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Featured Application: Quantitative Young’s modulus measurement of soft tissue tumors such as
cancer cells with high spatial resolution.

Abstract: The stiffness of tumor cells has a significant influence on invasion and metastasis strategies.
In this study, we developed a novel detection method, called laser resonance frequency analysis
(L-RFA), for soft tissue tumors in physical oncology. In addition, we evaluated the characteristics
of the laser-induced photo-thermal elastic wave (LIPTEW) obtained by L-RFA using agarose gels
with different stiffnesses to simulate soft tissues. The LIPTEW diagnosis based on the audible wave
range indicated a great potential too, which allows for the measurement of the stiffness of single cells
while maintaining organ geometry. In particular, we observed vibrations with high spatial resolution
of less than one-tenth of the laser irradiation spot size. From the obtained results, our proposed
machine learning method achieved high accuracy and precision, with coefficient of determination
R? = 0.950. The characterization of the LIPTEW on the L-RFA to predict single cell stiffness could be a
milestone for future studies on physical oncology, soft-tissue tumor stiffness diagnoses, and medical
imaging technologies.
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1. Introduction

In the 1970s, cancer research was dominated by molecular genetics and biochem-
istry [1]. However, in most solid tumors, malignant cells coexist with noncancerous
tissue [2]. In addition, it is now clear that cancer growth and progression are associated
with the microenvironmental and physical abnormalities of cancer cells and tumors [3-5].
Recently, physical oncology was proposed and applied to investigate soft tissue tumors,
given that the hardness of tumor cells has a significant influence on invasion and metastasis
strategies [6]. Tumor cells differ in chemoresistance with respect to hardness, organ site,
and metastatic performance [7-9]. For example, tumor cell hardness is critical relative
to the surrounding cells because tumor cells may be stiffer than the surrounding tissue
and may push the surrounding tissue away. Moreover, they may be softer than the sur-
rounding tissue and develop in the interstitial space. Thus, cancer cells are characterized
by heterogeneity within the tumor, ranging from physical and mechanical changes in the
extracellular matrix (ECM) [10]. Macroscopic bio-stiffness evaluation schemes in vivo are
widely used. The evaluation of the elastic modulus using ultrasound elastography has
been conducted in clinical practice as a noninvasive method for the measured organ struc-
tures [11,12]. However, these techniques had a spatial resolution at the submillimeter scale
and did not measure the elastic modulus of single cells wherein cell-to-cell interactions
occur in the state of organ geometry.

By contrast, microscopic in vitro measurement methods at the single-cell level are
common. For example, micropipette aspiration is the most classical approach for measuring
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the mechanical properties of cells, cell nuclei, and tissues [13-15]. However, this technique
has suffered from low throughput ranging from 180 s per cell, as indicated in studies
published in the 1950s, [16] to 3.6 s per cell, as reported in the 1990s, [17]. Other methods,
such as the magnetic tweezer assay [18], have been developed and utilized to measure DNA
elasticity [19-22]. In the same tweezer assay, the optical tweezer method [23] using laser
light was developed in 1968 and is still widely used. In a previous study, the stiffness of
cells was reported by measuring the elastic modulus of single cells under optical radiation
pressure using a technique referred to as optical stretcher [7]. While tweezer assays can
evaluate cells such as red blood cells [24], they are not suitable for all cells [25]. Furthermore,
these techniques cannot be evaluated in organ geometry because of their approach to
single cells.

Atomic force microscope (AFM) has been utilized as a technique for microscopic
cellular-level elasticity mapping while preserving organ geometry [26-28]. Using AFM
on normal and malignant human breast biopsies, Plodinec et al. found that in late-stage
cancers there was more softening in the center and an increase in stiffness toward the
periphery with sclerosis of the tumor stroma [29]. This study is a clear example in which
elastic modulus mapping provided very effective information. However, methods to
assess mechanical properties at the single-cell level, including AFM, require high-precision
instrumentation and specialized training. Hopefully, these challenges can be overcome to
assess cellular response non-destructively and continuously in situ [30].

Recently, laser-induced thermoelastic waves were studied as a diagnostic technique
referred to as laser resonance frequency analysis (L-RFA) for the initial stability of orthope-
dic implant installations [31-33]. The principle of L-RFA is based on the measurement of
the laser-induced photothermal elastic wave (LIPTEW) on implants such as pedicle screws
and acetabular cups. The LIPTEW can lead to resonant vibration, which consists of an
audible frequency region and employs the same scheme as the hammering test used for
the concrete walls of tunnels and fastening bolts of bridges [34,35]. The LIPTEW can pro-
vide forced oscillation on the sample surface, and the behavior reveals surface mechanical
properties, as is achieved by palpation. Photoacoustic imaging (PAI), which is based on the
same LIPTEW principle as L-RFA, uses the penetration of laser radiation into the body to
achieve a higher spatial resolution of imaging using ultrasound [36,37]. This imaging is
achieved by transmitting a nanosecond laser pulse into the blood vessels and measuring the
propagation of ultrasound waves induced by the absorption of laser pulses by hemoglobin
in the blood. Therefore, PAl is based on a detection technique, and is a different scheme
from the elastic modulus measurement categorized as elastography. Similarly, the acoustic
tweezers method [38—41] uses ultrasound waves to measure hardness, but as with optical
and magnetic tweezers, its single-cell approach makes it impossible to measure while
maintaining organ geometry.

The L-RFAs conducted in previous studies were realized using high-power pulsed
lasers. A sweep pulse excitation method was demonstrated, in which the repetition fre-
quency of the laser pulse was used to realize a low average power evaluation [42,43]. In
this new frequency-sweep pulse excitation method, L-RFA evaluation was demonstrated
with a metal disk and a low laser power of several milliwatts [43]. Therefore, this L-RFA
technique is applicable to the stiffness diagnoses of soft tissue tumors by palpation using
LIPTEW. Using a laser as the excitation source, excitation energy can be transmitted into a
single microscopic cell in the order of optical wavelengths in a non-contact, quantitative
manner while maintaining the macroscopic structure of the organ shape. Combined with
optical fiber transmission technology, the system can be mounted on an endoscope, and is
therefore a less invasive in vivo measurement method.

In this study, we evaluated the characteristics of LIPTEW on agarose gels with different
Young’s moduli to simulate soft tissues toward single-cell hardness measurements while
maintaining organ geometry. The results obtained from this study suggest that the machine
learning-based analysis method for the prediction of the Young’s modulus using L-RFA
data can contribute to computer-aided detection (CADe).
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The proposed evaluation method using L-RFA demonstrates significant potential
as a critical measurement technique required in the process of physical oncology for the
evaluation of cell stiffness while preserving the shape of the organ. This method allows for
the realization of elastic modulus imaging techniques by performing two-dimensional (2D)
scanning. When cancer diagnosis based on combined multiple data is a critical data point,
tumor cell stiffness presented by L-RFA diagnostic techniques based on big data analysis is
essential for CADe. The dependence of laser-induced elastic waves on the stiffness, spatial
resolution in measurements, and data analysis performance based on machine learning,
as proposed in this study, represents a performance milestone for future soft-tissue tumor
stiffness diagnostic and stiffness imaging technologies.

The rest of the paper is arranged as follows. Section 2 describes the measurement
and analysis method using L-RFA. Section 3 presents the results. Section 4 discusses the
advantages of this method, and Section 5 presents the conclusions of our study.

2. Materials and Methods

For Young’s modulus evaluation, samples with quantitatively adjusted mechanical
properties, a stable experimental setup, and replicable experiments are required. In addition,
it is essential to establish a machine learning scheme for uniformly analyzing the big data
obtained. This section describes each detail incorporated to accomplish this study.

2.1. Experimental Samples

In this study, 11 types of agarose gels with different mass concentrations were prepared
to determine the variations in the Young’s modulus by adjusting the amount of agarose
dissolved in water. The Young’s modulus was determined by measuring the displacement
and stress of the sample in a simple push-in test using a force gauge, as shown in Figure 1a,b.
Figure 2 presents the dependence of the Young’s modulus on the mass concentration of
the agarose powder. In this study, measurements were performed in the Young’s modulus
range of approximately 0.04-2.3 MPa. These values cover the Young’s moduli for organs
such as the stomach, esophagus, small intestine, and large intestine [44]. To make uniform
the influence of laser absorption and scattering due to different agarose concentrations, SiC
powder with a particle size of 45 um was uniformly applied on the sample surface layer.

Force Gauge

Press

A90VH ADH0A

7

Sample
Base

Figure 1. Experimental setup of simple push-in test to evaluate Young’s modulus: (a) actual setup
and (b) configuration diagram.
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Figure 2. Young’s modulus dependence of mass concentration of agarose.

2.2. Laser Irradiation Setting in L-RFA

Figure 3a,b show the experimental laser irradiation setup and configuration diagram in
the L-RFA, respectively. A laser diode (LD) with a wavelength of 405 nm (Edmund Optics,
#19-462) was used, and the LD repetition frequency was modulated by the transistor—
transistor logic (TTL) signal as an external trigger from a functional generator. Ten measure-
ments were performed for each agarose sample with different Young’s moduli by L-RFA
using sweep pulse excitation in a stepwise manner, as described in a previous study [41]. A
plano-convex lens with a focal length of 100 mm was used to irradiate the samples. The
average power of the laser irradiating the sample was approximately 25 mW, and the focal
spot diameter was approximately 150 um. The pulse width was dependent on the duty
ratio of the TTL signal from the functional generator input to the LD. In this study, the
pulse width was set such that half of the irradiation time interval corresponded to laser
irradiation (50% duty ratio).

(b) LDV (Laser Doppler Vibrometer)

\/\{:| Oscilloscope

Function Generator

Laser Diode
Output power 25 mW
405 nm wavelength

Focusing lens f =100 mm

Sample

Figure 3. Experimental setup of L-RFA using sweep pulse excitation scheme: (a) actual irradiation
setup and (b) configuration diagram.

The laser-induced photo-thermal elastic waves were measured using a single-point
laser Doppler vibrometer (VibroOne, Polytec GmbH, Baden-Wiirttemberg, Germany) and
were recorded using an oscilloscope. The obtained measurement results were converted to
a frequency spectrum using fast Fourier transform (FFT) analysis and smoothed based on a
50-point moving average to eliminate electrical spike noise.

The spatial resolution of the L-RFA was evaluated using a scanning laser Doppler
vibrometer (PSV-500, Polytec GmbH; Baden-Wiirttemberg, Germany). The average power
of the laser irradiated on the sample was 25 mW, and the laser beam was defocused to a
diameter of approximately 4 mm. The laser repetition frequency modulation was fixed at
924 Hz, and FFT analysis was performed on the results of eight measurements per sample.
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2.3. Machine Learning-Based Analysis

Medical image analysis is one of the leading artificial intelligence (AI) applications
in the medical field. Machine learning and deep learning are now being considered for
adaptation for lesion detection, differential diagnosis, and region extraction. The dramatic
improvement in Al performance has led to the proposal of the use of Al in clinical sites
related with CT and MRI, especially by radiologists [45-50]. As an example of machine
learning applied in tumor diagnosis related in this study, Solkov et al. achieved 94%
accuracy by adapting Random Forests, which is an ensemble learning method used for
classifications, to a bladder cancer diagnostic tool using AFM [51]. Thus, recent advances
in machine learning technology have enabled the effective analysis of tumors.

However, Young’s modulus is not a categorical but continuous value. Therefore, to
obtain stiffness mapping and stiffness spectrum using numerical values in CADe by L-RFA
as in cell evaluation using AFM, Young’s modulus should be estimated using a regression
method rather than using a simple classification problem such as stiffness or softness.

To realize CADe by analyzing the data obtained from the L-RFA, stiffness prediction
was conducted based on machine learning using L-RFA data for agarose samples with
different Young’s moduli. The analysis was based on support vector regression (SVR),
which was used in a previous study [52]. Three explanatory variables obtained from the
vibrational frequency spectrum in the L-RFA were analyzed by SVR to predict the Young's
modulus at the laser-irradiated area. Three types of explanatory variables, namely, the
frequency center of gravity, intensity center of gravity, and peak intensity in the measured
frequency region, were introduced into SVR as explanatory variables.

Support vector regression is an adaptation of the support vector machine (SVM) [53,54],
which is a pattern recognition method, to regression, and can be adapted to nonlinear
problems by incorporating a kernel function. In this study, we used a Gaussian kernel (RBF
kernel), which generally exhibits a higher speed and accuracy. The basic principles of SVR
and SVM are the same, and the regression performance by SVR leads to the classification
performance in SVM. Therefore, SVR is the most optimal machine learning method that
can generalize the performance of L-RFA hardness measurement, which will be considered
as a benchmark.

The L-RFA data from 11 different agarose samples with different Young’s moduli, as
shown in Figure 2, were used to train the SVR used in this study. The hyperparameters
required for learning SVR were determined with the least squares error in the grid search as
follows: the insensitivity coefficient ¢ ranged from 272 to 2°, the regularization coefficient
C ranged from 2710 to 210, and the RBF kernel function -y ranged from 271> to 2°. The
combination (¢ = 274, C = 23, and y = 272) was used in this analysis.

3. Results

The evaluation of Young’s modulus requires the optimization of the evaluation condi-
tions of the L-RFA. Moreover, it is necessary to understand how Young’s modulus affects
the results of the L-RFA evaluation. Thus, it is essential to evaluate the analysis and identify
the factors that may affect model performance. In this section, we discuss the L-RFA condi-
tions, present the accuracy of estimating Young’s modulus evaluation via machine learning,
and present the results of validating the spatial resolution for single-cell evaluation.

3.1. Influence of Laser Irradiation and Young's Modulus Parameters

In an L-RFA using the frequency sweep excitation method, the measurement time
of each excitation frequency is a critical parameter. Therefore, to clarify the appropriate
excitation conditions for agarose samples, measurements were conducted at different
numbers of divisions in the frequency range of 1000-10,000 Hz with a measurement time
of 2 s. The measurement frequency interval and each allocated time were determined by
dividing equally the measurement time and measurement frequency band by the number
of divisions. Figure 4 presents the vibration frequency spectra obtained for agarose with a
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Figure 4. Laser-induced vibrational spectra of agarose with a Young’s modulus of 1.22 MPa with
respect to different numbers of divisions: (a) 5 divisions, (b) 10 divisions, and (c) 40 divisions.

When the measurement time allocated to one excitation frequency was shorter, it was
difficult to average the noise components, thus resulting in a decrease in the signal-to-
noise (S/N) ratio. Therefore, as shown in Figure 4a, when the number of divisions was
small, data with a large S/N ratio were obtained; however, the amount of information
obtained from the L-RFA was reduced due to the low excitation frequency. However, as
shown in Figure 4c, when the number of divisions was excessively large, comb-shaped
vibration peaks were not observed due to the decrease in the S/N ratio. In this experiment,
we employed 10 divisions, as shown in Figure 4b, which clearly provide the results for
multiple excitation frequencies.

In the sweep-frequency excitation method reported in previous studies, the main
measurement principle was the adjustment of the repetition rate to the resonance frequency.
Generally, the resonance frequency of soft materials used for vibration isolation is several
tens of Hertz. Therefore, the vibration obtained at the excitation frequency in the measure-
ment shown in Figure 4 was a vibration caused by forced excitation. Figures 5 and 6 present
the L-RFA results for different Young’s modulus values of (a) 0.042 MPa, (b) 0.76 MPa, and
(c) 2.3 MPa in the same frequency range of 1000-10,000 Hz. The evaluation results revealed
that at the frequencies where the forced vibration was utilized, the vibration intensity
increased with the Young’s modulus, as shown in Figure 5a,b. However, as shown in
Figure 5¢, a higher Young’s modulus resulted in a higher noise level in the high-frequency
band and a lower S/N ratio.
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Figure 5. Laser-induced vibrational spectra of agarose with different Young’s moduli of (a) 0.042 MPa,
(b) 0.76 MPa, and (c) 2.3 MPa.
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Figure 6. Laser-induced vibrational spectrogram of agarose with Young’s moduli of (a) 0.042 MPa,
(b) 0.76 MPa, and (c) 2.3 MPa.

To visualize the time-domain laser-induced vibrational spectra, Figure 6 presents
spectrograms obtained by short-time FFT for different Young’s moduli of (a) 0.042 MPa,
(b) 0.76 MPa, and (c) 2.3 MPa. Figure 6a reveals that step-like forced excitation clearly
occurred at a low Young’s modulus. Figure 6b reveals that a higher Young’s modulus
caused higher-order vibration and forced excitation, and that the noise component was
higher across the entire frequency band above the excitation frequency. As shown in
Figure 6¢, at a higher Young’s modulus, the noise in the high-frequency band increased
and the S/N ratio with forced excitation decreased.

3.2. Young’s Modulus Prediction by Machine Learning Analysis

The final clinical application of this technology will be the stiffness measurement using
L-RFA for in vivo soft tissue tumors by introducing optical fibers into an endoscope or
other devices. Therefore, it is critical to obtain a more accurate Young’s modulus from
the obtained L-RFA results for application to CADe. To avoid learning extrapolation, the
estimation performance was verified for nine agarose samples, excluding the largest and
smallest datasets. Figure 7a presents the results of 10 measurements for each agarose
sample used to train 100 data points and predict the 10 data points of a verified agarose
sample. The variation in the estimated values for each Young’s modulus was significantly
large, and a sufficient estimation performance was not demonstrated. Moreover, Figure 7b
presents the estimation results of one data point using the training data of 10 points by
considering the average of the data measured at 10 points for each agarose sample. A
comparison of the values is shown in Table 1. The coefficient of determination R? reached
0.950 and the mean squared error was 0.0322. The estimation results were close to an ideal
approximate straight line (y = x), such that a linear approximation with a high coefficient of
determination was obtained. This result indicates that although a large amount of training
data is essential, averaging and sufficient data quality are more critical than the amount of
data. Based on the results of this study, the Young’s modulus estimation using SVR can be
fully utilized.

Table 1. Prediction results of Young’s modulus by machine learning-based analysis in Figure 7b.

Actual Values in True and Predicted Young’s Modulus

True Young’s modulus

00424 0129 0241 0388 0539 0627 0957 1.22 1.37
(MPa)
Predicted f;}llﬁ‘ag) s modulus 00200 0136  0.441 0472 0598  0.550 1.17 1.13 153

3.3. Spatial Resolution of the L-RFA

A high spatial resolution, comparable to that of a single cell in soft-tissue tumor
stiffness measurement, is essential for physical oncology. The spatial resolution of L-RFA
was evaluated using a scanning Doppler vibrometer to visualize the natural vibration due
to LIPTEW. Figure 8 presents the evaluation conditions and results. As shown in Figure 8a,
the sample surface was irradiated using an excitation laser at oblique incidence, and the
center of the laser irradiation, as indicated by the blue dot in the figure, was measured.
Figure 8b presents the measurement positions for a total of 235 points evaluated using the
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scanning Doppler vibrometer. Figure 8c presents the evaluation results of the fundamental
mode (924 Hz) and (d) second-harmonic mode (1848 Hz) for the agarose sample with a
Young’s modulus of 0.042 MPa. Figure 8e presents the results of the evaluation of the
fundamental mode (924 Hz) and (f) the second harmonic mode (1848 Hz) for an agarose
sample with a Young’s modulus of 1.2 MPa. Due to oblique incidence, the laser irradiation
spot was elliptical, and an oscillation range of approximately 2 mm was observed for
an irradiation system of approximately 4 mm on average as shown in Figure 8c—e. This
indicates that in the laser irradiation spot focused by the lens only a portion of the intensity,
which was considered to exhibit a Gaussian distribution, oscillated. Moreover, when the
laser irradiation scheme was optimized, the extremely high spatial resolution vibrational
area, a small region with a diameter of less than one-tenth of the laser irradiation spot
diameter, was provided as shown in Figure 8f. From the experimental results, it was
necessary to utilize higher-order vibration modes for demonstrate high spatial resolution
measurements. Also, materials with higher Young’s modulus were easier to measure. In
principle, the laser beam can be operated up to the abovementioned wave-length, and by
scaling the results of this study it is expected that the laser beam can be operated to under
several tens of micrometers, which would allow for a high spatial resolution (i.e., the size
of a single cell).

2 T T T T 2
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E o 8 3
3 4l 3 g / 3 4L
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Figure 7. Prediction results of Young’s moduli of agarose samples using machine learning-based
analysis with (a) non-averaged data and (b) averaged data.

Figure 8. Evaluation settings of (a) overview and (b) scanning point of laser Doppler vibrometer, and
behaviors of forced vibration obtained by L-RFA on agarose samples at different Young’s moduli as
(c) 924 Hz at 0.042 MPa, (d) 1848 Hz at 0.042 MPa, (e) 924 Hz at 1.2 MPa, and (f) 1848 Hz at 1.2 MPa,
respectively.



Appl. Sci. 2023,13, 3639

90f13

4. Discussion

The L-RFA using the sweep-pulse excitation method is a technique used to search
for resonance frequencies that match natural frequencies by adjusting the repetition rate
of a low-power laser. Soft materials generally comprise frequencies that are several tens
of Hertz lower than those of metals. However, in this study, forced vibrations of several
kilohertz were considered. There are two reasons for this. First, soft materials exhibit
lower Young’s moduli than metals and dielectric materials, and are more readily subject
to oscillation; thus, forced vibration can be more readily demonstrated. Second, forced
vibration exhibits a lower decay time than resonance vibration, thus reducing the effect of
changes in the excitation frequency during sweep-pulse excitation.

As shown in Figure 5, the L-RFA measurements revealed that the differences in Young's
moduli influenced the vibration spectrum of LIPTEW. In a simple spring vibration model,
the spring constant is proportional to the Young’s modulus; therefore, materials with higher
Young’s moduli vibrate less readily. However, the vibration was higher for the agarose
sample with a Young’s modulus of 0.76 MPa, as shown in Figure 5b, when compared
with that with a Young’s modulus 0.042 MPa, as shown in Figure 5a. This indicates
that the damping coefficient was higher due to the softer material. This can be seen in
the spectrograms, as shown in Figure 6, where the forced excitation energy due to laser
irradiation at 0.76 MPa (Figure 6b) was highly distributed into high order vibration modes
with high attenuation coefficients, whereas the agarose sample at 0.042 MPa (Figure 6a)
had less presence. The agarose sample with a Young’s modulus of 0.042 MPa, as shown in
Figure 6a, revealed that most of the vibrational energy was concentrated at the frequency of
forced excitation. However, when the Young’s modulus was further increased, the vibration
intensity decreased, as shown in Figure 5c. The noise component in the high-frequency
band increased, thus resulting in a decrease in the S/N ratio of the vibration spectrum. This
would be influenced by the resonance frequency and the damping behavior was changed.
The resonance frequency f, presents the relationship expressed by Equation (1) between
the spring constant k and Young’s modulus E in the spring vibration model.

fax Vk < VE 1)

Thus, the agarose sample in Figure 6¢ should indicate a resonance frequency that was
higher than that in Figure 6a by a factor of approximately 55. The vibration damping effect
was greater at frequencies higher than the resonance frequency. Therefore, it was assumed
that the sample with a high Young’s modulus did not exhibit a sufficient damping effect in
the high-frequency band, thus resulting in a lower S/N ratio.

The decrease in the S/N ratio at high Young’s moduli has a negative influence be-
cause it prevents the acquisition of clear peaks in a simple spectral analysis. However, in
the machine learning-based analysis used in this study, a high prediction accuracy was
achieved by employing three types of multivariate nonlinear regression: center-of-gravity
frequency, center-of-gravity intensity, and peak intensity. By introducing the center-of-
gravity frequency and intensity as explanatory variables, the effect of increased noise in the
high-frequency band at a high Young’s modulus was reflected. In general, machine learning
analysis should be based on a large amount of supervised data to obtain high accuracy.
In this study, a higher accuracy was obtained by averaging the acquired data, as shown
in Figure 7a, when compared with Figure 7b, training individual data. This suggests that
sufficiently averaged data are required for soft materials because their morphologies are
more unstable than those of metals and dielectrics, and the dispersion of the acquired data
is larger. Additionally, it is more effective to select and combine the optimal explanatory
variables among the multiple parameters. However, in this study, in the frequency range
from 1000 to 10,000 Hz, the most accurate results were obtained using only the explanatory
variables obtained from the entire frequency range described in Section 3.2, instead of
using explanatory variables obtained by dividing the peaks at each peak of the sweep pulse
excitation. This suggests that it is critical to evaluate changes in the noise intensity in the
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high-frequency band due to differences in the Young’s modulus over a wide range of low
to high frequencies, instead of differences in individual peak intensities. In summary, the
estimation of the Young’s modulus of soft materials using machine learning requires a
high-quality dataset that is sufficiently averaged for both the teacher and analysis. In future
research, a detailed analysis of the vibration frequency spectra of soft materials obtained by
L-RFA and the variance of the extracted explanatory variables will be conducted to provide
quantitative data acquisition guidelines.

The high potential of stiffness measurement by L-RFA, when compared with other
methods, is the evaluation of single cells in organ geometry. Therefore, the spatial resolution
is the most critical parameter, and a few micrometers of a single cell should be achieved.
In this study, the laser-induced thermoelastic excitation of soft materials by L-RFA was
visualized using a scanning Doppler vibrometer, as described in Section 3.3. As a result, by
analyzing the vibration of higher-order modes, the observation of vibrations of less than one-
tenth of the laser irradiation spot size was demonstrated. This result demonstrates that a
high spatial resolution can be achieved using higher-order modes, which are characteristics,
in that only the central part of the laser beam with high light intensity oscillates. As shown
in Figure 8d, even for the same higher-order mode, a high resolution was not achieved
when the Young’s modulus was low. This can be attributed to the propagation of vibrations
without attenuation in the soft sample. Although this limits the realization of high spatial
resolutions, it suggests that stiffness diagnoses can be conducted using information on
vibration propagation. In particular, this method estimates stiffness from the attenuation of
vibration intensity by varying the relative excitation and the laser irradiation position for
vibration measurements and is expected to be used as CADe for abnormality detection to
discriminate between hard tumors and normal soft tissues.

5. Conclusions

In this study, we evaluated the vibrational properties of agarose samples simulating
soft-tissue tumors with different Young’s moduli by L-RFA using a sweep pulse excitation
method and validated a machine learning-based analysis method. It was found that the
difference in Young’s moduli is reflected in the difference in the vibration frequency spectra
by utilizing the forced excitation generated by laser-induced elastic waves. Using the
explanatory variables extracted from the L-RFA data, a machine learning-based analysis
was performed to achieve a high Young’s modulus prediction accuracy. Moreover, we
found that it is critical to use more averaged data for the prediction of the Young’s moduli
of soft materials that are susceptible to disturbances. This stiffness evaluation by L-RFA
revealed that a high spatial resolution below the irradiation spot size of the excitation laser
can be obtained by observing higher-order vibration modes.

Diagnosis using the L-RFA technique was achieved by irradiating two laser beams,
one to generate LIPTEW and the other to measure it. The laser beam can be easily and
freely guided using an optical fiber and can be easily mounted on endoscopic instruments.
This setup shows excellent potential to achieve in vivo measurements in situ. In addition,
highly accuracy was demonstrated by the regression estimation of Young’s modulus with a
coefficient of determination R? of 0.950, using machine learning-based SVR analysis. The
ability to handle continuous values, rather than a simple hard/soft classification problem,
leads to stiffness mapping and the acquisition of stiffness spectra, which can make a
significant contribution to CADe.

The stiffness measurement technique using L-RFA demonstrates significant potential
for achieving cellular stiffness while preserving the shape of the organ. This method can
facilitate the development of imaging techniques for elastic moduli by performing 2D
scanning. In addition, machine learning-based analysis techniques for large amounts of
L-RFA data are essential for CADe.

The LIPTEW generation and measurement technique in L-RFA is a quantitative,
miniaturized, and precise assay of the physician’s palpation technique, using a sweep pulse
excitation scheme. The proposed scheme is noninvasive with very low laser power, and
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thus, it allows for high cell viability measurements, which we expect to be studied in the
future. In vitro and in vivo measurements of organ tumors using L-RFA will allow future
studies to move into a more concrete verification phase for clinical use. Simultaneously,
LIPTEW was generated by a 405 nm LD, which is a wavelength that is strongly absorbed
on the organ surface. In the future, by using near-infrared wavelengths in the region of
low absorption and through scattering on the living body, it will be possible to verify the
approach for tumor cells that are located at a depth of several millimeters, which are not
visible on the surface.

Additionally, in this demonstration, each measurement took 2 s. However, because
the averaging of 10 measurements was necessary to improve the estimation accuracy
by machine learning, a measurement time of 20 s per point is required. Therefore, the
throughput is sufficiently high compared to the conventional pipette aspiration method,
AFM, and optical tweezers. However, the throughput is comparable to the latest improved
technique [17], which is an in vitro method. To clarify the superiority of the measurement
method using L-RFA in the future, an improvement of the data cleansing technique is
also necessary.

The demonstrated performance of L-RFA represents a milestone and can serve as a
basis for future studies on physical oncology, soft-tissue tumor stiffness diagnoses, and
medical imaging technologies.
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