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This article is the third installment

in a series about a novel
spectrofluorometric method that
allows for in vivo observation of the
division of chloroplast populations in

leaves of Arabidopsis thaliana.

his article provides a statistical ap-

proach allowing quantification of

probability in two-dimensional

in vivo fluorescence spectroscopy
of biological samples.

When using spectroscopy for chemicals, the
number of molecules, atoms, or other moieties
— even when observed in complex matrices —
is commonly very large, and their state rela-
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tively homogeneous. During biological in vivo
experiments, the moiety units explored are
usually far larger in size, less concentrated,
more variable, and found in far fewer numbers
than common in chemicals or even biochemi-
cal work. Thus, in vivo fluorescent spectroscopy
of the relatively small numbers, variability, and
complexity of these biological moieties offers
exceptional statistical challenges.

Chloroplast division is critical in plant de-
velopment. A novel spectrofluorometric
method that allows for in vivo observation of
division of chloroplast populations in leaves
of Arabidopsis thaliana mutants was described
in part one of this series (1). A second paper
followed that described preliminary confocal
microscopic work and confirming investiga-
tions using amaryllis, wheat, sugarcane, nar-
cissus, and other plants (2).

The technology of this series of articles
holds promise in applied, as well as theoreti-
cal, areas of plant science. This article de-
scribes the novel statistical methods used for
the initial discovery. We expect this statistical
approach to have more general applications.

Chloroplasts, the green organelles found in
plant cells, because of their photosynthetic
functions are central to life on Earth and the
leaves of higher plants are packed with them.
However, the seeds from which these plants
grow are small compared with the mature
plant, and seeds commonly have few or no
functional chloroplasts. Chloroplasts have a
separate genome, which codes much of the
chloroplast’s function. Thus chloroplasts in
plants must arise through repeated chloro-
plast division.

Chloroplast division occurs primarily in
developing leaf mesophyll cells, where chloro-
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Figure 1. Ranked and statistically processed data showing distinct
populations of chloroplast efficiencies in Arabidopsis spotty mutants. Left
plots (a and b) show data before statistical transformation. Right plots (c
and d) show statistically transformed data. Upper plots (a and c) show
curve fitting to histograms in lower (b and d) plots.

plast division is essential to mesophyll development. The first
article in this series lists the environmental factors that influ-
ence chloroplast division as cell size, nuclear ploidy, and the
environment of the leaf, especially light quality (1).

Chloroplast accumulation in developing leaves enor-
mously affects photosynthetic production, yet control of the
chloroplast division process itself is one of the least under-
stood areas of chloroplast biology (3). This situation calls for
improved technology, such as that which we have con-
tributed (1, 2).

When we were trying to distinguish between the observa-
tions, we made comparing Arabidopsis mutants and wild type
(natural or unmutated) plants, we found that in both there
were multiple populations of chloroplast efficiencies. Puzzled,
we were forced to develop novel statistical tools to distinguish
between really divided and spurious divided populations.

Experimental

Fluorometric analysis. Fluorometric analysis followed the pro-
cedure described by Ning et al. (4). Our laboratory devel-
oped an imaging fluorometer/spectrophotometer (4—10) that
can quantify the fluorescence characteristics of leaves in two-
dimensional space. This instrument detects changes related
to the photosynthetic function and pathology of plants. Our
imaging fluorometer uses a charge-coupled device (CCD) as
the detector element, acquiring spectra for 31,680 positions
per sample (12-bit, Lynxx, PC CCD Imaging System, Spec-
traSource Instruments, Westlake Village, CA).

Plant material. The material was grown in the greenhouses
adjacent to the laboratory, sampled with permission from
some of the material grown by other researchers at Oregon
State University (Corvallis), or shipped by express mail from
other researchers across the country.
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Figure 2. Ranked and statistically processed data showing distinct
populations of chloroplast efficiencies in wild-type (nonmutant)
Arabidopsis. Left plots (a and b) show data before statistical transformation.
Right plots (c and d) show statistically transformed data. Upper plots (a and
¢) show curve fitting to histograms in lower (b and d) plots.

The Arabidopsis thaliana plants used for these experiments
were prepared and grown (11) by Steve Rodermel at lowa
State University of Science and Technology (Ames). These
materials consisted of grown Arabidopsis plants. The A.
thaliana germplasm used was: V28, Spotty, and wild type.
Plants were shipped, carefully protected, and sent by express
mail service from lowa to the Oregon laboratory site. After
the plants arrived at the Corvallis, Oregon, site, they were
carefully unpacked and allowed to grow overnight to permit
recovery of photosynthetic function from shipping stresses.

Leaves were sampled and then analyzed by the imaging
fluorometer (1, 2). We noted the growth details with care;
these Arabidopsis thaliana leaves were taken at 0, 4, and 8
days after arrival from lowa. Mutants and their growing con-
ditions have been described previously (1).

When we grew our own plants we used OSU soil mix, Os-
mocote (Sierra Chemical, Milpitas, CA) slow-release fertilizer
in amounts and release times appropriate for each species, and
the greenhouse crew watered each plant twice a day and con-
trolled any pathogens and pests that could cause problems.

Data processing. Program for data analysis (curve deconvo-
lution). One of the most computation-intensive problems is
calculating maximume-likelihood estimates for a mixture of
normal distributions. This process can be thought of as para-
metric estimations of likelihood functions. Maximizing these
likelihood functions is complicated by singularities and nu-
merous spurious maximizers. Here we used the Expectation
Maximization (EM) algorithm, which is a technique for
finding maximizers of likelihood functions (12). The pro-
gram running the EM was written using the MATLAB (The
Math Works, Natick, MA) numerical software package.

This iterative EM algorithm is extremely reliable and usu-
ally finds the most appropriate maximizer from most rea-
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Figure 3. Statistically processed curves showing dual populations of
chloroplast efficiencies within mutant and wild type leaves.

sonable initial guesses. However, it is very slow in cases where
there is considerable overlap between component normal
distributions.

We set up a model where the resultant distribution is con-
sidered as a mixture of normal distributions. To do this we
wrote a novel program in MATLAB using the established
formulas and mathematical conventions. In these formulas
we consider the unknown distribution as a mixture of a
number of subdistributions from 1 ... m, where m is the
number of normal components in the mixture.

A t— variable normal density p(xIu, %) with t— variable
mean vector w and t X t symmetric, positive definite covari-
ance matrix 3, is defined for t— variable real x by

plx|p,2)=

(exp(x —p)" 2 (x—p)/2)/(@m)"* [ X]1))

Here the mixture has a t— variable normal distribution
P, (x1®), and is defined by the following equation:

P, (x|0) = alp(x|M1,21)+---+0tmp(x|l’«m,2m) €))

In the equation form o, p(xIu,, 2,), the vertical line means
“given.” The notation{o, p(XI;, 2,)} means: given the values
for u, and X, the equation defines the probability that the x
occurs. Here x is observed random samples; © collectively
refers to all the individual component mean and covariance
parameters, along with the mixing proportions o, a, . . .
o, which must sum unity (that is 1) and have values be-
tween O and 1.

The theory of maximum-likelihood states that good esti-
mates of the unknown parameter O, can be obtained from
the log-likelihood function L(®). The function L(®) is de-
fined for a given t— variable sample {x,, .. ., X} and density
of the formin (1), by
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Figure 4. A larger set of data also showing statistical analysis from
second variegated mutant (V-28) (adapted from reference 3).

L(®)=log(p, (x,10))+log(p, (x,|0))+log(p, (x, |0))

The chosen maximizer is denoted here by ®". The ap-
proach considered here results from applying different opti-
mization techniques to find ®" by maximizing L(®).

Optimization algorithms are iterative in nature. These al-
gorithms will, in theory,*generate an infinite sequence {®(r)}
of approximations to ® . In this sequence each successive ®(r)
tends to more closely approximate ©".

The procedure starts with supplying an initial, and usually
rough, estimate O, of ©". The main check used in these tests
compares the new iterate O, ;) with the old iterate ©,, at each
step. When there is very little difference between successive iter-
ates the process is near completion. This is because this circum-
stance usual I}/ means that the accuracy of ®(r Lpasan approxi-
mation to ®" will not be much improved by further iteration.

For the above reason the implemented iteration is termi-
nated as soon as two successive iterates are very similar. For
i=1,...m,where m is the number of normal components
in the mixture, the following calculations are done for o, ,

1y i+ 1y and 2 gy
PO iy Zin)
Where r is the iteration, i = 1,...,m,k=1,...,n
P (X |®(,))=20L,~<,)p(xk |:“i(r>’2i<r>)
wherei=1
Wiy = %y P, |,ul-(,),2,-(,))/pm (x| O)

A, = (EWik(r))

i(r)y — P
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The property of EM is such that L(G)(r . 1)) = L(®(r)) for
each iteration, so that progress towards finding a maximizer
is always being made.

Results and Discussion

For this particular series of experiments seeking differences
in photosynthetic efficiency between the mutant and the
normal parts of these Arabidopsis, we reprocessed the photo-
synthetic efficiency data (1, 2). We ranked the data, with re-
spect to efficiency on the x-axis with the y-axis as the num-
ber of pixels at that efficiency range.

This generated normal curves of the efficiency of the
chloroplasts within each image. Our original intent was, in
this way, to measure the proportion of mutated tissue and
the amount of normal tissue.

In these mutants we often, but not always, saw two popu-
lations with different photosynthetic efficiencies. That made
us very happy because it seemed to explain the differences
between dark green and much lighter white or yellow sectors
of the mutation plant’s leaves (for example, unprocessed
spotty mutant data presented in Figure 1). Preliminary ex-
amination of data made us realize that these divided effi-
ciency populations of chloroplast suggested that this did not
exist in wild type plants (unprocessed data in Figure 2).

To obtain statistical proof of this difference, we tested the
data statistically by a de novo rigorous statistical analysis for
subpopulations (see Experimental). This statistical approach
surprisingly showed us that these subpopulations existed in
both wild type and mutant plants (processed data in Figures
3'and 4). This is attributed to the energy costs of chloroplast
division (1,3, 13).

Thus we embarked on a wider examination of mutant and
wild type spectra using the same statistical deconvolution
(Figure 4). With this data we began to clearly see two popu-
lations of chloroplasts with different efficiencies not only in
other mutants but also in wild type Arabidopsis plants (Fig-
ure 4). This binary distribution did not occur in all samples
and thus clearly was not some general property of statistical
approach (for example, see Figure 4). All of this was surpris-
ing, quite disturbing, very puzzling, and not especially tidy,
for it blew our initial hypothesis clear out of the water.

Thus we came to the surprising conclusion that this phe-
nomenon, of which we were not sure of at the time but now
know was related to chloroplast division, occurred in both
mutant and wild type plants.

Spectrofluorometry

This showed that we had unwittingly developed a method
to statistically show chloroplast division in plants (1, 3).

Conclusions

Statistically we demonstrated that distinct populations of
chloroplast efficiency are real phenomena, occurring both in
wild type and in variegated mutant Arabidopsis. That these
populations resulted from the measurement of chloroplast
division also became clear. Thus, a statistical method that we
thought only applied to a particular use has far more general
applications in deconvoluting biological data.

Once this method was applied and the phenomenon was
found to be real, it was possible to consider that the large
number of pixels sampled was sufficient to fulfill statistical
requirements without further statistical analysis.

General use of this method allows statistical verification of
bimodal and polymodal distribution phenomena from data
obtained by CCD cameras and other devices.
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