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1 Introduction

Comprehensive characterization of complex,
in vitro models is paramount for advancing knowledge of
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In vitro models aim to improve biomimicry of in vivo tissues and disease processes. Decellularized extra-
cellular matrix (dECM) scaffolds mimic cellular interactions with 3D tissue architecture. These complex 3D
models require parallel advancements in analytical methods to quantify functional outputs with respect to
scaffold architecture and recellularization while retaining spatial integrity. Current imaging methods opti-
mized in other engineered model systems are limited in their application to dECM due to the inherent thick-
ness, high heterogeneity, opacity and autofluorescence of dECM material. Sacrificial sample preparation
methods like digestion and tissue sectioning are tedious and reduce the amount of spatially relevant infor-
mation that can be extracted. Further, imaging depth and resolution are limited due to light scattering within
large opaque scaffolds. We aimed to optimize optical imaging and analysis protocols to overcome imaging
challenges and enable quantitative assessments of dECM models, demonstrating a use case in engineered
in vitro cancer microenvironments. We first combined a series of established sample preparation methods
including tissue clearing agents and cell labeling dyes, to optimize dECM scaffold compatibility with volu-
metric light sheet fluorescence microscopy (LSFM) imaging. We then developed image analysis algorithms
capable of overcoming the segmentation limitations of established methods to accurately quantify scaffold
porosity as well as cellular occupation and migration at the single cell level within dECM scaffolds. We auto-
mated this analysis to increase usability for large data sets and applied the imaging methods to a porcine
liver-derived dECM scaffold model, called a biomatrix. Biomatrices recellularized with colorectal cancer
spheroids model liver metastasis. The LSFM imaging and analysis successfully detected increased cell
numbers between 3 and 5 days of culture on the dECM biomatrix, and the loss of cells in oxaliplatin-treated
biomatrices. With the ability to resolve these key changes in proliferation, invasion and therapeutic response,
this optimized set of imaging and computational tools will aid in the mechanistic and therapeutic discovery
of colorectal cancer liver metastasis. Broadly, the increased volume and resolution of imaging data from our
methods can extract spatially relevant scaffold and cellular information within the context of any dECM
model, increasing its adoptability to probe complex biological behaviors across diseases.

disease mechanisms and developing novel therapies.
Biomaterials models like decellularized extracellular matrix
(dECM) scaffolds hold significant promise in areas such as
cancer discovery and tissue engineering,'® yet their effective
utilization hinges on the availability of advanced analytical
tools. The application of dECM models to metastatic cancer
discovery is of particular interest.” " In dECM metastatic
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cancer models, cancer cells are seeded onto and migrate
within scaffolds to mimic metastatic organ colonization. To
analyze hallmark metastatic behavior within such models,
precise quantification of changes in nest size and invasion
depth over time are paramount. Unfortunately, the large size,

This journal is © The Royal Society of Chemistry 2025


http://rsc.li/biomaterials-science
http://orcid.org/0000-0002-1540-3510
http://orcid.org/0009-0001-8948-9628
http://orcid.org/0009-0004-0979-2187
http://orcid.org/0000-0002-8129-2871
http://orcid.org/0000-0002-4631-7762
http://crossmark.crossref.org/dialog/?doi=10.1039/d5bm00630a&domain=pdf&date_stamp=2025-09-17
http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5bm00630a
https://pubs.rsc.org/en/journals/journal/BM
https://pubs.rsc.org/en/journals/journal/BM?issueid=BM013019

Open Access Article. Published on 13 August 2025. Downloaded on 1/9/2026 11:35:14 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Biomaterials Science

opacity and nonuniform architecture of dECM scaffolds make
this characterization difficult. On account of resolution and
adaptability limits, available imaging and image analysis
methods are insufficient to identify subtle but key differences
in the context of cancer progression.'***

We previously developed a porcine liver dECM scaffold,
called a biomatrix, that maintained physiological porosity and
stiffness of native tissue with no detectable native porcine
DNA. These liver biomatrices were repopulated with colorectal
cancer cell clusters (spheroids) to model and investigate meta-
static behavior in bioengineered colorectal cancer liver metas-
tases (CRLM)." In the engineered CRLM model, spheroids
colonized the biomatrix and adopted mesenchymal, invasive
genotypes and resistance to chemotherapy.! In addition to
molecular genotyping, invasion and colonization of the bioma-
trix were assessed using multiphoton microscopy (MPM) and
second harmonic generation (SHG) imaging. The integration
of these optical imaging methods into cancer engineering
allowed quantification of metastatic colonization in the dECM
liver biomatrix. However, the impact of MPM and SHG
imaging was limited by weak optical signals leading to low
resolution, slow acquisition speeds (>1 hour) restricting feasi-
bility and scalability, and an imaging depth of only ~100 pm
below the biomatrix surface due to high scattering of the
tissues." These barriers prevented the analysis of MPM data
from resolving any differences in cancer cell invasion into the
biomatrix; furthermore SHG data also did not provide any
architectural insights into the dECM biomatrix itself."

Toward addressing these limitations, this study presents
optimized sample processing, imaging, and analysis tech-
niques for 3D volumetric visualization and quantification of
biomatrix architecture and cells. The power of the integrated
microscopy and analysis techniques is demonstrated using our
previously established dECM-based engineered CRLM model.
Composed of decellularized porcine liver biomatrices repopu-
lated with 3D cancer spheroids, the engineered CRLM model
mimics the physiological process of metastatic nest formation
from circulating tumor cells in vivo."'>'® Our early work
demonstrated this model’s potential for therapeutic screening,
even when examined with the previously limited analytical
methods. Motivated by these promising implications, we
began developing an improved optical imaging and analysis
pipeline with the goal of more precisely visualizing and quanti-
fying ECM architecture and cellular behavior throughout the
3D volume of dECM biomatrices. We hypothesized that
uniquely combining and optimizing sample preparation and
imaging techniques with a custom analysis platform would
enable extraction of porosity, colonization and invasion infor-
mation, thereby improving understanding of metastasis and
novel therapeutic strategies for CRLM. We demonstrated the
power of light sheet fluorescence microscopy (LSFM), in com-
bination with our custom image analysis program, to evaluate
progressive colorectal cancer by resolving expected time-depen-
dent growth and invasion kinetics and loss of cells in response
to chemotherapy. Importantly, the multi-step analysis pro-
cedure was automated for feasibility with large datasets pro-
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duced by dECM models. With the improved ability to charac-
terize dECM and detect spatial variations in cellular behavior
with limited user time demand, the presented techniques
offer an avenue to extract valuable spatial information of cell-
biomaterial interactions which has been otherwise limited or
difficult to obtain using previous methods. As such, we expect
they can increase the utility and diversify the implementation
of dECM models for cancer and other applications.

2 Materials and methods
2.1 Materials

The HCT116 human colorectal cancer cell line was purchased
from American Type Culture Collection (ATCC; Manassas, VA).
All cell culture and tissue processing reagents were supplied by
ThermoFisher Scientific (Waltham, MA) unless otherwise
specified. Fetal bovine serum (FBS) was purchased from Peak
Serum (Bradenton, FL), Nycodenz from Serumwerk (Bernburg,
Germany), and dichloromethane, ethyl cinnamate (EC), and
pepsin from Sigma Aldrich (St Louis, MO).

2.2 Tissue decellularization

Whole porcine livers were donated in excess by Rosenthal
Meat Science and Technology Center in the Department of
Animal Science at Texas A&M University. Decellularized extra-
cellular matrix (dECM) scaffolds (biomatrices) were generated
from 1-2 whole livers via previously reported methods used to
establish the biomimetic metastasis model." dECM bioma-
trices are engineered by whole porcine liver sectioning and
decellularization through a 9-day series of agitated washes con-
ducted at 4 °C, with solutions changed daily as summarized by
Fig. 1A. Liver sections were washed for 3 days with water, fol-
lowed by 3 days in detergent (1% Triton X-100, 0.1%
ammonium hydroxide). Enzymatic digestion of remaining cel-
lular DNA was achieved through a 1-hour static incubation
with 1 U mL™" DNAse treatment at 37 °C, and a final 3 days in
water washed away decellularization reagents prior to lyophili-
zation. For characterization, liver tissue sections were paused
at each stage of the decellularization process and were ana-
lyzed fresh for biochemical composition or fixed for imaging.

2.3 Biomatrix characterization

Decellularization was confirmed by quantification of DNA iso-
lated from minced tissue samples (fresh liver or dECM bioma-
trix) following manufacturer’s tissue-specific protocols for the
QIAmp DNA micro kit (Qiagen, Hilden, Germany). DNA con-
centrations were normalized to tissue wet weight prior to
mincing and isolation to produce ng pL™' mg™' values.
Swelling was assessed by immersing biomatrices in deionized
water for 24 hours and comparing the mass from the dry state
to final swelled state after pat drying.

Biochemical analysis was conducted on fresh or decellular-
ized liver digested for 5-9 days with 1 mg mL™" pepsin in 0.01
M HCI. Digested samples were spun to pellet any undigested
material, and the supernatant was characterized. Total protein

Biomater. Sci, 2025, 13, 5442-5459 | 5443


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5bm00630a

Open Access Article. Published on 13 August 2025. Downloaded on 1/9/2026 11:35:14 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

View Article Online

Biomaterials Science

Paper

A B C D

FRESH

liver tissue

150 - 1.09 3 Fresh (Stage 1)
dECM (Stage 4)

c *k
S st S
2 g0 W
k]
€ 0.6
2 60 v
.: 0.44
= 40 Stage 3
0.24
20 — — . . 4
4000 3500 3000 2500 2000 1500 1000 500
0.0-

-1
Wavenumber (cm™) Hydroxyproline GAGs

-

N

Cd
1

DNA content (ng/ul/mg)
o & 8 & 8
1 1 1 1 1
= ‘

Thin disc
SECTIONING

(stace1)
STAGE 1 D

uglug total protein

Fresh dEC
(Stage 1) (Stage 4)

STAGE 1 STAGE 2 STAGE 3 STAGE 4
N TN

((stace3)

LYOPHILIZATION
72 hr

REHYDRATION
FBS; 30 min

DECELLULARIZED

liver biomatrix

Fig. 1 Tissue decellularization and biomatrix characterization. (A) Schematic of porcine liver decellularization process to produce biomatrices. For
biomatrix characterization, samples were paused after initial sectioning (stage 1), washing and detergent treatment (stage 2), enzymatic digestion
(stage 3) and lyophilization and rehydration (stage 4). (B) Decellularization efficiently reduced DNA content from 104.8 + 15.63 ng uL™* mgt in fresh
liver (stage 1) to 3.86 + 1.00 ng L™ mg™ in the liver biomatrix (stage 4). (C) FTIR spectra demonstrate that the collagen network of native liver
tissue (stage 1) was preserved throughout the decellularization process. The rehydrated dECM biomatrix (stage 4) produced an FTIR spectrum
characteristic of collagen with key absorption bands at amide | (~1630 cm™), amide Il (~1555 cm™), amide Ill (~1260 cm™), amide A
(3200-3400 cm™?) and amide B (~2920 cm™) indicated by the blue arrows. (D) Hydroxyproline and GAGs were both detected in dECM biomatrices.
Fresh liver tissue (stage 1) is largely comprised of cells, leading to low hydroxyproline levels (1.79 + 0.08% of total protein) which increased signifi-
cantly in dECM samples (stage 4) to 26.13 + 4.63% (**p < 0.01, unpaired t test). GAG content was maintained through decellularization (compare
0.70 + 0.06 pg GAGs per ug total protein at stage 1 to 0.42 + 0.22 pg pg™ at stage 4; ns, unpaired t test). (E) Representative images of trichrome-
stained sections show the presence of collagen fibers (blue) which are surrounded by cells (red) in fresh tissue (stage 1). Large cell areas are
removed by stage 2 with some examples of residual cellular material indicated by the pink arrows. Nearly all residual red stain is gone by stage 3 indi-
cating the successful removal of cells. The interconnected, porous architecture of the collagen appears to be upheld throughout the decellulariza-

tion process (stages 2—4) with slight visually apparent compacting of collagen fiber structures upon lyophilization in stage 4.

content was measured using the Pierce BCA protein assay kit
before targeted analysis with the hydroxyproline and glycosa-
minoglycans (GAGs) assay kits from Chondrex, Inc.
(Woodinville, WA) following manufacturer’s protocols.
hydroxyproline quantification, the samples were hydrolyzed in
10 N HCI at 120 °C for 24 hours. The hydrolysates were mixed
with 1x Chloramine T and incubated for 20 minutes at room
temperature.  Subsequently, 1x DMAB (4-dimethyl-
aminobenzaldehyde) was added and incubated for 30 minutes
at 60 °C. Absorbance was read at 560 nm on an Epoch2
Absorbance Microplate Reader using Gen5 software (BioTek
Instruments, Winooski, VT), and compared to a standard
curve to quantify hydroxyproline content. GAG content was
determined using a DMB (1,9-dimethylmethylene blue) solu-
tion to quantify sulfated GAGs with a chondroitin sulfate stan-
dard. Absorbance measurements were collected within
5 minutes of mixing samples with the dye solution at 530 nm.
For Fourier transform infrared spectroscopy (FTIR),
samples were air dried and analyzed with a Nicolet 380 FTIR
spectrometer (ThermoFisher Scientific). The system acquired

For
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64 scans with 1.929 cm™* resolution in transmission mode.

The EZ OMNIC software was used to acquire and identify
peaks in the FTIR spectra data.

For imaging, samples were fixed with 4% paraformaldehyde
(PFA; Santa Cruz Biotechnology, Dallas, TX) solution prior to
paraffin embedding and sectioning by the Veterinary Medicine
and Biomedical Sciences Core Histology Lab (RRID:
SCR_022201). Slides containing 20 um-thick sections were
deparaffinized with xylene and stained using a Masson’s tri-
chrome stain kit (StatLab Medical Products; McKinney, TX).
Representative images were taken on an inverted microscope
fitted with the AmScope MU 20.0MP Camera (AmScope, Irvine,
CA).

2.4 Cell culture

HCT116 cells were cultured in Dulbecco’s Modified Eagle
Medium (DMEM) supplemented with 10% heat-inactivated
FBS and 1x antibiotic-antimycotic solution. A lentivirus encod-
ing the mCherry fluorescent protein (Genecopoeia, Rockville,
MD) was used to transduce the cells for imaging purposes,

This journal is © The Royal Society of Chemistry 2025
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following protocols established previously."”” From standard
monolayer culture, 100 HCT116™"*™ cells were seeded into
each well of a hanging drop array and cultured for 4 days to
generate 3D spheroids."®

2.5 Generation and monitoring of engineered colorectal
cancer liver metastasis (CRLM)

Previous work in our lab confirmed the ability to use compact
tumor spheroids to generate in vitro CRLM within decellular-
ized liver biomatrices." Day 4 colorectal cancer spheroids were
mechanically dissociated into small clusters and seeded at a
density of 20 spheroids/0.5 mg biomatrix onto 0.50-1.00 mg
(dry weight) sections of liver biomatrix. CRLM samples were
maintained for up to 5 days with media replacement on day 3.
On day 3, media was removed from all CRLM biomatrices and
replaced with either fresh media (control) or media containing
500 pM oxaliplatin (MedChem Express, Monmouth Junction,
NJ).

An MTS viability assay (Abcam, Cambridge, UK) was per-
formed to evaluate successful biomatrix colonization by cancer
cells as well as proliferation over time. At each timepoint of
interest (days 0, 3, 5), CRLM biomatrices were transferred to
individual wells of a 96-well plate containing the MTS reagent
and complete culture medium (1:10). After a 2-hour incu-
bation at 37 °C, absorbance was measured at 490 nm on a
Cytation 7 Microplate Reader (BioTek Instruments).
Absorbance measurements taken on day 0 were averaged for
each experiment and used to normalize all succeeding day 3
and 5 measurements to report fold change in proliferation
over time. Proliferation data were visually validated by scan-
ning electron microscopy (SEM). To prepare for SEM, CRLM
biomatrices were subjected to overnight fixation in 4% PFA at
4 °C prior to dehydration by a graded ethanol series and lyo-
philization. Finally, gold coating was performed using a
Cressington Vacuum Sputter Coater 108 (Ted Pella, Inc.,
Redding, CA) to produce highly conductive samples for
imaging with a Quanta 600 field emission-scanning electron
microscope (FEI Company, Hillsboro, OR).

2.6 Optical clearing of CRLM scaffolds

A  modified iDISCO+ (Immunolabeling-enabled three-
Dimensional = Imaging of  Solvent-Cleared  Organs)
procedure™?! was optimized and performed starting with a

methanol/H,0O dehydration series. Clearing was achieved with
a 6-hour incubation in a solution of 66% dichloromethane/
33% methanol at room temperature with gentle shaking.
Finally, the samples were transferred to ethyl cinnamate (EC)
for refractive index matching and imaging. Matching was
achieved with overnight incubation on a tube rotator at room
temperature, and samples were subsequently stored in EC at
room temperature until imaging.

To analyze clearing methods, uncleared biomatrices were
compared to those cleared with either the previously used
refractive index matching solution (RIMS)" or the iDISCO+/EC
procedure. For RIMS, fixed samples were simply submerged in
a Nycodenz/phosphate buffer solution and equilibrated at

This journal is © The Royal Society of Chemistry 2025
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least overnight.>”> Empty biomatrices (not seeded with spher-
oids) cleared with each method were imaged with light sheet
fluorescence microscopy (LSFM; section 2.9) in the corres-
ponding immersion medium. The central slice of the image
stack was chosen for analysis of maximum imaging depth. An
intensity profile was plotted in Image] to visualize contrast
and resolution with depth.

2.7 Confocal fluorescence microscopy of CRLM

Confocal fluorescence microscopy of CRLM biomatrices was
performed using a Leica SP8 confocal fluorescence microscope
(Leica Microsystems, Wetzlar, Germany) with a 10x 0.40 NA
objective lens. Biomatrices were placed on a microscope slide
in an orientation such that they would have minimal depth. A
coverslip was not placed on the biomatrix to avoid com-
pression of the dECM architecture and cell morphology. The
mCherry fluorophore was excited at an illumination wave-
length of 585 nm and imaged at 600-700 nm. Volumes were
acquired using the full objective travel range (500 pm).

2.8 Cellular labeling with BioTracker 655 nm cytoplasmic
membrane dye and DAPI nuclear stain

After culturing, fixation, clearing, and imaging of mCherry"
CRLM biomatrices, increased signal intensity and image con-
trast were desired to aid in cell segmentation. Samples were
subsequently stained with BioTracker 655 nm Red Cytoplasmic
Membrane Dye (Sigma Aldrich) according to the manufac-
turer’s protocol to increase the detectable fluorescent signal as
endogenous fluorescence was apparently quenched through
the clearing process. Briefly, cleared CRLM biomatrices were
incubated in 500 pL EC mixed with 1 pL of BioTracker for
1 hour at 37 °C on a tube rotator. Following a 10-minute static
incubation at room temperature to allow biomatrices to settle
by gravity, the solution was removed and replaced with fresh
EC for another 10 minutes at 37 °C with rotation. Three EC
washes were completed in total. To confirm the accuracy of
BioTracker dye labeling, CRLM samples were additionally
stained with 1 ug mL™" DAPI (4',6-diamidino-2-phenylindole)
nuclear stain.

2.9 Light sheet fluorescence microscopy (LSFM) of CRLM

LSFM of CRLM biomatrices was performed using a ZEISS Z.7
light sheet microscope (ZEISS Microscopy, Oberkochen,
Germany) with 5x 0.1 NA illumination and 5x 0.16 NA detec-
tion objective lenses. All biomatrices were imaged using EC as
the immersion medium and the objective lens correction
collar was set accordingly (n = 1.56). All LSFM volumes were
acquired using the central 1000 x 1920 (XY) pixels, dual sided
illumination and pivot scanning for uniform illumination and
axial resolution across the 3D volume. A 0.52x optical zoom
(i.e. 2.6x effective magnification) was used to achieve isotropic
1.79° pm® voxels.

Volumes targeting mCherry contrast were acquired before
BioTracker labeling. mCherry was illuminated with 561 nm
and detected with a 585+ nm emission filter. An illumination
power of 40-50 mW (laser output) and camera integration time

Biomater. Sci, 2025, 13, 5442-5459 | 5445
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of 100 ms per frame were used to image mCherry and fill the
16-bit camera dynamic range. Conversely, BioTracker was illu-
minated with 638 nm and detected with a 660+ nm filter.
Approximately 1.5 mW of 638 nm excitation power (laser
output) was used to excite the BioTracker dye with an inte-
gration time of 20 ms per frame. For DAPI visualization,
samples were illuminated with 25 mW of 405 nm excitation
power and detected with a 420-470 nm emission filter. Cells
and the biomatrix architecture were imaged simultaneously
for each sample. For this reason, dECM autofluorescence
signal was collected using varied excitation and emission wave-
lengths, depending on the corresponding wavelengths needed
for cell fluorescent labels within the scaffolds. For empty bio-
matrix samples used to assess optical clearing, autofluores-
cence was illuminated with 561 nm and detected with the
585+ nm emission filter using an illumination power of
20 mW (laser output) and camera integration time of
100-150 ms per frame.

2.10 Biomatrix scaffold segmentation and porosity

LSFM volumes were acquired with 5% pixel overlap for manual
stitching with Imaris image analysis software (Oxford
Instruments, Abingdon, UK) and converted to 16-bit TIFF files.
2D image stacks were pre-processed in MATLAB (MathWorks,
Natick, MA) to increase fluorescence contrast of the scaffold
throughout the stitched LSFM volume. The biomatrix structure
was then segmented using a series of image filters in MATLAB.
A Hessian-based filter was applied to identify ridge-like fea-
tures, followed by binarization using a high-pass filter and an
additional high-pass filter to remove small segmented but dis-
connected objects to produce the final segmented biomatrix.
The total volume of the biomatrix envelope (ie. biomatrix
convex hull) was then also segmented with a series of morpho-
logical dilation, erosion, and flood-fill operations. The total
volumes (um®) of each biomatrix (ECM-occupied space) and
envelope (total volume of biomatrix with pores) were calculated
by multiplying the number of binarized voxels of each channel
with the voxel volume. Porosity was quantified using the fol-
lowing equation:

(1)

biomatrix volume
—F X | X 100.
envelope volume

Porosity (% ) = <1 -

2.11 Processing of LSFM volumes for quantitative image
analysis of 3D dECM biomatrix cellular invasion

For segmentation of cells, stitched 3D volume TIFFs were pre-
processed in Image] to increase the contrast of cells from deep
planes within the biomatrix. The contrast-enhanced volumes
underwent high-pass Fourier transform filtering before being
binarized using the global thresholding IsoData method.** A
watershed transformation was performed to split touching
objects. Cell-segmented 3D TIFF volumes were converted to .
ims files for cell invasion analysis in Imaris.

Graph-cut segmentation was performed using the Image
Segmenter application in MATLAB. LSFM z-stacks were
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screened in Image] to identify a suitable optical plane contain-
ing foreground (cells) and background (biomatrix and pores)
objects for manual pre-training. Whole cell areas were labeled
as foreground pixels without overlapping regions. The bioma-
trix, pores, and void region outside the biomatrix were labeled
as background pixels. Binary output images were created and
saved as TIFF files.

For deep learning cell segmentation, iLastik (version 1.4.0.
postl-gpu) was run on a 64-bit Windows laptop equipped with
an NVIDIA GeForce RTX 2070 GPU. The neural network
module was employed, utilizing the 3D StarDist model for
single cell segmentation. The 3D StarDist model was obtained
pre-trained to segment individual cell nuclei from 3D volumes
(not with our datasets), which was applicable to the CRLM bio-
matrix model, as cancer cells in our datasets exhibited compar-
able ovoid morphology to the pre-trained dataset. The resul-
tant .h5 files were opened in MATLAB and binary masks were
saved as TIFF files.

2.12 Statistical analysis

Statistical analysis and hypothesis testing were performed with
MATLAB and Prism 10 (GraphPad Software, Boston, MA) soft-
ware. All reported values represent the mean and standard
error of the mean taken from 3-5 biological replicates (experi-
mental iterations) and multiple technical replicates (individual
biomatrices) per condition. DNA quantification was displayed
as ng of DNA per pL of volume and normalized to tissue wet
weight (mg) prior to digestion and quantification.
Hydroxyproline and GAG content measurements were pre-
sented as proportions (ug pg™') of total protein content in
each sample. Cell viability measurements from each experi-
ment were normalized to the mean MTS assay absorbance of
parallel day 0 control samples to report fold change in viability
over time.

3 Results

3.1 Decellularization removes cellular content while
upholding biochemical composition of liver tissue

The decellularization process for porcine liver tissues includes
sectioning, water and detergent washes, DNAse treatment, lyo-
philization, and rehydration (Fig. 1A). Decellularization
efficiency was confirmed by measuring DNA content normal-
ized to tissue weight. Fresh liver tissue sections produced
104.8 + 15.6 ng pL~" mg~' DNA whereas liver biomatrices
measured significantly lower at 3.9 + 1.00 ng uL™" mg™*, for a
96% reduction (****p < 0.0001, unpaired ¢ test, Fig. 1B). A
24-hour swelling test showed decellularized biomatrices suc-
cessfully retained water to increase their mass 2.64 times from
their lyophilized state.

To evaluate the effects of the decellularization process on
the tissue structure, biochemical composition analysis via
Fourier transform infrared spectroscopy (FTIR; Fig. 1C), col-
lagen and glycosaminoglycans (GAGs) quantification, and tri-
chrome histology (Fig. 1E), was performed on representative

This journal is © The Royal Society of Chemistry 2025
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tissues subjected to various decellularization steps.
Unprocessed fresh sections (stage 1) were compared with
tissues evaluated after detergent washes (stage 2), DNAse treat-
ment (stage 3), and lyophilization and subsequent rehydration
(stage 4). The FTIR spectrum of stage 1 tissue exhibited promi-
nent peaks at approximately 3200-3400 cm™" (amide A, N-H
stretching), 2920 cm™" (amide B, N-H stretching), 1631 cm™"
(amide I, C=O stretching), 1555 c¢cm™"' (amide II, N-H
bending), and 1260 cm™' (amide III, C-N stretching).?*">¢
Stage 2 and 3 samples produced FTIR spectra containing
similar peaks, indicating that the detergent and enzymatic
treatments did not significantly affect the tissue composition.
Following lyophilization and rehydration of the decellularized
tissue (stage 4), the original peaks were conserved (Fig. 1C).
The FTIR spectra collected from stages 1-4 resemble that of
collagen,”®*” indicating a strong presence of collagen in fresh
porcine liver tissue that is maintained throughout the decellu-
larization process. FTIR contributions from cellular com-
ponents are present but comparatively minimal to collagen
within the dECM biomatrix.>®

With these data, and the prior knowledge that the liver is a
collagen-rich environment, the maintenance of collagen
through decellularization was assessed by quantification of
hydroxyproline. Hydroxyproline content was 26.13 + 4.63% of
total protein within the dECM biomatrices, further indicating
a high estimated collagen content upheld through decellulari-
zation (Fig. 1D). In fresh tissue where the majority presence of
cells contributed to protein quantity and diversity, hydroxypro-
line only represented 1.79 + 0.08% of protein (**p < 0.01,
unpaired ¢ test, Fig. 1D). GAGs were also measured and were
robustly maintained within liver tissue through the decellulari-
zation process (compare 0.70 = 0.06 pg GAGs per pg total
protein at stage 1 to 0.42 + 0.22 pg ug_1 at stage 4; ns, unpaired
¢ test, Fig. 1D).

Masson’s trichrome staining visually corroborated these
findings. Fresh porcine liver tissue (stage 1) sections show
black-stained nuclei within red cells fully surrounding intact
blue collagen fiber bundles (Fig. 1E). Successful decellulariza-
tion was confirmed by a majority loss of black and red-stained
structures by stage 2. Residual cellular material was cleared by
stage 3 and collagen presence and structure was maintained
through all 4 stages. Following lyophilization and rehydration
(stage 4), qualitative assessment of the trichrome staining
suggests that the collagen pores were maintained while col-
lagen fiber bundles were slightly more concentrated than
those of earlier stages.

3.2 Optical clearing protocols enhanced imaging depth and
contrast in dECM biomatrices

Optical clearing can improve imaging depth by reducing light
scattering within tissues. Here, the improvement in light sheet
fluorescence microscopy (LSFM) imaging depth was compared
between an uncleared biomatrix and biomatrices cleared with
refractive index matching solution (RIMS) or iDISCO+/EC pro-
tocols (Fig. 2). To evaluate the improvement in image contrast
after optical clearing, representative LSFM images of collagen

This journal is © The Royal Society of Chemistry 2025
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autofluorescence were qualitatively compared, and an intensity
profile line along a central image slice from each dataset was
quantified, as the central image slice corresponds to the
deepest plane and most challenging-to-image region of the
biomatrix relative to the microscope objective lenses.
Uncleared biomatrices did not permit LSFM illumination nor
visualization of the interior architecture (Fig. 2A). The fluo-
rescence intensity along the central slice decreased rapidly
with depth (Fig. 2B), with resolvable intensity peaks detected
only within approximately 437 pm of the tissue surface. The
first derivative of the intensity profile highlights sharp inten-
sity changes, effectively localizing object and structure bound-
aries. Higher absolute values of the first derivative of the inten-
sity line profile signify higher image contrast (resolvable
signal), which is necessary to resolve and segment separate
objects, such as collagen pores. The first derivative of the
intensity line profile of the uncleared tissue decreased at a dis-
tance of 437 pm from the biomatrix surface, indicating the
loss of high contrast and resolvable signal beginning at this
depth (Fig. 2C).

The Nycodenz-based RIMS clearing protocol’ improved
LSFM imaging depth within the biomatrix compared to
uncleared biomatrices. Greater signal and contrast were visibly
apparent in the representative central slice image (Fig. 2D) and
in the intensity profile (Fig. 2E). However, LSFM of the RIMS-
cleared biomatrix only achieved visualization within approxi-
mately 2 mm below the biomatrix surface. A sharp drop in con-
trast was observed in the first derivative curve of the line
profile of RIMS-cleared biomatrices at an interior depth of
2035 pm (Fig. 2F).

The optimized iDISCO+/EC protocol permitted high-fidelity
visualization of the entire biomatrix structure in 3D. Even at the
depth of the center slice of the image stack, there was sufficient
signal and contrast to identify the porous dECM architecture
(Fig. 2G). The intensity profile showed minimal loss of resolu-
tion or contrast throughout the volume (Fig. 2H). High image
contrast was also preserved throughout the thickness of the bio-
matrix, evident by the derivative curve maintaining large and
sharp peaks throughout the >3 mm cross section (Fig. 2I).
Furthermore, the full dynamic range of the camera could be
used following this optimized clearing protocol, whereas
uncleared and RIMS-cleared samples only used a fraction of the
range even with higher illumination power and longer camera
integration times. The optimized iDISCO+/EC clearing protocol
permitted the acquisition of high spatial resolution data (<23
pum® isotropic voxels), which is critical for quantification of
dECM porosity and cell invasion in 3D with cellular-level resolu-
tion throughout millimeter-sized (mesoscopic) samples. These
results motivated future use of the iDISCO+/EC clearing protocol
for whole-volume, mesoscopic, 3D imaging of fluorescent struc-
tures in complex dECM models.

3.3 Bioengineered colorectal cancer liver metastases were
established within the dECM liver

A workflow schematic for engineering colorectal cancer liver
metastases (CRLM) within dECM liver biomatrices is shown in

Biomater. Sci, 2025, 13, 5442-5459 | 5447
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Fig. 2 Optical clearance methods for dECM visualization. (A) The central slice from an LSFM image stack of a representative uncleared biomatrix
shows rapid loss of signal and contrast with depth. The red line indicates an arbitrary path along which signal intensity was calculated through the
thickness of the sample. (B) The intensity profile shows that, without clearing, visualization is limited to only ~400 uym into the biomatrix. (C) The
absolute value of the first derivative vector of the intensity profile further demonstrates this limitation as contrast peaks are significantly reduced
around 437 pym. (D) The light sheet image of a RIMS-cleared sample suggests increased intensity compared to uncleared samples, which is
confirmed by the corresponding intensity profile (E) with signal depth increased to ~2 mm and (F) derivative contrast peaks maintained to 2035 pm.
(G) Increased overall signal and contrast is evident in iDISCO+/EC prepared samples as seen in the representative central image slice. (H) The opti-
mized clearing protocol enabled the deepest (>3 mm) visualization into the biomatrix with the most well-maintained signal intensity. (I) This method
also produced the largest and sharpest derivative peaks quantitatively confirming the visually apparent improvement in contrast. Scale bars =

500 ym.

Fig. 3A. Once colorectal cancer spheroids were fully formed on
hanging drop array plates, they were seeded onto prepared
dECM liver biomatrices and allowed to colonize and grow for 3
days. Following seeding and initial colonization, cell-seeded
biomatrices were either maintained as untreated controls or
treated with oxaliplatin for another 2 days (Fig. 3A). Oxaliplatin
treatment was used to demonstrate the capability of optical
imaging to delineate differences in metastatic colonies upon
drug treatment in recellularized dECM.

To visualize the colonization per established standards,' we
first utilized scanning electron microscopy (SEM) and the MTS
viability assay. Scanning electron micrographs visually con-
firmed colonization of the liver scaffolds by day 3, as is evident
by cells occupying the dECM biomatrix (Fig. 3B). SEM images
show increased cellular occupancy by day 5 in control, untreated
biomatrices (Fig. 3C) and a significant reduction in the number
of adhered cells with oxaliplatin treatment (Fig. 3D). An orthog-
onal, non-visual confirmation of cell proliferation and death

5448 | Biomater. Sci, 2025, 13, 5442-5459

was performed using the MTS assay in which changes in viabi-
lity measurements across timepoints or conditions indicate
population growth or death (Fig. 3E). CRLM viability increased
2.66 + 0.29-fold to show proliferation from day 0 to day 3 (****p
< 0.0001, two-way ANOVA) which continued through day 5 (4.59
+ 0.34-fold increase from day 0; ****p < 0.0001, two-way ANOVA).
Oxaliplatin successfully induced cell death evidenced by an
approximately 41% reduction in viability across the 48-hour
treatment time (day 3 to day 5; **p < 0.01, two-way ANOVA) and
a remaining population 66% smaller than parallel untreated
controls at that same timepoint (day 5 control vs. day 5 oxalipla-
tin; ****p < 0.0001, two-way ANOVA).

3.4 LSFM permitted high-resolution full volume imaging of
heterogenous dECM biomatrix structures

We evaluated 3 optical fluorescence microscopy methods, wide-
field, confocal, and light sheet, to excite collagen
autofluorescence and visualize the interior of the biomatrices

This journal is © The Royal Society of Chemistry 2025
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tenance over the course of the experiments. (B) SEM images provide visual confirmation of the colonization of liver biomatrices by day 3, evidenced
by cellular occupation of the dECM. (C) Day 5 images show proliferation in control samples and (D) reduction in the number of cells adhered to the
matrix following oxaliplatin treatment. Scale bars = 100 pm. (E) Quantitatively, viability data endorsed these visual observations, showing a ~2.5-fold
increase in viable cells from day 0 to day 3 (****p < 0.0001, two-way ANOVA) which was further increased to ~4.5 by day 5 (****p < 0.0001, two-way
ANOVA). Successful cell killing by oxaliplatin was confirmed by a ~41% reduction in viability from day 3 to day 5 (**p < 0.01, two-way ANOVA) leaving
behind a population 66% smaller than untreated control samples on day 5 (****p < 0.0001, two-way ANOVA). (F) Representative day 3 CRLM images
taken with widefield microscopy (left), confocal fluorescence microscopy (middle) and LSFM (right). Widefield microscopy did not permit visualiza-
tion of the biomatrix interior and produced blurred images. Confocal generated high-resolution 3D volumes of the biomatrix, but imaging depth
was limited to 500 um. LSFM, owing to its long working distance objective and configuration, was able to image the full biomatrices with moderate
spatial resolution. Scale bars = 100 pm.

(Fig. 3F). Day 3 CRLM samples were fixed and cleared with the
optimized iDISCO+/EC protocol. Widefield fluorescence
microscopy did not permit visualization of the biomatrix
interior or architecture (Fig. 3F, left). Confocal microscopy per-
mitted imaging deep into the biomatrix with high spatial resolu-
tion (<1 pum; Fig. 3F, middle). LSFM was able to image the entire
3D biomatrix volume with moderate spatial resolution (<2 umy;
Fig. 3F, right). Despite the increased resolution achieved by con-
focal imaging, it has a limited imaging depth (500 um), and

This journal is © The Royal Society of Chemistry 2025

slow speed (hours) as compared to LSFM which can achieve
greater depth in a shorter time (seconds to minutes). LSFM was
applied for future imaging of 3D volumes for quantification of
dECM biomatrix porosity and cellular invasion.

3.5 Automated segmentation and analysis of dECM
biomatrix porosity following LSFM

Due to the importance of biomatrix porosity in cell recoloniza-
tion and lack of quantitative porosity assays, we developed an

Biomater. Sci, 2025,13, 5442-5459 | 5449
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Fig. 4 Workflow for dECM image processing and segmentation. A representative LSFM image slice from one liver biomatrix is used to demonstrate
the procedure for segmenting the biomatrix structure. (A) Biomatrix porous architecture is visible in raw cross-sectional images (Al). Images were
pre-processed to improve contrast with a 50-pixel background subtraction and 20-pixel CLAHE filter (A2). (B) Matrix segmentation was achieved by
first applying a 10-pixel Frangi vesselness filter to enhance ridge-like features (B3). The volumes were then binarized using a high-pass filter
(threshold = 0.1; B4) and small disconnected objects (debris) were removed using a second high-pass filter (threshold = 150 voxels; B5). (C) The
entire biomatrix envelope (convex hull) was then segmented by 9-pixel dilation (C6) and erosion (C7) followed by a flood fill (C8). Scale bar =
500 pm. (D) Overlaying the segmented biomatrix (B5) with the segmented envelope (C8) provides a visual representation of how porosity was quan-
tified per slice using eqn (1). This per-slice porosity value was then scaled by pixel volume to generate full-volume 3D porosity values. Average poro-
sity across all conditions was 62.04%, with no change between the empty biomatrix and any recellularized CRLM conditions other than a slight

increase observed in day 5 oxaliplatin-treated samples (*p < 0.05, one-way ANOVA).

advanced image analysis protocol to identify the collected bio-
matrix autofluorescence signal and quantify matrix porosity
from LSFM volumetric images of the dECM models (Fig. 4).
The processing steps are shown for a representative LSFM
image slice (Fig. 4A-C). First, LSFM image sections were
stitched together into a volume within Imaris and converted to
TIFF files for downstream processing in Image] (Fig. 4A1). A
50-pixel local background subtraction and a 20-pixel contrast-
limited adaptive histogram equalization (CLAHE) filter were
applied to remove background fluorescent signal and increase
ECM signal contrast for deep planes within the biomatrix
(Fig. 4A2).”° Next, a 10-pixel Frangi vesselness filter was used
to enhance vessel, tubular, and ridge-like spatial features
(Fig. 4B3).>° Volumes were then binarized using a high-pass
filter (threshold = 0.1, Fig. 4B4) and a second high-pass filter
(threshold = 150 voxels) removed small objects such as cells
and debris from the binarized volume. The result was used as
the 3D volume, accounting for voxels occupied by the dECM
biomatrix structure (Fig. 4B5).

To calculate porosity, the entire biomatrix envelope volume
needed to be calculated, as well. To do this, 9-pixel dilation
(Fig. 4C6) was followed by 9-pixel erosion (Fig. 4C7), and a
flood-fill (Fig. 4C8) operation was sequentially performed on
each 2D image slice of the binarized biomatrix volume. The
biomatrix and envelope volumes were quantified as the sum of
voxels scaled by the voxel spatial dimensions. Biomatrix
volume was subtracted from the envelope volume using eqn
(1) to calculate a porosity measurement for each sample
(Fig. 4D). The mean quantified porosity of the biomatrices was

5450 | Biomater. Sci,, 2025, 13, 5442-5459

similar across all conditions (58.4 + 4.3%, 61.3 + 1.8%, 62.3 +
4.1%, and 66.3 + 3.3% for empty, day 3 control, day 5 control,
and day 5 oxaliplatin-treated samples, respectively; Fig. 4D)
and only showed a slight increase in the oxaliplatin-treated
samples compared to empty biomatrices (*p < 0.05, one-way
ANOVA). The 95% confidence interval for biomatrix porosity
quantified from LSFM data (n = 19) was 60.2-64.3%. These
results illustrate reproducibility of this characteristic of our
dECM biomatrices, not only before, but throughout CRLM
culture, which is critical for well-controlled studies of cell-
ECM interactions.

3.6 Customized cell labeling protocols validate high contrast
visualization of deeply embedded cancer cells in dECM
biomatrices

After cell seeding and subsequent culture of the CRLM
samples, the biomatrices were fixed, cleared and imaged using
the optimized iDISCO+/EC and LSFM protocols. However,
localization of individual mCherry" colorectal cancer cells
within the biomatrix was difficult, likely due to reduction in
cellular immunofluorescence due to the clearing protocol.*!
Whereas some cells produced very bright mCherry fluo-
rescence, other areas were dim (Fig. 5A and B). Furthermore,
Z-stack flythroughs of the 3D reconstruction of the biomatrix
show bright, small, circular fluorescent spots that were attribu-
ted to lipofuscin deposits (Video S1). A representative slice
containing a metastatic nest burrowed in a porous region of
interest (ROI) demonstrates the visualization limitations, as
only one large bright spot is visible within the pore (Fig. 5C).

This journal is © The Royal Society of Chemistry 2025
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The spot’s fluorescent signal is easily distinguishable from the
ECM architecture by both visual observation and automated
cell segmentation (Fig. 5D and E). Two arbitrary path lines
were drawn on the image slice along which signal intensity
was measured to show a singular peak in signal corresponding
with that one bright spot (Fig. 5F, top). This spot, measuring
around 25 pm in diameter, was decidedly too large to rep-
resent a singular or precisely segmented cell, suggesting the
mCherry reporter was limiting the ability to properly identify
individual cells.

For improved visualization and segmentation, the cells were
additionally dyed with BioTracker, a cytoplasmic membrane
dye, which was compared with mCherry. The BioTracker dye
uniformly labeled the cells throughout the biomatrix as seen
in the representative 3D reconstruction and Z-stack flythrough
(Video S2), as well as in the volume projections (Fig. 5G and
H). The same image slice and ROI was analyzed for direct com-
parison of cellular identification. Imaging with the BioTracker
stain revealed the presence of multiple cells within the meta-
static nest, identified by distinct spots <20 um in diameter
(Fig. 5I) which were also successfully segmented (Fig. 5] and
K) and produced definite peaks in the intensity profiles
(Fig. 5F, bottom). BioTracker labeling efficiency was confirmed
with additional DAPI staining which mirrored the presence of
stained spherical structures nestled throughout the biomatrix
(video S3). BioTracker labeled the same spherical structures as
DAPI (Fig. S1A-C) and resulted in improved visualization and
contrast over DAPI within the biomatrix (Fig. SIC-E and Video
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Paper

S4). These data motivated the use of the BioTracker dye for
future analysis of cell-seeded biomatrices.

3.7 Custom image analysis pipeline enables significantly
improved segmentation of cells, outperforming current
analysis methods

Once adequate cellular labeling was established, a custom
image analysis algorithm was constructed to process the cellu-
lar data in the context of the 3D dECM volume and extract rele-
vant quantifiable biological information like occupation and
invasion. Our analysis procedure for segmenting BioTracker-
labeled cells throughout the biomatrix was optimized and per-
formed in Image]J using the Imaris-stitched volumes previously
described (see section 3.4). Raw stitched cross-sectional image
slices require pre-processing for accurate cell segmentation,
and visualization of the effects of each processing step is pro-
vided for a representative image (Fig. 6A). First, a 10-pixel
CLAHE filter was applied to enhance contrast of the cells, fol-
lowed by a 3-pixel local background subtraction, and a 3 x 3
sharpening filter to highlight round objects. Then, the fast
Fourier transform (FFT) of each 2D plane was acquired and
high-pass filtered with a 24.29 pm per cycle cut-off frequency
to isolate small objects. The inverse FFT was taken and auto-
matically binarized using the IsoData algorithm and a 3D
watershed was used to separate touching objects. The final cell
segmentation step was performed in Imaris using the ‘spot’
function to segment circular or cell-like structures with an esti-
mated 8 pm diameter (Fig. 6A). This diameter was chosen after
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Fig. 5 Optimizing cellular visualization with fluorescent reporters. A representative biomatrix recellularized with mCherry* colorectal cancer cells
before (A-E) and after (G—K) 655 nm BioTracker cytoplasmic membrane dye staining. (A) A 3D isometric projection of an mCherry* cell-seeded bio-
matrix and its corresponding 2D maximum intensity projection (B) demonstrate the nonuniform expression of mCherry fluorescent signal. Small
(<4 pm), circular fluorescent spots, presumably lipofuscin, are apparent throughout the biomatrix. (C) A porous ROI (pink box) containing mCherry
signal was chosen to compare cell identification methods. A single bright, elliptical-shaped, and relatively large (25 pm diameter) object is visible
and detected by cell segmentation (D and E). Pink lines were arbitrarily drawn across the image slice along which fluorescence intensity profiles
were plotted. (F) The fluorescence intensity profiles along the solid and dashed lines show one singular peak visible at the point where the dashed
line intersects the single identified “cell”. (G) CRLM samples were stained with the 655 nm BioTracker cytoplasmic membrane dye and representative
3D and (H) 2D projections show more uniform distribution of cellular fluorescent signal throughout the biomatrix as compared to the transgenic
mCherry fluorescent label. The background fluorescence from the dECM was also more uniform, without the spots attributed to lipofuscin deposits.
() The same ROI (red box) is shown where 7 cells are now identified by segmentation after BioTracker labeling (J and K). These successfully segmen-
ted cells correspond to peaks in the intensity profile (F, bottom) to show how BioTracker provides improved visualization and resolution of cells from
the biomatrix. 3D projection scale bars = 200 pm. 2D projection scale bars = 500 pm. ROI scale bars = 50 pm.
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Fig. 6 Custom image processing procedure for segmentation of colorectal cancer cells from the biomatrix performs better than current methods.
(A) A representative stitched LSFM image slice is shown to demonstrate the steps taken to process LSFM volumes. Cells are visible in the raw image
(1) but required pre-processing using a 10-pixel CLAHE filter (2) for contrast enhancement, a 3-pixel sliding background subtraction (3), and image
sharpening (4) to be properly segmented. Then, the FFT and a high-pass filter (w. = 24.29 ym per cycle) were applied (5). The inverse FFT was taken
(6), and the result binarized using IsoData thresholding (7). A 3D watershed was used to separate touching objects in the binarized 3D volume (8).
Cells were identified in Imaris by size (threshold = 8 pm) and masked (9). A representative image overlay identifies cells (green) within the biomatrix
(10). Scale bar = 200 pm. (B) A representative LSFM image slice of BioTracker-labeled cells within the biomatrix was chosen to compare the Graph-
cut image cell segmentation method to custom algorithms and show the insufficiency of Graph-cut. Scale bar = 100 pm. Graph-cut requires the
user to first screen the 3D dataset to identify (C) a 2D ROI that contains both foreground and background objects. (D) Within that ROI, the user must
then manually label foreground (light green) and background (red boundary) pixels, to which Graph-cut applies graph theory for segmentation. The
segmentation output is correspondingly shown by the teal shaded regions and (E) binary mask. This method resulted in low-resolution segmentation
of the foreground (cells), failing to identify individual cells as is needed for 3D cell invasion analysis. Scale bars = 100 um. (F) Without manual pre-
training specific to our dataset, the 3D StarDist iLastik deep learning algorithm was similarly unable to segment individual cells, additionally including
large sections of ECM wrongly in the cell segmentation. Scale bar = 100 pym. (G) The same 2D ROI was used to demonstrate improved segmentation
of BioTracker-labeled cancer cells (red) using the custom algorithm developed in this publication. Scale bar = 100 um. (H) Red spots within the ROI
represent cells identified within the biomatrix and appear as distinct points rather than large nests. (I) A representative 2D slice output of the binary
cell segmentation. Scale bars = 100 pm.
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Fig. 7 Analysis of colorectal cancer cell invasion of liver biomatrices. Colorectal cancer cells were cultured on liver biomatrices to establish in vitro
CRLM. Samples were fixed and processed with the newly optimized protocols and imaged with LSFM for invasion analysis. (A) A visual summary of
the process of quantifying cellular invasion into biomatrix volumes is shown by representative Imaris 3D isometric views of the raw biomatrix LSFM
volume, the segmented biomatrix envelope, segmented cells, and the cell/envelope overlay. A distance transformation performed on the final over-
layed data set quantifies the shortest distance from every cell to the outside of the biomatrix envelope as invasion depth. Scale bars = 200 pm. (B) A
representative overlay of a recellularized biomatrix on day 3 provides another example of segmented biomatrices (green) and their colonized cells
(pink) within 3D volumes. Representative day 5 control (C) and oxaliplatin-treated (D) samples are also shown. Scale bars = 250 pym. (E) The total
number of cells detected in day 5 control samples was significantly higher than day 3 (compare 7.39 + 0.89 x 10* cells at day 3 to 14.24 + 1.68 x 10*
cells by day 5; *p < 0.05, one-way ANOVA), further demonstrating cellular proliferation within the dECM biomatrices. This cell number was reduced
when oxaliplatin was used to control the population (*p < 0.05, one-way ANOVA). (F) The distributions of the number of cells detected plotted as a
function of the distance from the biomatrix surface at which they were found, shows increased invasion depth in day 5 control samples compared
to day 3 (*****p < 0.01, Kolmogorov—Smirnov). Invasion depth was also significantly restricted by oxaliplatin treatment compared to day 5 control
samples (*p < 0.01, Kolmogorov—Smirnov). (G) These changes in maximum invasion depth, along with average cell invasion depth, though visually
evident, are not significantly different from each other across conditions (ns, two-way ANOVA). Single and double exponential fits were applied to
the cell invasion distributions (averaged in C) and average amplitude for the single (H) and double (I and J) fits are reported and compared to show a
decrease in the amplitude between day 5 control and oxaliplatin-treated samples for the single exponential and the first amplitude term for the
double exponential fit (*p < 0.05, one-way ANOVA). No significant changes were observed in the exponent terms of either the single (K) or double (L
and M) exponential fits.
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empirically measuring the diameter of BioTracker-labeled cells
in the raw LSFM volumes.

For comparison, the well-established Graph-cut image ana-
lysis method was also applied to segment cancer cells from the
liver ECM in a representative image slice (Fig. 6B). This
process involved manual pre-training to identify foreground
pixels (cells) and background pixels ({ECM and void space) as
shown in Fig. 6D. The resulting binary segmentation in Fig. 6E
reveals large low-resolution areas identified by the algorithm
as cells, even with the direct pixel identification inputs for cell-
laden foreground regions. The binary segmentation produced
by the iLastik method similarly shows areas too large to be
individual cells as well as large portions of the biomatrix itself
segmented in error as cells (Fig. 6F). Both segmentations
appear in stark contrast to the custom analysis method which,
in the same ROI (Fig. 6G), identifies spots without manual
training (Fig. 6H) to produce a much higher resolution binary
segmentation which displays individual cells as opposed to
cell clusters (Fig. 6I). As such, Graph-cut and iLastik both sub-
optimally segmented cells. iLastik specifically included much
of the biomatrix, including vasculature, in the cell classifi-
cation and both methods displayed merged cell regions, ren-
dering them incapable of delineating individual cells for accu-
rate quantification of cell number and invasion.

3.8 Integrated imaging and analysis pipeline quantified
cellular processes within the engineered dECM-based CRLM
model

To quantify 3D cellular invasion of the biomatrix, the segmen-
ted cells and biomatrix envelope 3D volumes were combined
in Image]J as a single 4D multi-channel dataset (Fig. 7A). This
4D dataset was analyzed with Imaris. First, the ‘surface’ func-
tion was used to generate a 3D rendering of the biomatrix
envelope to serve as the starting surface (i.e. depth = 0 um)
from which to measure cell invasion into the biomatrix. Since
the biomatrix envelope data was already binarized for porosity
calculations (Fig. 4C8), simple high-pass intensity and voxel
thresholds were applied to achieve 3D surface generation
(Fig. 7A). The cell spot renderings were then created using the
Imaris ‘spot’ function and a high-pass filter (Fig. 6). The data
was then converted to 32-bit float. Finally, a distance trans-
formation was performed to measure the shortest distance for
each cell to the outside of the biomatrix envelope.

Using this custom image analysis methodology, the effects
of time and the chemotherapy drug oxaliplatin on the meta-
static colorectal cancer cellular invasion of the biomatrices
were quantified. Cells were visible along the outer surface of
all biomatrices analyzed, with decreasing cell number
observed with increasing biomatrix depth. Representative
image overlays of the biomatrix and detected cells illustrate
the colonization and proliferation of cells from day 3 (Fig. 7B)
to day 5 (Fig. 7C), and the effects of oxaliplatin treatment on
proliferation (Fig. 7D).

LSFM combined with quantitative image analysis allowed
enumeration of cells within the biomatrix and quantification
of invasion distance. The number of cells detected within day
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5 control biomatrices was 1.93 times higher than day 3 (*p <
0.05, one-way ANOVA; Fig. 7E). Death by oxaliplatin was detect-
able with our image and analysis methods as evidenced by a
56% reduction in cell number in oxaliplatin-treated samples
compared to day 5 controls (*p < 0.05, one-way ANOVA;
Fig. 7E). The cell invasion distribution for each biomatrix
sample was used to calculate the average biomatrix cell inva-
sion distribution for each condition. Day 5 control cells were
found at slightly increased depth within the biomatrix com-
pared to day 3 control and day 5 oxaliplatin-treated samples
(maximum and average invasion depth; ns, two-way ANOVA;
Fig. 7F and G). The average depth of invasion for cells by day 3
was 40.80 + 3.22 pm with an average maximum invasion depth
per sample of 241.40 + 13.33 pm. These values increased with
time to an average depth of 49.40 + 4.56 pm and average
maximum depth reached in each sample of 325.00 + 21.76 pum
by day 5. Oxaliplatin-treated samples demonstrated a slight
reduction in invasion as compared to day 5 control samples,
with an average invasion depth of 43.33 + 4.84 pm and average
maximum invasion depth of 254.00 + 30.09 pm. Using a
Kolmogorov-Smirnov test, statistically significant differences
in the mean cell invasion distributions were found between
day 3 and day 5 (*****p < 0.00005), and day 5 control and oxali-
platin-treated conditions (*p < 0.05; Fig. 7F). These findings
emphasize the dynamic nature of metastasis within dECM
tissue models and highlight our platform’s ability to quantitat-
ively monitor treatment effects over time.

Mathematical modeling of complex, dynamic processes like
metastasis, cellular invasion, or migration could enable a
more detailed understanding of these phenomena by breaking
them down into quantifiable and potentially controllable com-
ponents.*> Here, single and double exponential fits were
applied to the cell invasion distribution for each biomatrix
(averaged distributions shown in Fig. 7F), and average expo-
nential fits were calculated for each condition. The exponential
terms for the single and double exponential fits did not show
statistical significance (Fig. 7K-M). Significant differences
were found for the amplitude term for the single exponential
(Fig. 7H) and first amplitude term for the double exponential
fit (Fig. 71) between day 5 control and oxaliplatin-treated
samples (*p < 0.05, one-way ANOVA). These findings suggest
that oxaliplatin treatment affects the scale of cellular invasion
rather than the rate, indicating an inhibitory effect on CRLM
within the dECM biomatrix model. Further, these findings
illustrate that dECM models can effectively mimic metastatic
behavior and therapeutic response and could aid in screening
and identifying anti-metastatic drugs with the help of our new
analysis pipeline.

4 Discussion

The advancement of new, 3D biomimetic systems necessitates
corresponding development of novel analytical tools.
Decellularized extracellular matrix (dECM) scaffolds offer a
widely adaptable in vitro platform to analyze the effects of 3D

This journal is © The Royal Society of Chemistry 2025
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tissue-specific environments on cellular processes. However,
there are limited high-resolution methods available to analyze
complex models like recellularized dECM without compromis-
ing spatial information. dECM scaffolds are defined by their
inherent  complexity,  heterogeneity, thickness and
opacity.”**® Therefore, extracting spatially relevant infor-
mation, whether from the biomaterial itself, or cell-biomater-
ial interactions therein, requires unique optimization of
sample preparation and imaging, as well as material character-
ization and analysis methods. This work presents new, opti-
mized optical imaging and analysis tools which enable two
powerful sets of spatially relevant analytics: (1) visualization of
dECM scaffolds to extract scaffold architecture and structural
information; and (2) cell-biomaterial visualization and behav-
ioral analysis within repopulated dECM scaffolds.

As a use case for our imaging and automated analytics
methods, we demonstrated their capability within engineered
colorectal cancer liver metastasis (CRLM) models. Our work
began by characterizing the dECM biomatrix alone, using clas-
sical methods rooted in biomaterials science. Successful decel-
lularization was verified via quantification of residual DNA fol-
lowing decellularization protocols.’”’*° Preservation of col-
lagen and GAG content was evaluated in several ways, includ-
ing hydroxyproline and GAG assays,”®*° trichrome
staining®”*' and Fourier transform infrared spectroscopy
(FTIR).*>** The dECM liver biomatrix FTIR spectra confirmed
results from parallel scaffold characterization techniques to
demonstrate that the collagen fibers and molecular bonds of
the ECM were preserved through each stage of the decellulari-
zation process evidenced by amide bands A, B, I, II and II
(Fig. 1C).>*?”

Imaging methods are of particular interest in the analysis
of dECM-based models because of the opportunity to retain
spatial context. However, the large size of our dECM bioma-
trices (~2 x 2 x 2 mm) and required cell-level resolution
present challenges for microscopy. While scanning electron
microscopy (SEM) can visualize tissue architecture (Fig. 3B-
D),"** and has much higher spatial resolution (nm) than
optical microscopy techniques (um), the nanoscopic imaging
volume makes it tedious for studying 3D cellular invasion.
Confocal microscopy demonstrated sufficient resolution to
visualize 3D cell distribution on biomatrices (Fig. 3F), but is
limited by accessible depth. Light sheet fluorescence
microscopy (LSFM) permits large volume image acquisition
through decoupled illumination and detection paths with rela-
tively long (>2 mm) working distance objective lenses. LSFM
has the additional benefit of imaging speed to make acquiring
large data sets feasible. For example, it takes approximately 34
seconds to image a 3 x 3 x 3 mm® biomatrix with
optimized parameters (1.79° pm? voxels, 20 ms per frame inte-
gration time). Using the same pixel size and a 10 ps pixel dwell
time, it would take a confocal microscope approximately
13 hours to image the same biomatrix. Therefore, LSFM is
uniquely appropriate to acquire high-resolution 3D volumes of
colorectal cancer cell-laden biomatrices in a reasonable
amount of time.
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dECM-based scaffolds additionally limit deep tissue
imaging due to their opacity causing light scattering and
absorption. Therefore, sample preparation methods require
optimization of tissue clearing protocols to achieve cell-level
resolution needed for whole-volume segmentation. When
coupled with LSFM, tissue clearing allows high-resolution and
rapid imaging of the collagen structures of dECM biomatrices
(Fig. 2), since clearing stripped sources of scattering like lipids
and aqueous boundaries to achieve optical transparency. High
levels of scattering can still be observed in widefield images of
optically clear biomatrices (Fig. 3F), as widefield microscopy
lacks optical sectioning to discriminate signals from varied
depths within a 3D volume.'” In contrast, LSFM achieves
optical sectioning by focusing the excitation light into a plane
and has been leveraged to image entire murine organs and
bodies with single-cell resolution,*>*® as long as those speci-
mens are optically cleared.”” In our previous work, a
Nycodenz-based refractive index matching solution (RIMS) was
used to adjust and homogenize the refractive index of the fixed
tissue samples toward that of the oil imaging medium for a
multiphoton microscopy (MPM) objective lens." A limited
maximum imaging depth of 100 um drove the need for a more
thorough method of optical clearance to achieve biologically
relevant imaging depths and cellular resolution. Here, an opti-
mized iDISCO+ protocol produced optically clear samples.
Index matching of the biomatrix with ethyl cinnamate (EC)
during imaging provided a drastic improvement in imaging
depth and allowed visualization of cells throughout the entire
biomatrix volume (>2 x 2 x 2 mm?; Fig. 2G-I). However, the
clearing protocol reduced the brightness of the endogenous
mCherry reporter, causing inconsistent and dim signals and
necessitating additional cell labeling with BioTracker dye for
greater contrast between the cells and the biomatrix (Fig. 5).
BioTracker labeling specificity was validated by additional
staining with DAPI. Greater scattering and tissue autofluores-
cence cause DAPI-labeled images of the interior of the bioma-
trix to appear blurry and opaque (Fig. S1 and Videos S3, S4). In
fact, a previous evaluation of optical properties of porcine liver
tissues found a greater absorption coefficient, greater scatter-
ing coefficient, and lower optical penetration depth with
405 nm excitation (corresponding to DAPI), compared to
655 nm (corresponding to BioTracker) excitation.*® These
results led us to conclude that BioTracker labeling enabled
improved cell segmentation over DAPI staining.

Even with higher resolution and larger volume datasets, dis-
cerning key differences in dECM architecture or cellular behav-
ior is currently limited by the inability to accurately and
efficiently process those datasets. Current image segmentation
methods like Graph-cut, a robust geometry-based algorithm
routinely used for automated cell segmentation,’®™*> and
iLastik, a deep learning pixel classifier segmentation algor-
ithm,? failed to accurately segment cells from within the bio-
matrices using contrast-enhanced and raw LSFM volumes
(Fig. 6)°*° in part, due to the high autofluorescent back-
ground which marks liver dECM. Biomatrix shape and location
of labeled cells within the dECM are also likely contributors,
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both heterogenous compared to known or controllable systems
like hydrogels. Graph-cut and iLastik also require significant
amounts of time and user inputs. Despite manual labeling of
foreground and background pixels in each image, Graph-cut
still struggled to differentiate cells from the surrounding bio-
matrix, likely due to the heterogenous background (biomatrix
and void space) throughout the image. iLastik is, in contrast, a
machine learning tool, previously used to successfully segment
neurons from whole-brain LSFM datasets.>® Within iLastik, we
applied the 3D StarDist cell nuclei segmentation model,>”>°
but it under-segmented cells (Fig. 6F). Better results could
potentially be obtained by training our own StarDist model.
However, this, too, would require significant user time and
effort, and be less broadly applicable to diverse dECM models.

Thus, a custom image analysis pipeline was necessary to
segment the biomatrix architecture and the cells from the
LSFM data accurately and efficiently, to quantify matrix poro-
sity (Fig. 4) and identify cell locations (Fig. 6). Our algorithms
relied on a combination of established image processing
methods to enhance image contrast and extract meaningful
quantitative readouts. First, we used a series of contrast
enhancement functions to account for nonuniform biomatrix
architecture producing heterogeneous background, especially
deep within the image stack. Local background subtraction,
sharpening, and histogram equalization®® were effective to
enhance details in low-contrast image regions, which proved
useful for identifying cells from deep within dECM bioma-
trices. To amplify the matrix architecture, we creatively applied
a Frangi vesselness filter’® which identified the dECM’s vessel-
like structures. To complement this and amplify cell bound-
aries, we then used a fast Fourier transform (FFT) filter.®>®" In
our previous work, spheroid-cultured clusters of colorectal
cancer cells initially disaggregated upon seeding onto the bio-
matrix, adhering to the ECM as single cells prior to invading.
With this knowledge, the 8 um cell size threshold was deter-
mined from observed diameters of the BioTracker LSFM signal
produced by single cells rather than cell clusters. The need for
automation of this analysis was intentionally considered when
establishing the protocol, so that the binarized cell images
could be used to train a deep learning model for faster and
more robust 3D segmentation and cell invasion analysis. Due
to the volume of LSFM data and computational time required
for processing, this makes analyzing 3D cellular invasion from
these large image stacks feasible and efficient.

The efficacy of the quantitative analysis of LSFM volumes
was demonstrated by detecting the expected significant
increases in cell number and invasion depth from day 3 to day
5 within the CRLM biomatrix model. Similarly, capturing the
significant reduction in cell number in oxaliplatin-treated
samples indicates the ability of LSFM imaging and analysis to
detect drug-induced cytotoxic effects (Fig. 7E), which was con-
sistent with the traditional MTS assay (Fig. 3E). These results
and their statistical analyses highlight differences in cell inva-
sion patterns across conditions, demonstrating that both tem-
poral progression and oxaliplatin treatment influence cell
abundance and invasion within dECM biomatrix samples.

5456 | Biomater. Sci, 2025, 13, 5442-5459

View Article Online

Biomaterials Science

Further, they highlight the value of the presented imaging and
analysis pipeline for quantifying metastatic behaviors and
treatment responses within dECM models. With our new
ability to identify individual cells and accurately quantify the
deepest biomatrix invasion, these methods could unlock
subtle and nuanced mechanisms of recruitment, migration
and drug response.

Mathematical modeling of cellular invasion offers the
ability to objectively quantify how deeply and extensively
cancer cells metastasize into dECM scaffolds. Fitting cell inva-
sion data to mathematical models such as exponential func-
tions can provide a more accurate and detailed understanding
of cancer metastasis, distinguishing between the scale (or
amplitude) and rate of invasion. This distinction will be
imperative for evaluating cancer cell invasion and distribution
within dECM under various experimental conditions, for
broader mechanistic discovery. The significant differences in
amplitude terms between treated and untreated samples for
both single and double exponential fits (Fig. 7) highlight how
oxaliplatin limited the extent, but not the rate, of cancer cell
invasion.

The integrated whole mount imaging and analysis methods
developed in this manuscript hold vast potential for appli-
cation outside of cancer; in tissue-engineered dECM models
used for tissue regeneration, drug delivery, and modeling
other disease processes where high-resolution spatially compe-
tent cell-matrix phenomena are of interest.

5 Conclusions

In this study, we integrated and optimized advanced sample
preparation and optical imaging techniques and invented a
custom image analysis protocol to extract precise and quantifi-
able cellular data from recellularized dECM scaffolds.
Application to and analysis of an engineered colorectal cancer
liver metastasis model demonstrated its powerful utility for
characterizing heterogeneous optically difficult dECM bioma-
terials. Our methods quantified both biomaterial properties,
as well as cell-biomaterial interactions at single-cell resolu-
tion. We believe that these image-based analytical methods
may increase the adoption and exploration of heterogenous
dECM biomaterials, in cancer discovery and beyond, providing
insights into spatially relevant cell-biomaterial interactions.
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