
Distinguishing cancerous from non-malignant breast cells using viscoelastic 
creep and functional principal component analysis

Jolene Cao a , Killian Onwudiwe b, Jingjie Hu c , Meenal Datta b , Wole Soboyejo d,*

a Department of Statistics, Harvard University, 33 Oxford Street, Cambridge, MA, 02138, USA
b Department of Aerospace and Mechanical Engineering, University of Notre Dame, 365 Fitzpatrick Hall of Engineering, Notre Dame, IN, 46556, USA
c Department of Mechanical and Aerospace Engineering, North Carolina State University, P. O. Box 7910, Raleigh, NC, 27695, USA
d Department of Engineering, SUNY Polytechnic Institute, 100 Seymour Rd, Utica, NY, 13502, USA

A R T I C L E  I N F O

Keywords:
Cancer detection
Triple-negative breast cancer
Cell mechanics
Microfluidics
Fluid shear stress
Creep compliance
Time series data
Nuclei
Cytoplasm
Cytoskeleton
Data science

A B S T R A C T

The mechanical responses and properties of breast epithelial cells are known to change during malignant 
transformation and progression due to the dynamics of their actin cytoskeleton network organization and the 
resulting viscoelastic deformability. Studying the viscoelastic creep behavior of breast cells may reveal new 
avenues for developing novel cancer diagnostic and therapeutic biomarkers and improving fundamental bio
physical understanding of the disease. Here we present an approach that uses functional principal component 
analysis (fPCA) to distinguish between the viscoelastic responses of malignant and non-malignant live breast cells 
that are subjected to shear flow in microfluidic channels under in-situ observation with optical, fluorescence, and 
confocal microscopy. The fPCA method extracts critical features of cell viscoelasticity from the in-situ measured 
creep responses of non-tumorigenic breast cells (MCF-10A), less metastatic triple-negative breast cancer (TNBC) 
cells (MDA-MB-468), and highly metastatic breast cancer cells (MDA-MB-231). The results demonstrate distin
guishable clustering patterns for the three types of cells in the first principal component (PC) and the second PC 
space. The first PC, indicative of the overall level of creep compliance, accounts for more than 98% of the total 
variance in the observed creep responses. The scores of the cells examined on the first PC axis increase with 
increasing cancer malignancy. They also correlate highly with the average moduli and viscosities extracted from 
viscoelastic models (− 83% correlation with moduli and − 85% correlation with viscosities). This suggests a direct 
link between the malignancy of cancer and the overall creep compliance level that is governed by cell viscoelastic 
properties. The implications of the results are discussed for the detection of non-tumorigenic and tumorigenic 
breast cells at different stages of cancer progression.

1. Introduction

Tumor cells within the human body experience various mechanical 
forces, including shear stresses due to fluid flow in blood vessels and 
other tissues (Jain et al., 2014; Zhang et al., 2022). Understanding the 
mechanical responses of live cells subjected to shear flow is crucial for 
advancing our knowledge of tumor biology (Jain et al., 2014; Liu et al., 
2021). It also accelerates drug development and enables the creation of 
more effective, personalized cancer diagnostics and therapies, including 
microfluidic tumor-on-a-chip systems (Liu et al., 2021; Moccia and 
Haase, 2021; Zhang et al., 2022).

Cell viscoelasticity plays a critical role in cells’ responses under flow 
conditions. When cells are subjected to shear flow, the shear stress can 

induce cytoskeletal rearrangements and its associated viscoelastic 
deformability, leading to changes in cell shape and migration behavior. 
A number of studies have focused on cell viscoelasticity using various 
techniques such as atomic force microscopy (Wu et al., 1998; 
Calzado-Martin et al., 2016; Ketene et al., 2012), embedded particle 
tracking (Wirtz et al., 2009; Tseng et al., 2002), laser tracking micro
rheology (Yamada et al., 2000), and micropipette aspiration (Guilak 
et al., 2000; Dao et al., 2003; Nagelkerke et al., 2015). However, these 
techniques often damage the intracellular structure of the cell and, 
therefore, introduce uncertainty for the measurements.

In contrast, we have studied the mechanical responses of live cells at 
progressive stages of cancer malignancy under shear flow in-situ and 
revealed many unique insights into cells’ actin cytoskeleton network 
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organization and the resulting viscoelastic deformability (Cao et al., 
2006; Hu et al., 2018; Ani et al., 2019; Onwudiwe et al., 2021). How
ever, our prior studies use a viscoelastic modeling framework to extract 
cell mechanical properties. They rely heavily on human judgment to 
decide the primary deformation regime, model selection, and nonlinear 
fitting parameters to address potential convergence problems (Cao et al., 
2006; Hu et al., 2018; Onwudiwe et al., 2021).

Unbiased data science techniques that do not rely on strong as
sumptions regarding the underlying data have developed rapidly in the 
"big data" revolution to help extract hidden patterns in cell biology 
(Lähnemann et al., 2020). This approach tends to be less subjective and 
more automatable in learning complex relationships in many cell 
biology research areas such as single-cell omics, diagnosis, and imaging 
(Ji et al., 2021; Mayro et al., 2020; Driscoll and Zaritsky, 2021).

Functional principal component analysis (fPCA), as a novel and 
important tool in data science (Wang et al., 2016; Aneiros et al., 2019), 
can better analyze time series data such as the temporal mechanical 
responses of cells under shear stress, and therefore, can offer new op
portunities and perspectives for extracting critical features of cell 
viscoelastic behavior in a more objective, automatic, and data-driven 
way.

In this paper, a new approach to breast cancer detection by 
combining fPCA, a powerful technique to extract valuable information 
from time series, with established shear assay experiments and digital 
image correlation (DIC) measurements is reported. The study focuses on 
shear assay data obtained from non-tumorigenic breast cells, less met
astatic triple-negative breast cancer cells, and highly metastatic breast 
cancer cells. The results demonstrate distinguishable clustering patterns 
for the three types of cells in the first principal component (PC) - second 
PC space. The first PC representing the overall creep compliance level 
captures a dominant portion of the total explained variance (>98%) for 
all the investigated sample sets, indicating it could be a major factor to 
consider for differentiating different cancer malignancies.

The first PC scores of MCF-10A normal breast cells, less metastatic 
MDA-MB-468 TNBC cells, and highly metastatic MDA-MB-231 TNBC 
cells show an increasing trend, 83% negatively correlated with the 
average moduli and 85% negatively correlated with the average vis
cosities reported in the prior research using a viscoelastic modeling 
curve fitting approach for these same three cell lines. This suggests that 
cancer malignancy is directly correlated with cell overall creep 
compliance level, which is determined by cell viscoelasticity.

2. Experimental methods

In this paper, non-tumorigenic breast cells (MCF-10A), less meta
static breast cancer cells (MDA-MB-468), and highly metastatic breast 
cancer cells (MDA-MB-231) were studied via cell culture, immunofluo
rescence staining, confocal microscopy, and fluid shear stress assay 
techniques as previously reported by our group (Cao et al., 2006; Hu 
et al., 2018; Ani et al., 2019; Onwudiwe et al., 2021; Holen et al., 2023).

2.1. Sample preparation

The normal breast cell line, MCF-10A (ATCC# CRL-10317), the less 
metastatic breast cell line, MDA-MB-468 (ATCC# HTB-132), and the 
highly metastatic breast cell line, MDA-MB-231 (ATCC# HTB-26), were 
cultured following the protocols outlined in previous investigations (Hu 
et al., 2018; Onwudiwe et al., 2021). For a duration of 48 h, the cells 
were cultured in 60 × 15 × 35 mm Falcon Petri dishes (Corning Inc., 
Corning, NY), maintaining a controlled environment at 37 ◦C with 5% 
CO2 concentration under standard atmospheric pressure. This ensured 
optimal cell attachment and growth on the substrate.

Under these controlled conditions, the MCF-10A cells were cultured 
using a blend of Dulbecco's modified Eagle's medium (DMEM) and 
Ham's F-12 medium (Invitrogen, Carlsbad, CA) at a 1:1 mix ratio. The 
culture medium was supplemented with 5% horse serum (Invitrogen, 

Carlsbad, CA), 0.2% amphotericin (Gemini Bio-Products, West Sacra
mento, CA), 30 ng/ml insulin (Sigma-Aldrich, St. Louis, MO), 100 ng/ml 
cholera toxin (Sigma Aldrich), 30 ng/ml murine epidermal growth 
factor (PeproTech), 0.5 μg/ml hydrocortisone (Sigma Aldrich), and 1% 
Penicillin-Streptomycin (Invitrogen, Carlsbad, CA). The MDA-MB-468 
and MDA-MB-231 cells were cultured under the same controlled con
ditions, utilizing 10% fetal bovine serum from the American Type Cul
ture Collection (ATCC), Manassas, VA, along with L-15 base media. The 
culture medium for MDA-MB-468 and MDA-MB-231 cells also contained 
supplemented 100 I.U./ml penicillin and 100 μg/ml streptomycin, 
respectively.

The variations in the densities of actin cytoskeleton between the cells 
were examined using immunofluorescence staining and confocal mi
croscopy imaging techniques as previously reported by our group (Hu 
et al., 2018; Onwudiwe et al., 2021).

2.2. Shear assay experiments

The modified shear assay technique was previously reported by our 
group (Cao et al., 2006; Hu et al., 2018), and the visualized detail of the 
experiment was also reported (Holen et al., 2023).

Fig. 1 shows the schematics of the shear assay experimental setup 
and the cross-section view of a cell under shear assay laminar flow. The 
monitoring system of an optical microscope (Nikon Instruments Inc., 
Melville, NY, USA) and video camera (INFINITY2-1R, Lumenera Cor
poration, Ottawa, ON, Canada) was used to observe and record indi
vidual cells being deformed under shear flow in-situ.

The Reynolds number was calculated to be on the order of one or 
less, thus permitting laminar flow. The wall shear stress at the wall of the 
flow chamber τ was determined as below (Vankooten et al., 1992; Cooke 
et al., 1993): 

τ=6μQ
wh2 (1) 

where Q represents the volumetric flow rate, μ represents the media 
viscosity, w and h are the width and height of the chamber, respectively.

Note the cells, after a cycle of experiment, were discarded. During 
each shear assay experiment, the cells eventually detached from the 
underlying extracellular matrix (ECM) on the substrate and flew out of 
the shear assay system. Discarding cells after each experiment can 
ensure fresh cells without damage to their intracellular structures were 

Fig. 1. (a) Schematics of shear assay experimental setup and (b) cross-section 
view of a cell under shear assay laminar flow.
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used, therefore minimizing the measurement uncertainty.
A major challenge in the shear assay experiments was getting accu

rate quantitative information on local strains during cell deformation 
before the onset of cell failure/detachment. Well-controlled laminar 
flow conditions were designed to apply appropriate shear stress so that 
the in-situ imaging system can capture sufficient cell deformation data 
before cell detachment. A digital image correlation technique was used 
to map out the displacement and strain field using the collected cell 
deformation in-situ images.

3. Modeling

3.1. Digital image correlation technique

Digital Image Correlation (DIC) techniques (Pan et al., 2009; 
Krehbiel et al., 2010; Pan, 2018; Yang and Bhattacharya, 2019; Takada 
et al., 2023) were used to analyze the time-dependent deformation of 
points within the cells during the shear assay test. It measures the dis
placements by sequentially matching subset pixel patterns in the 
recorded reference and deformed images using correlation functions.

Once the displacement field (u, v) is determined after DIC and the 
associated postprocessing improvements such as smoothing, the 

displacement gradients 
(

∂u
∂x,

∂u
∂y,

∂v
∂x,

∂v
∂y

)

can be calculated to derive the 

strain field. The two-dimensional Lagrangian finite strain tensor com
ponents 

(
εxx, εyy, εxy

)
are given below to calculate strains assuming the 

deformation is predominantly in-plane (Chu et al., 1985): 
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DaVis software (LaVision, Göttingen, Germany) was used in this 
study to calculate displacements and strains. A step size of 1.4 μm (8 
pixels) and subset size of 5.5 μm × 5.5 μm were selected for the corre
lation optimization process, where each subset of pixels is sequentially 
scanned to search for the best-correlated patterns.

3.2. Viscoelastic deformation

Viscoelastic properties of cells and tissue (Matthews et al., 2004; 
Forgacs et al., 1998) have been characterized using various viscoelastic 
models based on different combinations of the linear elastic spring and 
the linear viscous dash-pot. All these linear viscoelastic models follow a 
linear viscoelastic constitutive equation of the general form below: 

p0σ + p1σ̇ + p2σ̈ + p3σ⋯ + … = q0ε + q1ε̇ + q2ε̈ + q3ε⋯ + … (5) 

where σ is the stress, ε is the strain, σ̇, ̈σ, σ⋯ are the 1st, 2nd, and 3rd order 
of time derivates of stress, ε̇, ̈ε, ε⋯ are the 1st, 2nd, and 3rd order of time 
derivates of strain, and p0 , p1 , p2 , p3 , q0 , q1 , q2 , q3 are the corre
sponding coefficients. The more springs and dashpots that are used in 
the viscoelasticity model, the more material parameters that need to be 
determined, and the higher order this differential equation will be.

In this study, the viscoelastic cell deformation under constant shear 
stress τ0 can be modeled as a viscoelastic creep process, where creep 
compliance Ccreep(t) is typically used to characterize the material strain 
subjected to unit stress as below: 

Ccreep(t)=
ε(t)
τ0

(6) 

Creep compliance Ccreep(t) data were used in the current investigation 
of cell viscoelastic behavior using fPCA.

The results were compared to the viscoelastic material parameters 
extracted in our prior research of breast cell viscoelasticity using a 3- 
element generalized Maxwell viscoelastic model in Fig. 2. Note the 
creep response before removing the constant stress in Fig. 2(b) repre
sents a specific version of Eq. (5). In this version of viscoelastic model, 
three viscoelastic parameters (shear modulus E, viscosities η1 and η2) 
can be obtained by fitting the model to the creep compliance versus time 
data obtained from the experiments.

3.3. Functional principal component analysis

FPCA has become a key dimension reduction tool for functional data 
such as time series since its discovery (Wang et al., 2016; Aneiros et al., 
2019). Its popularity is attributed to its capability of converting inher
ently infinite-dimensional functional data (e.g. the creep compliance 
time series data in the current study) to a finite-dimensional vector of 
scores with strong explanatory power. Therefore, powerful dimension 
reduction can be accomplished, and conventional multivariate data 
analysis can be readily used in the resulting low-dimensional space 
defined by the top PCs.

The sample curves xi(t), i = 1,…, n of a time series process X(t) can 
be expressed as below using the Karhunen-Loève expansion (Wang et al., 
2016): 

xi(t)= μ(t) +
∑∞

k=1
Aikφk(t) (7) 

where t ∈ I, μ(t) is the mean of X(t), φk(t) is the PC in the k-th dimension, 
and Aik is the corresponding score of xi(t) projected to the k-th dimen
sion PC.

It can be proved that the PCs φk(t) are the eigenfunction of the 
covariance function G(s, t) = Cov(X(s),X(t)) corresponding to the 
eigenvalue λk and will satisfy below conditions:

∫
φ2

k(t)dt = 1 and 
∫

φj(t)φk(t)dt = 0 for any j ∕= k. The PC scores Aik 

Fig. 2. (a) Schematics of a 3-element generalized Maxwell viscoelastic model 
used for shear assay experiments and (b) its time-dependent creep recovery 
strain response produced by applying constant stress followed by removing 
the stress.

J. Cao et al.                                                                                                                                                                                                                                      Journal of the Mechanical Behavior of Biomedical Materials 181 (2026) 107486 

3 



can be calculated as: 

Aik =

∫

I

(xi(t) − μ(t))φk(t)dt (8) 

When the first K PCs can explain most the variability in the sample 
curves, the first K terms can be used as below to approximate the infinite 
sum in Eq. (7): 

xiK(t)= μ(t) +
∑K

k=1

Aikφk(t) (9) 

where xiK(t) is the approximated process of xi(t) using the first K PCs. 
Therefore, the information contained in the original sample curves xi(t)
is now essentially contained in the scores (Ai1,…,AiK) of the finite K- 
dimensional space expanded by the first K PCs. At least 85% of vari
ability explained using the first K PCs was typically suggested to select 
the value of K by prior research (Li et al., 2014; Sang et al., 2017).

4. Results and discussion

4.1. Cell deformation and strain temporal variations

Cell deformation patterns under controlled laminar flow were 
captured by sequentially correlating the recorded in-situ cell images 
using DIC. Typical analyzed image sequences are presented in Fig. 3, 
where the displacement field of an MCF-10A normal breast cell during a 
shear assay experiment with the calculated wall shear stress of 400 Pa is 
shown. It shows significant initial deformation starts along the periphery 
of the cell in Fig. 3(b), then the deformation gradually propagates to a 
more central area by a non-uniform progression in Fig. 3(c)–(d). The cell 
center area remains at relatively low deformation in Fig. 3(e)–(g), 
though the low-level deformation area is shrinking, and eventually, all 
cell areas reach a high level of displacement as shown in Fig. 3(h).

The series of images in Fig. 3(a)–(h) might indicate center nucleus 
region has a higher stiffness than the more peripheral cell cytoplasm 
region, which deforms first. This is consistent with the prior cell 
modulus studies (Cao et al., 2006; Hu et al., 2018; Onwudiwe et al., 
2021; Holen et al., 2023) in which higher cell modulus was observed 
at the cell nucleus region compared to the cytoplasm region.

Strain field can be calculated from the displacement map given by 
DIC, using the Lagrangian finite strain tensor as shown in Eqs. (2)–(4). 
Representative shear strain versus time data was plotted in Fig. 4(a), 
which shows three-stage creep behavior as reported in a prior study (Hu 
et al., 2018). This creep behavior includes an initial linear viscoelastic 
deformation primary regime, a relatively small slope secondary regime 

with some viscoelasticity nonlinearity, and a last tertiary stage with 
rapidly increasing strain before cell detachment from the substrate. 
Linear viscoelastic modeling using specific versions of Eq. (5) to extract 
cell mechanical properties typically focuses on the initial primary 
regime, which is clearly distinguishable in Fig. 4(a).

Though it is noticed that three-stage creep behavior is not always 
clearly distinguishable. This would make the use of traditional visco
elastic models challenging due to the difficulty to identify the initial 
primary regime. Fig. 4(b) represents a complete creep-recovery process 

Fig. 3. Image sequences captured for an MCF-10A normal breast cell during a shear assay experiment with the calculated wall shear stress of 400 Pa.

Fig. 4. Shear strain versus time curves showing (a) representative primary, 
secondary, and tertiary three-stage creep behavior for the nucleus region of a 
less metastatic MDA-MB-468 breast cancer cell and (b) typical viscoelastic 
creep-recovery response as illustrated in Fig. 2(b).
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of the nucleus region of a less metastatic MDA-MB-468 breast cancer cell 
subject to shear flow until after its detachment from the substrate.

The creep part of the curve exhibits the three-stage creep behavior 
but to a much less degree and the linear viscoelasticity regime for 
modeling is not clearly distinguishable to be separated out. It might be 
required to assume negligible nonlinear viscoelasticity here in order to 
properly model the collected data. Fitting a carefully selected linear 
viscoelastic model such as the 3-element generalized Maxwell model 
illustrated in Fig. 2(a) to either the creep part or the complete creep- 
recovery process would help extract cell moduli and viscosities given 
the negligible nonlinear viscoelasticity assumption. Modern data 
science-based fPCA was used next to avoid these challenges in model 
assumption and model selection using traditional linear viscoelasticity 
modeling approach.

4.2. Functional principal component analysis

4.2.1. Creep compliance - time data smoothing
K-nearest neighbor (k-NN) algorithm-based kernel smoothing was 

used to smooth the creep compliance-time data in an effort to minimize 
potential undesired impacts from random data noises that could be due 
to shear assay imaging/DIC measurement errors or inherent system 
noise. The as-collected creep compliance versus time data of MCF-10A 
normal breast cells and its smoothed version after k-NN kernel 
smoothing are shown in Fig. 5(a) and (b), respectively. The number of 
neighbors was selected from values 2, 3, 4, and 5 by an optimization 
process based on Shibata's model selection criterion (Hurvich et al., 
1989).

4.2.2. Functional principal components
Table 1 summarizes the variance explained by the top four PCs for 

different sample sets in the investigation. It is obvious that the first PC 
dominantly explains the variance (above 98%) in the creep compliance 
data. The second PC can be another component that explains significant 
variance (around 1%). The other PCs seem trivial as they could only 
explain less than 0.4% variance each. Therefore, most of the information 
contained in the data should be mainly represented by the first and 
second PCs. This dimension reduction process could significantly 
simplify subsequent analysis because only the top two components 
would be needed.

The first to fourth PCs were calculated for different sample sets. 
Typical top PCs and the corresponding harmonics and models, in terms 
of how they are superimposed to the mean creep compliance function, 
are provided in Fig. 6. PC1 in Fig. 6(a) is positive for all the time with a 
monotonically increasing trend, representing the overall level of creep 
compliance deviation from the creep compliance mean function but 
with an increasing degree of deviation when the time increases.

The mode of this first PC can be clearly observed in Fig. 6(b), where 
the mean creep compliance function plus or minus the first PC is shown. 
The PC2 curve in Fig. 6(a) crosses the zero axis once from the positive 
creep compliance regime to the negative regime with a different trend 

on either side, which could be interpreted as the contrast of earlier creep 
compliance versus later creep compliance relative to the mean function. 
Fig. 6(c) clearly shows how this secondary mode makes individual creep 
compliance curves deviating from the mean creep compliance curve. 
Though the contribution of the second PC mode is very limited due to its 
much smaller explained variance (1%) compared to the explained 
variance for the first PC (98%).

The interpretations of PC3 and PC4 and their modes are not the focus 
of this study, due to their negligible explained variance (in total).

4.2.3. Clustering based on functional principal component scores
The first PC and the second PC scores of each measured creep 

compliance curve can be used as Cartesian coordinates to construct the 
score plots as shown in Fig. 7, which is based on the creep compliance 
data up to 0.4 s for the three investigated cell types. These score plots 
show distinguishable clusters of MCF-10A normal breast cells with less 
metastatic MDA-MB-468 TNBC cells, and highly metastatic MDA-MB- 
231 TNBC cells. Note PCs were calculated using both nucleus and 
cytoplasm data in Fig. 7(a)–(b), nucleus data only in Fig. 7(c), and 
cytoplasm data only in Fig. 7(d). Scores of cytoplasm and nucleus re
gions in Fig. 7(a) were separately displayed in Fig. 7(b). Fig. 7 shows 
that the clusters of MCF-10A normal breast cells and less metastatic 
MDA-MB-468 TNBC cells are clearly different from those of highly 
metastatic MDA-MB-231 TNBC cells in terms of cluster size, density, and 
center position. Both MCF-10A normal breast cell clusters and less 
metastatic MDA-MB-468 TNBC cell clusters have smaller sizes, more 
density, and more proximity to the lower values of PC1 than those of 
highly metastatic MDA-MB-231 TNBC cells. Though the difference be
tween MCF-10A normal breast cells and less metastatic MDA-MB-468 
TNBC cells is much smaller and less distinguishable, indicating poten
tial challenges in early cancer detection.

Since PC1 scores represent the main level of creep compliance, the 
order of the clusters of MCF-10A normal breast cells, less metastatic 
MDA-MB-468 TNBC cells, and highly metastatic MDA-MB-231 TNBC 
cells along the PC1 axis shows that MCF-10A normal breast cells have 
the highest stiffness, highly metastatic MDA-MB-231 TNBC cells have 

Fig. 5. Creep compliance versus time data of MCF-10A normal breast cells (a) as-collected and (b) after smoothing using a k-nearest neighbor algorithm.

Table 1 
Variance explained by the top four PCs - PC1, PC2, PC3, and PC4 for different 
sample sets. n = 897 for the sample set of nucleus and cytoplasm; n = 433 for the 
sample set of nucleus only; n = 464 for the sample set of cytoplasm only.

Functional 
Principal 
Components

Sample Sets Used

Nucleus +
Cytoplasm

Nucleus Only Cytoplasm Only

MCF-10A MDA- 
MB-468 MDA-MB- 
231

MCF-10A MDA- 
MB-468 MDA- 
MB-231

MCF-10A MDA- 
MB-468 MDA-MB- 
231

PC1 98.30% 98.39% 98.24%
PC2 1.10% 1.08% 1.16%
PC3 0.38% 0.32% 0.37%
PC4 0.12% 0.13% 0.12%
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the smallest stiffness, and less metastatic MDA-MB-468 TNBC cells are 
between, though with significant overlapping with the MCF-10A normal 
breast cells. This might suggest that cancer malignancy state could be 
detected from simple score plots directly based on creep compliance 

data from in-situ cell shear assay. The finding on cell stiffness from the 
perspective of cluster size, density, and center position in the PC1-PC2 
space is consistent with earlier reported shear modulus and viscosity 
measurements for these three types of cells (Hu et al., 2018; Onwudiwe 

Fig. 6. Top PCs and the corresponding harmonics/modes using nucleus and cytoplasm creep compliance data of MCF-10A, MDA-MB-468 and MDA-MB-231 cells: 
The top four PCs PC1, PC2, PC3, and PC4 in (a); The harmonics/modes of PC1 and PC2 in (b) and (c), respectively, where the mean function (solid 
curve) ± corresponding PCs are shown.

Fig. 7. FPCA score plots on PCs where PC1 and PC2 are constructed using creep compliance data up to 0.4 s for all three cell types. (a) both nucleus and cytoplasm 
data used and displayed together, (b) both nucleus and cytoplasm data used but displayed separately, (c) only nucleus data used, and (d) only cytoplasm data used.
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et al., 2021; Holen et al., 2023).
Fig. 7 also shows that score plots constructed from PCs that were 

calculated using either all nucleus and cytoplasm data, or only nucleus 
data, or only cytoplasm data show similar discrimination power for the 
three investigated breast cell types. This confirms highly metastatic 
MDA-MB-231 TNBC cells are mechanically significantly different from 
the other two types of cells and thus can be detected by the fPCA based 
score plots, though less metastatic MDA-MB-468 TNBC cells and MCF- 
10A normal breast cells are more mechanically similar and difficult to 
distinguish. This might have negative implications for early cancer 
detection of less metastatic TNBC cells.

It is noted that the clusters constructed using creep compliance data 
for a longer time period (up to 0.8 s) show even lower discrimination 
power between MCF-10A normal breast cells and less metastatic MDA- 
MB-468 TNBC cells than the corresponding fPCA focusing on earlier 
stage data (up to 0.4 s). This might highlight the importance of 
considering the timing of cell shear responses relative to their visco
elasticity relaxation time.

The relaxation time of MCF-10A and MDA-MB-468 ranged from 0.5 s 
to 0.7 s (Hu et al., 2018; Onwudiwe et al., 2021; Holen et al., 2023). 
When the shear data was considered up to 0.4 s, the cell shear responses 
before cell relaxation time were on focus. The cell shear responses that 
happened around or earlier than their viscoelasticity relaxation time 
could be more elastic because viscosity has a lagged effect compared to 
modulus in the viscoelasticity behavior of cells. The cell cytoskeleton 
needs time to reorganize to show full and complicated viscoelastic re
sponses. Therefore, more elasticity-driven earlier-stage data can more 
easily show the elastic modulus difference of the cells than the data from 
the longer time period.

4.3. Comparison of functional principal component analysis and linear 
viscoelastic modeling

Fig. 8 shows the PC1 scores of nucleus and cytoplasm regions of the 
studied three types of cells compared to their corresponding average 
modulus and viscosity estimated using a 3-element generalized Maxwell 
viscoelastic model in Fig. 2(a). Note the sample size n = 129 for MCF- 
10A nucleus region, n = 168 for MCF-10A cytoplasm region, n = 198 
for MDA-MB-468 nucleus region, n = 167 for MDA-MB-468 cytoplasm 
region, n = 106 for MDA-MB-231 nucleus region, and n = 129 for MDA- 
MB-231 cytoplasm region.

The PC1 scores of MCF-10A normal breast cells, less metastatic MDA- 
MB-468 TNBC cells, and highly metastatic MDA-MB-231 TNBC cells are 

83% negatively correlated with the average moduli and 85% negatively 
correlated with the average viscosities using the viscoelastic modeling 
curve fitting approach (Hu et al., 2018; Onwudiwe et al., 2021). This 
suggests that the functional principal component analysis based PC1 
score, as a cell overall compliance measure, is directly correlated with 
cell viscoelasticity and the related cancer malignancy.

The PC1 scores of the nucleus region are statistically significantly 
smaller than those of the cytoplasm region (p < 0.05) for all three types 
of cells, indicating that the nucleus region is much stiffer than the 
cytoplasm region, although with high coefficient of variation in the 
cytoplasm region. These results are consistent with the observations of 
the Young's modulus of the cytoplasm and the nuclei of the three cell 
lines obtained using viscoelastic modeling in a prior study by our 
research group (Hu et al., 2018).

The PC1 scores either between MCF-10A normal breast cells and 
highly metastatic MDA-MB-231 TNBC cells or between less metastatic 
MDA-MB-468 TNBC cells and highly metastatic MDA-MB-231 TNBC 
cells are all statistically significant (p < 0.05 for both nucleus and 
cytoplasm), though the difference of the PC1 scores between MCF-10A 
and MDA-MB-468 were not statistically significant (p = 0.20 for cyto
plasm and p = 0.31 for nucleus). This might indicate potential chal
lenges in differentiating early stage of cancer purely based on the mean 
value of PC1 scores. Though the cluster of PC1 scores, as shown in Fig. 7, 
bring new perspectives for distinguishing early stage of cancer by 
introducing other features of the PC1 scores such as distribution, den
sity, and size etc. in addition to the center position/mean position.

While the viscoelastic modeling of the properties of the cells clas
sifies their different states into either metastatic or non-metastatic, it 
often relies on human subjective judgement for model selection. This 
poses some limitations in its objective use for the detection of early-stage 
triple negative breast cancer. On the other hand, the use of fPCA might 
provide more unbiased, effective, and data-driven classification of cells 
independent of cellular response and characteristic viscoelastic model 
fit.

4.4. Correlation between first functional principal component and actin 
cytoskeletal structure

The first PC measures the cell overall creep compliance level which is 
the inverse of cell stiffness. Actin cytoskeletal structure that plays a 
crucial role in cell stiffness can be examined using immunofluorescence 
microscopy. It is worthwhile to compare the actin cytoskeletal structure 
of highly metastatic MDA-MB-231 TNBC cells that are easily detectable 
by the first PC, with the normal MCF-10A breast cells to reveal potential 
correlation.

Fig. 9 shows the immunofluorescence image of a highly metastatic 
MDA-MB-231 TNBC cell compared with an MCF-10A normal breast cell. 
In the normal MCF-10A breast cell, a tightly compacted actin cytoskel
etal network can be observed. Conversely, the highly metastatic MDA- 
MB-231 TNBC cell displays a more scattered arrangement of actin fila
ment bundles. This remarkable difference in the actin filament bundle's 
density and structure is consistent to the comprehensive confocal 
immunofluorescence microscopy studies of MDA-MB-231 highly meta
static TNBC cells and MCF-10A normal breast cells that have been done 
in our group (Hu et al., 2018; Onwudiwe et al., 2021).

The significant decrease of density from normal cells to highly 
metastatic cells is consistent with the trend of the first PC scores in Fig. 8. 
The scores on PC1, i.e. overall compliance level, were observed to 
significantly increase from normal MCF-10A breast cells to highly met
astatic MDA-MB-231 TNBC cells. This significantly increased compli
ance could help cancer cells to easily squeeze into much smaller pores/ 
capillaries to facilitate their migration to other organs. (Paul et al., 2017; 
Leuschner et al., 2006).

Fig. 8. The PC1 scores of nucleus and cytoplasm regions of normal breast cells, 
less metastatic MDA-MB-468 TNBC cells, and highly metastatic MDA-MB-231 
TNBC cells MCF-10A compared to their corresponding average modulus and 
viscosity estimated using linear viscoelastic modeling. Error bar shows the 
standard deviation.
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4.5. Implications

This novel fPCA data science method can be potentially utilized to 
detect highly metastatic breast cancer malignancies due to fPCA's un
biased nature compared to viscoelastic models. The fCPA utilizes its 
data-driven technique to capture underlying data structure without 
making strong assumptions about the underlying processes, thus pred
icating outcomes without a specific prior model for cellular properties. It 
confirms objectively that less metastatic TNBC cells are mechanically 
and visco-elastically similar to the normal breast cells. However, we 
might need to explore alternative methods to detect cancer during the 
early stages of cancer development.

Another significant advantage of employing fPCA is its quick, easy, 
interpretable, and automatic nature. By circumventing viscoelastic 
modeling related primary regime determination, model selection, and 
associated nonlinear model fitting, this approach minimizes potential 
sources of variance, convergence issues, and time-consuming and costly 
measurements of mechanical properties such as modulus and viscosity. 
The automatable potential of this method might be suitable for future 
microfluidic tumor-on-a-chip systems.

The use of fCPA might also greatly improve the amount of useable 
data for the classification of cells. This would further enhance the 
development of mechanical biomarkers for the detection of challenging 
cancers such as TNBC, reducing computational cost and improving ef
ficiency. The need for improved techniques to capture early deviations 
in normal cellular behavior necessitates the use of fPCA which repre
sents a novel approach to better utilize unique disparities in cellular 
behavior to characterize cell states and develop biomarkers for early 
detection of diseases.

This study provides a strong connection between creep compliance- 
based data science and traditional cell viscoelasticity modeling for shear 
assay experiments. The study can be extended to study different 
biomechanics properties due to different cell malignancy statuses, 
different cell types, and different cell-extracellular fluid environments. 
This interdisciplinary approach to biomechanics allows for a more 
comprehensive understanding of cell deformation under shear stresses, 
potentially leading to more effective solutions for future identification of 
disease diagnostics and treatment based on biomechanics biomarkers.

5. Conclusions

This paper presents a data science method for the unbiased analysis 

of the in-situ shear responses of non-tumorigenic breast cells and breast 
cancer cell lines at different stages of cancer development. The method 
involved novel fPCA, in addition to more established protocols that use 
shear assay experiments and DIC techniques. This offers a promising 
avenue for the development of mechanical biomarkers and methods for 
cancer diagnosis. The method also uncovers valuable insights into the 
dis-similarity and similarity of viscoelastic properties of breast cells at 
different stages of tumor progression. The correlations between cell 
mechanical responses and cancer malignancy are explored before dis
cussing the implications of the current work for early cancer diagnostics 
and therapies.
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