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ABSTRACT 

This dissertation begins with a comprehensive review of the assessment of tumor metabolism 

highlighting the various applications of chemical exchange saturation transfer (CEST) MRI. The 

acidoCEST MRI technique is shown to be the imaging application suffering from the least amount 

of pitfalls in the quantitative assessment of tumor metabolism.  Positron emission tomography 

(PET) and MR imaging modalities can be simultaneously and successfully synergized to study 

tumor metabolism during a course of a mitochondrial complex 1 inhibitor drug therapy in the 

treatment of pancreatic tumors in mouse models.  Intramodal imaging with endogenous MRI or 

acidoCEST MRI and dynamic contrast-enhanced (DCE) MRI can also be sequentially performed 

to evaluate specific tumor biomarkers and tumor cell perfusion and uptake of gadolinium-based 

contrast agents or T2ex-based contrast agents in gadobenate dimeglumine (MultiHance®, Bracco 

Imaging Inc., Milan, Italy) and D-maltose.  Machine learning-based classification of tumor 

models, as well as other pathological conditions, is a valid and helpul approach to CEST and DCE 

MR analysis.  Pancreatic ductal adenocarcinoma tumor models varying in levels of hypoxia such 

as Hs 766T, MIA PaCa-2 and SU.86.86, have been classified using specific training classifiers on 

endogenous CEST MRI and DCE MRI datasets.  Intramodal MR imaging has also been applied 

to other pathologies: namely, in imaging of bacterial infections and inflammation.  

Immunocompetent CBA/J mouse models of infections and MDA-MB-231 mouse models of breast 

cancer were injected and infused with the T2ex contrast agent D-maltose for DCE MRI. D-maltose 

infusion has shown to differentiate bacterially infected pathology from inflamed tissue pathology. 
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1.1 INTRODUCTION 

The work presented in this chapter has been accepted for publication in the review article titled 

“Assessment of Tumor Metabolism with CEST MRI”, as part of the journal NMR in Biomedicine.   

All written work was performed by the author. A full reprint of the published manuscript along 

with copyright permission for the associated figures are provided in Appendix A. 

 

Chemical exchange saturation transfer (CEST) is a relatively new contrast mechanism for MRI.1,2 

As described below, this technique exploits a specific MR frequency (chemical shift) of a molecule 

while generating an image with good spatial resolution using standard MRI techniques.  CEST 

MRI combines these advantages of MR spectroscopy and MRI for indirectly detecting molecules 

such as metabolites, detecting molecular functions such as enzyme activity, and measuring of 

environmental conditions such as pH.  Therefore, CEST MRI has many opportunities to 

noninvasively assess tumor metabolism, especially if care is taken to avoid or address the 

limitations of CEST MRI methods.  This review describes the CEST MRI mechanism, and reviews 

each of the CEST MRI applications that can be employed to study tumor metabolism.   
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1.2 THE CEST MRI MECHANISM  

To perform CEST MRI, a low power radiofrequency pulse is applied at the MR frequency of a 

labile proton on an exogenous contrast agent or endogenous biomolecule that can undergo 

exchange with water molecules.3 This pulse thereby saturates the net magnetization of the pool of  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

Figure 1.1 The acidoCEST MRI method. A, iopamidol has one amide proton that 

resonates at 5.6 ppm (red) and two magnetically equivalent amide protons that resonate 

at 4.2 ppm (blue), relative to the water resonance defined as 0 ppm; B, a CEST spectrum 

of 20 mM of iopamidol in water shows a decrease in % water signal when saturation is 

applied at 5.6 or 4.2 ppm, as well as the direct saturation of water when saturation is 

applied at 0 ppm. The C-F labels show saturation frequencies used to produce panel C-F. 

C-F, MR images of water signal in a tube of 20 mM iopamidol in a larger tube of water, 

with saturation applied at 9.5, 5.6, 4.2, and 0 ppm. Reproduced with permission from 

reference 4. 
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labile protons.  Physical exchange of these protons with protons on water molecules transfers their 

reduced magnetization to water, decreasing the net water signal that is detected using standard 

MRI acquisition methods (Figure 1.1).4  This process of selective saturation can be repeated over 

a range of saturation frequencies, and a plot of MRI signal amplitude relative to saturation 

frequency generates a CEST spectrum (also known as a Z-spectrum because this spectrum 

represents net coherent Z-magnetization after applying the saturation pulse).5 The direct saturation 

of water generates a major trough in the CEST spectrum, which is set to 0 ppm by convention.  

The CEST effect generates smaller troughs in the CEST spectrum at other ppm values.  The 

analysis of a CEST spectrum, such as fitting the spectrum with a series of Lorentzian line shapes, 

shows “CEST peaks” that can be used to estimate a “CEST signal amplitude”.6    

 

 

A saturation pulse is often performed with a low power of 0.5-6 µT to improve the selectivity of 

saturating specific labile protons and also avoid direct saturation of the water protons.  A long 

saturation pulse of 2 to 5 seconds is often applied so that the combination of saturation and 

chemical exchange can reach a steady state to generate a strong CEST effect.  A stronger pulse 

power may be used when generating CEST from exogenous agents and endogenous biomolecules 

that have large MR frequencies relative to water, because large MR frequencies reduce the 

potential for direct saturation of water.7  Also, protons on exogenous agents or endogenous 

biomolecules that have faster chemical exchange rates should reach steady state more rapidly, so 

that a shorter saturation pulse can be used to generate CEST from these protons.8  However, CEST 

MRI studies performed to date have not reached a consensus regarding the power and length of 
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the saturation pulse for optimal CEST MRI studies, as many combinations of saturation pulse 

lengths and powers have been used for clinical studies at 3 T and 7 T magnetic field strengths, and 

for many pre-clinical CEST MRI studies as well.9  Although this lack of consensus potentially 

limits comparisons between CEST MRI studies, the variety of saturation pulse lengths and powers 

that have produced reliable results demonstrates that CEST MRI is relatively robust regarding 

these saturation parameters, so that selecting optimal saturation conditions is not critical for 

successful CEST MRI studies of tumor metabolism. 

 

Obtaining a well-digitized CEST spectrum has advantages when analyzing CEST results for tumor 

metabolism studies.  In particular, B0 inhomogeneity (variability in the static magnetic field) can 

cause the MR frequency of the same type of proton in different spatial locations to have different 

values.  A full CEST spectrum can be analyzed to measure the B0 shift of the CEST spectrum, and 

the B0 shift can then be subtracted from the spectrum to remove the effect of B0 inhomogeneity 

from subsequent analyses of the CEST spectrum.10  Alternatively, a well-digitized CEST spectrum 

can be obtained with a narrow frequency range around the direct saturation of water at 0 ppm, 

which can be analyzed to measure the B0 shift and correct the full CEST spectrum.11  Furthermore, 

a full CEST spectrum can be analyzed to evaluate other effects that complicate CEST MRI, such 

as the influence of other labile protons in addition to the labile proton pool of interest;12 the direct 

saturation of water especially for labile protons with MR frequencies similar to the MR frequency 

of water;13 and through-space magnetization transfer that can generate a NOE and relayed-NOE 

effect.14,15  A “2-point CEST spectrum”, consisting of selective saturation at positive and negative 

MR frequencies symmetrical about the water MR frequency at 0 ppm, has been used to measure 
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MTRasym that represents the asymmetry in a CEST spectrum that accounts for some of the 

complications listed above.16  MTRasym analysis of CEST MRI results has generated useful results 

for pre-clinical and clinical studies.  However, a more well-digitized CEST spectrum provides 

opportunities for more advanced analyses, including the fitting of Lorentzian line shapes or the 

Bloch-McConnell equations to CEST spectra, or AREX and CESTR* analysis methods that 

remove other MR effects that influence CEST signals.6,17,18 

 

A variety of other CEST MRI acquisition methods have been developed that modulate saturation 

powers or delays between saturation pulses.19-22 These methods can measure chemical exchange 

rates of labile protons, or more selectively detect CEST from labile protons that have specific 

chemical exchange rates, which can be used to improve the analyses of biomarkers of tumor 

metabolism.  These advanced acquisition methods often require longer acquisition times and 

expertise to perform advanced analyses, which has limited their dissemination for pre-clinical and 

clinical studies.  Yet continued development of these advanced acquisition methods is ongoing, 

and may eventually improve the imaging of tumor metabolism. 

 

1.3 DIRECT DETECTION OF METABOLITES WITH CEST MRI 

A variety of metabolites in tumors have been detected with MR spectroscopy and spectroscopic 

imaging.23  Unfortunately, the poor sensitivity of MR spectroscopy and spectroscopic imaging has 

limited these techniques when translating from in vitro studies with cell cultures that have high 

signal-to-noise ratios (SNR) to in vivo studies with tumor models that have moderate SNR, and 

especially to in vivo studies of cancer patients that have low SNR.  The chemical exchange of 
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labile protons from metabolites has potential to boost the detection sensitivity by one to three 

orders of magnitude (depending on the chemical exchange rate, endogenous MR relaxation 

properties of the tissue, and CEST MRI acquisition parameters).  Therefore, CEST MRI is an 

intriguing approach for detecting tumor metabolites with greater sensitivity.  However, most 

metabolites have overlapped MR frequencies, thus compromising the specificity of detecting 

individual metabolites with CEST MRI.  To date, glutamate, creatine, and lactate are two tumor 

metabolites that have been detected with CEST MRI. 

 

The selective imaging of glutamate with CEST MRI, known as gluCEST MRI, is performed by 

applying selective saturation of glutamate’s amine group at 3.0 ppm, which is well-separated from 

the MR frequency of water and also has some separation from other metabolites.24  Approximately 

1-5 mM of glutamate is needed within in vivo tissues for adequate detection with gluCEST MRI, 

partly due to the fast ~5,500 Hz chemical exchange rate of the amine protons on glutamate.  

GluCEST MRI has been most successfully performed to study glutamate levels in the brain.25  

Hyper-secretion of glutamate induces excitoxic effects on the NMDA receptor, which has been 

linked to neurodegenerative pathogeneses such as Alzheimer’s disease and Huntington’s disease 

that have been studied with gluCEST MRI.26,27 Conversely, depleted levels of this neurotransmitter 

can lead to an imbalance in the dopaminergic system, causing progression of psychoses that have 

been studied with gluCEST MRI.28 Importantly, these studies have emphasized the detection of 

relative differences in gluCEST MR image contrast between patients and asymptomatic 

volunteers, or between pathological and normal tissues within the same patient.  These relative 
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differences in gluCEST require substantial differences in glutamate concentrations within the 

tissues.   

 

GluCEST MRI may potentially apply to cancer imaging studies, because cancer cells often use 

glutamate as an energy source.29 In addition, glutamate is a non-essential amino acid involved in 

the biosynthesis of nucleic acids and proteins, which can be a very active metabolic process in 

tumor cells that are rapidly growing and dividing.  Metabolic levels of glutamate can dramatically 

increase during immunotherapy, in which dendritic cells secrete glutamate that binds to 

metabotropic glutamate receptors localized on lymphocytes, which induces T cell activation and 

proliferation.30 However, as with neuroimaging studies, a substantial difference in glutamate 

concentrations may be needed for adequate differentiation between tumors and normal tissues, or 

before and after initiating immunotherapy, for gluCEST MRI to be practical for cancer imaging 

studies. 

 

Creatine is an important metabolite in cellular bioenergetics, particularly to facilitate the recycling 

of ATP.  Both increases and decreases in creatine concentrations within tumors have been reported, 

justifying the need for a noninvasive imaging method to improve our understanding of the role of 

creatine in the metabolism of various tumor types and states.31-33   Tumors typically have 5-10 mM 

of creatine concentration as measured with MR spectroscopy, with chemical exchange rates 

ranging from several hundred to several thousand Hz depending on pH.34,35  CreCEST MRI has 

been designed to estimate creatine metabolite levels in tumors, by saturating the MR frequency of 

the guanidinium protons of creatine at 2.0 ppm.36  However, the potential overlap of the MR 
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frequencies of creatine and other amide, amine, and hydroxyl protons raises concerns about the 

specificity of only detecting creatine with CreCEST MRI.  This concern may be mitigated by 

studying metabolic processes that cause major changes in creatine concentrations without also 

substantially changing the concentrations of other metabolites.  Unfortunately, initial CreCEST 

MRI studies with glioma models has shown only minor differences in CreCEST signal amplitude 

between tumor models, and non-significant differences during tumor progression.34,35  Moreover, 

the linewidth and integral of the CreCEST signal have showed a more significant change during 

tumor progression than the amplitude of the CreCEST signal.  This result suggests that other 

conditions that indirectly affect the shape of features in the CEST spectrum, such as the T2 

relaxation time, may be misinterpreted as representing changes in creatine concentration.  Also, 

the linewidths and integrals of multiple features in a CEST spectrum are interdependent, raising 

concerns that the analysis method may skew the interpretation of CreCEST results that are based 

on linewidths or integrals.  Overall, these initial studies with CreCEST MRI demonstrate the 

limitations in analyzing and interpreting CEST MRI results that attempt to evaluate endogenous 

metabolites.    

 

Differences in lactate concentrations have been imaged with CEST MRI by applying selective 

saturation at 0.4 ppm, corresponding to the MR frequency of lactate’s hydroxyl group.  This 

technique, known as LATEST (LAcTate chemical Exchange Saturation Transfer) MRI, has been 

used to detect an increase in lactate concentration after 3 minutes of calf muscle exercise.31 

LATEST MRI must be performed with low saturation power to reduce the direct saturation of 

water at 0 ppm that is very near the 0.4 ppm MR frequency of lactate.  To mitigate this overlap 
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problem, LATEST MRI has been performed at high 7 T magnetic field strengths, and this high 

field strength is likely needed for future clinical LATEST MRI studies.  Most importantly, the 

strong overlap of the MR frequencies of lactate and other metabolites that contain hydroxyl groups 

requires a major change in lactate concentration to measure a difference in LATEST MRI that can 

be specifically assigned to lactate.  Acquiring LATEST MRI results before and after exhaustive 

muscle exercise addresses this requirement.  Similarly, administering a high concentration of 

pyruvate to a tumor model can rapidly stimulate metabolic conversion of the excess pyruvate to 

lactate, and LATEST MRI before and after the stimulation can detect this metabolic event (Figure 

1.2).31 Although LATEST MRI appears promising for detecting tumors that have any appreciable 

level of glycolysis, future studies are warranted to determine if stimulating lactate production with  

 

 

 

 

 

 

 

 

 

 

            

 

Figure 1.2 LATEST from lymphoma tumors. A-C, anatomical images from three 

animals, with the flank tumor region indicated by the dotted red line; D-F, the LATEST 

maps pre-infusion; G-I, the LATEST maps post-infusion; J, asymmetry plots from Animal 

3 in the third row, taken from region indicated in dotted black line, show an increase in 

LATEST signal post-infusion. Reproduced with permission from reference 31.  
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high concentrations of pyruvate is a safe approach for interrogating the level of glycolytic 

metabolism in tumors. 

 

To improve the sensitivity of lactate detection, a paramagnetic CEST agent with a Yb(III) 

lanthanide ion has been developed that changes the MR frequency of its labile protons from 9 to 

16 ppm when forming a bidentate complex with lactate.38 This large chemical shift provides 

outstanding detection specificity of the CEST agent in both lactate-bound and unbound forms, 

while also avoiding the direct saturation of water and CEST effects generated by other metabolites.  

However, the specificity of detecting only lactate with this agent needs comprehensive evaluation, 

relative to other metabolites that may also bind to the paramagnetic CEST agent, and especially 

during in vivo studies.  The problem of detection specificity is exemplified by the inability of the 

paramagnetic CEST agent to distinguish D-lactate from L-lactate, whereby the latter metabolite is 

the relevant metabolic biomarker for tumor metabolism.   

 

1.4 GLUCOCEST MRI 

Tumor perfusion is indirectly related to tumor metabolism, because nutrients must be delivered to 

the tumor to feed metabolic processes.  Tumor perfusion involves the combination of the blood 

flow that delivers nutrients to the tumor, and the permeability of vessel endothelium that allows 

nutrients to transfer from the blood to the extracellular microenvironment (and eventually transfer 

into tumor cells).  Dynamic Contrast Enhanced (DCE) MRI is often performed by intravenously 

administering a paramagnetic MRI contrast agent, and then monitoring the dynamic uptake and 



 24 

wash-out of the MRI contrast agent using T1-weighted MR imaging.39 However, these T1 MRI 

contrast agents contain a Gd(III) lanthanide ion, which can potentially cause nephrogenic systemic 

fibrosis especially for patients with reduced kidney function that leads to prolonged retention of 

the MRI contrast agent in the body.40 
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Figure 1.3 GlucoCEST and 18FDG-PET/CT images in vivo. A, glucoCEST ΔMTRasym 

map (Post-infusion–Pre-infusion); B, 18FDG-PET/CT coronal view obtained one hour after 

intravenous (i.v.) injection of 18FDG showing accumulation in both tumors; C,D, a 

comparison of signal intensities (n = 5) for both modalities using ROIs comprising the two 

tumors.  Even though some trends appear visible for PET, significant differences (p < 0.05; 

paired student’s t-test) between the tumors could be detected only with glucoCEST.  

Reproduced with permission from reference 36. 
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As an alternative, glucoCEST MRI monitors the dynamic uptake and wash-out of D-glucose in 

tumors.41,42 D-glucose is a clinically approved contrast agent that can generate a broad CEST effect 

from five hydroxyl groups between 0.8-2.2 ppm at 3 T magnetic field strength.  The glucose 

concentration increases from ~5 mM to ~15 mM in tumor tissues after i.v. injection, which can be 

detected with CEST MRI partly due to the fast chemical exchange rate of several thousand Hz 

from the hydroxyl groups of glucose.  The small difference in MR frequencies between glucose 

and water, and the overlap between the MR frequencies of glucose and other metabolites with 

hydroxyl groups, raises concerns about specifically detecting glucose with CEST MRI.  However, 

CEST spectra are obtained before and after intravenous injection of exogenous glucose, and the 

difference between these spectra is assumed to reflect only the CEST effect of the exogenous 

glucose, which greatly improves detection specificity.  GlucoCEST MRI has been performed to 

study tumor models41-43 and patients who have glioblastoma or head & neck cancer (Figure 

1.3).44,45 

 

Following transport to the extracellular tumor microenvironment, glucose can be further 

transported into tumor cells and metabolized via oxidative phosphorylation, glycolysis, or other 

biochemical pathways.  For comparison, [18F]-fluorodeoxyglucose (18FDG) is often monitored 

with positron emission tomography (PET) to evaluate the combination of glucose transport and 

initial steps of glucose metabolism in tumor cells.46 However, 18FDG is administered at tracer 

concentrations that accumulate 10-100 pM in tumor tissues that is adequate for detection with PET, 

while glucoCEST MRI requires administration of high concentrations of glucose that approach 1-

10 mM in tumor tissues.  The high concentration of glucose during glucoCEST MRI can 
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overwhelm the capacity of glucose transporters, leaving substantial concentrations of glucose in 

the extracellular tumor microenvironment during the glucoCEST MRI study.  As another 

comparison, DCE MRI with a T1 contrast agent only reflects perfusion of the contrast agent into 

the extracellular tumor microenvironment, because the T1 contrast agent cannot internalize into 

cells during the time course of the DCE MRI scan session.39  As yet another comparison, similar 

dynamic CEST MRI protocols have been used to monitor the pharmacokinetics of 3-O-methyl-D-

glucose (3OMG), glucosamine and N-acetyl glucosamine, which are unable to undergo hexokinase 

phosphorylation and therefore are not metabolized in mammalian cells.47,48  Importantly, 

glucoCEST MRI, 18FDG PET, DCE MRI, and dynamic CEST MRI with 3OMG, glucosamine and 

N-acetyl glucosamine have shown different rates of uptake and retention of their respective 

exogenous agents, suggesting that the dynamic signal change during glucoCEST MRI is sensitive 

to a combination of perfusion into the extracellular microenvironment, cell internalization, and 

metabolism within tumor cells.   

 

1.5 CATALYCEST MRI  

Biochemical processes that are facilitated by enzyme catalysis can be detected with a protocol 

known as catalyCEST MRI.49 The detection of enzyme catalytic activity has potential advantages 

for longitudinal monitoring of anti-cancer treatments that inhibit enzymes, or that inhibit the 

expression or activation of enzymes.  An exogenous agent for catalyCEST MRI consists of a 

chemical group with a labile proton that can generate an enzyme-unresponsive “control” CEST 

signal, and a substrate for the enzyme which is permanently modified or cleaved from the chemical 

group by the enzyme.  This permanent change to the substrate causes a second CEST signal to 
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appear or disappear, which can be used to detect enzyme activity, especially while monitoring the 

control CEST signal to account for other experimental conditions.  A rapid turn-over rate (known 

as kcat) of the enzyme for the substrate can be important for processing a large concentration of the 

CEST agent for detection within an in vivo imaging scan session.50  However, the overall enzyme 

catalysis does not require a strong enzyme-substrate binding constant (represented by the 

dissociation constant KM), because the high ~5 mM concentration of agent needed for in vivo 

detection with CEST MRI saturates the enzyme.  Therefore, contrast agents for catalyCEST MRI 

can accommodate many types of chemical groups that may reduce enzyme-substrate binding. 

 

As an example, catalyCEST MRI has been developed to detect the enzyme catalytic activity of γ-

glutamyltransferase (GGT), which catalyzes cleavage of the γ-glutamyl moiety of extracellular 

glutathione in various cancers such as breast, liver, ovarian, and squamous cell carcinomas.50  A 

nonmetallic, diamagnetic agent was synthesized by coupling a glutamyl substrate to salicylic acid, 

which produced two CEST signals that could be easily detected at MR frequencies of 5 and 9 ppm, 

far from the MR frequency of water.  Cleavage of the glutamyl substrate by GGT caused one of 

the CEST signals to be lost, while the second CEST signal served as an enzyme-unresponsive 

control, so that the ratio of CEST signals could report on enzyme activity.  Subsequent in vivo 

studies showed strong detection of GGT activity in a tumor model of human OVCAR8 ovarian 

cancer that has high GGT expression, but not in a tumor model of OVCAR3 ovarian cancer that 

does not express GGT.  
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As another important example, CEST MRI was used to detect the catalytic activity of 

carboxypeptidase (Figure 1.4).51 Unlike other approaches that require the synthesis of unnatural 

substrates, carboxypeptidase activity was detected using cytosine, a natural base found in nucleic 

acids.  This study developed a transgenic tumor cell line that expressed carboxypeptidase in the 

extracellular environment, providing a clever approach for reporter gene imaging in vitro.  This 

CEST MRI approach was also used to detect the activation of the prodrug 5-fluorocytosine to the 

active drug 5-fluorouracil, indicating that this approach may become a theranostic approach that 

combines therapeutics and diagnostics.  Previous studies used 19F MR spectroscopy to detect the 

activation of this prodrug, but the CEST MRI approach was shown to greatly improve detection 

sensitivity of carboxypeptidase-mediated prodrug activation.   
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A variety of other CEST agents have been developed that detect enzyme activity using catalyCEST 

MRI or similar CEST MRI protocols.  CatalyCEST agents have detected proteases such as 

cathepsins,49,52 caspases,53,54 matrix metalloproteases,55 urokinase plasminogen activator,56-58 

kallikrein 6,59 and general protease activity.60  Other agents have cleaved substrates to detect 

glycoside hydrolases,61-63 sulfatases,64,65 esterases,65,66 and phosphatases.67 An “anti-protease”, 

transglutaminase that forms a covalent bond rather than breaking a bond, has also been detected 

with a catalyCEST MRI contrast agent.68  CEST agents have been made that detect enzymes that 

modify substrates rather than causing cleavage, such as DT-diaphorase69 and nitric oxide 

synthase.70  This variety shows that catalyCEST MRI is a platform technology that can potentially 

Figure 1.4 CEST properties of 5FC and 5FU at 9.4 T, pH 7.4, and 37 °C. A, CEST spectra 

(solid lines) and MTRasym plots (dashed lines) of 40 mM of 5FC (red) and 5FU (blue).  Arrows 

point to the maximal MTRasym; B, imaging of cellular enzyme activity: CEST MRI of 

HEK293FT cells transduced with Cdase (CD-293) or control cells (WT-293) encapsulated with 

alginate (200–300 cells per microcapsule).  The conversion map overlaid on T2-weighted 

images, clearly showing that CD-293 cells but not WT-293 cells effectively converted 5FC to 

5FU with a concurrent change in CEST signal.  Reproduced with permission from reference 45. 
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apply to detecting many additional enzymes.  These past examples have used diamagnetic agents 

with chemical shifts of 5-9 ppm, as well as paramagnetic agents with chemical shift differences 

from water as large as 50 ppm, showing that many types of CEST agents can be employed for 

enzyme detection.  CatalyCEST MRI studies have progressed from biochemical solutions to in 

vivo cell cultures to in vivo animal models, which further expands the applications for this 

molecular imaging method.  

  

However, these successful examples of catalyCEST MRI have also shown the limitations of this 

technique.  CEST signals are dependent on pH, which can compromise the comparison of enzyme-

responsive and unresponsive CEST signals.50  Substrates can often be processed by multiple 

enzymes, which compromises the detection specificity for only one enzyme of interest.54,63,67  Most 

importantly, high concentrations of the agent of ~ 5 mM are needed for in vivo detection of enzyme 

activity, which substantially reduces the potential for clinical translation.50,57-59 The need for high 

concentrations of agent may limit catalyCEST MRI to the detection of extracellular enzymes, 

because internalization of high agent concentrations can affect cell function or lead to cell death.  

Limiting catalyCEST MRI to studies of extracellular enzymes prevents many studies of 

intracellular tumor metabolism. 

 

1.6 ACIDOCEST MRI  

Disregulation of cellular energetics plays a central role in cancer metabolism, including a 

dependency on glycolysis especially in hypoxic tumors.71,72 An increase in glycolysis diverts 

glycolytic intermediates into many interconnected biosynthetic pathways, facilitating the 
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production of the biomolecular machinery needed to construct new cells.73 A consequence of 

upregulated glycolysis is the production of excess lactic acid, and the secretion of this acid from 

tumor cells, which leads to extracellular tumor acidosis.   

 

Amide Proton Transfer (APT) CEST MRI detects chemical exchange from amide protons that 

reside on mobile proteins and peptides within tissues.  These amide protons have MR frequencies 

centered at 3.5 ppm that is sufficiently separated from the MR frequency of water for selective 

saturation; have longer T1 and T2 relaxation time constants that allow for the build-up of CEST; 

and have ~5-8 mM concentration that overcomes the insensitivity of CEST MRI.74 The slow ~35-

60 Hz chemical exchange rate of amide protons is base-catalyzed, so that the APT CEST signal 

increases with increasing pH. Similarly, the amine protons on mobile proteins and peptides can 

generate CEST with selective saturation at 2.75 to 3.0 ppm.75 The base-catalyzed chemical 

exchange rate of amine protons is very fast, typically in the thousands of Hz, which can generate 

a strong CEST signal at low pH, and yet can become too fast to generate strong CEST at more 

neutral pH.  Therefore, both APT CEST MRI and amine CEST MRI are sensitive to tumor pH.  

The ratio of CEST signals from amide and amine protons has been used to estimate tumor pH 

using a method known as AACID, given the opposite pH dependency of CEST signal amplitude 

on the chemical exchange rates of the two protons.76  However, the amplitudes of the endogenous 

CEST signals from amide and amine protons are also dependent on the concentration of 

proteinaceous content in tissues.77 Recent reports have indicated that the concentration dependence 

dominates the pH dependence of endogenous APT CEST MRI.9 Also, endogenous CEST 

measures a combination of intracellular and extracellular pH, while tumor acidosis predominately 
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affects only extracellular pH, reducing the sensitivity of endogenous CEST MRI for tumor 

acidosis.78 Therefore, the pH-dependence of endogenous CEST MRI may contribute to localizing 

acidic tumors, but current endogenous CEST MRI methods are insufficient to quantitatively 

measure tumor pH. 

 

To address the problems with endogenous CEST MRI for imaging tumor pH, exogenous agents 

have been used to measure the extracellular pH in the tumor microenvironment.  One approach 

known as acidoCEST MRI measures the ratio of two CEST signals from two types of aryl amide 

protons on a single CEST agent to accurately measure pH.12 The ratio of CEST signals is inherently 

independent of the agent’s concentration, and has been shown to be independent of the T1 

relaxation time and incomplete saturation, further improving the robustness of acidoCEST MRI 

for pH measurements of in vivo tissues.79 AcidoCEST MRI has employed iopamidol (Isovue®, 

Bracco Diagnostics) and iopromide (Ultravist®, Bayer Healthcare), which are exogenous agents 

that are clinically approved for Computed Tomography (CT) at high 300 mgI/mL (976 mM) 

concentration that can overcome the insensitivity of CEST.9,80 The resulting concentration in tumor 

tissues is ~10 mM for adequate detection at 7T, and ~20 mM at 3T, based partly on the ~800 Hz 

chemical exchange rate of the agent’s protons.81  Although iopromide provides greater precision 

when measuring pH, iopamidol is preferred for acidoCEST MRI studies due to the greater 

sensitivity of this agent, and considering that CEST MRI is an insensitive imaging method.82 These 

agents have large MR frequencies at 4.2 and 5.6 ppm that facilitates selective saturation with 

minimal concern for directly saturating the MR signal of water.  The agents do not diffuse across 



 34 

the plasma membrane due to their hydrophilic properties, which reduces the risk of intracellular 

toxicities at high concentrations and volumes of administration.     

 

AcidoCEST MRI has been used to measure extracellular pH in tumor models of lymphoma, breast, 

ovarian, pancreatic, and lung cancer.9,12,78-85 These studies have shown that tumor pHe is lower in 

faster-growing tumors, and increases in early response to drug treatments, demonstrating that 

acidoCEST MRI is sensitive to the level of tumor metabolism.  Similarly, acidoCEST MRI has 

been used to measure an increase in extracellular pH (pHe) during the clearance of infection-

induced lung fibrosis, again indicating that acidoCEST MRI can monitor a decrease in metabolism 

in pathological lesions.  AcidoCEST MRI has also been used to monitor the therapeutic effect of 

MIBG, a metabolic poison, which redirects glucose metabolism from oxidative phosphorylation 

to glycolysis, resulting in an increase in tumor acidosis (Figure  1.5).83  More recently, acidoCEST 

MRI has been translated to the radiology clinic for measurements of extracellular pH in patients 

who have metastatic ovarian cancer.81 

 

Other CT agents such as iobitridol (Xenetix®, Guerbet) ioversol (Optiray®, Guerbet), iomeprol 

(Iomeron®, Bracco Diagnostics), iohexol (Omnipaque®, GE Helathcare) and dimeric isomolar 

iodixanol (Visipaque™, GE Healthcare) can produce a single CEST signal at 4.3 or 5.6 ppm.86,87 

More recently, diamagnetic CEST agents that are derivatives of salicylic acid and anthranilic acid 

have been developed that also show a pH dependent CEST signal.88,89 These newer agents have 

large MR frequencies and MR frequencies approaching 12 ppm, which facilitates selective  
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detection of the CEST signal.  An agent with just one CEST signal obviates a ratiometric analysis 

of two signals for acidoCEST MRI.  However, the detection of a single CEST signal at two 

saturation powers can use a ratiometric method to measure pH, because the levels of steady-state 

saturation provided by two powers depends on the chemical exchange rate, which depends on 

pH.86 This novel ratiometric approach using two saturation powers requires the acquisition of two 

sets of CEST MR images, which lengthens the total scan time that may be problematic for clinical 

translation.  Further development of these agents, and demonstrations of in vivo applications, are 

needed to evaluate the utility of these agents for studying tumor metabolism.   

Figure 1.5 AcidoCEST MRI evaluations of mitochondrial poisoning of the Raji tumor 

model. A, the pHe map of a mouse bearing a Raji xenograft tumor before and after 

treatment with MIBG. Colored pixels have acidic pHe values ≤ 7.0 that correspond to the 

color bar.  White pixels represent tumor regions with only a single CEST effect at 4.2 ppm, 

which were considered to have neutral pHe values > 7.0.  Reproduced with permission 

from reference 76. 
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Finally, paramagnetic CEST agents have been developed that can measure tumor pH.  A Yb(III) 

chelate showed CEST signals at -8 and +10 ppm, which was employed with a ratiometric 

acidoCEST MRI method to measure extracellular pH in tumor tissues.5,90 A Yb(III) chelate has 

two conformations that generate CEST signals at very large MR frequencies of 66 and 92 ppm, 

and the ratio of the conformations depends on pH, so that the ratio of CEST signals can be used to 

measure pH.91 A Eu(III) chelate has a CEST signal with a MR frequency that is dependent on pH, 

which can be accurately measured in a CEST spectrum to measure pH.92  However, the potential 

toxicity of paramagnetic CEST agents limits the dose that can be intravenously administered to 

tumor models, which limits detection sensitivity for measuring tumor pH. 

 

1.7 COMBINING CEST MRI WITH OTHER MOLECULAR IMAGING METHODS 

Tumor metabolism is a complex process, involving different types of biomolecules, spanning 

different spatial scales, and evolving over different temporal scales.  Evaluating tumor metabolism 

may greatly benefit from combining multiple molecular imaging methods that can interrogate 

these different characteristics.  Many multimodality imaging technologies and applications have 

been developed, including some contrast agents that can be detected with two modalities.  

However, multimodality imaging methods that can be performed simultaneously or sequentially 

within a single scan session are more practical for studying tumor biology rather than multiple-

modality imaging that requires separate scan sessions.  More importantly, multimodality imaging 

protocols need to be designed that interrogate complimentary biomarkers of tumor metabolism, 

rather than interrogating the same biomarker multiple times. 
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For example, acidoCEST MRI is sensitive to lactate production at the end of glycolytic metabolism 

in tumors, as described in Section 1.6.  18FDG PET monitors glucose uptake in tumors during the 

initial steps of glycolysis.  Therefore, combining 18FDG PET and acidoCEST MRI during a 

simultaneous PET/MRI scan session has strong merit for evaluating tumor metabolism from 

complimentary perspectives with a practical methodology.  This type of PET/MRI study has 

recently been accomplished with tumor models, first by showing the feasibility of performing 

sequential 18FDG PET and acidoCEST MRI with two instruments,93 and then performing 

simultaneous 18FDG PET/acidoCEST MRI with a single instrument.4 The more comprehensive 

assessment of the glycolysis pathway was useful for evaluating the regionality of upregulated 

glycolsis in tumor tissue, and for evaluating the effects of metformin treatment on tumor 

metabolism.   

 

As another example, glucoCEST MRI shows a different pharmacokinetic profile relative to 18FDG 

PET as described in Section 1.4.42 This difference suggests that each imaging method has different 

sensitivities to the delivery of glucose to the extracellular tumor space and the transport and 

trapping of glucose in the tumor cell. Therefore, combining these complimentary imaging methods 

during simultaneous PET/MRI studies has potential to improve evaluations of the first steps of 

tumor glycolysis (whereby transport of glucose into tumors is an essential first step of this 

metabolic pathway).   
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As a final example, hyperpolarized 13C MRI has been used to monitor the rate of converting 

pyruvate to lactate in tumor models and in patients who have pancreatic cancer.94 Combining 

hyperpolarized 13C MRI studies with LATEST MRI would provide complimentary information 

about the rate of conversion of pyruvate and amount of accumulation of lactate.  Combining 

hyperpolarized 13C MRI with acidoCEST may also provide complimentary information about 

pyruvate metabolism and the production & secretion of lactate.  Although hyperpolarized 13C MRI 

and CEST MRI would need to be performed sequentially, both methods could be performed during 

a single MRI scan session to provide a practical imaging protocol.  Both methods may possibly be 

combined with 18FDG PET during PET/MRI studies, providing a comprehensive assessment of 

the start, mid-point and end of glycolytic metabolism in tumors. 

 

1.8 CONCLUSIONS 

CEST MRI has a remarkable variety of opportunities to interrogate tumors at the molecular level, 

including the detection of glutamate and lactate metabolites with gluCEST and LATEST MRI; the 

evaluation of glucose transport with glucoCEST MRI; the assessment of enzyme catalysis via 

catalyCEST MRI; and the measurement of tumor pH that is sensitive to lactate production at the 

end of glycolytic metabolism in tumors.  However, CEST MRI suffers from detection specificity, 

and clever experimental designs are needed to ensure that the CEST signal arises only from the 

biomarker of interest relative to other endogenous sources of CEST.  CEST MRI also suffers from 

inherently low detection sensitivity, limiting assessments to abundant molecules involved in tumor 

metabolism.  The continuing development of CEST MRI acquisition and analysis methods, as well 
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as the development of new exogenous CEST agents, may improve the specificity and sensitivity 

of CEST MRI studies of tumor metabolism. 
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2.1 INTRODUCTION 

The work presented in this chapter has been accepted for publication in the article titled 

“Preliminary Results that assess metformin treatment in a preclinical model of pancreatic cancer 

using simultaneous 18FDG PET and acidoCEST MRI”, as part of the journal Molecular Imaging 

in Biology.  Christine M. Howison assisted with animal small catheter placement prior to start of 

imaging.  The experimental design and all other work were performed by the author. A full reprint 

of the published manuscript along with copyright permission are provided in Appendix B. 

 

Molecular imaging of cancer has often exploited the deregulated metabolism of solid tumors.  For 

example, 18FDG is commonly administered to patients, which accumulates in tumor cells that have 

upregulated glucose transport to feed a variety of metabolic processes including glycolysis.1 PET 

is then used to detect the localized accumulation of 18FDG to identify viable regions of a primary 

tumor, as well as viable metastases.  Furthermore, 18FDG PET is used to monitor a general decrease 

in tumor metabolism in response to anti-cancer treatment, both in patients undergoing treatment 

and in small animal tumor models tested with experimental therapeutics.2-3   

 

As another example of imaging tumor metabolism, the pHe of the tumor microenvironment can 

be measured using CEST MRI.4 We have developed a version of this molecular imaging technique 

to monitor tumor glycolysis that causes lactic acid production and secretion, which is known as 

acidoCEST MRI.5-7  Other researchers have developed similar CEST MRI methods that have been 

used to measure pHe in tumors, kidneys, and bladder, which further demonstrates the feasibility 

of this MRI technique.8-12 Using these methods, tumors with faster growth rates have been shown 
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to have lower pHe values, indicating that tumor pHe is a biomarker for tumor viability that may 

compliment 18FDG PET studies.5 Also, these CEST MRI methods have shown that tumor pHe can 

significantly increase in response to drugs that generally decrease tumor metabolism, which may 

also compliment 18FDG PET studies.13 Similarly, these methods have measured an increase in 

tumor pHe in response to an inhibitor of the lactic acid production pathway14-15, and a decrease in 

tumor pHe in response to a mitochondrial poison that redirects glucose metabolism towards 

glycolysis and lactic acid production.16 These latter studies suggest that acidoCEST MRI can 

provide new insights into changes in tumor metabolism that can further compliment 18FDG PET 

studies when evaluating drug response in tumors.   

 

AcidoCEST MRI detects two CEST signals from two types of amide protons on iopamidol 

(Isovue®, Bracco Imaging SpA, Milan, Italy), a CT agent that has been repurposed for our MRI 

studies (Figure 2.1a).17-18 Selective radio frequency saturation of the MR resonance frequency of 

an amide proton causes the MR signal of the respective proton to disappear.  Chemical exchange 

between a saturated proton and a proton on a water molecule transfers the saturation to water, 

causing the MR signal of water to decrease (Figure 2.1c-f).19 The chemical exchange rate of each 

type of amide proton on iopamidol have different dependencies on pH, so that an analysis of the 

CEST effects from both amide protons can measure pH.7 In practice, the saturation frequency is 

iterated among many values to generate a CEST spectrum that is analyzed to measure pH (Figure  

2.1b).  In addition, CEST is an insensitive imaging technique, requiring signal averaging to 

produce high-quality results.  CEST images are acquired before and after administration of the 

contrast agent, so that the difference between the images can be used to remove the effects of 
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endogenous CEST contrast from the analysis of the exogenous agent.  These many multi-second 

image acquisitions typically require a lengthy ~35 minutes to complete, and additional time to 

optimize imaging conditions can cause acidoCEST MRI scan to take ~45 minutes to perform.  This 

lengthy scan time limits opportunities to append additional molecular imaging methods to the scan 

session, such as performing a 18FDG PET scan before or after an acidoCEST MRI scan. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.1 The acidoCEST MRI method. A, iopamidol has one amide proton that 

resonates at 5.6 ppm (red) and two magnetically equivalent amide protons that resonate at 

4.2 ppm (blue), relative to the water resonance defined as 0 ppm; B, A CEST spectrum of 

20 mM of iopamidol in water shows a decrease in % water signal when saturation is applied 

at 5.6 or 4.2 ppm, as well as the direct saturation of water when saturation is applied at 0 

ppm; the C-F labels show saturation frequencies used to produce panels C-F.   C-F, MR 

images of water signal in a tube of 20 mM iopamidol in a larger tube of water, with 

saturation applied at 9.5, 5.6, 4.2, and 0 ppm.  Figure used in review for chapter 1. 
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2.2 RATIONALE 

To address this practical limitation, instrumentation has been developed to perform simultaneous 

PET/MRI studies.20 A PET detector can be inserted into an MRI magnet, providing the opportunity 

to independently perform PET and MRI studies without loss in image quality from each modality.  

We sought to investigate whether a PET/MRI system could provide a practical platform for 

performing simultaneous 18FDG PET and acidoCEST MRI studies.  In addition, we investigated 

whether results from 18FDG PET and acidoCEST MRI studies could be combined to improve the 

evaluation of the early response in a tumor model undergoing drug treatment. 

 

2.3 RESULTS AND DISCUSSION 

The MRI transceiver coil fit snugly within the NuPET™ detector, and the NuPET™ detector fit 

snugly within the magnet bore with the gradient system, which facilitated alignment of the coils.  

A comparison of PET and MR images verified that the axial centers of each coil matched within 

1 mm, which is the spatial resolution of the PET images.  The 3D PET image volume was easily 

aligned with the 2D MR image by rigid rotation about the longitudinal axis of the images.   

 

 

Figure 2.2 A schematic of the PET/MR imaging workflow.  
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The PET count rates while performing MRI acquisitions were within 2% of PET count rates 

without performing MRI acquisitions, indicating that PET acquisitions were not affected by MRI 

acquisitions even during fast MR gradient switching or long selective saturation pulses.  This result 

agreed with previous PET assessments of this technology.23 The SNR of spin-echo and gradient 

echo MR images with the NuPET™ insert were within 97-101% of the SNR without the insert, 

with a standard deviation of 2.3-3.4% among the 7 measurements made with each MR imaging 

protocol.  In addition, the NuPET™ insert did not create artifacts or spatial distortions that were 

visible in the MR images.  The SNR of the EPI and CEST-FISP MR images with the NuPET™ 

insert were 89% and 88% of the SNR without the insert, demonstrating a minor signal loss for MR 

protocols with fast gradient switching during acquisition.  This result agreed with previous MRI 

assessments of this technology.24 However, the CEST-FISP MR images with the PET insert had a 

CNR that was 96% of the CNR without the PET insert, demonstrating that the PET insert only has 

a minor effect on CEST-FISP MRI studies.  Furthermore, acidoCEST MRI relies on the ratio of 

CEST signals generated from two types of amide protons on iopamidol.  Decreasing the CEST 

signals from each amide proton by the same percentage does not affect this ratio of CEST signals,  

or the widths of the features in the CEST spectrum, and therefore does not impact the measurement 

of pH with acidoCEST MRI.25 Overall, these studies verified that both 18FDG PET and acidoCEST 

MRI could be performed simultaneously. 
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The PET/MRI system successfully produced CEST spectra with good CNR (Figures 2.3a, 2.3b, 

Supplemental Figures 1-3 in Appendix B).  The CEST signal from the proton at 5.6 ppm is stronger 

at lower pHe relative to the signal from the proton at 4.2 ppm, while the CEST signal from the 

proton at 4.2 ppm is stronger at higher pHe. Bloch fitting of the relative amplitudes as well as the 

Figure 2.3 In vivo CEST spectra.  The post-injection spectrum shows lower % water signal than 

the pre-injection spectrum at 4.2 and 5.6 ppm, for a: a tumor with pHe 7.0, and b: a tumor with 

pHe 6.8.  c: The difference between pre-injection and post-injection CEST spectra (blue circles) 

were fit with the Bloch-McConnell equations modified for chemical exchange (black line) for a 

tumor with pHe 7.0, and d: a tumor with pHe 6.8. 
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widths of the features in the CEST spectrum are largely responsible for estimating pHe (Figures 

2.3c, 2.3d, Supplemental Figures 1-3 in Appendix B).7,26 For comparison, the absolute magnitudes 

of both CEST signals at 5.6 and 4.2 ppm are dependent on concentration, so that Bloch fitting of 

the magnitude of the CEST spectrum is largely responsible for estimating concentration.  This 

result shows that pHe and concentration can both be estimated from Bloch fitting in a largely 

independent manner.  Our Bloch fitting method for analyzing CEST spectra was used to create 

pixelwise parametric maps of pHe and agent concentration in each tumor, which were compared 

to corresponding parametric maps of SUVmax from PET imaging (Figures 2.4a-d, Supplemental 

Figures 4-6 in Appendix B). 

 

We first evaluated the changes in SUVmax or pHe as individual imaging biomarkers, using a One 

Sample Student’s t-test.  A significant decrease in SUVmax was observed between Day -1 and Day 

7 in the group of mice treated with metformin (Figure 2.5a).  Similarly, a significant decrease in 

pHe was observed between the same days for this treatment group (Figure 2.5b).  For comparison, 

the decrease in SUVmax and pHe was not significant between Day -1 and Day 1, indicating that 

metformin required more than one day to affect tumor metabolism (Figure 2.5c).  A significant 

decrease in SUVmax was observed between Day -1 and Day 7 in the control group (Figure 2.5a).  

This result suggested that the mice were affected by the handling and imaging scan sessions during 

the 9 days of the study, leading to lower glucose uptake in the tumor.  The average SUVmax and  
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pHe of the tumors were not significantly different between metformin-treated and control groups 

at the start of the study, as anticipated (Supplemental Table 1 in Appendix B).  However, SUVmax 

and pHe were also not significantly different between the two groups of mice on Day 1 or Day 7, 

raising concerns that these individual imaging biomarkers each failed to distinguish treatment from 

control.  This result was particularly concerning for the study of pHe, because this result differed 

Figure 2.4 PET/MR images.  A, images are shown for MIA PaCA-2 tumor model one day before 

treatment with metformin; B, one day before treatment with vehicle control; C, 7 days after 

treatment with metformin; and D, 7 days after treatment with vehicle control. SUVmax maps of 
18FDG show high signal in the flank tumor in the right leg.  Very high signal was detected in the 

bladder. Parametric maps of iopamidol concentration and pHe in the tumor are overlaid on an 

anatomical MR image. 
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from the longitudinal change in tumor pHe that was significant for the treatment group but not for 

the control group.  This lack of significant differences between the two groups on Day 7 once again 

suggested that the mice were affected by the handling and imaging scan sessions during the 9 days 

of the study, which complicated the evaluation of treatment effects. 

 

The same statistical analysis of the concentration of agent in the tumor showed a significant 

increase in agent concentration in the treated group between Day -1 and Day 7 (Figure 2.5c and 

Supplemental Table 1 in Appendix B).  A similar longitudinal change was not observed in the 

control group.  This result suggested that metformin may have increased vascular perfusion in the 

tumor.27 Similar to the results with the other imaging biomarkers, agent concentration was not 

significantly different between the two groups of mice on Day -1 as anticipated, and yet the 

concentration was not significantly different between the two groups of mice on Day 1 or Day 7, 

so that concentration measurements failed to distinguish treatment from control.  We then 

evaluated the combination of SUVmax and pHe as synergistic biomarkers, using a Two-Sample 

Hotelling’s T2 Distribution test (Supplemental Table 1 in Appendix B).  This multivariate approach 

showed a significant change in the metformin-treated group from Day -1 to Day 7, further 

validating that the PET and MRI biomarkers are sensitive to treatment response.  More 

importantly, the control group did not show a significant longitudinal change based on this 

multivariate analysis.  This result differed from evaluation of longitudinal changes in SUVmax for 

the control group that showed a significant decrease over time.  This different result with 

multivariate analysis suggested that the handling and imaging scan sessions were insufficient to 

significantly change overall tumor metabolism, even though glucose uptake was affected.  Most 
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importantly, the multivariate analysis showed that the combination of SUVmax and pHe 

significantly differed between the treatment group and control group on Day 7.  This last result 

strengthened the assessment of metformin treatment, by showing a difference between treatment 

vs. control in addition to the longitudinal progression caused by treatment.   

 

 

 

 

Figure 2.5 The effect of metformin on imaging biomarkers. A, SUVmax measured with 18FDG 

PET showed a significant decrease (p ≤ 0.05) in the metformin-treated group and in the control 

group with longitudinal imaging.  SUVmax was not significantly different (p > 0.05) between the 

metformin-treated and control groups on Day 7. B, pHe also significantly decreased in the 

metformin-treated group, but the decrease in pHe in the control group was not significant. pHe 

was not significantly different between the metformin-treated and control groups on Day 7. C, the 

concentration of iopamidol in the tumor significantly increased in the metformin-treated group, 

but did not significantly increase in the control group. Iopamidol concentrations were not 

significantly different between the metformin-treated and control groups on Day 7. 
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Simultaneous PET/MRI greatly facilitated our experimental design.  In addition, no mice expired 

during our PET/MRI scan process (two of fourteen mice expired between imaging scans).  In our 

previous attempt to perform this study with serial acidoCEST MRI followed by PET, six of eight 

mice expired during the transfer from the MRI instrument to the PET instrument or during the PET 

scan, and the two mice that survived were in poor physiological condition after the MRI and PET 

scans.  This catastrophic loss during the serial study was attributed to the long sequential scan 

process, and additional handling and transport between MRI and PET scanning.  Another serial 

PET and CEST MRI study was recently performed with shorter imaging protocols and a 

customized animal bed to facilitate transport, which demonstrated that serial PET and CEST MRI 

can be performed with care.28 Yet as this other recent study indicated, maintaining the physiology 

of the mice is critical for studying drug effects on tumor metabolism, which is greatly facilitated 

by performing PET and MRI simultaneously.29-31   

 

Our simultaneous PET/MRI study showed that PET or MRI could not individually differentiate 

drug-treated and control mice after initiating treatment.  However, the simultaneous combination 

of the two imaging modalities could differentiate the two test groups 7 days after treatment was 

started.  Furthermore, the combination of PET and MRI could detect a longitudinal change in the 

treated group that was not significantly present in the control group.  As an additional benefit, the 

comparison of changes in SUVmax and pHe can provide greater insights regarding changes in 

cancer metabolism.  In our study, the control group showed a longitudinal decrease in SUVmax 

without a significant decrease in pHe, which suggested that a change in glycolysis was not 

significant relative to an overall decrease in glucose uptake.   
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The therapeutic effects of metformin on tumor models in both mice and humans have been well 

studied.32,33 However, a decrease in tumor pHe after metformin treatment may seem 

counterintuitive, because a decrease in tumor metabolism would be expected to decrease lactic 

acid production, leading to an increase in tumor pHe.  However, the observed decrease in tumor 

pHe can be explained by metformin’s therapeutic mechanism.  Metformin inhibits the 

mitochondrial glycerophosphate shuttle that normally increases NAD+ concentration in the 

cytosol, which is used by lactate dehydrogenase B in the cytosol to convert lactic acid to glucose 

during gluconeogenesis.34 Therefore, metformin indirectly inhibits the consumption of lactic acid 

in the cytosol, which leads to a decrease in tumor pHe.35 While the observed decrease in tumor 

pHe provided evidence for the mechanistic effects of metformin, the decrease in tumor pHe could 

have been erroneously interpreted as an overall increase in tumor metabolism after treatment with 

metformin.  Therefore, 18FDG PET analysis was critical for validating an overall decrease in tumor 

metabolism, which strengthens the interpretation of the acidoCEST MRI results.  This synergy 

during experimental interpretation shows an additional merit for employing simultaneous 

PET/MRI during small animal drug studies. 

 

Our initial PET/MRI study was designed to investigate the merits of simultaneous measurements 

of SUVmax and pHe.  Based on these promising results, future PET/MRI studies are warranted with 

larger experimental designs.  In particular, the number of mice in our preliminary study could be 

increased, especially to provide for more robust multivariate statistical analyses.  Ex vivo 

histopathology should be included to validate drug effects on tumor metabolism.  The 

concentration of iopamidol in the tumor tissue could also be used as an additional multivariate 
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biomarker, especially for anti-cancer treatments that are anticipated to change tumor vascular 

perfusion as well as metabolism.  From a technical perspective, our initial PET/MRI study 

indicated that a higher concentration of 18FDG could be administered for PET studies, which may 

improve the precision of the SUVmax measurements.  Overall, our initial study shows the merits of 

simultaneous PET/MRI for performing these future studies. 

 

2.4 EXPERIMENTAL DETAILS 

2.4.1 PET/MRI SYSTEM 

Simultaneous PET/MRI studies were facilitated by using a NuPET™ PET imaging system 

(Cubresa, Inc., Winnepeg, MB, Canada) and a 7T Biospec MR imaging system (Bruker Biospec, 

Inc., Billerica, MA).21 A cylindrical, quadrature MR transceiver volume coil (Bruker Biospec, Inc.) 

with a 35 mm inner diameter and 55 mm outer diameter was placed inside a 5 mm-thick plastic 

sleeve, which was then placed in a cylindrical NuPET™ detector that had a 60 mm inner diameter 

and a 114 mm outer diameter.  The axial centers of the MRI coil and PET detector system were 

aligned within 1 mm.  The transverse axes of each detector were also approximately aligned, and 

further alignment of PET and MR images was performed with rigid rotation of the transverse 

images using VivoQuant v3.0 (INVICRO, Inc., Boston, MA).   Then this assembly was placed 

inside the 20 cm cylindrical magnet bore, which contained a cylindrical B-GA 12S gradient coil 

with a 114 mm inner diameter and 198 mm outer diameter.  The axial centers of the detector were 

aligned with the axial center of the bore within 1 mm.    
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To test this configuration, we compared the PET count rates acquired with 18FDG in saline that 

had activities between 2 and 35 MBq with no MR acquisition and while acquiring fast low angle 

shot (FLASH), rapid acquisition with relaxation enhancement (RARE), echo planar imaging (EPI) 

and CEST fast imaging with steady state precession (FISP) MRI acquisition sequences.  We also 

compared MR images with these acquisition methods with and without the NuPET™ system in 

the magnet bore.  MR images were acquired at room temperature using twenty tubes with 3 mm 

inner diameters and 5 mm outer diameters, each filled with 0.5 mM Gd-DOTA (Dotarem, Gubert 

LLC, Bloomington, IN) to reduce the T1 relaxation time constant to 0.4 s and allow the imaging 

session to be performed more rapidly.  Measurements of the signal-to-noise ratio (SNR) were 

performed at the center of the coil, by measuring the standard deviation of the image area that did 

not represent a sample, and measuring signal from an image area that represented a sample at +2.0 

cm and -2.0 cm from the center along the axial dimension, and +1.0 and -1.0 cm along the 

orthogonal transverse axes, for a total of 7 measurements.  In addition, the contrast-to-noise ratio 

(CNR) was evaluated for the CEST-FISP MRI protocol with and without the NuPET™ system, 

because CEST is a measure of relative MRI contrast rather than absolute MRI signal.  The CNR 

measurements were obtained by comparing the MR signal of a sample without and with selective 

saturation applied at 10 ppm.  

 

2.4.2 TUMOR MODEL 

All mice were cared for in compliance with protocols approved by the Institutional Animal Care 

and Use Committee of the University of Arizona. MIA PaCa-2 human pancreatic ductal 

adenocarcinoma cells were prepared by tripsinization, rinsing once in phosphate buffered saline 
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(PBS), and suspended in 50% Matrigel™ (BD Biosciences, Franklin Lakes, NJ, USA) and 50% 

PBS.  16 female SCID (6-8 weeks old) mice purchased from the Jackson Laboratory (Bar Harbor, 

ME, USA), approximately 20 g each, were injected subcutaneously in the right flank with 107 cells 

in 0.1 mL of saline.  Tumor volume measurements were performed using a caliper every two days, 

calculated as π/6 x (short axis)2 x (long axis).  Tumors grew for 21 days to a minimum volume of 

of 300 mm3 before initiating PET/MRI studies.  We designed the study with substantially large 

tumors so that tumors remained constant for three days before acquiring images, to provide some 

assurance that the tumors were physiologically stable.  

 

Mice were fasted for at least 5 hours prior to PET/MRI scans.  After obtaining PET/MR images 

on Day -1 (relative to initiating treatment on Day 0), seven mice were treated with 350 mg/Kg 

metformin in 100 µL of 0.9% saline administered intraperitoneally daily for 8 days.  Another seven 

mice were treated with 100 µL of 0.9% saline without metformin, also administered 

intraperitoneally daily for 8 days.  PET/MR images were also acquired on Day 1 and Day 7.  One 

mouse per group expired after initiating treatment on Day 0 and before imaging on Day 1.  Two 

mice in the control group were not imaged on Day 1 and Day 7 due to limited availability of 

18FDG.  After the last PET/MRI scan, each mouse was euthanized by cervical dislocation. 

 

2.4.3 IN VIVO PET 

18FDG was purchased from PET Net Pharmaceuticals (Phoenix, AZ, USA). The activity of the 

18FDG was measured using an Atomlab 300 dosimeter (Biodex Medical Systems, Inc., Shirley, 

NY, USA).  The 18FDG was diluted with 0.9% saline to prepare a sample with 4-12 MBq (0.1-
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0.32 mCi) in 250 µL total volume. This sample was intravenously injected into a mouse under 

1.5% isoflurane anesthesia in O2 carrier gas (Figure 2.2).  Anesthesia was removed from the mouse 

for 45 min to improve tracer uptake into the tumor.  The mouse was then prepared for PET/MR 

imaging by re-anesthetizing the mouse with 1.5-2.5% isoflurane in O2 carrier gas, placing a 27 G 

catheter in the tail vein, and inserting the mouse into the PET/MRI system.  The flank tumor was 

positioned to be at the axial center of the MRI and PET detectors.  To obtain PET images, a 1 min 

localizer PET scan was performed to center the mouse within the detectors.  Then a PET image 

was acquired with a 6.4x6.4 cm2 FOV for 56 min, while MR images were simultaneously acquired 

as described below.  During the scan session, physiologic respiration rate and core body 

temperature of the mouse were monitored while maintaining their temperature at 37.0 ± 0.2 °C 

using warm air controlled by a temperature feedback system (SA Instruments, New York, USA). 

After the PET/MRI scan session, the mouse was removed from the PET/MRI system and allowed 

to recover. 

 

2.4.4 IN VIVO MR IMAGING 

We performed a RARE MRI acquisition to localize the flank tumor, which required 3.1 minutes 

to acquire.  AcidoCEST MRI studies were performed with a CEST-FISP MRI acquisition protocol 

using a 3.7 ms TR; 1.6 ms TE; 1 average; 15° excitation pulse angle; 1.0 mm slice thickness; 6.4 

cm2 FOV; 128x128 matrix; 0.5 mm2 in-plane resolution; centric encoding order; unbalanced “FID” 

mode; 393 ms scan time.22  The saturation period that preceded each FISP acquisition consisted of 

3.0 µT saturation power and a 3.0 s continuous wave radio frequency pulse with no additional 

spoiling, fat saturation pulses or respiration gating.  Selective saturation was applied at 40 
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frequencies ranging from -11 to -3 ppm in 2 ppm increments; -2.5 to 2.5 ppm in 0.5 ppm 

increments; 2.7 to 9 ppm in 0.3 ppm increments; and at 10 and 11 ppm.  This series of 40 CEST 

images was acquired four times for a total scan time of 13 min.  Then 200 µL of 370 mgI/mL (976 

mM) iopamidol was administered through the tail vein catheter.  Iopamidol was then infused via 

the catheter at 400 µL/h for the remainder of the MRI scan session.  Six post-injection acidoCEST 

MRI scans were conducted in a total scan time of 23 min.  

 

2.4.5 IMAGE PROCESSING  

The 3D PET image was reconstructed using Ordered Subset Maximum A Posteriori One-Step Late 

(OSMAPOSL) iterative algorithm to provide 0.64x0.64x1.0 mm resolution.  The mean activity in 

the tumor was measured using VivoQuant v3.0, and was normalized by the time-corrected injected 

dose and mouse body weight to produce a measurement of SUVmax.  CEST MR images were 

analyzed on a pixelwise basis using customized software developed with MATLAB R2016b 

(MathWorks, Inc., Natick, MA).7 For each mouse, the average of four pre- injection and six post-

injection MR images were spatially smoothed with Gaussian filtering.  The pre-injection image 

was subtracted from the post-injection image at each saturation frequency, which removed static 

CEST image contrast before and after injection of the agent.  The difference images were used to 

construct a CEST spectrum for each pixel of the tumor.  The Bloch-McConnell equations modified 

to include pHe as a fitting parameter were fit to each CEST spectrum.  This analysis estimated the 

pHe and concentration of agent in each pixel.  The average of the pixelwise pH and concentration 

values were determined for each tumor.  Although a similar process could have generated a single 

CEST spectrum of the region-of-interest in the tumor, the pixelwise analysis can more easily 
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reduce the effects of B0 and B1 inhomogeneity throughout the tumor when estimating 

concentration and pHe.6   

 

2.4.6 STATISTICAL ANALYSIS 

A Student’s t-test assuming two tails and equal variances was used to evaluate the statistical 

significance of the average change in SUVmax from Day -1 to Day 1 or Day 7 for the treated group, 

and the same changes in SUVmax for the control group.  The same tests were performed to evaluate 

average changes in pHe and concentration of the agent.  A Student’s t-test was also used to evaluate 

differences in the treated vs. control groups for SUVmax, pHe, or concentration on Day -1, 1, or 7.  

In a separate analysis, a Hotelling’s T2 distribution test was used to evaluate the combination of 

SUVmax and pHe for the same relationships listed above. 

 

2.5 CONCLUSIONS 

Our results have demonstrated that 18FDG PET and acidoCEST MRI studies can be performed 

simultaneously.  The combination of SUVmax and pHe measurements provided a stronger 

assessment of the response to metformin in a MIA PaCa-2 flank tumor model.  In addition, the 

decrease in tumor pHe matched expectations based on the therapeutic mechanism of metformin, 

while the decrease in SUVmax matched expectations based on general therapeutic effect, providing 

a more insightful evaluation of the effect of metformin on tumor metabolism. 
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3  
 

MACHINE LEARNING IMPROVES CLASSIFICATION  

OF PRECLINICAL MODELS OF PANCREATIC CANCER  

WITH CEST MRI
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3.1 INTRODUCTION 

Many MRI studies with small animal models of human cancers, or studies with patients who have 

cancer, reduce the information available from multiple images to provide a single value that 

represents the tumor.1-5  For example, a series of T1-weighted MR images with different relaxation 

times6-8 or flip angles9,10 can be used to measure a single T1 relaxation time constant; a temporal 

series of Dynamic Contrast Enhancement (DCE) MR images can be used to measure a single 

transport rate constant;11-13 and Chemical Exchange Saturation Transfer (CEST) MRI can be used 

to measure a single % CEST value with saturation applied at a specific MR frequency.14-19  While 

this approach has advantages by producing a concise descriptor that is often simple to interpret, 

additional information contained in the images is discarded for the sake of simplicity. 

 

Principal component analysis (PCA), a type of machine learning, is a potential tool to address the 

complex dimensionality of MRI data.20-24  PCA can fundamentally reconstruct sparse data into 

linear combinations of elements that explain the variance of the data by systematically grouping 

the best predictors into principal components.25-28  Therefore, combining PCA with machine 

learning-based classification may improve the analyses of information-rich MRI data, such as 

images acquired with a range of parameters such as multiple TR times for T1 MRI, multiple 

saturation frequencies for CEST MRI; and multiple time points for DCE MRI. 

 

 
3.2 RATIONALE 

We sought to test the ability of machine learning to improve the analysis of MRI studies with small 

animal tumor models.  More specifically, we developed tumor models of Hs 766T, Mia PaCa-2, 
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and Su.86.86 pancreatic cancer that are known to have high, medium, and low hypoxia levels.29-31   

We hypothesized that T1 MRI at 7T magnetic field strength would be insufficient to differentiate 

these tumor models, because T1 relaxation times are similar for most tissues at this high field 

strength.32  We also hypothesized that the different hypoxia levels would lead to measurable 

differences with DCE MRI, because hypoxia promotes angiogenesis that leads to increased 

vascular permeability.33  The ability to detect differences between these tumor models with CEST 

MRI was unknown, providing an intermediate test case relative to T1 MRI and DCE MRI. 

 
 
3.3 RESULTS AND DISCUSSION 

All mice were successfully imaged at two time points (as an exception, one mouse from the Hs 

766T group and one mouse from the MIA PaCa-2 group expired after their first imaging scan).  

The T1-weighted MRI signals of the tumor ROIs were very similar for each mouse model, 

indicating similar T1 relaxation times for each model (Figure 3.1c). CEST spectra of the tumor 

ROIs showed a decrease in water signal 3.5, 3.0, and 2.0 ppm, which corresponds to CEST arising 

from endogenous amides, amines, and hydroxyls that have been observed in previous studies 

(Figure 3.1b).39  A decrease in signal was also observed at -1.6 and -3.5 ppm from the relayed 

NOE from aliphatic protons on lipids and proteins, respectively, as previously reported.40-43  These 

decreases in water signals in the CEST spectra were different for each tumor model.  The CNR 

evolution of the DCE MRI studies also showed differences between tumor models (Figure 3.1d).   
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Boxplots of T1 relaxation times for each tumor model showed that the Hs 766T vs. MIA PaCa-2 

Figure 3.1 Experimental work flow for in vivo mouse studies.  (a) Examples of T2-weighted 

anatomical images of the Hs 766T (top), MIA PaCa-2 (middle), and SU.86.86 (bottom) tumor 

models.  (b) Examples of CEST spectra for the three tumor models.   (c) Examples of T1-weighted 

saturation recovery curves for the three tumor models.  (d) Examples of DCE CNR evolutions for 

the three tumor models. 
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models, and the MIA PaCa-2 vs. SU.86.86 models, were not statistically different (Figure 3.2a).  

However, the Hs 766T vs. SU.86.86 models had statistically different T1 relaxation times.  Boxplot 

analyses of CEST results showed that the Hs 766T vs. MIA PaCa-2 models were not statistically 

different at each saturation frequency (Figure 3.2c).  The Hs 766T vs. SU.86.86 models, and the 

MIA PaCa-2 vs. SU.86.86 models were statistically different at each saturation frequency.  

Figure 3.2 Distributions of MRI results in notched boxplot representations. Notches that 

overlap between two boxes represent 95% confidence that the median of their distributions are 

statistically significant. Asterisks represent the mean of a distribution, thick horizontal lines 

represent the median, thin horizontal lines represent the 25th and 75th quartiles, and vertical 

dashed lines represent the data range. H = Hs 766T tumor model; M = MIA PaCa-2 tumor model; 

S = SU.86.86 tumor model. (a) The distributions of T1 relaxation times for H, M, and S tumor 

models. (b) The area under the curve (AUC) from injection to 2 minutes (left), and from injection 

to 3 minutes (right), for H, M, and S tumor models. (c) The distributions of % CEST signals at 

saturation frequencies of 3.5, 3.0, 2.0, -1.6, and -3.5 ppm for H, M, and S tumor models. 
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Therefore, T1 relaxation times and CEST at single saturation frequencies could not differentiate 

all tumor models.   

 

Quantitative pharmacokinetics analysis of the DCE MRI results using the Linear Reference Region 

Model produced values of relative Ktrans and kep.44-46 However, a comparison of these parameters 

showed a lack of statistical significance between all tumor models (Supplemental Information in 

Appendix C).  A boxplot analysis of DCE CNR evolution also showed a lack of statistical 

significance between all tumor models when results were analyzed for the first two minutes after 

injection (Figure 3.2b, left).  However, all three tumor models had a statistically significant 

difference when results were analyzed for the first three minutes after injection (Figure 3.2b, right) 

(p < 0.002 for Hs 766T and MIA PaCa-2; p < 0.01 for MIA PaCa-2 and SU.86.86; and p < 0.001 

for Hs 766T and SU.86.86).  Notably, each tumor model showed statistically significant 

differences when DCE CNR evolutions were analyzed for >3 minutes after injection.  These results 

showed that an adequately long 3-minute DCE acquisition was needed to differentiate the tumor 

models, but a very long DCE MRI acquisition beyond 3 minutes was unnecessary.  Moreover, 

these results showed that a simple AUC analysis of DCE MRI results could differentiate all tumor 

models.   

 

When T1 relaxation times were used as predictors, the Gaussian SVM with a fine kernel scale had 

the best performance among the classification models tested (Supplemental Table 1 in Appendix 

C).  However, even this best-performing model was only able to classify 75% of the SU.86.86 

tumors, and classified a very poor 47% of MIA PaCa-2 and Hs 766T tumors (Figure 3.3c, 
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Supplemental Figures 1c and 2c in Appendix C).  The AUC of the ROCs ranged from 0.66 to 0.76 

for the tumor models, indicating a relatively poor classification based on T1 relaxation time (Figure 

3.3d).  Therefore, machine learning (Figure 3.3, Supplemental Figures 1 and 2 in Appendix C) did 

not improve the ability to classify each tumor type relative to analyses of the relative values and 

distributions of T1 relaxation times (Figure 3.2a). 
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Figure 3.3 Error matrix representations after machine learning classification with a Fine 

Gaussian Support Vector Machine (FG SVM) algorithm using T1 relaxation times as 

predictors.  H = Hs 766T tumor model; M= MIA PaCa-2 tumor model; S = SU.86.86 tumor 

model.  (a) Positive predictive value rates (green) and false discovery rates (red).  (b) Number of 

correct (green) and incorrect (red) predicted observations. (c) True positive rates (green) and false 

negative rates (red). (d) Area under the curve (AUC) for the receiver operator characteristic (ROC) 

curves represents classifier algorithm prediction accuracy. 
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Figure 3.4 Error matrix representations after machine learning classification with a k-

Nearest Neighbor algorithm using principal components from entire CEST spectra as 

predictors.  H = Hs 766T tumor model; M= MIA PaCa-2 tumor model; S = SU.86.86 tumor 

model.  (a) Positive predictive value rates (green) and false discovery rates (red). (b) Number 

of correct (green) and incorrect (red) predicted observations. (c) True positive rates (green) and 

false negative rates (red). (d) Area under the curve (AUC) for the receiver operator 

characteristic (ROC) curves represents classifier algorithm prediction accuracy. 
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CEST spectra (Figure 3.1b) provided 101 predictors (corresponding to each saturation frequency) 

for classifying tumor models.  Principal component analysis (PCA) using a k-Nearest Neighbors 

algorithm produced the best classification of the models tested, with 85-93% correct classifications 

for the three tumor types (Figure 3.4c, Supplemental Figures 3c and 4c in Appendix C).  PCA 

reduced the CEST spectra to 5 components, where the first two components explained 75% and 

21% of the classification.  These components resulted in excellent AUC of the ROCs with true 

positive rates ≥ 0.90 for each tumor classification (Figure 3.4d, Supplemental Figures 3d and 4d 

in Appendix C).  Therefore, machine learning (Figure 3.4, Supplemental Figures 3 and 4 in 

Appendix C) improved the ability to classify each tumor type relative to analyses of CEST at each 

saturation frequency (Figure 3.2c). 

 

DCE CNR evolutions (Figure 3.1d) provided 150 predictors (corresponding to each image 

repetition).  A Gaussian SVM with medium kernel scale produced the best classification among 

the tested models, with 92-95% correct classifications for Hs 766T and SU.86.86 tumor models, 

and 60% correct classifications for the MIA PACa-2 tumor model (Figure 3.5c, Supplemental 

Figures 5c and 6c in Appendix C).  PCA reduced the DCE results to 3 components, where the first 

component explained 99% of the classification.  These components resulted in excellent AUC of 

the ROCs with true positive rates of 0.97 for Hs 766T and SU.86.86 tumor models, and 0.83 for 

the MIA PACa-2 tumor model (Figure 3.5d, Supplemental Figures 5d and 6d in Appendix C).  

Therefore, machine learning (Figure 3.5, Supplemental Figures 5 and 6 in Appendix C) had the 

same ability to classify each tumor type relative to more traditional DCE MRI analyses of the AUC 

for at least 3 minutes after injection of agent (Figure 3.2c). 
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Our results showed that machine learning improved the classification of tumor models based on 

entire CEST spectra, relative to classifications based on a single saturation frequency.  For 

comparison, machine learning failed to improve classifications using T1 relaxation times, and did 

not improve on classification of tumor models using more simplistic analyses of DCE MRI AUC 

in our studies.  This lack of classification based on T1 was anticipated due to similar T1 relaxation 

times of tissues at 7T magnetic field strength.  The classification of all three tumor models with 

the AUC from DCE MRI was also anticipated, because the tumor models differ in levels of 

hypoxia that leads to differences in angiogenesis and vascular permeability.  The classification of 

tumor models with CEST MRI analyzed with machine learning was unexpected. Also, machine 

learning has previously been applied to assess results involving T1 relaxation rates and DCE MRI, 

but machine learning has only recently been applied to analyze CEST MRI.   

 

Our preliminary study provides a foundation for additional research that investigates the utility of 

machine learning for CEST MRI analyses.  Our studies only evaluated T1 MRI, DCE MRI, and 

CEST MRI results that were expected to have low, high, and unknown potential to classify each 

tumor model, respectively.  Future studies may include other MRI methods, including T2* MRI, 

diffusion-based MRI, or hyperpolarized MR spectroscopic imaging, and may also include 

multiparametric assessments with machine learning.  Our studies only evaluated 3 tumor models 

that differed in levels of hypoxia and vasculature, while future studies can test differences in other 

tumor models, or changes in tumor models before and after treatment.  Furthermore, performing 

imaging studies with a larger number of mice can provide opportunities to apply other machine 

learning methods to analyze results.  Yet our preliminary studies contribute to growing evidence 
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that machine learning provides advantages for more comprehensively analyzing multifaceted MRI 

data such as CEST spectra.   
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Figure 3.5 Error matrix representations after machine learning classification with a Medium 

Gaussian Support Vector Machine (MG SVM) algorithm using principal components from 

entire DCE pharmacokinetic curves as predictors.  H = Hs 766T tumor model; M= MIA PaCa-

2 tumor model; S = SU.86.86 tumor model.  (a) Positive predictive value rates (green) and false 

discovery rates (red). (b) Number of correct (green) and incorrect (red) predicted observations. (c) 

True positive rates (green) and false negative rates (red). (d) Area under the curve (AUC) for the 

receiver operator characteristic (ROC) curves represents classifier algorithm prediction accuracy. 
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3.4 EXPERIMENTAL DETAILS 

3.4.1 TUMOR MODELS 

All animals were cared for in compliance with protocols approved by the Institutional Animal Care 

and Use Committee of the University of Arizona. Hs 766T, MIA PaCa-2, and SU.86.86 human 

pancreatic ductal adenocarcinoma cells were tripsinized, rinsed once in PBS, and suspended in 

50% Matrigel™ (BD Biosciences, Franklin Lakes, NJ, USA) and 50% PBS.  Thirty female SCID 

mice (Jackson Laboratory, Bar Harbor, ME, USA) were approximately 20 g and 6 to 8 weeks old.  

Three groups of 10 mice were injected subcutaneously in the right flank with 0.1 mL of saline that 

contained 10x106 HS 766T cells, MIA PaCa-2 cells, or SU.86.86 cells, respectively.  Tumor 

volume measurements were performed using a caliper every two days, calculated as π/6 x (short 

axis)2 x (long axis).  Tumors grew to ~300 mm3 before initiating MRI studies.  Prior to the MRI 

scan, each mouse was anesthetized with 1.5-2.5% isoflurane in O2 carrier gas, and a 27 G catheter 

was placed in the tail vein.  Physiologic respiration rate was monitored and core body temperature 

was maintained at 37.0 ± 0.2 °C using warm air controlled by a temperature feedback system (SA 

Instruments, New York, USA).  MRI studies were performed with a 7T Biospec MRI instrument 

and 72 mm quadrature transceiver coil (Bruker Biospin, Inc., Billerica, MA).  After the MRI scan, 

mice were allowed to recover for one day before being imaged a second and final time.   

 

3.4.2 IN VIVO T1 MRI 

We performed T2-weighted spin-echo MRI to localize the flank tumor, which required 1.5 minutes 

to acquire (Figure 3.1a).  The T1 relaxation time of each flank tumor was measured using a Rapid 

Acquisition with Relaxation Enhancement (RARE) acquisition sequence and the following 
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parameters: TR = 150, 300, 350, 500, 700, 900, 1200, 2000, 3000, and 6000 ms; 9.1 ms TE; 1 

average; RARE factor = 2; linear encoding order; 1.0 mm slice thickness, for 3 slices centered in 

the tumor; 3.0 cm2 FOV; 128 x 128 matrix; and 0.23 mm2 in-plane spatial resolution (Figure 3.1c). 

The total scan time was 12.1 min.  The signal profiles from a region of interest (ROI) that 

represented the tumor were fit with a monoexponential function without a constant offset using 

least square curve fitting to estimate T1 and M0. 

 

3.4.3 IN VIVO CEST MRI 

Endogenous CEST MRI studies were performed with a respiration-gated CEST-FISP MRI 

acquisition protocol34,35 using a 3.7 ms TR; 1.7 ms TE; 1 average; 15º excitation pulse angle; 

centric encoding order; unbalanced “FID” mode; 1.0 mm slice thickness; 1 slice; 3.0 cm2 FOV; 

128 x 128 matrix; 0.23 mm2 in-plane spatial resolution; 516 ms acquisition time. A saturation 

period was applied prior to each FISP acquisition, with ten 600 ms continuous wave radio 

frequency pulses (totaling 6.0 s of saturation time), at 1.0 µT saturation power with no additional 

spoiling and fat saturation pulses. Selective saturation was applied at 49 frequencies ranging from 

-4.5 to 7.5 ppm in 0.25 ppm increments, which required a total of 8.1 min.  During the initial 

optimization of the endogenous CEST MRI acquisition protocol, the Hs 766T tumor model imaged 

on the first time point (day 1) were imaged with different parameters, using a 5.6 ms TR; 2.8 ms 

TE; 30º excitation pulse angle; 4.0 cm2 FOV; 128 x 128 matrix; 0.32 mm2 in-plane spatial 

resolution; 500 ms scan time; a saturation period of 3.0 s; and selective saturation at 101 

frequencies ranging from -6 to 6 ppm in 0.12 ppm increments, which required a total time of 6.8 

min.  CEST spectra from the ROI of the tumor were fit with a sum of six Lorentzian line shapes 



 

 91 

to measure % CEST at 3.5, 3.0, 2.0, -1.6, and -3.5 ppm, and to account for direct saturation of 

water at 0 ppm (Figure 3.1b).36 

 

3.4.4 IN VIVO DCE MRI 

A series of dynamic images were acquired using a spoiled gradient-echo MRI protocol37,38 using 

a 50 ms TR; 8.1 ms TE; 1 average; 3.0 cm2 FOV; 0.23 mm2 in-plane spatial resolution; matrix 

=128 x 128; 1.0 mm slice thickness, for a single slice centered on the tumor (Figure 3.1d). Each 

image was acquired in 6.4 s, and repeated 150 times for a total acquisition time of 16 min. An 

initial set of baseline images was acquired for 30 s prior to intravenous injection of 50 µL of 100 

mM MultiHance (Bracco Diagnostics Inc., Milan, Italy), which corresponds to a dose of 0.25 

mmolKg-1. DCE MRI signal of the tumor ROI was first normalized to the average baseline signal 

before injection of contrast agent, then divided by the standard deviation of noise (measured from 

a region of the image that represented air) to obtain a contrast-to-noise ratio (CNR), and then 

thresholded at ≥ 1.35 CNR to ensure that only real contrast was analyzed.  Finally, the area under 

the curve (AUC) was calculated from injection to 2 minutes, from injection to 3 minutes, and from 

injection to other values beyond 3 minutes.   

 

3.4.5 ANALYSIS METHODS 

All analyses of T1, CEST, and DCE MRI results were completed with MATLAB 2017b 

(MathWorks, Inc., Natick, MA, USA).  Boxplots were constructed for average T1 relaxation time, 

% CEST at specific saturation frequencies, and AUC of DCE MRI for each tumor model using 

RStudio (RStudio, Inc., Boston, MA, USA) and Rattle (Togaware, Canberra, Australia) (Figure 
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3.2).  These boxplots showed the median of each tumor model as a thick horizontal line; means as 

asterisks; 95% confidence intervals as notches; 25% and 75% quartiles as thin horizontal lines; 

open circles as data points that are beyond the interquartile ranges, and vertical dashed lines as the 

range.  Groups were considered to be different when a Wilcoxon Rank-Sum analysis showed p ≤ 

0.05 between groups.   

 

Four analysis methods, including four variations of the support vector machine (SVM) analysis 

method (Supplemental Table 1 in Appendix C), were used to build tumor classification models 

with the T1 relaxation times (Figure 3.1c, 3.3, Supplemental Figures 1 and 2 in Appendix C), CEST 

spectra (Figure 3.1b, 3.4, Supplemental Figures 3 and 4 in Appendix C), and DCE CNR evolutions 

(Figure 3.1d, 3.5, Supplemental Figures 5 and 6 in Appendix C). A 30-fold cross validation method 

was used to prevent over-fitting the model.  The performance of each model was measured using 

the AUC of the receiver operating curve (ROC).  In addition, the predictive classification models 

were assessed to evaluate true positive rates verses false negative rates, and positive predictive 

values versus false discovery rates (true positive and false positive rates for classifications).  The 

k-Nearest Neighbor classification of CEST spectra was performed with 5 PCA components; a one-

vs-one multiclass method; 3 neighbors; cosine distance metric; equal distance weight.  Training 

required 5.5 seconds and the prediction speed was ~71 observations per second.  The Gaussian 

SVM classifications of DCE CNR evolutions were performed with 10 PCA components; a one-

vs-one multiclass method; 1 box constraint; 1.0 and 2.3 kernel scales, for fine and medium SVM 

methods.  Training required 7.4 seconds and the prediction speed was ~52 observations per second.    
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3.5 CONCLUSIONS 

Machine learning improved the classification of the three tumor models based on CEST MRI 

results.  A similar improvement was not attained with machine learning based on T1 relaxation 

times.  Tumor classification was successfully accomplished with DCE MRI using a simple AUC 

analysis, and machine learning did not further improve this classification.  Therefore, machine 

learning is a useful analysis methodology for evaluating CEST spectra. 
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4.1 INTRODUCTION 

The work presented in this chapter has been accepted for publication in the article titled 

“Characterization of D-Maltose as a T2-Exchange Contrast Agent for Dynamic Contrast Enhanced 

MRI”, as part of the journal Magnetic Resonance in Medicine.  The experimental design and all 

other work were performed by the author. A full reprint of the published manuscript along with 

copyright permission are provided in Appendix D. 

Dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) is often used to identify 

pathological tissues such as solid tumors by dynamically monitoring the change in image contrast 

after administering a contrast agent.1,2  T1 MRI contrast agents such as Gd(III) chelates are 

commonly used in DCE-MRI studies, because these agents can be detected with a series of T1-

weighted MR images that are acquired using routine acquisition protocols.3  Furthermore, Gd(III)-

based contrast agents have good detection sensitivity, partly due to the fast 107 - 109 Hz chemical 

exchange rate between a water molecule bound to the agent and the surrounding bulk water.  

However, metallic Gd(III)-based contrast agents are potentially toxic4, which has prompted 

investigations of the use of other MRI contrast agents for DCE-MRI studies. 

 

Nonmetallic MRI contrast agents that are detected via chemical exchange saturation transfer 

(CEST) have been used for DCE-MRI studies.5  In particular, the hydroxyl protons of D-glucose 

can generate CEST contrast, and a series of CEST MR images can track the pharmacokinetics of 

D-glucose uptake and wash-out in tumor tissues.6-8  Glucose is approved for intravenous 

administration in patients, which has accelerated the translation of “glucoCEST MRI” for clinical 

DCE-MRI studies.9,10  Unfortunately, CEST MRI contrast agents have low detection sensitivity 
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relative to relaxation-based MRI contrast agents because the relatively slow 10 - 104 Hz chemical 

exchange rate needed to generate a CEST effect.11  This pitfall can be partly compensated by 

administering D-glucose to subjects at high concentrations; however, a rapid increase in blood 

glucose level may not be tolerable for all patients.  Furthermore, CEST MRI requires the 

implementation of new pulse sequences that are now only recently emerging for most clinical 

scanners, currently limiting their broad and rapid dissemination.12  

 

The hydroxyl protons of D-glucose also exhibit intermediate 104 - 107 Hz chemical exchange rates 

that can generate MR image contrast based on the T2-exchange (T2ex) mechanism.13,14  T2ex 

relaxation is a result of proton exchange between an agent and water, which causes the average 

MR frequency (also known as the MR chemical shift) of the proton to be a time-weighted average 

value of the MR frequencies of the proton on the agent and water. This time-weighted average is 

different for each exchanging proton because proton exchange is a stochastic process.  The 

different time-weighted average MR frequency for each proton results in a decay of net coherent 

magnetization, which manifests as T2 relaxation.15  This improved sensitivity can potentially 

reduce the amount of glucose to be administered to a subject. The T2ex relaxation mechanism can 

change the contrast level of T2-weighted MR images, which are routinely obtained in clinical 

radiology centers using many types of acquisition protocols.  Therefore, T2-weighted imaging with 

glucose is a compelling alternative for acquiring DCE-MRI acquisitions. 

 

As another pitfall, DCE-MRI using D-glucose can be difficult to interpret because the 

pharmacokinetics of this carbohydrate is confounded by its rapid metabolism in practically all 
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tissues.16  This rapid metabolism is assumed to be responsible for only a ~10-minute change in 

image contrast after intravenous administration of glucose.  This pitfall has led to investigations 

of other carbohydrates for DCE-MRI, including 3-O-methyl-D-glucose, glucosamine, and N-

acetyl-glucosamine, that are not rapidly metabolized by mammalian cells.17,18  These 

investigations with other carbohydrates have used CEST MRI to detect a dynamic change in image 

contrast.   

 

4.2 RATIONALE 

The objective of our study was to determine if carbohydrates other than D-glucose can be used as 

T2ex contrast agents for DCE-MRI.  Mammalian cells do not contain the cellular machinery for 

binding, transport, and digestion of D-maltose, D-mannitol, and D-sorbitol for energy 

production.19-22   Therefore, we compared the performances of D-glucose, D-maltose, D-mannitol, 

and D-sorbitol under multiple pH values, concentrations, and MRI acquisition conditions. Based 

on these initial studies, we then investigated the utility of D-maltose relative to D-glucose as T2ex 

contrast agents for in vivo, T2-weighted DCE-MRI. 

 

4.3 RESULTS AND DISCUSSION 

D-glucose and D-maltose showed a significant effect on R2, varying from 2 to 9 s-1 depending on 

the pH and concentration (Figure 4.1, Supplemental Table 1 in Appendix D). The effect of pH and 

concentration was less pronounced for D-mannitol and D-sorbitol, with R2 varying from 1.5 to 4.5 

s-1. None of the saccharides had a statistically significant effect on T1 relaxation time at the 
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concentrations and pH values used in this study (Supplemental Figure 1 and Supplemental Table 

1 in Appendix D). 

The effects of pH and echo spacing on T2 relaxation were evident in T2-weighted MR images using 

a spin echo acquisition sequence (Figure 4.2). Although only a portion of the tube with 100 mM 

concentration was in the field of view, the 95% confidence intervals were excellent for determining 

R1 and R2 values from this tube, showing that the analysis of this tube was precise.  Furthermore, 

Figure 1 does not show systematic error at 100 mM showing that our analysis of the R1 and R2 of 

this tube was accurate.  Therefore, we conducted a systematic study of the effect of echo spacing 

and pH on the estimated T2 relaxivity (r2) for D-glucose and D-maltose (Figure 4.3, Supplemental 

Figures 2 and 3 in Appendix D, Supplemental Table 1 in Appendix D).  Our results indicated that 

the T2 relaxivities of D-maltose and D-glucose have a non-linear relationship with pH, and exhibit 

their highest T2 relaxivities (0.08 mM-1s-1) at pH=7.0, while their r2 values are not statistically 

different from zero at pH ≥ 8.0. Importantly, the measured r2 for D-maltose is independent of echo 

spacing at all the studied pH values, while the r2 of D-glucose is highly dependent on echo spacing 

resulting in a two-fold change in the measured r2 at specific combinations of pH and echo spacing. 

For comparison, these saccharides had no effect on the T1 of samples with concentrations used in 

this study. 

 

D-glucose and D-maltose were used for in vivo studies based on their higher r2 relaxivities 

measured in phantoms. We conducted a dynamic MRI study, acquiring T2-weighted images before 

and during infusion with D-maltose or D-glucose for 34:10 min (Figure 4.4, Supplemental Figure 

4 in Appendix D).  We used an echo spacing of 30 ms based on our results with phantoms.  The 
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change in R2 (ΔR2) was estimated for muscle and a tumor (Figure 4.4, Supplemental Figure 4 in 

Appendix D). The ΔR2 in the muscle and tumor was significant after injection & infusion of D-

glucose, almost returning to its pre-injection value after 34:10 min. A similar change in ΔR2 was 

observed after injection & infusion of D-maltose, but this change in R2 did not return to the pre-

injection value after 30 min. This sustained contrast enhancement throughout the DCE-MRI 

protocol was consistently observed for all 6 mice that were studied with D-maltose 
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(SupplementalFigure 4 in Appendix D).  Although the ΔR2 showed a difference between tumor 

and muscle in some mice, the ΔR2 was similar for tumor and muscle in other mice.  

 

Our study has shown that D-maltose is a T2ex contrast agent.  D-sorbitol and D-mannitol also 

exhibit T2ex relaxation, but at lower r2 relaxivity relative to D-maltose and D-glucose. We have  

 

Figure 4.1 T2 relaxation (s-1) of A: D-maltose; B: D-glucose; C: D-sorbitol; D: D-mannitol as 

a function of concentration (mM) and pH at 7.0 T and 37 ºC. 95% confidence intervals for the 

T2 relaxation at each concentration is shown, with some confidence intervals that are smaller than 

the data symbol. R2 values are ≥ 0.99 for all curves fitted with linear regression. 
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extended the previous studies to show that the r2 relaxivities of both D-maltose and D-glucose are 

highly and non-linearly dependent on pH.  D-glucose shows dependency on echo spacing near  

physiological pH.  A possible explanation for this observation is based on the mixture of open and 

closed structural isomers that are under dynamic equilibrium for both D-glucose and D-maltose, 

thus exposing hydroxyl groups with different exchange rates at different pH values. The efficiency 

of the T2ex mechanism to create contrast is partly dependent on the echo spacing, which effectively 

weights the contrast based on the contribution of hydroxyl groups with different exchange rates.23 

The lack of dependency on echo spacing for D-maltose shows that T2ex-based DCE-MRI is more 

robust with D-maltose than with D-glucose. D-mannitol and D-sorbitol also had no dependence 

Figure 4.2 Representative T2-weighted MRI using D-maltose as a contrast agent. D-maltose 

solutions were prepared at multiple pH values and concentrations, and imaged with a RARE 

acquisition sequence with echo spacing (ES) of 60 ms (top row) or 120 ms (bottom row) at 7.0 T 

and 37 ºC. The MR signal was normalized to the voxel with the maximum intensity in all six panels.  
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on echo spacing because they have less structural degrees of freedom, thus their r2 remains constant 

at pH ≤ 7.0 regardless of pH and echo spacing.  

 

Our in vivo T2-weighted DCE-MRI studies showed that D-maltose and D-glucose can be detected 

in tumor and muscle via T2ex relaxation. More importantly, our in vivo results showed that D-

maltose and D-glucose have different pharmacokinetic profiles in muscle and tumor tissues.  We 

purposefully designed our in vivo studies to include an infusion of agent to exploit the differences 

in metabolism of these saccharides, whereby mammalian cells metabolize D-glucose, but not D-

maltose.21,22 We did not only rely on a bolus injection that was employed during previous dynamic 

Figure 4.3 T1 relaxivity (r1) and T2 relaxivity (r2) as a function of pH and echo spacing (ES) 

of 20, 40, or 60 ms for: A: D-maltose; B: D-glucose; C: D-sorbitol; and D: D-mannitol at 7.0 T 

and 37 ºC. 95% confidence intervals are shown for r1 and r2 at each measured pH.  
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D-glucose-enhanced MRI studies, which reflect the uptake and clearance of the agent.8,14  The 

ΔR2(t) due to D-maltose remained constant during the last 32 minutes of the experiment in both 

muscle and tumor tissues, but the ΔR2(t) in muscle and tumor tissue decreased in both tissue types 

during the 23:30 min infusion of D-glucose.  We propose that the metabolism of D-glucose is 

responsible for this decrease in image contrast24,25, while the lack of metabolism for D-maltose 

sustains the contrast.  

 

Our results indicate that D-maltose has advantages relative to D-glucose for T2-weighted DCE-

MRI of tumors.  The sustained contrast does not require careful timing during the imaging scan 

session, as any image after ~10 minutes of infusion produced the same amount of contrast.  T2-

weighted DCE-MRI with D-glucose requires acquisition within the first 10 minutes after initial 

injection to obtain the greatest contrast.  However, dynamic MRI with D-maltose has limitations.  

D-maltose is not yet approved for clinical use.  Similar to D-glucose, D-maltose has a r2 relaxivity 

that is 10-fold lower than the r2 of Gd-based and Fe-based agents requiring administration of large 

quantities of D-maltose (and D-glucose) to achieve detectable changes in T2.26,27 The 

biocompatibility of D-maltose at high concentrations needed for detection will be required to 

provide a translational pathway to the clinic for this technique. 
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Our results may be used to support future studies that use spin-lock acquisition methods to detect 

carbohydrates during DCE-MRI studies.28  A direct comparison of spin-lock and CEST MRI 

techniques showed that a version of spin-lock MRI applied on the water resonance provides more 

Figure 4.4 In vivo DCE-MRI using saccharides as T2ex contrast agents. T2-weighted 

anatomical images before infusion of A: D-maltose and C: D-glucose show the regions of the 

tumor and muscle that were analyzed. The time-dependent changes in 1/T2 for the tumor and 

muscle regions for B: D-maltose infusion and D: D-glucose infusion show that these saccharides 

have different pharmacokinetics. The window for infusion of either maltose or glucose is denoted 

by the start of infusion (green asterisk) and end of infusion (red asterisk). 
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sensitivity for detecting carbohydrates with intermediate chemical exchange rates.29  In general, 

“on-resonance” acquisition methods that manipulate the water resonance to generate contrast 

based on chemical exchange lack specificity for detecting a single metabolite, relative to “off-

resonance” acquisition methods that directly manipulate the resonance of the metabolite.  

However, the on-resonance spin-lock MRI acquisition method avoids this problem by monitoring 

the change in contrast before and after the contrast agent is administered to the subject, which can 

be assigned to the agent with good specificity.  Based on the merits of this approach, spin-lock 

DCE-MRI methods have recently been tested with patients who have glioblastoma.30,31  Spin-lock 

MRI methods have been used to detect other carbohydrates, including 2-deoxyglucose and 3-O-

methyl-glucose that showed DCE MR image contrast that lasted longer than contrast generated 

with glucose.32-34  Therefore, our sustained T2–weighted contrast during DCE-MRI results with D-

maltose indicate that D-maltose may also be useful for spin-lock DCE-MRI studies. 

 

4.4 EXPERIMENTAL DETAILS 

4.4.1 PHANTOM PREPARATION 

Phantoms of D-maltose, D-glucose, D-sorbitol and D-mannitol were prepared using compounds 

as purchased from CHEM-IMPEX International Inc. (Bensenville, IL, USA), Sigma-Aldrich (St. 

Louis, MO, USA), Santa Cruz Biotechnology Inc. (Dallas, TX, USA) and Alfa Aesar (Ward Hill, 

MA, USA), respectively.  100 mM stock solutions at eight different pH values (5.0, 5.5, 6.0, 6.5, 

7.0, 7.4, 8.0 and 8.5), as measured with a calibrated Orion Star A121 pH meter (Thermo Scientific; 

Waltham, MA, USA), were prepared using distilled water and 1x phosphate buffered saline (PBS) 

(Hoefer Inc.; Holliston, MA, USA).  3% w/v sodium azide (Sigma-Aldrich) for preservation was 
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added to each sample including control samples.  Stock solutions were diluted to produce seven 

concentrations (80, 75, 60, 40, 20, 10, and 5 mM), and 0 mM 1X PBS was used as a control for 

each of the aforementioned pH values.  A 300 µL volume of each stock was added to nine 

centrifuge tubes that were taped around a 50 mL tube of distilled water and positioned in a 

modified cradle.  The phantoms were placed in a 7T BioSpec MRI scanner with a 20 cm bore 

using a 72 mm quadrature transceiver coil (Bruker BioSpin Inc.; Billerica, MA, USA).  The 

temperature was maintained at 37.0 ± 0.2 °C using an automated feedback system between the 

temperature probe and an air heater (SA Instruments; Stony Brook, NY, USA). 

 

4.4.2 T1 AND T2 RELAXATION TIME MEASUREMENTS 

The T1 relaxation time of each sample was measured using a Rapid Acquisition with Relaxation 

Enhancement (RARE) acquisition sequence and the following parameters: TR=150, 300, 500, 700, 

900, 1200, 2000, 3000, 6000, and 10000 ms; TE=9.07 ms; NEX=1; RARE factor=2; slice 

thickness=1.0 mm; FOV=4 cm2; linear encoding order; matrix=128 x 128; and in-plane spatial 

resolution=0.31 mm2. The total scan time was 25 min.  The data from these experiments were fit 

to Eq. [4.1] using least square curve fitting to estimate T1 and M0. 

  
S(TR, Mz,T1) = Mz ⋅ 1− e−TR/T1⎡⎣ ⎤⎦                                                      [4.1] 

The T2 relaxation time of all samples was measured using a Multi Spin Multi Echo (MSME) 

acquisition sequence with variable echo spacing as follows: TR=10000 ms; NEX=1; linear 

encoding order; FOV=4 cm2; slice thickness=1.0 mm; matrix=64 x 64; number of slices=1; in-

plane spatial resolution=0.625 mm2. To ensure good signal-to-noise ratio, seven variable echo 

spacing experiments were performed for a total time of 600 ms, with repetitions/echo spacing of 



 112 

40/15, 30/20, 24/25, 20/30, 15/40, 12/50, and 10/60 msec. The data from these experiments were 

fit to Eq. [4.2] using least square curve fitting to estimate T2 and M0. 

                                                   S(TE,Mz,T2 ) = Mz ⋅e
−TE /T2                                                 [4.2]  

Finally, the T1 and T2 relaxivities (r1 and r2 respectively) for all saccharides were measured at each 

pH and echo spacing fitting the data to Eq. [4.3].  

                                                          
  

1
Ti,k

= ri[CA]k +
1

Ti,0
                     [4.3] 

where Ti,k is the T1 or T2 relaxation time (s) at each concentration k, ri is the T1 or T2 relaxivity 

(mM-1s-1), [CA]k is the concentration k of the contrast agent, and Ti,0 is the T1 or T2 in the absence 

of the contrast agent.  

 

4.4.3 IN VIVO STUDIES 

All animals were cared for in compliance with protocols approved by the Institutional Animal Care 

and Use Committee of the University of Arizona. A549 human lung adenocarcinoma cells were 

prepared by tripsinization, rinsing once in PBS, and suspended in 50% Matrigel™ (BD 

Biosciences, Franklin Lakes, NJ, USA) and 50% PBS.  Seven male nude mice, approximately 20 

g each, were injected subcutaneously in the right flank with 10x106 cells in 0.1 mL of saline.  

Tumors grew to ~300 mm3 before initiating MRI studies with a 7T Bruker Biospec MRI instrument 

and transceiver coil used for phantom studies.  Prior to the MRI scan, each mouse was anesthetized 

with 1.5-2.5% isoflurane in O2 carrier gas, and had a 27 G catheter placed in the tail vein.  

Physiologic respiration rate and core body temperature were monitored throughout the MRI 
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session. All animals were imaged while maintaining their temperature at 37.0 ± 0.2 °C using warm 

air controlled by a temperature feedback system (SA Instruments, New York, USA). 

 

A series of T2-weighted DCE MR images were acquired using a RARE MRI protocol with the 

following parameters: TR = 1000 ms; echo train length = 4; effective TE = 30 ms; NEX = 2; FOV 

= 6.0 cm2; in-plane spatial resolution = 0.94 mm2; matrix = 64 x 64; slice thickness = 1.0 mm, for 

three slices centered in the tumor.  Each individual RARE image was acquired in 32 s, and repeated 

64 times. An initial set of baseline images were either acquired for 2-10 min prior to intravenous 

injection of 250 µL of 3.0 mmol/kg D-maltose solution (Sigma-Aldrich, Inc.; St. Louis, MO, 

USA), or prior to IV injection of 250 µL of 5.0 mmol/kg D-glucose solution (Growcells, Inc.; 

Irvine, CA, USA) over one minute, and subsequent infusion of either contrast agent at a rate of 

400 µL/hour of either agent for the remainder of the scan, resulting in a total acquisition time of 

34:10 min. 

 

The change in T2 relaxation rate ΔR2(t) during in vivo T2-weighted DCE-MRI experiments was 

estimated as follows: First, the MRI signal was normalized to the signal before injection as 

described in Eq. [4.4]. 

                                                   
  

S(t)
S(0)

= (1− e−TR⋅R1(t ) ) ⋅e−TE⋅R2 (t )

(1− e−TR⋅R1(0) ) ⋅e−TE⋅R2 (0)                                                   [4.4] 

where S(t) is the MRI signal time t, S(0) is the mean signal for the 2 to 10-minute baseline before 

injection of D-glucose or D-maltose, TR is the repetition time, R1(t) and R2(t) are the T1 and T2 

relaxation rates at time t, while R1(0) and R2(0) are the T1 and T2 relaxation rates before injection. 
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Next, assuming that R1(0)=R1(t) and taking the natural logarithm on both sides Eq. [4.4] reduces 

to Eq. [4.5a], which yields in Eq. [4.5c], where ΔR2(t)=R2(t) - R2(0). 

                                               
  
ln S(t)

S(0)
⎡

⎣
⎢

⎤

⎦
⎥ = ln e−TE⋅R2 (t )⎡⎣ ⎤⎦ − ln e−TE⋅R2 (0)⎡⎣ ⎤⎦                                     [4.5a] 

                                                
  
ln S(t)

S(0)
⎡

⎣
⎢

⎤

⎦
⎥ = −TE ⋅ R2(t)− R2(0)⎡⎣ ⎤⎦                                              [4.5b] 

                                              
  
ΔR2(t) = −TE−1 ⋅ ln S(t)

S(0)
⎡

⎣
⎢

⎤

⎦
⎥                                               [4.5c] 

 

4.5 CONCLUSIONS 

Our report confirms previous studies that indicate D-glucose is a suitable T2-weighted DCE-MRI 

contrast agent. We have also extended these previous studies to characterize D-glucose, D-maltose, 

D-sorbitol and D-mannitol with respect to pH and echo spacing. We identified D-maltose as an 

alternative T2-weighted DCE-MRI agent to D-glucose, which showed sustained uptake and higher 

contrast in tumor relative to muscle. 
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5.1 INTRODUCTION 

The completion of this dissertation brings the time to step back and re-analyze the progression of 

my graduate studies.  The technical difficulties encountered throughout each experiment need to 

be retroactively dissected and countered in a future prospective.  Looking back, there are minor 

improvements that can been made to address each experiment— additional MR pulse sequence 

acquisitions, mouse model changes, and different drug therapies, to name a few.   In the next few 

sections, I will comment on the subtle details that were not included the earlier chapters, as well 

as explore approaches to further extend and continue previous projects.   

 
5.2 RATIONALE 

The final chapter is intended to serve as a reflection on the previously completed experiments, 

specifically highlighting challenges faced during the individual studies corresponding to chapters 

2-4 in this dissertation.  In addition, future directions will be addressed in regards to extending the 

previous reports to new experimental procedures.  

 

5.3 ASSESSMENT OF EARLY RESPONSE TO METFORMIN THERAPY WITH 

SIMULTANEOUS PET/MRI: PERSPECTIVES AND PROSPECTIVES 

This study was a first-of-its-kind in terms of simultaneous small animal PET/MRI.  The setup for 

the PET experiment was very simple.  In fact, it was so simple that MD Anderson Cancer Center 

has purchased a custom NuPET® coil from Cubresa Inc. (Winnipeg, MB, Canada).  All that is 

necessary is to localize the specific tissue of interest in the center of the field of view of the magnet, 

before starting to collect coincidence counts per second.  The main limitation for the study for us 
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was the availability of the 18F radioisotope.  We purchased the product from PETNET Solutions, 

and the closest manufacturer was located in Phoenix, AZ, roughly a two-hour drive away from 

Tucson. To compound the problem, the half-life of 18F is 110 minutes so we had to order a high 

activity to compensate for decay of half-life during the drive from Phoenix to Tucson.  The 

experiment itself was a great success, being the first time I have ever completed simultaneous 

PET/MRI, and there were many skills and nuances for combined imaging that I learned.  However, 

there are certain elements that I would alter when conducting simultaneous PET/MRI experiments 

in the future.  

 

The availability of the radioisotope prior to use in mice was something we had to deal with 

pertaining to this project.  Looking back at these experiments, it would have been more prudent to 

order more activity.  The obvious pitfall for this is cost, since each delivery of 5 mCi totaled $450.  

Now that I have relocated to MD Anderson where we have astounding numbers of in-house 

cyclotrons, in addition to PETNET Solutions located two blocks away from our small animal 

imaging facility, the prospect for new PET/MRI experiments going forward is certainly exciting.  

Going back to my study at The University of Arizona, we would have been better served to order 

extra activity to inject higher doses of activity in mice.  After consulting with small animal PET 

imaging experts, we decided to intravenously inject 10 MBq (0.27 mCi) into each mouse.  At the 

time, we did not think much of that as that activity would surely be plenty to observe 18F 

accumulation in tumors.  Evidently enough, we needed to inject at least double the activity.  

Essentially, we injected 18F intravenously into an anesthetized mouse, and removed isoflurane for 

30-45 minutes to allow for optimal tracer uptake.  With such a short half-life, 10 MBq injections 
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18F would greatly diminish in overall activity over that period.  Consequently, this drastically 

diminished our SUVmax for tumors after one-hour coincidence count times.  By the end of these 

count times, our radioisotope decayed by roughly 50%.  The activity injected into each mouse 

ranged roughly from 8-12 MBq.  We would have had much greater SUVmax outputs for each tumor 

during each of the three imaging time points if I had decided to inject mice with 25 MBq, and this 

could potentially have been more useful for statistical analyses to detect early response to therapy 

using metformin. 

 

We used two groups of eight female SCID mice for this study, with half the mice used as a saline-

treated control group, and the other half used as the metformin-treated mice. At the time of the 

experiments, this number seemed rational and warranted, given that this study was a first-of-its-

kind and the first PET/MRI experiment I have ever conducted, as well as the distance PETNET 

Solutions was located from The University of Arizona.  It would have been very expensive to run 

a study of more than 20 mice in this case.  However, going forward with future studies, especially 

at the small animal imaging facility at MD Anderson Cancer Center, running a simultaneous 

PET/MRI study with mice ≥ 30 is ideal, given the on-site proximity of PETNET Solutions for 

radioisotope delivery, in addition to in-house cyclotrons for rapid 18F tracer production.  This 

would also allow us to order/produce a batch of 18F with dose activity at roughly 120 mCi, 

affording us flexibility for animal imaging.  With a new study, I would change the mouse model 

to athymic nude mice, with equal proportion of male and female mice to account for any potential 

biological discrepancies.  Learning sterile technique to insert tail vein catheters from Christine M. 

Howison at The University of Arizona, I can attest that the SCID mice have much narrower tail 
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veins accompanied by a shorter tail, affording less room for error.  Nude mice or BALB/c mice 

would have been a more ideal mouse model for successful catheter placement. 

 

To our surprise, the greatest complication we faced with this study was not the PET/MR imaging 

or recovery of animals, as the mice recovered well before imaging on Day 1 and Day 7, but the 

erratic growth of the MIA PaCa-2 pancreatic ductal adenocarcinoma cells.  10 x 106 cells were 

injected and measured daily with a caliper, and it took three weeks tumors were sufficient in size 

to be imaged.  Unfortunately, some tumors grew to monstrous sizes > 1 cm2 over a period of three 

days.  This potentially impaired our imaging of glycolysis with 18FDG, as the glycolytic phase of 

the tumors had passed.  By recommendation of small animal PET imaging experts at Cubresa Inc., 

the ideal time to image tumors using PET is when they are very small, thereby capturing the 

maximal glycolytic phase of tumor growth.  Combining the small tumor sizes with metformin or 

other OXPHOS inhibitors that inhibit glycolysis could have been a better approach to assessing 

early response to therapy with simultaneous PET/MRI. 

 
 
5.4 IN VITRO AND IN VIVO D-MALTOSE VALIDATION: PERSPECTIVES AND 

PROSPECTIVES 

Before I began writing IACUC protocols for maltose use in animals, I needed to validate in vitro, 

or more factually in solution, because I characterized maltose in plastic 50 mL falcon tubes.  Once 

I validated the effects of maltose on water relaxation properties, IACUC allowed me to test in 

mice. I have shown that maltose is a T2-exchange (T2ex) contrast agent, and can potentially be 

utilized to differentiate between bacterial infection and sterile inflammation, based on biological 
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differences between gram-negative bacteria and mammalian cells. The only component of these 

experiments I would retroactively change is testing more pH values of maltose in phosphate 

buffered saline (PBS).  I would create samples with pH values between 6.2 and 7.0 in increments 

of 0.2.  This might seem laborious, and indeed it is, however it could be important if I decided to 

acquire a CEST protocol with an exogenous agent in vivo—the reason being, I could accurately 

calibrate a maltose pH profile for Bloch fitting estimation of extracellular pH.  In fact, this was my 

plan originally in regards to maltose, but maltose did not show any significant CEST properties 

that deemed it worthwhile to test in animals.  Now my focus was on using standard clinical 

sequence protocols such as T2-weighted pulse sequences to image bacterial infections with 

maltose. 

 

The Gambhir group at Stanford University previously labeled maltose with 18F and used PET to 

quantify agent uptake in gram-negative E. coli cells in both the gut and myositis-induced thighs.1  

I used this paper as the rationale for my maltose project in chapter 4.  PET is not an inherently 

specific imaging modality, rather it is highly sensitive, able to detect as low as ~10 pM of 

radiolabelled tracer, especially 18FDG.  This glucose however, is unable to be internalized into 

cells and metabolized and therefore resides in the extracellular extravascular space compartment 

for some time before washing out of the compartment and excreted via kidney.  The limitation of 

infection imaging using glucose is white blood cells and bacterial cells are able to transport 18FDG, 

but white blood cells too, making it very difficult to differentiate bacterial infection from 

inflammation.  This leads to the rationale design of a functionalized maltose and maltose 

derivatives, most simply radiolabeled with 18F.2  While I was investigating approaches to T2-
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weighted MR imaging of infections with maltose, the Jain group at Johns Hopkins University 

published a study in which FDG was reduced to FDS (flurodeoxysorbitol) with sodium 

borohydride (NaBH4) in mildly heated conditions for 30 minutes, and then radiolabelled with 18F.  

This dramatically increases PET specificity, because accumulation of bound and internalized 

tracer is shown to be only taken up exclusively by bacteria, either endogenous gut microbiota, or 

experimentally induced myositis in the thigh muscle of a mouse.3,4  PET is very expensive and to 

address the cost issue, Julio Cárdenas-Rodríguez and I designed a T2 DCE MRI sequence to image 

bacterial infections.  We were inspired by the 18FDS study which showed metabolic uptake profiles 

of the agent in bacteria, and this was sparked the idea of measuring dynamic transport of maltose 

into bacteria using MRI.  I successfully imaged 20 myositis-induced CBA/J mice (E. coli).  The 

bacterial culture preparation came from a protocol of the Sanjay Jain group.  Ultimately, the 

imaging was able to detect bacterial infection based on the uptake profiles, however the sensitivity 

of maltose is quite poor—it simply cannot compare to the sensitivity of gadolinium-based contrast 

agents.  This sensitivity could prevent maltose eventually being used in the clinic.   

 

At the time I completed this study, our lab was in discussions with Cubresa Inc., in regards to 

purchasing a PET system.  The idea was to fit a mouse coil into this NuPET® receiver coil and 

simultaneously image mice with PET and MR.  MD Anderson has also purchased this customized 

PET system for their small animal imaging facility, which will provide great options for those 

wanting to perform simultaneous PET/MRI experiments.  Moving forward with this project, I 

would certainly design an experiment around both modalities.  I would have two injectable agents 

per study: one is the maltose T2ex MR contrast agent that will have to be infused throughout DCE 
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acquisition (after 10-minute baseline scans are acquired); and two is a 18FDS tracer that will be 

injected 30 minutes prior to the start of PET imaging.  The purpose of the 18FDS is to increase PET 

specificity, as only bacterial cells that express maltodextrin transporters can internalize the tracer.  

The simultaneous PET/MRI experiment can improve the sensitivity of MR and specificity of PET.  

One caveat to this extended study is the half-life of 18F and the cost of the radioisotope.  To address 

this issue, PET and MR can be superseded by Multi-Spectral Optoacoustic Tomography (MSOT). 

 

Imaging of infections and differentiation of bacterial infections from inflammation can be 

approached from the MSOT angle.  Here, we rely on a chromophore to be our photoacoustic agent.  

In MSOT, nanosecond bursts of near-infrared (NIR) laser is applied to a tissue, with subsequent 

thermoelastic expansion of tissue chromophores that induce a pressure wave that can be captured 

by ultrasound (US) detectors, and reconstructed into a series of 2D images.  The chromophores 

that are ideally suited for MSOT imaging are those that have intrinsically low quantum yield.  In 

the case of our tailored infection imaging with MSOT, IR-820, or benzindole compounds that 

absorb light at a similar wavelength, need to be functionalized with maltose.  Based on crystal 

structure analysis of the maltose-biding protein transport system in gram-negative E. coli, there 

needs to be sufficient space between the chromophore and maltose when synthesized, otherwise 

steric hinderance from the chromophore effects binding of maltose ligand to the MalE subunit, 

which is responsible for sub-nanomolar binding of maltose.  Also, if MalE does not sufficiently 

bind maltose, the homodimer, MalK, will not initiate ATP hydrolysis to drive active transport of 

maltose through the maltodextrin channel.5  To circumvent this issue, a three component molecule 

can be made: first, maltose can be functionalized with an azide moiety, with NaN3 or TMSN3 being 
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readily available; second is a functionalized IR-820, which contains a chlorine leaving group on a 

cyclized cyclohexyl ring.  A thio-bis(ethoxy)-propargyl linker can be reacted with IR-820 to form 

an alkyne intermediate that can then be reacted with the β-azidomaltose under click-reaction 

conditions in THF.  The linker creates sufficient separation between the maltose moiety and the 

NIR dye, and serves as the 1,4-disubstituted 1,2,3 triazole scaffold between the two groups of the 

molecule.   

 

 

The common pitfall of NIR dyes is their water insolubility, so the linker increases water solubility 

of the compound, making compatible for intravenous injection in animals.  The advantage of 

MSOT over MR is sensitivity.  MSOT can detect at the µM level, whereas MR can only detect at 

mM levels.  Therefore, we only need trace amounts of NIR dye, which are very expensive, 

decreasing amount of dye administered to an animal when compared to MRI.  This is a study that 

Figure 5.1 Structure of maltosyl-triazole-thio-PEG-IR820 
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was ready to be started and completed at MD Anderson (Houston, TX, USA) after our group had 

relocated from The University of Arizona (Tucson, AZ, USA).   

 
 
5.5 MACHINE LEARNING-BASED CLASSIFICATION OF PANCREATIC CANCER: 

PERSPECTIVES AND PROSPECTIVES 

This was my first individual project as a graduate student, and working with Júlio Cárdenas-

Rodríguez was a rewarding experience.  I learned and achieved proficient skills in MATLAB 

coding, as well as efficient Python data manipulation skills. These were important skills needed to 

process MRI data in preparation for machine learning-based classifiers.  Given our interest in 

chemotherapy-resistant pancreatic cancer, we studied three cell lines in Hs 766T, MIA PaCa-2, 

SU.86.86.  In addition, the three cell lines differ in hypoxia, with Hs 766T being the most hypoxic, 

and SU.86.86 being the least hypoxic.  The tumors cells were easy to culture and grew very quickly 

in mice, however as with the simultaneous PET/MRI study in Chapter 2, we would have been 

better served to choose a different animal model.  The tail veins of the mice from this study were 

extremely narrow and it was not easy to insert catheters into these narrow veins.  As before, a 

better mouse strain would have been athymic nude, or BALB/c, with much thicker tail veins.  

These strains will most certainly be used in the future when protocols require use of exogenous 

contrast agents, unless the need for a specific strain of mouse arises.  In hindsight, this study could 

have provided even more information in regards to tumor metabolism.  Novel mTOR inhibitors 

are being designed and combined in chemotherapeutic cocktails for patients and can be used in 

future studies to block tumor survival pathways.  With the recent acquisition of the NuPET® small 

animal PET insert system from Cubresa Inc. at both The University of Arizona and MD Anderson 
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Cancer Center, a plethora of experimental avenues open up for simultaneous PET/MRI and 

potentially a tertiary modality in hyperpolarized MRI to assess preclinical models of pancreatic 

cancer drug therapies. This can ultimately allow us to use three modalities to answer biologically-

driven questions of mechanism of action of drugs when assessing early response to therapy in 

combination with machine learning of intrinsically large data sets. 

 
5.6 CONCLUSIONS 

The experiments in this dissertation were each performed safely and efficiently to produce the 

most accurate and precise results possible.  Moving forward, it is very important to choose the best 

strains of animal models that would improve the quality of data.  It is also most beneficial to 

incorporate therapies for in vivo imaging studies, acquiring more data that can be parsed and 

classified by machine learning to assess responders from non-responders during and after 

treatment. 
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APPENDIX A 

ASSESSMENT OF TUMOR METABLISM WITH CEST MRI 

 

Reprinted with permission from John Wiley & Sons and Copyright Clearance Center. 

 

Copyright © 2018 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim, Germany. 

 

Original Citation: 

Goldenberg JM and Pagel MD.  Assessment of Tumor Metabolism with CEST MRI. NMR 

Biomed. 2018 in press.
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APPENDIX B 

SIMULTANEOUS 18FDG PET AND ACIDOCEST MRI  

 

Reprinted with permission from Springer Nature and Copyright Clearance Center. 

 

Copyright © 2018 Springer Nature Publishing Group, USA. 

 

Original Citation: 

Goldenberg JM, Pagel MD, Cárdenas-Rodríguez J.  Preliminary Results that Assess Metformin 

Treatment in a Preclinical Model of Pancreatic Cancer using Simultaneous 18FDG PET and 

acidoCEST MRI. Mol Imag Biol 2018;1-9: doi:10.1007/s11307-018-1164-4. 
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APPENDIX C 

MACHINE LEARNING IMPROVES CLASSIFICATION OF PRECLINICAL 

MODELS OF PANCREATIC CANCER WITH CEST MRI 
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Supporting Figure S1 Error matrix representations after machine learning classification 

with a Linear Discriminant Analysis (LDA) algorithm using T1 relaxation times as 

predictors.  H = Hs 766T tumor model; M= MIA PaCa-2 tumor model; S = SU.86.86 tumor 

model.  (a) Positive predictive value rates (green) and false discovery rates (red). (b) Number of 

correct (green) and incorrect (red) predicted observations. (c) True positive rates (green) and false 

negative rates (red). (d) Area under the curve (AUC) for the receiver operator characteristic (ROC) 

curves represents classifier algorithm prediction accuracy. 
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Supporting Figure S2 Error matrix representations after machine learning classification 

with a Subspace Discriminant (SD) algorithm using T1 relaxation times as predictors.  H = 

Hs 766T tumor model; M= MIA PaCa-2 tumor model; S = SU.86.86 tumor model.  (a) Positive 

predictive value rates (green) and false discovery rates (red). (b) Number of correct (green) and 

incorrect (red) predicted observations. (c) True positive rates (green) and false negative rates (red). 

(d) Area under the curve (AUC) for the receiver operator characteristic (ROC) curves represents 

classifier algorithm prediction accuracy. 
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Supporting Figure S3 Error matrix representations after machine learning classification 

with a Subspace Discriminant (SD) algorithm using principal components from whole 
CEST spectra as predictors.  H = Hs 766T tumor model; M= MIA PaCa-2 tumor model; S = 

SU.86.86 tumor model.  (a) Positive predictive value rates (green) and false discovery rates (red). 

(b) Number of correct (green) and incorrect (red) predicted observations. (c) True positive rates 

(green) and false negative rates (red). (d) Area under the curve (AUC) for the receiver operator 

characteristic (ROC) curves represents classifier algorithm prediction accuracy. 
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Supporting Figure S4 Error matrix representations after machine learning classification 

with a Quadratic Support Vector Machine (Q SVM) using principal components from whole 

CEST spectra as predictors.  H = Hs 766T tumor model; M= MIA PaCa-2 tumor model; S = 

SU.86.86 tumor model.  (a) Positive predictive value rates (green) and false discovery rates (red). 

(b) Number of correct (green) and incorrect (red) predicted observations. (c) True positive rates 

(green) and false negative rates (red). (d) Area under the curve (AUC) for the receiver operator 

characteristic (ROC) curves represents classifier algorithm prediction accuracy. 
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Supporting Figure S5 Error matrix representations after machine learning classification 

with a Linear Support Vector Machine (L SVM) algorithm using principal components from 

whole DCE pharmacokinetic curves as predictors.  H = Hs 766T tumor model; M= MIA PaCa-

2 tumor model; S = SU.86.86 tumor model.  (a) Positive predictive value rates (green) and false 

discovery rates (red). (b) Number of correct (green) and incorrect (red) predicted observations. (c) 

True positive rates (green) and false negative rates (red). (d) Area under the curve (AUC) for the 

receiver operator characteristic (ROC) curves represents classifier algorithm prediction accuracy. 
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Supporting Figure S6 Error matrix representations after machine learning classification 

with a Linear Discriminant Analysis (LDA) algorithm using principal components from 

whole DCE pharmacokinetic curves as predictors.  H = Hs 766T tumor model; M= MIA PaCa-

2 tumor model; S = SU.86.86 tumor model.  (a) Positive predictive value rates (green) and false 

discovery rates (red). (b) Number of correct (green) and incorrect (red) predicted observations. (c) 

True positive rates (green) and false negative rates (red). (d) Area under the curve (AUC) for the 

receiver operator characteristic (ROC) curves represents classifier algorithm prediction accuracy. 
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Imaging 
Technique 

Classification 
Algorithm 

ROC 
(AUC) 

True 
Positive 

Rate 

False 
Negative 

Rate 

Positive 
Predictive 

Value 

False 
Discovery 

Rate 

T1 

Fine 
Gaussian 

SVM 

H = 0.74 
M = 0.66 
S = 0.76 

H = 47% 
M = 47% 
S = 75% 

H = 53% 
M = 53% 
S = 25% 

H = 62% 
M = 47% 
S = 62% 

H = 38% 
M = 53% 
S = 38% 

T1 

Linear 
Discriminant 

Analysis 

H = 0.73 
M = 0.43 
S = 0.71 

H = 59% 
M = 12% 
S = 90% 

H = 41% 
M = 88% 
S = 10% 

H = 67% 
M = 50% 
S = 51% 

H = 33% 
M = 50% 
S = 49% 

T1 
Subspace 

Discriminant 

H = 0.72 
M = 0.40 
S = 0.72 

H = 59% 
M = 12% 
S = 90% 

H = 41% 
M = 88% 
S = 10% 

H = 67% 
M = 50% 
S = 51% 

H = 33% 
M = 50% 
S = 49% 

CEST 
k-Nearest 
Neighbor 

H = 0.90 
M = 0.94 
S = 0.92 

H = 85% 
M = 93% 
S = 85% 

H = 15% 
M = 7% 
S = 15% 

H = 79% 
M = 93% 
S = 89% 

H = 21% 
M = 7% 
S = 11% 

CEST 
Subspace 

Discriminant 

H = 0.91 
M = 0.93 
S = 0.95 

H = 69% 
M = 87% 
S = 90% 

H = 31% 
M = 13% 
S = 10% 

H = 100% 
M = 76% 
S = 82% 

H = 0% 
M = 24% 
S = 18% 

CEST 
Quadratic 

SVM 

H = 0.88 
M = 0.94 
S = 0.90 

H = 69% 
M = 87% 
S = 85% 

H = 31% 
M = 13% 
S = 15% 

H = 90% 
M = 72% 
S = 85% 

H = 10% 
M = 28% 
S = 15% 

DCE 
Medium 

Gaussian 
SVM 

H = 0.97 
M = 0.83 
S = 0.97 

H = 92% 
M = 60% 
S = 95% 

H = 8% 
M = 40% 
S = 5% 

H = 85% 
M = 86% 
S = 86% 

H = 15% 
M = 14% 
S = 14% 

DCE 
Linear 
SVM 

H = 0.90 
M = 0.94 
S = 0.92 

H = 47% 
M = 47% 
S = 75% 

H = 53% 
M = 53% 
S = 25% 

H = 62% 
M = 47% 
S = 62% 

H = 38% 
M = 53% 
S = 38% 

DCE 
Linear 

Discriminant 
Analysis 

H = 0.88 
M = 0.71 
S = 0.87 

H = 47% 
M = 47% 
S = 75% 

H = 53% 
M = 53% 
S = 25% 

H = 62% 
M = 47% 
S = 62% 

H = 38% 
M = 53% 
S = 38% 
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Supporting Table S1.  Error matrix values for prediction models using T1, CEST, and DCE MRI.  

The data highlighted in red corresponds to Figs. 3-5, respectively. H = Hs 766T tumor model; M= 

MIA PaCa-2 tumor model; S = SU.86.86 tumor model. 
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APPENDIX D 

CHARACTERIZATION OF D-MALTOSE AS A T2-EXCHANGE CONTRAST 

AGENT FOR DYNAMIC CONTRAST-ENHANCED MRI  

 

Reprinted with permission from John Wiley & Sons and Copyright Clearance Center. 

 

Copyright © 2018 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim. 

 

Original Citation: 

Goldenberg JM, Pagel MD, Cárdenas-Rodríguez J.  Characterization of D-Maltose as a T2-

Exchange Contrast Agent for Dynamic Contrast-Enhanced MRI. Magn Reson Med. 2018. In 

Press. 
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