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Abstract

Ultrasound-stimulated microbubble (USMB) therapy, in combination with radiotherapy
(XRT), represents a promising approach to enhancing the efficacy of conventional cancer
treatments by targeting tumor vasculature. Recent preclinical studies using MRI-guided
focused ultrasound have demonstrated that USMB enhances radiation effects in tumor
blood vessels, resulting in significantly greater tumor cell death than radiation alone. Dy-
namic contrast-enhanced MRI (DCE-MRI) has been instrumental in this methodology in
mapping tumor perfusion heterogeneity, allowing for precise targeting of additional
USMB and XRT to specific vascular regions. This study employed four advanced texture
analysis methods, GLCM, GLDM, GLSZM, and NGTDM, to quantitatively assess changes
in the cellular structure of prostate tumors following different treatments, including com-
binations of USMB and XRT targeted to low- and high-perfusion regions. Texture fea-
tures, particularly those derived from GLCM, GLDM, and GLSZM, revealed significant
differences in cell structure patterns across treatment groups. The GLSZM methodology
was identified as the most sensitive method for detecting treatment-induced structural
changes, effectively identifying regions of necrosis and varied stages of cell death. Texture-
derivative analyses further highlighted intra-tumoral heterogeneity, especially in response to
additional USMB + XRT treatments. These results align with findings in other tissue models,
underscoring the value of texture analysis for monitoring treatment response.

Keywords: texture derivative; microbubbles; radiation enhancement; MRI-guided focused
ultrasound; histology; radiomics

1. Introduction

Radiotherapy remains a cornerstone in the management of various malignancies,
leveraging ionizing radiation to induce DNA damage and eradicate tumor cells. The pre-
cision of modern radiotherapy has been greatly enhanced by the integration of advanced
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imaging modalities. Techniques such as ultrasound, computed tomography, and mag-
netic resonance imaging (MRI) are now routinely employed to achieve accurate tumor
targeting and minimize collateral damage to surrounding healthy tissues [1-4]. Compared
to CT-based guidance, MRI and ultrasound are non-ionizing imaging modalities that en-
able repeated, high-frequency imaging without additional radiation exposure. This makes
them ideal for longitudinal monitoring, adaptive treatment planning, and response as-
sessment— particularly in sensitive or preclinical models. Their ability to provide frequent,
longitudinal guidance in image-guided radiotherapy (IGRT) supports safer adaptive
workflows and biologically informed dose modulation. In particular, MRI provides supe-
rior soft tissue contrast without ionizing radiation exposure, making it highly effective for
accurate tumor delineation and for acquiring biological and functional information from
both tumors and adjacent normal tissues [5,6]. MRI has thus become an essential tool for
identifying clinical target volumes and organs at risk during radiation planning. Clinical
studies have demonstrated that MR-guided radiation is feasible and effective and can sig-
nificantly improve patient outcomes in the treatment of cancers such as nasopharyngeal
carcinoma, lung tumors, breast cancer, pancreatic cancer, and prostate cancer [7].

Despite advances in radiation delivery, high-dose radiation typically administered
as 70 Gy over 35 fractions in combination with chemotherapy remains the standard for
effective tumor control while minimizing damage to adjacent healthy tissues. Chemother-
apy acts as a radiosensitizer, augmenting the effects of radiation and improving therapeu-
tic outcomes [8-10]. Nevertheless, locoregional relapse remains the most frequent pattern
of failure, and high-dose radiation is associated with substantial short- and long-term ad-
verse effects. These challenges underscore the need for strategies that enhance RT efficacy
while reducing radiation doses.

One promising approach involves the use of high-intensity focused ultrasound
(HIFU) as an adjunct to radiation treatment (RT). Focused ultrasound (FUS) offers high
spatial precision, enabling selective targeting of tumor tissue while sparing surrounding
normal structures [11-13]. Preclinical studies have demonstrated that combining FUS
with RT can significantly enhance tumor cell death and improve overall therapeutic effi-
cacy [11,12]. Recently, a novel combined treatment strategy has emerged, wherein intra-
venously administered microbubbles are stimulated with ultrasound to perturb tumor
vascular endothelial cells, thereby enhancing radiation effects [14]. Upon ultrasound ex-
posure, microbubbles oscillate and cavitate, transferring mechanical stress to adjacent en-
dothelial cell membranes. This mechanical effect sensitizes endothelial cells to radiation
through a membrane-activated, ceramide-mediated cell death pathway—a process that
typically requires very high single doses of radiation. Preclinical studies have shown that
ultrasound-stimulated microbubble (USMB) treatment, when combined with low-dose
radiation, results in significant tumor size reductions. Further investigations have eluci-
dated the extent of endothelial disruption in vitro and identified potential gene markers
and signaling pathways implicated in this response. Multiple in vivo studies have demon-
strated the effectiveness of this approach in treating xenograft tumors in murine models,
including breast, prostate, liver, and bladder cancers [15]. Our previous work demon-
strated the feasibility of ultrasound image-guided USMB treatment using a breast cancer
xenograft model. Building on these findings, we recently demonstrated the radiation en-
hancement effect of USMB treatment in a larger and more clinically relevant xenograft
prostate tumor model in rabbits. More recently, we have explored the use of a commercial
MRI-guided focused ultrasound system (Sonalleve V2; Profound Medical, Toronto, Can-
ada) in combination with human prostate cancer (PC3) xenografts in rabbits [16]. This
study reported a 5% increase in tumor cell death when combining RT with USMB therapy.
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In addition, dynamic contrast-enhanced MRI (DCE-MRI) was used to identify low-
and high-perfusion areas within tumors, which were then selectively treated with addi-
tional combined USMB and RT. Histological analysis using Factor VIII staining revealed
a greater decrease in vascular density following the combined treatment. The treatment
groups investigated in this study included control, radiotherapy alone, USMB alone, com-
bined USMB and radiotherapy, and additional combined treatment targeted to low- and
high-perfusion regions. The effects of each treatment type on tumor cellular structure
were assessed using histological imaging, which revealed varying degrees of tumor cell
damage. To quantitatively assess changes in tumor cellular structure induced by different
treatment modalities, we employed radiomics texture analysis of histology images.

Radiomics texture analysis has been widely applied to images obtained via multiple
modalities, including MRI, CT, ultrasound, and histopathology [17-20]. In prostate cancer
research, texture analysis of MRI and PET-CT images has been used for tumor character-
ization and to predict clinical treatment outcomes [21,22]. Notably, radiomics features
such as the gray-level run-length matrix (GLRLM)-, gray-level zone length matrix
(GLZLM)-, gray-level co-occurrence matrix (GLCM)-, and neighborhood gray-tone differ-
ence matrix (NGTDM)-based features extracted from MRI scans of prostate cancer pa-
tients undergoing radiotherapy have been shown to predict early structural changes in
the femoral heads due to radiation exposure [23]. In another study, texture analysis of
PET/CT images enabled accurate differentiation between metastatic lesions and com-
pletely responded sclerotic areas with an accuracy of 74% in prostate cancer patients after
treatment [24]. Additionally, MRI-based radiomics models have been developed to pre-
dict prostate-specific antigen response in patients with metastatic castration-resistant
prostate cancer following abiraterone acetate therapy, with an AUC of 0.88 [25].

Similar to other modalities, texture analysis of histology images has been proposed
as a prognostic tool for treatment management in several cancers. For example, gray-level
co-occurrence matrix (GLCM) analysis of histology images has been used to develop ac-
curate prognostic tools for breast cancer, with studies reporting that combining clinical
pathological and texture variables into a composite score improves prognostic perfor-
mance, achieving accuracies of up to 90% [26]. More recently, texture analysis has been
used to identify brain tumor grade and customize treatment, with reported accuracies of
95.8% using methods such as local binary patterns (LBPs), GLCM, combined LBGLCM,
and gray-level run-length co-occurrence matrix (GLRLCM) analysis [27]. In a histology
image-based tissue characterization study, PyrRadiomics texture analysis showed prom-
ising results in distinguishing non-malignant from malignant breast lesions, achieving
classification rates of 100% and 80%, respectively [19]. In another study, a histology image-
based radiomics model was developed to differentiate various tissue types, particularly
separating tumors from stromata in colorectal cancer histology images, with an accuracy
of 98.6% [20]. In our laboratory, texture analysis has also been performed on quantitative
ultrasound parametric images for breast lesion characterization and for predicting breast
cancer treatment response prior to therapy initiation [28]. In addition to standard radi-
omics texture analysis, we have derived texture-derivative parameters from parametric
maps using a sliding window approach, demonstrating further improvements in tumor
response prediction [29]. This is based on the hypothesis that second-order texture-deriv-
ative parameters better reflect intra-tumoral heterogeneity than fundamental textural pa-
rameters, thereby improving the prediction of clinical outcomes.

In the present study, we investigated changes in cellular patterns in prostate cancer
following various treatment modalities by performing texture and texture-derivative
analysis on histology images. Specifically, we utilized GLCM [30], gray-level dependence
matrix (GLDM) [31], gray-level size zone matrix (GLSZM) [32], and neighborhood gray-
tone difference matrix (NGTDM) texture methods. Our findings demonstrate significant
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differences in cellular structure within the damaged regions after different types of treat-
ment, highlighting the utility of radiomics texture analysis for quantifying histological
changes and potentially guiding future therapeutic strategies.

2. Materials and Methods
2.1. Animal Model and Experimental Design

All animal procedures were conducted in accordance with the Canadian Council on
Animal Care guidelines and were approved on 18 February 2025 by the Sunnybrook Re-
search Institute Animal Care Committee (SRI ACC, protocol no. 539). The reporting of this
study conforms to the ARRIVE 2.0 guidelines. Prostate cancer xenografts were established
in New Zealand White male rabbits (Charles River Laboratories, Montreal, QC, Canada).
Animals received daily intramuscular injections of cyclosporine (50 mg/mL; Sandimmune)
(Novartis, Dorval, QC, Canada) as an immunosuppressant. This was performed three
days prior to cell injection and continued until the day animals were scarified. Once the
rabbits reached a body weight of 1.5-2.0 kg, anesthesia was induced with intramuscular
ketamine (50 mg/kg) and xylazine (5 mg/kg). Subsequently, 8 x 106 PC3 human prostate
cancer cells (ATCC CRL1435) (Manassas, VA, USA), suspended in 500 uL phosphate-buff-
ered saline (PBS), were injected into the right hind leg. PC3 cells were cultured in RPMI
1640 medium (Wisent Bio-Centre, St-Bruno, QC, Canada) supplemented with 10% fetal
bovine serum (FBS) and 1% penicillin/streptomycin (Thermo Fisher Scientific, Waltham,
MA, USA) and maintained at 37 °C in a 5% CO: atmosphere prior to injection. Tumors
were allowed to grow to a size of 1.5-2.0 cm, typically within 7-10 days after arrival at the
research facility. These sizes were obtained over a period of 3—4 weeks.

Animals were randomized into six treatment groups, including (i) no treatment (con-
trol, n =5), (ii) 8 Gy radiation (XRT, n = 4), (iii) ultrasound-stimulated microbubbles (US-
MBs, n = 5), (iv) combined ultrasound-stimulated microbubble and radiation (USMB +
XRT, n =5), (v) combined treatment for whole tumors and additional ultrasound-stimu-
lated microbubble treatment to low-perfusion areas (USMB + XRT (LOW), n =5), and (vi)
combined treatment for whole tumors and additional ultrasound-stimulated microbubble
treatment to high-perfusion areas (USMB + XRT (HIGH), n = 5).

Low- and high-perfusion regions were identified using dynamic contrast-enhanced
magnetic resonance imaging (DCE-MRI). Pre-treatment DCE-MRI scans were analyzed to
design pulse sequences targeting areas of differing vascularity for the USMB + XRT (LOW)
and USMB + XRT (HIGH) groups. A maximum intensity projection (MIP) was generated
from the normalized initial area under the DCE-MRI curve, and exclusion masks were
created to target perfusion-specific regions. Specifically, 1.2 mm wide treatment cells con-
taining voxels within the highest or lowest third of MIP values were excluded from the
low- and high-perfusion targeted pulse sequences, respectively. Treatment-specific de-
tails follow.

2.2. Ultrasound Microbubble Treatment

For USMB, the Sonalleve bed and transducer were used with software designed for
low-power microbubble stimulation. Definity microbubbles (Lantheus Medical Imaging,
North Billerica, MA, USA) were activated for 45 s with a Vialmix device. A quantity of 2 mL
of microbubbles was then diluted with 4 mL of saline and injected intravenously into the
ear using a power injector, followed by a 3 mL saline + 0.2% heparin flush. Ultrasound
was delivered via a transducer with an 800 kHz central frequency. Ultrasound was emit-
ted at a peak negative pressure of 750 kPa using a pulse sequence with a 16-cycle tone
burst and a 31 kHz pulse repetition frequency.
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For animals receiving additional treatment to a particular area of the tumor (USMB
+ XRT (LOW), USMB + XRT (HIGH)), an additional 7 min pulse sequence was designed
as shown in order to deliver additional USMB treatment to areas of low or high perfusion.
This doubled the amount of USMB treatment. A decision was made to arbitrarily treat the
2/3 tumor volume that had the lowest perfusion (USMB + XRT (LOW)) or the highest per-
fusion (USMB + XRT (HIGH)). Dynamic contrast-enhanced MRI (DCE-MRI) was used to
identify low- and high-perfusion regions within the single dose of combined USMB + XRT
treated tumor region.

The pre-treatment anatomical MRIs (3 T MRI Philips Achieva, Philips Healthcare)
were used to define an analysis region (18 mm diameter) in T1-weighted images, which
was sub-divided into 1.2 mm cells. DCE-MRI of signal changes following contrast agent injec-
tion was analyzed semi-quantitatively to measure the percentage signal enhancement [33].
The curve was normalized to a signal in blood vessels or a reference tissue like muscle to
correct the variation due to contrast agent administration or scan parameters. For each
voxel in the treatment region, the area under the DCE-MRI curve (AUC) during the first
two minutes after injection was calculated by subtracting the pre-contrast baseline signal
intensity. To account for possible variations in the injection protocol, a normalized AUC
(AUCrorm) was also calculated by dividing the AUC in the tumor by that in a muscle region.

A maximum intensity projection (MIP) of this initial AUC was then performed across
the transverse slices. For pulse sequences targeting low-perfusion regions (USMB + XRT
(LOW)), the third of voxels with the highest values in the MIP formed an exclusion mask
(66% of tumor volume with the lowest perfusion treated). Any treatment cells with an
excluded voxel were excluded from sonication. For pulse sequences targeting high-perfu-
sion regions (USMB + XRT (HIGH)), the same procedure was performed but excluding
the third of voxels with the lowest values in the MIP (66% of tumor volume with the high-
est perfusion treated). Figure 1 demonstrates the pulse sequence design procedure for an-
imals that received targeted treatment to a low-perfusion area. Cells containing voxels
that demonstrated high values on the MIP of the AUC were excluded from treatment for
enhancement of the low-perfusion area (USMB + XRT (LOW)) and vice versa for treat-
ments to enhance the high-perfusion areas (USMB + XRT (HIGH)).
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Figure 1. DCI-MRI images of a pre-treatment tumor (a) before injection and (b) 2.5 min after injec-
tion. (¢) The mean signal intensity over the whole tumor increases following injection. The orange
boundary indicates the tumor region of interest used to calculate the signal intensity. The green

scale bar represents 1 cm.
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2.3. Radiation Treatment

For XRT, rabbits were treated with a single dose of 8 Gy using a 160 kVp cabinet
irradiator (CP160 X-Ray Irradiation System, FaxitronBioptics, Tucson, AZ, USA). To pro-
tect non-tumor tissues, the leg was covered with a 3 mm thick lead sheet, with a circular
cut-out exposing the tumor. This radiation dose was selected given its known vascular
effects. The dose rate was 100 cGy/min.

Twenty-four hours post-treatment, animals were euthanized and tumors were ex-
cised for histological analysis. Tumors were fixed in 10% formalin for 24-48 h, processed,
and sectioned at 50 um intervals. Sections were stained with hematoxylin and eosin (H&E)
and Factor VIII. Histological images were acquired at 25x magnification using a Tis-
sueScope LE Scanner (Huron Digital Pathology, St. Jacobs, ON, Canada). Vascular density
was calculated from Factor VIII histology images. Radiomics texture and texture-deriva-
tive parameters were extracted from whole-tumor, as well as from manually segmented
tumor cells damaged regions from the H&E images. Staining of all tumor sections was
performed at the same time to ensure consistency. Digital images were normalized.

2.4. Texture Analysis

Texture analysis was performed using four established methods, including (i) the gray-
level co-occurrence matrix (GLCM), which quantifies the frequency of co-occurring pixel pairs
with specific intensity values in defined spatial relationships within an image; (ii) the gray-
level dependence matrix (GLDM), which measures the number of connected voxels within a
certain distance that are dependent on the center voxel, capturing gray-level dependencies;
(iii) the gray-level size zone matrix (GLSZM), which quantifies the size of homogeneous zones,
defined as groups of connected voxels sharing the same gray level; and (iv) the neighboring
gray-tone difference matrix (NGTDM), which calculates the difference between the intensity
of a pixel and the average gray level of its eight surrounding pixels.

For feature extraction, high-magnification H&E images were first down sampled 10
times tumor and cell-damaged regions were manually segmented using custom software
using MATLAB version 2020b, converted to grayscale, and saved for analysis. A total of
59 radiomics features were extracted from each region, comprising 24 GLCM, 16 GLSZM,
14 GLDM, and 5 NGTDM parameters.

To assess local texture heterogeneity, a texture map was generated by dividing each
segmented region of interest into 0.5 mm x 0.5 mm window blocks and performing texture
analysis within each block. This approach visualizes spatial variations in texture patterns.
Subsequently, a second-pass texture analysis was performed on the resulting texture
maps to derive higher-order texture-derivative parameters. In total, 1053 texture-deriva-
tive features were extracted from each histology image. Diagrams of texture and texture-
derivative parameter estimation from the histology images are shown in Figure 2.

H&E segmentation Whole tumor texture map Segmented region texture map

Texture analysis

Window
(0.5 x 0.5 mm)

l Texture analysis

Median l Texture analysis

Texture from whole tumor Median of texture map from ‘ Median and texture-derivative

Texture from segmented region whole tumor from segmented region

Figure 2. Flowchart: radiomics texture and texture-derivative parameter determination from the

H&E histology images.
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2.5. Statistical Analysis

Statistical analyses were conducted using GraphPad Prism (La Jolla, CA, USA).
Group comparisons were performed using one-way analysis of variance (ANOVA) fol-
lowed by Bonferroni’s post hoc test for selected comparisons. A p-value of <0.05 was con-
sidered statistically significant, as indicated by lines above the compared groups in the
figures. Each treatment group was compared with all other groups.

3. Results

Low-magnification hematoxylin and eosin (Hé&E)-stained images revealed pro-
nounced degradation of the cellular architecture within tumor regions following treat-
ment with USMB, XRT, combined USMB + XRT, USMB + XRT (LOW), and USMB + XRT
(HIGH) treatments. The regions exhibiting cellular damage were manually delineated,
and the fraction of the damaged area relative to the total tumor area was quantified. No-
tably, the combined USMB + XRT (LOW) and USMB + XRT (HIGH) groups demonstrated
the most extensive cellular disruption. Compared to both the control and XRT-only
groups, the fraction of tumor area exhibiting cellular damage was significantly higher in
the combined USMB + XRT (LOW) and USMB + XRT (HIGH) groups, with a mean differ-
ence of 24.4 +4.2% (p <0.0001, 95% CI: 10.7-38.1). Among all treatment arms, the combined
USMB + XRT regimens produced the greatest extent of cell damage. Quantitative analysis
of the H&E slides showed the following mean fractions of damaged areas: 11.2 + 5.1%
(control), 11.8 + 0.6% (XRT), 29.4 + 3.5% (USMB), 29.1 + 2.2% (USMB + XRT), 36.9 + 4.8%
(USMB + XRT (LOW)), and 35.1 + 3.9% (USMB + XRT (HIGH)).

Texture maps were generated to reflect distinct textural properties derived from the
organization of cellular structures in H&E-stained sections (Figure 2). A representative
high-gray-level-emphasis (HGLE) texture map, based on the GLCM method, is presented in
Figure 3. Five regions of interest (ROI1, ROI2, ROI3, ROI4, and ROI5), deducting areas in
the tumor with five different appearances that corresponded to low, intermediate, and
high texture parameter values, were selected from the texture map and are presented com-
pared with their respective histological images. Magnified views of these regions are
shown in Figure 3. ROI1 and ROI2, characterized by the lowest HGLE values, predomi-
nantly displayed viable tumor cellular structures. ROI3 and ROI4, with intermediate
HGLE values, exhibited a mixture of normal nuclei and condensed and fragmented dead
nuclei representing early-stage apoptotic cell death structures. ROI5, representing the
highest texture values, had completely lost its cellular structure and the cytoplasm had
dissolved, indicating advanced cellular degradation.

Texture Map

Histology Histology

Figure 3. Whole GLDM-based high-gray-level-emphasis texture map corresponding to a representa-
tive PC3 treated with USMB + XRT (HIGH), with five regions of interest (ROI1, ROI2, ROI3, ROI4,
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H&E
Histology

GLSZM
Zone Variance

GLSZM
Size Zone Non-Uniformity Normalized

Control

and ROI5) from the lowest to highest parameter values, is displayed (left). Corresponding H&E
histology and magnified images from those five ROIs are displayed (right). ROI1 and ROI2 show
mostly tumor cells. ROI3 and ROI4 sections show a mixture of normal, condensed, and fragmented
nucleus cellular structures. ROI5 has completely lost its cellular structure, exhibiting features con-
sistent with patchy necrosis. The color bar represents the scale for the GLDM high-gray-level-emphasis
parameter of 25 to 53. The ranges of the GLDM high-gray-level-emphasis parameter values for the
ROI1, ROI2, ROI3, ROM4, and ROI5 regions are marked using the braces. The black bar in the low-mag-
nification histology image is 2 mm, and the yellow bar in the high-magnification image is 30 um.

3.1. Overall Texture Properties

The methodology was applied to whole-tumor sections and slides. Representative
H&E-stained histology images from both the whole-tumor and segmented cell death re-
gions (outlined in blue) for each treatment group, including control, XRT, USMB, com-
bined USMB + XRT, USMB + XRT (LOW), and USMB + XRT (HIGH), are presented in
Figure 4. Qualitative assessment of these images revealed marked differences in cellular
architecture among the various treatment groups. To quantitatively characterize these dif-
ferences, a comprehensive texture analysis of the histology images was performed, ex-
tracting features from both the entire tumors and the segmented regions of cell death.

XRT UsMB USMB+XRT USMB+XRT (LOW) USMB+XRT (HIGH)

Figure 4. Representative H&E images from each treatment group showing manually segmented
tumor affected regions and corresponding GLSZMObased Zone Variance (GLSZM_ZV) and GLSZM-
Size Zone Non-Uniformity Normalized (GLSZM_SZNN) texture maps from whole-tumor and seg-
mented regions. The color bar represents the scale for the GLSZM-ZV parameter of 0.07 to 0.12 and
that for GLSZM_SZNN of 0.78 to 0.88. A lower GLSZM_ZV value indicates that the variation within
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the same gray-level zone sizes is small, while a higher value reflects greater variation in zone sizes.
Similarly, a lower GLSZM_SZNN value represents greater uniformity in zone-size distribution,
whereas a higher value indicates greater non-uniformity in the distribution of zone sizes. The red

scale bar in the low-magnification histology image is 2 mm.

Statistical analysis of the extracted texture parameters demonstrated significant dif-
ferences between treatment groups, as illustrated in Figure 5. Specifically, Figure 5A dis-
plays results from the whole tumors, whereas Figure 5B presents results from the seg-
mented cell death regions. Texture features derived from the GLCM, GLSZM, and GLDM
demonstrated statistically significant variation across treatment groups. Notably, the
GLCM contrast parameter, calculated from the whole-tumor region, was significantly
lower in the combined treatment groups (USMB + XRT, USMB + XRT (LOW), and USMB
+ XRT (HIGH)) compared to the control, XRT, and USMB groups. Other GLCM-derived
features, including Difference Average, Difference Entropy, and Difference Variance, as well as
the GLSZM Difference Average, exhibited similar trends. These features, which are highly
correlated (R2>0.8), are indicative of increased texture disorder within the tissue.

A GLCM_Contrast GLSZM_GLV GLSZM_SZNN GLDM_SDLGLE

50 0.60+ 0.00104

—_—
——

—_—_—

—

| —
——

—
0.0008

0.55+

w

N - e |e- i'—‘ | e
Je=0  Lle- §g "at
g e o My,

P E— 0.40 - +——1—1—1 0.0002
B GLCM DV GLSZM_SAE GLSZM_SZNN GLDM SDLGLE
30 0609 0.0015+
- —-— 0.8 — ) f—
- LI * * & 0.55- . + 0.0010
20+ ! ‘ . '}
0.7 . i
s 0.50 0.0005 ! i
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[l control [IXRT [l usve [l USVB + XRT [l USMB + XRT (LOW) [ll] USMB + XRT (HIGH)

Figure 5. Radiomics texture parameters from H&E histology images for whole-tumor (A) and seg-
mented regions (B). The top lines represent significant differences between two groups, p < 0.05.
GLSZM_GLV: GLSZM Gray-Level Variance; GLSZM_SZNN: GLSZM Size Zone Non-Uniformity Nor-
malized; GLDM_SDLGLE: GLDM Small Dependence, Low Gray-Level Emphasis; GLCM_DV: GLCM
Difference Variance; GLSZM_SAE: GLSZM Small Area Emphasis.

Further, GLSZM-based parameters, such as Gray-Level Variance (p <0.0001, R2=0.568)
and Size Zone Non-Uniformity Normalized (p <0.0001, R? = 0.568), were reduced in the com-
bined treatment groups, reflecting decreased variation in gray-level intensities and greater
uniformity in zone-size distributions. The GLDM feature Small Dependence, Low Gray-Level
Emphasis (p < 0.0001, R? = 0.568) was also significantly lower in the combined treatment
groups, suggesting a reduction in the prevalence of small, low-intensity dependencies and
thus a more homogeneous tissue texture. In contrast, GLCM-based Inverse Difference Nor-
malized (p < 0.0001, R? = 0.568) and Inverse Difference Moment Normalized (p < 0.0001, R? =
0.568) were significantly higher in the combined treatment groups compared to the con-
trol, XRT, and USMB groups, indicating increased homogeneity in these images.

Analysis of the segmented cell death regions revealed similar patterns. Both GLSZM
Size Zone Non-Uniformity Normalized (p < 0.0001, R? = 0.568) and GLDM Small Dependence,
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Low Gray-Level Emphasis (p <0.0001, R? =0.552) were lower in the USMB + XRT and USMB
+ XRT (HIGH) groups compared to the control and XRT groups. Additionally, GLCM
Difference Variance (p = 0.0009, R? = 0.495), another marker of texture disorder, was reduced
in the combined treatment groups within the segmented regions. Interestingly, two
GLSZM features— Small Area Emphasis (p = 0.0022, R? = 0.427), which measures the distri-
bution of small size zones, and Size Zone Non-Uniformity Normalized (p = 0.0022, R? =
0.535) —were significantly higher in the USMB + XRT (LOW) group compared to the
USMB + XRT and USMB + XRT (HIGH) groups.

Collectively, these findings demonstrated that combined USMB and XRT treatments
induced significant and quantifiable alterations in tissue texture, as measured by multiple
complementary texture analysis methods. These changes were consistent across both
whole-tumor and segmented cell death regions, underscoring the potential of texture fea-
tures as sensitive biomarkers for treatment response in histopathological analysis.

3.2. Local Texture Properties

In order to investigate local texture patterns within both the whole-tumor and the
segmented cell death regions, texture maps were generated from the histology images
using a windowing technique based on the GLCM, GLSZM, GLDM, and NGTDM meth-
ods. Representative H&E-stained histology, as well as GLSZM-based Zone Variance (p <
0.0001, R2=0.596) and Size Zone Non-Uniformity Normalized (p <0.0001, R? = 0.553) texture
maps from both the whole-tumor and segmented regions for each treatment group, are
shown in Figure 4. Visual assessment revealed clear differences in the texture patterns
between the treatment groups, in both the whole-tumor and the segmented regions. The
median values derived from these texture maps for all treatment groups are summarized

in Figure 6.
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Figure 6. Median values of texture maps from H&E histology images for whole-tumor (A) and seg-
mented regions (B). Top lines represent significant differences between two groups, p < 0.05.
GLDM_DV: GLDM Dependence Variance; GLSZM_ZV: GLSZM Zone Variance; GLSZM_GLV: GLSZM
Gray-Level Variance; GLSZM_SZNN: GLSZM Size Zone Non-Uniformity Normalized; GLDM_SDLGLE:
GLDM Small Dependence, Low Gray-Level Emphasis; GLSZM_SALGLE: GLSZM Small Area, Low Gray-
Level Emphasis.
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As depicted in Figure 6A, the control, XRT, and USMB treatment groups exhibited
greater variation in local gray values, with minimal changes in zone size. In contrast, all
combined treatment groups showed reduced variation in gray values but increased vari-
ation in zone sizes. Notably, significant differences in these features were observed within
the segmented regions among the treatment groups (Figure 6B). Unlike the whole-tumor
analysis, local texture parameters in the segmented regions were significantly different in
the USMB group compared to the control and XRT groups, while no significant differences
were observed between the USMB + XRT and USMB + XRT (HIGH) groups. Furthermore,
certain features, such as variation in zone size and uniformity of zone size, were signifi-
cantly different in the USMB + XRT (LOW) group compared to the other combined treat-
ment groups.

3.3. Intra-Tumoral Texture Properties

To further characterize intra-tumoral texture heterogeneity and any patters in tex-
tural features, derivative texture parameters were extracted from the texture maps using
a second-pass texture analysis approach. Out of 1053 features analyzed, only a small sub-
set exhibited significant differences between the treatment groups. The most notable sig-
nificant features are presented in Figure 7. Specifically, the GLCM-derived features, Clus-
ter Prominence—Informational Measure of Correlation 2 (p = 0.0078, R? = 0.366) and Cluster
Prominence-Sum Entropy (p = 0.0199, R? = 0.322), as well as the GLDM-derived High Gray-
Level Emphasis—Low Gray-Level Emphasis (p = 0.002, R? = 0.527), were significantly lower in
the standard USMB + XRT treatment group compared to the USMB + XRT (LOW) and
USMB + XRT (HIGH) groups.
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Figure 7. Texture-derivative values from H&E histology images for segmented regions. Top lines
represent significant differences between the groups, p < 0.05. GLCM_CP_IMC2: GLCM Cluster
Prominence—Informational Measure of Correlation 2; GLCM_CP_SE: GLCM Cluster Prominence—Sum En-
tropy; GLDM_HGLE_LGLE: GLDM High Gray-Level Emphasis—Low Gray-Level Emphasis;
GLDM_SDHGLE_DV: GLDM Small Dependence, High-Gray-Level-Emphasis-Dependence Variance.

4. Discussion

Ultrasound-stimulated microbubble (USMB) therapy, particularly when combined
with radiotherapy (XRT), has emerged as a promising strategy for targeting tumor vasculature
and enhancing the efficacy of conventional cancer treatments [14]. Recent preclinical studies,
including those utilizing commercial MRI-guided focused ultrasound systems, have demon-
strated that USMB can sensitize tumor vasculature to radiation, resulting in significantly
greater tumor cell kill compared to radiation alone [16]. Dynamic contrast-enhanced MRI
(DCE-MRI) has played a pivotal role in the present study by enabling the identification of low-
and high-perfusion areas within tumors. This functional imaging technique provides detailed
insights into tumor vascularity and perfusion, which are critical for guiding targeted therapies
such as USMB and XRT. By mapping perfusion heterogeneity, DCE-MRI was used here for
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the precise delivery of additional USMB and XRT treatments to regions potentially most in
need of vascular disruption, thereby maximizing therapeutic impact. Texture analysis is a
powerful radiomics tool that extracts quantitative features from histology images, capturing
subtle changes in tissue architecture that may not be apparent through conventional histo-
pathological assessment. In the current study, four advanced texture analysis methods,
GLCM, GLDM, GLSZM, and NGTDM, were used to quantify changes in the cellular structure
of prostate tumors following various treatment regimens, including 8 Gy XRT, USMB, USMB
+XRT, USMB + XRT (LOW), and USMB + XRT (HIGH).

The results revealed that most texture features, particularly those derived from
GLCM, GLDM, and GLSZM, exhibited significant differences in cell structure patterns
across treatment groups. In the whole-tumor regions, GLCM and GLSZM intensity-based
texture disorder parameters were significantly lower in all combined treatment groups
compared to the control, XRT, and USMB-only groups (Figure 5). This suggests a reduc-
tion in textural disorder and a shift toward a more homogeneous cellular architecture fol-
lowing combined therapy, likely due to the development of cell death throughout tumor
sections. Additionally, the variation in gray zone size was higher and more uniformly
distributed in the combined treatment groups, reflecting the presence of clusters at differ-
ent stages of cell death, including late-stage cell death, necrosis, and loss of glandular
structure. A similar trend in texture parameters was observed within the segmented re-
gions. However, only the USMB + XRT and USMB + XRT (HIGH) treatment groups
showed a significant difference in zone-size distribution parameters compared to the con-
trol and XRT groups. This suggests that, within the segmented regions, the USMB + XRT
(LOW) treatment group may contain a higher proportion of early-stage cell death areas
compared to late-stage regions, or vice versa.

Local texture patterns, assessed by calculating the median value from texture maps,
mirrored the trends observed in the overall analysis. GLDM-based Dependence Variance
and GLSZM-based Zone Variance were significantly different in the combined treatment
groups compared to the control and XRT groups, indicating greater variation in pixel de-
pendence size and zone size. Statistical analysis of the median values revealed that com-
bined treatment groups exhibited more homogeneous structural patterns at the gray-
value level, but greater heterogeneity at the zone-size level, compared to the control, XRT,
and USMB groups (Figure 6). This suggests that the cellular pattern differences induced
by combined therapy are captured not only globally but also at the local level. Interest-
ingly, within segmented regions, these local texture differences were not as pronounced,
except for the USMB group, which showed significant differences compared to the control
and XRT groups. This finding implies that USMB treatment alone can induce substantial
changes in tumor cellular structure, which may not be fully captured by overall texture
parameter estimation. Moreover, the local texture patterns in the USMB group closely re-
sembled those in the combined treatment groups, both at the pixel and zone levels.

Texture-derivative parameters, estimated from texture maps, provided further in-
sights into intra-tumoral heterogeneity. These can be related to spatially repeating textural
features or changes in higher-order cellular organization patterns. Pixel-related GLCM
and GLDM texture-derivative parameters, particularly those derived from cluster promi-
nence and high-gray-level-emphasis maps, showed significant differences between addi-
tional USMB + XRT treatment groups and single-dose USMB + XRT groups (Figure 7). The
intra-tumoral cellular structural properties reflected by these parameters were signifi-
cantly higher in regions treated with additional USMB + XRT compared to single-dose
combined treatment and were similar to those observed in the control and XRT groups.
This highlights the sensitivity of texture-derivative analysis in detecting subtle changes in
intra-tumoral architecture induced by different treatment intensities.
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The findings of this study are consistent with previous research in other cancer types,
such as breast cancer, where texture analysis of QUS parametric maps has been success-
fully used to monitor treatment response and predict outcomes. In these studies, the inte-
gration of texture features with QUS parameters significantly improved the performance
of treatment response prediction models [28]. Similarly, in the current prostate cancer
model, texture analysis—particularly using GLSZM — proved highly effective in detecting
structural changes associated with combined USMB and XRT treatments. Among the four
texture analysis methods evaluated, GLSZM stood out as the most sensitive and robust
for capturing treatment-induced changes in tumor structure. GLSZM quantifies the size and
distribution of homogeneous gray-level zones, making it particularly well-suited for identify-
ing regions of necrosis, fibrosis, or varying stages of cell death within tumors. This capability
is crucial for assessing the efficacy of therapies that target tumor heterogeneity and induce
complex patterns of cell death. However, due to the small sample size in each treatment group,
the texture parameters extracted from both the whole-tumor and the cell-damaged regions
did not show significant differences between the individual treatment groups. Increasing the
sample size in future studies should improve the ability to discriminate between groups. Ad-
ditionally, the cell-damaged regions were segmented exclusively by our highly experienced
research technician. In the future, incorporating multiple observers will help to emphasize and
assess the reproducibility of the segmentation processes. Recently, deep learning techniques
have emerged as promising tools for the automated segmentation and differentiation of vari-
ous tissue types in histology images [34,35]. These methods have demonstrated a performance
comparable to that of expert pathologists in tasks such as tumor detection and tissue-type
identification, significantly reducing the time and effort required for image analysis. Building
on these advances, we are currently expanding our study to investigate the effectiveness of
several pre-trained deep learning models in identifying changes in cellular structure in histol-
ogy images. This approach aims to further enhance the accuracy and efficiency of tissue char-
acterization in digital pathology.

5. Conclusions

In summary, this study demonstrates that changes in cellular structure patterns in-
duced by focused ultrasound and radiation exposure can be effectively quantified using
advanced texture analysis methods—GLCM, GLDM, GLSZM, and NGTDM —applied to
histology images. Among these, the GLSZM methodology emerged as the optimal
method for representing structural changes in tumors following treatment. Texture-deriv-
ative techniques further enabled the detection of intra-tumoral heterogeneity, particularly in
response to additional USMB and XRT treatments targeted to low- and high-perfusion re-
gions. These findings highlight the potential of texture analysis as a powerful tool for moni-
toring cancer treatment response, particularly when combined with ultrasound-stimulated
microbubbles and radiotherapy, which target tumors through an anti-vascular mechanism.
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Abbreviations

The following abbreviations are used in this manuscript:

USMB Ultrasound-stimulated microbubble

XRT Radiotherapy

DCE-MRI  Dynamic contrast-enhanced magnetic resonance imaging
GLCM Gray-level co-occurrence matrix

GLDM Gray-level dependence matrix

GLSZM Gray-level size zone matrix

GLRLCM  Gray-level run-length co-occurrence matrix
NGTDM Neighborhood gray-tone difference matrix
ROI Region of interest

H&E Hematoxylin and eosin

References

1.

10.

11.

12.

Sterzing, F.; Engenhart-Cabillic, R.; Flentje, M.; Debus, J. Image-guided radiotherapy: A new dimension in radiation oncology.
Dtsch. Aerzteblatt Int. 2011, 108, 274.

Henke, L.E.; Contreras, J.A.; Green, O.L.; Cai, B.; Kim, H.; Roach, M.C.; Olsen, J.R.; Fischer-Valuck, B.; Mullen, D.F.; Kashani, R.; et al.
Magnetic Resonance Image-Guided Radiotherapy (MRIgRT): A 4.5-Year Clinical Experience. Clin. Oncol. 2018, 30, 720-727.

Hunt, A; Hanson, I; Dunlop, A.; Barnes, H.; Bower, L.; Chick, J.; Cruickshank, C.; Hall, E.; Herbert, T.; Lawes, R.; et al. Feasibility of
magnetic resonance guided radiotherapy for the treatment of bladder cancer. Clin. Transl. Radiat. Oncol. 2020, 25, 46-51.

van Dyk, S.; Khaw, P.; Lin, M.Y.; Chang, D.; Bernshaw, D. Ultrasound-guided Brachytherapy for Cervix Cancer. Clin. Oncol.
2021, 33, e403—e411.

Wang, H.; Du, K,; Qu, J.; Chandarana, H.; Das, I.]. Dosimetric evaluation of magnetic resonance-generated synthetic CT for
radiation treatment of rectal cancer. PLoS ONE 2018, 13, e0190883.

Farjam, R; Tyagi, N.; Deasy, ].O.; Hunt, M.A. Dosimetric evaluation of an atlas-based synthetic CT generation approach for
MR-only radiotherapy of pelvis anatomy. J. Appl. Clin. Med. Phys. 2019, 20, 101-109.

Liu, X.; Li, Z.; Yin, Y. Clinical application of MR-Linac in tumor radiotherapy: A systematic review. Radiat. Oncol. 2023, 18, 52.
Wahl, D.R,; Lawrence, T.S. Integrating chemoradiation and molecularly targeted therapy. Adv. Drug Deliv. Rev. 2017, 109, 74-83.

He, S.; Smith, D.L.; Sequeira, M.; Sang, J.; Bates, R.C.; Proia, D.A. The HSP90 inhibitor ganetespib has chemosensitizer and
radiosensitizer activity in colorectal cancer. Investig. New Drugs 2014, 32, 577-586.

Lacas, B.; Carmel, A; Landais, C.; Wong, S.J.; Licitra, L.; Tobias, ].S.; Burtness, B.; Ghi, M.G.; Cohen, E.E.; Grau, C,; et al. Meta-
analysis of chemotherapy in head and neck cancer (MACH-NC): An update on 107 randomized trials and 19,805 patients, on
behalf of MACH-NC Group. Radiother. Oncol. 2021, 156, 281-293.

Borasi, G.; Russo, G.; Alongi, F.; Nahum, A.; Candiano, G.C,; Stefano, A.; Gilardi, M.C.; Messa, C. High-intensity focused ultra-
sound plus concomitant radiotherapy: A new weapon in oncology. J. Ther. Ultrasound. 2013, 1, 6.

Borasi, G.; Russo, G.; Vicari, F.; Nahum, A.; Gilardi, M.C. Experimental evidence for the use of ultrasound to increase tumor-
cell radiosensitivity. Transl. Cancer Res. 2014, 3, 512-520.



Cells 2025, 14, 2023 15 of 16

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

Zhang, X.; Greiser, S.; Roy, U.; Lange, F.; van Gorkum, R.; Fournelle, M.; Speicher, D.; Tretbar, S.; Melzer, A.; Landgraf, L.
Evaluation of a Developed MRI-Guided Focused Ultrasound System in 7 T Small Animal MRI and Proof-of-Concept in a Pros-
tate Cancer Xenograft Model to Improve Radiation Therapy. Cells 2023, 12, 481.

Czarnota, G.J.; Karshafian, R.; Burns, P.N.; Wong, S.; Al Mahrouki, A.; Lee, JW.; Caissie, A.; Tran, W.; Kim, C.; Furukawa, M.; et al.
Tumor radiation response enhancement by acoustical stimulation of the vasculature. Proc. Natl. Acad. Sci. USA 2012, 109, E2033-E2041.
Al-Mahrouki, A.A.; Iradji, S.; Tran, W.T.; Czarnota, G.J. Cellular characterization of ultrasound-stimulated microbubble radia-
tion enhancement in a prostate cancer xenograft model. Dis. Models Mech. 2014, 7, 363-372.

McNabb, E.; Sharma, D.; Sannachi, L.; Giles, A.; Yang, W.; Czarnota, G.]. MR-guided ultrasound-stimulated microbubble ther-
apy enhances radiation-induced tumor response. Sci. Rep. 2023, 13, 4487.

Ahmad, A.; Totiger, T.M.; Benaduce, A.P.; Marples, B.; Mihaylov, I.B. Establishing correlations between breast tumor response
to radio-immunotherapy and radiomics from multi-parametric imaging: An animal study. Appl. Sci. 2020, 10, 6493.

Becker, A.S; Schneider, M.A.; Wurnig, M.C.; Wagner, M.; Clavien, P.A_; Boss, A. Radiomics of liver MRI predict metastases in
mice. Eur. Radiol. Exp. 2018, 2, 11.

Belsare, A.D.; Mushrif, M.M.; Pangarkar, M.A.; Meshram, N. Classification of breast cancer histopathology images using texture
feature analysis. In Proceedings of the TENCON 2015—2015 IEEE Region 10 Conference, Macao, China, 1-4 November 2015.
Kather, ].N.; Weis, C.-A.; Bianconi, F.; Melchers, S.M.; Schad, L.R.; Gaiser, T.; Marx, A.; Zollner, F.G. Multi-class texture analysis
in colorectal cancer histology. Sci Rep. 2016, 6, 27988.

Ferro, M.; de Cobelli, O.; Musi, G.; del Giudice, F.; Carrieri, G.; Busetto, G.M.; Falagario, U.G.; Sciarra, A.; Maggi, M.; Crocetto,
F.; et al. Radiomics in prostate cancer: An up-to-date review. Ther. Adv. Urol. 2022, 14, 17562872221109020.

Delgadillo, R.; Ford, J.C.; Abramowitz, M.C.; Dal Pra, A.; Pollack, A.; Stoyanova, R. The role of radiomics in prostate cancer
radiotherapy. Strahlenther. Onkol. 2020, 196, 900-912.

Abdollahi, H.; Mahdavi, S.R.; Shiri, I.; Mofid, B.; Bakhshandeh, M.; Rahmani, K. Magnetic resonance imaging radiomic feature
analysis of radiation —Induced femoral head changes in prostate cancer radiotherapy. . Cancer Res. Ther. 2019, 15, S11-519.
Acar, E.; Leblebici, A.; Ellidokuz, B.E.; Bagbinar, Y.; Kaya, G.C. Full paper: Machine learning for differentiating metastatic and
completely responded sclerotic bone lesion in prostate cancer: A retrospective radiomics study. Br. |. Radiol. 2019, 92, 20190286.
Wu, Y.; Liu, X.; Chen, S.; Fang, F.; Shi, F.; Xia, Y.; Yang, Z.; Lin, D. An MRI radiomics model for predicting a prostate-specific
antigen response following abiraterone treatment in patients with metastatic castration-resistant prostate cancer. Front. Oncol.
2025, 15, 1491848.

Vujasinovic, T.; Pribic, J.; Kanjer, K.; Milosevic, N.T.; Tomasevic, Z.; Milovanovic, Z.; Nikolic-Vukosavljevic, D.; Radulovic, M.
Gray-Level Co-Occurrence Matrix Texture Analysis of Breast Tumor Images in Prognosis of Distant Metastasis Risk. Microsc.
Microanal. 2015, 21, 646-654.

Elazab, N.; Gab Allah, W.; Elmogy, M. Computer-aided diagnosis system for grading brain tumor using histopathology images
based on color and texture features. BMC Med. Imaging 2024, 24, 177. https://doi.org/10.1186/s12880-024-01355-9.

Sannachi, L.; Gangeh, M.; Tadayyon, H.; Gandhi, S.; Wright, F.C.; Slodkowska, E.; Curpen, B.; Sadeghi-Naini, A.; Tran, W.;
Czarnota, G.J. Breast Cancer Treatment Response Monitoring Using Quantitative Ultrasound and Texture Analysis: Compara-
tive Analysis of Analytical Models. Transl. Oncol. 2019, 12, 1271-1281.

Sannachi, L.; Osapoetra, L.O.; DiCenzo, D.; Halstead, S.; Wright, F.; Look-Hong, N.; Slodkowska, E.; Gandhi, S.; Curpen, B.;
Kolios, M.C,; et al. A priori prediction of breast cancer response to neoadjuvant chemotherapy using quantitative ultrasound,
texture derivative and molecular subtype. Sci. Rep. 2023, 13, 22687.

Haralick, R.M.; Shanmugam, K.; Dinstein, I. Textural Features for Image Classification. IEEE Trans. Syst. Man Cybern. 1973, 3, 610-621.
Kim, J.K,; Park, H.-W. Statistical textural features for detection of microcalcifications in digitized mammograms. IEEE Trans.
Med. Imaging 1999, 18, 231-238.

Thibault, G.; Fertil, B.; Navarro, C.; Pereira, S.; Cau, P.; Levy, N.; Sequeira, J.; Mari, ].-L. Shape and texture indexes application
to cell nuclei classification. Int. ]. Pattern Recognit. Artif. Intell. 2013, 27, 1357002.

Jones, E.F,; Sinha, S.P.; Newitt, D.C,; Klifa, C.; Kornak, J.; Park, C.C.; Hylton, N.M. MRI Enhancement in Stromal Tissue Surrounding
Breast Tumors: Association with Recurrence Free Survival following Neoadjuvant Chemotherapy. PLoS ONE 2013, 8, e61969.



Cells 2025, 14, 2023 16 of 16

34. Xu,J;Luo, X;; Wang, G.; Gilmore, H.; Madabhushi, A. A Deep Convolutional Neural Network for segmenting and classifying
epithelial and stromal regions in histopathological images. Neurocomputing 2016, 191, 214-223.

35. Kather, J.N.; Krisam, J.; Charoentong, P.; Luedde, T.; Herpel, E.; Weis, C.-A.; Gaiser, T.; Marx, A.; Valous, N.A.; Ferber, D.; et al.
Predicting survival from colorectal cancer histology slides using deep learning: A retrospective multicenter study. PLoS Med.
2019, 16, €1002730.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual au-
thor(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.



