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Abstract 

Computational protein design offers exciting new opportunities to test our knowledge of protein 

folding and the thermodynamics of protein folding. Moreover, molecular dynamics (MD) 

simulations promise the ability to computationally probe the stability of newly designed proteins 

and can thus be considered as an in silica screening tool. This may allow for the selection of stable 

designs before a costly attempt is made to express and biophysically characterize a new design. 

The primary focus of the research presented in this thesis was to implement, explore and compare 

MD protocols using the GROMACS program package in order to determine if proteins designed 

by the ROSE TT A program package are stable. Specifically, protocols to simulate thermal 

unfolding by applying a temperature gradient during the simulation, as well as, protocols to employ 

the 'adaptive flooding ' approach were established, along with protocols for efficient analysis of 

MD trajectories. Applications are presented for proteins which were engineered in a collaborative 

effort by the Szyperski and Kuhlman laboratories in order to test key hypothesis related to the 

thermodynamics of protein folding such as the correlation of the surface area of hydrophobic and 

hydrophilic core residues which become water exposed upon unfolding on unfolding and the 

difference of the heat capacities of unfolded and folded states. The results of the MD simulations 

were compared with insights obtained from biophysical characterization using Nuclear Magnetic 

Spectroscopy (NMR) and Circular Dichroism (CD). The MD simulations turned out to be a 

valuable tool to assess the stability ofhydrogen bond networks designed within the core of 4-helix 

bundles, and the adaptive flooding approach appears to be promising to assess the foldedness of 

4-helix bundles with 'underpacked' , that is, destabilized cores. The protocols presented in this 

thesis are now available for routine use by protein designer. 
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I. Introduction 

A protein's function is inevitably linked with its structure. Biologically the mechanism of action 

is determined by the native 3D conformation of the protein, which is adopted from a primary 

structure. Dill1 presented the protein folding problem as having three main features , that is, (i) the 

adaptation of a 3D native structure, which is determined by the physicochemical properties 

encoded in its amino acid sequence, (ii) given the vast number of conformations afforded by an 

amino acid sequence how can proteins fold quickly, and (iii) can one develop an algorithm for 

predicting protein structure from its amino acid sequence. 

The first question has been thoroughly researched and it has been known for quite some time 

how non-covalent interactions contribute to the stability of the native protein.2 Although 

researchers tend to disagree on the relative contributions of each type of interaction to the stability 

of the native conformation, it is widely accepted that configurational entropy is the major 

phenomenon opposing protein stability. However, Honig and Yang3 proposed that the major 

antagonist to protein stability is the desolvation of polar residues upon folding. Most researchers 

will also acknowledge the hydrophobic effect as playing a key role in the stabilization of proteins. 

Hydrogen bonds (HBs) have been attributed to be somewhat destabilizing, stability neutral, or 

stabilizing. 

In his 1960 paper Anfinsen4 made the groundbreaking discovery that upon removing denaturant 

an unfolded protein refolds to its native conformation, spontaneously and rapidly. The process of 

attaining the native state can therefore not be stochastic and requires a specified folding pathway. 

The free energy landscape (FEL) is often invoked to illustrate the available states accessible to a 

protein. 5 When the potential energy is high there is an entropic gain associated with it, increasing 
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the relative populations of conformations available to the protein. As such FELs are 

multidimensional and show that there are many folding pathways available to an unfolded protein. 

It is an interesting prospect to be able to design proteins with well-defined folds from an amino 

acid sequence. The impacts would be far reaching, especially in agriculture, biomedical research, 

and materials sciences. As such, the field ofprotein engineering, or more specifically, the sub-field 

protein design is heavily researched. In 1987 DeGrado et al. , 6 sought and achieved to create a four 

helix bundle using a minimal number ofamino acids with the use ofa systematic rational approach. 

The helices were first generated by choosing amino acids with high helical propensity. Helix-helix 

interactions were then added by introducing apolar residues in positions that allow them to 

interlock upon forming a 4-helix bundle, thereby forming a hydrophobic core. Finally, linkers were 

added connecting the four helices . 6 What DeGrado et al. , 6 sought to solve was not the protein 

folding problem but instead, what are the possible amino acid sequences that a defined fold will 

allow. Simultaneously, studies were pursued to delineate and experimentally quantify a-helix and 

~-pleated sheet propensities.7-
12 At around the same time, researchers were using 'coarse grained 

modeling' which consisted of using simplified models such as treating the polypeptide chain as 

connected beads with potentials to represent sidechains instead ofusing an all atom representation. 

10 13Coarse graining allowed researchers to computationally design protein cores . • -
14 Ponder and 

Richards10 showed that the use ofhydrophobicity constraints, strict volume limits, amino acid and 

side-chain rotamers, which adopted a limited subset of dihedral angles, greatly reduce the number 

of amino that are compatible within the core of a small protein. 

Designing a specific fold from an amino acid sequence has far-reaching implications. 

Computational protein design seeks to do just that, either changing or expanding upon our 

understanding of the relationship between an amino acid sequence and a desired folded structure. 

2 
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ROSETTA is one ofmany examples ofprograms geared toward protein fold prediction. However, 

ROSETTA focuses on de novo prediction, which sets it apart from most. Instead of using known 

structure homology ROSETTA, breaks a protein into fragments and replaces the torsion angles of 

the current model with torsion angles of fragments with known structures. New torsion angles are 

selected using Monte Carlo energy minimization15 with Metropolis criterion15
, which given the 

previous structure model with score S and the new one with score S ', accept the new one with 

probability min(l ,exp[(S-S')/T]). This allows for increased sampling ofconformational space. The 

score function, which represents the energy of the system, is in part 'knowledge based' and 

progressively adds terms during the minimization procedure. Much of what is contained in a 

physical force field is taken into account by the score function, such as, salvation and the spatial 

arrangement of atoms; however, there are also terms such as a penalty for non-helical topology, 

which are not found in physical force fields. 

ROSETTA has seen great success in designing stable proteins; in 2003 Kuhlman et al. , 16 

designed the stable 93 residue protein 'Top7' (PDB ID lQYS), which featured a novel a/~ fold 

not occurring in nature. The designed structure of Top7 was experimentally validated; the x-ray 

crystal structure showed only a 1.2 A difference from the design model. More recently, Murphy et 

al. ,17 had shown that ROSETTA can be used for the complete de novo redesign of the hydrophobic 

core of a naturally occurring 4-helix bundle. This resulted in protein 'DRNN' (PDB ID 2LCH), 

which was experimentally validated to be outstandingly stable, even more so than the wild type. 

In a follow up study by Murphy et al. , 18 focusing on the complete de novo design of a down-up 4-

helix bundle resulted in designed protein DND _ 4HB. Comparison with a high-quality nuclear 

magnetic resonance (NMR) solution structure showed that helices 2, 3, and 4 ofDND_ 4HB agreed 

very closely (within 1.2 A) with the design model, while helix 1 was shown to be displaced by 3 
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A. Hence, this study exemplified the challenges associated with the accurate relative positioning 

of helices in bundles. 

Subsequently, DRNN has been put forth for ROSETTA-based redesign in a collaboration of 

the groups of Thomas Szyperski and Brian Kuhlman (University of North Carolina) in order to 

test central hypotheses of protein folding thermodynamics. Several of the new designs are only 

marginally stable, partially folded, or even unfolded. Hence, it appeared attractive to contribute to 

using molecular dynamics (MD) simulations 19
-
23 in support of ROSETTA-based design. 

In recent years long MD simulations have become increasingly feasible with the advent of 

supercomputers.24
•
25 Molecular simulation complements computational protein design greatly by 

promising the ability to computationally probe the stability of newly designed proteins thereby 

acting as a screening tool. The aim of this thesis was to establish and test MD protocols which 

may eventually separate stable designs from unstable designs prior to experimental 

characterization using methods such as NMR. 

4 
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II. Methods 

A. Molecular dynamics simulations 

Protein design models generated by ROSE TT A were placed into truncated boxes with dimensions 

1Ox1Ox10 nm. The thus generated boxes were then solvated explicitly with tip4p water molecules. 

If at this point a protein containing box had an overall nonzero charge, then counter ions Na+ or 

c1- were added such that the charge of the system, containing the protein, water molecules, and 

counter ions, becomes zero. Subsequently, the system was energy minimized under the 

Amber99sb-IDLN force field for 5,000 steps, or until the stop criterion is reached when the 

1maximum force < 1,000 kJ * moi-1 * nm- . GROMACS26 version 5.1.3 was used to perform the 

MD simulations. Four different types of simulations were performed for each design model at a 

pressure of 1 bar. The first being a 10 ns simulation at 298 K, the second being a 10 ns simulation 

at 373 K, the third being a simulation with a linear temperature gradient starting at a temperature 

of 298 Kand ending at 363 or 373 K, and the fourth being a 10 ns simulation at 298 K employing 

the ' adaptive flooding ' (AF) approach for accelerated sampling.27 

Protocols for the setup of MD simulations 

Each energy minimized system was then equilibrated for 1 ns with holonomic restraints 

( responsible for keeping position coordinates close to the reference structure ' s during equilibration 

to prevent high energy bond breaking) under the V-rescale (Velocity-rescale) thermostat to reach 

298 or 373 K. The V-rescale thermostat scales the velocity of the atoms by A = -J(T/Tt), where T 

is the reference temperature and T1 is the Temperature at time t. Two V-rescale thermostats were 
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used, one for the protein and the other for the solvent. Subsequently, the system was placed under 

a Berendsen barostat, the system is weakly coupled to an external bath to scale its volume and an 

extra term is added to the equation of motion governing dynamics, for 5 ns to adjust the pressure 

to 1 bar. Finally, the holonomic constraints are removed and the system is simulated for 10 ns 

under the Parrinello-Rahman barostat, which adds the capability to change the systems shape by 

treating each unit vector of the unit cell independently.28 The compressibility of water was set to 

4.Sx10-5 bar-1. Electrostatic interactions were handled by using the particle mesh Ewald approach 

with a short-range cutoff of 10 A, and the short-range van der Waals cutoff was set as 10 A as 

well. Simulation timesteps were set to Llt = 0.02 ps. In temperature-gradient (T-grad) simulations 

the temperature was linearly increased from Tmin = 298 to Tmax = 363 or 373 K during the 

simulation, with T112 defining the temperature at the midpoint of the simulation. The 

implementation of T-grad simulations makes use of the GROMACS simulated annealing protocol 

and the temperature was increased by 1 K every 2 ns, which thus resulted in 140-160 ns 

simulations. The last frame of the 10 ns 298 K isobaric isothermal equilibration simulation was 

used as the starting point for the T-grad protocol. A simulation frame was saved every 10 ps for 

the unconstrained simulations ('production runs') . 

Adaptive flooding 

First implemented in GROMACS by Lange et al., 25 the AF approach attempts to expedite slow 

transitions impeded by high energy barriers. This is achieved by inclusion of an additional 

'flooding' or 'boost' potential Vt1, which locally raises the energy without affecting the high energy 

associated with the transitions. AF adds a Gaussian 'boost potential' to the MD potential energy 

function in a subspace spanned by "collective coordinates "ci" as long as the MD potential energy 

is below a certain threshold. These collective coordinates are generated from performing a 
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Principal Component Analysis of 10 ns 298 K trajectories using the GROMACS tool ' covar' . The 

principal components are used to spatially define the boost potential. The parameter ' flooding 

strength' represents a scaling factor for the boost potential which is adaptively updated throughout 

the simulation by recalculating the scaling factor Ef at each timestep25 and approximating the new 

flooding potential Vt1. 
25 The addition of the boost potential to the MD potential energy function is 

supposed to prevent the system from getting ' stuck' in local energy minima, thereby accelerating 

the sampling of conformational space. 

AF simulations for the " underpacked" designs were conducted at 298 K using the first 5 

principal components found from the 10 ns 298 K of the 'underpacked' designs, with a starting 

destabilization energy of 35kJ*moi-1 and a coupling strength of 10. The first 6 principal 

components and the first 2 principal components were chosen for the core hydrogen bond network 

bundles and the glycine rich bundles, respectively. The destabilization energy and coupling 

constants were set to be equivalent to the values chosen for the 'underpacked' designs. The cutoff 

for the principal components were chosen by a kink analysis. 29 

B. Analysis of MD trajectories 

Preparation of data 

The GROMACS trajectory files are converted into portable versions, which have their rotational 

and translational modes removed by superposition to a reference structure ' s backbone coordinates 

and have the water molecules removed using the GROMACS tool ' trjconv ' . A pdb file of the 1st 

frame of the trajectory is created using the same tool. Three separate types of analyses were 
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performed considering the coordinates of the backbone heavy atoms and the sidechain heavy 

atoms. 

Analysis of protein backbone conformations 

1. The root mean squared deviation (RMSD) of the backbone heavy atoms N, ca and C' 

calculated between two conformers is a powerful tool to monitor structural changes of a 

protein' s conformation during a simulation. A python script was generated using the program 

package MDANALYSIS 30 
-
31 and the method ' rms.RMSD ' was used to calculate the RMSD 

between the backbone of the first frame and the backbone of every other frame in a given 

trajectory. A BB RMSD moving average was calculated using the proceeding 100 conformers 

(contained in the frames of the trajectory) and then shifting forward one frame. This was done 

in order to smoothen the time ordered BB RMSD, thus reducing fluctuations. A data frame, 

which contains the RMSD versus simulation time, was created to readily obtain the maximal 

RMSD of any selected frame relative to the first one. Using PANDAS, 32 a statistical python 

package, summary statistics were performed on the data frame to get the maximal backbone 

RMSD. 

2. RSMD basin analysis shows how each conformer differs from another frame and can be used 

to find structural similarities between frames in the trajectory. Basin analysis can be generated 

using the GROMACS tool 'rms ' . The reference structures are fit for rotational and translational 

motions before RMSD calculations are done. The minimal RMSD for the backbone is provided 

by fitting to the backbone and then calculating the backbone RMSD. 

3. Secondary structure plots, the time evolution of secondary structure elements, rely on DSSP, 39 

which uses an algorithm to parse a library of proteins with defined secondary structures and 

8 
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their coordinates to predict secondary structures of unknown conformations. Secondary 

structure plots allow large structural changes to be visualized. Also it can be directly related to 

unfolding and folding. Secondary Structure plots are generated using the ' timeline ' option of 

the program Visual Molecular Dynamics (VMD).33 

4. HBs are import in a plethora of chemical reactions and are partly responsible for the structure 

a protein adopts. MDTRAJ,34 a python based trajectory analysis program, is used to calculate 

the frequencies ofHBs between side chains and backbone heavy atoms. Defining HBs requires 

restrictions on the donor acceptor distance d and the angle 0 between donor-H and the acceptor. 

The cutoffs chosen for hydrogen bond identification ford and 0 were ~ 3.5 A and~ 120 °, 

respectively. 

Analysis of sidechain conformations 

1. MDTRAJ function 'compute_chil' parses the atomic coordinates obtained from the trajectory 

file and finds the angles, Xi,R,fk ,where R is the set of proteinogenic amino acids located in the 

core, consisting of residue positions: 8, 12, 15, 18, 19, 22, 25 , 26, 39, 38, 39, 39, 41 , 42, 43 , 

45 , 46, 52, 43 , 61 , 64, 65 , 68, 69, 71 , 72, 75 , 87, 90, 97, 100, 101 ,17 except for Ala and Gly, 

and fi is the kfh frame. For each core residues resj in R, a x1 order parameter was obtained 

according to Si = (Ik exp [ix1,ri])/N, where N is the total number of frames. This results in 

order parameter values between 0 and 1 for each residue in R. Sj values of 1 occur in the absence 

of x1 fluctuations. 35 Subsequently, the Sj values are averaged over all core residues yielding 

Score, ave for a given MD simulation. 

2. Sidechain displacements (SCD) are calculated by aligning the conformers to the reference 

structures backbone and calculated the RMSD of the sidechains. The trajectories were 

9 
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aligned during the preparation of data and a python script using the package MD ANALYSIS 

and the method 'rms.RMSD' to calculate the RMSD for each core residue sidechain as a 

function of time. The RMSD of the core residues were then averaged to give the RMSD of 

the core as a function of time. 

3. See point 4 under 'analysis of protein backbone' for the identification ofHBs. 

C. Prediction of helix forming propensities 

The web server AGADIR36 was used to predict the helix forming propensities of segments 

corresponding to helices in the design models. The server takes in a protein sequence in FAST A 

format to determine the helix propensity. First, the individual AGADIR scores of the four helices 

present in the designed bundles were calculated by taking the sequences of the helices to calculate 

the scores. Subsequently, the AGADIR scores of the four helices were added to yield the 'total 

AGADIR score' of a design model. 

D. Predicted !iCp 0 using an empirical linear equation with 

dependent variables of liASApolar and liASAapolar 

37 38In 1992, Spolar et al. , • derived an empirical equation ( equation 1) correlating t:.Cp 0 
, 

t:.ASApolar , and t:.ASAnonpolar· 

t:.Cp 0 (SLR) = 1.34(t:.ASAapolar) - 0.54(!::.ASApolar) equation 1 
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For three proteins with known t:.Cp 0 
, that is, (i) lysozyme, (ii) 1 gG binding domain of protein G, 

and (iii) DRNN, t:.Cp 0 values were predicted using equation 1. First, PDB models were uploaded 

to the ProtSA server,39 which calculated the SASA of the folded conformation and of an ensemble 

of unfolded conformations, thus providing SASAfolded and SASAunfoled· Both SASAfolded and 

SASAunfoled can be split into two groups, polar and apolar. t:.ASA is defined by SASAunfolded -

SASAfolded· Predictions were within 14% of the experimental t:.Cp 0 and better than alternative 

equations obtained by others.38 Hence, equation 1 was used for the present study. 

E. Analysis of NMR spectra 

2D [1 5N,1H] Heteronuclear Single Quantum Coherence (HSQC) spectroscopy is one of the most 

widely used protein NMR techniques because it shows one signal for every backbone N-H moiety 

in a protein (in addition, signals are detected for the N-H sidechain moieties ofTrp, Asn, and Gln). 

Hence, 2D [1 5N, 1H] HSQC spectra represent a ' fingerprint' of the polypeptide backbone and allow 

to readily assess the ' foldedness ' of a protein (i.e. , if the protein is folded, partially folded or not 

folded). Moreover, signal duplications ( e.g. of the Trp indole NH) allow to detect multiple 

conformations and signal broadening allows to detect slow conformational exchange on the 

chemical shift timescale. Folded proteins exhibit well dispersed peaks while unfolded proteins 

show poor dispersion. Furthermore, the number of detected signals can be compared with the 

number of signals expected from sequence ('peak detection yield') which reveals slow 

conformational exchange on the chemical shift timescale broadening signals beyond detection. 

11 
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Analysis of 2D [13cmeibyl,1Hmeibyl] HSQC spectra 

th 1 12D [13cme Y, 1HmethY] HSQC spectra contain signals of the sidechain methyl groups of amino acid 

residues (Val, Leu, Ile, Met, Ala). Since methyl groups are overrepresented in the hydrophobic 

core, such spectra represent a ' fingerprint' of the protein core. As described above for 2D [15N, 1H] 

HSQC spectra, analysis reveals foldedness and the presence of slow conformation exchange in the 

40core. 2D [13cmelhY1, 1HmelhY1] HSQC spectra can also be recorded in a constant time manner, so 

that slow conformational exchange results in a reduction of peak intensities while the linewidth 

th 1along ro,('3c me Y) is not affected. The number of methyl containing sidechains that one would 

expect to see in the HSQC was the first to be determined. Then the apparent peaks with high 

intensity (Measure peak heights) was counted. 

All 2D HSQC spectra were analyzed using the programs XEASY41 and SPARKY.42 The analysis 

presented in this thesis was limited to the spectral region containing Val and Leu signals. 

12 
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111. Results and Discussion 

The redesigns of the 4-helix bundle DRNN17 can be grouped into three classes according to their 

design criteria and are related to testing different central hypotheses of protein folding 

thermodynamics. The three classes that are discussed in this thesis are bundles with 

" underpacked" hydrophobic cores, bundles containing core hydrogen bond networks, and 

glycine-rich bundles. 

A. Bundles with 'underpacked' hydrophobic core 

A 1. Design aims 

Cavities were introduced into the core of the bundles using the 'underpack ' (UP) protocol 

developed by Dr. Doo Nam Kim, in Dr. Kuhlman's laboratory, and implemented using ROSETTA 

scripts. The protocol increased the repulsive weights of core residue side-chains by a factor of 4 

during the design phase, thus favoring smaller residues and allowing for the generation ofcavities. 

The cavities introduced into the core of the protein serve to destabilize the protein. In particular, 

the aim of designing " underpacked" cores is to test the hypotheses that (i) " underpacked" cores 

destabilize the entire bundle by reducing the !JH0 of unfolding (due to a decreased number of 

favorable van-der-Waals interactions), and that (ii) a reduction of !JCp 0 of unfolding results due 

to a reduced hydrophobic surface exposed to water upon unfolding. The total AGADIR scores and 

total cavity volumes of the 'underpacked ' hydrophobic core bundles which were selected for 

biophysical characterization (Figure Al) are provided in Table Al. 

13 
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C D 

Figure A1: Ribbon drawings of UP designs selected for biophysical characterization. Sidechains of 
mutations introduced relative to DRNN are shown in tan as a 'ball and stick' representations. Each mutation 
is labeled by amino acid, residue number, and chain. The N terminus (Helix 1) is colored blue, helix 2 is 
dark green, helix 3 is light green, and the C terminus (helix 4) is red.- (A) Design UP05679 with the following 
mutations to DRNN: V19A, I23A, V26A, W36I, V43A, M46A, V58A, L62F, I65V, V69A, M72A, V87I, V94A. 
(B) Design UP06907 with the following mutations to DRNN: L 12V, V19A, I23A, V26L, W36A, V43A, M46A, 
V58A, L62F, V69A, M72A, V87I, V94A. (C) Design Ribbon drawing of UP11901 with the following mutations 
to DRNN: L 12A, V19A, I23L, V26A, W36L, I39A, V43A. M46A, V58A, I65A, V69M, M72A, V87I, V94A, 
L98F. (D) Design UP17669 with the following mutations to DRNN: L 12A, V19A, I23A, V26L, W36A. V43A, 
M46K, V58A, L62A, I65V,V69A,V87M,V94A. 

Somewhat reduced !1Cp 0 values were indeed expected (Table Al) when using the empirical 

relation between !1Cp 0 /iSASAnonpolar, and /iSASApolar derived by Spolar et al. 37
•
38 Furthermore, 

the total AGADIR scores of the 4 helices of the 'underpacked' designs were quite similar to 

15 



16 IP age 

DRNN, which suggests that the proteins are expected to be destabilized primarily by the increased 

number of cavities in the core and not due to a destabilization of the helices . 

Inspection of the sequences of the UP designs reveals that the redesign introduced several Ala 

residues (through mutation) into the core, which contributes to the under-packing ofthe core. Since 

Ala residues do not feature different side chain rotamer states and have no x1 angle, corresponding 

analysis ofx1 order parameters is restricted to a smaller number ofcore residues for the UP designs 

(Table Al ; see section A2). 

Table A1: 'underpacked' hydrophobic core bundles: predicted 11Cp 0
, total AGADIR score, 

cavity volumes 

Design a~sASApolar a ~SASAapolar b ~Cpo cTotal dTotal # of core 
(unfolded- (unfolded- derived AGADIR volume of residues 

folded) folded) from eqn score cavities with Xi 
1 angles 

DRNN 1800 4760 1.29 22.4 10.8 34 
UP05679 1840 4340 1.15 28.02 38.6 27 

UP06907 1850 4400 1.17 22.75 48.2 28 
UP11901 1800 4320 1.15 21.78 18.9 26 
UP17669 1860 4360 1.16 20.90 44.4 30 

a ~SASA is in units of A2 and b ~Cp 0 is in units of kcal * mol-1 * K-1. cAGADIR score is unit-less. d Cavity 
volume is in units of A3 
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A2. Probing protein stability in silica 

All designs with 'underpacked' cores (Figure A l ) were simulated at 298 K, 373 K, using the AF protocol at 298 K, and using the T

grad protocol. The 298 K, 373 K, and AF simulations had a length of 10 ns, while the T-grad simulations had a length of 140 to 160 ns . 

Table A2 provides the parameters calculated to analyze and compare the trajectories. 

Table A2: 'underpacked' hydrophobic core bundles: Backbone RMSD, core sidechain displacements, and number of core 

residues with x1 order parameters less than 0.7. 

Design 298 K 373 K T-grad AF at 298 K 

a Max 

bb 
RMSD 

'# of core 
Max residues 

Score.avg
SCD fN/ S:s; 

P.7 

Max bb Max 
RMSD SCD 

# of core 
residues Score.avg 
w/ S:s;0 .7 

Max bb 
RMSD 
(bb 
RMSD 
at T1 12 ) 

Max b # Of 

SCD core 
(SCD residues 
at T1 12 ) w/ S:s;0 .7 

Max 
Score.avg bb 

RMSD 

#of core 
Max residues 

Score.avg
SCD w/ 

S:s;0 .7 

DRNN 
Tmax 

363 K 
1.97 2.72 10 0.81 3.82 3.81 16 0.71 

6 .05 

(2 .89) 

4.44 

(3 .21) 

17 

(14) 

0.69 

(0 .72) 
2.78 2.75 3 0.89 

UP05679 

T max 

373 K 
1.89 2.62 9 0.82 2.7 3.43 14 0.71 

5.42 

(3.41) 

4 .94 

(3 .13) 

15 

(14) 

0.65 

(0 .73) 
4.37 3.12 3 0.87 

UP06907 

T max 

373 K 
5.06 3.57 6 0.83 3.88 3.07 13 0.74 

7.57 

(2 .88) 

5.35 

(2 .83) 

14 

(12) 

0.72 

(0 .77) 
2.38 2.21 5 0.87 

UP11901 5.58 3.6 12 0.71 
3.04 2 .86 4 0.88 4.35 3.58 11 0.66 2.57 2.37 4 0.88 

T max (5 .56) (3 .6) (10) (0 .76) 
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373 K 

~UP17669 
5.00 4.10 13 0.70 

Tmax 2.81 3.02 5 0.83 3.64 4.35 18 0.69 9.5 8.99 8 0.84
(3.65) (3 .37) (13) (0.72)

373 K 

a Max represents an abbreviation for 'maximal' . Maximal SCD values were calculated considering only core residues : 8, 12, 15, 18, 19, 22, 25 , 
26, 39, 38, 39, 39, 41 , 42, 43, 45, 46, 52, 43, 61 , 64, 65, 68, 69, 71 , 72, 75, 87, 90, 97, 100, and 101. BB RMSD and SCD values are in A. 
b The number of core residues with S::; 0.7 calculated for the trajectory up to T1 12 = 335 Kor 330 K, for the 'underpacked' designs and DRNN, 
respectively, is provided in parentheses. c The average Xi S core calculated for the trajectory up to T1 12 = 335 Kor 330 K, for the 'underpacked' designs 
and DRNN, respectively, is provided in parentheses. d Unfolded protein highlighted in bold (Table A3) 
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Simulations at 298 K 

It has been shown that MD simulations need to be in the mircosecond range to capture unfolding, 

even for small proteins.43
•
44 Hence, as expected for comparatively short 10 ns MD simulations, 

maximal BB RMSD and maximal SCD values are rather similar and below ~ 3 A for DRNN as 

well as the four 'underpacked' designs (Table A2) . The only exception is the maximal BB RMSD 

value of ~5 Afor UP06907 and inspection of the corresponding conformer (Figure A2(A)) reveals 

that helix 1 is ' bowed' out of the bundle. 

The number of core resides with Xi S ~ 0.7 varies between 5 and 10 out of 37 core residues 

across DRNN and the four ' underpacked' designs (Table A2) indicating that most core residues 

remain in the x1 rotameric state present in the starting conformer obtained after equilibration. It is 

notable, however, that DRNN has the largest number of such residues. 

Although 10 ns, 298 K simulations are insufficient to come to a statistically significantly 

conclusion, the sampling of such a high BB RMSD conformer of design UP06907 makes this 

target promising for longer simulations. As a whole the 10 ns 298 K simulations was meant to 

provide the ' generalized coordinates ' for the AF simulations (see below). 

Simulations at 373 K 

MD simulations at an elevated temperature of 3 73 K were performed in order to evaluate if the 

increased temperature, itself, could enhance conformational sampling to a degree that allows the 

ability to distinguish the stability of the designs . Upon inspection of the findings in Table A2 it 

was determined that the overall stability of designs could not be determined within the group. 

Although BB RMSD and maximal core SCD values increased somewhat in all cases (Table A2), 
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differences between designs remained small, that is, likely insignificant. The same holds for the 

number of core residues withx1 S ~ 0.7. 

It can therefore be said that a 10 ns, 373 K simulation is insufficient to provide meaningful 

information on protein stability. However, the almost immediate increases to BB RMSD, SCD, 

and the lowering of X1 Score,avg make longer simulations of this type promising. From these 

preliminary results, it can be posited that the unfolded process would most likely occur on a time 

scale shorter than the microsecond ranges for which protein unfolding is known to occur. 

T-grad simulations 

T-grad simulations were performed to sample conformations at temperature between 298 K and 

373 K , except for the simulation of DRNN which was set up to sample temperatures between 298 

K to 363 K. These are the longest simulations performed in this study and as expected the BB 

RMSD and maximal core SCD increased for all designs. 

Designs DRNN, UP05679, UPl 1901 and UPI 7669 showed maximal BB between - 5 and - 6 A, 

while the value for UP06907 is slightly higher (7.57 A), this is likely insignificant. Figure A2 

shows the BB RMSD relative to the starting structure at 298 K as a function of temperature, as 

well as, histograms of BB RMSD distributions characterizing the trajectories. Visual inspection 

reveals two key observations. First, the BB RMSD of DRRN remains around 2 Aup to 358 K 

where a sudden conformational is registered. Second, the BB RMSD distribution are much broader 

for all UP designs when compared with DRNN. These findings show that a much larger 

conformational space is sampled for the UP designs, which is consistent with a destabilized core. 

However, it must be stated that these are preliminary results which need to be confirmed by 

repeating the simulations multiple times ( e.g. in triplicate), to confirm whether this effect is 
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correlated with core stability. Further inspection reveals that DRNN and UP06907 ('marginally 

stable') exhibited the lowest maximal BB RMSD values at T112 . Figure A2(D) shows that the 

sampling of the conformational space of UP 11901 reaches its highest BB RMSD at 328 K. In 

contrast, UP11901 strays far from its pt frame conformer at 300 K and consistently samples 

structures with to 4 Adeviations from the 1st frame conformer. The melting temperatures (Tms) of 

designs selected for biophysical characterization was garnered during the Gibbs Helmholtz 

analysis.45 Designs UP05679 and UP06907 both have Tmsvalues within the sampled temperature 

range, 355 and 353 K respectively. UP05679 shows no significant changes in BB RMSD occur at 

Tms, while UP06907 shows a plateau of BB RMSD values occurring around its Tms. 

To investigate the stability of core packing, core SCD values and Xi order parameters were 

calculated (Table A2). Comparison shows that maximal SCD values, average core Xi order 

parameters are rather similar for DRNN and the UP designs. Interestingly, however, the core 

residues of UP05679 with low S values were predominantly found in helices 1 and 2, shown as 

blue and green helices respectively in Figure A2. This can be potentially pointing to instability of 

helices 1 and 2, however, once again this must be confirmed by repeating the simulation. 

The simulation ofUP05679 exhibited fifteen core residues with S ~ 0.7. This was unexpectedly 

similar to DRNN, since DRNN has more residues with Xi angles. The number of core residues 

with S ~ 0.7 calculated for T1 12 was equivalent to DRNN. As one would expect from the large 

number of core residues with Xi S ~ 0.7, the average Xi Savg,core values for both DRNN and 

UP05679 are slightly lower than for the other designs lowest recorded. Low Xi Savg,core values are 

indicative ofconformational exchange in the core. It may be beneficial to record changes in cavity 

volume over the course of the simulation of UP05679 as its core may be collapsing which would 

23 
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explain the high maximal SCD and only marginally higher maximal BB RMSD. The other designs 

are comparable with regards to Xi S values. 
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Figure A2. T-grad Backbone RMSD as a function of target temperature (above) and backbone RMSD 
histograms (below) for DRNN and the 'UP' designs (Figure A1, Table A1). Tmin, T112, Tms (when available 
and in the sampled range), and Tmax are labeled. (A) The simulation of DRNN sampled mostly conformers 
leading to 2 Adeviations in backbone positioning. After the simulation reached reaching approximately 358 
K started to sample conformers with > 5 A backbone deviations. (B) The simulation of UP05679 mostly 
sampled conformers leading to backbone rmsd values around 2 A. At Tms there are no significant increases 
in BB RMSD. Overall there was a marginal increase of backbone RMSD. (C) The simulation of UP06907 
sampled conformers from 2 populations leading to backbone deviations of 1.3 and 3.4 A, respectively. After 
reaching 343 K there is an increase in backbone RMSD to 5 A. There appeared to be a plateau of BB 
RMSD values around Tms. (D) The simulation of UP11901 predominately sampled conformers which led to 
backbone deviations between 3 and 4 A. The overall backbone RMSD stayed around 2 A. (E) The simulation 
of UP17669 predominantly sampled conformers leading to 2 A backbone deviations. Overall there was a 
marginal increase of backbone RMSD. 

Adaptive flooding simulations at 298 K 

AF simulations were performed in order to enhance conformational sampling at 298 K. Designs 

UP06907, UPl 1901 , and DRNN had comparable BB RMSD and SCD values between 2.5 and 4.5 

A and 2.2-3.1 A, respectively. However, UPI 7669 exhibits a much larger maximal BB RMSD 
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value (9.5 Aand maximal SCD value (8.99 A) The conformer corresponding to the maximal BB 

RMSD relative to the starting structure is shown in Figure A3(B) and compared with the congener 

taken from the 298 K 10 ns simulation (Figure A3(A)). 

In contrast, the number core residues with S ~ 0.7 was very similar and lower than what was 

observed for the 298 K simulations. Consistently, the average core chi-1 order parameter is nearly 

the same for all designs. This finding indicates that the AF protocol resulted in poor sampling of 

rotameric states while driving the system along the PCAs used to implement the boost potential. 

A B 

Figure A3: Ribbon drawings of the frames with the highest BB RMSD relative to the starting conformer 
(Table A2) taken from (A) the 298 K simulation of UP06907 ('marginally stable design') and (B) the AF 
simulation of UP17669 ('unfolded'). Both (A) and (B) shows bending of helix 1 indicating that the packing 
of this helix to the remainder of the bundle is least stable. 
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A3. Comparison of insight from MD with insights from biophysical characterization 

MD simulations were compared with /j_G 0 of unfolding measured at 298 K by Global Gibbs 

Helmholtz analyses45 conducted in the group of Dr. Kuhlman. Furthermore, comparisons were 

made between simulations and information on the foldedness at 298 K inferred from 2D [1 5N,1H] 

HSQC spectra and slow conformational exchange processes in core registered in methyl 2D 

[1 3C, 1H] HSQC spectra. The NMR spectra were recorded by Dr. Pulavarti and Mr. Maderer in Dr. 

Szyperski's group. Table A3 summarizes the findings from such biophysical characterization 

Table A3: 'underpacked' hydrophobic core bundles Experimental characterization of the 

stability 

# of signals 
# of residues of Val and 

Insight on
involved in Leu residues 

stability
Name Foldedness a slow in 2D [13C, 1H] c l::i.Go /Tms 

from l::i.G 0 

conformational HSQC (# of 
d (M, Sor U)

exchange b expected 
signals) 

DRNN F -- -- 16.2/389 s 
UP05679 F 4 24 (24) 3.3/357 s 
UP06907 F 5 25 (24) 3.3/353 M 

24 (24) 
UP11901 F 3 --/-- Not available 

euP17669 u NA (25) O>/-- u 

a F and U denotes folded and partially unfolded, respectively, as inferred from 2D [15N, 1 H] HSQC at 298 
K. b Number of core Val and Leu residues which are potentially involved in slow conformational exchange 
processes as inferred from methyl 2D [13C, 1H] HSQC at 298 K. c t:i.G 0 was measured at 298 Kand is in kcal 
* mol-1, Tms is in Kelvin. d 1 ::,; t:i.G 0 

::,; ~3 kcal* mo1-1 is considered marginally stable (M), otherwise it is 
considered stable (S). U denotes that the protein is unfolded.e Unfolded design in bold. 

Comparison with foldedness inferred from 2D [15N,1H] HSQC 

2D [1 5N,1H] HSQC spectra recorded at 298 K revealed that DRNN and the designs UP06907, 

UP05679, and up11901 are folded, while UPI 7669 is not. As discussed in the previous section 
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only the 10 ns AF simulations singled out UPI 7669 (highlighted in bold in Table A2). Hence, 

further exploration of the AF approach to identify unfolded designs appears to be promising. 

Comparison with slow conformational exchange processes in the core inferred from methyl 

Methyl 2D [1 3C,1H] HSQC spectra recorded at 298 K reveals direct evidence for slow 

conformational exchange processes for only a few core Val and Leu residues in the three folded 

designs with under-packed cores. As a result, no apparent correlations could be identified between 

the number of such residues and the insights from MD (Table A2) . 

Comparison with ll.G 0 of unfolding at 298 K 

Proteins which /j_G 0 above ~3 kcal * moi-1 were classified as ' stable ', while proteins with /j_G 0 

between 1 and ~ 3 were classified as 'marginally stable ' . DRNN is a highly stable, while UP05679 

is at the low end of the stable regime. Table Al shows that the cavity volume of UP05679 is 

approximately three times larger than DRNN. Table A3 shows that the /j_G 0 ofUP05679 is nearly 

four times lower than that of DRNN. The design UP06907 is in the marginally stable regime and 

had the greatest cavity volume; nearly five times that listed for DRNN. There appears to be some 

correlation between the cavity volume and /j_G O • It should be noted that the sample size of two is 

far from enough to draw statistically significant findings . 

As expected the 10 ns 298 K simulations do not offer any distinction between stable, marginally 

stable, and unfolded designs. The same conclusion holds true for the 10 ns 373 K simulations. 

The AF flooding simulations were able to correctly determine the unfoldedness of UPI 7669 in a 

short 10 ns simulation. This was a very promising results given that the simulation was only 10 ns 

long. Since the computational cost of a 10 ns simulation is quite feasible given the computational 
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resources available to the Center for Computational Research, this simulation will be repeated 9 

times bringing the total sampling time to 100 ns. Although, this is still far from microsecond 

simulations, with the enhanced sampling afforded by AF our confidence in the conclusions can be 

strengthened. 
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B. Bundles with core hydrogen bond networks 

B 1. Design aims 

The engineering of the core hydrogen bond network bundles had two goals, i.e. (i) testing if the 

reduction of buried hydrophobic surfaces decreases LlCp 0 and (ii) probing if the buried hydrogen 

bond networks are stable. Using ROSETTA, selected DRNN hydrophobic core residues were 

mutated by Jack Maguire in Dr. Kuhlman's laboratory to become polar in order to create the 

desired core hydrogen bond networks. In addition to probing the overall stability of the designs, 

MD was used to elucidate the designed hydrogen bond networks. Initially, as a proof of concept, 

Dr. Kuhlman's lab created 5 designs named Prelim0l , Prelim02, HBNETI , HBNET2, Prelim03. 

One10 ns 298 K simulation was performed for each of the designs. The sidechain hydrogen bond 

(HB) populations were analyzed for the hydrogen bond network residues listed in Table B 1, below, 

as well as backbone RMSD basin analyses (not shown). 

Table B1: Initial designs with engineered hydrogen bond networks 

Design Hydrogen Network Residues 

Prelim01 ASN15, ASP53, SER61, 

GLN101 
Prelim02 

ASN18, ASN49, GLU65, 
HBNET1 

SER97 
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GLU19, SER61, THR98, 
HBNET2 

ASN101 

Prelim03 GLU19, TYR65,THR98 

Table B2 summarizes the findings from the HB network population study of the initial designs. 

The simulation of Prelim0lexhibited multiple unintended HBs between network and non-network 

residues. The native/design model of Prelim02 had a large number of HBs between network 

residues, however, the simulation of this design only exhibited two such HBs. In addition, this was 

the first simulation of a core HB network design which showed a backbone-sidechain (BB-SC) 

HB between a network and non-network residues. From these examples one can see the difficulties 

associated with designing core HB networks. Figure B 1 compares the HB population histograms 

of (A) HBNETl and (B) Prelim03. Prelim03 had a higher number of frames in which the donor

acceptor distance is > 3.5 A. 
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Table B2: Example Hydrogen bond network population study 

b# of HB 
8 # of HB b/t

a# of HB b/t network a# of HB b/t network lasting for 
network and non-

residues found in design residues found during 298 ~ 50% or
Design network residues 

model K simulation more
found during 298 K 

frames
simulation 

Prelim01 4(0) 3(0) 3(0) 4 
Prelim02 5(0) 2(0) 0(1) 2 
HBNET1 3(0) 3(0) 0(0) 3 
HBNET2 4(0) 4(0) 0(0) 3 
Prelim03 2(0) 1(0) 0(0) 1 

a The number outside of the parentheses represents the number of SC-SC hydrogen bonds. The number 
inside the parentheses represent the number BB-SC hydrogen bonds. b Number represents the sum of SC
SC and BB-SC hydrogen bonds. 

A B 
500500 ASN18•ND2 - ASN49•0D1 - THR98·OGl •· GLUl'l·OEl 

- THR98•0Gl •• GLUi9·0E2 
SEl\97-<)G •• ClLU65-0l2 

400 

300 300 

l 
200 200 

100 100 

00.25 0.30 0.35 0.40 0.45 os o 
0.3 0.4 OS 0.6 0.7 Donor· cceptor dlstancdnml 

Donor-acceptor d1$lance[nmJ 

Figure 81. Hydrogen Bond Network Population - 4 (A) HBNET1 histogram of frames with the hydrogen 
bond and its distance. 4 (B) Prelim05 histogram of frames with the hydrogen. The hydrogen bond network 
residues of Prelim05 spend more frames donor-acceptor distances> 4 A. This lead to the conclusion that 
the HBs of this design are not as stable as HBNET1. 

From the previous designs HBNETl and HBNET2 were chosen for biophysical 

characterization. In addition, 8 other designs were created using a graph theory approach46 and 

selected for biophysical characterization from this class. The HBNET designs have varying 

degrees of hydrophobic core residues mutated to polar residues with some designs. Figure B2 

shows the ribbon drawings and location of the hydrogen bond networks of the folded designs. 
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Figure 82: Ribbon drawings of folded core hydrogen bond network designs selected for biophysical 
characterization. Residue side chains which reside in the hydrogen bond network are represented as 'ball 
and stick' models. Each hydrogen bond network residue is labeled by amino acid , residue number, and 
chain. (A) HBNET1 with Asn18, Asn49, Glu65, and Ser97 forming a hydrogen bond network. (B) HBNET2 
with Glu19, Ser61 , Tyr65, Thr98, and Asn101 forming a hydrogen bond network. (C) HBNET6 with Asn19, 
Ser53, Asn61 , and Ser97 forming a hydrogen bond network. (D) HBNET10 which has two designed 
hydrogen bond networks: (i) formed between Glu19, Ser61 , Tyr65, and Thr98. (ii) formed between Asp53, 
Ser56, Asn101 , and Ser104. 

36 



371 Page 

Reduced t:.Cp 0 values were indeed expected for HBNET5, 7, 9 and 10 (Table B3) when using 

then the empirical relation between t:.Cp 0 
, /1SASAnonpolar, and /1SASApolar derived by Spolar et 

al. 37 
,
3s Although, it must be stated that 4-helix bundles with predominantly polar cores are not ( or, 

more likely, improbable to be) found in nature. Equation 1 was extrapolated using characteristics 

of 'naturally' occurring proteins and is unlikely to model the t:.Cp 0 of the core hydrogen bond 

network bundles with a high number of polar residues in the core. This can be seen by looking at 

the calculated values of t:.Cp 0 for designs (Table B3) HBNET5 and HBNETl0, which, is reported 

to be 0.20 and 0.03 kcal * mol-1 * K-1 respectively. 

The total AGADIR scores range from 12.95 to 42.52. Later, it will be seen that the Total 

AGADIR scores do not correlate with experimentally determined protein stability, the ranges for 

both and simulated hydrogen bond network stability (see section B3 and B4 respectively). 

Furthermore, the number of core residues with x1 angles for the core hydrogen bond network 

designs is comparable to DRNN. This strengthens correlations involving Xi S values. 

Table B3: Core hydrogen bond network bundles: predicted 11Cp0
, total AGADIR scores 

Design a~sASApolar a ~SASAapolar b ~Cpo cTotal # of core residues 

(unfolded- (unfolded- derived AGADIR with Xi angles 

folded) ~aided) ~rom eqn 1 score 
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a ~SASA is in units of A2 and b ~Cp 0 is in units of kcal * mol-1 * K-1. c AGADIR score is unit-less. 

DRNN 1800 4800 1.29 22.4 34 

HBNET1 2200 4400 1.13 13.0 32 

HBNET2 2100 4600 1.22 32.6 32 

HBNET3 2000 4600 1.22 42.5 35 

HBNET4 2000 4600 1.21 15.6 35 

HBNET5 800 1000 0.21 16.6 35 

HBNET6 2000 4600 1.21 16.4 36 

HBNET7 2200 4400 1.11 15.1 35 

HBNET8 2100 4600 1.19 27.3 34 

HBNET9 2300 4200 1.05 13.9 33 

HBNET10 500 300 0.03 42.4 34 

0 
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B2. Probing protein stability in silica 

All designs in Table B4 were simulated at 298 K, 373 K, using the AF protocol, and using the T-grad protocol. The 298 K, 373 K, and 

AF simulations had a length of 1 0ns. T-grad simulations had a simulation length of 140 to 160 ns. The designs were grouped into three 

categories folded, unfolded, and not yet expressed. The average of each group (not including HB7 and DRNN) was calculated for each 

metric and presented in Table B4. DRNN was used as a reference design. For this class of designs none of the aforementioned methods 

of simulation were able to determine the stability of the designs. 

Table B4: Core hydrogen bond network bundles: backbone RMSD, core sidechain displacements, and number of core 

residues with x1 order parameters less than 0.7. 

Design 298K 373K T-grad AF 

a Max 

bb 
RMSD 

Max 
SCD 

#of 
core 

Max bb 
residues # Score.avg 

RMSD
w/ 

S:::; 0.7 

Max 
SCD 

# of 
core 

residues 
w/ 

S:::;0 .7 

Score.avg 

Max bb 
RMSD 

(bb 
RMSD 
at T112) 

Max 
SCD 
(SCD 
at T1 12 

b# Of 

core 
Max bb 

residues c Score.avg 
RMSD

w/ 
S:::; 0.7 

Max 
SCD 

# of 
core 

residues Score.avg 
w/ 

S:::; 0.7 

DRNN 
Tmax 

363 K 

1.97 2.72 10 0.81 3.82 3.81 16 0.71 
6.05 

(2.89) 

4.44 

(3.21) 

17 

(14) 

0.69 

(0.72) 
2 .78 2.75 3 0.89 

HBNET1 

Tmax 

373 K 
1.82 1.77 1 0.89 3.3 2.59 17 0.75 

5.2 

(3.40) 

3.11 

(2 .36) 

13 

(9) 

0.75 

(0 .8) 
2.73 2.01 5 0.87 

HBNET2 
5.41 3.51 8 0.77 

Tmax 1.56 1.82 7 0.90 3.95 2.93 12 0.76 6.25 3.82 7 0.88 
(3.65) (2.35) (8) (0.82)

373 K 
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HBNET6 
4.93 4.04 15 0.71 

Tmax 2.03 2.05 7 0.89 6.63 4.56 11 0.76 2.98 1.87 2 0.94
(3.66) (2.86) (14) (0.74)

373 K 

HBNET10 
2.84 1.97 7 0.89 4.94 3.07 10 0.80 -- -- -- -- 5.20 4.16 8 0.97 

Tmax --

~vg 5.18 3.55 12 0.74
2.06 1.91 6 0.89 4.71 3.29 13 0.77 4.29 3.00 6 0.92

Folded (3.57) (2 .52) (10) (0.78) 

HBNET3 
6.14 4.97 15 0.68 

Tmax 1.63 1.97 8 0.87 3.21 2.89 20 0.73 5.62 4.29 14 0.80
(3.25) (3.17) (14) (0.74)

373 K 

HBNET4 
5.35( 3.82 14 0.71 

Tmax 1.96 1.83 2 0.92 3.05 2.9 12 0.79 8.97 6.16 5 0.87
4.28) (3 .27) (10) (0 .81) 

373 K 

HBNET5 
7.33 5.15 18 0.68 

Tmax 1.96 2.22 4 0.91 3.93 3.85 15 0.74 3.78 2.87 4 0.88
(5.03) (3 .30) (15) (0 .74) 

373 K 

HBNET8 
5.12 4.22 16 0.71 

Tmax 2.64 2.04 3 0.92 3.69 2.77 13 0.77 -- -- -- --
(5 .12) (3.43) (12) (0 .78) 

373 K 

HBNET9 
2.04 1.68 5 0.88 4.24 3.04 13 0.75 -- -- -- -- 2.12 1.96 4 0.89 

Tmax --

~vg 6.20 4.54 16 0.70
2.05 1.95 4 0.90 3.62 3.09 15 0.76 5.12 3.82 7 0.86

Unfolded (4.24) (3.14) (12) (0.74) 

HBNET7 
6.99 5.08 16 0.69 

Tmax 2.16 2.38 5 0.87 4.89 3.96 14 0.76 3.93 3.11 6 0.86
(5.23) (3 .89) (14) (0 .73) 

373 K 

a Max represent the abbreviations for 'maximal' . Maximal SCD values were calculated considering only core residues: 8, 12,15,18,19, 22, 25, 26, 
39, 38, 39, 39, 41, 42, 43, 45, 46, 52, 43, 61, 64, 65, 68, 69, 71, 72, 75, 87, 90, 97, 100,101. BB RMSD and SCD values are in A_ b The 
number of core residues with S ~ 0.7 calculated for the trajectory up to T112 = 335 K or 330 K, for the core hydrogen bond network designs and 
DRNN, respectively, is provided in parentheses. 
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Simulations at 298 K 

As stated in section A2 the 298 K simulations of the designs appear to be similar with less than 3 

Adeviations in maximal BB RMSD. There was no simulation which sampled an exceedingly high 

BB RMSD (> 5 A). This held true for both folded and unfolded designs (see section B3). Most 

designs exhibited a maximal SCD < 2 A. 

The 298 K simulations offered appeared to poorly sample rotameric conformations of designs 

HBNETl , HBNET4, HBNET5 , and HBNET8. The number of core residues with Xi S ~ 0.7 for 

these designs was much lower than expected. This may be associated with the short sampling time. 

The results of the 10 ns 298 K simulations of the core hydrogen bond network designs further 

strengthen the hypothesis that 10 ns is insufficient to find correlations between the simulations and 

overall stability. Therefore, these simulations were used primarily for the study of hydrogen bond 

network populations. As shown in section B4, 10 ns simulation are most likely sufficient to 

determine hydrogen bond network stability. In addition, the 298 K 10 ns simulations provided the 

' generalized coordinates' for the AF simulations ( see below). 

Simulations at 373 K 

The 373 K simulations of all designs (Table B4) have shown increases in maximal backbone, and 

maximal SCD. However, the differences between folded and unfolded designs were not 

significant. The majority ofdesigns had maximal BB RMSD values less than 4 A. HBET6 (folded) 

appears to be an outlier, having the highest maximal BB RMSD. 

The number of core residues with Xi S values~ 0.7 do not differ significantly between folded 

and unfolded designs, although there is an increase in such residues when compared to the 298 K 
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simulations. The average Xi S core,avg for both the folded and unfolded designs also differed 

insignificantly. 

From the results of the 10 ns, 3 73 K simulations it can be seen that increased temperature helps 

with conformational sampling; the short length of sampling time prevents significant correlations 

to be made with overall protein stability. 

T-grad simulations 

T-grad simulations were performed to sample conformations at temperature between 298 K and 

373 K, except for the simulation of DRNN which was set up to sample between 298 K to 363 K. 

These are the longest simulations performed in this study and as expected the BB RMSD and 

maximal core SCD increased for all designs. HBNET designs 3 ('unfolded' ), 5 ('unfolded' ) and 7 

(no fold information at this time), as well as, DRNN (Parent) exhibited maximal BB RMSD values 

greater than 6 A. The unfolded designs had on average higher maximal BB RMSD values. BB 

RMSD histograms (Figure B3) reveal the same broadness that was shown in the 'underpacked' 

core bundles is present in the core hydrogen bond network designs. This holds true for both folded 

and unfolded designs. Therefore, only the folded designs were shown. There were no significant 

changes in BB RMSD occuring at or around Tms for both HBNETl and HBNET6. 
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Figure B3: T-grad BB RMSD as a function of target temperature (above) and backbone RMSD histograms 
(below) for DRNN and the folded core hydrogen bond network bundles, exculding HBNET10. (Figure B1 , 
Table B3). Tmin , T112, Tms (when available and in the sampled temperature range), and Tm ax are labeled. (A) 
The simulation of DRNN sampled mostly conformers leading to 2 A deviations in backbone positioning. 
After reaching 360 K (120 ns) the simulation started to sample conformers with> 5 Abackbone deviations. 
(B) The simulation of HB1 regularly sampled conformers leading to backbone deviations of ~1.6 and 2.7 A. 
Overall there was a marginal increase in backbone RMSD. At Tmsno significant changes in BB RMSD were 
apparant. (C) The simulation of HBNET2 mostly sampled conformers leading to backbone deviaitons of 2.8 
A. Overall there was a marginal increase in backbone RMSD. (D) The simulation of HBNET6 sampled 
conformers from 2 populations leading to backbone deviations of 1 .1 and 2.8 A, respectively. Overall there 
was a marginal increase in backbone RMSD. 

The number of core residues with Xi S values ~ 0.7 increases for all designs when simulated 

using the T-grad protocol. The average number of such core residues is slightly higher in the 

unfolded group than in the folded group. This is unlikely to be significant, as upon inspection of 

the average Xi S core,avg of both the folded and unfolded groups it can be seen that both groups have 

comparable values. 

From the results presented in Table B4 it can be stated that, the T-grad simulations were unable 

to provide meaningful data on the stability of individual proteins. 

Adaptive flooding simulations at 298 K 

AF simulations of the core hydrogen bond network bundles displayed somewhat of an increase in 

conformational sampling when compared to the 298 K simulations without conformational 

flooding. Two folded designs (HBNET2 and HBNETl 0) exhibited maximal BB RMSD values of 

at least one-fold of what was reported from the normal 298 K simulations. There are two such 

unfolded designs (HBNET3 and HBNET4), which exhibit the same phenomenon. All other 

designs were comparable in terms of maximal BB RMSD and maximal SCD. 

The designs were mostly comparable to DRNN in terms of number of core residues with Xi S 

~ 0.7 and Xi S core,avg. HBNET6 was the only design to show poor rotameric sampling for this 

method. 
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From these findings it can be stated that the short AF simulations were unable to differentiate 

the stability between designs. One such factor that may be at fault is the generalized coordinates 

that were used to approximate the flooding potential. The generalized coordinates were obtained 

from a short 10 ns 298 K simulation. The short simulations may have introduced errors into the 

generalized coordinates by improperly sampling the motions with high variance. 

B3. Comparison of MD simulations results with insights from biophysical 

characterization 

MD simulations were compared with /j_G 0 of unfolding measured at 298 K by Global Gibbs 

Helmholtz analyses45 conducted in the group of Dr. Kuhlman. Furthermore, comparisons were 

made between simulations and information on the foldedness at 298 K inferred from 2D [15N,1H] 

HSQC spectra and slow conformational exchange processes in core registered in methyl 2D 

[1 3C, 1H] HSQC spectra. The NMR spectra were recorded by Dr. Pulavarti and Mr. Maderer in Dr. 

Szyperski's group. 

Table B4: Core hydrogen bond network bundles: experimental characterization of 

stability 

# of signals of 
# of residues Val and Leu Insight on 

Design 
Foldedness a involved in slow 

conformational 
residues in 2D 
[ 13C, 1H] HSQC 

c l::i.Go /Tms stability 
from l::i.G 0 

exchange b (# of expected d (M, Sor U) 

signals) 

DRNN F -- -- 16.2/400 (S) 

HBNET1 F 2 28(30) 3.3/343 M 

HBNET2 F 2 30(30) 9.4/379 s 

HBNET3 u NA NA 0 >/-- u 

HBNET4 u NA NA 0 >/-- u 
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HBNET5 u NA NA 0 >/-- u 
HBNET6 F 3 34(36) 1.8/354 --
HBNET7 -- -- -- --/-- --
HBNET8 u NA NA 0 >/-- u 
HBNET9 u NA NA 0 >/-- u 
HBNET10 F 1 25(30) 9.9/387 --

a F and U denotes folded and partially unfolded, respectively, as inferred from 2D [15N, 1H] HSQC at 298 K. 
b Number of core Val and Leu residues which are potentially involved in slow conformational exchange 
processes as inferred from methyl 2D [13C, 1H] HSQC at 298 K. c l:J.G 0 was measured at 298 Kand is in kcal 
* mol-1, Tms is in Kelvin. d 1 :S l:J.G 0 :S ~3 kcal * mo1- 1 is considered marginally stable (M), otherwise it is 
considered stable (S). 

Comparison with foldedness inferred from 2D [15N,1H] HSQC 

2D[1 5N,1H] HSQC spectra recorded at 298 K for the core hydrogen bond bundles revealed that 

HBNETl , HBNET2, HBNET6, and HBNETlO were folded. HBNET7 has not been expressed in 

significant yields to be characterized. HBNET designs 3, 4, 5, 8, and 9 were all deemed unfolded, 

having poor peak dispersion. 

Comparison with slow conformational exchange processes in the core inferred from methyl 

Methyl 2D [1 3C,1H] HSQC spectra recorded at 298 K reveals direct evidence for slow 

conformational exchange processes for only a few core Val and Leu residues in the folded core 

hydrogen bond network bundles. As such, the protein core of the folded core hydrogen bond 

network designs appears to be stable. This finding could not be correlated with the performed MD 

simulations, which had comparable core SCD values. 
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Comparison with ll.G 0 of unfolding at 298 K 

Proteins which /J.G 0 above - 3 kcal * moi-1 were classified as 'stable' , while proteins with /J.G 0 

between 1 and - 3 were classified as 'marginally stable' . HBNETl is at the high end of the 

'marginally stable' , with /J.G 0 five times lower than DRNN. In contrast, HBNET2 is a stable 

design, with /J.G 0 nearly two times lower than DRNN. 

The 10 ns, 298 and 373 K simulations were not able to provide meaningful correlations to 

protein stability. The average values listed in Table B4 for maximal BB RMSD and SCD, the 

number of core residues with Xi S ~ 0.7, and the Xi Score,avg of the folded (not including DRNN) 

and unfolded proteins were indistinguishable. This also holds true for the 298 K adaptive flooding 

simulations. 

T-grad simulations saw a marginal difference of the average values for folded and unfolded 

designs listed in Table B4. Therefore, the results of these simulations were compared with 

experimental results . The maximal SCD of HB 1 and HB2 were lower than HB6. In addition, 

maximal backbone RMSD did not appear to correlate with the number of peaks which had line 

broadening. HB 1 and HB2 had higher maximal backbone RMSDs than HB6. The T-grad 

simulations of HB3 and HB5 exhibited larger deviations in position of sidechain and backbone 

atoms than the folded designs. However, HB4 and HB8 gave results comparable to the folded 

designs. Therefore, as stated in the beginning of section B2, the performed MD simulation were 

not able to determine the stability of the designed proteins. 

84. Probing the stability of designed hydrogen bond networks in silica 

HB network population studies were carried out for all core hydrogen bond network designs using 

the metrics denoted in Table B2 . Some results on hydrogen bond network stability are shown in 
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Table B5 . HBNETl and HBNET6, both of which are folded, had the highest population of HBs 

between network residues. The cryogen X-ray crystal structure HBNET6 show that the HB 

network remained intact. In the case of HBNETl the cryogen X-ray crystal structure showed 

electron density fitting that of a water molecule ' s close enough to complex the network. Upon 

modeling the water molecule, the hydrogen bond network expands to include Ser19. This water 

molecule was not found in core during the 10 ns simulation. Perhaps due to short sampling time. 

It would be worth performing a couple 100 ns simulations to in hopes of catching the water 

molecule creeping into the core. 

In contrast, HBNET2 and HBNETl 0, both also folded, had poorly populated HBs between 

network residues. This feature is shared by HBNET3, HBNET5, HBNET7, and HBNET8, and 

with the exception of HBNET7 all are unfolded. Therefore, one can state that the HB network 

stability is not the defining criterion to predict foldedness . As the remaining folded core hydrogen 

bond network designs have yet to be crystallized, it is still uncertain that there is a correlation 

between the network stability seen in silica with and the presence of the HB network in a crystal 

structure. Although these results are preliminary, they are indeed promising when one considers 

the findings ofHBNETl and HBNET6. 
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B5: Hydrogen bond networks in bundles selected for biophysical characterization 

(contains only network residues) 

Groups Design 
Name 

a (l1G o) 

HBNET1 
(3.2) 

HB2 
(8.87) 

"'C 
Q) 

"'C HB6 

0 (--) 

LL 

HB10 
(--) 

HB3 
(<O) 

HB4 
(<O) 

HBS 

"'C 
(<O) 

Q) 
"'C 

~ HB8 
C 

::::, 
(<O) 

HB9 
(<O) 

b Hydrogen bond network residues 

Asn18-ND2 -Asn49-OD1 
Asn49-ND2 - Glu65-OE1 
Glu65-OE2- Ser97-OG 

Asn101-ND2-Tyr65-OH 
Ser61-OG -Asn101-OD1 

Tyr65-OH-Glu19-OE2 
Thr98-OG-Glu19-OE1 

Ser97-OG - His19-NE2 
Asn61-ND2- Ser53-OG 

Ser97-OG -Asn61- OD1 

Tyr65-OH - Glu19-OE2 
Ser61-OG -Asn101-OD1 
Asn101-ND2-Tyr65-OH 

Asp58-N - Ser56-OG 
Ser56-OG -Asp58-OD1 

Ser104-OG - Asp58-OD 1 

Lys39-NZ - Pro33-O 
c Lys39-NZ -His87-NE2 
His87-NE2 -Ser29-OG 

Ser46-OG - Gln65-OE1 
Gln65-NE2-Ser97-OG 

c Lys72-NZ- His39-ND1 
Gln90-N E2-Gln42-OE1 
Lys72-NZ - Gln90-OE1 

Gln75-NE2 - Gln86-OE1 

Gln22-N E2 -Gln49-OE1 
Gln22-NE2-Ser97-OG 

Gln49-NE2 -Asp61-OD2 
Ser46-OG - Gln22-OE1 
Ser97-OG -Asp61-OD1 

Asn18-ND2 -Asn49-OD1 
Asn49-ND2-GIu65-O E 1 
His56-NE2 - Ser8-OG 
Ser97-OG-GIu65-OE2 

Asn104-ND2-Asn12-OD1 
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Asn104-ND2 - Ser58-OG 
Asn12-ND2 -Asn104-OD1 

His56-ND1- Ser58-OG 

HB7 Gln22-NE2 - Gln49-OE1 

""O (--) Lys68-NZ -Gln22-OE1 ..... (1) 
c Lys68-NZ- His26-NE2(1) en

>- en Lys68-NZ -Asp94-OD1/OD2 ..... (1) 
0 I... Thr46-OG1-Gln22-OD1 

Cl.z Gln49-NE2-Asp61-OD2><
(1) Ser53-OG -Asp61-OD2 

Ser97-OG -Asp61-OD1 

a t:.G 0 calculated at 298 Kand has units Kcal * mol-1. b Hydrogen bond donors are on the left of the '-' and 
acceptors are on the right. c Hydrogen bond not expected due to double protonation of Histidine. 

Table 5 Key 
Green - present during 80% or more of trajectory and considered stable 

Blue - present 50 -79% of trajectory and considered non-transient 
Red- present less than 50% of trajectory and considered transient 

Table B6 shows the difficulty of designing a HB network which only contains desired residues. 

Out of the ten designs only HBNETl and HBNET2 accomplish a HB network containing only 

desired residues. From this one can see its difficulty. The majority of designs have a BB-SC HB 

between a desired residue and an undesired residue. HBNET3 was the only design which had a 

BB-SC HB intentionally placed in the network. ROSETTA appears to favor such BB-SC HBs. In 

many cases, BB-SC bonds found in the design model are present in at least 25% of trajectory 

frames. In extreme cases such as HBNET4, the BB-SC between Ser97-OG - Lys93-O lasts for > 

50% of the trajectory. 

Table B6: Hydrogen bond network population study 

Design 

a# of HB b/t network 
residues found in design 

model 

a# of HB b/t network 
residues found during 298 K 

simulation 

8 # of HB b/t 
network and non-
network residues 
found during 298 

K simulation 

b# of HB 
lasting for 
~ 50% or 

more 
frames 

HBNET1 3(0) 3(0) 0(0) 3 

HBNET2 4(0) 4(0) 0(0) 3 
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HBBET3 2(1) 1(1) 1(0) 0 

HBNET4 3(1) 2(0) 0(2) 3 

HBNET5 7(2) 3(0) 1 (2) 2 

HBNET6 3(1) 3(0) 0(1) 3 

HBNET7 10(0) 6(1) 0(3) 4 

HBNET8 5(1) 3(0) 0(2) 2 

HBNET9 8(0) 6(0) 0(1) 5 

HBNET10 5(1) 3(1) 0(1) 0 

a The number outside of the parentheses represents the number of SC-SC hydrogen bonds. The number 
inside the parentheses represent the number BB-SC hydrogen bonds. b Number represents the sum of SC
SC and BB-SC hydrogen bonds. 
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C. Glycine-rich bundles 

C 1. Design aims 

The Glycine rich (Gly-rich) bundles were the first which were engineered. DRNN was mutated 

such that Gly residues replaced helical, solvent-exposed residues to destabilize the helices and 

therefore the bundles. Gly mutations in helices result in an increase in /1S 0 of unfolding which 

shifts the 11G O -dome down. This class has been engineered in there cycles which resulted in three 

' generations ' (see Figure Cl). The first generation consisted of two designs hl and h2, however, 

only h2 was selected for redesign (see Figure C2(B)). Each redesign added more mutations to 

destabilize the helices of the 4-helix bundle. In total IO designs came from this design class. 
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DRNN 

I 
Gl 

h2 (Q19G ,R43G, H65G, 
hl (Q19G, H65G) 

M95G) 

G2 
h2V (T11V, Q19G ,R43G, 

T52V, H65G, M95G) 

h2GaGb (E16, GQ19G, 
G3 N20G, Y42G, R43G, T47G, 

H65G, T66G, N69G,K91G, 
094G, M95G) 

Figure C1. Survey of iteratively engineered Gly-rich bundles derived from protein DRNN, grouped in three 
'generations' G1, G2 and G3. Mutations relative to DRNN are indicated. The bundles of G2 were derived 
from G1 protein h2. Subsequently, the bundles of G3 were obtained by combining mutations of G2 proteins 
h2A, h2Ga, and h2Gb. 

The theoretically calculated t:.Cp 0 
, shown in Table C 1, for this class of bundles appears to 

decrease with each successive generation. Designs hl and h2 are spot on with DRNN. The 

experimentally derived t:.Cp 0 
, however, shows that there is a significant difference in Cp values. 

The disagreement between theoretical and experimental t:.Cp 0 continues to widen with each 

successive generation. 

The total AGADIR scores are in agreement with the design aim to destabilize the helices by 

adding Gly residues to solvent exposed positions. There was an immediate decrease in AGADIR 

score when the two Gly mutations were added to hl. This trend continues with each addition on a 

Gly mutation. 
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Furthermore, the number of core residues with x1 angles for the Gly-rich bundles is comparable 

to DRNN. This strengthens correlations involving Xi S values. 

A 
B C 

47.A 

.A 

D F 

43.A 
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G H I 

Figure C2. Ribbon drawing of the Gly-rich bundles. Each mutation is labeled by amino acid, residue 
number, and chain. In purple are Gly mutations, in yellow are Ala mutations, and in green are Val mutations. 
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See Figure 1 for listing of mutations. (A) h1. (B) h2. (C) h2Ga. (D) h2Gb. (E) h2A. (F) h2V. (G) h2Aga. (H) 
h2AGb. (I) h2GaGb. (J) h2AGaGb. 

Table C1: Gly-rich bundles: predicted Cp 0
, experimentally calculated 11Cp0

, total AGADIR 

score 

Design ailSASApolar a LlSASAapolar 
(unfolded- (unfolded-

folded) folded) 

b LlCp 0 derived 
from eqn 1 

Experimental I~ 
calculated 

LlCp 0 

cTotal 
AGADIR 

score 

# of core 
residues 

which have 
x1 angles 

DRNN 1800 4800 1.29 1.19 22.4 34 

h1 1780 4750 1.29 0.94 18.3 34 

h2 1760 4740 1.29 0.99 12.1 33 

h2A 1760 4610 1.25 0.54 5.40 33 

h2Ga 1700 4600 1.25 0.72 8.25 33 

h2Gb 1790 4510 1.21 1.00 11.7 33 

h2V 1820 4620 1.24 0.55 12.5 33 

h2AGa 1740 4440 1.20 0.38 5.00 33 

h2AGaGb 1800 4430 1.19 0.13 8.05 32 

h2AGb 1710 4390 1.18 -- 4.20 32 

h2GaGb 1820 4330 1.15 0.46 4.47 32 

aLlSASA is in units of A
0 

2 and b LlCp 0 is in units of kcal * mol-1 * K-1. c AGADIR score is unit-less. 

57 



581 Page 

C2. Probing protein stability 

All designs in Table C2 were simulated at 298 Kand 373 K. There is incomplete coverage for this class using the AF protocol and using 

the T-grad protocol, as more emphasis was placed on the 'underpacked' and core hydrogen bond network bundles. The 298 K, 373 K, 

and AF simulations had a length of 1 0ns. T-grad simulations had a simulation length of 140 to 160 ns. DRNN was used as a reference 

design. For this class of designs none of the aforementioned methods of simulation were able to determine the stability of the designs. 

Table C2: Gly-rich bundles: backbone RMSD, core sidechain displacements, and number of core residues with x1 order 

parameters less than 0.7. 

Design 298K 373K T-grad AF 

a Max 

bb 
RMSD 

Max 
SCD 

# of core 
residues 

w/ 
S::; 0.7 

Max bb 
Score.avg 

RMSD 

# of core 
Max 

residues Score.avg
SCD 

WI S:s;0.7 

Max bb 
RMSD 

(bb 
RMSD 

at T1 12) 

Max 
SCD 
(SCD 
at T1 12 

b# Of 

core 
residues 

w/ 
s::; o.7 

C Max bb 

Score.avg RMSD 
Max 
SCD 

# of core 
residues 

Score.avg
w/ 

S::; 0.7 

DRNN 
Tm ax 363 K 

1.97 2.72 10 0.81 3.82 3.81 16 0.71 
6.05 

(2.89) 
4.44 

(3.21) 
17 

(14) 
0.69 

(0.72) 
2.78 2.75 3 0.89 

h1 
2.04 2.44 8 0.83 3.3 2.59 10 0.75 -- -- -- -- 2.73 2.01 5 0.87 

..... Tmax --

(9 
h2 

2.00 2.41 2 0.89 2.98 3.83 20 0.66 -- -- -- -- -- -- -- --
Tmax --

h2Ga 
2.19 2.63 5 0.88 3.85 4.02 18 0.69 -- -- -- -- 4.63 3.47 10 0.81 

N 
Tmax --

(9 
h2Gb 

2.84 2.48 2 0.89 3.11 3.55 16 0.70 -- -- -- -- 5.17 4.53 14 0.78 
Tmax --
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h2A 
2.74 2.50 5 0.87 3.69 3.60 15 0.66 -- -- -- -- 3.41 3.17 6 0.85 

Tmax--

h2V 
2.56 2.49 10 0.83 3.33 2.97 11 0.73 -- -- -- -- 5.62 4.29 14 0.80 

Tmax --

h2AGa 
2.09 2.61 7 0.84 3.66 3.68 16 0.72 -- -- -- -- 3.54 3.14 4 0.84 

Tmax --

h2AGb 8.94 7.96 17 0.70
2.42 2.50 7 0.84 3.83 3.68 22 0.65 3.78 2.87 4 0.88 

C'") Tm ax 363 K (6.25) (4.91) (15) (0.74) 
(9 

dh2AGaGb 7.65 6.63 20 0.64 
2.02 2.50 9 0.85 3.93 4.29 16 0.71 6.94 4.53 13 0.75 

Tmax 363 K (4.80) (3 .75) (14) (0 .73) 

h2GaGb 
2.57 1.68 5 0.88 4.24 3.04 13 0.75 -- -- -- -- -- --- -- --

Tmax --

a Max represent the abbreviations for 'maximal' . Maximal SCD values were calculated considering only core residues: 8, 12, 15, 18, 19, 22, 25, 
26, 39, 38, 39, 39, 41, 42, 43, 45, 46, 52, 43, 61, 64, 65, 68, 69, 71, 72, 75, 87, 90, 97, 100, and 101. BB RMSD and SCD values are in A. 
b The number of core residues with S::; 0.7 calculated for the trajectory up to 330 K, for the Gly-rich designs and DRNN, respectively, is provided in 
parentheses. c The average Xi Score calculated for the trajectory up to 330 K, for the Gly-rich designs and DRNN, respectively, is provided in 
parentheses. d Unfolded (Table C2 in bold) 

Simulations at 298 K 

As stated in sections A2 and B2, the 298 K simulations of the Gly-rich designs appear to be similar with less than 3 Adeviations in 

maximal BB RMSD. There was no simulation which sampled an exceedingly high BB RMSD (> 5 A). The majority maximal SCD 

have nearly 3 Avalues, thus mimicking what was reported for the 'underpacked' designs. 
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The observed number core residues with Xi S::::; 0.7 range between 2 and 10. This indicates that the Xi rotamers do not undergo 

substantial changes. The Xi Score,avg values are in agreement with the finding that the Xi rotamers do not undergo substantial changes. 

Which generation the design belonged to did not appear to have an effect on Xi S values. 

The 10 ns, 298 K simulations did not provide the necessary conformational sampling needed to determine protein stability. The 

destabilization of the helices due to the added Gly mutations was also not seen during these simulations. These simulations were used 

primarily to provide the 'generalized' coordinates for the AF simulations (see corresponding heading below). 
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Simulations at 373 K 

The 10 ns, 3 73 K simulations see slight increases in maximal BB RMSD and maximal SCD values, 

however this increase is likely insignificant. DRNN, h2AGaGb, and h2GaGb exhibit the highest 

changes in maximal BB RMSD, which amounted to a less than 2 Adifference between what was 

reported in the 373 K and the 298 K simulations. 

There was a drastic increase in the number of core residues with Xi S ::;; 0.7, now ranging 

between 11 and 20 residues . The Xi S core,avg values for these designs also suggest the core packing 

is not stable after 10 ns. There does not appear to be a correlation with each successive generation 

and core instability. 

The 10 ns, 3 73 K simulations could not differentiate the effect of increasing Gly-mutations on 

protein stability. It can therefore be said that a 10 ns, 373 K simulation is insufficient to provide 

meaningful information on protein stability. Longer simulations on the order 1 00s of ns at 3 73 K 

may provide more meaningful information on protein stability, however, due to the computational 

resource constraint such simulations were not pursued. 

T-grad simulations 

T-grad simulations were performed to sample conformations at temperature between 298 K and 

363 K. These are the longest simulations performed in this study and as expected the BB RMSD 

and maximal core SCD increased for the 3 simulated designs. The two 3rd generation designs 

h2AGb and h2AGaGb exhibited higher maximal BB RMSD and maximal SCD values than 

DRNN. This also holds true for values calculated up till T1 12 . Upon inspection of the BB RMSD 

distributions, (Figure C3) one can see broader distributions for the 3rd generation than for DRNN. 

Since coverage is incomplete, one cannot say for certain if the broadness will decrease if one 
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simulates the 1st and 2nd generations. However, since the Gly mutations are additive it may be 

possible to correlate broadness of alternative configurations and the number of Gly mutations. 
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Figure C3. T-grad Backbone RMSD as a function of target temperature (above) and backbone RMSD 
histograms (below) for DRNN and the Gly-rich bundles (Figure C2, Table C2). Tmin, T112, Tms(when available 
and in the range of sampled temperatures), and Tmax are labeled. (A) The simulation of DRNN sampled 
mostly conformers leading to 2 Adeviations in backbone positioning. After the simulation reached reaching 
approximately 358 K started to sample conformers with> 5 Abackbone deviations. (B) The simualation of 
h2AGb sampled mostly conformers leading to 6 Adeviations in backbone positioning. At 323 K the sampled 
conformers strays far from the native design model. (C) The simualation of h2AGb sampled mostly 
conformers leading to 2.6 A deviations in backbone positioning. After the simulation reached reaching 
approximately 350 K started to sample conformers with > 5 A backbone deviations. BB RMSD values 
appear to plateau around Tms. 

The number of core residues with Xi S ~ 0.7 for the three simulated designs nearly doubled 

from the values recorded from the 10 ns, 298 K simulations. DRNN, the most stable design, (see 

section C3) had a comparable number of core residues with x1 S ~ 0.7 when compared to h2AGb 

and h2AGaGb. However, the maximum core SCD of DRNN is only about half that of h2AGb. 

Design h2AGb experienced a loss ofhelicity (Figure C4). This loss ofregular secondary structure 
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(see Figure C4) caused the high core SCD without majorly increasing the number of core residues 

withx1 S ~ 0.7. The design h2AGb has an extremely low total AGADIR score in comparison with 

DRNN. There the loss in helicity was to be expected. The unfolded design, (h2AGaGb) had the 

highest amount of core residues with Xi S ~ 0.7. The Xi S core,avg values for DRNN and h2AGb are 

comparable, while the value for h2AGaGb is lower. In addition, the total AGADIR score is only 

slightly higher than that of h2AGb it was therefore unexpected that the simulation didn' t sample 

conformations in which there is a substantial loss in helical character. 

A B C 

Figure C4. Ribbon drawings of h2AGb at selected temperatures where loss of regular secondary 
structure is apparent. The N terminus (Helix 1) is colored blue, helix 2 is dark green, helix 3 is light green, 
and the C terminus (helix 4) is red. (A) h2AGb at 328 K. (B) h2AGb 358 K. (C) h2AGb at 363 K. 

From the data provided in Table C3 it can be seen that the T-grad simulations were unable to 

provide meaning information on overall protein stability. However, the correlation between total 

AGADIR score and the loss of helical character present in the T-grad simulation ofh2AGb seems 

plausible. It may be that through a slower rate of heating and thereby a longer simulation length, 
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one may be able to see a loss of helical character in h2AGaGb. It is also just as likely that a total 

AGADIR score of - 4 is low enough that regular secondary structure loss can occur relatively 

quickly. 

Adaptive flooding simulations at 298 K 

Adaptive flooding simulations of the Gly-rich bundles show, in some cases, more than moderate 

increases in BB RMSD and core SCD. Namely, h2Ga, h2Gb, h2V, and h2AGaGb exhibit at least 

2 A deviations in BB RMSD from the 298 K simulations. The other designs have maximal BB 

RMSD and core SCD values that are comparable to those reported for the 298 K non-adaptive 

flooding simulations. Generation 2 had the largest number of designs with high maximal BB 

RMSD. The unfolded design h2AGaGb, had the highest maximal BB RMSD however, designs 

such as h2V which is known to be stable also had a high BB RMSD value. There this finding is 

likely insignificant. 

Moderate increases in the number of core residues with Xi S ~ 0.7 can be seen during the AF 

simulations of the Gly-rich bundles. Generation 2 had the largest number of designs with a high 

number of core residues with S ~ 0.7. In contrast to the somewhat larger number of core residues 

with X1 S ~ 0.7, the X1 S core,avg values do not differ significantly from what was reported in the 298 

K simulations. This holds true for all simulated Gly-rich designs except h2Gb and h2AGaGb, 

which see a substantial decrease in their X1 S core,avg values. This finding agrees with what was 

reported for the T-grad simulation of h2AgaGb. It is plausible that the core of this protein is 

undergoing conformational exchange. 
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C3. Comparison of MD simulations results with insights from biophysical 

characterization 

MD simulations were compared with !::.G 0 of unfolding measured at 298 K by Global Gibbs 

Helmholtz analyses45 conducted in the group of Dr. Kuhlman. Furthermore, comparisons were 

made between simulations and information on the foldedness at 298 K inferred from 2D [15N,1H] 

HSQC spectra and slow conformational exchange processes in core registered in methyl 2D 

[1 3C,1H] HSQC spectra. The NMR spectra were recorded by Dr. Pulavarti and Mr. Maderer in Dr. 

Szyperski's group. 

Table C3: Gly-rich bundles: experimental characterization of stability 

Insight on stability
Foldedness

Design 
a 

b /::i.G o/Tms ~rom t:i.G 0 

K:(M, Sor U) 

I- DRNN F 16.2/400 ss 

h1 F 10.2/399 s ...... 
C) 

h2 F 12.5/386 s 
h2Ga F 3.7/371 s 

N 
h2Gb F 4.8/381 s 

C) 
h2A F 1.9/370 M 

h2V F 12.7/423 s 
h2AGa F 1.3/335 M 

h2AGb F 0.5/336 u 
(") 

C) h2AGaGb u <O u 

h2GaGb F 1.6/365 M 

a F and U denotes folded and partially unfolded, respectively, as inferred from 2D [15N, 1H] HSQC at 298 K. 
b t:i.G 0 was measured at 298 K and is in kcal * mol-1, Tms is in Kelvin. c 1 ~ t:i.G 0 ~ ~3 kcal * mo1-1 is 
considered marginally stable (M), otherwise it is considered stable (S). c U denotes that the protein is 
unfolded. 
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Comparison with foldedness inferred from 2D [15N,1H] HSQC 

2D [1 5N,1H] HSQC spectra recorded at 298 K revealed that DRNN and the Gl designs, the G2 

designs, and the G3 designs with the exception ofh2AGaGb are all folded. As discussed in the 

previous section none of the performed simulations were able to determine which design( s) would 

be unfolded. 

Comparison with ll.G 0 of unfolding at 298 K 

Proteins which /J.G 0 above - 3 kcal * moi-1 were classified as 'stable', while proteins with /J.G 0 

between 1 and - 3 were classified as 'marginally stable'. DRNN is highly stable, while h2AGa is 

at the low end of the stable regime. Table C3 shows that the /J.G 0 of the Gl designs hl and h2 are 

highly stable. G2 consists of the highly stable h2V, designs h2Ga and h2Gb which are on the lower 

end ofthe stable regime (with /J.G 0 values nearly five times lower than DRNN) , and the marginally 

stable design h2A (with a /J.G 0 value nearly nine times lower than DRNN). G3 hosts two 

marginally stable designs h2Aga and h2GaGb, one unstable design h2AGb, and one unfolded 

design h2AGaGb. 

The 10 ns, 298 and 373 K, and the Adaptive flooding simulations were not able to provide 

meaningful insights on protein stability. One would expect an anti-correlation between maximal 

BB RMSD and SCD and protein stability. However, data from Table C2 suggests that this is not 

the case. 
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IV. Conclusion 

The primary focus of the research presented in this thesis was to implement, explore and compare 

MD protocols using the GROMACS program package in order to determine if proteins designed 

by the ROSETTA program package are stable. As well as, determining relevant methods to 

analyze MD trajectories. Specifically, protocols to simulate thermal unfolding by applying a 

temperature gradient during the simulation and protocols to employ the ' adaptive flooding ' 

approach were established along with protocols for efficient analysis of MD trajectories. The 

accelerated sampling techniques, T-grad and AF, were chosen due to their ability to be naturally 

implemented in GROMACS. Due to limitations of computational resources relatively short 

simulations were conducted as an exploratory measure. Currently, computational infrastructure 

has been put in place to allow researchers to run the aforementioned accelerated sampling methods. 

The results of the MD simulations were compared with insights obtained from biophysical 

characterization using Nuclear Magnetic Spectroscopy (NMR) and Circular Dichroism (CD). 

Using in silica methods to predict whether a protein will fold upon expression is certainly a 

difficult challenge which is being actively researched. Therefore, it is not surprising that for the 

Gly-rich and core hydrogen bond network bundles the simulation methods were unable to give 

any meaningful insights on protein stability. That being said, the AF protocol was able to single 

out the unfolded " underpacked" hydrophobic core design UPI 7669 (see Section A2; Table A2). 

This shows that the AF protocol is promising for the 'underpacked ' hydrophobic core bundles and 

should be further pursued. 
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MD was also shown to be a valuable tool assess the stability of the hydrogen bond networks in 

the core hydrogen bond network bundles (see Section B4). The 10 ns, 298 K simulations picked 

up on the differences ofhydrogen bond network stability of the designs. For two designs HBNETl 

and HBNET6 had highly populated hydrogen bonds between network residues. The crystal 

structure of these designs showed that their hydrogen bond network was present as determined in 

the design model and MD. 

Future work 

There are many ways to proceed however, what is clear is that longer simulations than 10 or even 

180 ns are necessary to see the onset of unfolding. Therefore, there is a need for additional 

computing resources. As such, an XSEDE application was submitted requesting ~ 20,000 GPU 

hrs. The extra computing resources would be a valuable asset for accomplishing longer simulations 

and would free up the locally available resources at the Center for Computational Research (CCR) 

for testing optimizing old and testing new MD protocols. 

As stated earlier, the AF protocol is a promising way forward for the 'underpacked' 

hydrophobic core bundles. AF relies heavily on generalized coordinates, which for our purposes, 

were taken from 10 ns, 298 K simulations. It would be worthwhile to compare results of AF when 

generalized coordinates are taken from 50 to 100 ns simulations. The temperature and flooding 

potential can also be varied to gamer greater accuracy. 

The accelerated sampling methods that this presentation outlined are only a fraction of what is 

available. As such, it is imperative to continue trying out different methodologies. One such 
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protocol that is of interest is the extended canonical ensemble47 
. Instead of linear increasing 

temperature, Monte carlo walks are taken through temperature space. 

As stated earlier, the AF protocol is a prom1smg way forward for the 'underpacked' 

hydrophobic core bundles. AF relies heavily on generalized coordinates, which for our purposes, 

were taken from 10 ns, 298 K simulations. It would be worthwhile to compare results of AF when 

generalized coordinates are taken from 50 to 100 ns simulations. The temperature and flooding 

potential can also be varied to gamer greater accuracy. 
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