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Background: Flow cytometry is an invaluable tool for the
analysis of large series of samples in aquatic microbial
ecology. However, analysis of the resulting data is often
inefficient or does not reflect the complexity of natural
communities. Because bacterioplankton assemblages fre-
quently fall into several clusters with respect to their
cellular properties, these subgroups seem to be a promis-
ing level of abstraction. Image analysis was used to detect
clusters from flow cytometry data. The method was tested
on a bacterial community under heavy protozoan grazing
pressure.
Methods: A bivariate histogram of flow cytometry data
was transformed into a gray-scale image for image analysis.
After low-pass filtration, regional maxima were delimited
by a watershed algorithm. The resulting areas were then
used as gates on the original measurements.

Results: Three clusters could be detected from the bac-
terial assemblage. Protozoan grazing had a strong impact
on the bacterial community, which could be analyzed in
detail at the level of individual subgroups.
Conclusions: Investigation at the level of bacterial sub-
groups allowed a more detailed analysis than whole-com-
munity statistics and delivered essential and ecologically
meaningful information. Image analysis proved to be an
adequate tool to detect the subgroups without a priori
knowledge. Cytometry 44:218–225, 2001.
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In recent years flow cytometry has been established as
an efficient tool for the analysis of aquatic bacteria from
natural samples. Compared with epifluorescence micros-
copy, it increases tremendously the number of bacteria
and samples that can be analyzed and a wide range of
fluorescent stains is used to target different cellular prop-
erties (1). Flow cytometry thus offers unparalleled oppor-
tunities to the microbial ecologist (2). In particular, it is an
ideal tool to process large series of samples to monitor the
bacterial community with high frequency in space or
time.

However, analysis of flow cytometric results still largely
depends on visual interpretation of histograms or basic
statistical values that are generally calculated for manually
selected populations of cells that often comprise the en-
tire bacterial community. At present, there seems to be a
wide gap between the possibilities provided by current
instruments and staining protocols, on the one hand, and
the poor tools that aid analysis and interpretation of the
results, on the other. This makes the use of flow cytom-
etry particularly difficult for scientists with less experi-
ence in this special field. Further, it complicates the com-
munication of flow cytometric results to the scientific
community.

Adequate data analysis is especially important when
cells are not analyzed for the clear presence or absence of
properties but for quantitative interpretation of measure-
ments. Natural bacterial samples are complex because
they usually comprise a large number of bacterial cells
belonging to different species in different physiologic
states. When analyzed for certain cellular properties, they
can fall into several close or overlapping subgroups. Ad-
vances in the analysis of flow cytometry data therefore are
particularly important for further progress in aquatic mi-
crobial ecology.

In general, any method of data analysis is assessed by
four criteria. (a) The method should be reproducible and
independent of user interaction. (b) Relevant information
must be preserved and clearly displayed. (c) The results
should be efficiently visualized and concisely presented.
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(d) The resulting data should allow for comparison with
other data and statistical testing. Thus, the benefit of any
method of data analysis for flow cytometry will depend on
its potential to reduce the data to a manageable set of
values that still adequately characterize the population
under investigation.

If two conventional analytical techniques are judged by
theses standards, their drawbacks become obvious. Uni-
or bivariate histograms provide very detailed information,
but they are not efficient in presenting large series of
measurements and do not allow for easy comparison with
other data or statistical testing. Conversely, basic descrip-
tive statistics of the entire bacterial community provide
concise and easily comparable data. Nevertheless, statisti-
cal values such as mean or standard deviation only ade-
quately represent unimodal distributions. The use of such
central indices entails the loss of important information
whenever measurements show a two- or multimodal dis-
tribution.

Natural bacterial communities usually are not distrib-
uted unimodally. On the contrary, in most cases they
exhibit different clusters with respect to fluorescence or
scatter signals. Such bacterial subgroups have been de-
scribed by several researchers (3,4), particularly with re-
spect to DNA content (5). Groups with high DNA content
or large size have been reported to comprise the active
fraction of the bacterioplankton (6,7). It is a promising
approach to distinguish these subgroups and calculate
statistics for each of them individually (8). Thus, the bac-
terial assemblage under investigation can be described in
greater detail and the calculated values can be readily
visualized and compared with other data.

It has to be stressed that we used the term subgroup in
a purely operational way to describe the clusters of indi-
vidual measurements visible from flow cytometric analysis
of cellular properties. Specifically, we do not imply that
these subgroups are linked to taxonomic entities.

Several methods have been applied thus far to extract
clusters of similar cells from the total set of measurements.
Manual gating is used widely to define clusters of events in
all applications of flow cytometry. However, bacterial
subgroups are frequently located very close to each other
and do not show clear boundaries. According to our
experience, in such cases interactive delimitation of the
individual clusters is highly operator dependent and diffi-
cult to reproduce.

Cluster analysis is a statistical tool to distinguish groups
of similar events from multidimensional sets of data (4,8).
However, for the size of data sets usually encountered in
flow cytometry, it is impossible to analyze all possible
subdivisions or calculate the complete distance matrix on
desktop computers. Partitional clustering techniques such
as k-means clustering are faster and were used, for exam-
ple, to group phytoplankton cells (8). However, they are
less accurate and require the number of clusters to be
determined beforehand. To overcome this dilemma, a
combination of k-means clustering and subsequent near-
est-neighborhood clustering has been applied for the anal-
ysis of blood cells (9).

Supervised clustering methods such as artificial neural
networks can be superior to unsupervised techniques and
have been used successfully for the identification of phy-
toplankton (10,11) and bacterial groups (12). However,
they require a training set with a priori knowledge about
the actual group membership of the cells. Therefore,
these methods are not adequate for the analysis of natural
samples of unknown composition.

Another method for subgroup detection attempts to fit
mathematical models to the flow cytometry data. This has
been demonstrated for the detection of phytoplankton
groups from bi- and trivariate data sets (13). This method
also requires a predefinition of the number of subpopula-
tions to be fitted.

We propose a new approach that employs image anal-
ysis to detect subgroups from flow cytometry data. Histo-
grams are basically matrices of natural numbers that de-
scribe the number of events that fall into each single
channel or combination of channels. Gray-scale images are
just another special case of matrices. Digital image analysis
provides a wide range of algorithms that can be applied to
those matrices. In the present study, we tested whether
image analysis can be used to extract subgroups from
two-dimensional histograms. We also explored whether
the analysis at the level of subgroups does, in fact, yield
additional information and delivers ecologically meaning-
ful data.

The new method was tested on data from a laboratory
experiment studying the interactions between bacteria
and protists. Flagellates and ciliates are the most important
consumers of heterotrophic bacterioplankton (14). Selec-
tive protistan grazing has a strong impact on the abun-
dance, size distribution (15,16), taxonomic composition
(17,18), and activity (19,20) of a bacterial community.
Laboratory experiments allow investigation of these
mechanisms under more controlled conditions than in
ecosystem studies (21,22). The experiment was particu-
larly promising for a test of a subgroup detection method,
as distinct changes in the bacterial community could be
expected.

MATERIALS AND METHODS
Experimental Setup

The samples for this study were taken during a labora-
tory experiment in May 1999. The principal setup of the
system has been described in detail (16). The unicellular
algae Cryptomonas sp. was grown on an inorganic me-
dium in a laboratory, two-stage, flow-through system with
an associated mixed bacterial assemblage depending on
the extracellular organic carbon released by the algae
(16,22). The taxonomic composition of the bacterial com-
munity in this and prior experiments was investigated by
fluorescent in situ hybridization. A large part of the bac-
teria was affiliated to Caulobacter sp., Aquabacterium
sp., or an uncultivated line of a freshwater Actinobacte-
rium sp. (17,23). Bacteria and algae were pumped con-
tinuously through parallel second-stage vessels at a dilu-
tion rate of 0.27 d21. To these bottles different protozoan
grazers were added. The impact of these grazers on the
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bacterial community was followed for 17 days. For this
study we used only samples that were taken from one of
the second-stage vessels that were inoculated with the
scuticociliate Cyclidium glaucoma on day 1 and then
with the mixotrophic flagellate Ochromonas sp. on day 8.

Protozoan and Bacterial Samples

Samples were taken daily for 17 days, fixed with Lugol’s
solution (0.5 % final concentration) and formaldehyde (3
%), and unstained with sodium thiosulfate (0.5 %). Protist
samples were stained at a final concentration of 2 mg/ml of
49, 69-diamidino-2-phenylindole (DAPI) for 7 min and fil-
tered on black polycarbonate filters (1.0-mm pore size).
They were then enumerated by microscopic counting on
an epifluorescence microscope (24).

Flow Cytometry

Bacterial samples were analyzed by flow cytometry. For
each sample 250 ml was stained with DAPI at a final
concentration of 1 mmol for 15 min. In addition, 25 ml of
1-mm TransFluoSpheres yellow fluorescing microspheres
(Molecular Probes, Eugene, OR) in suspension was added
as the fluorescence standard and for absolute cell counts.
The stock concentration of beads was determined by a
Coulter Counter (Beckman Coulter, Fullerton, CA). The
final concentration in the sample was 3.8 3 105 ml21.

Flow cytometric analysis was performed on a MoFlo cell
sorter (Cytomation, Fort Collins, CO) equipped with two
water-cooled argon-ion lasers. DAPI blue fluorescence and
yellow signals from microspheres were excited by 50 mW
of ultraviolete light (350–365 nm). The orthogonal signal
was reflected by a neutral 95/5 beamsplitter and split by a
525-nm long-pass dichroic. DAPI blue fluorescence passed
through a 450/65 bandpass filter. The yellow signal from
the beads was detected after being passed through a
570/40 bandpass filter. An excitation of 50 mW at 514 nm
was used at the second observation point. The signal was
split by a 560-nm short-pass dichroic to detect red
autofluorescence and green side scatter (SSC, orthogonal
scatter) through 670/40 and 514/10 bandpass filters, re-
spectively. SSC signal was also filtered through a neutral
density filter with an optical density of 1.3.

Photomultiplier tubes were obtained from Hamamatsu
Photonics (model R-1477; Hamamatsu City, Japan). The
detector voltage was 550 V for blue and yellow fluores-
cences, 500 V for SSC, and 750 V for red autofluorescence.
Amplification was logarithmic for all signals. Measurement
of an event was triggered by a logical combination (OR) of
logarithmically amplified blue or yellow fluorescence to
measure DAPI-stained bacteria and yellow fluorescing
beads. This was made possible by a special multiple trig-
ger board (Cytomation). Between 2.0 3 103 and 1.0 3 105

bacteria were analyzed per sample.

Data Analysis

Manual gates were applied to distinguish the bacterial
community from the electronic background caused by the
beads, protozoan and algal cells, and electronic back-
ground noise. These discriminations were clearly visible
and could be done without ambiguity. Identical gates

were applied to all 17 samples. From these gated files
2,000 events were randomly selected and merged into a
new listfile to represent the entire series of measurements
in one artificial sample. A bivariate histogram was calcu-
lated for SSC versus DAPI fluorescence (256 3 256 chan-
nels). For image analysis, that bivariate histogram was
transformed into a 256 3 256 pixel image where gray
values represented the number of events within each
combination of channels.

For detection of the bacterial subgroups from the gray-
scale image, an automated routine was employed. The
image was first smoothed by a low-pass filtration, with an
exponential kernel of size 7 3 7. A constant value of 1 was
subtracted to remove small isolated areas within the back-
ground. Regional maxima were subsequently detected as
the centers of the subgroups, and the borders between
those groups were calculated by a watershed algorithm.
The resulting zones of influence were saved as binary
images and used to gate the listfiles and separate the
bacterial subgroups.

To concentrate on the dominating subgroups of the
bacterial community, only the inner 90% of the bacterial
community were used for all evaluations (hereafter, total
bacterial community). The corresponding area was cal-
culated from the same manually gated and merged file that
was used for the detection of subgroups and applied to all
individual samples. The mean of DAPI fluorescence and
SSC was calculated for each subgroup and the total com-
munity. To minimize between sample variation, the mean
values were normalized by dividing by the mean of yellow
fluorescence or SSC of the standard beads that were ana-
lyzed together with each sample. Absolute abundance of
bacteria also was calculated with the known concentra-
tion of beads. Principal component analysis was per-
formed for the 17 samples by using mean DAPI fluores-
cence, mean SSC, and relative abundance (percentage of
total bacterioplankton) for each subgroup. Absolute abun-
dance was added for the total bacterial community only to
avoid redundancy. All variables were standardized by di-
viding by their means.

Software

Manual gating and calculation of basic descriptive statistics
for bacterial groups was done with Summit 2.0 (Cytoma-
tion). Image analysis was implemented in Visilog 5.1 (Nor-
pix, Montreal, QC, Canada). Principal component analysis
was calculated with Statistica 99 (StatSoft, Tulsa, OK).

To transform flow cytometry standard (FCS) files to
gray-scale images and gate the listfiles with binary images,
the program FCS-Flounder was written. It was used with
FCS files generated by Summit on a Windows NT platform.
However, the tool follows the FCS 2.0 standard (25,26)
and was written with the platform-independent, free, Py-
thon programming language (CNRI, Reston, VA). There-
fore, it should be functional with standard FCS files on
different platforms. The program is available from the first
author.
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RESULTS
Detection of Subgroups

From the bivariate histogram of SSC versus DAPI fluo-
rescence, which was merged from 17 individual samples,
three distinct subgroups could be distinguished by image
analysis. Figure 1 shows an overlay of the merged histo-
gram, with the borders of subgroups and the area com-
prising 90% of the events in the histogram. Group A shows
high SSC and DAPI fluorescence. Group B shows medium
DAPI and the lowest SSC signal among the three groups.
Group C is characterized by medium SSC and low DAPI
fluorescence. Care has to be taken, particularly for mixed
communities, when translating fluorescence or scatter
signals quantitatively to cellular properties. However, a
positive relation between DAPI fluorescence and DNA
content (2) and between SSC and cell size can be safely
assumed (7). Thus, group A represents large cells with
high DNA content in comparison with groups B and C.

The subgroup areas were then applied to each sample.
In general, a good fit between the groups’ borders and the
individual histograms was found with visual inspection,
but group A was not visible on all days. Three of the 17
samples are depicted in Figure 2. Those samples represent
different phases of bacterioplankton development before
and after the onset of grazing by Cyclidium glaucoma and
Ochromonas sp. Its impact is clearly displayed by the
bacterial size versus DNA distribution.

FIG. 1. Bivariate histogram composed of 2,000 events from each of the
17 samples. Borders between subgroups A, B, and C are superimposed, as
detected by image analysis and the outer limits of the area containing 90%
of the events.

™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™™3
FIG. 2. Borders between subgroups and 90% limits superimposed on

samples from 3 days during the experiment. Day 1: Before the onset of
protozoan grazing. Day 7: Heavy grazing pressure by Cyclidium glau-
coma. Day 17: At the end of the experiment; strong impact of Ochromo-
nas sp. DAPI, 49, 69-diamidino-2-phenylindole.
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Total Community and Subgroup Statistics

To analyze the effects of protozoan grazing quantita-
tively, mean DAPI fluorescence, mean SSC, and abun-
dance were calculated for the total bacterial community
and the three subgroups detected by image analysis
(Fig. 3). With regard to total bacterioplankton abun-
dance, three phases may be distinguished. During the
first 4 days, the situation was quite constant. After day

4, when the number of Cyclidium glaucoma started to
increase, bacterial abundance dropped off and kept
decreasing until day 11. After the onset of Ochromonas
sp., growth abundance became stable, although ap-
proximately one order of magnitude below its initial
values. DAPI fluorescence and SSC of the total commu-
nity started to rise after days 4 and 5 and decreased
again after days 8 and 9, respectively.

FIG. 3. Line plots showing the abundance, mean 49, 69-diamidino-2-phenylindole (DAPI) fluorescence, and mean side scatter of total bacterioplankton
the three subgroups throughout the experiment. Protist abundances are depicted in the lowest graph. Note the different scales of the individual graphs;
scales for DAPI fluorescence and side scatter always span a twofold increase.
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For more detailed analysis, the same statistics as those
for the total bacterial community were calculated for the
three subgroups (Fig. 3). Groups B and C showed a similar
development over time. Abundance was constant until
day 4 and then decreased to a lower level, where it
stabilized from day 11 on. SSC and DAPI increased with
considerable fluctuations until day 10 and then dropped
sharply. At this point, the situtation changed: both signals
increased again after day 12 in group B but kept decreas-
ing until the end of the series in group C. Group A,
representing the largest bacteria, exhibited a completely
different pattern, with high, albeit fluctuating, abundance
until day 8, which dropped by more than one order of
magnitude within 3 days and then stabilized at approxi-
mately 1 3 105 cells/ml. In contrast, DAPI and SSC signals
increased steadily during the first 14 days and stayed
constant for the last 4 days. For further comparison, abun-
dances of the three groups and the total community were
plotted together (Fig. 4), showing that the groups B and C
were affected by Cyclidium glaucoma and Ochromonas
sp. grazing, whereas group A was affected by Ochromo-
nas sp. Thus, the increase in mean cell size and DNA
content was due to the preferential grazing of Cyclidium
glaucoma on smaller, low-DNA bacteria.

Principal Component Analysis

Principal component analysis (Fig. 5) for the 17 samples
summarized and indicated the main trends that could be
shown by the development of individual parameters. Fac-
tor loadings (Fig. 5B) showed a high coupling between
DAPI and SSC signals for each subgroup, with groups B
and C closely related and contrasting with group A. Rela-
tive abundances were different between groups and dis-

tributed independently from DAPI and SSC signals. Factor
scores (Fig. 5A) showed the main phases of the bacterial
community during this experiment. Days 4–5 were
grouped closely together, strongly influenced by total
abundance. Samples from days 6–10 formed a more het-
erogeneous cluster, influenced by high DAPI and SSC
signals of groups B and C and high relative abundance of
large cells (group A). The days after the onset of Ochromo-
nas sp. grazing (11 through 17) were clearly set apart and
formed two distinct groups (11 to 14 and 15 to 17)
characterized by high DAPI and SSC signals in group A and
a relative high proportion of group B cells.

DISCUSSION
Protozoan Grazing

The addition of two protists had a very strong impact on
the bacterial community in this experiment. Data from the
parallel control stage also confirmed that the extreme
changes were caused by protist grazing (27). The effects
also were consistent with those of previous experiments
(16) and literature data (14,15). The size-specific effects of
protozoan grazing agreed with those of investigations us-
ing microscopy and image cytometry of bacterial cells
(16). Differences in feeding behavior between the two
grazers were obvious. Cyclidium glaucoma, which was
added at day 1 of the experiment, grazed predominantly
on smaller bacteria, which also showed relatively low
DNA content (groups B and C). In contrast, Ochromonas
sp. preferred larger cells with high DNA content from
group A. Further, the impact from Ochromonas sp. could
be detected sooner after inoculation than the impact from
Cyclidium glaucoma. That result might be related to the

FIG. 4. Line plots showing abundances
of the entire bacterial community and the
three subgroups on a logarithmic scale
compared with protist abundance.
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much higher growth rates of that flagellate. In addition,
the potential for mixotrophy of Ochromonas sp. might
subsist better at decreasing bacterial abundances.

Detection of Subgroups in Bacterioplankton

The analysis of bacterioplankton at the subgroup level
conveyed significantly more information than the conven-
tional total community approach. Trends that were visible
from total community statistics (e.g., increasing average
SSC) could be attributed to specific changes within certain

compartments (decreasing number of small cells) in this
study. Apparently, bacterial subgroups as defined in this
study act as ecological units, at least under certain circum-
stances.

Data from individual subgroups could be presented
conveniently in line plots (Figs. 3 and 4). The presentation
of bivariate histograms therefore was limited to a small
number of typical cases for the purpose of illustration.
Further, the data on subgroups provided a good data basis
for further statistical analysis. Principal component analy-
sis reduced the complexity of the many parameters and
enabled a summary interpretation of the entire data set.

The present analyzed samples were derived from a
laboratory experiment. However, the flow cytometric
characteristics of this mixed bacterial community were
similar to those of natural samples form oligo- and me-
sotrophic lakes (unpublished data). Thus, the present find-
ings also can be used for field studies. Further, the method
for detecting subgroups of events from bivariate histo-
grams obviously can be applied with any other flow cy-
tometry data where similar requirements exist.

Image analysis proved to be an adequate tool to detect
bacterial subgroups in an objective and reproducible way.
A priori knowledge such as the number of clusters to be
detected is not required. However, the automatic detec-
tion of subgroups can be combined with manual gating if
such a combined approach is favorable. Computing easily
can be carried out on common personal computers. Dur-
ing the development of image processing routines, the use
of a sophisticated interactive image analysis package has
proved beneficial. However, for the repeated transforma-
tion of files, a custom tool had to be written. Because of
the various programs involved, application is laborious
and not very user-friendly at the moment. Moreover, the
computations currently cannot be performed online dur-
ing analysis at the flow cytometer. Thus, easy sorting on
detected subgroups is not possible at this stage. However,
specific physical isolation of individual subgroups would
be an important tool for the further characterization of
bacterial groups by auxiliary investigations. Therefore, the
entire process ideally should be integrated into a standard
flow cytometry software system to enable online analysis
and sorting.

It is an advantage that detection of subgroups can be
successful even when only two parameters (SSC and
DAPI) are used. However, for more general applications,
extending the method to higher-dimensional input data
would be desirable. Because there is no principal obstacle
to applying the same algorithms to multivariate data, this
would be primarily a matter of programming and testing
the appropriate routines. Nevertheless, cluster analysis
(8,9) currently might be advantageous for highly multivar-
iate data, whereas model fitting (13) might be preferred
for the detection of a known number of overlapping
populations.

In this study, borders between subgroups were de-
tected from a merged file representing the entire series of
samples and subsequently applied to individual samples.
Thus, analysis was based on static subgroup areas. Such an
approach may not be reasonable or possible for other

FIG. 5. Principal component analysis of the 17 daily samples based on
absolute abundance of the entire bacterial community (Abu abs), relative
abundance (Abu A–C), 49, 69-diamidino-2-phenylindole fluorescence
(DAPI A–C), and side scatter (SSC A–C) of subgroups A–C. A: Factor
scores of the 17 samples. B: Factor loadings of parameters.
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series of data. In particular, when subgroups show larger
shifts in signal intensity between samples, a dynamic de-
tection of clusters will be necessary. However, when the
detection is based on individual samples, small differences
can cause abrupt changes in the detection of subgroup
borders between adjacent samples. We successfully tested
a combination of the static and dynamic approaches for
such situations (data not shown). Subgroup calculations
based on a smaller number of samples (e.g., five), analo-
gous to a “running average”, allowed us to create dynamic
cluster limits and avoid erratic changes between samples.
However, such an approach usually will return subgroups
that can be found only in some samples, which can cause
severe logical problems for interpretation and statistical
analyses in particular because the properties of individual
groups can be determined only for a part of the series. If
subgroups divide or merge to form other groups, they also
cannot be seen to just disappear and thus are not ade-
quately represented by missing values.

CONCLUSION
The analysis of bacterioplankton at the subgroup level

beyond question provides significant and ecologically
meaningful information that is otherwise lost by conven-
tional analysis. Therefore, we expect sophisticated data
analysis to become a substantial part of investigations into
aquatic microbiology as modern instrumentation allows
for analysis of increasing numbers of samples. To this end,
the application of image analysis for the detection of
bacterial subgroups is a promising tool. However, more
efforts are necessary to streamline its application in terms
of software tools. Further, its field of application could be
extended by dynamic subgroup detection and the adapta-
tion to multidimensional data.
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