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Abstract. Errors in the experimental baseline used to nor-
malize dynamic light scattering data can seriously affect
the size distribution resulting from the data analysis. A
revised method, which incorporates the characteristics of
this error into the size distribution algorithm CONTIN
(Ruf 1989), is tested with experimental data of high statis-
tical accuracy obtained from a sample of phospholipid
vesicles. It is shown that the various commonly used ways
of accumulating and normalizing dynamic light scatter-
ing data are associated with rather different normaliza-
tion errors. As a consequence a variety of solutions differ-
ing in modality, as well as in width, are obtained on
carrying out data analysis in the common way. It is
demonstrated that a single monomodal solution is re-
trieved from all these data sets when the new method is
applied, which in addition provides the corresponding
baseline errors quantitatively. Furthermore, stable solu-
tions are obtainable with data of lower statistical accura-
cy which results from measurements of shorter duration.
The use of an additional parameter in data inversion
reduces the occurrence of spurious peaks. This stabilizing
effect is accompanied by larger uncertainties in the width
of the size distribution. It is demonstrated that these un-
certainties are reduced by nearly a factor of two on using
the normalization error function instead of the ‘dust
term’ option for the analysis of noisy data sets.
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rors — Lipid vesicles — Size distribution

Introduction

The method of dynamic light scattering (DLS) is widely
applied to determine diffusion coefficients of suspended
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particles undergoing Brownian motion in liquids. With
spherical particles the hydrodynamic radii can be calcu-
lated from the Stokes-Einstein relation, D =k T/(6 nnr),
where D is the diffusion constant, k Boltzmann’s constant,
T the absolute temperature, r the particle radius, and #
the viscosity of the medium. In the case of polydisperse
samples the distribution function, S (I'), is obtained from
the inversion of

190 ()] =°§S(r)e-“dr, (1)

where |g'" (7)| is the magnitude of the normalized first-or-
der or field autocorrelation function, 7 is the delay time,
and I'= ¢ D the characteristic decay constant for parti-
cles of a given diffusion constant. g=(4nn/A)sin(©/2)
denotes the scattering vector, with n being the refractive
index of the medium, 1 the wavelength of the incident
light in vacuo, and @ the scattering angle (the fundamen-
tals of the method and evaluation techniques can be
found in reviews by Pusey and Vaughan (1975) and Stock
and Ray (1985); a review of its special application to
unilamellar lipid vesicles has been given elsewhere (Ruf
et al. (1989)). S(I') dI” represents the fraction of light scat-
tered by particles of diffusion constant D in the direction
of ©. This is the product of the number of particles of this
size, the polarizability and the scattering form factor. By
including varying parts of this product into the kernel of
(1), and replacing D by means of the Stokes-Einstein rela-
tion, one can obtain, from the inversions, number-, mass-,
squared mass- or intensity distributions in terms of the
particle radius. Estimating S(I') from the experimental
data of the first-order autocorrelation function is an ill-
posed problem in the sense that even small errors may
seriously influence the results from the inversion of (1)
(Phillips 1962). The determination of reliable size distri-
butions from DLS experiments thus requires data of ex-
tremely high accuracy (Pike et al. 1983), as has been
demonstrated for various particle suspensions, including
bimodal size distributions of calibrated polystyrene latex
beads (Morrison et al. 1985; Weiner and Tscharnuter
1987) and phospholipid vesicles (Hallett et al. 1991).
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When the direct intensity fluctuation method with
photon counting is applied, the normalized photocount
autocorrelation function, Y,, is calculated from the signal
for a set of discrete delay times 7,. The values y, of the
corresponding normalized first-order autocorrelation
function needed for the common size distribution al-
gorithms are then obtained from Siegert’s relation, y, =
(Y, —1)'/2 (Siegert 1943). Owing to the statistical nature of
the scattered signal and of photon detection, experimen-
tal data from measurements of finite duration are noisy.
Normalization of the data by its experimental baseline B,
which usually deviates from its expectation value B by a
small, unknown amount 4B = (B— B), introduces addi-
tional errors (Jakeman et al. 1971). Combining the statis-
tical deviations in E,, and taking the systematic errors
from normalization into account, the experimental values
of the normalized photocount autocorrelation function
can be written as

Y, = <1— A—AB) € | B )

B i’ B’

where C (t,)/ii* are the corresponding expectation values
with 71 being the expectation value of the average number
of counts per sampling time interval. Correspondingly,
the values of the first-order autocorrelation function are

AB AB  E,|'?
y= [(1 - E)f(A)m(“(rk)lz o B"] NE)
where f(A)is a spatial coherence factor depending on the
number of coherence areas viewed and on the sample
time (Jakeman 1974). Noise in the data of the photocount
autocorrelation function can be reduced, for example, by
increasing the number of samples, that is by increasing
the duration of measurements, which also holds for the
statistical part of the error in the experimental baseline.
Those parts of the baseline errors arising from other
sources, such as the drift in the mean scattering intensity
during the time of measurement might, however, become
especially serious in low noise data accumulated from
measurements of long duration. The fact that an error in
the baseline value changes only the amplitude but not the
decay characteristics of a normalized photocount auto-
correlation function (Hughes et al. 1973) suggested that
this type of error wouldn’t be a very serious one. Never-
theless, the importance of the accuracy of the experimen-
tal baseline for obtaining useful results has been pointed
out repeatedly (eg. Oliver 1981; Chu 1983). Using a single
exponential decaying function, which simulates the pho-
tocount autocorrelation function of a monodisperse sam-
ple of submicron particles, Weiner and Tscharnuter (1987)
demonstrated with the cumulant method (Koppel 1972)
that even small errors will have drastic effects, particular-
ly on the polydispersity parameter. They concluded that
the baseline must be correctly established within at least
0.1%, or surprisingly large errors occur in any parameter
which describes the width of the distribution. Recently, it
has been shown that these drastic effects are a conse-
quence of the square root extraction involved in Siegert’s
relation (Ruf 1989). This transforms the error such that it
also modifies the decay characteristics of the correspond-

ing first-order autocorrelation function. Even worse, the
normalization error increases exponentially as the expec-
tation value of the autocorrelation function decays. Be-
cause the commonly used size distribution algorithms do
not take components with positive exponents into ac-
count, even small baseline errors will severely distort the
size distributions resulting from data inversions, as has
been demonstrated in the same paper with computer sim-
ulated data of a given monomodal size distribution. The
analyses of these data were carried out with the size distri-
bution algorithm CONTIN (Provencher etal. 1978,
Provencher 1979, 1982a,b) yielding in the case of
+0.25% baseline errors either much too narrow size dis-
tributions or incorrectly bimodal ones.

To reduce errors arising from drifts of the mean scat-
tering intensity, it has been suggested that one should
perform a series of measurements of short duration in-
stead of carrying out a single long time measurement, and
then analyse the averages of these batches of individually
normalized data sets (Jakeman et al. 1971). Experimental-
ly, the problem of improving the accuracy of the baseline
value was tackled by designing new correlators that allow
one to measure the baseline over an extended range of
delay times, and by using improved normalization
schemes (Schitzel et al. 1988). An alternative approach,
which improves the analysis of data from most of the
currently used instrumentation and which may supple-
ment the new developments in correlator design, is to
include the characteristics of normalization errors into
the inversion algorithm. It has been shown (Ruf 1989)
that normalization errors in the data of first-order auto-
correlation functions can be described approximately by
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Equations (4) and (5) represent the linear terms in the
relative baseline error 4B/B of the series expansion of (3).
Expansion at the expectation values, f'/*(4)|g¥(z, )], re-
sults in (4), while expanding it at the experimental values,
Vi, yields (5). These two linear normalization error func-
tions have been incorporated into Provencher’s size dis-
tribution algorithm CONTIN, and their ability to reli-
ably retrieve size distributions from erroneous data has
been demonstrated with simulated autocorrelation func-
tions (Ruf 1989).

The purpose of this paper is to investigate normaliza-
tion errors in experimental data with this new method.
The DLS measurements were carried out on a sample of
phospholipid vesicles, submicron particles employed in
many biophysical and biological studies. Unlike those
used before (Stelzer et al. 1983), the vesicles used for these
studies had greater internal volumes. They had an aver-
age diameter of about 200 nm and were prepared by dial-
ysis according to Mimms et al. (1981), who showed that
unilamellar vesicles of rather homogeneous size are ob-
tained by this technique. It will be demonstrated here that



various commonly used sampling and normalization
schemes in DLS measurements are associated with rather
different normalization errors that cause very different
size distributions to be obtained when carrying out data
analyses in the common way. As is shown, these differ-
ences will disappear in the case of low noise data and will
be small for data of higher noise content when the inver-
sions are carried out by including the characteristics of
normalization errors. We compare here the results ob-
tained from data accumulated in a measurement of long
duration with those obtained by averaging over a corre-
sponding large batch of measurements of short duration,
and the effects of two different kinds of normalization.

Materials and methods
Materials and preparations

Unilamellar lipid vesicles made from egg yolk phos-
phatidylcholine (PC) were prepared in 65 mM NaCl,
20 mM PIPES-NaOH buffer, pH 7.2 by a dialysis similar
to that used by Mimms et al. (1981) as described before
(Kojro et al. 1989), using a molar detergent (n-octyl-f-D-
glucopyranoside) to lipid ratio of 10:1. All chemicals were
of analytical grade and were obtained from Merck or
Fluka. Water was purified by Milli-Q columns (Millipore,
Bedford, MA). The vesicle dispersion, characterized by a
phosphorus content of 0.2 mM, was filtered through a
0.4 um Nuclepore polycarbonate filter into the cylindrical
light scattering cuvette (510 mm).

Data collection and analysis

The scattering experiments were carried out with a light
scattering goniometer from ALV (Langen, Germany).
The light source was a Spectra Physics, Model 124 B,
15 mW), linearly polarized HeNe laser. The index match-
ing fluid surrounding the sample cell was toluene (Merck,
optical grade). Details on focusing optics, sample cell as-
sembly, vibration isolated table, and constant tempera-
ture maintenance in the sample cell and the surrounding
liquid have been described elsewhere (Georgalis et al.
1987).

The signal from the detection unit (Malvern Model
RF 313) was sent to a BI2020 correlator from Brook-
haven Instruments Corp. The correlator has 136 channels
followed by 8 baseline channels starting at 1024 sample
times. The correlator was externally controlled by a
FORTRAN program running on a Hewlett Packard HP
1000 minicomputer. The series of short-time measure-
ments were carried out as follows. The control program
set the sample time and the total number of samples in the
correlator before it started the first run. It initiated data
transfer and storage upon completion and repeated these
three operations a preset number of times. The autocorre-
lation function of each short-time run was visually in-
spected and analysed by the cumulant method to check
the data for experimental artifacts. Data analysis was car-
ried out on the HP 1000 computer. The mass-weighted
size distributions in terms of the vesicle radius were ob-
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tained with the modified version of the program CON-
TIN that allows one to take baseline errors into account.
With the recent version, the procedure described before
(Ruf 1989) 1s considerably simplified. In the preliminary,
unweighted analysis the coefficients of the normalization
error function are calculated as before the input data
according to (5), but in the final weighted analysis these
are now calculated from the chosen solution of the pre-
liminary unweighted analysis according to (4).

The range of delay times applied for measuring the
photocount autocorrelation function spanned roughly
two characteristic mean decay times. For relative baseline
errors of about 103, typical of the experiments presented
here, the true normalization errors in data of this decay
range are well approximated by both error functions, (4)
and (5). The maximum deviation from the true normaliza-
tion error at the right-hand point of the decay curve is
only 0.6%. The numerical integration in (1) was per-
formed using Simpson’s rule with 31 linearly spaced grid
points. The size limits selected for the first data inversion
were derived from the delay time of the first correlator
channel and from three times the mean decay time. This
range was then adjusted to narrower size limits, such that
only a few grid points near cither integration limit were
associated with zero amplitude of the size distribution.
The size distribution was additionally forced to be zero at
two extra points outside either integration limit by speci-
fying the corresponding control parameters of the pro-
gram. The size range found to be optimal for the inversion
of the batch data normalized by the baseline value deter-
mined from the total number of counts was used through-
out the analysis. The scattering form factor (Pecora and
Aragon 1974) and the volume of spherical shells were
included into the kernel of (1), to obtain from the inver-
sion the distribution of particulate mass density. A thick-
ness of 4.5 nm was taken for the vesicle shell. The distribu-
tions shown here were normalized so that the integral of
all values in the radius is unity. The range of the damping
parameter (a-grid) was adjusted to give solutions selected
by the F-test with Probl1(x)-to-reject values between 0.48
and 0.52 (Provencher 1982 a, c). The dynamic light scat-
tering experiments were carried out at 20°C, and at an
angle of 90 deg. The viscosity and refractive index of wa-
ter were used for the data analysis.

Results and discussion

To demonstrate the effects of normalization errors occur-
ring for reasons unconnected with the statistical proper-
ties of the signal requires low noise data. Unfortunately,
unlike the case of monodisperse particles (Jakeman et al.
1971; Degiorgio and Lastovka 1971; Saleh and Cardoso
1973; Schatzel 1990) no corresponding quantitative rela-
tion exists for polydisperse systems, from which the min-
imal duration of a DLS measurement can be calculated
for a desired noise level. Measuring times of many hours
have been reported to be appropriate for the determina-
tion of size distributions of some more complex particle
systems (Morrison et al. 1985). Instead of merely taking
these numbers, the time actually required for resolving
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the size distribution of our vesicle system within a few
percent of error was estimated from results obtained with
simulated noisy autocorrelation functions. This alterna-
tive was chosen because the minimal measurement dura-
tion depends on both the modality of a distribution and
the widths of the peaks, as well as on features of the
experimental set-up such as detector aperture, power of
the laser light source and multi-bit resolution of the corre-
lator. For our particular system a considerably shorter
measuring time of about 4 h was found to be sufficient. The
simulations were carried out as follows. A second-order
autocorrelation function was simulated for a Schulz dis-
tribution of hollow spheres (see Aragon and Pecora 1976)
of mass-weighted mean radius r,,=104.6 nm and width
s,,= 23 nm, being related to a z-parameter of 17 (the dis-
tribution width is characterized by the mean deviation
S, = [M,/M,— (M,/My)*]'/* with My, M, and M, being
the moments of the distribution function of order 0, 1 and
2 with respect to the vesicle radius). These values were
estimated from preliminary results of DLS measurements
with vesicles prepared according to the procedure de-
scribed in the experimental section. Poisson type noise
was added according to (9) given in the article of
Provencher (1979) using a random number generator.
The sample time interval was 10 ps, and a total number of
1.5 x 10° samples were taken, which corresponds to a to-
tal measurement duration of 4 h and 10 min. At a mean
rate of 0.5 counts per sample time interval, the baseline of
the N-fold photocount autocorrelation function becomes
3.75 x 108, Five different sets of 136 data points each, with
noise contents ranging from 3.8 x 1077 to 4.7 x 1077 as
characterized by the sum of the squared deviations, were
analysed with the modified version of CONTIN. The in-
versions were performed with and without a normaliza-
tion error function. The results are summarized in
Table 1, and a typical size distribution of each series is
depicted in Fig. 1. The solutions selected by the program
from inversions with the error function are slightly broad-
er than those obtained from inversions without addition-
al parameters. Such behaviour is also observed when a
constant background is taken into account instead. Gen-
erally, the use of an additional parameter has a broaden-
ing effect on the solution selected by the program. How-
ever, this is valid only in a statistical sense, as in a few
cases narrower size distributions will also be obtained.
Within each series the mean radii differ by less than 0.3%
and the agreement of the widths is better than 1%, indi-
cating that this noise level is indeed sufficiently low for
obtaining reliable results in the case of this monomodal
size distribution. It should be mentioned that noise simu-
lating only the statistics of photon detection does not
completely reflect the experimental situation. Noise aris-
ing from the statistical nature of the intensity fluctuations,
which is sometimes called ‘signal noise’, dominates at av-
erage rates of about 0.5 counts per sample time (Jakeman
et al. 1971). This type of noise is correlated in adjacent
data points (Saleh and Cardoso 1973), and therefore will
have stronger effects on the results than purely random
noise. Nevertheless, the time requirements concluded
from these simulations are appropriate to determine the
size distribution of vesicles within a few percent of error.
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Fig. 1. Mass density distributions obtained from noisy DLS data
simulating the light scattered by a Schulz-distribution of unilamellar
vesicles (—) plotted versus the hydrodynamic radius. Data inver-
sions were performed without fitting additional parameters (a) and
with the normalization error function (o)

Table 1. Averaged mass weighted mean radii and widths obtained
from the analysis of 5 sets of simulated noisy data with and without
the normalization error function

7, [nm] Sl Tm AB/B, 10~

104.1(0.09)* 0215(04) —

1057(0.08)  0.226(0.5) 43 (7)
Original distribution  104.6 0.222

2 Numbers in parenthesis are percent root-mean-square deviations

For the DLS experiments with unilamellar phospho-
lipid vesicles, 25 runs of 10 min duration were carried out
(the mean count rate drift was 2% per hour). Normalizing
each run by its experimental baseline and subsequently
averaging all 25 measurements yielded the batch data set.
Accumulating the raw data of the individual runs and
normalizing this data set with the sum of the correspond-
ing baseline values gave the so called long data set, just as
if the experiment were carried out as a measurement of
long duration. These two different ways of accumulating
the raw data allows comparison of the two sampling
modes directly on the same set of experimental data, with-
out having the imponderables of two separate measure-
ments. Normalization was performed as ‘self’ and “far-
point’ employing the notation of Oliver (1981). For ‘self’
normalization the content of the correlator channels,
C(x,), is divided by the value of the baseline, B, calculat-
ed from the total number of photon counts

Y,=C(z,)/B,, (6)
whereas with ‘far-point’ normalization
Y,=1+(C(z,)—B,)/B,, 7

the average content of some delay or baseline channels,
B,, is used in addition (we use here B, instead of the long
term average of the baseline involved in the original defi-
nition). For comparison, the batch data were additionally
normalized according to (6) but with B, instead of B;.
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Fig. 2. a Experimental first-order autocorrelation functions (N =
1.5 x 10°, 6t =10 ps) of long data set, ‘self’- and ‘far-point’ normal-
ized batch data plotted versus delay time. b Difference curves of the
long data set (—), ‘far-point’ normalized batch data (- - -), and batch
data normalized with B, according to 5 (—-- ) with regard to the
‘self” normalized batch data. All three difference curves exhibit the
typical features of normalization errors

The first-order autocorrelation functions of these dif-
ferent data sets, and their differences with regard to the
‘self” normalized batch data are shown in Fig. 2. All three
difference curves exhibit the typical exponential increase
of normalization errors with increasing delay time, which
indicates that the various sampling and normalizing
schemes in autocorrelation functions are associated with
different normalization errors. The effects of these errors
on the results of data inversion are depicted in Fig. 3 (the
size distributions returned from the additional data set
were almost identical to those obtained from the ‘far-
point’ normalized data, and therefore have been omitted).
The inversions without additional parameters yield
rather different solutions (Fig. 3a). While a monomodal
distribution is obtained from the ‘self” normalized batch
data, the other two data sets yield different bimodal solu-
tions. Taking a ‘dust term’ into account reduces this ambi-
guity and yields only monomodal size distributions but
still with a considerable spread in width (Fig. 3b). Yet,
when the normalization error function is used practically
a single solution is obtained from all three data sets
(Fig. 3¢). The values of relative baseline errors (Table 2)
indicate that the ‘self’ normalized batch data set is the
most accurate one, as expected. There, the relative base-
line errot is only about 10~ #. Consistently, the distribu-
tions obtained from the analysis with the three different
options are essentially the same. The baseline errors of the
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Fig. 3a—c. Mass density distribution resulting from the analysis of
DLS measurements on a sample of unilamellar phospholipid vesi-
cles plotted versus the hydrodynamic radius. Size distributions ob-
tained from the long data set (), ‘far-point’-(o) and ‘self” normalized
batch data (o) are plotted versus the hydrodynamic radius. Data
inversions are performed: a without additional parameters; b with
a constant background; ¢ with a baseline error (since all three solu-
tions are practically identical, only one symbol is used here)

two other data sets arec about one order of magnitude
larger and are different in sign. A negative sign means that
the experimental value of the baseline is smaller than its
expectation value, which is the case for the long data set.
The baseline value calculated from the eight delay chan-
nels, on the other hand, is larger than its expectation
value. This result is consistent with slowly decaying con-
tributions due to minute amounts of dust, which are near-
ly always present in a dispersion.

The use of a ‘dust term’ as additional parameter also
provides monomodal size distributions from all data sets,
but with a considerable spread in mean size and width
(Fig. 3b). Moreover, the values obtained for the back-
ground are far too large, as has been checked by measur-
ing the autocorrelation function at longer delay times. In
the case of the far-point’ normalized batch data the sign
of the background value is negative which would be phys-
ically unreal. Yet when data of a second-order autocorre-
lation function are normalized by baseline values that are
too large the baseline of the corresponding first-order
autocorrelation function, which ideally is zero, becomes
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Table 2. Parameters of the size distributions of lipid vesicles obtained from the three different data sets applying various options upon data

inversion

Data inversion Without additional parameters

With a constant background

With the normalization error function

r,, [nm] S/ r,, [nm] S/ B,, 1072 r,, [nm] S50/ AB/B,10~*
‘Self” normalized 86.4 0.083
long data sct (555 0071 97.4 0.179 59 1003 0.203 —9.4
‘Self’ normalized
batch data 99.7 0.198 100.1 0.202 —0.19 100.1 0.201 —097
‘Far point’ normalized 56.3 0.066
batch data 377 0.100 104.4 0.229 -71 100.4 0.204 8.5
Table 3. Mass-weighted mean radii and widths of size distributions
of lipid vesicles obtained from data batches of different size a
0.02 r
Batch size  No. 7., [nm] Soul ¥ AB/B, 1074
25 1 100.1 0.201 —097
18 1 100.4 0.204 —0.05 001 T
2 98.4 0.185 -29
3 100.7 0.208 24
av® 99.8(1.3)>  0.199 (6.2) .
12 1 1024 0.220 47 0.0 sorer
98.0 0.182 —2.6 -
3 101.4 0215 31 = 0.02
4 98.4 0.183 —50 2]
av 101.1(22)  0.200 (10) S
o
® Averages over the corresponding number of data sets ® 0.01
® Numbers in parentheses are percent root-mean-square deviations %
E
. . . 0.0
negative, and consequently a negative value is returned
from the analysis with the ‘dust term’ option (Ruf 1989). 0.02
Thus, the finding of a negative background may in turn be
indicative of a positive baseline error.
The results of our analyses show that the major differ-
ences in the three data sets are due to normalization er- 0.01
rors, and that a single solution is obtained with the new
method. The high stability of this solution with regard to
the different sampling and normalization schemes sug- 0.0

gests that it represents the vesicle size distribution of our
dispersion. The remaining uncertainties due to the noise
still present in the experimental data were estimated to be
about 1% for the mean size and about 3% for the width.
These numbers were extrapolated from the results ob-
tained with various shorter batches of 12 and 18 ‘self’
normalized short-time runs constructed out of the total of
25 measurements. The higher noise content in these data
sets causes a larger spread in mean size and widths of the
solutions. The dependence of this spread on the level of
noise allows an estimate of the accuracy of the solution
obtained from the complete batch. The results of the anal-
yses of smaller batches are shown in Fig. 4, and the char-
acteristic parameters of the distributions are summarized
in Table 3. Accordingly, the accuracies of the mean radius
determined from 2 h and 3 h measurements are about 3%
and 2%, respectively, and 10% and 6% for the width.
Actually, these accuracies might not be as high, because it
cannot be excluded that some of the vesicles are multi-

0 100 200
radius (nm)

Fig. 4 a—c. Phospholipid vesicles: mass density distributions ob-
tained from inversions with the baseline error function from batches
of different size plotted versus the hydrodynamic radius: a 1 batch
of 25 short-time runs; b 3 batches of 18 short-time runs; ¢ 4 batches
of 12 short-time runs. Panels b and c illustrate the variations in
resulting inversions in dependence of measurement duration

lamellar. However, comparison with the size distribution
reported by Mimms et al. (1981), as determined from elec-
tron microscopy, shows a very good agreement. The
peaks of the two distributions fit nicely. From the electron
micrographs a greater fraction of larger vesicles was de-
termined than from our DLS data, and correspondingly
a larger average diameter of 240 nm + 60 nm was report-
ed. These differences may reflect slight differences in the
preparations, but may be also due in part to effects of the



staining procedure and particularly to the limited statis-
tics in the evaluation of the electron micrographs.

The analysis of data sets with higher noise content,
formed from smaller batches of ‘self” normalized data,
without additional parameters, demonstrates the ill-
posed nature of the inversion of (1). In nearly half of the
cases one obtains bimodal solutions with mean radii of
95 nm and 170 nm. The use of either a ‘dust term’ or a
baseline error as additional parameters stabilizes the so-
lution again, but at the expense of mostly too broad size
distributions. This broadening effect is directly related to
the noise content, as has also been found before (Flam-
berg and Pecora 1984; Vaidya et al. 1987). With the ‘dust
term’ option the mean radius of our vesicle dispersion is
determined from 2 h and 3 h measurements with accura-
cies of about +5% and +2.5%, and the width with accu-
racies of about +19% and + 10%, respectively. Compar-
ison with the corresponding values in Table 3 shows that
an improvement of the accuracies of the distribution
parameters by roughly a factor of two is achieved if the
baseline error option is used. From our experience of the
analysis of experimental and simulated data with the pro-
gram CONTIN we inferred that there is an interrelation
between the noise content, the solution selected by the
program according to the F-test, and the magnitude of
the additional parameter, which we were not able to
quantify. We found empirically that in data of higher
noise content the use of an additional parameter general-
ly reduces the occurrence of spurious peaks but at the
expense of mostly too broad size distributions and too
large values of the additional parameter (as concluded
from simulated data). Thereby, the normalization error
function provides solutions with considerably smaller un-
certainties and less unrealistic values of the additional
parameter than the ‘dust term’ option. This special prop-

erty of the normalization error function in the case of -

noisy data, however, is not fully understood yet.

The version of CONTIN we used for data analysis
employed the Poisson statistics of photon detection for
calculating the weights of data. In the case of noisy data
resulting from measurements of shorter duration an im-
provement is to be expected when sampling is carried out
at multiple sample times and the statistics of the intensity
fluctuations of ‘diffusional’ noise are included in weight-
ing the data (Schétzel 1990; Peters 1991). The experimen-
tal duration of about 4 h used here is related to the char-
acteristics of this particular size distribution, and to the
limitations of the linear correlator available for this study.
In general, broad distributions are more easily obtained
than narrow or more complex ones (Schitzel 1987). Re-
cently, attempts to quantify this relationship for mono-
modal size distributions have been made (Kojro 1990).
The numbers given there, however, underestimate the ac-
tual temporal requirements for the particular vesicle sys-
tem investigated here by roughly two orders of magni-
tude. In this article it has been claimed, in addition, that
normalization errors would not exist because of a ‘self
compensation phenomenon’. This statement is inconsis-
tent with our experimental data. A general relationship
that allows derivation of the accuracies with which size
distributions can be determined directly from given noise
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levels would be desirable. The analysis of simulated data,
which is applied here, is a rather tedious alternative. A
more promising approach is to pursue the stabilization of
the solution of the inversion during the measurement,
where it should be kept in mind that the improvement is
hyperbolic in time rather than linear. This now starts to
become available with modern fast computing tech-
niques. The use of the normalization error function in
data analysis supplements this approach and speeds up
the search for stable and reliable size distributions.

Conclusions

For relative baseline errors ranging from 10~% to about
2x 1073 it is generally sufficient to carry out only one
inversion with the modified program. With larger base-
line errors, rarely observed in the case of low noise data
measured under stable conditions, an iterative procedure
is suggested. Becausc the normalization errors are no
longer completely described by the linear approximations
in all data, the inversions mostly yield overestimates of
the actual baseline error. The data then have to be renor-
malized by a fraction of the overestimated error value and
inverted again. This procedure has to be repeated until a
stable solution is obtained. Baseline errors smaller than
10~* do not actually require the use of the normalization
error function. However, it is good practice when using
this function to find out whether normalization errors are
present in the data and to eventually perform a second
inversion without additional parameters. The use of the
normalization error function is also advantageous with
data of higher noise content arising from measurements
of shorter duration, when higher inaccuracies of the dis-
tribution parameters are tolerable. The analysis with the
error function was found to yield solutions with a mini-
mal spread in width and modality. There are limits in
shortening the total measurements duration, which can
be fairly high if narrow or more complex continuous size
distributions are to be determined. The shortest total du-
ration of measurements, from which here only monomo-
dal size distribution are returned, lies somewhere in be-
tween 1 and 2 h. This temporal limit is not an absolute
one, of course. It is related, in addition, to features of our
experimental set-up such as intensity of the laser light
source, aperture of the detector, resolution of the correla-
tor, and weighting of data in our analysis. Modern instru-
mentation and proper weighting schemes will lower this
limit. Nevertheless, it provides reasonable clues to the
temporal requirements for the determination of mono-
modal size distribution of this width.
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