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Abstract. Methods to quantify cellular—level phenotypic differences be-
tween genetic groups are a key tool in genomics research. In disease pro-
cesses such as cancer, phenotypic changes at the cellular level frequently
manifest in the modification of cell population profiles. These changes
are hard to detect due the ambiguity in identifying distinct cell pheno-
types within a population. We present a methodology which enables the
detection of such changes by generating a phenotypic signature of cell
populations in a data—derived feature—space. Further, this signature is
used to estimate a model for the redistribution of phenotypes that was
induced by the genetic change. Results are presented on an experiment
involving deletion of a tumor—suppressor gene dominant in breast cancer,
where the methodology is used to detect changes in nuclear morphology
between control and knockout groups.
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1 Introduction

Gene targeting methods have elucidated the roles of several genes in disease
processes such as cancer. In these experiments, a genetic perturbation such as a
gene knockout is introduced in a model organism and the effects on the genetic
as well as phenotypic makeup of the organism are examined. Recent advances
in microscopy coupled with automated image analysis tools have enabled re-
searchers to quantify a broad range of such phenotypic alterations at the cellular
level [§]. In these studies, the phenotype of interest, such as cell morphology, is
quantified using image features across a population of cells, and differences be-
tween normal and genetically perturbed populations are examined. In the event
that a clear hypothesis can be posed based on a priori knowledge, it is possible
to extract specific cellular features of interest [2] and investigate this hypothesis
using standard statistical tests.

In the absence of such prior knowledge, investigations rely on exploratory
data analysis techniques, making the detection of phenotypical changes more
challenging. In addition, some of the changes affect only a certain subpopulation
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Fig. 1. Detecting changes in cell populations. (a) Examples of fibroblast nuclei
from the study (b) Scatter plot of fibroblast nuclei obtained from a control group (Wild-
type) and genetically modified group (PTEN-deleted) plotted in top three principal
components (PC) of the shape space; no evidence of separation between the groups (c)
Mean nuclear shapes of the two groups; difference between means is not statistically
significant (Sec. 1)) (d) Estimated (marginal) densities of the two groups in the third
PC; distributional differences between the groups are statistically significant (Sec. ET]).

of the cells, resulting in very subtle differences between groups. In this case it
is no longer sufficient to analyze the global statistic of a specific cellular feature
to detect the presence of an effect. In particular, during the onset of a disease
such as the early stage cancer, small perturbations in the system are not easily
detectable using existing methods. The quantification of such changes through
the analysis of alterations in the population as a whole is the focus of this paper.

In this paper a methodology is presented that is applied to detect the phe-
notypic effect of deletion of a tumor—suppressor gene (PTEN) in the context
of breast cancer. Deletion of PTEN in fibroblasts has been shown to increase
the predisposition to cancer in certain mouse models [IT]. Of specific interest
are changes at the cellular level in the early stages of cancer development which
provide an important indication of what precursor activities occur prior to tu-
mor metastasis. Motivated by the seminal role played by the cell nucleus in
cancer [13], nuclear morphology has been used in this study as a proxy for the
cell phenotype. The study focuses on detecting the effect of PTEN deletion on
the nuclear shape of fibroblasts in an exploratory manner. The following data
analysis approach, illustrated in Fig[ll explicates the guiding principles of the
proposed method.

A spherical harmonics—based shape parameterization was used to represent
nuclear morphology (Sec. Bl) and PCA was used to reduce dimensionality. A
plot of the data in the top three principal components is shown in Fig. [[b. No
evidence of a discernible separation between the genotype groups was observed.
The differences in the mean shapes (Fig.[Ik) were not observed to be statistically
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significant based on a non—parametric test for differences between means (Sec.
[T)). However, the presence of an effect was observed when testing for differences
in the shape of the distributions of the two populations (Fig.[Ild). Note that the
shape of the distribution essentially represents the phenotypic population profile,
a characterization of the mix of the nuclear phenotypes present in a population.
By using a non—parametric test for difference in distributions between the two
groups, a difference between the marginal distributions in the third PC was
observed at a significance of p = 0.002 (See Sec. ] for further details).

The principles behind this analysis approach are summarized as follows. First,
the feature set used is agnostic in that we did not seek specific structures (such
as in [2]) to measure the cell phenotype. Rather, the biologically relevant modes
of variation were learned from data using dimensionality reduction, which were
used as the feature set. Second, the cell population exhibits a significant degree
of phenotypic heterogeneity as seen in Fig. [[h. The change in the population
profile corresponds to a change in the composition of this heterogeneity, which
is detected through the analysis. In summary, the above approach enables the
detection of phenotypic changes in population profiles in a data—driven manner.

In this paper, the proposed methodology builds on these principles to fur-
ther estimate an interpretable model for the changes that have occurred. This is
achieved by modeling the redistribution of cellular phenotypes that putatively
occurred due to the induced perturbation. The formulation of the problem is
equivalent to finding the Earth Mover’s Distance (EMD) [10] in a data—derived
feature space. The rest of the paper is organized as follows. A review of related
work is presented in Section[2l The proposed methodology is discussed in Section
and results on breast cancer datasets are presented in Section @l We conclude
with a discussion in Section

2 Related Work

Several methods for modeling cellular morphology have been proposed in im-
age cytometry literature. A physically-based deformation model of a cell was
proposed in [4] which served as an atlas to compare sub—cellular features. A
multi-modal approach incorporating diverse cellular features was proposed in
[6] that enabled simultaneous segmentation and classification of cells. A statisti-
cal methodology for the analysis of sub-cellular features was proposed in [I] that
used descriptors from spatial statistics to characterize the internal structure of
cells. The above approaches focused on the characterization of individual cells. A
computational anatomy framework was used in [9] to quantify shape differences
in cells by analyzing the deformation fields in mapping between the samples.
This approach enables group analysis on cell populations in an agnostic frame-
work, similar to the approach proposed in this paper. In contrast to the above
approaches, this paper presents a methodology that enables the detection of sub-
tle variations between population profiles as a whole, and additionally provides
an interpretable model of differences between them.
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3 Mathematical Approach

A non—parametric shape representation is adopted in order to support an unbi-
ased exploratory study of nuclear phenotypes. Let v : Z — X denote the shape
representation, where Z is the domain of nuclear shapes and X is the domain of
shape features. A low—dimensional feature-space X corresponding to biologically
plausible nuclear shapes is estimated by learning a transformation ¢p : X — X
where D C X is a large set of nuclear shapes. Given a normal cell population
P C Z and a perturbed one Q C Z, the set of most likely transitions that ex-
plain the apparent redistribution of phenotypes is estimated. A process similar
to computing the Earth Mover’s Distance metric [10] is used to measure the
total cost of the transformation (Sec. B2]).

3.1 Nuclear Morphology Representation

Nuclear morphology is modeled using a spherical harmonic (s.h.) representation
of its surface [3]. The surface is mapped to a sphere by a distortion—minimizing
transformation resulting in the representation of the original surface through
the set of coordinate functions [z(®,0),y(¢,0), z(¢,0)] on the unit sphere. These
functions are represented in the s.h. basis as z(¢,0) 2 72 S0 _ A Yi,m(0,0)
where Y; m(¢,0) are the s.h. basis functions of degree ! and order m and ¢f,, is
the corresponding coefficient [3]. The functions y(¢,8) and z(¢,0) are represented
similarly. The resulting set of s.h. coefficients form the shape vector, with dimen-
sionality 3(L +1)?, where L is the maximum degree of the harmonics considered.

Previous in wvivo studies indicate that changes in morphology have low—
dimensional modes of variation [5]. Linear dimensionality reduction methods are
well suited to estimate these modes of variation [7]. Motivated by these studies,
PCA is subsequently used to estimate a low—dimensional subspace of biologically
relevant nuclear shapes. The resulting linear transform is represented as ¢%,
where € is the fraction of variance that is discarded, resulting in a k—dimensional
embedding.

3.2 Estimating Redistribution of Phenotypes

The differences between the distributions of P and @ represent the differences in
the phenotypic profiles of the two populations of cells. This difference is modeled
in terms of the putative redistribution of phenotypes that transformed P to Q.
To estimate this, the optimal “moves” required to transform one population to
another is computed under a cost model d : Zx Z — R. The choice of d is taken to
be the Euclidean distance in ¢% since this subspace captures the principal modes
in which cell shapes vary [7]. It is noted here that the above is a formulation of
the earth mover’s distance [I0] and can be solved using linear programming as
follows.

Denote Py = ¢% o ¢(P) where ¢(P) corresponds to the shape representa-
tion and ¢% to the low-dimensional embedding. P, and Q, are converted to
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empirical normalized histograms in the form Py £ {(s1,p1), (51,p1),---,(51,pn)}
and Q¢ 2 {(ti,q1), (t1,q1), - - -, (t1,gm)} Where the pairs (x,c) indicate that = € X
is a bin center and c is the normalized frequency of points in the bin. The bin
centers are obtained by vector quantization. The optimal solution is found in
terms of the “flow” R £ (ri;) that minimizes the total cost > 7", Do Tidij
where d;; £ d(si,t;) and R obeys the constraints (i) r;; >0, 1<i<m,1<j<n
(i) Y0t ry < pjy 1< j <m (i) 37 ry < @iy L <d <o (i) 3070, 300 riy =
min(z;i1 bi, Z;‘l:1 a;)-

Given the optimal solution R* £ (rj;), the putative redistribution is ob-
tained by remouving ri; instances of phenotype s; from P, and adding an equal
number of instances of phenotype ¢; to Qs. Table @ provides an illustrative
example for this interpretation. Thus by the above formulation, we are able
to interpret the difference between the two populations in terms of the most
likely phenotypic transitions that occurred. Further, the difference between the
two distributions is measured by the total cost of the transformation given by
D(Py,Qq) & X0, 205y m5dig /3070 Xy

In experiments with small sample sizes, histogram estimation in the dimen-
sionality of the embedded space may result in unstable estimates. In this event,
the following strategy is used to retain the dimensions in which the marginal dis-
tributional differences are (statistically) most significant. Denote ¢;(-) 2 [#(:)];-
The statistic D(Py,,Qq,) is computed for ¢ € {1...k} and its significance is ob-
tained through permutation testing. The bases are ranked by increasing order
of p-value, and a cutoff p-value is used to select the top [ features.

4 Results

The method was applied to the knockout study discussed in Section [l to deter-
mine the phenotypic changes resulting from the selective deletion of the PTEN
gene. The study focused on the morphological changes in fibroblasts, the cell
type in which the gene was selectively deleted.

Data Collection and Feature Extraction. Tissue sections were collected from
two—month old female mice belonging to control (P) and PTEN-deleted (Q)
groups, with three mice per genotype group. The sections were stained with
DAPI, a fluorescent marker for DNA, to identify cell nuclei. Endogenously ex-
pressed cell-specific fluorescence was used to detect fibroblasts. 3D images of the
tissue were acquired with a confocal microscope at an in-plane resolution 0.31um
and axial resolution of 0.5um. Nuclei were segmented using Otsu thresholding
followed by morphological closing to fill holes in the volume. Segmentation er-
rors were manually corrected using a semi-automatic segmentation tool [12]. For
each nucleus, s.h. coefficients were computed to the fifth degree resulting in a
108-dimensional feature-vector. In all, a random subset of 125 fibroblast nuclei
from each group were selected for the study.
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4.1 Statistical Tests

A set of statistical tests were performed on the cell populations to test for dif-
ferences between the PTEN-deleted and control groups as follows. Tests were
performed in each dimension of (a) the s.h. feature-space Sy, and (b) the prin-
cipal components feature—space S,., obtained by reducing dimensionality of Ssp,
keeping 95% of the total variation. Test for difference between the group means
was performed using the Student’s ¢ test (ST). The Kolmogorov-Smirnov test
(KS) was used to test for difference between the distributions of the groups.
Permutation testing was performed over 20,000 iterations. In each iteration,
the labels of the data were randomly permuted and the relevant test statis-
tic was computed to generate the null distribution. Results from these tests
are reported in Table [l The columns p™) through p® list the five most sig-
nificant uncorrected (w.r.t. multiple comparisons) p-values in ascending order.
The index of the component is shown in parentheses. The p-values that are
significant after multiple test correction using false discovery rate method are
underlined. For both, Sss, and S,., ST did not report an effect in any of the
features, an indicator that the heterogeneity of the cellular population precludes
the use of a simple test of difference between means to identify differences.
The KS test on the

other hand, reported a

statistically significant Table 1. Permutation testing results
difference in the third . o p® p® e p@ p®

PC. NOI?e of the com- o "op 07 (17) 0.209 (27) 0.387 (12) 0.513 (35) 0.551 (31)
ponents in S,, reported  s., KS 0.011 (12) 0.021 (23) 0.210 (17) 0.319 (31) 0.332 (27)

- : S,e ST 0.191 (2) 0.262 (1) 0.291 (3) 0.655 (7) 0.706 (10)
significance in the KS Spe KS 0.002 (3) 0.050 (4) 0.181 (10) 0.237 (5) 0.286 (7)
test due to the ef-

fect of multiple compar-
ison correction over 108
comparisons.

4.2 Estimating Redistribution of Phenotypes

While the KS test established the presence of a difference between the distribu-
tions, there was no interpretation provided by the test about how the phenotype
transformation occurred. Such an interpretation is provided by using the method
described in Section ll, where the most likely redistribution that explains the dif-
ferences is modeled as follows.

Estimating Embedding from Data. A collection of 1600 fibroblast nuclei col-
lected across several images in the same animal model were used to obtain the
biologically relevant modes of variation using PCA. By using a larger data set,
a larger gamut of the biological variability is captured and results in a better
characterization of the natural modes of variation. Keeping 95% of the total
variation resulted in an 11-dimensional feature-space. The representation of the
two populations in this feature space were computed.
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Q1 4.8(1.2) 3.1(1.2) 18.2(1.8) 0.3(0.9)
Q2 10.1(2.1) 7.8(1.9) 0.4(0.1)  0.3(0.1)

PJ pZ P:
e 0 Q ) Py P, Py Py
10 18
5 8 21 12 5

Qs 1.1(0.6) 1.2(0.3) 21.2(2.4) 12.1(1.8)
Qs 0.8(0.3) 2.1(0.8) 1.3(0.4) 5.8(2.9)

6
9 O Q D @ o 0401) 1804) 030.1) 6.9(1.2)
Q Q, Q Q a

Table 2. Estimating the redistribution of phenotypes. The nuclei P;...Ps and
Q1...Qs represent the cluster centers within the groups Wild-type and PTEN-deleted
respectively. Edge weights correspond to total percentage of the optimal flow from one
phenotype subgroup to another. Edges with weight less than five are not shown for
clarity. The table shows the bootstrap estimates of edges weights demonstrating the
stability of the solution (1 s.d. shown in brackets). Dominant flows are highlighted.

Estimating Redistribution. Since the sizes of the datasets in the experiment
were small (n = 125/group), the dimensionality was further reduced as described
in Sec. in order to get stable estimates of histograms. The sorted plot of the
negative log p-values are shown in the inset. A sharp knee was observed at PC4
and was used as the criterion for selecting PC3 and PC4 for the rest of the anal-
ysis. Next, the empirical histograms P, and Q, in this space — representing the
population profiles — were computed by adaptive binning, for which centroids
were obtained using using k-means clustering. A total of n, =4 and n, = 5 cen-
troids were selected for the two groups based on the AIC criterion. The centroids
for P and Q are visualized in Table[2](left). This solution is visualized through the
directed graph shown in the figure. In order to establish stability of the result,
bootstrap estimates of the edges weights were estimated over 1000 iterations.
It is observed that phenotypes Py, small elongated nu-
clei were transformed to Qs, significantly larger nuclei
and to Q4, smaller and rounded ones, while a cer-
tain amount of them remained relatively unaltered
Qs. Further, a significant fraction of rounded nuclei
P, acquired a curved morphology Q1. This model of
redistribution thus provides an interpretation of the et e e
phenotypic shifts that occurred, giving additional in- BC Index
sights into the nature of the genetic perturbation.

~log p
0 1 2 3 4 5
|

5 Discussion

In this paper, a methodology was presented to quantify differences between two
cell populations in terms of their phenotypic profiles and an explanatory model
by which the differences can be interpreted was provided. Using an example
of perturbations induced by the deletion of a tumor—suppressor gene in the
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mouse model, it was first shown that the phenotypic differences between control
and perturbed fibroblast cell populations can be characterized in terms of their
differences in distribution in a data—derived phenotype space. The proposed
methodology was further used to estimate the putative redistribution of nuclear
phenotypes. This model of redistribution provides a hypothesis about the nature
of changes induced by genetic perturbations in the animal system.

The experiment described was conducted in the context of understanding
the role of the tumor microenvironment in breast cancer [II]. A characteri-
zation of the changes that take place in fibroblasts — cells that play a ma-
jor role in this microenvironment — can lead to the generation of new hy-
pothesis about cancer progression. While nuclear morphology was used as a
proxy for cell phenotype in this study, the proposed methodology can be ap-
plied to any phenotypic characterization of a cell, so long as an appropriate cost
model d can be estimated for the same. In future studies, we plan to integrate
more morphological features including cell image texture and cellular context
for further characterization of the effects of genetic perturbation in the tumor
microenvironment.
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