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Abstract

Magnetic resonance imaging (MRI) plays an important role in the modern radiation therapy 

(RT) workflow. In comparison with computed tomography (CT) imaging, which is the dominant 

imaging modality in RT, MRI possesses excellent soft-tissue contrast for radiographic evaluation. 

Based on quantitative models, MRI can be used to assess tissue functional and physiological 

information. With the developments of scanner design, acquisition strategy, advanced data 

analysis, and modeling, multiparametric MRI (mpMRI), a combination of morphologic and 

functional imaging modalities, has been increasingly adopted for disease detection, localization, 

and characterization. Integration of mpMRI techniques into RT enriches the opportunities to 

individualize RT. In particular, RT response assessment using mpMRI allows for accurate 

characterization of both tissue anatomical and biochemical changes to support decision-making 

in monotherapy of radiation treatment and/or systematic cancer management. In recent years, 

accumulating evidence have, indeed, demonstrated the potentials of mpMRI in RT response 

assessment regarding patient stratification, trial benchmarking, early treatment intervention, and 

outcome modeling. Clinical application of mpMRI for treatment response assessment in routine 

radiation oncology workflow, however, is more complex than implementing an additional imaging 

protocol; mpMRI requires additional focus on optimal study design, practice standardization, and 

unified statistical reporting strategy to realize its full potential in the context of RT. In this article, 

the mpMRI theories, including image mechanism, protocol design, and data analysis, will be 

reviewed with a focus on the radiation oncology field. Representative works will be discussed 

to demonstrate how mpMRI can be used for RT response assessment. Additionally, issues and 

limits of current works, as well as challenges and potential future research directions, will also be 

discussed.
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1 ∣ INTRODUCTION

Radiation therapy (RT) has been treating cancer for more than a century and has been 

adopted globally as an effective cancer management tool. It has been estimated that 50% of 

patients with cancer should receive RT in order to properly manage their diseases.1,2 In the 

past decades, advances in technologies have significantly enhanced the landscape of modern 

RT. More specifically, rapid development and utilization of medical imaging, computerized 

treatment planning, and treatment delivery have enabled RT to evolve to ever increasingly 

complex forms of treatment delivery from conventional two-dimensional (2D) RT to three-

dimensional (3D) conformal RT (3D-CRT), intensity-modulated RT (IMRT), volumetric-

modulated arc therapy (VMAT), image-guided radiotherapy (IGRT), and stereotactic body 

radiation therapy (SBRT).3

Although numerous novel techniques have been adopted in the modern state-of-the-art RT, 

the workflow of RT generally remains unchanged. As illustrated in Figure 1a, the clinical 

workflow of RT can be divided into three stages: (1) treatment simulation with imaging 

scans: patients who are selected for RT are scanned with or without immobilization by CT 

and/or MRI. The use of immobilization is to ensure consistency of patient positioning. (2) 

Treatment planning: the CT and/or MRI data acquired during the simulation are used for the 

delineation of target volumes and critical organs-at-risk (OARs). Treatment plans including 

3D-CRT, IMRT or VMAT could be selected and aim to deliver the prescribed radiation 

doses to the targets while minimizing the radiation to the surrounding critical OARs. (3) 

image-guided treatment delivery: in the treatment room, patients are positioned in the same 

manner as during the simulation stage. With the in-room image guidance, the locations 

of the targets are verified and confirmed before treatment delivery. Once confirmed, the 

treatment plans are delivered as planned. However, the current workflow might lack one 

important component: treatment assessment. If treatment assessment could be incorporated 

into the workflow as shown in Figure 1b, this would not only provide valuable insights 

into the effectiveness of RT, but also could help optimize treatment strategies for patients, 

potentially enhancing therapeutic outcomes and paving the road to individualized RT.

Currently, CT is the main imaging RT treatment planning, especially in external beam 

radiation therapy (EBRT), for its tissue density (electron density and mass density) 

information for dose calculation. CT is also frequently used for RT response assessment 

in terms of tumor/nodal volumes or spatial dimensions evaluation.4-6 As a nuclear medicine 

approach, Positron Emission Tomography (PET) has been used for direct metabolic activity 

monitoring in RT. While PET imaging lacks anatomical detail, it is paired with a CT to 

provide co-registration with underlying anatomy. MRI has become a viable candidate for 

RT treatment planning and response assessment. Since its onset, MRI has evolved from 

anatomic imaging to angiographic imaging to physiologic imaging, offering numerous 

clinical applications. As demonstrated in Figure 2, MRI is heavily utilized, in many 
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cases mandatory, in the treatment planning for stereotactic radiosurgery (SRS), which 

is an effective treatment for the management of brain metastases, acoustic neuroma, 

arteriovenous malformation (AVM), and other brain diseases.7-9 In addition to standard 

anatomic imaging, MRI offers various quantitative functional imaging techniques including, 

but not limited to, diffusion-weighted imaging (DWI), diffusion tensor imaging (DTI), MR 

spectroscopy (MRS), and dynamic contrast-enhanced (DCE) imaging. DWI can be used 

to assess the changes in cellular density. MRS is used to assess biochemical changes 

non-invasively. DCE-MRI evaluates changes in the microvascular environment with fast 

imaging and injection of contrast agents. Recently, multi-parametric MRI (mpMRI) has been 

introduced, which includes multiple functional parameters derived by the above functional 

imaging techniques along with standard anatomic imaging.10,11 Early data have suggested 

that mpMRI could be a promising and valuable tool for both diagnosis and treatment 

assessment.10-12 In contrast to other functional imaging modalities such as positron emission 

tomography (PET) and single-photon emission computed tomography (SPECT), mpMRI 

has the appealing feature of providing both anatomical and functional information in a single 

imaging session, often with improved spatial resolution.13 Furthermore, mpMRI has zero 

ionizing radiation risk. This attractive feature allows mpMRI to be an excellent candidate for 

longitudinal clinical studies, which generally require repeated acquisitions over a period of 

time.

RT response assessment with mpMRI requires multiple imaging sessions including before, 

during, and after the treatment to assess radiation-induced functional changes in tumor 

targets and/or OARs.14 The captured early functional change by mpMRI could potentially 

be used to optimize the treatment strategy including altering the fractionation schedule, dose 

escalation, and refinement of tumor targeting. mpMRI might serve as an indispensable tool 

toward individualized RT.

2 ∣ QUANTITATIVE IMAGING IN mpMRI

As previously discussed, mpMRI has been referred to as any form of MRI that involves 

multiple functional quantitative parameters in supplement to standard anatomical MRI 

imaging.10,11 With inherent quantitative natures, mpMRI can capture information of 

underlying tissue characteristics in biochemical and physiological processes through various 

quantitative MRI (qMRI) methods, which includes, but are not limited to, diffusion-

weighted imaging (DWI), diffusion tensor imaging (DTI), dynamic contrast-enhanced 

MRI (DCE-MRI), magnetic resonance spectroscopy (MRS), blood oxygen level-dependent 

(BOLD) MRI, and other emerging qMRI techniques.

2.1 ∣ Diffusion-weighted MRI

Diffusion-weighted MRI is sensitive to the random Brownian motion of water molecules 

in tissue.15 The degree of restriction to the random motion of water is correlated to the 

tissue cellularity and the cell membrane integrity16: in tissues with high cellular density with 

intact cell membranes, extracellular water molecule diffusion is more restricted than areas 

of low cellular density with the possibility of breached cell membrane.17 DWI captures the 

amount of diffusion via MR phase-shift sensitivity in a pair of reversed gradient pulses. 
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The weighting of the applied gradients is represented by a b-value that combines amplitude, 

duration, and the interval between paired pulses.18 DWI is typically performed using at 

least two scans with different b-values. While a larger b-value scan has lower signals from 

water molecules, the relative signal attenuation from a small b-value scan (typically 0) to 

a larger b-value scan (typically >500 s/mm2) can characterize water diffusion heterogeneity 

in tissue. As such, the coefficient of mono-exponential attenuation in MR signals with two 

different b-values, apparent diffusion coefficient (ADC), has been adopted as a quantitative 

biomarker of water diffusion degree. To date, ADC has been reported in numerous studies 

of disease detection, treatment response assessment, and outcome prediction. Nevertheless, 

the relatively simple mono-exponential approach cannot separate extravascular-extracellular 

space (EES) water diffusion from microvascular perfusion. To address this issue, intravoxel 

incoherent motion imaging (IVIM) was proposed to utilize a biexponential model to model 

EES water diffusion and vascular perfusion flow separately.19

2.2 ∣ Diffusion tensor imaging

Following the same physical principles in DWI, diffusion tensor imaging (DTI) intends 

to capture the direction information of anisotropic water molecule diffusion in tissues. 

Unlike the scalar presentation of ADC in DWI, DTI characterizes diffusion anisotropy 

by a symmetric tensor D that describes water molecular mobility along each direction 

and the correlations between each direction pair.20 To determine D, diffusion-weighted 

images with diffusion-sensitized gradients in several directions are needed. A classic 6-

direction gradient encoding set has been widely adopted to determine the symmetric D. 

Following the introduction of diffusion tensor formalism,21 DTI data can be quantitatively 

interpreted by fractional anisotropy (FA), which is a fraction between 0 (isotropic diffusion) 

and 1 (restricted directional diffusion with elongated ellipsoid) as diffusion directional 

homogeneity descriptor derived from the eigenvalues of diffusion coefficients along three 

orthogonal directions.

The topic of water diffusion anisotropy in DTI is of particular interest in the central 

nervous system imaging of the brain and spinal cord. Intracranial FA map results 

demonstrate excellent brain tissue segmentation: In white matter, the typical high anisotropy 

(approaching unity) results suggest rapid water diffusivity along the fibers and slow 

diffusivity perpendicular to the fibers22; in CSF and gray matter, the typical low anisotropy 

results suggest isotropic water diffusion. By utilizing the rotational invariance of DTI, neuro 

fiber tracking that extracts 3D alignment of diffusivity in white matter becomes possible.23 

Current 3D fiber tractography can be used to study connectivity as well as the architecture 

of the healthy brain and to detect white matter damages for compromised sensory and 

neurocognitive functions.24

2.3 ∣ Dynamic contrast-enhanced MRI

Dynamic contrast-enhanced MRI (DCE-MRI) studies the dynamics of injected contrast 

agent (CA) in tissue by a sequential imaging acquisition before, during, and after T1-

shortening CA injection.25 When CA enters soft tissue, the T1 value decreases to an extent 

determined by the CA concentration, which is reflected by elevated apparent imaging signal 

in T1w images. Thus, after repetitive T1w acquisitions in a tissue region-of-interest (ROI), 
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MR signal evolution as a function of time can be observed within each imaging voxel, and 

an ROI MR signal evolution curve can be generated using ROI-averaged MR signal at each 

imaging frame.

The semi-quantitative approach of the DCE-MRI study focuses on MR signal evolution 

curve analysis. Semantics of the MR signal evolution curve, such as peak enhancement 

and early drop, can be used for disease classification.26 Simple numerical descriptors of 

the MR signal evolution curve, including initial Area Under the CA-time Curve (iAUC), 

enhancement ratio, early contrast uptake, and time lag between CA injection and MR signal 

enhancement, have been proposed as parameters for disease detection in DCE-MRI.27

In quantitative approaches of DCE-MRI analysis, CA concentration evolution in tissue can 

be estimated from T1 value change from pre-CA basline.28 A few methods exist for rapid T1 

value quantification using MR signal changes.29,30 Pharmacokinetic (PK) models are used 

to fit CA concentration evolution curves in voxel-level or ROI implementation. The derived 

PK model parameters are associated with micro-vessel permeability, vessel perfusion rate, 

and cellular density with certain PK model assumptions. While adiabatic approximation of 

CA dynamics has been reported,31 most common PK models assume CA transport between 

tissue compartments. A classic compartmental model in DCE-MRI is the Tofts model, 

which describes the bi-directional transendothelial movement of CA molecules between 

blood plasma and EES through capillary walls.32 The CA extravasation rate Ktrans has 

been reported as the most common DCE-MRI quantitative biomarkers. Additionally, EES 

volume fractions, blood plasma volume fractions, CA return rate, and intracellular water 

lifetime during CA extravasation are also analyzed by different Tofts-like two-compartment 

PK models.28,33,34 Meanwhile, multi-compartment models can potentially describe CA 

dynamics more accurately35; however, complex model interpretation limits the applicability 

of this type of PK model. To solve compartmental PK models, CA dynamics in blood 

plasma after administration, also called Arterial Input Function (AIF), must be known. This 

knowledge can be achieved by imaging a major blood pool inside the imaging field-of-view 

during DCE-MRI scan.36,37 When such measurement is not available, alternative approaches 

include the adoption of population-averaged AIF38,39 and estimate AIF from a reference 

region as a semi-parametric approach.40

2.4 ∣ Dynamic susceptibility contrast MRI

As another dynamic MRI procedure, dynamic susceptibility contrast (DSC) imaging utilizes 

the susceptibility induced signal loss on T2*-weighted sequences from CA in the dynamic 

imaging.41 DSC-MRI exploits the regional susceptibility-induced signal loss caused by 

(super)paramagnetic CA on T2w images. Through rapid repeated T2*-weighted sequences 

(such as gradient echo-planar imaging), DSC acquires a series of images with signals 

representing intrinsic tissue T2* signal attenuated by susceptibility-induced signal loss, 

which is proportional to the amount of CA in the vascular structures.42 T2-weighted 

approach of DSC implementation may be feasible with higher dosage of CA injection.42,43 

DSC-MRI is the method of choice for the measurement of cranial blood perfusion 

parameters with MRI, including cerebral blood flow (CBF) and cerebral blood volume 

(CBV), and mean transition time (MTT),44 and these parameters have been reported to 
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monitor brain RT outcomes. Nevertheless, accurate quantification of cranial blood perfusion 

remains challenging after years of clinical application; inherent blood/tissue relaxivity 

difference may lead to scaling errors in CBF and CBV results.45 As such, DCE-MRI has 

become an alternative solution for cranial blood perfusion quantification with negligible T2* 

shortening effect using short echo time.46

2.5 ∣ Magnetic resonance spectroscopy

Following the spectroscopy concept in chemistry, magnetic resonance spectroscopy (MRS) 

aims to discover certain tiny metabolite molecules in intracellular and extracellular spaces.47 

The achieved spectra provide detailed information about metabolites, thus MRS can evaluate 

disease-induced or treatment-related metabolic variations on a molecular scale.48 In MRS 

applications, smaller signals from the targeted metabolites are weak but of more clinical 

interest, and thus high magnetic field strengths are typically used to ensure adequate signal-

to-noise ratio (SNR).49 While several common nuclei in the human body are available for 

spectra acquisition, including 1H, 13C, 19F, and 31P, 1H is often chosen for MRS since 
1H exists in a large number of metabolites and 1H has a high concentration making it 

easier to detect than the other nuclei. In single voxel spectroscopy (SVS), a single voxel 

of tissue is chosen for spectrum derivation, and the voxel location is often determined by 

anatomical MRI guidance.49,50 As another MRS approach, chemical shift imaging (also 

called MRSI) can acquire multiple voxels’ spectrum simultaneously within a larger imaging 

volume (needs 1H signal suppression51,52) to capture spatial heterogeneity.53 In clinical 

studies, MRS application is relatively limited due to intensive MR specialties, long imaging 

acquisition time, high study cost, and the reported low sensitivity.54 Nevertheless, due to the 

high sensitivity of metabolites variation, MRS in medicine has been focusing on the neural 

imaging of brain diseases, while its extracranial applications have also investigated.55

2.6 ∣ Bold MRI

Hypoxia is an important cause of radio-resistance in RT of solid tumors. It occurs when 

oxygen delivery to tissue is inadequate due to disordered angiogenesis.56 As an imaging-

based in vivo measurement tool, blood oxygen level-dependent (BOLD) MRI utilizes 

the susceptibility sensitivity to paramagnetic deoxyhemoglobin monomer (Hb), which 

increases the MR signal transverse relaxation rate (R2* = 1/T2*) of water in the blood 

and surrounding tissue.57 While R2* did not directly measure tissue oxygen concentration, 

it can infer oxygenation status via capturing the heterogeneous R2* distribution in reference 

to perfused blood pools. Thus, BOLD MRI can measure the oxygen level in tissues adjacent 

to blood vessels.58 A similar MRI technique, tissue oxygenation level-dependent (TOLD) 

MRI, detects tissue hypoxia with longitudinal relaxation rate (R1 = 1/T1) change by 

heterogeneous Hb distribution.59 Both BOLD MRI and TOLD MRI can be used to capture 

potential re-oxygenation following the irradiation of solid tumors.60 Additionally, BOLD 

MRI results are of interest as surrogate biomarkers to identify solid tumors with potentially 

poor RT outcome.61

2.7 ∣ Other emerging qMRI methods

Several emerging functional quantitative imaging techniques have become more accessible 

for oncology application. General MR relaxometry intends to isolate the contributions of 
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individual MR contrast mechanisms and provides metrics in absolute units, which can 

serve as noninvasive surrogates for pathology and histology.62 Its recent development, MR 

fingerprinting (MRF),63 acquires tissue-type-specific signal evolutions (i.e., fingerprints) 

acquired by pseudorandom variation of MR system setting during data acquisition. 

Acquisition from individual voxels is compared with a collection of simulated fingerprints 

in a library, and the best match for the voxel fingerprint is selected from the library through 

a pattern matching process.64 Thus, the underlying tissue property (T1, T2, and proton 

density) and functional characteristics (such as brain perfusion65,66) can be quantitatively 

measured. Chemical exchange saturation transfer (CEST) MRI is a novel imaging technique 

with potentials to provide molecular information for diagnosing pathological tissues 

and monitor molecular responses to treatment.67 CEST images certain compounds at 

concentrations that are too low to directly be detected in MRS at typical water imaging 

resolution68; a good clinical application is amide proton transfer (APT) imaging, which can 

present the pH-weighted map to monitor abnormal cerebral blood flow.69 T1 rho (T1p) 

imaging is a novel imaging mechanism that uses a long duration low power radiofrequency 

(i.e., spin lock) applied to the magnetization in the transverse plane. This design effectively 

locks the magnetization vector without phase decay as in a rotating frame, and the decay of 

the locked magnetization depends on both T1 and T2 of the tissue.70 Promising applications 

of T1 rho imaging have been demonstrated in preclinical studies of musculoskeletal 

imaging.71,72 Hyperpolarized MRI greatly increases the detectability of certain metabolites 

using non-hydrogen nuclei. In cancer imaging, 13C has been reported in hyperpolarized MRI 

for necrosis detection,73 perfusion,74 and lactate-based cell proliferation.75 Although these 

emerging techniques remain at their early preclinical stages in RT response assessment, 

more studies are expected in the future with enriched functional information.

In addition to the quantitative MRI methods, an emerging field of radiomics becomes a 

leading example of quantitative imaging analysis. Radiomics aims to transform standard-

of-care medical images into mineable data for computational biomarker extraction in 

high throughput implementations.76 These biomarkers—so-xcalled radiomic features—

can be used to non-invasively detect tissue underlying histopathology and therapeutic 

responsiveness. Radiomics can be applied to both anatomical MRI images as well as 

functional quantitative MRI images and the associated parametric results. A more thorough 

review of radiomics theory and application can be found in other dedicated literatures.77,78

3 ∣ mpMRI IN RT TREATMENT RESPONSE ASSESSMENT

This section reviews the representative mpMRI applications in RT response assessment. 

While representative works at common mpMRI anatomical sites are discussed in detail, 

mpMRI applications at other RT sites are also summarized.

3.1 ∣ Brain

Glioblastoma (GBM) accounts for almost half of all malignant tumors originating in 

the brain, and it is characterized by deep invasion at the time of diagnosis, high 

cellularity, frequent cell division, existence of necrosis, and increased vascularity.79,80 

Standard treatment for GBM includes surgical resection to remove as much tumor tissue 
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as possible without significant effects on quality of life followed by 6 weeks of RT with 

concurrent temozolomide chemotherapy and at least 6 months of additional temozolomide 

chemotherapy.81 In the best prognosis of patients treated with modern therapies, median 

survival for GBM is about 21 months with few patients surviving the past 5 years.82,83 

Response assessment is challenging in GBM.84 Attempts to classify response based on 

anatomic changes using standardized criteria are often based on Response Assessment in 

Neuro-Oncology (RANO) criteria85 using T1 post-contrast enhancement, reflecting tumor 

hyper-vascularity. However, portions of the tumor can also be non-enhancing and visible 

only as T2/FLAIR hyper-intensity which is easily confused for benign edema or hidden 

on conventional MRI any intermixed with normal-appearing brain.86 A common diagnostic 

dilemma begins with the first MRI after chemo-RT. Up to half of all GBMs exhibit increased 

contrast-enhanced volume in early follow-up imaging.87,88 Similar growth has also recently 

been described during chemo-RT.89 These short-term volume changes can represent true 

progression or pseudoprogression. True progression represents non-responding tumor that 

continues to grow on serial MRIs without intervention, while pseudoprogression reflects 

the response to treatment including neovascularization and tumor necrosis and stabilizes or 

spontaneously regresses without treatment modification usually within 6 to 9 months.90-92 

It is important to distinguish these possibilities since patients with true progression have 

a poor median survival on the order of 8 months after chemo-RT completion, while 

patients with pseudoprogression have a median survival on the order of 3 years after 

chemo-RT completion.88 Another common diagnostic dilemma occurs later after chemo-RT. 

Recurrence of GBM can occur many months or years after treatment. However, radiation 

necrosis, a severe local tissue reaction to radiation with necrosis of normal brain tissue 

and neovascularization, can also occur many months or years after chemo-RT.93,94 Figure 3 

demonstrates an example of mpMRI analysis for the GBM RT assessment.

In pseudoprogression differentiation from poorly responding glioblastoma, ADC from DWI 

is known to correlate with tumor cell density before chemo-RT.95,96 During chemo-RT, 

increases in ADC values are associated with longer survival compared to decreases in 

ADC.97 Similarly, post-treatment elevated minimum and mean ADC results are significantly 

related to Overall Survival and Progression-Free Survival.98,99 Similar to diffusion, higher 

values of relative CBV (rCBV) from DCE-MRI perfusion studies are noted for patients 

with tumor progression compared to patients with pseudoprogression.100,101 Comparing pre- 

and post-treatment MRIs, survival is better for patients with decreased rCBV compared 

to patients with increased rCBV.102 Additionally, patients with improved survival after 

chemo-RT were reported with larger increases of Ktrans and small or no increase of CBF 

from DCE-MRI studies.103 Tumor response to therapy can also be detected without the 

use of gadolinium-based contrasts using methods including arterial spin labeling (ASL) 

and IVIM imaging. ASL reports are often limited by the technical implementation of 

the technique; however, CBF results estimated from ASL may be similarly capable of 

differentiating among pseudoprogression and true progression as CBF estimated from 

DSC and may improve DSC diagnostic accuracy in differentiating tumor progression 

and pseudoprogression.104,105 Perfusion-related parameters estimated from IVIM, such as 

maximal IVIM perfusion and minimal diffusion coefficient, were also correlated with patient 

survival.106 In the application of MRS, the ratio of Choline (Cho) and N-Acetylaspartate 
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(NAA) has been correlated to tumor cell density and is often used as a biomarker for 

detecting tumor and tumor response.107,108 Large decreases of normalized Cho were 

correlated with worse median OS and PFS comparing post- and pre-RT data.109 Another 

study compared MRS data from pre-RT to data from the third week of treatment; results 

showed that patients with stable or decreased median or mean Cho/NAA ratio showed less 

risk of tumor progression than patients presenting increased Cho/NAA ratios over the same 

period.110 A recent work proved that CEST asymmetry within the CTV prior to fractionated 

IMRT was significantly higher in the GBM patients with early progression, suggesting the 

value of CEST in GBM patient stratification.111

In the differentiation of radiation-related necrosis from tumor recurrence, lower mean ADC 

results are often found in recurrent tumors.112 Peritumoral ADC results have also been 

correlated to tumor recurrence.113 In contrast, radiation necrosis is often characterized by 

spotty and marked hypo-intensity lesions with higher maximal ADC values.114 DCE-MRI 

has demonstrated that higher Ktrans and CA concentration AUC are more reported in 

recurrent gliomas than pseudoprogression and radiation necrosis.115,116 CBV results from 

ASL have been reported with improved performance than DSC results in distinguishing 

radiation necrosis from recurrent tumor; in regions presenting mixed radiation necrosis, DSC 

could fail on estimating true blood volume due to leakage artifacts.117 A nearly doubled 

Cho/NAA ratio in MRS has been reported in recurrent tumors in comparison with radiation 

necrosis (2.72 vs 1.46, p < 0.01).118 Higher concentrations of Cho and Cr correlated 

with low lipid and lactate were also associated with necrosis in high-grade tumors,119 

but reduced Cho and Cr levels were correlated to radiation necrosis in post-radiosurgery 

MRS data of patients with brain metastasis.120 Some works have demonstrated improved 

accuracy for differentiating recurrent tumor from radiation necrosis or pseudoprogression 

via combinations of different qMRI metrics. A study of 70 patients demonstrated diagnostic 

accuracy for distinguishing radiation necrosis from tumor recurrence by rCBV, Ktrans and 

ADC individually was 85.8%, 75.5%, and 71.3%, respectively, while the combination of 

rCBV and Ktrans as a multiparametric approach improved the overall diagnostic accuracy 

to 92.8%.121 Similarly, another 35 patients study showed that the combination of rCBV 

and ADC improved AUC from 0.801 for a single modality to 0.877 in tumor progression 

prediction versus pseudoprogression.122 Combined MRS and DSC result, also outperformed 

DSC alone in recurrent tumor detection.123 When DCE-MRI, DWI, and MRS scans were all 

combined, the accuracy of recurrent tumor detection against radiation necrosis could be as 

high as nearly 97%.124

As computational imaging biomarkers, radiomic features extracted from multiple MRI 

modalities can be integrated into mpMRI analysis workflow; these quantitative results could 

further improve recurrent tumor detection accuracy. As an example, a model incorporating 

radiomic features from DWI and DCE-MRI outperformed both individual MRI metrics 

and radiomics approaches based on individual MRI modalities.125 A challenge with such 

modeling is feature selection, which determines the best parameter subset from a large 

number of parameters in prediction results. This step is crucial in RT assessment with a 

limited overall sample size. Machine learning techniques and the recently investigated deep 

learning techniques may provide novel tools for non-explicit modeling. Based on rCBV 

and CBF, AUC for radiation necrosis and recurrent tumor detection could be as high as 
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0.94 using the supporting vector machine method.126 In true progression/pseudoprogression 

differentiation, long short term memory (LSTM) neural network achieved AUC values 0.64, 

0.69, and 0.81 using 3, 5, and 7 MRI modalities, respectively.127

3.2 ∣ Breast

Breast cancer is one of the most common cancers and the main cause of death in women 

all over the world. Mammography, digital breast tomosynthesis, ultrasound, and MRI are 

well-established clinical imaging modalities for the diagnosis of breast lesions, which are 

known to reveal different aspects, and provide complementary information for improved 

accuracy. Breast MRI is considered the most accurate for evaluating the extent of the 

disease, which is very important for determining treatment strategies, including surgery 

(lumpectomy, mastectomy, axillary dissection), chemotherapy (neoadjuvant or adjuvant), 

and RT (intra-operative or post-operative). DCE-MRI can assess tumor angiogenesis and 

vascular properties, which is the current standard used for the diagnosis of breast lesions 

and the essential imaging sequence required in the mpMRI protocol. DWI can assess 

tumor cellularity, which can provide a non-contrast-based MIR imaging method for the 

characterization of breast lesions, and is shown to have diagnostic value to differentiate 

between benign and malignant lesions. Taken together, mpMRI for breast cancer needs to 

include DCE-MRI with pre- and several post-contrast T1-weighetd images, and optional 

T2-weighted and DWI images.128 The current standard of care for women diagnosed with 

early stage breast cancer is breast-conserving surgery (BCS) followed by external beam RT, 

commonly delivered over 3–6 weeks. For patients receiving mastectomy, preoperative MRI 

can provide important information for evaluating the involvement of chest wall muscle and 

the axillary lymph nodes, to determine the coverage of the post-operation RT.

In the last two decades, neoadjuvant chemotherapy given before surgery has become a very 

important treatment modality. Very effective chemotherapy and targeted therapy regimens 

are available and many patients can achieve pathology complete response (pCR), which 

raises a question about the optimal surgery and RT protocol that can be offered to a 

patient following neoadjuvant therapy. However, previous studies in patients who showed a 

complete clinical remission found a higher locoregional recurrence rate in the no surgery 

group compared to the surgery group,129 and more research is needed. Longitudinal MRI 

performed during neoadjuvant chemotherapy may be performed to monitor the response, 

as shown in Figure 4. The knowledge of the response in primary cancer and axillary 

lymph nodes can be used for choosing the optimal management strategy, including change 

in therapy regimen, timing and type of surgery, and post-operation RT coverage. It is 

known that while the accuracy is very high in mass lesions that show concentric shrinkage, 

MRI may miss residual presenting as scattered cells in non-mass lesions (e.g., lobular 

cancer and cancers with extensive intra-ductal component or ductal carcinoma in situ).130 

Many studies have also reported that the diagnostic accuracy of MRI is dependent on the 

molecular subtype,130-132 but a large sample size is needed to evaluate the accuracy of 

MRI in predicting pCR in each subtype. Only when the negative predicting value (NPV) 

is approaching 100% (that is, the false-negative rate is extremely low) the patient can 

be confidently treated with radiation alone without surgery. The same strategy has been 

implemented for the management of axillary nodes.133,134
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With the success of neoadjuvant chemotherapy that has become a very important treatment 

modality, neoadjuvant RT has also been offered to patients in a clinical trial setting. 

Similarly, this may be used to ablate the tumor and facilitate surgery, or to provide local 

control to allow delayed surgery, or even further, to avoid surgery completely. In the 

last decade, the accelerated partial breast irradiation (APBI) has gradually evolved as an 

alternative option for whole breast irradiation following breast-conserving surgery in low-

risk patients with early stage disease. APBI is featured by higher doses of radiation in 

fewer fractions. One approach is that patients can undergo intra-operative RT (IORT) at 

the time of breast-conserving surgery. Preoperative bilateral breast MRI can detect occult 

lesions in the ipsilateral and contralateral breasts, and provide a valuable tool in the proper 

selection of patients best 6suited for IORT.135-137 Even in highly selected, favorable risk 

patients, MRI-detected additional lesions may change surgical and RT recommendations in 

a substantial percentage of patients.135 Another approach of APBI is pre-operative delivery 

of external beam irradiation in a single or fractionation delivery. mpMRI can be used to 

delineate small target volumes and monitor treatment response. In an investigation of single 

fraction partial breast SBRT, mpMRI including DCE-MRI PK parameters and DWI ADC 

were studied to monitor radiation effect (Figure 5). The relative change in reference to the 

pre-treatment value of DCE-MRI Ktrans in PTV and ADC in GTV were linearly correlated 

with dose level.138 In another study of neoadjuvant SBRT, the changes in DCE-MRI 

single enhancement and PK parameters were different in three different patient groups with 

different fractionation regimes; MRI exams performed at 1 week post-RT maybe too early 

for a reliable response assessment.139 In a proposed prospective clinical trial to test MRI-

guided ablative APBI,140 multiple MRI exams were scheduled as single-fraction radiation 

delivery follow-ups before breast-conserving surgeries. It was concluded that neoadjuvant 

partial breast irradiation might provide a feasible alternative to standard post-operative 

irradiation, and could even result in postponement or omission of surgery if pCR can be 

accurately predicted in selected low-risk patients.141

Machine learning modeling is increasingly being employed to generate models of breast 

chemo-RT prediction that includes mpMRI and other radiographic measurements. In a 

representative work, disease-specific survival in breast cancer was correlated with mpMRI 

changes before and 2 weeks after the start of neoadjuvant chemo-RT—specifically lesion 

size, volume distribution and mean plasma how in DCE-MRI, and maximum ADC in 

DWI.142 A limitation of existing machine learning work is the potentially suboptimal 

statistical power limited study sample sizes, which are frequently limited by their single-

institution nature and the need for additional scans or image protocols that are not 

considered standard of care for that disease site. Nevertheless, mpMRI studies using 

relatively larger patient cohort sizes have been reported. As an example, a large retrospective 

series of 586 women from four centers used radiomics of mpMRI before the start of 

neoadjuvant chemo-RT in breast cancer to build a model to predict pCR with AUC 0.86.143 

The drawback of such studies is that multi-institution acquisitions are often performed with 

various acquisition parameters, which can alter imaging appearance and compromise the 

analysis.
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3.3 ∣ Prostate

MRI better visualizes the prostate and relevant pathology as compared to other imaging 

modalities due to its high soft-tissue contrast, high resolution, and the ability to obtain 

tissue function metrics from its diverse contrast mechanisms. The radiology community 

has utilized MRI for the noninvasive assessment of the prostate since the 1980s and has 

embraced the use of the mpMRI in its diagnosis and staging of prostate cancer. This 

process is formalized in the PI-RADS system.54 The diverse contrast mechanisms of MRI 

and the functional techniques such as DCE-MRI, DWI, and occasionally MRS, as well as 

anatomical MRI sequences, have led to te improved detection of prostate cancer thereby 

increasing confidence in the detection of benign diseases and accurate tumor localization. 

This accurate localization allows for MRI-targeted prostate biopsies which facilitate the 

pathological confirmation of lesions detected by mpMRI and lead to improved detection 

of prostate cancer.144 In the radiation oncology setting, mpMRI is utilized differently 

than the diagnosis and staging focus of radiology. The precise delineation of the prostate, 

other target structures, and organs at risk is of paramount importance for accurate RT and 

properly acquired mpMRI can facilitate the delineation of the prostate and other structures. 

Additionally, radiation dose escalation has shown to increase tumor control145 and some 

groups are utilizing mpMRI to delineate the dominant lesions within the prostate to target 

these lesions for higher levels of dose with the hope of increased tumor control without 

increasing side effects.146-148

Although modern treatment of prostate cancer has resulted in improvements in both tumor 

control and reduced toxicity, there are still a meaningful number of patients that suffer from 

both lack of local control and toxicity. mpMRI, in conjunction with other pathological and 

diagnostic assessments, has the potential to stratify risk prior to therapy, and possibly predict 

treatment response, making individualized dose prescriptions a possibility. The ability to 

evaluate a patient’s response to RT during the treatment course may be able to improve 

both tumor control and reduction of toxicities by adapting the remaining treatments to either 

boost the areas that are not effectively responding or reducing radiation dose, thus sparing 

the OARs if the tumor is responding robustly. Alternatively, if the response to the RT can be 

evaluated soon after the completion of the treatment course, and the probability of control 

and recurrence can be effectively estimated, then personalized follow-up assessments can be 

implemented.

mpMRI of the prostate utilizes several different pulse sequences to characterize the prostate: 

T2-weighted (T2w) sequences, DWI, DCE-MRI, and sometimes MRS. T2w sequences 

exhibit the prostate zonal anatomy end surrounding relevant anatomy as well. Peripheral 

zone (PZ) tumors typically appear as hypointense lesions on T2w images, but other 

conditions can also exhibit this appearance: prostatitis, hemorrhage, etc. Tumors in the 

transition zone (TZ) can be difficult to visualize on T2w images due to the heterogeneity of 

hyperintense glandular tissue and hypointense stromal tissue that comprises the TZ. ADC 

images that are generated from DWI use the water diffusion properties of the tissue as 

an endogenous contrast mechanism making it quite effective at prostate cancer detection 

and a good candidate as a biomarker for treatment response metrics. High-grade prostate 

cancer tumors often exhibit hypercellularity, more dense packing of cells, as compared to 

Wang et al. Page 12

Med Phys. Author manuscript; available in PMC 2022 December 21.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



the surrounding tissue. This hypercellularity restricts the diffusion of water and appears 

hyperintense on DWI images and hypointense on ADC images.

In general, increased diffusion from ADC results is noted during RT149,150; after RT, 

reduced diffusion is noted in locally recurrent prostate cancer, which adds significant 

accuracy to the detection of recurrent prostate cancer compared to T2-weighted imaging 

alone.151,152 In a study of low and intermediate-risk localized prostate cancer,153 the study 

collected serial mpMRI acquisitions at weeks 0, 2, 4, 6, and 8 in patients with low and 

intermediate-risk localized prostate cancer. Repeat mpMRI datasets were also collected in 

volunteers to quantify T2w and ADC metric variations in individuals not undergoing RT. 

The imaging responses were compared and were correlated against pathological metrics, 

PSA levels, and clinical staging. In the central gland (CG) the ADC values elevated 

significantly from baseline; for the peripheral zone (PZ), there was a trend of reduced 

ADC but significance was not achieved. The tumor had a strong ADC response with an 

approximate 14% increase at week 6. In the CG there was a 5% increase in T2 at week 2, 

but then returned to baseline at later time points. The PZ demonstrated a significant decline 

of 23% at week 6 and 26% at week 8. The tumor T2 responses varied widely between 

patients and non-significant were reported at weeks 4 and 8. In short, the ADC was more 

robustly affected from RT for the entire prostate and central gland, while the peripheral zone 

changes were best detected using T2 with the tumor demonstrating the largest changes in 

ADC. These ADC and T2 results were also correlated with follow-up PSA measurements; 

baseline PSA, nadir PSA, and 1-year PSA response velocity were analyzed. Baseline PSA 

nadir and PSA were uncorrelated with both baseline and biweekly ADC and T2 values. The 

1-year PSA response velocity was significantly correlated with tumor baseline T2 response 

at week 6. In another study of hypoFLAME trial that involves ultra-hypo fractionated RT, 

47 patients with biopsy-proven, clinically localized, intermediate to high-risk prostate cancer 

were studied.154 Twenty-eight of the 47 patients received hormonal therapy (HT) concurrent 

with RT. For the CG, a median decrease of 12% on T2 maps and 8% on ADC values 

were seen in patients that underwent HT at week 5. These values were significantly lower 

than pretreatment values. For patients that did not undergo HT, there were no significant 

differences, only a slight decrease in ADC was reported. The PZ demonstrated a decrease 

of 17% in T2-values and 18% in ADC-values in patients that received HT, while patients 

that did not receive HT showed no significant differences, only a slight ADC decrease. The 

tumor displayed no significant increases in both T2 and ADC, 5% and 7%, respectively, for 

patients that received HT, but for those without HT the ADC had an increase of 20%, which 

was significant. Radiomics features from T2w and ADC images were also studied for RT 

response assessment.

DCE-MRI is sensitive to the vascular microenvironment differences between tissues. 

Prostate cancer tumors are thought to have increased angiogenesis, which increases the 

number of vessels, and these vessels have higher permeability than normal vessels; this 

manifests as earlier and more pronounced enhancement on dynamic T1w image than normal 

prostate tissue. The sensitivity of DCE techniques to the tissue vasculature also makes it 

a strong candidate as a biomarker for prostate treatment response. In general, increased 

blood perfusion results from DCE-MRI have been observed after prostate RT.149 In a study 

of small patient cohort size with pre-RT and multiple post-RT exams,155 the DCE-MRI 
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perfusion rate increased significantly at the immediate post-RT time point in reference 

to the pre-treatment baselines. At the 1-year post-treatment time point, the perfusion rate 

dropped below pre-treatment values. Normal prostatic tissue experienced a similar outcome 

with increased perfusion rate from pre-treatment to the immediate post-treatment time 

point followed by a drop at 1-year post-treatment time points. The blood volume metric 

followed a similar dynamic as the perfusion rate for both cancerous and normal prostatic 

tissue. A decline in blood volume at the 3-month and 1-year post-treatment time points 

were observed, but this decrease was significant for cancerous tissue and not for normal 

prostatic tissue; inversely, the extraction coefficient in cancerous prostatic tissue decreased 

immediately after RT, then increased at 3-month and ultimately at the 1-year time point. 

In contrast, normal prostate tissues behaved opposite in extraction coefficient dynamics, 

but significant differences between cancerous and normal prostatic tissue were found at the 

pre-treatment time point only. DCE-MRI perfusion metrics have also been reported together 

with ADC results in mpMRI protocol design. In another longitudinal study of prostate 

cancer RT,148 an increase in ADC and ve (volume fraction of the EES in Tofts model) were 

demonstrated. These changes were hypothesized to be due to the decrease in cellular density. 

Additionally, a substantial and persistent increase in ve showed in the normal-appearing TZ 

following RT.

Radiomics and machine learning are promising and powerful tools that can analyze 

these large dynamic datasets and discover patterns and correlations efficiently, potentially 

automating the process.156 In a pilot study of 93 patients with paired pre- and post-IMRT 

MRI exams,157 RT response was determined by changes in ADC value, and 45% percent of 

patients were classified as responders. Two radiomic features of T2 images and 15 features 

of ADC images demonstrated significance between responders and non-responders. Also, 

cross-combined T2 and ADC predictive radiomic models were analyzed; the pre-T2 model, 

post-T2 model, and pre-ADC model all showed high predictive value. However, there have 

been very limited studies that have correlated the dynamic mpMRI changes in radiomics 

with long-term treatment outcomes or toxicities. With further study, mpMRI with radiomics 

analysis may be able to predict treatment response, while in the early treatment phase, 

shifting the current paradigm and reducing recurrence.

3.4 ∣ Head and neck

As reported by the American Cancer Society, about 50,000 new cases of head and neck 

cancer (HNC) are diagnosed each year in the United States.158 Generally, HNC originates 

from mucosal epithelia of the oral cavity, larynx, and pharynx, often linked to the use 

of tobacco and consumption of alcohol.159,160 The majority of these patients present with 

locally advanced, non-metastatic disease, most of which receive RT and possibly concurrent 

chemotherapy, which provides an additional survival benefit compared to RT alone at the 

cost of an increase of treatment morbidity.161 Currently, the anatomically based tumor, node, 

metastasis (TNM) staging system is utilized to categorize tumors of the head and neck 

region, and provides prognostic information, which guides therapeutic decisions in HNC 

management. However, the TNM based staging system has significant deficiencies. More 

specifically, patients with the same stage of disease often exhibit different outcomes in 

response to identical treatments. This implies that the standard approach of offering more 
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intensive therapy to the patients of the same TNM stage significantly increases the risk 

of toxicity for all the patients while providing benefits for only a small proportion of the 

patient population. With additional physiologic and biologic prognostic factors, mpMRI 

has been adopted to augment the tumor information provided by the TNM staging system 

in RT practice. Figure 6 illustrates an example of DWI application in HNC IMRT target 

delineation.

In addition to the consideration of tumor, the role of normal tissue should not be neglected 

in HNC management. This is particularly important in HNC since standard treatment could 

eradicate the disease in the majority of HNC patients with locally advanced, non-metastatic 

disease, but cause severe side effects including severe short-term mucositis, dental disease, 

chronic swallowing dysfunction, and permanent xerostomia, as a result of radiation-induced 

injury to the salivary glands. Advances in RT technologies (including IMRT and IGRT) 

allows for the sparing of the parotid glands and as such reduces the risk of permanent 

xerostomia, a debilitating adverse complication of RT. Currently, parotid tolerance in RT 

is based on radiation dose and the volume of irradiated tissue, which correlates parotid 

gland mean dose with subsequent salivary production.162 It has been reported that the 

recovery probability of saliva production is significantly declined when the parotid gland 

mean dose is >26 Gy.163,164 However, it has also been found that individual patient response 

to therapy varies, with reported subjective xerostomia even after parotid-sparing RT.165 This 

manifests the limit that the physiologic basis for the relationship between the radiation dose 

to the parotid and reduced saliva production is not well understood. mpMRI might provide 

valuable functional information on potential changes in parotid physiology and as such 

enhance the ability to predict the development and severity of radiation-induced xerostomia, 

leading to more individualized treatment.

Many studies were carried out to predict or assess the RT response of HNC using mpMRI, 

while DWI has been more commonly studied. In a representative study of chemo-RT 

assessment, two post-treatment DWI scans were analyzed in reference to the pre-treatment 

baselines.166 The study reported that the pre-treatment baseline ADC value in neck lymph 

nodes was significantly lower in complete responders (CR) than it was in partial responders. 

A statistically significant increase of ADC value was observed in complete responders after 

one week of treatment. Both pre-treatment ADC value and change in ADC within the first 

week of chemo-RT demonstrated great value in the prediction of treatment response with 

relatively high sensitivity and specificity. DWI has also been investigated to monitor normal 

tissue injury of RT. A study of parotid gland evaluation with DWI reported that after IMRT 

delivery, mean ADC in the ipsilateral, unspared glands (mean dose: 39.2–69.3 Gy) increased 

while that in the contralateral parotids (mean dose: 16.2–25.1 Gy) remained unchanged 

in reference to the pre-treatment baselines.167 Radiomics features derived from DWI may 

add values in monitoring treatment response. In a study of HNC chemo-RT with radiomics 

analysis of T2w and DWI images, while pre-treatment ADC had a high predictive accuracy 

of 80% (sensitivity 54.5%, specificity 94.7%) in predicting regional failure of lymph nodes, 

a combined model using both ADC and its radiomic features improved prediction accuracy 

to 82.8% (sensitivity 63.6%, specificity 94.4%).168
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In addition to DWI, other qMRI methods have been incorporated in mpMRI protocols 

for HNC RT assessment. In a study of locally advanced HNC, mpMRI (DWI and 

DCE-MRI) was adopted jointly with 18FDG-PET to monitor treatment response.169 A 

significantly greater initial slope of the CA uptake curve was found in patients with 

locally controlled lesions. In contrast, patients with locoregional recurrence developed in 

the primary tumors and lymph nodes had significantly lower ADC values during and 

after the RT course. In another study with a similar imaging protocol design (mpMRI + 
18FDG-PET), primary tumor kep and nodal region ve calculated from the Tofts model were 

found to be independent prognosticators of oropharyngeal/hypopharyngeal squamous cell 

carcinoma in terms of 3-year progression-free survival (PFS) and overall survival (OS) 

rates.170 The joint use of DCE-MRI with 1H-MRS and 18FDG-PET also demonstrated 

complementary, not competitive, in tumor metabolism and perfusion evaluation at the 3–4 

month post-treatment time point.171 Additionally, feasibility also demonstrated a statistically 

significant correlation between T1ρ value increase and parotid volume atrophy rate after RT 

completion.172

3.5 ∣ Rectum

Response assessment of rectal cancer is of particular interest due to reported considerable 

outcome variations in chemo-RT.173 mpMRI has been evaluated extensively as a predictor 

of neoadjuvant chemo-RT response in patients with locally advanced rectal cancer, as 

patients with complete clinical and pathologic response may be able to forego surgery which 

typically results in temporary or permanent colostomy.

Diffusion weighted imaging has been a dominant quantitative MRI method in studies.174 

As an example, Figure 7 shows a mpMRI analysis of locally advanced rectal cancer using 

DWI and T2-weighted MRI. Several studies have reported that higher tumor mean ADC 

values were found in patients with better response after chemo-RT of locally advanced 

rectal cancer,174-177 and ADC results had good correlations with pathology results.178,179 

ADC was also found in good accordance with T2w MRI in chemo-RT outcome prediction 

performance, while the joint use of ADC and T2-weighted MRI results showed improved 

AUC results as compared to mono-modality results.180-182 Additionally, tumor volume 

measurement on DWI images was also reported as a good indicator of chemo-RT 

response.183

When DCE-MRI was examined, a larger Ktrans decrease after treatment was associated 

with good response after chemo-RT184-187; lower Ktrans and kep in post-treatment DCE 

scans were also reported in complete response patients.188 DCE-MRI images were also 

good indicators in good correlations with pathology results.189,190 Following fast imaging 

basis in DCE-MRI, a dynamic T1 mapping study showed significant differences of 

tumor microcirculation measure between responders and nonresponders groups after rectal 

carcinoma chemo-RT.191

While changes in one qMRI obtained during chemo-RT can achieve good accuracy in 

predicting pathologic complete response (pCR) found at surgery,173,192 more recent works 

utilized sophisticated data modeling methods for analysis leading to multiparametric models. 

As an example, regional mean values of enhancement ratio from DCE-MRI and ADC from 
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DWI in combination with radiomics features were found as the best discrimination of rectal 

cancer pathologic response compared to pre-treatment alone, single time point analysis, 

and convolutional neural network analysis.12 An additional recent study also reported the 

best discrimination of pathologic response with pre- and post-chemo-RT images based on 

a decision tree analysis of perfusion and diffusion-based metrics.193 Of note, mpMRI has 

been studied together with PET-CT for monitoring chemo-RT patient outcomes. However, 
18FDG-PET demonstrated limited benefit in data analysis when the joint use of DWI and 

T2w images have demonstrated better detectability.194,195

3.6 ∣ Others

MRI has found its critical role in RT of gynecology cancerous malignancy,196 and 

mpMRI has been commonly studied for cervical cancer RT response assessment. A 

collection of studies reported increased tumor mean ADC values197-200 and decreased 

Ktrans values197,198,200 after chemo-RT. DWI and DCE-MRI results have also demonstrated 

significant differences between different responsive groups.201 In an IVIM analysis of DWI, 

the changes in diffusion coefficient D and perfusion-related diffusion fraction F were related 

to tumor shrinkage during the treatment course.202 In a mpMRI study with BOLD-MRI and 
1H-MRS, recurrent lesions after cervix carcinoma treatment showed higher R2* levels as 

a suggestion of higher concentration of Hb, and significantly elevated choline in 1H-MRS 

choline-containing resonance (tCho) analysis was reported.203

Lung is a common site of RT application. In monitoring lung cancer RT response, because 

of sharp contrasts between lung target volume and surrounding normal lung tissue, ionizing 

imaging methods of CT and PET are commonly used. With their sensitivity to oxygen 

content, BOLD-MRI/TOLD-MRI can be applied to assess post-RT lung tissue. In a pilot 

study using a subcutaneous rat model with human lung cancer xenografts, tumor T2* from 

TOLD-MRI significantly decreased due to post-SBRT impaired vascular oxygenation.204 

As for DCE-MRI application, tumor regression rate was found to be +/− correlated with 

Ktrans/ve after concurrent chemo-RT of NSCLC.205 In another NSCLS SBRT assessment 

study, percent changes in Ktrans and kep 6-week after radiation were correlated with tumor 

size reduction in 3-month CT follow-ups.206

Liver is another common site for RT. Radiation-induced liver toxicity is a major factor in 

RT regime design.207 A unique aspect of the liver is its two-phase perfusion model, arterial 

phase, and portal phase. While liver is considered as a single compartment, it receives blood 

inflows from the hepatic artery and portal vein.208 Thus, DCE-MRI has been studied to 

investigate liver perfusion evolution after RT. As a non-compartmental model parameter, 

portal venous perfusion map has been reported as a good predictor of indocyanine 

green (ICG) clearance rates (overall liver function biomarker)209 and a key parameter 

in liver SBRT normal tissue complication probability (NTCP) modeling.210 Biological 

subvolumes from arterial perfusion demonstrated significant differences between progressed 

and non-progressed tumors after RT.209 DWI has been reported for assessing yttrium-90-

labeled microspheres treatment of unresectable hepatocellular carcinoma (HCC): increased 

tumor ADC results after yttrium-90 ablation were reported earlier than morphological 

changes.211,112 When IVIM was analyzed, diffusion coefficients in regressive tumors were 
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found to be higher prior to yttrium-90 ablation; ve in DCE-MRI was reported with increased 

values, which supplements the indication of reduced cellular density by ADC results.213

While PET imaging used as in PET-CT or PET-MRI has been commonly used in pancreatic 

oncology,214 limited works have reported mpMRI investigation for pancreatic RT. In 

neoadjuvant chemo-RT for pancreatic ductal adenocarcinoma (PDAC), tumors with a low 

ADC mean value in DWI at baseline responded poorly to the standard treatment.215 In a 

comparison study that investigated six DWI models, all models’ parameters were able to 

identify treatment effect.216 However, DWI was reported with no conclusive advantages over 

FDG-PET in some studies.217 In a preclinical study, tumor Ktrans and kep from DCE-MRI 

significantly decreased after I-125 seeds brachytherapy of PDAC xenografts in a murine 

model.218 Tumor T2 value was demonstrated with early radiation effect capture in another 

experiment of small animals with PDAC disease model.219

Similarly, mpMRI investigation for esophageal RT assessment is limited. In a study of 

esophageal squamous cell carcinoma (SCC) chemo-RT, DWI ADC was used to identify 

significant survival rate difference.220 another study using both DCE-MRI and DWI, Ktrans 

and kep acquired in the middle of the RT course captured significant differences between 

different responsive groups, but ADC only indicated such difference in pre-treatment 

results.221 Another study reported that a90% percentile change in CA concentration AUC 

could predict pathologic complete response after neoadjuvant chemo-RT.222 In a T1 

mapping study assessing cardiac toxicity after esophagus chemo-RT, pre-CA T1 value 

of myocardium increased 6 months after treatment, which was earlier than late CA 

enhancement results that demonstrated significant results 18 months after treatment.223

Pilot works of mpMRI in sarcoma evaluation have been reported. In a study of 

retroperitoneal sarcoma pre-operative RT, tumor median ADC was found with a significant 

increase after RT, and both ADC and diffusion coefficient D from IVIM were correlated 

with histopathological cellularity.224 In an evaluation of spine metastatic sarcoma SBRT, 

tumor mean/max of Ktrans and vp significantly decreased in post-treatment DCE-MRI. 

A simple score system from DCE-MRI results achieved 100% accuracy in local control 

prediction.225

4 ∣ CHALLENGES AND LIMITS

Although many mpMRI techniques have been extensively reported in clinical investigations, 

challenges and limits exist and may potentially cause obstacles in its adoption into clinical 

practice. In the following section, these challenges and limits are to be discussed.

4.1 ∣ Standardization of acquisition and processing of mpMRI data

As demonstrated in the previous sections, mpMRI is used to assess treatment response 

of RT for numerous diseases; however, the large site-to-site variation of data acquisition 

methods (including imaging protocols and scanners) and data processing methods 

(including quantitative parameter calculation, tissue segmentation, and radiomics feature 

extraction) may compromise the reproducibility and repeatability of mpMRI data. The 

data reproducibility is generally defined by the closeness of agreement between measured 
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values obtained by replicate measurements using different acquisition conditions226; these 

conditions may include different sequence parameters, scanners, and non-scanning protocol 

parameters (such as CA injection rate in DCE-MRI). Likewise, data repeatability is defined 

as the closeness of agreement between measured values obtained by replicate measurements 

performed on the same scanner, with identical imaging acquisition protocols.227 The data 

repeatability is mainly affected by image data analysis, which may include quantitative 

model selection, raw data pre-processing, and parametric data post-processing.228

To address reproducibility and repeatability, several initiatives were proposed, including 

Quantitative Imaging Biomarker Alliance (QIBA) by Radiological Society of North America 

(RSNA), Quantitative Imaging Network (QIN), and Reference Image Database to Evaluate 

Therapy Response (RIDER) by National Center Institute (NCI), and European Imaging 

Biomarkers Alliance (EIBALL) by European Society of Radiology (ESR). As an example, 

QIBA provides templates to record and organize data reporting along with available protocol 

recommendations addressing reproducibility and repeatability.229 To develop prospective 

multi-institutional mpMRI clinical trial, the standardization of acquisition and processing is 

crucial to enable data analysis and interpretation across different institutions.

Another challenge of RT assessment using mpMRI is the variation of RT implementation. In 

the last two decades, RT delivery techniques have undergone rapid progress from 3D-CRT 

to IMRT, volumetric-modulated arc radiotherapy (VMAT), and charged particle therapy 

using protons and heavy-ion particles. Meanwhile, radiobiological advancements enable 

novel RT regimens such as SBRT and recent FLASH RT. It is important to acknowledge 

the importance of RT consistency in the study sample cohort. Although the majority of 

studies of mpMRI reported homogeneous RT protocols with some acceptable variations, it 

is challenging to combine different study groups together with consistent mpMRI protocols 

but different RT protocols. Some radiological theories, such as biological effective dose 

(BED),230 provide some solutions to “normalize” RT effects; however, the validity of such 

approach is not fully understood with limitations in radiobiological theories.231 When a 

research protocol of mpMRI in RT assessment is proposed, the consistency of RT protocol 

should be considered.

4.2 ∣ Data access

Access to proper data is always important for mpMRI methodology development and 

validation. For most mpMRI studies reported by single institution investigations, the typical 

patient cohort size ranges from a few samples to a few dozens of samples. In addition 

to the data reproducibility issue, restricted data access under the current institutional 

regulation regime also imposes challenges in combining data sample cohorts for mpMRI 

studies. Although some open databases with mpMRI, such as Quantitative Imaging Data 

Warehouse (QIDW) by QIBA and The Cancer Imaging Archive (TCIA), have been available 

to researchers; however, the overall useable samples are still limited. In the era of big data 

application in medicine, access to high-quality data is crucial to meaningful research and is 

the cornerstone for the future development of mpMRI in RT.

n addition to mpMRI data, other clinical data are also valuable in assessing treatment 

response of RT, which include, but are not limited to, imaging metadata, medical records, 
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and pathology-related information. Among the data, imaging metadata are particularly 

important and should never be undervalued, given the fact that imaging metadata includes 

the information on image generation as well as annotations regarding diagnostic, anatomical 

or pathological details from clinicians. To adequately utilize mpMRI patient data for 

treatment response assessment, imaging metadata and other medical details (including 

treatment history, dose regimen, and treatment schedule) should be combined with 

mpMRI to establish a predictive model for treatment response. Given the limit that the 

imaging metadata are often stored separately from the imaging data, it is critical, but 

challenging, to adopt the consistent and standardized naming convention, file organization, 

and data anonymization and sharing procedures across various institutions on a national or 

international scale.232

4.3 ∣ Clinical interpretations

When interpreting functional parameters from mpMRI analysis, it is important to consider 

physiological assumptions in the associated microenvironment. For example, the parameter 

Ktrans that describes tissue microvessel permeability are commonly derived by Tofts models 

in DCE-MRI. The elegant two-compartment model design assumes infinite transcytolemmal 

water exchange, which may not be true, particularly with high CA concentration.233 

Comparison studies showed that Ktrans derived with and without infinite transcytolemmal 

water exchange assumptions had different performances in capturing anti-vascular treatment 

effect.234 Understanding the limitations of physiological assumptions is also critical in 

optimizing a data analysis method. Similarly, in a DWI study using different b values, 

when high b values were used as acquisition parameters for imaging, results indicated extra 

pathology results and suggested different modeling for more adequate interpretation.235 

One should also be cautious when analyzing mpMRI results derived with different main 

magnet field strengths. Currently, both 1.5 T and 3 T strengths are dominant selections 

for clinical MR scanners, while 7 T scanners for cranial imaging have become available. 

Prior studies revealed that while certain mpMRI parameters might be insensitive to field 

strength selection,236 some mpMRI results using different main field strengths may lead to 

different medical intrepreations.237 Additionally, when describing the same physiological 

concept, discrepant information may come from different imaging modalities. While DSC 

has been recognized for its role in acute stroke treatment, noticeable discrepancies of 

cerebral blood flow and cerebral blood volume were reported between DSC and 15O-water 

PET measurements.238,239 Thus, when reporting results from mpMRI, it is important to 

clarify the corresponding assumptions and the associated limitations.

It is also important to understand the uncertainties of derived functional parameters in 

clinical use. The uncertainties might arise from both physical variations in technical 

implementations and biological variations with in vivo data. More specifically, in DCE-MRI, 

the uncertainties in deriving Ktrans may come from T1 measurement, CA injection, and PK 

model fitting. Although these physical uncertainties cannot be fully eliminated, they need to 

be characterized in a controlled condition, preferably in repetitive phantom experiments, for 

potential uncertainty reduction.240,241 Moreover, biological uncertainties are inherent and 

are very challenging to manage in a clinical setup. AIF, the dynamics of CA in major blood 

vessels, is a key factor in the PK model solution. However, the blood dynamics in the human 
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body are affected by many factors and often are not constant, and experiments have shown 

intra-patient AIF variations on different days.242 Although, the use of population-averaged 

AIF with known parameters can eliminate intra-patient variations, but this approach ignores 

the larger inter-patient blood dynamics variations, which may lead to reduced precision 

in cross-patient comparison studies.243 Furthermore, the intra-patient variation in biology 

may affect, and even compromise, the results in paired mpMRI imaging studies for pre-

treatment and post-treatment evaluation. Currently, quantitative parameter value changes 

(post-treatment–pre-treatment) have been extensively reported in the mpMRI applications of 

RT assessment. The repeated scans, both pre- and post-treatment, are favored to minimize 

intra-patient biological variations to reveal the treatment-induced changes; however, this 

requires extensive care and imposes logistic challenges.

4.4 ∣ Integration with RT workflow

There are some additional challenges to integrate mpMRI into the RT workflow for 

treatment response assessment. One particular challenge is the requirement of high spatial 

integrity, which is crucial in treatment target definition and localization. In modern RT 

featured by high precision radiation delivery, image localization may need 1 mm or 

less spatial accuracy.244 Some mpMRI techniques, such as echo-planner acquisition in 

DWI, may suffer significant geometrical distortion issues.14,245 A second challenge is the 

requirement of high image resolution. Due to limited scan time, many mpMRI acquisitions 

cannot reach a high image resolution, as is achieved in typical CT simulation image 

volumes, which could be a problem using regions-of-interest defined by mpMRI in the RT 

workflow.246 Additionally, it may be challenging to register low-resolution mpMRI images 

to high-resolution images for RT planning; it generally is recommended that high-resolution 

anatomical MRI data share the same coordinate space with mpMRI scans to enhance 

registration accuracy.

Another challenge is to determine the optimal timing for mpMRI during the RT course. In 

a regular fractionated treatment course that may last up to 7 to 8 weeks, RT variations that 

include patient-specific morphological changes in patient anatomy and biological variation 

caused by cell phenotypic changes may occur, and these variations cannot be managed 

by pre-RT imaging and planning alone.247 Adaptive RT evaluates the intra-course patient 

variations and generates possible revised RT plans as a feedback control strategy.With 

pre-RT acquisition, intra-course mpMRI exams can provide biological evaluations for 

adaptive RT planning strategy.Many studies have shown that mpMRI can capture prominent 

physiological changes earlier than anatomical variations.248-251 Nevertheless, the optimal 

time point for mpMRI during the RT course is difficult to define252; such definition needs 

extensive in vivo comparative studies with different mpMRI exam frequencies utilizing the 

same RT protocol. Additionally, early RT adaptation without observed patient anatomical 

changes is too immature to be a clinical practice with consensus, and thus more future 

investigations are warranted.

In addition, there are various logistic challenges in mpMRI implementation in Radiation 

Oncology clinics. mpMRI data, such as high temporal resolution DCE-MRI, can be very 

large in terms of data size. When using such imaging data within the radiation oncology 
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information system (ROIS), data transfer and loading efficiency can be a potential problem. 

Also, the currently available imaging viewers in ROIS do not have a full toolbox of 

functions for mpMRI analysis. When transferring image-based mpMRI analysis results, 

such as segmentation contours, from self-developed or pre-clinical mpMRI analysis tools 

to ROIS, special quality assurance tests should be conducted to ensure data integrity.253 

Registrations of mpMRI image volumes acquired by a standard diagnostic MRI scanner 

with curved couch tops to RT imaging volumes acquired with flat couch tops in radiation 

oncology can be a practical challenge.254 mpMRI exams using radiation oncology-specific 

scanners, such as MRI simulator and MR-LINAC,255 might be an appealing option for 

mpMRI applications in RT response assessment on a large scale; this option requires 

transferring complicated scanning protocols to radiation oncology clinics and requires 

substantial validation efforts which optimally would be performed by a qualified imaging 

physicist that might not be available in a radiation oncology team, although the imaging 

expertise within a modern radiation oncology department is potentially greater than 

historical norms and may be sufficient for these tasks.256 The mpMRI protocols available 

on radiation oncology scanners may also need validation and optimization to accommodate 

RT-specific applications.

5 ∣ DISCUSSIONS AND FUTURE DEVELOPMENTS

5.1 ∣ Novel qMRI techniques at ultrahigh field

It is well known that the sensitivity of MRI depends on the signal-to-noise ratio (SNR) of 

the tissue of interest acquired during scanning. Given the fact that SNR is approximately 

linearly proportional to the main static magnetic field strength B0, the performance of 

mpMRI could be greatly enhanced at ultrahigh magnetic field strength. Compared with 

conventional scanners, the increase in SNR for ultrahigh field MRI scanners allows for 

greater spatial and spectral resolutions which may reveal anatomical and pathological 

findings that were previously undetectable.257 Furthermore, the wide adoption of ultrahigh 

MRI scanners (e.g., 7 T whole-body MRI scanners) may enable various novel applications 

feasible in a typical clinical setting.

Among these MRI techniques, an interesting one is high-resolution quantitative sodium 

imaging.258 Angiogenesis and cell division are strongly associated with tumor progression. 

Changes in sodium concentrations have been demonstrated to be sensitive to cellular 

proliferation, linked to tumor malignancy.259 Although sodium (11Na) is the second 

most abundant magnetic nucleus in a human body next to hydrogen (1H), the sodium 

concentration is intrinsically low and as such results in low SNR, long scan times, and 

low spatial resolution. In the past, due to this inherent weakness, the clinical applications 

of sodium imaging were limited. At ultrahigh magnetic field strength, this limitation may 

be overcome. It has been recently reported that high-resolution quantitative in vivo sodium 

imaging was achieved on a 9.4 T MRI scanner.258

5.2 ∣ Advanced MRI-RT systems

In the modern era, numerous efforts are gaining momentum by advancing cancer care 

through individualized treatment. One of the most promising trends is MRI-guided 
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RT. Currently, several hybrid MRI-guided Radio Therapy (MRgRT) systems have been 

implemented in clinics: one hybrid system combines a LINAC with a 0.35 T split-bore MRI 

system (ViewRay, OH, USA); another system combines a LINAC with a 1.5 T closed-bore 

MRI system (Elekta, Stockholm, Sweden).260 With the recent clinical adoption of MRgRT, 

real-time MRI-guided proton beam therapy (MRPT) has been proposed.261 With potential 

improvements of MRPT over conventional proton therapy and over x-ray beam therapy, 

feasibility studies have been conducted on the developments of software and hardware 

aspects of the proposed MRPT systems.261,262 Although most of the studies are simulation-

based, the early research demonstrated that MRPT is not only conceptually plausible but 

also practically feasible.

5.3 ∣ Deep learning application in mpMRI

Artificial Intelligence (AI) has become a widely discussed topic in both academia and 

industrial areas. Being propelled by the growths of mathematical theories and massive 

computation power, as a representative AI implementation, deep learning (DL) based on 

artificial neural networks has demonstrated impressive performances in image recognition, 

language translation, disease diagnosis, tumor segmentation, and other complicated tasks. 

In mpMRI image analysis, deep learning techniques could extract information from images 

without an explicit modeling process; the additional information may serve as opportunities 

to develop novel mpMRI theories. Additionally, automation in deep learning may facilitate 

the improved integration of mpMRI into the radiation oncology clinic, such as robust 

automatic contouring and image registration. Potential therapeutic prediction in RT by 

combining deep learning and mpMRI data is also conceptually promising: with mpMRI 

acquired prior to RT, DL-based outcome predictions could be available at the treatment 

planning stage. Guided by these predictions, clinicians could explore alternative treatment 

plans, such as target definition revision and dose fractionation adjustment, and select a 

plan that could potentially improve the patient’s outcome.232,252 Furthermore, this strategy 

could be adopted during a treatment course to optimize adaptive RT. These research and 

development efforts may pave the way to improved individualized RT.
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FIGURE 1. 
(a) clinical workflow of radiation therapy (RT) in three stages: treatment simulation, 

treatment planning, and image-guided treatment; (b) proposed clinical flow of RT with an 

additional treatment assessment stage
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FIGURE 2. 
An illustration of magnetic resonance imaging (MRI) evolution in brain arteriovenous 

malformation (AVM) stereotactic radiosurgery (SRS). In this application, anatomical MRI 

scans are acquired for general cranial anatomy evaluation. Two physiologic scans are 

adopted: two-dimensional/three-dimensional based MR angiography is acquired to identify 

target region(s), and diffusion tensor imaging (DTI) is acquired for tractography to identify 

nerve tracts avoidance candidates. On-board x-ray based imaging and potential MR imaging 

techniques can be used for accurate target positioning purpose during SRS administration
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FIGURE 3. 
An example of multiparametric magnetic resonance imaging (mpMRI) containing T1 post-

contrast (T1+C), apparent diffusion coefficient (ADC), T1, and R2* maps estimated from 

data acquired pre (a) and one-month post-RT (b) from a 58-year-old woman with partially 

resected glioblastoma of the left temporal lobe. The DWI images used to estimate the 

ADC maps and the T1+C were acquired on a 3T Skyra (Siemens, Erlangen, Germany) 

clinical scanner and the data used to estimate T1 and R2* maps were obtained on a 0.35 T 

MRIdian (ViewRay, Cleveland, OH) combination MRI and RT system. The multiparametric 

analysis was performed for voxels within two different regions of interest (ROI). The 

yellow ellipse highlights the peritumoral ROI (c). The resection cavity and tumor original 

contrast-enhanced volume are highlighted by the inner and outer magenta circles within the 

peritumoral ROI, respectively. A contralateral control ROI (green ellipse) was also analyzed 
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by the multiparametric approach (d) in order to provide a measurement of each parameter’s 

stability across different time points
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FIGURE 4. 
Four case examples of breast cancer patients receiving neoadjuvant chemotherapy. The 

images are maximum intensity projection at baseline and follow-up examinations after 4 

weeks and after completing the entire course. The top patient has an immediately operable 

tumor, but elects to receive NAC to facilitate surgery and achieve a better outcome. The 

second patient has inoperable cancer and shows a great response to NAC, which not only 

facilitates surgery but also further allows breast conservation. The third patient has an 

invasive lobular cancer, which appears to respond well; however, in the post-NAC specimen 

examination, the scattered cells are seen in the entire original tumor bed. For lobular cancer 

and non-mass lesions, minimum residual disease may present as scattered cells or cell 

clusters, and underestimated by magnetic resonance imaging. The last patient shows a 

complete response in primary cancer, but the partial response in the lymph node, suggesting 

the need for axillary dissection and axillary radiation
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FIGURE 5. 
A comparison of post-enhancement dynamic contrast enhanced (DCE)-magnetic resonance 

imaging (MRI) (top) and diffusion weighted imaging (DWI) (b = 500 mm2/s) (bottom) 

images before and after single-fraction delivery of stereotactic body radiation therapy. Red 

CTV contour is resampled in DCE-MRI and DWI coordinates, respectively
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FIGURE 6. 
An example HNC IMRT: (a) three-dimensional view of PTV in red; (b) PTV and dose 

distribution outlined on axial CT slice; (c) diffusion weighted imaging (DWI) image and (d) 

the corresponding ADC map assisted CTV delineation (purple segments) in (b)
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FIGURE 7. 
multiparametric magnetic resonance imaging (mpMRI) acquired from a patient with 

locally advanced rectal cancer receiving neoadjuvant chemo-RT. After treatment, the signal 

intensity is decreased on diffusion weighted imaging (b = 800 mm2/s), suggesting the 

increase of apparent diffusion coefficient. The enhanced tumor area becomes smaller, also 

suggesting a good response

Wang et al. Page 45

Med Phys. Author manuscript; available in PMC 2022 December 21.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript


	Abstract
	INTRODUCTION
	QUANTITATIVE IMAGING IN mpMRI
	Diffusion-weighted MRI
	Diffusion tensor imaging
	Dynamic contrast-enhanced MRI
	Dynamic susceptibility contrast MRI
	Magnetic resonance spectroscopy
	Bold MRI
	Other emerging qMRI methods

	mpMRI IN RT TREATMENT RESPONSE ASSESSMENT
	Brain
	Breast
	Prostate
	Head and neck
	Rectum
	Others

	CHALLENGES AND LIMITS
	Standardization of acquisition and processing of mpMRI data
	Data access
	Clinical interpretations
	Integration with RT workflow

	DISCUSSIONS AND FUTURE DEVELOPMENTS
	Novel qMRI techniques at ultrahigh field
	Advanced MRI-RT systems
	Deep learning application in mpMRI

	References
	FIGURE 1
	FIGURE 2
	FIGURE 3
	FIGURE 4
	FIGURE 5
	FIGURE 6
	FIGURE 7

