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Abstract

Objective: To automatically differentiate between normal and malignant gas-
tric tissues based on differences in their dielectric property values using support
vector machine (SVM). Methods: The open-ended coaxial probe method was
used to measure the dielectric properties of normal and malignant gastric tissues
within the frequency range of 42.58-500 MHz, and the measured dielectric prop-
erty data were fitted using the Cole-Cole model. Receiver operating characteris-
tic (ROC) curve analysis was employed to evaluate the discriminative capability
of permittivity, conductivity, and Cole-Cole fitting parameters at each frequency
point. SVM was utilized to differentiate between normal and malignant gastric
tissues, with classification accuracy calculated via k-fold cross-validation. Re-
sults: Within the measured frequency range, the area under the ROC curve for
permittivity at five low-end frequency points exceeded 0.8. The combination of
permittivity values at these five frequencies, used as feature values in conjunc-
tion with SVM, achieved the highest classification accuracy of 84.38%, with a
MATLAB runtime of 3.40 s. Conclusion: The SVM-assisted diagnostic method
for malignant human gastric tissue based on dielectric properties proposed in
this study is feasible.
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Abstract

Objective: To achieve automatic discrimination between normal and malignant
gastric tissues based on discrepancies in their dielectric properties using support
vector machine (SVM). Methods: The dielectric properties of normal and
malignant gastric tissues were measured across the frequency range of 42.58-500
MHz using the open-ended coaxial probe method, and the measured data were
fitted using the Cole-Cole model. Receiver operating characteristic (ROC) curve
analysis was employed to evaluate the discriminative capability of permittivity,
conductivity, and Cole-Cole fitting parameters at each frequency point. SVM
was used to classify normal and malignant gastric tissues, with discrimination
accuracy calculated via k-fold cross-validation. Results: Within the measured
frequency range, the area under the ROC curve (AUC) for permittivity at five
lower-frequency points exceeded 0.8. The combination of permittivity values
at these five frequencies as feature vectors, together with SVM, achieved the
highest discrimination accuracy of 84.38% with a MATLAB runtime of 3.40
s. Conclusion: The proposed SVM-assisted diagnostic method for human
malignant gastric tissues based on dielectric properties is feasible.

Keywords: dielectric properties; malignant gastric tissues; discrimination;
ROC curve; support vector machine

Introduction

Dielectric properties are inherent physical attributes of human tissues, compris-
ing permittivity () and conductivity () [1]. These properties are associated
with tissue water content, protein concentration, ion concentration, and other
factors [2-4], as well as the microenvironment including microcirculation, and
exhibit frequency dependence. When tissues undergo malignant transformation,
these dielectric property-related factors change, leading to significant differences
in dielectric values between normal and malignant tissues [2, 4]. Theoretically,
these differences exist prior to morphological changes, potentially enabling early
detection of suspicious lesions. This could provide a novel technical approach
for cancer diagnosis, where suspicious areas identified through dielectric analysis
can be targeted for biopsy.

Gabriel et al. [5-7] systematically investigated the dielectric spectra of healthy
human tissues and established a comprehensive database. Subsequent simulta-
neous measurements of normal and malignant tissues have demonstrated sig-
nificant dielectric differences [8-12], confirming the potential for tissue charac-
terization based on these properties. However, no clear criteria currently exist
regarding the magnitude of dielectric differences required to classify tissue as
suspiciously malignant. Therefore, developing discrimination methods based on
the degree of dielectric property differences is of significant importance. Several
studies have pursued this direction. Truong et al. [13, 14] employed machine
learning methods to discriminate normal from malignant breast and skin tis-
sues at THz frequencies, achieving classification accuracies above 90% for both
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tissue types. Yilmaz et al. [15] measured the dielectric properties of normal
and malignant rat liver tissues across 500 MHz-6 GHz and achieved over 90%
classification accuracy using machine learning. However, no reported studies
have applied this approach for automatic discrimination of human normal and
malignant gastric tissues based on dielectric differences. This study measures
the dielectric properties of human gastric normal and cancerous tissues intra-
operatively across 42.58-500 MHz using the open-ended coaxial probe method,
and explores the feasibility of automatic discrimination using machine learning.
ROC curve analysis is utilized to evaluate the discriminative capability of vari-
ous parameters, from which high-performance features are selected for machine
learning-based classification. Given that our data are numerical and represent
a binary classification problem, we selected support vector machine (SVM) for
discriminating normal and malignant gastric tissues.

1.1 Data Collection and Cole-Cole Modeling

This study employed the open-ended coaxial probe method [16-18] to measure
the dielectric properties of freshly excised malignant gastric tissues and adjacent
normal tissues in the operating room. The measurement frequency range was
42.58-500 MHz, encompassing 43 frequency points. A total of 290 samples from
26 patients were measured, including 100 normal samples and 190 malignant
samples. Patient ages ranged from 36 to 80 years, and ex vivo measurement
temperatures ranged from 23.8-32.8 °C.

The measured dielectric properties were fitted using the Cole-Cole model [19-
21]. The single-pole Cole-Cole fitting formula is:

Ae o;
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where w is the angular frequency, £*(w) is the frequency-dependent complex per-
mittivity, e’ (w) is the frequency-dependent permittivity, ”(w) is the frequency-
dependent dielectric loss (convertible to conductivity: o(w) = weye”(w)), and
€00y 045 A, 7, and a are the Cole-Cole model fitting parameters estimated from
experimental data. The Cole-Cole fitting was performed using a software pack-
age from the literature [22]. Figure 1 [Figure 1: see original paper| shows the
raw measurement data and Cole-Cole fitting curves for two different samples
(normal and malignant tissues). Thus, each sample includes permittivity and
conductivity at 43 frequencies, plus five Cole-Cole fitting parameters. These
dielectric values and fitting parameters were used for subsequent ROC curve
analysis to evaluate their discriminative capability.

1.2 ROC Curve Analysis

ROC curve analysis [23, 24] is a valuable technique for characterizing and visu-
alizing classifier performance, commonly employed in medical decision-making
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and increasingly utilized in machine learning and data mining. The ROC curve
is a two-dimensional plot with false positive rate on the x-axis and true posi-
tive rate on the y-axis, where each point corresponds to a decision threshold.
A key metric of ROC analysis, the area under the curve (AUC), is threshold-
independent and ranges from 0.5 to 1.0, where values closer to 1.0 indicate
higher discriminative capability.

This study employed ROC curve analysis to evaluate the discriminative capa-
bility of permittivity and conductivity at each measurement frequency, as well
as the five Cole-Cole fitting parameters, to identify high-performance features
for subsequent machine learning discrimination.

1.3 Support Vector Machine Classification

SVM [25-28] is a machine learning method based on VC dimension theory and
structural risk minimization principles from statistical learning theory. Numer-
ous studies have reported using SVM to discriminate normal and malignant
tissues [13-15]. This study employed binary classification SVM to identify an
optimal hyperplane that separates normal and malignant gastric tissues, which
was then used to classify test samples.

Let X = (7y,29,...,2,)7 represent the training sample set, where L is the
number of samples, z; € R™ (I = 1,2, ..., L) denotes a sample feature vector, and
y; € {—1,1} represents class labels, where y; = 1 indicates malignant tissue and
y; = —1 indicates normal tissue. The distance between the hyperplanes w-z+b =
1 and w- 2z 4 b = —1, determined by support vectors, is 2/||w|, and maximizing
this distance is the primary objective. Additionally, to ensure the hyperplane
is robust to noise, slack variables (; are introduced. The problem of finding
the optimal hyperplane can thus be formulated as the following constrained
optimization problem:

1 -
min §\|w|\2 +CZQ
w =1
subject to y;(w-z; +b) >1—-¢(, (>0, (=1,2,..,L

where C is the penalty factor determining the penalty for misclassified sam-
ples and affecting the classification accuracy on test samples. This constrained
optimization problem is solved using Lagrangian functions [29, 30].

After comparing several common kernel functions including linear, polynomial,
and radial basis function (RBF), this study selected the Gaussian RBF kernel
[30], expressed as:

K(x),x) = exp(—glz — x,|?)
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The penalty factor C' and kernel parameter g are critical parameters requiring
optimization. This study employed grid search method [31] for parameter op-
timization. Classification accuracy was calculated using k-fold cross-validation
[32, 33].

Results

ROC curve analysis and SVM classification were implemented using SPSS 21.0
and MATLAB R2014a, respectively. This section describes the experimental
results in detail.

Figures 2 [Figure 2: see original paper]A and B present ROC curves for per-
mittivity and conductivity at all measured frequency points. The diagonal line
represents an AUC of 0.5, indicating no discriminative capability. All ROC
curves for permittivity and conductivity lie above the diagonal. Figure 3 [Fig-
ure 3: see original paper| shows the AUC values for all ROC curves, with AUCs
for permittivity and conductivity exceeding 0.7 at all frequencies. Notably, only
permittivity at five lower frequencies (42.58, 53.23, 63.87, 74.52, and 85.16 MHz)
achieved AUC values above 0.8.

Figure 4 [Figure 4: see original paper] displays ROC curves for the five Cole-
Cole fitting parameters. All five curves lie near the diagonal, with AUC values
of 0.629, 0.671, 0.616, 0.676, and 0.544 for parameters €., Ae, 7, a, and o,
respectively.

Based on these ROC analysis results, we selected permittivity at the five frequen-
cies with AUC > 0.8 (denoted as € 1,€ 9,3, 4, p5) and their combinations
as classification features for SVM-based discrimination of normal and malignant
gastric tissues. Using the combination of permittivity at all five frequencies:

Traditional grid search was performed with C' and g ranging in [271°0,210] at
step size 0.5, requiring 14.88 s. The improved grid search method involved: (1)
coarse search with C' and g in [2710,210] at step size 2, yielding local optimum
(C,g) = (256,1) with 5-fold cross-validation accuracy of 82.81%; (2) fine search
near this optimum with C in [2°,210] at step size 0.5 and g in [273,23] at step
size 0.5, yielding optimal parameters (C,g) = (362.0387,8) with 5-fold cross-
validation accuracy of 84.38%. The entire process required 3.40 s. Figures 5
[Figure 5: see original paper]A and B illustrate the coarse and fine search results,
respectively.

Table 1 presents SVM discrimination accuracy and MATLAB runtime for dif-
ferent parameter combinations. The improved grid search achieved the same
accuracy as traditional grid search for each parameter combination while reduc-
ing runtime. The combination of permittivity at five frequencies achieved the
highest accuracy (84.38%) without increasing MATLAB runtime compared to
using individual frequency permittivity values.
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Discussion

Dielectric properties of biological tissues vary with physiological and patholog-
ical states [34]. Numerous studies have reported measurements of dielectric
properties for normal and malignant tissues, demonstrating significant differ-
ences [8-12, 35, 36]. However, few have analyzed the discriminative capability
of permittivity, conductivity, and Cole-Cole fitting parameters across different
frequencies. Recently, a limited number of studies have applied machine learn-
ing algorithms based on dielectric properties for tissue discrimination [13-15],
but none have reported automatic diagnostic assistance for malignant human
gastric tissues. This study measured dielectric properties of human normal and
malignant gastric tissues, employed ROC curve analysis to evaluate parameter
diagnostic performance, selected high-performance parameters for SVM-assisted
diagnosis, and analyzed both discrimination accuracy and computational time.

We measured permittivity and conductivity at 43 frequency points across 42.58-
500 MHz for normal and malignant gastric tissues, and fitted the data using
the Cole-Cole model. ROC analysis revealed that AUC values for permittivity
and conductivity exceeded 0.7 at all frequencies, while AUC values for all five
Cole-Cole fitting parameters remained below 0.7, indicating inferior discrimina-
tive capability. Furthermore, only permittivity at five lower frequencies (42.58,
53.23, 63.87, 74.52, and 85.16 MHz) achieved AUC > 0.8, demonstrating high
discriminative potential. Based on these findings, we selected the permittivity
values at these five frequencies and their combination as classification features
for SVM. The SVM classification achieved highest accuracy of 84.38% using the
combined five-frequency permittivity feature vector, with improved grid search
requiring only 3.40 s—comparable to runtime for individual parameters. Future
research could focus on measuring permittivity at these high-discrimination fre-
quencies or within a narrower bandwidth, combined with improved grid search
SVM, to assist in malignant gastric tissue diagnosis while avoiding broadband
measurements and Cole-Cole fitting, thereby saving time and enabling real-time
intraoperative diagnostic assistance.

The final discrimination accuracy and MATLAB runtime demonstrate the fea-
sibility of SVM-assisted diagnosis of human malignant gastric tissues based on
dielectric properties as a novel approach for major disease diagnosis. However,
factors including patient sex, age, tumor stage, and ex vivo measurement ef-
fects have not yet been considered, limiting the achieved accuracy. Future work
will expand the sample size, incorporate these factors, and identify superior
parameter combinations to further improve diagnostic accuracy and efficiency.
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Note: Figure translations are in progress. See original paper for figures.
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