &z Norvig, 1995). An implementation of this method has been shown to cope 

betterr with inaccurate free atom positions. Since a large part of the main chain has been 

built,, its residues have to be mapped to the available sequence. For each built residue the 

freefree atoms in the vicinity of the Ca atoms are used to construct a connectivity matrix of 

thee putative side chains. The connectivity matrix is compared to the matrices of standard 

residuee types. Knowledge of the sequence of the protein under investigation is then used 

too assign the residues' types and a subsequent real-space torsion angle refinement is used 

too position the side chain into the available density. The development of algorithms that 

aree able to utilise non-crystallographic symmetry in the main chain building and side 

chainn docking is currently in progress (Morris et a/., 2003c). 

1.33 Error estimates 

Ann notion stating the importance of error estimates in crystallographic methods can be 

quotedd from Cowrtan (1999): 

Wit hh the rise of Bayesian methods in crystallography, the error estimates at-

tachedd to the estimated phases are becoming as important as the phase esti-

matess themselves. 

Clearly,, optimisation methods operated via Maximum Likelihood or Maximum a posteri-

oriori  estimates rely on the availability of accurate probability distributions, as can be seen 

fromm Bayes rule: 

P(Hypothesis\Data)P(Hypothesis\Data) oc P(Data\Hypothesis)P(Hypothesis) (1.1) 
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Incorrectt prior probabilities P(Hypothesis) or likelihood terms P(Data\Hypothesis) wil l 

havee an adverse effect on the posterior probability P(Hypothesis\Data) and thus on 

thee result of the optimisation procedure. An example of the importance of accurate 

errorr estimates arises in Maximum Likelihood refinement of crystal structures (Pannu 

&;; Read, 1996; Murshudov et al., 1997), where the determined width of the likelihood 

functionn influences the direction and size of the shifts of the atomic positions during the 

optimisation.. Accurate 'experimental' phase probabilities, if available, can also be used 

inn the refinement (Pannu et al, 1998). The role of an error estimate in a model building 

algorithmm is similar to its role in refinement. Decisions on atom/fragment placement are 

bestt made on the basis of probabilistic arguments by the virtue of the Neyman-Pearson 

lemmaa (Dudewicz & Mishra, 1988) that states that in any hypothesis testing problem 

thee use of likelihood ratios criteria for acceptance or rejection of an hypothesis, results in 

thee most powerful classification scheme possible. The role of an error estimate is thus to 

'calibrate'' the likelihood functions. 

Variouss methods have been developed to estimate the error on the positional parameters 

off  the atoms. The earliest investigation of this problem has been carried out by Cox 

hh Cruickshank (1948), who linked the error in the slope of the electron density at the 

atomicc centre with the standard deviation of the positional parameters. Luzzati (1952) 

derivedd a relation that predicts a variation of the R-value as a function of resolution 

forr a given Gaussian coordinate error in order to estimate the average shift of an atom 

neededd to bring the R value to zero. These so-called Luzzati plots have been widely used 

too estimate the coordinate error at the end of the refinement. A similar method has 

beenn developed by Read (1986), where an estimate of the coordinate error is obtained 

byy comparing the 'observed' plots of a A as a function of resolution against theoretical a A 

plots.. A somewhat different approach to estimate the error in the positional parameters 

hass been developed by Cruickshank (1999): the Diffraction-component Precision Index 

(DPI).. The DPI estimates the coordinate error on the basis of the resolution, completeness 

andd (free) R-value. 

Althoughh estimates of the positional errors obtained via Luzzati plots have been used 

widelyy to describe the quality of the model, it has been argued they should be seen as a 

cautiouss estimate of the upper bound of the true coordinate error (Cruickshank. 1999). 

Thee estimate of the average error of the positional parameters obtained via the DPI have 

beenn shown to lie close to values obtained using full matrix inversion. A similar analysis 

hass been presented by Murshudov &, Dodson (1997). A major drawback of the DPI is 

thatt the underlying approximations are only valid when the available model is close to the 

minimum,, which hinders the application of this method during early stages of refinement. 

aa A estimates have also been shown to loose their accuracy for large model errors. This has 

(inn part) been overcome by the use of multiple model procedure developed by Scheres k 

Gross (2001). They showed the importance of a proper error estimate for model building 
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purposes.. Naturally, inferences on the chemical nature and bonding patterns of a set 

off  unlabelled atoms need, besides prior information of the geometry and composition 

off  the molecule, a good estimate of the underlying error model. Although a statistical 

justificationn of the error model on the distances and angles used by Scheres & Gros 

(2001)) is less obvious, their test cases do show the importance of reasonable estimates of 

thee positional errors. 

Apartt from error estimates based on the correspondence between the observed and cal-

culatedd structure factor amplitudes, real-space methods have been developed as well. An 

interestingg approach is the empirical function derived by Colovos et al. (2000). This func-

tionn relates the frequency of a number of topological features of the electron density to 

thee average phase error. Related techniques have been developed by Terwilliger (2001). 

Inn the latter approach, a likelihood function for a map is constructed that contains terms 

dependingg on prior knowledge of the 'looks' of the electron density map and available 

phasee distributions for each reflection. This function is used to modify the phases in 

suchh a way that the map likelihood function is maximised and produces furthermore good 

estimatess of phase probability distributions. In turn, these estimated phase probability 

distributionss are used in automated model building routines as mentioned in the previous 

section. . 

1.44 Where do we stand? 

Thee requirements on the resolution and phase quality needed by ARP/wARP version 

6.00 to be able to successfully build protein models have been loosened considerably in 

comparisonn with the previous versions. There are two major reasons for this. First of all, 

thee refinement program which ARP/wARP operates with. REFMAC5 (Murshudov et al. 

1997),, outperforms the previous version (REFMAC4). Another major contributor to a 

widerr applicability of ARP/wARP is a more extensive use of prior knowledge in the inter-

pretationn process. As described in section 1.2.4, main chain tracing is carried out using 

priorr knowledge of the backbone stereochemistry. This greatly enhances the performance 

off  the recognition of the main chain in noisy electron density maps. Information of the 

expectedd electron density is handled in a more elaborate way compared to the previous 

version.. Whereas in versions 5.x of the ARP/wARP suite simple criteria such as the value 

off  the density height between two consecutive C0 atoms were used, a resolution dependent 

templatee describing the electron density around a peptide plane is used in the latest ver-

sion.. The impact of this on the performance of ARP/wARP is spectacular. Comparing 

thee '5 .1' and the '6.0' tracing, using the ARP/wARP suite distributed example X-ray 

dataa set, 52 residues are built in the first tracing cycle with the 'old*  pattern recognition 

algorithm,, whereas 229 residues (out of 475 in total) are built with the new procedure. 

AA comparative study between model building algorithms (Badger, 2003) has shown that 
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ARP/wARPP version 6.0 builds in 95% of the cases more than 75% of the model for 
structuress up to 2.3 A. Resolve 2.03 and MAID build more the 75 % of the model in 
55%% and 81% of the cases respectively. No detailed comparison of the performance of 
ARP/wARPP version 6.0 to other model building algorithms were provided for X-ray data 
setss with a resolution lower than 2.3 A. There have however been reports (Morris et al., 
2003c)) that ARP/wARP was able to built successfully up to 96% of the main chain 
aroundd 2.5 A using a set of tailor-made protocols, as well as an isolated, exotic case at 
2.88 A with a large solvent content. Recently, for one of the in-house projects at EMBL-
Hamburg,, about 50% of a partially twinned, 3.2 A structure with large solvent content 
(0.75)) has been built automatically starting from good 'prime and switched' (Terwilliger, 
2001)) molecular replacement phases. 

Thee results in the medium to low resolution range are encouraging, whereas the improve-
mentss made for data sets extending a resolution of 2.5 A, are spectacular. In order to 
increasee the success of ARP/wARP at lower resolution, the amount of prior knowledge 
usedd needs to be extended. This may include more sophisticated classifiers for the shape of 
ann electron density and tools for incorporation of phase and/or geometrical error estimates 
duringg the model building process. Other sources of information that can be utilised are 
geometricc redundancies (Bricogne, 1974) such as Non Crystallographic Symmetry (NCS), 
cross-crystallographicc symmetry or a combination of these two. 
ARP/wARPP is currently specific to protein models only and DNA, RNA or ligands cannot 
bee built automatically. DNA and RNA structures consist of basic, repeating building 
blocks,, which would probably lead to search procedures utilising this chemical modularity. 
Ligandss are in general smaller than DNA or RNA fragments, but their possible variety is 
large.. This makes it less straightforward to define a set of suitable features that could be 
usedd to automatically detect and build ligands in electron density maps. 

1.55 Scope of thi s Thesis 

AA good estimate of the quality of an electron density map and the set of free atoms 
thatt parameterises it, as is the case in the model building algorithms implemented in 
ARP/wARP,, is likely to help the interpretation process. The information used in most 
errorr estimation procedures is based on the correspondence between the observed and 
calculatedd structure factor amplitudes or on some features of the electron density. In the 
secondd chapter of this thesis, geometrical information is used to gauge the quality of the set 
off  free atoms. This estimate can then be used to obtain some information on the quality of 
thee electron density map. In order to utilise available geometric information, a distribution 
iss derived that describes the occurrence of inter atomic distances given a Gaussian error 
off  the positional parameters. It will be shown that under some assumptions a simple 
relationn exists between the error of the positional parameters of an atomic model and the 
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correlationn between the perfect electron density and a map calculated with the phases 

fromm the erroneous model. A key parameter in this relation is the quantity describing a 

shapee of the electron density of an atom. An empirical function for an estimation of this 

quantityy is presented and shown to correlate with X-ray data set characteristics such as 

thee width of the Patterson origin peak and the optical resolution. Both the description 

off  the geometric features and the quantity describing the shape of the electron density 

off  an atom can be used to assist the decision-making processes during automated model 

buildingg methods. 

Inn chapter 3. the derived dependence of the distribution of distances, given a Gaussian 

errorr model of the positional parameters of an atomic model, is used to model the change 

inn the shape of the Wilson plot (Wilson. 1942. 1949) as a function the of positional error. 

Thiss analysis can be used to estimate figures of merit, which can subsequently be used 

too calculate crustyle weighted maps (Read, 1986). Additionally, a novel explanation of 

somee characteristic features in the Wilson plot is presented. 

Inn the last chapter, prior knowledge of a subset of distances in a given ligand is used for 

automatedd identification and building of this molecule in electron density maps. Trial 

ligandd atoms are constructed on an orthogonal grid, which is used to obtain an error 

modell  on distances and chirality descriptors of the ligand. The last chapter relates to the 

previouss ones as follows: rather than estimating the parameters of the error model on the 

basiss of the observed geometric features, we fix the error model and make inferences on 

thee nature of underlying error free geometrical features given an observed set of atoms 

andd prior knowledge of the chemical structure of the ligand. 

Chapterss two and three have been accepted for publication in Acta Crystallogmphica 

sectionn D as two manuscripts. The algorithm and methods presented in chapter four, wil l 

bee made available to the user community in due time. 
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Chapterr 2 

Distancee distributions and electron 
densityy characteristics of protein 
models s 

AcceptedAccepted for publication in Acta Crystallographica Section D 

2.11 Abstract 

Thee analytical expression for the distribution of an interatomic distance resulting from 

aa known error free distance and a Gaussian perturbation of the atomic coordinates is 

presented.. This is used to estimate the coordinate error on the basis of known geometric 

featuress of protein models via the nearest neighbour or the radial distance distribution. 

AA simple relation is presented that describes the dependence of the map correlation to 

thee positional error of the protein model, the resolution of the X-ray data and the overall 

atomicc displacement parameter. The distribution of geometrical features and the relation 

betweenn the map correlation and the positional error can be used in assisting the decision 

makingg process during automated model building procedures. 

2.22 Introduction 

Estimationn of the map quality is essential for automated model building. Decisions on the 

placementt of a structural element based on density criteria ideally reflect both the prior 

informationn of the expected electron density for a particular structural element, as well as 

aa measure of how well the placement of such a fragment represents the observed density 

withh a given error. An example of this principle are the building routines implemented 

inn Resolve (Terwilliger, 2000, 2003a), where available phase probability distributions are 

utilisedd to compute the likelihood of a fragment at a certain location. The automated 
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modell  building routines implemented in ARP/wARP (Perrakis et ai, 1999) operate in 

real-spacee and mechanisms are being developed to incorporate information on positional 

errorss of free atoms and the characteristics of the electron density in the decision making 

processs during model building. The effects of the errors on the positional parameters 

duringg Ca backbone tracing have been adressed by Morris et al. (2002), who showed that 

errorr specific scoring functions can be constructed. Furthermore, this error estimate can 

bee used to give a reasonable approximation of the size of the search problem during auto-

matedd model building (Morris et al, 2003b). Although a number of error and map quality 

estimationn procedures are available (Cox & Cruickshank, 1948; Cruickshank, 1999; Luz-

zati,, 1952; Read, 1986; Colovos et a/., 2000; Murshudov et a/., 1997; Pannu & Read, 1996; 

Luninn k, Skovoroda, 1995), it is worthwhile investigating whether other straightforward 

estimatess can be obtained or used in conjunction with existing methods. In this paper, 

real-spacee properties of protein models are utilised for the estimation of model and map 

quality.. In the next chapter, we extend the methodology to reciprocal space {Zwart k 

Lamzin,, 2003b). 

Heree we present the distribution of an interatomic distance given a Gaussian error on 

thee coordinates. This distribution is subsequently used to compute the distribution of 

nearestt neighbour distances in protein models as well as the radial distance distribution, 

bothh as a function of the coordinate error. These distributions can be used to assess the 

stereochemicall  quality of an atomic model prior to a chemical interpretation. Linking 

thee rmsd (root mean square displacement) to a quality estimate of the electron density 

providess a tool that can be used elsewhere for setting empirical decision boundaries for the 

acceptancee of the placement of a structural element on the basis of its fit to the electron 

density.. A simple relation is presented that connects the rmsd estimate to the expected 

mapp correlation of a map with errors to the final electron density map. The relation is 

derivedd on the basis of a simplified real-space model of the electron density and involves 

ann empirical atomic shape parameter which is related to the optical resolution as proposed 

byy Vaguine (1999). 

2.33 Methods 

2.3.11 Dis tance distr ibut io n 

Lett a pair of atoms (xj,x fc) separated by a target distance d1^, undergo a random, Gaus-

siann perturbation on the positional parameters. Let the variance of the displacement in 

thee x, y and z directions to be equal to a'j for atom j and a\ for atom k. Assuming 

thatt the errors on the positional parameters are independent, it can be shown (Arfken k 

Weber,, 1995; Abramovicz k Stegun, 1974) that the observed interatomic distance after 
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—— Gauss 
—— NCM 
—— Simulation 

Figuree 2.1: The non-central Maxwell distribution (dashed) and a Gaussian distribution 

(thickk continuous line) for an ideal distance of 1.5 A and an expected rmsd of 0.69 A 

(<rmm = 0.4) on the positional parameters. The thin line represents a distribution obtained 

viavia simulation, exactly matching the theoretical curve. 

thee perturbation, d°£s, is distributed according to 

f(d° f(d° 
'obs\ 'obs\ 

'' V2n(a? + ol) ddfk fk 
(2.1) ) 

AA plot of this distribution for dl°£ = 1.5A and Oj = Ok = 0.4, is shown in Figure 2.1, as 

welll  as a Gaussian approximation and a distribution obtained via simulation. The raw 

momentss of this probability density function (pdf) are given in Table 2.1. 

Expressionn (2.1) becomes identical to the Maxwell distribution (Weisstein, 1999) for dt°  ̂ = 

0.. For this reason, we denote (2.1) as the non-central Maxwell distribution, as it describes 

thee distribution of a vector length of a spherical, 3-dimensional Gaussian centered on a 

vectorr with given length dta
k
r. A similar relation exists between the Rice and Wilson 

distributionss (Read. 1990: Bricogne, 1997b). 

Thee following shorthand for expression (2.1) wil l be used: 

NCM^t l^ .^+t^ 2) ) 

Notee that the Rice, Rayleigh / Wilson. Maxwell and the NCM distribution can be seen 

ass special cases of the generalised Rice distribution (Andersen & Kirsch, 1993). For 

completeness,, the pdf and moments of the generalised Rice distribution are given in 

appendixx 1-1, as well as an outline of the derivation of the non central Maxwell distribution. 
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Tablee 2.1: The v-th raw moments of dobs, distributed according to KCU{dobs \dtar, o2). 

Erf[2]]  denotes the error function, T[-]  the Gamma function and $[a,b;z] the confluent 

hypergeometricc function (Lebedev, 1972) 

vv E[{dobs)v] 

22 (d<ar)2 + 3a2 

Thee expected rmsd between an error free and perturbed structure, given a Gaussian error 

modell  with variances in each direction equal to er ,̂ can be shown to be equal to the 

squaree root of the second raw moment of the Maxwell distribution: 

E[rmsd]dobss = VSam (2.2) 

Expressionn (2.2) relates the expected rmsd to the width of the (non central) Maxwell 

distribution.. Precise knowledge of am is thus needed to make accurate inferences on error 

freee bond lengths given an observed distance. 

2.3.22 Nearest neighbour  distance distr ibut io n 

Lett Sj be the set of observed interatomic distances from atom j to all other atoms in a 

model: : 

$ M < V " , ^ - i , < ? + i .. }  (2-3) 

Assumingg a Gaussian error with a variance o2
m on the positional parameters of the model, 

thee individual interatomic distances are distributed according to NCM(cf^s|d*-^.r, 2<7^). 

Applicationn of an error on the atomic positions results in a change of interatomic distances. 

AA formerly larger distance has a certain probability to become the shortest. Assuming 

thatt the elements are independently distributed, the smallest value in set Sj has the 

followingg (cumulative) distribution function: 

JV V 

F(d%F(d%ndnd\2a\2a22JJ = 1 - I J (1 - F(dfk
s|d£\ 2 0) (2-4) 

Althoughh the assumption of independence between the distributions of the distances is 

nott strictly valid, the formulae are well applicable for true Gaussian errors, as shown in 

thee results section. 
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Expressionn (2.4) gives the nearest neighbour distance distribution for a single atom in a 
specificc environment. Taking the derivative with respect to d n̂j to obtain the pdf and 
averagingg over all atoms results in the nearest neighbour distance pdf for a randomly 
selectedd protein atom: 

11 'V 

/tóJ2<£)) = ̂  £ / tóJ20 (2-5) 

Thee summation in expression (2.5) can be seen as a marginalisation: the atom names 
andd corresponding different chemical environments are integrated out. The resulting pdf 
describess thus the occurrence of nearest neighbour distances, given a protein model and 
thee variance of a Gaussian disturbance. For values of 2a2

n larger than zero, distribution 
(2.5)) is dominated by a set of short 1-2. 1-3 and 1-4 distances. All protein structures 
consistt of the same set of basic elements and distribution (2.5) can thus be expected to 
bee essentially the same for all proteins. The nearest neighbour distance distributions 
forr various values of am can be pre-computed. When a protein model with a Gaussian 
coordinatee error is available, the set of nearest neighbour distances {d n̂} in the model can 
bee computed. This observed set of distances can then be used to estimate the coordinate 
errorr via the maximisation of the likelihood of the observed distances as a function of a2: 

N N 

CnnM(A{dtn})CnnM(A{dtn}) = X\f{ n̂ = d£Bj2«72) (2.6) 
ii  = \ 

2.3.33 Radial distance distributio n 

Lett us denote the radial distance distribution of a single protein molecule by frad{dtar). 
Uponn a Gaussian coordinate error the interatomic distances will change and the distribu-
tionn will be smeared out: 

poo poo 

ffradrad(d(dobsobs\2°\2°22JJ = / /r«f(d'Br)NCM(do6'|rf,flr,2<7i)ddtar (2.7) 
Jo o 

Iff  the radial distance distribution up to a certain distance (dradmax) can be assumed to 
bee the same for all proteins, the blurring described by expression (2.7) can be used to 
estimatee the coordinate error. Maximising the likelihood of the observed interatomic 
distancess {d°^s

d}, given the radial distance distribution for a proposed value of a ,̂ will 
resultt in the maximum likelihood estimate of the variance of the Gaussian error model: 

M M 

4-«f(*2|K£})) = f ! fr^**"  = <Cil2ff2) (2-8) 
ii  = \ 

wheree M is the number of the observed interatomic distances that are smaller than dradmax. 
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2.3.44 Ma p correlat ion and it s relation to th e rmsd 

Lett us define the map correlation (mcc) by the linear correlation over the whole unit 

celll  of the map computed with phases from a model with a coordinate error to the map 

computedd from phases of the final model. Both maps are constructed using (Fobs, <pcaic) 

coefficients. . 

Lett us assume that an electron density is modelled by a set of 3-dimensional isotropic 

Gaussianss g,(r|rJ-,o;2) centered on r, and with a width of 2a;: 

^ 4 E * ^ )) (2-9) 

Noww assume that the electron density calculated from imperfect phases can be modelled 

usingg equation (2.9) with a Gaussian disturbance q (with variance a^J on the atomic 

centres: : 

^ )) = ^ I > ( r | r t + qi,o,2) (2.10) 

Thee expression for the expected correlation a between these two electron density functions 

iss given below. 

E [ ( p ( r ) - E [ p ( r ) ] r ) ( p ' ( r ) - E [ p ' ( r ) ] r ) ] r r 

y/E[{p{r)y/E[{p{r)  -E [p( r ) ] r )2 ] r E[(^ ( r ) - E[p'(r)]r)
2] r 

(2.11) ) 

Thee expectation values are obtained by integration over r, as denoted by the subscript. 

Ignoringg effects due to overlap of neighbouring atoms, it can be shown (Appendix 1-2) 

thatt the correlation becomes equal to: 

ii  2 />00 2 

a=—a=— V V ï i ï « ƒ e-ï^NCM(g|0,cr^)dtf (2.12) 
NN *-^ Jo 

Workingg out equation (2.12) results in: 

a=(11 + è)" 3/2 (m) 

Expressionn (2.13) relates the expected coordinate error, which is a function of cr2 ,̂ to the 

expectedd map correlation via the atomic shape parameter u/. 

Expressionn (2.13) is in principle only valid for an isolated atom. Effects due to atomic 

overlapp can be taken into account in the following empirical way. An electron density for 

aa reasonably large protein structure is constructed according to expression (2.9) with a 

givenn value of UJ. The same protein structure is perturbed with Gaussian noise with a 

variancee equal to <r 2
m on the positional parameters and an electron density is created as 

donee for the unperturbed structure. If this procedure is carried out for a reasonable range 
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off  known u: and a  ̂ values, the correlation Q between the perturbed and unperturbed 

densitiess can be used to estimate an empirical relation between a. x and a^. Using a 

widee range of uj and o2
m values, the following dependency has been obtained: 

°° = (1 + ̂ W  (214) 

Thuss if an atomic shape parameter  ̂ is known, equation (2.14) provides simple means 

off  relating a coordinate error estimate of a model to a map correlation estimate for a 

mapp calculated with phases from that model. The procedure for the estimation of the 

parameterr LJ is described below. 

2.3.55 Est imat ion of u; 

Fromm relations (2.2) and (2.14). it can be seen that the slope of the least squares line 

fittedfitted through a set of points {rmsd2. 7.68(n-1 - 1)}  is equal to J**.  Given the electron 

densityy map of the final model and a number of electron density maps computed with 

phasess originating from protein models with known Gaussian errors, uj can be obtained 

viaa least squares methods. 

2uj2uj thus models the wTidth of the electron density of an atom with a Gaussian shape, 

withoutt the contribution of neighbouring atoms. 2^ is likely to be influenced by the 

resolutionn of the X-ray data and the Wilson plot B value (Wilson. 1942. 1949). Because 

2UJ2UJ conceptually models the atomic width, we suspect that it is related to the width of 

thee Patterson origin peak which was estimated by a procedure outlined in appendix 1-3. 

Thee width of the Patterson origin peak is furthermore linked to the optical resolution as 

definedd by Vaguine (1999) and has been argued to be an objective measure of the expected 

levell  of detail in electron density maps (Weiss, 2001). An empirical relation between the 

observedd 2UJ and the width of the Patterson origin peak can be used to estimate 2uj from 

thee available diffraction data. 

Anotherr approach is to construct an empirical relation that would give an estimation of 

thee value of J1 on the basis of the characteristics of the X-ray data set. We have chosen a 

simplee polynomial function with the nominal resolution dmin and the Wilson plot B value 

ownn as variables: 

JJ11 = (aidmin + a2y/BW\i + a3)
2 (2.15) 

Thee coefficients a,\ and a2 are the weights to the contributions of the nominal resolu-

tionn and the average atomic displacement factor on the blurring of the electron density. 

Coefficientt o3 can be seen as modelling the average width of an atom at rest at infinite 

resolution. . 
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2.44 Results 

2.4.11 Nearest Neighbour  and Radial Dis tance Distr ibut ion s 

Nearestt neighbour distance distributions have been obtained numerically for 3 different 

proteinn structures (PDBID: 102L, 1E30,1IBZ) via expression (2.5) and they are shown in 

Figuree 2.2 for three different rmsd values. The distributions are very similar at moderate 

too high rmsd values but differ for lower errors. This observation has been confirmed by 

calculatingg the Kolmogorov-Smirnov Statistic (Dudewicz & Mishra, 1988) between the 

differentt distributions at a number of rmsd values, indicating that the distributions of the 

threee proteins can be regarded as equal for coordinate errors larger than 0.20 A . 

Errorr dependent radial distance distributions up to 4 A were obtained numerically for the 

samee protein structures via expression (2.7). A number of these distributions is shown 

inn Figure 2.2. To test the use of the error dependent nearest neighbour distributions, 

thee atomic model of crambin (PDBID: 1AB1) was randomised with a different rmsd 

values.. The nearest neighbour distances of the resulting models were computed and were 

usedd in the likelihood maximisation procedure described by expression (2.6). The results 

aree plotted in Figure 2.3. Estimates of the coordinate error using the radial distance 

distributionn via expression (2.8) are also shown. 

2.4.22 Determinat ion of uj 

Thee atomic shape parameter UJ has been estimated by randomising the atoms of a well 

refinedd structure and using that coordinate set to calculate phases and a 'scrambled' 

electronn density map. This has been carried out for a number of different values of rmsd 

andd the resulting map correlations to the original map have been calculated, Figure 2.4. 

Thiss procedure has been carried out for 69 structures with experimental X-ray data (see 

Tablee 2.2 for some summary statistics) downloaded from the PDB (Berman et ai, 2000; 

Bernsteinn et al, 1977). For each structure, UJ has been determined (here after denoted as 

observedd u;) using expression (2.14). A typical plot of observed and fitted map correlations 

ass a function of rmsd is shown in Figure 2.4. 

Tablee 2.2: Summary statistics of the 69 data wets used in the estimation of ui 

Resolutionn dmm (A) 

Wilsonn plot B value SWi i (A2) 

Overalll  Completeness (%) 

Average e 

2.05 5 

24.5 5 

95.1 1 

Minimum m 

1.35 5 

7.24 4 

79.5 5 

Maximum m 

2.91 1 

74 4 

99.9 9 
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d(A) ) 

—— 102L 

—— 1E30 

—— 1IBZ 

rmsdd = 0.50 A 
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Figuree 2.2: Nearest neighbour distance distributions (left) and radial distance distri-

butionss (right) for three protein models (102L, 1E30, 1IBZ) for rmsd values equal to 

0.02AA (top), 0.20 A (middle) and 0.50 A (bottom). For errors larger than 0.20 A the 

distributionss for different models are essentially identical. 

Thee estimated values of 2u> from the isolated atom approximation, expression (2.13), and 
thosee obtained from the overlapping atom approximation, expression (2.14), are plotted 
inn Figure 2.5 against the width of the Patterson origin peak. The width of the Patterson 
originn peak is affected by atomic electron density overlap, resulting in a broader width than 
expectedd from the width of a single atom. Therefore we expect the width of the Patterson 
originn peak to be larger than or equal to 2u>. The values of 2u obtained via expression 
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Neares tt  neighbou r distanc e distributio n Radia ll  d is tanc e d is t r ibut io n 

0.000 0.25 0.50 0.75 1.00 1.25 1 
Truee rmsd (A) 

000 0.25 0.50 0.75 1.00 1.25 1.50 
Truee rmsd (A) 

Figuree 2.3: The dependence of the estimated rmsd values via nearest neighbour (left) 

andd (right) radial distance distributions to the true rmsd (simulated Gaussian errors, 50 

independentt randomisations per rmsd bin). A line with a slope of 1 and intercept equal 

too 0 is shown for comparison. 

(2.14)) reflect this expecation surprisingly well. For this reason, any further reference to 

2co2co is thus based on the estimates obtained via expression (2.14). Least-squares fitting 

off  the parameters a i , a2 , a3 in expression (2.15), given the nominal resolution quoted in 

thee 69 PDB entries and the Wilson plot B value as determined by ARP/wARP (Morris 

etet al, 2003c), resulted in 

(0.078dmmm + 0 . 0 4 3 ^ 5 0̂ + 0.322)2 (2.16) ) 

withh estimated standard deviations of 0.014, 0.004 and 0.021 respectively. A plot of the 

observedd u>2 values versus the values predicted via expression (2.16) is shown in Figure 

2.6. . 

Inn a further simplification, where we use the for 69 PDB entries observed dependency of 

V'£?wuu on dmin, expression (2.16) reduces to 

<2UJ>=<2UJ>=  0.34dmin + 0.64 (2.17) ) 

andd has a correlation of 0.82 against the observed 2ui. A plot of the nominal resolution 

versuss <2OJ>, the resolution measure according to James (1948), Stenkamp & Jensen 

(1984)) and the width of the Patterson origin peak, is shown in Figure 2.7. 
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Figuree 2.4: Map correlation as a function of rmsd for two data sets: 1H79: d„ 

A,, Bwii = 51-3 A2: 1GSI: dmin = 1.6 A, Sw n = 15.0 A2. 

2.9 9 

2.5 5 

2.25 5 

2 2 

^1 .75 5 

33 1-5 

1.25 5 

1 1 

0.75 5 

0.755 1 1.25 1.5 1.75 2 2.25 2.5 

Widt hh of Patterso n origi n peak (A ) 

Figuree 2.5: The dependence of the 2u; estimates based on the isolated and overlapping 

atomss approximations, on the width of the Patterson origin peak. A line with a slope 

equall  to 1 is shown for comparison. 
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Figuree 2.6: Observed J1 versus modelled J1 using the overlapping atom approximation, 

fittedfitted on the basis of the Wilson plot B value and the resolution of the dataset. The 

correlationn coefficient is 0.93. 
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Figuree 2.7: The nominal resolution as quoted in the 69 PDB entries is plotted against a 

numberr of different resolution mearures. See main text for details. 

2.4.33 Ma p correlation est imates via an rmsd est imate of unrestrained refined 

a toms s 

AA number of unrestrained refinements were carried out on scrambled models of Leish-

manolysinn (PSP; courtesy of P. Metcalf) and the 7-Adaptin Appendage domain (Adaptin: 
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courtesyy of S. Panjikar and H.M. Kent). A Gaussian error was applied to the positional 

parameterss and the model has been subsequently refined without restraints using REF-

MAC 55 Murshudov et al. (1997): Collaborative Computational Project Number 4 (1994). 

Thee rmsd of the coordinate set has been estimated using the nearest neighbour distance 

distributionss and the corresponding map correlations via expressions (2.16) and (2.14). 

Thee results of these experiments are listed in Table 2.3. 

Furthermore,, two free atom modelling experiments have been carried out. The interme-

diatee models of these runs have been used to monitor the progress of phase improvement. 

Thee rmsd and the map correlation were estimated as done for the scrambled models. 

Figuree of merit estimates of REFMAC5 were used to estimate the map correlation, with 

thee aid of an expression derived by Lunin k, Woolfson (1993), albeit in a modified form: 

y^^ |FJ2fomh 

Thee results are shown in Figure 2.8 and summarised for the last free atom modelling cycle 

inn Table 2.4. 

Tablee 2.3: Rmsd and map correlation estimates of scrambled and subsequently refined 

models s 

Dataa set 

truee rmsd 

estimatedd rmsd 

truee mcc 

estimatedd mcc 

Dataa set 

truee rmsd 

estimatedd rmsd 

truee mcc 

estimatedd mcc 

PSP P 

0 0 

0.03 3 

1.00 0 

1.00 0 

Adaptin n 

0 0 

0.20 0 

1.0 0 

0.98 8 

0.19 9 

0.17 7 

0.99 9 

0.99 9 

0.15 5 

0.22 2 

0.99 9 

0.97 7 

0.37 7 

0.32 2 

0.96 6 

0.95 5 

0.33 3 

0.33 3 

0.94 4 

0.94 4 

0.56 6 

0.52 2 

0.90 0 

0.90 0 

0.56 6 

0.76 6 

0.84 4 

0.74 4 

0.77 7 

0.76 6 

0.79 9 

0.80 0 

0.80 0 

1.03 3 

0.69 9 

0.60 0 

Thee resolution range for the PSP data set was from 20 to 2.0 A. The Wilson plot B 

valuee was 18.0 A2, which corresponds to a a value of 1.32A for 2UJ. For the Adaptin 

dataa set the resolution range was 20 to 1.45 A, the Wilson plot B value was equal to 

10.5A22 and 2JJ is thus equal to 1.15A. 
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Tablee 2.4: rmsd and map correlation estimates in the final ARP cycle 

PSPP Adaptin 

estimatedd rmsd 

truee rmsd 

truee mcc 

refmacöö mcc 

estimatedd mcc 

0.45 5 

0.43 3 

0.93 3 

0.98 8 

0.92 2 

0.33 3 

0.40 0 

0.91 1 

0.95 5 

0.94 4 

Thee rmsd was estimated using the nearest neighbour distances and converted to a map 

correlationn estimate as shown in the text, true rmsd stands for an rmsd estimate 

obtainedd using the known map correlation and the inverse of expression (2.14). 
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Figuree 2.8: Map correlation estimates via an rmsd estimate (estimated mcc), via the 

figuresfigures of merit of REFMAC5 (refmacö mcc) and true map correlation (true mcc) as a 

functionn of ARP cycle. 

2.55 Discussion and Conclusions 

Thee presented analytical distribution of an interatomic distance given the target distance 
andd a Gaussian error model, serves as an essential component in modelling of distance 
distributionss in proteins. The non central Maxwell distribution can be described reason-
ablyy well by a Gaussian when the variance is small compared to the error free distance, as 
indicatedd by the mean and second raw moment in Table 2.1. For errors that are large com-
paredd to the error free distance, the Gaussian approximation becomes inadequate, Figure 
2.1.. Similar observations have also been made when comparing the Rice and Gaussian 
distributionn (Pannu & Read, 1996; Bricogne, 1997b). 

Bothh the derived theoretical nearest neighbour and radial distance distributions as a func-
tionn of the coordinate error model extremely well true Gaussian errors on the positional 
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parameters.. Figure 2.3. in spite of the not fully justified approximation of the indepen-

dencee of distances. The average relative difference between predicted and true rmsd is 

beloww 129c for errors up to 1.0 A. The error estimates of the refined randomised models 

alsoo lie close to the correct values. Table 2.3. indicating that the errors of the positional 

parameterss follow an (approximate) Gaussian distribution. The error estimates on the 

freee atom models, both the rmsd and map correlation, are not quite correct in the early 

stagess of the iterative model update and refinement procedure. Figure 2.8. The results get 

howeverr better as the free atom modelling procedure comes close to convergence, Table 

2.4.. The reason for this is ascribed to the specifics of ARP/wARP: the presence of noise 

atomss and the distance limit s used while placing free atoms in the electron density with 

underlyingg errors that are not accounted for. Clearly, if the initial free atom model is 

builtt on the grid points on which the electron density is calculated, the distribution of 

thee nearest neighbours is primarily governed by the grid rather than by the quality of the 

phases.. Use of the statistical characteristics of these lattice distributions (Abramovicz &i 

Stegun.. 1974) in automated model building procedures wil l be presented in chapter 4. 

Additionn of tight stereochemical restraints on the model wil l of course bias the set of 

distancess towards the geometrical targets. This wil l result in an underestimation of the 

coordinatee error using either the nearest neighbour or radial distance distributions. Nev-

erthelesss some direct method approaches based on real / reciprocal space recycling (Weeks 

kk Miller . 1999; Schneider & Sheldrick, 2002, e.g.) or conditional optimisation approaches 

(Scheress &: Gros. 2001. 2003) might benefit from the error analyses presented here. 

Thee expression derived for the dependence of the map correlation on the rmsd. is a crude 

approximationn to the reality. The electron density fall-off at truncated resolutions shows 

aa sharper drop as a function of distance from the atomic centre than can be modelled by 

aa Gaussian function (Chapman. 1995). Furthermore, an electron density map with errors 

inn the phases cannot be appropriately described by a simple shift of the atomic centres, 

whilee keeping the atomic shape constant. Surprisingly however, the (empirical) functional 

formss obtained are good enough to obtain a workable model that allows the prediction of 

thee map correlation within reasonable accuracy. 

Ass expected. 2a; does correlate with the width of the Patterson origin peak, Figure 2.5. 

AA relation with the optical resolution as computed by SFCHECK is also present, but 

hass a lower correlation (0.93 instead of 0.97). most likely due to the fact that the optical 

resolutionn has an added nominal resolution dependent term. We regard 2UJ as a model 

off  the shape of an average protein atom, that is linked via a simple expression (2.14) to 

thee sensitivity of the map correlation to Gaussian positional errors. Expression (2.17) 

iss simple but rather approximate, as it does not take the Wilson plot B value directly 

intoo account but rather relies on the correlation between the Wilson plot B value and the 

nominall  resolution in the data present in our test set. Estimating the value of 2^o should 
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ratherr be carried out by use of expression (2.16) or via its relation to the width of the 

Pattersonn origin peak. 

Whenn thus a reasonably accurate estimate of the map correlation is available, this can 

bee converted to an estimate of the rmsd of the free atoms using the inverse of expression 

(2.14)) as can be seen from Table 2.4. The rmsd estimate defines the geometrical part of 

thee error model which can be used in the scoring function in main chain tracing or side 

chainn building. The use of the nearest neighbour distance distribution in estimating the 

qualityy of a free atom model in the early stages of model construction is limited, but it can 

possiblyy be used in assisting atom update and removal or as a source of prior information 

inn non grid-based free atom model construction. Using the empirically derived quantity 

2u;; as a classifier for an X-ray data set to choose appropriate density templates during 

chainn tracing and the construction of tailor-made decision boundaries as a function of map 

qualityy and data set characteristics, is currently being implemented in the latest version 

off  ARP/wARP and awaits thorough testing to validate the results. 

Thee 69 X-ray data sets used to obtain the coefficients for expressions (2.16-2.17) can 

certainlyy be used for more elaborate analyses of characteristics of the electron density. 

Impressivee work along these lines has already been carried out by Kleywegt et al. (2003) 

whoo constructed a database of electron density maps and quality indicators for local 

densityy fits given atomic models and corresponding X-ray data submitted to the PDB. 
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Appendixx I 
I - ll  The Non-Central Maxwell Distr ibution 

Lett f(x,y, z) be the pdf of a 3-dimensional spherical Gaussian in an orthonormal coordi-

natee framework centered on an arbitrary vector(ir^.j/j/t, z]k): 

11 U-^^+ty-^i2-^-'^)2 

fix.fix. y.z) = 
;; 27r<rV27r 

Transformingg this pdf to polar coordinates results in: 

7 - 2 S i n ( 0)) r '+r j f c -2r | j f c rco.W f(r.0.il>)f(r.0.il>)  = # # 

(2-19) ) 

(2.20) ) 
27rcr3V27T T 

Integratingg out the angles (note that ip is uniformly distributed on (0,27r)) results in the 

distributionn of the length of a vector drawn from a 3-dimensional Gaussian centred on 

{xjk,Vjk,Zjk)-{xjk,Vjk,Zjk)-

11 ir-r lk)
2
 r 

f(r\rf(r\r jkjk^)^) = as/27T as/27T rjk rjk 
f2.2i: : 

Settingg subsequently a2 = cr| + a\ by assumed independence in the error on the atoms, 

resultss in expression (2.1). The (cumulative) distribution function of the non central 

Maxwelll  distribution (2.21) is given as: 

F(r)F(r) = 
2irr2irr jk jk 

44 I  Erf Tik Tik 

y/2a y/2a 
++ Erf 

rr  + rjk 

V2a V2a 
(2.22) ) 

Thee K-dimensional generalisation of expression (2.21) is known as the generalised Rice 

distributionn and has the following pdf: 

frfr ob3ob3(r\a(r\a22,r,r}k}k) ) 
2a2a2 2 

r r 
rr jk jk ) ) (2.23) ) 

wheree / /c_, denotes a modified Bessel function of the first kind. Depending on whether 
22 l 

thee dimension of the system is odd or even, it is of fractional or integer order respec-

tively.. Setting K equal to 3 results, after some rearranging, in expression (2.21). The raw 

momentss of the generalised Rice distribution are given for completeness: 

E[rE[r vv\K]\K] rr = (2cr2) = 
,r[(K,r[(K  + v)/2] 

mm mm $ $ 
vv K 'jk 'jk 

2'' 2 ' 2cr2 (2.24) ) 

I tt can be shown that when K is equal to 2, expression (2.24) reduces to the moments of 

thee Rice distribution given by Pannu k Read (1996) For K equal to 3, expression (2.24) 

iss equivalent to the expression for the raw moments given in Table 2.1. 
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1-22 On the derivation of expression (2.12) 

Lett us describe an atomic density by a Gaussian g(r|q, u2) placed on the atomic centre q 

andd expand it along the x. y and z directions: 

59(r|q,, UJ2) = gx,q{x\qx, J)gy,q{y\qy, u;2)gz,q(z\qy.u;2) (2.25) 

Thee following shorthand wil l be used 

9x.9x.qxqx((
xxkx,ukx,u22)) = gx,qx (2.26) 

Lett x, y and z be distributed uniformly on (—a, a). If a is large, then: 

E KK  J* = ƒ Ya9x«*dx ~ Ya (2-27) 

E[(flx. fe)
2]x== f ^-{9x^?dx^—^=- (2.28) 

and d 

//

+ aa 1 l a 2 

ir9x,ir9x,qxqx99XXflfl  ~ — - ^ e - 5 ^ (2.29) 
Expandingg expression (2.11) results in 

E[p(r )p ' ( r ) ]r -E[p(r ) ] rE[p' ( r ) ] r r 

y/(E[p(r)*]y/(E[p(r)*] rr - E\p(r)]*)(m\f/(r)*] t - E[//(r)]* ) 
(2.30) ) 

Writingg out the first part of the covariance term in expression (2.30) explicitly for a single 

atomm molecule, we obtain: 

E[p( iV(r) ] rr = n9x,ogx,qxW9y,o9y,qy}yE[gz,og ŷ}z (2-31) 

Workingg out the other moments and using expressions (2.27-2.28) results in: 

{\/{^ujf)-a-{\/{^ujf)-a-22 {2-62) 

Neglectingg the a"2 terms (a is large) results in 

aa = e *> = e ï > (2.33) 

Thee validity of the previous expression has been checked numerically. The larger a, the 

moree justified the approximations made. For a multi-atom molecule a similar derivation 

cann be made, resulting in expression (2.12) when assumed that atoms do not overlap. 
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1-33 The width of the Patterson origin peak 

Considerr the Patterson synthesis: 

P(u)P(u) = J2 \F°hS\2exp[-27rihu] (2.34) 
h h 

Averagingg over the sphere with radius u results in 

<P(u)>=<P(u)>=  V Fg» 2 L J (2.35) 
*—*—'' Zirnu 

h h 

Thiss can be approximated further by summing over resolution bins hv rather than indi-

viduall  reflections: 

<P(„)>== Y>, ^Fïf'l^ ï f ^ J (2.36) 
33 J 

Modellingg the Patterson origin peak by a Gaussian function, leaves us with fitting the 

followingg dependency around the origin: 

ln[<P(w)>]]  - ln[<P(0)>] = piu2 (2.37) 

\/—l/pi\/—l/pi is than equal to the width of an average, Gaussian shaped atom. This number 

iss quoted in the text as the width of the Patterson origin peak. 
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Chapterr 3 

Thee influence of positional errors on 
thee Debye effects 

AcceptedAccepted for publication in Acta Crystallographica Section D 

Abstract t 

Thee relation between a Gaussian perturbation of the atomic positional parameters and 

thee average squared structure factor amplitude is presented. Using an error dependent 

radiall  distance distribution of an atomic protein model, it can be shown that the Debye 

effectss diminish exponentially as a function of increasing positional errors. These relations 

cann be used to estimate the quality of an atomic model and the corresponding phases. 

Thee limiting case of equal atoms with an infinitely large coordinate error results in the 

classicall  Wilson model. 

3.11 Introduction 

Thee deviations from a straight line in a Wilson plot (Wilson, 1942, 1949) are known 

ass Debye effects (Giacovazzo, 1998). These deviations are mainly caused by the stereo-

chemistryy of the molecular structure and can be modelled by the Debye equation (Debye, 

1915): : 

Thee subscript o in expression (3.1) denotes that the averaging is carried out over all 

orientationss of Fh for a given reciprocal lattice spacing h. Note that in expression (3.1) 

wee do not account for lattice periodicity or other packing effects and the expression is 

thuss only strictly valid for a single unit cell or molecule. The effect of the shape of the 
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molecularr envelope on the Wilson plot is not directly accounted for. This point is discussed 
byy Morris et al. (2003a). The need for these assumptions will however be eliminated as 
wil ll  be discussed below. 
Expressionn (3.1) can be rewritten in terms of the radial distance distribution frad(d). 
Assumingg equal atoms, one arrives at: 

E[|Fhj
2]00 = Nf(h) (l + (N- 1) ffraM^^-dd  ̂ (3.2) 

Forr the trigonometric part of the structure factor amplitudes, expression (3.2) can be 

transformedd into 

E[|Eh|
2] oo = l + 7(/0 (3-3) 

with h 

7 ( h )) = ( A r _ 1 ) p ^ ( ( 0 5 « d d (3.4) 

Inn the Wilson approximation the atoms are independent and uniformly distributed 
throughoutt the unit cell, resulting in 7(ft) = 0 (Giacovazzo, 1998). The excess or lack 
off  specific interatomic distances results in a non-zero interference and affects the mean 
squaredd structure factor amplitude. This is demonstrated in Figure 3.1, where the radial 
distancee distribution of a typical protein is multiplied by a sinc(27rftd) = sin(27rftd)/(27rhd) 
termm (see expressionn (3.4)), for 1/ft equal to 1.1, 2.2 and 4.5 A. In the same plots the curves 
forr a structure with a uniform, independent distribution of atoms (hereafter denoted as a 
randomm structure) are shown. The interatomic distances arising from chemically bonded 
atomss (1-2 distances) at about 1.4 A and atoms involved in bond angle distances (1-3 
distances)) at about 2.4 A are the two major contributors into the differences between the 
radiall  distance distribution of a protein structure and a random structure. An excess of 
interatomicc distances compared to the random case is also found around 3.8 A, a typical 
Ca(i)-Ca(i+1)) distance. At larger distances, differences between the radial distance dis-
tributionn of a protein and a random structure are also found due to secondary structure. 
Thee qualitative effects of these interatomic distances on the average squared structure 
factorr amplitude are summarised in Table 3.1 in terms of positive or negative contribu-
tionss to the integral in expression (3.4). As shown by Morris & Bricogne (2003) the 1-2 
andd 1-3 distances are (in part) responsible for a large peak in the mean (Eh|2 value at 
aroundd 1/ft = 1.1 A. Both the 1-2 and 1-3 distances have a positive contribution to 7(ft) 
forr 1/ft = 1.1 A, Figure 3.2. Also, the lack of interatomic distances between the latter 
twoo coordination shells where the sine function is negative, results in an effectively larger 
valuee of 7(ft) compared to a random structure. Other pronounced peaks in the average 
off  |Eh|2 as a function of resolution lie around 1/ft = 2.2 and 1/ft = 4.5 A. At 1/ft = 2.2 
AA the 1-2 distances have a negative contribution, while the 1-3 distances have a positive 
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Tablee 3.1: Qualitative contribution of specific interatomic distances to ~)(h) at pro-

nouncedd extrema in a Wilson plot. 

1-22 distances 

1-33 distances 

CC -C 

Secondaryy struct ure e 

l / h = l . l l 

max x 

+ + 
+ + 
+ + 

++ /-

l /h=1.65 5 

min n 

--
--
+ + 

+/--

l /h=2.2 2 

max x 

--
+ + 
--

+/--

l /h=2.65 5 

min n 

--
--
--
+ + 

l /h=4.5 5 

max x 

+ + 
--
--
+ + 

l /h=6.5 5 

min n 

+ + 
+ + 
--
--

maxx and min denote if 'y(h) is at a local maximum of minimum at the giveii value of 

h.h. +  denotes a positive contribution to -y{h). - denotes a negative contribution. + /-

denotess both a positive and negative contribution to f (ft)- See main text and Figure 3.2 

forr further details. 

contributionn to the average |Eh |2 value. A similar observation can be made for the peak 

att 1/7* = 4.5 A : the 1-2 distances and effects of secondary structure (here loosely defined 

ass distance features between 4.5 and 7 A ) have a positive contribution to the average 

|Eh |22 value, whereas the 1-3 and CQ-CQ distances at 3.8 A have a negative contribution. 

Thiss interpretation of the well known features in the Wilson plot of a protein structure 

leadss to the statement that changes in the radial distance distribution caused by model 

errorss have an effect on the averaged calculated |Eh |2 and |Fh |2 values. The influence 

off a coordinate error on the Debye effects can therefore be used to assess the quality 

off  an atomic model and the corresponding phases. The function -y(h) is expected to be 

essentiallyy the same for a wide range of protein structures as judged from the well known 

featuress of the Wilson plot (Popov & Bourenkov, 2003: Cowtan fc Main. 1998: Blessing 

etet al, 1996), although a dependence on the secondary structure is present (Morris et al, 

2003a).. An empirical -){h) curve obtained from a PDB analysis (Bernstein et al., 1977: 

Bermann et al.. 2000) can be used to estimate 7(/i)06s from the observed structure factor 

amplitudess of the protein under consideration, which can be subsequently used to assess 

thee model and phase quality. 

3.22 The influence of the coordinate error on the Debye effects 

Thee error dependence of the mean squared structure factor amplitude was examined 

byy introducing an error-dependent radial distance distribution. frad(d\(J2). into equation 

(3.2): : 

E[\FE[\F hh\\\\qq = Nf*{h) (l + (,V - i) l^^d^f^l^-ddj 

==  Nf(h)(l + ~f(h\o2)) (3.5) 
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l / hh = 1/1 A 

l / hh = 2.2 A 

d(A) ) 

Figuree 3.1: Sine functions multiplied with the radial distance distribution of a ran-

domm structure (thin line) and lysozyme (thick line, PDB id: 102L), for (top to bottom) 

h = l / l . l .. 1/2.2 and 1/4.5 A. See Table 3.1, Figure 3.2 and the main text for further 

details. . 

DD Protein Structure 
•• Random Structure 

V V 
1.4 4 1.9 9 

d(A) ) 

Figuree 3.2: Integrals of root delimited line sections of the curves depicted in Figure 3.1 

forr l / h = 1.1 A. The values on the horizontal axis correspond to the midpoints of the root 

delimitedd line sections. The height of the bars are proportional to the numerical value of 

thee integral. The difference between the integrals from the protein and random structure 

definess the qualitative contributions listed in Table 3.1. 
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wheree 7(ft|<r2) is the error-dependent variant of expression (3.4). The expectation value 

off  the trigonometric part of the structure factor amplitude becomes: 

E[|Eh|2] 0,f ll = l + 7(/i|cr2) (3.6) 

Thee subscript q in expressions (3.5) and (3.6) denotes that the expectation value is ob-

tainedd by integrating over the errors of the positional parameters. The errors of the 

positionall  parameters are assumed to be distributed independently for each atom, ac-

cordingg to a spherically symmetric Gaussian with variance terms equal to a  ̂ along the 

x,, y and z directions. The change in the radial distance distribution can then be written 

inn accordance with Zwart &: Lamzin (2003a): 

ffdd̂ d̂d(d\a(d\a22)) = f" frad(d
tar)NCM(d\dta\a2)Mtar (3.7) 

Jo Jo 

where e 

andd a2 is the sum of the variances of the error terms of the positional parameters of a 

pairr of atoms: 

aa22 = a) + 4 (3.9) 

Forr errors with a variance equal to o2  ̂ for all atoms, a2 becomes equal to 2a^. When atom 

jj  is not perturbed and an atom k has a positional error with variance cr£t, a2 becomes 

equall  to a2,. 

I tt can be shown (Appendix II-1) that: 

l{h\al{h\a22)) = exp(-27r2f tV) 7( f t ) (3.10) 

Thee exponential multiplier has the same form as the D term in the work of Luzzati 

(1952)) and Read (1986).In the limiting case of an infinitely large error and h  ̂ 0, 7(ft|<r2) 

inn expression (3.10) becomes zero, effectively resulting in the Wilson approximation of 

independent,, uniformly distributed atoms and thus E[|Eh|2] = 1. The dependence of 

E[ |Fh|2]]  as a function of the coordinate error and the resolution can be used to estimate 

er̂ ^ and corresponding figures of merit. Let us model the expected, average calculated 

intensityy as a function of resolution and model error as follows: 

JV V 

E[|Fh|2] 0,gg = kp&Q[-Bmïh
2/2}Y,fj{h){l +exp[-47r2a2

ï / i
2b(/>)) (3.11) 

j j 

Whenn 7(ft) is known, or a good estimate of it is available, denoted as 7(ft)06S, a least-

squaress minimisation of the difference between the average calculated, squared structure 
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factorr amplitude as a function of resolution ( < | F h |2> obtained from a model) and its 

expectedd value (E[|Fh|2] ) can be carried out. The latter expectation value is calculated 

usingg expression (3.11) thus allowing to estimate the scale factor kp, the Wilson plot B 

valuee £?wii and the variance of the error model a^. This variance can in turn be used to 

estimatee phase probabilities (Sim, 1958, 1959) and corresponding figures of merit, which 

aree defined as the expected value of the cosine of the phase difference between the available 

andd error-free phases. 7(/i)06s (an estimate of -y(h) of the protein under consideration) can 

bee obtained from the observed X-ray data and from an empirically obtained, standard 

'y(h)'y(h) curve, denoted as 7 ( / I ) P D B, using a procedure outlined in Appendix II-2. 

Thee standard y(h)pDB curve was obtained from the analysis of 100 protein structures 

fromm the PDB. The structure factor amplitudes were calculated and have subsequently 

beenn normalised in resolution bins: 

< I E - | 2 > - " S S ÖÖ
 (3-i2) 

Thee subscript h in expression (3.12) denotes the summation over the Nh reflections that 

fallfall  within the resolution bin h. Although this is more computationally intensive than 

obtainingg the "f(h) profiles via the radial distance distribution and the Debye equation, 

expressionn (3.2), it has the advantage that lattice periodicity and non-equal atom effects 

aree incorporated. The resulting mean -y(h) profile is shown in Figure 3.3 together with 

aa 7(/i) profile obtained using expression (3.4) and a 'y(h) profile obtained using (3.12) 

forr equal atom structures for comparison. As shown in Appendix II-2, the use of the 

empiricallyy obtained ^/(h)poB curve for the estimation of 7(/i)0&5 avoids the need for the 

single,, equal atom molecule approximation. 

3.33 Results 

3.3.11 Coordinate error  dependent 'y(h) profile s 

Montee Carlo simulation has been carried out to compute the average value of <S 1" ^ , ^>, 

withh d distributed according to the non-central Maxwell distribution in order to test the 

validityy of expression (3.10). This has been carried out for a number errors and various 

valuess of h. The numerical results have been subsequently compared with the results from 

expressionn (3.10). A plot of the average values < s ^Jhd as a m n c t i ° n or the expected 

valuess is shown in Figure 3.4. To visualise the effect of the reduction of the Debye 

effectss with increasing positional error, the atomic model of lysozyme (PDB id: 102L) 

hass been used to compute a number of error dependent radial distance distributions and 

correspondingg -y(h\a2) profiles via (3.5) and (3.7). The resulting profiles are shown in 

Figuree 3.5. The contribution of hydrogen atoms has been omitted. 
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£.0.1 1 
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-0.5 5 

Singlee molecule, equal atoms 

•Crystall structure 

Crystall structure, equal atoms 

h 2 ( A 2 ) ) 

Figuree 3.3: Empirical j(h) curves determined from a selection of good quality atomic 

proteinn models using expression (3.12) for the deposited protein models (crystal struc-

ture),, the same protein models but with all atoms as oxygen and B values set to 20 A2 

(crystall  structure, equal atoms) and using the radial distance distribution, expression 

(3.5),, (single molecule, equal atoms). The differences between the curves are ascribed to 

packingg effects and the assumption of equal atoms in expression (3.5). 

00 0.2 0.4 0.6 0.8 1.0 

<s inc(2 jxhd)> > 

-0 .4 4 

Figuree 3.4: The expected value of i(h\a ) , given by relation (3.10), is plotted against 

thee average value of < 2 ,^ > f° r a distance distributed according to the non-central 

Maxwelll  distribution with a target distance equal to 2.5 A at various values of a2 and 

h,h, black diamonds. The least-squares line fitted through the points has a slope of 1 and 

correlationn coefficient of 1. 
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Figuree 3.5: The effect of a coordinate error on the Debye effects calculated for lysozyme 

(102L)) using expressions (3.6) and (3.7). 

3.3.22 Model and phase quality estimates 

Estimatess of a  ̂ and corresponding figures of merit have been obtained using the described 
least-squaress procedure, with a number of different errors on the model. 
Thee first model used was the ARP/wARP (Perrakis et a/., 1999) distributed example 
(withh the X-ray data) of Leishmanolysin (PSP; courtesy of P. Metcalf). The final model 
hass been randomised by adding a Gaussian error to the positional parameters with an 
rmsdd of 1.5 A. Structure factor amplitudes have been calculated from this model using 
REFMAC55 (Mursfmdov et al, 1997) and have been used to estimate cr .̂ The overall 
scalee factor, Wilson plot B value, the bulk solvent parameters and 7(/i)0„ s have been 
estimatedd from the measured, experimental data (a zero coordinate error was assumed) 
ass outlined in Appendix II-2. 7(/i)0ts has been subsequently used to estimate the scale 
factor,, the Wilson plot B value and the variance of the Gaussian error model, cr ,̂ given 
thee structure factor amplitudes calculated from the randomised model. In Figure 3.6 a 
bulkk solvent corrected Wilson plot from the experimental data is shown (Observed I) as 
welll  as a fitted curve on the basis of j(h)0i,s (Theorectical I, 0 A rmsd). The least squares 
residuall  estimated the coordinate error to be 1.7 A. The corresponding Wilson plots using 
thee calculated structure factor amplitudes of the randomised model are shown in Figure 
3.66 as well. 

•rmsdd = 0.02 A 

•rmsdd = 0.36 A 

•rmsdd = 0.71 A 

rmsdd = 1.06 A 

•rmsdd = 1.40 A 

•rmsdd = 1.82 A 

•rmsdd = 2.23 A 

0.8 8 
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Figuree 3.6: Wilson plots for experimental, bulk solvent corrected PSP structure factor 

amplitudess (Observed I) and the fit using the estimated ~y(h)0bs (Theoretical I, 0 A rmsd). 

Similarr curves are shown for the structure factor amplitudes calculated from the model 

withh an rmsd of 1.5 A on the positional parameters (Calculated I). A fit of the Wilson 

plott of the calculated structure factor amplitudes using f(h)0i,s and assuming a coordinate 

errorr of 1.7 A is also shown (Calculated I, 1.7 A rmsd). In the upper right corner, the 

exponentiatedd negative least squares criteria is shown versus the rmsd. 

Thee same final model of PSP was scrambled by introduction of a Gaussian error to the 

atomicc parameters and underwent five unrestrained refinement cycles with REFMAC5 

usingg the full resolution range of the observed structure factor amplitudes, with the use of 

crosss validation. The resulting coordinates have been used to calculate model structure 

factorr amplitudes and figures of merit were estimated. This has been carried out for a 

numberr of different errors as well as for a phase set calculated from a model with an rmsd 

off  3 A which was used for free atom modelling with ARP/wARP, without the use of cross 

validation.. A similar set of tests has been carried out on the 1HF8 model and X-ray data 

sett from the PDB. For 1HF8, the data was truncated at the low resolution side because 

off  poor data quality for 1/h > 7 A . The results of these test are summarised in Figures 

3.77 and 3.8. Another test has been carried out on a number of intermediate free atom 

modellingg structures. Solvent-flattened experimental phases of PSP were used to carry 

outt a free atom modelling experiment without the use of cross validation. The estimated 

figuress of merit and rmsd values are shown in Figure 3.9. 
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•• <estimated fom> 
•• <refmac fom> 
B<truee fom> 

Figuree 3.7: Estimated figures of merit for the PSP data set (resolution: 20-2.0 A, Bwn 

iss 18 A2) for various scrambled models refined without restraints, as well as from a free 

atomm model obtained from phases generated from the final model randomised by 3 A 

rmsd.. In the latter case, no cross validation has been used. <estimated fom> denotes 

thee average figure of merit estimated via the described method. For comparison, the 

REFMAC55 estimate is given as well. <true fom> is defined as the average value of the 

cosinee of the phase differences between the final and scrambled model. 

Figuree 3.8: Estimated figures of merit for the 1HF8 data set (resolution: 7-2.0 A, Bwu 

iss 32 A2) for various unrestrained refined scrambled models. The true figure of merit 

iss taken to be equal to cosine of the phase difference of the final and current model. 

<estimatedd fom> denotes the average figure of merit estimated via the described method. 

Forr comparison, the REFMAC5 estimate is given as well. 
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Figuree 3.9: Figures of merit and corresponding rmsd estimates of the PSP data set 

duringg free atom modelling. <true fom> is defined as the average cosine of the phase 

differencee between the final and current model. <estimated fom> denotes the average 

figuree of merit estimated via the described method. For comparison, the REFMAC5 

estimatee is given as well. 

3.44 Discussion and Conclusions 

Ass seen from Figure 3.4. the exponential multiplier describes the changes in the Debye 

effectss as a function of coordinate error rather well and offers an easy way of modelling 

thesee effects. The differences in the f(h)PDB profiles computed using expression (3.4) and 

viaa binning of structure factor amplitudes are ascribed to the underlying assumptions. 

Thee effect of packing only affects the low resolution part of the y(h) curve, whereas the 

effectt of an equal atom assumption is introduces substantial differences over the whole 

resolutionn range. The curves can however be scaled together using an exponential model 

similarr to the Babinet terms used to model the effects of the bulk solvent. 

Thee estimates of the figures of merit shown in Figures 3.7. 3.8 and 3.9 are close to the 

REFMAC55 estimates, indicating that the effects studied contain enough information to 

predict,, within certain limits, the accuracy of the model and corresponding phases. In 

thee case of phases originating from a model with an rmsd of 3 A and extreme model 

biass due to the subsequent free atom modelling without cross validation (see Figure 3.7, 

entryy rmsd=3 A + f.a.m) the average estimated figure of merit is still larger than the 

truee average cosine of the phase error but is a better estimate than the one obtained by 

REFMAC5. . 

AA key point is that the presented error estimation method is rather sensitive to the quality 

off  the low resolution part of the data set used. This is ascribed to the fact that the Debye 

effectss at high resolution diminish faster than those at lower resolution. Most information 

onn the value of o2 when the error is (moderately) large is thus obtained from the low 
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resolutionn part of the data. More appropriate weighting schemes in the least-squares 
proceduree or a maximum likelihood approach can possibly account for this sensitivity 
andd might be usefull in reducing the observed bias in the estimates. Linked to this is the 
needd for a model describing the behaviour of the bulk solvent and its effect on the average 
structuree factor amplitude. The exponential model (Tronrud, 1997) used here is known 
forr its limitations (Fokine & Urzhumtsev, 2002) but has been widely used because of its 
simplicity.. The presented method is sensitive to non-randomly incomplete data, such as 
missingg strong, low angle reflections. These effects can in principle be modelled by using 
thee characteristics of the truncated Wilson distribution (Parthasarathy &; Sekar, 1993b), 
ratherr than ignoring a subset of valuable structure factor amplitudes as done for the 1HF8 
dataa set. Furthermore, the method is based on an assumption of independent Gaussian 
errorss on each atom. Violation of this assumption undermines the basic principles of the 
method,, which is largely designed for usage during free atom modelling experiments. 
Ideally,, the dependence of the average squared structure factor amplitude as a function 
off  resolution and model error, should be used in conjunction with other error estimation 
methods,, such as a A (Read, 1986), in a hope to enhance the overall quality of the er-
rorr estimates. Further incorporation of prior knowledge in the error estimation method 
outlinedd in this paper might enhance the results. If secondary structural information is 
availablee or if the classification procedure outlined by (Morris et a/., 2003a) proves to be 
reliablee and robust, then protein specific 7(/I)PDB curves can be utilised to obtain a more 
accuratee 7(/i)06S estimates. 

Usingg the expected averaged squared structure factor amplitude as a function of resolution 
andd model error as a source of information during refinement, seems to be an interesting 
option.. This is in effect a reciprocal space variant of the addition of restraints to atoms 
onn the basis of known radial distance distributions in proteins (Sheldrick, 1998; Scheres 
&&  Gros, 2001, 2003). A more radical and possibly better approach would be to improve 
thee description of structure factor probability distributions by taking into account stere-
ochemistryy a priori, as suggested by Bricogne (1997b,a). 
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Appendixx II 
I I - ll  The expectation value of 7(/I|<J2) 

Considerr the expression for the squared, trigonometric part of the structure factor ampli-

tudee of an atomic model with an error; 

lEh|22 = 1 + J2 Yl exp[-27rih(djJfc + qjk)]  (H-13) 

withh djfc as an interatomic vector and q^ a vector drawn from a 3 dimensional Gaussian 

centredd on the origin with a variances in all directions equal to a2. The latter expression 

iss equal to 

|Eh|22 = 1 + ^2 X^ exP[-27™hdjfc] exp[-27Tihqjfc] (11-14) 

Averagingg over the vectors q^ results in (Luzzati, 1952) 

E[|Eh|
2] gg = 1 + exp[-27r2/iV ] Y  ̂ Yl exp[-27rihdjfc] (H-15) 

Subsequentt averaging over all orientations results in 

E[|Eh|
2],,,, = 1 + e x p l ^ ^ V l X E 5 " 1 ^ " 1 <n-16' 

i,ki,k i¥=k 3k 

andd thus 

j(h\aj(h\a22)) = exp[-27r2/iV 2]7(/i ) (11-17) 

Firstt averaging over the orientations and subsequently over the distances is more com-
plicatedd but results in the same expression. In this study, the transition from expression 
(11-15)) to (II-17) was carried out numerically, rather than using the Debye formula. This 
eliminatedd the need of the approximations discussed in the Introduction. 

II— 22 Determination of ^(h) obs s 

Thee y(h) profile corresponding to the protein under investigation, can be obtained using 

thee -y(h)PDB profile obtained from the PDB analysis by minimising the following least 

squaress target: 

QQ = ^Wrn{<I obs>m -I0,mf (II  18) 
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wheree Iobs is the average observed squared structure factor amplitude in resolution bin m. 

7o,mm is the expected average observed squared structure factor amplitude on the basis of 

thee following model: 

/o,mm = A:pexp[-Swu/i2/2](l - ksexp[-Bsh
2/4])2 £ f2{hm) (1 + i{hm)PDB) (H-19) 

k k 

kkpp is a scale factor, BWli the Wilson plot B value. ks and Bs are Babinet bulk solvent 

correctionn factors (Tronrud, 1997). The weights wm are the sum of estimated variances 

off  the mean intensities per resolution shell hm. Minimising Q as a function of kp, £?wii, ks 

andd Bs results in a set of parameters that can the be used to obtain a 'y(h) profile from 

thee observed data. This procedure is similar to the Wilson scaling routine in ARP/wARP 

(Morriss et al., 2003c) with the main difference that the reference profile (1 + 7 ( / Ï ) P D B) 

usedd here is replaced with an experimentally obtained Wilson plot (Popov & Bourenkov. 

2003).. Since the average experimental Wilson plot already contains bulk solvent contri-

butions,, there is no need to include Babinet terms. The presented scaling procedure is 

similarr to the one described by Parthasarathy & Sekar (1993a). 
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Chapterr 4 

Towardss Automated Ligand Building 

Abstract t 

Methodss for the automated identification and building of protein-bound ligands in electron 
densityy maps are described. An error model of observed geometrical features of a ligand 
basedd on a lattice distribution is obtained via simulation and is used for the construction of 
ann approximate likelihood scoring function. This scoring function combined with a graph 
basedd search technique results in a flexible model building scheme and shows promising 
initiall  results. Several ligands, with a size between 9 and 44 non-hydrogen atoms, have 
beenn identified and build in an automatic way using a minimal amount of prior knowledge. 

4.11 Introduction 

Automatedd model building techniques in protein crystallography are an essential compo-
nentt for any hard- and software pipeline that is aimed to deliver protein crystal structures 
withh minimum amount of user intervention (Brunzelle et a/., 2003). Model building rou-
tiness such as ARP/wARP (Perrakis et al, 1999), Resolve (Terwilliger, 2003a), MAID 
(Levitt,, 2001) are able to construct almost complete protein structures in a fully auto-
matedd manner (Badger, 2003) given a set of reasonable phase estimates and X-ray data 
off  sufficient resolution. Although the protein part of a structure is recognised, other com-
pounds,, such as DNA, RNA and ligands, cannot be build automatically at present. The 
problemm of ligand building is of particular interest, both from a theoretical and practical 
pointt of view. The chemical variety of ligands bound to proteins is enormous: up to 
date,, more than 4,000 entries are present in the Hetero-compound Information Centre 
(HIC-Up,, http://xray.bmc.uu.se/hicup) and over 2,000 ligand dictionary entries are in 
thee REFMAC5/CCP4 monomer library (Vagin et a/., 2003). Means of handling basic 
chemicall  knowledge of ligands in the interpretation of electron densities at resolutions 
lowerr than atomic and with possible phase errors, is challenging. The practical interest 

http://xray.bmc.uu.se/hicup
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stemss largely from pharmaceutical companies and large scale X-ray crystallography facil-

itiess that desire to automate drug discovery efforts or build up a general infrastructure 

forr structure solution. Ligand building procedures play a central role in the automation 

andd practical feasibility of high throughput X-ray crystallographic screening for lead iden-

tificationn and optimisation, as carried out by pharmaceutical companies such as Abbott 

(Nienaberr et al, 2000) and Astex-Technologies (Sharff & Jhoti, 2003). 

Existingg methods for automated building of non-protein models are either based on the use 

off  torsion angles, interatomic distance matrices or a topological analysis of the electron 

density.. The ligand building methods implemented in XLIGAN D (Oldfield, 2001b) or 

BLOBB (Diller et al, 1999a) fit  ligands to the electron density by varying the torsion 

angles.. XLIGAN D performs a shape matching and needs initial guesses of the location 

off  the ligand obtained via a segmentation of the difference density. A ligand molecule is 

placedd in several trial conformations into the density and a local optimisation to maximise 

thee fit to the electron density is carried out (Oldfield, 2001a). BLOB utilises global 

optimisationn techniques to find the orientation, location and conformation of the ligand. 

Ann example of a distance matrix based interpretation technique is the pioneering work of 

Kochh (1974) and extensions thereof (Main h Hull, 1978; Cascarano et al, 1991; Altomare 

etet al, 2002). These distance matrix based map interpretation methods use iterative 

proceduress for the construction of molecular models in E-maps on the basis of known 

geometricall  features and approximate atomic positions obtained by peak-picking E-maps. 

Recently,, distance matrix based methods have also been applied to the interpretation of 

highh resolution protein electron densities (Oldfield, 2002b). The interpretation of electron 

densityy maps via a topological analysis of electron density maps is closely related to the 

distancee matrix based approach, with the difference that other topological features such as 

pitss and saddle points are considered in the interpretation process (Leherte et al, 1997; 

Menendez-Valazquezz & Garcia-Granda, 2003). Although all three methods have their 

specificc advantages, we chose to investigate ligand building techniques on the basis of 

distancee matrices because of their close link to the model building techniques implemented 

inn ARP/wARP. Furthermore, distance matrix approaches may allow a construction of 

algorithmss for building of partially disordered ligands in a more straightforward way than 

usingg torsion angle based approach. 

Althoughh building of ligand structures in electron density seems to be a different prob-

lemm than building a protein on the basis of free atoms (Isaacs & Agarwal, 1985; Lamzin 

&&  Wilson, 1997), it can be shown that the underlying principles are based on the same 

conceptss (Bart & Busetti, 1976). The main difference between the automatic building of 

proteinn structures and ligands sterns from the repetitive nature of the protein backbone, 

allowingg search strategies where putative peptides, with in advance known stereochem-

istry,, are located and subsequently linked into larger fragments. Ligands usually lack 

thesee repetitive motifs and thus other strategies need to be adopted. 
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Thee methods for building protein structures implemented in ARP/wARP are based on 

pat ternn recognition techniques. A trial polypeptide is constructed on the basis of available 

freee atoms and is accepted for further analyses if some stereochemical and density criteria 

aree met. Decision boundaries for acceptance of a fragment are constructed from empirical 

estimatess of the distributions of noise and signal. These estimates can be obtained from a 

specificc database (Terwilliger. 2003a.b: Kleywegt & Jones. 1996. 1998). The precomputed 

distributionss can be either hard-coded in the implementation, or read in during the course 

off  the program. For ligands the situation is somewhat different. Since the variety of 

possiblee ligands is large, precomputing and subsequently hard-coding distributions of 

geometricall  and density features on the basis of a database does not seem a realistic 

option.. Thus one needs to resort to other methods of characterising the distribution of 

features.. One way of generating possible discriminators is using force field techniques 

and/orr approximating binding free-energy functions, as done by protein-ligand docking 

programss such as Dock (Oshiro &, Kuntz, 1995) and AutoDock (Morris et al, 1998). 

Ann interesting notion is that these molecular modelling techniques can, from a Bayesian 

pointt of view, be seen as a source of prior information for the recognition of a ligand in an 

electronn density map. whereas the correspondence of the molecular model to the X-ray 

dataa can be seen as the likelihood term. This viewpoint is closely linked to crystallographic 

restrainedd refinement, where the following function is optimised by varying the atomic 

positionss {x} : 

IX({x} )) = ln[/(chemical sense|{x})] + ^ ln[/( i^ 6sj {x}) ] (4.1) 
h h 

Thee / ( ^hb s| { x } ) term in expression (4.1) models the probability distribution of the 

X-rayy data given the estimated set of atomic positions {x} . /(chemical sense|{x}) ex-

pressess the prior knowledge of the stereochemistry of the system. In (protein) crystal-

lographyy this expression is usually modelled by a product of a set Gaussian distributions 

centredd on the ideal' values of geometrical features such as distances and angles. When 

/(F£6's| {x} )) is also modelled by a Gaussian, expression (4.1) results in a standard least-

squaress refinement. Modelling the X-ray part of expression (4.1) by a Rice distribution 

resultss in the so-called maximum likelihood refinement (Pannu & Read, 1996; Bricogne, 

1997b;; Murshudov et al., 1997). 

Thee approach we adopted for ligand building is related to the described refinement ex-

ample.. There are two important differences though. Fist of all, rather than varying the 

positionall  parameters in order to optimise the total log likelihood (LL) , the positional 

parameterss and available phases are kept fixed and the interpretation in the form of a set 

off  atomic labels is modified to optimise expression (4.1). The second point is the form 

off  the prior probability of our chemical sense. The crystallographic practice of modelling 

thee prior distribution by a (weighted) sum of independent log-probabilities is followed 

butt the individual probability density functions do not have a Gaussian form. As is the 
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casee for the amplitude part of expression (4.1), the proper functional form for the prior 
off  our chemical sense, can be derived on the basis of a suitable error model on the po-
sitionall  parameters. Whereas the stereochemical quality of an interpretation is gauged 
byy the modelled distribution of the geometric features, the correspondence to the X-ray 
dataa is currently dealt with in a less sophisticated way. The likelihood of an atom given 
thee amplitudes and known phases has been chosen to be an exponential function of the 
densityy height in order to drive the interpretation to those grid points with the largest 
electronn density values. Due to the approximations used the developed function should 
nott be seen as a log-probability, but rather an approximation to that. For this reason we 
wil ll  use the generic term scoring function rather than log-likelihood. 
Att present no suitable distributions or classifier systems for an incorrect interpretation 
(noise)) has been constructed. The availability of these would be useful in disregarding 
(partial)) interpretations during the construction of a large set of hypotheses, thus effec-
tivelyy limiting the size of the search space. 
Althoughh from various topological and geometrical descriptors, distance distributions for 
eachh atomic pair could be generated, we will only use information from bonded atoms (1-
22 distances), bonding angles (1-3 distances), the chirality of the atoms and information 
describingg van der Waals repulsions. Although a large amount of other information, such 
ass planarity restraints, cis-trans specifications, possible intramolecular hydrogen bonding 
patternss and unfavourable combinations of specific torsion angles are ignored, the lim-
itedd amount of geometrical information specified in combination with the electron density 
heightss contains enough information to obtain a suitable estimate of the position, orien-
tationn and conformation of the ligand. 

Thee methodology for automated ligand building presented in this chapter has been suc-
cessfullyy applied to a number of examples as will be shown in section 4.3. An imple-
mentationn of the presented methods will be made available in the ARP/wARP suite for 
automatedd model building in due course 

4.22 Methods 

4.2-11 A prototype procedure 

Thee flow chart of the basic procedure developed for ligand building is depicted in Figure 
4.1.. The protein part of a macromolecular model is refined as a rigid body and the 
resultingg phases and figures of merit are used to generate a difference electron density 
map.. An orthogonal grid is constructed from which points are selected that are likely 
too belong to the ligand. The geometrical features from the ligand prototype and the 
geometryy of the grid are used to construct an error model for the positional parameters 
off  the ligand atoms. A search algorithm designed to optimise the constructed scoring 
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Figuree 4.1: A prototype procedure. Solid lines represent implemented parts. Dotted 
liness denote parts which can be implemented in the future. 

functionn finally results in ligand atom names assigned to grid points. A chemically sensible 

ligandd model can be then obtained by restrained refinement or idealisation of the ligand-

proteinn complex. Phase improvements obtained from a (partially) build ligand can be 

usedd to iterate the procedure in order to look for other ligands. This iterative scheme is 

reminiscentt to the warpNtrace protocol in ARP/wARP. 

4.2.22 Tria l a tom generat ion 

Givenn a difference electron density map that might contain a ligand or other molecular 

fragment,, we parameterise it by an orthogonal grid with a minimum spacing of dgril i be-

tweenn two grid points of 0.50 A . The choice of a grid spacing of 0.5 A is linked to the 

errorr model used, as wil l be explained in section 4.2.3. The orthogonal grid is constructed 

inn such a way that it covers the complete macromolecule, with an added border of appro-

priatee size. Symmetry relations are ignored at this stage. The positional parameters of 

eachh grid point are associated with three properties: density height, occupancy and cluster 

number.number. The density height is the value of the electron density at the location of the grid 

pointt in the unit cell. The occupancy is either 0 or 1 and determines if the grid point wil l 

bee used at specific points in the trial atom generation algorithm. The cluster numbers 

dividee the set of grid points in clusters in which the elements are path-connected. 

Thee size of the set of grid points is defined by a threshold value of the electron density. 

Gridd points with a density height lower than the threshold value pthres are discarded. The 

thresholdd pthres is determined by a method suggested by Lamzin & Wilson (1997). A 
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Gaussiann distribution is fit to the electron density histogram of the difference map and a 

thresholdd is chosen to be equal to that density value where the relative difference between 

thee observed and modelled cumulative distribution is 10%. The selected grid points 

aree clustered using an approach that is related to well-known skeletonisation procedures 

(Greer,, 1974; Swanson, 1994): 

00 Set occupancy of all grid points to zero 

11 Set occupancy of all grid points with an 

associatedd density height larger than pthres 

equall  to 1: Set the cluster number of all grid points to 0. 

2aa Move to the next grid point with an occupancy of 1 

thatt has a neighbouring grid point with an 

occupancyy equal to zero 

2bb Flag this grid point indicating 'to be removed', 

unlesss it only has neighbours with occupancy 0 or 

neighbourss flagged to be removed, or if a removal 

thiss grid point disconnects the neighbouring grid points 

33 Go to 2a, untill all grid points have been visited 

44 Set occupancies of the ;to be removed' grid points to 0 

goo to 2a until nothing changes 

55 Assign different cluster numbers to each grid point 

withh a non-zero occupancy 

Thiss algorithm, known as constrained erosion, delivers a number of isolated grid points. It 

cann be shown that these remaining grid points have not been connected geodesically, given 

thee definition of the neighbourhood in step 2. In the present implementation, two grid 

pointss are defined as neighbours when their distance is smaller than or equal to \Z3dgri(i. 

Thee inverse of this algorithm, geodesic reconstruction (Heijmans, 1992), is be applied and 

yieldss the original set of grid points grouped into connected clusters: 

11 Initialise C to 0. 

22 C = C + 1 

33 Move to the next grid point with occupancy equal to 1 

andd cluster number equal to C. 

44 Select all neighbours of this grid point, set the cluster 

numberss and occupancies to C and 1 respectively. 

55 Go to 3 until no changes occur. 

66 Go to 2 until all clusters are constructed. 

AA similar implementation is discussed by Hunt et al, (1997). The clustering algorithm is 

illustratedd in Figure 4.2. 

Thee number of grid points grouped in a connected cluster, can be used to estimate the 

volumee of the cluster of the difference density. The distribution of these cluster volumes 

inn a typical 2.0 A difference map that only contains density belonging to solvent atoms 
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andd noise, given a threshold value of twice the standard deviation of the difference map, 

iss shown in Figure 4.3. 

Thee observation that noise and solvent atoms in general have a cluster volume that is 

smallerr than 15 A 3 is used as an additional filter for the grid point selection. In practice. 

thee largest cluster is assigned to the ligand to be build, or in a case of multiple ligands, 

thee volume ordered list of clusters is matched to the list of ligands ordered on their size. 

Buildingg multiple ligands with similar sizes requires multiple iterations or more elaborate 

classificationn schemes. These wil l not be considered here. 

Althoughh the choice of the density threshold used in the clustering algorithm can be 

obtainedd via the analysis of the density histogram, another option is to determine it on 

thee basis of the sizes of the obtained clusters. Initial implementations give promising 

resultss but require further testing. 

Too reduce the amount of grid points even further, another selection procedure is carried 

outt that resembles constrained erosion: 

11 Move to grid point with highest density and occupancy 1. 

22 select all grid points within a distance of dp and set 

theirr occupancy to 0. 

33 go to 1 until convergence. 

Sincee the height of the electron density is correlated with the proximity of atoms, this 

proceduree is more likely to preserve the grid points that are close to the position of ligand 

atoms.. Choice of the selection radius should reflect the bonding distances present in the 

ligandd which is sought and the choice of the grid spacing dgrid- Setting dp to 1.1 A for 

thee grid spacing of 0.5 A gives statisfactory results. Using a peak search algorithm to 

selectt possible locations of atoms is another possiblility but has the major drawback that 

att about 2.3 A resolution atoms are not resolved anymore. Peak picking a difference map 

withh a nominal resolution of 1.5 A showred that even at that resolution not all ligand 

atomss correspond to peaks in the difference map, thus resulting in the construction of 

ann incomplete ligand. The grid based selection procedure is insensitive to the shape or 

topologicall  properties of the electron density around an atom but has a disadvantage of 

generatingg a large surplus of initial trial atoms. 

4.2.33 Th e distr ibut io n of distances 

Ann error model of the geometric features of the ligand is needed in the design of a scoring 

functionn as mentioned in section 4.1. The positional parameters of the trial atoms are not 

continuouslyy distributed as was the case the in previous chapters but follow a discrete, the 

so-calledd lattice distribution (Abramovicz &z Stegun, 1974; Bricogne, 1974). We assume 

thatt the best possible interpretation is the one that maps the ligand atoms to their closest 

neighbourss on the grid. The proposed error model of the positional parameters consists 
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Figuree 4.2: An example of constrained erosion (top) and geodesic reconstruction (bot-

tom).. Filled nodes represent grid points with occupancy 1, empty nodes represent grid 

pointss with occupancy 0. Numbers inside the nodes represent assigned cluster numbers. 

Nodess are connected by vertices. The successive states of boths algorithms are linked by 

arrows. . 
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Volumee (A3) 

20 0 

Figuree 4.3: The distribution of cluster volumes for a typical 2.0 A difference map con-

tainingg only solvent and noise contribution. 
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thuss of a rounding-off operation of the positional parameters of the 'true" ligands atoms 

too positional parameters of the grid. The distribution of interatomic distances after the 

rounding-offf  operation can be obatined via simulation. Inclusion of any uncertainty or 

"naturall  spread' of a given interatomic distance can be taken into account as well using 

thee following Monte Carlo approach: 

11 Draw a random distance d from a distribution f{djk) modelling 

thee natural spread of the distance between the ligand atoms j and k 

22 Pick a random point d on a sphere with radius d 

33 Apply a random shift on the 'stick' d 

44 Move the the positional parameters of the ends of the stick to the 

closestt grid neighbour and calculate the distance. 

Thiss sampling procedure is applied a large number of times (about a hundred thousand) 

andd the resulting rounded-off distances are stored. The sampling of a point distributed 

onn a sphere is carried out using rejection sampling, the algorithm is outlined in Appendix 

III-1 .. The resulting distribution is normalised and stored for further use. 

Thee present implementation of the algorithm outlined in section 4.2.3 uses the Mersenne 

Twisterr pseudo random number generator (Matsumoto & Nishimura, 1998) and allows 

thee generation of approximately 150 thousand random distances on a grid per second. 

Empirical,, clearly non-Gaussian, distributions for a distance of 1.5 A and an orthogonal 

gridd of 0.5 and 0.8 A are shown in Figure 4.4. The choice of a grid spacing of 0.5 A is made 

onn the observation that none of the distances between bonded atoms wil l a probability of 

becomingg equal to zero after the rounding-off operation. For a grid spacing larger than 

0.55 this probability increases resulting in a likely event that two atoms are mapped to the 

samee grid point. Furthermore, the 0.5 A grid spacing ensures that the distance of a 'true' 

ligandd atom to the nearest grid point, is smaller then or equal to 0.47A. This is an error 

thatt should lie well within the radius of convergence of restrained refinement procedures 

forr the ligand in question. 

4.2.44 Th e distr ibut io n of Chiralit y 

Thee distribution of the chirality of an atom is constructed in a way similar way to the 

constructionn of the distance distributions. Chiral atoms and their bonded neighbours are 

randomlyy oriented and placed on a grid. After rounding off the positional parameters to 

thee nearest grid points the chirality is re-computed. 

Thee chirality of an atom is defined by the sign of scalar triple product of the interatomic 

vectorss between the chiral atom j and 3 bonded neighbours k, I and m: 

CjCj = sign[djk  (dji x djm)]  (4.2) 

dj-j.. denotes the vector between the chiral atom j and a neighbouring atom x. The order 

off  the bonded atoms is determined on the basis of the order of appearance in the input 
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Figuree 4.4: Distribution of distances on a grid, given an ideal distance of 1.5A and a 

gridd spacing of 0.5 and 0.8 A respectively. 
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Figuree 4.5: Conditional distributions of the sign of a chiral volume of 2.77 A3 and a grid 
spacingg of 0.5 A. 

ligandd structure, rather than by the standard priority rules since it is required as an 
internall  standard. 

Generationn of random orientations is done by sampling from a uniform distribution of 
pointss on a 4 dimensional unit sphere. These 4 numbers can be considered to form a 
quaternionn and are used to reorient the fragment under consideration, Appendix III -
1.. Application of this procedure for a large number of times produces an approximate 
distributionn of the chirality for a given error model. 
Thee distribution is obtained after 10,000 trials and takes approximately 1 CPU second. 
Ann example distribution of the sign of the chiral volume is shown in Figure 4.5. 
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4.2.55 Repuls ion 

Anotherr essential source of information on the internal geometry of a molecular fragment 

aree van der Waals repulsions. A repulsion term models our prior knowledge that a 1-n 

distance,, with n larger than 3. is on average larger than an average 1-3 distance. Re-

pulsionn terms prevent crumpled trial assignments being recognised as possible molecular 

fragments.. The repulsion term used has the following form: 

W(d\a,b)W(d\a,b) = i ( l + t a n h ( ( d- a)b)) (4.3) 

Byy varying a and b. the location of the inflection point and shape of the repulsion function 

cann be modified, as shown in Figure 4.6. From a probabilistic viewpoint this function could 

bee seen as an improper prior (Bernado k Smith. 2000) on the 1-n (n ^ 4) distances, 

althoughh its role should be seen more as an activation function (Bishop, 1995) whose 

logarithmicc form only gives penalties for interatomic distances involved in short, non-

bondedd interactions. 

4.2.66 Searching and Scoring 

AA graph of the known ligand is constructed by assuming that 1-2 distances are uniformly 

distr ibutedd between 1.1 and 1.9 A. A graph of the grid representation can be constructed 

inn a similar way. The distance limit s for the putative 1-2 distances are obtained by 

transformingg the 1-2 distance prior to a grid by using the Monte Carlo procedure described 

inn section 4.2.3. 

Thee search procedure starts with the generation of a set of partial interpretations by 

assigningg the label of a given ligand atom to each possible grid points within the available 

cluster.. These partial interpretations are then expanded by addition of one fixed ligand 

label.. Expansions are generated on the basis of the constructed graph of the trial atoms 

takingg into account constraints dictated by the graph of the ideal ligand. the graph on 

thee trial atoms and the available partial interpretation. Each expanded interpretation 

iss scored. The top Nstore partial interpretations are stored. When all possible one 

atomm expansions have been tried, the stored partial interpretations are used for further 

expansionss until completion of the ligand. We call the order in which specific atoms of 

thee ligand are assigned to the grid points the expansion order. By default the first atom 

too be assigned is the one with the largest number of bonded neighbouring atoms. The 

orderr in which other atoms are 'attached* to the partial interpretation depends on the 

amountt of geometrical information is gained by adding this atom. The larger the amount 

off  geometrical information available on a partial structure, the easier it is to recognise it 

ass a correct fragment. For this reason, atoms are added to a partial structure in such 

aa way that the increase of information available to score an interpretation is maximum. 

Conceptuallyy this procedure should minimise the chances that a correct interpretation falls 
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outsidee the Nstore best partial interpretation, thus risking convergence to an incorrect 
interpretation. . 
Thee partial interpretations are scored in the following way: 

Q(Grid|Ligand)) = t^ior X > [ PP " - ( C l < C )] 
m m 

++ u>c£ln[Pc(C?s|Cr)] 
n n 

++ wTep̂ 2ln[W{d°0
bs\a,b)} 

o o 

++ wden8y]exp[i;/,pj] (4.4) 
3 3 

Ppriov{dmPpriov{dmSS\dm\dmrr)) denotes the probability of the observed distance given the assigned target 
distance.. Pc{C°bs\C^r) gives the probability of the observed chirality after assignment 
off  the labels given the target chirality. These distributions are obtained as described in 
sectionss 4.2.3 and 4.2.4. W(d^>3\a,b) denotes the repulsion terms discussed in section 
4.2.5.. The exp[vLpj]  term accounts for the density values on the absolute scale of the 
atomss j . vi has been set to 7.0 and gives satisfactory results. The multipliers wpnor, wc, 
wwTepTep and «Mens a re relative weights for the contributions of the four features. 
Globall  optimisation algorithms such as simulated annealing (Kirkpatrick et al, 1983) 
andd the cross entropy method (Rubinstein, 1999) have been tried as an alternative to the 
outlinedd optimisation procedure but seemed to lack the ease of incorporating geometrical 
constraintss dictated by the connectivity matrix of the search and target graphs during 
randomm search procedures. Preliminary implementations of these algorithms did however 
showw successes, but required considerably longer time and fine tuning of parameters in 
orderr to converge to the correct solution. 

4.33 Resul ts 

AA number of tests has been carried out on moderate size ligands using data obtained from 
thee PDB (Bernstein et al, 1977; Berman et al, 2000). The parameters a and b, equation 
(4.3),, were set to 2.5 and 2.0. The weights wprior, wc, wiep and u?dens were set to 2, 10, 5 and 
1.. The number of putative 1-2 distances within the selected set of grid atoms is obtained 
byy constructing a graph on the selected grid points with the computed distance limits 
(sectionn 4.2.6). The maximum number of partial structures stored during each expansion 
cyclee was 5 times the number of putativel-2 neighbours observed in the set of trial atoms. 
Thee characteristics of the used structures and X-ray data sets are summarised in Table 
4.1.. The procedure has been run with the specified parameters unless stated otherwise. 
Electronn density thresholds in the building were determined by the procedure outlined 
inn section 4.2.1. By default, the interpretation with the highest score has been used to 
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Figuree 4.6: Repulsion function W(d\a,b) with various choices of location parameter a 

andd shape parameter 6 

Tablee 4.1: Test data characteristics 

Structuree dmln(°A) BWll/Blig
+ (A2) Ligand (non hydrogen atoms) 

NAD HH (44), Cholic Acid (29) 

AT PP (31), AM P (23) 

Propamidinee (23) 

Progesteronn (23) 

Retinoicc Acid (22) 

FDPtt (24), IC49* (33), Sucrose (23) 

DHAP## (9) 

1EE2 2 

10BD D 

102D D 

1A28 8 

1CBS S 

1LD8 8 

Aldolase* * 

1.5 5 

1.4 4 

2.2 2 

1.8 8 

1.8 8 

1.8 8 

2.1 1 

15/13 3 

14/27 7 

38/34 4 

24/25 5 

13/12 2 

18/24 4 

19/18 8 

++ Average B value of the ligand atoms 

tt Farnesyldiphosphate 

**  Inhibitor compound 49 

**  Courtesy of E. Lorenzten and E. Pohl. 

**  Dihydroxyaceton phosphate 
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Tablee 4.2: Building results 

Ligand d 

NADH H 

Cholicc Acid 

ATP P 

AM P P 

Propamidine e 

Progesteron n 

Retinoicc Acid 

FDP P 

IC49 9 

Sucrose e 

DHAP P 

rmsd**  (A) 

0.09 9 

0.09 9 

0.07 7 

n.a. . 
* * 

0.17 7 

0.22 2 
* * 

0.28 8 

n.a a 

0.30 0 

CPUU (min) 

27 7 

5 5 

7 7 

n.a. . 

7 7 

2 2 

2 2 

12 2 

10 0 

n.a. . 

5 5 

ff  : root mean square displacement to deposited coordinates 

n.a.:: not available 

**  : see text 

validatee the procedure. Table 4.2 summarises the results of the building procedure for all 
thee test structures. Detailed descriptions of the building for each case is given in the next 
subsections. . 

4.3.11 1EE2: Cholic acid and NADH 

Thee X-ray data and atomic model of SS-LADH (Adolph et al, 2000), PDB id:lEE2, have 
beenn downloaded from the PDB. The asymmetric unit contains two times 374 residues, 
twoo Cholic acid molecules, two NADH molecules and approximately 1000 water molecules. 
Phasess obtained from a rigid body refinement of the protein part of the structure have 
beenn used as a starting point for the building of cholic acid and NADH. Initial cluster 
constructionn using a grid spacing of 1.5 A reveals 4 clusters of connected density with 
aa volume larger than 80 A3. The clusters with the approximate volumes of 150 A3 are 
interpretedd as NADH, the clusters with volumes around 85 are assigned as possible Cholic 
acids.. Constructing a 0.5 A grid around each cluster resulted in a set of trial atoms that 
weree interpreted given the assigned ligand type. Figure 4.7 shows the initial difference 
densityy with the placed grid atoms and the model after refinement with REFMAC5 for 
onee of the the Cholic acid clusters. The rmsd of the build model to the deposited model 
iss 0.09 A. 
Thee building of NADH resulted in a structure with an rmsd of 0.11 A to the deposited 
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Figuree 4.7: Trial atoms (left) and refined interpretations (right) of Cholic Acid (top) 

andd NADH (bottom) in the original difference density. 
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Figuree 4.8: Difference density with trial atoms for ATP (left) and refined interpretation 

inn the original difference density (middle) and the density after refinement (right). 

coordinates,, Figure 4.7. In order to prevent the algorithm to discard correct partial 
interpretationss during the early stages of the building, the number of partial expansion 
storedd during the iterative extension had to be enlarged by a factor of 4 from the default 
value. . 

4.3.22 lOBD: ATP and AM P 

Thee atomic model of saicar synthetase, PDB id: lOBD, contains AMP and ATP. Because 
off  the ill-defined difference density the described clustering procedure was unable to de-
terminee the locations of the ligands within a reasonable amount of time. For this reason, 
knowledgee of the positions of the ATP and AMP have been used in the interpretations. 
Thee building and subsequent refinement of ATP resulted in a structure matching the 
depositedd coordinates (rmsd = 0.09 A), Figure 4.8. Building of AMP was unsuccessful 
duee to the ill-defined/absent difference density for the phosphate and sugar moiety. The 
depositedd AMP structure has an occupancy of 0.5. A Wilson plot of the deposited struc-
turee factors and a completeness analysis of the X-ray data, indicates that about 15% of 
thee strongest reflections around 3.0 A resolution are missing. This could be a reason for 
thee relatively noisy difference map and the subsequent unsuccessful building of AMP. 



4.3.. Results 61 1 

Figuree 4.9: Top 6 interpretations of Propamidine density (left). The best interpretation 

(* )) and the deposited structure are shown on the right. 

4.3.33 102D: Propamid in e 

Locatingg Propamidine in 102D, a double stranded DNA structure, has been carried out 

usingg the default parameters of the describedd clustering algorithm using phases from rigid 

bodyy refinement of the non-ligand part of the atomic model. Interpretation of the dif-

ferencee density and subsequent idealisation of the geometry resulted in the placement of 

thee ligand with a different conformation as compared to the deposited structure. Figure 

4.9.. In the same Figure the best 6 geometrised interpretations are shown. Restrained 

refinementt did not improve the fit of the interpretation to the deposited structure. The 

relativelyy weak density of a part of the Propamidine molecule possibly explains the dif-

ferencee between the deposited and automatically build structure. 

4.3.44 1A28: Progesteron 

Thee position of the steroid in 1A28, a human progesteron receptor, was located using 

defaultt parameters. The built and deposited model differ the orientation of the keto group. 

Figuree 4.10. The interpretation that is consistent with the deposited crystal structure has 

aa slightly lower score but shows more favourable protein contacts than the interpretation 

withh the flipped keto group. These considerations are however not taken into account in 

ourr scoring function. The rmsd of the build and refinement structure from the deposited 

coordinatess (apart from the flipped keto group) is equal to 0.17 A. 
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Figuree 4.10: Difference density with trial positions (left), non-geometrised interpretation 

(middle)) and deposited structure of Progesteron (right). The * denotes the position of 

thee keto oxygen that is different in the interpretation and deposited structures. 

4.3.55 1CBS: Ret inoic acid 

Thee retinoic acid in the difference electron density of 1CBS, a retinoic acid transport 

protein,, was 1 built using default parameters, Figure 4.11. The rmsd of the build model 

too the deposited model was 0.22 A. 

4.3.66 1LD8: Farnesyldiphosphate (FDP), Inhibito r  compound 49 (IC49) and 

Sucrose e 

Locationn of each ligand in the difference density of 1LD8, human Farnesyltransferase, 

wass carried as follows. The largest 3 difference density clusters could be assigned to the 

individuall  ligands on the basis of the volume rankings. Once one ligand has been build, 

thee protein-ligand complex was re-refined and the new density map has been subsequently 

usedd to build the remaining ligands. Due to the size of the ligands, the number of inter-

mediatee partial interpretations was increased by a factor of 2. Whereas IC49 was build 

andd refined to an rmsd of 0.28 A, FDP was build in a cis rather than trans conformation 

comparedd to the deposited strucure, Figure 4.12. Attempts to build sucrose failed under 

variouss settings. This is ascribed to the fact that the ligand has a high apparent sym-

metry,, resulting in a high probability that the interpretation process does not retain the 

correctt partial structure after each iteration and converges to false minima. 
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Figuree 4.11: Difference density with trial positions (left) and refined interpretation 

(right)) of Retenoic acid (right). 

Figuree 4.12: Difference densities and refined interpretations for IC49 (left) and an overlay 

off  the interpretation and deposited FDP model (right). The * marks the incorrectly build 

partt of FDP. 
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Figuree 4.13: Difference density with trial positions (left) and refined interpretation (*) 
overlaidd on correct Dihydroxyaceton phosphate model (right). 

4.3.77 Aldolase: Dihydroxyaceton phosphate ( D H A P ) 

Thee location of the ligand was found using the clustering algorithm around the residues 

wheree the ligand was known to bound a priori. Inclusion of density terms was crucial 

inn this example. Without this information, the ligand could not have been build auto-

matically.. The refined interpretation is shown in Figure 4.13. Inclusion of protein-ligand 

interactionss would have made the interpretation easier, as DHAP is covalently bound to 

thee protein. 

4.44 Discussion and Conclusions 

Thee modelling of the distribution of distances via a marginalisation of a lattice distri-

butionn proved an adequate tool in modelling prior geometrical knowledge in grid-based 

modell  building routines. Least-squares or non-central Maxwell target functions perform 

worse,, as can be expected from Figure 4.4. Although analytical distributions can possi-

blyy be derived, the approximate distributions are fairly quickly obtained via the Monte 

Carloo simulations. Approximate distributions of relative complex quantities, such as the 

distributionn of the sign of the chiral volume of an atom, can be obtained using simulations 

inn a relative straightforward way. It must be noted that the constructed error model on 

thee positional parameters is an approximation. First of all, distances are not independent 

andd correlations should in principle be taken into account. If efficient ways of storing and 

handlingg multidimensional distributions of geometric features can be implemented, one 

couldd attempt to obtain the joint probability distribution of all geometric features within 

thee search molecule. The second approximation made is that the grid point selection 
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algorithmm designed to eliminate atoms with low density values affects the possible set of 

distancess between grid points. This set of distances has most likely a distribution that 

iss different from the one constructed in our simulations and probably depends on the 

spatiall  distribution of density heights within the cluster. However, the designed classifier 

provedd good enough to recognise the correct solution. A similar situation is present for 

handlingg the available prior knowledge. Currently, a minimalistic approach is pursued: 

ourr prior knowledge is limited to 1-2 and 1-3 distances, chiral signs and repulsions. Even 

withh this limited amount of information one is able to recognise complex models in dif-

ferencee density. Additional information, such as planarity restraints, prior 1-4 distance 

distributionss and ligand protein interactions, wil l most likely enhance the performance of 

thee recognition process. 

Thee models constructed on the grid are close enough to their correct position so REF-

MAC55 is able to optimise the geometry of the ligand. Ideally, a real space refinement 

optimisingg both the positional parameters and the fit to the electron density, should be 

carriedd out on all proposed interpretations. Tuning the parameters of the scoring function 

forr the density to enhance the performance of the algorithm is currently being investigated. 

Ass seen from the progesteron example and, to a certain extent, the Dihydroxyaceton 

Phosphatee example, internal ligand geometric information alone is not always sufficient 

too interpret the difference density. Inclusion of protein-ligand contacts in the decision 

makingg process would help to resolve possible ambiguities, prevent chemically unreason-

ablee placements of ligands and could possibly limi t the search space. A similar approach 

wouldd also be useful for building structure such as glycosilation sites or other molecules 

withh internal repeats. If in the initial stage the sugar backbone can be fitted, subsequent 

placementt of the (carbon) oxygen groups can be carried out using restraints on the parts 

thatt are allready present. Ideally, the building procedure should be able to identify these 

modularitiess automatically and use them to enhance the speed and performance of the 

recognitionn process. 

Thee search algorithm is able to build ligands in a difference electron density, based on the 

proposedd scoring function. A present limitation of the research program may be its speed: 

mostt ligands were build in approximately 10 minutes, whereas ATP took 15 minutes and 

NADHH about half an hour. In future implementations the building algorithm wil l be 

optimisedd for CPU efficiency, increasing the speed substantially. An essential part of 

futuree development wil l be the implementation of efficient mechanisms for the decision 

whetherr an addition of an atom or set of atoms to the available partial structure results 

inn a better description of the observed difference electron density. This wil l facilitate the 

processs further, also enabling the construction of partially disordered ligands, such the 

AM PP example in section 4.3.2, to be carried out automatically. The present version of the 

ligandd construction algorithm wil l be distributed as a /3-test module within ARP/wARP 

versionn 6.1. 



111-66 6 111-1.. Sphere and hypersphere point picking 

Appendixx II I 
I I I - ll  Sphere and hypersphere point picking 

Generatingg point uniformly on a sphere with a unit radius can be carried out by a method 
developedd by Marsaglia (1972) that consists of sampling 2 random numbers, A and B, 
distributedd independently and uniformly on ( -1 ,1 ). Pairs of (A, B) for which A2+B2 < 1, 
cann be used to construct a vector (x, y, z) that is distributed uniformly on a sphere: 

xx = 2Ay/l -A2-B2 (Il l 5) 

yy = 2BVl -A2-B2 (IH-6) 

zz = l-2(A2 + B2) (III-7 ) 

(III-8 ) ) 

Samplingg points (a0,01,02,03) on a 4 dimensional sphere with radius 1, can be carried 
outt in a similar way. Four random numbers (A,B,C,D) are drawn independently from a 
uniformm distribution on (-1,1). Random numbers for which the pairs (A,B) and (C,D) 
satisfyy A2 + B2 < 1 and C2 + D2 < 1, are used in the following transformation: 

o0 0 

«2 2 

«3 3 

AA (HI 9) 

BB (111-10) 

C\lC\lll~~A2A2 B" (in-ii ; 
xlxl C2 + D2 

I-AI-A22 B2 (in-12) 
VV  C2 + D2 v } 

(111-13) ) 

Thee vector (00,^1,02,03) is then uniformly distributed on a 4 dimensional sphere with 
radiuss 1. This vector can be considered as a quaternio 

qq = a0 + a\i + a2j + a3k (111-14) 

andd can be used to reorient a molecular fragment (Weisstein, 1999). More efficient 
samplingg methods based on the correspondence of the rotation group SO(3) and a 4-
dimensionall  sphere are described by Bricogne (1997c). 
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Recommendationss for further research 

Thee non-central Maxwell distribution and/or the nearest neighbour distance distribution 

presentedd in the second chapter of this thesis can be used as a versatile tool in modelling 

thee distribution of distances between atoms. Possible future applications lie in the use of 

detectingg similarities between subsets of atoms, such as initial searches for non- or cross-

crystallographicc symmetry or in substructure comparisons. Currently available methods 

seemm to lack a reasonable way of incorporating positional error estimates. A probabilistic 

treatmentt might be fruitful . 

Thee practical use of 2 '̂ as a classifier for the behavoir of X-ray data sets needs to be 

thoroughlyy tested; initial implementations are being carried out. Its use in constructing 

aa more elaborate scoring function for the contribution of electron density during the 

proposedd ligand building procedure is being considered and preliminairy results show 

thatt histograms of difference density can be modelled on the basis of a function of 2u,\ Its 

easee of computation and reasonably objective measure of the properties of the electron 

densityy of a protein with given characteristics of the X-ray data set seems obvious, but 

awaitss the responce of the crystallographic community to 'yet another resolution measure'. 

Thee use of the Wilson plot to estimate parameters of the error model might be enhanced 

byy a maximum likelihood target function rather than a least squares function. Taking 

intoo account an error model of the atomic displacement parameters could enhance the 

overalll  performance, especially when linked to existing o A estimation methods. Taking 

intoo account the effects of restraints in the analysis would result in a more generally 

applicabilityy of the proposed estimation procedure. 

Thee model building method presented in the fourth chapter are applicable to any structure 

butt is currently limited by the speed of the search algorithm. The time gained by an 

improvedd search algorithm can be used to search for larger fragments which could be easier 

detectable.. Efficient ways of handling partial disorder and specific geometric properties 

off  the search fragment in the search strategy is challenging and likely to enlarge the 

applicabilityy of the method. 
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Summary y 
Automatedd model building techniques in macromolecular crystallography have substan-
tiallyy reduced the need of manual intervention in the construction of atomic models of 
complexx macromolecules. The availability of these methods plays a crucial role in the full 
automatisationn of macromolecular crystallography, a task considered necessary by struc-
turall  genomics initiatives. The research presented in this thesis has been carried out in 
orderr to enhance the performance of model building routines available in the ARP/wARP 
suite.. In the second chapter a distribution of the distance between two atoms given a Gaus-
siann error of the positional parameters was derived, denoted as the non-central Maxwell 
distribution.. The non-central Maxwell distribution is used to obtain error dependent dis-
tributionss of the set of distances between nearest neighbours in a protein structure and 
thee set of interatomic distances smaller a certain value. These two sets of distances can be 
obtainedd from an atomic model regardless whether a chemical interpretation is available 
forr each of the atoms within the model. These sets of distances can be used to estimate 
parameterss of the error model using the derived distributions. It is shown that the error of 
thee positional parameters is related to the quality of the electron density calculated with 
phasess from the erroneous model. A key parameter in this relation is the width of the 
electronn density of an atom. An empirical relation between this quantity and some global 
characteristicss of the X-ray data set is presented. The width of the electron density of an 
atomm is related to the width of the Patterson origin peak and can be used as a single num-
berr classifying an X-ray data set. In the third chapter the effect of geometrical features in 
real-spacee on the shape of the Wilson plot is discussed. When an error on the positional 
parameterss is present, the geometrical features change and so does the shape of the Wilson 
plot.. Relating this change of shape of a Wilson plot to the variance of a Gaussian error 
model,, the quality of an atomic model and the corresponding phases can be estimated 
onn the basis of a comparison between the Wilson plot from calculated structure factor 
amplitudess and the Wilson plot calculated from experimental data. This method is, in 
effect,, a reciprocal space extension of the method presented in the second chapter. In the 
lastt chapter of this thesis, a novel method for building molecular fragments in electron 
densityy maps is proposed. The developed procedures are based on the developments first 
chapterss of this thesis. The error model is assumed to be approximately known in advance 
andd therefore inferences on error-free geometrical features given a set of erroneous atoms 
aree carried out. This results in a flexible model building paradigm. 
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Samenvatting g 

Techniekenn voor de automatische constructie van atomaire modellen in macromoleculaire 

kristallografie,, hebben de noodzaak van handmatige interventie in model reconstructie 

gereduceerdd tot een acceptabel minimum. Deze technieken spelen een onmisbare rol in 

dee automatisering van eiwit structuurbepalingen en is noodzakelijk is voor structural ge-

nomicsnomics initiatieven. Het werk gepresenteerd in dit proefschrift gaat voornamelijk over 

nieuwee methoden die gebruikt kunnen worden om bestaande, automatische model con-

structiee programma's (zoals ARP/w ARP), te verbeteren. 

Inn het tweede hoofdstuk wordt de verdeling van de afstand tussen twee atomen met 

eenn Gaussische fout in hun positionele parameters afgeleid. We noemen deze verdeling 

dee niet-centrale Maxwell verdeling en gebruiken hem om twee andere, foutafhankelijke 

verdelingenn te construeren: de verdeling van de set van afstanden tussen dichtstbijzijnde 

burenn en de verdeling van de set van afstanden kleiner dan een bepaalde waarde. Deze twee 

verdelingenn kunnen worden gebruikt om een schatting te maken van de fout in de posities 

vann een set van atomen. We laten verder zien dat deze fout gerelateerd is aan de kwaliteit 

vann de schatting van de elektronendichtheid verdeling. Een simpele formule is afgeleid 

diee deze relatie nauwkeurig beschrijft en is (mede) afhankelijk van een parameter die de 

breedtee van de elektronen dichtheid rond een atoom beschrijft. Deze laatste parameter 

iss gerelateerd aan de oorsprong piek van de Patterson functie en kan eenvoudig worden 

geschat. . 

Inn het derde hoofdstuk van dit proefschrift laten we het effect van geometrische karakter-

istiekenn van eiwitmoleculen op de vorm van zogenaamde Wilson plots zien. De analyse 

uitt hoofdstuk twee kan dan worden gebruikt om het effect van geometrische fouten op de 

Wilsonn plot te modelleren. De verandering van de vorm in de Wilson plot als een func-

tiee van de coördinaatfout kan worden gebruikt om coördinaat- en fasefouten te schatten. 

Dezee methode is feitelijk een reciproke ruimte variant van de technieken uit het tweede 

hoofdstuk. . 

Inn het laatste hoofdstuk wordt aandacht besteed aan modelbouw technieken voor kleinere 

moleculenn zoals liganden die aan eiwitten binden. De principes uit het tweede en derde 

hoofdstukk aangaande de verdeling van afstanden worden benut, maar omdat het fouten-

modell  bekend is, kunnen we de kans schatten dat een set van ideale afstanden overeen 

komtt met een set van geobserveerde afstanden in een set van atomen met een fout in hun 

posities.. Deze aanpak van het modelbouwprobleem is zeer flexibel en is niet gelimiteerd 

voorr een set van specifieke moleculen. 
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