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Proteins

Amino acids without peptide bonds. Amino acids with peptide bonds.

— Amino acids are the building blocks of proteins.



Proteins

Both figures show the same protein (the bacterial protein L). The right figure also
highlights the secondary structure elements.
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Space, Time, Energy

Unwinding of DNA helix

Synthesis of a protein

Hinge motion in proteins
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Non-Bonding Interactions

Amino acids of a protein are joined by covalent bonding interactions. The polypep-
tide is folded in three dimension by non-bonding interactions. These interactions,
which can easily be disrupted by extreme pH, temperature, pressure, and denatu-
rants, are:

e Electrostatic Interactions (5 kcal/mol)
e Hydrogen-bond Interactions (3-7 kcal/mol)
e Van Der Waals Interactions (1 kcal/mol)

e Hydrophobic Interactions (< 10 kcal/mol)

The total inter-atomic force acting between two atoms is the sum of all the forces
they exert on each other.
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— The ®-value is defined as the ratio AAGT.p/AAGNp-



Energy Profile

e If the part of the protein that contains the mutant amino acid is fully structured
in the transition state, we have AAGt.p = AAGp.p, and hence ¢ = 1.

e If the part of the protein that contains the mutant amino acid is equal in dena-
tured and the transition state, we have AAGt.p =0, and hence ¢ = 0.

Chevron Plots
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More Chevron Plots
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Some Simulation

Some More Simulations
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Some More Simulations
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Phi-Value Estimation
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Phi-Value Estimation
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Phi-Value Estimation

Instead of using the Delta-method to estimate the variability in ®, we could also
study the ratio of two normally distributed, correlated random variables.

- - _ E[AAGH)] AAGro
Note that we are interested in ¢ = ElARCu] #+E [—A/A\GNJ though.

This has been addressed in the past, for example by Marsaglia (JASA, 1965).
And Hinkley (Biometrika, 1969).

And Hinkley (Biometrika, 1970): “Dr G. Marsaglia has kindly pointed out that my
remarks concerning his standardized ratio Z are obviously incorrect .. ."

And 28 years later, on mathforum.org . ..

Phi-Value Estimation

G. Marsaglia, September 2 1998:

http://mathforum.org/epigone/sci.math.num-analysis/vorsnouble

“ The ratio of correlated normal variables has been the topic of several postings
in the last few years. Not surprisingly, questions about the distribution of such a
ratio have arisen in the past, and they have been dealt with in various ways. | wish
to relate here my experience with this problem and my encounter with the old-boy
network of British journals of the 50’s and 60’s ... “

“ ... This elementary point was apparently beyond the ken of Hinkley and the
Editors of Biometrika, who permitted publication of a paper by Hinkley (Biometrika
v56, 635-639) repeating most of the results of my earlier paper ... *

“ ... After hearing of Hinkley’'s paper | wrote to Professor Cox, Editor of Biometrika,
with a note spelling out details of the linear transformation and asking for a retrac-
tion or a correction. | received neither, ... "



Evolution and Folding Kinetics

Are amino acids in proteins conserved because of folding kinetics?

To what extent does natural selection act to optimize the details of protein folding
kinetics? Is there a relationship between an amino acid’s evolutionary conservation
and its role in protein folding kinetics?

Some comments:

e Our studies of sequence conservation among residues known to participate
in the folding nuclei of all of the appropriately characterized proteins reported
to date have not provided any evidence that highly conserved residues are
more likely to participate in the protein folding nucleus than poorly conserved
residues.

e This is in contrasts to some of the beliefs stemming from theoretical considera-
tions (good science, good people).

e Thisis also in contrast to the conclusions certain people drew from experimental
data (really aweful statistics).

e These people do not like us.

Radius of Gyration of Denatured Proteins

Do chemically denatured proteins behave as random coils?

e The radius of gyration R, of a protein is defined as the root mean square dis-
tance from each atom of the protein to their centroid.

e For an ideal (infinitely thin) random-coil chain in a solvent, the average radius
of gyration of a random coil is a simple function of its length n: R, oc n%>.

e For an excluded volume polymer (a polymer with non-zero thickness and non-

trivial interactions between monomers) in a solvent, the average radius of gyra-
tion, we have R, o n®°8 (Flory 1953).

— The radius of gyration can be measured using small angle x-ray scattering.



Radius of Gyration of Denatured Proteins
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Deviations from Random Coil Behaviour

Are there site-specific deviations from random coil dimensions?

Forster Resonance Energy Transfer enables us to measure the distance between
two dye molecules within a certain range. This can be used to study site-specific
deviations from random coil dimensions in highly denatured peptides.
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We have two underlying distributions for
the green and red photons:
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e One stemming from a peptide only
having a donor dye.

e One stemming from a peptide being
properly tagged with a donor and an
acceptor dye.

Assume a photon has probability p, of be-
ing red in the former situation, and p; in
the latter.
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Deviations from Random Coil Behaviour

Assume we observe n; photons at time point ;. Then the number of red photons
is simply Bernoulli(n;, p;), where p; is either p, or p; . Assume that the probability
of observing photons from a peptide without an acceptor dye at any time is p,
independent of the total number of photons observed. Let X be the number of red
photons. Then

P(X =x;n;) = P(X = x;jni, po) X p+ P(X = z4|ng, p1) X (1 —p)
ni\ . —— i\ g, ni—;
= (x,)po’(l—po)’ ‘Xp+ (x)pl (1 =p)"™™ x (1-p),

and hence

N
;i\ o —— i\ g, ni—T;
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