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Abstract

Heterotypic interactions in cancer microenvironments play important roles in disease initiation,
progression, and spread. Co-culture is the predominant approach used in dissecting paracrine
interactions between tumor and stromal cells, but functional results from simple co-cultures
frequently fail to correlate to 7 vivo conditions. Though complex heterotypic /n vitro models have
improved functional relevance, there is little systematic knowledge of how multi-culture
parameters influence this recapitulation. We therefore have employed a more iterative approach to
investigate the influence of increasing model complexity; increased heterotypic complexity
specifically. Here we describe how the compartmentalized and microscale elements of our multi-
culture device allowed us to obtain gene expression data from one cell type at a time in a
heterotypic culture where cells communicated through paracrine interactions. With our device we
generated a large dataset comprised of cell type specific gene-expression patterns for cultures of
increasing complexity (three cell types in mono-, co-, or tri-culture) not readily accessible in other
systems. Principal component analysis indicated that gene expression was changed in co-culture
but was often more strongly altered in tri-culture as compared to mono-culture. Our analysis
revealed that cell type identity and the complexity around it (mono-, co-, or tri-culture) influence
gene regulation. We also observed evidence of complementary regulation between cell types in the
same heterotypic culture. Here we demonstrate the utility of our platform in providing insight into
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how tumor and stromal cells respond to microenvironments of varying complexities highlighting
the expanding importance of heterotypic cultures that go beyond conventional co-culture.
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Microfluidic

1 Introduction

Cancer is a complex disease which results from both cancer cell autonomous deregulation of
growth and from non-cell autonomous interactions of cancer cells with their environments.
While advances in cancer cell biology have led to diagnostic and therapeutic benefit (ie.
targeted therapies such as tamoxifen, traztuzimab), an understanding of the crosstalk
between cancer and non-cancer cells has proved to be less forthcoming in part because of
limited models that allow dissection of the individual contributions of a complex cellular
milieu. Simple co-culture models have been successfully implemented to identify factors
mediating interactions between cancer and stromal compartments and point toward
phenotypic changes that occur as a result (Wang et al 2015; Furukawa et al 2015; Wan et al
2014; Hollmén et al 2015; Rozenchan et al 2009; Straussman et al 2012). However, more
complex /n vitro models incorporating aspects of the microenvironment such as
dimensionality (Weigelt et al 2014; Thoma et al 2014; Sung et al 2013; Krishnan et al 2011,
Bin Kim et al 2004) and structure (Bischel et al 2015; Pisano et al 2015; Zervantonakis et al
2012; Choi et al 2015) have more successfully recreated functional responses of breast
cancer seen /n vivo. Heterotypic culture including three or more cell-types has also proven to
be an aspect of /n vitro model design that has significantly impacted model relevance when
recapitulating /n7 vivo microenvironments (Choi et al 2014; Stadler et al 2015; Balkwill and
Hagemann 2012). Advances in modeling breast cancer /n vitro using multi-culture
techniques has recently been reviewed (Regier et al 2016). Though less common than mono-
and co-culture models, heterotypic models comprised of breast cancer cells with two or
more other cell types have successfully generated /in vitro functional recapitulation of /n vivo
processes including migration (Torisawa et al 2010), intravasation (Zervantonakis et al
2012), and extravasation (Jeon et al 2015) as well as other critical functions such as
angiogenesis induction (Hielscher et al 2012; Hielscher et al 2013), and micrometastasis
formation (Bersini et al 2014). However, the role of the increase in heterotypic complexity in
the success of these models is difficult to define for two primary reasons. First, most
standard and custom platforms for heterotypic culture include a single compartment or two
connected compartments limiting the manner in which multiple cell type interactions can be
studied. To date, /in vitro models that include three or more cell types have been used to
generate almost exclusively functional and morphological measures as readouts (Torisawa et
al 2010; Zervantonakis et al 2012; Jeon et al 2015; Cavnar et al 2014). Second, most multi-
culture models include other varied aspects of microenvironmental complexity that make
direct assessment of the effect of increasing heterotypic interactions difficult to parse
(Bersini et al 2014; Choi et al 2015; Kim et al 2013a, 2013b; Chandrasekaran et al 2012). As
a result, cell-type specific characterization of transcriptional changes in response to multi-
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culture has not been studied previously. To address the need for a more complete view of the
effects of heterotypic complexity, we describe a compartmentalized multi-culture technique
to measure gene expression changes across a range of breast cancer model configurations.

2 Results and discussion

2.1 Design of the Compartmentalized Micro Multi-Culture Device

We have used a compartmentalized approach to develop a platform with the advantages of
straightforward operation (it is operated using a standard pipette and eliminates the need for
cell sorting upstream of cell-type specific gene expression readouts) and sufficient
throughput to generate twenty-four gene expression profiles where each experimental
condition represented triplicate experiments. These design considerations were made to
allow us to generate models with diverse configurations including various cell types in
combinations of increasing complexity and to identify the effects of these changes in culture
setup on the individual cell type components. The primary aim was to develop and query a
device that allowed for the investigation of the effect of increasing heterotypic complexity
rather than to dissect a specific in vitro or in vivo microenvironment. We therefore designed
our study using cell types that were likely to influence each other’s gene expression when in
co- and tri-culture. Because interactions between cancer, mesenchymal (Downey et al 2014;
Amornsupak et al 2014; Luo et al 2015), and immune compartments (Nagalla et al 2013;
Maley et al 2015; Stewart et al 2012; Tabariés et al 2015; Goswami et al 2005) play critical
roles in a number of aspects of cellular phenotypic and functional modification in cancer
progression, our models included combinations of one of two distinct breast cancers cell
lines, SKBR3 and BT474, with the bone marrow stromal cell line, HS5, and ThP1
monocytes differentiated to M2, TAM-like macrophages. SKBR3 and BT474 are
representative of the HER2-expressing subtype of breast cancer which comprises
approximately 20 percentage of breast cancers and in which a stromal-derived gene
signature was shown to have strongest prognostic value in clinical samples (Finak et al
2008).

We conducted the study described here with the goal of developing an easy to use platform
that allows cell type-by-cell type analysis of cells in mono-, co-, tri-, and potentially higher
level heterotypic culture. To the authors’ knowledge, no previous study has demonstrated the
cell-type specific gene expression profiles for more than two cell types in a single culture
without sorting upstream of cell lysis. It is important to note that the added steps of
dissociation and isolation complicate procedures and involve more manipulation of and
potential gene expression modification to cells. For example, different cell isolation
processes have been shown to cause variable changes in gene expression profiles
(Beliakova-Bethell et al 2014). Compartmentalized microscale systems have been used to
maintain separate populations that interact through paracrine signals (Berry et al 2014;
Domenech et al 2012; Domenech et al 2009; Torisawa et al 2010; Young et al 2012; Lang et
al 2013). Diffusion ports between compartments allow soluble signals to spread by diffusion
while maintaining separation of the individual cell populations. In addition, the scale
prevents flow between compartments and maintains media content separation long enough
for one cell population to be seeded or lysed without disturbing the other population(s)
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(Berry et al 2014; Lang et al 2013; Domenech et al 2009). Unique to this device is that it
allows for cell type configurations with increasing heterotypic complexity, such that we
could compare mono-, co-, and tri-culture gene associated regulation patterns in all three
individual cell types.

Finally, we required sufficient throughput so that all combinations of cancer, immune, and
mesenchymal cell types in mono-, co-, and tri-culture could be tested. To this end the
compartmentalized microscale multi-culture device was modified from a previously
developed multi-chamber co-culture device (Domenech et al 2009). Both devices consisted
of a center chamber and four individual culture chambers that were separated by diffusion
ports ~15 um in height, allowing for soluble factor exchange between the culture chambers
while maintaining isolated cell populations. We modified the compartmentalized micro
multi-culture device from a circular to a quadrilateral design to connect the main input port
and output port, creating a one-push-to-fill device and eliminating the potential for air to trap
within the device during filling (Fig. 1a). This modification permitted ease of use through
simple pipetting and “passive pumping”(Walker and Beebe 2002). Cells were seeded into
the individual chambers through the culture chamber input ports to ensure that there was no
mixing of the various cell types within the culture chambers (Fig. 1b). Media changes were
accomplished via the main input port, which replaces the fluid in the outer ring and by
replacing media in each chamber input port. In Fig. 1c we have loaded dyes into the
individual culture chambers for visualization of the addressability of individual
compartments. The fluorescence micrograph in Fig. 1d demonstrates the maintenance of
compartmentalization during culture between MCF7€G7 cells in the center chamber and
HS5 cells in all four side chambers, whereas the micrograph in Fig. 1f shows the same
device after the removal of only the MCF7¢CGFF cells, illustrating our capability to access
cells from the different chambers selectively.

2.2 Individual cell types can Be assayed without downstream separation techniques

The objective for the implementation of this device was to measure individual cell type gene
expression such that we could obtain cell type-specific molecular profile data for multi-
culture models. To ensure the efficacy of the compartmentalized microscale multi-culture, it
is important to have little to no cross-contamination of cellular lysate between culture
chambers within the device when collecting RNA from individual cell types. Green
fluorescent protein mMRNA (eGFP) was measured using RT-qPCR to assess cross-
contamination of RNA lysate into the individual culture chambers of the compartmentalized
micro multi-culture device. MCF7¢CFP cells, stably expressing eGFP, were seeded in the
center chamber and co-cultured with HS5 cells in all of the possible compartmentalized co-
culture patterns. Any eGFP gene transcripts detected in the HS5 samples would be derived
from the MCF78CFP |abeled cells. These cells express high levels of GFP to bias detection of
GFP of any contamination between compartments. Cross-contamination of individual
chambers in the compartmentalized micro multi-culture device under these conditions
ranged between <0.5 % - 6 % (Fig. 1e). The co-culture between the center and left chambers
resulted in the highest percentage of contamination due to the close proximity of the center
and left chamber channel arms. However, the right, top and bottom culture chambers
demonstrated <1.3 % of carryover from the center. The low rates of cross-contamination
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detected in this ‘worst case scenario’ (where one cell-type very strongly expresses a
transcript while the other exhibits no expression) allow us to conclude that
compartmentalized micro multi-culture platform can effectively isolate cellular lysate from
individual cell types without the need for downstream separation techniques.

2.3 Cell type-, heterotypic complexity-, and time-dependent regulation was apparent

Twenty gene transcript targets known to be dysregulated in breast cancer were selected for
measurement by RT-gPCR. We chose to measure the expression of a subset of genes that
were likely to be modulated in response to increasing heterotypic complexity with these cell
types. We adopted a targeted approach rather than a microarray screen as the goal of our
study was to characterize expression modulation of important genes as a result of
heterotypic interactions, not to discover new interactions. We chose targets known to be
involved in a number of cancer related functions and are listed in Table 1. These genes
include a broad range of functions and encode ligands, enzymes, and receptors. Measuring
expression levels for the same genes in all three cell types as well as ligand/receptor pairs
allowed us to form hypotheses regarding complementary regulation and autocrine signaling.
Assaying gene expression across each cell type in monoculture, co-culture combinations,
and tri-culture resulted in twelve sets of gene expression profiles for the seven culture
conditions (Table 2). The greater number of gene expression profiles than conditions is due
to the ability for each cell type’s gene expression profile to be measured in the co- and tri-
culture conditions, e.g. for the tri-culture condition there were the SKBR3 dataset (SK/HS/
M2), the HS5 dataset (HS/SK/M2), and the ThP1-M2 dataset (M2/SK/HS). Because lysate
from each individual cell type was extracted from the device and profiled, each co-culture
setup gave two cell type-specific profiles and the tri-culture experiments yielded three.

Patterns were recognizable by simple inspection of the mono-culture normalized heat maps
(Fig. 2, Supp Fig. 1A, 2A, 3A). There was strong induction in heterotypic cultures
specifically in breast cancer cells. For the breast cancer cell lines, strongest inductions of
gene expression occurred in tri-culture, with the same trend frequently holding in ThP1-M2
and HS5 cells but typically to a less pronounced extent (i.e. more genes showed strong
changes in expression in cancer cells in tri-cultures than in cancer cells in co-cultures and
than in stromal cells in tri-culture). For all datasets (Fig. 2, Supp. Figure 1A, 2A, & 3A),
HS5 cells demonstrated much less gene expression modulation in response to co- and tri-
cultures that the other two cell types. This is consistent with previous co-culture studies in
which breast cancer and normal epithelial cells paired with normal and cancer-associated
fibroblasts were shown to exhibit more widespread differences in gene expression than the
stromal compartment (Rozenchan et al 2009). This pattern of transcriptional effects was
recreated in our cancer/stromal co-cultures conditions, but tri-culture appears to amplify the
effect (Fig. 2, Supp. Figure 1A, 2A, & 3A). Increased sensitivity to paracrine interactions
has been demonstrated in microscale culture where signaling factors are more concentrated
relative to macroscale culture (Domenech et al 2009). The amplification of gene modulation
in tri-culture may similarly make key regulations in the TME that result from heterotypic
interactions more detectable.
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Time-dependent patterns were exemplified in the 72-h expression patterns for ThP1-M2 and
cancer cell types, which demonstrate a higher degree of gene expression modulation than
was seen at 24 h (Fig. 2, Supp. Figure 1A, 2A, & 3A). Dynamic regulation of number of
genes transcript and protein levels including 7A/F-a and MMP7 and VEGF has been
demonstrated elsewhere for macrophage co-culture with ovarian and breast cancer cells
(Hagemann et al 2006; Hagemann et al 2004). Our data suggests that modulation of gene
expression over time is also influenced by the transition to tri-culture. For example, we
found heterotypic complexity-related changes (co-culture with cancer cells compared to tri-
culture) in both when and to what degree genes such as MMP1, MMP3, and MMP7 were
differentially expressed in ThP1-M2 s relative to mono-culture (Fig. 2, Supp. Figure 1A, 2A,
& 3A). The temporal nature of these interactions and gene expression modulation patterns
may have particular impact in /n vitro models where cell introductions to the model occur in
sequence, such as in models of metastasis.

Also recognizable were the variety of expression modulation patterns with the change in
complexity. Several genes demonstrate a gradient effect in one or more cell types where
gene expression was lowest in monoculture, higher in co-cultures, and highest in tri-cultures,
e.g. genes such as FGF1, TIMPZ, MET in SKBR3 cells at 72 h as well as MMPI and MMP3
in M2 and SKBR3 cells from the 72-h dataset (Fig. 2). Another potential profile represented
in some genes is a relative additive effect. FGFRI in HS5 cells, which was down regulated
in co-culture with ThP1-M2 cells, up regulated in co-culture with SKBR3 cells, and showed
an intermediate up regulation in tri-culture. For genes such as FGF2in ThP1-M2 cells,
however, expression showed a mixed pattern rather than being additively regulated. FGF2
expression was down regulated in HS5 co-culture, up regulated in SKBR3 co-culture, and
strongly up regulated in tri-culture for ThP1-M2 s. This variety of expression modulation
patterns highlights the complexity of heterotypic interactions /n vitro and would be difficult
to parse in a system without access to each individual cell type’s lysate.

The easily observable changes in gene expression regulation corresponding to changes in
heterotypic configurations demonstrate the capability of our device to capture effects of
microenvironmental complexity. It should be noted that our device limits heterotypic
interactions to paracrine signal exchange, whereas /n vivo interactions include juxtacrine
signals, which have been shown in other cancer/stroma co-culture models to increase
expression transcripts involved in proliferation and invasion beyond expression in indirect
co-cultures (Che et al 2006; Fujita et al 2009). Accordingly, direct tri-cultures, while lacking
the ease of use and increased throughput inherent to our platform, also merit investigation in
terms of gene expression regulation. However, our platform enables increased throughput
(no downstream sorting) while still raising and addressing questions of heterotypic paracrine
interactions in the cancer microenvironments. Interesting, but difficult to interpret, are the
diverse regulation patterns of specific genes (e.g. additive or mixed) with increasing
complexity. Nevertheless, these different gene-, cell type-, time-, and complexity-dependent
patterns illustrate the incomplete nature of many conventional co-culture experiments in
capturing the contribution of the diverse cell types in the tumor and metastatic
microenvironments to gene regulation in the stromal and cancer compartments.
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2.4 Principle component analysis (PCA) effectively captures variation while reducing
dimensionality

To address the complexity of the dataset, we employed a multivariate data analysis technique
for dimension reduction, PCA, to identify important aspects of the data and to make more
systematic and detailed observations. PCA is often capable of reducing high dimensional
data to three or fewer dimensions (i.e. principal components) while capturing the majority of
the variation in the original dataset, simplifying data visualization and interpretation.

Using the princomp function in Matlab, we were able to generate scores and loading
matrices that captured relationships within the culture conditions (observations) and within
the gene transcript targets (variables), as well as between culture conditions and transcript
levels (observations and variables). Because the analysis was able to capture 55 % of the
variation in the data in the first principal component and an additional 21 % of the variation
in the second principal component (Fig. 3), these two composite variables were used to map
the original variables and data points to a 2D space allowing the transformed dataset to be
visualized and interpreted while maintaining the majority of the information from the
original dataset. For datasets from 24 h in BT474 and SKBR3 experiments and from 72 h in
BT474 experiments, the first two components captured at least 67 % of the variation in the
corresponding dataset (Supp Fig. 4A, 5A, & 6A). While elimination of variables from the
model may have eliminated noise and improved model fit and explained variation
(Krzanowski 2000; Jolliffe 2002), we chose to analyze the entire dataset to demonstrate the
feasibility of deriving information and hypotheses from the datasets with minimal
intervention.

2.5 Component one identifies gene regulation in cancer cells as the primary source of

variation

Interestingly, all PCA score graphs for component one revealed a consistent pattern (Fig.

4A, Supp Fig. 4D, 5D, and 6D). These graphs depict a strong contribution for cancer cells in
tri-culture, a lower contribution with similar directionality for cancer cells co-cultured with
HS5s, and a minimal or opposing contribution for all other conditions. This pattern is
unsurprising as it was evident from the heat map that expression was generally most extreme
for cancer cells in tri-cultures. This observation of the heat maps corroborates the component
one identification of the cancer cell-lines as the major source of variation (Fig. 4b & Fig. 2).

Inspection of the variable (gene transcript) projections in the first component for
experiments with different cancer cell types and endpoints reveals that FGFI, FGF2,

TGFB1, MMP3, MMP1, and TIMPI consistently project with or are up-regulated in cancer
cells in tri-culture and to a lesser degree in cancer cells co-cultured with HS5 cells. PDGFa,
PDGFb, FGFRI1, and TGFBR1 are down-regulated across cancer cell regulation patterns in
tri-culture. Conversely, comparison of component one projections of the BT474 and SKBR3
experiments reveal that VEGFa, MET, and KDR are differentially regulated in the two
cancer cell-lines in response to tri-culture (Fig. 4a, Supp Figs 4D, 5D, & 6D). These patterns
suggest that this type of model may help define conserved and divergent gene regulation by
paracrine signaling in different cancer cell-lines and patient samples.
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2.6 PCA identifies cancer gene regulation in tri-culture as unique

Gene expression analysis of heterotypic cultures among complex pairings of cells, like
tumors, are challenged in that cells commonly have both overlapping as well as distinct gene
expression profiles which are not easily teased apart or interpreted. Exploiting the
compartmentalization, we were able to describe gene changes in individual compartments,
and additionally. This was of particular enabling given the gene set of interest as it did not
contain cell type specific targets. We took advantage of principle component analyses PCA
to inform the interpretation of the gene changes across the three cell types. The PCA derived
score plots, including a Hotellings T2 ellipse representing the 95 % confidence region,
consistently indicate that the tri-culture conditions for breast cancer cells are outliers or
fundamentally different from the other conditions (Hotelling 1933). An outlier falling
outside of the Hotelling’s region is capable of skewing the model toward itself and thus is
often removed from PCA analysis (Krzanowski 2000; Jolliffe 2002). We have chosen to
include these observations here as their scores show a trend toward strong variation
occurring in the transition from co-culture to tri-culture. This analysis reiterates the potential
of tri-culture to elicit divergent or enhanced gene expression changes in breast cancer cells
and in fibroblasts and macrophages in tri-culture, in certain conditions (Fig. 4b, Supp Fig.
4b).

2.7 Components are dominated by different cell types

Taking the data from one expressing cell type at a time, trends were observable in which the
co-culture and tri-culture conditions for that cell type fall roughly on a line along a principal
component axis or in a cluster. Because the different cancer expression scores fall along the
x-axis, one could describe principal component one as the cancer component. It separated
expression in the three culture conditions for the cancer cell lines and isolated cancer cells in
tri-culture from the other conditions (Abdi and Williams 2010; Jolliffe 2002; Krzanowski
2000). This pattern of projections in component one was consistent across datasets for the
two cancer cell lines and for the two endpoints. The second principal component could be
termed the stromal component. The mesenchymal and immune cell types’ responses to co-
culture and tri-culture were delineated along that axis. Unlike the scores for cancer cells in
tri-culture in component one, the tri-culture scores for ThP1-M2 s and HS5s were not always
the strongest projectors in component two. Instead, the pattern of scores for stromal cells in
this component was highly variable, being time dependent and dependent on which cancer
cell line was in co-culture (Fig. 4a, Supp Figs 4D, 5D, & 6D). These observations raise the
possibility that in our model, the cancer cells were strongly and stably induced toward a
specific program of gene expression to a certain degree in co-culture with HS5 cells but to a
greater extent in tri-culture. Conversely the mesenchymal and immune components were
more variably influenced by their context. It has been demonstrated in co-culture that gene
expression in the epithelial compartments was more uniformly regulated in response to co-
culture than in the corresponding fibroblast compartments for co-cultures of MDA-MB-231
and MCF10A cell lines with normal and cancer-associated fibroblasts (Rozenchan et al
2009), but the effect of tri-culture in this regard has not been demonstrated previously.
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2.8 Co-culture is limitedly predictive of tri-culture gene expression patterns

Importantly, we found that co-cultures showed different degrees of correlation with tri-
culture. As an example, the cancer cell-lines in co-culture with HS5s consistently project
with the same direction but with a lesser magnitude in component one as compared to the
cancer cells in tri-culture. The Pearson’s correlation coefficient consistently identified the
profiles for these conditions as being significantly correlated (Fig. 5, Supp Figs 1B&C,
2B&C, 3B&C, & 7) indicating that co-culture with HS5s could be at least partially
predictive of the gene expression regulation in tri-culture where ThP1-M2 s are added. In
component two the score for ThP1-M2 s in co-culture with cancer cells consistently projects
with ThP1-M2’s tri-culture score (Fig. 4b, Supp Figs 4B, 5B, & 6B). This relationship
between their contributions to components one and two was not reflected in Pearson’s
correlation coefficients, which did not always indicate a significant correlation (Fig. 5, Supp
Figs 1B&C, 2B&C, 3B&C, & 7). Therefore, it cannot be concluded that the overall
expression pattern from co-culture conditions was uniformly indicative of expression
patterns in tri-culture. This observation supports a unique role for models with increased
heterotypic complexity in elucidating interactions and cellular responses not evident in more
traditional co-culture.

2.9 Autocrine and complimentary regulation occurs in tri-culture

As previously mentioned the genes for the ligand and receptors involved in VEGF signaling
were differentially regulated in the two cancer cell lines. Interestingly, both the ligand,
VEGFa, and receptor, FLT1and KDR, genes were upregulated in tri-culture for SKBR3s but
not BT474s ((Fig. 2 and Suppl. Figs 1A, 2A, 3A)., which suggests enhanced autocrine
signaling for SKBR3s in response to tri-culture. Autocrine signaling through the VEGF axis
has been demonstrated to enhance invasion and survival both /n vivoand /n vitro (Luo et al
2016; Bachelder et al 2001). Based on our results may also be magnified in response to
certain heterotypic culture conditions. There was also evidence of an increase in TGF-p
paracrine signaling between SKBR3s (ligand) and HS5s (receptors) in tri-culture (Fig. 2 and
Suppl. Figure 3A). More generally, there was widespread and frequently significant anti-
correlation between the cancer cell regulation profiles and those of the stromal cells across
cancer types and co- and tri-culture combinations (Fig. 5, Suppl Figs 1B, 2B, 3B). This type
of complimentary regulation has been noted elsewhere for co-ordinated metabolic
programming in co-cultures of breast cancer cells with fibroblasts (Ueno et al 2015; Fiaschi
et al 2012; Rattigan et al 2012). Our dataset expands this observed phenomenon of
cooperative regulation to potential involvement in ligand, MMP, and receptor gene
expression. Additionally, in our dataset many of the strongest, significant anti-correlations
involve cancer cells in tri-culture suggesting that this effect may be further magnified in tri-
culture.

3 Conclusions

This study presents a new approach to studying heterotypic interactions in /n vitro models of
breast cancer. Exploiting the maintenance of compartmentalization of cells and their lysates
in micro-scale, we have measured gene expression across three cell types in monocultures,
co-culture combinations, and tri-culture. By simple observation, we noted cell type-, time-,
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and complexity-dependent classes of gene expression changes. Using PCA supplemented
with Pearson’s correlations, we were able to observe the strong effect of tri-culture on gene
expression and to form hypotheses concerning the transition from mono-culture to co- and
tri-culture. For example, we identified the cancer cells as the potential primary regulators of
the global gene expression patterns as they achieve the most consistent and increasing
expression pattern with changes in complexity, while the stromal compartments may be
differentially regulated under different configurations to “tune” or “stabilize” changing
cancer cell regulation. We also found evidence in our data that supports an enhanced effect
in autocrine and paracrine signaling and a complementary regulation effect across
compartments in tri-culture. These examples of general hypotheses could be investigated in
more specific model settings, and more directed hypotheses could be formed by catering the
experimental setup to a more specific set of interactions and gene targets.

This study used cell lines as proof of principle, but extrapolating to primary samples, this
might also explain the heterogeneity seen in analysis of gene arrays of the tumor
microenvironments as unique cancer components may direct the tumor microenvironment.
Experimental tools similar to our compartmentalized multi-culture device and PCA (or other
data analysis techniques) may generate hypotheses concerning the fundamental and higher
level influences of heterotypic complexity. Incorporation of additional aspects of
microenvironmental complexity such as dimensionality and ECM components, mechanics,
and architecture may provide even more insight into the integration and response of cells to
diverse signals in their microenvironment. Data obtained through the straightforward
operation of a compartmentalized microfluidic devices, such as that presented here, has the
potential give both depth and breadth of information concerning the effects of elements of
complexity in cancer microenvironments, which may in turn drive more informed model
design, drug development, and treatment selection.

4.1 Compartmentalized Micro Multi-Culture Device Fabrication

Compartmentalized micro multi-culture devices were made using previously described
techniques (Xia and Whitesides 1998; Duffy et al 1998). Briefly, poly-(dimethylsiloxane)
(PDMS) (Dow Corning Corporation, Midland, MI, USA) devices were cross-linked on a
SU-8 wafer. To make the SU-8 wafer, an initial layer of SU-8 10 (MicroChem™) was spin-
coated onto a silicon wafer (University Wafers) to create the 15 um height diffusion port
layer. A second layer of SU-8100 (MicroChem™) was then used to create the 250 um height
culture chambers. Finally, a third layer of SU-8100 was spin-coated to create the 500 um
height port holes. The SU-8 wafer was exposed to UV light between each spin-coated layer
to cross-link the SU-8. After spin-coating and exposing all the layers, the SU-8 wafer was
then developed in propylene glycol monomethyl ether acetate (Sigma-Aldrich®) for 40 min
followed by washing twice with Acetone (VWR®) and 2-Propanol (Thermo Fisher
Scientific, Inc.). Once the PDMS devices were cross-linked onto the SU-8 wafer, any
remaining non-cross-linked PDMS monomers were next extracted from the devices using a
500 mL Soxhlet extractor containing 100 % ethyl alcohol heated to boiling for a minimum
of 4 h. Compartmentalized microfluidic multi-culture devices were then cut into 3 x 3 arrays
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(9 devices/array), plasma treated (Diener Electronic) in the presence of O,, bonded to a
75x50x1mm pre-cleaned micro glass slide (Corning®), and heated for 5 min at 135 °C to
secure the bond.

4.2 Cell culture

The breast cancer epithelial cell lines SKBR3 and BT474 (ATCC, Rockville, MD, USA),
and human ThP1 monocytes (ThP1) (ATCC, Rockville, MD, USA) were maintained in
RPMI 1640 with L-glutamine (CellGro, Corning®) containing 10 % fetal bovine serum
(Gibco®, LifeTechnologies™) supplemented with 1 % penicillin (10,000 units/mL) /
streptomycin (10,000 pg/mL) (Gibco®, LifeTechnologies™) and 1 % sodium pyruvate (100
mM) (Gibco®, LifeTechnologies™). ThP1 cells were also supplemented with 0.1 % beta-2-
mercaptoethanol (50 mM) to avoid clumping (Sigma-Aldrich®). HS5 bone marrow cells
(HS5) (ATCC, Rockville, MD, USA) and the breast epithelial cell line MCF7 (ATCC,
Rockville, MD, USA) previously transfected with the green fluorescent protein eGFP
(MCF7€CFP) were maintained in high glucose DMEM (CellGro, Corning®) containing 10 %
fetal bovine serum (Gibco®, LifeTechnologies™) supplemented with 1 % penicillin (10,000
units/mL) /streptomycin (10,000 pg/mL) (Gibco®, LifeTechnologies™) and 1 % sodium
pyruvate (100 mM) (Gibco®, LifeTechnologies™). All cell lines were cultured at 37 °C in

5 % CO,. SKBR3, MCF7, and HS5 cell lines were passaged with 0.05 % trypsin-EDTA
solution (Invitrogen™, LifeTechnologies™). ThP1 cells were passaged in 6-well dishes.
When cells reached a confluence of 1x10° cells/mL, 1 mL of cell suspension was plated into
a separate 6-well dish containing 2mLs of complete media. Differentiation and polarization
of the ThP1 cells into M2 TAM-like macrophages (ThP1-M2) were conducted using
previously described techniques (Tjiu et al 2009). After differentiation and polarization,
ThP1-M2 cells rested for 3 days prior to starting experiments.

4.3 Compartmentalized Micro Multi-Culture Experimental Design Set-Up

Bonded device slides (3 x 3 array (9 devices total)) for each experimental condition were
placed into sterile omni-trays (NUNC™) and 50 pL of 0.1 % gelatin in 1x PBS was pipetted
into each of the devices through passive pumping (Walker and Beebe 2002) using a standard
manual pipet to coat the surface for cell attachment. The gelatin solution was then
immediately removed from the devices and allowed to dry under a biological safety cabinet
for 20 min. Following gelatin coating, 50 UL of complete media containing 1 % fetal bovine
serum was pipetted into individual devices. Prior to seeding, cells were washed twice in 1 %
fetal bovine serum containing media. Individual cell suspensions were pipetted into device
chambers by placing a 4 UL droplet in the input port of each respective culture chamber. A
10 pL droplet of complete media was placed at the output port to reduce evaporation.
SKBR3 or BT474 cells (center chamber) were seeded at a density of 5000 cells/chamber,
HS5 cells (left-side chamber) were seeded at a density of 2500 cells/chamber and ThP1-M2
cells (right-side chamber) were seeded at a density of 5000 cells/chamber due to their loss of
proliferation after the polarization process. These seeding densities prevented overgrowth
and nutrient depletion over the culture period while providing sufficient mRNA for analysis
from nine pooled devices for each of three replicates. Cells were monitored for viablility,
and normal morphologies were noted throughout the course of all experiments. The
remaining two compartments were filled with media only to focus our investigation on the
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effects of tri-culture in the individual cell types. The extra compartments will enable future
experiments to include up to five different cell types for investigation of the tumor
microenvironment. End-points for the individual cell types were collected at 24 or 72 h.

4.4 RNA extraction and isolation, and cDNA synthesis

Total RNA was extracted using the RNeasy Micro Plus Kit (Qiagen, Inc. USA). Briefly, 4
pL of buffer RLT-Plus containing 1 % beta-2-mercaptoethanol (Sigma-Aldrich®) was
pipetted into individual culture chambers using a similar method to cell seeding. Lysate was
disrupted within the culture chamber by pipetting up and down several times and transferred
into a microcentrifuge tube. Nine biological replicates for each experimental condition of
each individual cell population were pooled together to obtain a sufficient concentration of
RNA, additional lysis buffer was then added to the microcentrifuge tube for a total
manufacturer recommended volume of 350 pL. Samples were then vortexed to homogenize
the lysate and mixed with an equal volume of 70 % ethanol. To eliminate any genomic
DNA, the lysate mixture was pipetted into a supplied gDNA spin-column and centrifuged
for 30 s at 10,000 g. The samples were then pipetted into a miniElute spin-column and total
RNA was then isolated according to manufacturer ’s instructions. cDNA synthesis was
conducted using the High Capacity RNA to cDNA kit (LifeTechnologies™) where 25 ng of
total RNA was transcribed in 20 pL reactions per sample. Concentration of total RNA was
measured using the NanoDrop™ spectrophotometer (ThermoScienfic).

4.5 Real-time reverse transcription-PCR (RT-gPCR)

RT-gPCR was conducted using Locked Nucleic Acid (LNA™) probes selected from the
Universal Probe Library (Roche Applied Sciences). Gene primers were designed using
ProbeFinder software (Roche Applied Sciences). Primer sequences will be made available
upon request. Each reaction was carried out in 384-well plates in triplicate at a 10 pL
volume containing 5 pL of 2x gene expression master mix (Roche Applied Sciences), 0.15
pL of forward and reverse primers (20 uM) (Invitrogen™, LifeTechnologies™), 0.1 pL of
LNA™ probe (Roche Applied Sciences), 2.6 L of nuclease-free water and 2 pL (25 ng
RNA) of template. For amplification and detection of target genes the Roche LightCycler
480 was used under the following cycling conditions, 95 °C for 10 min to initiate the Tag-
polymerase enzyme, then 40-cycles of 95 °C for 10 s for denaturation, 60 °C for 30 s for
annealing and 72 °C for 1 s for extension, followed by 40 °C for 30 s to cool the plate. The
average of two selected reference genes for each cell type was used as endogenous control.
Nuclease-free water served as a no template control.

4.6 Cross-Contamination Experiments

MCF7¢CGFP and HS5 cells were seeded into the compartmentalized micro multi-culture
devices as described above at a density of 5000 cells/chamber (MCF7¢GFP) and 2500 cells/
chamber (HS5). MCF7¢CFP cells were cultured in the center chamber with HS5 cells
cultured in co-culture patterns around the four outer chambers. Total RNA was extracted
from each individual chamber after 48 h and converted to cDNA using previously described
methods. eGFP gene expression was measured using RT-gPCR in both the MCF7 and HS5
samples. Percentage of eGFP expression was then calculated by normalizing HS5 samples to
MCF7 samples using the AACt method.
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4.7 Principal component analysis

The 20 variables were variably scaled and consolidated into two composite components by
PCA, permitting the mapping of the dataset to two-dimensional space, and making
visualization possible. PCA was conducted using the princomp function in MATLAB v8.1.
Prior to analysis the data for each analyte was mean centered and autoscaled. Our principal
component space, the transformed two dimensional dataset, was represented in a score plots
and biplot where the calculated loadings in the first two principal components were graphed
with the scores of the observations, which were scaled to unity with the maximum value of
the scores and then scaled to the length of the loadings. Scaling in this manner maintained
the relative magnitude of the scores between one another and their directionality with
respect to each other and the loadings (Krzanowski 2000; Jolliffe 2002). To calculate the
cumulative explained variation, the latent vector, a vector containing the eigenvalues of the
covariance matrix of the gene expression dataset, was summed up to a given principal
component and divided by the total sum for all principal components. Hence, the cumulative
variation explained increased proportionally to the amount of variation captured in each
principal component, until 100 % of the variation was explained at some component < the
ninth principal component (Krzanowski 2000; Jolliffe 2002).

4.8 Pearson'’s correlations

Pearson’s correlations were calculated for the each dataset after mean centering and unit
variance scaling each variable. The corr() function in MATLAB v8.1 was used to output the
rho and p-value matrices. This data was imported to Excel and a color scale was applied
using conditional formatting. Correlation rho’s with p-values <0.05 were considered
significant.
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Fig. 1.

chljwematic drawing of the compartmentalized micro multi-culture platform and validation of
limited cross-contamination. a The micro multiculture device consists of five culture
chambers separated by diffusion ports. The device holds a total volume of 50 pL with each
culture chamber containing 4 L. b Cells are seeded into the individual compartments
through the chamber input port. Media was changed by replacing the media in the outer ring
or in each chamber input port. ¢ Green food grade dye was used to fill the device (50 L)
then 4 pL red dye was pipetted into the center chamber, and 4 pL purple dye was pipetted
into the left culture chambers for visualization of addressability of individual compartments.
d Fluorescence micrograph of MCF7eGFP cells in the center chamber with HS5 cells in all
four side chambers demonstrating maintenance of cell compartmentalization. e Percentage
of carryover of cellular lysate in the culture chambers. eGFP mRNA expression levels were
measured in HS5 samples after co-culture with MCF7eGFP cells, percentage of carryover
over was determined by comparing eGFP expression detected in HS5 cells relative to
MCF7eGFP cells at the intermediate time point of 48 h. Between <0.5 % - 6 % cross-
contamination was detected, indicating the compartmentalized micro multi-culture device
can effectively isolate cellular lysate from the individual culture chambers without the need
for downstream separation techniques (/7= 2). f Fluorescence micrograph of HS5 cells in the
side chambers after MCF7eGFP cells have been selectively removed
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Co-Culture
Condition

Gene Transcript Targets

Expressing
Cell Type

Fig. 2.

Reglative gene expression of target genes of interest across experimental conditions for
experiments utilizing SKBR3, HS5, and ThP1-M2 cells with a 72-h endpoint. Gene
expression levels of selected target genes known to be dysregulated in cancer were measured
using RT-gPCR. The heat-map was generated by normalizing the expression of each gene to
a reference gene and to monoculture for the expressing cell type and calculating the fold-
change using the 2*-AACt method. Fold changes are listed in the heat-map for each
condition and target gene with a false reference. Red indicates up-regulation, green down-
regulation, and b/ack no change in expression detected. Note: Throughout the figures the cell
types in co- or tri-culture are listed and separated by slashes to indicate the configuration of
the experiment. To indicate which cell type a gene regulation profile corresponds to, the
expressing cell-type is listed first (ie SK/HS is a dataset derived from SKBR3 lysate in a
configuration where the SKBR3 cells were co-cultured with HS5 cells) with all other cell
types in the culture condition listed after the assayed cell type and separated by slashes.
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PCA summary figures depicting, a bar graphs containing the scores for each culture
condition and loadings for each transcript in the first two principle components (Comp 1&2)
b the scores for all nine heterotypic culture gene expression profiles normalized to
monoculture plotted with the 95 % confidence Hotelling’s T2 ellipse, and c a biplot
depicting the relationships between variable loadings and the scaled observation scores from

b
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Fig. 5.

Mgtrix containing Pearson’s correlation rho values for the mean centered, unit variance
scaled gene regulation (fold change) profiles of each culture condition compared with each
other culture condition in the SKBR3 72-h dataset for comparison of gene expression
changes in response to co- or tri-culture conditions. Significant (o < 0.05) rho values are
bolded, italicized, and underlined
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Target genes assessed in the compartmentalized micro multi-culture device. Target genes, known to be

deregulated, in breast cancer were selected based on review of the literature. This panel includes gene targets

involved in proliferation, angiogenesis, and invasion and migration in tumor development and progression

List of Target Genes

Function Abbrev.
Proliferation TGFB1
Ligand FGF2
FGF1
HGF
Angiogenesis VEGFa
Ligand PDGFa
PDGFB
Invasion & MMP9
Migration MMP3
MMP7
MMP1
Invasion TIMP1
Inhibitor TIMPZ
Proliferation FGFR1
Receptor FGFR2
TGFBR1
TGFBR2
MET
Angiogenesis FLT1
Receptor KDR

Encoded Protein

Transforming Growth Factor Beta 1

Basic Fibroblast Growth Factor

Acidic Fibroblast Growth Factor

Hepatocyte Growth Factor

Vascular Endothelial Growth Factor A
Platelet-derived Growth Factor alpha
Platelet-derived Growth Factor beta

Matrix Metalloproteinase 9

Matrix Metalloproteinase 3

Matrix Metalloproteinase 7

Matrix Metalloproteinase 1

Tissue Inhibitor of Metalloproteinases 1
Tissue Inhibitor of Metalloproteinases 2
Fibroblast Growth Factor Receptor 1
Fibroblast Growth Factor Receptor 2
Transforming Growth Factor Beta Receptor 1
Transforming Growth Factor Beta Receptor 2
Met Proto-oncogene

FMS-related Tyrosine Kinase 1

Kinase Insert Domain Receptor

Ref.

(Tobin et al. 2002; Muraoka et al. 2002)
(Penault-Llorca et al. 1995)

(Penault-Llorca et al. 1995; Yoshimura et al. 1998)
(Tyan et al. 2011; Edakuni et al. 2001)

(Weigand et al. 2005)

(Shao et al. 2000; Yu et al. 2015)

(Shao et al. 2000; Frings et al. 2013)

(Fleming et al. 2012; Nanda et al. 2013)

(Nozaki et al. 2000)

(Fernandez-Garcia et al. 2014; DeLassus et al. 2011)
(DeLassus et al. 2011; Bostrom et al. 2011)
(Fernandez-Garcia et al. 2014; Peng et al. 2011)
(Fernandez-Garcia et al. 2014; Hsu et al. 2012)
(Penault-Llorca et al. 1995; Jacquemier et al. 1994)
(Sungeun Kim et al. 2013a, 2013b)

(Guido et al. 2012)

(Busch et al. 2015; Tobin et al. 2002)

(Edakuni et al. 2001)

(Weigand et al. 2005)

(Guo et al. 2010)

Biomed Microdevices. Author manuscript; available in PMC 2016 October 24.



1duosnuey Joyiny

Regier et al. Page 24

Table 2

Experimental culturing conditions representing a, ER—, HER2+ breast cancer tumor microenvironment using
the compartmentalized micro multi-culture device. The cell lines SKBR3, HS5 and ThP1-M2 were used to
represent the cancer, mesenchymal, and immune components of a tumor microenvironment, respectively. Cell
lines were cultured in tri-culture as well as mono- and co-culture combinations for controls. The same
experimental conditions were used with 24-h and 72-h endpoints and substituting BT474 (ER+ HER2+)
cancer cells with both endpoints

Experimental Culturing Conditions

Cancer Cell Line  Stromal Cell Line ImmuneCéll Line

Mono-culture

1 SKBR3 - -

2 - HS5 -

3 - - ThP1-M2
Co-culture

1 SKBR3 HS5 -

2 SKBR3 - ThP1-M2
3 - HS5 ThP1-M2
Multi-culture

1 SKBR3 HS5 ThP1-M2
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