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Abstract 

An EPR competition formalism is developed which provides relative affinities of proteins for nucleic acids. 
Two models for analyzing protein-nucleic acid interactions, one assuming independent binding sites (Model 1) 
and the other considering site overlap (Model 21, are examined with respect to their validity and limitations. 
The models are employed to derive affinity ratio relationships which are used to calculate the relative affinities 
of gene 32, gene 5, and SSB proteins for various nucleic acids. It is determined that although Model 2 must be 
used when determining absolute binding constants, by taking the ratio of binding constants the site overlap 
becomes unimportant under conditions of moderate to high cooperativity and relatively small site size. This 
allows Model 1 to considerably simplify binding analyses. Both models are applied to the single-strand binding 
proteins of bacteriophage T4 gene 32, bacteriophage fd gene 5, and the Escherichia coli ssb gene, and the 
results are compared. 

Keywords: Competition formalism; Nucleic acid binding affinities; EPR measurements; Nucleic acid binding proteins; Linear lattice 
models 

1. Introduction 

Many cellular mechanisms involving nucleic 
acids, as well as alteration of these mechanisms 
through drug binding, proceed by way of nonspe- 
cific ligand-nucleic acid interactions. A variety of 
techniques have been used to study interactions 
of this type [1,2]. It has been found that although 
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a ligand may bind nonspecifically, it may still 
exhibit base preference. For instance, gene 32 
protein of bacteriophage T4 regulates it own syn- 
thesis by maintaining a difference in affinity for 
DNA and RNA. Gene 32 protein preferentially 
binds all available single-stranded DNA and then 
binds to its own mRNA, thus repressing its pro- 
duction [3]. EPR competition experiments with 
spin-labeled nucleic acids have been used to de- 
termine the relative affinities of various nucleic 
acids for the single-strand binding proteins of 
bacteriophage T4 gene 32, bacteriophage fd gene 
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5, and the Escherichia coli ssb gene [4-71. These 
proteins perform various functions involved with 
nucleic acid replication, recombination, and re- 
pair by binding tightly to nucleic acids in a highly 
cooperative manner. In general, the EPR compe- 
tition approach is applicable to other types of 

ligands as well. For example, oligonucleotides 
exhibit the same type of multiresidue binding that 
proteins do. The spin-labeled systems are ana- 
lyzed empirically by taking advantage of their 
EPR signatures in the form of digitized spectral 
arrays. Linear combinations of EPR signatures of 
a spin-labeled nucleic acid with and without pro- 
tein indicate the degree to which the labeled 
lattice is saturated. 

Characterization of binding thermodynamics 
on a microscopic scale is generally accomplished 
by applying a model to the analysis of experimen- 
tal binding data. Scatchard’s method 181 has been 
useful for many systems consisting of indepen- 
dent binding sites which do not overlap. How- 
ever, the potential binding sites overlap for large 
ligands which bind nonspecifically. The resulting 
multiple-contact binding requires more elaborate 
methods of analysis. A number of linear lattice 
models have been developed using various theo- 
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retical methods [9-U]. The conditional probabil- 
ity approach of McGhee and von Hippel 1111 has 
been particularly popular due to its mathematical 
simplicity and to the intuitive insights it provides. 

In contrast to methods using linear lattice 
models, the EPR competition approach described 
here is generally used in conjunction with a 
Scatchard-type model and provides the relative 
affinities of nucleic acids for a protein [5]. Be- 
cause this method involves taking the ratio of 
apparent binding constants rather than attempt- 
ing to obtain absolute binding constants, it will be 
shown that the assumption of independent bind- 
ing sites can be retained under certain conditions. 
In particular, we show that the Scatchard-type 
method is valid for binding systems displaying 
moderate to high cooperativity and relatively 
small binding site sizes. The main strength of this 
approach is that the parameters needed for the 
calculations are closely tied to experimental re- 
sults. Two models will be developed in order to 
contrast a Scatchard-type approach (Model 1) for 
determining the number of free binding sites on a 
lattice with the linear lattice model of McGhee 
and von Hippel (Model 2). It is determined that 
although Model 2 is more versatile than Model 1 

Fig. 1. Schematic representation of a pair of competition experiments where competitor lattices A and B strip the protein off of a 
spin-labeled lattice (SJ. The quantity of competitor needed is inversely related to its affinity for the protein. 
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in its ability to handle any degree of cooperativ- 
ity, Model 1 is more versatile when either sec- 
ondary structure or different classes of binding 
sites (i.e. sites with different binding constants) 
are present. Both situations can readily occur 
when performing binding experiments with sin- 
gle-strand binding proteins. After a general com- 
parison, data from competition experiments with 
gene 32 [S], gene 5 [61, and SSB [71 proteins are 
used to compare results from both models. 
Whereas both models provide comparable analy- 
ses of gene 32 protein, there is a discrepancy 
when they are applied to gene 5 protein. This 
may be due to additional cooperative interactions 
resulting from helical formation of the complex. 
SSB protein has some unique characteristics that 
lead to limitations for both models. 

2. EPR competition approach with a spin-labeled 
nucleic acid 

The EPR competition approach consists essen- 
tially of two steps (Fig. 1). First, spin-labeled 
nucleic acid, S,, is titrated with protein, P, to a 
specific initial fraction of saturation, F,. Second, 
unlabeled competitor nucleic acid, A or B, is 
titrated into the sample. The sites on the unla- 
beled lattice compete with the sites on the la- 
beled lattice for P. The result is that as more 
competitor lattice is added, P is pulled off of S, 
and F decreases until a final fraction of satura- 
tion, F,, is achieved. Since different nucleic acids 
vary in their affinities for a protein, the amount 
of each competitor required to reach a given Ff 
will reflect this difference. In other words, the 
quantity needed of a low affinity competitor will 
be greater than that of a high affinity competitor. 

In order to use EPR to monitor protein- 
nucleic acid interactions, a correlation is needed 
which relates the EPR line shape to the fraction 
of protein bound to the labeled lattice. Ideally, 
the spectrum representing partial saturation will 
be a linear combination of the spectra represent- 
ing free and fully complexed nucleic acid. On the 
molecular level, the question is whether or not 
the bound and free states of sites on the labeled 
lattice will be seen by the nitroxide. If the ex- 

change rate of the protein on and off the lattice is 
slow with respect to nitroxide dynamics, then the 
two states will be resolved as distinct resonance 
peaks [19,20]. If not, then the two states will only 
be seen as an average resonance peak. Since 
nitroxide dynamics are on the order of nanosec- 
onds and protein off rates are several orders of 
magnitude slower (e.g. gene 32 [211, gene 5 [221, 
and SSB [23-25]), it is expected that EPR will 
detect both states. 

A straightforward approach to characterizing 
an EPR spectrum is to measure the ratios of the 
peak heights of the spectral lines. Two commonly 
used height ratios are h+/hO (low field 
line/center field line) and h-./h,, (high field 
line/center field line). These ratios were plotted 
against the ratio of protein to nucleotide to ob- 
serve the resulting relationships [5], and the curves 
obtained from both height ratios were nonlinear. 
Since the shape of the curves did not necessarily 
support a linear combination approach, another 
method of characterizing the spectra was at- 
tempted. Rather than using height ratios, the 
entire line shape was used. The spectra were 
digitized into arrays, and a fraction, correspond- 
ing to F, of the complexed array was added to 
the complementary fraction, 1 -F, of the free 
array to achieve a resultant array [26]. When F 
was plotted against the fraction of saturation 
determined by the amount of protein added, a 
linear relationship was observed at all but the 
highest fractions of saturation (Fig. 2). 

The mathematical definition of F as a fraction 
of the complexed spectrum physically represents 
the fraction of spin-labeled residues along the 
nucleic acid that have been complexed with pro- 
tein. This in turn represents the fraction of total 
nucleotide residues complexed with protein. This 
definition of F is independent of the configura- 
tion of the protein molecules on the lattice (Fig. 
3). Therefore, the experimentally determined 
value of F will be the same regardless of the 
model used to define the protein binding sites. It 
is interesting that the EPR spectrum varies lin- 
early with the amount of bound spin-labeled nu- 
cleic acid. On a microscopic level, one would 
expect a different signal when a protein is sitting 
on a spin-labeled residue than when the protein 
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Fig, 2. Data from competition experiments with polylysine [51, gene 5 [6], gene 32 [51, and SSB [71 proteins illustrating the linear 
relationship between F and [P,]/[.N,]. 

is placed nearby. Thus, it would seem that the 
signal should depend upon protein location on 
the lattices. However, from a macroscopic stand- 
point, the EPR is detecting an average signal 
from an ensemble of lattices in the sample. Each 
lattice will have a somewhat different distribution 
of protein with respect to the label positions 
which are likewise randomly distributed. In addi- 
tion, any protein translocation (e.g. sliding or 
hopping) that might take place will average out 
the spin-label signals. 

Fraction F can be equated to the fraction of 
sites occupied by protein assuming a Scatchard- 
type model of the binding sites: 

F = Ps,/s,t 

where PS, represents the number of binding 
sites occupied by protein, and S,, is the total 
number of binding sites. However, for the pur- 
pose of performing competition experiments, F is 
only used to monitor the amount of protein that 
has been removed from the labeled lattice by any 
unlabeled competitor. Thus, this aspect of the 
experiment does not require taking into account 
the total number of potential binding sites as 
defined by overlap models. 

3. Derivation of the relative affinity ratio 

In order to analyze nucleic acid affinity differ- 
ences quantitatively, it is necessary to derive the 

>?> P )P >Y> > ? ? ? 

P> >? > > Y>Y> ?I ) ? Y >?> ) 
Fig. 3. Two possible configurations of protein on a randomly spin-labeled nucleic acid lattice having the same value of F. 
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equilibrium relationships between the compo- 
nents of the competition experiments. The equi- 
librium that occurs when a protein associates 
with a free binding site, such as: 

P+s*Ps (2) 

is described by an intrinsic binding constant, Kint. 
This reaction has a free energy change, AC& = 
- RT In Ktit , associated with it. If cooperative 
effects occur that influence the equilibrium in the 
form of either interactions between protein 
molecules or conformational changes in the lat- 
tice, then the free energy of binding will include 
an additional term: 

AC” = AC;, + AC&, (3) 

Therefore, the equilibrium is characterized by an 
apparent binding constant which encompasses 
both the intrinsic binding constant and the effect 
of cooperativity: 

K,, = Kint exp( - AG,“,,,/RT) (4) 

If cooperative effects are introduced in the form 
of a cooperativity parameter, o [27], then: 

PSI 
Qw = KdJJ = [p][s] (5) 

When a competition experiment is performed, 
S, is initially titrated with P to a specific Fi. The 
competitor, A or B, is then introduced which 
essentially strips P off of S, until a particular Ff 
is reached. These equilibria are written for a case 
A as: 

PS,* + P + SL, (6) 

P+S,*PS, (7) 

Each of these equations can be described by an 
intrinsic and an apparent binding constant. Sum- 
ming reactions (6) and (7) gives: 

PS,* + s, = PS, + SZA (8) 

An analogous equation can be written for a case 
B: 

PSLB + s, * PS, + SLB (9) 

The equilibrium constants for reactions (8) and 
(9) are: 

[PSA 1 [Sr_J Kapp,, KintAWA 
KA= [PS,*][S,I = < = KinllWL (10) 

where the relationships to the appropriate appar- 
ent and intrinsic binding constants (es. 5) have 
been included. 

Because the affinities of nucleic acids for sin- 
gle-strand binding proteins are so high, the free 
protein concentration is negligible. This was veri- 
fied experimentally by plotting F vs. [P,l/[N,l 
where Pt is the total amount of protein in solu- 
tion and Nt represents the total residues of nu- 
cleic acid. Figure 2 shows data obtained for 
polylysine [51, gene 32 [51, gene 5 M, and SSB [?I 
proteins. Since F represents the ratio of bound 
nucleic acid residues to total nucleic acid residues 
and [P,]/[N,] represents the ratio of bound pro- 
tein to total nucleic acid residues, the plot should 
follow the linear relationship: 

where n is the number of residues occupied by a 
bound protein. Analysis of the data of Fig. 2 
indicates that eq. (12) is obeyed. Thus, in solu- 
tion, P distributes between the labeled sites and 
the competitor sites. The total protein for either 
case is: 

pt = %,B + PSL,,& (13) 

The degree of association of P to each of the two 
lattices in case A is: 

B _ tps*1 
A 

-- 
CPtl ’ 

l--OA=$# (14a,b) 
t 

Likewise, for case B: 

8 = Pa 
B RI ’ 

1 -B,= # (15a,b) 
t 
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Rearranging eqs. (10) and (11) and substituting 
the degrees of association for each case results in: 

(16) 

binding sites available can become complicated 
by overlapping of sites. Therefore, two ap- 
proaches wiI1 be discussed for describing the free 
binding sites as illustrated in Fig. 4. 

3,l Model I 

Since P, and Ff (i.e. PSLA = PSL,) are the same 
in both cases 

1-e*=1-0n 

e,=e, 

Wa) 

VW 

ISL.41 = PLBI (19) 
Therefore, assuming equal sample volumes for 
both cases, the ratio of the binding constants is 
obtained by dividing eq. (16) by eq. (17) and 
simplifying: 

KA SB -=- 
KB s.4 (20) 

Equation (20) is a thermodynamic relationship 
that is model-independent. However, since the 
number of residues bound by a single protein is, 
in general, greater than one, the number of free 

Consider a nucleic acid lattice consisting of N 
residues. If a collection of lattices in a sample is 
homogeneous with respect to size, then every 
lattice will contain approximately the same num- 
ber of residues. A particular protein will have a 
binding site size of IZ residues. Therefore, a fully 
saturated lattice will contain N/n occupied sites. 
In other words, N/n represents the maximum 
number of proteins that can sit upon a particular 
lattice. If there are Nt totaI residues in the sam- 
ple, then N&r represents the maximum number 
of bound proteins that can be present. If the 
binding sites are not considered to overlap, N,/n 
also represents the total number of potential 
binding sites. 

By using n as the number of residues occupied 
by a protein, it is generally assumed that all 
nucleic acid residues of a saturated lattice inter- 
act with protein. However, this will not always be 
the case. The number of residues, n, interacting 

Fig. 4. Schematic illustration of the next three potential binding sites for contiguous binding of a protein with n = 5 as assumed by 
Model 1 and Model 2. 
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with a protein may not be the same as the num- 
ber of residues, it’, covered by a protein. More 
importantly, there may be secondary structure 
present which prevents binding along the entire 
lattice. Even in the presence of helix-destabilizing 
proteins, secondary structure may melt out very 
slowly. During the time of a competition experi- 
ment, which is normally one to two hours, these 
kinetic blocks will prevent complete binding. A 
way to circumvent these probiems is to use an 
experimentally determined stoichiometry rather 
than a fixed site size n. The stoichiometry, s, 
represents the number of nucleotide residues per 
bound protein. The advantage of using s is that 
any unoccupied residues are divided among the 
bound proteins. Therefore, s will be larger than 
n by an amount proportional to the number of 
residues unavailable due to protein or nucleic 
acid structure. Since s is experimentally deter- 
mined, it reduces the theoretical assumptions 
necessary. When s is substituted for n, the total 
number of binding sites becomes N,/s. 

When a protein binds to a homogeneous lat- 
tice, all sites should have the same intrinsic bind- 
ing constant. If a protein is completely nonspe- 
cific when it binds, then the sites along a hetero- 
geneous lattice should exhibit the same affinity 
also. However, in general, single-strand binding 
proteins do show some amount of base specificity 
as seen by affinity differences between lattices of 
varying composition [3-7,28-301. Therefore, the 
intrinsic binding constants will not be equal. Since, 
according to eqs. (10) and (ll), the affinity ratio is 
related to the apparent and intrinsic binding con- 
stants by: 

(21) 

analyses with Model 1 will indicate overall or 
average affinity ratios for heterogeneous lattices. 

The number of free binding sites at any partic- 
ular fraction of saturation equals the difference 
between the total number of sites, S,, and the 
number of bound sites: 

s=s,-PS (22) 

Substituting eq. (22) into eq. (20) and expressing 

S, and PS explicitly yields the affinity ratio rela- 
tionship for nonoverlapping sites [5]: 

(23) 

where (1 - F,/F,) represents the fraction of P 
stripped off of S,. When s =n and nA = nB 
(conditions often met), eq. (23) can be expressed 
in terms of the binding densities, “A and vn 
(moles bound protein/moles nucleic acid 
residue): 

--n 
KA vB -= 
KB l --n 

VA 

While eq. (23) is generally used 
experimental results, eq. (24) will 
comparing Model 1 with Model 2. 

for analyzing 
be useful for 

3.2 Model 2 

In general, site overlap cannot be ignored for 
proteins having a site size greater than one. This 
problem has been examined in detail by McGhee 
and von Hippel [ill for an infinite one-dimen- 
sional lattice for both noncooperative and coop- 
erative binding. For instance, the site for a partic- 
ular protein that binds to a lattice with a site size 
of five may begin on residue number one. But, for 
the noncooperative case, it is just as likely to have 
begun on residues two, three, four, or five. Con- 
sidering overlap, the number of potential binding 
sites on a naked lattice is N - rz + 1. Therefore, 
the first protein to bind to a lattice may begin its 
binding site at any residue except the last n - 1 
residues. This first protein will eliminate 2n - 1 
potential binding sites rather than just one as in 
Model 1. Any protein that binds to an isolated 
site (i.e. both ends of the site are at least n - 1 
residues away from any other bound protein) will 
eliminate this same number of sites. Proteins that 
bind immediately adjacent to other bound pro- 
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teins (assuming that there are at least n - 1 free 
residues at the other end of the protein) will 
remove II potential binding sites. Finally, if a 
protein binds in a gap of n residues between two 
bound proteins, only one site will be eliminated. 
Clearly, the number of binding sites eliminated 
by the binding of a single protein can range from 
2n - 1 down to one depending upon the size of 
the gaps adjacent to the protein binding site. And 
the size and number of gaps will be a function of 
the cooperativity. 

McGhee and von Hippel [ll] derived formulas 
for the number of free binding sites on a lattice 
as a function of binding density, Y, and site size, 
n, for both the noncooperative and cooperative 
cases. These formulas may be substituted directly 
into eq. (20). 

3.3 Model 2 - Noncooperative case 

For the noncooperative case, where the coop- 
erativity, w, is equal to one, the average number 
of free potential binding sites per lattice, NAVg, is: 

NAvg=N(i -nv) [ 1 _l(;l;,.~’ (25) 

The number of lattices in a sample can be repre- 
sented by N/N, therefore total 

The total number of free binding sites 

Substituting eq. (26) into eq. (20) for both cases A 
and B yields: 

The total amount of protein is the same in either 
case. If the same Ff is achieved in both cases, 

then the same amount of protein will be bound to 
the competitor lattices in each case. If p repre- 
sents the amount of protein bound per lattice, 
then: 

PAN,* = PB4, 
NA NB tW 

Rearranging eq. (28) and recognizing that v = 
p/N gives: 

&dNB 'B -= (29) 

Substituting eq. (29) into eq. (27) results in the 
affinity ratio relationship for overlapping sites 
without cooperativity: 

KA 
VA1 -%,[ 1 _;;:;)vBrl -= 

KB 
VB(l -nv*)[ 1 y&J- (30) 

3.4 Model 2 - Cooperatiue case 

When cooperative effects influence binding, 
this must be accounted for in the binding analy- 
sis. If proteins present on the lattice increase the 
affinity for binding of other proteins, this indi- 
cates positive cooperativity where w > 1. If bound 
proteins decrease further binding, negative coop- 
erativity is operating and w is between 0 and 1, 

When cooperativity is considered, the average 
number of free sites on a lattice is: 

N Avg = N( 1 - nV) 
(20-l)(l-nv)+v-R ‘-l 

2( w - 1)(1 - PZV) I 

X 

i 

l-(n+l)v+R 2 

2(1- nv) 1 (31) 

where R = ([l - (n + l>~]’ + 4wv(l - nv)}“’ 
Reasoning analogously to the noncooperative 
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case provides the affinity ratio relationship for 
overlapping sites with cooperativity: 

Ch - l)(l-nv,) +VB-R* n-l 
X 

2( wg - 1)(1 - nYa) 1 
l-(n+l)v,+R, ’ 

X i 2( 1 - nv*) Ii ( 
/ QS(l - %) 

X 
[ 

(2w* - l)(l -nV*) $V*-R* n-1 

2(W*- 1x1 - nv*) 1 
l-(n+l)v*+R, 2 

X 
2(1 -nlJ*) 

Ii 
(32) 

When protein structure (e.g. n f n’) or nucleic 
acid structure (e.g. hairpins) complicates binding, 
then the equations for Model 2 must be modified. 
If IZ’ is different from n, then this adjusted value 
can be substituted for II in the equations with 
minimal error as long as end effects are negligi- 
ble. However, if secondary structure of the lattice 
influences binding, then a different approach 
must be taken. The problem consists of determin- 
ing how the binding of multiple proteins will be 
affected by sites being blocked by various confor- 
mations. The elimination of sites in Model 2 is 
based on the probabilities of gaps forming of 
various sizes which exclude protein binding. 
Therefore, the stoichiometry approach of Model 
1 will not work for Mode1 2. 

An additional concern is that Model 2 consid- 
ers all binding sites to have the same Ki,t. As 
noted previously, this is not generally true for 
single-strand binding proteins. Heteropolymers 
contain different classes of binding sites with 
correspondingly different protein affinities. Con- 
sequently, the probability of binding to various 
sites will not be equal. 

In order to resolve the problems of secondary 
structure and nonequivalent binding sites, an al- 
ternate method can be applied involving the cal- 
culation of macroscopic binding constants [311. 
An outline of the approach will be given here. 

Binding of multiple proteins to DNA can be 
expressed as: 

NA,, + mP + NA,,P, (33) 

for single-strand binding proteins. This equilib- 
rium is described by an overall binding constant 

(34) 

Kbind represents the collective effect of all of the 
apparent binding constants of sites occupied by 
protein. If the individua1 apparent binding con- 
stants can be determined, then they can be com- 
bined to calculate Kbind. 

When DNA is present in the double-stranded 
form, the net equilibrium is: 

WA 1 
&,” = [NAd,][P]m (35) 

The double strand to single strand conforma- 
tional change is described by: 

K co”r = tNA,,]/[NA,,] (36) 

Therefore, the net equilibrium constant is ob- 
tained from: 

(37) 

4. Comparison of the two models 

The main difference between the two models 
resides in the contrasting approaches taken to 
calculate the number of free binding sites. The 
applicability of the models for any given protein 
is mainly a function of the degree of cooperativity 
that occurs. Model 1 requires that there be mod- 
erate to high cooperativity acting in the system, 
while Model 2 can be used for systems displaying 
any degree of cooperativity. 

There are a large number of proteins which 
bind to DNA cooperatively. The cooperative in- 
teractions result in binding sites adjacent to bound 
proteins having a higher apparent binding con- 
stant than isolated sites. This is the formal defini- 
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tion of cooperativity. However, difficulties arise 
when attempting to determine the magnitude of 
w. Following from the formal definition and eq. 
(51, o can be defined as the equilibrium constant 
describing two bound, isolated proteins becoming 
adjacent (Fig. 5). A direct approach for measur- 
ing u is to determine the binding constants for 
protein binding to a polymer (where cooperativity 
can occur) and for binding to an oligomer (where 
only one protein can bind) and taking the ratio of 
the two. However, the binding mode is not neces- 
sarily the same for both of these cases. Thus, an 
o determined by this method could be in error. 

In the statistical thermodynamic approach of 
McGhee and von Hippel, the cooperativity was 
defined as [ 111: 

probability of a bound protein being 
adjacent to another bound protein 

W= 
probability of a bound protein (38) 

being in an isolated position 

By fitting their equation (eq. 15 in ref. [ll]) to 
experimental binding data, a value for w can be 
determined. However, difficulties have arisen us- 
ing this approach as well since the binding equa- 
tion contains three parameters (Kint, n, and w) 
and a unique solution is not necessarily achieved 
[321. A survey of the literature indicates that 
there is no general agreement on the magnitude 
of w. A range of values has been reported for 
gene 32 (200-104) [32-351, gene 5 (50-1000) 

> > 

> > 

II K in1 

[36,6,221, and SSB (50-105) [37,38] proteins. In 
addition, linear lattice models have failed to pro- 
vide a correct analysis of some systems possibly as 
a result of the form of cooperativity assumed 
[36,39,40]. From a practical standpoint, Model 1 
allows for the application of Occam’s razor to 
reduce the theoretical assumptions needed as long 
as there is minimal gap formation and n is not 
too large. 

When positive cooperativity is present, it is 
expected that the lowest free energy state will 
occur when the proteins bind contiguously along 
the DNA strands. An example from a real system 
will indicate the magnitude of w beyond which 
gaps should become insignificant. Competition 
experiments were performed to determine the 
relative affinity of gene 32 protein for various 
nucleic acid lattices [5]. The molecular weight of 
the lattices was between 100,000 and 200,000 
daltons (i.e. 250-500 residues). If a typical lattice 
(ca. 500 residues) is saturated with gene 32 pro- 
tein (n = lo>, it will require about 50 protein 
molecules. A cooperativity of 25 would indicate 
that there were 25 contiguously bound protein 
molecules for every gap. In other words, there 
would be one gap per lattice. A cooperativity 
greater than 25 would indicate that there was less 
than one gap per lattice. This is an important 
point, since most linear lattice models assume an 
infinite lattice. For an infinite lattice, it is possi- 
ble that gap formation will be predicted as a 
result of the contribution of configurational en- 

\ \ 

II KintW 
b 

>>>>--1,.>> 
Fig. 5. Equilibria illustrating the definitions of the parameters Ki,[, w, and Kin,@ = Kap,,. 
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tropy. For proteins binding to an infinite lattice, 
the process can be described by three steps [41,42]. 
The first is a noncooperative nucleation step 
where individual protein molecules bind to iso- 
lated binding sites along the lattice. Second, as 
the protein concentration increases, protein 
molecules will begin to cooperatively bind to singly 
contiguous sites adjacent to proteins which are 
already bound. This will generate clusters of pro- 
tein distributed along the lattice. Finally, the clus- 
ters will redistribute on the lattice to form the 
lowest energy state. This scenario indicates that 
there is the possibility of gaps forming. However, 
for the finite lattices generally used in our com- 
petition experiments, it is unlikely that more than 
one or two clusters of any significant size would 
be present. Gaps that might be present after 

initial nucleation are not observed upon further 
addition of protein. Electron microscopy indi- 
cates that under appropriate salt conditions a 
variety of single-strand binding proteins form long 
clusters without gaps [43-461. These clusters oc- 
cur on some lattices while other lattices remain 
free. This is in contrast to noncooperative systems 
where the protein is equally distributed among all 
lattices. From a functional standpoint, gap forma- 
tion between single-strand binding proteins would 
diminish their effectiveness in maintaining strand 
separation, preventing secondary structure for- 
mation, and guarding against nuclease digestion 
of the single-stranded nucleic acid. 

Under conditions where gaps are insignificant, 
both Model 1 and Model 2 are applicable and 
give approximately the same results. In terms of 

A 

? , ,? , , , , , , 
1,1,1,1,11,1,1,11, 

I sites eliminated in Model I = N, 1 l- sites eliminated in Model 2=N,+n-1 _I 

Fig. 6. (A) Comparison of the number of sites eliminated by Model 1 and Model 2. (B) Illustration of the statistical approach of 
Model 2 considering each lattice to have the same average degree of saturation. (C) Variable lattice saturation as experimentally 

observed by electron microscopy. 
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model parameters, this is demonstrated as follows 
(Fig. 6). The number of free binding sites is 
described by: 

Free sites = Total sites 

- Sites eliminated by protein binding 

(3% 

The sample will consist of a mixture of strands 
some of which possess clusters of protein. Insert- 
ing the parameters for Model 1 gives 

Nt-Nb 
S=-------’ (40) 

n \ / 

where N,,, represents the total number of residues 
bound by protein in the sample. Equation (40) 
determines the free sites for the entire sample in 
terms of total free and total bound residues, not 
on an individual lattice basis. Substituting eq. (40) 
into eq. (20) yields: 

(41) 

It should be noted that by taking the ratio of free 
binding sites for Model 1, the site size PZ cancels 
out. Thus, eq. (41) can be considered to represent 
sites for Model 1 that overlap in a manner similar 
but not equivalent to Model 2 (see below). 

According to Model 2, the number of sites 
eliminated by a cluster flanked by free residues 
will be N, + n - 1, where Nb is the number of 
residues of an average lattice bound by protein. 
One way to obtain this formula is by first consid- 
ering the sites eliminated on a lattice N, residues 
long (i.e. Nb - n + 1 =N,, - (n - 111, and then 
adding the sites eliminated for two ends when 
this lattice is placed in a longer lattice: 

N,-(n- 1)+2(n-l)=N,-tn-1 (42) 

Therefore, the analogous equation for free bind- 
ing sites according to Model 2 is: 

s=[(b’-ntl)-(N,+n-l)](N,/N) (43) 

where NJN represents the number of lattices in 

the sample. Substituting eq. (43) into eq. (20) 
results in: 

KA [(N-n + 1) - (N,fn - l)]a(Nt/N)B -= 
K, [(N-nil)-(N,+n-l)].(N,/N)* 

(44) 

Rearranging eq. (44) gives: 

KA [(N-Nb) -2(n- 1)1BtNt/Nh3 -= 
K, [(N-W -2b - 1)1,&W’% (45) 

The main difference between eqs. (41) and 
(45) is that there are sites eliminated at one end 
of a cluster that Model 1 does not take into 
account (Fig. 6A). Therefore, Model 1 overesti- 
mates the number of free binding sites. However, 
Model 2 also contains an approximation that must 
be considered. Since Model 2 performs a statisti- 
cal treatment of an average lattice, it considers all 
bound protein to be equally distributed among all 
the lattices (Fig. 6B) rather than some lattices 
being complexed with protein and some lattices 
being free (Fig. 60 as observed in binding exper- 
iments with gene 32, gene 5, and SSB proteins 
[43-461. For a collection of lattices consisting of 
equivalent sites, there is an equal probability of a 
protein occupying any site. When statistical ther- 
modynamics is applied to such a system, the 
ensemble will consist of all lattices since every 
lattice is expected to contribute to the ensemble 
average. If interaction occurs between bound pro- 
tein or if the sites become non-equivalent, then 
this will influence the site probabilities, and the 
protein distribution will no longer be random. 
Under these circumstances, the correct statistical 
thermodynamic treatment is to consider the free 
lattices as part of the surroundings and the en- 
semble to only include lattices occupied by pro- 
tein. Violating this principle results in an overes- 
timation of the number of sites eliminated since 
the actual number of clusters is lower due to 
fewer lattices being compIexed. Therefore, Model 
2 will underestimate the number of free binding 
sites. 

If the cluster end effects are negligible, then 
both models will give similar results and eqs. (41) 
and (45) will become equivalent. This condition 
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will hold for Model 1 when the binding density of 
protein on the competitor lattices is not too high. 
Since Model 1 neglects sites at one end of a 
cluster (Fig. 6A), this means that Nt - Nb, (i.e. 
the total free binding sites according to eq. (41)) 
must be large with respect to (n - 1) times the 
nmIIbeT of clusters (i.e. the total number of sites 
at the end of clusters overlooked by Model 1). 
This scenario is reasonable in light of the low 
binding densities generally used in competition 
experiments. For Model 2, the effect of coopera- 
tivity or of non-equivalent binding sites (both 
resulting in clustering) must be taken into ac- 
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count and the infinite lattice assumption must be 
valid. When the difference between the actual 
number of clusters and the number of clusters 
calculated by Model 2 is minimized (e.g. at high 
binding density) or when n is small enough, then 
cluster end effects will become insignificant for 
Model 2. In summary, the application of Model 1 
and Model 2 must be coupled with a knowledge 
of their respective assumptions. Both models 
should give reasonable results when cluster end 
effects are minimal. 

Ribonuclease, which was the first melting pro- 
tein discovered 1471, is an example of a protein 

Fig, 7. 3-D graphs showing the behavior of the affinity ratio as a function of the binding densities of two competitors for (A) 
Model 1 and (B) Model 2. The data shown are for gene 5 protein binding to fd DNA (competitor A) and poly A (competitor B) 

(see Table 1). 
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that binds to DNA noncooperatively. Proteins of 
this type do not seem to bind in such a manner as 
to affect the binding of other proteins. Therefore, 
gaps of various sizes will occur between bound 
proteins which do not exhibit cooperative interac- 
tions. If a particular gap is smaller than the 
binding site size of a protein, then the protein 
molecule will not fit into the gap. Model 1 in- 
cludes such gaps as part of the total number of 
residues available for binding. This overestima- 
tion of free binding sites for both cases A and B 
will result in errors in the calculated affinity 
ratios. Model 2 does not include undersized gaps 
as part of the number of free binding sites. In 
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addition, when positive cooperativity is not pre- 
sent, protein will be distributed on ah nucleic 
acid lattices to the same degree assuming that all 
binding sites are equivalent. Consequently, the 
statistical approach of calculating the free sites 
on an average lattice is valid. Thus, eq. (30) 
should be used to determine affinity ratios for 
this type of binding. 

5. Results and discussion 

In order to compare results obtained with the 
two models, data from previously published com- 

1 

Fig. 8. Competition data analyzed according to (A) Model 1 and (B) Model 2 for gene 32 protein binding to poly dT (competitor A) 
and poly dl (competitor B) (see Table 1). 
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Table 1 

Summary of analyses of experimental data based on Model 1, Model 2, and “Limited” w Model 

Competition 
system 

Pt V,&LZJB Model 1 Model 2 “Limited” w Model 
(nmol) K, /KR (“Unlimited” o Model) 

(case A: case B) 
bJA=UB K~/K~ OA=lLlB KA /KB 

Gene 5 a (n = 4) 
poly dT: fd DNA 
fd DNA : poly A 

9:3OQo 1.5 0.17:5.0x10-4 998 60 d 41 N/A N/A 
9:85 1.3 0.14:0.015 21 60 2.7 N/A N/A 

Gene 32 b (n = 10) 

poly dT : poly dl 130:440 2.4 0.018:0.0055 3.9 200” 
poly d1: poly I 440 : 1270 2.4 0.0055 : 0.0019 3.0 200 

SSB ’ (n = 65) 
poly dT : fd DNA 26:88 0.14 0.0054 : 0.0016 4.7 50 f 
fd DNA : poly A 12:225 0.13 0.011:5.8x 1O-4 61 50 

a Ref. [s]; b Ref. 14); ’ Ref. [6]; d Ref. [S]; e Ref. [31]; ’ Ref. 1491; and 5 Ref. [17]. 

1.6 N/A N/A 
1.8 N/A N/A 

4.3 400s 4.3 
57 400 92 

petition experiments will be analyzed by each 
model. Model 1 does not separate the cooperativ- 
ity from the intrinsic binding constant; however, 
Model 2 requires an w value. Therefore, cooper- 
ativity values will be obtained from the literature 
and the results from the two models will be 
compared. 

The conditions of no gaps and small II hold for 
both gene 5 and gene 32 proteins since they are 
highly cooperative and have binding site sizes of 

about 4 and 10, respectively. Figures 7A and 7B 
are three-dimensional graphs that show the rela- 
tive affinity ratio for Model 1 (eq. 24) and Model 
2 (eq. 32) as a function of v,(fd DNA) and 
uJpoly A) for gene 5 protein. The graphs for 
gene 32 protein (Figs. 8A and 8B) are very similar 
to those for gene 5 protein. The two functions 
result in surfaces with a similar shape; however, 
the affinity ratios for Model 2 are smaller. The 
largest differences in the ratios of the two models 

Table 2 

Comparison of experimentally obtained lattice saturation and calculated affinity ratios for Model 1 and Model 2 

Competition v,&:vn “max Percent KA /K, (Model 1) 

&se A: case B) 
saturation 
(case A : case B) 

K, / K, (Model 2) 

Gene 5 a 
poly dT : fd DNA 0.17:5.0x 10-4 0.25 68:0.2 24 
fd DNA : poly A 0.14: 0.015 0.25 56:6 7.8 

Gene 32 b 
poly dT : poly d1 0.018 : 0.0055 0.1 1815.5 2.4 
poly dl : poly I 0.0055: 0.0019 0.1 5.5:1.9 1.7 

SSB ’ 

pdy dT : fd DNA 0.0054 : 0.0016 0.0154 35:lO 1.1 
fd DNA : poly A 0.011:5.8x10~ 0.0154 71~3.8 1.1 

a 20 mM Tris.HCl (pH 8.1), 1 mM sodium EDTA, 0.1 mM dithiothreitol, 10% (w/v) glycerol, 0.05% Triton, and 125 mM NaCI. 
’ 20 mM Tris.HCl (pH 8.1), 1 m M sodium EDTA, 0.1 mM dithiothreitol, 10% (w/v) glycerol, and 100 mM NaCl. 
’ 20 mM Tris,HCI (pH 8.1),1 mM sodium EDTA, 0.1 mM dithinthreitol, 10% (w/v) glycerol, 0.05% Triton, and 125 mM NaCI. 
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occur when the competitors have large differ- 
ences in binding density. These extremes are usu- 
ally avoided in competition experiments by using 
a“bridge” nucleic acid having an intermediate 
affinity (e.g. fd DNA). 

Table 1 lists the affinity ratios obtained with 
Models 1 and 2 using data from previously pub- 
lished competition experiments. The values for w 
have been taken from the literature as noted. The 
two models yield affinity ratios for gene 5 protein 
that differ by a factor of 7.8-24 (Table 21, whereas 
the values for gene 32 protein only differ by 
1.7-2.4. One possible reason for the, respectively, 
bad and good agreement between the two models 
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is that the two competitors for the gene 5 protein 
experiments had a much larger difference in 
binding density than did those for the gene 32 
protein experiments. Competitor A in the exam- 
ples for gene 5 protein had binding densities that 
were 56-68% of the maximum binding density 
(v,, = 0.25) while competitor B had percentages 
of saturation of only O-2-6%. However, competi- 
tor A in the gene 32 protein experiments only 
had 5.5-18% of v,, = 0.1 compared to 1.9-5.5% 
for competitor B. The regions of the 3-D plots 
containing the observed affinity ratios for the 
gene 5 proteins (Figs. 9A and 9B) and gene 32 
protein (Figs. 10A and 10B) experiments illus- 

Fig. 9. The region of the 3-D graphs of Fig. 7 that is relevant to the competition experiments for (A) Model 1 and (B) Modet 2. 
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trate the differences. A second possibility for the 
discrepancy is that gene 5 protein’s unique man- 
ner of binding to single-stranded DNA may not 
be adequately described by Model 2 136,391. 

Figures 11A and 11B show the dependence of 
the affinity ratio on the cooperativity for Model 2. 
It-is clear from the graphs that the dependence of 
the affinity ratio on the cooperativity is greatest 
for small values of o. As the cooperativity be- 
comes very large, the affinity ratio approaches 
one. This is a result of protein interactions be- 
coming dominant enough to mask different pro- 
tein-nucleic acid affinities. An example of a 
highly cooperative system is the protein coat in 
tobacco mosaic virus which can exist even without 
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the nucleic acid lattice present [48]. As pointed 
out by McGhee and von Hippel [ll], at very high 
cooperativities the binding isotherm becomes two 
state where a small increase in protein concentra- 
tion will convert a lattice from completely unsatu- 
rated to completely saturated. Electron micros- 
copy indicates that neither gene 5 [441 nor gene 
32 [43] protein forms gaps when binding to DNA. 
Thus, if gaps are not significant for proteins of 
even moderate cooperativity, Model 1 should be 
valid for a large range of cooperativity values. 
This conclusion is further confirmed by the flat 
region of the curves in Figs. 11A and 11B for 
cooperativities larger than 50. 

The situation with SSB protein is complicated 

Fig. 10. The region of the 3-D graphs of Fig. 8 containing the observed affinity ratios for (A) Model 1 and (B) Model 2. 
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Fig. 11. Affinity ratio as a function of w using eq. (32) (Model 
2) with wA = wa. (A) gene 5 protein with competitors fd DNA 
and poly A; (B) gene 32 protein with competitors poly dT and 

poly dl. 

by a number of additional features. One is that 
this protein can bind with a site size of 65. There- 
fore, a lattice of 500 residues would only be 
capable of occupying seven protein molecules. 
Because of the large n, the cluster end effects 
may become significant and both Model 1 and 
Model 2 may contain systematic errors that must 
be considered. Since one of the lattices used in 
the competition experiments contains different 
classes of binding sites (i.e. fd DNA), Model 2 
should be modified to account for this. However, 
this would involve introducing variable probabili- 
ties into the equations which would drastically 
increase the complexity of the analysis. There- 
fore, Model 2 will be used in its standard form 
with the understanding that this approximation is 
being made. Another consideration with SSB is 
that data from electron microscopy have sug- 
gested that two morphologies are present in SSB 
complexed to nucleic acid [45,46]. The Lehman 
group has interpreted these morphologies as be- 

ing representative of two distinct binding modes 
[491 corresponding to two types of cooperative 
interactions E.501. One type is an “unlimited” co- 
operativity where protein molecules bind contigu- 
ously along lattices in typical fashion. The other 
type is a “limited” cooperativity where interac- 
tions occur between properly oriented pairs of 
tetramers but not between the resulting octamers 
1181. Chrysogelos et al. [451 have proposed a nu- 
cleosome-like structure consisting of SSB oc- 
tamers wrapped in 145 base stretches of DNA 
separated by 30 base linkers. Bujalowski and 
Lohman [181 have used the sequence generating 
function (SGF) method to develop a binding 
equation for a linear lattice model taking this 
“limited” cooperativity into account. The number 
of potential free binding sites can be extracted 
from the binding equation resulting in: 

2vq+ (1 -W)V21n 

4 
2n-l (46) 

where q = [l - (n - 11~1 + {[l - (n - 11~1~ - ~(1 
- w)[2 - (2n - 0~1) ‘/’ The corresponding affin- . 
ity ratio relationship for overlapping sites with 
“limited” cooperativity is: 

KA 
VA I qF1 -= 

KB [d-?4%4+(1-y‘&~]” (47) 

"B 2n-1 
qA 

l ..*=*..**o***..... 0, , , , , , , , , 

0 50 100 150 200 250 300 

0 

Fig. 12. Affinity ratio as a function of w using eq. (32) (Model 
2) (0) and eq. (47) (“Limited” w Model) (0) with oA = wg for 

SSB with competitors fd DNA and poly A. 
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Since the form of the cooperativity underlying eq. 
(47) is such that there is no cooperativity between 
octamers, the distribution of octamers on nucleic 
acid lattices should be random. In general, there 
should be no uncomplexed lattices; therefore, 
calculating the number of free binding sites on an 
average lattice is valid. However, as with Model 
2, the SGF method contains the infinite lattice 
assumption. Thus, the large site size of SSB may 
result in end-effect errors. 

In the “unlimited” binding mode, both Model 
1 and Model 2 are applicable since gaps are 
insignificant. However, each model may contain a 
systematic error due to the large site sizes in- 
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volved. If “limited” binding occurs, then Model 2 
will not provide a correct analysis, since it as- 
sumes that any cooperativity present will occur 
equally between any bound protein. If gaps are 
insignificant, then Model 1 will work for the 
“limited” binding mode, since it does not assume 
any form for the cooperativity. In addition, if 
gaps of constant size occur, then the stoichiome- 
try, s, will include them correctly in the Model 1 
analysis. If in the “limited” cooperativity mode 
gaps of variable size occur, then eq. (47) should 
be used; however, there may be end-effect errors 
due to the large IZ values. 

The “unlimited” and “limited” cooperativity 

I 

KA 

KB 

Fig. 13. Competition data analyzed according to (A) Model 1 and (B) Model 2 for SSB binding to fd DNA (competitor A) and poly 
A (competitor B) (see Table 1). 
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modes are thought to correspond to IZ = 33 and 
n = 65 binding modes, respectively [49]. Since the 
IZ = 65 binding mode is considered to be the 
preferred mode under high salt conditions, this 
value was used for calculations. Figure 12 shows 
the dependence of Model 2 on cooperativity for 
SSB when oA = wn. This approach is valid for 
the case of “unlimited” cooperativity. When the 
“limited” model (eq. 47) is.applied, the resulting 
curve is similar to that of the “unlimited” model; 
however, the affinity ratios are shifted to higher 

values ‘(Fig. 12). The higher cooperativity values 
obtained with this “limited” model reflect the 
assumption that cooperativity only occurs be- 
tween corresponding tetramers. Table 1 summa- 
rizes the results for all three models. The fact 
that all three models give similar results is in- 
triguing. From eq. (45), one would expect a site 
size of 65 to result in large differences between 
models. This is particularly true for the fd 
DNA: poly A system due to the high binding 
density of 71% on fd DNA (Table 2). The 3-D 

, 

Fig. 14. Illustration of the effect of cooperativity on the 3-D graphs of SSB and gene 5 protein. (A) At an w = 900, the affinity ratios 
for SSB (Fig. 13B) become very similar to those for gene 5 protein (Fig. 7B). (B) Likewise, when OJ - 3.5, the plot for gene 5 brotein 

(Fig. 7B) becomes similar to that of SSB (Fig. 13B). 



R.S. Keyes and A.M. Bobst/Biophys. Chem. 45 (1993) 281-303 301 

graphs for this system are shown in Figs. 13A and 
13B. Clearly, the plots have similar affinity ratios 
in the range of binding densities obtained in the 
experiments. Why does a high binding density in 
the case of SSB not lead to very different affinity 
ratios for the two models as with gene 5 protein 
particularly when SSB has such a large site size? 
Comparison of the 3-D graphs of Model 2 for 
SSB (Fig. 13B) and gene 5 (Fig. 7B) proteins 
indicates that the surface of the gene 5 plot is 
flattened out with respect to that of the SSB plot. 
In other words, at high V~ and low vn, the plot 
for SSB gives much larger affinity ratios. 

For a given protein, the shape of the 3-D plot’s 
surface is a strong function of the cooperativity. 
Increasing w for SSB would result in a plot 
similar to that of gene 5 protein (Fig. 14A). 
Likewise, decreasing w for gene 5 protein would 
yield a larger peak in the affinity ratio plot (Fig. 
14B). Clearly, by choosing the appropriate w 
value, the plots for Model 1 and Model 2 for any 
protein can be made very similar. Also, if o is 
lattice dependent, as has been found for gene 5 
protein [51], then oA and og may differ in the 
affinity ratio equations for Model 2. If wA # wg, 
then Models 1 and 2 can be brought into close 
agreement by choosing the appropriate pairs of o 
values. Therefore, comparison of the affinity ra- 
tios for Models 1 and 2 must consider the value 
of w used for Model 2. However, as previously 
discussed, reported values of w for a given pro- 
tein differ by several orders of magnitude. 

6. Conclusion 

Electron paramagnetic resonance competition 
experiments with spin-labeled nucleic acids form 
the basis of a simple, yet powerful approach for 
determining the relative affinities of protein- 
nucleic acid systems. In order to obtain quantita- 
tive information, the free binding sites must be 
defined in terms of a model. As described in this 
paper, a competition formalism based on Model 1 
and Model 2 both result in similar affinity ratios 
provided their respective conditions are met. 

Both Models 1 and 2 are applicable to systems 
displaying moderate to high cooperativity. Model 

1 has the advantage of containing only experi- 
mentally determined parameters thereby simplify- 
ing the analysis. For situations involving kineti- 
cally blocked secondary structures or sites with 
different affinities, calculations become more 
elaborate for Model 2 and additional parameters 
must be introduced. Model 1 readily accounts for 
different stoichiometries and different classes of 
binding sites. Proteins that bind with little or no 
cooperativity require use of Model 2, since gap 
formation will become important. Under these 
circumstances, protein molecules are more ran- 
domly distributed and application of statistical 
thermodynamics will be more straightforward. 

From the theoretical analysis of Models I and 
2, it can be concluded that under conditions of 
minimal gap formation and negligible cluster end 
effects both models yield similar affinity ratios. 
Equations (41) and (45) demonstrate the similar- 
ity in the two approaches mathematically. Indeed, 
there is little difference in affinity ratio between 
the two models when experimental data for gene 
32 and SSB proteins is analyzed. There is a larger 
difference for gene 5 protein that may be at- 
tributable to the competitor binding densities ob- 
tained in the competition experiments as well as 
to a breakdown in the linear lattice assumptions 
of Model 2. 

It is important to remember that the affinity 
ratio values for Model 2 depend both on the 
magnitude and the form of cooperativity operat- 
ing. Current methods do not allow for the direct 
determination of either of these aspects of coop- 
erativity. Model 1 has a distinct advantage of 
needing neither a definite value of w nor the 
form of cooperativity since it requires only experi- 
mentally determined parameters that account for 
these factors. 

Thus, although Model 1 appears to be highly 
simplified, closer analysis reveals that taking the 
ratio of binding constants introduces a statistical 
element similar to that of Model 2. As a result of 
this, in the absence of reliable cooperativity data, 
competition analyses of systems displaying mod- 
erate to high cooperativity should preferably be 
done with Model 1. 

The advantages and limitations of both models 
are resumed in the following subsections. 
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6.1 Model 1 

61.1 Advantages 

(1) 

(2) 

(3) 

(4) 

(5) 

The variables in the affinity ratio equation for 
yodel 1 (Eq. 23) are all directly obtained by 
experiment. Thus, Model 1 follows the opera- 
tional principle of P.W. Bridgman which re- 
quires that all symbols represent purely physi- 
cal operations and observations. 
Model 1 does not assume nearest-neighbor 
cooperativity. This allows it to readily accom- 
modate longer range interactions (e.g. gene 5 
protein) and “limited” cooperativity (assum- 
ing constant gap size). 
Model 1 does not require a cooperativity 
value. 
Base preferences exhibited by single-strand 
binding proteins resulting in different Kint 
values along the DNA strand are automati- 
cally accounted for by Model 1. 
The problem of secondary structure is re- 
solved by using the stoichiometry, s, rather 
than the site size, n. 

6.1.2 Limitations 
(1) Model 1 requires that proteins bind in long 

clusters resulting in minimal gap formation 
between bound Iigands. In other words, the 
ligands must bind with moderate to high co- 
operativity. Alternatively, the proteins must 
bind with constant gap size such that s can 
accommodate the gap into the number of 
residues per protein molecuIe. 

(2) Since Model 1 neglects potential binding sites 
eliminated at one end of a cluster, proteins 
with large site sizes will introduce end-effect 
errors. 

6.2 Model 2 

62.2 Advantages 
(1) Model 2 is based upon a statistical thermody- 

namic approach which attempts to be com- 
prehensive in its applicability. It allows sepa- 
rate Kint and o values to be determined 
rather than only a composite Kapp. 

(2) Model 2 is valid for any cooperativity value 
and, therefore, can handle proteins that bind 
with gaps in between binding sites. 
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(3) Theoretically, Model 2 should be valid for 
any site size; however, see limitation (4) be- 
low. 

6.2.2 Limitations 

(1) 

(2) 

(3) 

(4) 

Preferential binding to different sequences of 
bases significantly increases the difficulty of 
determining the relative affinities between 
two competitors. The analysis requires the 
determination of multiple Ki,,r values (eq. 
34). 
Model 2 requires a cooperativity value as a 
parameter for calculating the relative affinity 
ratio. 
The cooperativity cannot significantly deviate 
from the nearest-neighbor assumption for the 
“unlimited” w model or the tetramer pair- 
wise-interaction assumption for the “limited” 
o model. 
Since a sample of nucleic acid will contain a 
collection of finite lattices rather than an 
infinite lattice, there will be free lattices in 
solution at all but the highest fractions of 
saturation. These free lattices should not be 
included in the ensemble when determining 
the statistical distribution of ligand on the 
complexed lattices. This, in effect, leads to 
end-effect errors. Thus, the magnitude of the 
error will increase with increasing site size. 
Secondary structure must be accounted for by 
introducing an additional equilibrium con- 
stant, KCunf. 
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