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The recently developed Convex Constraint Algorithm (CCA), which has been found to be efficient for CD 
spectra deconvolution of proteins, was used to examine the importance of the spectral window size and its 
effects on the deconvolution sensitivity. Using the “largest” protein CD spectra data base ever published (A. 
Toumadje, S.W. Alcorn and WC. Johnson, Jr., Anal. Biochem. 200 (1992) 321-331) a systematic “spectra- 
truncation” was performed. The reduced spectral data sets were deconvoluted and the Pearson product-mo- 
ment correlation (r), as well as the RMS values, were calculated. It was found that the spectral window size 
enlargement below 180 nm has only minor secondary effect on the accuracy of the deconvolution, since the r 
and RMS values were nearly insensitive to the broadening of the spectral window. By contrast, these values 
monitored the decrease of the deconvolution capacity for the analysis when the 180-200 nm spectral region 
was likewise eliminated. This observation harmonizes perfectly with the recent observation of S.Y. Venyaminov, 
LA. Baikalov, CL-S.C. Wu and J.T. Yang (Anal. B&hem. 198 (1991) 250-255) and with the pioneering 
observation of N. Greenfield and G.D. Fasman (Biochemistry 8 (1969) 4108-41161, namely, by taking only the 
CD spectral region above 200 nm, the a-helix content may be estimated with an acceptable accuracy. It is 
therefore concluded that the development and the analysis of a large protein data base (&g. dozens of 
spectra), incorporating as many “dissimilar proteins” as possible, may result in a better understanding of the 
relationship between the CD spectra and the secondary structural elements of proteins. 

Keywords: Circular dichroism; Spectral window size; Proteins; Deconvolution 

1. Introduction 

Since 1965, when the first circular dichroism 
(CD) measurements investigating the helical con- 
tent of globular proteins were performed by 
Holzwarth and Doty [l], the secondary structure 

determination of peptides and proteins by CD 
spectroscopy has been frequently attempted. AL 
though the measured CD spectra is a function of 
the secondary structural elements, such as the 
a-helix, P-sheet, loops, B-turns etc., the CD spec- 
tra also vary with other factors (solvent (s), tem- 
perature (T), concentration (c), salt or ion con- 
centration (I), etc.); 
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The mean residue ellipicity ([e],> at a given wave- 
length (A) is the explicit function of several fac- 
tors. The observation, that the different sec- 
ondary structural elements result in different 
types of CD patterns in the UV range, gives 
credence to the conformation determination 
based on CD spectra (for a review article see Ref. 
[2]). The conformation sensitivity of the n-n* 
and r--r* bands has been adequately demon- 
strated [3-61. Theoretical calculations revealed 
that small torsional angle changes may result in 
significant alterations in the overall spectra [3-61. 
By contrast, it is still not clear whether all the 
different secondary structures result in basically 
different CD spectra. In other words, two or 
more different sets of backbone torsion-angle 
combinations may accidentally result in highly 
similar II-~* and P7~ * bands. 

One of the main issues of CD spectral inter- 
pretation and assignment is directly related to the 
problem of an objective and relevant secondary 
structure assignment of the X-ray determined 
conformations. Almost all the deconvolution pro- 
grams [7-91 are directly coupled with the “X-ray 
interpretation” problem. The fact that several 
different approaches [lo-131 exist for the loca- 
tion of the secondary structural elements of the 
backbone of a protein reveals the “subjective” 
aspects of the field. The different interpretations 
of protein X-ray diffraction data may result in 
significantly different secondary structural per- 
centages [14-161, leading to controversial CD in- 
terpretations. Using NMR spectroscopy, Wagner 
and others [17] recently showed that the solid and 
solution state conformation may be significantly 
different for various proteins. To avoid this and 
other problems, a new CD spectra deconvolution 
method was developed [15,16,18], which is totally 
independent of the crystallographic results. The 
Convex Constraint Algorithm (CCA) [15,16] was 
previously tested [18] and applied successfully for 
CD data deconvolution. The algorithm operates 
by using only measured CD curve data points and 
yields curves and weights simultaneously for “re- 
constructing” the original data set within a given 
tolerance (a). The advantages of this method are 
that, based on the applied constraints, the shapes 
of the resulting pure component curves have a 

typical protein secondary structural appearance, 
namely, a number of CD bands with intensities 
similar to those found in native proteins. As 
previously discussed, the number of the expected 
pure components must be determined a priori 
(input data). The resulting weights and curves 
must be assigned followed by the deconvolution. 
Therefore, the deconvolution is “totally free” 
from any type of external data, such as X-ray or 
NMR parameters, but the assignment requires 
external information, such as the shape of theo- 
retical calculated “pure” curves. However, this 
problem originates from the CD method itself (a 
relative method) and not from the deconvolu- 
tional procedure. 

The second important problem arises from the 
“information content” of the standard spectral 
range (185-260 nm) used during the data analy- 
ses. The efforts of Johnson et al. [19] and others 
[20,21], to enlarge the, analyzed spectral range in 
the shorter wavelength, ‘seem to provide a plausi- 
ble answer to the question, “How to improve 
secondary structure determination based on CD 
measurements?” The spectral domain above 260 
(near UV region) nm is dominated by the 
“aromatic” contribution, which is also thought to 
be “less informative” toward conformational 
changes of the amide bonds. If bands below 180 
are detectable and have a high conformational 
sensitivity, they would be expected to be useful 
for conformational deconvolution. Because no 
commercial instrument is available which can be 
used for such UV-CD measurements, the appli- 
cability of such an analysis is difficult. The thor- 
ough and assiduous measurements of Toumadje 
et al. [19] yielded a CD spectral set of 16 pro- 
teins, with known secondary structure as previ- 
ously determined by X-ray diffraction studies. 

During the volume minimization of the appro- 
priate simplex (constraint cl, the purest compo- 
nent-containing structures have key roles. In a 
real set of CD curves (if external data is not 
applied, such as X-ray or NMR), it is obviously 
unknown to what degree a pure component is 
represented in a conformational mixture. How- 
ever, based on X-ray and NMR analysis, proteins 
generally adopt more than single secondary struc- 
tural elements, meaning that only a few confor- 
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mational prototypes can be represented with a 
high weight (e.g., the a-helical content of myo- 
globin is = 80%). Unfortunately, from a confor- 
mational point of view, the measured protein set 
does not cover a wide combination of conforma- 
tional types. Only the a-helix secondary structure 
is represented in a large range (from 10% to 
NO%), but the p-turn (from 0% to 22%) and the 
p-sheet (from 0% to 45%) content of these pro- 
teins is highly restricted. Such a “weakness” of 
the data base originates from the true nature of 
proteins, and it makes secondary structure assign- 
ment rather problematic. Although the addition 
of more CD spectra of some selected proteins 
would be expected to improve the analyses (eom- 
pare the improvement of the analyses between 
refs. [15] and [23], due to the addition of some 
/?-proteins), this paper was applied to the data 
base selected and measured in W.C. Johnson, 
Jr.? laboratory. On the other hand, the CCA 
method separates deconvolution from secondary 
structure assignment. The deconvolution part, 
which is totally “free” from external data, can be 
used for monitoring the effects of a systematic 
data base truncation without the more problem- 
atic problem. 

Recently, Venyaminov et al. [14] investigated 
the effect of the data truncations in the T-P* 
region (190-210 run) of the spectra and found 

-30.00 ,““““‘,““““1l”“““ll”“““’ -30.00 m 
165.00 185.00 205.00 225.00 245.00 165.00 185.00 205.00 225.00 245.00 

wavelength (nm) wavelength (nm) 

Fig. 1. The standard deviation (a) dependence on the number 
of the pure components (P). Note that the inflection point 
located at P= 5il suggests that 5kl different secondary 
structures are expected, which agrees with the secondary 
structure determination of these proteins based on X-ray [191. 

that the estimation of secondary structural ele- 
ments can still be approximately correct using the 
“Yang deeonvolution method”. Simultaneously, 
Toumadje et al. [191 claim that in the determina- 
tion procedure of some secondary structural ele- 
ments, using the “variable selection method”, the 
use of an enlarged spectral window (X8-260 nm) 

Fig. 2. The shape of the pure CD component curves for P = 4 (A), P = 5 (B) and P = 6 CC). 
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Fig. 2. Continued. 

might be essential. Although there is not a direct 
controversy between the two statements, the main 
question addressed here is: “Does the enlarge- 
ment of the spectral window, from the standard 
185-260 nm range to the 168-260 nm range, 
influence the data set deconvolution?” 

2. Methods 

The CD spectra of the 16 proteins recorded in 
the 168-260 nm spectral range were taken from 
Ref. [19]. The Convex Constraint Algorithm 
[15,16,18] was applied to the overall data base 
(185 X 16 data points). The Pearson product-mo- 

f(Xl tYP* f(X) form eonmtantn m tq. 3) 

trponcntia1 + f(X) - a up(-x) + a - +5.50 

bxtC b - -0.02 6.0 * lo” 

c - +o.as 

Scheme 1. Analytical form of the most probable functions. 

0.30 , 

010 
ceaee P=4 
Deeee P=5 
ewe4 P=6 

0.05 

0.00 
168 178 188 198 208 218 228 238 248 258 

wavelength (nm) 

Fig. 3. The residual standard deviation [u~~~_~(P), 
a,,,_,,,(P), . . ., v~~~_~~(P)I dependence on the wavelength 
range of the data set used: (-0-j P = 4, (-0 -) P = 5 and C-O-) 

P = 6. 

ment correlation coefficient (r) and RMS was 
calculated according to eqs. (2) and (3). 

RMS = d i=l 

N-l 

(2) 

(3) 

3. Results and discussion 

It is a fundamental problem to precisely deter- 
mine the number of the pure conformers (P) in a 
conformational mixture [18]. The fact that this is 
an input parameter requires one to have at least 
some idea of the actual magnitude of P. If one 
has no idea, one has to perform several runs with 
different P-values and determine the average 
standard deviations (a) at each value of P. As 
previously shown [181, the dependence of a(P)- 
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Table 2 

Comparison of the Pearson product-moment correlation coef- 
ficients of the reference a weight matrix and the coefficients 
calculated for the truncated datasets for different spectral 
regions 

Spectral Component Total ’ 
range(nm) 1 b 

2 3 4 

168-260 1.00 1.00 1.00 1.00 l.cOO 
173-260 0.98 0.98 0.99 0.97 0.968 
178-260 1.00 0.90 0.97 0.95 0.949 
183-260 0.99 0.76 0.83 0.81 0.839 
188-260 0.99 0.76 0.89 0.80 0.851 
193-260 0.91 0.78 0.90 0.90 0.861 
198-260 0.96 0.48 0.84 0.52 0.677 
203-260 0.87 0.54 0.81 0.57 0.679 

a The complete data set (W-260 nm) was used as reference 
matrix. 

b Pearson “r” value behveen coefficients related with the first 
pure component curve of the reference data set and the 
truncated data set. 

’ Pearson “r” value between the reference matrix and the 
truncated matrix. 

the standard deviation-on P can result in a 
relatively precise estimation of the optimal P- 
value. It was suggested that the use of the value 
of P, from the CT(P) + P function, where the 
exponential-like decrease (first part of the curve) 

Table 3 

Comparison of the RMS deviations of the reference a weight 
matrix and the coefficients calculated for the truncated data 
sets for different spectral regions 

Spectral 
range (nm) 

168-260 
173-260 
178-260 
183-260 
188-260 
193-260 
198-260 
203-260 

Component 

1 b 
2 

0.00 0.00 
0.05 0.08 
0.03 0.12 
0.04 0.18 
0.03 0.18 
0.11 0.17 
0.10 0.25 
0.13 0.23 

3 

0.00 
0.04 
0.06 
0.14 
0.12 
0.10 
0.13 
0.14 

Total c 

4 

0.00 o.GOO 
0.08 0.064 
0.09 0.081 
0.15 0.139 
0.16 0.134 
0.13 0.130 
0.22 0.187 
0.25 0.194 

a The complete data set (168-260 nm) was used as reference 
matrix. 

b Pearson “r” value between coefficients related with the first 
pure component curve of the reference data set and the 
truncated data set. 

’ Pearson ?” value between the reference matrix and the 
truncated matrix. 

turns to a linear-decrease (second part of the 
curve in Fig. 1) gave the optimal results. Due to 
uncertainties in the precise location of this point, 
it was recommended to discuss the deconvolution 
in the P f 1 region, which represent the under 
and the over estimation of the proper P-value. A 
standard deviation ((T) dependence of the num- 
ber of the pure components (PI is shown in (Fig. 
1). The best fit obtained by curve fitting is re- 
ported in Fig. 1, while the analytical form of the 
most probable functions are shown in Scheme 1. 

Among the three most probable function can- 
didates, the application of an exponential plus 
linear function resulted in the smallest RMS 
value. The change in curvature is located where 
the contribution of the exponentia1 curve to the 
global f(x) function is small enough (Fig. 1). 
Comparing the magnitude ratios of the exponen- 
tial versus the linear part of the f(x) function at 
P = 5, P = 6, and P = 7, one can determine 16%, 
84%, lo%, 90%, and 3% and 97%, respectively. 

The change in curvature located at P = 5 f 1 
suggests that 5 + 1 different secondary structures 
are expected, which harmonizes with the sec- 
ondary structure determination of these proteins 
based on X-ray diffraction data [19]. (For the 
shape of 4, 5 and 6 pure component curves, see 
Figs. 2A, B and C.) The three sets of curves in 
Fig. 2 (168-260 nm), which are related to three 
coefficient matrices, were also used as “refer- 
ence” matrices during systematic data truncation. 
Starting from 168 nm, with a step size of 5 nm, 
the measured CD data were truncated, and the 
resulting truncated data sets (173-260, 178-260, 
etc.) were also deconvoluted using P = 4, 
P = 5 and P= 6. Tbe decreasing tendency of 
the residual standard deviations [~T~~~_~~(P), 
q,3_d PI, * * ’ > o~~_~~(P)] are plotted in Fig. 3. 
The deconvolution results of the differently trun- 
cated data sets yielded coefficient matrices, which 
are reported in Tables 1 and 4, respectively. One 
would assume that a larger spectral window-re- 
lated coefficient matrix would be closer to the 
“perfect” description of the secondary structural 
content of the proteins than that of a smaller 
(truncated) data set. The resulting weights ob- 
tained from the deconvolution were used as a 
“reference” matrix. The reference matrix is the 
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Table 5 

Comparison of the Pearson product-moment correlation coef- 
ficients of the reference * weight matrix and the coefficients 
calculated for the truncated datasets for different spectral 
regions 

Spectral Component 
range(nm) Ib 2 3 4 5 

Total ’ 

168-260 1.00 1.00 1.00 1.00 1.00 1.000 
173-260 1.00 0.91 0.94 0.94 0.98 0.946 
178-260 1.00 0.90 0.89 0.96 0.97 0.937 
183-260 0.99 0.95 0.87 0.94 0.98 0.943 
188-260 0.96 0.94 , 0.86 0.92 0.95 0.923 
193-260 0.96 0.92 0.87 0.92 0.93 0.914 
198-260 0.89 0.35 0.45 0.81 0.57 0.600 
203-260 0.87 0.51 0.63 0.77 0.69 0.691 

The complete data set (168-260 nm) was used as reference 
matrix. 
Pearson “r” value between coefficients related with the first 
pure component curve of the reference data set and the 
truncated data set. 
Pearson “r” value between the reference matrix and the 
truncated matrix. 

coefficient matrix obtained from the largest data 
set (168-260 nm range). The calculated Pearson 
product-moment correlation coefficients, as well 
as the RMS values, associated with the appropri- 
ate “truncated” data set yielded coefficient ma- 

Table 6 

Comparison of the RMS deviations of the reference a weight 
matrix and the coefficients calculated for the truncated data 
sets for different spectral regions 

Spectral Component Total ’ 
range(nm) 1 b 2 3 4 5 

168-260 0.00 0.00 0.00 0.00 0.00 o.ooo 
173-260 0.05 0.10 0.06 0.07 0.04 0.070 
178-260 0.06 0.11 0.08 0.06 0.05 0.075 
183-260 0.06 0.08 0.08 0.08 0.04 0.070 
188-260 0.08 0.09 0.09 0.09 0.06 0.082 
193-260 0.09 0.10 0.09 0.09 0.07 0.087 
198-260 0.12 0.27 0.20 0.14 0.16 0.185 
203-260 0.13 0.24 0.16 0.16 0.15 0.169 

a The complete data set (168-260 nm) was used as reference 
matrix. 

b Pearson “r” value between coefficients related with the first 
pure component curve of the reference data set and the 
truncated data set. 

c Pearson 9” value between the reference matrix and the 
truncated matrii. 

trices (the first one is the reference matrix) which 
are reported in Tables 2,3 and 5, 6, respectively. 
If the data set is deconvoluted to five components 
(P = 51, the total (rtota,), as well as the individual 
(ri) correlation coefficients, decreases from unity 
with the truncation of the data base (see Tables 2 
and 5). However, the claim [19] that the use of 
the expanded 168-180 nm region will signifi- 
cantly improve the deconvolution due to the in- 
troduction of “new CD bands”, was not con- 
firmed. The comparison of the rtota,, as well as 
the ri values, demonstrates that a significant al- 
teration of the coefficient values is expected only 
if the region of the F-P* transition is ignored 
(e.g., data base containing only the 203-260 nm 
range). Although the estimation of some sec- 
ondary structural elements may still remain rea- 
sonable (e.g. the coefficients of the first pure 
curve (probably related to an a-helix)) the ne- 
glect of the spectral range below 200 nm drasti- 
cally affects the reliability of the assignment. This 
observation harmonizes perfectly with the recent 
analysis of Venyaminov et al. [14] and with the 
well known “rule of thumb” that the a-helix, and 
only the ar-helix, content of a protein can be 
roughly determined at 280 nm [22]. By contrast, 
the spectral range enlargement below 183 nm 
results in only modest, if any, improvement sim- 
ply because the determined conformational 
weights are almost identical for coefficients calcu- 
lated from the 168-260 nm, 173-260 nm, 178-260 
nm and 183-260 nm regions. The observed change 
is not larger than that expected from a simple 
signal-to-noise ratio improvement by introduction 
of more data points. 

4. Conclusions 

Using the CCA deconvolution method, we have 
shown that, for the 16 proteins reported herein, 
the spectral enlargement (from 183-260 nm to 
168-260 nm) does not introduce a significant 
alteration of the coefficient matrices. Thus, the 
enlargement of the spectral window in this range 
does not significantly aker the resulting weight 
matrices by the deconvolution. The similarity of 
these coefficient matrices (Tables 1 and 31, which 
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is directly related to the secondary structural 
percentages, is higher then 0.9 (rtota, > 09) and 
the RMS is very small. Comparing this degree of 
similarity with the dissimilarity of the secondary 
structure percentages determined by X-ray (for 
some cases r = 0.5 or smaller), it appears that 
spectral window enlargement is not necessarily 
the unique or the optimal way of improving ana- 
lytical CD spectroscopy for use in protein struc- 
tural determination. The development and the 
analysis of a larger protein data base incorporat- 
ing highly “dissimilar proteins” may result in a 
better understanding of how CD is correlated 
with the secondary structural elements of pro- 
teins. 
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