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� Abstract
Chemical address tags can be defined as specific structural features shared by a set of
bioimaging probes having a predictable influence on cell-associated visual signals
obtained from these probes. Here, using a large image dataset acquired with a high con-
tent screening instrument, machine vision and cheminformatics analysis have been
applied to reveal chemical address tags. With a combinatorial library of fluorescent
molecules, fluorescence signal intensity, spectral, and spatial features characterizing
each one of the probes’ visual signals were extracted from images acquired with the
three different excitation and emission channels of the imaging instrument. With mul-
tivariate regression, the additive contribution from each one of the different building
blocks of the bioimaging probes toward each measured, cell-associated image-based
feature was calculated. In this manner, variations in the chemical features of the mole-
cules were associated with the resulting staining patterns, facilitating quantitative,
objective analysis of chemical address tags. Hierarchical clustering and paired image-
cheminformatics analysis revealed key structure–property relationships amongst many
building blocks of the fluorescent molecules. The results point to different chemical
modifications of the bioimaging probes that can exert similar (or different) effects on
the probes’ visual signals. Inspection of the clustered structures suggests intramolecular
charge migration or partial charge distribution as potential mechanistic determinants
of chemical address tag behavior. ' 2010 International Society for Advancement of Cytometry
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MICROSCOPIC imaging studies examining the interaction of small fluorescent

molecules with cells are challenging because cells are complex three-dimensional

objects that may exist in many different structural and functional states (1–3). From

highly branched neuronal cells to multinucleated myocytes, the morphological fea-

tures of any particular cell type can be quite varied, and for any growing cell popula-

tion, there is cell-to-cell variation in the structure, function, and spatial relationships

between the different cellular organelles. In addition, the quantum yield and spectral

properties of fluorescent molecules can be affected by local microenvironments

within cells and by interaction with specific cellular components.

Nevertheless, to optimize the signal of a bioimaging probe for specific applica-

tions, the interactions between molecules and cells are generally studied directly

based on the fluorescence staining phenotype apparent in images of cells incubated

with the probes (4–6). These fluorescence staining phenotypes can be visualized

using automated microscopes equipped with specialized optics and filter sets to

excite the molecules with light and capture images recording the fluorescence emis-

sion patterns at specific wavelengths (7–10). Development of fluorescent, organelle-

targeted probes has been driven by an interest in discovering new probes that excite

and emit in the visible spectrum and that possess specific subcellular localization fea-

tures so they can be used as organelle markers or physiological biosensors (9,11–14).

1Department of Statistics, University of
Michigan, Ann Arbor, Michigan 48109
2Department of Pharmaceutical
Sciences, University of Michigan College
of Pharmacy, Ann Arbor, Michigan 48109

Received 20 September 2009; Revision
Received 30 November 2009; Accepted
7 December 2009

Grant sponsor: NIH; Grant number:
RO1GM078200;

*Correspondence to: Gus R. Rosania,
Department of Pharmaceutical
Sciences, University of Michigan
College of Pharmacy, 428 Church Street,
Ann Arbor, MI 48109, USA

Email: grosania@umich.edu

Published online 26 January 2010 in Wiley
InterScience (www.interscience.
wiley.com)

DOI: 10.1002/cyto.a.20847

© 2010 International Society for
Advancement of Cytometry

Original Article

Cytometry Part A � 77A: 429�438, 2010



Today, high content screening instruments can generate

large image data sets with combinatorial libraries of fluores-

cent probes (15–18). Although bioimaging probe development

has traditionally relied on visual inspection by human experts,

new analysis strategies are being pursued to quantitatively

assess relationships between the chemical structures of fluores-

cent small molecules and cell-associated visual signals

(16,18,19). These strategies combine basic image feature

extraction algorithms (20,21), machine vision techniques

derived from the study of location proteomics (22–28), and

multivariate analysis and cheminformatics techniques used to

study the activity of compounds across multiple different

assays (1,2,29–32). Ultimately, probe optimization studies

could benefit from objective analysis of how the chemical fea-

tures of a fluorescent probe are related to cell-associated,

quantitative image features.

In the case of styryl molecules, their simple bipartite

structure lends itself to analysis in terms of differential contri-

bution of the two basic building blocks of the molecule to the

spectral and subcellular localization properties of the mole-

cules’ fluorescence (17–19). Using a high content screening

dataset, we previously determined that many styryl molecules

exhibit idiosyncratic interactions with cells, leading to very

different staining phenotypes even amongst closely related iso-

mers (18). In spite of these idiosyncratic interactions, visuali-

zation of the images strongly suggested that much of the varia-

tion in localization could be related to the molecule’s chemical

structure. Thus, we hypothesized that the building blocks of

the molecules could behave as ‘‘chemical address tags’’ and

proceeded to determine the extent to which cell-associated

image-based features derived from the images could be linked

to additive contributions of the chemical building blocks of

the molecules.

METHODS

Data Acquisition and Preprocessing

Synthesis and screening of the styryl library, image data

acquisition, and preprocessing steps have been previously

described (6,18). Briefly, each styryl molecule was synthesized

from a conjugation reaction between 168 aldehyde building

blocks with eight methyl pyridinium/quinolinium building

blocks. For notation purposes, each aldehyde building block is

referred to as a number from 1 to 168, and the each pyridin-

ium/quinolinium building block is referred to as a letter (from

A to H) (6,18). To facilitate data acquisition and analysis, an

orthogonal fluorescent dye (HoechstTM 33342) was used to

label the cell nucleus. After incubation of Hela cells with the

individual probes in 96 well plates, images were a acquired at

203 magnification with a CellomicsTM Kineticscan high con-

tent screening instrument, using the standard XF93 filter set’s

HoechstTM, FITC, TRITC, Cy5 acquisition channels (18).

Analysis of the styryl molecules’ fluorescence signal was based

on 1 s exposure images acquired from the FITC, TRITC, and

Cy5 channels. Each set of images was computationally and

manually filtered to remove images with saturation or show-

ing extensive dye precipitates or crystals. Using the HoechstTM

channel image, nuclear pixels were automatically identified

using a thresholding algorithm, and images were background

subtracted by subtracting the median of pixel intensities of the

noncellular region (pixels more than 10 pixels distant from

any nuclear pixel). All analyses were based on whole field

image features (described later) calculated for the cellular

region or total nuclear region in each image. The cellular

region was defined as a 5 pixel dilation of the nuclear region

so as to sample the signal from the cytoplasm.

Extraction of Quantitative Image Features

From the images, we measured a set of image-based fea-

tures capturing the intensity level and distribution of probe

fluorescence in cells, within and across fluorescence channels.

The ‘‘integrated intensity’’ over a region is defined as the sum

of pixel intensities of every pixel encompassing that region. In

turn, dividing the integrated intensity by the number of pixels

in a region corresponds to the mean (or average) pixel inten-

sity over that region. In this manner, the average pixel inten-

sity for all pixels within the cellular region was calculated in

FITC, TRITC, and Cy5 channels (excluding the HoechstTM

channel). With a control set of background-subtracted images

acquired from unlabeled cells, we determined that\1% of the

images showed mean cellular autofluorescence [100 units/

pixel, so this value was chosen as a threshold for distinguishing

those styryl molecules that yielded a cell-associated fluores-

cence signal. The average pixel intensity for all pixels within

the cellular regions of FITC, TRITC, and Cy5 was then

summed to create a total cellular intensity feature image. In

addition, the cellular intensities for the three fluorescence

channels were normalized by their sum to produce three

‘‘channel proportion intensity’’ features. These values were not

computed for compounds where the sum of mean pixel inten-

sities was \100 units/pixel. Coefficient of variation (CV) of

the cellular regions was calculated as the standard deviation of

pixel intensities for pixels within cells divided by the mean

pixel intensity. The CV value was not computed when the

mean intensity in a given image was\100 units/pixel. ‘‘Cyto-

plasm to nucleus ratio’’ (CNR) was calculated as the ratio of

the mean intensity in the cytoring region (the cellular region

excluding the nuclear region) to the mean intensity in the nu-

clear region for a given image. The CNR was not computed

when the mean intensity in the nucleus was\100 units/pixel.

To quantify the partitioning of probe fluorescence inside the

cell in relation to the background fluorescence intensity, a ‘‘cell

associated fluorescence’’ feature was computed as the ratio of

mean cellular fluorescence (after background subtraction) to

the median background intensity (corresponding to the

probes’ fluorescence in solution, before background subtrac-

tion). The CV, CNR, and cell associated fluorescence features

were computed for each channel and also for the sum of the

pixel intensities from all channels.

Extraction of Reference Image Features

Several image features were also computed as controls or

reference features: The size and number of cells in an image

were quantified as the total number of pixels in either cell
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nuclei or in the cellular region. The background intensity of

each of the images acquired corresponds to the median back-

ground pixel intensity as used in background subtraction. The

distribution of cells in an image was described in terms of the

proportion of nuclear pixels in each of the four image quad-

rants (NQ1–NQ4). We also considered three features that

represent the orientations and shapes of the cell nuclei in an

image. These features were computed by first identifying all

connected regions in the nuclear region consisting of more

than 100 pixels in area. The x,y coordinates of the pixels in

each connected region were used to construct a 2 3 2 covari-

ance matrix of the x,y coordinates. This covariance matrix was

then decomposed according to its eigenvectors to identify the

principal axis (the dominant eigenvector) and the reciprocal

aspect ratio (the ratio of the larger to the smaller eigenvalue).

The median of the reciprocal aspect ratios across all regions

in the cell (AR) was used to describe the aspect ratios of nuclei

in the image. The angle of the principal axis for each nuclear

region was also computed. This angle was measured relative to

the increasing horizonal axis, using an origin placed at the

center of mass of each cell. Angles greater than p radians were

converted to lie in the range (0, p) by subtracting p radians, as

the principal axis has no specific orientation. We then calcu-

lated the angular mean (AM) of these angles over all nuclei in

an image. The AM was calculated by considering the angles

for all cells in the image as points on a common unit circle

(scaling the angles by 2 to cover the full unit circle). The arith-

metic centroid of these points was then calculated and scaled

to a unit vector. The angle of this vector relative to the increas-

ing horizontal axis was divided by 2 to yield an angle between

0 and p that we used as the AM. An AM of p/2 radians corre-

sponds to no favored orientation of the cell nuclei. In addi-

tion, the distance from the centroid to the origin (which is the

centroid of all pixels in a nucleus) was also computed and

used as a measure of variability called ‘‘angular variance.’’

Statistical Analysis of Chemical Address Tags

Regression methods were used to assess the extent to

which additive contributions associated with the aldehyde and

pyridinium/quinolinium building blocks could be used to

describe the variation in image features. We first asked

whether image features were predictable from additive contri-

butions of the aldehyde and pyridinium/quinolinium building

blocks. Ridge regression with a nominal ridging parameter of

1, with additive factorial main effects for the aldehyde and

pyridinium/quinolinium moieties, was used for prediction.

Ridge regression was chosen over ordinary least squares due to

its lower prediction variance when correlated variables are

used for prediction (although the combinatorial library leads

to a full factorial structure, a fraction of the images were

excluded from analysis as noted in the Methods, so substantial

correlation between the predictor variables was expected in

the data). For analysis, the image features were centered by

plate, subtracting the mean feature value for each plate while

retaining the original scale. A ridge regression model was fit

using indicator (dummy) variables for each aldehyde and pyri-

dinium/quinolinium group. To assess predictive accuracy

without bias, 100 rounds of cross validation were performed,

holding out 10% of the data for testing. The correlation

between fitted and observed image features was used to assess

predictivity. Next, we used partial R2 values to quantify the

additive contributions of aldehyde and pyridinium/quinoli-

nium groups to each feature. All models included an additive

effect for plate to remove plate-associated effects (due to any

differences in cell preparation or instrument operation from

one plate to the other). For example, the pyridinium/quinoli-

nium group contribution was quantified in terms of the fit of

the model with aldehyde, pyridinium/quinolinium, and plate

effects compared to the model with pyridinium/quinolinium

and plate effects. Adjusted R2 estimates (first-order unbiased

estimates of the population R2) were used in calculating the

partial R2 values. Bootstrapping was used to estimate standard

errors of the R2 values, and confidence intervals calculated as

the point estimate 1/2 two standard errors.

Relating Chemical Structures of Styryl

Molecule Building Blocks to Their Effect

on Image-Based Features

To compare variations in chemical structure and image

features, we considered every pair of compounds with image

feature data. For each image-compound pair, we compared

the Tanimoto similarity T between the two compounds’ struc-

tures to the absolute difference D between the image feature

values. The Pearson correlation between T and D was used to

quantify the relationship between chemical structure and

image features, with a negative correlation reflecting the

strongest consistency.

Comparing the Effect of Isomer Variants of

Pyridinium/Quinolinium vs. Aldehyde Groups

Isomeric pairs of pyridinium/quinolinium groups and of

aldehyde building blocks as identified in our previous study

(18) were used to assess whether the image feature values were

more sensitive to isomeric changes in the position of func-

tional groups in the pyridinium/quinolinium moiety or in the

aldehyde moiety. First, relative difference of image-based fea-

ture values X (measured for styryl molecule A(i)) and Y(meas-

ured for styryl molecule B(i)) were defined as 2|X 2 Y|/

(|X| 1 |Y|), to assess the lack of conformity between feature

values X and Y. Then, for every isomeric pair of pyridinium/

quinolinium building blocks (pairs A:B, C:G, and D:E; see

(18)), we considered each one of them conjugated to the same

aldehyde group ‘‘i’’ ( where i corresponds to aldehydes 1

through 168), and calculated the relative difference in each

image-based feature for each styryl pair A(i) vs B(i), C(i) vs. G

(i), and D(i) vs. E(i). Conversely, the relative difference of fea-

ture values X and Y was determined for each isomeric pair of

aldehyde building blocks conjugated to the same pyridinium/

quinolinium groups.

Comparing the Effect of Related Chemical Variants of

Pyridinium/Quinolinium vs. Aldehyde Groups

As in the case of isomer variants, the relative difference

of the calculated image-based features between of styryl
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molecules containing a pyridinium (A, B, C, G and H) vs qui-

nolinium (D, E, F) group conjugated to every possible alde-

hyde building block was compared to the difference in image-

based features between all pairs of styryl molecules containing

a phenyl (aldehyde building blocks 1, 11, 85, 90, 126) vs.

naphthalene ( aldehyde building blocks 3, 6, 18, 20, 26, 34, 51,

67, 118, 141, 143) conjugated to every possible pyridinium/

quinolinium building block. Conversely, the relative difference

of feature values X and Y was determined for aldehyde moi-

eties containing a phenyl vs. a naphthalene group conjugated

to the same pyridinium/quinolinium groups. The relative dif-

ference of feature values X (measured for styryl molecule A(i))

and Y(measured for styryl molecule B(i)) was defined as 2|X

2 Y|/(|X| 1 |Y|), to assess the lack of conformity between fea-

ture values X and Y.

Hierarchical Cluster Analysis of Chemical

Address Tags

The additive contributions of each aldehyde group and

each pyridinium/quinolinium group as estimated in the fitted

regression model were concatenated over all image features

into a vector. Using these vectors, we calculated the L1 norm

(sum of absolute differences) between the features for any two

chemical groups (either A groups or P groups). These L1 dis-

similarities were used to perform an average linkage hierarchi-

cal cluster analysis of the chemical groups. The regression

coefficients (scaled to (0,1)) were then displayed in a heat

map.

RESULTS

Measuring the Contribution of Aldehyde vs.

Pyridinium/Quinolinium Building Blocks to

the Probes’ Visual Signals

The styryl library is a 168 3 8 combinatorial library, so

there are 1344 styryl structures. Excluding images with arti-

facts, extensive pixel saturation, dye precipitates, a total of

1291 images were used for chemical address tag analysis

(including images lacking detectable styryl signal in the cellu-

lar region). A total of 23 specific probe-associated image-based

features and 9 general control image-based features were

extracted from the images (Table 1). To address the extent to

which global trends in probe behavior—apparent in the fluo-

rescence images acquired in the FITC, TRITC, and Cy5 acqui-

sition channels of the imaging instrument—can be traced

back to additive contributions from aldehyde and pyridinium/

quinolinium building blocks of the styryl molecules, multivar-

iate ridge regressions were performed, using each image fea-

ture as a response variable and additive factorial effects for the

two building blocks of the styryl molecule as predictors. The

correlation coefficients between the observed and predicted

image features were calculated using cross validation to pro-

vide unbiased estimates of the extent to which the image fea-

tures can be predicted from additive contributions of the dif-

ferent building blocks (Fig. 1).

This quantitative analysis indicated that for many fluores-

cence intensity-related features, the correlation coefficient

Table 1. List of quantitative, visual (image) features analyzed in

this study

1. Total intensity

2. FITC intensity

3. TRITC intensity

4. Cy5 intensity

5. Total background intensity

6. FITC background intensity

7. TRITC background intensity

8. Cy5 background intensity

9. Proportion 1s FITC

10. Proportion 1s TRITC

11. Proportion 1s Cy5

12. Total cell intensity/background

13. Cell intensity/background FITC

14. Cell intensity/background TRITC

15. Cell intensity/background Cy5

16. Total intensity CV

17. FITC CV

18. TRITC CV

19. Cy5 CV

20. Total intensity CNR

21. FITC CNR

22. TRITC CNR

23. Cy5 CNR

24. Number of pixels in nuclei

25. Number of pixels in cells

26. Quadrant 1

27. Quadrant 2

28. Quadrant 3

29. Quadrant 4

30. Eccentricity

31. Angular variance

32. Mean angle

Figure 1. Correlation coefficients between actual and predicted values for the 32 image-based features analyzed in this study, using addi-

tive factors for the two styryl components as predictors. The bars represent the correlation value (estimated unbiasedly using cross valida-

tion) for each specific feature. [Color figure can be viewed in the online issue which is available at www.interscience.wiley.com.]
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between predicted and measured values was strong and signif-

icant (ranging from 0.6 to 0.8) (Fig. 1, features 1–11). In con-

trast, control features showed little correlation (correlation

coefficient\0.1) between predicted and measured values irre-

spective of wavelength (Fig. 1, features 24–32). Visual inspec-

tion of arrays of images sorted according to the sign and mag-

nitude of the regressed coefficients of the total intensity con-

tribution from each aldehyde and pyridinium/quinolinium

building blocks confirmed the expected trend: dark images in

the top left of the array, with image brightness increasing

towards the right and bottom (Fig. 2). Furthermore, it is

apparent that total intensity is linked with increased fluores-

cence in the TRITC channel, with the brightest images being

the ones having most intense staining in the red (TRITC)

channel and images of intermediate brightness having most

intense staining in the green (FITC) channel.

For the spatial features, the relative accumulation of the

fluorescence signal intensity in the cells relative to the back-

ground was moderately predictable from the regressed, addi-

tive contributions of the aldehyde and pyridinium/quinoli-

nium building blocks (Fig. 1, features 12–15). Based on the

total intensity of the probe, the correlation coefficient for the

CV (Fig. 1, feature 16) and CNR (Fig. 1, feature 20) of probe

signal were 0.3 and 0.6, respectively However, in the individual

Figure 2. Array of images acquired from styryl compounds, sorted based on the regression effects of different aldehyde building blocks

(rows) and pyridinium/quinolinium building blocks (columns) to the total intensity feature of the styryl molecules. The effect increases from

left to right for the pyridinium/quinolinium building blocks and top to bottom for the aldehyde building blocks. Each image is a color compos-

ite of the signal obtained from the HoechstTM channel (blue), FITC channel (green), and TRITC channel (red). For this figure, the images shown

were acquired in the presence of the styryl molecules in the extracellular medium, so some of the images have high background fluorescence.

Awhite, filled square in the upper left hand corner of an image indicates that the imagewas not used to train the regressionmodel. For display

purposes, the images were grouped into an array, and the array of images was then scaled (as a whole) to preserve the relative differences in

the staining intensity of each probe.

ORIGINAL ARTICLE

Cytometry Part A � 77A: 429�438, 2010 433



wavelength acquisition channels, only the correlations of CV

in the FITC and TRITC channel were as large (Fig. 1, features

17, 18), and the correlation coefficient for the CNR feature

was close to zero for each separate wavelength channel (it was

positive only for the TRITC channel). To summarize, the total

probe signals, several channel specific probe signals, the cellu-

lar accumulation of total probe signal relative to the back-

ground (for each separate acquisition channels and for the

sum of the signal acquired in FITC, TRITC and Cy5 channels)

were strongly predictable from additive effects of the mole-

cules’ basic building blocks (Fig. 1). The CV and CNR features

were moderately predictable based on the total sum of the sig-

nals acquired from FITC, TRITC, and Cy5 channels, although

they were not predictable based on the signal from the indivi-

dual acquisition channels.

Elucidating Chemical Address Tags with Respect

to Fluorescence Signal Intensity, Spectral and

Localization Features

Next, based on the regression coefficients, the extent to

which the different aldehyde and pyridinium/quinolinium

building blocks differentially contributed to variations in the

observed phenotype was established (Fig. 3). The contribution

of the aldehyde and pyridinium/quinolinium building blocks

to signal in the total intensity and FITC channel tended to be

equally strong (Fig. 3, features 1, 2, 5, 6, 9, 11, 12, 13, 16, 18,

and 20), indicating that the different building blocks both

contributed as chemical address tags to determine the probes’

visual signals in the FITC wavelength. Nevertheless, in the

TRITC and Cy5 channel, the pyridinium/quinolinium group

generally behaved as the determining chemical address tag

relative to the aldehyde group, by showing substantially greater

contribution to the image features (Fig. 3, features 3, 4, 7, 8,

14, 15).

By relating the chemical features of the pyridinium/qui-

nolinium building block to the variations spectral and locali-

zation properties, we established the extent to which chemical

variations in the building blocks influenced spectral and loca-

lization features (Fig. 4). For the pyridinium building block,

variation in the chemical structure of the pyridinium/quinoli-

nium group showed good correlation with variations in the

image-based features (Fig. 4A). In contrast in the case of the

aldehyde building block, the relationship between the varia-

tion in chemical structure of the building block and variation

in the image-based features was minimal (Fig. 4B).

Figure 3. The calculated, relative contribution of the pyridinium/quinolinium building blocks (A) and the aldehyde building blocks (B) to-

ward the 32 image-based features analyzed in this study. The vertical bars represent the partial R2 value, capturing the additional informa-

tion in A groups not contained in B groups, or vice-versa, based on the regression model. Error bars show the 95% confidence interval for

the partial R2 value. [Color figure can be viewed in the online issue which is available at www.interscience.wiley.com.]

Figure 4. Correlation coefficients between the degree of chemical structure variation in the building blocks of the styryl molecules and

their contributions toward each image-based feature analyzed in this study. The bars represent the calculated correlation coefficient

between Tanimoto structure similarities and the absolute differences in image feature regression coefficients over all pairs of structures,

obtained while individually varying the pyridinium/quinolinium (A) or aldehyde building block (B), while keeping the other building block

constant. Error bars show the 95% confidence interval for the partial R2 value. [Color figure can be viewed in the online issue which is avail-

able at www.interscience.wiley.com.]
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Relating Chemical Structure Variations to Visual

Signal Variations in the Context of Chemical

Address Tags

Probing how chemical variations in the pyridinium/qui-

nolinium group affected the visual signal of the styryl mole-

cules relative to similar variations in the aldehyde group, the

results revealed that changing from a pyridinium to quinoli-

nium exerted a major effect in relation to a phenyl-to-naptha-

lene change in the aldehyde building block (Fig. 5, features 1,

3, 4, 5, 7, 8, 12, 14, 15, 18). In comparison, isomers of pyridin-

ium/quinolinium and aldehyde building blocks exerted com-

parable effects on the probe’s visual signal (Fig. 6). For the

aldehyde building blocks, the magnitude of the effect of iso-

mer variants (Fig. 6) was similar to the magnitude of the effect

of phenyl vs. naphthalene substitutions (Fig. 5). For the pyri-

dinium/quinolinium building blocks, the isomer effect (Fig. 6)

was generally less than the effect of substituting a quinolinium

for pyridinium (Fig. 5).

Using Cluster Analysis to Reveal Relationships

Between Chemical Address Tags

Based on hierarchical clustering (Fig. 7), we analyzed

how the quinolinium/pyridinium groups contributed to the

image-based features of styryl molecules, in relation to the

contribution of the aldehyde groups. A dendrogram (Fig. 7A)

revealed that the pyridinium/quinolinium groups formed dis-

tinct clusters with the different aldehyde groups (I, II, III, and

IV). Note that the dendrogram divided the building blocks

into two major clusters: one formed by group IV and the other

one associated with groups I, II and III. Most aldehyde groups

clustered with pyridinium/quinolinium groups A, B, C, F, G,

and H (Fig. 7A, groups I, II and III). Nevertheless, a significant

number of aldehydes formed a separate cluster with quinoli-

nium groups D or E (Fig. 7A, group IV). Visualizing the global

pattern of regressed coefficients in a heat map (Fig. 7A), group

I and II appeared most similar to each other in terms of their

contribution toward the staining patterns, with group IV

being distinctively different.

Visual inspection of the building blocks in clusters I, II,

III, and IV (Fig. 7B) indicated that half of the aldehyde build-

ing blocks that appeared closely related to pyridinium/quinoli-

nium groups D or E in terms of their contribution to the sty-

ryl molecule’s visual signals possessed a nitrogen as part of the

conjugated structure (Fig. 7B, group IV). As part of the conju-

gated structure, a nitrogen atom in the aldehyde building

block can facilitate the migration of the molecule’s positive

charge across the central methine bridge of the styryl mole-

cule, through resonance structures that would delocalize the

positive charge normally associated with the imminium nitro-

gen on the pyridinium/quinolinium group.

In terms of the aldehyde groups that were most like pyri-

dinium groups A, B, C, G, or H, many of them contained one

or more hydroxyl, methoxy, or ether substituents (Fig. 7B,

groups I, II). For the aldheyde groups that were most like qui-

nolinium group F (Fig. 7B, group III), two out of three were

bromobenzene derivatives. Cluster IV also contained two alde-

hyde building blocks with bromine atoms, whereas clusters I

Figure 5. The relative effect of a pyridinium vs. quinolinium build-

ing block (left box plot in each feature) and a phenyl vs. naphtha-

lene aldehyde building block (right box plot in each feature) on

each one of the 23 noncontrol image-based features analyzed in

this study. For the left box plots, the difference in each image fea-

ture value was calculated for every possible pair of molecules

possessing a pyridinium vs. quinolinium building block, with the

aldehyde building block held constant. For the right box plots,

the pyridinium/quinolinium building block was held constant, and

the difference in each image feature value was calculated for all

possible phenyl vs. naphthalene aldehyde building block pairs.

The boxes extend from the 25th to the 75th percentiles of the

data, with the central line denoting the median. The ‘‘whiskers’’

lie at the median plus and minus 1.5 times the median. All points

outside the whiskers are plotted explicitly with ‘‘1’’ symbols.

[Color figure can be viewed in the online issue which is available

at www.interscience.wiley.com.]

Figure 6. The relative effect of a pyridinium/quinolinium building

block isomers (left box plot in each feature) and aldehyde building

block isomers (right box plot in each feature) on each one of the

23 noncontrol image-based features analyzed in this study. For

the left box plots, the difference in each image feature value was

calculated for every pair of molecule possessing a pyridinium/qui-

nolinium building block isomer, with the aldehyde building block

held constant. For the right box plots, the pyridinium/quinolinium

building block was held constant, and the difference in each

image feature value was calculated for every aldehyde building

block isomer pair. See the caption to figure 5 for a description of

the boxplots. [Color figure can be viewed in the online issue

which is available at www.interscience.wiley.com.]
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and II contained none. These chemical functionalities that

were prominent in several of the aldehyde groups in each of

these clusters while being less represented in other clusters

suggest that specific mechanisms can strongly influence

image-based features across a large number of probes.

DISCUSSION

With a combinatorial library of bioimaging probes (6,17–

19), chemical address tags can be defined as a specific part of a

molecule that contributes in an additive manner to a specific,

quantitative image-based feature. Applying a statistical regres-

sion approach to a combinatorial library of styryl molecules

(6), we demonstrated how the building blocks of the styryl

library can be analyzed as chemical address tags with respect

to cell-associated image-based features. Based on the results

obtained, the behavior of chemical address tags is wavelength

dependent: chemical address tags were most prominent across

all noncontrol features after summing the signals from the

Figure 7. Hierarchical cluster analy-

sis of the relationship between the

regressed contribution of all the sty-

ryl building blocks to the 23 noncon-

trol image-based features analyzed

in this study. (A) Dendrogram

and heat map visualization of the

global relationship between differ-

ent building blocks of the styryl

molecules. The columns corre-

spond to different aldehydes (num-

bers) or pyridinium/quinolinium

(letters A—H) building blocks. Clus-

ters I, II, III, and IV are highlighted as

they contain one or more pyridin-

ium/quinolinium building block

(from the dendrogram, the major

branch point effectively separates

cluster IV from the rest of the styryl

building blocks). Colors of the heat

map correspond to the regression

coefficient values transformed to

the unit interval, as indicated in the

scale bar at the bottom of the heat

map. (B) Chemical structures of

the selected pyridinium/quinoli-

nium building blocks (letters) and

surrounding aldehyde building

blocks (numbers) associated with

clusters I, II, III, and IV. [Color fig-

ure can be viewed in the online

issue which is available at www.

interscience.wiley.com.]
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various acquisition channels, as compared to the individual

FITC, TRITC or Cy5 acquisition channels.

Our results indicate that in the styryl library, building

block isomers tend to behave similarly as chemical address

tags, although isomer-specific phenotypic effects underlie

many idiosyncratic interactions observed between cells and

styryl molecules (18). In this study, we observed that isomer

variants of the pyridinium/quinolinium or aldehyde building

blocks were associated with relatively small variations in

image-based features. Also, the results indicate that chemical

variation in the pyridinium/quinolinium building block gen-

erally had the greatest effect on the probes’ cell-associated

image-based features.

A key additional finding explaining the behavior of

chemical address tags comes from hierarchical cluster analysis:

specific chemical variations in the aldehyde building blocks

associated with the presence of a conjugated nitrogen atom

can lead to a major effect on the image-based features,

mimicking the behavior of quinolinium group D or E as

chemical address tags. Notably, every styryl molecule in this

library contains a positive charge because of the quaternary,

imminium nitrogen in every pyridinium/quinolinium build-

ing block (6,17,19). Therefore, electrostatics alone cannot

explain chemical address tag behavior. Instead, our observa-

tions are consistent with chemical modifications affecting

charge migration or the partial charge distribution of the sty-

ryl molecules being the major determinant of chemical address

tag behavior. When the aldehyde building blocks contains a

conjugated nitrogen atom, the free electrons of the nitrogen

atom can pi-bond with the rest of the aromatic system, and

the positive charge associated with the imminium nitrogen

can become delocalized across the conjugated system, resonat-

ing with the nitrogen atom on the aldehyde group. Because of

resonance effects, the positive charge of the molecule can shift

from the pyridinium/quinolinium group to the nitrogen atom

on the aldehyde group.

Demonstrably, in spite of complex interactions between

individual styryl molecules and cellular components, quantita-

tive analysis of the probe’s visual signals can be used to study

the effect of chemical structure on fluorescent probe behavior.

For optimizing a probes’ fluorescence and intracellular accu-

mulation properties, elucidation and quantitative analysis of

chemical address tags using simple linear regressions can be

useful. For future work, the apparent association between dif-

ferent building blocks, as revealed by hierarchical clustering

analysis of the regressed coefficients, points to specific

mechanisms through which different chemical variations may

lead to similar effects on the probes’ phenotypic, image-based

features. The importance of the nitrogen atom in the aromatic

structure of the aldehyde group coupled to resonance effects

constitutes a testable hypothesis, in terms of determining the

behavior of chemical address tags through effects on charge

migration or partial charge distribution.

To conclude, the development of organelle-targeting bioi-

maging probes has traditionally relied on qualitative, subjec-

tive criteria (i.e. visual inspection by experts). Therefore, the

ability to apply automated, objective machine vision techni-

ques and rigorous statistical analysis to biomaging probe de-

velopment constitutes an important advance. Because the

molecules of the styryl library differ in their fluorescence

properties (17,19), it is practically impossible to screen this

library with filter sets tailored to the specific excitation and

emission properties of each molecule. Nevertheless, the results

of this study indicate that it is feasible to identify chemical

address tags and analyze their behavior using the sum of the

signals from the FITC, TRITC, and Cy5 channels of the stand-

ard XF93 multipass filter set. Indeed, although the magnifica-

tion of the image dataset analyzed in this study does not

resolve specific organelles, the observed structure–property

relationships reveal a potential mechanism underlying chemi-

cal address tag behavior. Paralleling advances in location pro-

teomics (22–28), we envision using higher magnification 3D

image data sets, together with orthogonal, organelle-specific

markers, and a more elaborate set of image features, to analyze

chemical address tags responsible for fluorescence signal loca-

lization to specific organelles.
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