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ABSTRACT

Protein structure modeling can be studied basdtdleknowledge of interactions or distances
between pairs of atoms, which is so-called distdrased protein structure modeling and this field
includes problems of structure determination afihiéenent as well as analysis of protein dynamics.
The distances for certain pairs of atoms in a jonatan often be obtained based on our knowledge on
various types of bond-lengths and bond-angles om fiphysical experiments such as nuclear
magnetic resonance (NMR). The coordinates of tamatand hence the protein structure can then be
determined by using the known distances. Howewergquires the solution of a mathematical
problem called the distance geometry problem, whiels been proven to be computationally
intractable in general. On the other hand, duagafficient distance data such as nuclear overhause
effect (NOE) data in NMR, the protein structuretedmined by conventional techniques usually are
not as accurate as desired. Therefore, the usescbf protein structures in important applications
including homology modeling and rational drug desigive been severely limited. In this work, we
have developed several efficient algorithms incigdiheories for the solution of the distance
geometry problem using a geometric build-up alpaomit We also introduced a knowledge-based
method for protein structure refinement, in whicé @onstructed a dedicated structural database for
protein inter-atomic distance distributions andi=t so-called mean force potentials to refine NMR-
determined protein structures. We have participate@ASPR competition regarding comparative
models and reported some substantial improvemémg msean force potentials. Finally, an efficient
and simple method called Local-DME calculations basn developed to study protein dynamics of

NMR ensembles specifically.



CHAPTER 1. GENERAL INTRODUCTION

I ntroduction

Proteins are essential to all kinds of life. Usyalbiological system has a great number of
proteins, each with a specific role in the systémprotein is a polypeptide chain, which contains
hundreds of amino acids and thousands of atomgaatare, there are about 20 different types of
amino acids. A protein sequence and propertiesnri@acids determines its tertiary structure as wel
as its function. Therefore, knowledge of structuesery crucial for understanding and study of
protein dynamics and functions.

In general, protein structure modeling can be stilithased on the knowledge of interactions
or distances between pairs of atoms, which is H#eecdistance-based protein structure modeling and
this field includes problems of structure deterrtiovaand refinement as well as analysis of protein
dynamics.

Often the distances between certain pairs of aforasprotein can be obtained based on our
knowledge of various types of bond-lengths and bamgles or from physical experiments such as
nuclear magnetic resonance (NMR). The coordindtésecatoms and hence the protein structure can
then be determined by using the known distanceseder, this approach requires the solution of a
mathematical problem called the distance geometgblem, which has been proven to be
computationally intractable in general [4]. Therefofor a large system, developing an efficient
algorithm which is numerically stable becomes utgemd necessary. Due to insufficient distance
constraints obtained from experiments, such aseauaverhauser effect (NOE) data in NMR, the
protein structures determined by conventional tephes usually are not as accurate as desired. The
uses of such protein structures in important appbas including homology modeling and rational
drug design hence have been severely limited. Dpiry an efficient and reliable refinement
technique is necessary, and this need becomestwiijarmore and more structures determined, as
the CASP prediction center (www.predictioncentg)oexplained for the call for structural
refinement competition. In addition, the ultimateafin modeling protein structures is to understand
their dynamics and functions. However, such dedaitdormation is still very difficult to obtain
through experiments directly, and hence developegretical methods can be very valuable and of

great importance to assist studying these featfrpsoteins.
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In summary, the major challenges in the distansatb@rotein structure modeling are how to
efficiently determine protein structures, or furthefine protein structures and how to model protei
dynamics, using the knowledge of interactions ¢erbatomic distances between pairs of atoms. The
primary motivation of my research is to investigaéeh of these problems in the field of the distanc
based protein structure modeling. In particulagréhare three main issues in my Ph.D. research: work
i) solution of distance geometry problems, ii) piotstructure refinement by the knowledge-based
method, and iii) analysis of protein structural aymcs. Several algorithms and tools have been
developed, which potentially have applications etated research fields. A brief introduction for
each subject is provided.

Solution of distance geometry problems

The molecular distance geometry problem comes fitoenstudy of a molecular structure
based on a set of inter-atomic distances; it hes ah important application in structural biology,
especially in protein structure prediction and deteation [1]. In general, the distances between
pairs of atoms can be obtained through physicakix@nts such as NMR experiments [2] or the
knowledge of bond-lengths and bond-angles [3-4],eeen knowledge-based methods such as
structural alignment and homology modeling [5]. ihéhe coordinates of atoms in a protein and
hence the protein structure can be determined ghrgolving distance-geometry problems, based on
a set of inter-atomic distances. However, such Iprod have been proven to be NP-complete in
general, and are especially difficult when onlyrspaand inexact distance data is available [4].

This subject was formally introduced by Blumentimall953, who clearly explained that the
distance geometry provides a way to find the coargis of points in three-dimensional Euclidean
space satisfying the given distances [6]. For #medn which all exact distances of a molecule are
provided, the problem is relatively easy to solvmre specifically, it requires solving a singular
value decomposition problem on distance matrix itol fthe coordinates of the points with the
singular vectors. This problem is tractable and<0%r°) floating point operations [7]. In practice,
however only a sparse set of distances may beaf@ilThen such a problem becomes very hard to
solve and has been proved to be NP-hard by Sak878 [8]. In some other molecular applications,
we can obtain lower and upper bounds on the disganBut such problems are still NP-hard as
proved by More and Wu [9]. Traditional methods &miving distance geometry problems include
singular value decomposition and the embeddingriéihgo by Crippen and Havel [7], the alternating
projection algorithm by Glunt and Hayden [10], tir@ph reduction algorithm by Hendrickson [11],
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the multi-scaling algorithm by Trosset [12], an@ thjlobal smoothing algorithm by Moré and Wu
[13-15] etc.

We have developed several algorithms for the smiutf the distance geometry problem
using a so-called geometric build-up approach, iipalty for solving distance geometry problems
with sparse but exact distances [16, 17]. In thigr@ach, the coordinates of the atoms in a pr@tesn
determined one atom at a time, with the distanaes four base atoms to the atom to be determined.
In an ideal case, the coordinates of n atoms cam Itk determined in steps, instead of steps as
required by a conventional singular-value decontmrsialgorithm. However, a general geometric
build-up algorithm can be numerically unstable 8&mme cases when the numerical errors are
accumulated in a long sequence of coordinate cdlouak. Also, the requirement for four base atoms
for the unique determination of each atom is sigfi but not necessary, and is even redundant for
rigid determination.

We introduce the development of an updated geombetiid-up algorithm that controls the
increase of numerical errors [18] (see ChaptemBg algorithm reinitializes the coordinates of the
base atoms whenever necessary and possible, alk@e@arthe errors from passing over to the atoms
to be determined and resulting in incorrect stmagtuWe also introduce a so-called rigid geometric
build-up algorithm, which requires only three irsteof four base atoms for the determination of each
atom, and can generate rigid and sometimes, urstjuetures for very sparse distance data (see
Chapter 3). The algorithm may produce multiple cttites, due to the possible reflection for each
atom. It keeps track of all combinations and in¢hd, determines a set of structures that are etlow
by the given distances. We present the resultsimrgagtaby using these algorithms for the
determination or generation of the structures feetaof model proteins, and show the great potentia
of using the algorithms for protein structural gs& and determination.

Protein structurerefinement by a knowledge-based method

Often, the protein structures determined by congeat experimental techniques usually are
not as accurate as desired. Therefore, the usatlpesd# protein structures usually has been severely
limited in several important fields including horagly modeling, drug design and protein dynamics.
Further refinement is preferred and sometimes éateAs more and more structures are modeled
and determined, the development of an efficient aelhble refinement technique becomes
important, as the CASP prediction center in it$ fmal structure refinement competition. In order to
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refine the low resolution or low quality structuresany methods have been developed, including
theoretical approaches [19-22] and knowledge bapptbaches [23-25].

Especially in recent years, with increasing numbefshigh quality protein structures
determined, the knowledge extracted from thoseeprstis a valuable source of information for
protein structural analysis and structure detertiina Considering the distance-based protein
structure modeling, the knowledge of inter-atomistahces in proteins is also subject to certain
statistics, and therefore obtaining additionalatise information beyond the current theoretical and
experimental limitations is very important and @bbk helpful to further protein structure refinenen
[25].

In this work, a computational approach for derivimgan-force potentials is developed for
protein structure refinement, including construgtia database for protein inter-atomic distance
distributions (PIDD) [26] (see Chapter 4). Thidatmse hosts and analyzes the statistical data for
protein inter-atomic distances based on their itistions in databases of known protein structures
such as in the Protein Data Bank (PDB). Furtheruge the collected information to extract mean-
force potentials which can be included in energyimization, so the more plausible structural
models may be determined (see Chapter 5).

We studied a set of NMR-determined protein str@suny using the refinement approach
with mean-force potentials. The improvements indtractures have been shown in terms of several
standard measures, such as energy, RMSD and Ramdaahalots [27]. The method of mean force

potentials has also been applied to comparativeema inement in the CASPR 2006 structural

refinement (see Appendix Avivw.predictioncenter.ofjgand some important improvement has also
been obtained. Together, these results imply tasisscal information in distances is indeed valea
and could be applied to protein structure modeling.

Analysisof protein dynamics

The biological functions of proteins are highly redated with their motions or flexibilities.
General dynamic information and fluctuations caralveays obtained experimentally in terms of B-
factor and order parameters through Nuclear Magigsonance (NMR) and X-ray Crystallography
[28]. However, experimental analysis usually does provide information much about the ways
proteins move. Some theoretical methods such @@t molecular dynamics simulation have been
applied to simulate protein dynamics [29], butattm simulation is very expensive in computation
because of complicated potential energy functi@rsthe other hand, some simplified methods such
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as Normal Mode Analysis (NMA) [30], Gaussian Netlwdviodel (GNM) [31] and Anisotropic
Network Model (ANM) [32] have provided promisingsidts comparable to those obtained by
complicated methods that simulate protein dynamitsgeneral, such simplified methods involve
fewer parameters and less detailed potential enérggtions, and hence are more efficient in
computation, compared to all-atom molecular dynasimaulations.

X-ray crystallography determines a unique protéincsure with high resolution and quality,
while NMR determines an ensemble of multiple energyimized structures satisfying distance
constraints, rather than a unigue conformation. Sones, there is significant difference between
models in an ensemble[25, 33]. In comparison witlgstal structures, there are not many
sophisticated methods developed to theoreticallydystfluctuations and dynamics of NMR-
determined ensembles.

Here we investigate a new computational approacktidy protein dynamics of NMR
ensembles at the residue level (only &oms). In this work, we modified distance mateixor
(DME) calculations to be locally specific. For ea€h atom, only distances between it and other
atoms are considered, and differences of thosandiss between all possible pairs in two structures
in an NMR ensemble are summed and represent iibifley. We compared the Local-DME values
of NMR-determined proteins with B factor values fibre same proteins determined by X-ray
crystallography. The High correlation obtained gadés the possibility of using Local-DME
calculations to compute pseudo B factor valuesMR\ensembles and to provide an alternative way

for investigating protein dynamics in solution.

Organization of thesis

The thesis is organized as follows. In Chapter 2, imtroduce the geometric build-up
algorithm and the numerical problems existing irs talgorithm. We then describe the updated
geometric build-up algorithm and discuss relatesherical issues. Some numerical results obtained
by applying the updated algorithm are presentedcanapared with the general algorithm. | am the
major contributor to this paper and Dr Zhijun Wwyided me very suggestive comments. In Chapter
3, we describe a rigid geometric-up algorithm ferywsparse distance data, and also try to inveetiga
the sufficient and necessary condition of protéinciure determination. The motivation and related
numerical issues are addressed. And conclusionrkenteave also been based on the numerical
testing on a set of proteins with sparse distarata dre included. | am the major contributor te thi
paper. In Chapter 4, a description of our datalbaserotein inter-atomic distance distributions is
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presented. We also provide the architecture ofdatabase and related research using this database,
such as generating additional distance constraimisderiving distance-based potentials. | setup the
database, wrote the interface and now maintainddtabase. In Chapter 5, we describe a novel
knowledge-based method for protein structure refier@. We provide a systematic introduction to
NMR protein structure determination as well asdbeent challenges. A detailed refinement protocol
using potentials derived from distance distribusias discussed. Testing results on 70 NMR-
determined structures are also been shown. | waducting the entire work with the help from Dr.
Wu and Dr Jernigan. In Chapter 6, we introducestioely of protein structure dynamics as well as
current computational approaches. We review thes§an Network Model and introduce an efficient
and reliable computational tool, called Local-DMElaulation, for studying protein dynamics of
NMR ensembles in solution. Comparison of Local-DM#ues, experimental B factor values and
fluctuations predicted by GNM is also provided fotest set of protein structures. | was conducting
the entire work with the help from Dr. Wu and Drnlgan. In Chapter 7, the entire thesis work is
summarized and some important issues for futuresiiyation are discussed. In Appendix A, the
source code in Matlab used in geometric build-wrtthms is shown. In Appendix B, the source
code of the interface of PIDD database is showidpendix C, we displayed part of the tutorial of
PIDD database. In Appendix D, the FORTRAN sourcdecof the subroutine for the mean force
potential is provided. In Appendix E, we will dissuthe work in refining comparative models using
mean force potentials, and especially the testiegults of a target structure in the CASPR
competition are investigated and analyzed. In AdpeR, the Matlab code for calculating the Local-

DME values is provided. All appendixes are compuldig me.
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CHAPTER 2. AN UPDATED GEOMETRIC BUILD-UP
ALGORITHM

A paper accepted by the Journal of Global Optingratvith the complete name an updated
geometric build-up algorithm for solving the mol&gulistance geometry problem with sparse exact

distance data.

Di Wu, Zhijun Wu

Abstract

An updated geometric build-up algorithm is devetbfper solving the molecular distance geometry
problem with a sparse set of inter-atomic distanteerent from the general geometric build-up
algorithm, the updated algorithm re-computes therdioates of the base atoms whenever necessary
and possible. In this way, the errors introducedsolving the algebraic equations for the
determination of the coordinates of the atoms argrolled in the intermediate computational steps.
The method for re-computing the coordinates ofttage atoms based on the estimation on the root-
mean-square deviation is described. The resuléppliying the updated algorithm to a set of protein
structure problems are presented. In many casesipitiated algorithm solves the problems with high

accuracy when the results of the general algordharinadequate.

K eywords Protein structure determination, distance geomeegmetric build-up, root-mean-square

deviation

I ntroduction

The molecular distance geometry problem arisdhénstudy of the structure of a molecule
based on a given set of inter-atomic distancesttfer molecule. This problem has an important
application in molecular biology and biochemistndan particular, in protein structure prediction
and determination (see Yoon, Gad, and Wu 2002 {mreeral review). The distances between certain

pairs of atoms in protein can often be determir@sed on our knowledge of various types of bond-
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lengths and bond-angles (Brooks Ill, Karplus, amdtif? 1988, Creighton 1993), or from nuclear

magnetic resonance (NMR) experiments (Briger arldsNL993, Kuntz, Thomason, and Oshiro

1993), or sometimes, through homology modeling @laand Snow 1991). Therefore, a natural

approach for the determination of the structura pfotein is to solve a molecular distance geometry
problem if a set of distance data for the protsigiven. However, the molecular distance geometry
problem is difficult to solve in general, espegiatince often in practice, only sparse and inexact
distance data is available. Several algorithms heesn developed to solve the problem, including for
example the embed algorithm by Crippen and Hav@8§), the alternating projection algorithm by

Glunt and Hayden (1990, 1993), the graph redudtigorithm by Hendrickson (1991, 1995), the

multi-scaling algorithm by Trosset (1997) and KéarsTapia, and Trosset (1998), the global

smoothing algorithm by Moré and Wu (1996a, 1996897h, 1997b, 1999), etc. Most of these

algorithms can provide an approximate solutionhi problem, but often not to a desired accuracy.
They are costly requiring intensive computationvasi.

In their recent work, Dong and Wu (2002a) proposedew approach to the molecular
distance geometry problem. This approach, calledggometric build-up approach, determines the
coordinates of the atoms in the molecule one atbm tme repeatedly using a simple geometric
relationship between determined and undeterminechsti.e., if an undetermined atom has known
distances to four previously determined atoms &tttei four atoms are not in the same plane, then it
is a simple geometric fact that the coordinatesthef undetermined atom can immediately be
determined by using the four known distances (48 lduang, Liang, and Pardalos 2002 for more
general discussions on these properties). If tlaetedistances between all pairs of atoms are given,
this approach can determine the coordinates obmsin n steps or in other words, in order of n
floating point operations, while a conventionalgsitar-value decomposition algorithm (as used in the
embed algorithm) requires at least order of n2tifhggpoint operations.

In this paper, we consider the solution of a makecdistance geometry problem with sparse
but exact distance data by using a geometric lupldigorithm. For such a problem, since the data is
sparse, the required distances may not be avaidid® an atom is to be determined. The atom is
then put aside until the distances become avaikdide more atoms are determined. For this purpose,
the algorithm is applied repeatedly to the undeitgechatoms until all remaining ones are determined.
Dong and Wu (2002b) implemented such an algorithat,they found that the algorithm is very
sensitive to the numerical errors introduced ircwiating the coordinates of the atoms. The reason i
that the coordinates of the atoms are all deteminireing the coordinates of previously determined

atoms, and the errors in the previously determiaixins are passed to and accumulated in later
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determined atoms. As a result, the coordinates |dter determined atoms become incorrect,
especially when the molecule is large, say withartban a thousand atoms. Note that this problem
does not exist for the problem with all exact dists since in that case we can just use one set of
determined atoms to determine all other atoms hacetwill not be a chance for the errors to get
propagated.

In this paper, we describe a so-called updatednge@ build-up algorithm for solving the
molecular distance geometry problem with sparseelyatt distance data. We show that using this
algorithm the accumulation of the errors in caltn;the coordinates of the atoms can be controlled
and prevented. The idea for the algorithm is basethe fact that the coordinates of any four atoms
can be determined without any other informatiooag as all distances among them are given. For
this reason, the coordinates of any four determiw®edns can be re-calculated whenever possible
using the distances among them if the distancesgi@en. The re-calculated coordinates do not
depend on the coordinates of previously determatedns and therefore do not inherit any errors
from them. In this way, the coordinates for manyttef atoms can be “corrected”, and the errors in
the calculated coordinates can be prevented frawigg into incorrect structural results. The re-
calculated coordinates for the four atoms are iaddpnt of their original coordinates and are not
related to the overall structure already built-ypthe algorithm. However, they can be put backheo t
original structure by aligning them to their originocations with an appropriate translation and

rotation.

The general geometric build-up algorithm

A geometric build-up algorithm for solving the molgar distance geometry problem given
the exact distances between all pairs of atomihdmmolecule is outlined in Figure 1. There are two
parts in the algorithm. The first one is to seleetr initial atoms that are not in the same pland a
find a set of coordinates for the atoms using fstadces among them. Let us call the atoms the base
atoms. After a set of base atoms is selected dochstd, the second part of the algorithm is td fin
the coordinates for each of the remaining atomsgutie distances from the atoms to the four base
ones. The first part of the algorithm is based lmn fact that the coordinates of four atoms can be
determined if all distances among them are givdnlevthe second part is that the coordinates of an
atom can be determined if the distances from tbmdb four determined atoms are given. In both
cases, the coordinates can be determined throoglesalgebraic calculations and in particular, for



13

the latter case, through the solution of a smaltesy of algebraic equations. We state these facts i

more rigorous form in the following theorems.

Figure 1. The outline of the geometric build-up algorithm

The Geometric Build-up Algorithm for Problems wili Exact Distances*

1. Find four base atoms that are not in the saarepl

determine the coordinates of the base atomsthétldistances among them.
2. For each of the remaining atoms,

determine the coordinates of the atom with istagtices to the base atoms.
3. All atoms are determined.

*The outline of the general geometric build-up aiton for solving the molecular distance geometryigbem

with all exact distances (Dong and Wu 2002a)

Theorem 2.1. If the distances among four atoms are givenctwedinates of the atoms can
then be determined with the given distances, stibjecanslation, rotation, and reflection.
Proof. Letx = (u, Vi, vvi)T, i =1, 2, 3, 4, be the coordinate vectors of the fdoms. Let;;
be the given distances between atdnandj for i, j = 1, 2, 3, 4. The coordinates can then be
determined as follows, based on the given distances
First, since the atoms can be allocated in &itrary coordinate system, without loss of
generality, we set a system with the first atoritsabrigin, the second on itsaxis, and the third on
its xy-plane. Then, we have in this system thatO, v;=0, w;=0, v,=0, w,=0, andws=0. Since the
distance from the second atom to the first atoegisal tod, ;, we have also thak=d, ;, and the first
two atoms are then determined.
Since the distances from the third atom to tist &nd second atoms are equablje and
ds ,, respectively, then
uz +v; =dg,
(U3 - U2)2 +V§ = dg,z-
Solve the equations fak andvs. We obtain

u; = (d;l - diz)/(zuz) +U, /2

v, = £(d3, ~u)"

and the third atom is then determined by choosiragther positive or negative.
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Finally, with the distancesl, 1, ds», ds3 from the fourth atom to the first three atoms, we
can form three equations,
Vi W = d
(U, —u,)* +vg +wj =di,
(LI4 - LI3)2 + (V4 _Vs)z + Wi = di,s-
The coordinatesl,, v4, W, for the fourth atom can then be determined by isghthe
equations, and
u, = (dil - diz)/(zuz) +Uu,/2
vy = (di; —dis = (U, —u,)? + (U, —U;) ) /(2v5) + v, /2
w, =+(df, —uf -vi)"

This completes the proof for Theorem 2Jj}.

Theorem 2.2. If the coordinates of four atoms that are notthe same plane and the
distances from the fifth atom to the four atoms giren, the coordinates of the fifth atom can be
determined uniquely.

Proof. Letx = (u;, Vv, vvi)T, i=1, 2, 3, 4, be the coordinate vectors of the¢ fosr atoms and
% = (u, v, w)" the coordinate vector of the fifth atom with abiaary indexj. Let d;; be the given
distances from any of the first four atom® the fifth atonj fori = 1, 2, 3, 4. We then have a set of

equations,
1% -x,Ed,,, i=1234
Square the equations and expand their left-haresdaobtain
I IF =27+ [b F=d?, i= 1234
Subtract the first equation from the rest to redhecequations to the following three,
= 2(% — %) X = (diy; —d7) — (1% IF —IKIF), i=123,

Let A be a matrix an@ a vector, and

(%o = Xl)T
A=-2 (X3 _Xl)T )

(X4 = Xl)T
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(35 =dZ) =%z 1P = Ixul?)
b=|(d3; —df)) = Ixs 1P = [xa?) |
(dZ; =dZ) =% 1P = Ixa]?)
We can then write the above equations in the fofigumatrix form.
Ax; =b
Sincexy, X, X3, X4 @are not in the same plane, the matixs nonsingular and therefore, the
linear system of equations can be solved to olgtainique solution fox;. [ |
Note that Theorems 2.1 and 2.2 both assume thagitlen distances are accurate and
consistent, and are true distances among a saimtspGiven such distances, the coordinates of the
atoms can obviously be determined by using therigifigo described in Figure 1 based on the two
theorems. Moreover, it can be proved that the doatés of the atoms for a moleculenctoms can
be determined in steps, each for one atom, as stated in the fallpwieorem.

Theorem 2.3. The general geometric build-up algorithm solvesnalecular distance
geometry problem with all exact distances for aeuole ofn atoms in order oh floating point
operations or in other words, in linear timenin

Proof. As shown in Figure 1, once the base atoms arerdigted, the remaining atoms are
determined using the distances from the atomseddbise atoms, each requiring the solution of a
small linear system of equations based on Theor@nSblving the linear system can be done in
constant time, so for all remaining atoms, the tiimedetermining them all is proportional to the
number of atom33-4. The determination of the coordinates of theetstems does not cost more than
constant time, but to make sure the base atomsadiia the same plane may take longer time. In the
worst case, the latter may take order of n compuiime to examine through the entire atom list to
find the third atom that is not in the line formied the first two atomsvg # 0) and then the fourth
atom that is not in the plane formed by the fitseé atomsw, # 0). In any case, the algorithm
requires order of floating-point operations or in other words, lin¢giane inn to find the coordinates

of all n atoms. ||}

We now consider the case when only a subsdt distances among the atoms is available.
The problem can be called one with sparse exatzrdigs. In this case, the algorithm in Figure 1 wil
not work since the required distances from the laéisms to the atom to be determined may not be
available. However, the distances from other detexchatoms to the atom may be available and may
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suffice for the determination of the atom. Therefothe algorithm can be modified to cover the
sparse case by determining the coordinates of@n asing any determined atoms as long as they

can serve as its base atoms. Such a modified #igois outlined in Figure 2.

Figure 2. The outline of geometric build-up algorithm for sparse data

The Geometric Build-Up Algorithm for Problems wiiparse Exact Distances*

1. Find four base atoms that are not in the saarepl
determine the coordinates of the base atomsthatldistances among them.
2. Repeat:
For each of the remaining atoms,
find four determined atoms that can servesalsase atoms;
determine the coordinates of the atom witlligsances to the base atoms.
End
If no atom is determined in the whole loop, stop.
3. All atoms are determined.

*The outline of the general geometric build-up aiton for solving the molecular distance geometrybtem

with sparse exact distances (Dong and Wu 2002b)

Note that when only a sparse set of distancesvisngithe molecular distance geometry
problem becomes difficult to solve in general. Wenbt expect to have a polynomial time algorithm
for the problem, since Saxe (1979) has provedttigaproblem actually becomdi>-complete. Also,
in the algorithm outlined in Figure 2, the four ffi@ad base atoms may not be available in the first
step anyway; the for-loop in the second step mayepeated many times until all remaining atoms
can be determined. However, Dong and Wu (2002b)odstrated that for protein structure
determination, the algorithm seemed to be a redd®mme. When the distances less than 8 A were
used, reasonable structures for a set of testddipsowith up to 4200 atoms were obtained by using
such an algorithm. A numerical problem in this aigon, as pointed out in Dong and Wu (2002b), is
that the base atoms that are used to determinanaae determined themselves by some other base
atoms in previous steps. The errors introducedeénipus steps are thus passed to the current atom,
and to the atoms in later steps as well. This naage a completely incorrect result in the cooréimat
of the atoms. The errors in calculating the coatdis of an atom usually come from solving the
linear system of equations, especially if the domfht matrix A is ill formed. The matrixA is
determined by the coordinates of the base atorask@sn in the proof for Theorem 2.2. Therefore, in
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Dong and Wu (2002b), if the determinantfois found small, a different set of base atoms wdnd
used to avoid possible errors due to this maiixvhich resolved the problem for some of the test

cases, but not for all.

The updated geometric build-Up algorithm

In this section we describe the updated geometritddup algorithm. The algorithm is a
modified version of the general algorithm for pesbs with sparse exact distances. Two new
strategies are used to minimize the errors intreduth the coordinate calculations. First, the
condition number instead of the determinant of maris examined when solving each of the linear
systems in the algorithm. When the condition numibetoo big, a different set of base atoms is
sought to avoid the possible errors due to anoifiditioned matrixA. This is better than evaluating
the determinant since a matrix can still be ill ditioned even if its determinant is large. Secahd,
coordinates of four determined atoms are re-caiedlar re-initialized by the procedure described in
Theorem 2.1, whenever the four atoms are foundthieat have all distances available among them.
Since they are independent of the coordinates e¥ipusly determined atoms, the re-calculated
coordinates do not have the errors accumulated fr@vious calculations and hence re-calculation of
coordinates reduces the chance of error accumuolai® described in the proof for Theorem 2.1, the
re-calculated coordinates are represented in aguandinate system with one atom located in the
origin, another along theaxis, etc. However, the atoms can be put backemtiginal structure by
aligning their new coordinates with the old onesing an appropriate translation and rotation fer th
new coordinates, so that the RMSD between the m®ndinates and the old ones is minimized. The
translation vector and the rotation matrix can Ibtaimed exactly in the same way as in regular
RMSD calculations.

Figure 3 is an outline of the updated algorithm. Y8# it updated since the coordinates are
updated repeatedly in the algorithm to preventrsrrdhe way we calculate the RMSD of two
structures (defined in terms of their Cartesianrdimates) is the following. LeX andY be the
coordinate matrices of two structures after they &manslated so that their centers of geometry
coincide. The RMSD of the two structures is thefingel as

RMSD(X,Y) =min, [|X -YQ|} /+/n,
whereQ is a rotation matrix an@Q' = I. Let C = Y'X, and letC = UXV' be the singular-

value decomposition @E. Then it is not difficult to verify tha®=UV" solves the above minimization
problem (Golub and van Loan 1989).
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Figure 3 The outline of an updated geometric build-up algorithm
The Updated Geometric Build-Up Algorithm for Praike with Sparse Exact Distances*

1. Find four base atoms that are not in the saarepl
determine the coordinates of the base atomsthatldistances among them.
2. Repeat:
For each of the remaining atoms,
find four determined atoms that can servesalsase atoms;
determine the coordinates of the atom witlligsances to the base atoms.
If four determined atoms are found havingla@tances among them,
re-initialize the coordinates of the fotoras;
put the atoms back to the original struetur
End
End
If no atom is determined in the whole loop, stop.

3. All atoms are determined.

*The outline of the updated geometric build-up aion for solving the molecular distance geometrybpem

with sparse exact distances.

Therefore, computationally, we can first comput geometric centers of the two structures,

XC = %ZLX i), yc= %Zi”:lv i)

We then update matrix,

YD) =YD - [ye@) - xe@)],

Y(:,2) =Y(,2) —[ye(2) - xc(2)],

Y(:,3) =Y(:,3) —[yc(3) — xc(3)].
The two structures now have the same geometriecéme then compute the mat@<Y'X and its
singular-value decompositioB=UXV'. Let Q=UV'. The RMSD of the two structures can then be
calculated as

RMSD(X,Y) =|| X =YQ || /+/n.
In the updated algorithm, every time the coordimaié four atoms are re-calculated,Xf

contains the old coordinates avidhe new onesy Q in the above formula gives the coordinates best

aligned with the old ones.
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Numerical results

We have implemented an updated geometric buildiggriehm in Matlab (Version 5.3) (see
the source code in Appendix A). The matrix-vectalcualations required in the algorithm including
linear system solves, estimations of condition nermmpand singular-value decompositions are all
done through the Matlab build-in functions. We aésthe algorithm with a set of problems generated
using the known structures of ten proteins downddlaflom the PDB data bank (Berman et al, 2000).
Each of the structures is used to obtain two sktlistances, one including all distance$ A and
another< 8 A. We then solve a molecular distance geometplpm for each set of distances using
the updated algorithm, to obtain the coordinatehefatoms for the corresponding protein. The tesul
is compared with the original structure of the pimtin terms of RMSD. The choice of 5 A as the cut-
off distance is made to simulate the distance ial#MR experiments since in most cases, NMR can
only detect the distances between atoms in thaferafhe choice of 8 A is to make a relaxation on
the cut-off to observe the performance differentéhe algorithm under a different condition. Note
that in practice, NMR actually can provide only kmand upper bounds of the distances. However, in
this work, we only consider problems with exacttaliges. The extension of the algorithm to
problems with distance bounds is possible and uaether line of investigation.

Table 1 contains the results of using the upbigeEometric build-up algorithm for solving
the generated test problems. They are also compétedhe results of using the general geometric
build-up algorithm for the same set of problemsaot#d by Dong and Wu (2002b). The first column
of the table contains the names of the proteirthénPDB Data Bank. The second column contains
the numbers of atoms in the proteins. The remaiootgmns list the results of using the updated and
general algorithms for problems with 5 A and 8 Atdince cut-offs. The results for each problem
include the number of fixed atoms and the RMSDtler fixed structure compared with the original
one. For the ten tested structures, five of themewietermined with the general algorithm with the
distances less than 8 A, but none with less thah Bowever, nine of the ten structures were
determined with the updated algorithm with the atises less than 8 A, and five of them were
determined with the distances less than 5 A. Feruipdated algorithm, we also list the results for
problems that were not completely resolved by flgerithm with the distances less than 5 A. They
include 1PHT, 1AX8, 1RGS, 1BPM, and 1HMV. Theselpems are relatively large, but for four of
them, the algorithm actually was able to deterntlireecoordinates for almost all the atoms. For 1PHT
only 5 out of 814 atoms were not fixed, and for JR@nly 5 out of 2015, for 1BPM only 3 out of
3674, and for ITHMV only 13 out of 4201. We havemieed the atoms that were not fixed by the
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algorithm and found that in many cases, the atamsrathe side chains of the proteins and do not
have enough neighboring atoms within 5 A distarff@e. example, in 1PHT, the unfixed atoms are
located in the side chain of LYS, where there areemough distances to determine the atoms. The
structure 1AX8 seems difficult to determine prolyabkecause it is a double helix and is lack of
enough distance information among the atoms. Whkidecthis instance in the table to show the
possible difficult case for the algorithm. There &vo odds in the table requiring some explanations
as well. First, for 1PTQ, with an 8 A cut-off, thember of fixed atoms for the general algorithm is
402 instead of 404. This is because that theretvaoeheat atoms in the structure that were not
considered in the experiment with the general @lgor. Second, for 1AX8, with an 8 A cut-off, 988
out of 1003 atoms were determined using the updatgithm, but all atoms were determined using
the general algorithm. This may be because of pleeific structure of the molecule or the specific

implementation of the two algorithms, but it does reflect the general behaviors of the algorithms.

Table 1. Results of the updated geometric build-up algorithm

Protein* | #atom 5A 8 A
Updated General Updated General
#fixed atom RMSD #fixed atom| RMSDO #fixed atom RMSD #fixed RMSD
atom
1PTQ 404 404 2.7e-012 -- - 404 3.5e-013 402 208:-0
1HOE 558 558 8.2e-013 -- -- 558 1.0e-011 558 90ke-
1LFB 641 641 9.5e-012, - - 641 3.9e-012 - -
1F39A 767 767 3.5e-011 -- -- 767 2.4e-012 767 D(Be-
1PHT 814 809 7.9e-009 -- -- 814 1.8e-012 814 A0
1POA 914 914 6.8e-01( - -- 914 1.7e-011 - -
1AX8 1003 - -- -- -- 998 3.5e-017 1003 1.5e-006
1RGS 2015 2010 7.4e-008 -- -- 2015 1.1e-009 - --
1BPM 3674 3671 1.8e-009 -- -- 3674 3.2e-007
1HMV 4201 4188 6.8e-011 4201 2.5e-005

* Results of using the updated and general geomtatild-up algorithms for solving a set of molecul&tance

geometry problems generated from ten known proteirctsires downloaded from the PDB Data Bank.

Figures 4 and 5 further demonstrate in some wa@sé-scenarios how the structure
determined by a geometric build-up algorithm caratfected by the accumulated numerical
errors. The figures show the structures (red linégprotein 4MBA (1086 atoms) determined
using< 5 A distances, first by a general algorithm anehtlby the updated algorithm. The
pictures show clearly that the general algorithsults in a structure (red lines in Figure 4)
that disagrees with the original structure (bluged) in many regions, while the updated
algorithm determines one (red lines in Figure B tgrees with the original structure (blue

lines) almost completely.
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Figure 4. The structure of 4AMBA by the general algorithm*

*The structure (red lines) of 4AMBA determined byngsa general geometric build-up algorithm and coragar
with the original structure of 4MBA (blue lines) eke, 4MBA is the PDB entry for the crystal struetawf the
ferric form of myoglobin from the mollusc Aplysia lamina refined at 1.6 resolution, by restrained
crystallographic refinement methods. The crystalippic R-factor is 0.19. The tertiary structure bét
molecule conforms to the common globin fold, consgstof eight alpha-helices. The N-terminal helix Adan
helix G deviate significantly from linearity. SeelBgnesi et al, (1989) for more details.

Figure5. The structure of 4M BA generated by the updated algorithm*

*The structure (red lines) of 4MBA determined byings an updated geometric build-up algorithm and
compared with the original structure of 4AMBA (blireels)

Finally, Figure 6 further shows how the numericaloe grows as the geometric build-up
algorithm proceeds. Shown in the figure is the RM#8Ehe computed structure for 4AMBA compared
with its original structure as a function of theesithe number of atoms) of the computed structure.
For a general geometric build-up algorithm, frorauard 300 atoms, the RMSD (the green line) starts

increasing rapidly, and in the end, the RMSD fae #ntire structure (with 1086 atoms) becomes
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bigger than 10 A. On the other hand, for the uptlatgorithm, the RMSD (the blue line) is bounded

in around 5.0e-04 A in the whole build-up procedure

Figure6. Numerical errorsby theupdated and general algorithms

Comparison of Non-Updating and Updating
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Summary and remarks

The molecular distance geometry problem has an fitrmpbapplication in macromolecular
modeling and in particular, in protein structuretedmination. The problem is difficult to solve
especially in practice when only sparse and inedetances are given. In this paper, we consider th
solution of a molecular distance geometry probleitin \parse but exact distance data by using a
geometric build-up algorithm. For such a probleince the data is sparse, the coordinates of the
atoms cannot be determined with only one set of basms since the required distances between the
base atoms and the atom to be determined may ratdieble. Therefore, in most cases, the atoms
are determined using a set of base atoms thaeteendned in previous steps. Dong and Wu (2002b)
implemented such an algorithm, but they found thatalgorithm is very sensitive to the numerical
errors introduced in calculating the coordinatethefatoms. The reason is that the coordinatdseof t
atoms depend on the coordinates of previously ohittedd atoms, and the errors in the previously
determined atoms are passed to and accumulatedtén dletermined atoms. As a result, the
coordinates for later determined atoms become iachrespecially when the molecule is large, say
with more than a thousand atoms.

In this paper, we have introduced an updated geamatild-up algorithm for solving the
molecular distance geometry problem with sparsesekatt distance data. We have shown that using
this algorithm the accumulation of the errors ihcakating the coordinates of the atoms could be

controlled and prevented. The idea for the updatedrithm is based on the fact that the coordinates
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of any four atoms can be determined without angiothformation as long as all distances among
them are given. Therefore, the coordinates of amyr fdetermined atoms can be re-calculated
whenever possible using the distances among thetineifdistances are given. The re-calculated
coordinates do not depend on the coordinates efqusly determined atoms and therefore do not
inherit any errors from them. In this way, the cioates for many of the atoms can be “corrected”,
and the errors in the calculated coordinates capréeented from growing into incorrect structural

results.

We have described the general geometric build-gprihm with a presentation that is more
formal than that of other papers. Several imporganperties related to the algorithm are stated as
theorems and formal proofs are also given. Sontkesh are the foundations for the development of
the general as well as updated geometric buildigqrithms. We have discussed the numerical issues
associated with the general geometric build-up rétygm and presented the updated algorithm
including the procedure for re-evaluating the cowates and the method for updating the old
coordinates with the new ones through RMSD calmiatWe have presented numerical results of
using the updated algorithm for a set of test molsl generated with known protein structures. The
results for two sets of problems have been obtaioee with distances less than or equal to 5 A and
another 8 A. The results showed that the updatgatithim determined the structures for most of the
problems while the general algorithm failed.

The algorithm discussed in this paper may be oy dmoretical value in a certain
sense since in practice the given distances usaadlynexact and the algorithm may only be
used for solving a sub-problem. However, the atgarirepresents a significant advance in
solving a general molecular distance geometry prablit can certainly be modified and
extended to problems with inexact distances. Wittkis direction is being pursued and will

be reported later elsewhere.
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CHAPTER 3. ARIGID GEOMETRIC BUILD-UP
ALGORITHM

A paper to be submitted with the complete namég(d geometric build-up algorithm for solving the
distance geometry problems with sparse distan@g dat

Di Wu, Zhijun Wu

Abstract

The determination of a protein structure requirel/isg a so-called distance geometry
problem, given a set of distances. With sufficidigtance data, the general geometric build-up
algorithm can determine a protein structure effitie or even in linear tim®©(n). In this approach,
the coordinates of the atoms in a protein are oeterd one atom at a time, with the distances from
four base atoms to the atom to be determined. Hemvélre requirement for four base atoms for the
unique determination of each atom is sufficient, lot necessary, and is even redundant for rigid
determination. Here we introduce a so-called rggdmetric build-up algorithm, which requires only
three instead of four base atoms for the deterimimatf each atom, and can generate rigid and
sometimes, even unique structures for very spassende data. The algorithm may produce multiple
structures, due to the possible reflection for eatdm. It keeps track of all combinations and
determines a set of structures that are allowedpigent the results obtained by using this algorit
for the determination or generation of the strugsufor a set of model proteins, and suggest or
demonstrate the great potential of using the algori for protein structural analysis and
determination. In the end, we propose a potentethod of protein structure assemble using rigid
determination.

K eywor ds Protein structure determination, distance geomgggmetric build-up

I ntroduction
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Molecular distance geometry problem has importamieations in many biological fields
including nuclear magnetic resonance (NMR) protinicture determination and protein structure
prediction [1]. In general, the distances for derfaairs of atoms in a protein can often be obtine
based on our knowledge of various types of bondtler and bond-angles [2-3], or through
homology modeling and structural alignment [4], foom physical experiments such as nuclear
magnetic resonance (NMR) [5]. Therefore, it recuittee solution of a mathematical problem called
the distance geometry problem to determine thedioates of the atoms, using given distances.
However, the distance geometry problem has beewe@réo be computationally intractable in
general. Especially, in practice, only sparse ameiact distance data is often available, and
sometimes distance inconsistencies or errors nsy etist. The distance geometry problem can be
formalized in different ways and several algorithnave been developed to solve this problem, for
example, the SVD and embedding algorithm by Cripget Havel [6], the CNS partial metrication
by Brunger [7], the alternating projection algonittby Glunt and Hayden [8], the graph reduction
algorithm by Hendrickson [9], the multi-scaling atijhm by Trosset [10] and Kearsly, Tapia, and
Trosset [11], and the global smoothing algorithynMoré and Wu [12]. Most of these algorithms
can provide an approximate solution to the probdeich are very expensive in computation as well.

Recently, a novel approach called the geometrilfup method by Dong and Wu has been
developed and can efficiently determine the prastincture with sufficient sparse distances [13-14]
In this approach, the coordinates of the atoms pno¢ein are determined one atom at a time, using
distances from four base atoms to the atom to berrdimed. For instance, if the coordinates of four
atoms which are not in the same plane and thendistafrom the fifth atom to these atoms are given,
then the coordinate of the fifth atom could be dateed uniquely by solving simple linear system
equations. This simple geometric fact can be easitified in 3D Euclidean space. Therefore, if all
exact distances between all pairs of atoms in aejproare given, the protein structure can be
determined with the coordinatesroftoms imn steps, or in order of floating point operations, but in
general, singular value decomposition algorithmuies O(r?)~ O(r?) floating point operations. Note
that during the determination, for each atom, teo$ four base atoms could be the same or chosen
differently corresponding to all exact distanceadatr sparse exact distance data respectively.
However, the application of the general geometuitdbup algorithm to sparse distance data is very
sensitive to the numerical errors generated inutation. The reason is clear that the errors in the
previously determined atoms are passed to and adated in later determined atoms. Especially, for
a large system with thousands of atoms, the numaleeicor can blow up and a protein structure

incorrectly determined. To solve the numerical iitglproblem existing in the sparse distance data,



28

the algorithm has also been further modified armbiiporated the step of rebuilding base atoms,
which is called an updated geometric build-up atbor [15]. This algorithm initializes the
coordinates of the base atoms whenever necessayossible, and can keep the errors from passing
over to the atoms to be determined and resultingdorrect structures. Therefore, the coordinates f
many of the atoms can be more accurate, and tbesezan be prevented from generating incorrect
structures.

Nevertheless, the investigation on sufficient amdessary conditions in solving distance
geometry problem remains challenging. In the gérggrametric build-up algorithm, the requirement
for four base atoms for the unique determinatioeadh atom is considered as a strongly sufficient
condition, and a protein structure hence could miquely determined if this sufficient condition is
always satisfied in the determination of each at@m.the other hand, the necessary condition in
protein structure determination is found to be #eth atom must have at least three distances from
other atoms if the protein structure can be deteerhin 3D Euclidean space. However, the exactly
sufficient and necessary condition is still unknownd the answer to it becomes very important and
valuable since it can provide the criteria to jiystivhat distances are necessary or redundant in
protein structure determination. Obviously, in tfeneral geometric build-up algorithm, the strongly
sufficient condition could be further reduced te tiveakly sufficient condition in a sense that the
additional atom could be still possibly determingith multiple positions, which is so called rigigit
or rigid determination in graph embedding [9]. vatt way, a protein structure could be determined
rigidly with multiple conformations when given vesparse distance data.

Here, we introduce a so-called rigid geometric duip algorithm for solving distance
geometry problem with sparse exact distance dathdaveloped the weakly sufficient condition as
well as the rigid determination. This algorithm Hamen shown to be applicable to very sparse
distance data while the general geometric buildrethod sometimes fails. The idea of this method is
based on the fact that using three base atomsfisient enough to determine an additional atong an
therefore the original requirement is further rezthito the current weak condition. Each atom can be
determined through the simple calculation of a §Byatem of algebraic equations, given coordinates
of three base atoms and its distances from thera.ifiplementation of this algorithm has mixed
conditions including both four-base-atom and threse-atom cases, and the unique determination is
always preferred. It also allows the determinatifnan atom if only three base atoms available.
Compared to the general geometric build-up metitogquires fewer distances, but an additional
atom can be determined rigidly with two possiblefoomations due to reflection. The algorithm

may, therefore, generate a set of structures watisfgiven distances for a protein. To control
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numerical errors, the idea of the updated geometrilt-up method has been implemented as well
whenever it is necessary and possible to rebuitsbtbr four base atoms. Another interesting problem
is that due to insufficient distance data the prog¢ructure can not be determined sequentiallpgusi
rigid determination. Using different starting atgmage can only determine some parts of a protein
structure independently. If any two of those pads more than three common atoms, then we could
assemble these two parts, and possibly recovesttiieture eventually. We describ this idea and

specifically study one case.

The general geometric build-up algorithm

The idea of the general geometric build-up algaritfor solving the molecular distance
geometry problem is based on the simple geometeiationship between determined and
undetermined atoms. This algorithm could deterntiirgeprotein structure in steps given the exact

distances between all pairsroatoms in the molecule.

Figure 7. The outline of the general geometric build-up algorithm

The Geometric Build-up Algorithm for Problems wili Exact Distances*

1. Initialize four base atoms that are not in thee plane;
Find the coordinates of the base atoms withdisiances among them.
2. For each of the remaining atoms,
determine the coordinates of the atom witldiésances to the base atoms.

3. All atoms are determined.

*The outline of the general geometric build-up aition, given all exact distances (Dong and Wu)

The algorithm has two parts. First, select fouiaheatoms which are not in the same plane
and use the distances among them to find a setooflimates for them. This is based on the fact that
the coordinates of four atoms can be found if mslathces among them are available and they are not
in the same plane in 3D Euclidean space. Secordheddistances from the atoms to these four
atoms to determine the coordinate of each rematetioig, corresponding to that the coordinates of
an atom can be fixed if the distances from the atwfour determined atoms are available. These
four atoms are so called metric base atoms inlwithm. In each part, it only requires simple

algebraic calculations to determine those coordsand especially, for the second part, it needs t
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solve for the solution of a small system of linequations. The algorithm is outlined in figure dan
detailed and rigorous description of this methodddressed here.

Theorem 2.1. In the 3D Euclidean space, if the distances anfiongatoms which are not in
the same plane are available, the coordinateseohtibms then be determined with given distances,
subject to translation, rotation, and reflectionu®™ and Wu Z 2006) [16].

Proof. See Wu D and Wu Z 2006.

Figure8. Thedetermination of base atoms.

A

This idea could be also seen from the figure 8.Hdiaatically, the coordinates of four atoms
could be determined through the following stepgeithe distances among them:

Letx = (u, Vi, w)', i = 1, 2, 3, 4, be the coordinate vectors of the ftoms. Let;; be the
given distances between atomandj for i, j = 1, 2, 3, 4. Without loss of generality, the tfiestom
could be located at the origin of the system, #&oBd on itsc-axis, and the third on itsy-plane.
Therefore, in this system, we have

u;=0, v;=0, w,=0,
V=0, w,=0,
w5=0.

We also directly leti,=d, ; since the distance from the second atom to thedimn is equal
to db1. Then the first two atoms are determined.

Based one the given distances from the third atothé first and second atoms, respectively,

we set up the following equations,
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uz +v; =d;,
(Ug—uy)? +v; = dg,z-
which could be solved far; andvsusing following formula,
us = (d;l - diz)/(zuz) +u, /2
vy = £(d, - u5)™?,
and the third atom is then determined completelygdneral, either positive or negativevef
can be chosen.
Finally, using all the distances from the fourtbratto the first three determined atoms, we
can set up three equations,
2 2 2 — A2
u, v, +w, = d4,1
(u, - U2)2 +V§ + Wi = di,z
(U4 - u3)2 + (V4 _Vs)z + Wi = di,s-
The coordinates,, Vi, W, for the fourth atom can then be determined byisglthe
equations, and
u, = (dil - di,z)/(zuz) tu, /2
Vy = (diz - di3 - (u4 - U2)2 + (u4 - u3)2)/(2v3) TV, 12

- 2 2 _\2
W, =2(dg; —u; v

)1/2.

Theorem 2.3. In the 3D Euclidean space, if the coordinatesoof fatoms not in the same
plane and the distances from the fifth atom tofthe atoms are given, then the coordinates of the
fifth atom can be determined uniquely (Wu D and ¥V2006) [16].

Proof. See Wu D and Wu Z 2006.

Figure 9 graphically shows how the method workse Tdilowing shows the mathematical
calculations.

Letx = (u, v, W), i = 1, 2, 3, 4, be the coordinate vectors of the determined four atoms
andx = (u;, v, w)" the coordinate vector of the unknown fifth atonthaan arbitrary indey. Letd;;
be the given distances from any of the first fanesi to the fifth atomj fori = 1, 2, 3, 4. We then
have the following equations,

% =X;lF dy;
I % =X;[[F dy
I X5 =x; |[F dg;

I X4 =X | dg j
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which is equivalent to
2 _ 2 T 2 2
X = 17=x 117 =2 X+ {1 % ||7= dy |
2 _ 2 T 2 2
%2 =% [[7=l1%; |17 =2X; " %o+ || %o [[7=d
2 _ 2 T 2 _ 2
x5 =% 1I7=]I%; [ =2%; " X3+ |[ X5 [["=d3;
2 _ 2 T 2 2
1xg =% 1=l 117 2% X4+ 11 Xg 7= dg
For instance, we subtract the first equation froenrest ones and obtain the followings,
T — 2 2 2 2
2% (% = %) = (% |17 =M1 %2 [[7) = (d,” =dj 2%)
T — 2 2 2 2
2% (% =%3) = (% I = lI% ) = (dj 1" = dj 57)

22,7 0% = %) = (11 I = 1% 1P) = (d; 2 =0l ;)

Figure 9. The idea of geometric build-up algorithm

A

In matrix form, the equations are reduced to

AX :bj
where
X X
A=2 x —X3 |,3%3
X, = X4
and

(1% 1P =11%; 1P = (d; > =d; )
by =| (% P =l xs I7) = (d;,* =d; 5
(1% 1P =11%4 IP) = (dj 1> = 4
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If the metric base atoms are not in the same pthee, A will be nonsingular sincg-x,, X-
X3, X1-X4 are linearly independent. Therefosg,can be uniquely determined by solving the simple
lineal system equations. For a molecule havirggoms and all exact inter-atomic distances, wg onl
need to repeatedly solve the equations for at mosteps. Then the protein structure could be
determined using this linear time algorithm givelad all distances.

Figure 10. The outline of general method with spar se exact distances.

The Geometric Build-Up Algorithm for Problems wiliparse Exact Distances*

1. Find four base atoms that are not in the saareepl
determine the coordinates of the base atomsthatldistances among them.
2. Repeat:
For each of the remaining atoms,
find four determined atoms that can servesalsase atoms;
determine the coordinates of the atom witlligsances to the base atoms.
End
If no atom is determined in the whole loop, stop.

3. All atoms are determined.

*The outline of the general geometric build-up aitjon for solving the molecular distance geometrylgbem
with sparse exact distances (Dong and Wu 2002) [14]

In general, only a subset of all distances amoagtbms could be available. Such problem is
called distance geometry problem with sparse edistances. For all exact distance data, the metric
base atoms can be unique during the entire detatimmsince the distances from all other remaining
atoms to metric base atoms are available. Butlif arsubset of all distances is provided, the ahoic
of metric base atoms working initially may not bgpkcable to other atoms later. However, for an
atom to be determined, if the previous metric mees are not applicable and another group of four
determined atoms can be found to serve as newametsie atoms, this atom can still be fixed using
the same equations described above. Thereforalgoeithm can be modified to accommodate the
sparse case through determining the coordinates @ftom using any determined atoms whenever
they can server as its base atoms. Of course, gparse distance data must be sufficient enough.
The modified algorithm is shown in figure 10.
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Even though in practice, some sparse distancepdalbdems could be very efficiently solved,
the algorithm outlined in figure 2 does not guaeargolving the problem in linear or even polynomial
degree time. Note that the for-loop in the secdagd may be repeated many times until all remaining
atoms are determined. A numerical problem in tlgerithm for sparse distance data was pointed out
[14] and is that the errors introduced in previoumerical calculations are passed to the currem at
since the base atoms that are used to determitm¢oan are determined themselves by some other
base atoms in previous steps. This may cause alemypncorrect result. Even though the choice of
base atom is based on the determinaw wfatrix, it only resolved some of the test cases,not for
all.

An updated geometric build-up algorithm

In this algorithm, two new strategies are impleradnto control and minimize the errors
introduced in the coordinate calculations, comparedhe general geometric build-up algorithm.
First, we use condition number instead of the detgant of matrix A in each of the linear systems in
the algorithm to decide if the set of base atonosikhbe chosen or not. For the determination ofieac
atom, we try to find a group of base atoms in afigible combinations so that its condition number i
the smallest, corresponding to that an ill-cond#id matrix A with large condition number is
numerically instable in solving linear system equ#. Second, we always prefer the metric base
atoms with all the distances among them, and tharalculate or re-initialize their coordinates gsin
the methods described in Theorem 2.1. Since theyfrashly determined and independent of the
coordinates of previously determined atoms, theateulated coordinates of them and the coordinates
of the additional atom generated using them shale less errors and reduce the error accumulation
and delivery. In order to put the atoms back todtiginal structure by aligning their new coordiest
with the old ones, we use regular RMSD calculatimngbtain the translation vector and the rotation
matrix.

The mathematical description of implementing updateethod is following. The new
coordinates of metric base atoms could be buitiubh Theorem 2.1. Hence the coordinates of the
additional atom could be determined using the newerdinates of metric base atoms through
Theorem 2.2. To find the translation vector an@tioh matrix, we can do the following steps. Xet
andY be the coordinate matrices of old and new cootédgaf metric base atoms respectively. Then,
first we compute the geometric centexs andyc of the two structures,
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1 . 1 .
xc=zzi“=1x (i0),yc= ZZi‘lzlY(l )

We update matri¥,
Y @:410 =Y @:41) —[yc) — xc@)],
Y @:42) =Y (1:4.2) —[yc(2) — xc(2)],
Y @:43) =Y (1:43) —[yc(3) — xc(3)].

Now the two structures have the same geometrieceWe then compute the mat@eY'X

and its singular-value decompositicB=UXV'. Let Q=UV', and it is easy to verify that
[ X=-YQI /{4 is then minimized. Therefore Q is the rotation fxatwhich gives the new

coordinates best aligned with the old ones. Thencan replacX by YQand determine an additional
atom using updated coordinates of base atoms.odtfiee of this algorithm is shown in figure 11.

Figure 11. The out line of the updated geometric build-up algorithm
The Updated Geometric Build-Up Algorithm for Praike with Sparse Exact Distances*

1. Find four base atoms that are not in the saaeepl
determine the coordinates of the base atonfrsthét distances among them.
2. Repeat:
For each of the remaining atoms,
find four determined atoms that can servigsdsase atoms;
If four determined atoms are found havirglatances among them,
re-initialize the coordinates of the rfatioms;
put the atoms back to the original tre
End
determine the coordinates of the atom Wustldistances to the base atoms.
End
If no atom is determined in the whole loop psto

3. All atoms are determined.

*The outline of the updated geometric build-up aijon for solving the molecular distance geometrylgbem
with sparse exact distances (Wu D and Wu Z 200&)) [1



36
A rigid geometric build-up algorithm

Rigidity or Rigid actually comes from graph theolfyan atom has infinite possible positions
in its determination, then we call it flexible deténation; if it has finite possible (or unique)
positions in its determination, then we call itidigor unique) determination. For the entire pnotei
with a set of distances, if the protein has finfiessible (or unique) conformations in its
determination, then the protein is rigid in deteration; if it has infinite possible conformatiomsiis
determination, then the protein is flexible in deatmation. In practice, we always care the latteren
since rigid determination can still provide the gibly to choose the correct conformation and are

more interesting to biologists. Figure 12 showsdétiled explanation.

Figure 12. Flexibility, rigidity and uniqueness*

*Flexibility VS Rigidity VS Uniqueness. 14(a) shows example of flexibility that we use coordinatégwo
atoms (black) and their distances from the thimhatred) to determine the third atom, hence theo$et
solutions of the coordinates of the third atom fram a sphere. In 14(b), if we increase to threevkn atoms,
then the fourth atom could be determined rigidlgyihg two possible solutions due to the reflectionl4(c),

this is exactly the idea of the Theorem 2.2, thigum determination.

A rigid geometric build-up method is modified frome general geometric build-up
algorithm, incorporating the strategy dealing wvilie case of rigid determination. In protein stroetu
determination, if the atom has four metric basenatahen we still use the method in theorem 2.2 to
determine the atom uniquely; however, if the atams Histances from only three determined atoms
which are not in the same line, then here we waatlder determine this atom and obtain two possible
sets of coordinates because of the reflection, kamgh track of both possible conformations. Three
base atoms here are called weak metric base. ydagbrotein structure determination problem using
this algorithm requires fewer distances and it kecmuld handle even sparser distance data. On the

other hand, during protein structure determinatibis, method may solve substructures rigidly with a
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set of possible conformations. Another necessapy & checking the consistence in each possible
conformation of substructures right after the dateation of atom, using additional distances from
this atom to other determined atoms. Only confoionat satisfying all available distances between
pairs of determined atoms are kept for the nexatien. This algorithm is outlined in figure 5. A
detailed explanation will be stated in the follogitheorem.

Theorem 4.1. In the 3D Euclidean space, if the coordinateshoé¢ atoms not in the same
plane and the distances from the forth atom tahihee atoms are given, then the coordinates of the
forth atom can be determined rigidly, for instarttaying two possible solutions due to the reflactio

Proof. Letx, = (u, i, W)', i = 1, 2, 3, be the coordinate vectors of the thtems. Letx; =
(U, Vi, W)™ be the coordinates of an atom to be determineddand= 1,2,3 be the distances from
three atoms. Without loss of generality, we can ifgdthe coordinates of three base atoms for the
convenience of calculations. The first atom cowdddrated at the origin of the system, the secand o
its x-axis, and the third on itg-plane. Therefore, we could have new coordinatetove of the three
atoms after translation. Note that some coordinatezeros after modification.

u'1=0, v;=0, w';=0,
u';, v=0,w',=0,
u's, V's, W's=0.
Using all the distances from the fourth atom to timee base atoms, we can set up three
equations,
Ui+ +w = dfy
(U, —u'y)? +vi+w! =d?,
(u; ~u'3)? +(v; ~V3)? +Wj2 :djz,s-

The coordinates;, vj, w; for an atom can then be determined by solvingethwtions, and

uj =(dfy —df,)/2uy,) +u'y /2
Vi :(djz,z_djz,s_(uj _U'z)z"'(uj —u'3)2)/(2v'3)+v'3 12

_ 2 _ 2 _\2\l2
w; =x(dj; —uj -vj)"°.

Therefore, the fourth atom has been determined hasdtwo sets of coordinates, which

complete the proof.
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Figure 13. The outline of the rigid geometric build-up algorithm
The Rigid Geometric Build-Up Algorithm for Problemsth Sparse Exact Distances*

1. Find four base atoms that are not in the saareepl
determine the coordinates of the base atonfrsthét distances among them.
2. Repeat:
For each remaining atom;
find four (or three) base atoms (faualiways preferred);
If distances among them arelabke,
reinitialize or rebuild tkeordinates of base atoms
put the atoms back to thiginal structure.
determine the coordinates of theratmiquely (or rigidly);
If additional distances are available
For each possible structure
If inconsistency is found
Reject it
Else
Keep it for the next iteration
3. All atoms are determined.

*The outline of the rigid geometric build-up algdwin for solving the molecular distance geometrybprm

with sparse exact distances.

Numerical results.

The rigid geometric build-up algorithm is implemetitin Matlab (Version 7.0) (see the
source code in Appendix A). Some matrix-vectocghdtions used in the algorithm are completed
through the Matlab build-in functions, such as dinesystems solvers, estimations of condition
numbers of matrix and singular-value decompositighsset of test problems is generated using
known protein structures downloaded from the PD&olase [16]. In order to test the algorithm in all
different kinds of applications, we consider protstructure determination at both atomic level and
residual level. In the atomic level, each of theidures is used to obtain two sets of distances, o
including all distances 4 A and another including all distance$ A. In the residual level, each of

the structures is used to obtain three sets odrtists and here only distances betweeratdms are



39

considered, one including all distance§ A, another including all distances?7.5 A, and the other
including all distances 8.5 A. For each set of distances, we use rigidngac build-up method to
solve the molecular distance geometry problem. Asomtrol, we also run the general updated
geometric build-up method for protein structureedetination. For the problem of the structure
assemble, we selected the protein with PDB id 1GAE7 72 residues and 567 atoms and set the cut
off distance as 7.2 A. The rigid algorithm failsdatermining this protein structure due to insuit
distances at the residual level, but we could hygaktermine two substructures of the protein. One
substructure has been determined with four confooms: for amino acid residues 1-12 and 31-72,
and the other has been determined with 128 confaynsafor amino acid residues 13-32. Three
common @ atoms existing in both substructures allow usdsemble the structure using RMSD
calculations. All results are compared with theeripentally determined structures of corresponding
proteins in terms of RMSD. The selections of thasgeoff distances are close to the real application
Usually in atomic level, NMR experiments can pravidistances among hydrogen atoms less than 5
A apart and the length of chemical bonds are eweallsr and can be obtained through the
knowledge of chemistry, which are even smaller. t®a other hand, in residual level, the cut-off
distance for @ atomic contacts is around 7 A, and the contact oragistances of € atoms of a
protein could be obtained using homology modelimgl ather knowledge-based methods [17].
Therefore, the applications of this algorithm colbédpotentially conducted for those cases. Of ®urs
in practice, only lower and upper bounds of thdagises could be given. Here, we only consider
problems with exact distances. The extension oftgerithm to distance ranges will be investigated
later.

Table 2 contains the results of using the rigidngeiic build-up algorithm for solving the
general test problems in atomic level. They wese abmpared with the results of using the general
updated geometric build-up algorithm. The firsturoh contains the names of the proteins in the
PDB database. The second column contains the nsradfeatoms in the proteins. The remaining
columns list the results of using the rigid andeyahalgorithm for testing problems with 4 A and 5
cutoff distances respectively. For the rigid geainebuild-up algorithm, some proteins were
determined rigidly, having multiple conformationatisfying given distances, and we listed the
smallest RMSD values as well as the number of comtions. For example, 1ABA has two
conformations in its determination using rigid gerit build-up algorithm, given a set of distances
<5 A, and one of them is very close to the origstalicture of the protein. However, due to thedarg
number of combinations when using rigid geometrigildsup method, during the structure

determination, the system did blow up for somegingt including 1ABA and 1BKR both with a set
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of distances< 4 A. Based on the analysis, given distances afetheo proteins are actually sufficient
enough for determining structures using rigid getiméuild-up method, so we would use “fixable”
to mean that they can be determined and some ggatare to be developed to solve them in the
future. Overall, when considering testing problertfse rigid geometric build-up method can
determine all the proteins completely in 1ABA, 1BKEEJG and 1HYP, and some proteins have
multiple conformations including 1ABA and 1BKR; btite general update geometric build-up
method did not perform very well with same setslistances, and in testing problems, only 1EJG
and 1HYP are completely determined when using aetstances< 5 A and all others just failed.
For a set of distances 5 A of 1BKR on which the general geometric buifd-failed, the rigid
geometric build-up method can even determine thestsire uniquely, though there is a large number
of combinations during structure determination stefhis can be also considered as the numerical
evidence to that the requirement of four metricebatoms is even redundant for determining a

protein structure uniquely.

Table 2. Results of rigid and general algorithmsin atomic level

PDB* Method (Cut off)  4A 5A
RMSD(A) RMSD(A)
1ABA 699 Rigid update fixable 4.71e-10/2
Unique update / /
1BKR 887 Rigid update fixable  3.80E-Of
Unique update / /
1EJG 637 Rigid update  3.80E-09 9.90E-11
Unique update / 8.80E-08
1HYP 656 Rigid update  3.00E-07 1.80E-Q7
Unique update / 2.90E-09

*Results of using the rigid geometric build-up aigjom and the general geometric build-up method to
determine protein structures in atomic level. RM&ilues are listed and followed by the number ofsfie

conformations if available.

Figure 14 further shows the application of thedrigigorithm to the protein, 1AKG. 1AKG is
a small polypeptide containing 16 amino acids ab@ 4toms. One thing investigated here is to find
the possible minimum cutoff distances for each metlincluding the rigid and the general
algorithms, and we start from 5 A and reduce by é&very time until the set of distances less than
that cutoff distance is not sufficient. To use tleneral geometric build-up method to determined
1AKG completely, the possible minimum cutoff distanis 4.5 A, and the structure could be

determined with 8.3x10A in terms of RMSD to the original structure. Atite number of distances
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used under 4.5 A is 1638, which is about 14% ofda@tances. However, using a rigid geometric
build-up method to determine protein structure, dhff distances can be set as small as 3.5 A and
only about 898, 7.5% of all distances are usedchvhieans 700 distances are removed. Nearly 8192
conformations are found and satisfy the given detdistances and among them the closest
conformation to the original structure has RMSDuea#.3 x10d A. Also from 8192=2 it is easy to
see that only a few atoms have been determinediyridue to the reflection, and most of those atoms
are in the side chains of some amino acids anddféaioe located in the surface of the protein with
fewer contacts. On the other hand, those atomsciedlgebackbone atoms in the interior of the
protein are almost uniquely determined, and heheedetermination of the protein is still very
descent. Further study of these many possible comfions of 1AKG could incorporate the
knowledge of biochemistry and biophysics to idgnttie native structure, which will be reported

later.

Figure 14. Therigid determination of 1AKG*

*1AKG has been determined rigidly, having 8192 [iassconformations. Atoms in the circles are thasams
determined rigidly due to the reflection, and diffet colors represent possible positions. The stose
conformation to the original structure has RMSDuead.3 x10 A.

The application of the rigid geometric build-up @lithm has also been conducted in protein
structure determination in residual level, only sidering G atoms atoms. Table 3 listed the results
of using the rigid and the general geometric bujdalgorithms for protein structure determination i
residual level. First column contains the PDB namethese proteins downloaded from the PDB
database. The second column contains the numbegsafues in each protein. The last column
contains the results of using the rigid and theeganalgorithms for testing problems with a set of
cutoff distances, 7 A, 7.5 A and 8 A respectiveye also listed the number of multiple

conformations determined using the rigid algoritfithe rigid algorithm requires fewer distances and
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hence can handle some testing problems at smalleff clistances. 1EJG and 1100 are the only two
proteins having been determined using the rigidvesrdc build-up algorithm with distances7 A
and 1100 have actually 16 possible conformatiorterdgned. For a larger cutoff distance 7.5 A,
1BKR, 1EJG, 1100 and 1LIT have been solved usigmgl jeometric build-up method, and 1100 and
1LIT both have two determined conformations redpebt. All listed proteins could be determined
using the rigid geometric build-up algorithm focatoff distance 8 A, and 1WRI is the only protein
determined rigidly having 4 possible conformatiddswever, the general geometric build-up method
can only work for 1BKR, 1EJG, 1100 and 1LIT whee ttutoff distance is 8A.

Table 3. Theresults of rigid and general algorithmsin residual level

PDB* Residue Method 7A 7.5A 8.5A
( Cut off)
1BKR 108 Rigid Update / 2.20e-12 4.30e-12
Unique Update / / 3.60e-11
1EJG 46 Rigid Update  3.60e-14 4.70e-13 1.20e-09
Unique Update / / 7.70e-10
1100 166 Rigid Update 6.2e-11/163.7e-7/2 6.20e-12
Unique Update / / 6.60e-12
1LIT 131 Rigid Update / 8.7e-10/21.40e-11
Unique Update / / 9.20e-11
1WRI 93 Rigid Update / / 5.6e-13/4
Unique Update / / /

*Results of using the rigid geometric build-up aigfom and the general geometric build-up method to
determine protein structures in residual level. RM&lues are listed and followed by the number afsible

conformations if available.

Figure 15 illustrates the results of using these mvethods to determined 1100, which having
166 amino acids. The minimum cutoff distance usethé general geometric build-up method is 8.5
A, and about 7.5% of all distances, 1886 distaacesused. The protein structure has been uniquely
determined with high accuracy, 6.0 £k RMSD value deviated from the original structu@a the
other hand, the protein structure has been detedmwigidly, having 16 possible conformations, when
cutoff distance is as small as 7 A, using the riggdmetric build-up algorithm. It has also showat th
using the rigid geometric build-up algorithm, ab800 distances were removed and the percentage
of distances used dropped to 5%. Nearly all th&ktimme @ atoms are uniquely fixed except.C
atoms of PRO 115, HIS 140 and THR 142 located ersthiface of the protein. Thex@tom of PRO
115 has 2 possible conformations, the one of HIBHaS 4 possible conformations and THR 142 has
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2 possible confirmations, which contribute to 18nbinations including the one closest to the true
structure with 6.2 x18 A.

Figure 15. Therigid determination of 1100*

*1100 has been determined rigidly, having 16 pdss@mnformations. Nearly alldCatoms have been uniquely
determined expect ones of three residues, inclugR@ 115, HIS 140 and THR 142. The closest confooma
to the original structure has RMSD value 4.3 x181@hen only comparing thedCatoms.

Figure 16. Protein structure assembling of 11O0*

(a)

*(a) shows two substructures rigidly determinede THue one (1-12 and 31-72) has 4 conformationstlaad

red one (13-32) has 128 conformations. (b) showssthucture after alignment with 4 possible confations
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and there are three common &toms of ASP 32, VAL 33 and MET 13 used to accashpthe translation and

rotation.

Figure 16 shows the example of protein structuserabling. We select the protein 1CC7
with 72 residues and 567 atoms and set the culistfince as 7.2 A. Actually the rigid algorithmigai
in determining the protein structure in residuatele(only considering &€ atoms), but we could
rigidly determine two substructures of the proteRiece one has been determined with four
conformations in the sequence 1-12 and 31-72, aedep two has been determined with 128
conformations in the sequence 13-32. Three commoratGms are ASP32, VAL33 and MET13.
Therefore, we could use RMSD calculation to find thanslation vector and rotation matrix to align
these two structures. Finally about 4 conformatiamsobtained, in which the closest conformation is
6e-12 A in terms of RMSD to the true structure.

Conclusions and remarks.

A protein structure can be determined by solviristance geometry problem, given a set of
distances. The solution to this problem is notidfiand sometimes even difficult to solve espegiall
when only sparse and distance ranges are giveh,asublMR spectroscopy. The molecular distance
geometry problem we studied here is considering spérse but exact distance data. Hence, applying
the geometric build-up algorithm to such sparsdadie data, the selection of base atoms is
dependent on other atoms determined in previoyss stegeneral. However, directly implementing
this algorithm caused problems and it was found tha algorithm is numerically instable and
sensitive to the numerical errors introduced irwaating the coordinates of the atoms. To contrel t
error accumulation and delivery, the strategy usipdated base atoms whenever it is necessary and
possible was implemented and could provide morarate solutions. In the general geometric build-
up algorithm, the requirement of four base atonngte determination of each atom is considered a
strongly sufficient condition, and then the protstructure could be uniquely determined. However,
such requirement turns out to be redundant notssacg, and for some very sparse distance data, the
application of this algorithm has been limited. the other hand, the investigation of sufficient and
necessary condition of solving molecular distaneengetry problems becomes very urgent, and the
answer to it can be very interesting and valuableomputational scientists as well as experimental
biologists.
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In this work, we further studied the sufficient dition, incorporated the idea of rigidity and
developed a rigid geometric build-up algorithm dealing the molecular distance geometry with very
sparse but exact distance data. We have showththatigorithm could be applied to sparser distance
data while the general algorithm failed. At thensatime, multiple conformations for each protein is
expected to be determined and satisfying givensgpdistances rather than a unique structure in
tradition. The key point in this method is reducthg number of base atoms from four to three sb tha
the atom could be still determined with finite gimgis. Therefore, the rigid geometric build-up
algorithm considers both four-base-atom and thessiatom possibilities, and the unique
determination of atoms is always preferred andsiv allows the determination of atom if only three
base atoms available. The rigid determination ofmatesults in multiple conformations, and the
algorithm will keep track of all possible confornmais until the structure is determined. More
importantly, in the determination of protein stuwet, updating base atoms is always performed
whenever it is necessary and possible. Compardbetameneral geometric build-up algorithm, the
rigid geometric build-up algorithm can further deeith very sparse distances and determine the
protein having multiple conformations satisfyinge thistance data. However sometimes, proteins
could still be determined uniquely using the rigidorithm while the general fails, which provides
the numerical evidence to that the requirementoaf fmetric base atoms for the determination of
each atom is redundant even for determining théeprstructure uniquely. For a large system with
many atoms and very sparse distance data, the mwhpessible conformations or substructures can
be very large and even blow up, which has been iseeuar testing problems, hence it still requires
further study and additional techniques, espectaty to store a huge number of combinations. We
also proposed an idea of protein structure assagbising rigid determination. For sparse distance
data, if only substructures could be determineépethdently, there is still a possibility that weulcb
recover the structure based on these common atais8ng in each substructure. The parallel
computing technique might be used in the futuradeance this study.

To illustrate the idea of geometric build-up aslved the investigations of sufficient and
necessary conditions in solving distance geometlpms, we provided a systematic introduction to
geometric build-up algorithms, including theorems amportant properties. The pseudo codes of all
algorithms developed based on the idea of geomeuiid-up are outlined. The numerical issues and
algebraic equations related to the general geotnlettiid-up algorithms are discussed, and updating
coordinates of base atoms and the rigid deternsimatis well as checking consistence using
additional distances are presented as well. Someerical results of testing both the rigid and

general geometric build-up algorithms are showrmemia set of problems generated with known
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protein structures. Particularly, we considered application to protein structure modeling in both
atomic and residual level (considering only C-alpiams), and for each level, we selected a set of
cut off distances to generate sparse distancepdabdems. The testing results showed that the rigid
geometric build-up algorithm with updating basenadocan further deal with very sparse distance
problems and it could determine protein structuigglly or sometimes even uniquely while the
general geometric build-up algorithm failed. Footpin structures determined rigidly, having many
possible conformations, we expect to incorporataewttechniques or knowledge, such as
biochemistry, biophysics and potential energy fiorcto further study. An interesting example of
protein structure assembling also provides the afdarther application of rigid determination and
the possibility of implementing parallel computing.

Actually in practice, the given distances usuatly m ranges and very sparse, such as NMR
spectroscopy, and the algorithm introduced in gi@iper may be valuable only theoretically and not
be applicable to that case. On the other hand,stiificient and necessary condition in solving
distance geometry problems is further investigased the new algorithm incorporating the idea of
the rigid determination does show a great potemiapplications. The possible extension of this

algorithm to sparse distance constraints with loavet upper bounds will be studied later.
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CHAPTER 4. PIDD: DATABASE FOR PROTEIN INTER-
ATOMIC DISTANCE DISTRIBUTIONS

The paper submitted to the Nucleic Acid Research

Di Wu, Feng Cui, Robert Jernigan and Zhijun Wu

Abstract

PIDD is a dedicated database and structural bioimdtics system for distance based protein
modeling. The database is developed to host arlgzenthe statistical data for protein inter-atomic
distances based on their distributions in databatésmown protein structures such as in the PDB
Data Bank. PIDD is capable of generating, cachamg, displaying the statistical distributions of the
distances of various types and ranges. The cotlldafermation can be used to extract geometric
restraints or mean-force potentials for proteiructtire determination including NMR structure
determination and comparative model refinement.CPI® supported with a friendly designed web
interface so that users can easily specify theanligt types and ranges, and retrieve, visualize, or
download the distributions of the distances as tluimsire. PIDD is freely accessible at
http://www.public.iastate.edu/~diwu/pidd.

I ntroduction

The knowledge on inter-atomic distances in proté&ns valuable source of information for
protein structural analysis and structure detertiinaProtein inter-atomic distances may be detkcte
by using physical experiments such as NMR (nuchleagnetic resonance spectroscopy) (1), or
estimated with chemistry knowledge concerning weitypes of bond lengths and bond angles (2-3).
However, in either case, only a small subset ofietances can be obtained for various technical
reasons (1, 4). They can only be estimated appwaigimin certain ranges instead of exact values as
well because of inevitable estimation errors. Tfoeeg obtaining additional distance information
beyond the current theoretical and experimentaltdimons is important yet challenging for the

further development of distance based protein nioglel
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In this paper, we introduce a computational apgrdac deriving distance data for proteins
based on the distributions of the distances inddtabases of known protein structures. In particula
we describe the development of a protein distanseiltution database PIDD for calculating and
storing the distributions of the distances in dasss of known protein structures and using the
distribution data to derive distance constraintd arean-force potentials (5) for structural analysis
and modeling.

The basic idea of our approach is that in ordezstimate the distances for various pairs of
atoms, we find all the information for how the distes for different pairs of atoms are distributed
known protein structures. Then, for each distange, assign a probability according to the
distribution of the distances of the same kind.HSpmobability information can be very useful for
evaluating estimated distances or building propetein conformations. For example, in order to see
if 5 A is a proper distance betweep i6 Alanine and Ein Tryptophan when the two residues are
separated by a Cystine, we calculate all the diswrof the same type in the known proteins in
structural databases and then group the distamoesding to their lengths. We can then obtain the
distribution of this type of distances within a givdistance range, say between 0 and 58here the
probability for the distance to be & can be easily identified. Figure 17 shows morengtas of
protein inter-atomic distance distributions caltetbfrom databases of known protein structures.

Indeed, based on our calculations on the distobstiof the distances in the structures in
PDB Data Bank (6), we have found that 1) The mgjai short to medium ranged distances are non-
uniformly distributed, indicating that proteins tlave preferences when forming these distances; 2)
as more and more protein structures are determmy®alj estimations on the distributions of the
distances are possible, and they can be obtainddreasonable statistical significances; 3) many
distances in low-resolution structures deviate fritrair average distributions by more than two
standard deviations, and in most cases, the dewngtare found in under-determined regions of
proteins; 4) it follows that distance constraintsneean-force potentials can be derived from the
distributions of the distances and be applied tor&ct” or “refine” low-resolution structures (7-8)

While the importance of the distance distributi@tadis easy to justify, the calculation of the
data can be daunting, requiring a complete seanckthé distances in structural databases for each
different distance type, while there can be mikiar different distance types, defined in termshef
types of the two atoms related to the distancetythes of the two corresponding residues, and the
types of the residues separating them in the seguefven just storing and managing such an
enormous amount of data can be quite challenging.ttis reason, we have developed a database

system for automatically generating, storing, analyzing all the distribution data for protein inte
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atomic distances. The system consists of two coufid¢abases, one called the structural database for
storing high-resolution structures downloaded fretructural databases, and another called the
distance database for storing the distribution d@tahe distances. The data in the distance dagaba
is calculated and collected from the structurabdase. The distance database can be used by the
users to store, query, and analyze the distribstafrany distances of interest. At the beginnindy o

the data for commonly used distance types are cted@mnd stored, to avoid unnecessary space use.
If the distributions for certain distances are esgjad, but have not been pre-calculated and -stored
they are computed from the structural databasestondd in the distance database afterwards. In this
way, the database can eventually be developedmtaiconecessary distance distributions, yet does
not have to keep all the overwhelming informatidhe database system is developed using MySQL.
Currently, it has 2090 high-resolution structuresvdloaded from PDB Data Bank and up to
320,000,000 distance distribution records. Theesgsivas supported with a friendly web interface so
that users can easily specify the distance typdsramges, and retrieve, visualize, or download the
distributions of the distances as they desire. Is ifreely accessible at

http://www.public.iastate.edu/~diwu/pidd.

Figure 17. Samples of distance distributions*
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*The graph on the left is the distribution of thistdnces between,@n TYR and G in TYR separated by LYS
in sequence. The graph on the right is the didinbuof the distances between @ SER and ¢Cin TRP

separated by GLY in sequence.
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Systems and methods
Data source

When downloading the known protein structures frdm PDB Data Bank, we have
considered only those containing the chains of anaicids rather than protein complexes such as
protein-DNA, protein-RNA, and protein-protein corapés. To obtain more accurate and reliable
results, we only downloaded structures determine&ay crystallography with resolution higher
than 2.0 A. In future, we will consider includingR structures as well. To reduce the redundancy
in homologous structures, only proteins with segeessimilarities less than 70% were used. Based on
these criteria, total 2090 qualified protein stunes were selected from the PDB Data Bank as of
April 12, 2005.

Data structure

PIDD has two levels of databases, one called thetsral database and another called the
distance database. Both databases are implemesitegi MySQL. The structural database stores the
sequence and structure information for a largeshkigh-resolution protein structures, with a samil
data structure as the structural data representdteiPDB Data Bank. Each record in the structural
database is similar to an atom record in the PD8 ffiut contains a smaller number of fields. It has
the PDB name of the protein, the residue nameintex for the atom, the atom name, andxhg z
coordinates of the atom (see Figure 18). All theBHIes of the downloaded protein structures are
converted into this format and stored in the stmadtdatabase as MySQL database files. By using the
MySQL database management system, the structasedéin be processed much more efficiently and
directly. No special scripts are required to patseregular PDB text files. The distance database
stores the distributions of the distances in knqweteins calculated for every different type of
distances. The calculations are based on the hiliftths of the distances in the downloaded
structures in the structural database.

In order to obtain the distribution data for thestdnces of various types and ranges, we
specify the distances by using the types of thenatib involves, the types of the residues contagnin
the atoms, and the types of the residues in betwleenwo terminal residues in sequence. After
calculating and collecting all the distances oftedistance type from the structural database ofRID

the statistical distribution of each distance tga@ be obtained. L&) be the distance between two
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atoms,A; andA;. LetR; andR; be the two residues whefg andA; are located, respectively. L8t,

..., Sy be the residue sequence in betwBeandR,. Then, the distribution of the distanbebetween
atomsA; in Ry andA; in R, whereR; andR; are separated bg, ..., Sy can be represented by a
distribution functionP[A;,A2,R1,Rx, S, ..., (D) and defined for an® in [D;, Di.], whereD; = 0.1
xiA i=0,1,..,n to be the number of collected distances of thigiqular type in i, D 4],
normalized by the total number of collected diseanaf the same type in abf Di.4], i= 0, 1, ...,n.

Numberof distance®f thistypein[D,, D,,,] LD
Numberof distance®f thistypein[D,, D, ]

PIR.R,ALALS, -, S (D) =

Each record in the distance database thereforaiosnthe distribution data for a particular
type of distances, and it has the types of atémandA,, the types of ending residuéy,andR,, and
the types of separating residu&s, ..., S , that define the type of the distances followsdthe
number of distances of this type found in eacthefdistance intervalsD|, Di.4], i= 0, 1, ...,n-1.

Figure 18. Data structures of the databases

Structural Datahase

PODB ID Residue Index Atorm 4 b L

Distance Database

Ry Fs Ay B = Y #p #D.

*The above: the record of the atom in the strudtdetabase: PDB ID — ID of protein in PDB Databank;
Residue — the name of the residue containing thm;aihdex — the index for the atom; Atom — the nahthe
atom; X, Y, Z - X, y, z coordinates of the atomeTdottom: The record for the distribution of thetdnce, one
for each different type: RR,— the two residues; AA,— the two atoms;;S..., S — separating residues; #b

the number of distances inj[M;,4], i =0, ..., n-1.



53

System ar chitecture

Figure 19. The system ar chitectur e*
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*This automated system generates and processamtaalynamically. The system is implemented in MySQ
and Perl. Users could access freely the databasttpatwww.math.iastate.edu/pidd. It requires siyery and
inputting the distance type and then the user colutibse to view the graph of distribution functewell as

download the related results.

PIDD is implemented with MySQL (see source codeAppendix B). It consists of two
databases, a structural database and a distaralgagat and three computational engines, a search
engine, a distribution engine, and a visualizadogine. In addition, there is a program writtefParl
for automatically downloading the structures frodB° Data Bank and updating the structural
database, and a web interface written in HTML feers to gain online access to the system.

The structural database stores the sequence amttusér information for a set of high-
resolution protein structures. The distance dataktwes the distribution data for the distancéth w
one record for one distance type. Since the distdappe is defined in terms of the atom types,
residues types, and the separating residues, taerde a huge number of distance types, and the
amount of distribution data can be enormous. Fample, if we assume that there are 10 different
atoms types foA; and A, 20 different residue types fé&t, Ry, S, ..., S\, then even just for the
distances with three separating residiés @3), there are already 320 million possible distatypes.
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For this reason, we purposely designed the systelmate both structural and distance databases so
that the distance database can be built dynamifralty the structural database. More specificalty, a
the beginning, we only compute and store the distion data for some commonly used distance
types, which can be queried or processed directithé distance database. However, if distributions
for certain distances that have not been pre-catledl and -stored are requested, they will be
computed on fly from the structural database aarkdtinto the distance database afterwards. In this
way, the database can eventually be developeditaiccall necessary distance distributions, yesdoe
not have to be overwhelmed by the possible comtiiztgrowth of data, saving both storage space
and search time.

The computational engines work together as folloWs search engine takes the query from
a user and searches for the distribution of theiBpd type of distances in the distance databkise.
the requested distribution has been pre-calculatet -stored in the distance database, the search
engine returns it directly. Otherwise, the distancd the specified type will be computed and
collected from the structural database and passdidet distribution engine. Based on the collected
distances, the distribution engine calculates tis#ilbutions of the distances over discrete distanc
intervals, and saves them in the distance databdse.visualization engine is responsible for
displaying the requested distribution function thglb a graphics interface. Figure 19 shows the
architecture of PIDD graphically. Note that theustural database can be updated whenever new
proteins are deposited into the PDB Data Bank, taedaccess to PIDD can be done conveniently

through a well-designed web interface.

Features

A web user interface is designed so users can a@iness to PIDD anywhere online. The
interface provides various visualization tools dadctions for researchers to display and analyze
requested data. The users can obtain helps frontutioeial, references, or related publications
available at the website. The tutorial is clearljtien and provides many examples (see Appendix
C).

The front page of the interface as shown in Figd@ralescribes the PIDD system, its design
purpose, and user guidelines. More in-depth desmni@bout research on database-derived distance
constraints and mean-force potentials and disthased protein modeling is provided on the
research page. Links to tutorial, references, andigations are also provided. Currently, the PIDD
front page can be reached at http://www.math.iestdt/pidd/.



55

Figure 20. The PIDD frontpage
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Two web pages are directly related to the use ®fRRIDD database. One shown Figure 21
allows the users to choose the distance type sehrched for via simple menu selections. Typically,
the users follow three selection steps: (i) spettifytwo end residues and the number of separating
residues; (ii) specify the types of the two atomghie two end residues, and the types of all sépgra
residues; (iii) submit the query. The system refutre distribution of the specified type of distasic
and displays it in a graph as shown in Figure ZRe current version of PIDD allows the users to
specify up to 3 separating residues and handles distance type per query. It can be used

simultaneously by multiple users.
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Figure 22. Graphicsdisplay
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Protein Atomic Distance Distribution

Distribution

Sample applications

The motivation for the development of PIDD is t@oyide an easy access to the information
on how the inter-atomic distances are formed asaled in their distributions in known proteins.
Such information can be valuable for protein suitadt analysis, classification, as well as modeling
building. In particular, it can be used to extrgeibometric restraints or mean-force potentials for
protein structure determination including NMR sture determination and comparative model
refinement.

The distance distribution data has been used ttyzna&NMR determined structures as
reported (9). The inter-atomic distances for 462raged and energy-minimized NMR structures
downloaded from the Protein Data Bank were examiapd compared with their distribution
functions (more specifically, for distances betwegoms in two residues separated by zero or one
residue). The results showed that many of thedariiss have deviations larger than two standard
deviations. For example, the distribution of thstaince betweenyGn ALA and the carbonyl C in
ASP separated by one residue was found to haveaa aveund 7.1 A and standard deviation equal to
1.05 A, while the distance between such pair ofnatacross the 20th and 22nd residues in the NMR
structure 2GB1 was 4.6 A, which was 0.37 A smalwan the mean minus two standard deviations.
More example cases of distance deviations in 2@GBhi@en in Table 4. In fact, in each of 462 NMR
structures, similar deviations were found in 296436, or in an average of 21.98% of the residue
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pairs that are separated by one or zero residumg dlee protein backbone. The deviations were not
only found among backbone atoms (N, O, @, But also between backbone (N, O, ) &hd side-

chain atoms (g). In most cases, the residues having such dis@agations were located on exposed
parts of the proteins, which was consistent with féct that the surface residues are usually df hig

mobility and more difficult to determine by NMR.

Table 4. Distance deviationsin NMR deter mined structures

Res. No. Res.1  Atom 1* Res. No. Res.2 Atom 2 Mea@xSTD Distance

19 GLU C 20 ALA C 3.1 0.4 3.62
20 ALA CB 22 ASP C 7.1 2.1 4.63
20 ALA CB 22 ASP o 7.8 2.5 3.53
21 VAL N 22 ASP o 5.9 1.0 4.28
21 VAL CB 23 ALA N 5.7 0.9 6.95
22 ASP CB 23 ALA C 54 0.6 4.69

*Atomic pairs (Atom 1 and Atom 2) across some ¢ tesidues (Res .1 and Res .2) in 2GB1 with dist®nc
deviating more than two times of their standardiaéwns (STD) from their average distributions (Mgdn

known protein structures.

Figure 23. Distance geometry problems

Inter-Stomic Distances 3D Structures

Given a set of inter-atomic distances, the atomiardinates and hence the 3D structure of a pratembe

determined by solving a so-called distance geonmtyklem.

An important application of PIDD is structure detération or refinement. A set of distance
constraints or mean-force potentials can be obdameusing the distribution data and applied to
structure determination and refinement, for examjpieNMR determined structures. In general, a set
of inter-proton distances of a protein can be olsghiby using NMR spectroscopy. The protein
structure can then be determined by solving a Heecdistance geometry problem (10) (see Figure

23). However, regions in NMR determined structuaes often under-determined due to incomplete



58

or inaccurate distances data (see Figure 24). @yvtre quality and resolution of NMR determined
structures are still not as high as those of Xerggtallographic structures (11).

In order to increase the accuracy of the NMR deteethstructures, F. Cui et al. (7, 9) and D.
Wu et al. (8) used the distributions of the inteyraic distances in known proteins as calculated in
PIDD and derived a set of range constraints fordiséances, and applied them to refining a set of
NMR determined structures, along with original NMRperimental constraints. The results showed
that with addition distance constraints or meamdopotentials, the structures were improved
significantly in terms of standard measures, inicigdthe energies of the final structures, the
Ramachandran plots (12), the RMSD values of thacstres compared with X-ray reference
structures, etc. For example, for the prion proEE200K the percentage in the most favorable region
of the Ramachandran plot was increased from 8589 {te90% (right) after the protein was refined
by using the database derived distance consti@hp{see Figure 25).

Figure 24. NMR ensembles of pig prion protein

PR

Frnsemble of Structures Representative Structure

*NMR determined structures of pig prion proteinsfdries: 121-231). The left is the ensemble of twpted
structures. The right is the representative strectusually chosen from an average and energy-naeidni
structure.

It is well-known that NMR determined structures aret as detailed as X-ray crystal
structures. The discrepancies between the NMR araly$tructures may be due to the flexibilities of
the NMR structures in solution, while some of theray indeed be caused by the incorrectly formed
regions in the NMR models. As indicated in the aba@pplications, the distance distributions
generated from PIDD can clearly be used to eitimer possible errors existing in NMR determined
structures or generate additional distance com$$rair potentials to refine the structures. There i
also a great potential of using the same type t@f fta refining comparative models.
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Figure 25. Ramachandran plotsfor original and refined E200K .*

|
180

Pal (degr Fhi |degrees

*After employing additional distance constraintsge tRamachandran plot of NMR determined structuoes f

prion E200K is improved significantly, with 85% tife residues in the most favorable region (leftyéased to
90% of the residues in the most favorable regimh().

Future developments

The current version of PIDD provides the basic fioms for converting and
processing data for protein distance distributidvisre tools will be developed to facilitate
various tasks of structural analysis including sofdr computing the distributions of the
distances in more specific structural environmeanth as distributions for certain types of
distances in alpha helices versus beta sheetser@@lyrrwe have only considered relatively
short-range distances with a maximum of three séipar residues in primary sequence. In
the future, we will also include all statisticaygnificant long-range distance distributions.
The reason that we have not considered the digtaofcall ranges is that many long-range
distances either do not have clear distributiotepas or are difficult to sample and analyze.
With the increasing number of high-resolution stwmoes being determined, many structural
properties, such as torsion angles, inter-atomgtadces, residue volumes, side-chain
orientations, can all be analyzed from their stigh$ distributions in known proteins.
Therefore, in future, we will extend our work onDB to the development of a general

protein geometry database that includes the stafististribution data for many other protein
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geometric properties besides the distances. Susystem will be able to provide more
complete information on protein conformations anaveh even greater potentials as

bioinformatics tools for protein structural anat/and structural modeling.
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CHAPTER 5. REFINEMENT OF NMR-DETERMINED
PROTEIN STRUCTURESWITH DATABASE DERIVED
POTENTIALS

The paper to be sumitted

Di Wu, Robert Jernigan, and Zhijun Wu

Abstract

Due to the limited distance data available fromeaRperiments, the structures determined by
NMR Spectroscopy may not always be as accuratesieed. Further refinement of the structures is
often required and sometimes critical. With the@ase of high quality protein structures determined
and deposited in PDB Data Bank, commonly sharedejroconformational properties can be
extracted based the statistical distributions ef pnoperties in the structural database and used to
improve the outcomes of the NMR-determined strestuiHere we examine the distributions of
protein inter-atomic distances in known proteistures. We show that based on these distributions,
a set of mean-force potentials can be defined fotepys and employed to refine the NMR-
determined structures. We report the test result3@NMR-determined structures and compare the
potential energy, the Ramachandran plot, and teereble RMSD of the structures refined with and
without using the derived mean-force potentials.

Keywords: NMR protein structure refinement; protein struetdatabase; Ramachandran plot; mean

force potentials; structural bioinformatics

I ntroduction

NMR (Nuclear Magnetic Resonance Spectroscopy) imaor experimental technique
available for protein structure determination [Ihere are about 30,000 structures determined and
deposited in PDB Data Bank now. About 15% of theendetermined by NMR [2]. The advantage of
using NMR is that the protein does not need to tystallized (which can be difficult and time
consuming) and the structure can be determinedlutign (a factor sometimes indispensable for
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proper folding). NMR can also be used to obtairtaierdynamic properties of proteins such as the
flexibilities of the proteins in solution. Howeveaimilar to other techniques, due to the limitethda
that can be obtained from the experiment, the &iras determined by NMR are not necessarily
always as accurate as desired and further refineofieime structures is often required [3].

The most common types of conformational constraims can be obtained from NMR include
the distances between hydrogen atoms estimatetNwidear Overhauser Effects (NOE) and the
dihedral angles around certain bonds through Jicwupt]. The NOE intensity for two magnetically
interacting hydrogen atoms is inversely proportidnathe sixth power of the distance between the
atoms and can therefore be detected only for abowary short distance (< 5A). In other words, only
the distances less than 5A between hydrogen atcagsbe estimated through NOE. Also, the NOE
intensity cannot be detected so accurately. Usutalk/ reduced by other interactions and becomes
weaker when detected, and therefore, only a ropgleribound for the distance may be obtained. The
lower bound for the distance can be determineafample by using the Van der Waals radii of the
atoms. With these distance constraints (along thithestimations on some of the dihedral angles
around flexible bonds), an ensemble of structuo#ise( than a single structure) whose distances are
within the estimated ranges can then be determifiggire 26). While the structures determined by
NMR are not as exclusive as other types of strattmodels, the variation of the structures in the
ensemble somehow correlates the flexibility of geictures in solution and can often be used to

show the dynamic behavior of the protein [5-6].

Figure26. NMR determined structuresof pig prion protein*

* Typical NMR determined structures. Shown areghsemble of structures (left) and the averageccaprdyy-
minimized structure (right) of the pig prion prateletermined by NMR.

To obtain a meaningful ensemble of structures iinportant to have a sufficient set of distance
constraints. Depending on how many and how acctinatelistance bounds are available, the quality
of the structures often varies [7-8]. Further refirent of the structures is always required, withegi

theoretical approaches (e.g., energy minimizat@hqr experimental options (e.g., dipolar coupling
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[10-11]). Knowledge-based approaches have also @eployed, including deriving additional
dihedral angles or distance constraints from kn@natein structures [12-15]. Indeed, with rapid
increase in both number and quality of proteincitmes being determined and deposited into PDB
Data Bank [2], many structural properties suchez®sdary structure motifs, native contact patterns,
and hydrophobic core formations, have been revelated their statistical distributions in known
protein structures [16]. The inter-atomic distanaess also subject to certain statistical distridnogi
depending on the types of the distances. Suchildistns have been employed for constructing
various statistical potentials for contact detetion, inverse folding, structure alignment, andax-
structure refinement [15, 17-21].

Cui et al [14] recently applied a knowledge-baspdraach to NMR structure refinement by
extracting additional distance constraints basedhendistributions of the distances in databases of
known protein structures. They collected the distarnof various types from structural databases and
calculated the means and standard deviations odligtance distributions. They then generated the
lower and upper bounds for the distances by usimgr tmeans minus and plus two standard
deviations (Figure 2). The results from applying@sth constraints to a set of NMR-determined
structures showed that the structures were impreigadficantly after the refinement even with only
a small set, restricted types of distance constr@erived from their database distributions. Hosvev
the approach has some limitations. The distancadmderived are only simple representations of the
true distributions of the distances. By restrainthg distances within their bounds, the distances
outside the bounds are certainly excluded, but thay still occur in real structures (although wath
small probability). The distances within the bouads also treated with equal probability, whileythe
are actually non-uniformly distributed in most cgsand some should certainly be more preferred
with a higher probability than others.

Here, we develop an alternative (or a generalizgofroach of utilizing the distance
distributions for structure refinement. Insteacegrfracting a distance range from the distributiba o
distance, we use the distribution function to definmean-force potential for the distance so that t
potential is minimized when the probability of tdéstance in the distribution is maximized. In
particular, based on the principle of statistichyygics [19], we can define a so-called mean-force
potential for the distance with its probability tlilsution (Figure 27). For a selected set of dist
we can obtain a set of mean-force potentials. Tine af the potentials can then be used to define an
energy function, and a structure can be refinedutin energy minimization. Comparing with the
approach of using the distance bounds, this apprioas the advantage of being able to determine the

distances in their entire distribution ranges. @stances can also be selected more rationallydbase
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on their probability distributions. In fact, theirjb probability of the distances in their distritmurts is
maximized when the energy function defined by ushrgydatabase derived mean-force potentials is

minimized.

Figure 27. Typical distribution of the distance
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*The distances of a specific type are typicallytiligsited in certain range. A range constraint fo tistances
may be derived by restricting the distances innfwest populated range, say in between mean minuplasd
two standard deviations. Or, a mean-force potenta} be defined for the distances based on thehdison of

the distances, e.g., E = -kT In P, where P is thtibution function, E the potential, T the temgteire, and k

the Boltzmann constant.

To implement the above approach, we have followsinglar procedure as used in Cui et al
[14] and collected a large set of distance dataftile PDB Data Bank. By using the collected data,
we have calculated the distributions of the distanef different types. To facilitate the generation
and analysis of the data, we have also developlstance distribution database PIDD (Protein Inter-
atomic Distance Distribution Database) for automatiocessing and calculating the distances and
their distributions (see [22] for detailed desddptof the database or check out the web servtreof
system at http://www.math.iastate.edu/pidd). Basedhe calculated distributions, we have defined
the mean-force potentials for a selected set ¢dliges and in particular, the distances betweansato
in separated residues in sequence. We then imgepdtentials into the energy function of the NMR
modeling software CNS (Crystallography and NMR egst[9] and used them to refine a selected set
of test structures. Total 70 NMR-determined strreguwere refined, using the original NMR data
that can be downloaded either from PDB Data BahlofBioMagResBank [23]. Both original and

extended energy functions were employed. The eadte compared to evaluate the effectiveness of
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the mean-force potentials for the refinement of #euctures. Several standard measures were
adopted in the comparison, including the energyeslin various different categories such as the
bond length energy, the bond angle energy, the N@O&gy, etc., the ensemble RMSD of the
structures, the RMSD of the structures againsKtnay reference structures (for available ones, an
the Ramachandran plots of the structures. In tesithese measures, we have found that the
structures have been improved significantly atherrefinement with the database derived mean-force
potentials. More specifically, we have observedidicant decreases in the ensemble RMSD values
and increases in the percentage of residues imtd# favorable regions of the Ramachandran plots
[24-25] for most of the refined structures. Of @8ted structures, around 80% had their energy alue
decreased in all the categories and by 7.5% iragecior overall energy. Most importantly, the NOE
and dihedral angle energies were decreased subfitaats well for about 65% of the structures,
indicating that the mean-force potentials helped oy forming more energetically favorable
structures but also forcing the structures tohi@ €xperimental constraints even better, which afas

great importance to NMR modeling [26].

Thedistributions of the distances

In order to estimate the distributions of the dis&s in known protein structures, we have
downloaded 2090 X-ray crystal structures with resoh of 2.0A or higher and sequence similarity
of 70% or less from the PDB Databank. Here, we hateused NMR structures because there is an
ensemble of structures for each NMR-determinedeproand we need to develop an appropriate
strategy for choosing the structures, which we ptado in future. We do realize that using only X-
ray crystal structures may have biases and hopahéalistributions of the distances we can extract
from these structures can indeed reflect commopepties of the distances in all proteins. Using
70% sequence similarity cutoff is a bit arbitrafg. fact, we observe no difference in obtained
distance distributions for cutoffs less than 90%.bE conservative, we then chose 70%.

We consider the distances connecting atoms in aepaesidues, called cross-residue, inter-
atomic distances. Such a distance can be spebijieing the types of the two atoms it connects to,
the types of the residues the two atoms are asedarth, and the types of the residues separating
the two end residues in sequence (see Figure 8B)ngtance, a distance between two atoms of types
A; andA, contained in residuel’; andR, that are separated by resid&sS,, S is said to have a
distance type A1,A,R1,R»,S,5,S). In general, a distance between two atoms ofgypeand A,

contained in residuel; andR, that are separated by residi&s... , S, is said to have a distance
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type [ALA%RLR,,S,...,Si. Assume that the distances are distributed ange from 0 to 20 A. Then,
for each particular type of distances, we can cdmmll the distances of this type from the
downloaded structures and group them into a largeber of, say 200, evenly divided distance
intervals D;, Disq], i =0, 1, ... , 199 witiDy = 0 andD,y = 20 A. LetD be a distance of type
[ALALRLR, S, ....Sh]. Let P[ALALRLR, S, ...,.S(D) be the probability distribution function &.
Then, P[ALALRLR:, S,...,.Si(D) can be defined as the number of distances of (Hpé. Ri,Rs,
S-S found in D;, Di.4] divided by the number of distances of the same tipund in the whole
distance intervall)y, Dy, for anyD in [D;, Di.q], i = 0,1, ..., 199, i.e,,

#D'sU[D,,D,,,]

P[A11A21R1!R21811---1Sm](D):#D,SD[D SE

DO[D,,D,,], i=0.,...199

whereD’s means the distances of tyga,Po,Ri. R, S,...,.S4l-

Figure 28. Crossresidue, inter-atomic distances

cross residue, inter-atomic distances

*The distances are specified by the types of the #aoms they connect to, the types of the resitlueswo
atoms are associated with, and the types of theéues separating the two end residues in sequence.

Figure 29 shows two distance distribution functia@igained by using the above formula.
The graph on the left is the distribution of thetdinces between,@ TYR and G in TYR separated
by LYS in sequence, which has a peak arddrel5.4 A and a long tail. The graph on the righhis
distribution of the distances betweepi® SER and Qin TRP separated by GLY in sequence, which
has two peaks arounB = 5.4 and 7.3 A, respectively. The graphs shovarcieon-uniform
distributions of the distances. It agrees with thet that large portions of protein segments form

regular secondary structures, i@helices or-sheets, and therefore, the short-range distanmees a
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more likely to be distributed around the valuest taee preferred by the secondary structures.
Depending on the types of the distances, they rayramore inu-helices or ir3-sheets or both, and
their distribution functions will accordingly hawene peak around a distance value that may be
preferred bya-helices orp-sheets, or two peaks around two distance values, poeferred by-
helices and another lf)ysheets.

Figure 29. Samples of distance distributions*
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*The graph on the left is the distribution of thistednces betweenoGn TYR and @ in TYR separated by LYS
in sequence. The graph on the right is the didinbuof the distances betweer @ SER and @ in TRP

separated by GLY in sequence.

Let's assume that in average, there are 10 diffexterm types foA; andA,. For each oRy,
Ry Su ... , S there are 20 different residue types. Thereforeptal, there can be 1« 20™?
different types of distances. Even if only threpasating residues are allowed, the total number of
distance types can be as many as 320,000,000dér tw collect and process the enormous amount
of data, we have developed a database for autatatgenerating, computing, and analyzing the
distributions of the distances. Currently, the Hat® can generate the distribution data for alttsho
range distances with up to three separating residBie using the database’s web interface, we can
select distance types of interest and automatig®iyerate the distribution functions as shown in
Figure 29 (see [22] or visiittp://www.math.iastate.edu/piddr more details).

In this work, we have only investigated short-rartistance types and in particular, the
distance types likeA;,AxR1,R,,§ with only one possible separating residue. Furtitee, we have
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simplified the distance types by usiBg= 0 or 1 to indicate if the distances are sepdrhtezero or
one residue, no matter what residue type is. In ¢hse, the total number of possible distance types
becomes 2 x f&x 20° = 80,000. The reason we have only considered aisgt of distance types is
because it is probably the simplest set of sharjeadistances we can start investigating with,iget
already sufficient enough to show that the constsador potentials derived for the distances can be
used to refine protein structures effectively. Tdistances can certainly be extended to include
longer-ranges and more complicated types for plessilbre extensive and effective uses. It however
requires more substantial work, which we plan tspe in future.

Distance-based mean for ce potentials

Since the distributions of the distances are ndfeum in general, constraints on the
distances can immediately be extracted based @e tthistributions. As we have mentioned in the
introduction section, Cui et al. [14] have derivieound constraints on the distances by using the
means minus and plus two standard deviations oflistances as the lower and upper bounds, and
applied the constraints to the refinement of NMRedwained protein structures. The advantage of this
approach is that the constraints are easy to genaral straightforward to implement with current
NMR modeling software such as CNS because theybeaapplied for structure refinement in the
same way as the NOE distance constraints. Howbyaising simple bounds, the information on the
distances demonstrated in the distributions of distances is not completely exploited, since the
constraints exclude the possible distance valuesdeuthe bounds and also treat the distance values
inside the bounds equally. In fact, the distanagside the bounds are still likely although witHyon
small chances. Also, the distances inside the tmanel obviously distributed non-uniformly and the
more probable ones should be considered with higherities. A relatively more complete approach
is to incorporate the information in the distrilutifunctions as much as possible to restrict tleeofis
the distances. To this end, for each type of distaa potential function can be defined by usirg th
distribution function for the distance so that tha&tential energy is minimized when the distance
maximizes the probability distribution. One of symitential function can be defined with the idea of
mean-force potentials in the statistical physic8].[Let P;; be the probability distribution for any
distance of interest between atonandj. Then, the mean-force potenttl for the distance can be
defined such that for ar, E;(D) = kg T In P;j(D), wherekg is the Boltzmann constant aficthe
temperature. Le be a set of atom pairs selected to define the #feraa potentials. Then, the sum



70

of the mean-force potentials for the atom pairS agan be defined as the mean-force enéigy for
S
Eowe =D s B (1% =% D=k IR % = D).

Here, the mean-force enerByye is minimized when the joint probability &; for all (,j) in
S is maximized. Therefore, to choose the most prigbalistances for a protein based on the
probability distribution function®;;, it is equivalent to solve an optimization probléonminimize
the mean-force enerdyeve. The functionEpye may not necessarily be easy to minimize if a dloba
minimum is to be found. It may become even hardeemP;; have multiple peaks (or equivalently,
Ei; have multiple minima, see Figure 30).

In this work, for each structure to be refined, fivet find the database distributions for the
distances of A,,A;,R1,R,,9 types in the structure, wherg andA; included all backbone and side-
chain atoms except for hydrogen atoms. We thenoappated each distribution graph by a normal
distribution function,

1 D-u)?
V2o expl-! 205)

with # ando determined by using least-squares interpolatiorihé end, we only kept the functions

1.

P (D)=

that can be approximated relatively accurately asetl them to obtain the mean-force potentials. In
this way, the graphs with clear multiple peaks wesmoved from further consideration and the
selected potentials had “unique” minima. Here, werificed some distribution data but kept the

potentials simpler and easier to optimize.

Figure 30. M ean-for ce potential vs. probability distribution
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The mean-force potential is minimized when the esponding probability distribution function is maxzed.

The mean-force potential will have multiple minifighe probability distribution function has mullgpeaks.
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With the above approximation, each mean-force piatebecomes a quadratic function and
could be obtained easily. LEbyr be the sum of all these potentials that are déffoe the selected
distances in the given structure. As we have meatlpthe structure can be refined by minimizing
Ermr, Which can be done with an optimization routingliemented in protein modeling software. We
have used CNS for our NMR structure refinementthis software, in addition to routines for
handling initial structure generation and experitabrdata processing, a particular routine is
implemented to refine an NMR structure by minimigenset of energy potentials including the bond-
length and bond-angle potentials,{,; andE.nge), the electrostatic and van der Waals potenttals.(
andEypw), the improper angle potentials;{;), and the NOE and dihedral angle potentilg£ and
Eoin) [9]. The last two types of potentials are usednfinimizing the violation of the experimental
NOE distance and dihedral constraints. In orderttier selected distances in the structure to agree
with their database distributions, we have addedstim of their mean-force potentidsyy, into the

CNS built-in potentials. Then, the energy functimtomes

E = Ebond + Eangle + Eelec + EVDW + Erep + ENOE + EDIH + EPMF ,

and the structure can hopefully be refined whesriew energy functioR is minimized.

Refining NMR structures

We have tested the database derived mean-forcatiadgefor the refinement of NMR-
determined structures. The original NMR experimentanstraints for the structures were
downloaded from PDB Data Bank and BioMagResBankSGias used for all the computation.
Total 70 structures were selected as the test.cbesstructures were selected mainly because they
had the original NMR data available and the datenéd was acceptable by CNS. The structures were
refined using the geometric embedding and energymmization routines implemented in CNS. The
results obtained with and without the databasevddrimean-force potentials were compared and
assessed in terms of several standard measuresU$BtR modeling, including the potential energy
of the structures in various categories, the RM%lues of the ensembles of structures, and the
RMSD values of the structures compared with thema)X reference structures (for available ones),
and the Ramachandran plots.

CNS can be used to refine either X-ray or NMR dtmes. The part for NMR structure
refinement contains four steps: connectivity caltioh, template generation, annealing, and

acceptance test. Connectivity calculation takespittgein sequence as the input and produces a
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connectivity file for the backbone of the proteiremplate generation uses the connectivity file to
construct an extended structure (or a group ofnebe@ structures) for the protein as the initial
structures for annealing. The annealing processw@a®ptions, one with simple simulated annealing
and another with distance geometry simulated aimparhe latter embeds the structure in 3D by
satisfying the distance constraints (geometric efdivgy) before doing simulated annealing (energy
minimization). The last step, acceptance test,uewas the structures with a group of acceptance
criteria including the satisfaction of various enpeental constraints and stereochemistry
requirements. In our calculations, we have usedhi®n for distance geometry simulated annealing
with the database derived mean-force potentialtudied in the CNS built-in energy function.
Therefore, the structures were determined with gg#om embedding followed by energy
minimization. Typically, geometric embedding helpsm a structure or an ensemble of structures
that satisfy a high percentage of given distaneestraints, but there may still be constraints vixa

In addition, the structures may not be energetictdlorable. Therefore, the following energy
minimization is always necessary. Since the endtmction includes the classical force field
potentials and the potential terms for NMR constsaisatisfaction, energy minimization not only
helps minimizing the potential energy but alsoHartreduces the violation of the NMR constraints.
By including the mean-force potentials in the egefgnction, the structures were expected to be
further refined by choosing more probable distarameEording to their distributions in known protein

structures.

Energy of structural ensembles

The energy function in CNS includes the bond-lergtld bond angle potentialEp{ng and

Eange), the potentials for improper anglds,{), and the potentials due to electrostatic and Wean
Waals interactionsEg.. and Eypw). In addition, there are also terms defined forBN@stance and
dihedral angle constraintEyoe andEpy). The sum of the terms measures how much the redmist
are satisfied. When the energy functid@.£r.) iS minimized, the structure is considered to bthb
energetically favorable and experimentally feasibieother words, the lower the energy is, thedvett
the structure is considered in terms of the initigdysical interaction and experimental constraint
satisfaction. We have refined the selected NMRc#trnes using the CNS distance geometry /
dynamic simulated annealing protocol with origihR experimental distance and dihedral angle
constraints. We recorded the energy values of thestares in the structural ensemble for each
protein determined with and without using the dassbderived mean-force potentials (which we call
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CNS and CNS-PMF, respectively). Table 1 shows trexgy values for a list of refined structures in
various categories and in particular, the meansstemtdard deviations of the energy values in each
structural ensemble. Note that for a fare comparisioe calculation of the overall energy did not
count the contribution from the mean-force potdst@éthough the latter were used in the CNS+PMF
refinement. Note also that the energy due to asfdtic interactions was not listed because the
corresponding potentials were not included in thiaudlt CNS refinement protocol. From Table 5, we
observed that the means and standard deviatiotihe afnergy values of the ensembles of structures
became smaller in almost all categories after thectsires were refined with the addition of the
database derived mean force potentials. The resudigested that the refined structures, when using
database derived mean-force potentials, were glezole favorable energetically. Surprisingly, they
also satisfied the experimental constraints bettethe NOE and DIH energies were decreased in
many cases as well. Overall, in terms of the meandsstandard deviations of the energy values in the
structural ensembles, of the 70 selected NMR strast about 80% had the overall energy
significantly reduced, in average by 7.5%, and &66% had the NOE energy decreased, in average
by 5%, after refined with additional database dstivnean-force potentials. Here we have not
calculated the statistics for the DIH energy beeasmme structures did not have the DIH data and

energy available.

Table 5. Energy of NM R-deter mined ensembles after general and refined methods*

PDB  Method gﬁnroal‘)” Bond  Angle ImpulsiveVan der Vaals Noe diheral

1AFI CNS 160.9£72.06.2+3.3 63.6+18.8 8.4+7.2 54.2+21.7 27.6+20.10.9+0.9

CNS+PMF 122.1+56.54.2+2.3 53.9+15.8 6.2+4.7 37.8£17.3 19.0+15.41.0+1.1
1BA4 CNS 93+60.8 4.0+3.(84.3+21.8 4.4+5.9 26.0£14.3 24.3+159 O
CNS+PMF 57.8+14.7 2.1+0.724.1+3.7 2.1+1.2 17.1+4.0 12.4+5.2 0
1IDKC CNS 155.7+90.17.4+4.1 40.1+10.6 4.7+2.5  48.9+48.6 54.6124.3 O
CNS+PMF 118.6+40.45.2+2.0 31.4+8.1 3.2+2.1 34.6£12.4 44.3+158 O
1DVV  CNS 85.6£19.6 3.1+0.940.7+5.8 4.0+1.1 23.7+7.8 14+5.2 0.05+0.06
CNS+PMF 73.3+15.8 2.5+0.937.5+#3.7 3.5+0.9 18.4+4.7 11.2+#5.5 0.03+0.02
1I6F CNS 190.0£73.2.4+2.1 24.448.8 1.3+1.9 113.8447.3 48.9+120016+0.47
CNS+PMF 173.848.3 0.9+0.322.6+1.8 0.9+0.5 103.4+3.3 45.9+2.4 0.06+0.09

* Listed are means and standard deviations of tre¥gees of the structural ensembles in variousgeates:
Overall — total energy; Bond — bond-length eneyggle — bond-angle energy; Improper — improper angl

energy; Van der Waals — Van der Waals interactinargy; NOE — energy for NOE distance constraint
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satisfaction; DIH — energy for dihedral angle comists. CNS — refined with original NMR data and £Built-
in energy function. CNS+PMF — refined with origiMdMR data, CNS built-in energy function, and datsba
derived mean-force potentials.

RM SD of structural ensembles

The precision of an ensemble of structures detexthlysy NMR usually is measured by the
RMSD values of the structures in the ensemble coadpaith the average structure of the ensemble,
and in particular, by the mean and standard deviatif these values [8]. The precision may be
overestimated since the ensemble of structuresmigied by current modeling software may not
necessarily contain the whole range of structusgsrthined by the given distance constraints [14].
Nevertheless, as shown in Table 6, the means andetd deviations of the RMSD values for the
listed ensembles of structures all became smafter ¢ghe structures were refined with database
derived mean-force potentials. Overall, of 70 gel@dNMR structures, about 65% had the means and
standard deviations of the ensemble RMSD valuesceztiafter refined with database derived mean-
force potentials, and the ensembles of structuesscdn became relatively more converging or
compact as can be seen from the example givergiré-B1. Without further experimental evidence,
of course, it is hard to say whether the refinedeembles of structures reflected the structural
fluctuations more accurately. However, the refinedsembles were indeed more compact
consistently, especially in the loop regions whérere were not sufficient NMR experimental
constraints. Similar results were observed in otbkted reports [27].

Table 6. Precision of NM R-deter mined ensembles*

PDB Method RMSD(A)
1AFI CNS 0.89+0.26
CNS+PMf 0.62+0.20

1BA4 CNS 4.2+1.1
CNS+PMF 4.84+1.28

1DKC CNS 4.3+1.17
CNS+PMF 3.94+1.11

1DVV CNS 1.44+0.36
CNS+PMF 0.79+0.22
116F CNS 1.27+0.42
CNS+PMF 0.91+0.40
1JKZ CNS 0.82+0.29
CNS+PMF 0.98+0.44
1M94 CNS 1.08+0.28
CNS+PMF 0.85+0.23
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* Shown in the table are the means * standard tiemg@of the RMSD values of the structures in ttnecsural
ensembles compared with the average structures. €KSined with original NMR data and CNS energy
function. CNS+PMF — refined with original NMR datalNS energy function, and database derived meae-for

potentials.

Figure 31. The superimpositions of 116F ensembles*

*Left: refined by regular CNS refinement protocBlight: refined by CNS plus database derived mearefo
potentials. The structures were aligned and diggldyy using MolMol graphics software [28]. The enbées
appeared more compact, especially in the loop endinal regions where there were not sufficient NMR

experimental constraints.

Comparison with X-ray reference structures

Table 7 RM SD against X-ray reference structures*

NMR CRY CNS CNS+PMF

1BCN 1HIK 2.99+0.27 2.94+0.14

1CRP 121P 2.06+0.112.02+0.09

1E8L 193L 2.33+0.152.36+0.18

1GB1 1PGB 1.28+0.10 1.24+0.06

1ITL 1RCB 2.91+0.09 2.81+0.13

1JOR 1SNO 2.55+0.14 2.47+0.17

1KUN 2KNT 2.51+0.24 2.56+0.25

2IGG 1PGB 1.91+0.34 1.89+0.21

3PHY 1INWZ 3.2840.21 3.21+0.17
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*Shown in the table are the means + standard dexmmbf the RMSD values of the structures in thacstral
ensembles compared with the X-ray reference strestuUCNS — refined with original NMR data and CNS
energy function. CNS+PMF — refined with original RVdata, CNS energy function, and database derived
mean-force potentials.

We have also selected a small set of refined NM&csires (1BCN, 1CRP, 1E8L, 1GB1,
1ITL, 1JOR, 1KUN, 2IGG, 3PHY) and compared themhwttieir X-ray reference structures in terms
of the RMSD values of the pairs of NMR and X-raystures. Since each protein has an ensemble of
NMR structures, the mean and standard deviatidhe@RMSD values of the member structures were
calculated and used as an assessment for the ehsdenble of structures. As shown in Table 7, in
most cases, both means and standard deviatiohe ] MSD values for the ensembles of structures
refined with additional database derived mean-fgpogentials were smaller than those refined
without them. The differences were not so largewkler, the RMSD values were average measures
on overall structural differences. Therefore, tmealk RMSD differences between the structures
refined with or without database derived mean-fgrotentials as shown in Table 7 may still imply

large local structural differences, which can balgred case by case in practice.

Ramachandran plots

Figure 32. Ramachandran plots of original and refined protein structur es*
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*Left, the Ramachandran plot of protein structueZTI generated by original method (CNS). Right, the
Ramachandran plot of protein structure 1EZT geedrasing additional mean force potential. Note thete
residues in generously allowed region originallydhanoved to the most favorable region after emplgyhe
distance derived potentials. (By Procheck and AQUA)
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To further evaluate the refined NMR structures,hage also examined the sequentialnd

y angles for the residues in the structures usinQ®RECK [25]. In particular, we have checked the
Ramachadran plots for all the structures and cailedlthe percentages of the residues in different
plot regions, most favorable, additional allowednerously allowed, and disallowed [24]. A
Ramachadran plot is a two-dimensional graph ingthyeplane. The plot has the above four major
regions indicating the preferencesgodndy angles for protein residues. They angles formed in a
residue can be represented by a point in the Raamdcan plot. If the point is in a particular region
we simply say that the corresponding residue that region. Usually a well-refined structure has a
high percentage of residues in the most favorabtgon of the plot. We have compared the
Ramachandran plots of the structures refined wiith &ithout using database derived mean-force
potentials. Since each protein has an ensembletrottgres, we have only compared the
Ramachandran plots for the averaged and minimizedtares (obtained by minimizing the energy
of the proteins started with the average structaféie structural ensembles [9]). The results stbw
that many structures, after refined with databaseived mean-force potentials, had higher
percentages of residues in the most favorable megaf the Ramachandran plots. Figure 32, in
particular, showed an example, where the Ramachangiots of the averaged and minimized
structures for 1EZT refined with and without usithg database derived mean-force potentials are
displayed. The plots showed that many residueBdrgenerously allowed region have moved to the
most favorable region after the structure was eefiwith the database derived mean-force potentials.

A statistical analysis showed that for the 70 NMRictures we have examined, the percentage
of the residues in the most favorable region ofRaenachandran plot for each protein was increased,
in average, from 69.1% to 73.4%, after the str@sgwrere first refined with the original NMR data
and CNS built-in potentials and then with additiodatabase derived mean-force potentials, while
the percentage of residues in the disallowed regias decreased, in average, from 3.3% to 2.2%
(see Table 8 (a), (b)). These results further detnated that the database derived mean-force
potentials helped the structures to form more fabigr local conformations even just in terms of the

sequentiafp andy angles of the protein residues.

We also applied the method to comparative modelSA$PR and such improvement has

also been obtained (see more details in Appendix E)
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Table 8. Statistics on Ramachandran plots of selected proteins

In average* CNS CNS+PMF
Most favored 69.1+13.1 73.4+12.1

Additional allowed 22.0£7.9 19.2+7.9

generously allowed 5.615.3 5.1+4.5
disallowed 3.3t3.4 2.2+2.9

*(a) It shows the mean percentage and standardti@viof residues in each region by two differgopraach,
the original one (CNS) and the modified one (CNS+HyM

Percentage* | Most favoredDisallowed

Improvement 82% 47%
No change 8% 40%
Worse 10% 13%

*(b) It sows the percentage of proteins which hawprovement, non-change or getting-worse on mosiréd

and disallowed regions, using mean force potentials

Concluding remarks

In this paper, we have investigated an alternagieegeralized, and in certain sense, improved
approach of utilizing the distributions of the ot inter-atomic distances in databases of known
protein structures for structure refinement as pseg in Cui et al [14]. Instead of extracting the
distance ranges from the distributions of the dists, here we used the distribution functions to
define a set of mean-force potentials for the dizta. We have applied the derived potentials for
refining a set of NMR determined structures andhiolatd positive results in terms of several standard
measures. In particular, we have observed signifidacreases in the ensemble RMSD values and
increases in the percentage of residues in the faestable regions of the Ramachandran plots for
most of the refined structures. Of 70 tested stinest around 80% had their energy values decreased
in all the categories and by 7.5% in average faeral energy. Most importantly, the NOE and
dihedral angle energies were decreased substgratgaliell for many cases, indicating that the mean-
force potentials helped not only forming more eetoglly favorable structures but also forcing the
structures to fit the experimental constraints eletter, which was of great importance to NMR
modeling.

The distance types we have examined in this watkuded only short range distances with

up to one separating residue. While the mean-fpotentials for these distance types already showed
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the promising results for using the database derirean-force potentials for NMR structure
refinement in general, further extension of the kvtw include longer range distance types is
necessary and is expected to make the whole apptoaoe even more powerful and effective for
structure refinement. The immediate extension ibages to consider distance types with up to three
separating residues with the types of the separatisidues also specified. The distributions ohsuc
distance types have already been readily accestiibigh the protein inter-atomic distance
distribution database PIDD developed by the auth@rslatabase for longer range distances with
more than three separating residues can also g fmabably without necessarily specifying the
types of the separating residues for the reasdrthibgg may not affect the distributions of the leng
range distances.

In this work, we have also selected only the distatypes whose distribution functions
contained single peaks since otherwise, the meae-footentials may not be so easy to minimize. As
we have mentioned in the paper, the multiple p&akise distribution functions can well be attribdite
to the distributions of the distances in differgqtes of secondary structures. So, further clasgitn
of the distance types by using say their occurrenoen-helices orf-sheets may be useful for
obtaining more specific, single peak distributiomdtions. The more specifically the distance types
can be defined, the more effectively the correspundistance constraints or mean-force potentials
can be applied to structure refinement, and of smuthe more difficult to obtain sufficient distanc
samples as well, given the limited amount of kn@atmctures available. We plan to investigate these
issues in future work.

Based on Cui et al [14] and this work, both diseamange constraints and mean-force
potentials have been proved to be useful for ujdinowledge-based refinement models for NMR-
determined structures. We have not been able teerhakd to head comparisons between the two
approaches, but the differences seemed dependvwothBaconstraints or the potentials were selected
and applied. The advantage of using the distanmugeraonstraints is that they can be extracted from
the distribution functions easily and included iMR refinement data straightforwardly. However,
the bounds on the ranges exclude some possibendest and treat the distances inside the bounds
equally. In this sense, the mean-force potentialy provide more complete distribution information
on the distances and allow the distances select®@ mationally according to their probability
distributions in known protein structures. In amge, with the increasing number of high-resolution
protein structures being determined, many commshbred conformational properties such as the
formation of various types of inter-atomic distasmcean be obtained based on the statistical

distributions of the properties in databases ofwkm@rotein structures. These database derived
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properties can then be employed for many impomamtleling purposes including NMR structural

refinement. Indeed, we have also been able to éxtee work described in this paper to the
refinement of comparative protein models in ouerggarticipation in the 2006 CASPR comparative
model refinement competition (http://www.predicti@mter.org/). Further development or expansion

of the work will be made in several possible di@ts and be reported elsewhere.
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CHAPTER 6. LOCAL-DME CALCULATION IN PROTEIN
STRUCTURE DYNAMICS

The paper to be sumitted

Di Wu, Robert Jernigan and Zhijun Wu

Abstract

Flexibility and dynamics of protein structures able captured experimentally in terms of
B-factor and order parameter through Nuclear MagndResonance (NMR) and X-ray
Crystallography respectively. On the other handhestheoretical approaches have been developed to
predict the fluctuation of proteins in either atorf@vel or coarse-grained level, such as Normalélod
Analysis, Gaussian Network Model and Anisotropiddek Model. Here, we introduce a so-called
Local-DME calculation, an efficient and simple aiml method to study the fluctuations of
ensembles of NMR-determined protein structures. gaoison with experiments and other theoretical
methods shows high correlations. Specifically, sameortant residues in protein function and

folding can be identified.

Keywords. Protein dynamics, GNM, DME

I ntroduction

The biological functions of proteins are highly radated to their motions or flexibilities.
Such dynamic information and fluctuations can btioled experimentally in terms of B-factor and
order parameter through Nuclear Magnetic Resonafid®IR) and X-ray Crystallography
respectively [1,2]. However, experimental analysssially provides little information regarding the
ways proteins move as well as detailed dynamicrinéion [2]. Some theoretical methods such as
molecular dynamic simulation have been appliedraukate protein dynamics [3], but such all-atom
detailed simulation is very expensive in computatisecause of complicated potential energy
functions. On the other hand, some simplified mashsuch as Normal Mode Analysis (NMA) [4],
Gaussian Network Model (GNM) [5] and Anisotropictiterk Model (ANM) [6] have also shown
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promising results as good as those by complicatethads in simulating protein dynamics. In
general, such simplified methods involve a fewerapeters and less detailed potential energy
functions, and hence are more efficient in comparatcompared to the general molecular dynamic
simulation.

The GNM method applies the knowledge of elastiavogt and Gaussian distribution to
study protein motions, and only considers the tessdcontacts, for instancep @ontacts. In this
method, the potential energy function is dramdficaimplified and contains only one single
parameter, but fluctuations predicted by GNM costitl have good agreement with experimental
observation in fluctuation such as B-factor in &aystructures [7]. Especially, GNM method involves
only one single parameter not atomic or amino apicific. In computation, the GNM method only
requires solving a singular value decomposition Ip\problem and therefore needs much less
computing than molecular dynamic simulation.

X-ray crystallography determines the unique protmcture in a crystal. For instance, the
position of each atom is determined at its aveqgagtion based on the electron density map, and
every atom has been assigned a so-called tempe@t@-factor which magnitude is proportional to
the mean square displacement from its mean posiiwen though such B factor values have
limitations in understanding detailed atomic mogiorthey provide information regarding the
amplitude of the fluctuations and unique sourcepraitein dynamics in solid state experimentally.
Crystal protein structures determined at the awepggitions of atoms are considered as equilibrium-
state structures and hence could be further studietheir dynamics using theoretical approaches,
which can provide the detailed information of maoand energy. On the other hand, NMR (nuclear
magnetic resonance) spectroscopy provides an alteenway to determine protein structures in
solution. Indeed protein structures in solution laighly related to their functions in nature, biogy
are also very flexible in solution and even sometintransitions between multiple conformations
could be observed through experimental data [8]which are very crucial to understand protein
functions and dynamics. However, due to insuffitierperimental data from NMR experiments,
structures are often underdetermined. In genenal,easemble of multiple energy-minimized
structures satisfying those distance constraist®ad of a unique conformation is used to represent
protein in solution. And sometimes, these modelnirensemble are deviated far from each other and
being poorly determined [9-10]. Compared to crystalictures, there are not many sophisticated
methods developed to theoretically study fluctustiand dynamics of NMR-determined ensembles.

Here we investigated a new computational approacktudy protein dynamics of NMR

ensembles in residual level (only &oms). In this work, we modified DME (distancetrixaerror)
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calculations to be locally specific. For each &om, only distances it involves are considered an
differences of those distances between all posgibies of two structures in an NMR ensemble are
summed and represent its flexibility. Then fluciolas of each Catom are reproduced through this
so-called Local-DME calculation and are comparedhwB factor values of the same protein
determined by X-ray crystallography. We also apBliM to predict the fluctuations of crystal
structures as control. A detailed investigatiorpadtein dynamics in solution and solid state i®als

conducted in this work.

Methods
Gaussian networ k model (GNM)

In GNM method, a 3D protein structure is usuallga#ed as an elastic network connected
by harmonic springs with a certain cutoff distan@aly G, atoms in each residue of a protein are
considered and form an elastic network. For ingafficictuations of ¢ atoms are approximated
based on Gaussian distributions of their intgatdmic distances around equilibrium position, and
single-parameter and non-amino-acid specific Hookpatential is adopted for the interaction.

Contact matrix of Catoms of a protein is constructed using the Kiathimatrix (see equation (1)).

r={ 0 ifi# janddi; 2d, )
> hifi=]j

i#]

wherei andj are indices of Catom in the sequence of a protein chainjs the distance
betweenth andjth C, atoms, andl is the cut off distance, usually 7A.

The mean-square fluctuation of each &om and cross-correlation between any two C
atoms can therefore be evaluated through the ieva@rKirchhoff matrix (see equation (2)).

<ARi2>:kaT r,
<AR DR >= ykgT [r‘l]ij, izj (2
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where [ ], and[r‘l]ij are read from the diagonal or off diagonal of theerse matrix

of r*, T is the temperaturek, is the Boltzmann constang, is a scaling factor andr is the

column vector of the fluctuation of thign C, atom.
In general, [ is symmetric and positive semi-definite and henbe singular value

decomposition could be applied to compute its igahpseudo inverse through equations (3),

vvT =1
rt=vizi, ©)

where 5 is a diagonal matrix of *, andV is singular vector matrix and orthogonal.
Therefore, those mean-square fluctuation and @osslations could be obtained once the inverse is
available. And usually only non-zero singular valaes well as their corresponding singular vectors

are considered.

Local-DM E calculation

The difference between two conformations of the esgmrotein could be calculated using
DME (distance matrix error) method, which can giareaveraged deviation between two structures
considering all atoms. In DME calculations, therpaise inter-atomic distance matrix for each
conformation will be generated respectively andRtabenius norm of difference matrix of these two
matrices then could be computed to show the avdredgeiations between these two structures (see

equation (4)),

[Cl; =g :”Xic_xjc Ilo, [DI; =dj =l % _de II2.

; S . _di' 2\1/2
DME (C,D) = IC-Dlle _ (Z|: j:zi:+1(CJ i)°) o

whereC is the generated distance matrix of one strucins, the generated distance matrix

of the other structure|| ||, is the norm an{] || is the Frobenius norm.
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However, such DME calculation only shows the ddfese in average between two structures
and provides little information about flexibilitiesd deviations in the structures locally. Foranse,
some regions could be very flexible and hence Harger deviations, but the averaged deviation
through DME calculation hardly explains that. Hdtee modified DME calculation has been
developed to studying the local deviation spediffcdor each atom, only distances it involves are
considered and differences of those distances betvedl possible pairs of two structures in an
ensemble are summed. Such local DME values are tosgldow the flexibility of that atom. Then
fluctuations of each Catom are reproduced through this so-called LoddEDcalculation (see
equation (5) and (6)).

B™ :% ([Am]ij _[An]ij) ©®)
Yy Blmn

Bi — _mn=mtl (6)
I(1-2/2

wherel is the number of conformations in the ensemhlg,A, are the distance matrices of
two distinctmth andnth conformations in the ensemblIB™" is the sum of differences @h column
betweenA,, and A,, which represents the local deviation itii atom in the ensembl®; is the

averaged local deviation d@h atom in the whole ensembile.

Corrédation calculation

We compute the linear correlation coefficient betweahe predicted fluctuations of NMR
ensembles through Local-DME calculations and theedmental B factor values of same proteins
determined by X-ray crystallography. Meanwhile, GNiss been applied to calculate the fluctuations
of crystal structures, which is compared with LeDME calculations as well. Simply, we can set up

a least square problem and calculate the corralabefficientr through equation (7).
r = nZXiYi _(ZXI)(ZyI) (7)
2 2 2 2
In(Ex) - (£ X)) - (£%)

wheren is the number of residues in the proteinis the experimental B factor value or

calculated fluctuation through GNM fiath G, atom, and; is the predicted fluctuation of ith,@tom
through Local-DME calculations.
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Even though these two sets of values are not pgyopealed, the calculation of correlation
coefficient is still accurate. But the scale of thedicted fluctuations could be done by multipdysm
appropriate constant, which could be determinedutin comparing experimental and theoretical

data (see equation (8)).

2Yj
Sy Jd S
K Exg ®
j

where > x; and X y; are the sums of theoretical and experimental fatadns of each £
i i

separately, and; and x °are the theoretical fluctuations (GNM or Local DM#)ith C, atom before

and after scaling respectively.

Samples

In this work, a set of 16 proteins with both crystauctures and NMR-determined ensembles
were downloaded from the PDB database [11]. Foh qaotein, fluctuations predicted through
Local-DME for the NMR ensemble and ones generatediding GNM for the crystal structure
represent those theoretical B factor values andseated after comparing with the experimental B
factor value. Those structures are listed in table

The study of protein dynamics here was focusedhencbarse-grained level, thereforg C
atoms of each residue were only considered in nmagidluctuations of protein. For those protein
structures contain water molecules, small ligandbther cofactors, there is still no sophisticated
method for incorporating these and hence were ortidered in this work.

Computational tools

Matlab 7.0 installed in DELL computer with 3.0Gherfium CPU and 2Gb memory is the
main computational tool used in the research. Tomde the inverse of Kirchhoff matrix, the
singular value decomposition routine existing intlslla 7.0 was directly called and generated the
singular values and corresponding singular vec®ased on the past experience [7], it was pointed
out that using a small amount of singular vectarthe ascending order of their singular values are
sufficient enough, but in this paper, we still ddes all nonzero singular values as well as their

singular vectors (see source code in Appendix F).
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Scaling of theoretically calculated fluctuations

For these theoretically calculated fluctuationotigh either GNM or Local-DME, we could
determine the scaling constant through equation#\(® a detailed investigation and figures are als

provided.

Results and discussions

Fluctuations predicted by GNM on crystal structueegperimental B factor values of these
crystal structures and fluctuations computed usimgal-DME on NMR-determined structure
ensembles are compared. For each selected prbigim, crystal structure and NMR determined
structure ensemble were downloaded from PDB.

In GNM method, small singular values contributengfigantly to the total fluctuation, which
are corresponding to the slow motion modes, wiaitgd singular values and corresponding singular
vectors are related to the fast motion modes, tsecadf using reciprocal of these singular values.
Even though a few smallest singular values ardivelsgt more important in the calculation and are
also sufficient enough to provide accurate prealictf fluctuations, but all nonzero singular values
and corresponding singular vectors were still usetk in representing the inverse of Kirchhoff
matrix. Cut off distance used in GNM is used irs thiork.

An NMR-determined structure ensemble of a protsinally contains multiple models solved
in NMR determination protocols, such as CNS (CHagaaphy and NMR system) [12], and all
models are energy-minimized and satisfy experiniectnstraints in general. Local DME
calculations will hence provide the predicted fuations of each NMR-determined structure
ensemble based on the local dissimilarities onetimesdels. Even though NMR structures are hardly
compared to crystal structures in the resolutiorwalh as accuracy, the models of ensembles are
determined based on experimental data which cantainich structural information including
dynamics and flexibilities.

Table 8 shows the results of analysis of dynamicproteins with both crystal structures and
NMR determined structures. First two columns likes PDB names of proteins determined by X-ray
crystallography and NMR spectroscopy respectivélye third column lists the number of amino
acids of each protein. The last three columns @ontamparison on fluctuations provided by
different ways including theoretical and experinaéninethods. In the bottom of the table, the

averaged correlation coefficients are also computed most proteins, the flexibilities predicted by



90

Local-DME in NMR determined ensembles have highralations with temperature factors of
corresponding crystal structures (see LDME VS Bedg¢ and some proteins can even obtain
correlation coefficient over than 0.8, such as 2PHPHY and 4PTI-1PIT. The averaged correlation
coefficient for LDME VS B-factor is 0.62, which irwhtes the protein dynamics in solution is quite
similar to ones in solid state, especially somerkesidues with large fluctuations, and hence using
Local-DME calculation to predict the fluctuationsproteins in solution is reliable and Local-DME
values can represent pseudo B-factor of NMR detexchistructures in a certain sense. As a control,
we also applied GNM calculations to crystal struesuto compute the fluctuations, in which the 7A
cutoff distance was used. For some proteins, hggrelations between B-factor and fluctuations by
GNM or between B-factor and fluctuations by LocaMP were also obtained, but averaged
correlation coefficients are 0.57 and 0.60 respelsti which are relatively lower than LDME VS B-

factor.

Table 9. Comparison of Local-DME and other methods in flucations.

PDB Files Correlation Coefficient*
LDME

CRY NMR Residues VS B-factor B-factor VS GNM LDME VS GNM
2KNT 1KUN 58 0.77 0.82 0.71
1BZ6 1IMYF 153 0.72 0.66 0.7
1AXJ 1FLM 122 0.58 0.65 0.83
2PHY 3PHY 125 0.82 0.53 0.48
1MBD 1IMYF 153 0.57 0.58 0.63
4PTI 1PIT 58 0.85 0.74 0.78
INOT 1XGA 13 0.69 0.52 0.53
121P 1CRP 166 0.7 0.58 0.56
1PGB 1GB1 56 0.53 0.7 0.65
1SNO 1JOR 149 0.78 0.74 0.6
1FIK 1PFL 139 0.46 0.64 0.74
1PGB 21GG 56 0.36 0.7 0.58
1AUC 4ATRX 105 0.57 0.12 0.3
9RNT 1YGW 104 0.52 0.48 0.49
1C75 1K3G 71 0.5 0.21 0.26
3EBX 1FRA 62 0.57 0.52 0.82

mean 0.62 0.57 0.60

*It shows the comparison of experimental B factalues, fluctuations predicted by GNM on crystalistures
and Local-DME values in corresponding NMR deterrdieasembles.

Figure 30 (1) and (2) shows the results of conspariof experimental B factor values,
fluctuations predicted by GNM on crystal structueesl Local-DME values in corresponding NMR
determined ensembles for 2KNT-1KUN and 2PHY-3PHfterascaling based on experimental B
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factor values. We also show backbone graphs oftary&ructures and corresponding NMR
ensembles. In 2KNT-1KUN, both Local DME values iMR ensemble and fluctuations by GNM
have high correlations with the experimental B dastalues. Especially, the hot residues with large
flexibilities are identified in NMR structure 1KUBIs well as crystal structure 2KNT. Actually most
of those hot residues are located in the surfatkeoprotein or loop regions, and hence are reltiv
more flexible due to fewer contacts. In 2PHY-3PHhe high correlation between Local DME values
in NMR ensemble 3PHY and temperature factors of 2Rds obtained, while fluctuations predicted
by GNM did not give promising results, in which Xieilities of some residues were either
overestimated or underestimated. Figure 30 (3) shemme comparison as (1) and (2) for 1PGB-
21GG, but in this example, the correlation betweenal DME in NMR ensemble 2IGG and B factor
values of 1PGB was not so good, while we did obédietter correlation between B factor values and

theoretical fluctuations by GNM.

Figure 33. Plots of fluctuations of B-factor, Local-DME, GNM*
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*Plot of experimental, theoretical B factor valugdd_ocal DME against residue number. B factor vasueom
the experimental data in crystal structures, GNMrdsn the application of GNM to crystal structurasd
Local-DME is from the Local-DME calculations on NME#hsembles. (a) 2KNT-1KUN. Both Local-DME and
GNM generated values are high correlated to B fagwues. (b) 3PHY-2PHY. Local-DME calculations
obtained a better correlation with the temperafactors, while GNM does not show a good result tred
flexibilities in some domains were either overestied or underestimated. (c) 2IGG-1PGB. GNM predithe
fluctuations reasonably well, while Local-DME vatudid not agree so well with B factor value of tmgstal

structure.

Conclusions and remarks

In this paper, we developed an efficient computetidool called Local-DME calculation to
study the protein dynamics of NMR determined endemin solution. For crystal structures, it is
relatively easier to obtain flexibility informatioof proteins in solid state through either expeniaé
data or theoretical methods since only one stradir each protein is often determined based on the
electronic density map after crystallization, whde ensemble of structures which are energy-
minimized and satisfy experimental distance comgsaare given in NMR structure determination
instead [11]. On the other hand, many structuremiNMR ensemble are actually far deviated from
the true structures and poorly being determinedchvilso results in difficulty in studying NMR
structures theoretically, and experimental datanffdMR spectroscopy is very complicated and
insufficient in understanding their dynamics contglie Compared to crystal structures, there are not
many theoretical approaches available to studyepratynamics of NMR structures.

In fact, an ensemble of NMR structures is deterdhieveactly based on the experimental data
which include both structural and dynamic inforroati and the superimposition of structures can
visibly provide fluctuations of a protein in soloti by some graphing software. The superimposition
of structures generally requires RMSD calculatiotmich can also provide rms values for each atom
after alignment to indicate the deviations from thean position. Hence rms values sometimes imply
the flexibilities of atoms in NMR determined struits. However, the strategy of doing multiple
structural alignments in an ensemble could affesults a lot and it is still very expensive in
computation to find the optimal alignment usingreutly available techniques. Hence Local-DME
provides a more accurate and reliable tool whiclksdoot require aligning multiple structures,
instead, only considering the inter-atomic dist@namong an ensemble of structures. For the most
flexible residues, the inter-atomic distances #se found to change much in different conformations

of an ensemble, especially those residues in the do surface regions. From our results of using th
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method, the hot residues which are relative moeilfle in crystal structures have also been
identified in corresponding NMR determined ensembighich implies a great agreement in protein
dynamics of proteins having both structures deteechi by NMR spectroscopy and X-ray
crystallography. In our testing problems, averagleéycorrelation coefficient between B factor value
of crystal structures and Local-DME values of NM#&embles is 0.62, even higher than using GNM.
Therefore, Local-DME calculations indeed are agtlle to studying the protein dynamics of NMR
structures. It is possible to use Local-DME valasspseudo B-factor for NMR structures, and the
further research is on the way. However, the coatmrial methods used in NMR structure
determination and the availability of the experita¢nlata are essential to generate NMR ensembles
and hence might affect the Local-DME calculatiomich could provide inconsistent information on
protein dynamics. On the other hand, this can laésased to justify the quality of NMR determined

ensembles. Such interesting investigation will lIseussed in the future.
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CHAPTER 7. GENERAL CONCLUSIONS
General conclusions and future plans

Distance-based protein structure modeling aris@s the study of protein structure modeling
with the knowledge of inter-atomic distances. Thallenges in this field include protein structure
determination and refinement and analysis of pmosiucture dynamics. We introduced several
algorithms and tools, which potentially have apgtiiens in related research fields.

In general, a protein structure can be determineddiving a distance geometry problem
with a set of distances. The molecular distancemgdy problem we studied in our research
considers only sparse but exact distance datathenchain method we have developed is focused on
geometric build-up algorithms. However, a geneeadrgetric build-up algorithm can be numerically
unstable for some cases when the numerical erreraccumulated in a long sequence of coordinate
calculations. Also, the requirement for four batmres for the unique determination of each atom is
sufficient, but not necessary, and is even redund@an rigid determination. In this work, we
developed an updated geometric build-up algoritlemsblving the molecular distance geometry
problem with sparse but exact distance data. Téa fdr the updated algorithm is based on the fact
that the coordinates of any four atoms can be ahted without any other information as long as all
distances among them are given. On the other Handparse distance data in which the general
geometric build-up algorithm may fail, we incorpie the idea of rigidity and developed a rigid
geometric build-up algorithm. Multiple conformat®for each protein are expected to be determined
and satisfying given sparse distances rather thamicque structure. The key point in this method is
that the number of base atoms can be reduced foomtd three so that the atom could be still
determined with finite positions. Numerical testirggults show that both algorithms are stable and
applicable to very sparse distance data. Howewverare still left with the problem of investigating
the sufficient and necessary condition for protincture modeling. The solution to this problem ca
help answer what is the minimum requirement ofadises in modeling. When using the rigid
geometric build-up algorithm, for a large systenthwhany atoms and very sparse distance data, the
number of possible conformations or substructuess lwe very huge and problematic, as has been
seen in our testing problems. Hence, it still resmifurther study and additional techniques,
particularly for data storage of huge combinatid®eme testing results numerically blew up during
the numerical computing, due to the large numbaoafibinations even with rigid determinations of

some atoms. Therefore, further investigation i stiquired. Another important extension of the
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geometric build-up algorithms is studying the dis& geometry problem with sparse but inexact
distances having lower bound and upper bounds.

Due to insufficient distance data such as nucleart@muser effect (NOE) data in NMR, the
protein structures determined by conventional teghes usually are not as accurate as desired. In
practice, a lot of errors could exist in given digstes and some protein structures are always
underdetermined. Therefore, the uses of such prateiictures in important applications including
homology modeling and rational drug design havendewited. We developed a novel statistical
method to refine protein structures, including ¢nreting a structural database (PIDD) and deriving
so-called mean force potentials from the statistarelysis on inter-atomic distance distributioas t
refine NMR determined structures. First, we proslide database and structural bioinformatics
system, PIDD, for distance-based protein modelirigs system can host and analyze the statistical
data for protein inter-atomic distances based @ir tistributions in databases of known protein
structures. In general, it can be used to extractrgetric restraints or mean-force potentials for
protein structure determination including NMR sture determination and comparative model
refinement. Also, we provide a user friendly welteiface so that users can easily specify the
distance types and ranges, and retrieve, visuaizdpwnload the distributions of the distances as
they desire. The important application of PIDD listwork is deriving mean force potentials for
NMR protein structure refinement. It is simply bdson the assumption that the nature chooses the
most preferred conformation because it is stabieteas lowest energy. Our results show that protein
structures are indeed refined in terms of energgigion and Ramachandran plots. Such conclusions
are carefully drawn from statistical analyses oetof protein structures. However, in this method,
we currently only consider the distances with omgasating residue or less, and also only Gaussian-
like distance distributions are considered. Theesfthere is still much room to incorporate allesth
possible distances, such as two-peak Gaussianbdisins. Such improvements on our distance
database, PIDD, as well as potential energy functioll be investigated in the future. Specifically
the current version of PIDD has provided the bdsitctions for processing the data for protein
distance distributions. More tools will be develdp® facilitate various structural analysis tasks,
including tools for computing the distributionstb distances under more structural conditiondy suc
as the distributions of the distances of certapesywhen they are in alpha helices vesus betassheet
In the future, we will extend our work on PIDD toet development of a general protein geometry
database that includes the statistical distributiata for other protein geometric properties beside

the distances, such as all the related applicatrarisding protein structure refinement on NMR data
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spectroscopy and comparative models, will be furtingestigated after PIDD is modified to provide
enhanced and more complete analysis functions.

Finally, we have proposed an efficient computatidaal, Local-DME calculation, to study
the protein dynamics of NMR determined structurseenbles in solution. Local-DME provides an
accurate and reliable tool which does not requignimg multiple structures. Instead, only the imte
atomic distances among an ensemble of structuresnisidered. For the most flexible residues, the
inter-atomic distances are also found to changeifgigntly in different conformations of an
ensemble, especially those residues in the loopudace regions. From our results of using this
method, the “hot” residues which are relatively endlexible in crystal structures have also been
identified in corresponding NMR determined ensemiblEhis implies close agreement in protein
dynamics of proteins having structures determinexdh bby NMR spectroscopy and X-ray
crystallography. In our testing problems, on averate correlation coefficient between B factor
values of crystal structures and Local-DME valuENMR ensembles is 0.62, even higher than using
GNM. Therefore, Local-DME calculations indeed applicable to studying the protein dynamics of
NMR structures. Specifically, it is possible to usecal-DME values as pseudo B-factors for NMR

structures, and further research on this topiagomng.
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APPENDIX A. MATLAB CODE OF GEOMETRIC BUILD-UP
ALGORITHM

This is the part of source code used in geometiilcup algorithm. The first subroutine is
the rigid determination. The second one is the tgaigeometric build-up. The last one is the general
geometric build-up. The main function is not shdveme.

If you need the complete code, please write tatlibor Di Wu(diwu@iastate.edu).

function [X1,x]=getco(X1,Y,d,k)
%%%% %% %% %% %% %% %% % %% %% %% % % %% %% % %% %% % % %% %% %%
% regid and regid update function %
% X1, base atom, Y distance for i and X1 %
% d distance matrix for X1 %
% If k=0, do not update. If k=1, update %
%%%% %% %% %% %% %% %% % %% %% %% % % %% %% % %% % %% % %% %% %%
if k==1
X(1,1:3)=0;
X(2,1) = d(2,1);
X(2,2:3)=0;
X(3,1) = ((d(3,1).”2) - (d(3,2)."2))/(2*X(2,1))%2,1)/2;
X(3,2) = sqgrt((d(3,1).72)-(X(3,1).2));
X(3,3)=0;
else
d=zeros(3,3);
d(2,1)=norm(X1(2,:)-X1(1,:));d(3,1)=norm(X1(BX1(1,:));d(3,2)=norm(X1(3,:)-X1(2,:));
d=d+d’;
X(1,1:3)=0;
X(2,1) =d(2,1);
X(2,2:3)=0;
X(3,1) = ((d(3,1).72) - (d(3,2).72))/(2*X(2,BHX(2,1)/2;
X(3,2) = sqrt((d(3,1).72)-(X(3,1)."2));
X(3,3)=0;
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end

X(1,1)=(Y(1)"2-Y(2)"2+X(2,1)"2)/(2*X(2,1));
X(1,2)=Y(1)"2-Y(3)"2+X(3,1)"2+X(3,2)"2-2*x(1,1)*X(A);x(1,2)=x(1,2)/(2*X(3,2));
x(1,3)=sqrt(Y(1)"2-x(1,1)"2-x(1,2)"2);

x(2,1)=x(1,1);
X(2,2)=x(1,2);
X(2,3)=-x(1,3);

xc=sum(X)/3;xcl=sum(X1)/3;
XX1(;,1)=X1(:,1)-xc1(1);XX1(:,2)=X1(:,2)-xc1(2);XX{,3)=X1(:,3)-xc1(3);
XX(5,1)=X(:,1)-xc(1);XX(:,2)=X(:,2)-xc(2); XX(:,3)=X:,3)-xc(3);
C = XX*XX1,

[U,S,V]=svd (C),

Q=U*Vj

x(1,1:3)=(x(1,1:3)-xc(1,1:3))*Q+xc1(1,1:3);
X(2,1:3)=(x(2,1:3)-xc(1,1:3))*Q+xc1(1,1:3);
X1(1,1:3)=XX(1,1:3)*Q+xc1(1,1:3);
X1(2,1:3)=XX(2,1:3)*Q+xc1(1,1:3);
X1(3,1:3)=XX(3,1:3)*Q+xc1(1,1:3);

function [X0,x]=build_4u(X,Y,d)
%0%0%%%%%%%%%% %% %% % %% %% %% %% %% % %% %%
% unique update function %

% X base atoms, Y distances %

% d distance matrix for X %

%0%%%%% %% %% %% %% %% % %% %% %% %% %% %% % %%

X1(1,1:3)=0;
X1(2,1) =d(2,1);
X1(2,2:3)=0;
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X1(3,1) = ((d(3,1).72) - (d(3,2)./2))/(2*X1(2,1))+2(2,1)/2;
X1(3,2) = sqrt((d(3,1).22)-(X1(3,1)./2));

X1(3,3)=0;

X1(4,1)= ((d(4,1).72)-(d(4,2).~2))(2*X1(2,1))+X L(R)/2;
X1(4,2)= ((d(4,2).72)-(d(4,3).2)-((X1(4,1)-X1(2)1)2)+((X1(4,1)-
X1(3,1)).22))/(2*X1(3,2))+X1(3,2)/2;

X1(4,3)= sqrt((d(4,1)./2)-(X1(4,1).72)-(X1(4,2).32)

A=[X1(1,1)-X1(2,1),X1(1,2)-X1(2,2),X1(1,3)-X1(2,3)
X1(1,1)-X1(3,1),X1(1,2)-X1(3,2),X1(1,3)-X1(3,3)
X1(1,1)-X1(4,1),X1(1,2)-X1(4,2),X1(1,3)-X1(4,3)]

A=A*2;

B=[norm(X1(1,1:3))*2-norm(X1(2,1:3))"2-(Y (1)"2-Y(22)
norm(X1(1,1:3))*2-norm(X1(3,1:3))"2-(Y(1)"2-Y (X))
norm(X1(1,1:3))"2-norm(X1(4,1:3))"2-(Y (1)"2-Y(@Q)];

X=A\B;x=X,;

xcl=sum(X1)/4;xc=sum(X)/4;
XX1(;,1)=X1(;,1)-xc1(1);XX1(:,2)=X1(;,2)-xc1(2); XX{:,3)=X1(:,3)-xc1(3);
XX(:,1)=X(:,1)-xc(1); XX(:,2)=X(:,2)-xc(2);XX(:,3)=X:,3)-xc(3);

C = XX1*XX;

[U,S,V]=svd (C);

Q=U*Vj
X(1,1:3)=(x-xc1(1,1:3))*Q+xc(1,1:3);

X0(1,1:3)=XX1(1,1:3)*Q+xc(1,1:3);
X0(2,1:3)=XX1(2,1:3)*Q+xc(1,1:3);
X0(3,1:3)=XX1(3,1:3)*Q+xc(1,1:3);
X0(4,1:3)=XX1(4,1:3)*Q+xc(1,1:3);
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function x=build_4(X0,Y);

%%%% %% %% %% %% %% %% % %% %% %% %% %% %% % %%

% unique function %

% X base atoms, Y distances %

%%%%%% %% %% %% %% %% % %% %% %% %% %% %% % %%

A=[X0(1,1)-X0(2,1),X0(1,2)-X0(2,2),X0(1,3)-X0(2,3)
X0(1,1)-X0(3,1),X0(1,2)-X0(3,2),X0(1,3)-X0(3,3)
X0(1,1)-X0(4,1),X0(1,2)-X0(4,2),X0(1,3)-X0(4,3)]

A=A*2;

B=[norm(X0(1,1:3))*2-norm(X0(2,1:3))"2-(Y (1)"2-Y(22)
norm(X0(1,1:3))*2-norm(X0(3,1:3))"2-(Y(1)"2-Y ()
norm(X0(1,1:3))*2-norm(X0(4,1:3))"2-(Y (1)"2-Y(@Q)];

X=A\B;x=X,
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APPENDI X B. INTERFACE OF THE DATABASE PIDD
WRITTEN IN PERL (INCLUDING CGI, DBI,MYSQL)

Here we only list some important subroutines ofrtfan script.

“search_data” is the distance search routine.

“graph_display” is for graphing the distance dtsitions.

“display_search_form” is the form providing seaselections of distances

If you need the complete code, please write tathtbor Di Wulliwu@iastate.edu

sub search_data

{
my ($r1,$r2,$atoml,$atom2,$s1,$s2,$s3,$snl, $exibdm=@_;

my @aa_data;

my ($dbh);

my ($dsn) = "DBI:mysql:proteintest:localhost"”;
my (Yoattr) = ( RaiseError => 1);

if ($dp==1)
{ print ul(li(gg(<p style="text-align:left;"><fat size="3"><font color="#FF3333">Sorry, the
distance distribution is not available since thgahce type does not exist in the current PIDD

structural database!</font></p>\n)));

}

else
{
$dbh =DBI->connect($dsn,"paddb","paddb" \%attr);
my($sth,$stmt,$count);
if ($sn1==0)
{$stmt=qq\select * from protein_d where alar®dl a2 =? and atom1 = ? and atom2 =?\;
$sth=$dbh->prepare($stmt);
$sth->execute("$r1","$r2","$atom1”,"$atom2");}
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elsif ($sn1==1)

{$stmt=qq\select * from protein_d where alar®dl a2 =? and sal=? and atoml = ? and atom2 =?\;

$sth=$dbh->prepare($stmt);

$sth->execute("$r1","$r2","$s1","$atom1","$aid");}

elsif ($sn1==2)

{$stmt=qq\select * from protein_d where alar® a2 =? and sal=? and sa2=? and atom1 = ? and
atom2 =7?\,

$sth=$dbh->prepare($stmt);

$sth->execute("$r1","$r2","$s1","$s2","$atonibatom2");}

elsif ($sn1==3)

{$stmt=qq\select * from protein_d where alar®dl a2 =? and sal=? and sa2=? and sa3=? and
atoml = ? and atom2 =?\;

$sth=$dbh->prepare($stmt);

$sth->execute("$r1","$r2","$s1","$s2","$s3"'athm1","$atom2");}

my @data=$sth->fetchrow_array();
if (defined ($data[0]))
{ #print $dp;
if (($exit_not==0)&&($dp==0))
{print ul(li(qq(<p style="text-align:left><font size="3"><font color="#FF3333">This
distance type is pre-queried by others.</font><ip>\}

graph_play(@data);
}
else {
my $pp=&discovernew($rl,$r2,$atoml, acbsnl,$s1,$s2,$s3,$dp);

$dp=$pp;

#print $dp;

if ($dp==2)

{print ul(li(gg(<p style="text-align:fg"><font size="3"><font color="#FF3333">This
distance type is new and just has been studiedig/fdp>)));

my $exit_not=1;
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}
search_data($rl,$r2,$atom1,$atom2,$25$3,$sn1,$exit_not,$dp);

}

$sth->finish();
$dbh->disconnect();
}

}

sub graph_play
{my (@odata)=@_;

my (@y,@x);my $sum=0;
my ($n,$m);

for (my $i=0;$i<=307;$i++)

{ if ($odata[$i+7]!=0)
{$m=3%i;}

for (my $i=300;$i>=0;$i--)

{ if (Podata[$i+7]!=0)

{$n=3i;}

my $number=0;

my $ymax=0;

for (my $i=$n-2;$i<=$m+2;$i++)
{ #if ($odata[$i+7]>=2)
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{$y[$number]=$odata[$i+7];
$sum+=3$y[$number];
$x[$number]=3$i/10;
$number++;
}

}

for (my $i=0;$i<$number;$i++)

{ $y[$i)/=Fsum;

if (Bymax<$y[$i])
{Symax=$y[$i];}
}
my @z;

use GD::Graph::bars;

print qq(<p style="text-align:left;"><font size="8%font color="#0000FF">This distance

distribution has total $sum sampling distances fsbmctural database of PIDD.</font></p>\n),hr();

use constant TITLE => "Protein Atomic Distance Disttion";

my $width=500;

if (round_ceil($number/10)<4)

{ $width=round_ceil($number/10)*400;
}

elsif (round_ceil($number/10)<10)
{$width=round_ceil($number/10)*300;}

my $graph = new GD::Graph::bars($width, 300 );
my @data = (
[@x],
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[@y],
);

$ymax=0.25*round_ceil($ymax/0.25);

$graph->set(

title => TITLE,
X_label => "Angstrom",
y_label => "Distribution”,

long_ticks =>1,
y_max_value =>$ymax,
y_min_value =>0,
y_tick_number =>4,
y_label_skip =>1,
bar_spacing =>4,
accent_treshold => 40,
transparent =>0,
bgclr => "white",

fgclr =>"black",

dclrs =>['dblue?],

accentclr =>'dblue’,

$graph->set_legend( "Probability" );

my $p_number=rand(1);

my $gd_image = $graph->plot( \@data );

my $templ=">/var/www/html/temp/file".$p_numbepfg";
my $templt=">/var/www/html/temp/file".$p_numbetxt";

my $temp2="/temp/file"."$p_number".".png";

non

my $temp2t="/temp/file"."$p_number".".txt";



108

open(IMG, $templ);
open DIST, ">$templt";

printf DIST ("Distance(A)\tDistribution\n™);
for (my $i=0;$i<$number;$i++)

{ if (O'=%y[$i])
{printf DIST ("%8.2f\t%10.8An", $x[$i], $y[$i]);
#print $x[$i;
}

}
close DIST;

print qq(<p style="text-align:left;"><font size8"><font color="#FF0000">);
print h4("To obtain the distribution data, cligk”
print gg(<a target="_new" href=$temp2t><img bard@" src="/image/download_dist.bmp">);

print qq(</font></p></a>\n),hr();

print qq(<p style="text-align:left;"><font size8"><font color="#FF0000">);
print h4("Click to enlarge the size of the pit)r
print gg(</font></p>\n);

binmode IMG;

print IMG $gd_image->png;

print gq(<a target="_new" href=$temp2><img bordé}' src=$temp2 width="70%"
height="70%">);

sub display_search_form
{my $b=shift;
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print start_form(-action=>url());
if ($b==1)
{ print qq(<p style="text-align:left;"><font siz¢3"><font
color="#FF3333">Warning:</font></p>\n);
print ul(li(qq(<p style="text-align:left;"><fansize="3"><font color="#FF3333">You need to

complete the form!!</font></p>\n)));}

print qq(<p style="text-align:left;"><font size="8%font color="#0000FF">);
print h4("Stepl: Select types of two end amino sieidd separating amino acids (You could choose 0
to 3):");

print ("--N terminal---");
print (
popup_menu(-name=>"pop1l",
values=>["X","A","R","N","D","C","Q","E","G","H","l ","L","K","M","F","P","S","T","W","Y","V"],
-labels=>{"X"=>"-None","A"=>"ALA A"/R"=>"ARG R","N"=>"ASN N","D"=>"ASP
D","C"=>"CYS C","Q"=>"GLN Q","E"=>"GLU E","G"=>"GLY G","H"=>"HIS H","I'=>"ILE
[""L"=>"LEU L","K"=>"LYS K","M"=>"MET M","F"=>"PHE F","P"=>"PRO P","S"=>"SER
S"'T"'=>"THR T","W"=>"TRP W","Y"=>"TYR Y","V"=>"VAL V"},
-default=>"-None",
-override=>1),"--separating residtlgs

popup_menu(-name=>"pop2",
values=>["X","A","R","N","D","C","Q","E","G","H","l ","L","K","M","F","P","S","T","W","Y","V"],
-labels=>{"X"=>"-None","A"=>"ALA A",R"=>"ARG R","N"=>"ASN N","D"=>"ASP
D","C"=>"CYS C","Q"=>"GLN Q","E"=>"GLU E","G"=>"GLY G","H"=>"HIS H","I"=>"ILE
I","L"=>"LEU L","K"=>"LYS K","M"=>"MET M","F"=>"PHE F","P"=>"PRO P","S"=>"SER
S","T"=>"THR T","W"=>"TRP W","Y"=>"TYR Y","V"=>"VAL V"},
-default=>"-None",

-override=>1),"---","C terminal");
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print qq(</font></p>);

print qq(<p style="text-align:left;"><font size="8%font color="#0000FF">);

print ("# separating residues”,
radio_group(-name=>"sn1",
-values=>["A","B","C","D"],
-labels=>{"A"=>"None","B"=>"1","C"=>2","D"=>"3"},
-default=>"A",
-override=>1));

print qq(</font></p>\n);

print  br(),
submit(-name=>"choice",-value=>"Go To Next"),
reset("Reset"),
end_form();

sub display_search_form2

{
my ($aa_ref,$atom_ref,$aal,$aa2,$snl,$t2)=@_;

my @sn=gqw\A B C D\;

for (my $i=0;$i<4;$i++)
{if ($sn[$i] eq $snl)
{ $sn1=%i;
last;

}

my @atoms=gWMARNDCQEGHILKMFP STWW,
my $k2;my $k1; my $i;
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my $labl;my $lab2;
for ($i=0;$i<=19;$i++)
{if ($aal eq $atoms[$i])
{$K1=$i+1;
}
if ($aa2 eq $atoms[$i])
{$k2=$i+1;
}
}
$i=0;
foreach my $f (@{$atom_ref})
{ S$i++
if ($i==$k1)
{$lab1=\%{$f};
}
if ($i==$k2)
{$lab2=\%{$f};
}

if (Jaal eq 'X'||$aa2 eq 'X')
{ #print $aal;

#print $aa2;

display_search_form(1);

}

else{# my $url=url()."?aal=".escapeHTML($aalp2a".escapeHTML($aa2);

if ($t2)

{print gq(<p style="text-align:left;"><fordize="3"><font
color="#FF3333">Warning:</font></p>\n);

print ul(li(qq(<p style="text-align:left;"sfont size="3"><font color="#FF3333">You need to

complete the form</font></p>\n)));}
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print start_form(-action=>url());

print qq(<p style="text-align:left;"><fontze="3"><font color="#0000FF">);
print h4("Stepl: Select types of two end snmnacids:");

print p ("“Amino Acid 1:$aa_ref->{$aal}");

print p ("“Amino Acid 2:$aa_ref->{$aa2}");

print p ("$snl separating residues");

#print p %{$lab2};

print hr();

print h4("Step2: Select types of $snl sdpayaesidues and atom for each end amino acid:");

print ("---N terminal---$aa_ref->{$aal}-");

if ($snl ne 0)
{print (*-");}

if ($sn1 ne 0)
{print ("-$sn1 Separating Residues-");
}

if ($sn1 ne 0)
{print ("-");}

print ("-$aa_ref->{$aa2}---C terminal---"),

br(),br();
print gq(</font></p>\n);
print
popup_menu(-name=>"atom1",
-values=>[sort keys %{$lab1}],
-labels=>$lab1,
-default=>"-None",

-override=>1);
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for ($i=0;$i<$snl;$i++)
{ print
popup_menu(-name=>"s".$i,
values=>["X","A","R","N","D","C","Q","E","G","H","l ","L","K","M","F","P","S","T","W","Y","V"],
-labels=>{"X"=>"-None","A"=>"ALA A",/R"=>"ARG R","N"=>"ASN N","D"=>"ASP
D","C"=>"CYS C","Q"=>"GLN Q","E"=>"GLU E","G"=>"GLY G","H"=>"HIS H","|"=>"ILE
I","L"=>"LEU L""K"=>"LYS K""M"=>"MET M","F"=>"PHE F","P"=>"PRO P","S"=>"SER
S",'T"=>"THR T","W"=>"TRP W","Y"=>"TYR Y","V"=>"VAL V'},
-default=>"-None",

-override=>1);

print
popup_menu(-name=>"atom2",
-values=>[sort keys %{$lab2}],
-labels=>$lab2,
-default=>"-None",

-override=>1),

br(),br(),
submit(-name=>"choice",-value=>"Submit"),
reset("Reset"),

end_form();

}
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APPENDIX C. TUTORIAL OF PIDD

This is the main tutorial and help file for PIDD:afabase for Protein Inter-Atomic Distance

Distribution. Here we only show one example. Pleader tohttp://www.math.iastate.edu/piddr

detailed information.

PIDD Overview
Who can use?

Input Data
Search Output
Example 1

Example 2
Comments and Questions

Citation

O O0OO0OO0OO0OO0OO0oOOo

PIDD Overview

PIDD is a dedicated database and structural bmimdtics system for distance based protein modeliing
database is developed to host and analyze thstitaltidata for protein inter-atomic distances dametheir distributions in
databases of known protein structures such asenPbB Data Bank. PIDD is capable of generatinghice; and
displaying the statistical distributions of thetdisces of various types and ranges. The colleafednhation can be used to
extract geometric restraints or mean-force potkntfar protein structure determination including RMstructure
determination and comparative model refinement.

Pl DD Protein Inter- Atomic Distance Distribution Datahase ‘Efiter PIDD)

About PIDD
Development Group
Reseach Using PIDD

PIDD Tutorial
Related Publications
Related Links

‘Send comments?
Try Guesthook!

Copyrighte Vs Grovp PN,
Dec 2005 §:ﬁ: ) ® P ER Bioinformatics and TOWA STATE
Al rights reserved 3 5 it niranewyr Computational Biology UNIVERSITY

Back to Top

Example 1
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Pair wise distance distribution of atoms in twoaa@jnt residues respectively with separating residue
Ca in TYR and @ in TYR without separating residues

1. Enter the database webpage in the PIDD; Spggfs of two residues where two atoms are located i
respectively, and also set separating resides a¢Nolick Go To Next.

‘Welcome to use PIDD: Protein Inter-Atomic Distance Distribution Datahase

StepL: Select types of two end amino acids and separating amino acids (You could choose 0 to 3):

~H terminal.. TYRY & -MNone ¥ .. terminal
None
[ALA A
ARG R

# separating residues @ one 010203

ASN N
ovec
GLN G
GLUE
GLY G
HISH
ILEI
LEUL
LYSK
MET M
PHEF
FROF
SERS
THRT
ITRP W

TYRY |

2. Specify types of two atoms ; Click Submit.

‘Welcome to use PIDD: Protein Inter-Atomic Distance Distribution Database

Step]: Select types of two end ammino acids:
Amino Acid L TYRY
Aming Acid 2TYRY

0 separating residues

Step2: Select types of D separating residues and atom for each end amine acid:

—M terminal - TYR ¥-TVR V--C tetminal

3. Display the results
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Stepd: Display Searching Results.
= This distance type is new and just has been studied!

This distance distribution has total 902 sampling distances from structural datsbase of PIDD

To obtain the distribution data, click

Download Distribution

Click to enlarge the size of the picture

Protein Atomic Distance Distribution

Distributiaon

Back to Top
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APPENDIX D. SUBROUTINE OF MEAN FORCE
POTENTIALSIN PROTEIN STRUCTURE REFINEMENT (IN
FORTRAN 77)

In this subroutine, we compute the energy as vestha gradient.
If you need more information and implementatioradst please write to the author Di Wu

(diwu@iastate.edu)

SUBROUTINE APMF(E, TEMP5)
C
C Main target function routine
C
C Authors: Di Wu
C

C

C

C
IMPLICIT NONE

C input/output
INCLUDE ‘cns.inc'
INCLUDE ‘comand.inc'
INCLUDE ‘coord.inc'
INCLUDE 'deriv.inc'
INCLUDE 'heap.inc'
INCLUDE 'mtf.inc'
INCLUDE ‘cnst.inc’
INCLUDE ‘consta.inc'
INCLUDE ‘ener.inc'
INCLUDE 'param.inc’

INCLUDE 'timer.inc'
INCLUDE 'funct.inc'
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DOUBLE PRECISION E,gama,gamal, TEMP5
C LOCAL

INTEGER I,n7

OPEN(49,FILE="testn.dat',STATUS='OLD")
DO I=1,1
READ(49,48) n7,gama,gamal
48 FORMAT(17,F8.3,F10.2)
ENDDO
CLOSE(49)

CALL APMF2(E,n7,gama,gamal, TEMP5)

END

SUBROUTINE APMF2(E,n7,gama,gamal, TEMP5)

IMPLICIT NONE

C input/output
INCLUDE ‘cns.inc'
INCLUDE ‘comand.inc’
INCLUDE ‘coord.inc’
INCLUDE ‘deriv.inc'
INCLUDE 'heap.inc'
INCLUDE 'mtf.inc'
INCLUDE ‘cnst.inc’
INCLUDE ‘consta.inc'
INCLUDE ‘ener.inc'
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INCLUDE 'param.inc'
INCLUDE 'timer.inc'
INCLUDE *funct.inc'
DOUBLE PRECISION E

C LOCAL
INTEGER m,n,d,f,1,J,n7

DOUBLE PRECISION g7(n7,3),esmall,gd1,gd2
DOUBLE PRECISION gama,gamal, TTEMPD, TEMP5
DOUBLE PRECISION a,b,c,d1,d2,d3,dt,prob
INTEGER a7(n7,2)

OPEN(50,FILE="test.dat',STATUS='"OLD")

m=0
n=0

DO I=1,n7

READ(50,60) d,f,a,b,c
m=m+1
a7(m,1)=d
a7(m,2)=f
g7(m,1)=a
g7(m,2)=b
g7(m,3)=c

60 FORMAT(217,3F8.3)
ENDDO
CLOSE(50)

TTEMPD=TEMP5+1.0
C PRINT *, 'hello, be careful'
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WRITE(**) TEMPS
WRITE(**) TTEMPD

gama=gama*TTEMPD
PRINT *, gama

DO 10 I=1,n7
d1=(X(a7(1,1))-X(a7(1,2)))*(X(a7(l,1))-X(a7(2)))
d2=(Y(a7(1,1))-Y(@7(1,2)))*(Y(a7(l,1))-Y(a7(2)))
d3=(z(a7(1,1))-Z(a7(1,2)))*(Z(a7(1,1))-Z(a7@)))
dt=sqrt(d1+d2+d3)

prob=g7(l,3)*exp(-(dt-g7(1,1))*(dt-g7 (1,20 7(1,2)*g7(1,2)))

prob=-(dt-g7(1,1))*(dt-g7(1,1))/(97(1.2)*g7@))
PRINT *, prob

esmall=-gama*(log(g7(l,3))+prob)

PRINT *, esmall
E=E+esmall
gdl=gama*2*(dt-g7(l,1))/(dt*g7(l1,2)*g7(l,2))

PRINT *, gd1
DX(a7(1,1))=DX(a7(l,1))+gd1*(X(a7(l,1))-X(atQ)))
DY(a7(1,1))=DY(a7(l,1))+gd1*(Y(a7(l,1))-Y(aTQ)))
DZ(a7(1,1))=DZ(a7(1,1))+gd1*Z(a7(l,1))-Z(al72)))

DX(a7(l1,2))=DX(a7(l,2))-gd1*(X(a7(l,1))-X(aTR)))
DY(a7(l1,2))=DY(a7(l,2))-gd1*(Y(a7(l,1))-Y(aTR)))
DZ(a7(1,2))=DZ(a7(l,2))-gd1*(Z(a7(l,1))-Z(al(2)))

CONTINUE
END
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APPENDIX E. REFINEMENT ON COMPARATIVE
MODELSWITH MEAN FORCE POTENTIALS

Here we report some results on CASPR competitidh wsing mean force potentials. As
explained in the CASPR prediction center, it hasobee clear that refinement of comparative models
of protein structures is a major challenge. Evayugiin current protein structure prediction methods
could provide some good initial structures or teatgs, the requirement of refining these structisres
still important and necessary. We apply the dexadlagfinement protocol with mean force potentials

to these comparative models.

The methodology we introduced here actually combswving distance geometry problems,
molecular dynamic simulations and mean force p@tntrirst of all, we ran CHARMM in parallel
on multi-processors and obtained a large set afggr@inima based on the given target structure.
Based on the energy and Ramachandran plot, wetesgtlsgme typical structures. For each structure,
we generated a set of distance bounds for it lmyvallg some distances to be flexible by 20%. And
then using those generated distance constraintstasted CNS combined with mean force potentials
to rebuild its ensembles. Again we use energy an&handran plot to select the most possible
structure. However, current criteria for selectihgse structures are still problematic and alsst éxi
our work. But a set of possible structures arédilained and we report the one with the lowestdm

value to the target structure.

The target structure we used here is downloaded e website of CASPR, with PDB
name 1WHZ which is hypothetical protein and hasr&€ldues. The target structure actually was
predicted by the Baker group in CASP6. The rmsde/ddetween the target structure and the true
structure 1WHZ is 2.19 A (see picture 31). It isyeto see that for beta-sheets the predicted ataict
does not have wiggles and some loop regions apevaly different or poorly modeled, compared to
the true structure. We used our refinement protdestribed above to model the target structure. The
structure has been further improved and the rmégevaas substantially reduced to 1.80A from
2.19A originally. Also the new refined model hascathe same wiggles in those beta-sheet regions
(see picture 32) as the true structure, while tigéral target structure does not have.
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In this project, the mean force potentials and dyiocasimulation indeed refine the structure
and such conclusion could be obtained from theggnand rmsd values. However, in this initial
application, the generation and selection mightski# problematic. Especially, after dynamic
simulation or structure determination, the energg ansd are not exactly highly correlated and it
hence brings a challenging question to refinemiémiiso implies the energy generated from current
force fields is still not reliable and the requiremh of using more accurate scoring function for
selecting native structures is specifically impottadowever, in this project, we did have chance to
investigate all these interesting topics.

Figure 34. The comparison of the predicted (a) and true structures (b) of IWHZ

The future direction of applying the mean forceemtials to comparative model refinement
will include the investigation on generating relalstructures, developing a more accurate scoring
function for choosing the most native structurex] eefining structures with additional mean force

potentials. Such detailed report will be availdbter.
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APPENDIX F. MATLAB CODE OF LOCAL-DME
CALCULATIONSAND GASUSSION NETWORK MODEL

In this code, the main function includes the gelnesaal-DME calculations and also there is a
subroutine specifically for GNM calculations (GNMBNM(coord,n))

Please write to the author Di Wiifvu@ iastate.edufor more information.

function dme_analysis(filel,file2)

av_m=fopen(filel1,'");
av_n=fopen(file2,'r";

nl1=0;
%1 means NMR, 2 means Cry.
while(~feof(av_m))
clear origindata;
origindata=fgets(av_m);
clear al;
al=origindata(1,1:4);
if strcemp(al,’ATOM)
clear az;
a2=origindata(1,14:15);
a3=origindata(1,17);
a4=origindata(1,22);
if strcemp(a2,'CA)&(stremp(a3,' ')|strcmB(A"))&(strcmp(ad,' )|strcmp(ad,'A"))%|strcmp(BR,
NIstrcemp(a2,'C Y)|strcmp(a2,'0 ")
nl=nl+1,

coord1(nl,1)=str2num(origindata(1,31:38));coord1Zjstr2num(origindata(1,39:46));coord1(n1,3)
=str2num(origindata(1,47:54));
end
end

end
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fclose(av_m);

n2=0;
while(~feof(av_n))
clear origindata;
origindata=fgets(av_n);
clear al;
al=origindata(1,1:4);
if strcmp(al,’ATOM)
clear a2;
a2=origindata(1,14:15);
a3=origindata(1,17);
ad=origindata(1,22);
if strcemp(a2,'CA)&(stremp(a3,' ")|strcmB(A"))&(strcmp(ad,' )|strcmp(ad,'A")%|strcmp(AR,
NIstrcmp(a2,'C ‘)|strcmp(a2,'0 ")
n2=n2+1,;

coord2(n2,1)=str2num(origindata(1,31:38));coord2Zy2str2num(origindata(1,39:46));coord2(n2,3)
=str2num(origindata(1,47:54));
bfactor(n2,1)=str2num(origindata(1,&))6
end
end
end
fclose(av_n);
nl
n2

m=nl/n2;

dmev=zeros(n2,1);

for i=1:m
clear coorda;
coorda(1:n2,1:3)=coord1((i-1)*n2+1:i*n2,1:3);

for j=i+1:m
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clear coordb;
coordb(1:n2,1:3)=coord1((j-1)*n2+1:j*n2,};3
dmedata=dme(coorda,coordb,n2);
dmev=dmev+dmedata;

end

end

dmev=dmev*sum(bfactor)/sum(dmev);
GNMb=GNM(coord2,n2);
GNMb=GNMb*sum(bfactor)/sum(GNMb);
corrcoef(dmev,bfactor)
corrcoef(GNMb,bfactor)
corrcoef(GNMb,dmev)

bfactor

GNMb

dmev

function dmedata=dme(coord,coordt,n)

dmedata=zeros(n,1);

fori=1l:n
for j=1:n
d1=norm(coord(i,1:3)-coord(j,1:3),2);d2=ncoordt(i,1:3)-coordt(j,1:3),2);
dmedata(i,1)=dmedata(i,1)+(d1-d2)*(d1-d2);
end

end

dmedata=sqrt(dmedata);

function GNMb=GNM(coord,n)
contact=zeros(n,n);

coord

for i=1:n

for j=1:n
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d1=norm(coord(i,1:3)-coord(j,1:3),2);
if d1<7&i~=j

contact(i,j)=-1;
end
end

end

fori=1:n
for j=1:n
if i~=j
contact(i,i)=contact(i,i)-contact(i,j);
end
end
contact(i,i);
end
contact;
[U,S,V]=svd(contact);

B=zeros(n,n);

for i=1:n
Sv(i)=S(i,i);

end

[Ss,[]=sort(Sv);

L=0;

Ss

for i=1:n
if Ss(i)>1e-3
% L=L+1,;
B=B+U(,I(i))*U(:,1(i)) /Ss(i);
%end

%if L==5
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% break;
end

end

for i=1:n

Bpred(i,1)=B(i,i);
end
GNMb=Bpred/(sum(Bpred));
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