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Probe photobleaching and a specimen’s sensitivity to phototoxicity severely limit the number of possible excitation
cycles in time-lapse fluorescent microscopy experiments. Consequently, when a study of cellular processes requires
measurements over hours or days, temporal resolution is limited, and spontaneous or rapid events may be missed,
thus limiting conclusions about transduction events. We have developed ALISSA, a design framework and reference
implementation for an automated live-cell imaging system for signal transduction analysis. It allows an adaptation of
image modalities and laser resources tailored to the biological process, and thereby extends temporal resolution from
minutes to seconds. The system employs online image analysis to detect cellular events that are then used to exercise
microscope control. It consists of a reusable image analysis software for cell segmentation, tracking, and time series ex-
traction, and a measurement-specific process control software that can be easily adapted to various biological settings.
We have applied the ALISSA framework to the analysis of apoptosis as a demonstration case for slow onset and rapid
execution signaling. The demonstration provides a clear proof-of-concept for ALISSA, and offers guidelines for its

application in a broad spectrum of signal transduction studies.

Introduction

With the improvements in imaging
technology and the ever-increasing number
of novel probes, confocal time-lapse imaging
has become a powerful tool for studies of
living cells in biomedicine and systems
biology (1-3). Today, synthetic fluorescent
sensors can be applied to measure a number
of different physiological parameters such
as plasma and mitochondrial transmem-
brane potentials (4,5), ion concentrations
(6,7), or intracellular pH (8,9). Likewise,
cloned DNA can be introduced into cells
to fluorescently label intracellular proteins
of interest by marker proteins such as GFP,
its spectral variants, and related fluorescent
proteins (6,10). Employing fluorescent
protein variants with different excitation/
emission wavelengths, Forster (or fluores-
cence) resonance energy transfer (FRET)
can be utilized to study protein-protein
interactions, protein-DNA interactions,
and protein conformational changes (11,12)

within a living cell. Applications of the
method range from drug toxicity studies
(13) to investigations of biochemical signal
transduction and its application to systems
biology studies (14-16). However, single-
cell studies such as cell proliferation (17,18)
and studies of programmed cell death
(apoptosis) pose a number of challenges
to live cell imaging. Specifically, these
studies may last up to several days because
key signaling events often happen unpre-
dictably or after a long lag period, but can
then proceed rapidly once initiated (19,20).
The long lag period produces a high and
error-prone workload for the researcher as
large image stacks have to be processed and
stored. A more severe problem is posed by
phototoxicity (2) and probe photobleaching
(21), leaving the researcher with a limited
sampling rate. This subsequently poses a
trade-off between temporal resolution and
maximum measurement time as imaging
rates and setups are usually chosen at the
beginning of the experiment. This dilemma

is aggravated when the desired events are
themselves rapid, but occur unpredictably
and late after stimulus onset. Premature
phototoxicity/photobleaching then limits
the sampling rate and biological events may
be entirely overlooked or resolved only at a
temporal resolution that is too low. While
there have been significant efforts to reduce
these drawbacks by probe optimization
(22,23), we present here a method that
allows the economic use of laser excitation
and imaging resources in a manner that
is tailored to the stage of the experiment
when they are required. Our approach
employs cell segmentation, cell tracking,
and time series evaluation online and in
real time (e.g., during experimentation)
to detect temporal onset of cellular events
and change microscope image modal-
ities subsequently. We present a software
framework that separates process control
from image analysis, rendering the latter
reusable for a broad spectrum of appli-
cations. Proof-of-concept is provided by



applying the framework to signal trans-
duction studies during apoptosis.

Materials and methods
Time-lapse microscopy

and digital imaging

For the ALISSA proof-of-concept demon-
stration, cells were cultured in glass-
bottom dishes (Cat. no. KIT-3512; Willco
B.V., Amsterdam, The Netherlands) and
equilibrated with 30 nM tetramethyl-
rhodamine methyl ester (TMRM) in
4-(2-hydroxyethyl)-1-piperazineethane-
sulfonic acid-buffered (10 mM; pH 7.4)
RPMI (both, Sigma-Aldrich, Arklow,
Ireland) containing 10% FCS, covered
with mineral oil, and placed in heated
(37°C) incubation chambers (Tempcontrol
Digital with Objective Heater and Heating
Insert P; Carl Zeiss, Jena, Gcrmany)
that were mounted on the microscope
stage. Apoptosis was induced with 1 uM
staurosporine (STS) (Cat. no. ALX-380-
014-M001; Alexis Corporation, Exeter,
UK), a broad-spectrum kinase inhibitor.
The confocal microscope used was a Zeiss
LSM 510 META inverted microscope (Carl
Zeiss) equipped with 2 405-nm GaN laser,
488-nm argon laser, and a 543-nm helium/
neon laser. Using a 63x 1.4 numerical
aperture (N.A.) oil immersion objective,
cyan fluorescent protein (CFP), FRET,
yellow fluorescent protein (YFP), and
TMRM fluorescence were measured using
the appropriate filters and beam splitters.
Acquisition channels and wavelengths
are depicted in Table 1. Mitochondrial
membrane potential depolarization accom-
panied by mitochondrial outer membrane
permeabilization (MOMP) was detected
by delocalization of the cationic fluorescent
dye TMRM and using image analysis
techniques as described in the “Time
series extraction (IAS)” section. Cells
were transfected with pCFP-DEVD-YFP
construct to visualize effector caspase
activity by FRET (24). Images were stored
separately for each acquisition setting as

8-bit grayscale in TIFF format.
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Figure 1. Framework and data structure for the automated live cell imaging system. (A) The entity
diagram depicts the interworking among the PCS, IAS, and microscope driver. The PCS requests
images from the microscope and passes the information to the IAS. Likewise, it sends commands to
the IAS to request specific tasks, like threshold checks, that are reported back upon their detection.
(B) UML diagram of the data structure used for data generation and threshold check. One dataset
can contain one or more detection channels with data for each cell present. Data associated with
each cell can have more time series types [pixel average x(t) and pixel standard deviation o(f) are
currently implemented in the IAS]. Thresholds can be requested by the PCS at each hierarchical
level, and threshold events from the IAS are always channel-, cell-, and time series type—specific.

ALISSA architectural framework

and building blocks

ALISSA is a modular software archi-
tecture for threshold-based automated live
cell microscopy. To master the inherent
complexity and to allow software re-use to
the greatest extent, we created a software
concept that separated microscope-
specific software elements from the general
structure elements that are independent
of the actual hardware. Likewise, we also
abstracted application-specific software
that processes information about the
signal transduction pathway from the
application-independent image analysis
elements. This resulted in three separate
software entities as shown in Figure 1A:
the biological context-independent and
fully reusable Image Analysis Software
(IAS), the biological context—dependent
but hardware-independent Process Control
Software (PCS), and the Microscope Driver
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(MD) as the only microscope-dependent
software. The [AS isa MATLAB (version
2008a; The Mathworks, Cambridge, UK)
code that performs cell segmentation, cell
tracking, and time series extraction. It
processes each image separately and has
specific geometric information about cell
localization, but requires no knowledge
of the biological context and therefore
is fully reusable for most signal trans-
duction settings. The PCS controls the
IAS, processes its information to decide
on microscope control actions, and uses
microscope-specific drivers for interacting
with the hardware. Both entities—PCS
and IAS—communicate via message
exchange over a component object model
(COM) interface for completion of
common tasks. In the following sections,
we describe the image processing methods
and the PCS-IAS interworking guidelines
for baseline computation and threshold
detection. Subsequently, we provide an
example implementation of the PCS illus-
trating the ALISSA framework for the
process of apoptosis.

Cell segmentation (IAS)

Several classical segmentation algorithms
were adapted and implemented. These
comprise local maxima seeded watershed
(25), circular seeded watershed (26), and
modified constrained erosion-dilation
(27) algorithms. In all cases, images are
automatically pre-processed to remove
noise and enhance contrast for segmen-
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Figure 2. Overview over the application case—specific process control as described in the text. MOMP is detected for each cell as a change of the evidence
signal relative to a stable baseline. Subsequently, a high-speed region scan is performed for that particular cell with additional laser channels to detect cas-
pase activation. After scanning time has elapsed, the cell is discarded. Thresholding is resumed for the remaining cells after their viability has been checked
in a post-processing procedure. (A) Flowchart-based view. (B) Time series—based view. Image processing and user interaction steps are exemplified for the
time series of the average pixel intensity standard deviation in the TMRM channel and for subsequent focus on the cell in right top corner.

Table 1. Detection channels used in the application case

Channel number; name Description Excitation/emission (nm) Laser Reason for detection
1 DIC Differential interference contrast Transmission: 543 HeNe S, T
2 TMRM Sensor for mitochondrial polarization, MOMP 543 />560 HeNe S, T,E,B,D
3 YFP Sensor for apoptosis execution (acceptor) 488 /505 <A< 550 Argon S,E,B,D
4 FRET Sensor for apoptosis execution (acceptor emission 205 /505 < \ < 550 GaN EB
after FRET)
5) CFP Sensor for apoptosis execution (donor) 405/470 <\ < 500 GaN E,B
While channels 1-2 are necessary for tracking and continuously active, channels 3-5 are only temporarily activated during rapid sampling and upon baseline
calculation. Purposes of channels are segmentation (S), tracking (T), evaluation of time series (E), baseline calculation (B), and event detection (D).

tation purposes. As a key feature, these
segmentation algorithms enable the
parallel evaluation of several imaging
channels that are generated by simultane-
ously measuring different cellular probes.
After having chosen the best results, the
user can edit the segmentation mask by
manually drawing cell boundaries or
discarding cells from analysis.

Cell tracking (IAS)

To follow the cell shapes during time-
lapse imaging, two alternative methods
are implemented that can be switched
by the user at any time during an exper-
iment. If the cell positions and shapes are
not expected to change significantly over
time, the initial segmentation mask can
be applied at each image record. Alter-
natively, the cell shapes and positions
are updated in real time for each new
record. This is achieved by a tracking
algorithm capable of using differ-

ential interface contrast (DIC) channel
information only, in contrast to other
reported solutions that require infor-
mation on YFP or GFP images (28,29)
and would thereby need high-energy
laser excitation. Tracking is based on the
condensation algorithm (30) in a manner
that achieves robustness against noise
and incompleteness in actual measure-
ments on the DIC channel. To do so,
the algorithm exploits assumptions
of hypothetical cell movements and
deformations from previous measure-
ments by validating them against the
actual measurements. More details on
our implementation of the conden-
sation algorithm can be found in the
supplement. The DIC channel is first
corrected for illumination using pseudo-
flat field correction by dividing the image
with the illumination trend computed
using a large Gaussian kernel. DIC edges
are then enhanced by automatic bi-level

thresholding (31). For each record, cell
boundary coordinates and polygonal
bounding boxes are stored for further
actions, such as selecting a region of
interest. Tracking takes approximately
0.1 s per cell and is recorded using a 2.33
GHz processor with 2 GB RAM.

Time series extraction (IAS)

From the tracked cells over time, the IAS
extracts fluorescence readouts for each
channel and per cell; these are used as
bases for thresholding and are stored in
a database for further offline analysis. An
overview over the data series structure
obtained from each image is given in
Figure 1B. For each detection channel and
cach cell, we calculated two types of time
series: the mean pixel average y(¢) and the
standard deviation () of the fluorescent
pixel intensity (16). The first is calculated
by taking an average over cach pixel value
x;(#) inside the segmented cell:
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10= YD),
(Eq. 1]

The standard deviation (sD) of the
average pixel intensity of dye fluorescence
within the cells,

(Eq. 2]

provides a mean for probe localization and
can be calculated from the total number NV
and the intensity of the individual pixels
x;(#) at certain times. As the sp value rapidly
changes from high to low whenever proteins
become more distributed, it provides a good
indicator of compartmental release in cells
(32). Finally, baselines are calculated by the
image analysis software as a prerequisite
for thresholding. In the current version of
ALISSA, the baseline is computed using
a moving average method. Therefore, for
each cell, a mean of the last 30 records
acquired until time # is compared with
the value received at time #+1.

Microscope control

Microscope control is exercised via specific
driver programs that allow updates of
microscope configurations (Table 1), scans
of region of interests, and adaptation of
temporal sampling rates. Drivers have
been established for Zeiss LSM510 and
LSM-5Live that interface to the open-
access Zeiss LSMS VBA (Visual Basic for
Applications) server. Likewise, drivers for
the Zeiss LSM710, which follows a similar
concept, are currently in development.
Further details are found in the Supple-
mentary Materials.

Biological event detection

via signal thresholds

The following two sections introduce basic
ALISSA concepts for the interworking of IAS
and PCS with respect to threshold definition
and detection, handling of setup conflicts,
and synchronization of microscope and IAS
after change of setup. They are described
here on a conceptual level; further details
are found in the Supplementary Materials,
which also includes a catalog of messages and
amessage exchange diagram for the ALISSA
example application described. Biological
events are processed upon temporal changes
of fluorescent probes that exceed or undergo
predefined thresholds. These thresholds are
defined by the user via graphical interfaces
at the start of an experiment and stored in

the PCS. They are specific for each cell and
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Figure 3. Graphical user interfaces. (A) PCS window displaying the initial system settings, number of
active channels, number of the current image record, cell states, and the overall status of the experi-
ment. (B) Results of applying one of the segmentation algorithms before (top) and after (bottom)
manual modifications to the automated segmentation results. (C) IAS GUI in a state of logical focus
on one of the cells where the mask border colors indicate cell states. White, active pre-apoptosis
cells; red, cells discarded from analysis; green, the cell in focus.

Table 2. Control parameters as used in the process control example for mitochondrial apoptosis execution

Parameter Value

Initial sampling rate 1 scan per45s

Rapid sampling rate 1scan per 15s
Duration of rapid sampling 12 minutes

Threshold detection channel Channel 2, TMRM

Time series type

Mean intensity x(t)

Value threshold detection -20% of baseline

Explanation
Sampling rate before MOMP (phase 1 and 2)

Sampling rate after MOMP for given duration
(region scan, phase 3)

Phase 3 duration

Channel for which threshold is monitored (phase 2)

Value of cellular signal that is evaluated (see mate-
rials and methods, phase 2)

Changes of signal value according to baseline to
establish trigger (phase 2)

measurement channel, haveadirection (exceed
orunderflow), and operate on the mean pixel
average y(#) or the standard deviation o(2) as
defined above. Their values are percentages
that are relative to stable baselines and are
calculated by the IAS upon PCS request.
The PCS then sends the threshold request
including information of the required cell,
measurement channel, direction, and type
of time series [ y(2) or #(2)] to the IAS. Actual
values of y(¢) and #(2) per cell and channel are
evaluated by the IAS and reported back to the
PCS when a threshold occurs.

Event integration and conflict handling
AstheTAS might report different thresholds
for several cells at the same time, the PCS has
to resolve conflicts to execute the right setup
for the microscope. Asadesign principle, cells

that are more downstream in a signal trans-
duction cascade are given priority. For cells
equally downstream, those where the actual
signal is closer to the defined threshold value
(i.e., the ones with a more recent event) are
prioritized. After conflicts have been resolved,
setup actions by PCS are initiated at the
microscope. Such actions comprise increase
of sampling rates, inclusion of new laser and
filter resources, or may initiate a focus on the
desired cell with potential magnification.
Whenever changes of image modalities are
involved, the PCS synchronizes microscope
and TAS by using cell specific geometry infor-
mation obtained from the IAS in the previous
reporting threshold. Whenever a particular
cell is in focus at the microscope, events
of other cells cannot be detected and are
checked later in a post-processing procedure.



A B

DIC+TMRM

DIC+TMRM

YFP FRET CFP

FRET/CFP
3

] ‘Twmr.

TMRM - mean intensity (arbitrary units)

FRET/CFP fluorescence ratio

100 150 200
Time (minutes)

cytochrome c (34), and the activation of
executioner caspases. Caspases are a family
of cytosolic cysteine proteases that cleave
cellular substrates. MOMP is accompanied
by mitochondrial membrane depolarization,
which can be measured by the distribution
kinetics of charged fluorescence dyes like
TMRM (4,16). Dye localization is often
given by the standard deviation o (2) of the
fluorescent pixel intensity (32), as described
in the “Time series extraction (IAS)” section.
Likewise, the activity of caspases can be
detected usinga recombinant CFP-DEVD-
YFP fusion protein, which is cleaved by
executioner caspases resulting in a FRET
disruption in the whole cell. Since MOMP is
alateand unpredictable event, but subsequent
processes are rapid and biologically highly
elusive, automated detection of MOMP and
subsequent analysis of caspase-3 activation
served as an ideal ALISSA demonstration
case. This biological signal transduction
sequence is translated into the software
workflow of Figure 2A that operates on
data series of fluorescent readout, as shown
in Figure 2B. Pursuant with Figure 2A, we
first employed DIC and TMRM channels to
allow segmentation and tracking. Following
manual stimulus administration, stable
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processing is initiated to update image and
channel information for all other cells. The
process restarts from TMRM measurements
to detect MOMP in subsequent cells. The
PCS software is given as a Microsoft VBA
macro as a plug-in to the Zeiss LSM5 VBA
interfaces.
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Figure 4. Automated processing of MOMP and effector caspases for the application case. (A) TMRM
and DIC channel image for the experiment described in the main text highlighting three cells for
further analysis (ALISSA internal numbering). For this image record, a threshold is detected for Cell
#5 and a subsequent region scan around that cell is exercised (yellow dashed-line box). (B) Region
scans for that cell with three consecutive records (rows) subsequent to the scan in (A). Columns de-
pict scans for DIC/TMRM and further switched-on channels (YFP, FRET, CFP) as labeled. (C) Time
series representing mean fluorescence intensities of TMRM (red color) and FRET/CFP ratio for the
cells as labeled in (A) (blue color) for one experimental run. (D) Zoomed-in TMRM trace for Cell #7
(top panel) together with the corresponding FRET/YFP (green triangles) and CFP/YFP (blue squares)

fluorescence ratios (bottom panel). Note the sampling rate subsequent to event detection which is Third-party software dependency

depicted by sampling markers of both panels.

The exact synchronization protocol is found
in the Supplementary Materials.

ALISSA demonstrator for

apoptosis execution

To exemplify the ALISSA framework,
we implemented an online process
control software for the execution phase

of programmed cell death (apoptosis).
Apoptotic processes proceed through
biochemical signal transduction cascades
and can be studied by single cell microscopy
using intra-cellular fluorescent probes. The
mitochondrial pathway of apoptosis can
be induced by several stimuli such as STS
(20,33), leading to MOMP, the release of

and data output

ALISSA uses MATLAB (version 2007b or
newer) with Image Processing Toolbox and
Statistics Toolbox. However,since MATLAB
code can be compiled and deployed license-
frecasastandalone piece of software, nodirect
dependency to MATLAB is given. For our
reference implementation, the Zeiss LSM5
macro libraries for instrument control must
be further supported. Output time series



are provided as .csv files and the segmen-
tation masks are stored as .bmp image data.
Confocal images acquired during the system
operation are stored in a standard Microsoft
Access database format—.mdb—which is
typically used by the Zeiss microscopes.

Results

Online setup and user input for

the ALISSA demonstrator

We applied the ALISSA demonstrator to
online measurements of HeLa cells exposed
to STS. Cells were cultured, transfected,
and plated as described in the “Materials
and methods” section. TMRM was used
as a reporter for detecting mitochondrial
transmembrane potential depolarization.
Cleavage of the CFP-DEVD-YFP fusion
protein was used to report effector caspase
activity by causing FRET disruption. The
ALISSA demonstrator was started and
images for all channels (Table 1) were
retrieved from the microscope. In the
control interface (Figure 3A), we selected
a45-s initial sampling rate and a 15-s rapid
sampling rate that is applied upon event
detection (Table 2). Likewise, we selected
the event detection threshold to 20% loss of
TMRM signal for mean intensity relative
to its baseline, corresponding to a near-
maximal cytochome c release (35). In the
graphical user interface (GUI) for image
analysis (Figure 3B), we chose the seeded
watershed algorithm that was applied to the
DIC and the TMRM image channel, by
selecting respective GUI options. Likewise,
we employed GUI features to discard border
cells and cells with low segmentation from
the analysis, and exercised the options to
manually correct segmentation results for
some cells (Figure 3B). After acknowl-
edgment of the segmentation results, cell
tracking was started using the DIC channel
asdescribed in the “Materials and methods”
section. A tracking window that contains
the segmentation mask overlaid on the
DIC channel allowed detailed monitoring
of cell-associated time series (Figure 3C).
At the same time, the control GUI (Figure
3A) showed the cell states, active image
channels, and the overall current status of
the experiment. As a concluding user inter-
action, we added the stimulus STS.

ALISSA demonstrator

applied to apoptosis signaling
Inatypical experiment (Figure 4), 14 cells
were successfully segmented and STS was
added subsequently to induce apoptosis.
After drug addition, the system detected
MOMP and then exercised rapid sampling
for 10 cells for the duration of 12 min in
each case. Caspase activation, indicated by
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Figure 5. Bi-phasic decay in FRET/CFP fluorescence ratio shown with high temporal resolution. (A)
Time series representing standard deviation in fluorescence intensity of TMRM (red circles) and
FRET/CFP fluorescence ratio (blue squares). Two sigmoidal fits (solid blue and green lines) were
necessary to render the biphasic behavior of caspase activation as obtained from high-speed mea-
surements. (B) Dissection of the FRET/CFP fluorescence ratio from the cytosol (indicated by green
triangles) from that of the nucleus (indicated by blue squares) for the cell shown in (A).

asystematic decrease in FRET signal, was
clearly resolved for eight of 10 cells. Three
other cells reported MOMP events during
the rapid sampling procedure of other cells
and could not be included in the analysis.
One cell did not undergo MOMP during
the 5-h experiment, while no necrotic cell
death was observed.

Figure 4, A and B demonstrates the
results of the thresholding mechanism
with an example cell indicated by the
yellow dashed-line box at the time of
threshold detection (Figure 4A). Region
scans around that cell for three subsequent
images with additional activated channels
are depicted in Figure 4B. TMRM traces of
MOMP detection for this and two further
cells are shown in Figure 4C. Results of
a typical event detection and subsequent
rapid sampling with further detection
channels are shown in Figure 4D. After
the threshold based on the mean intensity
of TMRM fluorescence was reported, fast
changesin the FRET/YFP and FRET/CFP
ratios were monitored by rapid sampling of
the region around the cell. By monitoring
with higher temporal resolutions, we were
able to observe a biphasic decrease of the
FRET/CEFP ratio (Figure SA) which was
pronounced in some cells. We validated
the hypothesis that this is due to different
caspase activation kinetics in the nucleus
and cytosol caused by limited diffusion,
an effect that was suggested previously
(16,36). This effect was further verified
by separate evaluation of the CFP/FRET
signal in the nuclear and cytosolic regions
(Figure 5B), suggesting that ALISSA was
able to temporally separate caspase activ-
ities in different cellular compartments.

Online measurements were repeated
25 times with different samples with the

number of HeLa cells varying between
3 and 20 per sample. On average, using
80% drop of sD in TMRM fluorescence
intensity as the threshold level value,
thresholds were reported for 84% of the
total number of segmented cells, while the
remaining 16% of cells were healthy cells
that did not report any threshold. For over
half of the subpopulation with detected
thresholds (51%), DEVDase activity—
and therefore apoptosis—were correctly
detected and recorded in region scans (43%
of all initially segmented cells). A further
25% of this subpopulation was not taken
into focus as their threshold events were
received simultaneously with other cells
(the reference implementation does not
allow multiple region scans at the same
time). The remainder of cells (24%) in the
subpopulation with detected threshold,
were actually falsely detected thresholds,
mostly associated to cell tracking failure.

Discussion

ALISSA is a novel software framework
that is ideally suited to perform automated
live cell imaging. Its benefits range from
automated segmentation and tracking, to
adaptive change of image modalities, to
online evaluation, which we have demon-
strated here by way of a reference appli-
cation. By switching on the high-energy
lasers only for short time periods and
within limited regions of interest, the total
amount of laser radiation energy absorbed
by the sample during experimentation is
significantly lower when using ALISSA
compared with conventional time-lapse
imaging.

In previous studies (15,16,19,20)
continuous FRET detection of effector



caspase activation using the LSM510 was recorded typically every 2
min (16) in the identical cellular system to avoid phototoxicity. In
our current reference application, ALISSA was found to increase
pre-event sampling (with low-energy lasers) to 45 s and post-event
sampling (high-energy lasers for a short time) from minutes to 15
s. This rate is limited by two factors, () the actual speed of the
microscope hardware, which takes about half of that time, and
(1) by the internal ALISSA processing. As the limiting rate is one
of current technology and not one of methodology or phototox-
icity, it is expected that microscope technological advancements,
increased computer processing power, and the use of compiled
computer languages such as C/C++ for image analysis will further
improve ALISSA’s performance.

Since the purpose of the reference implementation was to illus-
trate the concept and apply it to a standard confocal microscope,
high efficiency of threshold detection was not prioritized. This is
reflected in the fact that when cells were undergoing apoptosis
simultaneously, only one cell was chosen for the high-frequency
region scan, while the remaining cells were discarded from the
analysis. In principle, the ALISSA framework—in particular, the
interworking PCS-IAS protocol—does not pose such restrictions
and would allow switching between two or more cells with simul-
taneous thresholding and region scans (at a cost of decreasing the
temporal resolution). In favor of simplicity of the reference imple-
mentation, we reserved these more sophisticated applications for
future studies.

ALISSA is not the first approach that combines image
analysis with automation. Several approaches exist to perform
cell counts (37), exercise autofocus and tracking (38), extract time
series (39), and measure probe redistribution following photo-
bleaching (40). These implementations are optimally suited to
specific applications and are able to reduce mechanical workload,
minimize phototoxicity and photobleaching, or increase spatial
and/or temporal accuracy to gain biological insight. However,
to allow software reuse to the greatest extent, ALISSA follows
a different and more general approach by separating the design
and software framework from the actual implementation while
developing a detailed protocol of communication between the
system entities. Using the well-established software engineering
concepts of independent software layers (also known as orthogo-
nalization of concerns) (41), we separated the image analysis from
the process logic and established a novel interworking protocol
for both entities. The image analysis is rendered as a reusable
service program for cell segmentation, cell tracking, time series
evaluation, and threshold detection. Tracinga signal transduction
cascade via an automation system therefore becomes a matter of
arranging existing building blocks on alogical level. This abstracts
detailed geometric information while maintaining generality,
thereby greatly facilitating the application of this technology
to a broad spectrum of signal transduction studies and poten-
tially even beyond. Examples are the study of apoptosis (19,20)
as demonstrated here, the study of cell cycle events (18), or drug
effects on respiration (42). Likewise, by separating the micro-
scope drivers from the process logic, the system is suited for
use with legacy equipment. The developed technology is appli-
cable to all vendors that provide, or will provide, open appli-
cation program interfaces (APIs) or software libraries able to
control their hardware. In the present version, ALISSA uses
VBA to access software libraries provided by Zeiss for control of
their microscope. Asaresult, ALISSA currently integrates with
Zeiss hardware, in particular with the LSM 510 and LSM SLive,
while portation to the Zeiss LSM710 is ongoing in our lab. Once
other vendors provide similar control interfaces, ALISSA can
be casily adapted with relatively simple modifications. Despite

the current restrictive policy of some vendors to provide similar
interfaces, experience from several industry sectors like process
automation (43) suggest that vendors will provide open interfaces
in response to market demand. To drive this demand, solutions
like ALISSA are needed that require such open interfaces and
that are broadly applied by the confocal microscopy community.
By providing the framework, the interworking protocol, the
image analysis, and a reference implementation to the academic
community, we encourage the extension of the ALISSA concept.
This may include the establishment of further microscope drivers
in addition to the Zeiss LSMS series used here, integrate novel
image analysis features such as the analysis of cell morphology
changes over time, three-dimensional segmentation, and three-
dimensional tracking. Eventually, the ALISSA framework could
help to develop standards for exercising control in single-cell
signal transduction and cell fate studies.
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