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Abstract 

Background Pancreatic cancer (PC) remains a significant healthcare challenge due to its aggressive nature and poor 
prognosis. The current gold standard that combines imaging modalities, endoscopy, and biopsies has limited diag-
nostic efficacy due to various shortcomings.

Methods We propose a feasibility study for the use of a bioimpedance biomarker to detect PC. The biomarker 
was evaluated in a double blind study on ex vivo pancreata of mice: 15 LSL-KrasG12D; LSL-p53R172H; Pdx1-Cre, 2 LSL-
KrasG12D, and 9 wild type controls (Study 1). To determine if the biomarker can distinguish between PC and acute 
pancreatitis (AP), we challenged it with 18 cerulein-induced AP and 6 saline-injected controls (Study 2).

Results The results from Study 1 showed 100% specificity and 94% sensitivity against histopathology outcomes; 
for Study 2 all AP and saline-injected pancreases were diagnosed as non-cancerous. Regression analysis revealed 
a positive correlation between biomarker and pathologically analyzed cancer-induced fibrosis (r(24)= 0.73 (p<0.001)).

Conclusion These findings demonstrate the potential of this bioimpedance biomarker as a diagnostic tool for PC.
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Introduction
Pancreatic cancer (PC) poses a significant healthcare 
challenge, accounting for half a million new cases and 
4.7% of the world’s cancer-related deaths in 2020 [1]. It 
is notorious for its aggressive nature and poor progno-
sis, boasting the lowest survival rate among all known 
cancers according to the American Cancer Society 
[2–5]. This dismal outcome is primarily due to the chal-
lenges in early diagnosis and the absence of standardized 
guidelines for assessing suspicious pancreatic masses [6, 
7]. The intricate pathophysiology of PC, coupled with 
the lack of early diagnostic and prognostic markers, 
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contributes to late-stage diagnoses, often rendering treat-
ment options limited and ineffective.

Presently, there is no established screening proce-
dure for the early detection of PC. Existing imaging and 
endoscopic modalities, such as multidetector computed 
tomography (MDCT), magnetic resonance imaging 
(MRI), endoscopic retrograde cholangiopancreatogra-
phy (ERCP), endoscopic ultrasound (EUS) [3, 8–11], and 
quantitative-elastography endoscopic ultrasound (QE-
EUS) [12–14], have limitations in accurately detecting 
small lesions (under 3 cm) and distinguishing between 
malignant and benign masses [15]. There is demand for 
an on-site, real-time assessment device that works as a 
quantitative decision support tool for the endoscopist. A 
more timely and accurate diagnosis of PC would reduce 
revisits, expedite treatment, and improve the current 
prognosis of this disease. Although MDCT is commonly 
used for PC diagnosis, its reliance on iodine-based con-
trast agents and exposure to radiation poses risks [10]. 
MRI is often used as a subsequent test when there is a 
high suspicion of PC despite a clear CT [10]. However, 
both CT and MRI are not very sensitive in detecting the 
tumor in its initial development while still small [15] 
(typically less than 3 cm) and localized [5]. ERCP, while 
useful for biliary and pancreatic duct brushing cytology, 
is predominantly therapeutic due to associated compli-
cations [16–18]. EUS-guided tissue acquisition via fine-
needle aspiration (FNA) or fine needle biopsy (FNB), the 
gold standard for sampling pancreatic masses, faces chal-
lenges in lesion localization and obtaining representative 
samples [9, 10, 19, 20].

Advancements in fine needle biopsy (FNB) technolo-
gies and elastography have improved the diagnostic yield 
of EUS, particularly for lesions smaller than 2 cm [5, 10, 
21–23]. Elastography assesses tissue stiffness by convert-
ing different elasticity values to colors superimposed onto 
the conventional gray-scale EUS image. Nonetheless, the 
accurate selection of a representative area from the lesion 
is crucial for the effectiveness of QE-EUS [12]. Despite 
these modalities’ utility, confirmation of cancerous 
lesions relies on a cytopathologist’s ex  vivo biopsy sam-
ple analysis, typically performed at an advanced disease 
stage, which limits curative interventions [19, 20]. Chal-
lenges in biopsy procedures stem from difficulty in lesion 
localization, inter-observer variability, and low diagnos-
tic yield. Additionally, misdiagnosis of tissues may result 
from pancreatitis, necrosis, or diffusely infiltrating carci-
noma [19, 20, 24]. Given the limitations of current diag-
nostic approaches, research endeavors aim to enhance 
PC diagnosis. Some focus on real-time assessment of 
biopsy samples for adequacy and viability [25, 26]. While 
promising, these techniques are hindered by cost, reso-
lution issues, and potential sample modification before 

pathological assessment [27, 28]. Thus, there is a press-
ing need for a real-time diagnostic tool that can evaluate 
cancer presence without altering the sample, reducing 
laboratory costs and administrative burdens.

This study proposes a novel approach using bioimped-
ance-based biomarkers, including the Cole Relaxation 
Frequency (CRF), to detect PC. Building upon previous 
research demonstrating the efficacy of CRF in detect-
ing cancerous tissues in breast, skin, and lung [29–32], 
we hypothesize that CRF can also effectively detect PC 
in the genetically modified KPC and KC mouse models, 
as well as differentiate PC from acute pancreatitis (AP) 
and benign tissues. Our hypothesis posits that CRF, as 
a quantitative biomarker, will exhibit distinct patterns 
in PC tissues compared to noncancerous tissues. We 
predict that CRF measurements will correlate with the 
progression of lesions from precancerous stages to malig-
nancy, particularly in genetically modified KPC and KC 
mouse models. Furthermore, we anticipate that CRF will 
demonstrate high specificity and sensitivity in distin-
guishing PC from AP, a common confounding factor in 
PC diagnosis.

Our feasibility study aims to assess whether CRF can 
detect PC and distinguish it from pancreatitis in geneti-
cally modified KPC and KC mouse models, an acute 
pancreatitis mouse model, and wild-type controls. KPC 
mice spontaneously and progressively develop PC, allow-
ing us to correlate the biomarker values with the lesions 
as they develop from precancerous to malignancy. KPC 
mice, in particular, offer insights into PC progression, 
mirroring human PC development [33–35]. By evaluat-
ing CRF in a double-blind study on ex vivo mouse pan-
creases, we compare CRF-based cancer determinations 
against histopathology outcomes to determine specificity 
and sensitivity. Our aim is to lay the foundation for CRF 
as a potential diagnostic tool for PC, offering improved 
accuracy, efficiency, and timeliness compared to existing 
methods. Unlike traditional histopathology assessment of 
biopsy samples, NovaScan technology would provide an 
automatic, non-subjective, and quantitative approach to 
tissue evaluation. By digitizing the process, it would offer 
real-time feedback during procedures, serving as a sup-
plementary tool for EUS procedures. NovaScan technol-
ogy would play a crucial role in ensuring the success of 
the initial biopsy procedure and facilitating early detec-
tion of cancerous conditions.

Methods
Technology background
Several studies have demonstrated that different tis-
sue types and cell behaviors, including cancer, can be 
identified by measuring frequency dependent bioelec-
trical properties [29, 30, 36–43]. The cell membrane 
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behaves like an electrical capacitor, in that a charge 
(ion) brought up to the outside of the membrane causes 
charges of the opposite sign to deploy on the interior 
face of the membrane. This process then stores equal 
amounts of electrical charge, with opposite signs, on 
each side of the membrane. However, this charge can 
be neutralized by charges flowing in the opposite direc-
tion through resistive paths between the inside and 
outside of the cell membrane. Some possible paths are 
via proteins embedded in the membrane; further paths 
are possible by a split of the current passing through 
the cell or around the cell. The behavior of the cell 
membrane has been described by the circuit diagram 
(Cole-Cole model). Current passing through the extra-
cellular matrix encounters only resistive impedance to 
the current flow, as does the current passing through 
the proteins in the membrane wall with current pass-
ing around the cell. A portion of the current also passes 
through the capacitive membrane, and this has a com-
plex behavior that can be mathematically modeled. The 
characteristic rate at which a cell redistributes electrical 
charge on and off the cell membrane, so that the charge 
gets equilibrated, is called Cole Relaxation Frequency 
(CRF). By examining the transmembrane cellular 
response in the frequency range of 1 KHz to 10 MHz, 
also known as the β region, cancerous tissues can be 
detected. To characterize spectral bioimpedance meas-
urements, NovaScan has developed an algorithm that 
utilizes the equivalent circuit proposed by Cole et  al. 
[44]. The circuit is described by the following equation:

where Z is the complex sample impedance, Z’ is the 
real, and Z” is the imaginary component of Z, R0 and 
R∞ respectively represent the low and high frequency 
limits of Z, f is the measurement frequency, CRF is the 
Cole Relaxation Frequency, j is the imaginary unit and α 
is a dimensionless number that is inversely related to the 
broadening in the frequency domain of Z’, and the spread 
of the peak seen in  Z”. The algorithm extracts the CRF 
that is used as an impedance spectroscopy biomarker to 
detect cancer. NovaScan has established proof-of-con-
cept technologies to detect cancer in breast [29, 45], skin 
[30], and lung [31, 32] tissues. Moreover, for each type of 
tissue, NovaScan has developed customized prototype 
devices that have been tested and validated ex vivo [29–
32]. We based the feasibility of the current work on these 
previous studies and on the work by Subramanian et al., 
which illustrated cell architecture derangement across 
tumor formation, further explaining the physical founda-
tion of CRF deviations observed for cancer [46].

(1)Z = Z′
+ jZ′′

= R∞ +
R0 − R∞

1+ (j
f

CRF )
α
,

Mouse model
Two studies were conducted with a spectral bioimped-
ance measurement device for CRF biomarker computa-
tion to determine if the biomarker could discern between 
15 K-ras;Trp53;Pdx-1-Cre (KPC), 2 K-ras;Pdx-1-Cre 
(KC), and 9 wild type controls and between acute pan-
creatitis (AP) and PC, by adding to the analysis cerulein-
induced AP and saline-injected mice. Histopathological 
examination confirmed that 12 KPC pancreases were 
cancerous, 9 controls were noncancerous, and 5 pan-
creases (3 KPC and 2 KC) showed precancerous condi-
tions with pancreatic intraepithelial neoplasia (PanIN), 
increasing the precancerous group’s sample size to 5. The 
KPC (LSL-KrasG12D/LSL-p53R172H/Pdx1-Cre) murine 
model is a widely used preclinical tool for studying PC. 
This model involves mutations in both endogenous 
 KrasG12D (K) and  p53R172H (P) alleles, along with the 
Lox-STOP-Lox (LSL) insert, which are simultaneously 
expressed following Cre (C) induction regulated by the 
Pdx1 promoter. The phenotypic result triggers the ini-
tiation of a high frequency of Pancreatic Intraepithelial 
Neoplasia (PanIN) lesions that can progress to pancre-
atic ductal adenocarcinoma (PDAC) [33, 47, 48]. In order 
to avoid variance in observations from chimeric strains, 
KPC mice in the B6 strain background develop PanINs 
at 4-5 weeks, local invasive cancer at 10-12 weeks and 
more advanced disease at 16-22 weeks, with metastasis 
in 40% of specimens. The KPC mouse model is among 
the most commonly used models for studying PDAC due 
to its faithful recapitulation of human pancreatic cancer 
biology [33–35, 49, 50]. Studying the prognostic value 
of CRF with human tissue ex vivo would be challenging 
due to the extended time required (5-10 years), and it 
would be nearly impossible in vivo. KPC PDACs provide 
a unique opportunity to study the evolution of cancer 
in a controlled setting, not otherwise possible in human 
patients. KC mice are derived from two separate alleles 
employing the Cre/Lox system, which is a recombination 
tool requiring both Cre and Lox-containing genetic com-
ponents. KC have a Cre allele driven under the Pdx1 pro-
moter (Pdx1 being an early pancreas gene that is essential 
for gland development; loss thereof results in nonviable 
mice). The Lox allele was designed with a STOP codon 
inserted between two Lox sites (LSL), which is essential 
for Cre-driven recombination resulting in the removal of 
one Lox site and any intermediate DNA, in this case, the 
STOP codon. As part of this allele, the mouse Kras locus 
has been mutated to insert an aspartate in place of gly-
cine at codon 12 (G12D). KC (LSL-KrasG12D/Pdx1-Cre) 
mice develop neoplastic lesions very similar to human 
pancreatic intraepithelial neoplasms or PanINs within 
1-2 months, and these lesions can progress through 
stages 1, 2, and 3, with PanIN 3 being a sinister lesion 
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that can progress to pancreatic cancer [51]. At one year of 
age or older, about 40% of these KC mice can progress to 
overt pancreatic cancer with metastatic disease in about 
30% [52]. With a long latency, KC mice are not com-
monly used for pancreatic cancer studies. The addition 
of a LSL-p53R172H allele to KC mice leads to a recom-
bination event that removes a STOP codon to express a 
downstream mutant p53 simultaneously with expression 
of mutant Kras. In these mice, onset of lesions is rapid 
and progresses to pancreatic cancer typically within 3-5 
months; most mice do not live to 6 months of age due to 
progressive disease [48]. AP was induced through intra-
peritoneal (IP) injections of 50 µg · kg−1 cerulein, admin-
istered hourly for eight consecutive hours. Eight cerulein 
IP injections were administered on two alternated days, 
with a 24 hour period sans injections (Monday= 8 injec-
tions, Tuesday= sans injections, Wednesday= 8 injec-
tions). Pancreatic tissues were harvested 24 hours, 
48 hours and 7 days post the last injection of cerulein 
according to the ‘staggered’ protocol. Cerulein control 
animals received vehicle injections (saline solution, 0.9% 
NaCl) [53, 54].

Study design and methods
We conducted a double-blind study on ex  vivo mouse 
pancreases to evaluate the biomarker. The initial study 
involved 15 KPC, 2 KC, and 9 wild type controls, with 
12 cancerous, 9 controls and 5 precancerous samples 
based on histopathology. To assess the biomarker’s abil-
ity to distinguish between pancreatic cancer (PC) and 
acute pancreatitis (AP), a secondary study included 18 
cerulein-induced AP cases (3 groups at 24, 48, 72 hours, 
n=6 for each group) along with 6 saline-injected controls. 
Testing was carried out at multiple locations within the 
pancreases using a custom-built bioelectrical impedance 
measurement device equipped with tetrapolar electrodes 
(Fig. 1). The tetrapolar configuration consists of four elec-
trodes: a source electrode for generating a stimulating 

high-frequency signal, a drain electrode for measuring 
current through a precision 50 Ohm shunt resistor, and 
two pick-up electrodes positioned between the source 
and drain for measuring the voltage drop across the tis-
sue [31]. This device performed bioelectrical impedance 
measurements across a frequency range of 1 KHz to 20 
MHz. Biological sample measurements were performed 
using a customized impedance bridge, and resulting sig-
nals were digitized and processed by a microcontroller. 
The bioimpedance biomarker, based on the Cole Relaxa-
tion Frequency (CRF), was derived from complex spec-
tral impedance measurements. An electrode array was 
utilized for tissue sample measurements, fabricated on 
a printed circuit board with 1x4 mm Ag/AgCl electrode 
pads spaced 0.5 mm apart. Electrodes were scanned by a 
motorized XYZ stage controlled by a computer to record 
impedance at each sample location.

Microscopic evaluation
In this study, Masson’s trichrome stain was utilized 
on pancreas samples to visualize and examine tissue 
structures, including muscle fibers, cytoplasm, eryth-
rocytes, and keratin (red stain); collagen (blue stain); 
and nuclei (dark purple stain). The staining process 
involved microscopic examination of tissue slides and 
calculating the proportion of fibrotic tissue relative to 
the total sample area to assess the degree of fibrosis. 
Subsequently, images of Masson’s trichrome-stained of 
non-cancerous (Fig.  2A-C), pre-cancerous (Fig.  2D-F) 
and cancerous (Fig.  2G-I) mice pancreases were then 
captured at a 20x magnification using an Olympus 
VS200 slide scanner and Aperio AT2 (Leica Biosystems, 
Buffalo Grove, IL). These images were imported into 
QuPath, an image analysis software where a pixel clas-
sifier tool categorized pixels as background, tissue, or 
fibrosis (see Fig. 3). The pixel classifications were estab-
lished based on the manual classification of pixels from 
a representative region in each image across the entire 

Fig. 1 Bioimpedance spectroscopy measuring device with measurement electrode array used for a series of spectral bioimpedance measurements. 
A zoom in of the electrode with a pancreas sample is also shown
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image set. Different settings of the pixel classifier, such 
as resolution and classifier type, were explored for opti-
mal classification accuracy. Additionally, an overlay of 
the pixel classifications and the original image was used 
to assess the classifier’s accuracy, to compare manu-
ally scored fibrosis estimates to the quantitative val-
ues obtained from QuPath (see Fig. 4). To calculate the 
percentage of fibrosis, pixel area measurements were 
extracted for each classification, and the fibrosis area 
was divided by the sum of fibrosis and tissue areas.

Cancer determination was based on a CRF biomarker 
threshold above 1 MHz (Fig.  5). After bioimpedance 
testing, all samples underwent standard histopathology 
processing. Sensitivity and specificity of the bioimped-
ance biomarker based outcomes were determined against 
histopathology outcomes as ground truth. During his-
topathological examination, pancreases were evaluated 
for percent fibrosis averaged over multiple fields of view. 
Spearman correlation was used to determine if there was 
any correlation between percent fibrosis (both estimated 

Fig. 2 A, B, C Images of non-cancerous, normal mice pancreas from low to high magnification. The estimation of fibrosis via histological 
assessment was 0%. Machine learning using QuPath’s pixel classifier tool measured fibrosis at 2%. D, E, F Images of pre-cancerous mice pancreas 
from low to high magnification. A mix of normal fibrotic tissue and lesions with no overt cancer tissue was noted. The estimation of fibrosis 
via histological assessment was 35%. Machine learning using QuPath’s pixel classifier tool measured fibrosis at 11.8%. G, H, I Images of cancerous 
mice pancreas from low to high magnification. Areas that appear as denser lines of tissue are common artifacts of tissue preparation. A large fibrotic 
tumor with prominent, well-differentiated ductal carcinoma and lesions with fibrosis was observed on this pancreas. The estimation of fibrosis 
via histological assessment was 63%. Machine learning using QuPath’s pixel classifier tool measured fibrosis at 26.2%

Fig. 3 Annotations drawn on the image are used to train the pixel classifier in QuPath, enabling it to recognize pixels belonging to the background 
(black), fibrosis (yellow), and tissue classifications (green)
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Fig. 4 Visualizing the original image (left) and an overlay of the pixel classifications on the original image (right) was used to gauge the accuracy 
of the pixel classifier. In the context of the image on the right, the color green represents tissue, yellow represents fibrosis, and black represents 
the background

Fig. 5 Study design consisting of two double-blind studies on ex vivo pancreata of mice. In Study 1, the biomarker was tested in n=26 mice (15 
KPC, 2 KC, and 9 controls), in Study 2 we determined the biomarker ability to differentiate PC from AP, considering n=24 (18 cerulein-induced AP 
and 6 saline-injected controls)
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visually under the microscope and using QuPath) and 
CRF biomarker measurments. Statistical significance 
was set at an a-priori value of 0.01. All statistical analyses 
were conducted using R.

Results
In this study, we evaluated the bioimpedance-based bio-
marker to detect PC in genetically modified KPC and KC 
mouse models, acute pancreatitis (AP) mouse model and 
wild type controls. The KPC mouse model is one of the 
most widely used in vivo systems to evaluate pancreatic 
ductal adenocarcinoma (PDAC) due to its faithful reca-
pitulation of human pancreatic cancer biology [33–35]. 
KPC PDACs provide a unique opportunity to analyze 
the evolution of cancer in a controlled setting, not oth-
erwise possible in human patients. The study comprised 
two double-blind studies on ex  vivo pancreata of mice. 
Study 1 involved testing the biomarker in a total of n=26 
mice (15 KPC, 2 KC, and 9 controls), while Study 2 aimed 
to differentiate PC from AP, encompassing n=24 mice 
(18 cerulein-induced AP and 6 saline-injected controls) 
(Fig. 5).

CRF measurements were collected at various loca-
tions across the entire pancreas, and CRF determinations 
allowed for the calculation of sensitivity and specific-
ity against histopathology outcomes. Regarding Study 1, 
based on histopathology, 12 KPC pancreases were con-
firmed as cancerous, 9 controls as noncancerous, while 
5 pancreases (3 KPC and 2 KC) presented a precancer-
ous condition with pancreatic intraepithelial neoplasia 
(PanIN). Examples of CRF curves for noncancerous, pre-
cancerous, and cancerous samples are depicted in Fig. 6.

The CRF biomarker correctly identified 4 out of 5 
PanIN samples as cancerous. Considering the entire 

cohort of Study 1 (n=26), specificity and sensitivity were 
100% and 94% respectively. Sample determinations based 
on the CRF biomarker are summarized in Table  1. If 
PanIN samples were excluded, both specificity and sensi-
tivity were 100% (n=21).

There was a positive correlation between QuPath-
estimated percent fibrosis and CRF (F(1, 24) = 39.03, p < 
.00001, R2 = .62, see Fig. 7). Percent fibrosis was also vis-
ually estimated under the microscope, showing a strong 
positive correlation with CRF as well (F(1, 24) = 63.59, 
p < .00001, R2 = .73, see Fig.  8)). Moreover, the percent 
fibrosis values estimated using the two different methods  
were aligned, with the QuPath estimations being consist-
ently lower (F(1, 24) = 79.91, p <.00001, R2 = .76, see Fig. 9).

Discussion
This study found specificity and sensitivity of 100% and 
94% respectively, of the bioimpedance-based biomarker 
in discerning between cancerous and noncancerous 
pancreas tissues from mice. Additionally, all AP sam-
ples were identified as noncancerous. These findings 
also determined a strong positive correlation between 
CRF biomarker and percent fibrosis in cancerous and 

Fig. 6 Example CRF curves from noncancerous (NC - blue line), precancerous (PreCA - orange line), and cancerous (CA - red line) mice pancreases. 
The dashed lines indicate the frequency of the CRF peaks for each one of the curves

Table 1 Confusion matrix for Study 1. NC: noncancerous; CA: 
cancerous; PreCA: precancerous

Histology Assessment

CA PreCA NC

NovaScan  
Assessment

CA 12 1 0

PreCA 1 4 0

NC 0 0 9
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precancerous samples. This feasibility study demonstrates 
the potential use of CRF in predicting PC and assess-
ing the level of fibrosis. The identification of malignant 
precursors for PanIN samples indicates the biomarker’s 
capability to detect early-stage PCs. The biomarker was 
found to be robust against the confounding factor of pan-
creatitis, demonstrating its ability to distinguish between 
PC, normal, and acute pancreatitis tissues, suggesting its 
potential clinical use in differentiating between chronic 
pancreatitis and PC. Indeed, future work will establish 
the effectiveness of CRF based technology in a com-
monly-employed mouse model of chronic pancreatitis.

The positive correlation between CRF biomarker 
and pathologically analyzed cancer-induced fibrosis in 

PC may be similar to that shown in breast cancer [45]. 
Gregory et  al. [45] previously reported using the CRF 
biomarker as a prognostic indicator for the aggressive-
ness of breast cancer. In that retrospective study, a strong 
correlation was found between the CRF values of tumor 
excisions measured at time of surgery and long term 
patient outcomes in terms of recurrence or time-cancer-
free [45]. According to their findings, when the CRF is 
below 5.3 log(Hz), cancer is likely non-recurrent; when 
the CRF ranges between 5.3 log(Hz) and 5.8 log(Hz), 
there is a high likelihood of recurrent cancer without 
metastasis; and when the CRF is above 5.8 log(Hz), there 
is an increasingly greater likelihood of recurrent cancer 
with metastasis (see Fig. 10) [45]. A similar behavior was 

Fig. 7 Spearman correlation between percent fibrosis estimated with QuPath and CRF for noncancerous (blue), cancerous (red), and precancerous 
(orange) pancreases. Grey band shows the 99.99% confidence interval

Fig. 8 Spearman correlation between percent fibrosis estimated visually under the microscope and CRF for noncancerous (blue), cancerous (red), 
and precancerous (orange) pancreases. Grey band shows the 99.99% confidence interval
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observed for the pacreatic tissues data presented in this 
currect study (see Fig. 7). These findings suggest that the 
CRF may be a universal property of cells, transforming 
regardless of organ origin, and that the CRF biomarker 
may serve as a prognostic indicator.

Once validated through larger preclinical and clinical 
trials, the CRF-based technology could be integrated into 
a medical device for clinical use. Specifically, the elec-
trodes utilized for bioimpedance measurement could be 
refined into a digital version of Rapid On Site Evaluation 
(ROSE). This advanced tool would serve as an ex  vivo 
decision support system for real-time quantitative detec-
tion of pancreatic cancer in biopsy samples obtained 
during endoscopic ultrasound (EUS) procedures. Adapt-
ing the technology for this purpose would require 

modifications to ensure its sensitivity in measuring bio-
impedance for smaller sample sizes, such as biopsy speci-
mens. ROSE offers several advantages, including timely 
feedback on sample adequacy, optimization of the num-
ber of needle passes performed, and potentially increased 
diagnostic yield [5]. However, the limited availability of 
on-site pathologists for ROSE poses a significant chal-
lenge, attributed to constraints related to time, person-
nel, and resources, thereby hindering its widespread 
adoption globally. The envisioned device, derived from 
the described technology, promises to be a more cost-
effective, efficient, and accessible alternative to conven-
tional ROSE. Its deployment would democratize the use 
of EUS for pancreatic cancer detection worldwide. Addi-
tionally, future developments may involve implementing 

Fig. 9 Linear correlation between percent fibrosis values estimated with QuPath and visually under the microscope. Noncancerous data points are 
indicated in blue, cancerous in red, and precancerous in orange

Fig. 10 Gregory et al. [45] have showed that the CRF biomarker can retrospectively classify breast cancer data in 3 well-differentiated categories: 
nonrecurrent; recurrent with no metastasis; and recurrent with metastasis
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the measuring electrodes onto the tip of an endoscopic 
device for in  vivo clinical use, aiding endoscopists in 
decision-making processes, facilitating margins assess-
ment, and guiding biopsy acquisition.

This study is not without limitations. We expect some 
level of variability when transferring these results to a 
clinical trial. A larger sample size or an in  vivo porcine 
model could provide a deeper understanding of the 
potential use of the biomarker for early detection of PC 
[55–57]. This study did not include chronic pancreatitis 
samples; however, a standard model for this disease is 
already available and will be included in a future study 
by this group. With this in mind, we are moving for-
ward with developing an improved genetically altered pig 
model that best reflects the human condition with the 
primary goal of assessing CRF in combination with EUS, 
comparing with standard technologies that combine EUS 
with another modality like elastography. Once proven 
effective than any other approach, we propose that CRF 
will be a valuable and affordable tool for earlier detection 
of PC and are in the process of informing underserved 
communities for a forthcoming clinical trial, particularly 
in high risk individuals including African Americans with 
diabetes and/or pancreatitis.

Conclusions
In our research, we utilized the KPC mouse model to val-
idate a bioimpedance-based biomarker for PC detection. 
Our results indicate that the CRF-based biomarker can 
successfully distinguish PC from pancreatitis and benign 
tissue. Furthermore, we observed a correlation between 
biomarker values and the progression of lesions from 
precancerous to malignant stages. These findings under-
score the potential of this bioimpedance biomarker as a 
diagnostic tool for PC, offering promising prospects for 
early detection and intervention in the endoscopic field.
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