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Abstract: Digitization of tissues allows examination of tissue morphologies in new ways enabling
patient stratification for effective treatments. Current slide-scanning techniques capture the visible
details of the tissue as whole-slide images and digitally record them in the form of spatial and color
relationships. Specialized experimental techniques like Dielectric spectroscopy can also be used to
investigate a tissue’s response to an applied electric field. This study used the dielectric spectroscopy
method to collect the complex permittivity of healthy and abnormal biopsy tissues excised during
gastroenterology procedures. A single pole Cole-Cole model is fitted to the measurements dataset
to extract the parameters which are used as features in machine learning binary classification
models. The models achieved high accuracy, demonstrating the feasibility of using microwave-
based spectroscopy measurements to create a digital dielectric fingerprint for tissues under
investigation.

Keywords: dielectric fingerprint; dielectric spectroscopy; microwaves; gastrointestinal; microwave
imaging

1. Introduction

A diagnosis must be accurate and timely to make clinical decisions tailored to each patient's
health problem for the best health outcome. Widespread utilization of various diagnostic methods
like Computed Tomography, Magnetic Resonance Imaging, and Ultrasound Imaging, along with
other clinical diagnostic tests, have increased diagnostic accuracy and helped physicians make the
best clinical decisions. However, physicians, surgeons, and radiologists rely on pathological reports
for assistance in diagnosing various diseases and guiding the treatment. Pathology can identify

© 2023 by the author(s). Distributed under a Creative Commons CC BY license.
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abnormalities in normal tissues and is considered a gold standard diagnostic test for multiple
conditions.

The three main subdivisions in pathology include anatomical, molecular, and clinical pathology.
Anatomical pathology includes surgical pathology, histopathology, and cytopathology, whereas
clinical pathology comprises chemical pathology, immunopathology, and hematology. Molecular
pathology detects defects at the level of DNA with the help of techniques like polymerase chain
reaction (PCR), DNA microarrays, karyotype images, and fluorescence labeling [1]. Macroscopic
tissue selection and tissue processing into microscopic sections for a pathological diagnosis needs
skilled laboratory and medical professionals [2]. Since treatment approaches are more personalized
nowadays, especially for cancers, diagnostic pathology is most crucial and comprehensive.

Tissue processing plays a key role in accurate histopathological evaluation. Tissue or sample
must undergo processing before it is examined under the microscope. This includes fixation,
trimming, embedding, sectioning, staining, and storage [3]. These processes are intended for the
morphological assessment of tissue and should ensure that morphology is not compromised during
tissue processing. Bass et al. published a review with a compilation of potential pitfalls that affect
tissue morphology, including proteins, RNA, and DNA, thus suggesting that better methods and
recommendations are needed for tissue processing to improve diagnostic outcomes [4].

Tissue processing is critical, especially in surgical pathology, for accurate diagnosis. Surgical
pathology involves surgical and biopsy specimens from living patients that can be tested for a better
understanding of the disease and treatment. Surgical pathology specimens can be used to identify
the inflammatory, benign, or malignant tissues, help visualize the tumor border, and simple staging
in malignancies. These specimens can be carried as paraffin or frozen sections and are currently
considered the most rapid method [5].

The frozen section biopsy is currently considered a guiding tool for deciding the extent of
surgery. Having said that, they are prone to artifacts, including wrinkles, staining condensations, and
cellular distortion. According to an article published in ALPF medical research on the interpretation
of frozen sections, the average deferral rate of frozen sections in general surgical pathology is
approximately 4%-5% [6]. Additionally, paraffin-embedded preparation does not involve a
standardized procedure, and formalin can denature specific proteins, limiting its use in pathology
[7]. Therefore, processing samples with predictable success rates within a determined turnaround
time (TAT) is challenging in diagnostic pathology.

TAT is a metric that indicates the quality of surgical pathology. According to the College of
American Pathologists (CAP), the TAT should be two days or less for 90% of the pathology reports
[8]. On the other hand, the recommended TAT for a single block frozen section by CAP surgical
committee is 20 minutes. Moreover, Joseph M Laakman et al. suggested that frozen section
turnaround time has minimal utility concerning quality assurance. Therefore, dividing it into
interpretative and quality time can be more beneficial [9]. Consequently, pathology generates
massive data consuming up to a gigabyte range and thus has the highest technical demand [10]. For
the reasons mentioned above, technologies used in pathology should be replaced or improved with
advancements in digital microscopy and computational science.

Developments in the computer-based algorithm in the field of digital pathology have been much
slower [11]. According to the Digital Pathology Association, Digital pathology (DP) is defined as "a
dynamic image-based environment that enables the acquisition, management, and interpretation of
pathology information obtained from a glass slide." DP, also referred to as "Telepathology" and
"Whole Slide Imaging" (WSI), has revolutionized pathology over the decades, benefiting translational
and clinical research along with routine pathology services [12]. Thus far, FDA-approved WSI
scanners can capture multiple digital images of the tissue sample under investigation and stitch them
together. A remotely located pathologist can quickly access the WSI and review. In addition to the
speed and efficiency, DP has also improved the precision and reproducibility of the read-outs. During
the recent COVID-19-related disruptions, DP has been a crucial technology for continuing academic
and clinical research and offering pathology services with remotely located pathologists [13]. In
addition, numerous laboratories are striving to progress in digital pathology using the data from the
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existing techniques to develop complete virtual biopsies. Some examples include optical coherence
tomography (OCT) and confocal microscopic analysis using endoscopy.

In addition to pathology, dielectric spectroscopy can identify biophysical changes in the tissues.
This non-destructive material interrogation technique can explain the interaction of tissues with
electromagnetic radiation. The tissue under investigation is exposed to an alternating electric field
resulting in an electric current flow through the tissue. This measured current change is a function of
the electric field frequency. Interpreting the current flow across the frequency spectrum provides
characteristic information about the structure and behavior of the tissue under investigation. A
comprehensive review by Fahmy. HM, et al. suggested that dielectric spectroscopy can be effectively
used in early cancer detection as it provides the biophysical status of cancerous tissue by
differentiating it from normal tissue [14].

With applications in practically every field, including healthcare, artificial intelligence (Al), deep
learning, and other machine learning techniques have made significant strides in recent years. Al is
an essential component of the diagnostic workflow, improving treatment outcomes for the patient
and increasing diagnostic potency while maintaining reproducibility and accuracy of the results.
Despite initial findings that are encouraging, the implementation of Al in diagnostic pathology
necessitates the creation of datasets to train complex neural networks, which can be challenging due
to the vast array of pathologies present along with data augmentation [15]. With Al, pathologists can
extend the amount of information gathered from each slide. One of the primary applications of Al in
pathology is to recognize patterns in images that can indicate the presence or the progress of the
disease markers. According to Niazi et al., digital pathology and Al can be used in Pathology for
education, clinical diagnosis, image analysis, and integration with other clinical data [16].

This paper introduces a novel non-destructive method, combining Microwaves (MW) and
Artificial intelligence (Al) to classify biopsy tissues, that complements the new pathology
technologies. The study's objective is to showcase the use of dielectric spectroscopy to create a novel
biomarker, Dielectric Fingerprint, which can be processed with Al algorithms to classify tissue types.
The advantage of such a workflow is the dramatic reduction in time (hours to minutes) to identify
tissue abnormalities while achieving high diagnostic accuracy. This study relies on biopsy tissues
collected from patients undergoing Gastroenterology (GI) procedures (Endoscopy or Colonoscopy)
at Mayo Clinic, Rochester, MN, USA. The biopsy tissues are characterized using dielectric
spectroscopy and then sent to the laboratory for histopathology analysis. Dielectric measurements
collected earlier are used to fit a classic parametric model to extract the parameters. A few Machine
Learning (ML) models were built with extracted parameters as features and pathology read-outs
(normal and abnormal) as labels. The ML models' performance is determined using typical ML
metrics, and the results indicate the effectiveness and potential of this novel pathology workflow.

2. Materials and Methods

The excised tissue samples (N=71 from 58 patients) were measured for complex dielectric
permittivity over a frequency range of 0.5 to 20 GHz using an open-ended coaxial probe test method.
Complex permittivity measurements were recorded using a USB Vector Network Analyzer (VNA).
Lastly, tissue samples were identified as normal or abnormal using histology, defining the ground
truth for the samples collected from the patient cohort. Supervised binary classification models were
created using the scikit-learn machine learning library in Python 3.7.6 language.

2.1. Tissue handling

Patients undergoing endoscopy or colonoscopy procedures between 220 July 2021 and 4%
November 2021 at Mayo Clinic, Rochester, MN, were identified for this study with IRB approval.
Tissues of interest, such as polyps on the intestinal or colon walls, were excised from 58 patients.
Freshly removed tissue samples were placed in a closed container and brought into the Microwave
Engineering and Imaging Laboratory (MEIL) for dielectric spectroscopy measurements. The tissue
samples were not treated with chemicals before the measurements to preserve the tissue
characteristics. The dielectric measurements, described in the later section, were collected within 5 to


https://doi.org/10.20944/preprints202310.1270.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 19 October 2023 doi:10.20944/preprints202310.1270.v1

8 mins from the time of excision. After collecting the dielectric measurements, each tissue sample was
immediately sent to the Pathology laboratory for histological examination to detect abnormalities or
malignancies. Results of the Pathology analysis were used to label each of the collected tissues as
“Normal” or “Abnormal”.

2.2. Measurement method

An open-ended coaxial probe test method was selected to measure the complex permittivity of
the tissue because of its non-destructive nature, relative ease of sample preparation, ability to
calibrate, and portability. Figure 1 shows the dielectric spectroscopy equipment setup used for the
measurements. The equipment items listed in Table 1 include an open-ended coaxial probe, Vector
Network Analyzer (VNA), Model P9374A, Keysight Technologies, a computer, a phase-stable test
port return cable, and fixtures to hold the probe and support the tissue sample.

Figure 1. Open-ended coaxial dielectric spectroscopy test equipment [17]. Labels: (1) Stand with probe
clamp (2) Flexible cable (3) Slim form probe (4) Plastic vial (5) Tissue (6) Platform/Laboratory jack (7)
USB VNA (8) VNA Software.

Table 1. Test equipment.

Equipment description Equipment Model
Slim form probe N1501A Dielectric Probe Kit
Vector Network Analyzer (VNA) Model P9374A
Flexible cable N9910X-708, 3.28 ft, 26.5 GHz
PC with VNA software USB VNA Network Analyzer Software, v18

The “Slim form probe” (N1501A Dielectric Probe Kit, Keysight Technologies) was an ideal choice
because of its small form factor and its compatibility with semi-solids like tissues. Measurements are
read directly on the computer, with Keysight's VNA software (Version 18) connected to the VNA
device. The probe is connected directly to the VNA with a flexible cable. The VNA software controls
the measurement system and records the complex reflection coefficient measurements.

2.3. Tissue preparation
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The size of the excised tissues varied between 1 and 5 mm in width and 1 to 3 mm in thickness.
About 4 to 8 biopsies are obtained per anatomical location, as shown in Figure 2, and sent to the MEIL
lab. Excised samples from each location were placed in a plastic vial achieving a target tissue depth
of 5 to 10 mm, which is ideal for the measurements.
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Figure 2. Excised tissue samples (left) from the gastrointestinal tract. Tissues were excised from
approximated locations (right), shown by red dots. [18].

Before collecting the measurements, the probe must be calibrated to compensate for any
mismatch in the measurement system. Of the many ways to calibrate an open-ended coaxial sensor,
a single reference-liquid method was selected because it is accurate and convenient. This calibration
method uses three reference standards of known complex reflection coefficients. These three
reference standards for the sensor-end are short-circuit, open-circuit, and immersed in a dielectric
liquid like methanol or deionized water. After calibration, the probe and the connecting cable were
left undisturbed for the measurement duration.

Next, the plastic vial with the samples was placed on a platform that can be raised or lowered
vertically. The calibrated probe was oriented vertically over the tissue samples in the plastic vial and
secured in a clamp fixture. The platform with the sample container was raised or lowered to ensure
uniform contact between the sample and the sensing end of the probe. The tissue contact surface on
the slim form probe is circular and has a relatively small diameter of 2.2 mm, which allowed us to re-
position the probe on different areas of each sample and repeat the measurement, if possible. This
approach allowed us to reduce the possibility of measurement errors and data loss due to the setup
and maximize the information that can be collected from each sample. All measurements were
collected at room temperature of 22°C (approximate). After the measurements were collected, the
tissue samples were sent to the Pathology laboratory for analysis. The probe was cleaned with
isopropyl alcohol after each sample measurement to avoid contamination across the samples. Each
tissue sample was labelled as Normal or Abnormal based on the pathology analysis. Table 2 shows
the total count of the samples and measurements grouped by tissue type.

Table 2. Samples and measurement counts.

Tissue type Samples Measurements
Normal 55 219
Abnormal 16 69

2.4. Data

The measurement collected with the equipment, known as complex reflection coefficient (Su1), is
later converted, and recorded as complex dielectric permittivity ¢(w) as shown in equation 1. The real
part &' of this complex term is the dielectric constant, which measures the amount of energy stored
in the material due to an external electric field. The im-aginary part €'y, the loss factor, measures the
energy loss when the material under test is exposed to an electric field. These two terms are
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frequency-dependent characteristic material properties describing the tissue behavior under an
alternating electric field.

gw)=¢er—je' (1)

Both dielectric constant and loss factor are determined simultaneously at a range of frequencies.
For this study, measurements were gathered across a frequency range of 0.5 to 20 GHz in increments
of 39 MHz for each measurement. As a result of the frequency increment selected, each measurement
output has 501 complex permittivity values (a total of 1002 values of dielectric constant and loss factor
per measurement). With a total of 71 samples, as listed in Table 2, the finished measurement dataset
has 288 unique meas-urements. Figure 3. shows the mean and standard deviation in measurements

grouped by tissue type.
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Figure 3. Summary statistics of dielectric properties of the tissues. (A) Permittivity of normal tissue,
(B) Effective conductivity of normal tissue, (A) Permittivity of abnormal tissue, (B) Effective
conductivity of abnormal tissue.

2.5. Model and Analysis

Each measurement produces a 501x2 array of values which means 288 unique measurements
result in an array size of 501x576. Using this measurement data in its raw format makes it difficult to
analyze and draw meaningful conclusions. To reduce the dimensionality of the dataset without
losing the characteristic details, both Debye and its modified form, Cole-Cole [19], models were
considered for fitting the measured data. Dielectric measurements from biological samples exhibit
broad relaxation behavior making Cole-Cole model a better choice over the Debye model. According
to Lazebnik et al. [20], a single pole Cole-Cole model, shown in equation (2), is sufficient to fit the
dielectric measurements collected from biological samples. A two-pole model increases the
complexity of data representation without any significant improvement in the quality of fit. Using
the model, the 1002 data points from each measurement are transformed into five Cole-Cole
parameters, i.e., dielectric constant at infinite frequency, dielectric constant at a static frequency,
generalized relaxation time, exponent constant, and conductivity.
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where,
3 is the complex permittivity.
® is the angular frequency.
E is the dielectric constant at infinite frequency.
£ is the dielectric constant at a static frequency.
T is the generalized relaxation time.
a is the exponent constant.
o is the conductivity.
g is the permittivity of free space.

2.6. Model fitting

A Python [21] script was created to fit the single-pole Cole-Cole model to each meas-urement
and extract the Cole-Cole parameters. The script uses LMFIT [22] function with the classic Levenberg-
Marquardt algorithm to solve the non-linear least squares problem for each measurement. This
function combines the steepest descent and the in-verse-Hessian methods to solve the non-linear
problem. The function iterates until three consecutive chi-square measurements are not significantly
different or the maximum number of iterations is reached. Figure 4. shows an example of the fit
achieved for dielectric constant and loss factor, from a measurement, with this method.
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Figure 4. Typical measurement and Cole-Cole model fit of dielectric constant (left) and loss factor
(right) over a frequency range of 0.5 to 20 GHz.

The absolute difference between the measured and re-constructed values was calculated to
assess the overall quality of the fit. As shown in Figure 5, the maximum error due to the fittings across
all measurements and frequencies is approximately 3.96 units and 2.37 S/m for dielectric constant and
effective conductivity, respectively. As reported by Lazebnik et al. [20], the error in dielectric constant
increases at lower frequencies because of the processing method at low frequencies. This accuracy
level is acceptable for using a single-pole Cole-Cole model as it is comparable to the results achieved
by Gabriel et al. [23]. The fit error, described in [20,23] for a variety of animal and human tissues,
ranged from 1-10 units and 1-10 S/m for both dielectric constant and effective conductivity. The
goodness of fit was also determined based on the chi-squared values for real and imaginary parts
separately using equations 3 and 4.
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where,
N is the number of measurements points per sweep (N=501)

€ (w;) st is the estimated real part of permittivity.

& (0;) meq is the measured real part of permittivity.

e(w;) es¢  1s the estimated imaginary part of permittivity.

e (01) mea is the measured imaginary part of permittivity.
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Figure 5. Absolute error in modelled Dielectric constant (top) and effective conductivity(bottom)
observed across the frequency range and measurements.

3. Results

The fit of the Cole-Cole model was investigated using a graphical method comparing the actual
measurements and the model-calculated values. Upon visual inspection of the trends, one
measurement was observed with a poor quality of fit. A one-sided Grubb’s test was applied to
identify the outliers in chi-squared values with a significance level of 0.05. The measurement that was
detected earlier using a graphical method was confirmed as an outlier with a chi-squared value of
17.59. This measurement was removed from the further analysis, reducing the unique measurement
count to 287. With this measurement exclusion, the maximum chi-squared value across the
measurement dataset was deter-mined to be 7.87, which is far less than the goodness of fit test statistic
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of 553.13 for 500 degrees of freedom (not significant for p < 0.05). The five Cole-Cole parameters and
chi-squared values are grouped by tissue type and shown in Figure 6. As observed in the graphs, the
parameter values and the chi-squared value distributions overlap for the normal and abnormal tissue
groups. It is challenging to define a specific range for each parameter to differentiate the abnormal
from the normal tissues.
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Figure 6. Comparison of the Cole-Cole parameters between abnormal and normal tissues. (A)
Dielectric constant at infinite frequency (B) Dielectric constant at static frequency (C) Generalized
relaxation time (D) Exponent constant (E) Conductivity (F) Chi-square value.

ML models have the potential to classify this measurement dataset. For the ML modelling, the
raw measurement dataset was replaced by the 5 Cole-Cole parameters, i.e., five features per
measurement, and split into training and test data (70/30). Per Table 2, the dataset is imbalanced as
most of the tissues were labelled as Normal (Normal =218, Abnormal = 69) per the pathology reports.
Developing an ML model with this dataset without addressing the imbalance may create a bias
towards normal measurements due to the abundance of normal measurements. To overcome this
data imbalance, the Abnormal class of the training data set was augmented using Synthetic Minority
Oversampling Technique (SMOTE) to produce a balanced dataset.

The five Cole-Cole parameters are expressed in different units and have significantly different
scales, so the Normalization technique is needed to convert the dataset to the same scale. Scikit-learn’s
[24] MinMaxScalar was used to normalize the data set. Normalization was selected over
standardization because histograms of the parameters did not indicate a Gaussian distribution.
Additionally, the normalization technique does not require any knowledge of the underlying
distribution.

For this binary classification problem, we considered 13 different classification models shown in
Table 3. The averaged model metrics from cross-validation runs, also shown in Table 3, indicate that
most ML models are reasonably accurate (close to 1), with the Extra Trees (ET) classifier [25] model

performing the best.
Table 3. Average model metrics from cross-validation runs.
Model Accuracy AUC  Recall Precision F1
Extra Trees Classifier 0.9350 09225  0.7967 0.8672  0.8233
K Neighbors Classifier 0.8951  0.8879  0.7711 0.7281  0.7290

Random Forest Classifier 0.8951 0.9175 0.7454 0.7152 0.7274
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Naive Bayes 0.8950 0.7999  0.6685 0.7827  0.6950
Quadratic Discriminant Analysis 0.8851 0.8599  0.6209 0.7553 0.6695
Logistic Regression 0.8800  0.8046  0.6447 0.7438  0.6643
Decision Tree Classifier 0.8800  0.8300  0.7473 0.6857  0.7143
Ridge Classifier 0.8751 0.0000  0.6447 0.7833  0.6605
Light Gradient Boosting Machine 0.8703  0.9035  0.7234 0.6696  0.6944
Gradient Boosting Classifier 0.8702  0.8954  0.7967 0.6300  0.7021
SVM - Linear Kernel 0.8651 0.0000  0.6209 0.6644  0.6360
Linear Discriminant Analysis 0.8602 0.8146  0.6447 0.7572  0.6414
Ada Boost Classifier 0.8550  0.8599  0.7473 0.6078  0.6667

ET classifier was selected for final testing with the hold-out dataset. The ET classifier was applied
to the test dataset, which produced the results shown in Table 4. The Receiver Operating
Characteristic (ROC) curve for the ET classifier shown in Figure 7 is the probability curve at various
thresholds separating the signal from the noise. The Area Under the Curve (AUC) has a near-perfect
value of 0.99, indicating that the model performs well in distinguishing the Normal and Abnormal
tissues. Another important and commonly used performance metric is the confusion matrix shown
in Figure 8. Again, the model shows good performance in predicting both normal and abnormal
tissue classes. Lastly, the feature importance was calculated to determine the significant features that
resulted in the model's success. See Figure 9.

Table 4. Performance metrics of Extra Trees classifier on test dataset.

Model Accuracy AUC Recall Precision F1
Extra Trees Classifier 0.9655 0.9896 0.8966 1.0000 0.9455

ROC Curves for ExtraTreesClassifier
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Figure 7. ROC Curve for Extra trees classifier model.
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ExtraTreesClassifier Confusion Matrix

True Class

Predicted Class

Figure 8. Confusion matrix (Class 0 = Normal, Class 1 = Abnormal).
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Figure 9. Sorted importance of the Cole-Cole parameters.

4. Discussion

There is enough preliminary evidence as studies have been conducted on both animal and
human tissues to characterize their dielectric properties and notice any change in them as they deviate
from their normal state [26-28]. The study detailed in this paper shows a feasible tissue investigation
workflow that leverages Microwaves (MW) and Artificial Intelligence/Machine Learning (AI/ML) to
describe a "Dielectric Signature" for every tissue, adding another technique to Digital Pathology (DP).
MW-based measurements can be incorporated into pathology lab practices to quickly capture tissue
di-electric properties before processing them. The dielectric permittivity measurements, when
combined with an Al algorithm, can help to predict the tissue state promptly.

The results from this study imply that the dielectric properties of each tissue are distinct, and
measurements based on dielectric spectroscopy offer immediate and distinctive insights into tissue
biopsy and excision without causing any damage to the tissue architecture. This work demonstrates
that the dielectric spectroscopy readings can be integrated with a machine learning model to quickly
identify abnormal tissues before they are processed in pathology labs. This quick processing can help
triage the patients and start empirical therapies, if needed. Once dielectric properties of a significant
number of normal and abnormal tissues are mapped, it can also open new avenues of research for it
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to be used as a critical intraoperative decision-making tool for assessment of tumor-free margins and
deciding the further extent of tissue dissection. This is currently done using frozen sections and is
time intensive as well as prone to errors.

Significant strides are being made in the field of DP to use various Al techniques for the
interpretation and extraction of data from images received from pathology glass slides, but the pace
has been slow. It is also plagued by various problems, including data storage issues, cost-
effectiveness (due to maintenance of both conventional glass slide and digital infrastructure), non-
availability of tissue blocks for additional stains/molecular analysis if needed later, occupational
hazard risk due to increased strain on eyes with increasing screen time, etc. [29,30]. Most of these
issues can be addressed using dielectric spectroscopy by directly analyzing the tissue sample without
any processing or disturbing the natural tissue architecture. The equipment used is relatively
inexpensive and easy to operate, thus making the technique more economically feasible. The
analyzed tissue can also be further utilized to undergo molecular, cytological, or histopathological
analysis.

This technique can be further utilized in clinical pathology. Liu et al., in their study done in 2021,
showed that the dielectric properties of normal red blood cells differed significantly from those of
sickle cell disease after subjecting them both to hypoxia [31]. This study has provided insight and
further potential for dielectric spectroscopy to be used in the field of hematology, as cell properties
fluctuate with changes in their biochemical and genetic makeup. Hence, it can bring a paradigm shift
in how we approach diseases such as leukemia, lymphoma, hemoglobinopathies, and other blood
dyscrasias. In 2019, Hussein et al. characterized the peculiar dielectric signature of breast cancer tissue
as compared to normal healthy breast tissue. They also discovered that the dielectric characteristics
of two separate malignancies, breast, and colon, were distinct and exhibited no relation to one another
[32]. We envision that these findings can lead to the development of non-invasive microwave-based
dielectric spectroscopic instruments for the detection of cancers and other alterations in potentially
every organ system of the body.

However, even with the immense potential to evolve into a prominent diagnostic tool, using
dielectric spectroscopy needs extensive research as not many studies are available to properly
evaluate the dielectric properties of all the body tissues, clinical translation of these measurements,
and its potential limitations. One of the major challenges of incorporating Al in DP is the continually
increasing information and its com-prehensive assessment by the pathologist. This majorly influences
the quality of the data and, thus, the reliability of the AI model. Moreover, the implication of Al-
based techniques face challenges such as potential randomized trials, which focus on analyzing the
advantages for pathologists and patients simultaneously as it demands precise clinical data. Having
said that, this study also has certain shortcomings. The sample size consists of only 71 patients with
restricted pathologies. More studies with larger sample sizes and a diverse array of pathologies being
investigated are needed to lend credence to the use of this technique and identify the dielectric
signatures of all tissues for diagnostic or therapeutic purposes. Also, tissues were classified binarily
as abnormal or normal based on histopathological analysis, and then their dielectric properties were
compared, but as a fact, a lot of diseases, such as cancer, progress and develop sequentially from
normal tissue to adenoma to carcinoma in-situ and eventually into a penetrating carcinoma. These
stages may have varying dielectric properties and will not fit into the binary classification, thus
eliciting a need to evaluate such pathological processes for having a signature di-electric progression
spectrum. The coaxial probe technique employed in this study to assess the dielectric properties of
tissues addresses many of the drawbacks of existing methods. This makes it necessary to train the Al
model in an efficient manner by vali-dating DP into dielectric spectroscopy. However, it presumes
the sample to be homogeneous and in good contact with the probe; thus, air bubbles and uneven
sample surfaces can result in erroneous results. The boundaries of what can be measured are
determined by several parameters, including probe design and materials (and hence impedance),
precision of the probe fabrication procedure, calibration procedure (standards utilized), and
measurement equipment capabilities (i.e., the VNA) [33].
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Lastly, the model’s feature importance result gives a good insight into the primary features that
make the model successful. As shown in Figure 9, the tissue conductivity has the highest importance,
while the alpha parameter has the lowest importance. Typically, abnormal tissues have lower
conductivity than normal tissues (see Figure 6e). Because of the importance of conductivity, we
assume that it is important to maintain the tissue moisture level prior to collecting the MW
measurements.

As discussed so far, dielectric spectroscopy measurements can be a valuable technique to quickly
investigate or identify tissue class. However, this approach has several benefits and limitations that
must be considered. The advantages include non-destructive and non-invasive nature, little or no
effort needed for sample preparation, investigating the response for a broad frequency range, ability
to measure solids, semi-solids, and polar liquids, flexibility to adjust the technique, and can
potentially be combined with other variables such as temperature, pressure, and humidity. It is
equally important to consider the limitations of the method. The calibration procedure is prone to
issues needing additional personnel expertise for diagnosis and corrections. The method cannot be
tuned to target a specific material constituent. It has the potential to be swamped by uninteresting
material components or unaffected by a material component of interest.

5. Conclusions

Dielectric spectroscopy is a great diagnostic tool with immense potential when combined with
Digital Pathology. This work demonstrated the potential of dielectric properties on as a novel digital
marker in classifying normal and abnormal human tissues within the gastrointestinal tract. Further
research and studies are needed to explore broader ap-plications within pathology and other tissues
to demonstrate the capability of this method leveraging artificial intelligence.
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