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Editorial on the Research Topic 


Optical Molecular Imaging in Cancer Research



Preface

Optical molecular imaging (OMI) is an emerging technology capable of qualitatively and quantitatively studying life processes at the cellular or molecular level (1). Compared with traditional medical imaging technologies, it can detect the occurrence of diseases in advance without obvious morphological changes in the early stages of the pathological process, and can perform real-time, non-invasive continuous dynamic monitoring in vivo (2).

OMI technology has developed rapidly in recent years owing to its high sensitivity, strong specificity, and fast imaging speed. OMI technologies mainly include bioluminescence imaging (BLI), fluorescence molecular imaging (FMI), x-ray luminescence imaging (XLI), Cerenkov luminescence imaging (CLI), and photoacoustic imaging (PAI), etc, which can monitor the biological and pathological activities at the cellular or molecular level. Since the conventional OMI technology can only provide two-dimensional (2D) images, the corresponding three-dimensional (3D) imaging technologies, including bioluminescence tomography (BLT) (3), fluorescence molecular tomography (FMT) (4), x-ray luminescence tomography (XLT) (5), Cerenkov luminescence tomography (CLT) (6), photoacoustic tomography (PAT) (7), diffusion optical tomography (DOT) (8), etc, are also intensively explored and developed to provide 3D quantitative information.

This Research Topic aims to collect multiple applications of the 2D and 3D OMI technologies used to carry out cancer studies, including studies of novel imaging systems, imaging methods, probes, drugs, and biological applications in the field of cancer research.



Biomedical and Clinical Research on Cancers


Brain Cancer

Lukina et al. utilized fluorescence lifetime imaging (FLIM) of endogenous fluorophores related to the metabolism of the glioma to develop a rapid and sensitive assay for intraoperative diagnostics of glioma and identification of the optical markers essential for differentiation between tumors and healthy brain tissues. They found that fluorescence lifetime parameters of the glioma provided a background for differentiation between the tumors and brain tissue. Experiments using tumors from both rats and patients demonstrated substantial differences between the malignant tumors and normal tissues.



Breast Cancer

Li et al. prepared a novel ultrasound contrast agent VEGFR2-targeting iron-doped silica (SiO2) hollow nanoparticles (VEGFR2-PEG-HSNs-Fe NPs) and applied it in microwave ablation for breast cancer to investigate its value in the evaluation of effectiveness after tumor ablation. The subcutaneous xenograft tumor was established to simulate the microenvironment of mouse breast cancer. After the xenograft tumor was treated with microwave ablation, the extent of perfusion defect was evaluated by injecting VEGFR2-PEG-HSNs-Fe NPs, and an enhanced ultrasound signal was detected in the tumor. Experiments showed that the nano-targeted VEGFR2-PEG-HSNs-Fe NPs had good biosafety and ability for specific imaging, which had the potential to evaluate the efficacy of tumor ablation.

Li et al. designed new types of nanocarriers, the cascade release near-infrared imaging (NIFI) and thermal-chemo combination nanoparticles (CNC NPs), which can release drugs through the cascade of ultrasound triggering and pH responding to achieve synchronous tumor accumulation, monitoring, and the synergistic treatment of two functional molecules. The NPs can effectively perform cascade drug release through ultrasound triggering and pH responding. The CNC NPs have good in vivo biological safety and excellent fluorescence imaging, drug delivery, and therapeutic abilities in triple-negative breast cancer models.



Gastric Cancer

Yin et al. prepared 68Ga-DOTA-KEK-(GX1)2 and applied it to PET and Cerenkov imaging of gastric cancer. Its tumor-targeting ability was determined by nano PET/CT and Cerenkov imaging, standardized uptake value, signal-to-background ratio (SBR) quantification, and a bio-distribution study in tumor-bearing nude mice. Experiments showed that GX1 was modified successfully, and the in vivo and in vitro properties of the GX1 dimer were significantly better than those of GX1. The imaging probe 68Ga-DOTA-KEK-(GX1)2 is a potential candidate probe for PET and Cerenkov diagnosis of gastric cancer.



Liver Cancer

Yan et al. performed a phage-displayed bio-panning to identify a specific binding peptide targeting Glypican-3 (GPC-3), which could be used as a biomarker in hepatocellular carcinoma (HCC). In this bio-distribution study, a higher accumulation of F3 peptides was observed in HepG-2 tumors compared to PC-3 tumors in xenograft models. Furthermore, the F3 peptide tracer enabled the specific detection of tumors in HCC tumor models with PET imaging after labeling with radioactive 68Ga. This cyclic peptide targeting GPC-3 may be an alternative to serve as an imaging probe or a targeting domain in the drug conjugate.

Zhou et al. utilized IR780 as the near-infrared fluorescence imaging, photoacoustic imaging, and photothermal therapy (PTT) agent, and utilized paclitaxel (PTX), which is a broad-spectrum chemotherapy drug, together to build the NIF/PA dual-mode imaging and PTT/chemo synergistic theranostic nanoparticles (DIST NPs). Experiment results showed that the DIST NPs had a long circulation in vivo, high bioavailability, high biocompatibility, and low effective dose. Thus, the DIST NPs showed an excellent NIFI/PAI dual-mode imaging and significant synergistic antitumor effect in hepatic carcinoma models.



Lung Cancer

Chen et al. proposed to utilize habitat imaging-based 18F-fluorodeoxyglucose (18F-FDG) PET/CT radiomics for preoperatively discriminating non-small cell lung cancer (NSCLC) and benign inflammatory diseases (BIDs). Their study included 317 18F-FDG PET/CT scans from patients who underwent aspiration biopsy or surgical resection. They constructed radiomics models based on clustering-based habitat radiomics method, conventional habitat-based method, and nonhabitat method. Experimental results showed that their adaptive habitat imaging-based method showed significantly improved discrimination performance compared to the conventional methods. This study implied that the microenvironmental variations in NSCLC and BID could be captured by PET/CT.



Tumor Vessels

Zhou et al. utilized swept-source optical coherence tomographic angiography (SS-OCTA) to describe the morphologic characteristics of tumor-related vasculatures and their association with secondary choroidal neovascularization (CNV), subretinal fluid, choroidal thickness, and tumor decalcification in eyes with choroidal osteoma (CO), etc. Indocyanine green angiography identified inhomogeneous hyperfluorescence due to tumor-related vasculature, and all corresponded to the structures that appeared as sea-fan vascular networks combined with clusters of tangled vessels on SS-OCTA images. The identification of actual tumor vasculature in patients may help facilitate understanding of their pathogenesis, tumor control, and response to treatment.




Imaging Methods for Cancer Research


BLT Imaging

Yu et al. proposed a deep-learning optical reconstruction method based on one-dimensional convolutional neural networks (1DCNN) to improve the reconstruction accuracy of positioning and reconstruction efficiency of bioluminescent tomography (BLT). Compared with the reconstruction method based on multilayer perceptron, the training parameters in the 1DCNN were reduced and the learning efficiency of the model was improved. They used simulations to validate the superiority and stability of the 1DCNN method, and implemented animal experiments to further show the potential of the proposed method in practical applications.

Liu et al. presented a new multispectral difference strategy (MDS) to improve the accuracy of the BLT reconstruction based on analyzing the errors generated from the simplification from radiative transfer equation to diffusion approximation and data acquisition of the imaging system. The forward simulations showed that MDS can reduce the systematic errors in the process of light transmission. The inverse simulations and in vivo experiments showed that MDS was able to alleviate the ill-posedness of the inverse problem of BLT. The experiment results demonstrated that the MDS method had superior location accuracy, morphology recovery capability, and image contrast capability.



CLT Imaging

Wang et al. proposed a prior compensation algorithm to carry out Cerenkov luminescence tomography (CLT) reconstruction based on depth calibration strategy. Since the attenuation of light in the tissue depends heavily on the depth, a depth calibration matrix was designed to calibrate the attenuation between the surface light flux and the density of the internal light source. The feature of the proposed algorithm was that the depth calibration matrix directly acts on the system matrix, rather than modifying the regularization penalty items. The experiment results showed that the proposed method could locate the radiation sources accurately by using single-view measurements.

Wei et al. proposed a probabilistic energy distribution density region scaling (P-EDDRS) framework to implement CLT reconstruction. In this framework, multiple reconstruction iterations were performed, and the Cerenkov source distribution of each reconstruction was treated as random variables. The size of the region required for the next operation was determined dynamically by combining intensity characteristics. Besides, each reconstruction source distribution was given a probability weight value. Experimental results showed that this reconstruction framework had better positioning accuracy and shape recovery ability.



DOT Imaging

Wang et al. proposed a data self-calibration method based on a high-density (HD) parallel-plate diffuse optical tomography (DOT) system. Based on their proposed scheme, the reference predicted data can be constructed directly from the measurement data with the support of the HD-DOT system, which has nearly a hundred sets of measurements at each SD distance. The proposed scheme had been validated by Monte Carlo simulation, breast-size phantom experiments, and clinical trials, and results showed that the scheme had feasibility in ensuring the quality of the DOT reconstruction while effectively reducing the complexity.



XLCT Imaging

Liu et al. proposed a new finite element mesh regrouping strategy-based hybrid light transport model for X-ray luminescence computed tomography (XLCT). In their scheme, two separate meshes were obtained and the system matrixes and source weight matrixes were separately calculated. Then, the two system matrixes with different dimensions were coupled, and the two meshes were combined to establish the hybrid optical transmission model. The proposed method can reduce the computational memory consumption significantly, thus achieving a good balance between computational accuracy and efficiency.



Pathology Imaging

Zeng et al. proposed a wide-field pixel super-resolution color lensfree microscopy by performing wavelength scanning pixel super-resolution and phase retrieval simultaneously on the three channels of red, green, and blue (RGB), respectively. A high-resolution RGB three-channel composite color image is converted to the YUV space for separating the color component and the brightness component, keeping the brightness component unchanged as well as enhancing the color component through an average filter. The proposed method can eliminate the common rainbow artifacts of holographic color reconstruction and maintain the high-resolution details under different color illuminations.




Reviews for Optical Imaging

Wang et al. reviewed recent advances in hybrid light propagation models, with particular emphasis on their powerful use for 3D optical imaging in cancer detection. Since traditional optical imaging can only qualitatively detect 2D biomedical information, 3D imaging technology is explored to provide 3D quantitative information. For 3D imaging, the light propagation models that reflect the interaction between light and biological tissues are important bases and extensively reviewed in this paper.
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Advanced stage glioma is the most aggressive form of malignant brain tumors with a short survival time. Real-time pathology assisted, or image guided surgical procedures that eliminate tumors promise to improve the clinical outcome and prolong the lives of patients. Our work is focused on the development of a rapid and sensitive assay for intraoperative diagnostics of glioma and identification of optical markers essential for differentiation between tumors and healthy brain tissues. We utilized fluorescence lifetime imaging (FLIM) of endogenous fluorophores related to metabolism of the glioma from freshly excised brains tissues. Macroscopic time-resolved fluorescence images of three intracranial animal glioma models and surgical samples of patients’ glioblastoma together with the white matter have been collected. Several established and new algorithms were applied to identify the imaging markers of the tumors. We found that fluorescence lifetime parameters characteristic of the glioma provided background for differentiation between the tumors and intact brain tissues. All three rat tumor models demonstrated substantial differences between the malignant and normal tissue. Similarly, tumors from patients demonstrated statistically significant differences from the peritumoral white matter without infiltration. While the data and the analysis presented in this paper are preliminary and further investigation with a larger number of samples is required, the proposed approach based on the macroscopic FLIM has a high potential for diagnostics of glioma and evaluation of the surgical margins of gliomas.
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Introduction

Glioblastoma (Grade IV) is the most common and most aggressive form of malignant brain tumors with an overall survival of 14–15 months after complete surgical resection and adjuvant radiochemotherapy (1). Standard therapy for high-grade gliomas includes maximal safe surgical resection, followed by radiotherapy and chemotherapy. The largest possible surgical removal is recommended, while preserving neurological function. Since the extent of removal of pathological tissue defines, to a large degree, a prognosis of the disease, an accurate identification of the tumor margin during resection is crucially important (2).

During surgery, tumors are routinely identified based on the neurosurgeon’s experience, visual observation with white-light microscopy, and neuronavigation using intraoperative ultrasound-based data and/or preoperative MRI scan. Intraoperative histopathological analysis to estimate tumor infiltration is uncommon, in part, because it is laborious and time-consuming, and because it requires multiple samplings for conclusive diagnosis. However, the tumor margins cannot be properly defined with conventional imaging, especially with respect to the brain shift that inevitably occurs. Intraoperative fluorescence guidance with 5-aminolevulinic acid (5-ALA) that induces protoporphyrin IX fluorescence or exogenous contrast agents (e.g. sodium fluorescein or indocyanine green) has proven to be a useful technique to improve the resection, but the challenges associated with non-specific distribution of the fluorophore, timing and the subjective assessment of fluorescence still remain (3). In addition, the use of 5-ALA in most cases does not allow to detect low grade gliomas, although it seems to be possible based on the fluorescence lifetime information (4). To avoid non-specific distribution of the fluorophores, fluorescent reporters targeting epidermal growth factor (EGF) receptor or other tumor specific molecules have been reported (5, 6).  However, the question about the apparent toxicity of exogenous contrast agents upon systemic administration was left open. Stain-free techniques that do not require sample staining is a preferable way for tumor identification.

In recent years, there is an increasing interest in using endogenous fluorescence for intraoperative assessment in glioma surgery (7). Several studies indicate that autofluorescence in the blue range, derived mainly from reduced nicotinamide adenine dinucleotide (phosphate) NAD(P)H (ex/em 330-380 nm/420-480 nm), has a great potential to differentiate between tumorous and normal brain tissues (8–12). NAD+/NADH is a principal redox couple in the reactions of cellular respiration, such as glycolysis, the tricarboxylic acid cycle (TCA) and oxidative phosphorylation. NADP+/NADPH participates in anabolic reactions such as biosynthesis of fatty acids and nucleotides and in detoxifying processes. Metabolic alterations that accompany tumor progression can result in the change of the parameters of NAD(P)H fluorescence, including emission intensity, spectrum profile and the lifetime, which has been widely documented for gliomas (13–15). Among the fluorescence-based techniques, fluorescence lifetime imaging (FLIM) has the advantage of being a largely independent from the fluorophore concentration in combination with high molecular specificity. In the case of NAD(P)H, FLIM is able to resolve these molecules in their free unbound (~0.3-0.5 ns) and enzyme-bound (~2-4.5 ns) states, associated primarily with cytosolic and mitochondrial processes, correspondingly. While a significant progress has been recently achieved in the use of one-photon FLIM instrument in neurosurgery (16) in general, the possibilities of FLIM of NAD(P)H in glioma diagnostics on the whole tumor scale have been poorly explored so far.

Recently, we developed a system for fluorescence lifetime imaging on a macro scale (macro-FLIM) with high sensitivity to a relatively weak tissue autofluorescence (17). The system is based on scanning of the beam over a large field of view (∼18 mm) and confocal detection of the fluorescence signal. Recording of the fluorescence lifetime is done by time-correlated single photon counting (TCSPC) technique (18). Combination of the confocal detection with the fluorescence lifetime imaging using TCSPC enables recording of relatively high (15 μm) spatial and temporal resolution image within a reasonably short recording time. A large field of view in the macro-FLIM opens the opportunity to visualize the distribution of endogenous fluorescence from the entire tumor in animal or from the patients’ tissues samples in a relatively short period of time of (ca. 2 min/scan). This high speed imaging makes the method attractive for intraoperative applications such as stain-free pathology or image guided margin detection.

The objective of the present work was to investigate whether glioma and healthy brain tissue from the animal models and humans present different signatures in terms of the autofluorescence lifetime in the spectral band of NAD(P)H. In this study, the FLIM images were recorded from freshly excised whole rat brains with different intracranial glioma models. In the patient populations, surgical samples were collected from glioblastoma and the white matter. Fluorescence data were analyzed by two approaches: 1) nonlinear curve-fitting of fluorescent decays and 2) unsupervised visualization techniques based on Principal Component Analysis (PCA) and Linear Unmixing (LU). All samples were subjected to histopathological evaluation by an unbiased expert to verify the results of the imaging.



Materials and Methods


Intracranial Rat Glioma Models

The study was performed on Wistar rat glioma models - glioma C6 (n=5), glioblastoma 101.8 (n=3) and anaplastic astrocytoma 10-17-2 (n=6) (all females, body weight 240 ± 15 g). Healthy rats without tumors (n=3, females) were served as control. C6 rat glioma cells were cultured in DMEM containing 10% FBS in CO2 incubator (5% CO2, 37°C, humidified atmosphere). Cells were trypsinized (0.25% trypsin) for 3 min, washed and re-suspended in DMEM to the concentration 5×108 cells/mL. 1×106 cells in 10 μL PBS were used for injection into the rat brain. Anaplastic astrocytoma 10-17-2 and glioblastoma 101.8 were obtained by inoculation of homogenized tumor tissue from donor rats (~106 tumor cells in 10 μL PBS) into the brain (19). For cells implantation, animals were anesthetized with zoletil (12.5 mg/kg) and xylazine (1 mg/kg) and immobilized on a stereotaxic unit. The indicated amounts of cells were injected via the hole drilled in the scull 2 mm lateral and 2 mm posterior to the bregma into the right hemisphere of the brain at ~4 mm depth.

Animals were euthanized using an overdose of zoletil (Virbac SA, France) and rometar (Spofa, Czech Republic) on 15-20 day after tumor inoculation. The brains were gently removed and divided in two tissue blocks in sagittal plane using a scalpel. One of the blocks was analyzed by FLIM immediately and then fixed in 10% buffered formalin for histological examination.

All animal procedures were approved by the Ethical Committee of the Privolzhsky Research Medical University (PRMU).



Patient’s Samples

Human brain specimens were obtained from the University Clinic at PRMU from 5 patients during the tumor resection. An informed written consent was obtained from all patients prior to the enrollment. The samples of the glioblastoma (WHO grade IV) (n=5) and the peritumoral white matter (n=6) were investigated with FLIM and standard histology. Three out of six samples of the white matter had a high degree of tumor cell infiltration and were categorized as “with infiltration.” Other samples with no or a few isolated discretely located tumor cells were categorized as “without infiltration.”

The tissue storage was performed according to a previously developed protocol to preserve the fluorescence lifetime of NAD(P)H (20). Immediately after the resection, a tissue sample of 0.6-0.8 mm3 was wrapped in gauze soaked in 10% solution of bovine serum albumin (BSA), placed in a sterile Petri dish and delivered to laboratory on ice. FLIM was performed within 1.5 hours after the resection. Clinicopathological characteristics of patients are given in Table 1.


Table 1 | Clinicopathological characteristics of patients.





FLIM on the Macroscale

A confocal macro-FLIM system, described earlier in our work (17), was utilized to scan centimeter-sized objects of animal and human tissue. Fluorophores are excited by picosecond diode lasers that form an excitation spot in the image plane of about 15 μm. Freshly excised samples are scanned by placing them directly in the image plane of a confocal scan head. The image plane of the scan lens is brought in coincidence with the sample surface. As the galvo-mirrors change the beam angle the laser focus scans across the sample. The fluorescence signal produced by the sample is collimated by the scan lens, descanned by the galvo-mirrors, and separated from the excitation light by the dichroic beamsplitter. It is further separated into two spectral channels and focused into the pinholes. Light passing the pinholes is sent to HPM-100-40 hybrid detectors (Becker&Hickl GmbH, Germany). The photon pulses from the detectors are processed by two SPC-150 TCSPC FLIM modules (Becker & Hickl GmbH, Germany). The maximum diameter of the image area in the primary image plane of the scanner is about 18 mm.

The tissue autofluorescence was excited by a picosecond diode laser (BDL-375-SMN, Becker&Hickl) at the wavelength of 375 nm with the power incident on a sample of 18 μW. The wavelength of excitation was selected based on the absorption of NAD(P)H at this wavelength. The signal was registered in the spectral range determined by a bandpass filter 460/50 nm (Chroma, USA). Collection time was 120 s, which allowed to collect from 6300 to 9700 photons per decay curve.



FLIM Data Processing

SPCImage software (Becker & Hickl GmbH, Germany) was used to process the FLIM data. A nonlinear least-square fit was used to derive the decay parameters from the decay data in the pixels. The fluorescence decay curves were fitted with a bi-exponential decay model providing a short and a long lifetime components (τ1 and τ2, respectively), and the relative amplitudes of the lifetime components (a1 and a2, where a1 + a2 = 100%). From these values the amplitude-weighted mean fluorescence lifetime (τm = a1 τ1 + a2 τ2) and the ratio of the amplitudes, a1/a2 were derived. The quality of the fit was evaluated by the χ2 value. For all data presented here χ2 was within the appropriate range of 0.8 – 1.2.

In each image of the rat brain, tumor areas and areas of cortex and white matter without tumor cells were selected as ROIs (Figure S1). Histograms of τm and, a1/a2 were calculated over the pixels of the ROIs. The maxima of the histograms were used to assess the tissue state in within the individual ROIs, see Figures 1, 2 and Table 2. Values derived from the maxima of the histograms have a much higher accuracy than data from single pixels. We were therefore ably to run the fits with all parameters, τ1, τ2, a1, a2, freely floating. This avoids biasing of the results by ignoring possible variations in the component lifetimes (21). For samples from human patients the same procedures were applied to the data from the entire sample.




Figure 1 | Histopathology of glioma models glioma C6, glioblastoma 101.8 and anaplastic astrocytoma 10-17-2 and normal rat brain. H&E-staining. (A) Initial magnification X7. (B) Initial magnification X40. Enlarged regions are indicated by the yellow squares on the lower-magnification panel. Bars are applicable to all images in the row.






Figure 2 | Macro-FLIM of glioma models and normal rat brain. (A) Representative autofluorescence time-resolved images of glioblastoma C6, glioblastoma 101.8, anaplastic astrocytoma 10-17-2 and rat brain without tumor. Pseudo RGB image is built from three time channels where the red color reflects fast emitting species, green medium, and blue long lived components; PCA images in the pseudo RGB images: red, green and blue colors correspond to a first, second, and third principal component; LU images reflect three selected classes: grey matter, white matter, and the background. The tumors are marked with a white line. Scale bar: 10 mm, applicable to all images. (B) Quantification of τm and a1/a2 ratio in (1) glioblastoma C6 (2), glioblastoma 101.8 (3), anaplastic astrocytoma 10-17-2 and normal brain. Scatter dot plot displays the measurements for individual animals (dots) and the median, minimum and maximum (horizontal lines). τm is the mean fluorescence lifetime. a1/a2 is the ratio of relative contributions of short and long components.




Table 2 | Autofluorescence lifetimes in patients’ glioblastoma and the peritumoral white matter.





Image Processing

FLIM collected datasets were analyzed using IDCube software (HSpeQ LLC, USA) that process 3D spectral data (22). FLIM raw data were first converted to the IDCube format and processed using a three- band method to generate a pseudo RGB image (23). The generated image is a composite of the three selected bands (time channels, i.e.) with the corresponding bandwidths, where the color intensity values are combined to form an RGB triplet. In this approach, we visualize the FLIM data with three colors where the Red, Green and Blue components were created by summing up the intensities values from three selected time ranges as shown in Figure S2, Supplementary Information. The data were then analyzed using Principal Component Analysis (PCA) that uses covariance matrices to compute association between data points. The most prominent association that accounts for most of the data variability is considered the first principal component, the second most variability is considered the second principal component, and so forth. The PCA was performed across all images and band selection was performed by selecting first two components that shows more than 80% of cumulative fraction of variance among 1024 components. In the PCA image three components were used assigned to Red, Green and Blue channels correspondingly. In that case, Cyan, Yellow and Magenta colors have been the result of mixing of Red, Green and Blue components.

Linear Unmixing (LU) was applied to classify the image and identify the regions of the tumors. This technique is used to determine the relative contribution from each fluorophore for every pixel of the image. The dataset was first processed by the N-FINDR method to estimate the 3 endmembers spectra, then least square method was used to generate the abundance maps based on the endmembers algorithm (24) to generate three endmembers. To estimate the optimal number of the endmembers, we calculated the residuals for the 2, 3 and 4 endmembers using nonnegative linear least-squares function available from MATLAB and implemented in IDCube. The residuals were calculated from the entire image and shown in Figure S3, Supplementary Information. As expected, we found the residual values were decreasing with the included number of endmembers, although the difference between the 3 and 4 endmembers seems to be marginal. We selected 3-endmember approach where the spectra resemble the decays representing the background, tumor and non-tumor tissues. The spectral characteristics of the endmembers are shown in Figure S4. The three endmembers resembled the long and short decays as well as the background. The two endmembers corresponding to the long and short decays were grouped together to form a pseudo RGB image. For the LU image we have used these two endmembers to visualize the image as pseudo RGB (Endmember #1 as Red, Endmember #2 as Blue, and as Green).



Histopathology

Formalin-fixed brain samples were embedded in paraffin in accordance to a standard protocol and sectioned parallel to the optical plane. 7-μm thick paraffin sections were stained with hematoxylin and eosin and examined under microscopy with Axio Zoom.V16 (Zeiss, Germany) at x7 magnification and Leica DM2500 microscope (Leica, Japan) at x40 magnification.



Statistics

The mean values, standard error of the mean (SEM), median, 25th and 75th percentiles were calculated for each quantitative parameter. To estimate the statistical significance of the differences between groups, the Kruskal-Wallis test was used. P ≤ 0.05 indicated statistically significant difference.




Results


Histopathological Characterization of Rat Brain Tumors

Histopathological analysis of the rat brains ex vivo showed location of tumors inside the deep brain structures with the invasion into the white matter tracts and in the cortex (Figure 1).

At the cellular level, glioma C6 displayed typical characteristics of glioblastoma multiforme, such as high cellularity, regions of invasion into the brain parenchyma and the presence of necrotic areas. The tumors were composed of atypical cells with hyperchromic polymorphic nuclei. Numerous pathologic mitoses among proliferating cells were observed. Tumors were highly vascularized and presented a large number of newly formed microvessels. The clusters of proliferative cells were found preferentially along the vessels in the marginal zone of tumor.

Glioblastoma 101.8 at the advanced stage had a heterogeneous structure, large clusters of tumor cells alternated with necrotic areas and numerous small hemorrhages. Massive necrosis was observed in a central part of the tumor. Tumor margins were poorly defined, severe infiltration of the surrounding brain tissue with tumor cells was observed. The blood vessels were distributed heterogeneously with high variability of their diameters and irregular shapes. The tumor had high cellularity, high mitotic activity with a large number of pathological mitoses. Tumor cells had a high nuclear cytoplasmic ratio. The nuclei were pleomorphic, small or medium in size, with atypical arrangement of heterochromatin.

Anaplastic astrocytoma 10-17-2 composed of densely packed cells with hyperchromic polymorphic nuclei. A large amount of mitotic cells was detected, pathologic mitoses were rare. Necrosis was present in a moderate amount. The presence of peritumoral edema was revealed.



Macro-FLIM of Rat Glioma Models

Time-resolved measurements of endogenous fluorescence from the tumorous and normal rat brain tissues showed that the fluorescence decays for all tissues were best fit to a double-exponential function with a short component τ1 ranged from 0.78 to 0.94 ns and a long component τ2 ranged from 3.32 to 5.03 ns. One must mention that the measured fluorescence lifetimes were higher than those previously reported for NAD(P)H in cells and tissues: 0.3-0.5 ns for τ1 (free NAD(P)H), and 2.0–3.2 ns for τ2 (protein-bound NAD(P)H) (25–27), which indicates that any other fluorophores, likely, contribute to autofluorescence of the brain tissue.

In a search for differences between gliomas and normal brain tissue, we compared the parameters of fluorescence lifetime measurements (τm, τ1, τ2, a1, a2, a1/a2) of the three rat glioma models with the cortex and the white matter, both tumor distant and intact control (Table S1).

Fluorescence lifetime values, such as τm, in the C6 glioma region did not statistically differ from the tumor-distant cortex (1.46 ns vs 1.39 ns, p=1.0) and the tumor-distant white matter (1.46 ns vs 1.53 ns, p=0.176). However, these values were substantially lower than the corresponding values from the white matter of the healthy brain (τm =1.46 ns vs 1.82 ns, p = 0.031; τ2 = 3.39 ns vs 4.54 ns, p = 0.026). Lifetime parameters τm and τ2 in tumor-distant white matter were shorter compared to the white matter in healthy brain (τm =1.53 ns vs 1.82 ns, p=0.037 and τ2 = 3.55 vs 4.54 ns, p = 0.037, respectively) (Figure 2 B1).

For glioblastoma 101.8 we identified decreased τm and τ2 compared to tumor-distant white matter (τm = 1.96 ns vs 2.23 ns, p=0.003; τ2 = 4.61 ns vs 5.03 ns, p=0.042). In addition, all fluorescence lifetime parameters (τm, τ1, τ2, a1, a2, a1/a2) in the tumor demonstrated differences from intact cortex (p ≤ 0.043). Again, tumor-distant white matter and cortex differed from intact brain, showing longer lifetimes (τm, τ1, τ2) (Figure 2 B2).

Anaplastic astrocytoma 10-17-2 displayed a reduced mean fluorescence lifetime in comparison with the intact white matter (τm =1.51 ns vs 1.82 ns, p=0.004). Similar changes of tm were shown for the tumor-distant white matter compared with the intact control (1.61 ns vs 1.82 ns, p=0.014) (Figure 2 B3). Analysis of the amplitudes of the short (a1) and long (a2) lifetime components and their ratio (a1/a2) revealed an increase of a2 in the tumor and the tumor-distant cortex compared to the intact control cortex (~25 vs 20), resulting in a decreased a1/a2 ratio (~3 vs 3.76).

Therefore, all three tumor models showed a difference between the tumor and the healthy brain tissue in, at least, one fluorescence lifetime parameter. The difference between the tumor and the tumor-distant brain tissues were detected only for glioblastoma 101.8. However, it was found that tumor-distant tissues also showed modified fluorescence lifetimes compared with healthy brain, indicating strong influence of the tumor on the surrounding area. These alterations in tumor-distant tissues could be associated with both diffuse infiltration of glioma cells in the brain and possible mechanical pressure of the tumor on the surrounding tissues, which subsequently results in the modification of cellular metabolism.



Non-Fitting Approaches for FLIM Data From Rat Data

While fitting approach to the FLIM data results in a quantitative estimation of the decay parameters (fluorescence lifetimes and their relative amplitudes), it requires a priori knowledge about the number of fluorophores and an assumption that each fluorescent component presents a single decay. Although these methods are related to the actual physical characteristics of the fluorophores and considered to be gold standard, they require sufficient photon budget to accurately resolve the number and distribution of decay species from the data. This can be achieved with long acquisition times, which is not always appropriate for in vivo imaging and for effective translation of FLIM technique for clinical use. Non-fitting approaches offer another way to analyze FLIM data. These approaches rely on the datacube processing methods commonly used in hyperspectral imaging. FLIM generates a three dimensional dataset where in the addition to the two spatial coordinates, each pixel present the decay information forming a 3rd dimension. It is similar to hyperspectral imaging where in addition to the spatial coordinate, each pixel present a spectrum. Thus, the methods developed for hyperspectral imaging can be applied to FLIM data. Specifically, we applied commonly used principal component analysis (PCA) and Linear Unmixing techniques for differentiation of the tumor from the tumor-distant white matter and cortex, and from the healthy brain without tumor. While both methods provide a good contrast to visualize astrocytoma in rats compare to the nearby tissues (Figure 2), in the Linear Unmixing the tumor appears in the same group as the corpus callosum. However, the methods were not sufficient to identify glioblastoma in rats.



Macro-FLIM of Patient’s Glioblastoma

FLIM analysis of fresh samples of glioblastoma (WHO grade IV) and the peritumoral white matter taken from patients after surgical resection showed fluorescence lifetimes of τ1 ~1.6 ns and τ2 ~7.8 ns (Table 2), which were even longer than the values in the rat brain. The fluorescence lifetimes of the short (τ1) and long (τ2) components were similar in the tumors and the white matter infiltrated by tumor cells, while in the noninfiltrated white matter both τ1 and τ2 were shorter (τ1 ~1.2 ns and τ2 ~5.7 ns). A comparison of the relative contributions a1 and a1 between tumors and normal tissue showed a statistically significant higher a1 value (65.59% vs. 57.25%, p = 0.0413) and a1/a2 ratio in the tumors in comparison with the white matter without infiltration (2.02 vs 1.34, p = 0.0413) with a high heterogeneity between glioblastoma samples (Figure 3). We should note that the infiltrated white matter did not differ in a1/a2 ratio from the tumor samples.




Figure 3 | Macro-FLIM of patients’ glioblastoma and the peritumoral white matter with and without infiltration by tumor cells. (A) Representative autofluorescence time-resolved images. Scale bar: 3 mm. (B) Histopathology of samples shown in (A). H&E-staining. Scale bar: 100 µm. (C) Quantification of τm and a1/a2 ratio in tumors and the peritumoral white matter. Scatter dot plot displays the measurements for individual samples (dots) and the median, minimum and maximum (horizontal lines). The values for the images in (A) are marked in red. τm is the mean fluorescence lifetime. a1/a2 is the ratio of relative contributions of short and long components.



The difference between the tumor and the peritumoral white matter can be also illustrated by Linear Unmixing of the samples (Figure 4). For that, corresponding FLIM datasets were open in the same window and three ROIs were selected as classes. One class corresponded to the tumor, another to the white matter, and third to the background. The endmembers spectra were automatically estimated using the 3-endmember approach over the entire image. The estimated spectra were used to classify the image and identify the tissue and the background. In the Linear Unmixing results, each class represented a specific color (red, green and blue). Strong visual difference between the tumor and the white matter indicates a significant distinction between two tissues, supporting the conclusions drawn from the fluorescence decay analysis.




Figure 4 | Image processing of 3D datasets from FLIM imaging of a peritumoral white matter with infiltration (TDWM), tumor and a white matter without tumor infiltration. (A) Three band pseudo RGB of the excised samples. (B) The image was processed Linear Unmixing with no supervision. Linear Unmixing of the datasets demonstrate a significant visual difference between the infiltrated white mater and the white matter. Scale bar: 3 mm.






Discussion

There are several endogenous fluorophores that are involved in metabolic activity of tissues. The most important in the brain are NAD(P)H and flavins. Other fluorophores like tryptophan, tyrosine, various porphyrins, collagen and lipopigments are also present in brain tissue contributing to the autofluorescence (28, 29).

The attempts to evaluate whether the fluorescence lifetime of endogenous fluorophores, can be used to distinguish between healthy brain and brain tumors have been made in several previous studies (10, 28–32). A few studies demonstrate elongation of the NAD(P)H mean lifetime in brain tumor compared with the healthy tissue, which has been explained by the larger contribution of the bound form of the coenzyme to the fluorescence. For example, this was shown by Leppert et al. on G-112 human glioblastoma xenografts in mice, and by Kantelhardt et al. on U87 human glioma xenografts and human brain tumors using two-photon FLIM microscopy (12, 31). Interestingly, in the latter study the mean lifetimes decreased in the order glioblastoma> anaplastic glioma> low-grade astrocytoma>tumor-adjacent brain. Sun et al. and Marcu et al. detected higher values of the mean fluorescence lifetime in human glioblastoma multiforme ex vivo samples and intraoperationally in patients (33, 34). This is consistent with our observations of a longer mean lifetime in glioblastoma 101.8 compared with unaffected cortex. At the same time, several studies showed no statistically significant differences in the NAD(P)H fluorescence lifetime between glioma and the healthy brain tissue. These results were reported by Zanello et al. for freshly extracted human sample of gliomas using multimodal microscopic set-up (35) and by Haidar et al. on rats glioma RG2 ex vivo using a fiber-optical fluorescence probe (36). In our study, patients’ glioma samples did not differ from the peritumoral white matter in terms of the mean lifetime, while the a1/a2 differed between the tumor and non-infiltrated white matter.

In the above mentioned and our studies, the mean fluorescence lifetime detected in NAD(P)H spectral range was significantly longer in brain tissues, including tumors, compared to cells and tissues of other localizations (20, 25, 35, 37). While for the latter ones, the mean fluorescence lifetimes were around 0.8-1.0 ns with the short and long lifetime components of around 0.3-0.5 ns, and 2.0-3.0 ns, respectively, for the former ones we measured the mean fluorescence lifetimes around 1.4-1.6 ns (animals, Table S1) and 3.4-4.5 ns (patient samples, Table 2).

The origin of the long fluorescence lifetimes of the signal where typically NAD(P)H autofluorescence is detected, is not clear so far. The phosphorylated form of NADH that has a rather long fluorescence lifetime (~4.4 ns) could contribute to the longer fluorescence lifetimes, since autofluorescence from NADH and NADPH are spectrally almost identical. However, such long lifetimes as 5.7-9.0 ns cannot be explained only with the contribution of NADPH. In addition, in brain tissue NADPH is widely believed to contribute minimally to the fluorescence signal, (38–40).

Collagens have a long fluorescence lifetime of around 5 ns and can in principle contribute to the autofluorescence signal in the range from 435 nm to 485 nm (41). However, their content in the brain is low (42).

The long fluorescence lifetimes observed in the NAD(P)H spectral window might stem from the fact that NAD(P)H itself, when it is bound to certain proteins may have the fluorescence lifetimes around 6-7 ns (43, 44).

Another factor that can lead to the anomalously long fluorescence lifetime in the brain is the presence of myelin. Myelin consists of 30% proteins and 70% lipids (45). Tyrosine and tryptophan are major aminoacids that constitute myelin sheath but their excitation bands are around 280 nm, which is far away from the excitation wavelength for NAD(P)H. Therefore, only lipids with the excitation wavelengths around 340-400 nm and detection in the spectral range of 400-500 nm may be responsible for the long fluorescence lifetime. Indeed, cholesterol, one of the major components of lipids, is known to have long fluorescence lifetimes on the order of 9 ns (46, 47). Moreover, time-resolved measurements of fluorescence from phospholipids, another major component of lipids, showed fluorescence lifetimes in the range from 7.0 to 12.0 ns, depending on the microenvironment (48). Regarding the possible contribution of myelin to the autofluorescence signal in the NAD(P)H spectral window elongation of the fluorescence lifetime for the patients’ samples compared with rats’ samples maybe explained by the higher content of myelin in the human brain. Indeed, while myelin in rats has a thickness of around 100-200 nm, human myelin typically reach 300 - 400 nm thickness (49). With the overall same total length of the myelin fibers in the rat and human brain, the volume of myelin in the human brain is almost twice higher than in the rat. More studies are needed to understand the nature of the long fluorescence lifetime in the brain, and this task can be better addressed with a standard FLIM microscope.

When comparing the fluorescence lifetime parameters of the tumor-distant brain in tumor-bearing animals with intact (healthy) brain tissues, we noticed that the former resemble more gliomas than the intact control. These data indicate that the tumor affects the biochemical state of surrounding tissue. For the rat models, it is no surprise that healthy brain tissues in the tumor-bearing animals are affected because the size of the tumor is large, so both the infiltration of the tumor cells in the brain and the mechanical pressure of the tumor on the surrounding tissues are inevitable (4, 50, 51).

The FLIM data obtained from the patients’ excised tissue (Table 2) showed similarity of the fluorescence decay parameters between glioblastoma and the white matter infiltrated by tumor cells. It is important that the tumor differed from the non-infiltrated white matter, which testifies to a potential of the method to differentiate between the tumor and the normal tissue in clinical settings. More insights into the influence of glioblastoma on peritumoral areas and correlation of fluorescence lifetimes with the degree of infiltration of adjacent tissue by tumor cells could be obtained with the use of samples extracted at the different distances from the tumor and by comparison with the brain samples from the non-tumorous patients.

Such controversial data across species point to the complexity of the malignant brain tumor behavior and/or lack of the reliable computational techniques to process FLIM data that restrict the use of FLIM technology in clinical oncology. Moreover, while the autofluorescence signals investigated in the previous works mentioned above (13, 30, 31, 33–35) were attributed only to NAD(P)H, there were no clear evidence that other fluorescent endogenous molecules did not make a contribution to the registered signal. In addition, direct comparison of the data obtained by different authors is challenging because of different experimental settings. Some groups consider control healthy tissue from the same brain but located outside of the tumor, while others consider controls as a tissue from a different brain that did not contain tumor. Standardization of the FLIM methods is required to have this tool accepted for clinical applications. The differences in the fluorescence decay parameters between the tumor and normal tissues require deep investigations with more samples and the use of molecular and biochemical techniques. 

To conclude, the obtained results of this pilot study with the use of macro-FLIM and endogenous fluorescence in the blue spectral range demonstrate that high-grade brain tumors have fluorescence lifetime signatures different from normal brain tissue and these differences can be visualized at the macroscale using 375 nm laser excitation. Taking into account a large number of fluorophores present in the brain tissue, the interrogation of the differences between tumor and normal tissue can be performed using alternative excitation and detection spectral ranges. This will be a future direction of our work. Both fitting and non-fitting methods of data analysis lead to the same conclusions about the status of the brain tissue. Non-fitting minimally supervised methods may be more relevant for clinical applications due the significant increase in the computational speed and thus possibility to use them for real time processing of the data. Ideally, the described non-fitting minimally supervised methods and other computational approaches should be used in clinical setting by the surgery or pathology teams without any prior knowledge of the tissue. However, the proposed computational methods need to be further validated with a larger number of tissues to identify a set of reliable features (markers) that reflect complex patterns of the tumors. One of the limitations of our study is that the ROIs were defined based on the gross observation prior the analysis. Future work will be focused on the tumor delineation using machine learning algorithms where the predictor model is based on the fluorescence lifetime imaging data combined with histological analysis. Overall, our preliminary results indicate that the new approach could find use in the clinic as a sensitive and accurate method for identifying the edges of tumors during surgery.
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Tumor-targeting peptides functioned as molecular probes are essential for multi-modality imaging and molecular-targeting therapy in caner theronostics. Here, we performed a phage-displayed bio-panning to identify a specific binding peptide targeting Glypican-3 (GPC-3), a promising biomarker in hepatocellular carcinoma (HCC). After screening in the cyclic peptide library, a candidate peptide named F3, was isolated and showed specific binding to HCC cell lines. In a bio-distribution study, higher accumulation of F3 peptide was observed in HepG-2 tumors compared to PC-3 tumors in xenograft models. After labeling with radioactive 68Ga, the F3 peptide tracer enabled the specific detection of tumors in HCC tumor models with PET imaging. More importantly, the expression of GPC-3 in human tissue samples may be distinguished by an F3 fluorescent peptide probe indicating its potential for clinical application. This cyclic peptide targeting GPC-3 has been validated, and may be an alternative to serve as an imaging probe or a targeting domain in the drug conjugate.
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Introduction

Hepatocellular carcinoma (HCC) derived from malignant hepatocytes is among the most common cancers in adults. World-widely, the mortal cases of HCC account for 8.2% of all types of cancer, which is second to lung cancer, colorectal cancer and gastric cancer (1). Recently, some therapeutic approaches have been explored for HCC treatment, such as liver transplantation, molecular-targeting drugs and immunotherapy. Although these treatments are effective for a portion of patients, the survival rate of HCC is still unfavorable and the majority of patients are diagnosed at late stage of the first visit, suggesting poor prognosis (2–4). For this reason, accurate and precise approaches to early diagnosis of HCC are urgently needed.

Normally, the early diagnosis of HCC depends on liver biopsy, imaging examination and serum tests, including alpha-fetoprotein (AFP) in combination with other biomarkers (5, 6). Glypican-3 (GPC-3) is one of the heparin sulfate proteoglycans with a molecular weight of 70 kDa, that has been characterized as a sensitive and specific biomarker of HCC. It has been recognized that GPC-3 can be involved in cell proliferation, adhesion and migration through Wnt/β-Catenin, Hedgehog, YAP and other signaling pathways in HCC. The GPC-3 protein expressed on the cell membrane consists of two subunits connected by two heparin sulphate side chains after furin-cleavage (7). As an oncofetal protein, GPC-3 is primarily present during embryonic period, but absent in normal adult tissues, whereas it’s usually up-regulated in malignant tissues such as HCC (over 80%) (8) and AFP-producing gastric cancer (AFP-GC) (over 90%) (9). In addition, the expression of GPC-3 protein is often absent in cholangiocarcinoma (CCA) (10). Thus, its excellent tumor specificity and cell-membrane localization make GPC-3 a promising biomarker for precise diagnosis and targeting therapy of HCC.

To obtain a high affinity and specific binder to GPC-3, the tumor-targeting peptide with the advantage of synthesis and modification is an alternative to other than traditional antibodies (11, 12). Recently, phage-displayed libraries containing numerous randomized peptides on the surface of phages are becoming more popular for screening a specific binder to the selected target. For example, iRGD, Lyp-1, TT1, PL1 and other tumor-targeting peptides are generated from the phage display technology for directing delivery of anti-tumor payloads (13–16).

In this study, we used a cyclic phage-displayed peptide library with 9 amino acids considering that the annular conformation of peptide might contribute to the affinity between binder and target (17). Through screening the phage-displayed peptide library against a recombinant human GPC-3 protein, we identified a targeting peptide F3 which recognized GPC-3 both in vitro and in vivo, showing great potential as a functional probe in HCC PET imaging and pathological examination.



Materials and Methods


Ethics

This study was performed in accordance with the Declaration of Helsinki. The work obtained ethics approval by Nanjing Drum Tower Hospital Ethics Committee. All patients included were consented to participate in the study and to use their tissue samples in research. The ethics approval statements for animal work were provided by the Institutional Animal Care and Use Committee of Nanjing Drum Tower Hospital. The procedures for animal experiments were carried out in accordance with the Guide of Care and Use of Laboratory Animals, 8th Edition (2011).



Cell Lines and Mice

The human hepatocellular carcinoma cell line HepG-2 (ATCC, Manassas, VA, USA, RRID: CVCL_0027) was cultured in DMEM medium (Thermo Scientific, Waltham, MA, USA) supplemented with 10% fetal bovine serum (Gibco, Grand Island, NY, USA) at 37°C in an atmosphere containing 5% CO2. The human prostate cancer cell line PC-3 (ATCC, Manassas, VA, USA, RRID: CVCL_0035) was cultured in DMEM/F-12 medium (Thermo Scientific, Waltham, MA, USA) supplemented with 10% fetal bovine serum (Gibco, Grand Island, NY, USA) at 37°C with 5% CO2.

In this study, all animal experiments were carried out according to the Institutional Animal Care and Use Committee (IACUC) guidelines and all studies followed the approved protocols by the IACUC at Nanjing Drum Tower Hospital. The male BALB/c nude mice (4–6 weeks old, male, 19–21 g) were purchased from Nanjing QingLongShan Laboratory Animal Technology Co., Ltd (Nanjing, China). Mice have free access to sterilized water and food, fed under a specific pathogen-free condition with controlled temperature (~25°C), humidity (50–70%) and circadian rhythm (a 12-h light/dark cycle). All essential procedures were performed to minimize discomfort and avoid waste of animals. HepG-2 and PC-3 tumor models were generated by subcutaneous injection of 7 × 106 cells into the front flank of male athymic nude mice. The length and width were measured every other day and tumor volume was calculated following the formula: volume = length × width × width × 0.5. The mice were subjected to bio-distribution studying or positron emission tomography imaging after the tumor volume reached 150 to 200 mm3.



In Vitro Phage Display

The Ph.D.-C7C phage display library was bio-panned following the manufacturer’s protocol (New England Biolabs, Ipswich, MA, USA) with moderate modification. The library displayed seven random peptides between two cysteine to form a cyclic loop and was ligated at the N-terminus of the minor coat protein (pIII) of M13 phage. Briefly, the recombinant human GPC-3 protein (Sino Biological, Beijing, China) as a target for bio-panning was immobilized on a polystyrene dish at a concentration of 100 μg/ml and shook gently at a temperature of 4°C overnight. Subsequently, the target protein immobilized on the dish was blocked by 0.5% (w/v) BSA at 37°C for 1 h. After being blocked, the dish was quickly washed with PBST containing 0.1% (v/v) Tween-20 for six times. And then, 10 μl primary phage-displayed peptide library (2 × 1013 pfu per ml) dissolved in 2 ml 0.1% PBST as input phages were incubated with GPC-3 protein for 2.5 h at room temperature. After incubation, unbound phages were washed off with 0.1% PBST for 10 times, and bound phages as output phages were eluted with 0.2M Glycine-HCl (pH = 2.2) containing 1 mg/ml BSA at 4°C for 20 min. After neutralized with 1 M Tris-HCl (pH = 9.1), 20 μl of eluted phages was collected and tittered by a blue plaque-forming assay on LB/IPTG/Xgal plates. The remaining phages were amplified and amplification was also tittered to decide the number of input phages for next round bio-panning. The enrichment rate was calculated from the output/input ratio of phages recovered after each round of bio-panning. This bio-panning procedure was performed repeatedly three more times. During four rounds of bio-panning, the concentration of Tween-20 in washing buffer was increased stepwise (0.1%–0.75%) to ensure reinforcement of affinity. Finally, foreign DNA regions of the bio-panned phages were sequenced using -96 gIII sequencing primer (5ˊ-HOCCC TCA TAG TTA GCG TAA CG-3ˊ), and corresponding sequences of phage-displayed peptides were analyzed based on a DNA map provided by manufacturer’s instruction.




Enzyme-Linked Immunosorbent Assay

The selected phages were amplified and purified for enzyme linked immunosorbent assay (ELISA). In protein ELISA, the recombinant human GPC-3 protein (10 μg/well) as the target protein was immobilized on a 96-well plate at 4°C overnight. Next day, the selected phages of eight gradients diluted titers (four fold between neighboring grades) were added into each well to incubate with GPC-3 protein at room temperature for 3 h (n = 3/titer). After washing steps, the anti-M13-horseradish peroxidase (anti-M13-HRP) (Sino Biological, Beijing, China, RRID: AB_10764206) was added and mixed with the selected phages. After the reaction between anti-M13-HRP and M13 phage at room temperature for 1 h, 100 μl 3,3ˊ,5,5ˊ-tetramethylbenzidine (TMB) (TransGen, Beijing, China, RRID: AB_2336758) was added to each well and kept in the dark for 2 min at room temperature. To stop the reaction, 100 μl of 1 M hydrochloric acid was added into each well, and then, the absorbance at 450 nm was measured by an automatic microplate reader (Tecan, Männedorf, Switzerland). In the cell ELISA, HepG-2 and PC-3 cells as targets were respectively seeded in a 96-well plate at a concentration of 2 × 105 cells/well. The subsequent procedures followed the protein ELISA described above. The affinity measurement was also performed following the ELISA procedures (15).



Fluorescent Cell Staining

To assess the binding ability of peptide, F3 cyclic peptide and C-G7-C cyclic peptide (sequence: CGGGGGGGC) were synthesized and labeled with Rhodamine B (RhoB) (ChinaPeptides, Shanghai, China). Briefly, peptides were synthesized with an automatic microwave assisted peptide synthesizer (ChinaPeptides, Shanghai, China) using standard solid-phase Fmoc/t-Bu chemistry and labeled with RhoB consequently. For cell immunofluorescence staining, HepG-2 and PC-3 cells were respectively seeded into a 12-well plate at the concentration of 1.5 × 104 cells/well. Next day, cells were fixed with 4% paraformaldehyde (PFA) for 25 min at room temperature. And then, the cells were blocked by 1% (w/v) BSA at 37°C for 1 h. To detect the expression of GPC-3 proteins, HepG-2 and PC3 cells were incubated with mouse anti-GPC-3 primary antibody (Abcam, Cambridge, MA, USA, RRID: AB_2476152) for 2 h at 37°C. After washing with PBS, HepG-2 and PC-3 cells were visualized with FITC-conjugated goat anti-mouse secondary antibody (Beyotime, Shanghai, China, RRID: AB_11187492). In a cell binding assay, HepG-2 and PC-3 cells were incubated with 10 μM RhoB-peptide at 37°C for 2 h after being fixed and blocked as described above. To further confirm the specific binding between F3 peptide and GPC-3 protein, the fixed HepG2 cells were blocked by 1% BSA containing anti-GPC3 primary antibody (Abcam, Cambridge, MA, USA, RRID: AB_2476152) for 1 h prior to RhoB-F3 incubation as a cell blocking assay. After labeling the nuclei with 4’, 6-diamidino-2-phenylindole (DAPI, Beyotime, Shanghai, China), the cells were observed with an EVOS fluorescence microscope (Thermo Scientific, Waltham, MA, USA). The semi-quantitative analysis of fluorescence presented as integrated optical density (IOD) was analyzed by Image J software (National Institutes of Health, Maryland, USA).


Bio-Distribution of F3 Peptide

Nude mice bearing HepG-2 or PC-3 tumor were established as described above. RhoB labeled F3 peptide was intravenously injected through tail vein and allowed to circulate for 1 h before scarification. After anesthesia, tumors and several major organs were harvested and prepared for sections. Subsequently, cryosections were made out of frozen tissues. After staining with DAPI for nuclei, fluorescence of sections were detected with an EVOS fluorescence microscope (Thermo Scientific, Waltham, MA, USA). The harvested tissues were also fixed in 4% PFA and sectioned for HE staining. HE images of each slice were obtained under a ZEISS microscope (ZEISS, Baden-Württemberg, Germany). The images of each slice were analyzed by Image J software (National Institutes of Health, Maryland, USA) as described above.



Construction of Radioactive Tracer Labeled With 68Ga

For labeling with radioactive 68Ga, F3 peptide modified with 1,4,7,10-tetraazacyclododecane-1,4,7,10-tetraacetic acid (DOTA) was synthesized (Genscript, Nanjing, China). The 68Ga-DOTA-F3 probe was constructed according to the synthetic scheme shown in Figure 5A. Briefly, DOTA-peptide was dissolved in 0.25 M sodium acetate buffer, and then mixed with the 68GaCl3 eluted from a 68Ge-68Ga radionuclide generator (ITG, Germany) with 0.05 M HCl. The mixture was incubated at 95°C for 10 min and cooled gradually. The 68Ga-DOTA-F3 product was purified through a C18 plus light cartridge (Waters, Sep-Pak, Milford, USA) while free 68Ga was collected and dropped into waste tube. The product attached to C18 plus cartridge was eluted with 60% ethanol. After washing with saline solution, the 68Ga-DOTA-F3 product was collected in product tube. For purity evaluation, the radioactivity of the waste tube, C18 plus cartridge and product tube was individually measured by a CRC-15R radioactivity detector (CAPINTEC, New Jersey, USA). The labeling efficiency (Radio-chemical yield, RCY) was calculated following the formula: Radio-chemical yield (%) = Product radioactivity/Input radioactivity.



Positron Emission Tomography Imaging

HepG-2 xenograft mice were established as described above. The mice were intravenously injected with 7.40 MBq of 68Ga-DOTA-F3 tracer through the tail vein. During circulation, positron emission tomography (PET) imaging was acquired at different time points (30, 60, and 120 min after circulation). In a blocking assay, 100 µg of the unlabeled F3 peptide was intravenously injected at 60 min prior to the radioactive tracer injection. All PET scans were performed on the Inveon micro-PET/CT scanner (Siemens, Berlin, Germany). All PET images were analyzed by the Inveon Research Workplace (Siemens, Berlin, Germany). Region of interest (ROI) of each image was drawn using a three dimensional (3D) volume mode. All ROIs data was automatically normalized to %ID/g by Inveon Research Workplace.



GPC-3 Detection in Human Tissue Samples

All human tissue samples applied in this study were obtained from the Department of Pathology in Nanjing Drum Tower Hospital. This study was performed in accordance with the Declaration of Helsinki. All patients included were consented to participate in the study and to use their tissue samples in research. Our procedures were approved by the Ethics Committee of Nanjing Drum Tower Hospital. To detect the expression of GPC-3 protein in human tissue samples, tumor tissues from HCC, CCA, AFP-GC patients and several normal adult organ tissues were collected and diagnosed by pathologists. To evaluate the expression of GPC-3 in different cancer, all cancer tissues were immunohistochemically (IHC) stained with anti-GPC-3 antibody (Abcam, Cambridge, MA, USA, RRID: AB_2476152) and visualized by an ABC peroxidase standard staining kit (Thermo Scientific, Waltham, MA, USA). Expression levels of GPC-3 were evaluated according to the criterion of pathology. To assess the binding capacity of RhoB-F3, fluorescence staining was performed on the above tissue samples. Rho-G7 was also applied in staining as a negative control. Tissue slices were blocked by 5% BSA at room temperature for 1 h. After washing steps, tissue slices were incubated with 100 μM RhoB-peptide at room temperature for 2 h. To remove unbound fluorescent peptide, slices were washed by 0.5% (v/v) Tween-20 in PBS for five times. After mounting with DAPI, all slices were observed with an EVOS FL Auto fluorescence microscope (Thermo Scientific, Waltham, MA, USA). The images of each slice were analyzed by Image J software (National Institutes of Health, Maryland, USA) as described above.



Statistical Analysis

All data analysis in this study was performed on Graphpad Prism 6.0 (Graphpad software, San Diego, CA). The Student’s t test was used for analysis of each paired experiment. Data were presented as mean ± SD unless indicated specifically. P < 0.05 was considered statistically significant.




Results


Identification of the GPC-3 Specifically Binding Clones

To obtain a specific and high affinity GPC-3 binding peptide, four rounds of bio-panning were performed on the immobilized recombinant human GPC-3 protein (rhGPC-3) with the Ph.D.-C7C phage display library. With the increasing concentration of Tween-20 dissolved in PBST, the phage enrichment rate was improved gradually, suggesting that the GPC-3 binding phages were enriched effectively (Figure 1A). Subsequently, the fourth round of bio-panning was performed, and its enrichment rate showed a significant reduction compared to previous enrichment rates (Table S1). It indicated that the selection pressure reached its limitation through increasing concentrations of Tween-20 in PBST and three rounds of bio-panning were sufficient for the enrichment of GPC-3 binding phages. Phage clones recovered during Round 3 were randomly selected for DNA sequencing. The foreign cyclic peptide displayed on M13 phage was deduced from the DNA sequences based on triple-code theory. Analysis of the DNA sequencing data revealed that one cyclic peptide containing 7 amino acids restricted in two cystines was present at a high frequency, 42.9% among 93 individuals (Figure 1B), indicating its potential high affinity to rhGPC-3 protein for further research.




Figure 1 | Enrichment of positive phage clones specifically binding to the recombinant human GPC-3 protein. (A) Bio-panning via a M13 phage-displayed C7C peptide library on the immobilized GPC-3 protein resulted in ~50-fold enrichment in the Round 3 of selection. (B) Highly repeated peptide sequences were obtained from the third round of bio-panned phages. 93 individual phage clones were randomly selected for sequencing after the third round of screening. The proportion of each positive peptide was shown.





Peptide Characterization

Since we acquired a potential high affinity peptide, its homologous phage clone called Clone F3 was amplified and purified. The structure of the F3 peptide displayed as nine amino acids on the phage clone F3 was a cyclic peptide which contained 7 amino acids between two cystines forming a typical structure of a disulfide bond. To verify the binding affinity and specificity between the F3 peptide and GPC-3, the insertless (Int) M13 phage clone without displaying any foreign peptides were amplified and served as a control. Firstly, the expression of GPC-3 in HepG-2 and PC-3 cells was confirmed by immunofluorescence, and as shown in Figures 2A and B, higher expression of the GPC-3 protein was observed in HepG-2 cells while little GPC-3 protein in PC-3 cells was detected. Then, the HepG-2 and PC-3 cells were individually immobilized in the panel for the cell ELISA. As shown in Figure 2D, the phage clone F3 was able to bind HepG-2 cells instead of PC-3 cells in the ELISA test. Next, we performed another ELISA test between phage clones and the rhGPC-3 protein. With the lifting levels of the phage titer, Clone F3 was capable of strongly binding to the immobilized rhGPC-3 protein as present in Figure 2C. Meanwhile, Clone Int could barely bind to the same target protein. The binding affinity of F3 was 5.02 × 10−5 M (KD = 5.02 × 10-5 M) obtained in the ELISA test against the rhGPC-3 protein. Above all, Clone F3 showed great affinity to GPC-3 due to its corresponding phage-displayed cyclic peptide.




Figure 2 | ELISA  tests of phage clone F3 binding to GPC-3. (A) Immunofluorescence staining of GPC-3 expressed in the HepG-2 and PC-3 cell lines. Strong fluorescence was observed in HepG-2 cells, while barely signals were detected in PC3 cells as visualized by the anit-GPC-3 primary antibody and FITC-conjugated secondary antibody (green). Nuclei were stained with DAPI (blue). Scale bars: 200 µm. (B) Fluorescence signal of FITC in the PC-3 and HepG-2 cells was analyzed by the Image J software (n = 5 per group, p = 0.0002, ***p < 0.001, two-tailed Student’s t-test). (C) The ELISA test performed between phage clones and the recombinant human GPC-3 protein. The F3 phage showed high affinity to the GPC-3 protein. No concentration dependent binding between the insertless phage and the GPC3 protein was observed (n = 4 per group, p = 0.0255, *p < 0.05, two-tailed Student’s t-test). (D) The ELISA test performed between the F3 phage and cell lines. Stronger binding of the F3 phage was found in HepG-2 panels instead of PC-3 panels (n = 4 per group, p = 0.0001, ***p < 0.001, two-tailed Student’s t-test). All data represent the means ± standard error. P-value was calculated by two-tailed Student’s t-test.





Validation of F3 Peptide Binding to Cell Lines In Vitro

To confirm the binding capability of the F3 peptide to hepatoma cells, we synthesized F3 and C-G7-C peptide labeled with Rhodamine B (RhoB-F3 and RhoB-G7) for cell fluorescence staining. HepG-2 and PC-3 cells were incubated with RhoB-labeled peptides respectively at 37°C for 2 h. After washing off unbound peptides, the fluorescent signal of RhoB-labeled peptides binding to cells was detected and analyzed. As shown in Figure 3A, strong fluorescence was observed in HepG-2 cells incubated with RhoB-F3 while little fluorescence could be detected in PC-3 cells after incubation, indicating that the binding of F3 peptide to HepG-2 may depend on GPC-3 expression. The fluorescence intensity of RhoB-F3 attached to HepG-2 and PC-3 cells was significantly different as shown in Figure 3C. To further confirm the specificity of F3 peptide binding to GPC-3, a cell blocking assay was performed. The HepG-2 cells were previously incubated with an anti-GPC-3 primary antibody to block potential binding sites in the GPC-3 protein. After that, the RhoB-F3 peptides were added into the panel to compete with the primary antibody. The images of fluorescence detection in Figure 3B showed that the binding activity between RhoB-F3 peptides and HepG-2 cells could be effectively blocked by pre-incubation with the GPC-3 antibody (Figure 3D), suggesting that the specific binding target of F3 peptide is GPC-3.




Figure 3 | RhoB-F3 peptide targeting of GPC-3 (+) cell lines in vitro. (A) Fluorescent cell staining in the HepG-2 and PC-3 cell lines using the RhoB-conjugated F3 peptide. Specific binding of RhoB-F3 to HepG-2 cells could be observed as red fluorescence. Nuclei were stained with DAPI (blue). Scale bars: 200 µm. (B) The RhoB-F3 binding to HepG-2 cells could be blocked by the pre-incubated anti-GPC-3 primary antibody compared to the control group without being blocked. Nuclei were stained with DAPI (blue). Scale bars: 200 µm. (C) Quantification of RhoB fluorescence using the Image J in cell binding assay. F3 and G7 showed similar fluorescence intensity in PC-3 cells (n = 5, p = 0.0767, ns, not statistically significant, two-tailed Student’s t-test). The RhoB-F3 binding to the HepG-2 cells was much stronger than RhoB-G7 (n = 5 per group, p = 0.0001, ***p < 0.001, two-tailed Student’s t-test). (D) Quantification of RhoB fluorescence using Image J in the cell blocking assay. The binding activity between RhoB-F3 and HepG-2 cells could be effectively reduced by unlabeled F3 peptide (n = 5 per group, p = 0.0008, ***p < 0.001, two-tailed Student’s t-test). All data represent the means ± standard error. P-value was calculated by two-tailed Student’s t-test.





F3 Peptide Targeting to Hepatocellular Carcinoma In Vivo

To investigate the bio-distribution of F3 peptide, xenograft mouse models were established with the HepG-2 or PC-3 cells. After injection of RhoB-labeled F3 or G7 peptides through tail veins for 1 h, the tumor-bearing mice were sacrificed and major organs along with tumors were collected to study the distribution of the peptides in vivo. After the cryosections being made, a robust microscopic signal of RhoB-F3 was detected in HepG-2 tumors (Figure 4A), while minor fluorescent signal could be observed in other major organs, including the brain, lung, heart, digestive tracts, kidneys and bladder (Figure S1). Contrast to the strong fluorescent signal in HepG-2 tumors, significantly weaker signals of RhoB-F3 in the PC-3 tumors could be detected in tumor cryosections (Figure 4B). Meanwhile, as a control group, the RhoB-G7 peptide demonstrated almost no binding to the HepG-2 tumors (Figure 4A). In addition, the bio-safety of F3 peptide was preliminarily assessed as poisonless according to HE staining of major organs (Figure S2). Taken together, these results demonstrated that F3 peptide showed targeting accumulation in GPC-3 positive tumor tissues in vivo.




Figure 4 | In vivo tumor targeting of RhoB-F3 peptide. (A) Fluorescent staining for subcutaneous tumor cryosections after 1 h intravenous injection of RhoB labeling peptides (red). Accumulation of RhoB-F3 (red) in HepG-2 tumors was much stronger than that in PC-3 tumors. Nuclei were stained with DAPI (blue). Scale bars: 200 µm. (B) Analysis of RhoB fluorescence intensity using Image J software. Accumulation of RhoB-F3 in PC-3 tumors and RhoB-G7 in HepG-2 tumors relative to RhoB-F3 in HepG-2 tumors (n = 5 per group, HepG-2+F3 to PC-3+F3, p = 0.0018, **p < 0.01, two-tailed Student’s t-test) (n = 5 per group, HepG2+F3 to HepG-2+G7, p = 0.0011, **p < 0.01, two-tailed Student’s t-test). All data represent the means ± standard error. P-value was calculated by two-tailed Student’s t-test.





Micro-PET/CT Imaging With 68Ga-DOTA-F3 in HCC Mouse Models

To construct the 68Ga-DOTA-F3 as a radiotracer, the DOTA-F3 peptide was synthesized and labeled with radioactive 68Ga according to the structure shown in Figure 5A. The radioactivity of 68Ga-labeled peptide was steady at a concentration of 25.90 MBq/mg, and the labeling efficiency (RCY%) for 68Ga-DOTA-F3 was around 80% (Table S2) without the need for further HPLC (High Performance Liquid Chromatography) purification. Mice bearing HepG-2 tumors were intravenously injected with 7.40 MBq of 68Ga-DOTA-F3 via the tail vein. The Micro-PET/CT was performed after circulation of 68Ga-DOTA-F3 for 30 min, 60 min and 120min respectively. As the PET/CT images shown in Figure 5C, 68Ga-DOTA-F3 could accumulate in HepG-2 subcutaneous tumors with strong expression of GPC-3 during circulation. The highest uptake of tumors and the lowest uptake of background at the same time were observed at 60 min post injection, suggesting that it might be a appropriate timing for tumor imaging and diagnosis. Meanwhile, metabolic accumulation in the kidneys and the bladder indicated the major clearance of the radiotracer relying on the urinary system. After circulation for 60 min, radioactivity of accumulation in the tumor and major organs was quantified and analyzed by measuring the ROIs which encompassed the entire organ on coronal images of the control group. The HepG-2 tumor uptake of 68Ga-DOTA-F3 was calculated to be 4.50 ± 1.20%ID/g while the kidney uptake value was 5.90 ± 1.70%ID/g and the background level was considered to be 0.27 ± 0.14%ID/g (Figure 5B). To block the binding activity of radio-labeled F3 peptide to HepG-2 tumors, unlabeled F3 peptide was intravenously pre-injected allowing circulation for 60min before applying 68Ga-DOTA-F3. Consequently, a dramatic reduction of PET signal could be observed in the HepG-2 subcutaneous tumor (1.36 ± 0.35%ID/g) during circulation in the blocking assay (Figures 5B, C), suggesting that the specific uptake of the HepG-2 tumor was dependent on F3 peptide.




Figure 5 | Micro-PET/CT imaging of 68Ga-DOTA-F3 targeting HepG-2 tumor in vivo. (A) Chemical structure of 68Ga-DOTA-F3. F3 peptide containing 7 amino acids (represent as X) restricted in two cystine was modified with DOTA at the N-terminus. (B) Quantification of ROIs in HepG-2 xenografted mice after injection for 60 min presented as %ID/g. The uptake of 68Ga-DOTA-F3 could be sufficiently blocked by pre-injection of DOTA-F3 without radiation (n= 3 per group, p = 0.0121 in tumors of two groups, *p < 0.05, two-tailed Student’s t-test) (n= 3 per group, p = 0.4708 in kidneys of two groups, ns, not statistically significant, two-tailed Student’s t-test). All data represent the means ± standard error. P-value was calculated by two-tailed Student’s t-test. (C) The whole-body coronal micro-PET/CT images of HepG-2 tumor bearing mice at 30, 60 and 120 min pi. Metabolism of radiotracer by urinary system could be apparently observed at 120 min pi. Tumors are indicated by arrows.





Detection of GPC-3 With F3 Peptide Ex Vivo

To investigate the potential clinical application of the F3 peptide, we performed a fluorescence staining assay in various human tissue samples. Tumor tissues from HCC patients, CCA patients and AFP-GC patients were noted as HCC-PT, CCA-PT and AFP-GC-PT respectively, besides, the normal adult liver tissue was also named as NM-AT. First of all, the expression of GPC-3 protein was evaluated by IHC assays. As shown in Figure 6A, the GPC-3 protein was highly expressed in HCC-PT and AFP-GC-PT, but absent in CCA-PT and NM-AT. Next, the RhoB-F3 peptide was applied in fluorescence staining of cryosections. As demonstrated in Figures 6B, C, significant fluorescent signals of RhoB-F3 peptide were detected in the HCC-PT and APF-GC-PT, but absent in either CCA-PT or NM-AT. These results were consistent with corresponding levels of the GPC-3 protein expressed in various tissue samples, indicating a promising future of F3 peptide in clinical application. To further confirm the selective binding of Rho-F3 peptide, the RhoB-G7 peptide was also applied in fluorescence staining assays, which showed weak fluorescent signals close to background signals (Figure 6B). Based on the specificity and high affinity to GPC-3, the F3 peptide exhibits promising value in clinical application. To ensure the bio-safety of clinical application in the future, the selective binding to human normal organs, including the brain, heart, lung, digestive tract, spleen, bladder and artery, should be seriously considered in preclinical assessment. So we investigated the selective binding ability between the RhoB-P3 peptide and human normal tissues. As shown in Figure S3, no detectable signals of the RhoB-F3 could be observed in normal tissues, suggesting its weak affinity to human normal organs. In conclusion, the F3 peptide could bind to GPC-3 in human cancer tissues specifically and showed great potential for further translational research.




Figure 6 | Detection of GPC-3 in clinical samples ex vivo with RhoB-F3 peptide. (A) Immunohistochemical staining of GPC-3 in human tissues with anti-GPC-3 antibody. Expression levels of GPC-3 were evaluated as (–), (++), and (+++). Scale bars: 200 µm. (B) Fluorescent staining with RhoB labeling peptides (red) in sections. Strong binding of RhoB-F3 to AFP-GC-PT (++) and HCC-PT (+++) was noticed. Nuclei were stained with DAPI (blue). Scale bars: 200 µm. (C) Quantification of RhoB fluorescence using Image J. F3 peptide showed great affinity to AFP-GC-PT and HCC-PT relative to G7 peptide (n = 5 per group, F3 to G7 in HCC-PT (+++), p =0.0002, ***p < 0.001, two-tailed Student’s t-test) (n = 5 per group, F3 to G7 in AFP-GC-PT, p =0.0001, ***p < 0.001, two-tailed Student’s t-test). All data represent the means ± standard error. P-value was calculated by two-tailed Student’s t-test.






Discussion

HCC, a common malignancy in the digestive system, presents a rapid increase in incidence and mortality, which is often diagnosed at an advanced stage associated with poor prognosis (18). A variety of therapeutic strategies, including radiotherapy, chemotherapy and surgery, are working to improve the treatment of HCC patients. Although the revolution of immunotherapy has come and partial patients have benefited from the immune checkpoint blockades, five-year survival rate of HCC is unfavorable, suggesting that there are still great challenges in HCC diagnosis and treatment (19, 20). Recent studies focusing on targeting GPC-3 in HCC showed inspiring results in precise imaging and targeting therapy, eliciting great attention to biological agents aimed at GPC-3 (21–23). Phage display system, a powerful platform for obtaining high affinity peptides to a target, has been explored in recent decades for clinical application in precise diagnosis and treatment of various diseases (24, 25). Hence, the investigation of functional peptides generated from the phage display platform has attracted concerns from researchers.

In this study, we identified a specific phage clone binding to GPC-3 and found that the F3 peptide exhibited high affinity and specificity to the GPC-3 protein. F3 peptide could successfully distinguish GPC-3 in different cell lines and human tumor samples. More importantly, the F3 peptide labeled with radioactive 68Ga could successfully detect GPC-3-positive HCC tumors in vivo and the PET imaging analysis revealed a high uptake of tumor compared to the minor background accumulation (4.50 ± 1.20 to 0.27 ± 0.14% ID/g). These results indicated that this tumor-targeting peptide might contribute to precise imaging and targeting therapy in HCC patients, such as peptide-drugs conjugation, targeting-nanoparticles and other application.

In the past decades, several monoclonal and bispecific antibodies against GPC-3 have been developed for HCC imaging and therapy (26, 27). One preclinical study has been carried out by Waaijer SJ using a 89Zr-labeled bispecific antibody against CD3 and GPC-3, and a PET imaging was performed after 24 h for circulation of the radiotracer (28). Due to the massive molecular weight of the antibody, the detection of GPC-3 in HCC had to be delayed for an extended circulation time of the tracer for its background clearance. Such antibody-based imaging strategies may have several intrinsic drawbacks to overcome, including prolonged half-life time and metabolic accumulation in the liver. Additionally, the antibody-based imaging cost extra days to ensure sufficient clearance of background radioactivity for precise tumor imaging. As a result, patients preparing for imaging may suffer from time consuming and inconvenience, thus making poor compliance of patients. In contrast, our peptide-based PET imaging showed quick background clearance within 2 h depending on the metabolism of the urinary system, and could target the GPC-3 protein in HCC tumors. When it comes to targeting peptide applied in PET imaging, another peptide named TJ12P2 targeting GPC-3 has been successfully developed and applied in the Micro-PET/CT (29). Although the TJ12P2 peptide could greatly accumulate in GPC-3 positive tumor tissues, there was still some moderate diffusion of residue probes in the abdominal cavity which might be considered as background signals. Compared with the TJ12P2 peptide, our F3 peptide seemed to prefer accumulation more in tumors and showed less diffusion in other cavities. More importantly, we did a bio-safety assessment in normal adult tissues and the binding of the F3 peptide could be barely observed indicating its potential clinical safety. Besides, biological macromolecules like antibodies usually fail to diffuse freely in solid tumors, resulting in incomplete penetration (30, 31). Hence, inspired by tumor-penetrating peptide (32, 33), cyclic tumor-targeting peptide should be considered to provide high affinity accompanied by the penetration ability due to its low molecular weight and annular conformation. The penetration ability of the F3 peptide will be explored in 3D tumor spheroids and further modification of the peptide will be our focus.

In our study, the F3 peptide showed great affinity to GPC-3 positive tumor cells in vitro, ex vivo and in vivo. Meanwhile, highly selective binding to tumor tissues enabled the F3 peptide promising clinical application, reducing off-target side effects in normal organs. In conclusion, we identified a tumor-targeting peptide specific for GPC-3 with high affinity and specificity. The F3 peptide targeting GPC-3 could distinguish GPC-3 positive tumors in different cancer types. The 68Ga-labeled PET imaging tracer targeting GPC-3, 68Ga-DOTA-F3, might hold promise for peptide-based PET imaging in patients with HCC.
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Objectives

A novel ultrasound contrast agent (UCA) VEGFR2-targeting iron-doped silica (SiO2) hollow nanoparticles (VEGFR2-PEG-HSNs-Fe NPs) was prepared and applied in microwave ablation for breast cancer to investigate its value in the evaluation of effectiveness after tumor ablation.



Methods

VEGFR2-PEG-HSNs-Fe NPs were prepared by using nano-SiO2, which was regarded as a substrate and etched by ferrous acetate, and then modified with anti-VEGFR2 antibody. Laser confocal microscope and flow cytometry were used to observe its main physicochemical properties, and biological safety was also investigated. After the xenograft tumor was treated with microwave ablation, the extent of perfusion defect was evaluated by ultrasound by injecting VEGFR2-PEG-HSNs-Fe NPs.



Results

The average particle size of VEGFR2-PEG-HSNs-Fe was 276.64 ± 30.31 nm, and the surface potential was −13.46 ± 2.83 mV. In vitro, the intensity of ultrasound signal increased with UCA concentration. Good biosafety was performed in in vivo and in vitro experiments. The enhanced ultrasound signal was detected in tumors after injection of VEGFR2-PEG-HSNs-Fe NPs, covering the whole tumor. The lesions, which were incompletely ablated, presented as contrast agent perfusion at the periphery of the tumor, and contrast enhanced ultrasound (CEUS) was performed again after complementary ablation. It was confirmed that all the lesions were completely ablated.



Conclusion

Nano-targeted UCAs VEGFR2-PEG-HSNs-Fe NPs had good biosafety and ability of specific imaging, which might be used as a contrast agent in CEUS to evaluate the efficacy of tumor ablation.





Keywords: vascular endothelial growth factor receptor 2 targeted, breast cancer, contrast enhanced ultrasound, ultrasound contrast agent, microwave ablation



Introduction

Minimally invasive thermal ablation technology for tumor has attracted more and more attention due to its unique advantages and good curative effect (1–3). Microwave ablation (MWA) is a relatively new technology, which has been proven to be a safe and effective minimally invasive treatment for tumor. At present, MWA has been widely used in the treatment of benign and malignant tumors of various organs, such as thyroid, liver, kidney, and lung. The clinical data showed that good clinical effects were obtained (4–7). However, some literature showed that non-lethal thermal stimulation could promote the proliferation and invasion of tumor cells (8, 9). This also meant that incomplete ablation of cancer tissue may promote tumor progression. Therefore, in order to ensure that residual tumor can be detected in time after ablation, postoperative imaging was necessary to evaluate whether the ablation was complete or not (10, 11). However, the local hyperechoic area was formed immediately after ablation due to the vaporization of tumor tissue. The high echo was not conducive to the conventional ultrasound observation of the ablation effect and the determined the ablation range, so it was difficult to accurately measure the ablation area with unclear edge. Thus, the value of conventional ultrasound in evaluating the ablation range immediately after ablation was limited (12, 13).

Contrast enhanced ultrasound (CEUS) was a real-time dynamic imaging technology. The non-linear harmonic echo could be generated by the injection of ultrasound contrast agents (UCAs), which could better evaluate the microcirculation perfusion of tumor tissue. It had been widely used in the evaluation of range after ablation of various tumors (14–16). However, at present, the conventional UCAs were mainly micron scale, which lacked the ability of targeting and could not display the ablation range continuously and accurately. Moreover, due to the rapid regression time, the residual lesions could not be displayed continuously, and multiple injections may be required. Thus, the application of conventional UCAs in ablation was limited.

Targeted UCAs could specifically concentrate on the target area and enhance the imaging effect of lesion (17, 18). At the same time, due to removal of the limitation of micron scale, nano UCAs had stronger penetration and could realize extravascular development (19). Vascular endothelial growth factor receptor 2 (VEGFR2) was highly expressed on the surface of tumor neovascular endothelial cells. Through the specific binding of UCAs targeting VEGFR2 with VEGFR2 site, it could bind to vascular endothelial cells and enhance ultrasonic echo signal, which could specifically display tumor vessels. Moreover, the nano UCAs could reach the outside of the blood vessel through the endothelial space. Due to lack of mature capillary network and poor lymphatic reflux, the metabolic capacity decreased in new tumor tissue. Nanoparticles can accumulate in the interstitial space (20) for a long time, which could enhance the display of tumor tissue. Based on these, we proposed an assumption that nano-targeted UCAs might have important clinical significance for guiding ablation therapy and evaluating ablation efficacy.

Therefore, the purpose of this paper was to prepare a new targeted nano UCA VEGFR2-PEG-HSNs-Fe NP to study its physicochemical properties and evaluate the feasibility of its application in vivo. 4T1 breast tumor-bearing mice models were established to simulate the microenvironment of VEGFR2 positive new tumor tissue. After microwave ablation, the prepared targeted contrast agent was used to evaluate the curative effect and judge whether the tumor was completely ablated. On one hand, we could explore the imaging effect of the new VEGFR2 targeted nano UCAs in mice models. On the other hand, we could judge its value in evaluating the curative effect of tumor ablation.



Material And Method


Material

Silane-polyethylene glycol (PEG)-COOH (molecular weight 2,000) was obtained from Ponsure Biological (Shanghai, China). Iron(II) acetate was provided by Titan Technology (Shanghai, China). Hydroxylamine hydrochloride, 1-ethyl-(3-dimethylaminopropyl) carbodiimide (EDC) hydrochloride, and N-hydroxysuccinimide (NHS) were purchased from Aladdin Chemistry (Shanghai, China). Anti-VEGFR2/KDR antibody and P-phycoerythrin (PE)-conjugated rabbit antimouse VEGFR2 monoclonal antibody were obtained from Sino Biological (Beijing, China).



Preparation of VEGFR2-PEG-Fe-HSNs

SiO2 NPs were prepared by a previously reported (21) modified Stöber method. The mixture of 1.5 ml deionized water, 50 ml ethanol, and 2.5 ml ammonia was heated to 55°C. Tetraethyl orthosilicate, 2 ml, was dripped into the mixture at 8 ml/h and stirred for 4 h. Then, SiO2 NPs were obtained after centrifugation (10,000 rpm, 5 min). HSNs-Fe NPs were synthesized by hydrothermal method (22, 23). Briefly, 30 mg SiO2 NPs and 200 mg iron(II) acetate were added in 18 ml deionized water. The mixture was transferred to an oven at 180°C for 24 h. After cooling, HSNs-Fe NPs were collected by centrifugation (9,000 rpm, 5 min).

In order to get VEGFR2-PEG-HSNs-Fe NPs, we first modified the surface of HSNs-Fe NPs with silane-PEG-COOH. Silane-PEG-COOH, 30 mg, and 10 mg HSNs-Fe were suspended in 20 ml mixture of ammonia and ethanol (v:v 1:1). After shake incubation for 24 h at room temperature, PEG-HSNs-Fe NPs were obtained by centrifugation (8,000 rpm, 4 min). Secondly, anti-VEGFR2 antibodies were attached to PEG-HSNs-Fe NPs by carbodiimide method. An 8 mg EDC, 12 mg NHS, and 30 mg PEG-HSNs-Fe were dissolved in 20 ml PBS and stirred for 4 h to activate -COOH. Centrifugation (10,000 rpm, 5 min) was repeated three times in order to remove the excess unreacted material. Subsequently, 20 µl anti-VEGFR2 antibody was added into 20 ml PBS solution mixture (1 mg/ml) and incubated for 12 h. Finally, VEGFR2-PEG-HSNs-Fe NPs were prepared by centrifugation (10,000 rpm, 5 min) for four times.



Characterization of NPs

Morphology and structure of HSNs-Fe NPs were observed by transmission electron microscopy (TEM; JEM-2100F; Jeol, Tokyo, Japan). Size distribution of HSNs-Fe NPs was tested by dynamic laser scattering (DLS; ZS3690; Malvern Instruments, Malvern, UK). Confocal laser-scanning microscopy (CLSM; TCS SP5 II; Leica, Wetzlar, Germany) was used to observe the antibody modification and targeting ability to cells of VEGFR2-PEG-HSNs-Fe NPs. US imaging ability of VEGFR2-PEG-HSNs-Fe NPs was investigated by ultrasound machine (MyLab 90; Esaote, Genoa, Italy), and the appropriate imaging concentration was selected for the in vivo experiments.



Cell Targeting Ability of VEGFR2-PEG-HSNs-Fe NPs


Western Blot Detected VEGFR2 Protein Expression

RIPA was added into human umbilical vein endothelial cells (HUVECs) and 4T1 cells for 3 to 5 min. The cells were dissolved by repeated blowing in ice bath for 30 min and centrifugation (12,000 rpm, 10 min) for three times. SDS loading buffer was added and boiled at 100°C for 10 min. A 10% separation gel and 5% concentrated gel were prepared for the samples, and 12 μl protein was added into each sample hole. Electrophoresis was carried out in 80 V constant pressure mode, followed by membrane transfer in 120 V for 120 min. After blocking, VEGFR2 antibody (ACTIN as internal reference) was diluted at the concentration of 1:1,000 and incubated at 4°C overnight. Images were developed by electrochemiluminescence (ECL) and analyzed after being incubated with the second antibody for 2 h.



Cells Targeting Ability

The specific targeting ability in vitro was tested by HUVEC and 4T1 cells in two ways: qualitative observation by CLSM and quantitative detection by flow cytometer (FCM; Beckman Coulter, Brea, CA, USA). Four groups were designed: simple cells, targeted competition, non-targeted, and targeted groups. In the targeted competition group, 100 μl (PE) VEGFR2-PEG-HSNs-Fe was added to the pretreated cells, which were incubated with VEGFR2 antibody for 30 min. Targeted and non-targeted groups were added 100 μl (PE) VEGFR2-PEG-HSNs-Fe and PEG-HSNs-Fe, respectively. After incubation for half an hour, cells were used in the next two experiments: (1) cells were treated with 1 ml 4% paraformaldehyde for 20 min, followed by 200 μl DAPI staining for 5 min. Images were collected by CLSM after washing three times with PBS. (2) Cells were digested with trypsin and centrifuged (1,500 rpm, 5 min) three times. Cell suspension was obtained after re-suspended with 2 ml PBS and sent to FCM to quantify the fluorescence intensity of the cells.




Biosafety of VEGFR2-PEG-HSNs-Fe NPs


Apoptosis

In this part, three repeated holes were designed in each group. Different concentrations (50, 100, 200 μg/ml) of VEGFR2-PEG-HSNs-Fe NPs 100 μl and PBS 100 μl were added to the corresponding cells and cultured for 24 h. After centrifugation (1,500 rpm, 5 min), 5 × 105 cells were collected and re-suspended with 100 μl binding buffer, 5 μl PI standing solution, and 5 μl annexin V-FITC were added and incubated at room temperature for 10 min. Following addition of 400 μl binding buffer, all cells were sent to FCM for detection.



Blood Indexes

All animal experiments were carried out under the guidelines formulated by China Animal Health Committee and approved by the ethics committee and Animal Care Committee of Ruijin Hospital, School of medicine, Shanghai Jiaotong University. All animals were provided by vital River Laboratory Animal Technology Company (Beijing, China).

According to the injection dose of VEGFR2-PEG-HSNs-Fe NPs, healthy mice were divided into four groups: 10 mg/kg, 20 mg/kg, 30 mg/kg, and PBS. Peripheral blood was collected through the orbit at 24 h after injection and centrifuged (1,000 rpm, 10 min) to obtain the supernatant (50 μl/tube) for testing.



Establishment of Mouse Model

4T1 cells were cultured in a mixture of DMEM medium (90%), fetal bovine serum (9%), and penicillin/streptomycin (1%). After digestion and centrifugation, a cell suspension with a concentration of 1 × 108/ml was prepared. Subsequently, the suspension was mixed with an equal volume of Matrigel under ice-water bath. Subcutaneously, 200 μl of the mixture was subcutaneously injected into the back near the right forelimb of the female BALB/C nude mice at 4–6 weeks. After that, the tumor was observed every other day. Mice bearing 4T1 breast tumor were used for in vivo imaging and ablation efficacy evaluation experiments until the tumor volume reached 150–200 mm3.



Pathological Examination of Breast Tumor

Briefly, all tumor tissues were dehydrated and soaked in xylene I, II, and paraffin, followed by cutting and deparaffinization with xylene. Then, tumor tissues were fixed, dehydrated, embedded, and sectioned. Then, the sections were dyed with hematoxylin for 30 min, faded in 1% ethanol, and washed with distilled water for 30 s in sequence. After immersing in saturated lithium carbonate solution for 2 min, the tissue sections were re-stained with 0.5% eosin ethanol for 1–3 min, followed by rinsing again. Subsequently, the sections were dehydrated in 80, 90, 95, and 100% ethanol for 5 min, and then were transferred into xylene I and xylene II for 15 min respectively. Finally, the samples were sealed with neutral resin before being observed under the microscope.

The expression of VEGFR2 protein was detected by immunohistochemistry and double staining. After dewaxing and dehydration, the tissue sections were put into EDTA antibody repair solution. Anti-VEGFR2 antibody was diluted with 1:100 and incubated with sections at 4°C for one night. Soon afterwards the second antibody diluted by 1:300 was added and cultured for another night. Then, the slices were incubated with PE labeled anti-CD31 antibody at a dilution of 1:50 for 1 h at room temperature. After 10 min of DAPI staining, the sections were washed and the images were collected by fluorescence microscope.



Immunology Assay

Tumor-bearing nude mice (4 weeks, 50% female, 50% male, n = 3 each) were used in this part. VEGFR2-PEG-HSNs-Fe NPs were injected via tail vein at dose of 30 mg/kg in the experimental groups, while the control group was uninjected. According to the time points (0.5, 1, 12, 24 h) after injection, blood was collected. Detection and quantification of immune factors were completed by Shanghai Huaying Biological Co., Ltd. Microsoft Excel software was used to draw the heat map to display the difference of factors.




US Imaging In Vivo

In in vivo imaging experiments, the commonly used ultrasound instrument MyLab 90 with LA 522 linear probe was selected. B mode and CEUS dual imaging mode were used to observe in real-time, and images were collected. CEUS mode parameters were set as follows: probe frequency = 7.5–10 MHz, MI = 0.10, depth = 37 mm, gain = 44%, power = 9%. All laboratory animals were pre-anesthetized by intraperitoneal injection of 5% chloral hydrate (0.1 ml/10 g) before the experiment.


Specific US Imaging

The specific imaging experiments were divided into four groups: targeted, competition, non-targeted, and SonoVue control group. Mice in the corresponding groups were injected with VEGFR2-PEG-HSNs-Fe, anti-VEGFR2 antibody, and VEGFR2-PEG-HSNs-Fe, PEG-HSNs-Fe and SonoVue. The competition group was pre-injected with 20 μl of VEGFR2 antibody solution diluted to 200 μl with PBS, followed by VEGFR2-PEG-HSNs-Fe injection. Each experimental mouse was injected with 200 μl of the corresponding UCAs via tail vein. The injection concentration of SonoVue was 1 mg/ml and that of the rest three groups was 20 mg/ml.

The nude mice bearing tumors were completely anesthetized and fixed on a constant temperature heating plate, and the transplanted tumors were fully exposed. After applying excessive coupling agent, the tumor was scanned in the transverse and longitudinal sections, and the largest section was selected for imaging. Images of the tumor area at 1, 10, and 30 min after the contrast injection were collected. The intensity of ultrasound signal in CEUS mode was quantified by Image J (1.48v).



Evaluation Ablation of CEUS

Tumor size was evaluated in the transverse and longitudinal section. The largest section of the tumor was selected as the plane of ablation path. Length (a), width (b) and height (c) of the tumor maximum section were recorded, and the tumor volume was calculated according to the following formula, (V) : V = a × b × c × 0.52.

The water-cooled microwave antenna was connected with MTC-3 system (Vison-China Medical Devices R&D Center, China) and cold circulation device. Under real-time ultrasound guidance, a 19G microwave antenna was inserted into the tumor. When the tip of the antenna exceeded 1 mm of the tumor, cold circulation and fixed ablation started at the power output of 35 W. Ablation time was adjusted according to the tumor size. Tumor tissue would be vaporized by the energy of ablation. When the hyperechoic area just covered the tumor, ablation was stopped. After the gas subsided, UCAs were injected via the tail vein to evaluate the perfusion of the ablation area. If any perfusion of UCAs was observed, we adjusted the position of microwave antenna to re-ablate until no perfusion was observed in the ablation area. Then, operation time was recorded. The area of perfusion defect was measured, and the volume was calculated.




Statistical Analysis

Quantitative data were expressed as mean ± SD. Analysis of variance (ANOVA) was used to determine the significance of differences in multiple groups using SPSS software version 13.0 (SPSS Inc; Chicago, IL, USA). P <0.05 was considered statistically significant.




Result And Discussion


Characterization of NPs

Referring to the method in the previous literature (22, 23), HSNs-Fe NPs were synthesized by hydrothermal method. HSNs-Fe NPs aqueous solution was black with good dispersion. TEM results (Figure 1A) showed that HSNs-Fe NPs were hollow spheres with rough surface and uniform particle size. The average size was 245.68 ± 23.58 nm (Figure 1B), and the surface potential was −32.21 ± 3.72 MV. Taken silane-PEG-COOH as the bridge, anti-VEGFR2 antibody was conjunct to HSNs-Fe NPs to prepare VEGFR2-PEG-HSNs-Fe NPs. Their mean size was 276.64 ± 30.31 nm, and surface potential was −13.46 ± 2.83 MV. Size and surface potential change of VEGFR2-PEG-HSNs-Fe NPs might result from the coupling of various media including silane-PEG-COOH, anti-VEGFR2 antibody, and NPs.




Figure 1 | Characteristic of NPs. (A, B) TEM and diameter distribution image of Fe-HSNs. (C) LSCM images of VEGFR2-PEG-HSNs-Fe. VEGFR2-PEG-HSNs-Fe modified with luciferin PE by laser excitation showed red fluorescence.



In order to further evaluate the modification of antibody, we prepared VEGFR2-PEG-HSNs-Fe with fluorescein PE labeled anti-VEGFR2 antibody and observed NPs directly by LSCM. PE showed red fluorescence under laser excitation of LSCM. The LSCM images (Figure 1C) showed that VEGFR2-PEG-HSNs NPs were not only evenly distributed in the field of vision, but also showed a clear hollow spherical structure. A large number of red fluorescence could be observed, and most of the fluorescence positions overlapped with NPs. These results suggested the successful preparation of VEGFR2-PEG-HSNs NPs and good antibody modification effect.

The purpose of preparing nano targeted UCAs in this study was that it could not only specifically bind to VEGFR2 protein of tumor neovascular endothelial cells, but also pass through the vascular endothelial space into the tumor tissue. As the results showed above, VEGFR2-PEG-HSNs-Fe NPs with an average diameter of 200 nm could achieve increased penetration and retention (24–26). As previously reported, NPs could pass through 380–700 nm vascular endothelial cell space (27) and continuously accumulate in tumor tissue. Therefore, the retention time can be extended so as to achieve ultrasound imaging (19).

Generally speaking, the smaller the size of UCAs, the weaker was the echo. Although the literature had confirmed the development capability of many nano targeted CAs, whether the VEGFR2-PEG-HSNs-Fe NPs could also show satisfactory imaging effect still needed to be confirmed. In vitro ultrasound images (Figure 2A) with VEGFR2-PEG-HSNs-Fe NP solution showed hyperechoic spot in B and CEUS modes, while PBS solution in control group showed no echo. Even at low concentration of 0.5 mg/L, VEGFR2-PEG-HSNs-Fe NPs still had a significant hyperechoic signal. Further, the ultrasonic signal strength increases with the increase in VEGFR2-PEG-HSNS-Fe-NPs concentration (Figure 2B). These results indicated that VEGFR2-PEG-HSNs-Fe NPs had good ultrasonic imaging ability. This also provided powerful conditions for the experiments in vivo.




Figure 2 | (A) US images of VEGFR2-PEG-HSNs-Fe with different concentrations; (B) signal intensity of VEGFR2-PEG-HSNs-Fe with different concentrations in CEUS mode.





Targeting Capability In Vitro

The expression of VEGFR2 protein in HUVEC and 4T1 cells was detected by Western blot. The results showed that the content of VEGFR2 protein in HUVEC cells (63%) was significantly higher than that in 4T1 cells (19%) (Figures 3A, B).




Figure 3 | (A) Western-blot images and quantitative analysis (B) of VEGFR2 membrane protein expression in HUVEC and 4T1 cells. (C) Confocal microscope images of HUVEC and 4T1 cells incubation with VEGFR2-PEG-HSNs-Fe. (D) FCM images of HUVEC and 4T1 cells in different groups (simple cells, targeted competition, non-targeted and targeted groups).



After (PE) VEGFR2-PEG-HSNs-Fe NPs were incubated with VEGFR2 overexpressed HUVEC cells, red fluorescence was observed along the cell membrane in the LSCM images (Figure 3C), while there was no red fluorescence on the membrane of 4T1 cells. These results demonstrated that VEGFR2-PEG-HSNs-Fe NPs were specifically bind to VEGFR2 protein. It was precisely because VEGFR2 was a tyrosine kinase transmembrane protein distributed in the cell membrane which causes the specific binding of PE fluorescent labeled VEGFR2-PEG-HSNs-Fe NPs to VEGFR2 protein often occurring on the cell surface. Red fluorescence was not observed in non-targeted (Supplemental 1), competition (Supplemental 2), and pure cells group (Supplemental 3).

Quantization results of FCM results were consistent with the qualitative observation of LSCM. FCM images (Figure 3D) showed that the most obvious fluorescence intensity shift appeared in the targeted group of HUVEC cells because of their high expression of VEGFR2 protein. HUVEC cells carried a large amount of fluorescein PE through antigen–antibody reaction after incubation with (PE) VEGFR2-PEG-HSNs-Fe NPs. The fluorescence intensity of HUVEC cells was shifted when detected by FCM.

The competition group was designed to verify that the fluorescence on the cells was derived from the combination of VEGFR2 protein and (PE) anti-VEGFR2 antibody. VEGFR2 binding sites on the surface of the cells were occupied by pretreated anti-VEGFR2 antibody. When cultured with (PE)VEGFR2-PEG-HSNs-Fe NPs, it could not bind to cells due to the lack of binding sites, thus inhibiting binding. As a consequence, no fluorescence was observed on LSCM pictures, and no obvious shift was shown on FCM images. Due to the lack of protein that could bind to cells, pure cells and non-targeted groups of HUVEC cells only presented their own fluorescence.

The binding rate of HUVEC cells to (PE) VEGFR2-PEG-HSNs-Fe was the highest (74.80 ± 2.21%), which was significantly higher than that of pure cells, competition, and non-targeted group (4.37 ± 0.63%, 7.11 ± 0.52%, 5.92 ± 0.31%, P < 0.05). Because 4T1 cells did not express the corresponding VEGFR2 protein, the binding rate of this cell group was very low. The binding rate of (PE) VEGFR2-PEG-HSNs-Fe NPs to 4T1 cells was 5.29 ± 0.36%, and there was no difference between the groups (P > 0.05). All these results confirmed that VEGFR2-PEG-HSNs-Fe NPs had a high connection rate with the target cells, which laid a foundation for US imaging in vivo.



Biocompatibility

At present, the biosafety problem of new targeted nano UCA is widespread, which also limits their clinical application. It had been confirmed that SiO2 NPs had certain toxicity to cells (28, 29), and the toxicity was affected by various factors, including particle size, surface structure, concentration, contact time, and target cells (30, 31). PEG-HSNs-Fe NPs had been proved less toxic to HUVEC cells and monocyte macrophages in previous studies (32). The structure of VEGFR2-PEG-HSNs-Fe NPs in this study was more complicated because anti-VEGFR2 antibody was used to target re-modification on PEG-HSNs-Fe NPs. Therefore, it was necessary to conduct toxicity tests.

In in vitro toxicity test, cells were detected by annexin-V FITC/PI kit after being incubated with different concentrations of VEGFR2-PEG-HSNs-Fe NPs for 24 h. The results (Figure 4A) showed that VEGFR2-PEG-HSNs-Fe NPs mainly led to early apoptosis of 4T1 cells, while it mainly occurred in HUVEC cells in the middle and late stages, but the cell survival rate was still high. With the increased concentration of VEGFR2-PEG-HSNs-Fe NPs, the survival rate of cells decreased gradually; however, it still remained above 80%.




Figure 4 | (A) FCM images of HUVEC and 4T1 cells at different concentrations of VEGFR2-PEG-HSNs-Fe (50, 100, 200 μg/ml) and PBS for 24 h. (B) Heat map of main serum immune factors in nude mice with breast tumor injected with VEGFR2-PEG-HSNs-Fe at different time (0, 0.5, 1, 12, 24). (C) Immunofluorescence staining images of 4T1 tumor tissue slices (magnification: ×400). CD31 was labeled by red fluorescence, VEGFR2 by green fluorescence, and tumor nucleus by blue fluorescence.



In vivo toxicity test included two parts: blood indexes and immune factors. The blood indexes of mice which could reflect the function of main organs were detected after injection of VEGFR2-PEG-HSNs-Fe NPs for 24 h. According to the results shown in Supplemental 4, the main blood cells (white blood cells, monocytes, lymphocytes, red blood cells, hemoglobin, mean red blood cell volume, red blood cell volume, mean red blood cell hemoglobin concentration and platelets) and biochemical indexes (AST, ALT, ALP, TBIL, DBIL, CREA, BUN) were all within normal range. To evaluate the effect of VEGFR2-PEG-HSNs-Fe NPs on immune factors, we adopted liquid suspension protein chip to detect the immune factors in mice. The main advantages of this high-throughput biochip included high accuracy and wide range of detection items. It could be used to detect cytokines, antibodies, and microorganisms (33, 34). Heat map showed that there was no obvious immune response in nude mice bearing breast cancer after injection (Figure 4B). These data indicated that VEGFR2-PEG-HSNs-Fe NPs had good biocompatibility, and it could be used as a safe nano target UCAs in animal experiments.



US Imaging In Vivo


Nude Mice Models

The subcutaneous xenograft tumor was established by injecting 4T1 cell suspension to simulate the microenvironment of mouse breast cancer. It showed a round mass protruding from the skin with an uneven surface. During dissection, it was found that the tumor adhered to the surrounding tissue without obvious boundary, and it was difficult to separate. The gross specimens were dark red, fishy, and tough.

H&E staining sections showed uneven distribution of tumor cells. The size and morphology of cells were different. Moreover, the degree of differentiation was very poor, with large and deep staining nuclei, indicating obvious atypia (Supplemental 5). The immunohistochemical staining results showed that cells were dark brown and arranged regularly (Supplemental 6), and immunofluorescence staining images (Figure 4C) displayed that the blue fluorescence was the tumor nucleus. CD31, as a tumor vascular endothelial marker, showed red fluorescence, and VEGFR2 showed green fluorescence. Red and green fluorescence overlapped on the fusion images, which indicated that CD31 and VEGFR2 were co-localized. This demonstrated that VEGFR2 protein was expressed on endothelial cells of subcutaneous xenograft tumor.



US Targeted Imaging In Vivo

Ultrasound targeted imaging of tumor-bearing nude mice was performed by B and CEUS dual mode imaging. Figure 5 showed that the ultrasonic signal of tumor area was significantly enhanced, and the whole tumor was covered at 1 min after injection of VEGFR2-PEG-HSNs-Fe NPs. It suggested that VEGFR2-PEG-HSNs-Fe NPs had good enhanced US imaging performance. Similarly, ultrasound signal enhancement was also observed in the tumor area in the non-targeted, targeted competition and SonoVue group at 1 min after injection. This indicated that both micron SonoVue and the prepared nano UCAs had ultrasonic imaging ability. However, the enhanced signal intensity of SonoVue group was significantly higher than those of the other three groups. We speculated that this was mainly due to the obvious correlation between the signal intensity and the particle size of ultrasound contrast agent. The particle size of SonoVue was micron, while the other three contrast agents were nano scale.




Figure 5 | Ultrasound images (B-mode and CEUS) of the targeted group in nude mice with breast cancer (4T1): (A) 1 min after injection, (B) 10 min after injection, (C) 30 min after injection.



With the prolongation of imaging time, the signal intensity of tumor in the targeted group was still higher than those of the groups at 1 min, while the signal intensity decreased significantly in the non-targeted, competition, and SonoVue groups. After 30 min, the enhanced ultrasonic signal still could be found in the tumor area in the targeted group, while the other three groups showed obvious hypo-perfusion or no perfusion. Quantitative comparison of the ultrasound signal intensity of different UCAs in tumor area at set time points was shown in the Supplemental 7.

The reason for this phenomenon could be explained by the fact that some of VEGFR2-PEG-HSNs-Fe NPs reached the tumor neovascularization through blood circulation and were firmly bonded to the vascular endothelial cells with overexpression of VEGFR2 protein. Specific binding between the antigen and the antibody made the concentrations of VEGFR2-PEG-HSNs-Fe NPs remain relatively stable for a certain period of time. Some NPs could pass through the endothelial cell gap of tumor tissue and accumulated continuously, which caused the concentration of VEGFR2-PEG-HSNs-Fe NPs to increase. Therefore, the targeted group could maintain a good ultrasound enhanced imaging effect or a long period of time. The enhanced signals of the other three groups appeared at the beginning of UCA injection. However, due to lack of specific binding sites, most of UCAs gradually moved out of the tumor through the blood circulation. Even the nano UCAs might stay in the tumor for a short period of time.

The results of these experiments indicated that VEGFR2-PEG-HSNs-Fe NPs prepared in this study had good specific targeting property and imaging ability, which could be used for evaluation of MWA.



Evaluation of MWA

The purpose of tumor thermal ablation was to obtain good local therapeutic effect. Imaging evaluation should be performed immediately after operation. If incomplete ablation was detected in time, supplementary ablation could be performed. CEUS was a common method to evaluate the efficacy after ablation. In this study, dual mode (B and CEUS) image was used to evaluate the therapeutic effect of MWA on tumor-bearing nude mice. There was no significant difference in tumor size pre-ablation, including maximum diameter and volume, between the targeted group and SonoVue group (Table 1) (P > 0.05).


Table 1 | Changes of 4T1 breast tumors in nude mice before and after MWA.



All tumors were correctly located and successfully ablated according to the preoperative plan. After the gas around the tumor tissue subsided, CEUS was performed by VEGFR2-PEG-HSNs-Fe NPs (Figure 6) and SonoVue (Figure 7) respectively. Contrast agent perfusion was found on the edge of the lesion. This provided clues for incomplete ablation, suggesting the possibility of residual tumor. After re-ablation and evaluation, no obvious perfusion was found, which proved that the tumors in the two groups were completely ablated. It could be seen from Table 1 that the maximum diameter and volume of the ablation zone were larger than pre-ablation, but the difference was not statistically significant (P > 0.05). This showed that these two UCAs could meet the basic requirements in the evaluation of curative effect after tumor ablation.




Figure 6 | Evaluation of the breast cancer (4T1) in nude mice by the targeted UCA after MWA: (A) before MWA, (B) hyperechoic region surrounding the antenna caused by vaporization, (C) contrast agent perfusion was observed in the periphery of the tumor after ablation. (A) complementary ablation: (D) a subsequent ablation procedure, (E) CEUS confirmed that the second ablation was complete.






Figure 7 | Evaluation of the breast cancer (4T1) in nude mice by SonoVue after MWA: (A) before MWA, (B) the ablation process, (C) contrast agent perfusion was detected in the periphery of the tumor after MWA. A secondary ablation: (D) a complementary ablation, (E) It was confirmed by CEUS that the complementary ablation was complete.



Compared with SonoVue, the ablation time of VEGFR2-PEG-HSNs-Fe NP group (19.00 ± 2.00 min) was slightly shorter than that of SonoVue (25.00 ± 2.00 min), and the difference was statistically significant (P < 0.05). We speculated that this might be due to the relatively rapid regression of SonoVue, although it could also show residual lesions. However, after the ablation of the residual lesions, it was necessary to inject contrast agents for re-evaluation, which would increase the procedure and prolong the ablation time. In contrast, VEGFR2-PEG-HSNs-Fe NPs, a nano-targeted contrast agent, had good targeting stability, which made the enhancement duration longer. The residual lesions could be ablated again and evaluated continuously without repeated injection. In addition, we found that the signal intensity of SonoVue group was significantly higher than that in VEGFR2-PEG-HSNs-Fe group. It was also consistent with the experimental results of targeted imaging of tumor-bearing nude mice in vivo.

The above experimental results showed that UCAs could evaluate the ablation effect after MWA and guided the supplementary ablation to achieve complete ablation. Both VEGFR2-PEG-HSNs-Fe NPs and SonoVue had the potential to evaluate the efficacy of tumor ablation. Furthermore, the targeted contrast agents VEGFR2-PEG-HSNs-Fe could reduce the whole ablation time.

Still, this study has some limitations. First of all, the modification of the antibody had only been evaluated by qualitative observation and had not been quantitatively tested. Second, the sample size of animal experiments was small, which made data analysis prone to certain errors. Third, when the UCAs were used for ablation assessment, only the image analysis was performed; the pathological examination of the tumor tissue after ablation to verify the effectiveness of the UCAs for the ablation assessment was not performed. Fourth, although the results showed that the imaging time of VEGFR2-PEG-HSNs-Fe NPs was prolonged, which could detect residual tumor and avoid incomplete ablation, due to the small volume and special subcutaneous position of tumors, the precise measurement of the residual area was limited. The ability of different UCAs to detect residual tumors was not compared in detail. Therefore, the clinical significance of nano targeted UCAs for incomplete ablation should be furtherly studied.





Conclusion

In summary, VEGFR2-PEG-HSNs-Fe NPs were developed as a new nano targeted UCAs for specifically targeting tumor tissue. It could be used as a means to evaluate the curative effect after ablation and shorten the operation time. This provided a new method for post-ablation evaluation and might open up a new field for targeted nano UCA applications.



Data Availability Statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding authors.



Ethics Statement

The animal study was reviewed and approved by Ethics Committee and Animal Care Committee of Ruijin Hospital, Shanghai Jiao Tong University School of Medicine.



Author Contributions

XL and WZ carried out the preparation of materials and imaging experiments in vivo. XL and SX wrote the main manuscript. SX studied the cell experiment in vitro. RJ completed the preparation and characterization of materials. WWZ and WZ were involved to experiments design, literature study and data analysis. All authors contributed to the article and approved the submitted version.



Funding

This work was supported by grants from Foundation of Ruijin Hospital/Lu Wan Branch, Shanghai Jiao Tong University School of Medicine (YQA202001) and National Natural Science Foundation of China (No. 81701710).



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2021.690152/full#supplementary-material



References

1. Zhou, W, Ni, X, Xu, S, Zhang, L, Chen, Y, and Zhan, W. Ultrasound-Guided Laser Ablation Versus Surgery for Solitary Papillary Thyroid Microcarcinoma: A Retrospective Study. Int J Hyperthermia (2019) 36(1):897–904. doi: 10.1080/02656736.2019.1649475

2. Mauri, G, Cova, L, Tondolo, T, Ierace, T, Baroli, A, Di Mauro, E, et al. Percutaneous Laser Ablation of Metastatic Lymph Nodes in the Neck From Papillary Thyroid Carcinoma: Preliminary Results. J Clin Endocrinol Metab (2013) 98(7):E1203–7. doi: 10.1210/jc.2013-1140

3. Kim, JH, Yoo, WS, Park, YJ, Park, DJ, Yun, TJ, Choi, SH, et al. Efficacy and Safety of Radiofrequency Ablation for Treatment of Locally Recurrent Thyroid Cancers Smaller Than 2 Cm. Radiology (2015) 276(3):909–18. doi: 10.1148/radiol.15140079

4. Yue, W, Wang, S, Yu, S, and Wang, B. Ultrasound-Guided Percutaneous Microwave Ablation of Solitary T1N0M0 Papillary Thyroid Microcarcinoma: Initial Experience. Int J Hyperthermia (2014) 30(2):150–7. doi: 10.3109/02656736.2014.885590

5. Wang, J, Liang, P, Yu, J, Yu, MA, Liu, F, Cheng, Z, et al. Clinical Outcome of Ultrasound-Guided Percutaneous Microwave Ablation on Colorectal Liver Metastases. Oncol Lett (2014) 8(1):323–6. doi: 10.3892/ol.2014.2106

6. Cheng, Z, Yu, X, Han, Z, Liu, F, Yu, J, and Liang, P. Ultrasound-Guided Hydrodissection for Assisting Percutaneous Microwave Ablation of Renal Cell Carcinomas Adjacent to Intestinal Tracts: A Preliminary Clinical Study. Int J Hyperthermia (2018) 34(3):315–20. doi: 10.1080/02656736.2017.1338362

7. Moussa, AM, Ziv, E, Solomon, SB, and Camacho, JC. Microwave Ablation in Primary Lung Malignancies. Semin Intervent Radiol (2019) 36(4):326–33. doi: 10.1055/s-0039-1700567

8. Kong, P, Pan, H, Yu, M, Chen, L, Ge, H, Zhu, J, et al. Insufficient Microwave Ablation-Induced Promotion of Distant Metastasis is Suppressed by β-Catenin Pathway Inhibition in Breast Cancer. Oncotarget (2017) 8(70):115089–101. doi: 10.18632/oncotarget.22859

9. Zhang, N, Li, H, Qin, C, Ma, D, Zhao, Y, Zhu, W, et al. Insufficient Radiofrequency Ablation Promotes the Metastasis of Residual Hepatocellular Carcinoma Cells Via Upregulating Flotillin Proteins. J Cancer Res Clin Oncol (2019) 145(4):895–907. doi: 10.1007/s00432-019-02852-z

10. Ricci, P, Cantisani, V, Drudi, F, Pagliara, E, Bezzi, M, Meloni, F, et al. Is Contrast-Enhanced US Alternative to Spiral CT in the Assessment of Treatment Outcome of Radiofrequency Ablation in Hepatocellular Carcinoma? Ultraschall Med (2009) 30(3):252–8. doi: 10.1055/s-2008-1027727

11. Nishigaki, Y, Hayashi, H, Tomita, E, Suzuki, Y, Watanabe, N, Watanabe, S, et al. Usefulness of Contrast-Enhanced Ultrasonography Using Sonazoid for the Assessment of Therapeutic Response to Percutaneous Radiofrequency Ablation for Hepatocellular Carcinoma. Hepatol Res (2015) 45(4):432–40. doi: 10.1111/hepr.12370

12. Qian, GJ, Wang, N, Shen, Q, Sheng, YH, Zhao, JQ, Kuang, M, et al. Efficacy of Microwave Versus Radiofrequency Ablation for Treatment of Small Hepatocellular Carcinoma: Experimental and Clinical Studies. Eur Radiol (2012) 22(9):1983–90. doi: 10.1007/s00330-012-2442-1

13. Wu, JY, Chen, MH, Yang, W, Lin, SZ, Wu, W, Yin, SS, et al. Role of Contrast Enhanced Ultrasound in Radiofrequency Ablation of Metastatic Liver Carcinoma. Chin J Cancer Res (2012) 24(1):44–51. doi: 10.1007/s11670-012-0044-8

14. Knowles, JA, Heath, CH, Saini, R, Umphrey, H, Warram, J, Hoyt, K, et al. Molecular Targeting of Ultrasonographic Contrast Agent for Detection of Head and Neck Squamous Cell Carcinoma. Arch Otolaryngology-Head Neck Surg (2012) 138(7):662–8. doi: 10.1001/archoto.2012.1081

15. Baron Toaldo, M, Salvatore, V, Marinelli, S, Palamà, C, Milazzo, M, Croci, L, et al. Use of VEGFR-2 Targeted Ultrasound Contrast Agent for the Early Evaluation of Response to Sorafenib in a Mouse Model of Hepatocellular Carcinoma. Mol Imaging Biol (2015) 17(1):29–37. doi: 10.1007/s11307-014-0764-x

16. Wischhusen, J, Wilson, KE, Delcros, JG, Molina-Peña, R, Gibert, B, Jiang, S, et al. Ultrasound Molecular Imaging as a non-Invasive Companion Diagnostic for Netrin-1 Interference Therapy in Breast Cancer. Theranostics (2018) 8(18):5126–42. doi: 10.7150/thno.27221

17. Klibanov, AL. Molecular Imaging With Targeted Ultrasound Contrast Microbubbles. Ernst Schering Res Found Workshop (2005) 49:171–91. doi: 10.1007/3-540-26809-X_10

18. Wang, S, Hossack, JA, and Klibanov, AL. Targeting of Microbubbles: Contrast Agents for Ultrasound Molecular Imaging. J Drug Target (2018) 26(5–6):420–34. doi: 10.1080/1061186X.2017.1419362

19. Lanza, GM, Abendschein, DR, Hall, CS, Scott, MJ, Scherrer, DE, Houseman, A, et al. In Vivo Molecular Imaging of Stretch Induced Tissue Factor in Carotid Arteries With Ligand-Targeted Nanoparticles. J Am Soc Echocardiogr (2000) 13(6):608–14. doi: 10.1067/mje.2000.105840

20. Maeda, H, Bharate, GY, and Daruwalla, J. Polymeric Drugs for Efficient Tumor-Targeted Drug Delivery Based on EPR-Effect. Eur J Pharm Biopharm (2009) 71(3):409–19. doi: 10.1016/j.ejpb.2008.11.010

21. Yao, KX, and Zeng, HC. Simultaneous Chemical Modification and Structural Transformation of Stöber Silica Spheres for Integration of Nanocatalysts. Chem Materials (2011) 24(1):140–8. doi: 10.1021/cm2030119

22. Yu, L, Chen, Y, Wu, M, Cai, X, Yao, H, Zhang, L, et al. “Manganese Extraction” Strategy Enables Tumor-Sensitive Biodegradability and Theranostics of Nanoparticles. J Am Chem Soc (2016) 138(31):9881–94. doi: 10.1021/jacs.6b04299

23. Yec, CC, and Zeng, HC. Nanobubbles Within a Microbubble: Synthesis and Self-Assembly of Hollow Manganese Silicate and its Metal-Doped Derivatives. ACS nano (2014) 8(6):6407–16. doi: 10.1021/nn501948h

24. Deshpande, N, Needles, A, and Willmann, JK. Molecular Ultrasound Imaging: Current Status and Future Directions. Clin Radiol (2010) 65(7):567–81. doi: 10.1016/j.crad.2010.02.013

25. Maeda, H, Fang, J, Inutsuka, T, and Kitamoto, Y. Vascular Permeability Enhancement in Solid Tumor: Various Factors, Mechanisms Involved and Its Implications. Int Immunopharmacol (2003) 3(3):319–28. doi: 10.1016/S1567-5769(02)00271-0

26. Maeda, H, Sawa, T, and Konno, T. Mechanism of Tumor-Targeted Delivery of Macromolecular Drugs, Including the EPR Effect in Solid Tumor and Clinical Overview of the Prototype Polymeric Drug SMANCS. J Control Release (2001) 74(1-3):47–61. doi: 10.1016/S0168-3659(01)00309-1

27. Oeffinger, BE, and Wheatley, MA. Development and Characterization of a Nano-Scale Contrast Agent. Ultrasonics (2004) 42(1-9):343–7. doi: 10.1016/j.ultras.2003.11.011

28. De Marzi, MC, Saraceno, M, Mitarotonda, R, Todone, M, Fernandez, M, Malchiodi, EL, et al. Evidence of Size-Dependent Effect of Silica Micro- and Nano-Particles on Basal and Specialized Monocyte Functions. Ther Deliv (2017) 8(12):1035–49. doi: 10.4155/tde-2017-0053

29. Napierska, D, Quarck, R, Thomassen, LC, Lison, D, Martens, JA, Delcroix, M, et al. Amorphous Silica Nanoparticles Promote Monocyte Adhesion to Human Endothelial Cells: Size-Dependent Effect. Small (2013) 9(3):430–8. doi: 10.1002/smll.201201033

30. Li, YB, Zhou, W, Yu, YB, Duan, JC, and Sun, ZW. Cytotoxicity and Oxidative Damage Effect of Silica Nanoparticles on Vascular Endothelial Cells. J Jilin Univ (2014) 40(3):476–81. doi: 10.13481/j.1671-587x.20140303

31. Berg, JM, Romoser, AA, Figueroa, DE, Spencer West, C, and Sayes, CM. Comparative Cytological Responses of Lung Epithelial and Pleural Mesothelial Cells Following In Vitro Exposure to Nanoscale Sio2. Toxicol Vitro (2013) 27(1):24–33. doi: 10.1016/j.tiv.2012.09.002

32. Laranjeira, M, Shirosaki, Y, Yoshimatsu, YS, Miyazaki, T, and Monteiro, FJ. Enhanced Biosafety of Silica Coated Gadolinium Based Nanoparticles. J Mater Sci Mater Med (2017) 28(3):46. doi: 10.1007/s10856-017-5855-1

33. Koczera, P, Appold, L, Shi, Y, Liu, M, Dasgupta, A, Pathak, V, et al. PBCA-Based Polymeric Microbubbles for Molecular Imaging and Drug Delivery. J Control Release (2017) 259:128–35. doi: 10.1016/j.jconrel.2017.03.006

34. Huang, P, Rong, P, Jin, A, Yan, X, Zhang, MG, Lin, J, et al. Dye-Loaded Ferritin Nanocages for Multimodal Imaging and Photothermal Therapy. Adv Mater (2014) 26(37):6401–8. doi: 10.1002/adma.201400914




Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.


Copyright © 2021 Li, Xia, Ji, Zhan and Zhou. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.




ORIGINAL RESEARCH

published: 15 September 2021

doi: 10.3389/fonc.2021.747608

[image: image2]


Cascade Release Nanocarriers for the Triple-Negative Breast Cancer Near-Infrared Imaging and Photothermal-Chemo Synergistic Therapy


Ke Li 1, Ruyue Li 2, Baona Zhou 1, Jing Chen 2, Kai Lan 2, Wenhua Zhan 3, Di Chen 4, Tao Zhang 5* and Xueping Li 2*


1 Institute of Basic and Translational Medicine, Xi’an Medical University, Xi’an, China, 2 College of Clinical Medicine, Xi’an Medical University, Xi’an, China, 3 Department of Radiation Oncology, General Hospital of Ningxia Medical University, Yinchuan, China, 4 Department of Basic Medical Science, Xi’an Medical University, Xi’an, China, 5 Ultrasonography Department, Xingping Maternity and Child Health Hospital, Xingping, China




Edited by: 

Guanglei Zhang, Beihang University, China

Reviewed by: 

Xuanzi Sun, The First Affiliated Hospital of Xi’an Jiaotong University, China

Tingting Zeng, Sichuan University, China

*Correspondence: 

Tao Zhang
 yaqunz_xp@163.com 

Xueping Li
 lxp86@xiyi.edu.cn

Specialty section: 
 This article was submitted to Cancer Imaging and Image-directed Interventions, a section of the journal Frontiers in Oncology


Received: 26 July 2021

Accepted: 30 August 2021

Published: 15 September 2021

Citation:
Li K, Li R, Zhou B, Chen J, Lan K, Zhan W, Chen D, Zhang T and Li X (2021) Cascade Release Nanocarriers for the Triple-Negative Breast Cancer Near-Infrared Imaging and Photothermal-Chemo Synergistic Therapy. Front. Oncol. 11:747608. doi: 10.3389/fonc.2021.747608



Triple-negative breast cancer (TNBC) has inadequate treatment approaches and a poor prognosis. It is urgent to develop new treatment approaches for TNBC. The combination of photothermal therapy (PTT) and chemotherapy is a very effective potential therapy for TNBC. However, asynchronous accumulation, unclear efficacy, and toxic side effects hinder the further promotion of this method. Therefore, we designed and constructed a new type of nanocarriers, the cascade release near-infrared imaging (NIFI) & thermal-chemo combination nanoparticles (CNC NPs), that can release drugs through the cascade of ultrasound triggering and pH responding to achieve the synchronous tumor accumulation, monitoring and synergistic treatment of two functional molecules. The key material of CNC NPs is the polydopamine (PDA), which, through self-assembling, forms a rigid shell that contains doxorubicin (DOX) and NIF fluorescent dye IR780 on the surface of the perfluorohexane (PFH) microbubbles. The results show that CNC NPs have a hollow core-shell structure with an average particle size of 97.3 ± 27.2 nm and have exceptional colloidal stability and photothermal conversion efficiency. The NPs can effectively perform cascade drug release through ultrasound triggering and pH responding. CNC NPs have good in vivo biological safety and excellent fluorescence imaging, drug delivery, and therapeutic abilities in the TNBC models. These results provide an experimental basis for the development of new clinical treatment methods for TNBC.




Keywords: triple-negative breast cancer, nanocarriers, triggered release, synergistic therapy, near-infrared imaging



Introduction

TNBC is a special high-risk subtype of breast cancer. It is difficult to be treated by endocrine therapy and targeted therapy due to its lack of corresponding targets. At present, traditional surgery, radiotherapy, and chemotherapy are still the mainstays for TNBC treatments. However, the prognosis of TNBC is far worse than that of the other types of breast cancer (1–4). There is an urgent need to develop new specific TNBC treatment methods. PTT converts light of a specific spectrum into thermal energy to ablate tumor tissues, and has great advantages such as minimal invasiveness, high specificity, and fewer side effects (5, 6). The essence of tumor PTT is the photothermal conversion agents. Materials used for photothermal conversion include inorganic metal materials, carbon nanomaterials, porphyrin derivatives, and NIF fluorescent dyes. Compared with other materials, NIF fluorescent dyes, which have been applied in clinical (7–12), have the advantages of high photothermal conversion efficiency, insignificant toxic and side effect, high metabolizability, and ideal absorption spectrum. In addition, NIF dye can also perform function of imaging probe. However, during the PTT, the heterogeneity of the tumor tissue will cause uneven heat distribution inside the tumor, leading to incomplete treatment (13). Therefore, other therapeutic technologies are needed to combine with PTT for supplement of disadvantage. At present, a variety of tumor treatment methods combined with PTT have been explored and developed (14–16). Among them, the PTT and chemotherapy combination has better prospects than those of the other combined methods. The thermal effect produced by PTT can directly ablate tumor tissues and help chemotherapeutic molecules better enter the tumor cells and further intervene the remaining tumor cells, exhibiting a good synergistic effect (17–19).

Although traditional combination therapy has obvious advantages, its current results are not satisfactory (20, 21). The essential prerequisite for the combined PTT and chemotherapy is that the two therapeutic molecules simultaneously accumulate in the tumor. However, there are considerable differences in the metabolic pathways of the different types of molecules. Moreover, the inherent biological complexity and dynamic changes of tumors make it difficult for therapeutic molecules to accumulate in tumor tissues simultaneously, which is significantly weakening the synergy (22, 23). Therefore, how to achieve synchronous delivery becomes the main problem of current combined tumor therapy.

Functional nano-drug delivery systems have opened up new gate for solving the problem of combined therapy. The most common way for nanocarriers to accumulate in the tumor is through the enhanced permeability retention effect (EPR) of solid tumors (24). However, this way still has defects such as non-positive targeted aggregation and side effects (25). Stimulus-responsive nanocarriers greatly improved the drug delivery performance of nanocarrier in vivo. Such carriers can change their structure and shape under external stimuli such as pH, temperature, ultrasound waves, and light to achieve controlled drug release (26, 27). The acidic nature of the tumor microenvironment allows many nanocarriers to release the therapeutic molecules by the pH response, realizing the targeted delivery (28). However, pH responding release is a slow and sustained process. The release rate and efficiency are low and uncertain. Therefore, together with a more quickly release method, it can get better tumor accumulation. Ultrasound is entering the view of researchers. The technology has been widely used in clinical diagnosis and imaging (29). In research of drug delivery, ultrasound has been reported that can help drugs permeate various physiological barriers. And some ultrasound phase change molecules make the method be a good source of external stimulus (30). The perfluorocarbon is a popular ultrasound triggering material, which occurs a phase change under the ultrasound, causing the carrier to rupture and release the loaded drug (31). However, perfluorocarbon is normally in a liquid state and must be encapsulated in microbubbles by phospholipids, polymers, and surfactants. There are still many technical problems for perfluorocarbon to be stably wrapped in nanoparticles (32, 33).

In order to solve this problem, after referring to a variety of preparation protocols (34–37), PDA was chosen to prepare a composite nanocarrier with a rigid shell. PDA composite nanocarrier can load drugs and ensure the perfluorocarbon’s long-term stability, achieving cascaded release in response to ultrasound and pH stimulus. The monomer of PDA is dopamine, a small molecule with a benzene ring, which can be polymerized by π-π stacking and hydrogen bonding under alkaline conditions, forming a strong PDA compound on the surface of other materials. On the other hand, the PDA layer can be gradually decomposed in the acidic environment (38–40). During PDA polymerization, molecules that also have benzene rings can be encapsulated in PDA. This feature can be used for drug loading (41, 42). Both the chemotherapeutic drug DOX and the NIF dye IR780 have benzene rings. The encapsulation of these two molecules in PDA has been reported in many publications (37, 41). Based on the facts mentioned, we developed a multifunctional nanocarrier, CNC NPs, with PDA as the coating material, PFH as the vacuolating agent, DOX as chemotherapeutic molecule, and IR780 as the photothermal conversion agent and NIFI agent. After entering the tumor tissue, CNC NPs achieve their first-stage release under ultrasound and then further release through the low pH microenvironment of the tumor to achieve the effect of NIFI and synergistic therapy. The nanocarrier delivery and therapeutic effects were evaluated by the in vitro and in vivo TNBC models. CNC NPs are expected to provide an experimental basis for developing new clinical treatment methods for TNBC.



Materials and Methods


Materials

Dopamine hydrochloride, doxorubicin hydrochloride, IR780, perfluorohexane (PFH), and coumarin-6 were all purchased from Aladdin Biochemical Technology Co., Ltd. PFH special surfactant (FS63) was purchased from Guangzhou Jieluhua Co., Ltd. CCK -8 kit, DAPI kit, apoptosis detection kit, interleukin-6 (IL-6) detection kit, and tumor necrosis factor-α (TNF-α) detection kit were purchased from Beyotime Biotechnology Co., Ltd. The other chemical reagents were purchased from Sinopharm Group. The MCF-7, MCF-10A, and MDA-MB-231 cell lines were all derived from ATCC. BALB/c mice and BALB/c-nu/nu mice were purchased from Beijing HFK Biotechnology Co., Ltd. Unless otherwise stated, all the chemicals and reagents were of analytical grade and used as received.



Preparation of CNC NPs

CNC NPs were prepared according to Zhu et al.’s publication (37). In brief, 100 μL PFH and 120 μL FS63 were mixed and dispersed in 3 mL Tris solution (50 mmol/L). The mixture solution was continuously stirred at high speed during the dispersion. After that, 100 μL IR780 solution (10 mg/mL, DMSO) and 100 μL DOX solution (10 mg/mL) was added to the solution. Then the solution was sonicated with 150 W power for 5 min. Finally, 1 mL dopamine hydrochloride solution (10 mg/mL) and 100 μL H2O2 (3%, v/v) were added. The solution was sealed and rotated in the dark for 48 h. After that, the final products were obtained through dialysis, removing DMSO and other soluble impurities. A Malvern instrument (NS-90, Malvern, UK) was used to investigate the obtained CNC NPs preliminarily.



Properties Characterization of CNC NPs

The morphology of CNC NPs was characterized by a transmission electron microscope (TEM). CNC NPs was decomposed by acid liquor, and then dehydrated by lyophilizer (FD-1A-50, LANYI, Shanghai, China). The concentration of DOX and IR780 in the lyophilized CNC NPs residue was detected by a fluorescence spectrophotometer, and the encapsulation rate and drug loading of the two compounds were calculated. The CNC NPs were dispersed in PBS, complete medium, and fetal calf serum (FBS) to simulate different physiological environments. The colloidal stability was evaluated by particle size changes. An 808 nm laser was used to irradiate CNC NPs in different concentrations, irradiation power, and conditions to evaluate the photothermal conversion efficiency. In vivo evaluation of thermal conversion was performed in BALB/c mouse model. The CNC NPs was subcutaneously injected in the crotch of mouse. Subsequently, the 808 nm laser was used to irradiate the injection area. The infrared thermal imager (E4, FLIR, US) was employed to measure the temperature of the experiment. The release degree of CNC NPs under different pH and temperature conditions was detected by the dialysis method. The response release of CNC NPs was evaluated using an ultrasound system (Voluson E8, GE, USA).



CNC NPs Cell Suppression

The cytotoxicity of CNC NPs was preliminarily evaluated by the CCK-8 assay. The cell lines were MCF-7, MCF-10A, and MDA-MB-231. The cells were seeded in a 96-well plate (1×104 cells/well) and incubated at 37°C and 5% CO2 for 24 h. CNC NPs, empty NPs, DOX, and IR780 were added into the wells, respectively. The cells were incubated for another 72 h before the CCK-8 solution was added. After incubating with CCK-8 for 2 h, the cells were put into a microplate reader (ELx800, BioTek, USA) to test the 450 nm absorbance for calculating the cell viability.

The combined treatment of PTT-chemotherapy was evaluated by CCK-8 assay, colony formation test, and flow cytometry. The cell line was MDA-MB-231. The CCK-8 assay was carried out similarly to the method mentioned above except that the cells concentration was 2×104 cells/well. The cells were irradiated with an 808 nm laser after adding the samples and then incubated for 24 h. In the colony formation test, the cell suspension was added into a 1.5 mL centrifuge tube at 2000 cells/mL. The sample was added, and laser irradiation was performed, and then the cell suspension was transferred to a dish and cultured for 5 d. After that, the colony was stained for observation. After the cells are treated with PTT, chemotherapy, and combination therapy, the cells were stained with a cell apoptosis kit and tested by a flow cytometer (Accuri C6 Plus, BD, USA).



CNC NPs Cell Delivery

Firstly, besides DOX’s red fluorescence, coumarin-6 was used to label CNC NPs with green fluorescence. The MDA-MB-231 cells were seeded at 2 × 105/plate in a confocal microscopy dish. The cells were cultured at 37 °C and 5% CO2 for 24 h before being added with fluorescent-labeled NPs for further incubation. The dishes at different time points were fixed and labeled with DAPI. The cells were observed with a laser confocal microscopy (TCS SPT, Leica, Germany). In order to determine the internalization effect of CNC NPs, the cells were pre-treated with sodium azide (NaN3), an endocytosis inhibitor, and incubated with CNC NPs for confocal observation and comparison.



In Vivo Toxicity of CNC NPs

A hemolysis test was performed to evaluate CNC NPs’ effect on red blood cells. 2% erythrocyte suspension was prepared and divided into groups. Then, CNC NPs, IR780, DOX, PFH+FS63 and PDA were added to the test groups, respectively, while the water, saline, and 0.1% Triton X-100 were added to the control groups, respectively. The erythrocytes were incubated at 37 °C for 2 h. Because CNC NPs, PDA, DOX and IR780 have color, which could interfere absorbance of the sample. After a centrifugation, the supernatant was replaced by the same amount of water. Then, the precipitate was mixed and incubated for another 4 h. The absorbance wavelength at 540 nm in each group was measured by a microplate reader, and the hemolysis rate was calculated.

In the acute toxicity test, 50 BALB/c mice, half male and half female, weighing about 20 g, were selected and randomly divided into 5 groups. CNC NPs, PFH + FS63, IR780, DOX, and PDA were administrated into the mice through the intravenous injection, respectively. The mice were observed continuously for 14 d. The symptom and sign were recorded, and the survival rate was calculated. Finally, the surviving mice were euthanized. The heart, liver and kidney were collected for pathological analysis.

The levels of IL-6 and TNF-α in the blood of mice were tested by the ELISA kit to evaluate whether CNC NPs can cause a systemic inflammatory reaction in vivo. The samples were injected through the tail vein, and the blood samples were collected 24 h after injection.

All animal experiments in this work were authorized by the Laboratory Animal Administration Committee of Xi’an Medical University. The protocols for animal experiments followed the Guidelines for the Use and Care of Experimental Animals at Xi’an Medical University. The Animal Ethics Approved Document Number is XY-AUC-2020-352.



In Vivo Tumor Xenograft Model

4-week-old female BALB/c-nu/nu mice were reared in an SPF room for 5 d to adapt to the environment. Then 150 μL MDA-MB-231 cell suspension (1×106/mL) was injected into the crotch of each mouse. The tumor-bearing mice were used for subsequent experiments after their tumors grew to a suitable volume.



In Vivo NIF Imaging and Triggered-Release of CNC NPs

Two single side tumor-bearing mice were injected with CNC NPs and the same concentration of IR780 solution, respectively. The distribution of fluorescent signals in mice was continuously observed by the IVIS imaging system (PE, USA). The excitation wavelength was 780 nm, and the emission wavelength was 845 nm. After the observation, the mice were euthanized, and the main organs and tumor tissues were taken out to analyze the distribution of CNC NPs in vivo.

Two double side tumor-bearing mice were injected with CNC NPs and the same concentration of IR780 solution, respectively. After injection, the right-side tumor was treated by ultrasound probe (11L-D, voluson E8, GE, USA) for 20 min. The imaging was performed to observe the effect of ultrasound triggering in vivo.



Antitumor Effect of CNC NPs In Vivo

Thirty-five single side tumor-bearing mice were divided into seven groups. The treatment methods were saline, IR780 + laser, DOX, IR780+DOX+laser, IR780+DOX+triggered+laser, CNC NPs+laser, and CNC NPs+triggered+laser. The administration was through intravenous injection. Ultrasound irradiation was carried out 1 h after the administration for six cycles of 5 min treatment and 3 min interval. Two hours after ultrasound treatment, the laser irradiation was performed with the irradiation wavelength of 808 nm. The irradiation power was 1 W/cm2 and the irradiation time was 3 min. The whole intervention process was conducted twice a week. The size of tumors and the weight of mice were measured continually, and the tumor area was photographed. After 21 d, the mice were euthanized, and the tumor tissues were taken, weighed, and photographed.



Statistical Analysis

Two ways ANOVA and t-test were used for statistical analysis. The software was GraphPad prism 5.0. A P-value less than 0.05 indicated a statistical difference. The data of independently repeated experiments were presented as the mean values ± standard deviation (SD). The statistical differences between the groups were indicated p<0.05.




Results


Characteristics and Performance of CNC NPs

Firstly, the morphology of CNS NPs was observed by TEM. Figure 1A shows that the CNC NPs have spherical shape, mono-dispersity, and hollow-shell structures. Figures 1B, C show the details of empty NPs and CNC NPs, respectively. With the same amount of FS63 surfactant, the PFH concentration changes led to different numbers of internal cavity. There is obvious cavitation inside of CNC NPs, due to PFH is vaporized in sample preparation of TEM. The particle size of CNC NPs was 97.3 ± 27.2 nm with a wide distribution range (Figure 1D). Since the inner core of CNC NPs is droplet micelle, it is difficult to control their size. The overall particle size meets the requirements of effectively entering the tumor tissue through the EPR effect. The results show that the structure of the CNC NPs meets our expectation. Figure 1E shows that the surface potential of CNC NPs was approximately -14 mV, which indicates that the CNC NPs can maintain a good circulation in vivo. The stability test results are shown in Figures 1F–H. During the experiment, the particle size of CNC NPs did not change significantly in different dispersion environments, showing excellent colloidal stability. The encapsulation rate and drug loading of DOX by CNC NPs were 90.3 ± 5.5% and 12.6 ± 3.2%, respectively. And the encapsulation rate and drug loading of IR780 by CNC NPs were 94.6 ± 3.1% and 13.8 ± 1.3%, respectively.




Figure 1 | Characteristics of CNC NPs. The morphology (A–C), size distribution (D), zeta-potential distribution (E), and colloid stability test results (F–H).



Figure 2 shows the evaluation results of photothermal conversion of CNC NPs. It can be seen from Figure 2A that, under the same irradiation power and time, there is a positive relationship between the concentration of CNC NPs and temperature. With a concentration of 81 μg/mL, the highest temperature was 66.3 °C. The temperatures of the other concentrations are all higher than 41 °C. Figure 2B shows the heating process of the sample under different irradiation time-lengths. The temperature rose obviously with the extension of irradiation time, reaching 69 °C in about 4 min. The temperature rising in different solvents is shown in Figure 2C. The solvent has no apparent influence on the photothermal conversion of CNC NPs. The photothermal conversion effects of different components of CNC NPs were measured (Figure 2D). The result shows that IR780 was the primary substance causing the temperature to rise, followed by PDA. Figure 2E is the temperature changing curve of CNC NPs. With laser irradiation, the temperature rose rapidly. While after the irradiation, the temperature dropped slowly to room temperature. The in vivo evaluation of CNC NPs is illustrated in Figures 2F, G. In Figure 2F, the temperature rose in the injected area obviously with the extension of irradiation time, reaching 49 °C in about 4 min. In Figure 2G, after 2 min of irradiation, the temperature rose also exhibited a positive relationship with concentration of CNC NPs. These phenomena indicated that skin could not obstruct NIF absorption of CNC NPs. The results show that CNC NPs have an excellent photothermal conversion effect.




Figure 2 | The photothermal properties of CNC NPs. The heating -rate effect of the CNC NPs, with different concentrations (A), under different irradiation time duration (B), in different solution environments (C). The temperature elevation of each component of CNC NPs (D). The heating-cooling curve of CNC NPs (E). The in vivo temperature elevation of the CNC NPs under different time points. The blue dotted circles indicate the areas of injection (F). The in vivo temperature elevation of the CNC NPs under different concentrations. The blue dotted circles indicate the areas of injection. (G). The quantitative experiment was repeated three times.



In the design, CNC NPs should be stable without stimuli and release drugs rapidly after triggering. The triggered release results are shown in Figure 3. Figure 3A shows the DOX release curve of free DOX and CNC NPs. The result shows that most of the free DOX was released in the first 4 h, while the CNC NPs almost did not release any DOX in 72 h. Figure 3B is the release curve of CNC NPs in different pH environments. The DOX release rate gradually increased with the decrease of pH, indicating that CNC NPs can effectively release the payload in the acidic environment. Figures 3C, D are the ultrasonic images of CNC NPs. In the figures, under ultrasound treatment, CNC NPs have the same cavitation signal as SonoVue, a commercialized ultrasonic contrast agent. There is no such signal in pure water. With the extension of time, the ultrasound signal of CNC NPs gradually faded and almost disappeared in about 5 min, indicating that CNC NPs have a rapid triggered release effect. The outer layer of CNC NPs is PDA, which was a kind of melanin and had robust light absorption capability. Figure 3E further proves the ultrasound triggered release of CNC NPs. With the extension of triggering time, IR780 was constantly released from CNC NPs, and its fluorescence intensity was enhanced. These results indicate that CNC NPs have a good response and release ability.




Figure 3 | The releasing evaluation of CNC NPs. The DOX releasing curve of CNC NPs (A). The releasing results of CNC NPs in different pH environments (B). The ultrasonic cavitation effect of CNC NPs, the commercialized ultrasonic imaging agent, SonoVue, as the control (C). The cavitation time duration results of CNC NPs (D). The ultrasound triggered release results of CNC NPs (E). The quantitative experiment was repeated three times. The “***” and “*” symbols represent P values less than 0.001 and 0.05, respectively.





In Vitro Cytotoxicity of CNC NPs

In this study, a breast epithelial cell line (MCF-10A), a breast cancer cell line (MCF-7) and a TNBC cell line (MDA-MB-231) were used to detect the inhibition effect of CNC NPs in vitro. As shown in Figure 4A, the empty NPs and IR780 did not show significant cytotoxicity at all the concentrations, while the toxicity of DOX rose with the increase of concentration. CNC NPs showed a similar inhibitory effect as that of the DOX group, indicating that CNC NPs can effectively deliver drugs into cells and exert an inhibitory effect. No significant difference of CNC NPs’ toxicity was found between the normal cell and breast cancer cell lines.




Figure 4 | The in vitro cytotoxicity of CNC NPs. The results of CCK-8 assay in MDA-MB-231, MCF-7 and MCF-10A cell lines under treatment of CNC NPs and its main components (A). The comparison of cell survival ratios between treatment and non-treatment by laser irradiation in CNC NPs and its components (B). The in vitro PTT effect of CNC NPs with different concentrations (C) and under different power irradiations (D). The comparison of colony formation between treatment and non-treatment by laser irradiation in CNC NPs and its components (E). The flow cytometry results of MDA-MB-231 cell line treated with chemotherapy, PTT, combination treatment and CNC NPs (F). Each quantitative sample has three duplications. The “***” and “**” symbols represent P values less than 0.001 and 0.01, respectively.



After adding PTT, the results were much different. As Figure 4B shown, CNC NPs had a noticeable cell ablation effect after receiving laser irradiation, and the cell survival rate decreased to less than 10%. The empty NPs also showed a certain cell ablation effect. Figures 4C, D show that the cell survival rate has a significant positive relationship with the time and intensity of laser irradiation. The colony formation assay results (Figure 4E) further prove the inhibitory effect of CNC NPs. Flow cytometry results (Figure 4F) show that CNC NPs could effectively induce apoptosis, which was even more obvious than chemotherapy or PTT alone.



CNC NPs Cell Delivery

MDA-MB-231 cells were incubated with fluorescence-labeled CNC NPs and observed at different time points. It can be seen from the results (Figure 5A) that the intracellular fluorescent signal gradually edged up over time and reached its peak at 6 h. In addition, the distribution of the fluorescent signal also changed significantly. Coumarin-6’s green fluorescence always remained in the cytoplasm. Because of its lipophilicity, coumarin-6 mainly accumulated in various membrane structures in the cell membrane and cytoplasm. Red fluorescent DOX mainly combines with DNA, gradually accumulating in the nucleus. As shown in the figure, the red fluorescent signal was mainly in the cytoplasm before 4.5 h. After that, the red fluorescent signal in the nucleus rose gradually, indicating that CNC NPs can effectively deliver drug molecules into cells and gradually release them. Figure 5B is the result of endocytosis blocking teat. The fluorescent signals in the cells that pretreated by NaN3, were significantly lower than those in the cells without the pretreatment, indicating that CNC NPs enter into the cells through endocytosis.




Figure 5 | The cell endocytosis test results. The intracellular accumulation of fluorescent signal and fluorescence quantitative analytics results of CNC NPs (A). The endocytosis inhibition and fluorescence quantitative analytics results of CNC NPs (B). The data of signal quantitation were extracted at more than three areas. The “***“, “**“ and “*” symbols represent P values less than 0.001, 0.01 and 0.05, respectively.





Toxicity of CNC NPs In Vivo

In vivo safety is crucial to the application of CNC NPs. Firstly, the effect of CNC NPs on red blood cells was evaluated by a hemolysis test. The results are shown in Figure 6A. From the hemolysis rate, as the positive control, the Triton X-100 caused severe hemolysis that more than 85% of the red blood cells were damaged. The hemolysis rates of other treatment groups were relatively low. No significant hemolysis occurred in either CNC NPs or their component, indicating their good injection safety. After that, the acute toxicity of CNC NPs to BALB/c mice was evaluated. The survival rate curve of mice is shown in Figure 6B. Two mice in PFH+FS63 treatment group died on the day of injection. Five mice in the DOX group died in succession. The other mice were still alive on the 14th day. The pathological analysis results are shown in Figure 6C. In the DOX group, the heart tissue had apparent damage. In IR780 and CNC NPs groups, some inflammatory cells infiltration and a few binuclear and megakaryocytes appeared in the liver tissue. No noticeable pathological change was found in the kidney. The results preliminarily prove the safety of CNC NPs in vivo. The concentrations of IL-6 and TNF-α also further prove that CNC NPs would not cause a significant systemic inflammatory response (Figures 6D, E). The concentrations of IL-6 and TNF-α in the DOX group were much higher than those in the other groups, but the concentrations of the two factors in the CNC NPs group remained low, similar to those of the normal saline group. These results show that CNC NPs have good biocompatibility in vivo.




Figure 6 | In vivo toxicity evaluation of CNC NPs. The hemolysis test results of CNC NPs and its main components. The tubes in the top row are the mixtures of red cell suspension and samples, and the tubes in the bottom row are the mixtures after incubation and centrifugation (A). The in vivo acute toxicity test results of CNC NPs on the BALB/c mice (B). The pathological analysis of CNC NPs and its main components to the heart, liver, and kidney (C). The effects of CNC NPs and its components to the main inflammatory factors in vivo (D, E). Each quantitative sample has three duplications.





In Vivo NIF Imaging and Triggered-Release of CNC NPs

The in vivo NIFI observation of CNC NPs is shown in Figure 7. It can be seen from Figures 7A, B that the fluorescent signals in the CNC NPs injected mice were significantly higher than those in the equivalent IR780 injected mouse. In the CNC NPs injected mouse, the fluorescent signals first gathered in the liver and spleen and then appeared in the tumor and lung. The signals reached their high intensities at 6 h and maintained those intensities until 48 h before they decreased significantly. It is worth noting that the signals in tumors had been maintained until 144 h, showing excellent in vivo long circulation and monitoring ability. The results of residual fluorescence detection in the organs and tumors are shown in Figures 7C, D. In the CNC NPs injected mice, fluorescent signal still retained in the tumor area one week after the injection but did not gather much in the organs. In contrast, the IR780 injected mouse have weaker fluorescent signals than those of the CNC NPs injected mouse. The results show that CNC NPs can realize long-term drug circulation in vivo and have a certain tumor monitoring ability.




Figure 7 | The in vivo NIF imaging of CNC NPs. The dynamic monitoring of CNC NPs in the TNBC model mice and the fluorescent signals quantitative results of the tumor region. The yellow dotted circles indicate the areas of tumors. (A, B). The residual fluorescent signals and their quantitative results in the organs and tumors of the mice (C, D). The data of signal quantitation were extracted at more than three areas. The “***” and “*” symbols represent P values less than 0.001 and 0.05, respectively.



Next, the double-tumor mice were selected to evaluate the triggered release efficacy of CNC NPs in vivo. Each mouse only received ultrasound irradiation on its right tumor. Figure 8A shows the in vivo fluorescence image after ultrasound triggering. For the IR780 injected mouse, the fluorescent signals were strong in the liver and spleen but weak in the tumor. There was a difference between the fluorescent signals of the left and right tumors. The signal of the irradiated tumor (right) was slightly stronger than that of the control tumor (left), indicating that ultrasound irradiation can help drugs enter the tumor tissue. Compared with IR780 injected mouse, CNC NPs injected mouse had stronger fluorescent signals. It is worth noting that the tumor irradiated by the ultrasound showed enhanced fluorescent signals. However, the control tumor was not the case. Quantitative analysis of the fluorescent intensity in the tumor area of two mice further confirmed the advantage of ultrasound triggering (Figure 8B).




Figure 8 | The in vivo ultrasound triggered release results of CNC NPs. The models were hepatic carcinoma double-tumor mice. The ultrasound probe was only applied on the right tumor of each mouse. Four irradiations, 20 min at a time, were performed at 0.5h, 1.5h, 2.5h, and 3.5h. The in vivo fluorescent images of CNC NPs treated mice captured by the IVIS imaging system. (A). The tumor region fluorescent signals dynamic analytics results (B). The data of signal quantitation were extracted at more than three areas. The “***”, “**” and “*” symbols represent P values less than 0.001, 0.01 and 0.05, respectively.





Antitumor Effect of CNC NPs In Vivo

Figure 9A is a picture of the mice in the tumor intervention experiment. Figure 9B is a picture of the tumors taken out after the treatment. Except for the two CNC NPs treated groups, the tumors in the other groups kept growing during the experiment period. Small areas of burn and ulceration were found on the tumor of mice in the free drugs with laser groups, indicating the existence of the PTT effect. However, free drugs with laser combined treatments did not effectively inhibit the tumor growth. The two CNC NPs treated groups showed apparent tumor growth inhibition scenarios, and most of the tumors had been ablated. In the CNC NPs + laser group, there were two tiny tumors with burn scars. After ultrasound triggering, the therapeutic effect of the CNC NPs group was significantly improved, and almost all tumors were ablated. The only remaining tumor was a small one, hidden under the black burn scab on edge. It was found when the scab on the surface was removed after euthanasia where the laser did not reach. The tumor growth curve (Figure 9C) and tumor weighing results (Figure 9D) further indicate that CNC NPs had an outstanding antitumor effect in vivo. These results fully prove that CNC NPs have an excellent therapeutic effect in vivo. In addition, during the whole treatment process, the weight of CNC NPs treated mice did not change notably, while the weight of mice in other groups decreased significantly, demonstrating the safety of CNC NPs in vivo (Figure 9E).




Figure 9 | The in vivo antitumor effect of CNC NPs. The photographs of the mice in each group during the tumor intervention experiment (A). All of remained tumors after the intervention (B). The tumor growth curve during the tumor intervention experiment (n=5) (C). The tumor weighing results after the intervention (n=5) (D). The mean weight changing curve of the mice during the experiment (n=5) (E). The “***” symbol represents a P values less than 0.001.






Discussion

Compared with other kinds of breast cancer, TNBC lacks effective targets for systemic therapy, making it impossible for patients to use other available breast cancer treatment methods. Moreover, in terms of TNBC, the patients are young; the cells have strong invasion capability; the DNA has a high mutation rate; the tumor has a large size and is prone to early recurrence and distant metastasis. It is a kind of primary breast cancer with an inferior prognosis (43, 44). Although there have been many new treatments for TNBC in recent years, their curative effects are still unsatisfactory. Breast cancer is usually not deep in the human body and is suitable for PTT treatments. Research showed that PTT combined with chemotherapy has a synergistic anti-tumor effect on breast cancer (19). However, only when chemotherapeutic drugs and photothermal agents accumulate simultaneously in the tumor site can the synergy be achieved effectively. The molecules have different physical and chemical properties and metabolic pathways in vivo and often do not accumulate in tumors simultaneously. Therefore, asynchronous delivery has become the main problem of combination therapy. Different therapeutic molecules can be constructed in one nanocarrier according to the purposes. The synchronous drug delivery to tumor tissue and cells and the synergistic treatment could be realized through targeted delivery and responsive release of the nanocarrier (45). In this study, using PDA as the encapsulation material and PFH as the phase change agent, we realized the efficient synchronous delivery of DOX and IR780 by the ultrasound and pH cascade trigger release technology. PDA plays a crucial role in this drug delivery system. Firstly, PDA is polymerized from dopamine in an alkaline environment. It wrapped the DOX and IR780 via π-π stacking, forming a rigid thin shell on the surface of PFH micelle, which ensures the stability of the nanocarrier. On the other hand, because PDA degrades in the acidic environment, CNC NPs can better release drugs in solid tumor tissue, which often has an acidic microenvironment in nature. The rigid shell-core structure of CNC NPs maintains stability of PFH in vivo. Then, the ultrasound irradiation to tumor tissue can make the CNC NPs that flowed through or accumulated in the tumor break rapidly to release drugs and increase the absorption of drug molecules there to achieve the effect of synchronous and efficient delivery. All these functions do not require a very complex technique, and the CNC NPs can be prepared by a straightforward method. The results show that the CNC NPs have a shell and a hollow core and have an excellent mono-dispersity. They are particles less than 100 nm in diameter with weak negative charges on their surface and can accumulate rapidly in the tumor through the EPR effect. CNC NPs have good colloidal stability, which effectively prolongs their drug cycle time. Moreover, the nanocarrier has high DOX and IR780 loading capacities. These characteristics indicate that CNC NPs’ application only requires fewer dosing frequency, which reduces the occurrence of side effects and drug resistance.

CNC NPs are expected to enter the systemic circulation through intravenous injection. Therefore, the delivery and release performance are the key to the therapeutic effect. PDA has an outstanding encapsulation performance. It is polymerized by dopamine under alkaline conditions. It can self-polymerize or deposit on various materials. It has high biocompatibility, low toxicity, and pH sensitivity. Many reports about the application of PDA nanocarriers in tumor therapy have been published (46–49). PDA nanocarrier has a super long cycle effect in vivo (41). These pieces of evidence show that PDA meets the requirements of CNC NPs. The drug release triggering stimuli are in two categories, internal ones and external ones. The internal stimuli, including pH response, redox, and enzymatic reaction, work inside the tumor tissues and cells, allowing the nanocarriers to degrade and release the loaded drugs slowly. The external stimuli, including the microwave, radiation, and ultrasound, are artificially imposed factors outside the body. The ultrasound as an external stimulus has significant advantages (26, 30). CNC NPs realize the cascade release by combining the internal and external triggering stimuli. The in vivo and in vitro experiment results have proved that CNC NPs have long circulation ability. The nanocarriers showed excellent colloidal stability in the simulated physiological environment. Only a small amount of loaded molecules were released without triggering. After 144 h in vivo, CNC NPs still had a high accumulation in the tumor. This characteristic can be used for monitoring and real-time evaluation of therapeutic effect. The subsequent triggered release results further prove that CNC NPs have excellent triggering and releasing properties. A clinical ultrasound instrument is able to trigger the microbubble burst and drug release rapidly. The in vivo experiment results also show that with stimuli, CNC NPs could rapidly release the loaded molecules in the triggered region, causing a significant signal accumulation compared with the non-triggered tumor tissue of the same mouse. This series of results fully prove that CNC NPs have achieved the original design goals of imaging and delivery performance.

As a new treatment in vivo, the low-toxicity is crucial to its application. According to CNC NPs’ administration process and mechanism, we first implemented the CCK-8 test and colony formation assay to detect the in vitro toxicity of CNC NPs. The results showed that the inhibitory effect of CNC NPs was similar to that of the equivalent concentration DOX, indicating that there was no additional toxicity except for the efficacy of chemotherapy. Then, the hemolysis test, acute toxicity test, histopathological analysis, and inflammatory factor concentration test were utilized to evaluate the safety of CNC NPs in vivo. The hemolysis rate was less than 5%, and no mouse died under high-dose injection. No obvious damage was found in pathology and inflammatory factor detection. In general, CNC NPs has good biocompatibility. In terms of tumor treatments, the introduction of PTT can significantly improve the effect of cell ablation in vitro, which was stronger than that of chemotherapy or PTT alone. Flow cytometry results also confirmed that CNC NPs caused enhanced cell apoptosis effect. The in vivo anti-tumor effect was evaluated in tumor-bearing mice. In the experiment, the dosage was relatively low. Each free drug treatment group did not show significant tumor inhibition. There was no significant difference in tumor size between the free drug group and the negative control group. But the two CNC NPs treatment groups showed an excellent therapeutic effect, and most of the tumors were ablated. The group with ultrasound triggering had significantly better inhibition than that of the group without ultrasound triggering.



Conclusion

The CNC NPs fully meets original expectations of the study. The NPs can enter the systemic circulation through intravenous injection and maintain a prolonged circulation time in vivo. The PFH phase transition of CNC NPs in tumor tissue triggered by ultrasound leads to the breakage of the PDA shell and the release of IR780 and DOX. After that, the remaining PDA is gradually degraded in the acidic environment of tumor tissue and cells, releasing the loaded drug completely. Under laser irradiation, IR780 and residual PDA play the role of PTT agents. IR780 was used as the probe of NIFI and PTT molecule, while DOX can ablate the remaining tumor cells, fully realizing the in vivo monitoring and synergistic effect. All the steps were verified by relevant experiments. This study provides experimental evidence for the development of a new treatment for TNBC.
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At present, the clinical diagnosis of and treatment methods for hepatic carcinoma still fail to fully meet the needs of patients. The integrated theranostic system, in which functional materials are used to load different active molecules, created a new developmental direction for the combination treatment of hepatic carcinoma, realizing the synchronization of diagnosis and treatment. In this study, polydopamine (PDA), which has the functions of self-assembly, encapsulation, photothermal conversion, and photoacoustic interaction, was used as the carrier material.  The IR780, a near-infrared fluorescence imaging (NIFI), photoacoustic imaging (PAI), and photothermal therapy (PTT) agent, and paclitaxel (PTX), a broad-spectrum chemotherapy drug, were selected to build the NIF/PA dual-mode imaging and PTT/chemo synergistic theranostic nanoparticles (DIST NPs). The DIST NPs have a 103.4 ± 13.3 nm particle size, a weak negative charge on the surface, good colloidal stability, slow and controlled drug release, and high photothermal conversion ability. The experiments results showed that the DIST NPs have a long circulation in vivo, high bioavailability, high biocompatibility, and low effective dose. DIST NPs showed an excellent NIFI/PAI dual-mode imaging and significant synergistic antitumor effect in hepatic carcinoma models. DIST NPs met the initial design requirements. A set of fast and low-cost preparation methods was established. This study provides an experimental basis for the development of new clinical theranostic methods for hepatic carcinoma.
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Introduction

According to statistics, more than 900,000 new cases and more than 830,000 deaths from hepatic carcinoma were recorded worldwide in 2020. Among them, China accounts for 45.3% of new cases and 47.1% of deaths of the world data (1–3). At present, hepatic carcinoma is mainly diagnosed by imaging, identification factors test, and pathological analysis. However, the effect is not satisfactory. When patients are diagnosed with hepatic carcinoma, most of them have reached the middle and advanced stage, which is difficult to treat with surgical treatment. The patients can only focus on non-surgical local treatment and systematic treatment (4, 5). Even those who can undergo surgical resection still face postoperative recurrence and metastasis (6). Medicine therapy has made some progress in recent years, and the median survival rate of patients has improved (7, 8). Nevertheless, the overall treatment effect is still far from expected. Therefore, it is urgent to develop a new diagnosis and treatment technology for hepatic carcinoma. Because of the characteristics of tumor, such as heterogeneity, diversity, and complexity, a single treatment or diagnosis method often fails to ensure comprehensiveness. Therefore, theranostics, the integration of diagnosis and treatment, of which the purpose is to realize the effects of diagnosis adjuvant treatment and simultaneous diagnosis, came into being. Theranostics has prominent advantages in clinical tumor treatment (9).

In the integrated theranostics system, various diagnosis and treatment functions must be integrated under reasonable technology, supporting each other and working together. PAI is a new medical imaging technology combining ultrasound and optics. Its main mechanism is that the agent absorbs external energy, resulting in local heat, thermoelastic expansion, and transient acoustic signals. Various biological tissues have different absorption coefficients. After measurement and reconstruction, the photoacoustic data of the corresponding tissue was converted into images (10, 11). PAI has the advantages of high spatial resolution, large imaging depth, non-ionized radiation, and low cost. In addition, it can also show the physiological tissue structure, function, metabolism, and other characteristics and provide more information on the images through endogenous or exogenous molecular probes. The PAI has opened up new ways for clinical imaging of different purposes, including brain function imaging, tumor monitoring, and skin lesion detection (12, 13). The commonly reported molecular probes include hemoglobin, melanin, lipids, and various compounds with photothermal effects (14, 15). As a molecular probe that can be used for PAI, NIF dyes with strong fluorescence emission characteristics have natural advantages for the PAI and NIF dual-mode imaging. NIFI is a non-invasive, fast, and simple imaging method. Its detection wavelength was longer than 700 nm, which has an excellent tissue penetration, and a weak tissue absorption. It is an ideal method in optical imaging (16). IR780, a lipophilic NIF dye, has been widely used in various in vivo imaging studies (17). In addition, it also has a strong photothermal conversion performance. The dye could perform PAI and NIFI simultaneously. However, it is almost impossible to obtain a satisfactory effect based solely on a function of IR780. Reasonable utilization of diversified materials is bound to be the primary selection. Melanin, another PAI contrast agent, also attracted much attention. Dopamine, a biological neurotransmitter, can form dopamine quinone structures in an alkaline environment, polymerizing into PDA, which is also known as artificial melanin (18–21). In addition to PAI function, PDA is also used in nano drug delivery systems (22–24). Therefore, the combination of PDA and IR780 can meet the requirements of NIFI and PAI dual-mode imaging of hepatic carcinoma. PDA, like IR780, also has a photothermal conversion effect, further providing the therapeutic effect. Overall, this combination fully meets the needs of establishing an integrated theranostics system.

PTT is a novel tumor treatment technology. The photothermal conversion agent accumulated in the tumor generates heat energy under an external light source irradiation, causing tumor cell damage and necrosis and tumor tissue thermal ablation. The action time of PTT is short, but the therapeutic effect is remarkable. After PTT, the trauma is minor, and the side effects are insignificant (25, 26). However, PPT is not a perfect treatment for tumors. This is because, the inherent biological complexity and dynamic changes of tumors make PTT difficult to completely ablate tumor tissues, weakening the effect of treatment. If another method could be combined with PTT, and remedy the defect, the treatment will obtain a better effect. In the PTT treatment process, it can also promote the permeation and cell absorption of chemotherapeutic drugs, improving chemotherapy. The advantage could overcome the defect of PTT. Therefore, PTT and chemotherapy have a synergistic therapeutic effect (27, 28). Although having apparent advantages, the traditional combination therapy is still not capable of a synergistic tumor therapy. The reason is that there are substantial pharmacokinetic differences between different drugs or active molecules. It is challenging to achieve synchronous and sufficient accumulation in complex tumor tissues (29, 30). Therefore, the key to solving this problem is to deliver and accumulate various therapeutic molecules into the tumor synchronously.

Nano drug carriers bring new ideas to solve these problems. They can improve the bioavailability of therapeutic molecules, eliminate the difference in metabolic kinetics, and improve tumor tissue accumulation to overcome the limitations of a direct administration (31–33). Based on this, we intend to build a nanocarrier by PDA, IR780, and PTX to integrate NIFI/PAI dual-mode imaging and PTT/chemotherapy functions in one system through the nanocarrier technology to develop a new system for the theranostics of hepatic carcinoma. In this system, PDA is the essential material. Firstly, PDA was used as a coating material with a good loading performance. PTX and IR780 that contain aromatic ring structures can be loaded in PDA nanocarriers through π-π stacking and hydrogen bonding effects (34, 35). Secondly, as an artificial melanin, PDA also has good PAI and PTT abilities. In addition, the nanocarriers formed by PDA can also realize the ultra-long circulation and pH-responsive release in vivo (24, 36). These properties ensure that the prepared nanocarriers can effectively integrate a variety of functions. More importantly, the preparation process is straightforward, fast, and cheap. It can provide an experimental basis for developing new clinical treatment methods for hepatic carcinoma.



Materials and Methods


Materials

Dopamine hydrochloride and PTX were purchased from Sigma Aldrich Co., Ltd. Coumarin 6, IR780, and Pluronic F127 were purchased from Aladdin Co., Ltd. CCK-8 kit was purchased from Topscience Inc. DAPI kit was purchased from Biotech Ltd. The apoptosis detection kit was purchased from Beyotime Inc. Biotechnology. IL-6 detection kit and TNF-α test kit were purchased from Wuhan Servicebio Ltd. The other chemical reagents were purchased from Sinopharm Lnc. The Huh-7, BEL-7402, HepG-2, and HL-7702 Cell lines were all derived from ATCC. The BALB/C mice and BALB/c-nu/nu mice were purchased from Beijing HFK Biotechnology Ltd. The CB-17 SCID mouse was purchased from Charles River (Beijing) Experimental Animal Technology Ltd. Unless otherwise stated, all the chemicals and reagents were of analytical grade and used as received.



Preparation of the Dual-Mode Imaging and PTT/Chemo Synergistic Theranostic Nanoparticles

In a round bottom flask, 4 ml of Tris HCl (0.5 mg/ml, water) was placed. A total of 1 mg of PTX and 4 mg of Pluronic F127 was dissolved in 200 μl of DMSO. The solution was added dropwise to the Tris HCl solution under stirring (800 rpm). And then, 100 μL of IR780 (20 mg/ml, DMSO) was added to the solution. The solution was stirred continuously for 20 min before being treated by a 150 W ultrasound for 5 min. After that, 1 ml of dopamine hydrochloride solution (10 mg/ml, water) was slowly added to the solution above. After stirring for 5 min, the solution was sealed and rotated in the dark for more than 72 h. Then, the solvent and soluble impurities were removed by dialysis against the Tris HCl solution, and the precipitations were removed by low-speed centrifugation to obtain the final DIST NPs solution.



Dual-Mode Imaging and PTT/Chemo Synergistic Theranostic Nanoparticles Performance Characterization

The particle size and zeta-potential distributions of DIST NPs were detected by the dynamic light scattering method. The morphology of DIST NPs was observed by a transmission electron microscope (TEM, Tecnai G2 F20 U-TWIN, FEI, USA). The DIST NPs were decomposed in an acidic environment to release PTX and IR780. Chloroform was used to extract the two substances. The concentrations of PTX and IR780 were detected by HPLC and fluorescence spectrophotometry, respectively. Then, the encapsulation rate and drug loading capacity of DIST NPs were calculated. The particle size changes of DIST NPs in PBS, complete medium, and fetal bovine serum were continuously measured to determine their colloidal stability in different physiological environments. The release degree of DIST NPs under different pH and temperature conditions were detected by the dialysis method. In evaluation of the photothermal conversion, different parameters, such as concentrations and irradiation time, were set, and temperature was measured by a thermal imager (E4, Teledyne FLIR, USA). The wavelength of the laser is 808 nm. In vivo evaluation of thermal conversion was performed in the BALB/c mouse model. The mice were depilated by a cream for a more effective observation. The DIST NPs was subcutaneously injected in the crotch of mouse. Subsequently, the 808-nm laser was used to irradiate the injection area. The infrared thermal imager was employed to measure the temperature.



Dual-Mode Imaging and PTT/Chemo Synergistic Theranostic Nanoparticles In Vitro Delivery

After referring to a variety of preparation protocols, DIST NPs were labeled with coumarin 6 to have a green fluorescence (24, 36). BEL-7402 cells were then planted in 3.5-cm glass-bottom dishes (1 × 105 cells/dish) and cultured at 37°C and 5% CO2 for 48 h. Then, the cells were incubated with fluorescence-labeled DIST NPs and observed at different time points by a laser scanning confocal microscope (TCS SPT, Leica, Germany). In order to determine the internalization effect of DIST NPs, the cells were treated with sodium azide, an endocytosis inhibitor, and incubated with DIST NPs for confocal observation and comparison.



Tumor Inhibition Effect of the Dual-Mode Imaging and PTT/Chemo Synergistic Theranostic Nanoparticles In Vitro

The cell inhibition of DIST NPs in vitro was tested by CCK-8 assay. The hepatic carcinoma cell lines (Huh-7, BEL-7402, HepG2) and a normal hepatic cell line (HL-7702) in their logarithmic growth phase were inoculated into 96-well plates (8 × 103 cells/well). Then, the DIST NPs, PTX, IR780, and PDA were added, respectively. The cells were cultured at 37°C and 5% CO2. After the cells in the control wells reached 90% confluence, the obsolete medium in the well was removed, and the colorless cultured medium containing 10% CCK-8 was added. The cells were incubated for 2 h before being put it into a plate reader (ELx800, BioTek, USA) to measure the absorbance at 450 nm each well for the cell viability calculation.

The combined treatment of PTT-chemotherapy was evaluated by CCK-8 assay, colony formation test, and flow cytometry method. The cell lines were Huh-7, BEL-7402, and HepG2. In the CCK-8 assay, the cells were inoculated into 96-well plates (4 × 104/well) at 37°C and 5% CO2 for 24 h. After the DIST NPs, PTX, IR780, and PDA were added, the cells were irradiated with an 808-nm laser, and then incubated for 6 h. The culture medium was replaced by the colorless culture medium containing CCK-8. The cells were incubated for 2 h before being put into a plate reader to measure the absorbance at 450 nm for the cell viability calculation. In the colony formation test, 500 μl of cell suspension (2,000 cells/ml) was added into a 1.5-ml centrifuge tube. The sample was added, and laser irradiation was performed, and then the cell suspension was transferred to a 6-cm plate and cultured for five days. After that, the colony was stained for observation. After the cells were treated with PTT, chemotherapy, and combination therapy, the cells were stained with a cell apoptosis kit and tested by a flow cytometer (Accuri C6 Plus, BD, USA).



In Vivo Toxicity of the Dual-Mode Imaging and PTT/Chemo Synergistic Theranostic Nanoparticles

DIST NPs are supposed to be injected intravenously, and their circulation time should be long in the body. Therefore, it is necessary to evaluate whether the DIST NPs and their components can cause hemolysis. A 2% erythrocyte suspension was prepared and divided into groups. Then, the DIST NPs and their main components were added to the test groups, respectively. The water, saline, and 0.1% Triton X-100 were added to the control groups, respectively. The red blood cells were incubated at 37°C for 2 h. The supernatant was replaced by the same amount of water after centrifugation before another 4 h of incubation. The absorbance wavelength at 540 nm in each group was measured by a microplate reader, and the hemolysis rate was calculated.

In the acute toxicity test, 40 BALB/c mice, half male and half female, weighing about 20 g, were selected and randomly divided into four groups. DIST NPs, PTX, IR780, and PDA were intravenously injected into the mice, respectively. All the samples injected were adjusted to the equivalent PTX concentration of 5 mg/kg or IR780 concentration of 10 mg/kg. The mice were prohibited from food and water 6 h before injection and were resumed for 2 h after the injection. The mice were observed continuously for 14 d. The symptoms were recorded, and the survival rate was calculated. Finally, the surviving mice were euthanized. The main organs were taken for pathological analysis.

The levels of interleukin-6 (IL-6) and tumor necrosis factor (TNF-α) in the blood of mice were tested by the ELISA kit to evaluate whether the DIST NPs can cause a systemic inflammatory reaction in vivo. The grouping is the same as the acute toxicity test except that there were four mice in each group. The samples were injected through the tail vein, and the blood samples were collected 24 h after injection.

All the animal experiments in this study were approved by the Laboratory Animal Administration Committee of Xi’an Medical University. The protocols for the animal experiments followed the Guidelines for the Use and Care of Experimental Animals at Xi’an Medical University. The Animal Ethics Approved Document Number is XY-AUC-2020-341.



In Vivo Hepatic Carcinoma Model

Four-week-old female BALB/c-nu/nu mice were reared in an SPF room for five days for acclimation. Then, 150 μl of the BEL-7402 cell suspension (1 × 106/ml) was injected into the crotch of each mouse. The tumor-bearing mice were used for subsequent experiments after their tumors grew to a suitable volume.

The orthotopic hepatic carcinoma model was established by CB-17 SCID mice. The 6-week-old female mice were reared in the SPF room for five days. After their abdominal hairs were removed, the mice were given general anesthesia through the inhalation of isoflurane and were fixed on the operating platform. A vertical incision with a length of 1 cm was cut below 1 cm of the xiphoid process. The peritoneum was cut, and the wound was expanded with a retractor. A small wound with 3–5 mm length and 1–2 mm depth was gently drawn on the surface of the liver. The fresh tumor tissue obtained from the subcutaneous tumor was planted in the wound. The wound on the liver was bonded with surgical glue. After the major wound was disinfected and sutured, lidocaine was injected subcutaneously by the side of the wound for analgesia. The mice were placed in a clean cage for observation and were given high nutritional feed. Their wounds were disinfected every day. After their wounds recovered, the mice were continually checked by abdominal touch. Once the clear indurations were found, the mice were used for subsequent experiments.



Dual-Mode Imaging and PTT/Chemo Synergistic Theranostic Nanoparticles In Vivo Imaging

In the NIFI investigation, two orthotopic hepatic carcinoma model mice were injected with the DIST NPs and the same concentration of IR780 solution, respectively. The distribution of fluorescent signals in mice was continuously observed by the IVIS imaging system (PE, USA). The excitation and emission wavelengths were 780 nm and 845 nm, respectively. After the observation, the mice were euthanized, and the main organs and tumor tissues were taken out to analyze the distribution of the DIST NPs in the tissues.

In the PAI experiments, two subcutaneous tumor-bearing mice were injected with the DIST NPs and the same concentration of IR780 solution, respectively. The coupling agent was evenly coated on the mice. Wrapped with film and maintained with anesthesia, the mice were fixed in the supporting device and placed in the water tank for PAI. The excitation wavelength was 780 nm, and the emission range was 800–900 nm.



Tumor Treatment of the Dual-Mode Imaging and PTT/Chemo Synergistic Theranostic Nanoparticles In Vivo

A total of 25 single side tumor-bearing mice were divided into five groups. The treatment methods were normal saline, IR780 + laser, PTX, IR780 + PTX + laser, and DIST NPs + laser. The dosage was calculated according to the concentrations of PTX and IR780, which were 1 mg/kg and 2 mg/kg, respectively. The dosage was determined in the pre-experiment, which could effectively demonstrate the difference of the treatment effect between the treatments. The ratio of IR780 and PTX causes the preparation craft of DIST NPs, that is 2:1. The administration was through intravenous injection. The laser irradiation time after injection was determined according to the experimental results of in vivo imaging. The irradiation wavelength, power, and time were 808 nm, 1 W/cm2, and 2 min, respectively. The whole treatment process was conducted twice a week. The size of tumors and the weight of mice were measured continually, and the tumor area was photographed. After 21 d, the mice were euthanized, and the tumor tissues were taken, weighed, and photographed.



Statistical Analysis

The two-way ANOVA and t-test were used for statistical analysis. The software was GraphPad prism 5.0. The data of independently repeated experiments were presented as the mean values ± standard deviation (SD). A P-value less than 0.05 indicated a statistical difference.




Results


Characteristics and Performance of the Dual-Mode Imaging and PTT/Chemo Synergistic Theranostic Nanoparticles

As shown in Figures 1A, B, the size and surface potential distributions of the DIST NPs are 103.4 ± 13.3 nm and -16.7 ± 3.8 mV, respectively. The TEM results in Figure 1C show that the DIST NPs have a spherical shape, mono-dispersity, and uniform particle size. Further observation by high-resolution TEM shows that the DIST NPs are dense solid spheres (Figure 1D). The result preliminarily determined that the DIST NPs were successfully constructed. The overall particle size meets the requirements of effectively entering the tumor tissue through the enhanced permeability and retention (EPR) effect. Their surfaces are relatively smooth and negatively charged, indicating that they can effectively escape from the clearance by the reticuloendothelial system in vivo and are expected to maintain a long circulation time. The encapsulation rates of DIST NPs for PTX and IR780 are 93.4 ± 3.1% and 92.3 ± 4.8%, respectively. The drug loading capacities of the DIST NPs for PTX and IR780 were 12.7 ± 4.1% and 24.9 ± 5.8%, respectively. The stability evaluation results of the DIST NPs are shown in Figures 1E–G. The size of the DIST NPs did not change significantly under various simulated physiological environments, indicating a good colloidal stability of the DIST NPs.




Figure 1 | The characteristics and morphology of the DIST NPs. The size distribution (A) and zeta potential distribution (B) of the DIST NPs. The TEM (C) and high-resolution TEM (D) results of the DIST NPs. The colloid stability evaluated by the size change of the DIST NPs in various solvent and temperature environments. The quantitative experiment was repeated three times (E–G).



According to the in vivo delivery requirements, the DIST NPs should have long circulation and pH/temperature responding release abilities. Figure 2A shows the IR780 release curve of the DIST NPs in PBS at room temperature. Free IR780 exhibited an apparent burst release in which most of the IR780 was released within 2 h. However, only approximately 12% of IR780 in the DIST NPs was released in 72 h, indicating a good encapsulation stability of the DIST NPs. Figure 2B is the release curve of the DIST NPs under different pH environments. The release degree gradually increased with the decrease of the pH value. This scenario demonstrates that the DIST NPs can effectively release their loaded drugs under the acidic environment in tumor tissues and cells. Figure 2C shows the release curve of the DIST NPs at different temperatures. The temperature elevation promoted the release, indicating that the increase of temperature is also conducive to the drug release of the DIST NPs during PTT. Figure 2D shows the photothermal conversion results of the DIST NPs. With the same concentration, the temperature of the DIST NPs solution gradually increases with the extension of the irradiation time. The maximum temperature was 65°C. As shown in Figure 2E, there is a concentration-effect relationship between the concentration and temperature of the DIST NPs under the same irradiation power and time length. The 243 μg/ml DIST NPs had a maximum temperature of 64°C. The photothermal conversion effects in vivo are shown in Figures 2F, G. It can be seen that the DIST NPs can still absorb the laser energy and generate heat under the skin of mice. Their temperature reached more than 55°C in 3 min under irradiation. The temperature rise exhibited a positive relationship both with the concentration and irradiation time. These results indicate that the DIST NPs can be used for photothermal treatment in vivo.




Figure 2 | The releasing test results and photothermal properties of the DIST NPs. The IR780 releasing curve of the DIST NPs in the PBS solution with free IR780 as a control (A). The releasing results of the DIST NPs in different pH environments. The pH 5.2 and 6.5 simulated the pH environments in the lysosome and tumor microenvironment, respectively (B). The releasing degrees of the DIST NPs under different temperatures. The 65°C and 56°C simulated the maximum temperature that the DIST NPs can get under laser irradiations in vivo and in vitro, respectively (C). The photothermal conversion results of the DIST NPs (D). The temperature elevation of the DIST NPs with different concentrations (E). The temperature elevation of the DIST NPs under the skin of mice. The temperature rise in different irradiation time (F), and in different injection dose (G). The quantitative experiment was repeated three times. The ** represents p < 0.01; and ***p < 0.001.





The Cell Delivery of the Dual-Mode Imaging and PTT/Chemo Synergistic Theranostic Nanoparticles

According to our previous study, DIST NPs were labeled with a green fluorescence for confocal microscopic observation (36). The results show that the DIST NPs can effectively enter the BEL-7402 cells. As shown in Figure 3A, with the extension of the incubation time, the intensity of intracellular fluorescent signal gradually increased, gathering in the cytoplasm. In the quantitative analysis of fluorescent signals (Figure 3B), the fluorescent intensity of the cytoplasm is gradually enhanced compared with that of DAPI in the nucleus. In order to prove that the DIST NPs entered the cells through endocytosis, sodium azide was used to pretreat the cells. As shown in Figure 3C, the fluorescent signal in the sodium azide-treated cells was significantly weaker than in the untreated cells. There is a significant difference between the two groups. The results show that the DIST NPs entered the cells through endocytosis and gradually released the drugs in the cytoplasm.




Figure 3 | The cell endocytosis test results. The endocytosis effect (A) and fluorescence quantitative analytics (B) results of the DIST NPs. The endocytosis inhibition and fluorescence quantitative analytics results of the DIST NPs (C). The data of signal quantitation were extracted at more than three areas. The * represents p < 0.05.





Tumor Inhibition Effect of the Dual-Mode Imaging and PTT/Chemo Synergistic Theranostic Nanoparticles In Vitro

The CCK-8 assay results are shown in Figure 4A. PDA and IR780 showed no significant toxicity in all four cell lines. The inhibitory effects of PTX and DIST NPs in all four cell lines rose with the increase of their concentrations and with no significant difference between them. The results showed that the DIST NPs effectively released the loaded PTX after entering the cells, performing a cell inhibitory effect. The PTT was introduced in the later CCK-8 assay (Figure 4B). With the 808-nm laser irradiation, the DIST NPs, IR780 and PDA groups showed apparent cell inhibitory effects. It is worth noting that the cell survival rate of the DIST NPs treatment group was lower than those of the IR780 + laser irradiation group and PTX treatment group. These results fully prove that the DIST NPs can effectively play the synergistic effect of PTT and chemotherapy in cells. The colony formation assay results (Figure 4C) further prove that the DIST NPs had excellent synergistic therapeutic effects. There was no significant difference in the numbers of clones between the DIST NPs group and the PPT + IR780 + laser irradiation group. The results of flow cytometry analysis (Figure 4D) show that the DIST NPs can effectively induce cell apoptosis, of which, the therapeutic effect is better than that of chemotherapy or PTT alone.




Figure 4 | The in vitro cell inhibition results of the DIST NPs in Huh-7, BEL-7402, HepG2, and HL-7702 cells (n = 3) (A). The in vitro PTT effect of the DIST NPs and their main components (n = 3) (B). The colony formation test results of the DIST NPs and their main components (n = 3) (C). The flow cytometry results (D). The * represents p < 0.05; **p < 0.01; and ***p < 0.001.





Dual-Mode Imaging and PTT/Chemo Synergistic Theranostic Nanoparticles In Vivo Toxicity

Before testing the in vivo imaging and antitumor effect, the in vivo safety of the DIST NPs needs to be evaluated. It is notable to point at whether the DIST NPs and their main components would cause hemolysis after intravenous injection. The results are shown in Figure 5A. The DIST NPs and their main components, PDA, IR780 PTX, and Pluronic F127, did not cause a significant erythrocyte rupture, while the hemolysis rate of the positive control group was 90%. The results show that the DIST NPs have an injection safety. The acute toxicity of the DIST NPs was evaluated by BALB/c mice. As shown in Figure 5B, within 14 d, no mouse died in the DIST NPs-treated group, and no adverse symptoms such as convulsion, depression, and appetite loss were found in mice except a few mice in the PTX-treated group. The survival statuses of mice in the PDA- and IR780-treated groups were also acceptable. Only three mice in the PTX-treated group died, and some mice had symptoms such as anorexia, weight loss, and mental malaise. In the pathological analysis of the mice organs (Figure 5C), the DIST NPs group mice only had a little lymphocyte infiltration in the liver, and no significant pathological changes were found in the other main organs. The blood concentration of two inflammatory factors, IL-6 and TNF-α, were measured (Figures 5D, E). Only two inflammatory factors of the PTX- and Pluronic F127-treated mice increased to a certain level, and the other groups, including a control group treated with normal saline, maintained a low inflammatory factors concentration. These results prove that the DIST NPs have a good biocompatibility in vivo and can be safely applied.




Figure 5 | In vivo toxicity evaluation of the DIST NPs. The hemolysis test results of the DIST NPs. Pluronic F127 is the main surfactant in preparation of the DIST NPs. Therefore, the toxicity should be evaluated (n = 3) (A). The in vivo acute toxicity test results of the DIST NPs on the BALB/c mice (B). The pathological analysis of the DIST NPs and the main components to the heart, liver, and kidney (C). The effects of the DIST NPs and its components to the main inflammatory factors in vivo (n = 4) (D, E).





Dual-Mode Imaging and PTT/Chemo Synergistic Theranostic Nanoparticles In Vivo Imaging

Firstly, the NIFI of the DIST NPs was evaluated on the orthotopic hepatic carcinoma model mice. As Figure 6A shows, in the DIST NPs-injected mice, the fluorescent signals began to accumulate in the abdomen 1 h after injection. The fluorescent intensity increased continuously over time, reached its highest at 24 h, and maintained through to 48 h, then decreased slowly. The fluorescent signal in the tumor was maintained until 72 h, showing an excellent in vivo NIFI effect. Moreover, the result also demonstrated that the DIST NPs could significantly prolong the internal circulation time of IR780. This property is crucial for the application of in vivo monitoring. After euthanasia, the residual signals in the main organs and tumors were detected (Figure 6B). There are only weak signals in the lungs and tumors of the mouse injected with IR780. In contrast, the DIST NPs-treated mice have apparent signals in the tumors and livers. However, the signals of metastatic lesions and spleen are relatively low. The results show that the DIST NPs can prolong the circulation time of drugs and can be effectively enriched in liver tumors, showing a good NIFI ability.




Figure 6 | The in vivo NIFI effects of the DIST NPs. The dynamic distributions of the NIF signal distributions of IR780 and DIST NPs in the orthotopic hepatic carcinoma model mice (A). The photographs were taken in supine position (left) and lateral position (right), respectively. Within each position, the left photo is the IR780-treated mouse and the right one is the DIST NPs-treated one. The residual fluorescent signals and their quantitative results in the organs and tumors of the mice (B). The data of signal quantitation were extracted at more than three areas. The *** represents p < 0.001.



PAI results are shown in Figure 7A. After injection, no obvious PA signal was found in the tumor area of the two mice. Later, the PA signal of the IR780-treated mice was consistently weak. In contrast, the PA signal of the DIST NPs-treated mice gradually gathered in the tumor over time. At 12 h, an obvious PA signal was detected in the tumor. At 24 h, the tumor PA signal was further enhanced. The PA signal reached its highest point at 36 h and began to drop gradually after that. At 48 h, there was still a weak signal in the tumor area. In this case, the PA signal did not only originate from IR780, but also came from PDA. The PDA was gradually degraded in the tumor tissue; therefore, the weakening of the signal was consequent on the decomposition of PDA. The quantitative results of the PA signal intensity are shown in Figure 7B. The PA signal changing trends of the two groups were significantly different. The signal of the DIST NPs group is much higher than that of the free IR780 group, even the PDA has been degraded. The results show that the DIST NPs can effectively realize tumor PAI.




Figure 7 | The in vivo PAI results of the DIST NPs. The dynamic distributions of PA signal (A) and quantitative analysis of PA signal in the double-tumor mice (B). The ** represents p < 0.01; and ***p < 0.001.





Antitumor Effect of CNC Nanoparticles In Vivo

The antitumor effect of DIST NPs in vivo was evaluated by the subcutaneous tumor model of hepatic carcinoma. Figure 8A shows the tumor growth curve. The graph indicates that the free PTX-treated mice did not show a significant antitumor effect at the dose of 1 mg/kg. IR780 also failed to inhibit tumor growth even with the 808-nm laser irradiation assistance, leaving only a few burning marks on some tumors. A similar situation prevails in the chemotherapy + PTT combined treatment group, there was no apparent inhibitory effect either. No significant difference in the tumor growth rate was found between the above three groups and the normal saline group. In contrast, the DIST NPs group showed an excellent antitumor effect. The tumors of four of the five mice were completely ablated. The average tumor volume was close to the lowest value after 10 d. Figure 8B shows the photographs of all the mice during the treatment. The tumors of mice in the DIST NPs group showed burning signs very early. After the scab, the treated area had recovered. However, the tumors of the other four groups kept on growing. Figure 8C shows the photographs of all the tumors taken out of the mice after euthanasia. Only very tiny tumors were found in the DIST NPs group. There is no significant tumor volume difference between the other four groups. The tumor weight results (Figure 8D) also show the same scenario. In addition, the average body weight of mice in the DIST NPs group was decreased in the first week, and then it continuously increased until the end of the experiment. However, the bodyweight of mice in the other groups decreased significantly (Figure 8E). These results further prove the therapeutic effect and in vivo safety of the DIST NPs.




Figure 8 | The antitumor effect of the DIST NPs in vivo. The tumor volume growth curve of each group (n = 5) (A). The photographs of all the mice in the tumor treatment experiment (B). The photographs of the residual tumors taken out after the treatment. The red circles represent the ablated tumors (C). The tumor weighing results (n = 5) (D). The mean weight changing curve of the mice in the experiment (n = 5) (E). The *** represents p < 0.001.






Discussion

Based on the estimation of the WHO, more than 1 million patients worldwide will die of hepatic carcinoma in the year 2030. Currently, surgical resection is still the primary treatment for hepatic carcinoma. However, hepatic carcinoma is more likely transformed from hepatitis and liver cirrhosis. Most liver tumors are in their middle- and late-stage when diagnosed, and less than 30% of them can be removed by surgical resection. Those patients who received surgeries still have a recurrence and metastasis rate of more than 70% within five years (37–39). Image-guided tumor ablation is the most commonly used treatment in the clinic (37, 40). PAI, a new molecular imaging technology, has the advantages of being non-invasive and non-ionized. Meanwhile, high selection and high penetration depth make PAI capable of tracking the occurrence and development of various tumors. Hence, PAI is suitable for tumor diagnosis and treatment monitoring (41, 42). It generates heat during the operation and is naturally related to PTT. The two can be combined to establish an integrated diagnosis and treatment system. Both melanin and NIF dyes can be used as molecular probes for PAI, and they also have a PTT effect. PTT is often used in combination with chemotherapy to achieve the effect of a synergistic treatment. Therefore, a multifunctional nanocarrier with NIFI/PAI optical dual-mode imaging and PTT/chemotherapy combined therapeutic functions was constructed in this study. With PDA as the encapsulation material, the NIF dye IR780 with photothermal effect, and the chemotherapy molecule PTX were wrapped in a nanoparticle. Those functional molecules can be delivered to tumor tissues synchronously, achieving the effects of long-term circulation, high bioavailability, and low toxic and side effects. The DIST NPs have a compact spherical structure, smooth and weak negative charged surface, and a size of approximately 100 nm. DIST NPs have good mono-dispersity and colloidal stability in various physiological solution environments. There is neither agglutination nor precipitation in the long-term observation, and their overall particle size remains well. DIST NPs stably loaded the drugs with only a small amount of release in the neutral pH environment. When the temperature rises or the pH decreases, the DIST NPs will decompose and gradually release the payloads. In the subsequent cell experiments, the result preliminarily proved that the DIST NPs enter the hepatoma cells by active transportation (endocytosis). These properties ensure that the DIST NPs can effectively tackle the clearence after entering the body. This feature improves their stability and prolongs their circulation time in the body, increasing the dose of drugs delivered to the tumor by NPs through the EPR effect. After that, PTT and chemotherapy effects of the DIST NPs were demonstrated. Based on the results above, we consider that the DIST NPs could perform the NIFI/PAI optical dual-mode imaging and PTT/chemotherapy combined therapeutic functions.

The purpose of the diagnosis and treatment integration is to realize the effect of diagnosis adjuvant treatment and the synchronous diagnosis with therapy (9). Therefore, an accurate diagnosis method is fundamental in the whole system. The imaging method is the most intuitive and reliable method for tumor diagnosis. During the PAI process, the laser pulses are guided to a specific tissue site. The contrast agents enriched in the site absorb energy, generate heat in surrounding tissues through vibration relaxation, and generate pressure waves and ultrasonic signals (43, 44). This technology depends on endogenous or exogenous PA signal molecules. Nanomaterials can be equipped with unique physical and chemical properties such as light, heat, magnetism, electricity, and chemistry. Many nanomaterials have been used in PAI (45–49). As an alliance in imaging, fluorescence imaging has become one of the most effective technologies in life system monitoring with high timeliness (50). NIF has become an essential method in fluorescence imaging because of its good tissue penetration, low tissue absorption, and low cost (16). As a NIF dye, IR780 has a good photothermal effect and can be used for NIFI/PAI dual-mode imaging. The coating material PDA also has characteristics similar to melanin and can also be used for PAI. These ingredients ensure the NIFI/PAI dual-mode imaging function of DIST NPs. The in vivo imaging effect of the DIST NPs was verified in the hepatic carcinoma model mice. In the orthotopic hepatic carcinoma model mice, DIST NPs showed an excellent tumor tissue accumulation ability. The signals were detected in the abdominal tumor area only one hour after injection and gradually increased over time. The signals remained at a high level from 12 to 48 h and could still be detected until 72 h. DIST NPs considerably prolonged the in vivo circulation time and tumor enrichment of IR780 and played an excellent tumor NIFI effect compared with the directly injected free dye. The PAI results showed that, compared with free IR780, the DIST NPs have obvious PA signals in the tumor area. The high-intensity signals were maintained for more than 36 h after injection. These results fully prove that the DIST NPs can perform NIFI/PAI dual-mode imaging.

Finally, the in vivo toxicity and antitumor effect of the DIST NPs were evaluated in the tumor model mice. As intravenously administered nanoparticles, DIST NPs should not influence the red blood cells. Through the hemolysis experiment results, DIST NPs has been proven to possess a good injection safety. The DIST NPs did not cause any apparent hemolysis. The hemolysis rate of the components of the DIST NPs did not exceed 5%. Later in the acute toxicity experiment, DIST NPs did not cause mouse death and obvious organ pathological changes, showing a good biocompatibility. PDA and IR780 did not show an apparent toxicity during the experiment. Only the mice in the PTX treatment group died. However, the overall survival rate reached 70% due to the low PTX dose. Pathological and inflammatory factor analysis results also confirmed the low toxicity of the DIST NPs. Overall, the DIST NPs have a good biosafety. DIST NPs showed excellent tumor intervention effects in vivo. In the experiment, PTX and IR780 in all treatment groups were 1 mg/kg and 2 mg/kg, respectively. Such doses had almost no significant therapeutic effect in the other three free drug control groups but had a significant tumor inhibition in the DIST NPs group. Until the end of the experiment, four out of five mice had their tumors completely ablated. A relatively small tumor remained in only one mouse. The weight and physiological status of the DIST NPs-treated mice were also significantly better than those of the other groups. These results fully prove that the DIST NPs can effectively exert the synergistic effect of PTT/chemotherapy in vivo.



Conclusion

Aiming at the shortcomings of the clinical diagnosis and treatment of hepatic carcinoma, according to the concept of theranostics, we designed and prepared the DIST NPs, multifunctional nanoparticles with NIFI/PAI dual-mode imaging, and PTT/chemotherapy functions. The delivery, imaging and anti-hepatic carcinoma effects of the DIST NPs were evaluated in vivo and in vitro. The results show that the DIST NPs fully achieved the original goals. At the cellular level, they can enter the hepatoma cells through endocytosis and release the loaded active molecules, realizing the synergistic PTT and chemotherapy effect. In the mice model, DIST NPs did not show apparent toxic and side effects. DIST NPs showed excellent NIFI and PAI effects. The in vivo signals were strong and lasted for a long time. The DIST NPs still showed an excellent in vivo antitumor effect and ablated most tumors at a low dose level. This study provides experimental evidence for the development of a new treatment for hepatic carcinoma.
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Cerenkov luminescence tomography (CLT) has attracted much attention because of the wide clinically-used probes and three-dimensional (3D) quantification ability. However, due to the serious morbidity of 3D optical imaging, the reconstructed images of CLT are not appreciable, especially when single-view measurements are used. Single-view CLT improves the efficiency of data acquisition. It is much consistent with the actual imaging environment of using commercial imaging system, but bringing the problem that the reconstructed results will be closer to the animal surface on the side where the single-view image is collected. To avoid this problem to the greatest extent possible, we proposed a prior compensation algorithm for CLT reconstruction based on depth calibration strategy. This method takes full account of the fact that the attenuation of light in the tissue will depend heavily on the depth of the light source as well as the distance between the light source and the detection plane. Based on this consideration, a depth calibration matrix was designed to calibrate the attenuation between the surface light flux and the density of the internal light source. The feature of the algorithm was that the depth calibration matrix directly acts on the system matrix of CLT reconstruction, rather than modifying the regularization penalty items. The validity and effectiveness of the proposed algorithm were evaluated with a numerical simulation and a mouse-based experiment, whose results illustrated that it located the radiation sources accurately by using single-view measurements.
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Introduction

Cerenkov luminescence imaging (CLI) provides a potential solution to the problem of clinical translation of optical imaging, because many radionuclide probes that are widely used in clinic can be used as the light emission source of CLI. Since Robertson used a CCD camera to collect the Cerenkov luminescence (CL) from a small animal in 2009, the CLI has been rapidly developed and widely used in the biomedical fields (1–5). However, CLI is a method of two-dimensional (2D) planar imaging, which cannot provide the three-dimensional (3D) spatial distribution of the radionuclide probes. Thus, it cannot accurately quantify and analyze these probes as well as the molecules they target (6). This problem can be solved by its 3D derivatives, namely the Cerenkov luminescence tomography (CLT). CLT reconstructs the spatial distribution of the internal radionuclide probes by integrating the CL images measured from the body surface with the structural information and other prior information (7–13). Li et al. first proposed the concept of CLT, reconstructing the 3D distribution of 18FDG in a homogeneous mouse model (8). The homogenous model is relatively simple, and is quite different from the real imaging organisms, resulting in inaccurate results. This can be solved by more complex heterogeneous model (8, 9, 11, 14, 15). However, due to the serious morbidity of CLT reconstruction, the quality of the reconstructed images needs to be further improved. There are several ways to reduce the ill-posedness and improve the quality of the reconstruction results, including combining the strategies of permissible source region, multi-view or multispectral measurements, and regularization terms (16–19). These strategies are designed to improve the ill-posedness by reducing the dimension of the domain to be solved, increasing the dimension and number of measurements, or regulating regularization penalties. Increasing the amount of measured data is one of commonly used methods. However, a large amount of reconstruction data undoubtedly increases the reconstruction time and limit the reconstruction efficiency. Using a small amount of data to obtain accurate reconstruction results is an important problem to be solved at this stage.

In the process of image acquisition of CLI, especially when using a commercial system, small animals usually lie flat on the animal holder. In this case, only the CL light emitted from the top surface of the animal can be collected. This leads to the need of 3D reconstruction based on incomplete or single-view images. Single-view based reconstruction can reduce data acquisition time, and can use less data to reconstruct the targeted probes within live organisms (20). However, the reconstructed results based on the single-view image will be closer to the animal surface on the side where the single-view image is collected. For single-view imaging, the light from the point near the surface of the imaging object contributes more to the collected image, whereas the point far away contributes less. This is due to the lack of other views signals, resulting in the detector’s detection sensitivity to points far away from the detection surface becomes weak. Liu proposed a depth compensation algorithm for diffuse optical tomography (DOT) (21–23), which compensates the detection sensitivity loss by constructing depth compensation matrix. However, in the DOT imaging mode, the light source is known and located outside the organism, which is different from the CLT with unknown light source located inside the organism.

Inspired by the depth compensation algorithm in DOT, and considering that the attenuation of light in tissues depends heavily on the depth of light emission source as well as the distance between the light emission source and the detection plane, here we proposed a prior compensation algorithm for CLT reconstruction based on depth calibration strategy. CL image detected from single-view results in the loss of other views of luminescent signals. The farther away from the detection plane, the greater the loss of the luminescent signals can be. Thus, a depth calibration matrix was designed to calibrate the signal loss between the detected surface light flux and the density of internal light source. The depth calibration matrix has the same dimensions as CLT system matrix, and is composed of different compensation weights. Here, the compensation weights are determined using the detection plane as a benchmark, which is where they differ from those in existing studies (21–23). In the calibration process, the larger weight will be given to the points far away from the detection plane, and the smaller weight will be given to the points near. This calibration can balance the detection sensitivity loss in depth direction due to the increase of depth. With the help of this strategy, the inaccuracy of CLT reconstruction from single-view image can be improved. We evaluate the validity and effectiveness of the proposed method with a numerical simulation and a mouse-based experiment.



Methods

When the fluctuation of CL is neglected, the radiative transfer equation (RTE) can be used to accurately describe the propagation process of CL light in medium. However, in the practical application, it is hard to imagine the calculation cost of solving RTE directly. Several compromised schemes for RTE have been proposed, such as Monte Carlo computational model based on statistics and the approximate models based on numerical simplification. Among these approximate models, the diffusion equation (DE), simplified spherical harmonics approximation (SPN), and their hybrid equation are usually used in 3D optical imaging (24–26). Due to the high accuracy and high computational efficiency in the high diffusion medium, DE has been widely used in the 3D optical imaging of living animals. The expression of the DE is:



where Ω is the region of interest to be solved, and ∂Ω is its boundary; ø (r) is the nodal flux density at position r;Q (r) denotes the power density of the radionuclide probes; D (r) is the diffusion coefficient that is related to the absorption coefficient and the reduced scattering coefficient; μa (r) represents the absorption coefficient; v is the unit outer normal on ∂Ω; and J (r) is the outgoing light flux density measured on the outer boundary.

Through a series of operations, including transforming Eq (1). into weak form, the tetrahedral mesh discretization, and the finite element calculation, Eq (1). can be converted to the following linear equation (27):



where Q denotes the source matrix, and F is the source weighted matrix; Φ is a nodal flux density related matrix; and M is a sparse positive definite stiffness matrix describing the relationship between the power density of the light source and the measurable nodal flux density. This relationship is determined by the absorption and scattering of tissue, and is highly dependent on the distance between two nodes.

To calibrate the effect of depth on the detection signal, a depth calibration matrix C was designed in this study. The depth calibration matrix has the same dimensions as CLT stiffness matrix, and is composed of different compensation weights. Different from the existing studies (21–23), the compensation weights used in C were determined using the detection plane as a benchmark. In the calibration process, the larger weights will be given to the points far away from the detection plane, and the smaller weights will be given to the points near. After integrating the depth calibration matrix, the matrix equation of Eq (2). can be rewritten as:



Here, the depth calibration matrix C is defined as:



where γ is an adjustable parameter between 0 and 3, determined empirically for practical applications; Arr (•) denotes an operation that rearranges all the elements of a matrix in an order like the original nodes in the M matrix; and C# is a diagonal matrix with the same dimension as M, and each element is a weighted value determined by the distance between the observed node and the detection plane. This matrix C# can be determined as follows. Firstly, the matrix M having a dimension of m×m was divided into N submatrix having a dimension of m/N×m. Secondly, the maximum eigenvalue of each submatrix Nk (k=1, 2, …, N) was calculated, and the maximum eigenvalue of the kth submatrix was defined as Smax,k. Thirdly, the average distance of the nodes in each submatrix to the detection plane was calculated, and the submatrices were then renumbered according to these distance values. The submatrix at the tth distance from the detection plane was noted as Nmax,t (t=1, 2, …, N). For example, the farthest submatrix from the detection plane was assigned a new number as Nmax,1 and the nearest one was Nmax,N. Finally, we sorted the N maximum eigenvalues from largest to smallest, and assigned the larger values to the positions of the submatrices with smaller t values. These sorted eigenvalues formed the C# matrix as the values of the elements on its diagonal. For example, the largest value was assigned to the position in the C# matrix where the submatrix NK furthest from the detection plane was located.

Eq (3). can be further converted into the following linear matrix equation between the internal radionuclide source and the boundary measurement:



where J is the exiting light flux current measured at boundary; and   with   representing an operation of removing the elements in the specified matrix that corresponds to the light flux density at the internal nodes.

Equation (6) is the system matrix of the proposed algorithm for single-view CLT. Since the radionuclide probes are sparse distributed in the animal body and the single-view measurement is seriously insufficient, the solution to Eq (6). can be converted into solving the following sparse regularization problem:



where μ is the regularization parameter, and can be determined empirically in the experiments. In this work, the primal-dual interior-point algorithm was selected to solve Eq (7) (28). In the reconstruction, the initial position of source node was guessed at the center of the solving domain, which was used to construct the depth calibration matrix C.



Experiments and Results

Two groups of experiments, including a numerical simulation and a mouse-based in vivo experiment were conducted to validate the performance of the proposed method. Two indicators were selected to quantitatively evaluate the reconstructed results. The first indicator is the distance error (Dis_Err) that defines the distance between the central position of reconstructed source and the actual center of the radionuclide probe. The second indicator is the depth error (Dep_Err) which is defined as the depth of the reconstructed source minus the depth of the actual radionuclide probe. This depth is relative to the detection plane of the single-view image, that is, the distance from the source to the detection plane is defined as the depth. Moreover, in order to evaluate the superiority of the proposed method, the DE method without depth calibration is selected as a reference for comparison.


Numerical Simulation

In the numerical simulation, to show the advantages of the proposed method in depth reconstruction intuitively, a cube having a side length of 10 cm was selected as the simulation model. The absorption coefficient of the cube is 0.08 mm-1, and the reduced scattering coefficient is 10 mm-1. A sphere having a radius of 5 mm was employed as the light source, acting as the radionuclide probes. In order to investigate the performance of the depth compensation method, we placed the light source at different depths of 1 cm, 3 cm, and 5 cm from the detection surface respectively. Figure 1 shows the diagram of the simulation model (Figure 1A) and the depth definition (Figure 1B). The measured image on the detected surface was obtained by solving the SP3 equation on the highly dense grid with the finite element method. The cube model was divided into 103,545 tetrahedrons and 18,471 nodes to form the highly dense grid. Single-view image from one of the planes of the cube was used as the measurements for reconstruction. In the process of the inverse reconstruction, the finite element discretization is completely different from that used in the forward simulation. The reconstruction was performed on a coarse mesh that consists of 18,262 tetrahedrons and 3,495 nodes. Finally, the proposed algorithm-based reconstruction method and the traditional DE method without combining the prior compensation algorithm were performed to locate the distribution of the mimic radioactive tracer.




Figure 1 | Schematic diagrams of the simulation model indicating where the single-view image was collected (A) and of the definition of the depth (B).



Figure 2 shows the comparison results reconstructed by the proposed and reference methods. Therein, Figures 2A–C show the 3D reconstruction results of the reference method with the light source at depth of 1 cm, 3 cm and 5 cm respectively, and Figures 2D–F present the corresponding results of the prior compensation algorithm-based method. The blue solid spheres mark the actual distribution of the mimic radioactive tracer, and the colored tetrahedrons are the reconstructed source. First of all, we can find that when the depth of the light source was 1 cm, both the prior compensation algorithm-based method and the reference method can locate the distribution of the light source relatively accurately. This means that the attenuation of the signal transmission to the detection plane is not significant when the light source is located at shallow depths. However, as the depth of the light source increases, the attenuation of the signal transmission to the detection plane starts to become significant and can affect the results of the CLT reconstruction. For example, when the depth increased to 3 cm and 5 cm, the reference method cannot locate the light source well, and the reconstructed results tend to the surface on the side of the detection plane. Moreover, almost all the reconstructed tetrahedrons were outside the sphere where the actual light source was. On the contrary, the proposed algorithm can still locate the position of the light source accurately, and all the reconstructed tetrahedrons were concentrated inside the sphere where the light source was. These results confirmed that the a priori compensation algorithm is indeed effective for the reconstruction of deep light source and proved the advantages of the proposed method for the single-view reconstruction of deep light source.




Figure 2 | Reconstructed results obtained by the proposed and reference methods. (A–C) The reconstructed results of the reference method at depth of 1 cm, 3 cm and 5 cm respectively; (D–F) The reconstructed results of the proposed method at depth of 1 cm, 3 cm and 5 cm respectively. The blue solid spheres mark the actual distribution of the mimic radioactive tracer, and the colored tetrahedrons are the reconstructed source.



In order to quantitatively evaluate the reconstruction results, we calculated two indicators of Dis_Err and Dep_Err, as presented in Figure 3. Therein, the black bars show the distance or depth errors of the reconstructed results by the reference method, and the red bars represent those obtained by the proposed method. From these quantitative results, almost the same conclusion was addressed that the proposed method greatly improved the accuracy of the reconstruction results and reduced the depth positioning error, especially for the light sources at deeper depth. With the increase of the depth of the light source, the effect of this improvement became more obvious. For example, for the positioning accuracy of the light sources (Figure 3A), when the depth of the light source was 1 cm, the Dis_Err was similar for both methods, and the improvement ratio of the proposed method compared with the reference method was only 1.18. As the depth increased, the improvement ratio increased further, for example to 2.02 at 3 cm depth and 2.63 at 5 cm depth. For the depth resolving accuracy of the light sources (Figure 3B), a similar trend was obtained with the depth of the light source. As the depth increased from 1 cm to 5 cm, the improvement ratio of the proposed method compared with the reference one increased from 1.89 to 6.6. These quantitative results collectively demonstrated that the depth calibration matrix has a good regulatory effect on the depth of the reconstructed results, and the proposed algorithm can well compensate the inaccuracy of the reconstructed results caused by the data loss in the single-view image-based reconstruction.




Figure 3 | Quantitative analysis of the reconstruction results. The calculated values of the indicators of Dis_err (A) and Dep_err (B). The black bars show the distance or depth errors of the reconstructed results by the reference method, and the red bars represent those obtained by the proposed method.





Mouse Based In Vivo Experiment

After the feasibility and effectiveness of the proposed method were verified with numerical simulation, we carried out a live mouse based in vivo experiment to further prove the application potential. In the experiment, an athymic male nude mouse was used as the imaging model, who is approximately six weeks old. All procedures were performed in accordance with the animal protocol of Xi’an Jiaotong University Animal Care and Use Committee, China (No. XJTULAC2016-412). Firstly, an artificial Cerenkov luminescent source was prepared, which was made of a glass vessel containing about 400 μCi 18F-FDG. The size of the artificial source was about 1 mm in diameter and 5 mm in length. The artificial source was then implanted into the liver of the living mouse. The mouse was placed on a flat animal platform after anesthesia, and put into the live small animal imaging system (IVIS Kinetic, PerkinElmer) for data collection. By using a filter, a luminescent image at 670 nm was collected on the top surface of the mouse for later reconstruction. The anatomical structural information of the mouse was obtained by our home-made rotating tube μCT system that is comprised of an X-ray tube (Series 5000, Oxford Instruments) and a flat panel detector (C7921CA-02, Hamamatsu). The anatomical structure contained some major organs, such as the lung, liver, heart, kidney, and muscle, their optical properties are listed in Table 1 (29).


Table 1 | Optical parameters of different organs in the mouse model.



Figure 4A shows the anatomical structure of the mouse with the organs highlighted, and these organs were used in the reconstruction. In order to reconstruct the internal light source, the collected single-view image by the CCD camera needs to map onto the mouse surface. Here, the Lambert source theory based energy mapping method was used (30), and the obtained light flux distribution on the mouse surface was shown in Figure 4B. In the reconstruction, the mouse model was discretized into a mesh consisting of 18,235 tetrahedrons and 3,731 nodes. Based on the light flux distribution on the mouse surface and the discretized nodal information, the internal artificial source was reconstructed by the reference and proposed methods respectively, with the results presented in Figures 4C–F. Figures 4C, D show a 3D view of the reconstructed results, which visualises the accurate positioning of the light source. Figures 4E, F give a cross-sectional view of the reconstructed result, such that the reconstructed information on the depth of the light source can be seen in this view. We found that the energy distribution of the light source reconstructed by the proposed method was more concentrated near the actual artificial source (Figure 4D), while the results obtained by the reference method had high energy regions far from the artificial source and close to the body surface towards the detection plane (Figure 4C). Furthermore, quantitative analysis in localization error and depth resolving error were plotted in Figure 4G. From the results presented in Figure 4, we can obtain almost the same conclusion as the numerical simulation. The reconstructed result obtained by the proposed method is greatly improved in both localization and depth resolving ability compared with the traditional DE-based method. In terms of the localization accuracy, the localization error was reduced by 1.9 times by using the proposed method. For the depth resolving ability, the proposed method can improve the depth resolving accuracy by 2.51 times. In particular, the proposed method reconstructed the center of the light source closer to the actual one and overcame the problem that the reconstruction results of the reference method tend to the surface of the object on the side of the detection plane. The reason for the good results was that the proposed method compensated for the loss of the signal emitted from the deep light source to the detection plane. In addition to the advantages in localization and depth resolving accuracy, we also found that the intersection volume between the reconstructed light source and the actual one was larger than that of the reference method. These results are completely consistent with the simulation results, and strongly proved the applicable potential of the proposed method in in vivo living animal imaging.




Figure 4 | The reconstructed results and related quantitative analysis for the mouse based in vivo experiment. (A) Physical model of the mouse; (B) Light flux distribution on the mouse surface. (C, D) The 3D view of reconstructed images obtained by the reference method and the proposed method respectively; The long blue cylinder is the actual light source obtained by μCT, and the colored tetrahedrons are the reconstructed source; (E, F) The cross-sectional view of reconstructed images obtained by the reference method and the proposed method respectively. (G) The quantitative analysis of these reconstructed results. The black bars represent the quantitative indicators of the reference method, and the red bars are those of the proposed method.






Conclusion

In summary, a prior compensation algorithm was proposed for CLT reconstruction based on depth calibration strategy. This method is more suitable for data acquisition of commercial imaging system, in which a single-view image is often acquired for the reconstruction. Single-view image-based reconstruction will result in the loss of other views of signals. The farther away from the detection plane, the greater the loss of the luminescent signals can be. Thus, the proposed method designed a depth calibration matrix to calibrate the deviation of the depth reconstruction caused by the lack of information. With the help of this strategy, the inaccuracy of CLT reconstruction from single-view image can be improved. The validity and superiority of the prior compensation algorithm were verified using the numerical simulation with the light source at different depths. We also proved the potential of the proposed method in the in vivo applications with the artificial radioactive source based in vivo mouse experiment. There are some shortcomings for current algorithm. For example, in the proposed method, DE is used as the forward model for Cerenkov luminescence transmission, and DE has a limited range of applicability. The next step should incorporate higher order approximation equations or hybrid light propagation models as the forward model. For the construction of the compensation matrix, the center of the light source can be used as the exact starting point for compensation. However, how to determine the light source center also happens to be a problem that needs to be solved for CLT reconstruction, so the exact light source center location is unknown. In the following improvement, the determination of the starting point for compensation can be updated by integrating it into the iterative process of reconstruction. All in all, we believe that the proposed method will further promote the preclinical applications of CLT, especially in large-scale organisms. Our future prospective studies will focus on the biomedical applications of the prior compensation algorithm.
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Optical imaging is an emerging technology capable of qualitatively and quantitatively observing life processes at the cellular or molecular level and plays a significant role in cancer detection. In particular, to overcome the disadvantages of traditional optical imaging that only two-dimensionally and qualitatively detect biomedical information, the corresponding three-dimensional (3D) imaging technology is intensively explored to provide 3D quantitative information, such as localization and distribution and tumor cell volume. To retrieve these information, light propagation models that reflect the interaction between light and biological tissues are an important prerequisite and basis for 3D optical imaging. This review concentrates on the recent advances in hybrid light propagation models, with particular emphasis on their powerful use for 3D optical imaging in cancer detection. Finally, we prospect the wider application of the hybrid light propagation model and future potential of 3D optical imaging in cancer detection.
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1 Introduction

Most of the current clinical detection of tumors relies on morphological changes occurring for discrimination, which makes it difficult to see accurately at an early stage. Scientists are working to find a new way to combat this problem. The molecular changes of the tumors are usually earlier than their morphological changes. Optical imaging (OI) has emerged as a strong competitor for early tumor detection due to its ability to observe biological processes at the molecular or cellular level and its high sensitivity, high spatial and temporal resolution, and low cost (1). The optical window from 400 to 1,700 nm is commonly used in OI, and in particular, light in the near infrared II region at 1,000 to 1,700 nm can be used for deep tissue imaging (2–4). Usually, OI is the acquisition of optical signals emitted from the body surface of a living organism, which can reflect the early molecular changes of lesions in the body. Such two-dimensional (2D) planar imaging cannot provide accurate depth and location information of the target and is also difficult to provide accurate quantitative information. By combining the anatomical structure of the organism and optical parameters of biological tissues, the corresponding three-dimensional (3D) imaging technology, called optical tomography (OT), can obtain the spatial localization and distribution, as well as the quantitative information of the targeted probes inside the body from the 2D optical images measured on the body surface (5). This is an important method for quantitative detection of early tumor.

In OT, 3D image reconstruction involves two aspects, namely, the construction of an imaging model that describes the interaction of light with the biological tissues and the development of source reconstruction algorithm for solving the imaging model. Usually, the interaction of light with biological tissues can vary depending on the wavelength of light and the type and characteristics of the tissue. Thus, we need to fully understand and model the various types of interactions between light and biological tissues (6). The propagation mode and process of light in biological tissues directly affect the results of 3D image reconstruction in OT. Building an accurate and fast imaging model, that is, how to describe the propagation of light accurately and fast through biological tissues, is an important prerequisite and foundation for accurate 3D image reconstruction in OT. In the field of OT, the radiative transfer equation (RTE) is usually used to model the process of light propagation in biological tissues (7). However, the RTE can only be solved in a few simple cases. In real biological tissues, it is hard to obtain the solution, which greatly limits its application in OT. In practical applications, various approximation models for RTE are usually used to describe the light propagation process in biological tissues, including the Monte Carlo (MC) simulation (8, 9), diffusion approximation (DA) (5), simplified spherical harmonics approximation (SPN) (10), spherical harmonics approximation (PN) (11), discrete ordinates approximation (SN) (12, 13), and phase approximation (PA) (14). The different approximation models have their own advantages, disadvantages, and scope of application. For example, the MC simulation is regarded as the golden standard for describing the light propagation in biological tissues. However, in practical application, it is difficult to bear the cost of computing time. As the first-order approximation of RTE, DA is the fastest model for describing light propagation in tissues, but its accuracy is limited, especially in the low-scattering region, the high absorption region, and at boundaries. Higher-order approximation models, such as SPN, PN, SN, and PA, can provide a more accurate description of the light propagation process in biological tissues with different optical properties, but similar to the MC simulation, they are more time costly (14–19).

Biological tissues are very complex, with a wide variety of tissue structures and variability in the parameters of optical properties (20). Therefore, it is difficult to describe the propagation of light rapidly and accurately through complex biological tissues using the single approximate model described above. The coupling of different approximation models, and thus constructing a hybrid light propagation model, is a promising solution. Several hybrid light propagation models have been developed to deal with these problems in recent years, including hybrid models for solving non-scattering problems (21–27), hybrid models for solving problems with different scattering characteristics (28–30), and models that can solve both types of problems simultaneously (20). These hybrid models are also applied to OT and enable 3D localization and quantitative detection of tumors in vivo, as well as longitudinal monitoring of tumor growth (20, 28, 31). In this review, we concentrate on the recent advances in hybrid light propagation models, including the concept and purpose of the hybrid model, the construction of the models, and their powerful use for 3D optical imaging in cancer detection. Finally, we prospect the wider application of hybrid light propagation models and future potential of 3D optical imaging in cancer detection.



2 Light Propagation Models


2.1 Light Propagation Models

The propagation behavior of light in biological tissues is complex and diverse, which is related to the properties of light, the structure of biological tissues, and the physical, chemical, and biological properties of biological tissues, including reflection, absorption, scattering, refraction, and transmission. In OI, it is assumed that the scattering of light is completely elastic scattering, that is, scattering only changes the direction of light transmission without changing its frequency. The absorption of light is assumed to be complete absorption. It is well known that the RTE can accurately describe the propagation process of light in biological tissues (32).



where   is a coordinate representing spatial position, angular direction, and time; c is the light speed in biological tissues; μt = μa + μs is the attenuation coefficient, where μa is the absorption coefficient and μs is the scattering coefficient;   is the energy in the direction  ;   is the scattering phase function; and   represents the spatial distribution of the light emission source.

As mentioned earlier, the time cost and complexity of the model calculations make the RTE model impractical for application in practical imaging of living organisms. Among the light propagation models based on RTE and its approximation, MC simulation, DA, and SPN are the most frequently chosen in OT.


2.1.1 Monte Carlo Simulation

MC is a random sampling and statistical test method for solving RTE. As an early stochastic modeling technique applied to radiative transfer problem, MC was first introduced into optical transfer problem (8). Wang et al. developed a simulation software (MCML) for optical transmission in multilayer flat media in 1995, which is used widely even today due to its user-friendliness (9). Li et al. and Ren et al. developed the molecular optical simulation environment (MOSE), which can simulate the light transmission in complex media in both two and three dimensions (33, 34).

In the MC method, the radiation of light source is assumed to be photon flow and then discrete into a certain number of photons. The transmission process of many photons in the medium is simulated to solve the optical transmission problem. The transmission process of photons in media is divided into three parts: the generation of photons, the transmission of photons, and the termination of photons. The generation of photons is to determine the initial state of various properties of a single photon according to the shape, energy, and other optical properties of the light source. The properties of photons include wavelength, weight, position, transmission direction, step size, and so on. In the transmission process, photons need to change their own state according to the geometric structure and optical properties of the medium. The information of the medium is deterministic, but the change in photon state is uncertain. This uncertainty in photon transport is the unique characteristic of the MC method. Therefore, using the MC method to solve RTE needs a lot of photon transmission simulation to ensure the accuracy of the results. In the process of photon transmission, due to some reasons, the transmission behavior is terminated, and the transmission process is no longer continued. There are many reasons for photon termination, such as being completely absorbed by the medium, passing through the outermost boundary of the medium and entering the surrounding environment, or being received by the detector.



2.1.2 DA-Based Light Propagation Model

DA is the first-order approximation of RTE, which is derived when the medium in which the light transmission takes place is a highly scattering medium. Because of its low computational complexity and high efficiency, DA is the most widely used light propagation model in OT (35–37). The steady-state form of the DA equation can be expressed as (5):



where   is the photon flux density at position  ;   is the photon flux density of light emission source; and   is the diffusion coefficient and defined as  , where g is the anisotropy factor.

In OT, the imaging experiment is usually performed in a totally dark environment, so that no photons from the external environment enter. The boundary conditions can be divided into matched boundary conditions without reflection and mismatched boundary conditions with reflection. The refractive index matched boundary indicates that the refractive index of the biological environment on both sides of the boundary is the same. On the contrary, the refractive index of the biological environment represented by the mismatch boundary is different. In OT, the boundary between the biological tissue and environment we encounter has reflective behavior, and the Robin boundary condition is usually used (38).



2.1.3 SPN-Based Light Propagation Model

In OT in the near infrared light band, the use of DA to describe the light propagation process is efficient and accurate. However, its accuracy is conditional on the medium through which the light is transmitted having high-scattering properties. Another model that is commonly used in OT is the SPN (39–42). Compared with DA equation, the SPN equation can describe the optical propagation process more accurately and is not limited by the optical properties of biological tissues. As a higher-order approximation to the RTE (18), the SPN has higher accuracy than the lower-order DA, but also brings greater computational complexity and time cost, especially when the order N is higher.

As the accuracy of the SPN model does not improve greatly with increasing the order N, a third- or fifth-order SPN model is usually used in OT. According to a large number of experimental investigations, when N is set as 3, the SPN equation can achieve higher accuracy and computational efficiency. Here, the concrete form of SP3 as well as its boundary condition is given:



where   and   are the composite moments related to the flux density at node of  ; μai = μa + μs (1 – gi)(i=1,2,3) are absorption-related coefficients.




2.2 Hybrid Models for Solving Non-Scattering Problem

Non-scattering tissues, also called void region, are a kind of special area in an organism, such as gastric cyst, gallbladder, intestine, esophagus, and cerebrospinal fluid. Near infrared optical imaging and OT are increasingly being used to monitor brain oxygenation, hemodynamics, and gastric cancer detection. All these applications have encountered non-scattering problem. It has been shown that the presence of a void region even if it is only 2 mm in size can significantly affect the accuracy of optical tomographic results (43). Therefore, the void problem must be solved in OT. The light propagation in a void region is a different process to that in a scattering medium. In the void region, light is transmitted along a straight line, rather than being a diffuse process. Several methods have been developed to solve such void problem and summarized as follows.


2.2.1 Hybrid Monte-Carlo-Diffusion Model

The MC method is regarded as the golden standard to simulate light propagation in a turbid medium. Thus, the MC method can also be used to process light propagation in void regions. Hayashi et al. proposed a hybrid Monte-Carlo-diffusion method (22, 44), in which the MC method was used to deal with the void problem accurately, and the DA equation was used in the scattering regions. They applied this hybrid model to solve the heterogeneity of the tissues in a head, especially the cerebrospinal fluid (CSF). The hybrid model was verified by comparison with the calculation of the MC method. Results showed that the head model calculated by the hybrid method was in good agreement with the results calculated by MC method, while the results calculated only by DA have obvious errors caused by the effect of the CSF layer. Furthermore, the computation time of the hybrid model is much shorter than that of the MC method.



2.2.2 Hybrid RTE–DA Model

The RTE is the most accurate model for describing the process of light propagation within biological tissues. It can accurately describe light propagation in biological tissues with different scattering properties. In 2005, Tarvainen et al. presented a hybrid model that coupled the RTE and DA, which can solve the problem of light transmission in low-scattering and non-scattering regions (24, 45). In this model, RTE is used as the model of light propagation in the subdomain, in which the assumption of DA is not valid. These subdomains include the proximity of the source, boundary, low-scattering, and non-scattering regions. DA is applied as a forward model to other regions outside the mentioned regions. The two equations are coupled through boundary conditions and solved by the finite element method. The hybrid model was validated with a 2D simulation model, and the results were compared with the RTE, DA, and MC simulation. The results showed that the hybrid RTE–DA model gives almost the same results as the RTE and MC simulation but requires less computing burden. The developed hybrid RTE–DA model can be expressed as:



Here, all the parameters that do not appear can be found in (24) for detailed description.

Subsequently, Gorpas et al. first implemented the hybrid RTE–DA model in 3D and applied it to fluorescence molecular imaging (FMI) in 2010 (46). In their study, a hyperellipsoid model was used to mimic the tumor lesion. Similarly, the hybrid RTE–DA model was also compared with the RTE and DA models. The experimental results showed that the hybrid RTE–DA model is much closer to RTE, even in the DA subdomain. Although the hybrid RTE–DA model does not present computational times close to the rapid DA, it is still faster than the RTE forward solver, where the RTE–DA saved about 50% of computational time cost compared with the RTE forward solver in experiments (24). The authors analyzed that most of the computational time required for the hybrid RTE–DA model is spent solving the phase function. With the phase function calculated in advance, the hybrid model can achieve convergence at the same time as the DA calculation. In 2012, the hybrid RTE–DA model was applied to the digital mouse for the first time, which is modified to form a forward solver for dual-coupled FMI (25). The results were compared with those of the MC method and the RTE and showed that the proposed forward solver can approximate the RTE and MC method with an accuracy better than 95%, while the accuracy of the DA is approximately 10% lower.



2.2.3 Incorporating Radiosity Equation in the Hybrid Model

The radiosity equation can also be applied to describe light propagation in the void region. Thus, it can be incorporated with the DA or higher-order approximation of RTE to construct the hybrid light propagation model. In such hybrid model, the DA or higher-order approximation of RTE is used to model the light propagation in scattering medium, and the radiosity equation is employed to characterize light propagation in the void region.

In 1996, Arridge et al. proposed a hybrid method specially designed to deal with zero scattering problem (21) and a predecessor to the hybrid radiosity-diffusion model (HRDM) in which they used DA for the scattering area and applied the linear light propagation properties to the cavity region. This hybrid model was validated with a simple flat plate model by comparing with the MC simulation and experimental results. The experimental results show that the existence of a clear layer has a significant effect on the light distribution. This effect can be accurately simulated by Monte Carlo, but not by diffusion approximation. The experimental results of the proposed hybrid model are consistent with those of Monte Carlo simulation.

In 2000, the HRDM was formally proposed and combined with the finite element method for numerical calculation, which enhanced the geometrical flexibility of the hybrid model (47). In their work, all aspects of the implementation were explained and how to extend the analysis to frequency domain and time domain problems was given. Immediately afterwards, they explored the influence of void regions on diffuse optical tomography and completed a 3D expansion of this hybrid model (48). To our knowledge, this is the first assessment of optical tomography in a 3D geometry involving voids. In 2012, Chen et al. extended the HRDM to a 3D digital mouse model and applied it to bioluminescence tomography (BLT) (31). The advantages of the BLT based on this hybrid model for the detection of cavity-based tumors were confirmed by comparison with the DA. The concise form of the HRDM can be expressed as (31):



where B is the interface between the scattering and void regions,   is the light flux rate formed at the interface B and directed toward the interior of the cavity, and   is the photon transfer function between different points of the interface B.

As previously described, DA has high accuracy only in the high-scattering region and poor accuracy at low scattering, high absorption, or at the source and boundary. In living organisms, low-scattering, high absorption regions are always present alongside high-scattering and no scattering regions. In this case, HRDM is not suitable for whole-body imaging of small animals. To solve this problem, Yang et al. developed a novel hybrid light propagation model that couples the SPN with the radiosity equation (HSRM) (26). Similarly, the radiosity equation was used to characterize light propagation in void regions. The difference is that the SPN was employed to handle the propagation of light through a scattering medium. The hybrid model was also validated with the digital mouse model, and relevant results showed that it provided high performance for light propagation in media with non-scattering, low-scattering, high-scattering, and high absorption heterogeneities. The HSRM was also selected as the forward model of the BLT for gastric cancer detection (27), and the results proved that the HSRM-based 3D optical imaging can significantly improve the accuracy of the HRDM-based one.



2.2.4 Other Models

In 2013, Lehtikangas et al. continued to study hybrid models and proposed a method for developing a hybrid model by combining forward-peaked scattering approximations of the RTE and diffusion approximation (49). In this model, the computational domain was divided into two subdomains. The Fokker–Planck equation or the Fokker–Planck–Eddington equation was used in the subdomains in which the DA is not valid, such as close to the source and boundary, in low-scattering regions, and so on. The DA is used in high-scattering regions. The two kinds of equations are coupled at the interfaces of the subdomains with boundary conditions and solved simultaneously using the finite element method. The proposed methods were verified with a realistic head geometry by comparing with the RTE, DA, and the hybrid RTE–DA model. The results show that the proposed models can be used to describe light propagation in heterogeneous tissues, also with low-scattering regions such as the cerebrospinal fluid in the brain, with almost the same accuracy as the RTE but with reduced computational load.




2.3 Hybrid Models for Solving Different Scattering Regions

In a biological body, biological tissues have very different tissue optical properties, including tissues with different scattering properties, tissues with different absorption properties, and being very dependent on both the type of tissue and the wavelength of light. In order to find a solution for light propagation in N-layered turbid media with different scattering properties, the hybrid diffusion-P3 equation was developed for an N-layered finite or infinite turbid medium in the steady-state domain for one point source using the extrapolated boundary condition (50, 51). The main difference between the DA and the hybrid diffusion-P3 equation is the diffusion coefficient used in the DA and the asymptotic diffusion coefficient of the hybrid diffusion-P3 equation. With the decrease of the absorption coefficient, the values of these two coefficients tend to be the same, and the solutions of the DA and the hybrid diffusion-P3 equation are basically the same. The corresponding results concluded that the hybrid diffusion-P3 equation is closer to the Monte Carlo simulation than the DA, so that the hybrid diffusion-P3 equation can replace the DA for light propagation in turbid media for a wide range of absorption coefficients.

To avoid the limitations of the SPN and DA in describing light propagation in biological tissues, Chen et al. proposed a hybrid SPN with DA (HSDE) model, in which the DA was selected for describing light propagation in high-scattering tissues and the SPN was used for other scattering tissues, including low scattering, high absorption, and so on (29, 52). In their study, the living body was first segmented into several major organs, and these organs were classified into high-scattering tissues and other scattering tissues. They established a boundary coupling condition to combine the SPN and DA to finally form the hybrid model. The performance of the hybrid model was validated with both regular geometries and digital mouse model, and results revealed that the HSDE model makes full use of the advantages of SPN and DE in terms of accuracy and efficiency. Subsequently, Chen et al. and Wang et al. applied the HSDE model as the forward imaging model for fluorescence molecular tomography (28), multispectral Cerenkov luminescence tomography (53), and X-ray luminescence computed tomography (54), respectively. The concise form of the HSDE model can be expressed as (29):



Here, the relevant parameters can be found in detail in (29).



2.4 Adaptively Alternative Light Propagation Model

In whole-body imaging of living small animals, biological tissues have complex tissue specificities, including the heterogeneity in organ structure and diversity in tissue optical properties. Different biological tissues respond differently to light at the same wavelength, and the same biological tissue also responds differently to light at different wavelengths. There is therefore an urgent need for an imaging model in OT that can accurately and efficiently handle light propagation in biological tissues in this complex situation. To address this problem, Chen et al. proposed an adaptively alternative light transport model and its corresponding optical 3D imaging method for the detection of in situ gastric cancer (20). In this hybrid model, the authors used the DA to describe light propagation in the high-scattering tissues, the SPN for the low-scattering or high absorption tissues, and the radiosity equation for the void regions. These three equations were coupled by constructing corresponding boundary conditions at different types of biological tissue boundaries. The coupled unified form was also termed as the hybrid SPN–DA–radiosity (HSDR) model. The so-called adaptation refers to the selection of the most appropriate equation to describe the light transport process in biological tissues. The HSDR model makes full use of the specificity of the biological tissues, including both the anatomical structure and optical properties, which facilitates to improve both the quality and efficiency of the reconstructed images. The concise form of the HSDR model can be expressed as (20):



Here, the relevant parameters can be found in detail in (20).




3 Hybrid Light Propagation Model-Based Optical Tomography

Using numerical discretization methods, the above hybrid models can be transformed into the form of a matrix equation describing the relationship between the internal signal emission source and the light flux density on the surface of the body:



Here, A is the system matrix determined from the mesh node distribution and the optical properties information, S is the vector constructed by the internal signal emission source, and B is the photon density measured on the discretized boundary nodes.

Optical tomography is the solution to the signal emission source S based on the measured light flux density B. The solution of Eq (8). is of highly ill-posedness due to the severely deficient nature of the measurement data and is usually solved by transforming it into an objective optimization problem. The objective optimization problem can be written as a minimization problem as follows:



The minimization problem of Eq (9). can be solved by many iterative optimization algorithms.



4 Applications of the Hybrid Models in Cancer Detection

The light propagation model is the basis and prerequisite for the 3D reconstruction of OT and directly affects the accuracy and efficiency of OT. When applying OT to tumor detection, the site where the tumor is located needs to be considered. Tumors at different sites or organs may have different requirements for the light propagation model to be used for OT. For example, if we want to detect gastric cancer with cavity characteristic, or liver cancer with low-scattering characteristic, the effect of the void or low-scattering region on light propagation should be considered when constructing the light transport model. In this section, we focus on summarizing the applications of the hybrid light propagation models to tumor detection.


4.1 Applications of the Hybrid Models in Gastric Cancer Detection

There are two challenging problems encountered in 3D optical imaging of in situ gastric cancer. Firstly, the stomach is a cavity-like organ and it has been shown that when the cavity size reaches 2 mm it has a large impact on the results of OT (43). Secondly, the stomach is spatially encapsulated by organs such as the muscle and liver, which have completely different scattering properties. For example, at the wavelengths commonly used in OT, muscle is a high-scattering tissue, while liver is a low-scattering tissue. Therefore, for the detection of in situ gastric cancer using OT technology, a hybrid light propagation model that can handle the cavity problem is needed to ensure tumor detection accuracy.

In 2012, Chen et al. compared the performance of HRDM and DA in solving the cavity problem in BLT and applied HRDM to the detection of in situ gastric cancer, as shown in Figure 1. The results showed that the distribution of tumor cells reconstructed by the HRDM-based BLT was more consistent with those observed at autopsy than the DA-based approach (31). To further address the effect of the presence of low-scattering tissue around the stomach on HRDM, Chen et al. subsequently applied the HRSE to bioluminescence tomographic detection of gastric cancer in situ (27). Both the localization and distribution of tumor cells obtained by the HRSE-based BLT were better than those of the HRDM, revealing the applicability and superiority of the HRSE in the application of gastric cancer detection.




Figure 1 | Application of the hybrid radiosity-diffusion model in the detection of in situ gastric cancer. (A, B) Results of the HRDM-based BLT, (C, D) those of the DE-based BLT, and (E) the necropsy observation of the tumor lesion. Adapted with permission from (31).



In 2016, Chen et al. applied the adaptively alternative light transport model, also called the HSDR model, to BLT for longitudinal and quantitative monitoring of gastric cancer in live animal (20). Approximately 5 × 106 SGC7901-Luc-GFP cells were injected into the stomach wall of mice to construct in situ gastric cancer-bearing mouse models. At the points of 2, 11, 21, and 28-plus days after injection of tumor cells, the optical images were acquired from the body surface and the tumor information was retrieved using the HSDR-based BLT method. Figure 2 presents the corresponding reconstructed results. The results showed that the reconstructed elements localized the tumor lesion well. Both the reconstructed tumor volume and power density increased progressively over time and were consistent with the measured tumor volume growth trend.




Figure 2 | Application of the adaptively alternative light transport model in longitudinal and quantitative monitoring of in situ gastric cancer. (A–D) Correspond to the time points of 2, 11, 21, and after 28 days of tumor formation. Adapted with permission from (20).





4.2 Applications of the Hybrid Models in Liver Cancer Detection

Very similar to the stomach which has special characteristics, the liver also has its own special characteristics, including the fact that it is usually considered a low-scattering tissue and is surrounded by high-scattering tissues such as muscle, kidney, and heart. This leads to a breakdown of the DA-based OT as well as a heavy computational burden for the SPN-based OT. Chen et al. applied the HSDE model to fluorescence tomography for in situ detection of liver cancer in living animal (28). The localization and distribution of inoculated HCC-LM3-fLuc-GFP cells were well reconstructed by using the HSDE-based fluorescence tomography (Figure 3). The location of the reconstructed tumor cells was of good consistency with the dissected image of bioluminescence imaging, demonstrating the HSDE model has great application potential for in situ detection of liver cancer.




Figure 3 | Application of the HSDE model in the detection of in situ liver cancer. (A) Laparotomy results with the liver exposed and imaged using bioluminescence imaging, (B) reconstructed result by the HSDE-based fluorescence tomography, and (C) relevant local enlarged image. Adapted with permission from (28).






5 Conclusion and Perspective

We present above an account of recent advances on the hybrid light propagation models, with particular emphasis on their powerful use for 3D optical imaging in cancer detection. An accurate and efficient light propagation model is the core task and premise for building accurate and fast 3D optical imaging methods and technologies. With further development of the light propagation model, and in particular the integration with hybrid models into OT, we believe that 3D optical imaging would be a powerful tool with a great potential in the quantitative detection and longitudinal monitoring of in situ cancer. For example, with a more accurate forward model, optical imaging can achieve a 0.3-mm deviation for localization and 6.5% quantitative deviation for energy power of a lesion (55). We anticipate some discussions in the future development of the hybrid model as well as its applications in OT, which provides perspective as well as challenges for researchers.

In order to be widely used in OT for the application of cancer detection, hybrid light propagation models need to fuse the advantages of both accuracy and efficiency. The future development direction of the hybrid model is to further improve calculation accuracy and speed. This can be worked on in two aspects. Firstly, a new hybrid light propagation model can be constructed that guarantees the accuracy and speed by using higher-order approximations of RTE and the acceleration algorithms. The first problem to be faced in constructing a hybrid light propagation model is to establish the coupling between different equations. This coupling relationship enables the conversion of different physical quantities between equations. How to ensure the accuracy and efficiency of the coupling between the higher-order approximation and the lower order approximation of the RTE is also a problem being addressed in the study of hybrid light propagation models. Secondly, a more accurate tissue classification method can be established. The individual differences of optical properties and the errors in tissue segmentation would affect the accuracy of tissue classification, which in turn affects the accuracy of the hybrid light propagation model and the accuracy of the 3D optical imaging. In addition, a deep learning framework, which has recently emerged in OT, can be incorporated into the construction of the hybrid light propagation model to improve accuracy and computational burden (56–59).

Another promising direction is the application of hybrid light propagation models. Currently, there are many studies on the construction of hybrid models, and various hybrid models have been proposed. However, relatively few preclinical applications based on these hybrid models have been carried out. This is most likely due to the complexity and efficiency of existing hybrid light propagation models. By providing 3D quantitative information, such as localization, distribution, and volume of the targeted probe, 3D optical imaging has become an important tool in the field of biomedical science. Because of having the ability to achieve an optimal compromise between accuracy and efficiency, hybrid light propagation models and corresponding 3D optical imaging techniques offer significant advantages in preclinical whole-body imaging of small animals, including quantitative detection and longitudinal monitoring of in situ tumor and dynamic monitoring and assessment of drug metabolism in vivo. In addition to cancer detection, hybrid light propagation models can be used to address other applications, such as the cerebrospinal fluid-filled ventricles in the brain (44, 47).
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Purpose

To synthesize the dimer of GX1 and identify whether its affinity and targeting are better than those of GX1. To prepare 68Ga-DOTA-KEK-(GX1)2 and to apply it to PET and Cerenkov imaging of gastric cancer.



Methods

68Ga-DOTA-KEK-(GX1)2 was prepared, and the labeling yield and stability were determined. Its specificity and affinity were verified using an in vitro cell binding assay and competitive inhibition test, cell immunofluorescence, and cell uptake and efflux study. Its tumor-targeting ability was determined by nano PET/CT and Cerenkov imaging, standardized uptake value (SUV), signal-to-background ratio (SBR) quantification, and a biodistribution study in tumor-bearing nude mice.



Results

68Ga-DOTA-KEK-(GX1)2 was successfully prepared, and the labeling yield was more than 97%. It existed stably for 90 min in serum. The binding of 68Ga-DOTA-KEK-(GX1)2 to cocultured HUVECs (Co-HUVECs) was higher than that to human umbilical vein endothelial cells (HUVECs), BGC823 cells, and GES cells. It was also higher than that of 68Ga-DOTA-GX1, indicating that the dimer did improve the specificity and affinity of GX1. The binding of KEK-(GX1)2 to Co-HUVECs was significantly higher than that of GX1. Additionally, the uptake of 68Ga-DOTA-KEK-(GX1)2 by Co-HUVECs was higher than that of 68Ga-DOTA-GX1 and reached a maximum at 60 min. Nano PET/CT and Cerenkov imaging showed that the tumor imaging of the nude mice injected with 68Ga-DOTA-KEK-(GX1)2 was clear, and the SUV and SBR value of the tumor sites were significantly higher than those of the nude mice injected with 68Ga-DOTA-GX1, indicating that the probe had better targeting in vivo. Finally, the biodistribution showed quantitatively that when organs such as the kidney and liver metabolized rapidly, the radioactivity of the tumor site of the nude mice injected with 68Ga-DOTA-KEK-(GX1)2 decreased relatively slowly. At the same time, the percentage of injected dose per gram (%ID/g) of the tumor site was higher than that of other normal organs except the liver and kidney at 60 min, which indicated that the tumor had good absorption of the probe.



Conclusion

GX1 was modified successfully, and the in vivo and in vitro properties of the GX1 dimer were significantly better than those of GX1. The imaging probe, 68Ga-DOTA-KEK-(GX1)2, was successfully prepared, which provides a candidate probe for PET and Cerenkov diagnosis of gastric cancer.





Keywords: gastric cancer, GX1 dimer, PET imaging, Cerenkov imaging, TGM2



Introduction

Gastric cancer is one of the malignant tumors with the highest morbidity and mortality (1). The survival time of patients with gastric cancer has been prolonged after decades of conquest. However, most patients are diagnosed in the middle and late stages, so they cannot be cured surgically. Early diagnosis is the key to reducing the mortality of gastric cancer. But traditional diagnosis methods, including gastroscope and barium x-ray examination, cannot meet the needs of early diagnosis. Therefore, a new method has been widely sought.

Molecular imaging is getting more and more attention, and it can show early changes in tumors at the molecular level, especially with the application of nuclear medicine (2). Functional imaging can be achieved, and radionuclides can be used for treatment at the same time (3). The key to molecular imaging is to screen molecules that can target the target cells or tissues and make the targeted molecules into imaging probes or radiotherapy drugs, which can be used in the diagnosis and internal radiotherapy of gastric cancer.

Tumor vascular targeting imaging and treatment have become increasingly mature (4). The tumor vascular targeting peptide GX1 was screened in a gastric cancer-transplanted tumor mouse model using a phage peptide library (5). In the early stage, GX1 was used as a target molecule to obtain a large amount of experimental data, such as 99mTc-GX1 (an imaging probe) (6, 7) and GX1-rmhTNFα (a fusion protein) (8, 9), which can be used in the imaging and treatment of gastric cancer. However, as a short peptide, GX1 also has inherent shortcomings, such as insufficient affinity for the receptor, short circulation time in vivo, and weak targeting ability. Therefore, the modification of GX1 is the focus of our research.

In this paper, 68Ga-DOTA-KEK-(GX1)2, a novel probe, was prepared using GX1 peptide. The specificity and affinity of the new dimer were verified by cell immunofluorescence, in vitro cell receptor binding assay, cell uptake and efflux assay. Nano PET/CT imaging, Cerenkov imaging, and biodistribution were used to verify its targeting effect in vivo.

It must be proven that the dimer of GX1 is better than the monomer before GX1 can be further developed and applied. At the same time, the nuclide 68Ga is popular in current studies and has been gradually incorporated into clinical applications (10). Therefore, in this paper, not only was GX1 modified to achieve better results, but 68Ga was also developed and applied to provide new ideas for the diagnosis of gastric cancer.



Materials and Methods


Cell Culture and Animal Model

The coculture system was used to simulate human umbilical vein endothelial cells (HUVECs) in vitro. The cells were routinely cultured in M200 medium. HUVECs and the human gastric adenocarcinoma cell line BGC823 in logarithmic growth phase were digested, centrifuged, resuspended, and inoculated into the upper and lower layers of a Transwell petri dish (10 cm) with a aperture of 0.4mm. In the subsequent cell experiment, the conditioned medium was added to the pore plate to maintain the stimulation state of the coculture, and the conditioned medium was the culture supernatant of BGC823 cells, which was filtered and diluted with M200 culture medium at 1:4.

All of the experiments were performed according to a protocol approved by the Fourth Military Medical University (FMMU) Animal Care and Use Committee. A total of 0.2 ml of cell suspension (BGC823, 2 × 106 cells) was implanted by subcutaneous injection into the right upper limb of athymic female nude BALB/c mice (age, 4–6 weeks; weight, 15–20 g). When the diameter of the tumor reached approximately 8 mm, it could be used for imaging.



Synthesis and Isotope Labeling of Peptides

All peptides were synthesized by GL Biochem (Shanghai, China), including Biotin-GX1, Biotin-KEK-(GX1)2, DOTA-GX1, DOTA-URP, and DOTA-KEK-(GX1)2 (Figure 1). They were stored at -20°C after freeze-drying. The purity was identified by high-performance liquid chromatography (HPLC), and the molecular weight was identified by mass spectrometry.




Figure 1 | The structure of the probes. (A) 68Ga-DOTA-KEK-(GX1)2. (B) Biotin-KEK-(GX1)2. (C) DOTA-GX1. (D) DOTA-URP. (E) Biotin-GX1.



68Ga-DOTA-GX1 was prepared using a one-step method. In brief, 10 μg of DOTA-GX1, 50 μl of sodium acetate buffer (1.25 mol/L), and 1 ml of 68GaCl3 were added to the reaction system. Then, it was boiled for 10 min. The labeling rate was determined, and the bacteria were removed by a 0.22-μm filter for subsequent cell and animal experiments.



In Vitro Stability Analysis

We used four kinds of solutions to observe the stability of the probes, namely, raw solution, normal saline, fresh mouse serum, and human serum. The specific methods were as follows: the probe and each solution were mixed according to a volume ratio of 1:100, and the original solution was kept as a control. The radiochemical purity of the solution was determined at 0, 30, 60, and 90 min. A curve was drawn to observe the stability of the probe in vitro and to speculate whether the probe would be removed from the standard in vivo.



Immunofluorescence Staining

The binding of GX1 and KEK-(GX1)2 on Co-HUVECs was observed by immunofluorescence. The cells were implanted into the immunofluorescence cell culture chamber, fixed for 10 min using ice-cold acetone after the cells were adhered and fused to 70%, and incubated with 1% bovine serum albumin–phosphate buffered saline (BSA-PBS) for 30 min. Biotin-GX1 or Biotin-KEK-(GX1)2 (0.01 mg/ml) was added to the cell chambers at 4°C overnight. Fluorescein isothiocyanate (FITC)-streptavidin (Abcam, Cambridge, MA, USA) was added at 1:300 for 1 h with 4′,6-diamidino-2-phenylindole (DAPI; 25 ng/ml; Roche, Mannheim, Germany) for 15 min. The cells were observed using a confocal fluorescence microscope (FV10i, Olympus, Tokyo, Japan).



In Vitro Radioligand Binding Assay and Receptor Competitive Inhibition Assay

This experiment was used to observe the binding of 68Ga-DOTA-KEK-(GX1)2 to different cells, such as Co-HUVECs, HUVECs, BGC 823 cells, and an immortalized human gastric mucosal epithelial cell line (GES). There was only one kind of probe, which was divided into four groups according to the cells. The cells were added to 48-well plates (3 × 104/well). Each cell group was divided into three study groups, namely, the experimental group, competitive group, and control group, and each study group comprised three wells. BSA (1%) was added into each well for 30 min. Then, 68Ga-DOTA-KEK-(GX1)2 (3.7 × 105 Bq) was added to the experimental group, 68Ga-DOTA-KEK-(GX1)2 and 25 mmol/L unlabeled GX1 were added to the competitive group, and PBS without the probe was added to the control group. The orifice plate was placed for 30 min at 4°C. The cells were digested and collected, and the liquid reading in each well was measured by a gamma counter.

This experiment was also used to observe the binding of 68Ga-DOTA-KEK-(GX1)2, 68Ga-DOTA-GX1, and 68Ga-DOTA-URP to Co-HUVECs. There was only one kind of cell, which was divided into three groups according to the probes. Each probe was divided into three groups, namely, the experimental group, competitive, group and control group, following the same steps described before.



Cell Uptake and Efflux

For cell uptake, Co-HUVECs were plated into 24-well plates (105/well), with three wells as a group. Then, 68Ga-DOTA-KEK-(GX1)2, 68Ga-DOTA-GX1, or 68Ga-DOTA-URP was added at an activity of 1.85 × 105 Bq. The cells were split and collected using NaOH (0.1 mol/L) after incubation for 0, 30, 60, and 90 min. The cell lysate was measured by a gamma counter. For the efflux study, the cells were incubated with the probes for 90 min at 37°C. Then, the cells were split and collected, following the same steps as before.



Nano PET/CT Imaging

Nano PET/CT imaging of tumor-bearing nude mice was used to observe the targeting of the probes against gastric cancer and whether they could be blocked by GX1. A total of 3.7 × 106 Bq of probe was injected into the mice via the tail vein, with three mice in each group. A 10-minute static scan was acquired at 30, 60, or 90 min after injection under 2% isoflurane-maintained anesthesia using Nano PET/CT (Mediso, Hungary). The images were reconstructed by a two-dimensional ordered-subsets exception maximum algorithm. The regions of interest (ROIs) were circled after imaging to calculate the standardized uptake value (SUV) of the tumor site.



Cerenkov Imaging

A total of 18.5 × 106 Bq of probe was injected into each mouse via the tail vein. The Cerenkov images were recorded using an IVIS Lumina II spectrum imaging system. The images were acquired at 30, 60, and 90 min under isoflurane anesthesia (exposure time: 60 s, f/stop = 8, binning = 1). The ROIs were drawn over the tumor, and the signal-to-background ratio (SBR) was calculated.



Biodistribution

In this experiment, the biodistribution of three probes and the biodistribution of 68Ga-DOTA-KEK-(GX1)2 at different time points in tumor-bearing nude mice were observed. For the biodistribution of the probes, 3.7 × 106 Bq of probe was injected intravenously. The nude mice were sacrificed under euthanasia, and the organs were excised, weighed, and counted at 60 min. The percentage of injected dose per gram (%ID/g) was calculated. For the biodistribution of 68Ga-DOTA-KEK-(GX1)2 at different time points, the mice were sacrificed after injection at 30, 60, and 90 min. The %ID/g was calculated as described previously.



Statistical Analysis

All data are expressed as the means ± SD. Statistical analysis was performed by one-way analysis of variance (ANOVA) using IBM SPSS Statistics. The level of significance was set at p < 0.05.




Results


Successful Labeling and Stability

The labeling yield measured by radioactive thin-layer chromatography (TLC) was more than 97%. Four kinds of solutions were used to observe the stability of the probe, namely, raw solution, normal saline, fresh mouse serum, and human serum. The probe was mixed with each solution at a volume ratio of 1:100, and the original solution was retained as a control. The radiochemical purity of the solution was determined after incubation for 0, 30, 60, and 90 min at 37°C. As shown in Figure 2A, the labeled peptide stably existed in various solutions for 90 min, and the labeling rate remained above 95%. It is speculated that the labeled peptide will not be delabeled in vivo.




Figure 2 | (A) The stability of 68Ga-DOTA-KEK-(GX1)2. There was no significant reduction in radiochemical purity (RCP) in each solution, and it was speculated that 68Ga-DOTA-KEK-(GX1)2 was stable in vitro and in vivo. (B) Cell immunofluorescence analysis of KEK-(GX1)2 expression in Co-HUVECs (×200). Co-HUVECs were incubated with KEK-(GX1)2, GX1, and 4′,6-diamidino-2-phenylindole (DAPI). In addition, the peptides and DAPI were merged. The results indicate that the binding ability of KEK-(GX1)2 is much higher than that of GX1. (C, D) Receptor binding assay and competitive inhibition assay with various cell types incubated with 68Ga-DOTA-KEK-(GX1)2, 68Ga-DOTA-GX1, or 68Ga-DOTA-URP in the absence or presence of GX1. The binding of 68Ga-DOTA-KEK-(GX1)2 to Co-HUVECs was higher than that of 68Ga-DOTA-KEK-(GX1)2 to HUVECs (***p < 0.001) and was also higher than that of 68Ga-DOTA-GX1 to Co-HUVECs (***p < 0.001).





Cell Immunofluorescence

Immunofluorescence staining was used to observe whether GX1 and KEK-(GX1)2 can bind to Co-HUVECs and which peptide has higher binding ability. As shown in Figure 2B, both GX1 and KEK-(GX1)2 could bind to Co-HUVECs at the same concentration, but the binding ability of KEK-(GX1)2 was much higher than that of GX1.



Receptor Binding Affinity and Specificity

68Ga-DOTA-KEK-(GX1)2 can specifically bind to Co-HUVECs, as shown in Figure 2D. The binding of 68Ga-DOTA-KEK-(GX1)2 to Co-HUVECs was higher than that of HUVECs (p < 0.001) and much higher than that of BGC 823 and GES. At the same time, it was blocked by unlabeled GX1.

68Ga-DOTA-KEK-(GX1)2 has a stronger binding ability to Co-HUVECs. As shown in Figure 2C, the binding of 68Ga-DOTA-KEK-(GX1)2 to Co-HUVECs was higher than that of 68Ga-DOTA-GX1 (p < 0.001) and much higher than that of 68Ga-DOTA-URP (p < 0.001). At the same time, it was blocked by unlabeled GX1. The results showed that compared with 68Ga-DOTA-GX1, the binding ability of 68Ga-DOTA-KEK-(GX1)2 to the receptor was greatly enhanced.



Cell Uptake and Efflux

As shown in Figure 3A, the uptake of 68Ga-DOTA-KEK-(GX1)2 by Co-HUVECs increased before 60 min, reached a maximum at 60 min, and then decreased. However, the efflux from 1 to 90 min decreased slowly. The efflux was higher than the uptake at 0–30 min, and the uptake from 60 to 90 min was higher than the efflux. Therefore, the difference value between uptake and efflux was the largest over 60 min, and it can be inferred that the best effect may be achieved in 60 min during in vivo imaging. Meanwhile, the uptake of 68Ga-DOTA-KEK-(GX1)2 and 68Ga-DOTA-GX1 by Co-HUVECs was always higher than that of 68Ga-DOTA-URP within 90 min and reached the maximum at 60 min. However, the uptake of 68Ga-DOTA-KEK-(GX1)2 by Co-HUVECs was higher than that of 68Ga-DOTA-GX1 (p < 0.05) (Figure 3B).




Figure 3 | (A) Cell uptake and efflux studies of 68Ga-DOTA-KEK-(GX1)2 in Co-HUVECs. (B) Cell uptake of 68Ga-DOTA-KEK-(GX1)2, 68Ga-DOTA-GX1, and 68Ga-DOTA-URP in Co-HUVECs. The background readings are reflected at 0 min.





68Ga-DOTA-KEK-(GX1)2 Has Good Targeting of Gastric Cancer In Vivo

Tumor-bearing nude mice were divided into three groups and injected with 68Ga-DOTA-GX1, 68Ga-DOTA-URP, or 68Ga-DOTA-KEK-(GX1)2. The injection dose was 3.7 × 106 Bq, and a 10-min static scan was acquired at 30, 60, or 90 min. The results are shown in Figures 4A, B. The results of nano PET/CT imaging confirmed that there was better uptake of 68Ga-DOTA-KEK-(GX1)2 at the tumor site over 60 min, and the dimer had better tumor targeting than that of the monomers. In addition, to quantitatively observe the distribution of the probe, the SUV of the tumor site was calculated (Figure 4C). The SUV of the 68Ga-DOTA-KEK-(GX1)2 group was higher than that of the 68Ga-DOTA-GX1 group (p < 0.001), indicating that the tumor uptake of 68Ga-DOTA-KEK-(GX1)2 was significantly increased. Similar results were obtained by Cerenkov imaging (Figure 5).




Figure 4 | (A) Nano PET/CT imaging of subcutaneous BGC-823 tumor-bearing nude mice at 30, 60, and 90 min after intravenous injection of 3.7 × 106 Bq of 68Ga-DOTA-KEK-(GX1)2. (B) Nano PET/CT imaging of tumor-bearing nude mice at 60 min postinjection of equal radioactive 68Ga-DOTA-KEK-(GX1)2, 68Ga-DOTA-GX1, and 68Ga-DOTA-URP. The tumors are shown as yellow arrows. (C) The standardized uptake value (SUV) of the tumor site. The SUV of the 68Ga-DOTA-KEK-(GX1)2 group was higher than that of the 68Ga-DOTA-GX1 group (n = 3/group, ***p < 0.001).






Figure 5 | (A) Cerenkov imaging of subcutaneous BGC-823 tumor-bearing nude mice at 30, 60, and 90 min after intravenous injection of 3.7 × 106 Bq of 68Ga-DOTA-KEK-(GX1)2. (B) Nano PET/CT imaging of tumor-bearing nude mice at 60 min postinjection of equal radioactive 68Ga-DOTA-KEK-(GX1)2, 68Ga-DOTA-GX1, and 68Ga-DOTA-URP. The tumors are shown as yellow arrows. (C) The signal-to-background ratio (SBR) of the tumor site. The SBR of the 68Ga-DOTA-KEK-(GX1)2 group was higher than that of the 68Ga-DOTA-GX1 group (n = 3/group, ***p < 0.001).





Biodistribution Study

In this experiment, the distribution of 68Ga-DOTA-KEK-(GX1)2 in tumor-bearing nude mice was observed and divided into 30-, 60-, and 90-min groups. The nude mice were sacrificed in batches after injection at different times. The organs were taken, weighed, and counted, and the %ID/g was calculated. As shown in Figures 6A, C, when radioactivity of the kidney and liver reduced rapidly, the radiation of the tumor decreased relatively slowly. At the same time, at 60 min, except for the liver and kidney, the %ID/g of the tumor was higher than that of other normal organs, which indicated that the tumor had better absorption of the probe.




Figure 6 | (A) Biodistribution of nude mice bearing BGC-823 tumors injected with 68Ga-DOTA-KEK-(GX1)2. The T/NT ratios are shown in panel (C) All of the ratios increased over time, illustrating that 68Ga-DOTA-KEK-(GX1)2 had the ability to specifically target tumors in vivo. (B) Biodistribution of nude mice bearing BGC-823 tumors at 60 min postinjection of equal radioactive 68Ga-DOTA-KEK-(GX1)2, 68Ga-DOTA-GX1, and 68Ga-DOTA-URP. In addition, T/NT ratios were shown in panel (D) The uptake of 68Ga-DOTA-KEK-(GX1)2 by tumors was much higher than that of 68Ga-DOTA-GX1 (*p < 0.05). T, tumor; NT, nontumor; K, kidney; L, liver.



Additionally, the distribution of 68Ga-DOTA-KEK-(GX1)2, 68Ga-DOTA-GX1, and 68Ga-DOTA-URP in tumor-bearing nude mice was observed. The nude mice were sacrificed at 60 min; the organs were taken, weighed, and counted; and the %ID/g was calculated. As shown in Figures 6B, D, the absorption of the three probes was highest in the kidney, followed by the liver, indicating that they were mainly metabolized by the kidney and liver and excluded from the body. The absorption of 68Ga-DOTA-KEK-(GX1)2 and 68Ga-DOTA-GX1 by tumors was higher than that of 68Ga-DOTA-URP, and the uptake of 68Ga-DOTA-KEK-(GX1)2 by tumors was much higher than that of 68Ga-DOTA-GX1 (p < 0.05).




Discussion

In a previous article (7), we introduced the advantages and disadvantages of polyethylene glycol (PEG) modification. To avoid the influence of PEG modification, we prepared a new dimer, KEK-(GX1)2, to determine whether the dimer has better affinity and targeting than the monomer. This dimer is linked by glutamic acid and lysine, which is a common method currently. A large number of studies support this modification (11, 12). After the peptide was synthesized successfully, 68Ga-DOTA-KEK-(GX1)2 was prepared by coupling the chelating agent DOTA and 68Ga labeling, and its properties were identified in vitro and in vivo. The probe was characterized by labeling yield and stability and then confirmed by cell immunofluorescence. The binding of KEK-(GX1)2 to Co-HUVECs was significantly higher than that of monomer GX1, which was consistent with the results of cell receptor binding analysis in vitro. The results of cell receptor binding analysis and competitive inhibition tests in vitro showed that the binding of 68Ga-DOTA-KEK-(GX1)2 to Co-HUVECs was higher than that of HUVECs, BGC823 cells, and GES cells, indicating that the probe specifically bound to tumor vascular endothelial cells. The experimental results also showed that the binding of 68Ga-DOTA-KEK-(GX1)2 to Co-HUVECs was higher than that of 68Ga-DOTA-GX1, indicating that the dimer did improve the affinity of GX1. The cell uptake and efflux experiments showed that the uptake of 68Ga-DOTA-KEK-(GX1)2 by Co-HUVECs was higher than that of 68Ga-DOTA-GX1 and reached the maximum at 60 min. Nano PET/CT imaging results showed that the tumor imaging of nude mice injected with 68Ga-DOTA-KEK-(GX1)2 was clear, and the SUV of the tumor site was significantly higher than that of nude mice injected with 68Ga-DOTA-GX1, indicating that the probe has better targeting in vivo. Finally, we used the biodistribution to quantitatively observe the distribution of the probe in the tumor-bearing nude mice. The results showed that when organs such as the kidney and liver metabolized rapidly, the radioactivity of the tumor site of the nude mice injected with 68Ga-DOTA-KEK-(GX1)2 decreased relatively slowly, and at the same time, the %ID/g of the tumor site was higher than that of other normal organs except the liver and kidney at 60 min, which indicated that the tumor had good absorption of the probe.

Importantly, we used URP as the control throughout the experiment, and we also prepared 68Ga-DOTA-URP. Through a comparative study, we prepared a new type of probe that can be used for the diagnosis of gastric cancer by PET imaging. The probe is a dimer of GX1, which makes up for the lack of affinity of GX1 and has good application prospects.

The nano PET/CT used in this study is essentially different from the single photon emission computed tomography (SPECT) used previously. In this part of the study, we used nano PET/CT with small animal imaging equipment, and the resolution and sensitivity were greatly improved (13). In addition, PET and SPECT, collectively known as emission computed tomography (ECT), are the most sensitive molecular imaging modes (14). In addition, imaging is not limited by tissue depth. Nuclear medicine imaging is widely carried out worldwide because of its many advantages (15). In terms of detection efficiency, the highest efficiency of SPECT is only 1%–3% that of PET, and the quality of SPECT image acquisition is not as good as the diagnostic efficiency of PET. Therefore, the application of PET is representative of the highest level of development of nuclear medicine (16). The nuclides used in PET examination (such as 18F, 11C, 13N, 15O, etc.) generally have a short half-life and are ultrashort half-life nuclides, and the irradiation time to patients is short. Although there are many advantages, PET also has disadvantages. Most of the nuclides used in PET are produced by cyclotrons, and the equipment cost is high (17). Therefore, the application of PET is limited. The study of nuclides with convenient sources is one of the directions for the development of PET. In this study, we chose 68Ga. 68Ga is obtained by leaching from the 68Ge-68Ga generator (18). Its source is convenient, and its half-life is short, only 68 min. The generator half-life is 288 days, and it can be used for a long time, even more than 1 year. The development of a 68Ge-68Ga generator has also undergone a long-term process. At present, the best method is to use a generator to adsorb 68Ge on a SnO2 column, elute with ultrapure hydrochloric acid to obtain 68GaCl3, and then label other molecules in the form of a complex (19). Because the half-life is short, the labeling method needs to save time. Through the exploration of conditions, we have established a set of methods for labeling short peptides with DOTA, which is simple to operate and requires a short amount of time (20–22). However, our research also had shortcomings, including very high blood uptake. It may be due to the fact that it takes several hours or even longer for the peptide to achieve maximum binding to the receptor in the circulation in vivo. And the half-life of 68Ga is too short, thus the imaging time can only be controlled within 90 min. Therefore, there are still many free probes in the circulation of plasma. Furthermore, from cell immunofluorescence staining, the PEG-(GX1)2 could enter into cells. But we do not know how it gets inside of cells. Now, the receptor of GX1 has been identified, that is, TGM2. Interaction between GX1 and TGM2 will help elucidate the mechanism of GX1 internalization.

The morbidity and mortality of gastric cancer are very high, and the situation is not optimistic in East Asia, especially in China (23). Thus, it is necessary to study gastric cancer. The low early detection rate of gastric cancer is one of the main reasons for the high mortality rate of gastric cancer (24, 25). Finding a new method for the diagnosis of gastric cancer is key to conquering gastric cancer. The imaging of gastric cancer using tumor vascular-targeted peptides and molecular imaging technology is an important method for the early diagnosis of gastric cancer (26, 27). We sought to use GX1 with independent intellectual property rights to image gastric cancer (28–31). However, previous studies found that the targeting and affinity of GX1 still need to be improved, and there is still some distance to go before application. The main purpose of this study was to modify GX1 and then prepare an effective probe that can better image gastric cancer. Therefore, in this part of the study, the dimer of GX1 [KEK-(GX1)2] was prepared from glutamic acid and lysine and then coupled with the chelating agent DOTA and labeled with 68Ga to prepare 68Ga-DOTA-KEK-(GX1)2. It was found that the characteristics of the probe were better than those of monomer GX1 in vivo and in vitro.



Conclusion

In summary, we prepared a dimer of GX1, which has higher gastric cancer targeting and affinity. The labeling method of 68Ga, a new radionuclide in the clinic, was explored, which laid the foundation for the further development and application of GX1 and 68Ga.
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Purpose

To propose and evaluate habitat imaging-based 18F-fluorodeoxyglucose (18F-FDG) positron emission tomography/computed tomography (PET/CT) radiomics for preoperatively discriminating non-small cell lung cancer (NSCLC) and benign inflammatory diseases (BIDs).



Methods

Three hundred seventeen 18F-FDG PET/CT scans were acquired from patients who underwent aspiration biopsy or surgical resection. All volumes of interest (VOIs) were semiautomatically segmented. Each VOI was separated into variant subregions, namely, habitat imaging, based on our adapted clustering-based habitat generation method. Radiomics features were extracted from these subregions. Three feature selection methods and six classifiers were applied to construct the habitat imaging-based radiomics models for fivefold cross-validation. The radiomics models whose features extracted by conventional habitat-based methods and nonhabitat method were also constructed. For comparison, the performances were evaluated in the validation set in terms of the area under the receiver operating characteristic curve (AUC). Pairwise t-test was applied to test the significant improvement between the adapted habitat-based method and the conventional methods.



Results

A total of 1,858 radiomics features were extracted. After feature selection, habitat imaging-based 18F-FDG PET/CT radiomics models were constructed. The AUC of the adapted clustering-based habitat radiomics was 0.7270 ± 0.0147, which showed significantly improved discrimination performance compared to the conventional methods (p <.001). Furthermore, the combination of features extracted by our adaptive habitat imaging-based method and non-habitat method showed the best performance than the other combinations.



Conclusion

Habitat imaging-based 18F-FDG PET/CT radiomics shows potential as a biomarker for discriminating NSCLC and BIDs, which indicates that the microenvironmental variations in NSCLC and BID can be captured by PET/CT.





Keywords: 18F-FDG PET/CT, habitat imaging, radiomics, inflammation, non-small cell lung cancer



1 Introduction

Lung cancer is one of the most fatal and widespread diseases, with a poor 5-year survival rate (1). Non-small cell lung cancer (NSCLC) accounts for 80–85% of lung cancers (2). The histopathological subtypes of NSCLC include large cell carcinoma, adenocarcinoma (ADC), squamous cell carcinoma (SCC), and adenosquamous carcinoma (ASC). Among these subtypes, ASC is a relatively rare NSCLC histopathological subtype whose malignancy contains components of ADC and SCC. The treatment of early-stage NSCLC is normally surgical resection. However, since aspiration biopsy cannot provide 100% sensitivity, several studies have reported that the resection of benign tissue is prevalent because of the aggressive diagnosis and treatment of NSCLC (3–5). On the other hand, aspiration biopsy causes a certain of trauma to patient.

Since malignant tumors mostly present higher glucose metabolism than normal tissue, which is a known hallmark of cancer, they can be detected using 18F-fluorodeoxyglucose (18F-FDG) positron emission tomography/computed tomography (PET/CT), a metabolic and anatomic imaging system (6, 7). Regarding CT, a tissue can be anatomically analyzed in terms of size, textural heterogeneity, and contour irregulation in CT images (8). From a metabolic perspective, 18F-FDG PET can present high FDG metabolism in the region that could be a malignant tumor. Thus, the PET/CT system cannot only provide high sensitivity of radionuclide uptake but also provide precise anatomical information (9). Shim et al. evaluated the preoperative staging accuracy and specificity of 18F-FDG PET/CT and found that the performance was significantly better than that of CT alone (10). NSCLC, which presents ground-glass opacity (GGO) in CT, is accompanied by low FDG uptake in PET, thus leading to a false-negative result (11). On the other hand, benign inflammation (e.g., pneumonia, pyogenic abscesses, aspergillosis, and granulomatous diseases), which is also related to increased glucose metabolism, could be a potential false-positive detection in 18F-FDG PET (12). False-positive findings are mainly represented by BIDs with high FDG uptake in PET (13, 14). Therefore, a discrimination method is desired for assisting medical physicists and radiologists in identifying whether the high SUV uptake lesion is NSCLC or BID.

Radiomics, which translates medical images into high-throughput quantitative features for analysis, has been applied in a number of clinical studies (15–17). Tumors reveal genomic and phenotypic heterogeneity, which can be reflected in medical images, thus leading to the quantification of the textural and metabolic variations in tumors through PET and CT. Furthermore, PET/CT radiomics, which mines not only textural features but also metabolic features from PET/CT images, has been applied to various potential clinical applications. Lovinfosse et al. studied the prognostic value of baseline 18F-FDG PET/CT radiomics, and their results showed a strong predictive ability for survival in patients with locally advanced rectal cancer (18). Antunovic et al. developed and evaluated a PET/CT radiomics model for predicting pathological complete response to neoadjuvant chemotherapy in patients who had locally advanced breast cancer (19). Mu et al. built a PET/CT radiomics signature to predict the outcomes of NSCLC patients treated with checkpoint blockade immunotherapy (20). The above studies employed a conventional radiomics feature extraction method, i.e., radiomics features are extracted based on the whole tumor, which implicitly assumes that the whole tumor shows a consistent heterogeneous pattern. However, intratumoral heterogeneity exists and can be further revealed in medical images (21–23). For example, a whole tumor mass can be divided into well-, moderately, and poorly differentiated volumes, wherein poorly differentiated volumes show significant biological aggressiveness, which makes them different from other well-differentiated tumor volumes, and displays different kinds of heterogeneous pattern. Habitat is a term used to describe these regionally and heterogeneously distinct volumes, while habitat imaging refers to obtaining these volumes (23). Recently, some researchers have started to apply habitat imaging to PET/CT radiomics and have shown competitive performance in their tasks. Wu et al. proposed a robust habitat generation method by clustering and validated it in PET/CT habitat radiomics (24). According to this habitat generation method, Xu et al. built a habitat-based PET/CT radiomics method for predicting progression-free survival in patients with nasopharyngeal carcinoma (25). Wu et al. developed prognostic models by PET/CT habitat radiomics to identify whether more aggressive treatment is needed for patients with locally advanced cervical cancer treated with chemoradiotherapy (26). Different from the abovementioned clustering-based habitat generation method, they used Otsu thresholding (27) to obtain habitats. The thresholding-based habitat generation method fixes the number of habitats for each tumor. However, this thresholding-based method is not suitable, since assuming that the habitat number of NSCLC and BID are totally the same is unreasonable. In addition, the conventional clustering-based habitat generation method fixes the number of supervoxels to be clustered. The supervoxels of a small tumor are aggregated by fewer voxels than those of a large tumor, which suffers from the limited resolution of the image. To improve the issues mentioned above, we refine the clustering-based habitat generation method by adaptively setting the number of supervoxels for each tumor. Furthermore, we use the global signal values instead of the local signal values for normalization. To our knowledge, this is the first study to compare clustering- and thresholding-based habitat generation methods.

Therefore, in this study, we aim to develop and evaluate habitat imaging-based 18F-FDG PET/CT radiomics models for discriminating NSCLC and BID, which helps medical physicists and radiologists better diagnose NSCLC by PET/CT images.



2 Materials and Methods

This study was approved by the institutional review board, and the requirement for informed consent was waived since the data were analyzed retrospectively and anonymously. The whole workflow of our study is depicted in Figure 1.




Figure 1 | The whole workflow of our study.




2.1 Image Data

Between January 1, 2015 and February 28, 2021, patients who had scanned PET/CT at the PET Center, the First Affiliated Hospital, School of Medicine, Zhejiang University, underwent aspiration biopsy or surgical resection to obtain histopathological results. The patients were enrolled based on the following inclusion criteria: (i) histopathological results of the lesion were available; (ii) NSCLC was primary and nonmetastatic; and (iii) NSCLC staging was between I and III. A total of 317 lesions were included in our study: 12 had ASC, 126 had ADC, 87 had SCC, and 92 had BID. The demographic information of the enrolled patients is summarized in Table 1. All image data were acquired on a Biograph 16 PET/CT system (Siemens Healthineers, Hoffman Estates, IL, USA). The PET images were reconstructed using the iterative algorithm with four iterations and eight subsets. A Gaussian filter with FWHM of 6.0 mm was applied to postprocessing. The convolutional kernel for CT reconstruction was B31f. The CT tube voltage was 120 kV, and the CT tube current was 207.5 ± 57.6 mA. The CT exposure was 105.1 ± 29.2 mAs. All lesions were semiautomatically segmented by two experienced radiologists under mutual consensus using ITK-SNAP 3.6.0 (28). The pixel spacing and slice thickness of each CT image were 1.00 ± 0.08 and 4.93 ± 0.44 mm/voxel, respectively. The pixel spacing and slice thickness of each PET image were 4.06 ± 0.00 and 4.93 ± 0.44 mm/voxel, respectively. Bilinear interpolation was applied to PET and CT images to ensure that they had the same voxel spacing of 1 × 1 × 1 mm3.


Table 1 | Demographic information of the enrolled patients.



All enrolled PET/CT data were preprocessed before training and testing. Regarding CT, the windowing method was applied to images with customized upper and lower gray level boundaries so that the specific structure could be emphasized. By altering the window width and window level, the contrast and brightness of the image were changed accordingly. Referring to lung cancer diagnosis by CT, radiologists usually use the lung window (window width, 700 HU; window level, −600 HU) to accentuate the lung parenchyma for assessment, including areas of pulmonary vascular structure and consolidation. Furthermore, radiologists normally employ the mediastinal window (window width, 300 HU; window level, 40 HU) to evaluate the mediastinal structures and chest wall, thus leading to the recognition of structures of the mediastinum from enlarged lymph nodes or other masses. Therefore, a customized window (window width, 1,140 HU; window level, −380 HU), which merges the mediastinal window and lung window, was used for preprocessing so that the redundant information could be eliminated and the target region could be enhanced. Regarding PET, all PET images were converted from activity to standardized uptake value (SUV) for the purpose of quantification.



2.2 Habitat Generation


2.2.1 Clustering-Based Method

Our clustering-based habitat generation method was adapted from the multiparametric intratumor partitioning method proposed by Wu et al. (24). The main difference between the conventional and adapted method is the hypervolume generation. The conventional method fixed the number of hypervolume for each tumor, while the adapted method fixed the size of hypervolume so each tumors can have adaptive numbers of hypervolume.

The first step is to generate a hypervolume whose dimensionality is feature × depth × height × width. Along the feature axis, we need to determine the size of the feature vector. In our case, we followed the four-dimensional (4D) feature vector, which is comprised of PET SUV, CT intensity, PET local entropy, and CT local entropy (24, 25). In detail, the local entropy for PET and CT was computed within a small 9 × 9 × 9 neighborhood. For example, if the size of the input volume of interest (VOI) is 64 × 64 × 64 for both PET and CT, the size of the resulting hypervolume of the feature should be 4 × 64 × 64 × 64; thus, the first dimension of this hypervolume is a feature vector, which consists of PET SUV, CT intensity, PET local entropy, and CT local entropy. The next step is to individually cluster the voxel for each VOI, and thus, supervoxels (i.e., internal clusters for each VOI) can be obtained. The k-means clustering algorithm was applied to voxel values (PET SUV, CT intensity, PET local entropy, and CT local entropy) under the Euclidean distance measurement. The intensity of the supervoxel is characterized by averaging feature vectors. With respect to the conventional clustering-based method, the cluster numbers of each VOI are set to the same number. The normalization of the 4D feature vector is performed using the maximum and minimum values among the 9 × 9 × 9 neighborhoods. Regarding our adapted clustering-based method, we fix the volume of supervoxels to be 729 mm3 and then calculated how many supervoxels need to be clustered. In addition, global minimum and maximum values were used for normalization of the feature vector, which helps measure the distance better. The last step is to cluster supervoxels from all VOIs to form multiple habitats. The k-means clustering algorithm was applied to aggregate all supervoxels to form habitats. The number of habitats was tested from 2 to 10 to determine the optimized number of habitats with the highest evaluation metric, the Calinski–Harabasz index (29).



2.2.2 Thresholding-Based Method

The Otsu algorithm was used for thresholding-based habitat generation. This algorithm determines the threshold by maximizing interclass variance, or equivalently, by minimizing intraclass variance. Otsu thresholding was applied to PET and CT images, and thus, two thresholds of PET and CT were obtained for separating habitats, i.e., PEThigh, PETlow, CThigh, and CTlow. Therefore, a total of four habitats were generated for each tumor: PEThigh ∩ CThigh, PEThigh ∩ CTlow, PETlow ∩ CThigh, and PETlow ∩ CTlow.




2.3 Feature Extraction

Feature extraction was performed on each habitat for each modality. The PyRadiomics Python package version 3.0.1 (30), which is based on the Image Biomarker Standardization Initiative (31, 32), was used to extract 107 basic radiomics features, including first-order, shape, gray level co-occurrence matrix (GLCM), gray level size zone matrix, gray level run length matrix (GLRLM), neighboring gray tone difference matrix (NGTDM), and gray level dependence matrix (GLDM) features (30). Note that the bin widths of CT and PET were set to 25 and 0.25, respectively. Furthermore, co-occurrence of local anisotropic gradient orientations (CoLIAGe) was employed to extract 390 features from a gradient perspective (33). A total of 432 wavelet-local binary pattern (LBP) features, which show competitive performance in capturing cancerous heterogeneity, were the first-order features extracted from images that were orderly processed by discrete wavelet transformation and LBP (34). The details of radiomics features can be found in the Supplementary Information.



2.4 Feature Selection and Model Construction

For feature selection, Spearman’s rank correlation coefficient was calculated to eliminate redundant features whose coefficients were >0.99, and then, a hypothesis test was employed to select the features that were significantly associated (p <.05) with the predictive label, i.e., NSCLC and BID. In detail, the Shapiro–Wilk test and Levene’s test were used to test whether the features satisfied a normal distribution and whether the variances in features were homogeneous. If both of these tests satisfied p <.05, a t-test was applied to select the significantly associated features; otherwise, the Mann–Whitney U-test was performed. Afterwards, three different model-based feature selection methods were applied to further select the significant features. Support vector machine recursive feature elimination (SVM-RFE), random forest, and least absolute shrinkage and selection operator (LASSO) regression were used as the model-based feature selection methods. The selected features were used to develop radiomics models, and the classifiers we used included SVM, random forest, gradient boosting decision tree (GBDT), logistic regression, AdaBoost, and bagging. Hence, the resulting number of combinations for constructing radiomics models was 18.

Fivefold cross-validation was performed in model construction, and the evaluation metrics, which included the area under the receiver operating characteristic (ROC) curve (AUC), accuracy, sensitivity, and specificity, were obtained by averaging the values among five folds. Note that the optimized threshold was determined by the highest F1 score in the training set. The following kinds of radiomics models were compared: (i) conventional nonhabitat radiomics; (ii) conventional thresholding-based habitat radiomics; (iii) conventional clustering-based habitat radiomics; (iv) adapted clustering-based habitat radiomics; (v) adapted clustering-based habitat combined with conventional nonhabitat radiomics; (vi) conventional thresholding-based habitat combined with conventional nonhabitat radiomics; and (vii) combination of adapted clustering-based habitat, conventional thresholding-based habitat, and conventional nonhabitat radiomics. In our study, we averaged the predictive value of all habitats in a tumor to obtain the comprehensive predictive value.



2.5 Statistical Analysis

There were three feature selection methods and six classifiers and thus leading to 18 radiomics models, which can be constructed for each kind of habitat generation method. In addition, all evaluation metrics were averaged in terms of five folds. To evaluate the performance for different habitat-based radiomics, a pairwise t-test was performed to evaluate whether there was significant improvement between these methods.




3 Results


3.1 Habitat Characteristics

According to Calinski–Harabasz index, the optimized numbers of habitats were 5 and 2 for adapted and conventional clustering-based habitat generations in our study, respectively. Regarding our adapted clustering-based method, we adaptively set the number of habitats for each tumor. The distribution of habitat number for each type of lesion is summarized in Figure 2. From Figure 2A, we can see that the habitat number proportions of habitats 1–3 between NSCLC and BID are similar, while habitats 4 and 5 show differences between NSCLC and BID. Furthermore, NSCLC was split into histopathological subtypes, including ADC, ASC, and SCC, as shown in Figure 2B. Specifically, Figure 2B shows that the habitat number distribution of BID is very close to that of ADC. Figure 3 shows the stacked histograms of habitat size for each NSCLC histopathological subtype and BID. The vertical and horizontal axes represent the occurrence of a specific habitat and the proportion of the habitat size and the whole tumor size, respectively. The size proportion represents the ratio of the size of habitat to the size of whole VOI. From Figure 3, we can see that (a) ADC could appear as a single habitat as habitats 1–3, while the occurrence of habitat 5, which merely appears as a small region, is very low; (b) ASC mainly appears as habitats 2 and 3 in terms of the size proportion and unlikely appears as habitat 4; (c) SCC tends to appear as multiple habitats, with the highest frequency of habitat 5 compared to the others; and (d) the distribution of BID is very similar to that of ADC, which shows a similar phenomenon as that in Figure 3B.




Figure 2 | The distribution of habitat number for (A) BID and NSCLC and for (B) SCC, BID, ASC, and ADC.






Figure 3 | The distribution of habitat size proportion for (A) ADC, (B) ASC, (C) SCC, and (D) BID.





3.2 Performance Evaluation of Habitat Imaging-Based Radiomics

Radiomics features were extracted from these five habitats. Since stratified sampling was applied to fivefold cross-validation, the training, validation, and testing sets had the same proportions of ADCs, ASCs, SCCs, and BIDs, which suggests that these subsets of data have similar lesion distributions. Since we used three feature selection methods for fivefold cross-validation, feature selection was applied 15 times to develop habitat radiomics. Thus, the maximum number of selected times for a feature is 15. We summarized the top 10 selected features for each habitat radiomics. The selected features of conventional nonhabitat radiomics, adapted clustering-based habitat radiomics, and their combination are shown in Figure 4. The top 10 selected features for the other habitat methods are summarized in Supplementary Figure 1 of the Supplementary Information. Regarding conventional nonhabitat radiomics, the top 10 selected features included 4 features from CT and 5 features from PET. There were three histogram features, one shape feature, and six second-order features. Regarding adapted clustering-based habitat radiomics, three and six features were based on CT and PET, respectively. There was one shape feature, one first-order feature, and eight second-order features. Regarding adapted clustering-based habitat radiomics combined with conventional nonhabitat radiomics, only two features were from CT and seven features were from PET. There was one histogram feature, one shape feature, and eight second-order features. Comparing the features extracted from conventional nonhabitat radiomics with those extracted from adapted clustering-based habitat radiomics, we can see that more PET features were extracted, and the top 2 features were changed from CT to PET, which implicitly reveals that the adapted clustering-based habitat can discover more diagnostic potential in PET with the help of CT.




Figure 4 | The top 10 selected features of (A) conventional nonhabitat radiomics, (B) adapted clustering-based habitat radiomics, and (C) their combination.



A total of 6 classifiers and 3 feature selection methods, which form 18 different radiomics pipelines, were used to develop radiomics models. The radiomics features extracted from different habitat generation methods were fed into these pipelines, and then the mean and standard deviation of the evaluation metrics were calculated to evaluate the overall predictive performance. A total of seven habitat imaging-based radiomics methods were compared, as mentioned in Section 2.4. Their diagnostic performance metrics are summarized in Table 2. In this table, T1 depicts the pairwise t-test between the adapted clustering-based combined with nonhabitat method and the rest of methods, and T2 illustrates the pairwise t-test between the adapted clustering-based method and the other habitat generation methods. The performance details for the specific classifiers are summarized in Supplementary Table 1 of the Supplementary Information. The metrics of accuracy, sensitivity, and specificity are based on the optimized threshold obtained from the F1 score. Since we had a highly imbalanced dataset and the three metrics are easily affected by the threshold, the AUC metric, which can comprehensively reflect the performance of binary classification models, was used for the performance comparisons (35). According to Table 2, we can see that the features extracted from the adapted clustering-based method combined with the non-habitat method can be used to develop radiomics models that outperform the others, except for the adapted clustering-based radiomics method, in terms of the AUC (p <.05), with a mean AUC of 0.7329. For further analyze the habitat characteristics; four samples were selected in Figure 5, and their corresponding habitats with predicted probability are plotted in Figure 6.


Table 2 | Summary of the diagnostic performances for each method.






Figure 5 | The selected four samples of (A) ADC, (B) SCC, (C) ASC, and (D) BID in PET/CT images.






Figure 6 | The habitat generated by (A–D) adapted clustering-based, (E–H) conventional thresholding-based, (I–L) conventional clustering-based, and (M–P) nonhabitat methods and their corresponding predicted probability. The first, second, third and fourth columns represent ADC, SCC, ASC and BID, respectively. For the adapted clustering-based method, the habitat 1 to 5 are showed in the colors of blue, aquamarine, yellow, orange and red respectively. For the conventional thresholding-based method, habitats 1–4 are showed in colors of blue, green, orange and red, respectively. For the conventional clustering-based method, the habitats 1 and 2 are showed in colors of green and red, respectively.






4 Discussion

In this study, three kinds of habitat generation methods were compared. PET and CT radiomics features were extracted from these habitats. Radiomics models were then developed to compare the predictive performance metrics of these habitat generation methods. Since we had a highly unbalanced dataset, with 225 NSCLC cases and 92 BID cases, the evaluation metrics of accuracy, sensitivity, and specificity were highly affected by the discrimination threshold. Thus, we only compared the AUC to evaluate the difference in performance. The adapted clustering-based habitat radiomics model showed a significantly better AUC of 0.7329 ± 0.0170 in the fivefold testing sets than the non-habitat radiomics (p <.001), conventional thresholding-based radiomics (p <.001), and conventional clustering-based radiomics (p <.001) models. This finding implies that adapted clustering-based habitat radiomics has the potential to provide significant values to medical physicists and radiologists and help customize the therapeutic strategy for patients (36), e.g., with the help of habitats, medical physicists and radiologists can focus on the most malignant region for radiotherapy. Furthermore, we can see that habitat radiomics developed by combining adapted clustering-based features with conventional nonhabitat features shows the best predictive performance in terms of evaluation metrics compared with the other combinations.

To further analyze habitat radiomics, we selected four samples of ADC, SCC, ASC, and BID, and their corresponding PET/CT fusion images are shown in Figure 5. For these four samples, we plotted the habitats for each of the habitat generation methods, as shown in Figure 6. Moreover, the specific predictive values of the models, which were developed by the adapted clustering-based habitat, conventional thresholding-based habitat, and conventional nonhabitat radiomics, are marked accordingly in Figure 6. By looking at the habitats of the four samples generated by the adapted clustering-based method (the first row of Figure 6), we can see that habitat 2 tends to appear as a shell shape, habitat 4 tends to appear in relatively benign tissue, and habitat 5 tends to appear at the center of the lesion. Habitat 5 only appeared in these three NSCLC samples, while it did not appear in the BID sample. This finding was also supported by Figure 2D, which demonstrates that BID had almost no habitat 5, and if there was any sign of habitat 5, the volume was very small. Habitat 1 only appeared in ADC and SCC among the four samples. The four samples in the second row of Figure 6 were generated based on conventional thresholding-based method. Note that PETlow ∩ CTlow, PETlow ∩ CThigh, PEThigh ∩ CTlow, and PEThigh ∩ CThigh represent habitats 1–4, respectively. For these four cases, habitat 4 tends to appear in the tumor core region, while habitats 1 and 2 appeared as outer and inner shell shapes, respectively. Habitat 3 was shown in the tumor core as a small volume. However, all four samples showed a similar habitat pattern because of the characteristics of thresholding-based method. By looking at the third row of Figure 6, habitats generated by the conventional clustering-based method only obtained two kinds of habitats. Habitat 1 is very small and only focus on the rim of tumor, while habitat 2 almost occupies the whole volume. Note that we provided an overall predictive value by averaging the predictive values of all habitats for a lesion. Since the adapted clustering-based method is significantly better than the other habitat generation methods, it implicitly shows that the proposed habitat generation method can significantly improve the performance of the radiomics model.

The employment of habitat imaging is due to the subregional heterogeneity and complexity of the tumor microenvironment because there are complex metabolic contacts that appear in cancerous tissues. Given the domain knowledge, cancer cells often have increased glucose metabolism (37). To achieve this, glucose transporters are overexpressed in cancer cells to ensure glucose transportation for oncogenic transformation and progression. Regarding SCC, the histopathological subtype can be indicated by high expression of glucose transporter 1 (GLUT1) (38, 39), e.g., premalignant lesions of bronchial epithelium (40), which can be reflected by a high SUV in PET images. For ADC, the mass can consist of different levels of cell differentiation to demonstrate heterogeneity. Moreover, the expression of glucose transporters in ADC is also heterogeneous, e.g., the poorly differentiated and well-differentiated regions express GLUT1 and sodium-glucose cotransporter-2, respectively (41). On the other hand, inflammation is mainly caused by cells from innate immune system, while cancer cells have a mechanism of cancer immune escape (42). This mechanism allows cancer cells to competitively deprive glucose, an important nutrient, from immune cells (43). Thus, mining the microenvironmental heterogeneity captured by PET/CT can help medical physicists and radiologists better discriminate NSCLCs, and our result demonstrates that habitat imaging is a potential method for mining the heterogeneity of tumors and precise resection. Supplementary Figure 2 shows the density of habitat size proportion for each kind of lesion, and the differences between the distributions of four kinds of lesions are obvious by visual assessment.

Nevertheless, due to the limitation of sample size and imbalanced class, we used a different method to develop radiomics models. Although different kinds of habitats may have some kinds of difference, we still used habitat as a sample unit to develop models. Nevertheless, the optimal way is to develop tailored radiomics models for each habitat, which means that we should have had five different radiomics models for predicting corresponding habitats. Moreover, to further exploit the potential of habitat imaging, a prospective study should be conducted by jointly utilizing the medical images and the corresponding aligned whole-mount histology images (44). With the help of pathologists, the regions of interest for each NSCLC histopathological subtype can be delineated on histology images. In this case, the habitat generation method is no longer based on the predetermined handcrafted feature vector but is based on the experience of the pathologist. In addition, a thoughtful well-designed model development method can be used to jointly utilize the information from both histology images and PET/CT images and then to cluster the habitats of PET/CT images. Thus, a histopathological subtype can be determined by investigating whether a specific kind of habitat appeared on PET/CT images.



5 Conclusion

Habitat imaging is meaningful for dividing a lesion into multiple habitats based on metabolic and anatomic information and further analysis of the lesion. Habitat imaging-based 18F-FDG PET/CT radiomics shows potential as a biomarker for discriminating NSCLC and BIDs, which indicates that the microenvironment variations in NSCLC and BIDs can be captured by PET/CT.
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Bioluminescent tomography (BLT) has increasingly important applications in preclinical studies. However, the simplified photon propagation model and the inherent ill-posedness of the inverse problem limit the quality of BLT reconstruction. In order to improve the reconstruction accuracy of positioning and reconstruction efficiency, this paper presents a deep-learning optical reconstruction method based on one-dimensional convolutional neural networks (1DCNN). The nonlinear mapping relationship between the surface photon flux density and the distribution of the internal bioluminescence sources is directly established, which fundamentally avoids solving the ill-posed inverse problem iteratively. Compared with the previous reconstruction method based on multilayer perceptron, the training parameters in the 1DCNN are greatly reduced and the learning efficiency of the model is improved. Simulations verify the superiority and stability of the 1DCNN method, and the in vivo experimental results further show the potential of the proposed method in practical applications.
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1 Introduction

Bioluminescence tomography (BLT) is an optical molecular imaging method with high sensitivity, low cost, and noninvasive characteristics (1–3). Traditionally, based on the light propagation model in biological tissues, the inversion algorithm is used to recover the three-dimensional (3D) distribution of the internal bioluminescent sources that enables quantitatively monitoring the pathological and physiological changes of the biological entities (4). In the past decade, BLT has been widely applied in preclinical studies such as early detection of tumors, monitoring tumor growth, and metastatic spreading (5–8).

For most BLT applications, both tumor spatial location and morphology are the key problems need to be addressed. However, the light scattering and limitation of measurement strongly influence the reconstruction accuracy. Considering the ill-posedness of BLT reconstruction and the sparseness of the source distribution, researchers have proposed various reconstruction algorithms combined with different prior information (9–13). Although the positioning accuracy of the reconstructed source center is gradually improved by these methods, the insufficient sparseness of the reconstructed results would lead to image artifacts and limit the accuracy of morphological analysis.

Deep-learning methods have become a dominant methodology of choice for analyzing medical images and medical imaging in the past few years (14, 15). They have shown outstanding performance on solving a variety of inverse problems (16). Recently, deep-learning methods have also received increasing attention in optical molecular tomography. Yoo et al. proposed an encoder-decoder convolutional structure deep neural network for diffuse optical tomography (DOT) (17). The experimental results demonstrated that the trained network performed well and could obtain accurate locating results in regular phantom without iterative procedure or linear approximation. Huang et al. proposed a deep convolutional neural network, gated recurrent unit, and multiple-layer perception-based method (18) to improve the quality of fluorescence molecular tomography (FMT) reconstruction. Wang et al. proposed an inverse-problem solving technology based on a stacked autoencoder (SAE) network for FMT (19). Simulation based on a uniform two-dimensional rectangular model shows the proposed method can retrieve the positions and shapes of the targets accurately. Lin et al. proposed a three-dimensional deep encoder-decoder network for FMT (20), which achieved accurate locating results in regular phantom. Gao et al. proposed a multilayer perceptron-based inverse problem simulation (IPS) method, which is the first deep-learning method applied to BLT (21). The simulations and in vivo experiments demonstrated that the IPS method has advantages over the traditional direct analysis and the iterative methods. However, due to the complexity of a fully connected layer connection, the network training for IPS needs too many parameters, and it is also difficult to transmit the gradient during training especially when the fully connected network layer is deep.

In this study, a deep-learning method based on one-dimensional convolutional neural networks (1DCNN) is proposed for BLT. It does not rely on an analytic inversion or on an iterative data-fit optimization. Here, we use the term 1DCNN to emphasize that the input of the CNN is a one-dimensional vector of the surface measurement. Unlike the IPS method, the local connection and weight sharing of CNN greatly reduce the number of parameters to be trained in the neural network model. Simulations and in vivo experiments with a mouse brain orthotopic glioma model are performed to verify the performance of the proposed method in BLT reconstruction.

This paper is organized as follows. In Section 2, the 1DCNN network-based reconstruction method, the design of data collection, and the evaluation index are explained. Simulations are then presented to verify the reconstruction ability of the proposed method in Section 3. Section 4 further evaluates the proposed method with in vivo experiments. Finally, we present a discussion and conclusion in Section 5.



2 Methodology


2.1 BLT Reconstruction Based on 1DCNN Method

Here, we present a data-driven reconstruction method based on deep learning. Unlike the model-based method, neural networks (NNs) form the theoretical architecture of deep-learning methods. The universal approximation theorem (22) guarantees that a NN with sufficiently many hidden units and a linear output layer is capable of representing any arbitrary function. The CNN is one of the most representative algorithms of deep learning, which is a kind of feed-forward neural network including convolution calculation and deep structure. Researches have shown that the convolutional layer can extract high-level features from data and obtain more useful information (23). Therefore, it is possible to use the CNN to solve the inverse problem of BLT by directly fitting the nonlinear mapping relationship between the surface photon flux density and the distribution of the internal bioluminescence sources.

Figure 1 shows the schematic diagram of 1DCNN used in BLT reconstruction. Basically, the 1DCNN is an end-to-end learning model including six layers, i.e., an input layer, three convolutional layers, a fully connected layer, and an output layer. The model task of 1DCNN is to extract the characteristic information of the surface photon flux density and predict the spatial distribution of the internal source, which is different from that of general classification problems. Considering that the commonly used pooling mechanism may change the structure information and thus affect the reconstruction results, we deprecated the pooling mechanism in the 1DCNN. The input to the deep network is an N-tuple vector of photon flux density ϕ, where N is the number of surface nodes. It is a vector with characteristic information, which is obtained by arranging the elements of measurement according to the order of surface nodes in data preprocessing stage. The output of the 1DCNN is an M-tuple vector of the reconstructed source S, where M is the number of nodes in the imaging region. By combining the output with the coordinate information of nodes, the 3D distribution of internal source can be obtained.




Figure 1 | The schematic diagram of 1DCNN used in BLT reconstruction.



As illustrated in Figure 1, each convolution layer is followed by an activation function (ReLU). In the leaning system of 1DCNN, the convolution layers are used for feature extraction. The feature maps produced by the previous layer are convolved with several convolutional kernels (to be learned in the training process). The output of the convolution operators along with a bias (to be learned) is passed by the activation function to form the feature map for the next layer. This process can be defined as follows:

 

where   represents the jth feature map (h0 = ϕ) of lth convolutional layer,   represents the weight matrix connecting the ith feature map of layers l – 1 and the jth feature map of the layer l, i and j are the indexes of the input and output feature maps, k represents the number of feature maps in layers l – 1, and   is the bias corresponding to each feature map of the layer l. g(·) is the ReLU activation function:

 

The fully connected layer in Figure 1 is used to connect all the features and pass the output value to the classifier. The sigmoid function is used as the classifier, and it is defined as follows:

 

During the network training process, the method attempt to fit the nonlinear mapping between the bioluminescence source and the surface photon flux density. The inverse problem of BLT is optimized as follows:

 

where f1 is the 1DCNN method with network weight θ. ϕ is the surface photon flux density, and S is the bioluminescence source. Moreover, the network weight θ is updated iteratively during the network training by minimizing the BCE between the actual and reconstructed sources.

The adaptive moment estimation (Adam) optimization function is applied for optimizing the loss function. The training hyperparameters are set as follows: learning rate α = 0.001, β1 = 0.9, β2 = 0.999, ϵ = 10–8, epochs = 200, and batch size = 32. The training time of the model is about 5 min. The training parameters of the 1DCNN is about 105, which has been reduced by 83% compared with IPS. The related computing configuration environment of implementing the network model mainly includes Ubuntu 16.04 system, python3.6, and pytorch1.6. The whole calculation procedure ran on a server with Intel(R) Xeon(R) Silver4214CPU @2.20 GHz, 12 GB RAM, and NVIDIA GTX2080 GPU.



2.2 Data Collection

There is no doubt that the collection of a large amount of representative data is important for a data-driven reconstruction method. The datasets used in previous studies were mostly obtained based on the Monte Carlo method since data acquisition from in vivo experiments is not practical. Although the Monte Carlo method has high reliability due to its statistical characteristics, the cost of time is not insignificant. In our implementation, the simplified spherical harmonics approximation (SPN) to the radiation transfer equation is solved numerically to generate simulation training datasets. To balance efficiency and accuracy in data collection, we use the finite element method to solve the SP3 equation (24). It takes about 70 h to obtain the dataset used for the following simulation.

In order to improve the generalization ability of the experiment, the standard digital mouse model (25) was selected. Because the brain glioma is a type of intracranial tumor and only invades inside the brain, we selected the head of the mouse as the reconstruction region, which includes three organs: brain, skull, and muscle. The corresponding optical parameters (26, 27) are presented in Table 1. The tetrahedron mesh used for simulations includes 5,831 tetrahedron mesh nodes and 31,826 tetrahedron elements.


Table 1 | Optical parameters of main organs.



Simulation data of single source and dual source were collected to train the 1DCNN and validate the reconstruction performance. Since the internal sources can be anywhere in the mouse brain, the simulated samples should cover brain tissue as much as possible. We randomly selected a node of the brain tissue as the internal bioluminescence source center, and then set the immediate adjacent tetrahedrons containing the center node as a single source. In this way, we obtain the simulated single sources by traversing all nodes in the brain region. Due to the uneven mesh, the simulated single sources were irregular and their shape and size were not exactly the same, but such operation increases the diversity of data samples. The minimum volume of single source is about 3 mm3, and the maximum volume of single source is about 25 mm3. For the given single source, we can obtain the corresponding surface photon density by solving the SP3 using FEM. To generate dual-source data, we use a simple combination method, i.e., randomly combining two single-source samples to obtain a dual-source sample. The surface photons density ϕ and the internal sources X of the assembled source samples were calculated as follows:

 

 

where Sn and n are the sets of selected single-source samples and the number of selected samples. ϕi and ϕdbs are the surface photons of ith single- and double-source samples, Xi and Xdbs are the given true bioluminescent sources of the ith single- and double-source samples. Dual-source samples were created by randomly selecting two samples (n = 2) from the single-source samples. According to the above data collection scheme, a total of 11,635 samples (including 1,035 groups of single-source samples and 10,600 groups of dual-source samples) were generated, in which 1,094 simulation samples were used as the validation sets to determine the optimal model, and 935 simulation samples were used as the test sets to test the model. By introducing double-source samples, the proportion of single-source samples in the training dataset is diluted, and the invisible prior of the model with regard to the number of sources is confused, so as the generalization ability of the model is improved.



2.3 Evaluation Index

To justify the utility of the proposed method, simulations and in vivo experiments are carried out for BLT reconstruction with 1DCNN in comparison with the IPS method. We use two metrics, the location error (LE) and the Dice index (28), to quantitative evaluate the location accuracy and the morphological similarity, respectively.

The LE is the Euclidean distance between the barycenter of the reconstructed source and that of the true anomaly. The LE is measured as the function:

 

 

where SCre and SCtr are the barycenter coordinate of the reconstructed source and true source, respectively. ||•||2 is the operator of Euclidean distance. SCk is the weighted center coordinate of source Sk, Pi presents the coordinate vector of the ith node in Sk, and xi is the reconstructed intensity of Pi.

The Dice index reflects the morphological similarity between the nodes set of the reconstructed source and the real light source. The higher the Dice index, the better the morphological similarity.

 

where S1 and S2 are the nodes set of the reconstructed and actual sources respectively.




3 Simulation


3.1 Single-Source Reconstruction

In this section, the 111 single-source samples in the test set were selected for BLT reconstruction to verify the accuracy of the 1DCNN in single-source reconstruction.

Table 2 presents the average and standard deviation of the LE and Dice in single-source reconstruction. For the Dice, 1DCNN performs 10% better than IPS, while the average LE of 1DCNN is 11.3% less than that of IPS.


Table 2 | The average and standard deviation of the LE and Dice for the single-source reconstruction in test set.



To further investigate the impacts of depth on the performance of method, we divided the 111 single-source test samples into four groups according to the depth range and analyze the LE and Dice at different depths. The statistical values are summarized into a boxplot, as shown in Figure 2. It can be seen that the LE slightly increases with the depth, and the average value of Dice value goes below 0.6 when the depths of source range from 6 to 8 mm. In summary, the average performance of 1DCNN is better than IPS for the samples at different depths.




Figure 2 | (A) The boxplot chart of the LE for all single-source samples, where the samples are divided into four groups according to the depth. (B) The corresponding boxplot chart of the Dice.



For the convenience of intuitive assessment of the reconstruction results, we choose four groups of single-source sample to compare. These representative samples are similar in size but locate at different depths. The depths of these sources are 2.9, 3.5, 4.3, and 6.7 mm, respectively. As we can see in Figure 3, the 1DCNN results show better morphological similarity than the IPS method at different source depths. In contrast, more unexpected artifacts were observed in the IPS results.




Figure 3 | Reconstruction results of 1DCNN and IPS in the single-source case, including the 3D views and the corresponding sagittal views at the true source center: (A) Depth = 2.9 mm; (B) Depth = 3.5 mm; (C) Depth = 4.3 mm; (D) Depth = 6.7 mm.





3.2 Dual-Source Reconstruction

To evaluate the resolving power of different reconstruction methods, 824 groups of BLT reconstructions were performed on dual-source samples. Table 3 summarizes the statistical results including the average and the standard deviation of Dice, LE for two individual sources (LE1 and LE2), and total LE for the two reconstructed sources. Compared with the IPS method, 1DCNN has obvious advantages in location accuracy and morphological similarity. The average LE for each reconstructed source is close to 0.5 mm. For the total LE, the average location error of 1DCNN is lower at 0.44 mm than that of the IPS method. The average Dice of 1DCNN increases by 38.78% relative to that of IPS.


Table 3 | The average and standard deviation of the LE and Dice for the dual-source reconstruction in test set.



For dual-source reconstruction, decreasing the separation increases the difficulty of reconstruction. This can be seen in the statistical results in the boxplots of Figure 4, which is obtained by dividing the dual-source samples into four groups according to the separation. The total LE for dual-source samples with the separation ranging from 2 to 6 mm are the largest and the Dice index for this group is also obviously lower than the other cases. In addition, the boxplot graphs in Figure 4 show that there was a high level of dispersion and sizable quantity of outliers within the result of IPS, especially for the total LE.




Figure 4 | (A) The boxplot chart of the total LE for the dual-source samples, where the samples are divided into four classes according to the barycenter gap. (B) The corresponding boxplot chart of the Dice.



From the above statistical results, we observed that the 1DCNN method produces lower LE, which revealed that the 1DCNN method had better source location-tracing ability than the IPS method. In addition, it can be seen from the difference between the maximum and minimum values of LE in different barycenter gaps that the 1DCNN method produced more stable results.

For visual comparison, we randomly chose three sets of dual-source samples with different source setups. For case 1, two sources have a barycenter gap of 3.5 mm, but their sizes are similar. For cases 2 and 3, the sources have larger volume difference. Figure 5 shows the 3D views and corresponding transverse views of the reconstruction results obtained by 1DCNN and IPS, respectively. It can be observed that both methods can reconstruct two separate sources for cases 1 and 2. However, the 1DCNN results show better morphological consistency with the true sources. In contrast, obvious position deviation and more unexpected artifacts were observed in the IPS results. For case 3, due to the huge difference in volume, IPS fails to recover the smaller source, whereas the 1DCNN successfully identifies two sources.




Figure 5 | 3D views and the corresponding transverse views of reconstruction results by the 1DCNN and the IPS in the dual-source cases. (A) Case 1; (B) case 2; (C) case 3.






4 In Vivo Experiment

We further conducted BLT reconstruction in a mouse orthotopic glioma model to evaluate the practicability and the reconstruction performance of the 1DCNN method for in vivo animal study. A 4- to 6-week BALB/c nude mouse was prepared. Animal experiment was implemented under the guidelines approved by the Institutional Animal Care and Use Committee. To build the orthotopic glioma model, green fluorescent protein (GFP)-labeled 87MG-GFP-fLUC cells (29) were injected into the brain of the mouse. The raw data of CT was obtained by the micro-CT imaging system (UltraBright, Bolton, UK). The bioluminescent images were acquired by an electron-multiplying charge-coupled device (EMCCD) cameras (iXon888, Andor, Belfast, UK), 20 s exposure. In the process of bioluminescence image acquisition, a bandpass filter (Semrock, Rochester, NY, USA) with 670 ± 15 nm was used.T2-weighted MR images (M3TM, Aspect Imaging, Shoham, Israel) were acquired with the following parameter: TR 6,000 ms, TE 50 ms, slice thickness 0.7 mm, and slice spacing 0.2 mm.

The CT data were utilized as the structural information, and the standard mesh was registered to CT data. The cross-modal registration process of optical data and CT data were responsible for establishing the mapping relationship between the three-dimensional physical space of CT and the two-dimensional image space of BLI. We used physical markers to set six marked points in the imaging space, then we calculated the actual physical position of the camera optical center through enumeration and adjusted the mapping relationship to minimize the mapping error of the marked points. The required MRI data were used for evaluating BLT reconstruction.

Figure 6A shows the fusion images used for reconstruction, including the white light image and the bioluminescent image of the glioma-bearing mouse. The reconstructed result was merged with the corresponding MRI data by the maximum mutual information registration (30). Figure 6B shows the 3D view and several transverse section images of the reconstruction results and the merged images of BLT and MRI data. For visual comparison, the contour of the MRI highlight region is drawn in red lines. For quantitative analysis of in vivo experiments, we calculated Dice index between the different transverse section images of BLT reconstruction results and 2D MRI images of corresponding sections. Therefore, the redefinition of Equation (9) in the in vivo experiment was S1 is the BLT reconstruction result area of transverse section images and S2 is the area of the highlight region of the MRI image. Table 4 lists the quantitative results of the calculated Dice value. The in vivo results revealed that the reconstructed regions given by the 1DCNN method achieved better accuracy and morphology recovery and were better overlapped with MRI highlight regions.


Table 4 | Quantitative results of Dice for in vivo BLT reconstruction.






Figure 6 | Reconstruction results in in vivo experiments. (A) The fusion image of the white light image and BLI. (B) The 3D view and several transverse section images of BLT reconstruction results and merged images of BLT and MRI data, where the MRI highlight region contour is drawn in red line.





5 Discussion and Conclusion

In this paper, we propose a deep-learning method based on one-dimensional convolutional neural networks to deal with the inverse problem of BLT reconstruction. This method directly fits the nonlinear mapping relationship between the surface measurement and the internal sources to avoid iteratively solving the inverse problem based on a simplified photon transmission model. Since the local connection and weight-sharing characteristics of the convolutional neural network could reduce the number of parameters to be trained in the network model, this allows the network of 1DCNN to deal with more complex problems and achieve fast reconstruction than the IPS method.

The simulation results show that the 1DCNN method can achieve better tumor resolution, position accuracy, and morphological fitting. The dual-source results shown in Figures 4, 5 illustrate that not only does 1DCNN performed better than IPS in morphological fitting but it also provided better resolving ability in different source settings. The quantitative analysis in Tables 2, 3 shows that the proposed 1DCNN method has remarkable advantages especially in dual-source reconstruction. In vivo experiments have also proved the feasibility and superiority of the proposed method in tumor detection. As shown in Figure 6, Table 4, although the BLT results are not well consistent with the MRI highlight regions in part of the selected transverse views, the results of 1DCNN are generally better than that of IPS.

In conclusion, the proposed method solved the ill-posed inverse problem of BLT based on a deep-learning framework. Although the data collection stage and network training stage are time consuming, the computational burden and time cost for reconstruction are very low compared with traditional iterative inverse algorithms. However, there are still some shortcomings, such as the need for additional registration between standard meshes and the data collection scheme limiting the reconstruction accuracy. Due to the irregular shape of the digital mouse brain, the proportions of single-source samples at different depths and dual-source samples at different barycenter gaps were uneven when acquiring the dataset. For example, the dual-source samples with barycenter gap of 6–10 mm accounted for 40% of the total samples in the test set. Therefore, there are more outliers focused on those intervals, as shown in Figure 4. Our future work will focus on solving these problems to further improve the generalization capability and reconstruction accuracy.
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Cerenkov luminescence tomography (CLT) is a promising non-invasive optical imaging method with three-dimensional semiquantitative in vivo imaging capability. However, CLT itself relies on Cerenkov radiation, a low-intensity radiation, making CLT reconstruction more challenging than other imaging modalities. In order to solve the ill-posed inverse problem of CLT imaging, some numerical optimization or regularization methods need to be applied. However, in commonly used methods for solving inverse problems, parameter selection significantly influences the results. Therefore, this paper proposed a probabilistic energy distribution density region scaling (P-EDDRS) framework. In this framework, multiple reconstruction iterations are performed, and the Cerenkov source distribution of each reconstruction is treated as random variables. According to the spatial energy distribution density, the new region of interest (ROI) is solved. The size of the region required for the next operation was determined dynamically by combining the intensity characteristics. In addition, each reconstruction source distribution is given a probability weight value, and the prior probability in the subsequent reconstruction is refreshed. Last, all the reconstruction source distributions are weighted with the corresponding probability weights to get the final Cerenkov source distribution. To evaluate the performance of the P-EDDRS framework in CLT, this article performed numerical simulation, in vivo pseudotumor model mouse experiment, and breast cancer mouse experiment. Experimental results show that this reconstruction framework has better positioning accuracy and shape recovery ability and can optimize the reconstruction effect of multiple algorithms on CLT.




Keywords: Cerenkov luminescence tomography, probabilistic, covariance, inverse problem, region of interest



1 Introduction

Cerenkov radiation (CR) is a physical phenomenon that occurs when a particle traveling through an object travels faster than the speed of light in the medium (1). The first radiographic imaging using CR was made in 2009 and is known as Cerenkov luminescence imaging (CLI) (2). Since its inception, CLI has been widely used in surgical guidance, drug development, endoscopic imaging, tumor detection, and other fields (3–7). The most significant advantage of CLI over other optical imaging methods is that it can use many approved radioactive sources for clinical imaging (8–10). However, CLI is a planar imaging method and cannot obtain the depth information and three-dimensional (3D) distribution of radioactive sources. Therefore, a new optical imaging method, Cerenkov luminescence tomography (CLT), combined with CLI and 3D anatomical imaging modality, has been developed. Compared with CLI, CLT can obtain the internal and external contour or boundary of biological tissues with the 3D anatomical imaging modality and determine the 3D spatial distribution of radioactive source in biological tissues (11–15).

However, the Cerenkov photon energy mainly concentrated in the short-wavelength band with a high scattering in biological tissues, which leads to the difficulty for CLT reconstruction (16). Therefore, compared with bioluminescence tomography (BLT) and fluorescence molecular tomography (FMT), CLT requires more prior information constraints and more robust algorithms to optimize its solution (17, 18). Therefore, researchers have carried out a series of work in algorithms and feasible region constraints for CLT reconstruction.

From the algorithm’s point of view, improving the current reconstruction algorithm is a research focus, such as L1 norm regularization (19), L2 norm regularization (11), LP(0<p<1) norm regularization, and other regularization methods (12), that has been used in the CLT field. Although these regularization methods can be applied to CLT, they depend on the selection of regularization parameters. In addition to regularization algorithms, there are other areas of inverse problem algorithms; non-regularization methods such as orthogonal matching pursuit (OMP) (20) do not require regularization parameter selection, but they have poor performance in CLT reconstruction.

From the perspective of the feasible region, some feasible region iterative methods, such as iterative shrinking permissible region (ISPR) (21), three-way decision (TWD) (22), and feature extraction from the autoencoder (3), have already been applied to optical molecular imaging. These methods constrain the solution space by regions of interest (ROIs) to obtain better reconstruction results. However, the current feasible region method has the following shortcomings: first, the feasible region only shrinks and may lose some nodes; second, the final reconstruction results are only affected by the previous one, ignoring the intermediate process; and third, errors in the iterative process will be passed to the subsequent iterative methods, leading to polluted results. In general, most of the reconstruction algorithms or strategies are limited by the weak signal intensity of CR, which leads to the difficulty of solving the inverse problem, or the parameter tuning of the reconstruction algorithm itself needs to be carried out at a high cost. From what has been discussed above, many inverse problem algorithms or feasible region strategies are challenging to apply to the CLT field.

To optimize the feasible region method in CLT and improve the performance of traditional algorithms in CLT reconstruction, this paper proposed a multilevel probabilistic energy distribution density region scaling (P-EDDRS) framework for CLT. In this framework, L2 norm error rate and cosine similarity were used to evaluate the quality of each iteration reconstruction result, and normalized weight was assigned to each reconstruction result according to the evaluation. This normalized weight represents the probability that the corresponding iteration result is the final result. By this weight, the initial iteration reconstruction result becomes a probabilistic result. Then, the probabilistic result is regarded as random variables distributed in 3D space, and ROI for the next iteration is divided according to the distribution density of these random variables. Besides, to stabilize the rate of ROI change, the formula proposed by Naser et al. was introduced (23). After several iterations, all the initial reconstruction source distribution and the corresponding normalized weight are weighted to get the final Cerenkov source distribution.

To evaluate the performance of the P-EDDRS frame in CLT, several groups of numerical simulations and in vivo experiments were implemented. The optimized Lasso and Least Square QR-factorization (LassoLSQR) algorithm based on L1 norm regularization (24), Tikhonov regularization algorithm based on L2 norm regularization (25), damped singular value decomposition (DSVD) algorithm based on SVD (26), and OMP algorithm based on matching pursuit (20)—these algorithms include regularization algorithm and greedy algorithm—was used to evaluate the performance of the framework combined with various reconstruction algorithms. In addition, to compare this CLT framework’s performance with those of other ROI methods, ISPR and TWD methods are introduced (21, 22). The parameters of all reconstruction algorithms and methods take their default values. The results prove that the P-EDDRS framework for CLT can combine various algorithms to reconstruct radioactive sources of different sizes and shapes, which has higher applicability. In addition, in vivo experiments show that the framework is still reliable and stable in living animals.



2 Method


2.1 Inverse Problem

Most of the energy of CR is concentrated in the short wavelength band, characterized by high scattering and low absorption in biological tissues. So the diffusion approximation (DA) model can be used as the mathematical basis to describe the Cerenkov photon transport process in tissues. DA models with Robin boundary conditions are often described as follows (27):

 

where Φ(r) denotes the Cerenkov photon flow rate at the point r in the region Ω, μa and μs are the absorption coefficient and scattering coefficient of a tissue, g is anisotropy factor, and D(r) denotes the diffusion coefficient at position r. The symbol ∇ is used for the differential operator of vector, 𝜕Ω is the set of the surface (boundary) points, and ξ is the point on the surface of a tissue. Rf is the internal indicator of refraction of the tissue, and n is the unit normal vector whose direction is from the inside of the biological tissues to the outside of 𝜕Ω. Furthermore, the continuous space in biological tissues can be discretized into finite units by using the finite element method (FEM). By using FEM in solving Eq. (1), a reduced linear relationship between the unknown Cerenkov source distribution in the tissue and the surface photon flow rate can be obtained:

 

where A is the CLT system matrix, and it gives the mathematical process of Cerenkov photon propagation in the tissue, B represents the Cerenkov photon flow rate vector on the surface of biological tissues measured by a susceptible CCD camera, length M of B represents the semaphore measured, X represents the unknown Cerenkov source distribution vector in the organism, and length N of X represents number of grid nodes of FEM.

In essence, most of feasible region iterative reconstruction methods are essentially subtracted columns from A to simplify the process of solving Eq. (2). For example, the TWD method divides the initial reconstruction region into positive domain (POS), negative domain (NEG), and boundary domain (BND); combines POS and BND into ROI; and deletes the system matrix column corresponding to NEG. In the ISPR method, each iteration’s reconstruction results are arranged in descending order according to the energy intensity of nodes, and the columns of system matrix corresponding to nodes with lower energy are removed. Those iterative reconstruction methods based on feasible region have defects as mentioned in the Introduction. To optimize the feasible region method in CLT and improve the performance of traditional algorithms in CLT reconstruction, the P-EDDRS framework is proposed in this paper.



2.2 Probabilistic Energy Distribution Density Region Scaling Framework for Cerenkov Luminescence Tomography

The P-EDDRS framework for CLT mainly includes the following steps:

1. Reconstruct the CR source based on ROI (initial ROI is global).

2. Evaluate the quality of each iteration reconstruction result and generate probabilistic source distributions based on the evaluation.

3. According to the reconstruction source distribution density, determine the subsequent ROI.

4. Dynamically change the next ROI size based on the energy intensity of the current result.

5. Evaluate whether the cutoff conditions are met and continue if so; otherwise, return to step 1.

6. The results are post-processed and weighted to get the final Cerenkov source distribution when the iteration is complete.

Figure 1 shows the flowchart of the P-EDDRS framework for CLT.




Figure 1 | Flowchart of P-EDDRS framework for CLT. P-EDDRS, probabilistic energy distribution density region scaling; CLT, Cerenkov luminescence tomography.





2.3 Evaluate Reconstruction Result and Generate Probabilistic Source Distribution

To evaluate the error of each CLT reconstruction radiation source distribution, this section performed the following actions.

First, the index named Index_Sp is initialized based on the global number of nodes. Next, according to Index_Sp, the reconstruction algorithm mentioned above is used to reconstruct the current region (the first time is the whole region) radiation source distribution, and the first iteration reconstruction source distribution X1 is obtained. According to Eqs (3) and (4), the L2 norm error rate   and the cosine similarity   of X1 can be obtained, respectively.

 

 

where i is the number of iterations between 1 and the maximum number of iterations Lmax 50.

For now, evaluation of the reconstruction is obtained through Eqs (3) and (4). In order to assign the corresponding weight to each reconstruction source distribution in the overall framework, the weight value of each iteration reconstruction source distribution is introduced. The weight here essentially represents the probability value that the result of each iteration is the final result, so we can call this weight value as the probability weight value. Furthermore, from the reconstruction perspective, the L2 norm error is an inversely proportional evaluation. To achieve this effect, introduce Eq. (5).

 

The other indicator Ecos is different from EL2. The closer the similarity is to 1, the more reliable the reconstruction source distribution is. It is a proportional relationship, which can be represented by Eq. (6).

 

Now, two metrics can use to evaluate each outcome. To integrate these two indexes, Eq. (7) can be introduced. Eq. (7) gives the result of each reconstruction source distribution corresponding probability weight value. When all iterations are completed, each iteration’s initial reconstruction source distribution is multiplied by the corresponding probability weight, and the sum is the final reconstruction source distribution.

 

Therefore, the normalized probabilistic result of each reconstruction source distribution can be expressed by Eq. (8). Through Eq. (8), the initial reconstruction source distribution is transformed into probabilistic reconstruction source distribution with weights. The distribution can be combined with the corresponding grid coordinates as a group of random variables distributed in 3D space to determine the ROI region in the next section.

 



2.4 Determine the Region of Interest

After the probabilistic source distribution of one reconstruction in Section 2.3 is obtained, the feasible area of the subsequent reconstruction needs to be determined. We assume that the probabilistic source distribution XiP is a set of random variables whose mathematical expectation is μ and variance is σ2. For any positive number K, Chebyshev’s inequality holds as in Eq. (9).

 

Further, K is expressed as different values:

 

It can be seen from the above formula that the distribution of random variables has its inherent trend. According to this feature, assume that all nodes with corresponding grid coordinates are random variables distributed in 3D space. The distribution of random variables in 3D space also has the rule of Eq. (10). In other words, the distribution of all reconstruction source distribution tends to be close to its mathematical expectation, which is the basis for determining ROI. According to the characteristics of Eq. (10), cuboid can be used as the form of ROI. Now, we have a center point, the length of the sides in the three directions and the deflection angle concerning the coordinate axes are determined, and the form of ROI (cuboid) in space can be determined. The average probability of nodes can be obtained by Eq. (11) as the center of the ROI region.

 

where N represents the total number of nodes in the current iteration; xt, yt, and zt represent the coordinates of the point t; xiP(t) is the tth element in XiP;  ,  , and   represent the probabilistic average value of the corresponding coordinate.

Once the center is determined, the deflection angle and side length of ROI need to be determined. The covariance matrix Mcov is introduced to solve the side length and deflection angle of ROI.

 

where   represent the probability variance of each coordinate direction; and Covxy, Covyz , and Covxz represent the covariance between different coordinate directions. These two variables are represented by Eqs (13) and Eq. (14):

 

 

All parameters are multiplied by N/(N − 1) to ensure unbiased estimates of the variance and covariance. Through the above calculation, the construction of the overall probability result covariance matrix is completed. Further, the eigenvalues Val and eigenvectors Vec of the matrix can be obtained. Val and Vec are in the form of matrices, in which the three diagonal elements of Val represent the corresponding eigenvalues in the three coordinate directions. At the same time, the Vec is the eigenvector in the three coordinate directions. To realize dynamic scaling of the region, the ROI side length R can be defined as in Eq. (15):

 

where Size is the coefficient used to control the ROI, which is initially set to 1 and will be refreshed in Section 2.5.

By Eqs (11)–(15), a center  , three directions (Vec), and the corresponding length of the sides (Val) can be acquired. Assuming Eq. (14) to get to the center of the origin, the ROIs of the cube eight vertices are (+, + +), (+, −, +), (−, −, +), (+, −, +), (+, −, −), (−, −, −), (+, −, −), and (+, +, −). After the positive and negative signs are determined, the vector direction from the origin to each vertex can be deflected by multiplying the corresponding feature vectors. The center point obtained by Eq. (11) can be added to obtain the eight vertices of the current ROI. At the same time, we can dynamically adjust the scaling rate of next ROI by multiplying the size variable introduced in Section 2.5 with Val.

When the ROI is determined, nodes among this ROI can be detected, and calculate the spatial distance between the nodes in the ROI region and the ROI center and arrange them in ascending order to get the ROI node index named Index_Sp_ROI.

Figure 2 shows how the ROI is generated. Figures 2A–C show examples of one of the ROI division processes, and Figure 2D shows examples of all ROI tracks of the overall process.




Figure 2 | (A–C) Examples of one of the ROI division processes. (D) The ROI trajectory of the entire iterative process. ROI, region of interest.





2.5 Dynamically Change the Region of Interest Size

The previous step identified the ROI area, but the ROI rate of change will be significantly accelerated during the mid to late iteration phases. This phenomenon will cause some nodes to be directly classified outside the ROI, which will lead to the loss of the morphological information of the radiation source. To better retain the nodes that may be the radiation source and more information about the energy of radiation source, the change rate of ROI should be controlled. So this paper introduces the formula of Naser et al., as follows (23):

 

where Numf is the expected number of nodes remaining in the final iteration, because the grid is used as the division unit of spatial structure, and this value is set as 4 (a tetrahedron). Cut_Num is size of Index_Sp_ROI at first iteration, and ß represents the attenuation coefficient.

Now, a judgment condition between the size relationship between Cut_Num/ß2 and the Cut_Num has been set: if the quotient is greater than 2, the Size in Eq. (15) is set to 2; if it is less than 1, the Size is set to 0.5; in other cases, the Size is set to 1. This variable enables the ROI to shrink or expand.

After the change of ROI region is completed, the current Index_Sp is arranged in descending order according to the energy intensity value of the CLT reconstruction source distribution. The new Cut_Num is made by dividing the current Cut_Num by ß and rounding the number toward positive.

The previous Cut_Num nodes of Index_Sp are taken as the index of the current threshold shrinking to generate Index_Sp_Descend.

Concatenate index Index_Sp_Descend after Index_Sp_ROI, and a new index is obtained, which contains the nodes of the ROI region and the nodes with the threshold shrunk. After the duplicate elements of this new index are removed, use Cut_Num to cut off the new index, and the remaining elements are the Index_Sp, which will be used for the following CLT reconstruction. When the remaining elements are still greater than 1 and the number of iterations does not reach Lmax, return to Section 2.3.



2.6 Post-Processing and Acquisition of the Final Result

At the end of the overall iteration, all iteration reconstruction results to Xi, and the corresponding probability error rate PErr(Xi) has been obtained. Although all reconstruction source distribution has been recorded, some iterations have significantly higher probabilistic error rates. From the description by Ding et al., the iteration result error evaluation of 3D reconstruction tends to be in the form of Gaussian distribution (13). Here, the error evaluation can be used as the criterion for evaluating the results, so the mean value and standard deviation for EL2(Xi) and Ecos(Xi) can be calculated. According to the definition of Gaussian distribution, only the iteration source distribution that is centered on the mean and within one times the standard deviation is retained. The intersection of the two Gaussian filtering results is the result of some iterations that need to retain. Once this step is complete, use Eqs (5)–(7) again to generate the new parameters and P’Err(Xi). The final CLT reconstruction source distribution Xfinal can be obtained by Eq. (17).

 

where K is the number of remaining results after the completion of filtering treatment in this section.




3 Experiments and Results

The CLT reconstruction experiments were performed in MATLAB 2020B and run on a desktop computer with a 3.00-GHz Intel Core i5 CPU and 32 GB of memory.

To verify and systematically evaluate the performance and characteristics of the CLT reconstruction framework proposed in this paper, several groups of CLT numerical simulation experiments and CLT in vivo experiments were designed. The location error (EL), the dice coefficient (Dice), the tetrahedral volume ratio (RV), and the global relative residual (RR) are introduced as quantitative evaluation indicators.

The location error EL is defined as the Euclidean distance between the reconstruction source distribution center point coordinates (x,y,z) and the actual radiation source coordinates (x0’y0’z0):

 

Dice coefficient is used to evaluate the degree of shape similarity (overlap) between the reconstructed source distribution area R and the actual radiation source distribution area T. The closer it is to 1, the higher the similarity between R and T is. The following formula defines Dice coefficient:

 

The tetrahedral volume ratio RV is defined as the ratio of the tetrahedral volume VT of the actual radiation source distribution to the tetrahedral volume VR of the reconstruction source distribution. Same as Dice, when RV is closer to 1, the higher the size similarity of the radiation source. The following formula calculates RV:

 

The final theoretical error of the evaluation result of global relative residual RR is calculated by the following equation: the lesser the RR, the smaller the theoretical error.

 


3.1 Numerical Simulations

In this section, a non-homogeneous digital mouse model show in Figure 3 is applied to verify the performance of the CLT reconstruction framework (28). To reduce the computational complexity and performance cost, the head and tail of the digital rat were removed, and only the trunk containing the main organs was retained, which was composed of the heart, lung, liver, stomach, and kidney, while the rest were muscle tissues. 2-[18F]-Fluoro-2-deoxy-d-glucose (18F-FDG) was the Cerenkov radioactive source used. In the CLT numerical simulation, Cerenkov photons generated by 18F radioactive source in tissues were simulated by GEANT4, and the transmission process of these Cerenkov photons in tissues was simulated by MOSE (29–32).




Figure 3 | (A) Model of spherical radiation source radius of 0.8 mm at (9.5, 15.5, 25) mm. (B) Model of spherical radiation sources radius of 1.25 mm at (20, 8, 15) mm. (C, D) The surface photon energy distributions corresponding to panels (A, B), respectively.



The CR signal with wavelength of 630 nm was collected for reconstruction. The optical parameters of each organ and tissue are given in reference (33), as shown in Table 1. In the CLT numerical simulation experiment, the radiation source is distributed in two positions, namely, (9.5, 15.5, 25) mm and (20, 8, 15) mm, using different shapes and sizes. One set of shapes is shown in Figures 3A–D show the surface Cerenkov photon energy distribution maps corresponding to Figures 3A, B.


Table 1 | Optical parameters of different tissues and organs of the numerical mouse.



Four groups of experiments were designed in this section. The first group of experiments uses Tikhonov, DSVD, LassoLSQR, and OMP algorithms mentioned above to reverse reconstruct the radiation source in combination with the framework to verify the feasibility of this framework. The second set of experiments compared this framework with ISPR and TWD iterative reconstruction methods to verify the framework’s effectiveness in CLT. In the third and fourth groups, radiation sources of different sizes and shapes were selected for reconstruction to verify the stability and robustness of the framework in CLT.


3.1.1 The Experiment of Feasibility Verification

This experiment was designed to verify the feasibility of the proposed framework in CLT and the versatility of different algorithms. The digital mouse has been discretized into a grid of 12,831 nodes and 66,085 tetrahedrons using Amira (Visage Imaging, Australia). A spherical radiation source with a radius of 0.8 mm was placed at coordinates (9.5, 15.5, 25) mm as shown in Figure 3A. The results are shown in Figure 4, and the quantitative indexes are shown in Table 2.




Figure 4 | Results of P-EDDRS framework feasibility verification in CLT. All results include 3D views and corresponding cross-section views at the plane of Z = 25 mm. (A, B, E, F) The initial reconstruction source distribution of Tikhonov, DSVD, LassoLSQR, and OMP algorithms, respectively. (C, D, G, H) The radiation source distribution obtained by the corresponding algorithms of panels (A, B, E, F) after using P-EDDRS framework. P-EDDRS, probabilistic energy distribution density region scaling; CLT, Cerenkov luminescence tomography; DSVD, damped singular value decomposition; LassoLSQR, Lasso and Least Square QR-factorization; OMP, orthogonal matching pursuit.




Table 2 | Quantitative evaluation results of P-EDDRS framework feasibility verification in CLT.



In Figure 4, the radiation source is marked in red, and the reconstruction source distribution is shown in a purple grid in all 3D views. In all axial views, the actual location of the radiation source is marked by a red arrow. It can be seen that in all four algorithms, the reconstruction source distribution is significantly improved after the framework is used, and different algorithms can realize convergence after several iterations and obtain better reconstruction results. Specifically, Tikhonov and DSVD algorithms have poor convergence in one-step reconstruction results and cannot determine the actual radiation source position. With P-EDDRS, the correct radiation source location can be obtained. LassoLSQR and OMP algorithms’ initial result is incorrect and difficult to converge into a single region. After using the framework, the reconstruction results can be corrected. In addition, in terms of the degree of shape recovery, this framework can better restore the shape of the radiation source, which can be proved from the pictures and the Dice coefficient. It can also be seen from RR in Table 2 that the results of this framework are closer to the theoretically more correct results.



3.1.2 The Experiment of Efficiency Verification

This experiment was designed to compare the performance of the proposed framework with two other typical ROI shrinking methods: TWD and ISPR (21, 22) in CLT reconstruction. The grid used and the radiation source placement are the same as those of the last experiment. The Tikhonov and DSVD algorithms mentioned above were used to reverse reconstruct the radiation source combined with the framework. The results are shown in Figure 5, and the quantitative indexes are shown in Table 3.




Figure 5 | Results of P-EDDRS framework efficiency verification in CLT. All results include 3D views and corresponding cross-section views at the plane of Z = 25 mm. (A, B) The initial reconstruction source distribution of Tikhonov and DSVD algorithms in ISPR method, respectively. (C, D) The reconstruction source distribution of Tikhonov and DSVD algorithms in TWD strategy, respectively. (E, F) The reconstruction source distribution of Tikhonov and DSVD algorithms in our framework, respectively. P-EDDRS, probabilistic energy distribution density region scaling; CLT, Cerenkov luminescence tomography; DSVD, damped singular value decomposition; ISPR, iterative shrinking permissible region; TWD, three-way decision.




Table 3 | Quantitative evaluation results of P-EDDRS framework efficiency verification in CLT.



In Figure 5, the radiation source is marked in red, and the reconstruction source distribution is shown in a purple grid in all 3D views. In all axial views, the actual location of the radiation source is marked by a red arrow. As shown in Figure 5A, ISPR leads Tikhonov algorithm results to tend to the point with high energy intensity value, and the correct radiation source depth cannot be obtained. At the same time, in Figure 5B, similar trends tend to be of high energy intensity but ignore the shape. Because ISPR determines the ROI region based on node energy drop ranking, spatial information between nodes is ignored, resulting in the follow-up’s discontinuous morphological distribution, leading to multiple high energy points. The value of RR under TWD+Tikhonov condition is smaller than that under P-EDDRS+DSVD condition. However, the latter result is more accurate whether evaluated from other quantitative indicators, 3D views, or cross-section views. As shown in Figures 5C, D, TWD can obtain the actual radiation source depth relatively closely. However, the results of TWD depend entirely on the previous iteration, which will lead to the accumulation of error results and finally get the error distribution. In Figures 5E, F, our framework can achieve better results among the three methods in terms of the results of the two algorithms, whether it is positioning error, Dice coefficient representing morphology, global relative residual, or the volume of reconstructed radiation source distribution. In addition, the depth and distribution of the radiation source are closer to the actual location.



3.1.3 The Stability and Robustness Experiment I

This experiment is to verify the stability and robustness of the P-EDDRS framework for different radiation source sizes in CLT. Four spherical radiation sources with different radii and sizes are used as targets. The digital mouse has been discretized into a grid of 28,463 nodes and 159,957 tetrahedrons in the same way. The spherical radiation source was placed at coordinates (20, 8, 15) mm as shown in Figure 3B. Different from the first two, four radiation sources of different sizes have been placed at grid in this experiment, with radii of 1.0, 1.25, 1.5, and 1.75 mm. The Tikhonov and DSVD algorithms mentioned above were used to reverse reconstruct the radiation source in combination with the framework. The results are shown in Figure 6, and the quantitative indexes are shown in Table 4.




Figure 6 | Results of P-EDDRS framework stability and robustness experiment I. All results include 3D views and corresponding cross-section views at the plane of Z = 15 mm (A, C, E, G). The reconstruction source distribution of spheres with radii of 1.0, 1.25, 1.5, and 1.75 mm combined with Tikhonov algorithm in our framework, respectively (B, D, F, H). The reconstruction source distribution of spheres with radii of 1.0, 1.25, 1.5, and 1.75 mm combined with DSVD algorithm in our framework, respectively. P-EDDRS, probabilistic energy distribution density region scaling; DSVD, damped singular value decomposition.




Table 4 | Quantitative evaluation results of P-EDDRS framework stability and robustness experiment I.



In Figure 6, the radiation source is marked in red, and the reconstruction source distribution is shown in a purple grid in all 3D views. In all axial views, the actual location of the radiation source is marked by a red arrow. As shown from the results in Figure 6, our framework can achieve better performance in four different sizes of experiments, and all the indicators are satisfactory. From all the results, the EL of all results is between 0.50 and 0.77, and the Dice coefficient remained above 71%. All but the minor radiation source is close to the actual volume. Because the finite element grid method is adopted in this paper, it has a specific size. If the radiation source is too small, the grid cannot fit the radiation source volume well. This phenomenon leads to some errors in the reconstruction of small size radiation sources. This is the limitation of the grid reconstruction method. This experiment proves that different reconstruction algorithms can estimate the size of radiation sources effectively under this framework in CLT.



3.1.4 The Stability and Robustness Experiment II

This experiment is similar to the last in verifying the stability and robustness of the P-EDDRS framework for different radiation source shapes in CLT. Four different shapes of radiation sources were placed in the grid: a sphere with a radius of 1.25, a cube with sides of 2.5, a cylinder with a radius of 1.25 and a height of 2.5, and an ellipsoid with a = 2 and b = c = 1.25. The grid is the same as in the last experiment. The radiation source was placed at coordinates (20, 8, 15) mm. The results are shown in Figure 7, and the quantitative indexes are shown in Table 5.




Figure 7 | Results of P-EDDRS framework stability and robustness experiment II. All results include 3D views and corresponding cross-section views at the plane of Z = 15 mm (A, C, E, G). The reconstruction source distribution of different shapes with sphere, cubic, cylinder, and ellipsoid combined with Tikhonov algorithm in our framework, respectively (B, D, F, H). The reconstruction source distribution of different shapes with sphere, cubic, cylinder, and ellipsoid combined with DSVD algorithm in our framework, respectively. P-EDDRS, probabilistic energy distribution density region scaling; DSVD, damped singular value decomposition.




Table 5 | Quantitative evaluation results of P-EDDRS framework stability and robustness experiment II.



In Figure 7, the radiation source is marked in red, and the reconstruction source distribution is shown in a purple grid in all 3D views. In all axial views, the actual location of the radiation source is marked by a red arrow. From all the results, the EL of all results is between 0.50 and 0.86, and the Dice coefficient remained above 65%. All of the reconstruction source distribution volume is close to the actual radiation source volume. This experiment proves that different reconstruction algorithms can estimate the shape of radiation sources effectively under this framework in CLT.




3.2 In Vivo Experiments

To verify the feasibility and performance of our framework in an actual CLT situation, two groups of in vivo experiments are designed. The first group verifies the reconstruction ability of the framework in the case of relatively deep radioactive sources by using the pseudotumor model, and the second group verifies the reconstruction ability of the framework in the case of shallow radioactive sources by using subcutaneous breast cancer. Two approximately 7-week-old female nude mice (BALB/c Nude) served as the imaging model. All animal procedures were performed under isoflurane gas anesthesia (2% isoflurane–air mixture) to minimize the suffering of the mice. Animal experiments comply with the Regulations on the Management of Experimental Animals. All procedures follow the Animal Ethics Committee of the Northwest University of China (No. NWU-AWC-20210901M). The optical data were acquired using the iXon Ultra electron double CCD camera manufactured by ANDOR (Northern Ireland). The X-ray source is the L9181-02 microfocus ray source, and the X-ray detector is C7942CA-22, all manufactured by HAMAMATSU (Japan). The optical lens is EF 24 mm f/1.4L II USM manufactured by Canon (Japan). The band-pass filter is FF01-630/92-25 manufactured by Semrock (USA). The CCD camera is pre-cooled to −80°C, and the fuzzy local information C-means and curvature-driven diffusion (FLICMCDD) method in reference (34) is used to reduce the influence of noise signals. Exposure time is set to 5 min, the gain value is set to 300, shift speed is set to 13 μs, and the read rate is set to 1 MHz at 16 bits. In in vivo experiments, 18F-FDG is used as the Cerenkov radioactive source. The data acquisition equipment is shown in Figure 8A.




Figure 8 | Results of the CLT in vivo pseudotumor experiments. All results include 3D views and corresponding cross-section views at the Z = 19.2 mm, Y = 18.4 mm, and X = 19.68 mm. (A) Picture of the test bench where the data were collected. (B) The mouse used, and the dashed box is the pseudotumor model planting area. (C, D) The initial reconstruction source distribution of Tikhonov and DSVD algorithms, respectively. (E, F) The reconstruction source distribution obtained by the corresponding algorithms of panels (C, D) after using our framework. CLT, Cerenkov luminescence tomography; DSVD, damped singular value decomposition.




3.2.1 The Experiment of Pseudotumor

The pseudotumor model used in this study was made of plastic and was a cylindrical tube with the most extended length of 2.3 mm, the widest width of 1.1 mm, and the highest length of 1.5 mm, as shown in Figure 8B. This pseudotumor model was injected with about 800 ± 50 μCi of 18F-FDG as Cerenkov radioactive source. The pseudotumor model was implanted in the mouse abdominal cavity, at the back of the left inner lobe of the liver, close to the liver, and implantation depth is deeper. The mouse was dispersed into a grid of 13,475 nodes and 69,923 tetrahedrons using FEM as shown in Figure 8B. This grid also removed the head and tail to reduce computational complexity, leaving only the main organs in the trunk. The difference from the numerical simulation is that this grid contains bones. The corresponding optical parameters of animal tissues were the same with numerical simulations. In this experiment, the approximate central coordinates of the pseudotumor model are (19.68, 18.40, 19.20) mm. The Tikhonov and DSVD algorithms mentioned above were used to reverse reconstruct it in combination with the P-EDDRS framework. The reconstruction results are shown in Figure 8, and the quantitative indexes are shown in Table 6.


Table 6 | Quantitative evaluation results of the CLT pseudotumor in vivo experiments.



In Figure 8, the radiation source is marked in red, and the reconstruction source distribution is shown in a purple grid in all 3D views. In all axial views, the actual location of the radiation source is marked by a red arrow. As shown in Figures 8C, D, Tikhonov and DSVD algorithms in one-step reconstruction cannot obtain the correct radiation source depth in the in vivo CLT experiment. In addition, it can be seen from Figures 8C, D that Tikhonov and DSVD algorithms identify multiple radiation source distribution. However, in Figures 8E, F, the P-EDDRS framework can ensure that the distribution of the reconstructed radioactive sources tends to be a whole, and the center position of the reconstructed radioactive sources with the P-EDDRS framework was relatively close to the actual pseudotumor model. According to the quantitative results in Table 6, the EL of all results is between 0.78 and 0.89, and the Dice coefficient directly rises from 0 in the initial result to more than 50%.



3.2.2 The Experiment of Subcutaneous Breast Cancer

In this experiment, a mouse implanted with 4T1 breast cancer cells was used as the target animal. The optical parameters, equipment, and experiment setting are the same as in Section 3.2.1. Special thanks to the Institute of Automation, Chinese Academy of Sciences for the data provided. The mouse was dispersed into a grid of 14,289 nodes and 71,838 tetrahedrons using FEM. The difference is that this experiment used the subcutaneous tumor and is not influenced by other tissues and organs. Therefore, to reduce the computational complexity, the tissues and organs inside the mouse were removed, and the mouse was regarded as a homogeneous structure composed of muscle tissues; 1 × 106 4T1 cells were subcutaneously injected into the back of the mouse. After 6 days of culture, about 800 ± 50 μCi of 18F-FDG was injected through the tail vein as a radioactive source. After 40 min, a CCD camera was used, the exposure time was 5 min, and the image in Figure 9A was collected. The Tikhonov and DSVD algorithms mentioned above were used to reverse reconstruct it in combination with the framework. In this experiment, the approximate central coordinates of the tumor are (22.7, 24.4, 11.0) mm. Breast cancer tumor was used as the focus in this experiment, and PET is currently the gold standard for imaging tumors, so PET data were introduced as a reference in Figure 9A. The figure of collected data, approximate tumor location obtained by PET, and reconstruction results are shown in Figure 9, and quantitative indicators are shown in Table 7.




Figure 9 | Results of the CLT subcutaneous breast experiments. All results include 3D views and corresponding cross-section views at the plane of X = 22.7, Y = 24.4 mm, and Z = 11 mm. (A) The image collected by the CCD camera; and PET results in YOZ, XOZ, and XOY planes. (B, D) The initial reconstruction results of Tikhonov and DSVD algorithms, respectively. (C, E) The results obtained by the corresponding algorithms of panels (B, D) after using our framework. CLT, Cerenkov luminescence tomography; DSVD, damped singular value decomposition.




Table 7 | Quantitative evaluation results of the CLT subcutaneous breast experiments.



In Figure 9, the radiation source is marked in red, and the reconstruction source distribution is shown in a purple grid in all 3D views. In all axial views, the actual location of the radiation source is marked by a red arrow. PET scan results were compared in this experiment to better compare with the actual situation, as shown in Figure 9A. It can be seen from Figure 9A that the noise signal collected in CLT contains many high-energy particles and thermal noise caused by prolonged exposure. This makes noise reduction of CLT particularly important and necessary. Therefore, this paper introduces the FLICMCDD denoising algorithm to preprocess the collected signals (34).

It can be seen from Figure 9B that the radiation source distribution obtained by Tikhonov algorithm in a single calculation is too sparse, with only a few nodes. The same conclusion can be reached in the volume ratio of quantitative results. Compared with Tikhonov algorithm, the radiation source distribution obtained by DSVD algorithm is larger than the actual tumor, because the noise obtained by this group of data is too large, resulting in severe artifacts. The comparison of Figures 9B–E shows better results. According to the quantitative results, Tikhonov and DSVD algorithms have improved radiation source positioning accuracy, size, and shape using this paper’s framework in CLT. From all the results, the EL of all the results stays below 1. However, artifacts appeared in the results of different methods. This is because the grid of our group is too simplified and ignores the influence of other tissues of mouse on CR, which ultimately leads to a more significant distortion of the collected CR signal. This phenomenon also leads to a low Dice coefficient compared with numerical simulation experiments. However, it can be seen from the comparison of Figures 9D, E that the framework has a specific elimination effect on artifacts. This phenomenon happens because the reconstruction results with artifacts have a sizeable error rate, which leads to a significant decrease in their weight. In the final result, the intensity will be weakened accordingly, reducing the impact on the overall result, which will be shown as weak artifacts from the cross-section diagram. On the whole, the reconstructed radioactive source distribution in Figures 9C, E can be consistent with PET.





4 Discussion and Conclusions

This paper proposed a multilevel ROI-scaled CLT reconstruction framework based on probabilistic energy density. In this framework, all nodes with energy are regarded as random variables of 3D spatial distribution, and the cuboid ROI region is used to ensure spatial continuity between nodes. Optimize the defect of neglecting the spatial distribution of nodes in the iterative reconstruction method only based on energy intensity. In order to ensure a stable ROI regional change rate, a shrinking formula based on energy intensity is introduced to ensure that energy information and spatial information of nodes are considered simultaneously. By the idea of iterative reconstruction, the corresponding probability value is assigned to the result of each reconstruction and dynamically refreshed in each iteration to avoid the contamination of the global result by some iteration errors such as radioactive source is too sparse and scattered or the artifact is too prominent in CLT.

To verify and evaluate the feasibility and performance of the proposed framework in CLT, numerical simulation and in vivo experiments are introduced. Four reconstruction algorithms, Tikhonov, DSVD, LassoLSQR, and OMP, were used for qualitative and quantitative analyses and comparison. The following conclusions can be obtained from the experimental results: first, the feasibility experiment shows that our framework can improve the radioactive source positioning accuracy of different algorithms in CLT; all EL values stay below 1; second, our frame has advantages in positioning accuracy and radioactive source shape recovery ability for CLT compared with other one-step reconstruction or iterative reconstruction method, the Dice coefficient of all numerical simulation experiments is above 0.65 and above 0.43 in vivo experiments; third, the experimental results of different sizes and shapes of radioactive sources show that our frame is robust and can better obtain the size and shape of radioactive sources for CLT; finally, in vivo experiments for CLT verified the feasibility of this framework in the detection of the radioactive source in live animals. It is worth noting that the reconstruction result of in vivo experiment is slightly worse than that of the numerical simulation experiment. This is because in in vivo experiments, the CCD camera collected a relatively weak CR signal and a large number of high-energy rays produced by radionuclides and thermal noise of the CCD camera itself. Furthermore, the deviation will inevitably occur in the process of energy mapping to the grid.

There are still some deficiencies in the framework. First of all, this framework is based on the idea of iterative multiple times. Compared with a one-step reconstruction, the calculation cost is high. Second, this framework is based on the finite element mesh method, resulting in inconsistent reconstruction performance for different shapes and sizes of radioactive sources. In addition, the cube ROI does not fit the irregular radioactive source well, leading to the low Dice coefficient in some cases. Subsequent work will attempt to reconstruct using other structures such as voxels or point clouds and try ROI of other shapes to overcome current deficiencies.

On the whole, the P-EDDRS frame treats the nodes resulting from each reconstruction as 3D random variables. According to the distribution characteristics of random variables, cuboid ROI was used to delimit molecular regions to ensure the spatial continuity of reconstruction results. Shrinking formula based on energy intensity is introduced to ensure that energy node information and spatial information jointly control regional ROI changes. Dynamic probabilistic results can guarantee the correctness of reconstruction results. The reconstruction results of numerical simulations and in vivo experiments demonstrate that our framework can improve the ability of multiple reconstruction algorithms to locate the radioactive source and recover the shape of the radioactive source.
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Whole slide imaging enables scanning entire stained-glass slides with high resolution into digital images for the tissue morphology/molecular pathology assessment and analysis, which has increased in adoption for both clinical and research applications. As an alternative to conventional optical microscopy, lensfree holography imaging, which offers high resolution and a wide field of view (FOV) with digital focus, has been widely used in various types of biomedical imaging. However, accurate colour holographic imaging with pixel super-resolution reconstruction has remained a great challenge due to its coherent characteristic. In this work, we propose a wide-field pixel super-resolution colour lensfree microscopy by performing wavelength scanning pixel super-resolution and phase retrieval simultaneously on the three channels of red, green and blue (RGB), respectively. High-resolution RGB three-channel composite colour image is converted to the YUV space for separating the colour component and the brightness component, keeping the brightness component unchanged as well as enhancing the colour component through average filter, which not only eliminates the common rainbow artifacts of holographic colour reconstruction but also maintains the high-resolution details collected under different colour illuminations. We conducted experiments on the reconstruction of a USAF1951, stained lotus root and red bone marrow smear for performance evaluation of the spatial resolution and colour reconstruction with an imaging FOV >40 mm2.




Keywords: pixel super-resolution, digital pathology, wide field of view, colour holography, lensfree holography



Introduction

Whole slide imaging (WSI), also known as digital pathology and virtual pathology, is a technique that captures stained pathological slides digitally at high speeds and high resolution for tissue morphology/molecular pathology assessment and analysis. Pathologists can zoom in and out on different sliding scales freely, as well as interpret lesions by quantitative image analysis (1). Brightfield illumination is usually used in WSI to observe stained pathological sliders under high magnification and high numerical aperture objectives. In traditional optical imaging, the relationship between its resolution and the field of view (FOV) is that the higher the resolution, the smaller the FOV. Therefore, the fact that traditional brightfield illumination with high-numerical aperture (NA) objective lens can only be used to acquire a small area of the pathological slide at a time for achieving high resolution. In order to capture the entire pathological slide, a considerable number of FOVs need to be collected through mechanical scanning, and finally, the image of whole slide is created by image stitching (2–4). The above digital process not only results in a complex system and prolonged data acquisition time but also requires high stability and reliability of the system. Besides, histopathological staining can help improve the colour contrast of cells and subcellular structures, which is useful for differentiating healthy cells from cancer cells. Therefore, accurate colour reconstruction is vital for pathological slide imaging (5–8).

Lensfree holography is an emerging microscopic imaging method (9–12). Its typical structure consists of a light source and an image sensor. The object to be imaged is placed between the light source and the image sensor, and there are no additional optical elements between the object and the light source as well as between the object and the image sensor. As shown in Figure 1, the distance z1 between the light source and sample is usually about 7–15 cm, and the distance z2 between the sample and sensor is about 100–1,000 µm (13). Lensfree holography has the advantage of decoupling the FOV and resolution to overcome the aforementioned challenge for WSI. In this imaging technique, the unit fringe magnification is achieved here due to the distance of z1 being much higher than z2. The theoretical resolution is equal to the pixel size of the image sensor, and thus, the photosensitive area of the image sensor serves as the imaging FOV (11). Under the same resolution, the FOV of lensfree holography is several times to hundreds of times than that of traditional optical microscopes (13–15). Nevertheless, there exists a limitation of spatial resolution due to the image sensor pixel size by manufacturing technology; pixel-based super-resolution methods have been developed to improve the resolution of lensfree holography, such as multiple sub-pixels shifts along the lateral direction of the light source, sample or image sensor etc. (16–19), by collecting multiple low-resolution images to synthesise one high-resolution image. All the methods mentioned above have high requirement on the stability of the system and usually require a large number of pictures for reconstruction calculation. Moreover, in order to address the limitation of image quality caused by twin images using purely pixel super-resolution, a series of phase recovery methods are also proposed to alleviate the interference of twin images. For instance, multi-frame images are collected through multiple wavelengths (10, 14, 20, 21) or multiple height methods (13–16, 22, 23), and the phase is iteratively restored using the idea of the Gerchberg–Saxton (GS) algorithm (24). The initial guess can be calculated by the transport-of-intensity equation (TIE) method to accelerate convergence (13, 15).




Figure 1 | Schematic diagram of a wide-field pixel super-resolution colour lensfree microscope. The supercontinuum source outputs a continuum beam with a wavelength range of 410–2,100 nm. After being tuned by an acousto-optic tunable filter (AOTF), it is coupled into a single-mode fibre (SMF), and the SMF outputs wavelength scanning sequence of the three bands – R, G and B. The emitted light directly illuminates the sample without being collimated, and the image sensor records the light intensity signal.



In recent years, multi-wavelength technology has also gained increased interest in lensfree holography to achieve pixel super-resolution. Ozcan et al. proposed to utilise very narrow wavelength bands with equally spaced wavelength scanning to achieve sub-pixel super-resolution (14). Despite the fact that the pixel super-resolution is achieved in the image reconstruction process, the phase retrieval is insufficient due to the narrow spectral band. Hence, image quality needs to be enhanced by combining multi-height phase retrieval. Zuochao et al. proposed a method to expand the wavelength scanning spectral band to obtain more wavelength diversity, which can achieve good phase recovery and pixel super-resolution only by wavelength scanning (10, 23). However, none of the above methods considered the colour reconstruction of the holographic image.

Accurate lensfree colour imaging has been proven to be challenging (21, 22, 25–27). The colour image reconstruction of the sample is not only affected by the intensity of the absorption of the illumination light in a specific wavelength band but also by the lack of phase information acquired by the image sensor (22). Iterative algorithm is able to eliminate a significant amount of colour artifacts caused by twin image and noise, yielding accurate phase information and improving the image quality and accuracy. This makes it possible to perform colour imaging on stained pathological slides. Most of the colour lensfree holography focuses on the phase retrieval of the holographic image, eliminating the interference of the twin image and colour artifacts on the reconstructed image. Currently, the colour imaging method focuses on the three wavelengths of red, green and blue (RGB) for separate illumination (28, 29), combined with multi-height phase retrieval or using colour image sensors to receive holograms of three wavelengths of RGB to create a colour image of the object. However, it does not consider the resolution enhancement processing of the colour image, making it unsuitable for the high-resolution imaging of a stained pathological slide.

This field has been greatly developed recently with a combination of colour reconstruction and pixel super-resolution. Although most of them focus on utilising complex motion-based pixel super-resolution and RGB colour reconstruction, colour artifacts cannot be eliminated effectively; meanwhile, the system is complex and time-consuming (22, 28). For instance, Ozcan et al. proposed a method of collecting low-resolution RGB holograms for colour reconstruction, which transferred the low- resolution colour imaging from the RGB colour space to the YUV colour space. After the conversion, the U and V colour components are averaged, and the Y bright component is replaced with a green wavelength pixel super-resolution image (22). Therefore, the final output removes the rainbow-like artifacts in the colour image by translating the YUV colour space back to the RGB colour space. However, the spectral absorption properties of different substances vary greatly (21). Hence, applying the above method, purely using a single green wavelength for pixel super-resolution, cannot satisfy the requirements of stained pathological slide imaging, which causes the loss of some important information.

In this paper, we propose a wide-field pixel super-resolution colour lensfree microscopy by performing wavelength scanning pixel super-resolution and phase retrieval simultaneously on the three channels of R, G and B in a relatively large spectral range. To alleviate rainbow-like artifacts superposed by twin-image noise and coherent illumination characteristic, the RGB colour space is converted into the YUV colour space. The U and V components are augmented by the average filter, respectively, while the Y component remains unchanged, and finally, the updated YUV is transferred back to the RGB space. Using this approach, the common rainbow artifacts of holographic colour reconstruction are significantly eliminated, as well as the high-resolution details collected under different colour illumination are preserved.



Material and Methods

The objective of this work is to develop a novel lensfree microscopy imaging method for digital pathology by wide-field pixel super-resolution along with high signal-to-noise ratio (SNR) colour reconstruction. This approach provides a large FOV and is reliable, fast and cost-effective compared to existing WSI techniques without mechanical scanning.

For the lensfree holographic imaging, the object is illuminated by a multi-wavelength {λk} sequence. The object function at a certain wavelength is ok(x, y). Because of the lensless structure, the incident light can be regarded as a plane wave. For simplicity, it is described as  , the interaction between the plane wave and the object is denoted as  , and its Fourier transform is Ok(fx – fx,k, fy – fy,k), in which

	

	

(θk, φk) represent the angle of incidence, and nk is the refractive index between the sample and the image sensor (14). It can be seen that the change of the wavelength actually corresponds to the displacement of the object in the frequency space, i.e., the more the wavelength, the more frequency information collected, which lays the foundation for implementing pixel super-resolution. The phase retrieval is similar to the iterative reconstruction of the Gerchberg–Saxton (GS) algorithm method (24), and the acquired real image is used to continuously correct the image obtained by the iterative calculation to achieve the phase retrieval.


Experimental Set-Up

Our experimental set-up is schematically demonstrated in Figure 1, a supercontinuum laser source (YSL Photonics, SC-PRO-M, wavelength range: 410~2,400 nm, visible light power more than 2W, seed source pulse duration ~6 ps) passes through an acousto-optic tunable filter (YSL Photonics, AOTF-VIS, wavelength range 400~650 nm, bandwidth 2~7 nm). The output of the acousto-optic tunable filter (AOTF) is used as the illumination light source. The AOTF supported the simultaneous output of eight channels, and each channel has a different wavelength. All wavelength channels could be coupled to the same single-mode fibre. We directly use the light output from the single-mode fibre to illuminate the sample and keep the distance (z1) from the fibre exit to the sample by about 5~10 cm. The image sensor uses a board camera (HIKROBOT, MV-CB120-10UM, pixel size 1.85 µm), with the distance between the sample and the image sensor (z2) being smaller than 2 mm. The image sensor sequentially records the hologram of each wavelength. The wavelengths of the three RGB channels are selected as R: 606~642 nm, G: 512~548 nm and B: 452~488 nm. In each channel, the interval of each wavelength is 6 nm.

Since there exists a certain deviation between the actual wavelength output by the AOTF and the nominal wavelength, in order to guarantee the quality of the experiment, we use a spectrometer (Ocean Optics, HR4000, detection range 200–1100 nm, optical resolution 0.75 nm, SNR 300:1) to measure the output wavelength of AOTF, and the measured value represents the standard wavelength for experiment conduction.



Multi-Wavelength Scanning for Low-Resolution Hologram Acquisition

In order to colour holographic imaging, multi-wavelength scanning including three basic colours (blue, green and red) is commonly used to capture holograms for colour reconstruction. In this work, a sample is scanned in total of three wavebands, in which each waveband has seven wavelengths, with a total of 21 low-resolution holograms being collected. The collection method of each low-resolution hologram following the same acquisition criteria is as follows:

Firstly, the output single wavelength λk of the AOTF is set at a time, and the output light is coupled into the single-mode fibre. Secondly, the light is emitted from the optical fibre directly without collimating, which propagates through free space and then presents as incident light on the surface of sample. Finally, after the incident light has undergone amplitude and phase modulation by the sample, the emitted light leaving from the sample is recorded by the image sensor. Since z1 >> z2, the light wave incident on the sample surface can be approximated as a plane wave.



Pixel Super-Resolution and Phase Retrieval on Multi-Wavebands

In colour holographic imaging, multi-wavelength scanning not only can be utilised to reconstruct the captured hologram by the three primary R, B and G wavelengths, respectively. It can also retrieve the phase profile (10). According to the theory of multi-wavelength-based phase retrieval, the different hologram amplitudes are crucial for phase retrieval calculation, which is acquired by different wavelength illuminations. Thus, the accurate reconstruction of phase images relies on high-SNR hologram acquisition. To overcome the limitation of pixel resolution caused by Complementary Metal Oxide Semiconductor (CMOS) sensor technology, multi-wavelength scanning also enables pixel super-resolution on low-SNR recorded holograms (10, 23). Therefore, the phase estimation and pixel super-resolution reconstruction could be conducted at the same time by multi-wavelength scanning technology. The details of phase retrieval and pixel super-resolution are illustrated in Figure 2, and the specific implementation is composed of the following steps:

	Step 1: As depicted in Figure 2A, the multiple under-sampled low-resolution measurement holograms collected in the waveband are labelled as {IC,k}, and the wavelengths are labelled as {λC,k} (C = {R, G, B}, k = 1,2,3,4,5,6,7).

	Step 2: Previous reports (10, 14) point out that with the advantage of wavelength diversity, the high-resolution initial guess for the R/G/B-channel can be figured out. Under the condition that the up-sampling rate is set to 4, the low-resolution measurement holograms collected under the illumination of various wavelengths are up-sampled and named as {IC,k}upsample. After the {IC,k}upsample is transmitted backwards to the object surface by angular spectrum methods to obtain the corresponding object function, a good initial guess could be obtained by summing up all the object functions and then doing average filtering. The initial guess is recorded as OC.

	Step3: OC propagates from the object plane to the image sensor surface at the wavelength λC,k to obtain UC,k. The amplitude of UC,k is corrected by the low-resolution measurement hologram IC,k collected at the wavelength of λC,k, and UC,k is updated.

	Step4: The updated UC,k propagates back to the object plane at the wavelength λC,k, and an updated OC is obtained.

	Step5: Before OC propagates with λC,k + 1, it is necessary to correct the phase with a phase relationship (30), while the amplitude remains unchanged and then updates the OC again. OC repeats steps 3 and 4 with wavelength λC,k + 1, completing an iteration until all wavelengths in this band are being used and generally iterating 5–20 times. The final high-resolution value OC for pixel super-resolution and phase retrieval is obtained.






Figure 2 | Flow chart of multi-wavelength scanning pixel super-resolution and colour reconstruction. (A) After low-resolution measurement hologram stacks are up-sampled, backward-propagated and summed, a high-resolution initial guess is generated. The high-resolution object is iterated forward and backward in a sequence of wavelengths between the object surface and the image sensor plane. The measurement hologram is used to correct the wavefront amplitude of the image sensor plane, which is calculated by the forward propagation from the object plane to the image sensor plane. The object wavefront is updated by the backpropagation calculation from the image sensor plane to the object plane. And then, the phase relationship is used to correct the phase. Finally, the phase retrieval high-resolution reconstructed images of R, G and B channels are obtained. (B) A high-resolution RGB image from the RGB colour space to the YUV colour space is converted. With U and V components being average-filtered, respectively, the Y component remains unchanged. Then, the updated U and V are converted into the RGB space together with Y to generate a high-resolution colour reconstruction image that eliminates rainbow-like artifacts.





RGB to YUV Space Conversion and Enhancement for Accurate Colour Reconstruction

Although reconstruction artifacts of in-line holography by twin image have been mitigated based on the multi-wavelength phase retrieval method, the rainbow-like artifacts manifested as different frequency stripes still cannot be avoided in forming into colour imaging. To solve the above issue, the brightness component of an RGB image is separated from its colour components, which converts the RGB image to the YUV space. In the YUV space, the brightness component characterising the details and the overall outline of the image are kept unchanged, and applying average filtering on the U, the V colour component for rainbow-like-artifact elimination (22).

The details of colour reconstruction can be summarised as follows:

	(i): Obtain the high-resolution OR, OG and OB intensity images of the channels R, G, and B by the abovementioned method.

	(ii): Combine intensity images into channels R, G and B of the RGB colour space to obtain the corresponding colour images, recorded as IR, IG and IB, respectively.

	(iii): Convert IR, IG and IB to the YUV space to get Y, U and V components (22). Y is the brightness data, which remain unchanged, and U and V colour components are respectively average-filtered to obtain Uave and Vave.

	(iv): The final accurate colour image is created by transforming Y, Uave and Vave back to the RGB space.






Results


Pixel Super-Resolution by Multi-Wavelength Scanning

In order to quantify the spatial resolution performance of multi-wavelength scanning pixel super-resolution, the USAF1951 resolution test chart was imaged by placing on the image sensor and illuminated with a wavelength interval of 6 nm in each RGB channel (the wavelength range of each channel was R: 606~642 nm, G: 512~548 nm and B: 452~488 nm). Multiple low-resolution images obtained in each channel were synthesised into one high-resolution image. Then, the hologram is reconstructed at 624, 530 and 470 nm to obtain low-resolution reconstructed images. For comparison, the high- and low-resolution images of channel RGB were carried out, respectively. As shown in Figure 3, the [group 8, element 2, 1.74 µm] can be distinguished on the low-resolution reconstructed image of R, G and B channels, respectively. While after pixel super-resolution, [group 8, element 4, 1.38 µm] could be resolved on high-resolution reconstruction in the three R, G and B channels, respectively. It is noted that low-resolution images have lots of background noise, while better contrast was achieved on high-resolution images with clear backgrounds.




Figure 3 | Comparison of the pixel super-resolution and low resolution in the bands of R, G and B on the USAF1951 resolution test chart. (A) Low-resolution reconstructed images in R, G and B bands. (B) High-resolution reconstructed images in R, G and B bands by the wavelength scanning method.





Performance of Stained Samples Under Multi-Wavelength Illumination

To investigate the effect of different wavelengths for colour reconstruction, which is important for digital pathology diagnosis, we conducted experiments on a red bone marrow smear sample, which was irradiated alternately by the three wavebands of R, G and B. In our experiments, the low-resolution images were merged by low-resolution holograms by three illumination wavelengths (λ = 470,530, and 624 nm) directly, and high-resolution images were reconstructed by the multi-wavelength scanning technique with 21 low-resolution holograms. As demonstrated in Figure 4, it was noted that structure details of the three channels were quite different. Being observed under a microscope, the red bone marrow smear was reddish to purple; in other words, the transmittance of red and blue waves was predominant that it was detected by an image sensor. Particularly, the transmittance of red was higher than that of blue. Figure 4A showed that there was much fewer information on channels R and B of the holographic reconstruction image, which has more blank without object areas that meant that the corresponding transmittances of red and blue were high. Due to the strong absorption of green light, more features could be seen in the holographic reconstruction image of the corresponding Channel G. Hence, the result proved that under the illumination of different wavelengths of light, the reconstructed image was embodied by different details. As a result, the quality of reconstruction is beneficial from multi-wavelengths.




Figure 4 | Comparing high-resolution images in R, G and B channels of red marrow smears with traditional bright-field microscopy. (A) The high-resolution images of each band were compared through the image acquired by the microscope (4X/0.13). (B) FOV comparison between the lensfree microscope and the traditional bright-field microscope.



Moreover, the lensfree microscope shown in Figure 4B has much large FOV (>40 mm2) in comparison with 4 × microscope objective (0.13 NA), approximately 15 times more than the traditional bright-field microscope.



Comparison Results of Colour Lensfree Imaging Reconstruction

To compare the performance of colour reconstruction for lensfree holographic imaging, the multi-wavelength scanning technique for pixel super-resolution and phase retrieval were simultaneously used to reconstruct the high-resolution colour image of USAF1951, the cross section of the lotus root and the red marrow smear sample. Figure 5 illustrated the comparison colour reconstruction results of different methods on the three samples. The first row is colour reconstruction by low-resolution holograms directly. The second row is reconstructed by the high-resolution holograms only (without colour enhancement). The third row is reconstructed by our proposed method. The bottom row images are obtained by the microscope. From the comparison results in Figure 5, it is clearly seen that the experimental results obtained by our method are more obvious in rainbow artifact removal than the other two holography methods. Consequently, the colour reconstruction performance of our method is better to support our conclusion.




Figure 5 | Comparison results of the resolution chart, the lotus root cross section, and the red marrow smear sample in different colour reconstruction modes along with the images taken under the microscope. (A) Low-resolution colour image without pixel super-resolution; (B) Colour image using wavelength scanning pixel super-resolution and phase retrieval; (C) Colour-reconstructed image proposed in this paper; (D) Colour images taken by microscope.






Discussion

Since pathological slides are stained to help pathologists to distinguish cell types with significant different colour distribution, the colour information is critical to clinical diagnosis. However, different stained pathological slides have different spectral absorption characteristics. Here, assuming that there are band A and band B for illumination, when the stained pathological slide completely absorbs band A, the transmitted light would be zero, which means there is no response signal detected by the sensor, the image would appear completely black when reconstruction happens in band A. It is considered that if there is material between the light source and the image sensor, the light transmittance of the substance is extremely low. In the same way, when the stained pathological section completely transmits to band B, the absorption would be zero. As a result, the image appears completely white based on the reconstruction in band B, which means that there is no substance between the light source and the image sensor. Since if only a narrow band is used to describe the stained pathological slide, the result will be incomplete and inevitably cause some structural information to get lost. Therefore, if the low-resolution RGB image is converted to the YUV space, the UV space would be utilised for mean filtering, and the Channel Y is replaced with a single-band high-resolution image. Despite the fact that the workload of acquiring image data is reduced, the information loss is more serious. We carried out the experiment by using the lotus root cross section to convert low-resolution RGB image to the YUV space, with UV for averaging, and the Channel Y replaced by a single-band high-resolution image, as well as the high-resolution RGB image being converted to YUV space, with UV being used for mean filtering, without any process in Channel Y. It can be seen from Figure 6 that our proposed method was better not only in eliminating rainbow colour artifacts but also in terms of texture integrity.




Figure 6 | The image of the lotus root cross section proves that only a single band of pixel super-resolution image replaces the Y component, resulting in the loss of certain features.



In conclusion, we proposed a high-resolution wavelength scanning colour reconstruction method, which improved the resolution from [group 8, element 2] to [group 8, element 4] and presented satisfactory rainbow-like artifact elimination as well as texture integrity display. It is expected to obtain sub-micron resolution when using CMOS with smaller pixels. By improving the beam quality of the light source, higher-quality colour reconstruction can be expected to appear. Recently, the newly proposed neural network-based method has excellent performance in pixel super-resolution, phase retrieval and colour reconstruction. It can significantly reduce the number of samples without iteration and achieve end-to-end mapping (26, 31). If the method in this paper is combined with a neural network, further improvement in imaging speed and quality can be expected.
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Objective

To report the morphologic characteristics of tumor-related vasculatures and their association with secondary choroidal neovascularization (CNV), subretinal fluid (SRF), choroidal thickness, retinal pigment epithelium (RPE) alterations, subretinal hemorrhage, and tumor decalcification in eyes with choroidal osteoma (CO), using swept-source optical coherence tomographic angiography (SS-OCTA).



Design

Cross-sectional observational study.



Participants

We included 26 patients recruited from Beijing Tongren Hospital with a diagnosis of CO, based on the presence of yellow-orange mass deep to the RPE under indirect ophthalmoscopy and occupying the choroid with well-defined margins and bone density on ultrasonography or computed tomography and focal hyperfluorescent spots with no homogeneous pattern on fluorescein angiography/indocyanine green angiography (FA/ICGA). Data were collected from April 1, 2020, to April 1, 2021, and analyzed from April 30 through May 30, 2021.



Methods

Applying SS-OCTA systems operating at 1,050-nm wavelengths, eyes with CO were imaged.



Main Outcome and Measures

Tumor-related vasculature in eyes with CO was characterized using multimodal imaging that included fundus photography, FA/ICGA, SS-OCT, and SS-OCTA, and the images were anatomically aligned. CO thickness was manually measured as the distance between the upper boundary of the tumor and the underlying sclerochoroidal interface on the SS-OCT images. Subfoveal choroidal thickness was manually measured as the distance between the Bruch membrane and the sclerochoroidal interface on the SS-OCT images.



Results

Of the 26 Asian patients, 16 (62%) were women and 10 (38%) were men. The mean age was 26.8 years (median, 23; range, 8–45 years), and the mean best corrected visual acuity (BCVA) was 20/40. Thirty-three eyes underwent imaging and were diagnosed with CO. Indocyanine green angiography identified inhomogeneous hyperfluorescence due to tumor-related vasculature, and all corresponded to the structures that appeared as sea-fan vascular networks (SFVNs) combined with clusters of tangled vessels on SS-OCTA images. SFVNs were detected on SS-OCTA imaging in all eyes (100%), terminal tangled vascular structures in 32 of 33 eyes (97%), but not identified on ICGA. Of the 33 tangled vascular structures, 32 (97%) were located at the edge of or inside the tumor, and only 1 (3%) was associated with type 2 neovascularization. In addition, SS-OCT revealed SRF in 33 eyes (100%), 33 (100%) were located at the edge of CO, and only 1 was underlying macular. SRF with retinal edema was seen in 30 of 32 eyes (94%).



Conclusions

In eyes with CO undergoing SS-OCTA imaging, tumor-related vasculature appears as SFVNs combined with tangled vascular structures or few type 2 neovascularization. The identification of actual tumor vasculature in patients with CO as SFVNs with inner or terminal vascular tangles rather than previously described CNV may help facilitate understanding of their pathogenesis, tumor control, and response to treatment.





Keywords: choroidal osteoma, swept-source optical coherence tomographic angiography, tumor vessels, sea-fan vascular networks, terminal vascular tangles



Introduction

Choroidal osteoma (CO) is a benign, rare intraocular tumor composed of mature bone (1–4), and the etiology is still unknown. Tumor blood vessels of CO were first described histopathologically by Williams in 1978 (2). At that time, there was considerable preponderance of bony structures compared with the loose fibrovascular connective tissue elements within the mass. Since the initial descriptions of CO in 1978 (2), most studies have focused on the clinical and diagnostic features of this tumor, and choroidal neovascularization was recognized as another feature of CO. It was later recognized that clinical features of CO evolved over years. Cases of tumor growth (5–9), tumor decalcification or involution (10–13), as well as methods of management of related choroidal neovascularization were documented (14–18). On the basis of multimodal imaging, indocyanine green angiography (ICGA) and structural optical coherence tomography (OCT) have shown that tumor-related vasculature of CO appeared to be focal dilatations of blood vessels of choroidal neovascular membrane (CNVM) or choroidal neovascularization (CNV), and the CNV is now described as patterns of vascular complex characterized by a large main central vessel trunk based on ICGA (19), which has been the criterion standard imaging method for diagnosis of CNV.

Although optical coherence tomography angiography (OCTA) has greatly facilitated the detection of retinal or choroidal vascular disease, such as CVNs, and has provided detailed descriptions of their structure (20), tumor-related vasculature have been poorly visualized on en face spectral-domain OCTA (SD-OCTA) (21, 22). Azad (23) and Ana et al. (24) described tumor-related vasculature of CO as type 1 CNVM overlying the tumor on SS-OCTA images, and Lafaut et al. (25) described tumor-related vasculature as hyperfluorescence abnormal choroidal vessels and vascular spiders present on the tumor surface on ICGA, whereas it is difficult to differentiate these choroidal vascular anomalies from tumor vasculature or subretinal neovascularization. Even in clinicopathological studies, only one definitive evidence has been provided about the anatomical structure of these tumor-related vasculatures (2). To date, the precise origin and composition of tumor vasculature have yet to be clearly described, and an accurate description is the first step toward understanding the pathophysiological mechanisms involved in CO. Thus, in our present study, we defined the tumor-related vasculature, including tumor vasculature and secondary choroidal neovascularization of CO. Furthermore, observations in this study using SS-OCTA (in-tissue depth 2.7 mm) have suggested that previously, the use of the term “secondary CNV” does not accurately describe the clinical appearance of these tumor-related vasculature in CO.

With a fast-tuning laser source and balance detection, Swept Source OCT (SS-OCT) can achieve higher spectral resolution than SD-OCT and therefore leads to higher imaging depth. Besides, SS-OCT exhibits less sensitivity roll-off with imaging depth because of its immunity from fringes washout effect of SD-OCT platforms. The wavelength of the swept source is usually longer (1,050 nm for retina imaging) than the light source of SD-OCT (840 nm) and results in deeper penetration through the retinal pigment epithelium (RPE) (26–28). As a result, the structural and angiographic images of SS-OCT appear superior to SD-OCT images. Therefore, the SS-OCT platform allows for better visualization of neovascularization (27) and the tumor-related vasculature. Using SS-OCTA, we investigated the morphologic characteristics of tumor-related vasculature, sea-fan vascular networks (SFVNs), and their spatial associations in a Chinese population with CO.



Methods

This cross-sectional study included patients from the Beijing Tongren Eye Center, Beijing Tongren Hospital, Beijing, China. The patients were evaluated from April 1, 2020, to April 1, 2021. The study and data collection were compliant with the principles of the Declaration of Helsinki, and written informed consent was obtained from all participants. The study was approved by the Medical Ethics Committee of the Beijing Tongren Hospital. Inclusion criteria for the study were examined by at least one senior ophthalmologist (WW).

CO was defined as a yellow-orange mass deep to the RPE and occupying the choroid with well-defined margins and bone density on ultrasonography or computed tomography (29, 30). Exclusion criteria were severe media opacity that prevented adequate ICGA or OCTA examinations and cases of sclerochoroidal calcification (31, 32), a condition often confused with CO. All patients were in good health systemically. Anti-vascular endothelial growth factor (Anti-VEGF) therapy was offered to treat retinal edema, SRF, and the supposed choroidal neovascularization associated with the tumor.

The demographic data included patient age at diagnosis (years), sex, and race/ethnicity (Chinese, Asian). All patients underwent a complete ophthalmologic examination, including review of medical records, best-corrected visual acuity (BCVA), fundus photography (Imagenet 6, Topcon, Japan; CLARUS 500; Carol Zeiss), simultaneous FA and ICGA (Spectralis; Heidelberg Engineering, Inc), SS-OCT, and SS-OCTA (SS-OCT, VG200D, SVision Imaging, Ltd., China). The detailed system parameters of this SS-OCTA system including: central wavelength: 1050nm; spectral width: 110nm (range: 990-1100nm); A-line speed: 200K A Scans per second; transverse resolution: 15μm (optical); longitudinal resolution: 5μm (optical); and phase jitter: 20-70pm (before correction).

We defined the term sea-fan vascular networks (SFVNs) with inner or terminal tangled vascular structures detected on SS-OCTA to describe the intratumoral vasculature of CO. The SS-OCTA was performed at the same visit as the ICGA in all patients before any treatment or observation decisions were made. The choroidal thickness was manually measured as the subfoveal distance between the Bruch membrane and the sclerochoroidal interface using structural sectional OCT images. SS-OCTA was performed using 3 × 3 mm and 6 × 6 mm macular raster scans centered on the lesion in all cases. For en face imaging, a custom segmentation strategy was used first to visualize the tumor-related vasculature. The inner boundary followed the RPE, and the outer boundary followed the Bruch membrane, also known as the RPE-fit boundary layer on the instrument. The alternative custom segmentation strategy was the upper boundary followed the surface of the tumor, and the lower boundary followed the interface between tumor and sclera. The segmentation boundaries were then manually adjusted to optimally visualize the tumor-related vasculature, and terminal or inner tangled vessels. The data collected from each patient included their history of eye diseases, treatments, choroidal thickness measurements, and interpretations of their fundus photographic, fluorescein angiographic, ICGA, and SS-OCT images. The 3 × 3 mm, 6 × 6 mm SS-OCTA images were overlaid on the 12 × 12 mm images and magnified ICGA images to determine the position of tumor vasculature or CNV.


Statistical Analysis

Data were analyzed from April 30 through May 30, 2021. Two ophthalmologists (NZ and XX) and one intraocular oncologist (WW) evaluated the lesions. The ophthalmologists marked and adjusted manually the segmentation boundaries of the tumor lesions (33) and tumor-related vasculature independently, first on SS-OCTA images and then adjusted to ICGA images, and the intraocular oncologist adjudicated any discrepancies. In this study, the SS-OCTA images were edited and evaluated on the point-by-point manually aligned B-scan images. All the retinal vascular projections in SS-OCTA images were removed to eliminate the artifact of retinal blood flow within the slab that would complicate the interpretation of choroidal new vessels and structures within the tumor-related vasculature. This process used the automated projection-artifact removal software that was integrated with the SVision Imaging instrument (34).

The demographics and tumor characteristics of patients with CO were summarized as follows. Data collected on continuous scale, including age (years), largest tumor basal diameter (mm), tumor thickness (mm), and choroidal thickness (μm), pre- or post-treatment were expressed as mean, median, minimum, and maximum, and they were evaluated with Student’s t-test, Wilcoxon matched-pairs signed-ranks test, and the chi-squared test, which were used when appropriate for determining differences in cross-sectional characteristics. A two-sided p-value <0.05 was considered for statistical significance. All analyses were performed in Stata (15.0).




Results

The 26 Asian patients included 16 (62%) women and 10 (38%) men. The mean age was 26.8 years (median, 23; range, 8–45), and mean BCVA was 20/40. Thirty-three eyes underwent imaging and were diagnosed with CO. There were 19 patients (73%) who had unilateral involvement and 7 patients (23%) who had bilateral tumors. Macular involvement with tumor was seen in 5 eyes (15%) and juxtapapillary in 28 eyes (85%). The mean tumor basal diameter was 15.6 mm (median, 10.5; range, 2.4–20.1), and the mean tumor thickness was 1083.2 μm (median, 1125.6; range, 290.1–2,227.9). The mean largest choroidal thickness (LCT) was 556.5 μm (median, 519.5; range, 231.3–694.1) in affected eyes and 488.9 μm (median, 511.7; range, 207.4–646.5) in fellow eyes. Demographic and clinical characteristics of patients are summarized in Table 1. A total of 8 eyes were treatment-naive, 22 eyes had received multiple injections of VEGF inhibitors, and 3 eyes underwent multiple anti-VEGF treatments and photodynamic therapy. The LCT pre- and post-anti-VEGF treatment was 476.7 μm (median, 498.0; range, 236.1–694.1) and 457.3 μm (median, 477.7; range, 230.1–692.3), respectively. There was no significance difference between them (p < 0.05).


Table 1 | Demographic and clinical characteristics of patients with choroidal osteoma (CO).



Sea-fan vascular networks were detected on SS-OCTA in all 33 eyes (100%), and ICGA detected CNV in 1 of 33 eyes (3%). All SFVNs located within the CO, covering the calcified and decalcified areas of the tumor. In 33 eyes, the SFVNs that could not be clearly identified on ICGA were detected on SS-OCTA. By adjusting the segmentation boundaries to interpret the SS-OCTA images, we were able to identify all the tumor-related vasculature.

The internal blood flow of the tumor-related vasculature found on ICGA appeared as vascular complex, and sea-fan like vascular networks with inner or terminal tangled vascular structures on SS-OCTA. SS-OCT revealed SRF in 33 eyes (100%); 32 (97%) were located at the edge of CO, and only 1 eye was underlying macular. SRF with retinal edema was seen in 30 of 32 eyes (94%). In addition, a few terminal vessels of the vascular network similar to tangled vascular structures were detected on SS-OCTA that were connected to flat irregular SRFs on OCT B-scans (Figure 4 in the Supplement) but not clearly detected on ICGA (Figure 1). The tangled vascular structures were located within SFVNs, and only one (3%) was connected with type 2 neovascularization. The en face images of these tumor-related vasculatures appeared as sea-fan, radial, branched, cluster, or other irregular shapes, not showing telangiectasis. Tangled vascular structures were within SFVNs in all 33 eyes but also at the border of SFVNs in 2 eyes.




Figure 1 | (Patient 4) (A) Fundus examination revealed two orange-red lesions in the posterior fundus, one located at peripapillary with partial decalcification, another small lesion in the macula area. (B) FA/ICGA revealed that the hypofluorescent area observed in the early phase corresponds to the extent of osteoma but the borders may be difficult to demarcate, and diffuse mild hyperfluorescence in late phase. (C) On the SS-OCT, B-scan revealed a 376-μm-thick domed tumor and 619-μm-thick choroidal thickness, respectively. 16 mm B-Scan: white star: trabecular bone; green star: denser and striated cortical bone; long orange arrow: Haversian or Volkmann vascular channels; red arrowheads: hyperreflective dots; blue arrow: alteration of external retinal layers and RPE above the tumor; white arrow: the external choroid seems pushed toward the outside and compressed. (D) The SS-OCTA boundary segmentation showed that the SFVNs and terminal vessels appeared intertwined with tangled vascular structures that corresponded to a tumor vessel on B-scans. (E) The En-face Retinal Depth Encoded of the 6 × 6 mm SS-OCTA cube scan demonstrated two areas of quiescent tumor vasculatures with no exudative sign found on the B-scan. The vascular network is sea-fan-shaped with small vascular tangles, the terminal vessels of the vascular network are thinner, and the terminal vessels are thin, little showing angiomatous dilation. The tumor-related vasculature appeared to be composed of sea-fan vascular networks and numerous tangle vessels when the lesions were magnified, as outlined in our schematic drawing (F), which is consistent with the tumor-related vasculature on ICGA (B).




Patient 4

A 28-year-old man diagnosed with CO on the left eye received 12 anti-VEGF treatments (ranibizumab [Lucentis; Novartis], 0.5 mg) for 5 years. BCVA was 16/20 OD and 20/25 OS, respectively. Fundus examination revealed two orange-red lesions in the posterior fundus, one located at peripapillary with partial decalcification and another small lesion in the macula area (Figure 1A). ICGA revealed that a hypofluorescent area observed in the early phase corresponds to the extent of the osteoma but the borders may be difficult to demarcate, and there was diffuse mild hyperfluorescence in the late phase (Figure 1B). On the SS-OCT, B-scan revealed a 376-μm-thick domed tumor (Figure 1C). The largest choroidal thickness was 619.2 μm in affected eyes, and 633.9 μm in the fellow eye. The outer retina had thinned, with alteration of the RPE. The heterogenous aspect within the tumor-associated hyper- and hyporeflectivity is similar to trabecular bone as described by Williams et al. on histological sections (2). The densest adjacent areas resembled cortical bone, within which a striated lamellar aspect was found, possibly cement lines. Several hyperreflective dots were found within both types of bones. Moreover, hyporeflective tubular areas could correspond to bone vascular channels (Volkmann or Haversian channels), as described by Shields et al. (5), even though in SS-OCTA, no flow was detected in these canals (Figure 1C). The En-face Retinal Depth Encoded of the 6 × 6 mm SS-OCTA cube scan (Figure 1D) demonstrated two areas of quiescent tumor vasculatures with no exudative sign found on the B-scan. The analysis of SS-OCTA flow showed the SFVNs and tangled vascular vasculature in which dense flow signals were found (Figure 1E). The SS-OCTA boundary segmentation showed that the SFVNs and terminal vessels appeared intertwined with tangled vascular structures that corresponded to a tumor vessel on B-scans (Figure 1D). Furthermore, the tumor-related vasculature appeared to be composed of sea-fan vascular networks and numerous tangle vessels when the lesions were magnified (Figure 1E), as outlined in our schematic drawing (Figure 1F), which is consistent with the tumor-related vasculature on ICGA. After anti-VEGF therapy, the SS-OCTA en face image showed no reduction in the size of the SFVN and vascular tangles (eFigures 1A–F in the Supplement). The terminal vascular tangles were observed to recur 2 months after anti-VEGF therapy, and the tangled vascular structure seemed more distinct in some tumor-related vasculature (e.g., the tumor-related vasculature numbered A and B in eFigure 1G in the Supplement). Four months after anti-VEGF therapy, denser vascular tangles were observed at the end of SFVNs. They were associated with some newly formed lesions and the growth of tumor (e.g., the tumor-growth numbered A and B eFigure 1H in the Supplement). This case demonstrated that tumor-related vasculature resembled a lesion consisting of SFVNs and vascular tangles rather than secondary choroidal neovascularization that arose from a choroid.



Patient 2

A 14-year-old girl was diagnosed with CO on the left eye for 1 year and had received three ranibizumab (0.5 mg) injections 1 year previously. She experienced gradual deterioration in the vision of her left eye. BCVA was 20/25 OS. Fundus examination revealed a yellowish-orange lesion located at peripapillary associated with a local SRF involved macular (Figure 2A). Early-phase FA showed evidence of focal hyperfluorescence, and late-phase FA showed leakage with a pooling configuration that suggested the diagnosis of active retinal serous detachment (eFigure 2A in the Supplement). ICGA revealed focal hyperfluorescence with SFVNs in the early frames (eFigure 2A in the Supplement). On the SS-OCT, B-scan revealed a 296-μm-thick flat tumor (Figure 2B). The largest choroidal thickness was 383.2 μm in the affected eyes, and 207.4 μm in the fellow eye. The SFVNs and tangled vascular structures of tumor-related vasculature were clearly seen on SS-OCTA before and after anti-VEGF treatment (Figure 2C). Two months after the second ranibizumab (0.5-mg) injection, SS-OCTA showed regression of SRF, but no reduction of the terminal vessels in the tumor-related vasculature that appeared as a dilated vessel connected to the SFVN (Figure 2D). This case showed that the tumor-related vasculature consisted of sea-fan vascular networks combined with tangled vessels, and anti-VEGF treatment was associated with regression of SRF secondary from tumor vascular structures (eFigure 2B in the Supplement). In addition, we found that patients with CO received anti-VEGF treatment, and with the absorption of subretinal fluid, the choroidal thickness (“pachychoroid”) of the affected eye showed reduction or became thinner (eFigure 2B in the Supplement).




Figure 2 | (Patient 2) (A) Fundus examination revealed a yellowish-orange lesion located at peripapillary associated with a local SRF involved macular. (B) On the SS-OCT, B-scan revealed a 296-μm-thick flat osteoma in the early stage. 16 mm B-Scan: long orange arrows: Haversian or Volkmann vascular channels; blue arrow: alteration of external retinal layers and RPE above the tumor; white arrow: the external choroid seems pushed toward the outside and compressed. The trabecular bone, dense bone, and striated bone were not demonstrated in the early stage of the tumor. (C) The SFVNs and tangled vascular structures of tumor-related vasculature were clearly seen on SS-OCTA before and after anti-VEGF treatment. (D) Two months after the second ranibizumab (0.5 mg) injection, SS-OCTA showed regression of SRF, but no reduction of the terminal vessels in the tumor-related vasculature that appeared as a dilated vessel connected to the SFVN.





Patient 14

A 15-year-old girl experienced chronic visual loss from bilateral eyes. BCVA was 16/20 OD and 20/25 (treatment naive), respectively. Fundus examination revealed large diffused yellowish-orange lesions in the posterior fundus involved the macula, with partial decalcification (Figures 3A1, 2). FA showed evidence of early focal hyperfluorescence with late leakage, ICGA revealed patchy hyperfluorescence in the early frames (eFigures 3A1, 2 in the Supplement). On the SS-OCT, B-scan revealed a 1,507.8-μm-thick diffused tumor on OS and 1275.7-μm-thick diffused tumor on OD (eFigures 3B1, 2 in the Supplement). SS-OCTA revealed SFVNs with tangled vascular structures that corresponded to the tumor-related vasculature seen on ICGA. The En-face Montage images of the 23.5 × 17.5 mm SS-OCTA (Figures 3B1, 2) exhibited two large areas of quiescent tumor vasculature with no exudative sign found on the B-scan, and the tumor-related vasculature appeared to be composed of sea-fan vascular networks and numerous tangle vessels when the lesions were magnified as 6 × 6 mm and 3 × 3 mm (Figures 3B3–5), respectively. The Montage image of superficial retinal vascular layer showed that the retinal vasculature were normal (eFigures 3C1, 2 in the Supplement). The SFVNs and tiny tangled vessels were not reduced after 13 anti-VEGF therapies; however, the size of tumors remained stable and the SRF did not recur.




Figure 3 | (Patient 14) (A1, 2) Fundus examination revealed large diffused yellowish-orange lesions in the posterior fundus involved the macula, with partial decalcification. (B1, 2) SS-OCTA revealed SFVNs with tangled vascular structures that corresponded to the tumor-related vasculature seen on FA/ICGA (arrows). The En-face Montage images of the 23.5 × 17.5 mm SS-OCTA exhibited two large areas of quiescent tumor vasculature with no exudative sign found on the B-scan; the tumor-related vasculature appeared to be composed of sea-fan vascular networks and numerous tangle vessels when the lesions were magnified as 6 × 6 mm and 3 × 3 mm (B3–5), respectively. The caliber of tumor vessels is commonly one-eighth to one-quarter that of a major retinal vein at the disc margin, and occasionally they are as large as such veins. The tumor blood vessels frequently form networks that often resemble part or all of a carriage wheel. The vessels radiate like spokes from the center of the complex to a circumferential vessel bounding its periphery. SFVNs vessel networks may also be irregular in shape, without a distinct radial pattern.





Patient 3

A 33-year-old woman experienced acute visual loss from her right eye. BCVA was 40/100 OD (treatment naive). Fundus examination revealed diffused reddish-orange lesion in the superior macula (eFigure 4A in the Supplement). FA showed evidence of early focal hyperfluorescence with late leakage consistent with type 2 neovascularization (eFigure 4B in the Supplement). ICGA revealed focal hyperfluorescence in the early frame (eFigure 4B in the Supplement). SS-OCTA showed SFVNs with tangled vascular structures that corresponded to the tumor-related vasculature seen on ICGA (Figure 4A). Type 2 neovascularization and tumor-related vasculature were seen when the boundary layers on the cross-sectional SS-OCTA B-scan transitioned from the top of the lesion to choroid (Figure 4B). This case demonstrated that SFVN and type 2 neovascularization coexisted in the same eye, and tumor vasculature may have been derived from one or both of these neovascular lesions, as outlined in our schematic drawing (eFigures 4C1, 2 in the Supplement).




Figure 4 | (Patient 3) (A) SS-OCTA showed SFVNs with tangled vascular structures that corresponded to the tumor-related vasculature seen on FA/ICGA (eFigure 4B). (B) Type 2 neovascularization and tumor-related vasculature were seen when the boundary layers on the cross-sectional SS-OCTA B-scan transitioned from the top of the lesion to choroid.






Discussion

In the present study, SS-OCTA identified SFVNs and tumor vasculature in CO better than ICGA, and SS-OCTA revealed the appearance of tumor vasculature as SFVNs with tangled vascular structures that have always been identified as type 1 or type 2 CNV in patients with CO. The observation that tumor vasculature appears to be SFVNs and tangled vascular structures differs from the proposal that tumor-related vasculature of CO is type 1 or type 2 CNV of neovascular tissue and similar to aneurysms in the AMD or PCV (5, 19). Several independent clinicopathological investigations (1, 2) have shown that between the bony trabecula, there were large, blood-filled cavernous vascular spaces as well as small capillary-type blood vessels, and these vascular structures were lined by a single layer of flat endothelial cells. The SFVNs of CO were tumor vascular in nature and it is speculated (proposed) that the tumor vasculature may associate with the inner choroidal circulation. However, the SFVNs have not been definitely detected in the histopathologic examinations.

Our SS-OCTA observations suggest that the tumor-related vasculature on ICGA consists mostly of the SFVN vascular complex. Most of the tumor-related vasculature were found to consist of SFVNs combined with tangled vessels clusters, such as a tiny curled glomerular-type lesion, rather than a single CNV. The findings are consistent with the tumor vascular structure reported in the study of Williams et al. (2), in which they described “large, blood-filled cavernous vascular spaces as well as small capillary-type blood vessels.” on histopathology. Because of the benign nature and extreme lack of tissues, and relatively lower image quality of histopathological findings, they were unable to describe more detailed information about the tumor-related vasculature. Lafaut et al. (25) reported that “the findings on fluorescein and ICG angiography in CO are complex and heterogeneous” and included vascular spiders and abnormal choroidal vessels, with no homogeneous patterns, suggesting that the tumor-related vasculature has different variants in nature. None of these studies described tumor vasculature as a sea-fan-like vascular network inside CO. We also observed little variants of tumor vasculature on SS-OCTA; the flow signal from the tumor vasculature appeared consistent with that of SFVNs and abnormally tangled vessels that could be focally dilated and form small loose or dense globular structures, presenting different shapes and sizes.

Previous studies (35–38) indicated that the treatment with anti-VEGFs may influence the CNV (and maybe tumor) network. In our series, 22 of 33 eyes had received multiple injections of VEGF inhibitors, and the tumor-related vasculature also appears to respond to anti-VEGF therapy with the regression of SRF (Figure 3), while remaining stable in size and complexity. These findings are also consistent with the observations by other intraocular tumors that partly minor tumor-related vasculature disappeared after anti-VEGF treatment (35, 36). This finding is consistent with the observations that in neovascular age-related macular degeneration, the complexity of the neovascularization diminishes after anti-VEGF therapy, whereas the larger, more mature vessels are unchanged (37, 38). Moreover, the main trunk blood vessels of SFVNs would not be expected to respond to anti-VEGF treatment, whereas a terminal tangle of new vessels adjacent to edge of tumor is likely to respond, which may be attributed to the regression of SRF. Perhaps, SS-OCTA of tumor-related vasculature will provide important clues about classifying tumor-related vasculature as active or quiescent in CO, and the vascular complexity of these tumor-related vasculature may provide factors of tumor growth and prognostic indications of whether they will respond to anti-VEGF therapy or recur after treatment.

The belief that tumor-related vasculature of CO represented secondary CNV lesions is based on the phenomenon of dye washout on ICGA and neovascular-like lesions on avascular layer on SD-OCTA and CNVM on SS-OCTA (23–25). However, these features could also be found within a tangled vascular structure, especially on PCV. Moreover, the SFVNs and tangled vessels were seen in all tumor-related vasculature, whereas the ICGA phenomenon described above was not observed in all tumor-related vasculature, indicating that tumor-related vasculature is a uniform entity and has little variety of configurations. We propose that the lack of variability of SFVNs is based on the benign tumor in nature and the relative maturity of the tumor vessels in CO, not in the configuration or the complexity of the tumor vascular tangles. In addition, SS-OCTA showed that the SFVNs and partial terminal tumor-related vasculature may communicate or is associated to the choroidal vasculature; thus, the thinner-walled dilated vessels at the edge of the tumor vasculature may display blood flow signals. We also found that the tangled vessels appeared to be derived from the existing SFVNs and were arranged in a fine loop or whorl pattern or in a cluster networks of vessels or bunch-of-grapes pattern. The sea-fan pattern would be consistent with the views of Lafaut et al. (25) that the tangled vessels would be visible as vascular spiders of hyperfluorescence on ICGA as the dye intensity fades from the central lumens during the washout period. Finally, we also support the notion of turbulent flow within these SRVNs and the tangled vessels because of the presence of dilated vessels of varying caliber. The presence of vascular dilation and changes in vascular caliber and direction within the tangled vascular networks may contribute to turbulent flow.

Previous SD-OCT and post-enucleation studies have located tumor-related vasculature within the tumor, not above the Bruch membrane and beneath the RPE (2, 39). We identified all the tumor-related vasculature consisting of SFVNs and tangled vessels as located in the inner tumor not outside the area between the Bruch membrane and RPE layer (type 1 or type 2 neovascularizations) in 33 eyes (100%) and type 2 neovascularization at the margins of SFVN in 1 eye (3%). We also observed that tumor vasculature coexisted with type 2 neovascularization in the same eye, which further suggests that SFVNs are tumor vascular structures, rather than aneurysmal variations of type 1 or type 2 CNV secondary to CO.

To date, the criterion standard for the diagnosis of tumor-related vasculature is CNV associated to CO by ICGA or SD-OCT, which we now question, given the findings of several studies in which the detectability of tumor vessels was confirmed with histopathology, and the detectability of CNVs was better with OCTA (40, 41). In the present study, SS-OCTA was better than ICGA for the detection of tumor-related vasculature. A total of 33 tumor vasculature lesions were not clearly detected on ICGA, and all the lesions could be overlaid with the SFVNs, and the vascular tangles corresponding to tumor vasculature appeared on SS-OCTA. Moreover, one additional tangled vascular structure, which corresponded to the connected to flat irregular CNVs on OCT B-scans, was detected by SS-OCTA. As a result, SS-OCTA may be more sensitive for the detection of tumor vasculature in CO than ICGA, and, if confirmed by others, SS-OCTA might be considered the new criterion standard for the diagnosis and monitoring of CO.

In addition, SS-OCT has shown increased thickness of the choroid in CO eyes, as well as fellow eyes. After anti-VEGF therapies in 22 eyes, the choroidal thickness (“pachychoroid”) of the affected eye showed reduction or became thinner. This finding may indicate that the origin of CO arises from the choroid rather than RPE or sclera. Furthermore, we found that the tumor size remained stable with increased tumor decalcification for a long follow-up after anti-VEGF therapy, and the tumor vasculature was relatively quiescent. Intravitreal VEGF antagonists have shown beneficial effects in CO, which is consistent with the proposed theory of osteoblast-derived VEGF playing an important role in maintaining vascular integrity and bone mass (42, 43), and anti-VEGF therapy might increase bone absorption (decalcification) of CO. Thus, the tumor vasculature of CO and the tumor control associated to the anti-VEGF agents need further study.



Limitations

The present study has several limitations, including its cross-sectional, observational nature, a single-center research, and a relatively small sample of patients. In addition, not all the patients whom we recruited were treatment naive; others had heterogeneous treatment histories. Moreover, studies are needed to confirm our findings and determine whether tumor vasculature, anti-VEGF, and tumor decalcification correlate with tumor growth of CO or certain underlying medical factors.



Conclusions

Using the SS-OCTA platform, we examined the SFVNs and tangled vascular blood flow properties of tumor vasculature in patients with CO. We found that tumor-related vasculature consisted of densely or loosely sea-fan vascular networks with tangled vascular structures, few at the margins of tumor or type 2 neovascularization, which is inconsistent with the proposal that tumor-related vasculature is a form of CNV rather than an SFVN structure. Further studies are needed to confirm our findings and better characterize the tumor evolution, natural history, tumor growth, tumor decalcification, and response to therapy of these different tumor vascular networks and tangled vascular structures in CO using SS-OCTA.
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Supplementary Figure 1 | (Patient 4) (A–F) After anti-VEGF therapy, the SS-OCTA en face image showed no reduction in the size of the SFVN and vascular tangles. (G) The terminal vascular tangles were observed to recur 2 months after anti-VEGF therapy, and the tangled vascular structure seemed more distinct in some tumor-related vasculature (eg, the tumor-related vasculature numbered A and B). (H) Four months after anti-VEGF therapy, denser vascular tangles were observed at the end of SFVN. They were associated with some newly formed lesions and the growth of tumor (the tumor-growth numbered A and B).


Supplementary Figure 2 | (Patient 2) (A) Early-phase FA showed evidence of focal hyperfluorescence, and late-phase FA showed leakage with a pooling configuration that suggested the diagnosis of active retinal serous detachment. ICGA revealed focal hyperfluorescence with SFVNs in the early frames. (B) The tumor-related vasculature consisted of sea-fan vascular networks combined with tangled vessels, and anti-VEGF treatment was associated with regression of SRF secondary from tumor vascular structures. Patients with CO received anti-VEGF treatment, with the absorption of subretinal fluid, the choroidal thickness (“pachychoroid”) of the affected eye showed reduction or became thinner.


Supplementary Figure 3 | (Patient 14) (A1, 2). FA showed evidence of early focal hyperfluorescence with late leakage, ICGA revealed patchy hyperfluorescence in the early frames. (B1, 2). On the SS-OCT, B-scan revealed a 1507.8-μm-thick on OS and 1275.7-μm-thick on OD diffused tumor, respectively. (C1, 2). The Montage image of superficial retinal vascular layer showed the retinal vasculature were normal.


Supplementary Figure 4 | (Patient 3) (A) Fundus examination revealed diffused reddish-orange lesion in the superior macula. (B) FA showed evidence of early focal hyperfluorescence with late leakage consistent with type 2 neovascularization. ICGA revealed focal hyperfluorescence in the early frame. (C1, 2). The SFVN and type 2 neovascularization coexisted in the same eye, and tumor-related vasculature may have been derived from one or both of these neovascular lesions, as outlined in our schematic drawing.
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When performing the diffuse optical tomography (DOT) of the breast, the mismatch between the forward model and the experimental conditions will significantly hinder the reconstruction accuracy. Therefore, the reference measurement is commonly used to calibrate the measured data before the reconstruction. However, it is complicated to customize corresponding reference phantoms based on the breast shape and background optical parameters of different subjects in clinical trials. Furthermore, although high-density (HD) DOT configuration has been proven to improve imaging quality, a large number of source-detector (SD) pairs also increase the difficulty of multi-channel correction. To enhance the applicability of the breast DOT, a data self-calibration method based on an HD parallel-plate DOT system is proposed in this paper to replace the conventional relative measurement on a reference phantom. The reference predicted data can be constructed directly from the measurement data with the support of the HD-DOT system, which has nearly a hundred sets of measurements at each SD distance. The proposed scheme has been validated by Monte Carlo (MC) simulation, breast-size phantom experiments, and clinical trials, exhibiting the feasibility in ensuring the quality of the DOT reconstruction while effectively reducing the complexity associated with relative measurements on reference phantoms.
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1 Introduction

Diffuse optical tomography (DOT) is a highly specific functional imaging modality for breast cancer imaging, which can offer a low-cost, non-invasive, and portable alternative technology to magnetic resonance imaging (MRI), positron emission tomography (PET), and digital breast tomosynthesis (DBT) (1–5). Photon propagation in breast tissue can be described by the diffusion equation (DE), and the absorption distribution in the tissue is obtained by solving the inverse problem. Based on multi-wavelength measurements and spectral unmixing, the concentration distribution of chromophores in breast tissue can be further calculated (6, 7). Tumor tissue usually exhibits increased blood vessel density and decreased oxygen content, which leads to a higher total hemoglobin concentration and lower blood oxygen saturation. Therefore, optical contrast can be used to characterize the disease (8). However, since biological tissue is the turbid and highly scattering media, the quality of the reconstructed DOT image is unsatisfactory (9).

Several methods have been proposed to improve the quality of the DOT reconstruction. On the one hand, some groups have proposed modified regularization algorithms for optimizing the inverse problem (10–13). The other groups have employed information on the size, shape, and depth of the lesion obtained with high-resolution imaging equipment to guide DOT reconstruction (14, 15). On the other hand, many researchers are working on improving the imaging system. High-density (HD) settings (measurements typically obtained using arrays with the nearest-neighbor source-detector (SD) distance <1.5 cm) have become one of the trends in system updates. It has been proven to have advantages in enhancing imaging resolution (16). For breast imaging, the HD-DOT system is capable of providing high sensitivity, large dynamic range, and large imaging field of view (17–19). Although both of the mentioned methods help to improve the imaging quality, the experimental accuracy will be affected by system errors, including noise and the poor coupling between the SD pairs and the imaging subjects, etc. Especially for HD-DOT systems, the inconsistency between multi-channels is significant due to the large number of the SD pairs, and these factors will have a greater impact on the measurement data (20–23). Therefore, the calibration of experimental data is also critical.

The measured data of DOT are conventionally calibrated by reference measurement. This approach usually needs to use a reference phantom with the same background optical parameter and size as the task (24). However, it is complicated to customize corresponding reference phantoms based on the exact tissue morphology (e.g., the breast shape) of different subjects in clinical trials. Several studies have been proposed to utilize the contralateral healthy breast to calibrate the measurement from the tumor-bearing breast. Althobaiti et al. have introduced an automated preprocessing method, which requires continuous correlation analysis of multi-wavelength data (25, 26). Li et al. have also proposed an outlier removal algorithm, which needs to determine an appropriate threshold (27). Nevertheless, the differences between the size and the detection conditions of the two breasts can also introduce artifacts (28).

In practical clinical application of the breast DOT, to address the defects and limitations of the reference measurement in the above analysis, a data self-calibration method based on an HD parallel-plate DOT system is proposed in this paper, aiming to replace the conventional relative measurement on a reference phantom. Thanks to the geometric symmetry of the HD-DOT system (29), each SD distance corresponds to many different SD pairs at different locations. For the diffuse optical measurement of the large-size homogeneous turbid media (e.g., normal soft tissue), different SD pairs with the same SD distance in non-boundary regions have similar outgoing light intensity. In this case, the measured values under the same SD distance are approximately the same value. Considering the limited size of the tumor relative to the whole breast, it is assumed that the maximum value of the data obtained from SD pairs at different locations at the same SD distance is the measurement under the condition of hardly passing through the absorption heterogeneous region, such as the lesion tissue. At this time, this measurement value is basically the same as that obtained at the same SD distance on the reference homogeneous phantom. Based on the above analysis, the reference prediction data for one SD distance can be constructed directly from the measurement data according to the maximum value of a set of measurements in the non-boundary region with the same SD distance. The proposed approach is validated by Monte Carlo (MC) simulation and is verified by breast-size phantom experiments and clinical trials on a self-build HD-DOT system, exhibiting its feasibility in DOT reconstruction while effectively reducing the complexity associated with relative measurements on reference phantoms.



2 Methods


2.1 Forward Model

Near-infrared light will be absorbed and scattered in tissue. The forward transmission process of light in tissue is often described by the diffusion equation (DE) (30) as shown in Eq. (1)



where Ω is the tissue region, and Φ(r) represents the photon density at position r. q0 is the source term.   is the diffusion coefficient, and c is the propagation speed of light in tissue. μa represents the absorption coefficient, and   represents the reduced scattering coefficient.

The boundary condition can be expressed by Eq. (2)



where ζ = (1 + Rf)/(1 – Rf), and Rf is the diffuse transmission internal reflection coefficient.   is the surface outward normal unit vector.

The output light flux detected on the surface of the tissue is



where ∂Ω represents the surface of the tissue.   represents the i-th source position with the total number of I   represents the j-th detector position with the total number of J.



2.2 Inverse Problem

In this paper, We utilize the finite-element-methods (FEM) based software package NIRFAST (31) to solve the continuous wave (CW) DOT inverse problem (32), which can be described as Eq. (4)



where F is forward model. Since the inverse problem is highly ill-posed, Tikhonov regularization is used to constrain the reconstruction, as shown in Eq. (5)



where λ is the regularization parameter.



2.3 Data Calibration Method


2.3.1 Reference Phantom Calibration Method

The conventional relative measurements using a reference phantom require two scans, including a scan of the task and a scan of a reference homogeneous phantom with the same shape and background optical parameters as the task. The specific steps are as follows:

(1) The measured data of the task can be expressed as  .

(2) Similarly, the measured data of the reference phantom can be expressed as  .

(3) Use the NIRFAST software to generate an optical calculation model of the homogeneous phantom with the same shape and background optical parameters as the task, the simulated forward data   can be obtained.

(4) The reference phantom calibration method can be expressed by Eq. (6)



where Γ∗ is the calibrated data used for reconstruction. Since the size of the task phantom is known, it is easy to implement reference measurement in phantom experiments. However, the reference phantom for each patient is difficult to make on site. Therefore, a calibration method without using the reference homogeneous phantom is needed.



2.3.2 Data Self-Calibration Method

The DOT imager used in this work is a self-built fiber-free high-density parallel plate CW system based on multi-wavelength light-emitting diodes (LEDs) and high-sensitivity photodiodes (PDs). The LED contains three wavelengths: 660 nm, 750 nm, and 840 nm, and both the sources and the detectors are surface-mount devices. The arrangement of the optical sensor array is completely consistent with that of the LED array, that is, each optical sensor is in the mirror position of the opposite LED. The sources and the detectors are arranged in 7 rows and 8 columns. The row spacing is 13 mm, and the column spacing is 14 mm. Figures 1A–C illustrate the structure of the source and detector plates. Figure 1D presents the different SD pairs used to perform measurements.




Figure 1 | Schematic of the source and detector plates of the DOT system. (A) Arrangement of the light source array (or optical sensor array). (B) The row and column spacing between the LEDs (or PDs). (C) Photograph of the source plate and the detector plate. (D) The black lines indicating the different SD pairs.



The implementation steps of the data self-calibration method proposed in this paper are as follows.

(1) The measured data of the task obtained by the DOT system can be expressed as  .

(2) Calculate the SD distance dij according to different SD pairs:

 

where dij represents the Euclidean distance between the i-th source and the j-th detector.

(3) Based on the geometric symmetry of the system’s SD arrangement, there will be cases where different SD pairs have the same SD distance. Traversing all SD pairs, a total of K different SD distances can be obtained, i.e., dij ∈{d1,···,dk, ···,dK}. Group the measured data with the same SD distance (dk) into the same set and record it as Ωk, (k ∈[1,K]):



(4) The maximum measurement value in Ωk is selected and expressed as  ,

 

(5) Set the corresponding maximum measurement value when the SD distance is dk as the estimated measurement value of the constructed ‘virtual homogeneous phantom’ at the same SD distance (dk), which is expressed as

 

where dij = dk, (i = 1,2,···,I; j = 1,2,···,J). The measured data of the ‘virtual homogeneous phantom’ under all SD pairs can be further obtained as  .

(6) Replacing   in Eq. (6) by  , which in turn leads to the expression for the data self-calibration strategy:



It should be noted that some SD pairs need to be removed before applying the data self-calibration method. The criteria for excluding SD pairs in this work are: (1) the SD pairs that are not covered by the imaging object needs to be eliminated, and (2) the SD pairs with SD distance greater than 110 mm should be eliminated.





3 Experiments


3.1 Monte Carlo Simulation Experiment

We first used MC simulation to verify the feasibility of the proposed method. All simulations were performed with the MCX simulator (33). A three-dimensional breast-size domain with a thickness of 44 mm and with a parabolic contour matching the shape of a healthy female breast was used to generate simulated CW measurements. The volume of the domain is 79mm × 130mm × 44mm, and the size of a single pixel is 1mm × 1mm × 1mm. The optical properties of the breast tissue were set to μa = 0.0051mm-1, and   = 1.090mm-1 at 760 nm (34). In bio-tissue imaging experiment, polyoxymethylene (POM) was often employed to make the reference phantom, and its optical properties were determined to be μa = 0.0038mm-1, and   = 0.9380mm-1 at 670 nm (35). Therefore, in this experiment, the optical properties of the simulation volume of interest (VOI) were set to μa = 0.004mm-1,   = 1mm-1, g=0.9, and n=1.33, respectively.

A homogeneous model was simulated to generate reference phantom data (Figure 2A). Another model was simulated to generate task phantom data, which had two cylindrical targets with a height of 10 mm and a diameter of 15 mm (Figure 2B). The horizontal distance between the two targets is 40 mm and the center coordinates of the targets are (17, 45, 42), (17, 85, 42) (unit: mm), respectively. The absorption coefficient of the two targets is three times that of the background, i.e., μa = 0.012mm-1, and other optical parameters of the targets are the same as the background.




Figure 2 | MC simulation settings. (A) The reference phantom. (B) The task phantom. (C) The arrangement of the light sources and the detectors, L=13 mm, d=14 mm.



The arrangement of the source array is completely consistent with that of the detector array, i.e., 3 rows and 4 columns (Figure 2C). The row spacing d is 13 mm, and the column spacing L is 14 mm. The light sources are placed on the top plane (x=0 mm) and the detectors are placed on the bottom plane (x=44 mm). The type of light source is ‘cone’ with a 120° divergence angle and the diameter of the detector is 1.5 mm. The total number of photons set in the simulation is 2 x 109.



3.2 Phantom Experiment

To further verify the effectiveness of the proposed scheme, a series of phantoms made of POM with the same size as the phantom in MC simulation were used to obtain measured data. The thickness of the reference phantom is 44 mm, as shown in Figure 3A. The task phantom is composed of two POM blocks with a thickness of 22 mm, one of which is completely homogeneous (Figure 3B) and the other has two cylindrical holes (Figure 3C). The size of the phantom is detailed in the previous section.




Figure 3 | Phantom experiment settings. (A) The reference phantom. (B, C) The task phantom. (D) Experimental device.



The two cylindrical holes in the POM phantom were filled with the optical absorption target, as shown in Figure 3C. The target was made of a combination of intralipid (20%) and India ink. The concentration of intralipid (20%) and Indian ink required for the experiment can be determined according to the empirical formula and the absorbance measured by the spectrometer, respectively (36). The optical properties of both targets were μa = 0.03mm-1,   = 1mm-1. 2% agar powder was used to solidify the above mixed solution.

In this experiment, we first placed the phantom in the center of the SD plates and adjusted the distance between the double plates to 44 mm (Figure 3D), and then the data collection had been performed in a dark room. The reference phantom and the task phantom were measured sequentially, and the total scanning time was within 6 minutes.



3.3 Clinical Trials

The subject was a 60-years-old postmenopausal female with a body mass index (BMI) of 23 kg/m2 undergoing endocrine therapy for cancer of the right breast. This retrospective study was approved by the Ethics Committee of Xijing Hospital (Approval No. KY20212008-F-1). The patient was diagnosed by core biopsy revealing invasive micropapillary carcinoma in the right breast. The molecular subtype of the tumor was luminal B (ER-positive and/or PR-positive, HER2-positive or HER2-negative with high Ki-67≥20 and higher grade (II or III)) (37). DOT and PET measurements were performed on the patient before the treatment, and these measurements were made in the Nuclear Medicine Department of Xijing Hospital. The patient was injected with 432.9 MBq 18F-FDG and scanned after 70 min post injection. During the measurement, the subject lay prone on the cushioned bed and placed the breast in the center of the SD plates by adjusting the body position. The source plate and detector plate were controlled to slightly squeeze the breast, and the distance between the two plates was 57 mm. Then the DOT and PET scans were performed simultaneously on the patient’s breast. The whole measurement was carried out in a dark room, and the total acquisition time was less than 15 minutes.




4 Results


4.1 Monte Carlo Simulation Experiment

We first evaluated the difference between the estimated virtual reference measurement data and the reference phantom data in MC simulation using the relative error as Eq. (12):



In this experiment, the average relative error is 4.43%. Then, the DOT reconstruction was carried out. The number of nodes in the reconstructed mesh is 22,134, and the number of the tetrahedral elements is 114,603. The number of iterations is 6, and a fixed λ of 10 is selected for each iteration. Figure 4A illustrates the absorption coefficient image recovered using reference phantom measurement. The maximum reconstructed absorption coefficient of the two targets are 0.005764 mm-1 and 0.005760 mm-1 respectively, and the contrast ratio of the two targets is 1.0007:1. Figure 4B shows the absorption coefficient image recovered using the data self-calibration method. The reconstructed values of the two targets are 0.006159 mm-1 and 0.006347 mm-1 respectively, and the reconstructed contrast ratio of the two targets is 0.9704:1. The intensity profiles of the reconstructed absorption images (Figures 4A, B) recovered using the two methods are shown in Figure 4C. Table 1 displays the full width at half maxima (FWHM) of the intensity profile of each target. All results demonstrate that the data self-calibration scheme has high reconstruction accuracy.




Figure 4 | Reconstruction results of the simulation experiment. (A, B) The x-slice (x=17 mm) images of reconstructed absorption coefficient distribution using reference measurement and data self-calibration method, respectively. (C) The corresponding absorption profiles through the center of two inclusions along the y-axis (z=42 mm).




Table 1 | The FWHM of the reconstructed absorption intensity profile of each target in MC simulation.





4.2 Phantom Experiment

In phantom experiment, the average relative errors of the data measured directly from the reference phantom and estimated by the proposed data self-calibration method are 12.03%, 7.66%, and 6.11% at 660 nm, 750 nm, and 840 nm, respectively. In DOT reconstruction, the FEM mesh contains 76,504 linear tetrahedral elements that are joined at 15,258 nodes. Figures 5A, B show the reconstructed absorption images with different wavelengths using the conventional and the proposed method, respectively. The results indicate that the distribution of absorption coefficients recovered by the self-calibration method is similar to the reconstruction result using the reference phantom, and the two methods have similar reconstruction resolution (Figure 5C).




Figure 5 | Reconstruction results of the phantom experiment. (A, B) The x-slice (x=15 mm) images of reconstructed absorption coefficients with different wavelengths using reference measurement and data self-calibration method, respectively. (C) The corresponding absorption profiles through the center of two targets along the y-axis (z=42 mm).



Table 2 shows the reconstructed absorption contrast between two targets in the phantom experiment. The maximum reconstructed absorption coefficients of target 1 at different wavelengths recovered using reference measurement are 0.01246, 0.01204, and 0.01200 (unit: mm-1), at 660 nm, 750 nm, and 840 nm, respectively. The maximum reconstructed absorption coefficients of target 2 at different wavelengths are 0.01229, 0.01190, and 0.01190 (unit: mm-1), respectively. For comparison, the maximum reconstructed absorption coefficients of target 1 using the data self-calibration method are 0.01279, 0.01239, and 0.01237 (unit: mm-1), at 660 nm, 750 nm, and 840 nm, respectively, and the reconstructed values of target 2 at different wavelengths are 0.01345, 0.01242, and 0.01242 (unit: mm-1), respectively. The contrast of the quantitative reconstructions (target 1: target 2) obtained by the two methods shows consistency. All results of the phantom experiment further verify the feasibility of the data self-calibration scheme.


Table 2 | The contrast of the quantitative reconstructions (target 1: target 2) in phantom experiments.





4.3 Clinical Trials

PET image is used as cross validation for evaluating the DOT reconstruction. PET and DOT measurements are performed in the same body position, and it is easy to extract the contour of breast tissue from the reconstructed PET image. Therefore, we can generate the FEM mesh of the breast employing the obtained contour and the set SD distance. According to the reconstructed PET image (Figure 6A), the tumor is located in the center of the right breast with maximum standard uptake value (SUV) of 5.15. For DOT measurement, the background optical parameters at 750 nm and 840 nm were set as (μa = 0.005 mm-1,   = 1.09 mm-1) and (μa = 0.0055 mm-1,   = 1.03 mm-1), respectively. The FEM mesh contains 60,196 linear tetrahedral elements that are joined at 12,360 nodes. Figures 6B–E illustrate the concentration images of deoxyhemoglobin (Hb), oxyhemoglobin (HbO2), total hemoglobin (HbT), and oxygen saturation (StO2). The averaged tumor to background (T/B) contrast is calculated to be 3.09× for Hb, 2.13× for HbO2, 2.46× for HbT, and 0.87× for StO2. David et al. have found that increases in HbT and   contrast showed correspondence with similar high-FDG regions in the PET images, which demonstrates that DOT is indeed sensitive to the local metabolism and may provide information complementary to PET (38). It can also be seen from the results that the high-FDG region in the PET result corresponds to low blood oxygen saturation and high hemoglobin concentration in the DOT result, which is consistent with the literature reports.




Figure 6 | Reconstruction results of the patient’s right breast in y-z plane at x=28 mm before the treatment. (A) SUV distribution reconstructed from PET. (B) Reconstructed concentration distribution of deoxyhemoglobin (Hb). (C) Reconstructed concentration distribution of oxyhemoglobin (HbO2). (D) Reconstructed concentration distribution of total hemoglobin (HbT). (E) Reconstructed oxygen saturation distribution (StO2).






5 Discussion

We have introduced a data self-calibration method for high-density parallel plate DOT. Since the calibration is performed directly from the measured data without using the reference phantom, the measurement complexity is effectively reduced. The system contains a total of 56×56 = 3136 available SD pairs. Figure 7A illustrates the number of available SD pairs corresponding to each SD distance when double plate spacing is 44 mm. In the simulation experiment, we used 12×12 = 144 SD pairs for DOT measurement, and Figure 7B shows the distribution of different SD distances corresponding to these 144 SD pairs.




Figure 7 | Amount of available SD pairs corresponding to different SD distances. (A) Distribution of 3136 SD pairs available to the DOT system. (B) Distribution of 144 SD pairs in simulation experiment.



When all 3136 SD pairs are used, the HD-DOT system has nearly a hundred sets of measurements at each SD distance (Figure 7A). This provides support for the estimation of the ‘virtual reference measurement’ for each SD distance. Even if only a small number of SD pairs are employed in the simulation experiment, there are more than five measured values from different SD pairs with the same SD distance (Figure 7B). The experimental results have verified the effectiveness of the proposed data self-calibration method. In this section, we conduct a series of experimental analyses to test the robustness of the proposed method. First, we analyze whether the targets at different positions will affect the accuracy of the estimated virtual reference data. The size of the two cylindrical targets remains unchanged, with a diameter of 15 mm and a height of 10 mm. Figures 8A–D show four different positions. Figure 9A exhibits the relative error between the virtual and the real reference phantom data. The average relative errors under the four positions range from 3.50% to 4.74%. The results demonstrate that the position of the targets has little effect on the proposed method.




Figure 8 | Simulation settings where two targets are placed in different positions. The * represents the setting of the above MC simulation experiment in section 4.1. (A) Position*. (B) Position1. (C) Position2. (D) Position3.






Figure 9 | Relative errors under different simulation settings. The * represents the setting of the above MC simulation experiment in section 4.1. (A) Relative errors of different positions. (B) Relative errors of different sizes. (C) Relative errors of different absorption coefficients.



Then, we analyze the influence of the targets of different sizes on the proposed method. The height of the two cylindrical targets is 10 mm, and the center coordinates are (17,45,42) and (17,85,42) (unit: mm), respectively. As shown in Figures 10A–C, we set three different target sizes.




Figure 10 | Simulation settings with different target sizes. The * represents the setting of the above MC simulation experiment in section 4.1. (A) Size* (R=7.5 mm). (B) Size1 (R=5 mm). (C) Size2 (R=10 mm).



Figure 9B shows the relative errors for three different target size settings in Figure 10, and the average errors are 4.43%, 4.16%, 3.32%, respectively. The result indicates that the size of the targets has little effect on the accuracy of the proposed strategy. In addition, we have analyzed the impact of target absorption on the method. The radius of the two cylindrical targets is 7.5 mm, and the height is 10 mm. The center coordinates are (17, 45, 42) and (17, 85, 42) (Unit: mm), respectively. We set the absorption coefficients of the two targets to be 2-4 times that of the background (μa = 0.004mm-1), and the relative errors in all cases are shown in Figure 9C. In summary, the generalization of the data self-correction method is verified.

In the phantom experiment, we found artifacts in the reconstructed image recovered by the data self-calibration method. This may be due to the effect of the selection of SD measurement pairs on the accuracy of the ‘virtual reference measurement’ data estimation. When DOT measurement is performed on a homogeneous object, even at the same SD distance, the light intensity obtained by the SD pair near the object boundary and the SD pair in the central region of the object is different. Therefore, in practical applications, using the measured data of all SD pairs at the same SD distance for the estimation of ‘virtual reference measurements’ tends to hinder the performance of the proposed method. To verify that the use of SD pairs located in the boundary region may introduce artifacts in the recovered images, reconstructions were performed using three different numbers of SD pairs. As shown in Figures 11A–C, the artifacts in the image are significantly reduced as the SD pairs at the boundary are removed.




Figure 11 | Experimental results of artifact analysis. The * represents the setting of the above phantom experiment in section 5.2. (A) The arrangement of 18×18 SD pairs and the reconstructed x-slice (x=15 mm) images of three wavelength (SD-1). (B) The arrangement of 15×15 SD pairs and the reconstructed x-slice (x=15 mm) images of three wavelength (SD-2). (C) The arrangement of 11×11 SD pairs and the reconstructed x-slice (x=15 mm) images of three wavelength (SD-*).



For imaging objects of different sizes, the proper selection of the SD measurement pairs from non-boundary region is also crucial for the proposed data self-calibration method. We utilize the simulation experiments to analyze the determination of non-boundary regions, and the settings of the homogeneous phantom are the same as those in Section 4.1. Based on the arrangement of the sources and detectors of our DOT imaging system, we adopted four different SD pairs selection strategies and obtained ‘virtual reference measurement’ data using the data self-calibration method. Figure 12A shows all the light sources and detectors covered by the simulation phantom. Figures 12B, C show the measurement layout after removing the outermost circle of light sources/detectors in turn. Figure 12D is the arrangement of SD pairs used in this paper. For diffuse optical measurements of large-size homogeneous turbid media, we use the coefficient of variation to assess the differences among measured data of different SD pairs with the same SD distance. With the elimination of SD pairs at the boundary, the differences in the measured data of different SD pairs under the same SD distance are significantly reduced (Figure 12E). The coefficient of variation can be utilized to separate non-boundary regions and boundary regions, and the threshold of the coefficient of variation needs to be determined. The results in Section 5.1 show that the reconstruction quality of the 12×12 SD pairs used in this paper is equivalent to the reference measurement calibration method. In this work, we set the division threshold to 0.3 based on the SD arrangement of the imaging system, MC simulations, and phantom experiments.




Figure 12 | Non-boundary region analysis experiment results. Different SD pairs selected for reconstruction: (A) SD-1, (B) SD-2, (C) SD-3, (D) SD-*. (E) The coefficient of variation of measured data of different SD pairs with the same SD distance under the four settings.



In clinical trials, we have compared the reconstructed results of PET and DOT. The PET image and the DOT image reflect FDG metabolic information and concentration of hemoglobin/blood oxygen information, respectively. The reconstructed images in Figures 6A-E showed correspondence. In future work, we will evaluate the sensitivity and quantification of DOT and PET images in tumor diagnosis and treatment evaluation. Besides, it should be note that the method proposed in this paper is not suitable for DOT systems with a small number of different SD pairs at the same SD distance and situations where the distribution of absorption heterogeneous region is complex (e.g., small animals). It is more suitable for cases where the size of absorption homogeneous region is larger than the absorption heterogeneous region, such as the breast tissue.



6 Conclusion

In this paper, we propose a data self-calibration method for DOT reconstruction. Relying on the geometric symmetry of the high-density parallel plate DOT system, the reference predicted data can be estimated directly from the task measured data. The performance of the method has been validated by a series of experiments, and the results indicated that the data self-calibration method can provide a reliable and simple solution for relative measurements in breast DOT reconstruction.
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X-ray luminescence computed tomography (XLCT) is an emerging hybrid imaging modality in optical molecular imaging, which has attracted more attention and has been widely studied. In XLCT, the accuracy and operational efficiency of an optical transmission model play a decisive role in the rapid and accurate reconstruction of light sources. For simulation of optical transmission characteristics in XLCT, considering the limitations of the diffusion equation (DE) and the time and memory costs of simplified spherical harmonic approximation equation (SPN), a hybrid light transport model needs to be built. DE and SPN models are first-order and higher-order approximations of RTE, respectively. Due to the discontinuity of the regions using the DE and SPN models and the inconsistencies of the system matrix dimensions constructed by the two models in the solving process, the system matrix construction of a hybrid light transmission model is a problem to be solved. We provided a new finite element mesh regrouping strategy-based hybrid light transport model for XLCT. Firstly, based on the finite element mesh regrouping strategy, two separate meshes can be obtained. Thus, for DE and SPN models, the system matrixes and source weight matrixes can be calculated separately in two respective mesh systems. Meanwhile, some parallel computation strategy can be combined with finite element mesh regrouping strategy to further save the system matrix calculation time. Then, the two system matrixes with different dimensions were coupled though repeated nodes were processed according to the hybrid boundary conditions, the two meshes were combined into a regrouping mesh, and the hybrid optical transmission model was established. In addition, the proposed method can reduce the computational memory consumption than the previously proposed hybrid light transport model achieving good balance between computational accuracy and efficiency. The forward numerical simulation results showed that the proposed method had better transmission accuracy and achieved a balance between efficiency and accuracy. The reverse simulation results showed that the proposed method had superior location accuracy, morphological recovery capability, and image contrast capability in source reconstruction. In-vivo experiments verified the practicability and effectiveness of the proposed method.




Keywords: X-ray luminescence computed tomography, mesh regrouping, hybrid light transport model, Eu3+-based nanophosphors, inverse reconstruction



1 Introduction

X-ray luminescence computed tomography (XLCT) is an emerging hybrid imaging modality in optical molecular imaging (1–4). Compared with other optical molecular imaging modalities, e.g., fluorescence molecular tomography (FMT) (5) and bioluminescence tomography (BLT) (6), XLCT combines optical imaging with CT imaging and realizes molecular imaging and functional imaging simultaneously. In the imaging system, high-energy X-ray excites nanophosphors in vivo, and optical photons are emitted and captured by a highly sensitive charge-coupled device (CCD) camera (7–9). Based on the properties of X-rays, XLCT has the advantages of weak autofluorescence and high spatial resolution, which has attracted more attention and has been widely studied (10–14).

In related studies on XLCT at present, nanophosphors inside an imaging object, irradiated by X-rays, emit visible or near-infrared (NIR) light that can be detected by an optical detector (15). According to literature research results, Eu3+-based [Eu2O3 (13), Y2O3:Eu3+ (16), GOS:Eu3+ (17)] and Tb3+-based [Gd2O2S:Tb3+ (18)] nanometer materials are often used as X-ray excitable nanophosphors. Yang et al. studied that Eu3+ has several weak emission peaks at 533, 580, 586, 592, 599, 650, and 706 nm, and 610 nm is the highest emission peak under ultraviolet excitation (259 nm), which shows a strong red emission (19). Chen et al. verified that the emission peaks in the emission luminescence spectrum of Gd2O2S:Tb3+ locate at wavelengths of 545, 585, and 620 nm, and the highest peaks locate at wavelengths of 545 nm (20). It is consistent with the conclusion on the luminescence properties of Tb3+ doping and it corresponds to green emission (21). Due to reduced tissue-scattering effect resulting from longer wavelength, Eu3+-based nanometer material is more commonly used as X-ray excitable nanophosphors. Based on this, the study of the light transport model should focus on the luminescence characteristics of Eu3+. In XLCT, diffusion equation (DE) is most commonly used to model the photon migration in biological tissues in the studies reported so far, and in all these studies, Eu3+ is chosen as the luminescent particle (16, 22–24). In addition, in the research conclusions of Zhang et al., SP3 simulation is more suitable for Eu3+ luminescence (25).

Generally, in the study of FMT and BLT, the radiative transfer equation (RTE) has been successfully used as an accurate model for light propagation in a medium. However, in practical application, implementation of RTE is extremely complicated for complex biological tissues and consumes extensive computational time (26). Several approximation models of RTE have been studied to model the light transport in a turbid medium, such as DE, the simplified spherical harmonic approximation equation (SPN), the discrete ordinates equation (SN), the spherical harmonics equation (PN), and the phase approximation (PA) (27). However, although DE has a high computational efficiency, it only applies to biological tissues with high scattering properties (27). For Eu3+ luminescence performance, the red light emitted by Eu3+ at 610 nm passes through different organs in the non-homogeneous biological tissue, showing high scattering and non-highly scattering properties in different organs. Singly using the DE model may affect the accuracy of light propagation in non-highly scattering tissues. The higher ordered optical transmission models are shown to have improved accuracy than DE, although SPN approximation leads to a lower computational load than either SN or PN approximations, and the number of unknowns to be solved is still several times than DE (28). The higher ordered approximation is used throughout the entire domain, leading to an increase in the number of variables at each node of the FEM mesh and bringing a higher computational load. The ideal light propagation model should be established according to the performance of the actual emitted light.

In order to solve the limitations of single optical transmission models, some hybrid optical transmission models were proposed to strive for the balance between efficiency and precision. To solve the special problems of non-scattering regions, such as clear cerebrospinal fluid, stomach, and bladder, hybrid models based on radiance were proposed (29–31). The hybrid radiosity–diffusion method used the diffusion theory to analyze the scattering regions and was combined with a radiosity approach to analyze the propagation through the clear region. The hybrid SPN–radiosity method combined SP3 with the radiosity equation, which provided acceptable accuracy in the turbid medium with both low-scattering and non-scattering regions. Furthermore, to solve the problem of light transmission in non-highly scattering regions and area close to the source, several hybrid models based on DE have been studied. The hybrid Monte Carlo–diffusion method was adopted to calculate the head models, including the low-scattering region in which the light propagation obeys neither diffusion approximation nor radiosity theory. In this method, the high-scattering and low-scattering regions were modeled by diffusion approximation and the Monte Carlo method, respectively (30). The hybrid radiative transfer equation–diffusion approximation method was studied to solve the inefficiency of the DE model applied in the proximity of the collimated light sources. In detail, the light propagation in the vicinity of the laser sources was modeled by radiative-transfer equation, diffusion approximation was used elsewhere in the domain, and the accuracy of the forward model was improved compared with the conventional diffusion model (31, 32). The hybrid diffusion equation–SPN method considered the applicability of SPN and DE models in different biological tissues, and DE was employed to describe light propagation in high-scattering tissues, while SPN was used in other tissues. This method achieved a comparable accuracy and much less computation time compared with the SPN model and a much better accuracy compared with DE as well (33, 34). The studies of hybrid models offer ideas to the optical transmission model in our study.

To balance computational accuracy and efficiency of optical transmission in XLCT, we provide a new finite element mesh regrouping strategy-based hybrid light transport model (MRHM) in this paper. In this method, according to the optical properties of biological tissues, each organ of the organism is judged to apply to DE approximation or SP3 approximation based on the value of absorption and reduced scattering coefficients. According to their applicable model, organs are divided into two different regions: the nodes and tetrahedrons are rearranged according to the regions they locate at, so two independent grids are formed. DE and SP3 are used for modeling in the two grids, respectively. The two regions have corresponding correlation system matrixes, the two meshes are merged into a regrouping mesh by coupling two system matrixes, and a hybrid optical transmission model is established. In numerical simulations and mouse-based experiments, the accuracy and efficiency of our proposed method will be evaluated.



2 Materials

As X-ray excitable nanophosphors, europium oxide (Eu2O3, EO) (Shanghai Aladdin Biochemical Technology Co., Ltd., China, CAS No. 1308-96-9) was used in our research, and the structure and characterization of EO nanoparticles are shown in Figure 1. The crystal structure of EO was examined by using X-ray diffraction, and the structure of cubic phase europium oxide is presented in Figure 1A. The microstructures of EO were explored via field emission scanning electron microscopy. The result shows that EO nanoparticles are with peanut-like morphology (Figure 1B). The luminescence properties of Eu3+-based nanometer materials are based on the mechanism of emission of Eu3+. When EO is excited by fluorescence or X-ray, it should exhibit similar luminous properties. In order to get emission wavelengths of EO in our experiments, photoluminescence (PL) properties were assayed on a luminescence spectrometer (HORIBA, Model FluoroMax-4p, USA) with a xenon discharge lamp at room temperature. We measured to figure out the emission wavelengths of EO as shown in Figure 1D, the highest luminescence peak locates at 610 nm and the second high luminescence peak locates at 630 nm, and the corresponding suitable excitation spectra of 393 nm are shown in Figure 1C. This conclusion is similar with the study of Hu et al. which investigated fluorescence characterization of EO (35). The Commission international de l’Eclairage (CIE) coordinates served as a tool to figure out the optical mechanism of the human eye exposed to a specified spectrum (21). The calculated chromatic coordinates of EO powders are (0.6490, 0.3506), as shown in Figure 1E. From the CIE chromaticity diagram, the luminescence area of EO is located at the red region apparently.




Figure 1 | EO nanoparticle morphology and characterization. (A) XRD patterns of EO. (B) SEM visualization. (C) The optical excitation spectrum with 610 nm exhibits the characteristic absorption peaks at 292, 321, 362, 380, 393, 464, and 533 nm. (D) The emission spectra of EO excited by 393 nm. (E) CIE chromaticity diagram of EO.



EO phosphor is suitable to be a luminescent substance in living organisms for XLCT contributes from their good penetration performance of the emission light, and 610 and 630 nm are chosen as the emission wavelengths of the simulation experiments because of the desirable amount of emission intensity under the two wavelengths.



3 Methods


3.1 Mathematical Model of X-Ray Transmission in Biological Tissues

In the XLCT imaging system, photons are produced due to stimulated radiation that can be described as follows (13):



where S(r) is the light source, ϵ is the luminescence yield of the nanophosphor target, X(r) is the X-ray intensity at position r, and ρ(r) is the nanophosphor density at position r.

According to Lambert–Beers’ law, the energy distribution of X-ray transmitted in biological tissues can be expressed as (13):



where μt(τ) is the X-ray attenuation coefficient at positon τ which can be obtained via the CT technique.



3.2 Mathematical Model of Light Transmission in Biological Tissues

In a hybrid model, according to the optical parameter, the non-homogeneous solution domain is divided into the DE model applicable region (Region1) and the SP3 model applicable region (Region2).

The three-dimensional solution domain can be discretized into a tetrahedron mesh. For convenient representation, we first explain in 2D form,  the 2D circular solution domain (Figure 2A) was discretized into a triangular mesh (Figure 2B). The grid information is represented as:






Figure 2 | The mesh regrouping process in simplified 2D formation.



Where Ni = (xi,yi), (xi,yi) is the coordinate of the ith node and n is the number of nodes. Tj = (aj,bj,cj) stores the information about triangles, whose number is t, and (aj,bj,cj) are the ordinal number of the three vertices of the jth triangle. The connection between the triangle units and the nodes is established, and nodes are arranged according to their spatial location in this discrete mesh.

After region division, Region1 adopts the DE approximate modeling to get the matrix equation (36):



Where





Ω is the region of interest, Φ is the light density, S is the power density of the light source, D(r) = 1/(3(μa + (1 − g)μs)) is the optical diffusion coefficient, μa is the absorption coefficient, μs is the scattering coefficient, g is the anisotropy parameter, and An is the refractive mismatch factor at the boundary ∂Ω.

Region2 uses SP3 approximate modeling to get the matrix form:



where the corresponding components in the block matrixes denote (31):





ξs,t(s, t = 1,2) are the boundary coefficients and are calculated based on (37).

Equations (5) and (6) are for the nodes that belong to Region1 and Equations (8) and (9) are for the nodes that belong to Region2. System matrix M2 consists of four components, whose dimension is different from M1. These matrixes corresponding to Region1 and Region2 should be built separately, so discrete nodes and tetrahedrons should be classified according to their regions to support the calculation of the corresponding model. In Mesh1′ and Mesh2′ (Figure 2C), the classification of nodes and tetrahedrons destroys their original structure based on spatial position, because the region division principle is based on the optical properties of the regions rather than the spatial position.

To ensure the continuity of nodes and tetrahedrons in each region, the nodes are reordered according to their respective regions in Figure 2D, and the information of new meshes is represented as:



The nodes in both meshes are sorted by their current positions, and the triangles are formed by regarding existing nodes as vertices. Comparing the spatial positions of the nodes in the two meshes, these nodes sharing the same spatial location (black number nodes in Figure 2D) satisfy:



In order to handle this hybrid problem, Mesh1 and Mesh2 are combined into a whole regrouping mesh as shown in Figure 2E, and the regrouped mesh information is represented as:



where n1 and n2 are the number of nodes in Mesh1 and Mesh2.

In the process of dividing and regrouping mesh, the boundary elements extracting only consider the initial outer boundary of the solution domain, and the boundary nodes are also reordered in the regrouping mesh.

The two meshes meet at a boundary   and the luminous flux at the boundary must remain continuous. It should be guaranteed that the boundary nodes meet the following condition:



In the process of solving the hybrid model, the system matrix, source weight matrix, and power density of light source obtained by DE and SP3 models need to be united.

Equation (4) can be transformed as



and Equation (7) can be transformed as



The merging operation of the corresponding matrixes is shown in Figure 3, and the joining process of system matrix M is relatively complex.




Figure 3 | Hybrid transport model construction.



The nodes on the boundary  locate at the same point in space, and duplicates are generated during the formation of the hybrid system matrix. The duplicate terms of the system matrix M' from the M1 and M2 parts are shown in Figure 3, and one row of the M1 part (fork-marked elements) corresponds to two rows of the M2 part (circle- and point-marked elements). In order to avoid the repeated contributions of boundary nodes, these nodes need to be coupled (28).

According to the boundary conditions, Equation (13), and DE and SP3 model theories, φ, φ1, and φ2, which are components of surface light fluence, meet the following requirements (28):



The corresponding elements of the system matrix M' must change accordingly, and it has the form shown in Figure 3, which marks each row with its corresponding node number. For example, the entries for node 3 and node 5 locate at the same point in space, so the fields should be coupled. The matrix entries indicating node 5 are moved to row 3 of the system matrix and then each row indicating node 5 is set as zero. The diagonal elements indicating node 5 are then set as 1 to reestablish its relationship with itself. The relationship with the other field fluence is then established by Equation (16) (28). Through the process above, the corresponding items in the hybrid system matrix M' are operated, which could be represented by the block matrix M11, M12, M21, and M22, and the coupled hybrid system matrix M is obtained after repeated term coupling.

In the whole regrouping mesh, the relationship between the photon flux density on the surface and the power density of the light source is established:



It can be transformed as:



with B = M-1F. The rows of matrix B that correspond to the row number of unmeasurable photon fluence rate Φμ are eliminated, which can be represented as a set of linear equations of the form:



where A is a sensitivity matrix at a given wavelength λ, and Φm is the measurable photon fluence rate (on the surface) at the same wavelength. As the imaging problem is known to be non-unique, it has been shown that measuring at multiple wavelengths can help overcome this issue caused by the unique spectrally varying attenuation of biological tissue (38). Assuming there are two wavelengths λ in Eq. (19), Eq. (20) is deduced:



The output-least-squares formulation containing a regularization term is used, and the solution can be determined by minimizing the following energy function:



τ > 0 is a regularization parameter, and the incomplete variables truncated conjugate gradient algorithms (6) is used to solve this problem.




4 Experimental Design

In this section, numerical simulations and in-vivo experiments were designed to evaluate the performance of the finite element mesh regrouping strategy-based hybrid light transport model in XLCT. All programs were run on a computer with an Intel(R)Core(TM)i7 – 6700CPU (3.40 GHz) and 16 – GB RAM.


4.1 Numerical Simulation Setup

The commonly used digital mouse model was employed to forward simulation and reconstruction for XLCT, and only the torso section of the mouse with a height of 35 mm was selected as the region to be investigated, including adipose, heart, liver, lungs, stomach, and kidneys (Figure 4A). At the wavelength of 610 and 630 nm, the absorption coefficient μa, the scattering coefficient μs, and the anisotropy coefficient g of these tissues are listed in Table 1. The optical properties were calculated using the formula summarized in (39). According to the optical parameters in Table 1 and the conclusions of (40), at the wavelength of 610 nm, the heart, liver, and lungs are suitable to adopt the SP3 approximate modeling, while in adipose, stomach, and kidneys, a similar performance can be achieved whether the SP3 or DE approximate model is adopted. Thus, adipose, stomach, and kidneys adopted the DE model for lower computational complexity. At 630 nm wavelength, the same classification was obtained. Therefore, adipose, stomach, and kidneys belonged to Region1, while heart, liver, and lungs belonged to Region2 in the experiments of this paper. The mouse model was discretized by the finite element method, and the new regrouped mesh was formed according to the division of the two regions (Figure 4B). A spherical source with 1 mm radius was placed in the liver and its center locates at (19 mm; 8 mm; 14.5 mm) as shown in Figure 4C. The forward mouse model was discretized into 117,260 tetrahedral elements and 22,155 nodes, while the inverse mouse model was discretized into 55,215 tetrahedral elements and 10,801 nodes.




Figure 4 | The digital mouse used in the simulation experiment. (A) The mouse model with six organs. (B) Display of mesh regrouping in a mouse model. (C) Model of source in the liver.




Table 1 | Optical parameters of the mouse tissues for 610 and 630 nm.





4.2 In-Vivo Experiment Setup

The application potential of the proposed MRHM-based method was then demonstrated by a living mouse-based in-vivo experiment.

The XLCT/micro-CT dual-mode system developed by our laboratory was used to collect data. The XLCT system consists of a micro-focus cone beam X-ray source (L9181-02, Japan); a highly sensitive electron-multiplying charge coupled device (EMCCD) camera (iXon Ultra, Andor, Northern Ireland), which is coupled with a 24 mm f/1.4L lens (Canon, Japan) for optical imaging; and an X-ray flat-panel detector (C7942CA-22, Japan) for high-resolution CT imaging.

All animal experiments were conducted under the approval of the Animal Ethics Committee of the Northwest University of China. A female BALB/c nude mouse (6–8 weeks old) was used to establish a source-implanted mouse model. After the mouse was anesthetized with pentobarbital (50 mg/kg, 0.1 ml, IP injection), a transversal incision was made in the abdomen. Then, the liver lobe was gently lifted, and a plastic tube with a diameter of 1 mm and a height of 5 mm filled with about 20 μl nanomaterial luminescent material EO of concentrations 200 mg/ml was implanted in the abdomen of the nude mouse. About 3 min later, the mouse was used for luminescence imaging.

In the luminescence image acquisition process, single projection data were obtained with a 120 field of view (FOV). The EMCCD camera coupled with 10 nm FWHM bandpass filters centered at 610 nm (Thorlabs FB610-10) was adopted to acquire the optical images. The exposure times, the EM gain, and image binning were set to 60 s, 1, and 1 × 1. After obtaining the optical measurement data, the mouse was kept motionless and scanned by micro-CT. In the X-ray scanning progress, the voltage and power were set to 90 kV and 27 W, respectively. A total of 600 X-ray projections were obtained with an interval of 0.6 degree and each projection integrating time of 0.5 s. The CT data of the mouse were reconstructed using the GPU-accelerated Feldkamp–Davis–Kress (FDK) algorithm.



4.3 Quantitative Evaluation

In order to validate the advantages of MRHM, in forward simulation, the surface light flux calculated by the Monte Carlo method (MC) was taken as the standard for comparison, and DE, SP3, and the hybrid diffusion equation–SPN method (HDSM) which was presented in (33) served as the optical transmission models for comparative experiments.

Average relative error (ARE) is described as a quantitative evaluation index in forward simulation (33, 40), which is the average relative error of the calculated results of the DE, SP3, HDSM, or MRHM and the simulated one of MC on the surface detection points. Its calculation method follows:



where Simulationi is the surface energy value obtained by MATLAB simulation and MCi is the surface energy value obtained by MC, and N is the total number of sample points. The smaller the ARE values, the better the performance of the calculated method.

The t1 and t2 (in units of seconds) record the construction time of the system matrix and the time of inverse operation in forward simulation, respectively.

To verify the feasibility and applicability of MRHM in source reconstruction, several common indicators were used: location error (LE), Dice, and CNR were used to evaluate the target location, shape recovery, and image contrast of the adopted methods, respectively. These indicators can be calculated as follows:



where (x, y, z) and (x0,y0,z0) are the coordinates of reconstruction energy weighted center point and the real source center, respectively.



where X and Y denote the regions of the reconstructed and actual sources, respectively.



where the subscripts ROI and BCK denote the target and background regions of the imaged object: the ROI corresponds to the nodes within the reconstructed light source, and BCK corresponds to the remaining nodes; μ, w, and σ represent the average intensity value, weighting factor, and variance, respectively.

In the process of source reconstruction, the construction time of sensitivity matrix A is represented by T (in units of seconds).




5 Results


5.1 Numerical Simulations


5.1.1 Forward Simulation

Optical transmission models including DE, SP3, HDSM, and MRHM were used for forward simulation; in the hybrid optical transmission model HDSM and MRHM, the same tissue classification was performed according to the experimental setup.

Figure 5A shows the surface luminescence flux illustration of the digital mouse model at 610 nm. Figures 5B–F show the X–Z plane projections of the surface light flux calculated by MC, DE, SP3, HDSM, and MRHM under 610 nm emission wavelength, respectively. For a better comparison, all of the results were exhibited in the same range of surface energy value. Compared with the result of MC in Figure 5B, the light distribution in Figure 5C is significantly different, and the light distribution in Figures 5D–F is all similar to Figure 5B.




Figure 5 | Results of forward simulation at 610 nm. (A) The surface luminescence flux illustration of the digital mouse model. (B–F) The surface luminescence fluxes projected onto the X–Z plane simulated by the MC, DE, SP3, HDSM, and MRHM, respectively. (G) Accumulative error for each model. (H) The descending order of surface light flux of each model.



Furthermore, to reflect the experimental results accurately and intuitively, 1,000 highest-energy-value surface nodes were selected from the surface light flux distribution calculated by MC, and the values of surface energy at these nodes acquired by MC, DE, SP3, HDSM, and MRHM were used for calculation and comparison. Firstly, the ARE of each model was calculated and shown in Table 2, and MRHM has the minimum ARE. Then, the surface light flux distributions obtained by each model were subtracted with the result of MC at the corresponding node; The accumulative errors with the increasement of nodes number are shown in Figure 5G. The accumulative error is consistent with the ARE, and the error of MRHM is the minimum. The accumulative error curves of SP3 and HDSM models are very close with a minor difference, which is consistent with the ARE in Table 2. In addition, to further verify the energy distribution differences of each model, Figure 5H shows the surface light flux of each model in descending order, which embodies that SP3 and HDSM models are also close, and the curves of MRHM and MC are relatively close.


Table 2 | Quantitative results in forward simulations.



The time-consuming comparison results of this set of experiments are shown in Table 2. Since the system matrix dimensions of SP3 and HDSM are twice that of DE, they take longer computation time. MRHM was used to reduce the system matrix dimension, which saved 83.4% of the system matrix construction time (t1) compared with SP3 and reduced 86.9% of the inverse calculation time (t2) compared with HDSM.

To verify the applicability of the proposed model, another emission wavelength of EO, 630 nm, was used in the experiment. Similar to the experimental setup at 610 nm, Figure 6A shows the surface luminescence flux illustration of the digital mouse model at 630 nm, and the X–Z plane projections of the surface light flux calculated by MC, DE, SP3, HDSM, and MRHM are shown in Figures 6B–F, and the light distributions in Figures 6C–F are similar to Figure 6B, which is the light distribution of MC. The ARE in Table 2 indicates that the error of MRHM is less than that of the other models, and the accumulative errors (Figure 6G) come to the same conclusion. The descending order of the surface light flux of each model is shown in Figure 6H, and the characteristics of each curve are relatively similar and are all close to that of MC, which indicates that all these models have high veracity. The results of ARE and accumulative error show that MRHM has the highest accuracy among the four models.




Figure 6 | Results of forward simulation at 630 nm. (A) The surface luminescence flux illustration of the digital mouse model. (B–F) The surface luminescence fluxes projected onto the X–Z plane simulated by the MC, DE, SP3, HDSM, and MRHM, respectively. (G) Accumulative error for each model. (H) The descending order of surface light flux of each model.



Simultaneously, MRHM has more advantages in time cost (Table 2) in this set of experiments, which saved 84.4% of the system matrix construction time (t1) compared with SP3 and reduced 84.9% of the inverse calculation time (t2) compared with HDSM.

According to optical parameters corresponding to 610 nm wavelength, the liver is a low-scattering high-absorption organ, and the DE model in this case is not a proper choice, which leads to the largest simulation error compared with the other models. Thus, in Figure 5, the surface light distributions of the DE model are obviously different from that of MC with the largest accumulative error, while the absorption coefficient of the liver is reduced in half at 630 nm than at 610 nm. In this case, the performance of the DE model has a great improvement. Thus, the surface light distributions of the DE model are similar with those of MC, the corresponding accumulative error of DE is relatively reduced and slightly larger than that of other models.



5.1.2 Inverse Simulation

To verify the feasibility and applicability of the proposed method in the reconstruction of light source, inverse simulation was performed. To ensure accuracy and efficiency, these surface measurements for reconstruction were calculated using MC, and the light transport model of reverse transmission adopted DE, SP3, HDSM, and MRHM, respectively. The emission wavelengths and the division of tissue regions correspond to their respective forward simulation.

Firstly, the reconstruction results obtained using DE, SP3, HDSM, and MRHM corresponding to 610 nm emission wavelength are shown in Figure 7. Figures 7A–D show the 3D views of the reconstructed results and their sectional images (Z = 14.5 mm) of each model-based reconstruction method. The red spherical in the 3D views and the black circle in the sectional images label the actual position of the real sources, while the green irregular shapes are the reconstructed sources. The results show that the reconstructed images using SP3-, HDSM-, and MRHM-based reconstruction methods have almost the same quality and better than the reconstruction quality of the DE-based reconstruction method. In addition, the DE- and SP3-based methods result in an artifact around the source, and HDSM and MRHM can achieve satisfactory results.




Figure 7 | Reconstructed results at 610 nm. (A–D) 3D views of the reconstructed results and the corresponding sectional images obtained by the DE-, SP3-, HDSM-, and MRHM-based methods, respectively.



To quantitatively evaluate these images, we calculated the indicators of LE, Dice, and CNR. Those indicators obtained under each model-based method are shown in Table 3. The SP3-, HDSM-, and MRHM-based methods have similar LE value of about 0.5 mm, which is much smaller than that of the DE-based method (1.013 mm), and the LE of MRHM is the minimum. The Dice draws a similar conclusion; the reconstruction region of SP3-, HDSM-, and MRHM-based methods is more similar to the real source than that of the DE-based method, and the CNR of the MRHM-based method is the largest among the four methods. These results indicate that the MRHM-based method performs better in target location, shape recovery, and image contrast, compared with the other methods in this set of experiments. The construction time T of the sensitivity matrix indicates that MRHM saves 70.5% of the computation time compared with SP3 and reduces 96.4% of that compared with HDSM.


Table 3 | Quantitative results in reconstruction experiments.



At 630 nm emission wavelength, the 3D views of the reconstructed results and their sectional images (Z = 14.5 mm) of each model-based reconstruction method are shown in Figures 8A–D. From the results, the DE-based method results in an artifact around the source, and the reconstructed images using the MRHM-based reconstruction method are the best compared with the other three methods.




Figure 8 | Reconstructed results at 630 nm. (A–D) 3D views of the reconstructed results and the corresponding sectional images obtained by the DE-, SP3-, HDSM-, and MRHM-based methods, respectively.



Combining the quantitative results in Table 3 with the minimum LE and the maximum Dice and CNR indicates that the MRHM-based reconstruction method also performs better in target location, shape recovery, and image contrast, when compared with the other light transport model-based methods corresponding to 630 nm emission wavelength. Simultaneously, MRHM has more advantages in time cost (Table 3) in this set of experiments, which saves 71.1% of the sensitivity matrix construction time compared with SP3 and reduces 96.4% of that compared with HDSM.

To further verify the performance of the MRHM-based method, the multispectral experiment was carried out for the source reconstruction. These surface measurements for reconstruction were calculated using MC at 610 and 630 nm emission wavelengths. The reconstruction results corresponding to the multispectral experiments are shown in Figure 9. Figures 9A–D show the 3D views of the reconstructed results of each model-based reconstruction method and their sectional images (Z = 14.5 mm). From the results, the DE-based method shows a big deviation from the source and results in an artifact around the source, and the 3D reconstructed image and sectional image using the MRHM-based reconstruction method are the best compared with those using the other three methods.




Figure 9 | Reconstructed results at multispectral. (A–D) 3D views of the reconstructed results and corresponding sectional images obtained by the DE-, SP3-, HDSM-, and MRHM-based methods, respectively.



According to the quantitative results in Table 4, LE of the MRHM-based reconstruction method is minimum, whose Dice and CNR are maximum. The MRHM-based reconstruction method also has good performance in multispectral source reconstruction. The time-consuming comparison results of this set of experiments are shown in Table 4. As the dimension of the sensitivity matrix increases in multispectral experiments, the advantage of MRHM in computation time becomes apparent, which saves 2,386.92 s (71.5%) of the sensitivity matrix construction time compared with SP3 and reduces 25,974.16 s (96.5%) of that compared with HDSM.


Table 4 | Quantitative results in multispectral reconstruction experiment.



These inverse simulations draw similar conclusions as the forward simulations. The MRHM-based method has well recovered the position and distribution of the true source and achieves a better balance between accuracy and efficiency than the other model-based methods, and it is indeed an optimal option as a light transport model for XLCT.




5.2 In-Vivo Experiments

The reconstructed results of the in-vivo experiments performed by each model-based reconstruction method are shown in Figure 10. Figures 10A–D represent the DE, SP3, HDSM, and MRHM model-based methods, respectively. The 3D views of the reconstructed results are displayed in the first column, and the real source and reconstructed source positions are represented by red regions and green irregular shapes, respectively. Sagittal, coronal, and transverse planes are determined according to the central position of the true source as shown in the next sequence, and the irregular shape black circle in the sectional images labels the actual position of the real source. The DE-based method leads to a big deviation from the source, and the shape of the reconstructed source is larger, which results in an artifact around the source. The reconstructed images of SP3 and HDSM are similar, which are not as good as the reconstructed result of MRHM. The reconstructed source location of the MRHM-based method is the closest to the real source in sagittal, coronal, and transverse plane images.




Figure 10 | Reconstruction results of in-vivo experiments. (A–D) The 3D view, sagittal view, coronal view, and transverse view of the reconstructed results obtained by the DE-, SP3-, HDSM-, and MRHM-based methods, respectively.



The quantitative analysis of the reconstructed source is recorded in Table 5. The MRHM-based reconstruction method has the minimum LE and the maximum Dice and CNR, and it performs better in target location, shape recovery, and image contrast, compared with DE, SP3, and HDSM. Simultaneously, MRHM has more advantages in time cost, which saves 76.8% of the sensitivity matrix construction time compared with SP3 and reduces 95.4% of that compared with HDSM.


Table 5 | Quantitative results of the in-vivo experiment.






6 Discussion and Conclusions

In this study, a new finite element mesh regrouping strategy-based hybrid light transport model was proposed for XLCT. Based on the luminescence properties of Eu2O3, according to the optical properties of the mouse model tissues at the emission wavelengths of 610 and 630 nm, adipose, stomach, and kidneys are suitable to adopt the DE approximate modeling, while the heart, liver, and lungs are suitable to adopt the SP3 approximate modeling. By dividing tissues into two different regions, adipose, stomach, and kidneys belonged to Region1 and the heart, liver, and lungs belonged to Region2. The mouse model was discretized by the finite element method, and the nodes and tetrahedrons were rearranged according to the regions that they belonged to. Furthermore, two meshes were formed according to the division of the two regions. DE and SP3 approximate modeling were used in the two regions, respectively. The two regions had corresponding correlation system matrixes, the two meshes were combined into a regrouping mesh by coupling these two system matrixes, and a hybrid optical transmission model was established.

Numerical simulations included forward and reverse simulations. In forward simulation corresponding to 610 nm emission wavelength, the results of MRHM were closer to those of MC compared with DE, SP3, and HDSM, and the results of the DE model were obviously different from those of MC. According to the optical parameters corresponding to 610 nm, the liver is a low-scattering high-absorption organ, which is not suitable for the DE approximate model. At 630 nm emission wavelength, the performance of each model was similar, while MRHM was the best at computational accuracy compared with the other models. The inverse simulations drew similar conclusions to the forward simulations. The MRHM-based method performed better in target location, shape recovery, and image contrast, which had well recovered the position and distribution of the true source. The multispectral reconstruction experiment was adopted to alleviate the ill-posedness of source reconstruction caused by the unique spectrally varying attenuation of biological tissue. Thus, the reconstruction results showed that MRHM can work effectively in multispectral source reconstruction.

In-vivo experiments were applied to verify the better performance of the proposed MRHM method compared with the DE, SP3, and HDSM methods. Compared with the simulation experiments, the degeneration on the performance of the in-vivo experiments resulted from several factors, such as measurement noise of the luminescence distribution on the mouse surface, inadequate prior knowledge of the optical properties of the biological tissues, and errors generated in the process of matching 2D optical data to the coordinate system of the 3D volume data. Even though the performance of all algorithms degraded, MRHM was also the best at computational accuracy among the four models.

In terms of time consumption, the system matrix dimension of SP3 is twice that of DE, whose calculation was complicated and the time cost was high. HDSM had the same system matrix dimension as SP3 and complex solution process, leading to still high cost. Furthermore, MRHM was used to reduce the system matrix dimension, which saved 83.4% of the system matrix construction time compared with SP3 and reduced 86.9% of the inverse calculation time compared with HDSM at 610 nm, and MRHM saved 84.4% of the system matrix construction time compared with SP3 and reduced 84.9% of the inverse calculation time compared with HDSM at 630 nm. Simultaneously, in reconstruction experiments at 610 and 630 nm, multispectral reconstruction experiment, and in-vivo experiment, compared with SP3 and HDSM, MRHM significantly saved over 70% and 95% construction time of the sensitivity matrix, respectively. The advantage of the proposed MRHM method will be more significant with the increased size of computation matrix as the meshes become intensive.

Compared with light transmission models proposed in previous studies, MRHM has several distinguished advantages. Firstly, based on the finite element mesh regrouping strategy, two separate meshes can be obtained. Thus, for the DE and SP3 models, the system matrixes and source weight matrixes can be calculated separately into two respective mesh systems. Meanwhile, some parallel computation strategy can be combined with finite element mesh regrouping strategy to further save the system matrix calculation time. Secondly, the proposed method can reduce the computational memory consumption than the previously proposed hybrid light transport model achieving good balance between computational accuracy and efficiency. Lastly, the finite element mesh regrouping strategy is a generic framework, which can be used to construct some more accurate hybrid light transport models, such as DE and SP5, SP3 and SP5.

In conclusion, we proposed a new finite element mesh regrouping strategy-based hybrid light transport model for XLCT. Numerical simulations and mouse-based experiments evaluated the accuracy and efficiency of this method. Compared with DE, SP3, and HDSM, MRHM achieved a balance between computational accuracy and efficiency in optical transmission. It is believed that this novel method will further benefit various preclinical applications of XLCT and facilitate the development of optical molecular tomography in theoretical study.
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Bioluminescence tomography (BLT) is a promising in vivo molecular imaging tool that allows non-invasive monitoring of physiological and pathological processes at the cellular and molecular levels. However, the accuracy of the BLT reconstruction is significantly affected by the forward modeling errors in the simplified photon propagation model, the measurement noise in data acquisition, and the inherent ill-posedness of the inverse problem. In this paper, we present a new multispectral differential strategy (MDS) on the basis of analyzing the errors generated from the simplification from radiative transfer equation (RTE) to diffusion approximation and data acquisition of the imaging system. Through rigorous theoretical analysis, we learn that spectral differential not only can eliminate the errors caused by the approximation of RTE and imaging system measurement noise but also can further increase the constraint condition and decrease the condition number of system matrix for reconstruction compared with traditional multispectral (TM) reconstruction strategy. In forward simulations, energy differences and cosine similarity of the measured surface light energy calculated by Monte Carlo (MC) and diffusion equation (DE) showed that MDS can reduce the systematic errors in the process of light transmission. In addition, in inverse simulations and in vivo experiments, the results demonstrated that MDS was able to alleviate the ill-posedness of the inverse problem of BLT. Thus, the MDS method had superior location accuracy, morphology recovery capability, and image contrast capability in the source reconstruction as compared with the TM method and spectral derivative (SD) method. In vivo experiments verified the practicability and effectiveness of the proposed method.
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1 Introduction

Bioluminescence imaging (BLI), applied in preclinical molecular imaging of small animals, has attracted widespread attention in biological and medical research (1). The non-radiation imaging method has the advantages of fast feedback, high sensitivity, high temporal resolution, and high specificity, which is often used in molecular, cellular, and gene expression imaging studies to facilitate drug development disease research and therapeutic interventions (2–4). However, BLI can only detect the two-dimensional body surface information, which is not sufficient to quantify the activity of tumor cells in the bodies of living animals. Bioluminescence tomography (BLT) employs three-dimensional (3D) reconstruction of bioluminescent sources to more accurately locate and quantify tumors compared with BLI (5). The basic idea of BLT is to utilize a “forward” model of light propagation through the tissue to the skin surface, along with an “inversion” algorithm to reconstruct the underlying bioluminescence source distribution (6, 7). In the process, the accuracy of the BLT reconstruction is significantly affected by the forward modeling errors in the simplified photon propagation model, the measurement noise in data acquisition, and the inherent ill-posedness of the inverse problem.

In the propagation process of light from the internal source to the imaging subject surface, the interaction between light and biological tissue includes absorption, reflection, scattering, refraction, and transmission (8). The radiative transfer equation (RTE) is widely accepted as an accurate model for photon migration in a turbid medium. Due to the computationally intensive nature of RTE, the most typical approach is using the diffusion equation (DE) as the forward model to approximate RTE (9). DE is basically a special case of the first-order spherical harmonics approximation to RTE, and it fails to produce accurate estimates for light propagation in the proximity of the source and boundaries, which leads to big errors in the reconstructed images. In several high-order approximate models of RTE, such as SN, PN, and SPN, the approximation is shown to have improved accuracy than DE (10). Although the SPN approximation leads to a lower computational load than either the SN or PN approximation, the number of unknowns to be solved is still several times larger than the DE’s. The higher-order approximation is used throughout the entire domain, bringing a higher computational load. In addition, hybrid models were studied to improve the modeling accuracy of photon transmission in biological tissues. Hybrid models based on radiance were proposed to solve the special problems of the non-scattering regions (11–13), hybrid Monte Carlo (MC)–diffusion method (14), hybrid RTE–diffusion approximation method (15), and hybrid DE– SPN method (16), which have been studied to solve the problem of light transmission in non-highly scattering regions and areas close to the source. However, transmission errors of various models due to RTE approximation are still inevitable.

For the propagation of light from the imaging subject surface to the optical detector, in the early research stage, optical signals were measured through contact configuration based on optical fiber guides for photon collection. However, such implementations led to insufficient spatial sampling and field of view, and poorer resolution and signal-to-noise ratio (17). Therefore, at present, all BLI systems are based on a non-contact configuration (7), which makes data collection more flexible but also has some disadvantages and limitations. It has been demonstrated that a change in position of the imaging subject can result in a differently measured signal, and due to the impact of charge-coupled device (CCD) noise and environmental background noise, the measurement accuracy of the optical signal is affected. To overcome measurement noise, a free-space model was used to describe the propagation of light from the surface of the imaging subject to the CCD. The contribution of each point on the surface of the imaging subject to each pixel in the CCD was described by a mapping matrix, then taking CCD data to be mapped back on the surface of the imaging subject by inverting this relationship, and determining true surface fluence values, which were independent of the position of the imaging subject (18). In addition, severa methods were adopted to suppress the noise of CCD, such as the typical median filter and the contourlet transform based on an efficient two-dimensional multiscale and directional filter bank (19). Besides, a novel iterative filtering method based on a “detection-corrosion” strategy was studied for degraded neutron image denoising (20), and a novel Laplacian of Gaussian (LoG) filter combined with the median filter was proposed to remove the gamma white spots (21). Further, graph convolutional networks and dictionary learning techniques for hyperspectral can also be used to overcome measurement noise and improve the accuracy of acquired spectral images (22–24). Moreover, the importance of the domain geometry and imaging subject position on the measured bioluminescence fluence was studied, and an image reconstruction algorithm based on the spectral derivative (SD) of the measured spectral data was proposed to overcome the measurement noise from the surface of the imaging subject to the CCD (7). For the spectral-derivative method, the ratio of the BLIs at adjacent wavelengths was used as input data for the source reconstruction, as bioluminescence at similar wavelengths encounters a near-identical system response (25).

In addition, in practical biological applications, due to the scattering effect of light and the limitations of the detected surface photons, the inverse problem of BLT is limited by its ill-posedness, which significantly affects the accuracy of the BLT reconstruction (5, 26). Based on the fundamental feature of BLT, without the incorporation of effective a priori knowledge on the source distribution, there would be no hope to determine a unique solution (27). All possible information on the source distribution must be utilized to achieve the best possible reconstruction for BLT, and it is essential to combine regularization techniques to overcome the ill-posedness when trying to recover source distribution from noisy measurements. Most BLT regularization methods, such as Tikhonov regularization, try to stabilize the problem by achieving a trade-off between a loss term and an L2-norm regularization term. However, these methods usually produce smooth solutions (28). In recent years, more studies focused on sparse reconstruction algorithms to alleviate the ill-posedness of BLT (29–31); they were mainly based on the L1-norm regularization, such as the homotopy method (29), Bayesian sparse based method (31), and LASSO method (30). These algorithms can overcome the over-smooth effects of L2-norm methods and encourage more sparse and stable reconstructed results, which improved the localization accuracy of the tumor. Further, to pursue more sparse solutions than L1 regularizer, Lp-norm regularization algorithms with (0 < p < 1) were studied, such as weighted interior-point algorithm (32) and majorization–minimization algorithm (33). Furthermore, in order to reduce the ill-posedness of BLT, the multispectral strategy has attracted remarkable attention. Spectrally resolved measurements consider the wide emission-spectrum characteristic of bioluminescent reporters and the diversity of tissue optical properties for different spectral bands, which can increase the amount of known boundary data. So a consensus that multispectral strategy can enhance the uniqueness and stability of BLT solution has been achieved (34). These studies provide ideas and a basis for our research.

In order to alleviate the influence of optical transmission errors, measurement noise, and ill-posedness on BLT reconstruction accuracy, based on spectral differential theory and combined with multispectral strategy, a new multispectral differential strategy (MDS) is presented in this work. MDS assumes that in the same optical transmission approximation model, light encounters a near-identical system response at a similar wavelength, and the errors of the adjacent spectral are similar. Thus, taking DE as an example, after analyzing the errors that resulted from diffusion approximation and data acquisition of the imaging system, MDS is expected to eliminate the systematic errors of the optical transmission model and imaging system. Meanwhile, compared with the traditional multispectral (TM) reconstruction strategy, MDS can increase the constraint condition of the system matrix and alleviate the ill-posedness of the reconstruction problem. To solve the source reconstruction problem, Lp regularization reconstruction model will be established, and a non-convex sparse regularization algorithm (nCSRA) will be utilized. To verify the feasibility and applicability of MDS, numerical simulations and in vivo experiments will be conducted with the TM method and SD method as comparisons.

The paper is organized as follows. In Section 2, we will analyze the errors that resulted from DE approximation and data acquisition of the imaging system, and then the MDS method and nCSRA framework will be provided. Section 3 will present some relative experimental designs, the results of numerical simulations, and in vivo imaging experiments. Finally, some discussions and conclusions will be made for this paper in Section 4.



2 Methods


2.1 Error Analysis of Optical Signal Acquisition Process

In BLI, for the measurement of emitted light due to an internal light source, the transmission process of light and the acquisition technology of optical signal are two key factors that need to be considered, which significantly affect the accuracy of the BLT source reconstruction. Next, the optical transmission errors caused by RTE approximation, and the measurement noise of photon fluence rate on imaging subject surface caused by CCD noise, will be analyzed in detail.


2.1.1 Errors Caused by the Simplified Photon Propagation Model

The RTE treats photons as particles that undergo elastic collisions until they are absorbed or leave the domain, ignoring the wave nature of light. After removal of the influence of time, steady-state RTE is of the form

 

where Φ(r,ŝ) is the radiance, q(r,ŝ) is the source inside Ω, and the kernel   is the scattering phase function that describes the probability that a photon with an initial direction   will have a direction   after a scattering event (9). μs is the scattering coefficient, and μtr = μa + μs is the transport coefficient.

Due to the computationally intensive nature of RTE, the typical approach is using DE as the forward model to approximate RTE. In order to get the DE, which is the first-order approximate model of RTE, take the radiance spherical harmonic expansion as (35)

 

where the normalization factor ((2l + 1)/4π)1/2 is introduced for convenience. We used the Associated Legendre polynomials, and we expand   to first-order (8)

 

We have



We operate on Eq. (1) by   and   and make use of the relations in them to arrive at (8)



where photon density  , and   is diffusion coefficient. In the study of BLT, the light source can be regarded as isotropic,  .

The well-known steady-state DE is

 

The finite element method (FEM) is chosen to solve the DE, and the FE approximation of the DE is of the form

 

where A represents the system matrix whose construction is influenced by the DE approximation, S is the power density of the light source, and Φm is the measurable photon fluence rate on boundary nodes.

In order to analyze the error of constructing A, the approximation from Eq. (5) to steady-state DE Eq. (6) due to radiance with only first-order spherical harmonic expansion, and the optical transmission error terms caused by DE approximation can be expressed as



In order to reduce the error caused by diffusion approximation, the spectral differential is adopted. In Eq. (8), μs and D are dependent on the given wavelength, for wavelength λ, and Eq. (8) can be expressed as



Assuming that there are two wavelengths, λj and λk, the difference between the spectra is used to operate the transmission error corresponding to the two wavelengths,



In general, for similar emission wavelengths in biological tissues, the optical parameters are similar, that is   so

 



2.1.2 Measurement Noise

For the photon fluence rate Φ on the imaging subject surface obtained by CCD, there are inevitable errors caused by CCD noise. The main types of noise are as follows: discrete and incomplete sampling errors of CCD (s), photon noise (p), readout noise (r), and dark current noise (d) (36).

The measured signal on the imaging subject surface can be expressed as

 

where M is the actual optical signal and the rest of the items are measurement noise. i relates to the Gaussian width of the imaging light spot, and different emission wavelengths produce different width light spots, so s depends on the wavelength of emitting light. Ot=p+r+d caused by the CCD itself, which is wavelength independent.

For the test data at the wavelength λ, the measurement signal is expressed as

 

where   is the measurement noise.

The difference between the corresponding measurement noise of the two spectra with the wavelengths of λj and λk is calculated as

 

Only the difference of discrete and incomplete sampling errors of CCD needs to be considered, and for similar emission wavelengths, there is  ; that is,

 

Eq. (11) and Eq. (15) indicate that introducing the difference of data between each measured wavelength can reduce optical transmission system errors and measurement noise.




2.2 Multispectral Differential Strategy

The factors affecting the source reconstruction results have been analyzed, and the data difference between each measured wavelength can be used to reduce errors. Next, based on the DE model, the multispectral differential is further applied in the source reconstruction.

The imaging problem is known to be non-unique, and A in Eq. (7) is ill-posed. In order to reduce its ill-posedness, the multispectral hybrid method has been proposed. For example, assuming that there are measurements of four wavelengths, these system matrices are combined to obtain the following equations:

 

 

where Aλn is the system matrix at a given wavelength λn, and Amulti is their combinatorial system matrix.   is the measurable photon fluence rate (on the surface) at the same wavelength,   is the combinatorial photon fluence rate, and ηn is the ratio of each spectral energy to the total. In this way, the combinatorial system matrix is used to partly solve the ill-posed problem.

Different from the multispectral hybrid method using data at each given wavelength, multispectral differential utilizes the difference of data between each measured wavelength. Eq. (16) can be transformed as

 

 

where Adiffe and   are a combination of differential system matrices and differential photon fluence rates, respectively. It can be seen by comparing Eq. (16) and Eq. (18) that the multispectral differential can increase the constraint condition for inverse reconstruction compared with the TM reconstruction strategy. Thus, it has reduced the system errors and measurement noise to alleviate the ill-posedness of the source reconstruction.



2.3 Non-Convex Sparse Regularization Algorithm Framework

Considering the sparse distribution of light sources in organisms and the serious shortage of surface measurement based on compressed sensing theory, Lp regularization is adopted to transform the reconstruction model of Eq. (19) into the following minimization problem:

 

where   represents the Lp quasi-norm and τ > 0 is a regularization parameter. Because the Lp-norm regularization is a non-convex and no-smooth optimization, an nCSRA (37) is utilized to solve this problem. It is converted to a weighted L1-norm regularization:

    

where   is the ith element of regularization parameter ζ.

Then Eq. (21) as L1-norm regularization problem can be solved by the iterative shrinkage-thresholding algorithm (ISTA) (38). ISTA is based on the shrinkage function: shrink(a, z) = max(a –z, 0)*sign(z). With a sufficiently small step size ξ, the analytical solution of Eq. (21) can be derived as

 




3 Experiments and Results

In this section, the digital mouse simulations and in vivo experiments were designed to evaluate the performance of MDS in BLT reconstruction. All programs were run on a computer with an Intel® Core™ i7-6700 CPU (3.40 GHz) and 16-GB RAM.


3.1 Numerical Simulation Setup

Numerical forward simulations and inverse reconstructions both used a digital mouse model with a height of 35 mm, and only the torso section of the mouse was investigated, including the muscle, heart, liver, lungs, stomach, and kidneys, as shown in Figure 1A. Four wavelengths of 610, 630, 650, and 670 nm were used in simulations, and the specific optical parameters at each wavelength are listed in Table 1. The optical properties were calculated using the formula summarized in (39). In single-source simulations, a sphere with a radius of 1 mm was positioned at coordinates (18 mm, 8 mm, 14.8 mm), as shown in Figure 1B. In the dual-source simulations, two spheres with a radius of 1 mm positioned at coordinates (15 mm, 7 mm, 15.8 mm) and (22 mm, 7 mm, 15.8 mm) are shown in Figure 1C. In forward simulations, a discretized tetrahedral mesh with 20, 263 nodes and 106, 656 tetrahedral elements was used for the single-source simulations, while a mesh in dual-source simulations had 19, 890 nodes and 104, 619 tetrahedral elements. In the reconstruction, a mesh with 10,139 nodes and 51,841 tetrahedral elements was used as shown in Figure 1D.




Figure 1 | The numerical simulations setup. (A) The mouse model with six organs. (B, C) Model of single source and dual sources. (D) The mesh used for reconstruction.




Table 1 | Optical parameters of the mouse tissues at different wavelengths.





3.2 In Vivo Experiment Setup

To further assess the performance of MDS, an in vivo BLT experiment was performed. The animal experiment was conducted under the approval of the Animal Ethics Committee of the Northwest University of China (No. NWU-AWC-20210901M). A female BALB/c nude mouse (4–5 weeks old) was used to establish a source implanted mouse model. After the mouse was anesthetized with pentobarbital (50 mg/kg, 0.1 ml, IP injection), a transversal incision was made in the abdomen. A plastic tube filled with about 20 μl of luminescent solution was implanted in the abdomen of the nude mouse. The luminescent solution was extracted from a luminescent light stick. After the incision was sutured, the mouse was taped on the rotation stage for imaging. The entire surgical procedure lasted approximately 10 min.

During the data collection, bioluminescent images and CT data were collected by the BLT/Micro-CT dual-mode system developed by our laboratory (40). The optical images were captured by the EMCCD camera (iXon Ultra, Andor, Northern Ireland, UK) with bandpass filters measuring 610, 630, 650, and 670 nm. The cooling temperature of the EMCCD camera was 80°C, which could effectively reduce the thermal noise. The software “Solis Acquisition and Analysis Software” was used for data collection. Photographic images and bioluminescent light distribution images with exposure times of each wavelength were set to 0.75 and 30 s, respectively. During the luminescence imaging, the system was enclosed within a light-tight environment to avoid outside light. After the optical measurement data were obtained, the mouse was kept motionless and scanned by a micro-focus cone beam X-ray source (L9181-02, Hamamatsu Photonics, Hamamatsu Japan). In X-ray scanning, the X-ray source voltage and power were set as 90 kV and 27 W, respectively. With the use of an X-ray flat-panel detector (C7942CA-22, Hamamatsu Photonics, Hamamatsu Japan) for high-resolution CT imaging, a total of 600 X-ray projections were obtained with an interval of 0.6°, and each projection had an integrating time of 0.5 s; then the 3D anatomical structures were segmented from the CT data.



3.3 Quantitative Evaluation Index

Firstly, energy difference and cosine similarity were measured as quantitative evaluation indexes in forward simulations to analyze the model errors caused by DE. The surface bioluminescence distributions obtained by MC eXtreme (MCX) (41) are used as the standard for comparison. The energy difference in the measured data that were compared are calculated as follows:



It can be used to calculate the energy difference of surface light distributions obtained by MC and DE at the same wavelength, and the energy difference of differential data between each measured wavelength, which are obtained by MC and DE.

Cosine similarity is also used to evaluate the differences in surface light distributions:



where Al and Bl represent the components of the vectors A and B, which are compared, respectively. The closer the cosine gets to 1, the closer the two vectors are.

Besides, the condition number is a measure of the sensitivity of the solution to the linear system AS= Φm to the error or uncertainty in Φm. To verify whether the MDS can further increase the constraint condition and decrease the condition number of the system matrix for reconstruction, we calculate the condition number corresponding to the combinatorial system matrix A of three multispectral strategies.

 

A problem with a lower condition number is said to be well-posed, and vice versa.

To quantitatively analyze the performance of MDS in the reconstruction, several common indicators are used, such as location error (LE), Dice coefficient, contrast-to-noise ratio (CNR), and Time.

LE represents the location deflection between the reconstructed light source and the actual light source:

 

where (x, y, z) and (x0, y0, z0) are the coordinates of reconstruction energy weighted center point and the real source center, respectively.

Dice coefficient is used to evaluate shape recovery, which denotes similarity of the reconstructed sources regions X and the actual sources regions Y:

 

CNR is used to evaluate image contrast, which can be calculated, as follows:

 

where the subscripts ROI and BCK denote the target and background regions of the imaged object, respectively; and μ, w, and σ represent the mean intensity value, weighting factor, and variance, respectively.



3.4 Numerical Simulations


3.4.1 Forward Simulations

At first, a group of forward simulations was taken to analyze the errors involved in the whole optical transmission process and to demonstrate that the MDS can eliminate the errors to a certain extent.

In a single-source case, the surface bioluminescence distributions at wavelengths of 610, 630, 650, and 670 nm generated with the MC method are shown in Figure 2A. For comparison, the surface bioluminescence distributions calculated by the DE model at different wavelengths are shown in Figure 2B. Similarly, Figures 2C, D show the surface bioluminescence distributions for dual-source cases calculated by MC and DE, respectively. In Figures 2A–D, for both MC and DE, the longer the wavelength, the more intense the surface light distribution, since the longer wavelength results in reduced tissue scattering effect and enhanced light penetration. By comparing the surface light distributions of MC and DE at the same wavelength in Figures 2A, B, we also find that the differences are obvious at 610- and 630-nm wavelengths, while they are relatively small at 650- and 670-nm wavelengths. Similar results can be seen in Figures 2C, D. This is because the liver is a tissue with high absorption characteristics at 610 and 630 nm, and the DE model in this case is not a proper choice, which led to a large error.




Figure 2 | Results of forward simulations. (A, B) The bioluminescence distributions on the surface in single-source simulations by MC and DE methods at wavelengths of 610, 630, 650, and 670 nm. (C, D) The surface distributions in dual-source models by MC and DE methods at wavelengths of 610, 630, 650, and 670 nm. MC, Monte Carlo; DE, diffusion equation.



The energy differences of MC and DE at each wavelength in single- and dual-source models are shown in Figures 3A, C, respectively; and the average energy differences are shown in Figures 3B, D, respectively. Light energy for all the surface nodes was calculated. For ease of analysis, 1,500 of these nodes (501 to 2000) with obvious and concentrated energy differences were taken as the sampling points. Obviously, shorter wavelengths correspond to larger energy differences, and with the increase of wavelength, the energy difference tends to decrease. To demonstrate the effect of MDS on energy difference elimination, the differences of data between each measured wavelength were utilized. According to Eq. (23), any combination of two wavelengths was used; the six groups of energy differences after differential of single-source model and dual-source model are shown in Figures 3E, G, respectively; and the averages of the corresponding six groups energy differences are shown in Figures 3F, H. Compared with those in Figure 3A, the energy differences in Figure 3E decrease on the whole. As shown in Figure 3F, the average energy difference after the differential process is obviously less than that in Figure 3B. For the double-source model, the energy differences in Figure 3G decreased as compared with Figure 3C, and the average energy difference after differential in Figure 3H is obviously less than that in Figure 3D as well.




Figure 3 | Energy differences of forward simulations. (A, C) The energy differences of MC and DE at the same wavelength in the single-source model and dual-source model. (B, D) Average of the corresponding four groups energy differences in (A, C). (E, G) The energy differences after differential in single-source model and dual-source model. (F, H) Average of the corresponding six groups of energy differences in (E, G). MC, Monte Carlo; DE, diffusion equation.



The cosine similarity of surface light energy obtained by MC and DE at the same wavelength was calculated, as shown in Table 2, which comes to the same conclusion as the energy differences in Figures 3A, C; i.e., a smaller energy difference corresponds to a cosine similarity closer to 1. The cosine similarities were calculated by the difference of data between each measured wavelength obtained by MC and DE, as also shown in Table 2. Compared with the cosine similarity of the specific spectrum, the cosine similarity value of spectral differential is closer to 1; Mean ± SD also indicates that the errors of spectral differential are smaller and the results are more stable.


Table 2 | The cosine similarity of surface light energy obtained by MC and DE at the same wavelength and the cosine similarity were calculated by the difference of data between each measured wavelength obtained by MC and DE.



A quantitative comparison of the energy differences and cosine similarity shows that MDS can reduce the systematic error in forward simulations.



3.4.2 Inverse Simulations

To verify the feasibility and applicability of MDS in the reconstruction of the light source, inverse simulations were performed. The bioluminescence distributions on the surface were simulated with MC at the wavelengths of 610, 630, 650, and 670 nm. The TM method and SD method were used for comparison.


(1) Single-Source Case

Figure 4 compares the reconstruction performance of the three methods in the single-source reconstruction. The red sphere in the 3D views and the red circle in the sectional images label the actual position of the real source, while the green irregular shapes are the reconstructed sources. It can be found that the TM method is reconstructed with a big deviation from the real source, and the TM method and SD method are reconstructed with poor morphology recovery capability and result in artifacts around the real source. In contrast, the MDS method achieves a better overlap with the real source. Figure 4D shows energy plots along the cut aligned with the x-axis that crosses the sectional images. The results show that the position and shape of the source reconstructed by the MDS method are in good agreement with the real source as compared with the other methods. Table 3 shows the quantitative analysis of these results. The MDS method obtained the lowest condition number, the smallest LE, the best Dice, and CNR among the three approaches. These results indicate that the MDS method performs better in the target location, shape recovery, and image contrast than the other methods in this set of experiments. The time consumption of the source reconstruction by the MDS method is the lowest, and it saved 54.6% and 94.2% of the time as compared with the SD method and TM method, respectively.




Figure 4 | Reconstructed results of the single-source numerical simulations. 3D views of the reconstructed results and corresponding sectional images at Z = 14.8 mm obtained by the (A) TM, (B) SD, and (C) MDS. (D) Energy plots along the cut aligned with the x-axis that crosses the sectional images. The cut locations are indicated by the yellow lines in (A–C). TM, traditional multispectral; SD, spectral derivative; MDS, multispectral differential strategy.




Table 3 | Quantitative results of different methods in single-source reconstruction.





(2) Dual-Source Case

To further verify the multi-source resolution performance of the MDS method, dual-source numerical simulation experiments were carried out for the reconstruction. Figures 5A–C show the 3D views of the reconstructed results of each method and their sectional images. As the results show, the three methods all accurately located the two light sources, and the MDS method has a lower error in positioning and shape recovery as compared with the TM method and SD method. Figure 5D shows energy plots along the cut aligned with the x-axis that crosses the sectional images. The results further verify that the position and shape of the source reconstructed by the MDS method are in good agreement with the real source. The quantitative analysis in Table 4 confirmed our observation; the MDS method achieved the lowest condition number, the smallest LE, the best Dice, and CNR among the three approaches. The results demonstrate that the MDS method has superior location accuracy, morphology recovery capability, and image contrast capability in dual-source reconstruction. Simultaneously, it has more advantages in time cost in this set of experiments, which saved 23.0% of source reconstruction time as compared with the SD method and reduced 92.0% of that as compared with the TM method.




Figure 5 | Reconstructed results of the dual-source numerical simulations. 3D views of the reconstructed results and corresponding sectional images at Z = 15.8 mm obtained by the (A) TM, (B) SD, and (C) MDS. (D) Energy plots along the cut aligned with the x-axis that crosses the sectional images. The cut locations are indicated by the yellow lines in panels (A–C). TM, traditional multispectral; SD, spectral derivative; MDS, multispectral differential strategy.




Table 4 | Quantitative results of different methods in dual-source reconstruction.







3.5 In Vivo Experiments

In a practical BLT system, bioluminescence is a broad spectrum, which can be divided into several wavelength ranges. In Eq. (16) and Eq. (18), for a given wavelength λn, the ratio of each spectral energy to the total energy ηn needs to be obtained. Figure 6A shows the luminescence images of luminescent solution at various wavelengths captured by the EMCCD with bandpass filters with different wavelengths. The mean value and variance of luminescence energy of each wavelength were calculated, as shown in Figure 6B, which were regarded as the energy contribution of the internal light source S at each wavelength in the in vivo experiments. Figure 6C shows the surface light distributions corresponding to each wavelength in in vivo experiments.




Figure 6 | (A) The luminescence images of luminescent solution at various wavelengths. (B) Their mean value and variance. (C) The surface light distributions corresponding to each emission wavelength in in vivo experiments.



Figure 7 shows the reconstructed results of in vivo experiments performed with the TM, SD, and MDS methods. The 3D views of the reconstructed results are displayed in the first column, while the real source and reconstructed source positions are represented by red regions and green irregular shapes, respectively. Corresponding sectional images are determined according to the central position of the true source as shown in the next sequence, where the comparison of these with CT results is shown, and the irregularly shaped red circle in the CT sectional images labels the actual position of the real source. The TM method and SD method with poor morphology recovery capability and result in artifacts around the real source and the SD method caused a big deviation from the real source. The MDS method has a lower error in positioning and shape recovery than TM and SD, and the reconstructed source in Figure 7C is the closest to the real source in sagittal, coronal, and transverse plane images. The quantitative analysis of the reconstructed source is recorded in Table 5. The MDS method achieves the lowest condition number, the smallest LE, the best Dice, and CNR among the three approaches. The results demonstrate that the MDS method performs better in the target location, morphology recovery, and image contrast than the TM method and SD method. In addition, it has more advantages in time cost in this set of experiments, which saved 30.5% of source reconstruction time as compared with the SD method and reduced 78.1% of that as compared with the TM method.




Figure 7 | Reconstruction results of in vivo experiments. 3D views of the reconstructed results and corresponding sectional images obtained by (A) the TM, (B) SD, and (C) MDS. TM, traditional multispectral; SD, spectral derivative; MDS, multispectral differential strategy.




Table 5 | Quantitative results of in vivo experiments.






4 Discussion and Conclusions

In previous studies, multispectral reconstruction has attracted remarkable attention since multispectral data can reduce the ill-posedness of BLT and enhance the stability of reconstruction (34). Based on these studies, a new MDS method was proposed for BLT. Rather than directly using bioluminescence images acquired at several wavelengths, the spectral difference between the measured data at similar wavelengths is used to further improve BLT quality. Considering that light at similar wavelengths encounters a near-identical system response, we used the MDS to reduce the errors that resulted from using the DE model and data acquisition of the imaging system.

The effectiveness of the MDS in reducing optical transmission errors was analyzed with the forward simulations. Based on the surface light distributions calculated by MC and DE at the same wavelength, we made a quantitative analysis of energy differences and the cosine similarity between the MC data and the DE data. The changes of the indexes show that using MDS can reduce the errors in the process of light transmission in both the single-source model and dual-source model.

Inverse simulations were performed to verify the feasibility and applicability of the MDS in BLT reconstruction. The bioluminescence distributions on the surface were simulated with MC at wavelengths of 610, 630, 650, and 670 nm as the measured data. Condition numbers of the system matrix constructed by each method were calculated and compared. Compared to the TM method and SD method, MDS had the lowest condition number, which means that the ill-posedness has been partially alleviated. Thus, the MDS method obtained superior location accuracy, morphology recovery capability, and image contrast capability in the source reconstruction. The in vivo experiments further verify the performance of the MDS in a practical BLT system. The MDS method achieved the smallest LE, the best Dice, and CNR with the smallest time cost among the three approaches.

It needs to be emphasized that in this work, in the acquisition of in vivo multispectral data, the imaging object was kept motionless, so the interference from the change in position of the imaging object on the imaging quality does not exist. In previous studies, a consensus that multispectral data can increase the amount of known boundary measurements and effectively reduce the ill-posedness of the inverse problem has been achieved, although in the acquisition of multispectral data, the influence of time on light signal is universal (34, 42, 43). Moreover, our proposed method can alleviate the noise introduced in the long-time collection of the bioluminescent light signal. In the next study, a multispectral camera with a filter wheel consisting of optical bandpass filters will be used to reduce the acquisition time of multispectral data, and the time-resolved in vivo signal will be quantified for having accurate input data for reconstruction.

In conclusion, a new MDS was presented to reduce system errors and improve reconstruction accuracy. Simulations and in vivo experiments demonstrated that it performed better in the target location, morphology recovery, and image contrast as compared to the TM method and SD method. This method has a view to provide a more reliable reference for the later research on BLT.



Data Availability Statement

The original contributions presented in the study are included in the article/supplementary material. Further inquiries can be directed to the corresponding authors.



Ethics Statement

The animal study was reviewed and approved by the Animal Ethics Committee of the Northwest University of China.



Author Contributions

YL contributed to the design and implementation of this research and successfully achieved the expected goal. MC made some contributions to the data collection and experiments. HG provided great help on the whole scheme design of this research and the final article. XGH was responsible for the part of data collection and assisted in the animal experiments. XWH and JY provided the research platform with high requirements and rendered some important ideas during our research, and JY provided great help in revising the manuscript. XLH and HY gave guidance on the experiments and manuscripts. All authors listed have made a substantial, direct, and intellectual contribution to the work and approved it for publication.



Funding

This study was funded by the National Natural Science Foundation of China under Grants 61971350, 61901374, 61906154, and 11871321; the Natural Science Foundation of Shaanxi under Grant 2019JQ-724; Postdoctoral Innovative Talents Support Program under Grant BX20180254; the Scientific and Technological projects of Xi’an under Grant 201805060ZD11CG44; the Key Research and Development Program of Shaanxi 2020SF-036; and Xi’an Science and Technology Project 2019218214GXRC018CG019-GXYD18.3.



References

1. Zhang, B, Yin, W, Liu, H, Cao, X, and Wang, H. Bioluminescence Tomography With Structural Information Estimated via Statistical Mouse Atlas Registration. Biomed Opt Express (2018) 9(8):3544–58. doi: 10.1364/BOE.9.003544

2. Gong, R, Cheng, X, and Han, W. A Fast Solver for an Inverse Problem Arising in Bioluminescence Tomography. J Comput Appl Math (2014) 267:228–43. doi: 10.1016/j.cam.2014.02.014

3. Massoud, TF, and Gambhir, SS. Molecular Imaging in Living Subjects: Seeing Fundamental Biological Processes in a New Light. Genes Dev (2003) 17(5):545–80. doi: 10.1101/gad.1047403

4. Contag, CH, and Bachmann, MH. Advances in In Vivo Bioluminescence Imaging of Gene Expression. Annu Rev Biomed Eng (2002) 4(1):235–60. doi: 10.1146/annurev.bioeng.4.111901.093336

5. Yin, L, Wang, K, Tong, T, An, Y, Meng, H, Yang, X, et al. Improved Block Sparse Bayesian Learning Method Using K-Nearest Neighbor Strategy for Accurate Tumor Morphology Reconstruction in Bioluminescence Tomography. IEEE Trans Biomed Eng (2019) 67(7):2023–32. doi: 10.1109/TBME.2019.2953732

6. Bentley, A, Rowe, JE, and Dehghani, H. Simultaneous Diffuse Optical and Bioluminescence Tomography to Account for Signal Attenuation to Improve Source Localization. Biomed Opt Express (2020) 11(11):6428–44. doi: 10.1364/BOE.401671

7. Dehghani, H, Guggenheim, JA, Taylor, SL, Xu, X, and Kang-Hsin Wang, K. Quantitative Bioluminescence Tomography Using Spectral Derivative Data. Biomed Opt Express (2018) 9(9):4163–74. doi: 10.1364/BOE.9.004163

8. Wang, LV, Wu, HI, and Masters, BR. Biomedical Optics, Principles and  Imaging. J Biomed Opt (2008) 13(4):049902. doi: 10.1117/1.2976007

9. Tarvainen, T, Vauhkonen, M, Kolehmainen, V, Arridge, SR, and Kaipio, JP. Coupled Radiative Transfer Equation and Diffusion Approximation Model for Photon Migration in Turbid Medium With Low-Scattering and Non-Scattering Regions. Phys Med Biol (2005) 50(20):4913. doi: 10.1088/0031-9155/50/20/011

10. Yang, D, Chen, X, Peng, Z, Wang, X, Ripoll, J, Wang, J, et al. Light Transport in Turbid Media With Non-Scattering, Low-Scattering and High Absorption Heterogeneities Based on Hybrid Simplified Spherical Harmonics With Radiosity Model. Biomed Opt Express (2013) 4(10):2209–23. doi: 10.1364/BOE.4.002209

11. Firbank, M, Arridge, SR, Schweiger, M, and Delpy, DT. An Investigation of Light Transport Through Scattering Bodies With Non-Scattering Regions. Phys Med Biol (1996) 41(4):767. doi: 10.1088/0031-9155/41/4/012

12. Chen, X, Yang, D, Qu, X, Liang, J, Tian, J, Hu, H, et al. Comparisons of Hybrid Radiosity-Diffusion Model and Diffusion Equation for Bioluminescence Tomography in Cavity Cancer Detection. J Biomed Opt (2012) 17(6):066015. doi: 10.1117/1.JBO.17.6.066015

13. Chen, X, Zhang, Q, Yang, D, and Liang, J. Hybrid Radiosity-Sp3 Equation Based Bioluminescence Tomography Reconstruction for Turbid Medium With Low-and Non-Scattering Regions. J Appl Phys (2014) 115(2):024702. doi: 10.1063/1.4862166

14. Hayashi, T, Kashio, Y, and Okada, E. Hybrid Monte Carlo-Diffusion Method for Light Propagation in Tissue With a Low-Scattering Region. Appl Opt (2003) 42(16):2888–96. doi: 10.1364/AO.42.002888

15. Tarvainen, T, Vauhkonen, M, Kolehmainen, V, and Kaipio, JP. Hybrid Radiative-Transfer–Diffusion Model for Optical Tomography. Appl Opt (2005) 44(6):876–86. doi: 10.1364/AO.44.000876

16. Chen, X, Sun, F, Yang, D, Ren, S, Zhang, Q, and Liang, J. Hybrid Simplified Spherical Harmonics With Diffusion Equation for Light Propagation in Tissues. Phys Med Biol (2015) 60(16):6305. doi: 10.1088/0031-9155/60/16/6305

17. Ripoll, J, and Ntziachristos, V. Imaging Scattering Media From a Distance: Theory and Applications of Noncontact Optical Tomography. Modern Phys Lett B (2004) 18(28n29):1403–31. doi: 10.1142/S0217984904007864

18. Guggenheim, JA, RA Basevi, H, Styles, IB, Frampton, J, and Dehghani, H. Quantitative Surface Radiance Mapping Using Multiview Images of Light-Emitting Turbid Media. JOSA A (2013) 30(12):2572–84. doi: 10.1364/JOSAA.30.002572

19. Tian, Y, and Wang, Z. A Method of Ccd Noise Removal Using the Contourlet Transform in Digital Images. In: 2011 Fourth International Conference on Intelligent Computation Technology and Automation, vol. 2. Shenzhen, China: IEEE (2011). p. 350–3.

20. Zhao, C, Yan, Y, Li, H, Zhang, T, and Qiao, S. An Effective Gamma White Spots Removal Method for Ccd-Based Neutron Images Denoising. Fusion Eng Des (2020) 150:111375. doi: 10.1016/j.fusengdes.2019.111375

21. Li, H, Schillinger, B, Calzada, E, Yinong, L, and Muehlbauer, M. An Adaptive Algorithm for Gamma Spots Removal in Ccd-Based Neutron Radiography and Tomography. Nucl Instrum Methods Phys Res Section A: Accel Spectrometers Detectors Associated Equip (2006) 564(1):405–13. doi: 10.1016/j.nima.2006.04.063

22. Hong, D, Gao, L, Yao, J, Zhang, B, Plaza, A, and Chanussot, J. Graph Convolutional Networks for Hyperspectral Image Classification. IEEE Trans Geosci Remote Sens (2020) 59(7):5966–78. doi: 10.1109/TGRS.2020.3015157

23. Hong, D, Han, Z, Yao, J, Gao, L, Zhang, B, Plaza, A, et al. Spectralformer: Rethinking Hyperspectral Image Classification With Transformers. IEEE Trans Geosci Remote Sens (2021). doi: 10.1109/TGRS.2021.3130716

24. Hong, D, Yokoya, N, Chanussot, J, and Xiang Zhu, X. An Augmented Linear Mixing Model to Address Spectral Variability for Hyperspectral Unmixing. IEEE Trans Image Process (2018) 28(4):1923–38. doi: 10.1109/TIP.2018.2878958

25. Xu, X, Deng, Z, Dehghani, H, Iordachita, I, Lim, M, Wong, JW, et al. Quantitative Bioluminescence Tomography-Guided Conformal Irradiation for Preclinical Radiation Research. Int J Radiat Oncol Biol Phys (2021) 111(5):1310–21. doi: 10.1016/j.ijrobp.2021.08.010

26. Yin, L, Wang, K, Tong, T, Wang, Q, An, Y, Yang, X, et al. Adaptive Grouping Block Sparse Bayesian Learning Method for Accurate and Robust Reconstruction in Bioluminescence Tomography. IEEE Trans Biomed Eng (2021) 68(11):3388–98. doi: 10.1109/TBME.2021.3071823

27. Wang, G, and Li, Y. And Ming Jiang. Uniqueness Theorems in Bioluminescence Tomography. Med Phys (2004) 31(8):2289–99. doi: 10.1118/1.1766420

28. He, X, Liang, J, Wang, X, Yu, J, Qu, X, Wang, X, et al. Sparse Reconstruction for Quantitative Bioluminescence Tomography Based on the Incomplete Variables Truncated Conjugate Gradient Method. Opt Express (2010) 18(24):24825–41. doi: 10.1364/OE.18.024825

29. Gong, RF, Cheng, XL, and Han, W. A Homotopy Method for Bioluminescence Tomography. Inverse Problems Sci Eng (2018) 26(3):398–421. doi: 10.1080/17415977.2017.1310854

30. Yu, J, Liu, F, Wu, J, Jiao, L, and He, X. Fast Source Reconstruction for Bioluminescence Tomography Based on Sparse Regularization. IEEE Trans Biomed Eng (2010) 57(10):2583–6. doi: 10.1109/TBME.2010.2059024

31. Feng, J, Jia, K, Li, Z, Pogue, BW, Yang, M, and Wang, Y. Bayesian Sparse-Based Reconstruction in Bioluminescence Tomography Improves Localization Accuracy and Reduces Computational Time. J Biophotonics (2018) 11(4):e201700214. doi: 10.1002/jbio.201700214

32. Chen, X, Yang, D, Zhang, Q, and Liang, J. L 1/2 Regularization Based Numerical Method for Effective Reconstruction of Bioluminescence Tomography. J Appl Phys (2014) 115(18):184702. doi: 10.1063/1.4876675

33. Zhu, D, and Li, C. Nonconvex Regularizations in Fluorescence Molecular Tomography for Sparsity Enhancement. Phys Med Biol (2014) 59(12):2901. doi: 10.1088/0031-9155/59/12/2901

34. Qin, C, Zhu, S, Feng, J, Zhong, J, Ma, X, Wu, P, et al. Comparison of Permissible Source Region and Multispectral Data Using Efficient Bioluminescence Tomography Method. J Biophotonics (2011) 4(11-12):824–39. doi: 10.1002/jbio.201100049

35. Arridge, SR. Optical Tomography in Medical Imaging. Inverse problems (1999) 15(2):R41. doi: 10.1088/0266-5611/15/2/022

36. Li, Z, Xu, X, and Xue, L. Analysis and Processing of Ccd Noise. Infrared Laser Eng (2004) 33(4):343–6.

37. Guo, H, Hu, Z, He, X, Zhang, X, Liu, M, Zhang, Z, et al. Non-Convex Sparse Regularization Approach Framework for High Multiple-Source Resolution in Cerenkov Luminescence Tomography. Opt Express (2017) 25(23):28068–85. doi: 10.1364/OE.25.028068

38. Beck, A, and Teboulle, M. A Fast Iterative Shrinkage-Thresholding Algorithm for Linear Inverse Problems. SIAM J Imaging Sci (2009) 2(1):183–202. doi: 10.1137/080716542

39. Alexandrakis, G, Rannou, FR, and Chatziioannou, AF. Tomographic Bioluminescence Imaging by Use of a Combined Optical-Pet (Opet) System: A Computer Simulation Feasibility Study. Phys Med Biol (2005) 50(17):4225. doi: 10.1088/0031-9155/50/17/021

40. Wei, X, Guo, H, Yu, J, He, X, Yi, H, Hou, Y, et al. A Multilevel Probabilistic Cerenkov Luminescence Tomography Reconstruction Framework Based on Energy Distribution Density Region Scaling. Front Oncol (2021) 11:751055. doi: 10.3389/fonc.2021.751055

41. Yao, R, Intes, X, and Fang, Q. Generalized Mesh-Based Monte Carlo for Wide-Field Illumination and Detection via Mesh Retessellation. Biomed Opt Express (2016) 7(1):171–84. doi: 10.1364/BOE.7.000171

42. Gao, Y, Wang, K, Jiang, S, Liu, Y, Ai, T, and Tian, J. Bioluminescence Tomography Based on Gaussian Weighted Laplace Prior Regularization for In Vivo Morphological Imaging of Glioma. IEEE Trans Med Imaging (2017) 36(11):2343–54. doi: 10.1109/TMI.2017.2737661

43. Lu, Y, Machado, HB, Bao, Q, Stout, D, Herschman, H, and Chatziioannou, AF. In Vivo Mouse Bioluminescence Tomography With Radionuclide-Based Imaging Validation. Mol Imaging Biol (2011) 13(1):53–8. doi: 10.1007/s11307-010-0332-y




Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.


Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Liu, Chu, Guo, Hu, Yu, He, Yi and He. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.




[image: image]


OPS/images/fonc.2021.750376/crossmark.jpg
©

2

i

|





OPS/images/fonc.2021.750376/fonc-11-750376-g001.jpg





OPS/images/fonc.2021.750376/fonc-11-750376-g002.jpg
o3 B

T s Kex o,






OPS/images/fonc.2021.750376/fonc-11-750376-g003.jpg





OPS/images/fonc.2021.750764/M6.jpg
=V Cro,(MV &) - V- Cuve, (1) V &i(F) + G, (NP (7) + C v, (NP7 = Gy s(FS(F) (6)





OPS/images/fonc.2021.750764/M7.jpg
o457 00+ 5 oo}

81101~ - s T 0 w0}
S

erfesn. o It )

R R >

reaua.unren,

wof "8 o0 "8 o)

8010 bS04 Aoio),
P o

veanun,





OPS/images/fonc.2021.750764/M8.jpg





OPS/images/fonc.2021.750764/M9.jpg
min|AS - B|

9)





OPS/images/fonc.2021.750764/M4.jpg
(457 4 g1+ 1) 9(7.5 O(F,5)OG, ) + S(7.5). 7 Qure

L { (78, FEY &5 <0
=4
0,7 3 Qkrga Uy §p 35 <0
97.5) = 7 @) ~ s - (kY @), FET

—V kT D) + 1, BF) + D) = S, FE Qpy O / JOESdE FET

@





OPS/images/fonc.2021.750764/M5.jpg
- VD0V OO+ uD O O =50+ [ 0GB





OPS/images/fonc.2021.786289/fonc-11-786289-g012.jpg
SD-1  SD-2 SD-3

SD-*

(O T T B B
s S o o
UOTJELIEA JO JUIDJI0.)
w

24 ...
i a0 c
ym

a * (uuyz
7.
£ e
yu

..
“ e
-~
g, o o o e
£
=
P
. .

3'(m?1)

Different SD pairs





OPS/images/fonc.2021.786289/fonc-11-786289-g011.jpg
A

SD pairs 1 selected for reconstruction Self calibration reconst.-660 nm SD-}'?ms 0Selt‘callbratlon reconst.-750 nm SD-IO?01< Self calibration reconst.-840 nm Sl)-}]?015

® * ® ® L3 1
2 2 2
L3 L3 ° s /\3 ~ ~
b IEL AN, 4 0.01 54 0.01 E-i 0.01
P w5 w5 5
6 6 6
7 7 b
15 100 75 50 25 0 *% 75 10 75 30 25 0 0% 15 100 75 %0 25 0 O-00%
y(mm) y(mm) y(mm)
B Self calibrati st.-660 SD-2 Self calibrati t.-750 SD-2 Self calibrati st.-750 nm(SD-2
SD pairs 2 selected for reconstruction elf calibration reconst.- nm( —0?015 o elf calibration reconst.-750 nm(: »0?015 elf calibration recon nm )
- » ® o 1 1
2 2
L3 L] s e ES ES
o el £4 0.01 £ 4
SRR w5 BE
6 6
7 7
35 X 3 7 0 0-005 0.005
y(mm
c
i g Self calibrati st.-660 SD-* Slf librati t.-750 SD-* Self calibrati st.-840 SD-*
SD pairs * selected for reconstruction elf calibration recon: nm( ) elf calibration recons nm(’ ) - elf calibration recon: nm (. )
1 1
2 2
- ® @ L AS AS
e ® E-& 0.01 E4 0.01 £ 4
& N5 T<5
6
7
%5 30 15 100 75 50 25 0005 fER 0-008
)(mm) y(mm) v(





OPS/images/fonc.2021.786289/fonc-11-786289-g010.jpg
y(mm) y(mm) y(mm)
®_w B e B TR e TR A

] p
— —_

e o4 g . . e g o o

. o8 E . o % E . N8
et ) et]
N N
“ "

70






OPS/images/fonc.2021.786289/fonc-11-786289-g009.jpg
T
1
]
]
1
1
]
1
]

Pos.* Pos.1 Pos.2 Pos.3 Size* Sizel Size2 T Bl u,2
Different positions Different sizes Different absorption





OPS/images/fonc.2021.786289/fonc-11-786289-g008.jpg
z(mm)
g & 8 B

2






OPS/images/fonc.2021.786289/fonc-11-786289-g007.jpg
>

amount of SD pairs

SD distribution (56x56)

g

2

=

n
(=]

0
40 50 60 70 80 90 100 110 120 130

SD distance(mm)

amount of SD pairs

w
>

(5]
n

[
>

o
N

-
>

n

=]

SD distribution (12x12)

65

45 50 . 55 60
SD distance(mm)





OPS/images/fonc.2021.786289/fonc-11-786289-g006.jpg
PET Reconst.

150 125 100 75
v(mm)

'-m

[e=]
N s <
(]

-
=

B

HbO
. H

150 125 100 75 30
y(mm)

StO

. _a

150 125 100 75 50
y(mm)

HbT

z(mm)
ol

25

=

75%

g

z 60%
- :
150 125 100 75 50 25 —

yv(mm)

-

z(mm)

0 de GO

7 - z0
100 75 5 0 5%

y(mm)





OPS/images/fonc.2021.786289/fonc-11-786289-g005.jpg
Using ref. phantom reconst.-660 nm
0.015

Using ref. phantom reconst.- /30 nm

0-|
0

125 100 75 50 25
y(mm)

0.01

35 100 75 30 005

y(mm)

25

Self calibration reconst.-660 nm " Self calibration reconst.-750 nm
5

0.0
- IO‘01
0.005

125 100 75 50 25 125 100 75 50 25
y(mm) y(mm)
c Profile-660nm Profile-750nm
- ——Exact location - ——Exact location
£ Using ref. phantom E Using ref. phantom
g— Selfl callhraltlon g—
£ £
[ [
Q [=}
Q o
[ c
2 o
E E
o o
(7] (7]
= =2
< <
100 75 50 25
yv(mm) v(mm)

0.015

0.005

- |0 005

.1)

Absorption coeff. (mm

Using ref. phantom reconst.-540 nm
0.015

0.01

125 100 75 50 25 0:005

y(mm)

Self calibration reconst.-840 nm

- IO 005

125 100 75 50 25
y(mm)
Profile-840nm

0.015 ——Exact location
Using ref. phantom
Self callbra'thn
0.012
0.009
100 75 50 25
y(mm)





OPS/images/fonc.2021.759897/fonc-11-759897-g004.jpg





OPS/images/fonc.2021.759897/fonc-11-759897-g005.jpg





OPS/images/fonc.2021.759897/fonc-11-759897-g006.jpg
IIDU
1 1 |s





OPS/images/fonc.2021.759897/crossmark.jpg
©

2

i

|





OPS/images/fonc.2021.759897/fonc-11-759897-g001.jpg
Image acquistion

VO deineation

Statstcal analysis

Feature selocton and model consiruction

{

E

O [
/‘\\ /‘\ ﬂ} LASSO
i A Feature selection
b ‘Adaboost

Logistc regression

Random forest
6807

Bagaing

Painvse ttsst 5
Model constructon

T intensiy,CT local entropy

o]

Habitat generation

PET SUV,PET local entropy

Feature extracton

Histogram features

Shape features.

Firstorder features

‘Socond-order features

Gradient features.

Wavelt features:






OPS/images/fonc.2021.759897/fonc-11-759897-g002.jpg
=

e

Propoton.of hastat umber

=

Proporion_o habtal_number





OPS/images/fonc.2021.759897/fonc-11-759897-g003.jpg
Proparon. o habiat sze Ploporton o habtat'sce

e

om o am
Proparton_ o habial. sze





OPS/images/fonc.2021.750376/fonc-11-750376-g004.jpg
SUV (g/mi)






OPS/images/fonc.2021.750376/fonc-11-750376-g005.jpg





OPS/images/fonc.2021.750376/fonc-11-750376-g006.jpg
™

W “omoomserican,
B “aroom.cn
B “arooie

AL LA AT TIPS

PP TS IT IS

o6,
gou
03,

s S

ORI





OPS/images/fonc.2022.768137/M14.jpg
(14)






OPS/images/fonc.2022.768137/M13.jpg
M; + 5,40t 13)
-~






OPS/images/fonc.2022.768137/M12.jpg
D=M+s5+0t (12)





OPS/images/fonc.2022.768137/M11.jpg
Eppy < EporEy an





OPS/images/fonc.2022.768137/M10.jpg
Exige = Ex, = En, = 3-D, +D,) ¥ / - V(a9))d2

30, 15, D, 1) ¥ /[; (06-#)

(@0~ (- 13) [ [ / 0 -#)avdg)i2

(10)





OPS/images/fonc.2022.768137/M1.jpg
9909 41000 -1, |06 000
—_—

[©





OPS/images/fonc.2022.768137/im9.jpg





OPS/images/fonc.2021.750764/im15.jpg





OPS/images/fonc.2021.750764/im2.jpg





OPS/images/fonc.2021.750764/im11.jpg





OPS/images/fonc.2021.750764/im12.jpg
D,(7)





OPS/images/fonc.2021.750764/im13.jpg





OPS/images/fonc.2021.750764/im14.jpg
J.(F)





OPS/images/fonc.2021.750764/fonc-11-750764-g002.jpg
|

b

it

I
.
m
0
8
1
18
i
It
»

aWmn?
[
00
I

SEEYLEZRCELRC LS





OPS/images/fonc.2021.750764/fonc-11-750764-g003.jpg
nW/mm’

018
0.16
0.14
0.12
0.10
0.08
0.06
0.04
0.02
0.00






OPS/images/fonc.2021.750764/im1.jpg





OPS/images/fonc.2021.750764/im10.jpg
D(P) = (3, (A + (1 = ), (M) "





OPS/images/fonc.2022.768137/M17.jpg
Apulti

Dy





OPS/images/fonc.2022.768137/M16.jpg
mAn P
M %
Mz @
NiAss @

(16)





OPS/images/fonc.2022.768137/M15.jpg
15)
E¢,, < Eg orEq, 15)





OPS/images/fonc.2021.750764/M3.jpg
Vi V O + (AP - 1 Po(7) = SF)
=V sl V @) - A9 + (D) + § @) B(7) = -3 8(7)





OPS/images/fonc.2021.750764/im8.jpg





OPS/images/fonc.2021.750764/im9.jpg





OPS/images/fonc.2021.750764/M1.jpg
[0






OPS/images/fonc.2021.750764/M2.jpg
-V .D(F) V @) + p(F)P(7






OPS/images/fonc.2021.750764/im4.jpg





OPS/images/fonc.2021.750764/im5.jpg





OPS/images/fonc.2021.750764/im6.jpg





OPS/images/fonc.2021.750764/im7.jpg





OPS/images/fonc.2021.750764/im3.jpg





OPS/images/fonc.2021.786289/im14b.jpg





OPS/images/fonc.2022.768137/M9.jpg
.v/';‘s Veamia 3N [ [0 ¢

(46)d a2~ / / 0-¥)aga)io

©





OPS/images/fonc.2021.786289/im14a.jpg





OPS/images/fonc.2022.768137/M8.jpg
Ey= V(46))d2 + 30,7 / / feiE-s) ®

(A0)d2 a2y / [ f 0-¥)agag)io





OPS/images/fonc.2021.786289/im14.jpg





OPS/images/fonc.2022.768137/M7.jpg
AS=@"





OPS/images/fonc.2021.786289/im13.jpg
re(,r)





OPS/images/fonc.2022.768137/M6.jpg
=V [DV @(r)] + p, P(r) - g(r)






OPS/images/fonc.2021.786289/im12.jpg
k)





OPS/images/fonc.2022.768137/M5.jpg
-V DV () -3V D/i(i -V(ag)dQ

‘;vuu,[/s[e(g,z')uo'mmm ©

O0) -, f [ / 05 -#) 012 - 4 = 0





OPS/images/fonc.2021.786289/im11.jpg
re(, ), (d; € {d,,

W)





OPS/images/fonc.2022.768137/M4.jpg
{

9(r,3) =
o(r,5)

91(r,3) + 40
0,(r,8) + A9

@)





OPS/images/fonc.2021.786289/im10.jpg





OPS/images/fonc.2022.768137/M3.jpg
01(ri5) = - @) + ))&





OPS/images/fonc.2021.786289/im1.jpg





OPS/images/fonc.2022.768137/M28.jpg
|Hzor = Macx|

CNR =
(WaorORor + Wack Onex)'

@8






OPS/images/fonc.2022.768137/M27.jpg
Dice

_2xny|

X[+ Y]

@





OPS/images/fonc.2021.786289/im16.jpg





OPS/images/fonc.2021.786289/im15.jpg





OPS/images/fonc.2022.768137/table1.jpg
Tissue 610 nm 630 nm 650 nm 670 nm

Ha (mm™) s (mm™) Ha (mm™") s (mm™) Ha (mm™") s (mm™) Ha (mm™") Hs (mm™)
Muscle 02971 55002 0.1605 5.1041 0.1164 4.6735 00870 4.2007
Heart 0.2015 7.3484 0.1085 7.0171 0.0786 6.7104 00588 6.4258
Stomach 0.0384 19.6728 0.0207 19.0667 0.0150 18.4973 00114 17.9615
Liver 1.2086 7.4826 0.6505 7.2334 0.4708 6.9999 03815 6.7807
Kidneys 0.2258 18.5421 0.1216 17.6605 0.0881 16.8465 0.0660 16.0929

Lungs 0.6687 38.0785 0.3622 37.4330 0.2630 36.8181 0.1964 36.2314






OPS/images/fonc.2022.768137/M24.jpg
B AxB

\MHHB” [ (A x [z, B

Simalarity = cos (6) [e)





OPS/images/fonc.2022.768137/M23.jpg
[osc, - @, | Specific spectrum

o
. { e, ~ v, [, - o, | St e
\eqno {\rm {\char40\ 23\char4 1\ } A





OPS/images/fonc.2022.768137/M22.jpg
{5‘,’ hrink((8' + 28AT(® - AS));, EA) (@)
E<1/]|ATA||,





OPS/images/fonc.2022.768137/M21.jpg
inl 2.
= ming A - "l SAls @





OPS/images/fonc.2022.768137/M20.jpg
in- 1
Min [|AuS - " g+ 2lsIho<P<1 (20)





OPS/images/fonc.2022.768137/M2.jpg
n ) Yin(r)Yin3) @)





OPS/images/fonc.2022.768137/M19.jpg
(19)






OPS/images/fonc.2022.768137/M18.jpg
MAn - MmAz
WA = AL
WA = A
MAz = An
MaAz = A
AL - M

a8)





OPS/images/fonc.2022.768137/M26.jpg
/(= 200 + (y = yo)? + (2 - 2 (26)






OPS/images/fonc.2022.768137/M25.jpg
- (25)
cond(A) = ||A|| - ||A™"|| (25)





OPS/images/fonc.2021.760689/fonc-11-760689-g006.jpg
B

IPS

IDCNN

3D View BLT-Transverse
EITH . AR . AR
\ Lo
E 10| 464550 55 404550 85
N 13 & EAITN ., | AT .
20 % 40 40 a0
W TG~ 0 5 {45 {45
Y(,.nm X(ml‘\'\\ 50 50 50
) 3045 50 85 4045 50 55 4045 50 55
o a0 a0 40
— 5 {as. {as 45
Ew o
ﬁ ‘ 40 45 50 55 40 45 50 65 40 45 50 55
15
20!
a0 40 a0
50
Y
(mm) s

3645 80 85

40 45 50 55

4645 50 55

Z=T3mn

BLT-MRI

Z=11mm
—
é’A 2R

Z=12mm

Z=16mm

Z=12mm

Z=16mm

QIO






OPS/images/fonc.2021.786289/M5.jpg
r(ri,r) = -xs, - Vo

3)





OPS/images/fonc.2021.760689/fonc-11-760689-g005.jpg
A
&
z
3}
=
B
&
Z
3}
=
c
wn
=
g
g

D view

L
5
cA
-
5\
a/.

(ww)A

S1-Sagittal

X(mm)

(wu)p

S2-Sagittal

X(mm)

(ww)A

X(mm) X(mm)
20
X 15
EP
=~ 5
15 10 5 0 15 10 5 0
X(mm) X(mm)
20|
X1
S
=~ 5
15 10 5 © 15 10 5 o
X(mm) X(mm)
20|
X1
g 10|
=~ 5
15 10 5 © 15 10 5 o
X(mm) X(mm)
20
X1s
3 .
= 5
15 10 5 0 1510 5 0
X(mm) X(mm)






OPS/images/fonc.2021.786289/M3.jpg
c®(r) + 285, - VO (r) (2)






OPS/images/fonc.2021.760689/fonc-11-760689-g004.jpg
Total LE(mm)

- so -

2~6

.
L]

BE= IPS
*
+
+
N
+
%‘
6~10 10~14

Barycenter Gap(mm)

IDCNN

+
14~18

Dice

12

1.0 .

2~6 6~10  10~14  14~18
Barycenter Gap(mm)





OPS/images/fonc.2021.786289/M23.jpg
“(rory) = ™ (7))

T (rory) (12)





OPS/images/fonc.2021.760689/fonc-11-760689-g003.jpg
IPS

IDCNN

IPS

IDCNN

B
3D view Sagittal 3D view Sagittal

10
Y(mm)





OPS/images/fonc.2021.786289/M21.jpg
rehd)= = E')‘"{"ﬂ"u,,d) (=12 0k j=1,2,00]) )





OPS/images/fonc.2021.760689/fonc-11-760689-g002.jpg
LE(mm)

20

15

1.0

05 ié

0.0

0~2

BE= IPS IDCNN

.

$
L]
é %
2~4 46

Depth(mm)

T

+
A
6

+

=

~8

Dice

12
B3 PS IDCNN
10 "
08
06 ﬁ
04
02 '
. :
0= 74 45 o8
Depth(mm)





OPS/images/fonc.2021.786289/M19.jpg
rew.d) = (10)





OPS/images/fonc.2021.760689/fonc-11-760689-g001.jpg
Data preprocess 1DCNN method Reconstruction result

Node number 3D view

Si id
igmoid

O
O
o
O

+

Surface photon
intensity

—
O

Q

Transverse view
Input Output

902%1 convolution full 1035*1
Convl1d(1,5,3 convolution connection
Conv1d(5,10,3)
convolution
Conv1d(10,20,3)






OPS/images/fonc.2021.786289/M17.jpg
=max{£}, k<€ [1,K]





OPS/images/fonc.2021.760689/crossmark.jpg
©

2

i

|





OPS/images/fonc.2021.786289/M15.jpg
Q= {r*a.hia

®)





OPS/images/fonc.2021.759897/table2.jpg
Habitat method

Non-habitat

Conventional thresholding-based
Conventional clustering-based

Adapted clustering-based

Conventional thresholding-based + Non-
habitat

Adapted clustering-based + Non-habitat

Adapted clustering-based + Non-habitat +
Conventional thresholding-based

Training set Testing set P-value

AUC Acc. Sens. Spec. AUC Acc. Sens. Spec. ™ T2

0.8751+ 0.8519+ 09601+ 0.5867 + 0.6938+ 0.7087+ 0.8486+ 0.3674+ <.001" <001*
0.0768 0.0752 0.0199 0.2234 0.0190 0.0232 0.0595 0.0836
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0.0628 0.0556 0.0184 0.1727 0.0164 0.0195 0.0295 0.0951

*Significant result.
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Methods Reconstructed source center (mm) Cond (A) LE (mm) Dice CNR T(s)

™ (49.04, 34.42, 48.36) 1.15e+11 0.938 0.36 4.25 228.37
SD (49.52, 32.96, 47.24) 5.87e+7 1.210 0.17 3.11 71.92
MDS (50.03, 33.90, 48.06) 1.14e+7 0.344 0.70 9.45 49.96

LE, location error:

CNR, contrast-to-noise ratio; TM, traditional multispectral;

8D, spectral derivative; MDS, multispectral differential strategy.
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Methods Reconstructed source center(mm) Cond (A) LE (mm) Dice CNR T(s)

™ (21.80, 8.04, 15.95) 6.79e+11 1.07 0.37 217 726.34
(15.73, 8.47, 15.75). 164

SD (22.07, 8.05, 15.60) 7.48e+11 107 0.52 3.45 75.41
(14.93, 7.74, 16.32) 091

MDS (22.60, 7.20, 15.84) 3.42e+11 0.63 0.59 379 58.06
(15.59, 7.51, 15.70) 078

LE, location error;

CNR, contrast-to-noise ratio; TM, traditional multispectral: SD, spectral derivative; MDS, multispectral differential strateqy.
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MDS

Reconstructed source center Cond LE Dice CNR T(s)

(mm) (A (mm)
(18.05, 8.85, 14.08) 5.26e 1111 0.22 3.09 394.49
(17.75, 8.83, 14.67) 5‘!51(3 0.881 0.55 4.84 50.82
(18.58, 8.11, 14.19) 7.;7:+9 0.855 0.56 5.74 23.07

LE, location error;

CNR, contrast-to-noise ratio; TM, traditional multispectral: SD, spectral derivative; MDS, multispectral differential strateqy.
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Single-source model Dual-source model

Specific Cosine Spectral Cosine Specific Cosine Spectral Cosine

spectrum similarity differential similarity spectrum similarity differential similarity

610 0.9270 610-630 0.9730 610 0.9545 610-630 0.9791

630 0.9789 610-650 0.9891 630 0.9758 610-650 0.9842

650 0.9889 610-670 0.9898 650 0.9824 610-670 0.9874

670 0.9896 630-650 0.9887 670 0.9863 630-650 0.9869
630-670 0.9894 630-670 0.9893
650-670 0.9899 650-670 0.9893

Mean + SD 0.9711 + 0.0298 Mean + SD 0.9867 + 0.0067 Mean + SD 0.9747 + 0.0142 Mean = SD 0.9860 + 0.0039

MC, Monte Carlo; DE, diffusion equation.
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IPS 0.78 +0.38 0.69 + 0.53 1.46 + 0.63 0.49 +0.17
1DCNN 0.52 + 0.36 0.50 + 0.41 1.02 +0.45 0.68 + 0.13
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P-EDDRS+Tikhonov
P-EDDRS+DSVD
P-EDDRS+Tikhonov
P-EDDRS+DSVD
P-EDDRS+Tikhonov
P-EDDRS+DSVD

P-EDDRS, probabilistic energy distribution density region scaling; DSVD, damped singular value decomposition.

Size/mm

R=1.00
R=1.00
R=125
R=125
R=150
R=1.50
R=175
R=175

Reconstructed center/mm

19.92, 8.38, 14.68
19.65, 8.51, 14.57
19.92, 8.38, 14.68
19.65, 8.50, 14.56
19.92, 8.38, 14.68
19.64, 8.51, 14.55
19.92, 8.38, 14.68
19.64, 8.50, 14.57

E /mm

0.50
0.76
0.50
0.75
0.50
0.77
0.50
0.75

Dice

0.71
0.72
0.80
0.78
0.78
0.80
0.78
0.76

Ry

0.82
0.87
1.23
1.15
1.24
0.95
1.09
0.97
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Method Reconstructed center/mm Ei/mm Dice Ry Rr

ISPR+Tikhonov 8.34, 16.63, 24.86 1.62 0.15 237 0.891
ISPR+DSVD 9.08, 156.10, 24.77 0.66 0.44 0.39 0.980
TWD+Tikhonov 8.95, 16.92, 24.91 0.70 0.49 0.46 0.656
TWD+DSVD 10.81, 16.17, 24.96 1.47 0.16 1.98 0.923
P-EDDRS+Tikhonov 9.60, 16.92, 24.71 0.52 0.72 0.88 0.604
P-EDDRS+DSVD 9.80, 15.48, 25.21 0.37 0.87 0.82 0.757

P-EDDRS, probabilistic energy distribution density region scaling; CLT, Cerenkov luminescence tomography; ISPR, iterative shrinking permissible region; DSVD, damped singular value

decomposition; TWD, three-way decision.
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Method Reconstructed center/mm E/mm Dice Ry Rr

Tikhonov 9.11,15.62, 27.67 271 0.11 0.64 0.828
P-EDDRS+Tikhonov 9.60, 15.92, 24.71 0.52 0.72 0.88 0.694
DSVD 8.34, 16.63, 24.86 1.62 0.12 1.50 0.846
P-EDDRS+DSVD 9.80, 15.48, 25.21 0.37 0.87 0.82 0.757
LassoLSQR 7.22,16.06, 24.74 2.36 0 1.32 0.860
P-EDDRS+LassoLSQR 9.85, 156.51, 25.25 0.43 0.87 0.82 0.859
OMP 8.34, 16.63, 24.86 1.62 0.12 1.39 0.880
P-EDDRS+OMP 9.50, 15.28, 24.96 0.22 0.86 1.14 0.847

P-EDDRS, probabilistic energy distribution density region scaling; CLT, Cerenkov luminescence tomography; DSVD, damped singular value decomposition; LassoL.SQR, Lasso and Least

Square QR-factorization; OMP, orthogonal matching pursuit.
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Model LE (mm) Dice CNR T(s)
DE 2479 0 3.121 178.78
SPs 1.848 0.12 3.678 2,054.61
HDSM 1.845 0.13 3.716 10,306.12
MRHM 1515 0.17 5.982 476.01
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Wavelength

Multispectral

Model

DE
SPs
HDSM
MRHM

Real source center (mm)

(19, 8, 14.5)

Reconstructed source center (mm)

(1857, 6.94, 13.99)
(18.63, 8.81, 14.62)
(18.20, 7.89, 14.11)
(18.61, 8.45, 14.19)

LE (mm)

1.257
0.897
0.898
0.672

Dice

0.33
0.53
0.53
0.80

CNR

0.730
3.602
2672
5.979

T(s)

70.85
3,340.19
26,927.43
953.27
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Wavelength Model Real source center (mm) Reconstructed source center (mm) LE (mm) Dice CNR T(s)

610 DE (19, 8, 14.5) (18.32, 8.72, 14.68) 1.013 0.38 1.110 36.07
SP; (19.18, 7.55, 14.37) 0.502 0.53 3.338 1,665.19
HDSM (19.17, 7.55, 14.38) 0.496 0.53 3.482 13,483.47
MRHM (19.16, 7.58, 14.37) 0.465 0.58 8.268 491.43

630 DE (19, 8, 14.5) (18.09, 6.95, 13.68) 1.618 0.43 0.659 37.97
SPy (18.19, 7.87, 14.10) 0.910 0.58 2623 1,658.26
HDSM (18.18, 7.85, 14.09) 0.934 0.53 2.556 13,468.56
MRHM (18.57, 8.85, 14.46) 0719 o7 3.625 478.97
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Wavelength Model ARE System matrix dimension t (s) t2(s)

610 DE 0.02627 22,155"22,155 68.38 7117
SP3 0.01028 44,310%44,310 1,639.36 81.16
HDSM 0.01007 44,310%44,310 248.77 428.43
MRHM 0.00850 30,610*30,610 272.83 56.15

630 DE 0.00674 22,155'22,155 66.11 65.21
SPy 0.00649 44,310%44,310 1,749.22 79.28
HDSM 0.00667 44,310"44,310 226.57 381.06
MRHM 0.00622 30,610*30,610 273.23 57.68
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Tissue 610 nm 630 nm
Ha (MM Hs (mm™) 9 Ha (Mm™) Hs (mm™) 9

Adipose 0.0127 21.1647 0.94 0.0069 20.7961 0.94
Heart 0.2015 7.3484 0.85 0.1085 7.0171 0.85
Stomach 0.0384 19.6728 0.92 0.0207 19.0667 0.92
Liver 1.2086 7.4826 0.90 0.6505 7.2334 0.90
Kidneys 0.2258 18.5421 0.86 0.1216 17.6605 0.86
Lungs 0.6687 38.0785 0.94 0.3622 37.4330 0.94
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Tissues Muscle Heart Kidney Lung Liver

Ua 0.086201 0.058270 0.065341 0.194691 0.348867
s 0.429071 0.963871 2.253010 2.173884 0.678066

In units of mm-'.





OPS/images/fonc.2021.750764/crossmark.jpg
©

2

i

|





OPS/images/fonc.2021.750764/fonc-11-750764-g001.jpg





OPS/images/fonc.2021.749889/M3.jpg





OPS/images/fonc.2021.749889/M4.jpg
(4)





OPS/images/fonc.2021.749889/M5.jpg





OPS/images/fonc.2021.749889/M6.jpg
AQ-T |13 +uiQly ()





OPS/images/fonc.2021.749889/im2.jpg





OPS/images/fonc.2021.749889/M1.jpg
PE) V) + Iklipir) = Q) r 8 2
J(r) = -D(r)(v- V(r)) rean

&





OPS/images/fonc.2021.749889/M2.jpg





OPS/images/fonc.2021.786289/fonc-11-786289-g002.jpg
y

Unit: mm

z(mm)

© source
x__detector

- W
=)

120 100 80 60 40
v(mm)

20






OPS/images/fonc.2021.786289/fonc-11-786289-g001.jpg
D

Source Platg .

N

9
N
mI - .Q‘AQ‘—
=¢D - - 4 d
a‘m - . -
=-Q CO i e
o &%
S Detector Plate






OPS/images/fonc.2021.786289/crossmark.jpg
©

2

i

|
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Patient/ Diagnostic  Eye Tumor Treatment Tumor LCT—before  LCT—after treatment  The fellow

gender age location thickness treatment (um) eye
(wm) (um)
1M 37 OU  Peripapillary 3 Anti-VEGF injections (OU) 494.04/545.2  261.0/236.1 258.2/237.1
2/FM 14 R Peripapillary 2 Anti-VEGF injections 290.1 421.4 382.2 207.4
3/FM 33 R Macular 3 Anti-VEGF injections (OU) 1143.8 689 692.3 646.5
4/M 28 L Peripapillary 7 Anti-VEGF injections and 3 376.2 694.1 638.1 655.4
PDT
5/M 25 OU  Peripapillary None 515.8/668.2  525.7/512.4
6/M 25 L Peripapillary 3 Anti-VEGF injections 1128 525.2 502.3 533.1
7/FM 30 R Peripapillary- 12 Anti-VEGF injections and 3 1391.3 697.6 671.5 4941
macular PDT
8/FM 25 R Peripapillary 6 Anti-VEGF injections and 3 1299.8 556.8/511.9 511.7/499.7 522.6
PDT
9/FM 18 R Peripapillary 12 Anti-VEGF injections 1108.8 633.9 602.6 611.4
10/FM 27 OU  Peripapilary 3 Anti-VEGF injections (OU) 1056.7/ 545.7/578.6 521.6/533.6
1125.6
11/FM 36 L Macular 2 Anti-VEGF injections 1446.6 296.7 281.2 388.1
12/FM 45 OU  Peripapillary 4 Anti-VEGF injections 1332.6/118.4  443.6/411.6 409.4/398.6
13/M 30 OU  Peripapillary 2 Anti-VEGF injections 1722.6/ 512.6/508.9 501.3/478.9
1168.5
14/FM 15 QU  Peripapillary 12 Anti-VEGF injections (OU) 1010.6/835.0 ~ 487.0/545.4 476.5/533.6
15/FM 25 QU Peripapillary 3 Anti-VEGF injections and 2 1507.8/ 368.8/401.3 338.9/382.7
PDT 1275.7
16/FM 36 R Macular 2 Anti-VEGF injections 688.8 376.8 354.6 290.1
17M 37 L Peripapillary 3 Anti-VEGF injections 789.6 412.6 402.1 306.7
18/M 38 R Peripapillary 4 Anti-VEGF injections 988.6 694.1 608.2 621.5
19M 25 L Peripapillary 5 Anti-VEGF injections 1149.7 511.4 483.2 511.7
20/M 16 R Peripapillary 3 Anti-VEGF injections 1713.4 427.5 406.5 513.2
21/FM " L Peripapillary None 861.6 557.2 521.6
22/FM 8 R Peripapillary None 1354.3 299.1 432.2
23/FM 28 R Peripapillary 2 Anti-VEGF injections 2227.9 396 327.7 468.5
24/FM 21 R Peripapillary 3 Anti-VEGF injections and 2 2136.6 388.1 353.6 432.5
PDT
25/FM 20 L Macular 3 PDTand 2 KLP 984.8 2313 230.1 4491
26/M 25 B Peripapillary 2 Anti-VEGF injections 1397.6 571.6 516.6 588.4

L CT, largest choroidal thickness; PDT, photodynamic therapy; KLP, krypton lasers photocoagulation.





OPS/images/fonc.2021.762394/fonc-11-762394-g004.jpg





OPS/images/fonc.2021.747608/fonc-11-747608-g003.jpg
=

100 Li# 00

] o pHso
£ s 2.l Shhes
R B § | oo
H Pt i
e -
i 4 GO
IREEEEEE] I PERETEE]
T gt T o)
°
H
g
9
B— ——
min  2ma 3mn  Amn  Sme

Baa orny D’ prry TIME ()

Py





OPS/images/fonc.2021.762394/fonc-11-762394-g003.jpg





OPS/images/fonc.2021.747608/fonc-11-747608-g004.jpg
of MDA-MB-231 MCF-T MCF-10A

T eacw T saces o cce
H b | = i b
H Swe 8 e d o
! e 3 Ihe 3 e
H S i
i i i
H 4 H
H H H
3, 3 3 .
xS om S 5 T3 s om o 5 T 3
W a o 01 03 1 3 [
°
-t
= o T

ot vy o contl)






OPS/images/fonc.2021.762394/fonc-11-762394-g002.jpg





OPS/images/fonc.2021.762394/fonc-11-762394-g001.jpg





OPS/images/fonc.2021.762394/crossmark.jpg
©

2

i

|





OPS/images/fonc.2021.690152/table1.jpg
Groups Tumors

Targeted group Maximum diameter (mm)
Volume (mm®)

Sono Vue Maximum diameter (mm)
Volume (mm?®)

Pre MWA

7.73 £1.07

124 +34.05

7.5683 £0.78
116.07 + 22.26

Pro MWA

843+ 1.01"
171.23 + 33,18

7.90 +0.82"
142.99 + 27.90"

The significance of the difference between before and after ablation (¢*"P > 0.05).
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