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Optimizing potentials for the inverse protein folding problem

Ting-Lan Chiu® and Richard A.Goldstein'-23 the database-derived potential and the true potential but is
rather due to the fact that nature uses the true potential to
select the best structure for a sequence rather than the other
way around (Sippl, 1993; Crippen and Maiorov, 1995; Crippen,
*To whom correspondence should be addressed 1996). An illustration of this point is given by Figure 1, which
Inverse protein folding, which seeks to identify sequences shows the energy of two sequences, 1 and 2, in two different
that fold into a given structure, has been approached by structuresA andB. It is generally assumed that proteins obey
threading candidate sequences onto the structure and the ‘thermodynamic hypothesis’, that the native state represents
scoring them with database-derived potentials. The the state of lowest free energy (Anfinsen, 1973; Govindarajan
sequences with the lowest energies are predicted to fold and Goldstein, 1998). In this case, sequence 1 would fold into
into that structure. It has been argued that the limited  structure A while sequence 2 would fold into structui
success of this type of approach is not due to the discrepancy There is no similar hypothesis that states that $bquence
between the scoring potential and the true potential but is  with the lowest energy in a given structure would necessarily
rather due to the fact that sequences choose their lowest- fold into that structure. In this example, sequence 2 would
energy structure rather than structures choosing the lowest-  fold into structureB although sequence 1 has a lower energy
energy sequences. Here we develop a non-physical potential in this structure. Because of this reason, even a perfectly
scheme optimized for the inverse folding problem. We accurate energy function may not be adequate for inverse
maximize the average probability of success for a set of folding. As an example, Crippen used a two-dimensional
lattice proteins to obtain the optimal potential energy  square lattice model involving two residue types to show that
function, and show that the potential obtained by our even if the true energy function was known in advance,
method is more likely to produce successful predictions sequence identification using the true energy can yield only
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than the true potential. . ' _ limited success (Crippen, 1996).
Keywords contact potential/lattice proteins/sequence recogni- While the thermodynamic hypothesis gives the structure
tion/structure recognition/protein folding prediction problem a conceptual basis absent in the inverse

folding problem, there is a rough symmetry from a machine-
learning point of view. There have been a number of approaches
introduced to develop optimal energy functions, that is, func-
Introduction tions that are optimized for protein structure prediction rather

There has been much effort expended in developing method8@n for physical-chemical accuracy (Crippen, 1991; Maiorov
to predict the structure of a protein based on its amino aci@"d Crippen, 1992; Goldsteiet al, 1992a,b; Mirny and
sequence. While there is still not a general solution to thisohakhnovich, 1996; Chiu and Goldstein, 1998). It may be
problem, progress has been made in the more limited prome,gossmle to optimize a potential for accuracy in inverse fo_Idmg
of fold recognition, identifying whether a given sequence foldsthat may actually work better than the true energy function.
into a previously observed structure. One complication is that According to the approach developed by Wolynes and co-
it is not necessarily true that the structure of this sequence ha¥orkers, the optimal energy function for structure prediction
been previously observed. is the one that maximized the energy difference between the
Eisenberg and co-workers developed a different approacfnergy of the target protein in its correct structure versus the
to this problem, called the ‘inverse folding problem’ (Bowie average energy of the same protein in random structures,
et al, 1991). Can we find the sequences in the database thBprmalized by the distribution of energies of the random
fold into a particular protein structure? A related questionstructures—a quantity that they called ‘R’ (Goldst@nal,
involves designing a sequence to fold into a given structurd992a,b). For a set of training proteins, they derived the energy
(Shakhnovichet al, 1991; Yue and Dill, 1992; &i et al, function that maximized the average energy difference divided
1994a; Godzik, 1995). The general approach to this problerhy the average distribution of energies of the random structures,
has been to thread each sequence in the database onto ¢héormulation that allowed for a closed-form solution. Later
given structure, and to use a database-derived potential work improved on this approach by including the presence of
score the sequence. The sequences with the lowest energiggrelations in the energy landscape and the effect of the
calculated with this potential are predicted to fold into theenergy potential on the conformations sampled at a finite
target structure. Generally potentials developed for structurtemperature (Hao and Scheraga, 1996; Koretkal., 1996).
prediction are also used for inverse folding, the rationale being In their formulation of the inverse folding problem,
that fold recognition and sequence recognition both deal witlEisenberg and co-workers measured the significance of a match
the compatibility of a sequence with a structure, and thereforby calculating the gap between the energy of the correct
what works for one should also work for the other. sequence in the given conformation compared with the distribu-
Sippl and Crippen have argued that the limited success dfon of the energies of random sequences in the same conforma-
this type of approach is not due to the discrepancy betweetion, a quantity which they designated as the ‘Z-score’ (Bowie
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et al, 1991), using the standard notation used to evaluate %

sequence—sequence alignments (Doolittle, 1981). In later work

investigating the properties of protein sequences and their P(E, >Efys) = o7 (E) dE (1)
ability to fold, Shakhnovich used the term ‘Z-score’ to charac- Ns

terize the distribution of energies of a given sequence in a

[os}

variety of conformations, in the same sense as Wolynes' ‘R’. 1 (E, — Emy?2

Shakhnovich then developed a variation on the R/Z-score - A

optimization procedure for structure prediction by maximizing = Vem, L, ©XP 2r2 dg
NS

Zy,
0.5+ 0.5 erf(—_)
V2

the harmonic average of the R/Z-score over a training set of
proteins, a procedure that gives greater weight to the proteins
that are hardest to predict compared with the earlier Wolynes
formulation (Mirny and Shakhnovich, 1996). More recently,
Chiu and Goldstein developed an approach that optimizes the
average success rate (Chiu and Goldstein, 1998). This avewhereZ,, the Z-score for conformatiom, is
aging procedure concentrates on the protein conformations  =n em
with intermediate R/Z-scores rather than the ones with Zyn = (BT —ER/M -
extremely low or high R/Z-scores, thus neglecting the protein |n order for us to be successful in correctly predicting the
conformations whose predictions are either hlgh'y unIiker Orsequence from among th¢ incorrect alternativesall of the
overly easy. other sequences have to have energy greaterBEfanP(S.),

Here we describe the development of a non-physical poterthe probability of ‘success’ for conformatiam, is given by
tial optimized for the inverse folding problem, based on our N
modification of the R/Z-score optimization criterion described PS)=lo5+05 er({i)) @)
previously (Chiu and Goldstein, 1998). Following the approach ' ' V2
of Thomas, Dill and Crippen, we generated a synthetic database . ) - )
of random sequences and their corresponding native stat&®r a single conformation the probability of success is a
where the true energy function was specified in advancé&onotonically increasing function of Z-score, so the optimal
(Crippen, 1996; Thomas and Dill, 1996). We derived the€nergy function is the_ one that maximizes tr_ns quantity. For
optimal energy function for inverse folding using our method,an ensemble of proteins, we are interested in generating the
and compared true and optimal energy functions in thei,larges_t po§5|ble number of correc@predlctlons. This corres_po_nds
performance in identifying sequences corresponding to thed® optimizing the average probability of success. We maximize
structures. In general, we find that our approach of optimizingp (S,)0= [(0'5 +05 erf( Zm ) ) [J the average probab-
the average probability of success generates potentials that are V2
more likely to be successful at predicting the sequences dfity that the energy function would yield a correctly identified
non-database proteins than the true potential. sequence.

The use of multiple notation has led to some confusion. In
this paper, we use the term ‘Z-score’, as it was the first term
used explicitly for the inverse folding problem, as well as theResults
general notation used in statistics for quantities of this type. o gatabase was constructed consisting of 1000 27-residue

proteins made up of random amino acid sequences. These
Materials and methods proteins were assumed to fold into one of the 103 346 possible
. . _ self-avoiding walks on a :83x3 three-dimensional cubic

The method for generating an optimized energy potential f0f e \where the distances between adjacent residues are all
inverse folding is similar to our previously described method¢ it length. A contact exists if two residues are on adjacent
of optimizing an energy potential for fold recognition (Chiu gjeq byt not adjacent in sequence. It was assumed that the
and Goldstein, 1998). We are gen_erally interested in [:_)redicting,ue energy function for these lattice proteins was the one
_the sequence that folds into native state conformatiohy developed by Miyazawa and Jernigan (MJ), which implicitly
identifying the correct sequencafs from a large set oN  jncjydes the effect of interactions between the protein and the
possible sequencesS{}. We do this by calculating E¥'},  solvent (Miyazawa and Jernigan, 1985). Using this interaction
the energy of every sequendein protein conformationm  notential, we were able to calculate the energies of all possible
using some specified energy functish We then choose the compact conformations for every sequence. The conformation
sequence with the lowest energy as the sequence likely to folgith the lowest energy is the correct native structure for that
into that structure. We choose COfreCtly Oﬂly if the |0W€Stparticu|ar sequence. The 1000 different sequences corre-
energy sequence, computed using is indeed the correct sponded to 992 unique native states. To simplify the problem,
sequence, or alternatively, if every incorrect sequence is high&fe discarded eight sequences so that there is only one correct
in energy. The question is, what is the best energy function tgequence for each conformation in the database.
use for this application? As the interactions are assumed to be symmetric, the energy

Let us assume thain(E), the distribution of energies of function is specified by the 210 contact potentials representing
the random sequences in conformatiom is a Gaussian all possible pairs of amino acids. As only relative energy
centered aET with standard deviatiofi ,,, while the correct levels are relevant, and all possible structures have the same
sequence has ener@{s. The probability that any individual total number of contacts, adding or multiplying a constant to
random sequence with enerdy drawn fromp,(E;) has an the derived potentials will not change the result. It is therefore
energy larger than that of the correct sequence is given by necessary to eliminate two degrees of freedom to obtain a
750



Optimized potentials for inverse protein folding
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Fig. 1. Energy diagram for two proteins. Based on the ‘thermodynamic Fig. 3. The fraction of proteins in the training set with probability of
hypothesis’, sequence 1 folds into structésewhile sequence 2 folds into success higher than cut-off,p calculated using the optimal potential (—)
structureB. An inverse folding approach based on an accurate energy and MJ potential (— — ).
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"real" potential Fig. 4. The fraction of proteins in the test set with probability of success
higher than cut-off B;; calculated using the optimal potential (—) and MJ
Fig. 2. Optimal potential derived by our approach compared with the potential (— — -).

‘correct’ MJ potential.

The purpose of our optimization procedure is to maximize
unique set of optimal potentials. We did this by setting twoour ability to predict the correct sequences of proteins of given
interactions equal to their corresponding MJ potentials andtructures. In order to compare optimal potential with MJ
optimizing the other 208 interaction potentials. A trial potential potential, we generated a second independent database of 1000
energy function was chosen at random. For each structure, thest proteins with their 991 different corresponding native
Z-score was calculated by determining the average and standasthtes. Our potential yields the higher success rate of 64.0%,
deviation of the energies of the random and correct sequencesmpared with a success rate of 48.7% for MJ potential. The
when folded into that structure, and the probability of a correcfraction of the test set proteins with a probability of successful
assignment was calculated using Equation 2. This probabilitydentification greater than any cut-off is shown in Figure 4.
averaged over all 992 observed structures, was optimizeds can be seen, optimizing the average probability of success
using a sequential quadratic algorithm (EO4UCF) of the NAGfor the original training set of proteins increases the probability
software package (Numerical Algorithms Group Ltd, Oxford, that proteins in the test set will have their sequences correctly
UK), similar to the SOL/NPSOL subroutine described by Gill predicted, compared with the use of the true energy function.
and Murray (1974). The values of the optimized potentials Not all amino acid sequences represent possible proteins.
compared with the original MJ potentials are shown in Figure 2In order to be viable, proteins must be able to fold rapidly

We then computed what fraction of these proteins wouldenough and be sufficiently stable to avoid irreversible processes
have their correct sequence selected using both the optimizesich as aggregation and proteolysis. The set of lattice proteins
potential and MJ potential. Our potential yields the higherdescribed above, representing random sequences, is somewhat
success rate of 70.6%, compared with a success rate of 50.2%realistic in that the majority of them are unlikely to corre-
for the ‘true’ MJ potential. We also calculated the Z-score forspond to foldable proteins. Theoretical and computational work
each protein in the database with both energy functions, andas suggested that the ability of a protein to successfully fold
calculated the probability of a successful prediction usingnto its native state is dependent on the ratio between the
Equation 2 withN = 992. The fraction of these training set energy gap separating the native state and the average of the
proteins with a probability of success greater than any cut-offion-native states and the standard deviation in the energies of
is plotted in Figure 3. these non-native conformations, corresponding to the original
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Wolynes R-score (Goldsteiret al, 1992a,b; 8li et al, predictability and non-predictability that allows us to maxim-
1994a,b). In order to construct a more biologically representatally increase the overall rate of success.

ive test of the various methods, we constructed a second data
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specific structure. We can achieve greater accuracies in the
inverse folding problem by developing an optimized scheme
so that the correct sequence would have the lowest potential
relative to the other sequences.

In this paper, we find the optimal potential for inverse folding
problem based on a set of database proteins. Specifically, we
developed an expression to directly quantify the probability
of success in predicting protein sequences. Our method is
generalized to a larger heterogeneous database, containing
some proteins that may be easier to predict than others. We
maximized the average probability of success aiming to predict
as many proteins as possible, providing more accurate energy
parameters that are more likely to generate accurate predictions.

It is unlikely that we will soon have a general and compre-
hensive method for either protein structure prediction or inverse
folding. Rather, we can concentrate on extending the number
of proteins whose structure can be predicted. For the hardest
proteins to predict with low Z-scores, where the probability
of a successful prediction is small, increasing the Z-scores will
not greatly increase the probability of a successful prediction.
Conversely, in those cases where the Z-score is high and
confident predictions can be made, further optimization is not
warranted. Our method concentrates directly on proteins whose
predictions is challenging but not impossible. It is exactly
this ability to focus on the proteins at the border between
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