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Abstract

:

The global surge in aging populations has intensified osteoporosis challenges, necessitating improved diagnostic methods. While dual X-ray absorptiometry (DXA) is the conventional standard in assessing bone mineral density (BMD), the exploration of quantitative computed tomography (QCT) has been proposed, particularly phantomless techniques. Challenges in single-energy CT, emphasizing internal calibration standards like subcutaneous fat, are discussed. Advances in PL-QCT, notably with automatic region of interest (ROI) selection, show improved accuracy. Dual-energy CT (DECT) introduces new dimensions for musculoskeletal analysis. Despite advancements, challenges persist, including interindividual variability and patient-specific factors. Evolving single-energy CT and DECT techniques show promise in refining BMD assessment and osteoporosis diagnosis, enhancing patient care. Continued research and integration into clinical practice are vital for realizing these advancements’ full benefits. In this review, we evaluate and summarize current evidence on the feasibility and different approaches to achieve analysis of BMD with phantomless QCT.
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1. Introduction


In recent decades, global aging has outpaced historical trends, especially in developed nations, assisted by improved living conditions and advancements in medicine, that contribute to longer lifespans. This shift is significantly impacting healthcare systems as age-related pathologies surge, including osteoporosis. Osteoporosis is a systemic skeletal disorder characterized by reduced bone mineral density and microarchitectural deterioration of bone tissue, often associated with aging, hormonal changes, and inadequate bone formation [1,2].



Elderly individuals with osteoporosis are burdened by an elevated risk of experiencing fragility fractures after minor trauma, which is a primary contributor to reduced mobility and vulnerability among aging cohorts [3,4]. Prevention strategies include a balanced diet rich in calcium and vitamin D, regular weight-bearing exercise, and pharmacological interventions aimed at preserving bone mass [1,2]. Since pharmacological prevention only accounts for about 5% of the costs associated with osteoporosis [5] and considering that managing complications like fractures is considerably more challenging and costly, there is a heightened necessity and convenience for early identification of individuals at risk of developing osteoporosis. Achieving an early diagnosis and understanding the molecular and genetic factors contributing to osteoporosis are crucial for developing targeted therapies and improving overall bone health.



In 1994, the World Health Organization proposed, dual X-ray absorptiometry (DXA) as the gold standard for the diagnosis of osteoporosis [6,7] (Figure 1). To date, DXA is a widely accessible, well-standardized technique that quantifies bone mineral density (BMD-g/cm2) using two X-ray beams of different energies. Nevertheless, several studies have demonstrated that DXA’s results can be hindered in assessing BMD [8], due to body composition variations, overlying soft tissue, and vascular calcification, which can cause distortions in the measurements [9,10,11,12].



Clinical practice has relied on DXA to assess bone strength through the typical BMD in a specific region. However, because DXA also ignores 3D bone structure, the representative BMD cannot be a great standalone indicator of bone strength. Several reports have demonstrated that diverse bone architectures in patients with the same BMD might lead to different fracture risks.



Some of these issues might potentially be solved by quantitative computed tomography (QCT), particularly by measuring the volumetric BMD of trabecular bone. This technique makes it easier to analyze localized BMD since it can distinguish between cortical and trabecular bone [13], and it also offers a precise volumetric BMD quantification measured in mg/cm3 rather than g/cm2 units [13,14]. Moreover, QCT tests are not affected by common para-physiologic conditions, often observed in the elderly, such as osteophyte or aortic calcification [15].



The main limit is that these measurements cannot be applied retroactively, but rather they must be performed using calibration phantoms [16,17,18,19]. Phantom-based QCT (PB-QCT), which encompasses synchronously calibrated QCT and asynchronously calibrated QCT, and phantomless QCT (PL-QCT) are the two primary categories of QCT. The PB-QCT examination requires a reference phantom made of materials such as K2HPO4 with known densities to accurately quantify the BMD values. In contrast to PB-QCT, PL-QCT does not require simultaneous scanning of the external phantom to assess BMD.



The aim of the review is to evaluate the feasibility and different approaches applied to achieve QCT BMD assessment with the phantomless calibration techniques. Being that to the end of predicting the risk of osteoporotic fractures, the most important feature is the detailed assessment of trabecular BMD, we decided to focus our paper on the analysis of trabecular bone.




2. Materials and Methods


In July 2023, two researchers (C.A.M., 12 years of experience, and D.V., 4 years of experience) employed National Library of Medicine databases, including PubMed, NLM catalog, MeSH, and Bookshelf, for the research using the following keywords: “phantomless quantitative”. Titles and abstracts of all the papers were analyzed by the two researchers. Papers were included for further in-depth review if the focus was on PL-QCT to investigate osteoporosis or osteopenia (Figure 2). The references of the eligible studies were screened manually to identify additional studies of potential interest. The characteristics and major findings of the studies included are summarized in Table 1 and Table 2.




3. Discussion


3.1. Single-Energy CT


Single-energy CT utilizes a single X-ray energy level to generate detailed anatomical images by measuring tissue attenuation [20,21]. Its applications range from diagnostic imaging to quantitative analysis, providing valuable insights into tissue composition and pathology [20,21].



Before performing any quantitative analysis, it is important to consider all the factors that may impact CT Hounsfield Unit (CTHU) stability, such as the type of scanner used, the patient’s body size, and all the parameters for the scan algorithm. One way to reduce errors is by using the subcutaneous fat and paraspinal muscle as internal calibration standards.



Therkildsen et al. [22], by using two different approaches, compared the agreement and precision of BMD measurements: in a cohort of patients with chronic kidney disease, asynchronous PB calibration and PL internal tissue calibration were used. For the latter, a similar approach to the one described for the PB assessment was used to manually place elliptical volumes of interest (VOIs) in the front portion of the mid-vertebral body. On each image, VOIs of muscle and fat were positioned on the right side within the posterior subcutaneous fat, and on the left, within the paraspinal muscle group. The objective was to produce a normal distribution on the HU histogram with a prominent Gaussian fit within the predetermined values. The variable HU distribution inside the muscle and fat ROI could be a drawback. As muscle CT numbers rely on the patient’s level of hydration, other variables that might affect accuracy and precision include differences in the patient’s vasculature and cellularity. It was found that the measured BMD with phantoms was higher than the measured BMD without phantoms. Despite a negligible absolute difference of 3.3 mg/cm3 and a negligible relative difference of 5.1%, interindividual variances were substantial. In comparison to the PB approach, the PL methodology exhibits a higher intra- and inter-operator variability. Although there were several connections between the techniques, each person’s between-method difference varied greatly.



Due to the manual selection of the region of interest (ROI) of body tissues in the conventional PL-QCT system, its repeatability could be rather low. One significant issue with the conventional PL-QCT is solved by the automatic selection of the ROI for fat and muscle. This process also increases the accuracy of the BMD data by computing BMD values using the calibration factor.



Liu et al. [23] used this innovative system with automatic ROI selection, which makes BMD testing easier, dramatically increasing accuracy if compared to conventional BMD measuring techniques. In a work of Lee et al. [24], the automated ROI technique was used to calibrate the findings of the BMD measurement using the subcutaneous fat and paraspinal muscle as internal calibration standards. Several methods were used to successfully select body tissue ROIs from CT images. First, to accomplish segmentation of various body tissues in CT images, the HU scale was used. As reported by the authors, the determination of the HU range was based on clinical practices and experts’ observations of spinal CT scans: fat (HUmin = −150; HUmax = −50) and muscle (HUmin = 20; HUmax = 80). Each patient had two or three vertebrae examined, with L1–L3 of major consideration. In the PB-QCT study, an ROI with a restricted range of adjustment was chosen for each vertebra. The anterior portion of the vertebral body was automatically assigned an elliptical VOI, which was then manually modified as needed. The posterior venous plexus and any specific disease, such as bone islands and calcified herniated disks, were avoided to obtain the most accurate values. On each picture, VOIs of muscle and fat were positioned in almost the same locations: on the right side, in the posterior subcutaneous fat, and on the left, in the paraspinal muscle group. For the best match, the VOI’s size and form for muscle and fat were modified to produce a normal distribution on the HU histogram with a dominating Gaussian fit within the predetermined values.



Similar PL-QCT was used by Xiongfeng et al. [25], with the automatic function of selecting vertebrae, hip, fat, and muscle ROIs and using fat and muscle ROI CT values to calibrate BMD results with high precision.



For the five different mineral compositions of the reference phantom that were captured in the same CT scans, Lee et al. [26] employed five ROIs. The multiple regression models were used to create the PL HU-to-BMD conversion equations using a stepwise regression technique. The dependent variables were the HU value, circumference, and bone area; the BMD value was the independent variable. The images of the spine and hips were initially segmented. As post-processing, holes were filled, and surfaces were smoothed. The segmented pictures were then instantly transformed from each voxel to a matching 8-node solid element. Using the BMD modulus connection for the spine and femur, the elastic moduli of each finite element were converted from the estimated and reference BMD values of each voxel.



Since the attenuation factor of the patient’s soft tissue (psoas and fat) is significantly different from that of bone, using body anatomical markers may affect accuracy. For most contemporary scanners, the calibration factor (ratio in actual density phantom rod and CTHU, mg/cm3/CTHU) was developed, and it could be helpful for assessing BMD.



Mueller et al. [27] discussed the integration of PL-BMD devices into non-dedicated QCT scans of thoracic and abdominal areas, in a head-to-head PB-BMD vs. PL-BMD calculation. With a 9 mm high cylinder to provide a constant VOI, the program automatically placed the elliptic ROI into the trabecular bone compartment of each vertebra. Each tissue ROI’s CT number was computed under the assumption of a normal distribution. The program defined the histogram to represent the major tissue component, considering the variable levels of interstitial fat inside the muscle ROI. They concluded that, although PL-BMD’s accuracy is less accurate than that of PB-BMD systems, it is a reliable clinical tool for detecting decreased BMD over a wide patient group.



In the study by Pickhardt et al. [28], oval ROIs are positioned on the vertebral body, paraspinal musculature, and subcutaneous fat at each level from T12 to L5, respectively, during PL-QCT. The transverse plane of section is angled to be parallel with the end plate at each level using a sagittal reconstruction. The basivertebral venous plexus posteriorly, the surrounding cortical bone, and any localized lytic or sclerotic lesion are all avoided while placing the vertebral body ROI in the anterior trabecular area. Software generates a BMD measurement (in gm/cc), which was utilized as the primary QCT outcome measure for comparison with the DXA T-score. At L1, a trabecular ROI attenuation cut-off of 160 HU was 100% sensitive (29/29) and 46.4% specific (104/24) for osteoporosis. Area under the curve for osteoporosis using trabecular ROIs at single lumbar levels was 0.888 for PL-QCT and ranged from 0.825 to 0.853.



In a study by Weaver et al. [29] L1–L5 HU values were converted to mg/cc using linear regressions between the mean HU values obtained from the phantom ports and the known mg/cc values. To produce a conversion for L1–L5 HU measurements to mg/cc, a PL calibration approach was established, where the fat and muscle HU values were linearly regressed against the ground truth values for fat (69 mg/cc) and muscle (77 mg/cc). For the 50 participants, the mean lumbar volumetric BMD (vBMD) estimated using the two methods (QCT vs. PL) was compared to determine agreement. Excellent agreement was seen in the linear regression of lumbar vBMD produced from the QCT vs. PL calibrations (p = 0.0001). The PL approach can be widely used to both prospectively and retrospectively measure patient bone quality for research and clinical investigations related to motor vehicle crash injuries, falls, and aging, especially since lumbar vBMD was computed from PL-QCT scans with accuracy comparable to QCT.



In another recent study, 1175 participants had QCT for both BMD and low-dose chest CT. For vertebral body segmentation and labeling, two convolutional neural network (CNN) models were used, respectively. Vertebral BMD was calculated using a histogram approach, with paraspinal muscle and surrounding fat serving as references [30].



By using the subcutaneous fat and paraspinal muscle as internal references and automatically setting their coordinate ROIs for BMD calibration, a recent study accomplished the aim of predicting cage placement after extreme lateral interbody fusion [31]. The authors used the following steps to assess the analysis: the best muscle and fat ROIs were automatically placed for calibration based on a priority algorithm in locations closer to the vertebrae position provided by the user; the segmentation of muscle and fat tissue was performed using an HU range; and followed by the construction of a convolution map based on a kernel pyramid for better tissue boundary robustness. The authors reported that the PL-QCT system can improve the accuracy of vBMD measurements, possibly contributing to the evaluation of patients who underwent cage placement after extreme lateral interbody fusion [31].



The studies included emphasize the challenges related to CTHU variance among scanners, particularly in the context of BMD measurement. Various calibration methods are explored, ranging from manual to automatic ROI selection, with a particular focus on enhancing accuracy through innovative techniques like asynchronous PB calibration and PL internal tissue calibration. The adoption of automatic ROI selection is proposed as a pivotal strategy to improve the precision and repeatability of BMD measurements, showcasing the potential of these advancements for reliable clinical applications in detecting decreased BMD across diverse patient groups.




3.2. Dual-Energy CT


DECT is a more recent imaging modality, which concurrently captures images at two distinct energy levels, enabling refined tissue characterization [32,33]. Widely applied for material decomposition and virtual non-contrast imaging, it also enhances lesion detection and characterization [32,33]. Its diverse applications make it a valuable tool across medical disciplines, contributing to more precise diagnostic capabilities in scientific research. In contrast to traditional CT, material distinction in DECT can provide novel, pertinent information for several musculoskeletal applications [34,35]. A DECT-based post-processing algorithm has recently been evaluated, allowing PL volumetric BMD assessment of lumbar trabecular bone. The accuracy of PL volumetric DECT BMD evaluation based on lumbar spine material breakdown, as an indication for the 2-year occurrence risk of osteoporosis-associated fractures, was studied retrospectively by Gruenewald et al. [36]. They first characterized the trabecular VOI in 3D, prior to performing a PL vBMD evaluation of the L1 vertebra. The whole vertebral body’s trabecular bone—not cortical bone—was included in the VOI for this analysis. The VOI and the two DECT series (90 and 150 kVp) were loaded into a second measure of the volumetric BMD.



The algorithm uses specialized material breakdown to identify between each voxel’s collagen matrix, calcium hydroxyapatite, water, fat marrow, and adipose tissue composition, as exposed in a previous work by Nickoloff et al. [37]. They employed a biophysical model-based technique that considered the five main components of trabecular bone. The fraction of the volume occupied by the matrix material (i.e., bone mineral + collagen), VTB, and the volume of fat tissue, VF, are related to the HU intensities of both imaging data sets at 90 and 150 kV. The remaining variables are energy-related constants, and the values for t and g are 0.92 and 1.02, respectively. Therefore, values for VTB and VF can be acquired by calculating the mean intensity for an area of the trabecular bone in both imaging data sets, and the BMD value BM expressed in g/cm3 can be determined from VTB.



Using a similar approach, Booz et al. [38] identified the trabecular VOI of each vertebra, not only L1 like the previous study, but from L1 to L4. The selected VOI was the whole vertebral body’s trabecular bone, carefully excluding the cortical bone. The VOI and the two DECT series (90 and 150 KVp) were used as input for the volumetric BMD evaluation. A second step was to distinguish among red blood cells, water, collagen matrix, bone minerals, and adipose tissue for each voxel, was used to perform volumetric BMD evaluation.



For PL assessment of the cancellous BMD of vertebral pedicles and to investigate the relationship with pedicle screw pull-out strength, Wichmann et al. [39] examined the quantitative DECT. First, a template mesh representing each pedicle screw vector in the 3D image data set was automatically added using an automated method for recognizing vertebral anatomy. The user then evaluated this template mesh to determine how to appropriately exclude cortical bone and delineate the cancellous pedicle screw vector and, if necessary, manually deform it. The labeled volume and the two image data sets corresponding to the low-energy and high-energy DECT scans were then imported into the analysis application.



According to the calculated spatial cancellous BMD distribution for all indicated locations, each voxel in the bone region considered of each pedicle vector was assigned a unique BMD value. Both a global value for the whole pedicle screw vector and particular values for each pedicle segment were calculated. The 3D representation of the estimated spatial distribution of cancellous BMD values in the resultant pedicle screw vector was shown and overlaid on the vertebral model. Red indicates places with low BMD, white areas with normal BMD, and blue areas with high BMD. They concluded that the vertebral pedicle can be evaluated for PL-BMD using quantitative DECT. In comparison to other segments, BMD of the intrapedicular segment correlated with pedicle screw pull-out strength much more strongly.



DECT, capturing images at two energy levels, proves invaluable for precise tissue characterization and material decomposition in musculoskeletal applications. Recent advancements include a DECT-based algorithm for lumbar trabecular bone assessment, demonstrating potential in predicting the 2-year risk of osteoporosis-associated fractures. Automated PL-QCT programs and quantitative DECT analysis further enhance accuracy in BMD measurements, offering a comprehensive approach for clinical evaluation and research in the field of bone health.





4. Future Perspectives: Artificial Intelligence


In the rapidly evolving landscape of osteoporosis diagnosis and imaging, future perspectives hold promising developments, particularly with the integration of advanced technologies such as artificial intelligence (AI). This is a branch of computer science focused on developing systems that can perform tasks that typically require human intelligence [40,41,42,43]. In various fields, AI algorithms analyze data, learn patterns, and make predictions, offering solutions ranging from image recognition and natural language processing to complex problem solving. In healthcare, AI is increasingly utilized for diagnosis, prognosis, and treatment optimization, showcasing its potential to enhance efficiency and accuracy in medical applications [44,45,46].



DECT, as discussed earlier, showcases potential for precise osteoporosis risk assessment. Incorporating AI algorithms into DECT analysis could further refine predictive models, leveraging machine learning to enhance fracture risk predictions based on intricate bone composition details captured by DECT. On the other hand, strategies applied to single-energy CT can have broader and more extensive applications, including the analysis of already acquired images and follow-up assessments. Furthermore, ongoing research, as exemplified by Gruenewald et al., emphasizes the potential of DECT-based algorithms for volumetric BMD assessments [36]. The automated identification of trabecular bone components and the application of biophysical models could revolutionize BMD evaluations, offering more nuanced insights into bone health and fracture susceptibility. On this perspective, the integration of AI into traditional and advanced imaging modalities opens avenues for automated ROI selection, precise material breakdown, and improved diagnostic accuracy, possibly streamlining the assessment process, reducing the time-consuming nature, and ensuring consistency across multiple regions [41,47].



Opportunistic osteoporosis screening could be performed on CT images acquired for other purposes. On this respect, Yang et al. recently reported, using an AI-based solution, that attenuation values in thoracic and first lumbar vertebrae, particularly in menopausal women, showed a strong correlation with osteopenia and osteoporosis risk. A 10 HU increase in CT values significantly reduced this risk. The combined diagnostic efficacy of all thoracic vertebrae surpasses that of a single vertebra, providing a valuable, radiation-efficient method to identify, using the opportunistic approach, high-risk individuals, possibly reducing fracture incidence [48].



Another recent and intriguing perspective involves a predictive model designed to detect osteoporosis using radiomic features extracted from lumbar spine CT images [49]. This radiomic model demonstrated excellent performance, with an area under the curve of 0.994 (95% confidence interval: 0.979–1.00), effectively distinguishing between normal BMD and osteoporosis in lumbar spine CT images [49].



Moreover, AI can be applied also to MRI to detect osteoporosis. For instance, Ferizi et al. reported the results of a prospective case—control study involving women with and without fragility bone fractures that employed 15 machine learning classifiers on 3T 3D FLASH MRI data [50]. This study underscored the potential of machine learning in predicting osteoporosis and fractures on MRI.



Looking ahead, the use of AI in osteoporosis imaging is not only limited to diagnostic applications but extends to predictive analytics. As technological capabilities advance, AI models may evolve to predict individualized fracture risk based on comprehensive imaging data, patient demographics, and clinical history.



Consideration should also be given to recent technical developments in imaging acquisition. On this respect, there have been recent attempts to diagnose osteoporosis using MR-based proton density fat fraction (PDFF) measurements. In a recent study, CT-based HU values demonstrated good performance and PDFF showed fair performance to diagnose osteopenia and osteoporosis, suggesting that PDFF also could be used to investigate BMD without exposure to ionizing radiation [51].



In summary, the future of osteoporosis imaging holds significant promise with the integration of artificial intelligence, particularly in refining diagnostic accuracy, automating analysis processes, and advancing predictive modeling.




5. Conclusions


The present review explores recent advancements in QCT and DECT. PL-QCT techniques, both single- and dual-energy, emerge as promising tools for accurate BMD assessments in addition to the traditional bone density assessment methods, such as DXA. Moreover, the integration of AI holds transformative potential, enhancing diagnostic accuracy and predictive modeling. The convergence of AI with advanced imaging technologies, like DECT, offers a path toward personalized and effective osteoporosis management strategies in the future. Additional research is required to pinpoint the most effective imaging strategy for detecting osteoporosis, ensuring a thorough understanding of the topic.
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Abbreviations




	3D
	Three-dimensional



	BMD
	Bone mineral density



	CT
	Computed tomography



	CTHU
	Computed tomography Hounsfield Unit



	DXA
	Dual X-ray absorptiometry



	PB
	Phantom-based



	PL
	Phantomless



	PB-BMD
	Phantom-based BMD



	PLBMD
	Phantomless BMD



	PB-QCT
	Phantom-based QCT



	PL-QCT
	Phantomless QCT



	QCT
	Quantitative computed tomography



	QDECT
	Quantitative dual-energy CT



	ROI
	Region of interest



	vBMD
	Volumetric bone mineral density



	VOI
	Volume of interest
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Figure 1. Dual-energy X-ray absorptiometry (DXA) for measuring BMD of the spine at the level of L1–L4 (A), femoral neck (B), and whole body (C). 
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Figure 2. Flowchart for study search and selection. 
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Table 1. Main characteristics and findings of the analyzed single-energy CT studies included in the review.
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	Year
	First Author
	Technique
	Results





	2010
	Mueller et al.
	PB-BMD vs. PL-BMD T12–L4
	A minor BMD bias of 0.9 mg/cm3 for the PL-BMD option was found



	2011
	Pickhardt et al.
	T12–L5 levels assessed using both PL-QCT and straightforward non-angled ROI MDCT attenuation measures
	For BMD screening at CTC, both PL-QCT and straightforward ROI attenuation measurements of the lumbar spine are useful, with excellent sensitivity for osteoporosis as determined by the DXA T-score



	2015
	Weaver et al.
	PB-QCT vs. PL-QCT approach in L1–L5
	Excellent agreement was seen in the linear regression of lumbar vBMD produced from the PB vs. PL calibrations



	2017
	Lee et al.
	Spine and hip analysis using air and either hip adipose tissue or aortic blood as calibrating reference materials
	Calibrated measurements using phantoms and PL were equivalent



	2018
	Therkildsen et al.
	PL internal tissue calibration performed on 3 consecutive vertebrae from T12 to L4
	The PL technique has a higher intra-operator variability (5.8%) than the PB method (0.8%) and a higher inter-operator variability (5.8%) than the PB method (1.8%)



	2019
	Lee et al.
	PL HU-to-BMD conversion using a multiple linear regression model
	Significant correlations between the BMD values calculated using the suggested HU-to-BMD conversion and those obtained using the reference phantom



	2022
	Liu et al.
	Newly developed automatic PL-QCT system
	According to the findings of the BMD test, the autonomous PL-QCT system exhibited more precision than earlier studies that used QCT while still being able to detect osteoporosis similarly to DXA and PB-QCT



	2022
	Xiongfeng et al.
	PL-QCT system
	PL-QCT can predict osteoporosis with a fair amount of precision and accuracy



	2023
	Pan et al.
	QCT using CNN
	The proposed-method-measured BMDs were higher than QCT-measured BMDs in a cohort of study



	2023
	Di et al.
	PL-QCT using automatic calibration technique
	Preoperative BMD was an independent risk factor for postoperative cage subsidence after extreme lateral interbody fusion
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	Year
	First Author
	Technique
	Results





	2015
	Wichmann et al.
	Dedicated post-processing
	The vertebral pedicle can be evaluated for PL-BMD using quantitative DECT; in comparison to other segments, BMD of the intra-pedicular segment correlates with pedicle screw pull-out strength much more strongly



	2020
	Booz et al.
	DECT post-processing software using material decomposition of L1–L4
	Based on volumetric DECT and HU analyses, the overall patient-based AUC was 0.930 vs. 0.79 (p < 0.001)



	2021
	Gruenewald et al.
	DECT post-processing software using material decomposition of L1
	DECT-derived BMD was substantially linked to the development of new fractures (OR: 0.871)
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