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Abstract

Microscopy reveals complex patterns of cellular heterogeneity that can be biologically
informative. However, a limitation of microscopy is that only a small number of biomarkers can
typically be monitored simultaneously. Thus, a natural question is whether additional biomarkers
provide a deeper characterization of the distribution of cellular states in a population. How much
information about a cell’s phenotypic state in one biomarker is gained by knowing its state in
another biomarker?

Here, we describe a framework for comparing phenotypic states across biomarkers. Our approach
overcomes the current limitation of microscopy by not requiring co-staining biomarkers on the
same cells; instead we require staining of biomarkers (possibly separately) on a common
collection of phenotypically diverse cell lines.

We evaluate our approach on two image datasets: 33 oncogenically diverse lung cancer cell lines
stained with 7 biomarkers, and 49 less diverse subclones of one lung cancer cell line stained with
12 biomarkers. We first validate our method by comparing it to the “gold standard” of co-staining.
We then apply our approach to all pairs of biomarkers and use it to identify biomarkers that yield
similar patterns of heterogeneity. The results presented in this work suggest that many biomarkers
provide redundant information about heterogeneity. Thus, our approach provides a practical guide
for selecting independently informative biomarkers and, more generally, will yield insights into
both the connectivity of biological networks and the complexity of the state space of biological
systems.

6Correspondence: Steven.Altschuler@ucsf.edu, Lani.Wu@ucsf.edu.
These authors contributed equally to this work.

The authors have no conflicts of interest to declare.
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Introduction

Single-cell studies are revealing wide-ranging differences from one cell to another, even
within presumably isogenic populations. While this variability has traditionally been viewed
as “noise”, a growing body of evidence suggests that analysis of this variability can reveal
novel biological information (1-4). For example, previous work has shown that studies of
variability can be used to infer network topology (5-9), predict responses of cancer
populations to drugs (10-13), impute mechanisms of drug action (14), and identify new
cellular states during differentiation (15,16).

There are a growing number of approaches for measuring heterogeneity within populations.
Sequencing allows for analysis of heterogeneity in mutational and transcriptional state at the
genomic scale (17-19). Flow cytometry allows for measurements of dozens of total and
phosphorylated protein concentrations within single cells (20,21). And microscopy—the
focus of our current study, and the most classical of all approaches for observing cellular
heterogeneity—allows simultaneous measurement of cell morphology and biomarker
expression and localization patterns for cells in situ (22,23).

A natural way of investigating heterogeneity using microscopy is to co-stain a population of
cells with biomarkers of interest. However, a limitation of microscopy is that only a small
number of biomarkers can typically be monitored simultaneously. (Though, new approaches
are always being developed to increase these numbers (24-29).) With a strict economy on
the number of readouts that can be selected in microscopy, a fundamental and practical
question is whether subpopulations of cells that appear to be in the same phenotypic state as
assessed by one biomarker are in the same phenotypic state as assessed by another
biomarker. That is, will additional biomarkers provide a deeper characterization of
heterogeneity?

Here, we describe a framework for assessing the extent to which different biomarkers reveal
different structures, or “decompositions” of heterogeneity. First, we model heterogeneity in
our panels of cell populations, one biomarker at a time. Here, cellular heterogeneity is
described by mixtures of phenotypically distinct subpopulations, identified using automated
image analysis (Methods) (10,14). Second, we develop a regression-based approach to
compare our decompositions of heterogeneity across biomarkers (Fig. 1). Third, we
demonstrate interpretability of our approach using a simple 2-state (low vs. high expression)
model of heterogeneity (Figs. 2, 3Aii). Finally, we evaluate (Fig. 3) and apply (Fig. 4) our
regression-based approach to identify biomarkers that have similar subpopulation-based
decompositions of heterogeneity.

We make use of two image datasets: 1) a panel of 33 Lung Cancer Cell populations (termed
the LCC dataset (Methods)) that captures a wide variety of cancer oncogenotypes (Supp.
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Fig. S1) stained with seven biomarkers, and 2) a phenotypically less diverse panel of 49
Clonal Populations of the H460 lung cancer cell line (termed the CP dataset (Methods))
stained with twelve biomarkers. The use of diverse cell populations addresses a general
limitation in all studies of phenotypic variability that a single population of cells may not
reveal the entire spectrum of phenotypic states (30). For example, the expected negative
correlation between opposing EMT biomarkers [3-catenin and vimentin may not be apparent
within a single cell population, yet emerges after considering a panel of diverse cell
populations (Fig. 3Aii).

Our framework for relating subpopulations across biomarkers will yield insights into the
connectivity of biological networks, the complexity of the state space of a biological system,
and provide practical guides for selecting biomarkers in studies of heterogeneity.

Materials and Methods

Experimental Methods

Cell Culture

In our study, we made use of two different imaging datasets:

CP—Panel of 49 low-passage Clonal Populations from the non-small cell lung cancer cell
line H460 (previously published (10)).

LCC—~Panel of 33 non-small cell Lung Cancer Cell lines (developed specifically for this
study). These lines are: HCC95, H596, EKVX, H2073, HCC78, H1355, H157, HCC4011,
H226, HCC193, H1650, H358, H2009, H292, H322, PC9, H460, A549, HCC4017,
HCC827, H1993, H1648, HCC1359, HCC515, H1395, H1299, H1264, H1819, H2126,
H1693, HCC2935, H2887, and HCC4006. All lung cancer cell lines used in this study were
obtained from the Hamon Cancer Center Collection (University of Texas Southwestern
Medical Center). This set of cell lines well represents the diversity of mutational states
observed across a larger panel of 134 lung cancer cell lines (Supp. Fig. S1).

CP—=Clones were all cultured in supplemented RPMI 1640 medium and seeded in imaging
plates at a density of 10,000 cells per well as previously published (10).

LCC—=cCell lines were all maintained in RPMI 1640 medium (Fisher Scientific)
supplemented with 2 mM L-glutamine, 10% fetal bovine serum (FBS), and penicillin-
streptomycin at 37°C in a humidified atmosphere containing 5% CO, and 95% air. All cell
lines were mycoplasma tested by EZ-PCR Mycoplasma Test kit (Fisher Scientific). Cells
were plated in four plates on 96-well BD imaging plates. The majority of cell lines were
seeded at a density of 10,000 cells per well. To optimize for image segmentation, a few cell
lines were seeded at different densities: EKVX: 15k/well, HCC1359: 5k/well, PC9: 20k/
well, HCC827: 5k/well, H1648: 5k/well, H1264: 15k/well, HCC2935: 5k/well. H460 and
Ab549 cell lines were seeded and assayed in each of the four plates as controls for intensity
normalization.
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CP—Clones were stained with 6 different biomarker sets as previously published (10) and
in Supp. Table S1. MS1: DNA/pSTAT3/pPTEN, MS2: DNA/pERK/pP38, MS3: DNA/E-

cadherin/GSK3-p/p-catenin, MS4: DNA/pAKT/H3K9Ac, MS5: DNA/Actin/Tubulin, and

MS6: DNA/GAPDH)

LCC—-=Cells were fixed with 4% paraformaldehyde for 5 minutes, permeabilized with 0.2%
Triton X-100 solution in TBS for 3 minutes, then blocked with 5% IgG-free BSA solution in
TBST at 4°C overnight. Cells were then washed with PBS three times and stored in PBS at
4°C before staining. 5% BSA in TBST was used for primary and secondary antibody
dilutions. Primary antibody staining occurred overnight at 4°C. Secondary staining occurred
for two hours at room temperature in the dark. PBS was used to wash in between and after
staining steps and for storage. The four lung cancer cell line plates were stained together
after all had been seeded, fixed, permeabilized and blocked. Four biomarker sets, each
containing Hoechst 33342 to stain DNA, were selected for the lung cancer data: (Supp.
Table S2, MS1: DNA/B-catenin/vimentin, MS2: DNA/pSTAT3/pPTEN, MS3: DNA/pAKT/
H3K9Ac, and MS4: DNA/E-cadherin).

Image acquisition, preprocessing, cellular region segmentation, and quality control

CP—Images were acquired at 20x magnification, rolling-ball background subtraction was
applied, cellular regions were identified using a watershed-based algorithm, images were
manually inspected and poor quality images were dropped as previously published (10)
Approximately 100,000 cells per biomarker were identified in the CP dataset.

LCC—AII fluorescence images in the LCC dataset were acquired using a Nikon
epifluorescence microscope, with a 20x objective lens and 1x1 camera binning. Image
acquisition was controlled by Nikon Elements software. For consistency with the CP
dataset, background correction was performed using National Institute of Health ImageJ
rolling-ball background subtraction software (31). Cellular regions were determined using a
watershed-based segmentation algorithm (32) which uses Hoechst staining to identify
nuclear regions and cytosolic biomarkers in the images to identify cellular boundaries. Each
individual image was visually inspected and those with focus issues, imaging artifacts or
poor segmentation were discarded from analysis. Approximately 20,000 cells per biomarker
were identified in the LCC dataset.

Plate-to-plate fluorescence intensity normalization

CP—Images were normalized from plate to plate as previously published (10) to give equal
median intensity to the control cell line that was present on all plates.

LCC—Images were normalized from plate to plate to give fixed median intensity of two
pooled control cell lines: H460 and A549. We use two cell lines to provide a more robust
control for normalization. Grey scale values of each image’s pixels were normalized against
the merged distribution of pixels from images of both control lines. Pixels in each plate, p,
and each fluorescence channel, m, were rescaled by a plate specific normalization factor,
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JI{,’,). The normalization factor was chosen such that the median of the pooled cell lines had a

fixed intensity, lp.

@ @), Lo

The median intensity of the pooled control lines, JTSf), was used to transform each pixel
intensity, 1), of all images from channel m in plate p to a new value, 1 (). 1o was chosen to

be the mean of ,]1(75‘;)'3 across all p’s. This normalization reduces variation across plates
allowing for cell line comparison.

Analytical Methods

The following methods were applied independently to the two datasets described above.

Feature extraction

To computationally describe cellular phenotypes, we selected biomarker-specific phenotypic
descriptors (based on intensity and localization) that we believed are relevant to the
biomarkers’ biology (Supp. Tables S3 and S4). For example, we characterized the nuclear
biomarker Acetylated Histone 3 Lysine 9 (H3K9-Ac) by its nuclear intensity, while we used
the cytoplasmic intensity of B-catenin as a readout of the epithelial state of the cell (as
opposed to B-catenin’s nuclear intensity, which is commonly used as a readout of wnt
signaling (33)).

Identifying subpopulations based on a single biomarker

For each biomarker, we identified subpopulations representing local high-density clusters of
cells in the feature space defined by these phenotypic descriptors. To capture the spectrum
of heterogeneity in our datasets, subpopulations were identified on a pooled population of
10,000 cells sampled equally from each cell population in the dataset. For each biomarker,
we used a Gaussian mixture model (GMM) (14,34) to identify phenotypically distinct
cellular subpopulations based on the features described above. (Because GMM approaches
may give different results for each run, end results, such as model-fit criteria or mutual
information scores, were averaged when appropriate across multiple runs, as described
below.) We tested models with a range from 2 to 10 subpopulations for each biomarker
(Supp. Fig. S2). To select the number of subpopulations presented in the main paper, we
computed a model-fit criteria (BIC, averaged over 10 GMM runs). We then selected the
smallest subpopulation number for each biomarker that was within 5% of its minimum
observed fit criteria within our scanned range (this was used to avoid the situation when
increased numbers of subpopulations only marginally improved model fit) (Supp. Tables S3
and S4). Given these models, we then determined, for each cell, a posterior probability of its
belonging to each subpopulation. Cells were then assigned the subpopulation that they most
likely belonged to, based on their posterior probabilities.
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Using mutual information to quantify co-stained biomarker relations

We used the mutual information to quantify the extent to which the subpopulation state of
one biomarker is predictive of the subpopulation state of another biomarker. We note that
such a direct quantification was only possible in case when individual cells were co-stained
with biomarkers. For every pair of co-stained biomarkers mq and my, we subsampled 10,000
cells (distributed uniformly across all cell populations) to construct the co-occurrence
matrix, Pm;m, Of their respective subpopulations. An element, Ppm;m, (i, ), of this matrix
thus measures the fraction of cells that are in both subpopulation i, based on biomarker m;
and also in subpopulation j based on biomarker m,. The mutual information between m; and
m, was then calculated as:

k1,k2

Prymy (4,7)
Mutual Information(mq, mg)= myms (45 ) % logs (L>
’ ;1 e P, (4) % Py (7)

where £ (i):Zj;Pmlmz (,), are the marginal probabilities of biomarker m1’s
subpopulations, and k1, k are the number of subpopulations for m{, m, (respectively).
Finally, mutual information values were averaged across multiple GMM runs (10 per
biomarker).

Subpopulation Profiles

For each biomarker, M, a cell population C was described by a subpopulation profile (10):
c (nsl g, nsk>
v\ NN

where N is the total number of cells, k is the number of subpopulations, and Ns; is the number
of cells in the j" subpopulation.

Using subpopulation profiles to quantify biomarker relationships

We used a regression-based approach to estimate the probability, Tm;m, (i, Sj), for cells in
subpopulation s of biomarker m; to be in subpopulation sj of biomarker m,. That is, for any
c Cc
cell line C, we tried to relate the subpopulation profiles ,,,, and ;,,,, between two biomarkers
c ., _cC
BY ypy T2 g, We estimated Ty, as the matrix that minimizes the differences

C

Timimz and the observed profiles ;,,, across all cell lines:

C
between the predicted profiles ;,,,

. c C
TmlmzzargianD” ( ) t) .

m m
C 2 1
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Here, we used the Kullback-Leibler divergence,

Dy (X, Y):_ZleXi *10g5(X;/Yi) > 0, to measure the similarity between pairs of
subpopulation profiles. The minimization to determine T, m, was performed using an
interior point solver, subject to the constraints that ensure Tp;m,’s probabilistic
interpretation (elements lie between zero and one and rows sum up to one). We then
calculated a raw score

which reported on the difference between the observed subpopulation profiles for biomarker
m, and the ones predicted from transforming my: the higher the score (i.e. closer to 0), the
more similar are the actual and predicted profiles.

(We note that our choice of the similarity measure above provided consistency with the
mutual information, described above, which is simply the Kullback-Leibler divergence
between the joint distribution and the product of the marginal distributions. We also note
that the T matrix need not be square; if we identified 3 and 5 subpopulations for biomarkers
my and my, then the resulting Tp;m, would be a 3x5 matrix.)

Finally, we performed 3 steps of normalization designed to improve the robustness of our
approach:

1. We converted raw similarity scores into z-scores

z(ml, mQ): 5 Raw (mlo7—m2)_lu'1?andom ,

Random

where Urandom and orandom are the mean and standard deviation respectively of
Sraw Calculated with the cell line identities randomized. The higher the z-score, the
more similar are the actual and predicted profiles (i.e. the more similar are the
subpopulation structures between the two biomarkers).

2. We accounted for the randomness inherent to the process of sub-population
construction z(mq, my) by averaging across runs of subpopulation construction to

give z(my, ms). z(my, my) takes into account all 100 possible combinations of
generated replicate models.

3. Finally, we generated the Subpopulation Structure Similarity (S3) score:

z(my,my)

S3(m1,m2): .
(z(mq,mq)+2(mg,my))/2

First, we note S3(m4, m;) = 1 and S3(m4, my) = 0 when mq and my are perfectly
unrelated. Second, in theory z(m4, m1) = 0, but for our dataset we found z(mq, my) >
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0. Third, in general S3(m1, m,) need not be the same as S3(m,, m;) due to the
asymmetric nature of Dy, which reflects the asymmetric nature of biological
networks. For example, the state of an upstream biomarker is more likely to be
predictive of the states of its downstream targets, while the reverse is less likely to
be true, as the state of a downstream target may be influenced by multiple upstream
effectors. However, when comparing to the standard symmetric measure of mutual
information (Fig. 3), a symmetrized version of the S3 score,

1(53(my, ma)+S3(my, my)) Was used.

Code and Data

Results

Raw feature and subpopulation profile data along with the MATLAB code to generate the
figures in the main text are included in the Supplementary Material. More up-to-date
versions can be downloaded from our GitHub repository located at: https://github.com/
AltschulerWu-Lab/On_Comparing_Heterogeneity Across_Biomarkers

In this paper, we develop methodology to determine the extent to which decompositions of
heterogeneity are preserved from one biomarker to another. Specifically, we focus on the
question of how much information about a cell state in one biomarker is gained by knowing
its state in another biomarker (Fig. 1A). At one extreme, cells in the same subpopulation for
one biomarker are also in the same subpopulation in another biomarker (Fig. 1B top density
plot; compare low/hi subpopulations for biomarkers 1 vs. 2). In this case, the two
biomarkers clearly identify the same underlying subpopulation structures. On the other
extreme, cells in the same subpopulation from one biomarker are randomly spread across
subpopulations of the other biomarker (Fig. 1B bottom density plot; compare low/high
subpopulations for biomarkers 1 vs. 3). In this case, information about the state of a cell
based on one biomarker gives no information about the state of a cell based on the other
biomarker, and subpopulations identified from the two biomarkers are considered to be
“unrelated”. Our goal is to assess how deep or consistent heterogeneity is across a set of
biomarkers.

In principle, co-staining of biomarkers will allow for the determination of whether the
biomarkers re-identify the same underlying subpopulations (Figs. 1A,B). However, a
primary challenge in relating heterogeneity across a large panel of biomarkers using
microscopy is the experimental difficulty of simultaneously assaying multiple biomarkers.
Here, we propose an experimental-theoretical framework to compare biomarker
heterogeneity that does not require biomarkers to be co-stained. Instead, we require only that
the biomarkers of interest be stained (possibly separately) on a common collection of cell
lines. Then, for each cell line, we calculate the fractions of cells belonging to the different
subpopulations for each biomarker (Fig. 1C). (We note that our results produce multiplexed
biomarker information at the subpopulation level; we do not determine the states of multiple
biomarkers in individual cells.) We show here that the relationship between subpopulation
profiles of two biomarkers on the same collection of cell lines can be used to infer a
relationship between their respective subpopulations (Fig. 1D).
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How can we relate subpopulations across biomarkers when these biomarkers are never
simultaneously measured on the same cells? Our approach is to look for co-variation of
subpopulation profiles determined from different biomarkers across a common collection of
cell lines. As with any regression, an underlying assumption is that the true variation is large
enough to overcome experimental noise. This translates to the requirement that the cell lines
considered have diverse subpopulation profiles. In practice, we relate subpopulations from
two biomarkers by performing a multivariate regression between two sets of profiles. We
then quantify the strength of the relationship between the two biomarkers based on the
goodness of fit of this regression (described in detail in Materials and Methods). In the
simplified case of two subpopulations per biomarker (Fig. 1D), the regression is between the
fraction of cells in one subpopulation of one biomarker against a corresponding
subpopulation fraction for another biomarker. When the two biomarkers re-identify the same
subpopulation structure, a clear regression trend is seen (Fig. 1D, top panel), while when the
subpopulations are unrelated, the quality of regression is poor (Fig. 1D, bottom panel).

To give a concrete demonstration of these concepts, we examine two cases of non-co-
stained biomarkers with known relationships (Fig. 2). For ease of interpretation, we use a
two-subpopulation model to characterize each biomarker. Because our features were chosen
to quantify cellular biomarker expression, the two subpopulations reflect either high or low
biomarker levels. We observe how the occurrence of these subpopulations co-varied across
our collection of lung cancer cell lines. First, we look at E-cadherin and vimentin (Fig. 2A),
whose expression levels are well-known to report on opposing epithelial or mesenchymal
cellular programs (33). Consistently, our analysis reveals a striking switch-like relationship
between the two biomarkers: cell lines either have a significant fraction of cells that were
low in vimentin and high in E-cadherin (epithelial-like), or the other way around
(mesenchymal-like). Next, we look at pAkt and pPTEN (Fig. 2B). Here, we find a striking
correlation between the proportions of high-expressing pAkt and pPTEN subpopulations in
our cell lines, reflecting a well-known relationship between these signaling molecules
(35,36). These results suggest that studies of co-variation can reveal subpopulation-level
relationships among biomarkers. Below, we allow model-fit criteria to select the number of
subpopulations (between two to eight; Materials and Methods) for each biomarker when
performing analytical studies of co-variation.

The Subpopulation Structure Similarity (S3) score

We compute an information theoretic measure for goodness of fit to quantify the
relationship between biomarkers, which we term the Subpopulation Structure Similarity (S3)
score (described in detail in Materials and Methods). The S3 score is normalized such that 0
corresponds to the case when biomarkers are completely unrelated and 1 corresponds to the
comparison of a biomarker to itself. To better understand if these bounds could be reached
in practice, we use the DNA (Hoechst) channel of the LCC dataset as a positive control. In
principle, DNA-based subpopulations constructed using replicate data (by keeping the DNA
channel and ignoring the other co-stained biomarkers) should be perfectly related, giving an
S3 score of 1. Thus, any deviation from this score should reflect degradation in signal due to
experimental noise. In practice, across-biomarker-set comparisons of DNA-based
subpopulations yielded scores of 0.9 or higher, indicating that scores close to 1 are nearly
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achievable (Supp. Fig. S4). Ideally, we would also have liked to test whether artifactual
covariation inflated the relatedness of un-related biomarkers to be greater than 0. However,
identifying the appropriate negative control of perfectly un-related biomarkers (apart from
the randomization used to set our bounds) is challenging. Here, we simply note that
subpopulations identified using EMT biomarkers such as E-cadherin showed little or no
relation to those identified using DNA, with S3 scores as low as 0.05. Taken together, these
observations suggest that biomarkers whose subpopulations are unrelated will give a low S3
score (close to 0), while biomarkers that nearly perfectly rediscover each other’s
subpopulations will give a high S3 score (close to 1.0).

Validation of method on co-stained biomarkers

Our method is designed to determine the extent to which different biomarkers identify
similar subpopulation structures, though without the need to co-stain these biomarkers. For
validation, we therefore compare our results to the more direct case when biomarkers are, in
fact, co-stained in the same cells. With co-staining, we are able to use the mutual
information between the subpopulation assignments across biomarkers (whose joint
probability can now be calculated) as our gold standard quantification of the relationship
between the biomarkers.

We first test our method on nine pairs of co-stained biomarkers assayed in the LCC dataset
of 33 diverse lung cancer cell lines. While some pairs of biomarkers show little relationship
at both a single-cell and a cell-line level (e.g. Fig. 3A(i)), others show clear relationships
Overall, we find a clear and strong positive correlation between the S3 score and the co-
stained mutual information (Fig. 3A), thereby providing confirmation of our methodology.
Next, we explore how reduced variation among cell lines affects the performance of our
approach. To this end we apply our method to 15 pairs of co-stained biomarkers in the CP
dataset of 49 clonal populations derived from single cells of the same H460 lung cancer cell
line. We observe a positive trend between the S3 score and the mutual information from co-
staining. However, for the case of our clonal populations, the strength of biomarker-
biomarker relationships reported by the S3 score is diminished for all biomarker pairs, and
increased mutual information from co-stained biomarker pairs does not necessarily imply
increased similarity of subpopulation structure based on our methodology (Fig. 3B). A
closer examination of these biomarkers indicates that, while there is extensive heterogeneity
and correlation of levels of the biomarkers within a cell line, the “phenotype space”
occupied by our clonal cell lines is nearly identical (Fig. 3B(v—vi)), with Actin vs. Tubulin
staining being the exception (Fig. 3B(iv)).

Taken together, our results suggest that when cell lines are phenotypically distinct,
biomarker-biomarker relations inferred using our methods agree with those obtained by the
“gold-standard” of direct co-staining. As the cell lines become more similar, the ability to
detect biomarker-biomarker relationships is diminished in a biomarker-specific fashion.
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Comparison of non-co-stained biomarkers

We next examine the relationships between all pairs of biomarkers in the LCC dataset (Fig.
4A, Supp. Figs. S3 and S4). We observe two pronounced clusters of biomarkers. The first
captures the well-known relationships between the EMT biomarkers vimentin, E-cadherin,
and p-catenin. The second groups the biomarkers pAkt, H3K9Ac, pPTEN, and pSTAT3,
which have known roles in promoting cell growth. pAkt and pPTEN have particularly high
scores in this cluster, potentially reflecting their known pathway relationship previously
mentioned (35).

In the CP dataset, far fewer biomarker pairs exhibit similar subpopulation structures than in
the LCC dataset (Fig. 4B). Nonetheless, we do observe clusters of strongly related
biomarkers. For example, the cytoskeletal biomarkers actin and tubulin are found to be
strongly related to one another and to the housekeeping gene GAPDH. The insulation from
other pathways seen in our results is consistent with their frequent use as control biomarkers
in a variety of experiments (and also suggests that they are not freely “independent” as
controls) (37). We also observe relationships between groups of signaling biomarkers. For
this dataset, pAkt and pPTEN are weakly connected via pGSK3p in a cluster. Additionally,
we see that pP38, pERK and pSTATS3 cluster together. These three proteins have been
implicated together in lung cancer response to potential chemotherapy (38).

As expected, some of the interactions that are detected in the LCC data are missed in the
H460 clones. This is particularly evident when considering EMT related biomarkers. As
with E-cadherin and vimentin discussed previously, f-catenin and vimentin are also
negatively correlated EMT biomarkers: if membrane/cytosolic p-catenin is high in a cell,
cells are considered to be more epithelial and, conversely, vimentin-high cells are more
mesenchymal (33). However, the epithelial or mesenchymal nature is a cell-line level
property: within any given cell line these biomarkers’ expressions are in fact slightly
positively correlated (Fig. 3A(ii)). The LCC dataset contains a mixture of epithelial and
mesenchymal lines, and hence enough variation to detect the relationship between the EMT
biomarkers. On the other hand all the clones of the H460 are epithelial, making it far more
difficult to relate the EMT biomarkers. Together, these results suggest the importance of
diversity among cell lines for inferring biomarker relationships.

Discussion

Microscopy, through its ability to capture subtle differences in cellular phenotypes, reveals
the immense complexity of cellular populations. This complexity can be conceptually
broken up into (at least) two aspects: the breadth of phenotypic differences between cells,
and the depth of characterization of single cells via multiple biomarkers. Past work has
shown that the breadth of heterogeneity can be made tractable (39) by modeling cellular
populations as mixtures of a small number of so-called subpopulations (10,14). Here, we
investigate the extent to which more biomarkers would give deeper coverage of phenotypic
states. If additional biomarkers simply re-identify previously identified subpopulations, then
they add little new information and complexity. On the other hand, if each biomarker leads
to an unrelated decomposition of heterogeneity, then the complexity of the systems blows up
with the number of biomarkers studied.
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As a first step towards answering such questions, we built an experimental-theoretical
framework to compare subpopulations identified by different biomarkers. A fundamental
challenge is that traditional microscopy setups allow at most 5 biomarkers to be
simultaneously assayed. We attempted to overcome this limitation using a novel approach,
which requires only that the biomarkers be stained (but not necessarily co-stained) on a
common set of cell lines. The approach we took for comparing heterogeneity was general
and could be applied to different choices of cellular features or approaches for defining
subpopulations (that may be motivated by specific biological questions). The extent to
which biomarkers identify the same subpopulations can then be estimated by the ability of
one biomarker’s subpopulation profiles to predict those of another biomarker across the set
of cell lines. Our preliminary results using this methodology suggest an intermediate level of
complexity: although there are a number of biomarker groups within which subpopulations
are re-identified, subpopulations identified by biomarkers that do not belong to the same
group are largely unrelated. The groupings of biomarkers we obtain largely reflect
established signaling relationships, with groups consisting of EMT biomarkers,
housekeeping readouts and particularly strong relations between biomarkers in the same
signaling pathway.

The major advantage of our proposed method is experimental extensibility. To relate a new
biomarker to a panel of biomarkers that has already been assayed, only the new biomarker
(but not previously assayed biomarkers) need be stained across the collection of cell lines.
Additionally, imputing biomarker relations using our methods can offer advantages over
studying natural variation or perturbation experiments. Using natural variation runs the risk
that the amount of true variation within a population is so small that it gets swamped by non-
biological signals (40). For example, as we saw, the expression levels of p-catenin and
vimentin can be positively correlated in a single cell line; the well-established negative
correlation only emerges when we look across multiple cell lines. Although the use of
perturbations can resolve this issue, perturbations often push cells far outside their usual
operating regime, thereby undermining the biological relevance of any results discovered.
For example, protein interactions found from overexpression studies may not reflect the
behavior of cells in their basal state. Thus, with judiciously chosen cell lines, our approach
offers the prospect of a middle ground: with increased variation, but cells still operating
within their normal parameters.

The dependence of our results on our choice of cell lines raises interesting questions about
the biology revealed at different scales of variation. When the cell lines are closely related,
relationships discovered can be subtle and specific to this system. However, as the cell lines
become more diverse, only coarse global relations that are supported by the entire panel will
be discovered. Ultimately, once the cell lines become fundamentally different, each may
support a different set of relationships between biomarkers, leaving no preserved
relationships to discover. Anecdotal evidence suggests that a panel of cancer cell lines from
similar tissue and sub-type provides a sweet spot in inter-cell-line-variation (data not
shown). This suggests that a systematic study of how the degree of variation affects the
biology that can be discovered is an interesting avenue to explore in the future. Previous
work has suggested that crosstalk between network components can be phenotype specific
(41). Our methods will allow us to evaluate whether different phenotypes extracted from the
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same biomarker identify the same subpopulation structures and how different phenotypes
affect identified relationships between biomarkers.

Although our motivations were primarily conceptual, there are a number of practical
applications of the method proposed here. The most obvious application is to the selection of
a panel of biomarkers to investigate cellular heterogeneity. Since there is a premium on the
number of biomarkers that can be simultaneously assayed in microscopy, it is crucial to
select the least redundant set possible. Our method provides a way of determining which
biomarkers share information, and thus a means of selecting those that provide largely
independent views of cellular states (42). Another possible application, made possible by the
extensibility of this method, is to infer novel biomarker interactions. A new biomarker need
only be assayed on the common set of cell lines, and relations to any previously assayed
biomarkers could be tested. Being based on statistical correlation, such hypotheses would, of
course, need to be rigorously tested with more specific experiments. Finally, although we
have not explored the specific subpopulations that were deemed as being related, this
mapping can itself be of biological interest. For example one could answer questions such
as: How does the subpopulation of cells with activated JAK/STAT signaling vary with
respect to EMT, MAPK, Akt, and cell cycle signaling states? Or, given a prognostic
biomarker, what additional biomarkers could be used to confirm the presence of a disease-
related subpopulation?

In conclusion, the apparent heterogeneity of a cellular population is dependent on the assay
used for phenotypic characterization. Microscopy facilitates highly detailed characterization
using a few biomarkers, but there are experimental limits to how many biomarkers can be
simultaneously assayed. It has therefore been challenging to determine the effect, on
heterogeneity, of assaying a large number using microscopy. To this end, we have attempted
to build an experimental-theoretical framework that allows us to determine if different
biomarkers yield similar decompositions of heterogeneity. By staining biomarkers on a
common set of cell lines, we have been able to overcome microscopy’s limitations on the
number of simultaneous biomarkers. Our results, using this framework, suggest that
biomarkers can be partitioned into different groups that each result in a similar
decomposition of heterogeneity. The groupings found in this way are consistent with known
signaling pathways. We believe this work represents a useful first step in deeper profiling of
heterogeneity using microscopy.
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