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Abstract

The application of image registration techniques
resulted in the construction of an integrated at-
las of Drosophila segmentation gene expression in
both space and time. The registration method
was based on a quadratic spline approximation
with flexible knots. A classifier for automatic at-
tribution of an embryo to one of the temporal
classes according to its gene expression pattern
was developed.)

Keywords: gene expression data, image registration, ge-
netic network, Drosophila

Introduction
The analysis of the integrated structure and behavior of
the complex genetic regulatory systems underlying de-
velopment is a central task for fundamental research in
biology over the next few decades. Its accomplishment
will require the acquisition of unprecedented amounts
of gene expression data. Substantial progress in this di-
rection has been already made. For example, a powerful
approach to automated acquisition of gene expression
data is based on monitoring the levels of expression of
up to several thousand species of mRNA with DNA
“chips”(Lockhart et al. 1996).

However this method, like other non-automated
methods such as blotting, CAT assays, quantitative
PCR etc. are based on the preparation of homogenates
of cells as an initial step. Such methods are appropriate
for studies of well differentiated tissue types, but have
serious drawbacks for investigations of the early devel-
opmental stages in which the events in determination
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and pattern formation take place. At early embryoge-
nesis the determination of cell fate and pattern forma-
tion proceeds in relatively small morphogenetic fields,
in which the differences between future cell types are
first traceable to relatively small spatial differences in
the expression of a small number of genes. Thus the
investigation of these processes requires a knowledge of
the spatial and temporal distribution of gene expres-
sion in situ. Homogenate based methods are unable to
capture spatial information about gene expression.

The investigation of early development requires
methods for the acquisition of gene expression data
which will allow us to simultaneously monitor the ex-
pression time course of all of the genes in a functional
network at the resolution of a single cell. We are ad-
dressing this issue in the context of a particular biolog-
ical system, namely the segment determination system
of the fruit fly Drosophila melanogaster (Reinitz, Mjol-
sness, & Sharp 1995; Reinitz & Sharp 1995; Reinitz et
al. 1998; Sharp & Reinitz 1998). Our ultimate goal
is the deciphering of the molecular mechanisms which
control this process, and a central part of this work is
the construction of a quantitative atlas of segmentation
gene expression at cellular resolution.

Like all other arthropods, the body of the fruit fly
Drosophila melanogaster is made up of repeated units
called segments. Before the segments morphologically
differentiate, their pattern is marked out by a chemi-
cal blueprint in a process called “determination”. The
chemical blueprint, or “prepattern” is constructed from
patterns of proteins expressed from the segmentation
genes, and so understanding segment determination is
a matter of understanding how these patterns form.
There are approximately forty genes specifically in-
volved in segmentation, but the initial determination
of the segments is a consequence of the expression of
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Figure 1: Representative expression data of the pair-
rule gene eve for each of the temporal classes. Data
for each graph was obtained from a portion of a single
embryo processed text file.

only about fifteen genes. A few of these are “mater-
nal coordinate genes” expressed from the mother to
provide asymmetric initial conditions. Most are zy-
gotic genes that are expressed in patterns that be-

come more spatially refined over time. This refine-
ment is a consequence of members of the network reg-
ulating one another’s synthesis in a precise manner.
Of particular importance are members of the “gap”
and “pair-rule” classes of segmentation genes. Gap
genes are expressed with unimodal or bimodal concen-
tration profiles which become gradually steeper, while
pair-rule genes initially express protein in a a single
very broad domain that restricts to seven narrow do-
mains over a relatively short time interval (Akam 1987;
Ingham 1988). In general, each gap and pair-rule gene
expresses protein in a different set of locations, but
these have a characteristic overlap with one another.
Thus one can view the expression pattern as a collec-
tion of “domains”, each of which is a region of expres-
sion containing one concentration maximum.

Expression of segmentation genes is largely a func-
tion of position on the anterior-posterior (A-P), and so
can be well represented in one dimension. Gene expres-
sion is monitored by confocal scanning of fixed embryos
stained with fluorescence tagged antibodies. Each em-
bryo is observed at the moment of development when
it is fixed; each embryo can be scanned for the expres-
sion of up to three genes at once. The application of
image segmentation techniques allows us to determine
the average fluorescence level on each nucleus (Kosman,
Reinitz, & Sharp 1997). Images are processed so that
each nucleus in the processed dataset is labeled numer-
ically and specified by the following features: x and y
coordinates of its centroid together with quantitative
values for the average intensities of gene expression for
up to three genes over each nucleus.

Here we describe how data of this type can be com-
bined into an integrated atlas which will contain the
information about simultaneous expression of all of the
network genes over time to the resolution of a single cell.
The creation of such an atlas is accomplished through
the application of image registration techniques in both
space and time. These methods allow us to construct a
map of all relevant expression domains from a series of
embryos of the same age and to develop a classifier for
automatic attribution of an embryo to one of the tem-
poral classes according to its gene expression pattern.

Materials and Methods

Materials

We raised a panel of antibodies to Drosophila segmen-
tation genes and used it to fluorescently stain embryos
as described (Kosman & Reinitz 1998). Confocal im-
ages of 429 embryos were obtained. Images were au-
tomatically rotated and cropped by making a thresh-
olded mask of the entire embryo, finding the principal
moments, rotating the embryo to bring the principal
moments in line with the x and y axes, and cropping
the image to the edge of the mask. Correct dorso-
ventral (D-V) and anterior-posterior (A-P) orientation
was then obtained by visual inspection and manual flip-
ping if needed. Each image was segmented and reduced



Percent Egg Length

250

200

150

100

50

0

In
te

ns
ity

Before After

100 6080 40 20 0 100 80 60 40 020

Percent Egg Length

Figure 2: Example of image registration. We show the graphs of common Eve domains in two embryos, one solid
and one dotted before (left) and after (right) registration.

to an text file containing a list of identified nuclei to-
gether with their x and y coordinates and the average
fluorescence levels of three gene products as described
(Kosman, Reinitz, & Sharp 1997), with the following
modifications. First, masks were constructed from an
image containing the maximum pixel from the three
channels used, without use of a nuclear counterstain.
Second, the watershed method (instead of skeletoniza-
tion) was used for the correction step following edge
detection (Bowler, Reinitz, and Kosman, manuscript
in preparation). A single image gives about 2000 pro-
cessed nuclei.

The 429 embryo images used in this study yielded
text files of quantitative data on the expression of 12
segmentation genes. These comprised the maternal co-
ordinate genes bicoid (bcd) and caudal (cad), the gap
genes Kruppel (Kr), knirps (kni), giant (gt), and hunch-
back (hb), and the pair-rule genes even-skipped (eve),
runt (run), hairy (h), odd-skipped (odd), fushi-tarazu
(ftz), and paired (prd) distributed as follows:
• 54 embryos stained for the ftz, runt, and eve genes;
• 5 embryos stained for the eve, cad and bcd genes;
• 26 embryos stained for the eve, kni and gt genes;
• 144 embryos stained for the eve, Kr and gt genes;
• 55 embryos stained for the eve, odd and h genes;
• 112 embryos stained for the eve, kni and hb genes;
• 28 embryos stained for the eve, Kr and hb genes;
• 5 embryos stained for the eve, prd and odd genes.
All the embryos belong to cleavage cycle 14 (Foe &

Alberts 1983). This cycle is about an hour long and is
characterized by a rapid transition of the pair-rule gene
expression patterns, which culminates in the formation
of 7 stripes.

We divided the 429 embryos into temporal classes
by an extensive and thorough visual analysis of images
and graphs of individual embryos that will be published
elsewhere (Kosman et al., in preparation). Each image
is allocated to one of 9 temporal classes on the basis of
visual inspection of pair-rule gene expression patterns,
particularly that of eve. Each embryo was stained for
eve, the pattern of which is highly dynamic.

The evolution of the expression patterns of eve dur-
ing cleavage cycle 14 is illustrated in Figure 1. Time
classes 1, 2, 3, and 4 do not have seven well-defined eve

stripes, and could be grouped according to the degree of
formation of individual stripes. The remaining groups
(classes 5, 6, 7, 8 and 9) do have seven well-defined
eve stripes and were classified by features of the overall
eve pattern along with the patterns of other pair-rule
genes. After seven eve stripes are clearly visible their
intensities increase in the posterior portion of the em-
bryo. This process is accompanied by drastic intensity
changes between adjacent nuclei. By the end of cycle
14, all eve stripes have reached maximum and equal
intensity and maximum sharpness (i.e. maximum in-
tensity difference between adjacent nuclei). Note that
late eve stripes (class 9) are distinctly sharper on the
anterior edge.

Registration in space

The simplest approach is a 1-D registration technique,
which is performed for the raw data extracted from the
central 10% of y-values on the midline of an embryo in
the A-P direction (x-coordinate). The y-values of these
data are then ignored, and the patterns, demonstrating
the variation of gene expression along the x-axis, are
presented as diagrams. The stripes and interstripe ar-
eas on the curve have the form of peaks and valleys
respectively. To identify the most essential features
of each pattern and to get rid of noise on the curves,
some approximation method should be applied. One
widely used class of approximation methods is that of
splines, in which a function is approximated piecewise
by polynomials of a given order which are constrained
to follow certain continuity constraints at the borders
(“knots”) of the approximated segments. This method
provides a smooth approximation of the curves, and
classifies each pattern by a set of parameters. The sim-
plest smooth approximation is provided by a quadratic
spline with M flexible knots, where first derivatives are
constrained to be continuous at each knot. The system
of knots, x̃1, x̃2, . . . x̃M , is introduced as a set of distinct
points on the x-axis, which border the area of each peak.
Each knot is located at the point of inflection between
a peak and the adjacent valley. The number of knots
is equal to the total number of minima and maxima on
the given curve. The quadratic spline approximation



class 4 [37] 5 [55] 6 [55] 7 [19] 8 [71] 9 [26]

stripe 1 31.92(0.36) 31.56(0.44) 31.54(0.44) 31.63(0.39) 31.99(1.52) 31.74 (0.41)
1/2 37.28(0.36) 36.63(0.30) 36.42(0.30) 36.34(0.22) 36.54(1.1) 36.19(0.20)
stripe 2 41.96(0.24) 41.56(0.30) 41.31(0.22) 41.10(0.22) 41.12(0.67) 40.72(0.20)
2/3 46.79(0.24) 46.06(0.30) 45.60(0.30) 45.30(0.22) 45.15(0.42) 44.90(1.43)
stripe 3 50.32(0.30) 49.83(0.22) 49.45(0.30) 49.13(0.22) 48.96(0.25) 48.53(0.41)
3/4 54.07(0.43) 53.72(0.30) 53.22(0.30) 52.89(0.22) 52.55(0.38) 52.06(0.36)
stripe 4 57.52(0.36) 57.14(0.37) 56.67(0.30) 56.45(0.26) 56.06(0.59) 55.51(0.36)
4/5 61.41(0.49) 61.08(0.44) 60.50(0.30) 60.10(0.30) 59.60(0.93) 58.91(0.31)
stripe 5 65.34(0.36) 64.86(0.37) 64.22(0.22) 63.76(0.22) 63.05(1.18) 62.30(0.25)
5/6 68.55(0.30) 68.39(0.37) 67.82(0.30) 67.32(0.26) 66.53(1.52) 66.07(0.82)
stripe 6 71.98(0.36) 72.09(0.30) 71.59(0.22) 70.98(0.22) 70.23(1.77) 69.58(0.46)
6/7 77.03(0.30) 76.81(0.30) 75.94(0.22) 75.19(0.22) 74.46(2.19) 73.94(0.31)
stripe 7 82.64(0.36) 82.27(0.52) 81.05(0.37) 80.08(0.48) 79.23(2.61) 78.60(0.46)

Table 1: Results of the spatial registration of eve expression patterns for temporal classes 4-9. The size of each
class is given in brackets. Rows contain the x-coordinates of maxima (stripes) and minima (interstripes; N/(N + 1)
denotes the interstripe between stripe N and N + 1) of Eve concentration with the standard deviations shown in
parentheses.

with M knots can be represented as

sp2(x) =
2∑
k=0

ζk0x
k +

M∑
n=1

ζn2(x− x̃n)2
+, (1)

where (x)+ = max(x, 0).
The parameters of sp2(x) given in (1) are estimated

by the least squares method. This is done as a two
step procedure, in which the knot locations are found
by the Nelder-Mead “downhill” simplex optimization
procedure (Press et al. 1988) in conjunction with the
linear method for least squares estimation of other pa-
rameters of the spline. Given the sample of {xi}Ni=1,
the x-coordinates of N nuclei under consideration and
{λi}Ni=1, the values of protein intensity in each nucleus,
the (3 + 2M) parameters of this approximation are to
be estimated by minimizing the cost function

S1 =
N∑
i=1

{sp2(xi)− λi}
2 → min .

The partial derivatives of S1 with respect to the spline
parameters are set to zero and the parameters {ζ0k}2k=0

and {ζn2}Mn=1 are estimated by solving the system of
(3+M) linear equations for the vector of knots {x̃j}Mj=1
obtained at the current step of the nonlinear optimiza-
tion. The initial location of knots is chosen automati-
cally. As a result of such approximation each curve is
specified by the set of knots {x̃j}Mj=1 and by the spline

parameters {ζk0}2k=0 and {ζn2}Mn=1. From these param-
eters the x-coordinate of the kth peak’s extremum is
given by

Xk =
2
∑k
n=1 ζn2x̃n − ζ10

2(ζ20 +
∑k
n=1 ζn2)

, k = 1, ...,M.

The registration of the images is performed by resiz-
ing the patterns along the x-axis by the affine transfor-
mation x′ = xρ+ ∆, so that the total distance between

the x-coordinates of all the extrema {Xkj}Mk=1 is mini-
mized. An example of such registration is presented in
Figure 2.

Temporal Classification of Embryos

The spline approximation is a good tool for spatial reg-
istration, since it gives a good estimation of the ex-
trema location. Nevertheless this method cannot pro-
vide a good fit to the real concentration profiles, in
which not only the location but also the shape of peaks
is essential. The sharp peaks, typical for later stages
of embryo development, are smoothed strongly when
the spline-based method is applied. A better fit can be
achieved by excluding from the spline approximation
(1) the condition of coinciding of the first derivatives
at knots, keeping only the continuity condition. Such
modification of the formula (1) will be given by

sp1(x) =
2∑
k=0

ζk0x
k +

M∑
n=1

ζn1(x− x̃n)+ + ζn2(x− x̃n)2
+.

As a result of the modified approximation the coordi-
nates of the extrema (Xk, Yk)Mk=1 can be estimated from
the least square estimation of the parameters of sp1(x).
The peak located between two knots x̃k and x̃k+1 is
approximated by the parabola y = Yk + ck(x − Xk)2,

where ck = ζ20 +
∑k
n=1 ζn2. Each curve is specified now

by the set of triples {Xk, Yk, ck}Mk=1, which are dealt
with instead of raw data.

This approach to the pattern description along with
the spatial registration provides an opportunity to cre-
ate a “standard pattern” for each protein, which is de-
fined by the average location of knots and by the aver-
age estimations of spline parameters over an age group.
The standard patterns possess all the typical features of
a given protein at different developmental stages. Even



class 4 [37] class 5 [55] class 6 [55] class 7 [19] class 8 [71] class 9 [26]
94.6% 61.7% 72.7% 68.0% 66.1% 73.1%

Table 2: Recognition results for temporal class compared to visual analysis. For each class the percent of correct
attributions of eve expression patterns is presented. The class sizes are given in brackets.

more interesting from a biological perspective, the vari-
ance of these patterns can be estimated. This enables
to assess the variability of the protein concentrations.

The essential step for pattern classification in time is
to characterize the patterns in terms of some observable
parameters, and then use these parameters to read off
the time. Human observers classify the developmental
stage of an embryo by careful study of its pattern, since
each stripe possesses its own features at any stage of an
embryo development. These features can be expressed
in terms of the parameter triples estimated above and
used in determining an embryo age and hence, the tem-
poral classification of pattern images.

For each class a standard pattern is obtained and
average characteristic features, i.e. centroids, are cal-
culated. To attribute an embryo to a certain temporal
class we compute a distance between the given pattern
and centroids of all the classes. The embryo is assigned
to the least distant class.

We introduce characteristic features of a standard
pattern as the set of parameters {dj , cj}Mj=1, where
dj = Yj − Yj−1; d1 = Y1. These parameters
completely describe shape and height of the peaks,
while after the spatial registration x-coordinates of
the peaks {Xj}Mj=1 can be ignored. The distance
between two patterns at different time stages is de-
fined as the total Euclidean distance between the pairs√∑

j

{(dkj − dlj)2 + w(ckj − clj)2}, where k and l are

the labels of the patterns compared, w is a weight co-
efficient.

We note that a distance metric of this type is appro-
priate for intermediate and late developmental stages
when a full set of domains has formed. For the early
developmental stages the number, location and shape
of peaks change rapidly and therefore more qualitative
and specific characteristics of the standard patterns are
required.

Both methods for spatial registration and temporal
classification are implemented in C.

Results

Spatial registration

Our goal is to construct a map of all relevant expres-
sion domains at a given time from a series of embryos
of the same temporal class. In our experiments each
embryo has been stained for three gene products, one
of them always being the product of the pair-rule gene
eve. Embryos of approximately the same age stained
for different combinations of proteins are subjected to

spatial registration against the common eve expres-
sion domain. As a result for each temporal class the
standard expression patterns of all the segmentation
proteins are constructed (see fig. 3). Table 1 presents
the accuracy of the spatial registration of Eve protein
for all the temporal classes with the exception of the
very early ones. The standard deviations of the stripe
locations are quite small, in most cases less than 0.5%
egg length. A single nucleus is about 1% egg length
in diameter, so this represents a high level of accuracy.
The highest standard deviations are associated with the
posterior area of the pattern for the largest group, class
8.

The standard expression patterns of 8 segmentation
genes attributed by visual inspection to temporal class
8 are presented in figure 3. The temporal class 8 con-
tains the largest number of embryos and has seven well-
defined eve stripes. The standard patterns were con-
structed only for those genes which have been stained
in more than 9 embryos.

Temporal classification of images
In order to determine the segmentation gene circuits,
quantitative data on segmentation gene expression do-
mains must be arranged in time. While the attribu-
tion of gene expression patterns to predefined temporal
classes can be done by visual inspection, it is a very
time consuming process. Automated temporal classifi-
cation will constitute a fundamental advance in pattern
analysis.

We applied the classification method described above
to attribute each embryo from the dataset under study
to one of the nine temporal classes defined by visual
analysis. The visual and numerical analyses were con-
ducted independently. The parameters of the standard
eve expression pattern were considered as the features
of a temporal class. To attribute an embryo to a given
age class we tested it against the training set, which
consisted of all embryos of this age with exception of
the tested embryo. The test was performed for all tem-
poral classes with the exception of the three earliest
ones, for which seven well shaped stripes have not yet
formed. The recognition results are shown in the Table
2. The class 4 embryos are best recognized (the attri-
bution is 94.6%). Other embryos are allocated to their
classes with the accuracy of 61.7 - 73.1 %. Thus the

classification method is not very reliable (maximal at-
tribution error is 38%).The reason for the high accuracy
of recognition of embryos belonging to temporal class
4 may be the strong difference of the eve expression
pattern at this age in comparison with other temporal
classes It is evident from figure 1 that class 4 embryos
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Figure 3: Results of spatial registration of the expression patterns of 8 segmentation genes. Original data was from
embryos belonging to time class 8. The top graph shows the patterns of four of the gap genes; the bottom graph,
the patterns of four of the pair-rule genes.

have significantly less well developed stripes than the
other later classes.

In addition we note that in constructing the classifier
we used the features of the eve expression pattern only,
while the visual analysis classified embryos with consid-
eration of all the stained proteins simultaneously. We
believe that characterization of the temporal classes by
the features of other proteins along with eve may sub-
stantially improve the classification.

Conclusions

In this work the spline based registration techniques
were applied to construct of a map of all relevant ex-
pression domains from a series of embryos of the same
age, as well as to development of a classifier for auto-
matic attribution of an embryo to one of the temporal
classes according to its gene expression pattern.

The registration method is characterized by unprece-
dented high accuracy. We have mapped the location of
expression domains to within less than 0.5% egg length,
and often to as little as 0.2% egg length, using tens of

embryos. Similar analyses by hand (Frasch & Levine
1987) used 14 or fewer embryos and obtained standard
deviations of 1.6% for eve stripe locations. The well de-
fined set of nine temporal classes of expression is of some
biological interest, since the degree of reproducibility of
these patterns is a significant biological question.

At present the method of temporal classification of
embryos on the basis of their expression patterns is
not very reliable (maximal attribution error is 38%),
so these results must be regarded as preliminary. One
important question that must be answered is the accu-
racy of both the visual and numerical temporal anal-
yses against physical clock time. Certain cytological
events (Merrill, Sweeton, & Wieschaus 1988) can be
used as physical developmental clock in fixed tissue,
and an analysis of this data is underway.

We are confident that the analysis of this data, to be
reported elsewhere, will have interesting implications
for developmental biology.
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