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ABSTRACT
Background and Aims: Hepatic steatosis (≥10% fat within the liver) affects ~75% of
obese and ~15% of non-obese adults. It leads to steatohepatitis (SH) in ~10% of
patients. SH may then lead to cirrhosis. The primary aim of the thesis was to image
the liver with FDG PET/CT to determine if glucose utilisation rate (MRglu) is
increased in steatosis. Texture analysis of FDG PET/CT was also explored as a means
of detecting steatosis and SH. Previous PET studies of steatosis quantified hepatic
FDG uptake as the standardised uptake value (SUV).
Methods: All patients were referred for routine PET/CT. ROI were placed over the
liver on whole body scans for measurement of CT density, which is inversely
proportional to hepatic fat content, and SUV. SUV may be expressed as the ‘hottest’
pixel (SUVmax) or as the average of all pixels in the ROI (SUVave). Dynamic imaging
from 0-30 min post-injection was also done in 60 patients and hepatic FDG clearance
and MRglu were measured using Patlak-Rutland analysis. Texture analysis of PET
and CT scans was explored as possible means of identifying SH at an early stage.
Results: SUV was overestimated in obese individuals when calculated using weight
but not when using estimated lean body mass. SUVmax, but not SUVave, was increased
in steatosis because SUVave is reduced in fatty liver as a result of ‘signal dilution’ by
the fat. SUVmax/SUVave is therefore a marker of steatosis. Hepatic FDG clearance and
MRglu were increased in steatosis, irrespective of BMI, but not in obese patients who
did not have steatosis. Results of texture analysis were promising but inconclusive.
Conclusions and future work: SUV has major shortcomings as a surrogate for FDG
clearance but in general indicates increased MRglu in steatosis. Dynamic studies
confirm that MRglu is increased in steatosis. SUVmax/SUVave is a marker of steatosis.
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Future work should aim to a) use dynamic FDG imaging to diagnose hepatic
inflammation, and b) explore texture analysis to detect transition from steatosis to SH.
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Chapter 1: Introduction to hepatic steatosis

1. 1. INTRODUCTION
In Europe, liver disease affects approximately 6% of the population (Bohte et al
2011). It is the fifth most common general cause of death both in Europe and the
USA. In the UK, liver disease is the only major cause of death that is increasing.
Liver-related mortality is largely the result of cirrhosis and primary liver cancer, both
representing end-stage liver pathology. Viral hepatitis B and C, alcohol consumption
and non-alcoholic fatty liver disease (NAFLD) are the leading causes of end stage
liver disease in Europe (Bohte et al 2011). It is estimated that 170,000 and 47,000
Europeans die of cirrhosis and primary liver cancer each year, respectively (Vernon et
al 2011). The main indications for liver transplantation in Europe are cirrhosis and
liver cancer. In viral hepatitis Band C, fibrosis and even early cirrhosis can reverse
after successful antiviral treatment (Tsoulfas et al 2009, El-Serag et al 2004).

1.2. HEPATIC STEATOSIS
1.2.1. Epidemiology
Fatty infiltration of the liver (hepatic steatosis) is very common and in most cases
benign (Anstee et al 2011). It is defined as a liver fat content of 10% or more and is
estimated to be present in approximately 75% of obese Caucasian adults and
approximately 15% of non-obese Caucasian adults. There are several causes,
including excess alcohol consumption and other toxins, including chemotherapeutic
agents. The type of steatosis that is increasing most rapidly, however, is NAFLD,
which is seen commonly in patients who are obese, have metabolic syndrome or type-
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2 diabetes mellitus, but who do not drink to excess (i.e. less than 21 units per week for
men and 14 units per week for women) (Williams et al, 2011). The prevalence of
NAFLD in type-2 diabetes is estimated to be 43-70% (Boyce et al 2010). NAFLD
encompasses not only simple fatty liver but also the more serious condition of nonalcoholic steatohepatitis (NASH), which slowly progresses from hepatic inflammation
to fibrosis (Figs 1.1 and 1.2). As NASH eventually leads to cirrhosis, NAFLD is
becoming an increasingly important cause of chronic liver disease in the western
world (Mehta et al 2010) and a major healthcare issue (Rinella et al 2015).

Fig 1.1. (taken form www.liverdoctor.com)

Over the last decades the contribution of NAFLD to the total burden of chronic liver
disease has increased. This increase is largely explained by the growing prevalence of
obesity, insulin resistance and type-2 diabetes, with which NAFLD is strongly
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associated (Paschos et al 2009, Boyce et al 2010). Liver fibrosis is the result of a
continuous cycle of injury and healing in response to injury. If untreated, it may
progress to cirrhosis, liver dysfunction, portal hypertension and hepatocellular
carcinoma (HCC) (Agopian et al 2012).

NAFLD is the hepatic manifestation of metabolic syndrome (Nugent et al 2007),
which is defined by the presence of 3 or more of the following criteria (Table 1):
elevated waist circumference, high fasting glucose, hypertension, increased
triglycerides and decreased high density lipoprotein concentration (Miette et al 2011).
Predictors of NASH include hypertension, increased alanine aminotransferase (Dixon
et al 2006) and insulin resistance, which is the strongest (Bugianesi et al 2002). As
only a fraction of patients with simple steatosis progress to the more severe NASH,
other metabolic, environmental and genetic factors must participate in the
pathogenesis of NASH (Miette et al 2011). Increased liver fat content in patients with
NAFLD is associated with increased rates of the metabolic syndrome, independent of
NASH (Miette et al 2011).

17

Fig 1.2. (taken from www.vitamindwiki.com)

1.2.2. Histology
In hepatic steatosis, fat is deposited in the liver as fat droplets within the hepatocytes
(Ma et al 2009). The size of the droplets varies so that some hepatocytes may have a
large amount of fat whilst others only have a minimal amount. This gives rise to
heterogeneity of fat distribution in the liver in hepatic steatosis both at a microscopic
as well as macroscopic level (Kleiner et al 2005). The progression of steatosis to
steatohepatitis is associated with hepatic inflammation, the histology of which is
described below.
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Table 1.1. Criteria for Clinical Diagnosis of the Metabolic Syndrome from (modified
from Alberti et al. 2009, Adult treatment panel III 2002).
Measure

Abnormal value

Elevated waist circumference

>102 cm in men
>88 cm in women
≥150 mg/dL (1.7 mmol/L)

Elevated triglycerides(drug treatment for
elevated triglycerides is an alternate
indicator)
Reduced HDL-cholesterol (drug treatment
forreduced HDL-cholesterol an alternate
indicator)
Elevated blood pressure (antihypertensive
drug treatment in a patient with history of
hypertension in a alternate indicator)
Elevated fasting glucose (drug treatment is
alternate indicator

In Males:
< 40 mg /dL (1.0 mmol/L)
In Females : < 50 mg/dl (1.3 mmol/L)
Systolic ≥ 130 and/or diastolic≥85mmHg

≥ 100 mg/dL

1.2.3. Association between NAFLD and cardiovascular disease
NAFLD is associated with an increased risk of mortality from cardiovascular disease
(Angulo et al 2002, Li 2012). Such an association is not surprising as both have
similar risk factors. However, the risk of cardiovascular disease is increased when
NAFLD is also present (Arulanandam et al 2015). Cardiovascular disease is the most
common cause of death in NAFLD patients, as both cardiovascular morbidity and
NASH in particular may persist even after liver transplantation (Vanwagner et al
2012). Although the mortality risk from liver disease in patients with NASH is 13%,
the mortality risks in the presence of concurrent cardiovascular disease and
malignancy are 25% and 28%, respectively (Adams et al 2005). NAFLD is also
associated with an increased risk of HCC (Angulo et al 2002).
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1.3. ASH and NASH
1.3.1. Subtypes
There are two main forms of steatohepatitis. In the first, heavy drinking leads to fatty
infiltration followed by alcoholic steatohepatitis (ASH), whilst in the second,
inflammation is induced by fatty infiltration in the absence of heavy drinking (nonalcoholic steatohepatits - NASH) defined as less than 21 units per week for men and
14 units per week for women (Chalasani et al 2012).

NASH and ASH result in cirrhosis in 11% of patients over a period of approximately
10 years (Angulo et al 2010). A further complication of NASH is HCC. Recent data
suggest that NASH-related cirrhosis accounts for approximately 20% of liver
transplants, which represents a 500% relative increase in frequency over the last 10
years (Agopian et al 2012). It is predicted that in a few years, more transplants will be
performed for NASH than for alcoholic liver disease.

Other forms of liver inflammation, from which ASH and NASH need to be
distinguished, are severe alcoholic hepatitis, which is an acute, life-threatening
condition that presents as jaundice in a heavy drinker, chemotherapy-induced
inflammation (eg tamoxifen, methotrexate, retrovirals), storage disorders (e.g.
hemochromatosis, Wilson disease), the various forms of viral hepatitis, e.g. hepatitis
C and less often hepatitis B, and toxins such as carbon tetrachloride and arsenic
(Musso et al 2011, French et al 1989, Hamer et al 2006).

The development of liver abnormalities in these conditions depends on the cause
(Ma et al 2009). For example, in alcoholic fatty liver disease, the stages are similar
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to those of NAFLD, and progress from alcoholic steatosis through steatohepatitis
and fibrosis to cirrhosis, whereas in viral infections, the progression to fibrosis or
cirrhosis is attributed to chronic active hepatitis (Purohit et al 2004, El-Zayadi et al
2008). Although the progression of fatty liver disease depends on the cause, early
stages are usually reversible with changes in lifestyle (Ma et al 2009). Liver
cirrhosis, whether due to NAFLD or another cause, may develop into HCC,
although less commonly in NASH-related cirrhosis than in cirrhosis resulting from
hepatitis C or chronic alcohol abuse (Ma et al 2009, Adams et al 2005, Hui et al
2003).

1.3.2. Histology

The histologic features of hepatic steatosis depend on its cause and stage (Ma et al
2009). In the initial stage (simple fatty liver), there are numerous large lipid
vacuoles that displace the nuclei of hepatocytes toward the cell periphery (Ma et al
2009, Lee et al 1995, Nagore et al 1988). In the intermediate stage
(steatohepatitis), there is ballooning degeneration of hepatocytes accompanied by
lobular inflammation (that may be lymphocytic or neutrophilic) and pericellular
(sinusoidal) fibrosis in the perivenular or central regions of lobules (Lee et al
1995, Falchuk et al 1980). Perinuclear Mallory collagen, or Mallory hyaline,
which is eosinophilic material composed of aggregates of intermediate
(cytokeratin) filaments, may be present in a perinuclear location (Lee et al 1995,
Falchuk et al 1980).
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NASH is typically characterized by predominantly lymphocytic inflammation in
the lobules, with less Mallory hyaline (Mallory bodies, also known as alcoholic
hyaline), in contrast to fatty liver disease due to a toxic cause, especially ASH,
which has more of a neutrophilic inflammation (Ma et al 2009). The end stage
(steatohepatitis with cirrhosis) is associated with fibrosis surrounding proliferating
liver nodules, in which fat-laden hepatocytes become less frequently visible (Brunt
et al 1999).

1.3.3. Diagnosis
Prior to the development of fibrosis, it is not possible to diagnose steatohepatitis other
than by liver biopsy. Even in cirrhosis, liver function tests may be normal, and it is
therefore not surprising that steatohepatitis cannot be diagnosed by biochemistry.

Liver biopsy is the standard test for making a definite diagnosis of both alcoholic liver
disease and NASH, and for evaluating the inflammatory activity and stage of fibrosis.
Biopsy can be performed percutaneously under sonographic guidance or via the
jugular vein under CT guidance. The latter approach is generally preferred in severe
liver disease because conventional percutaneous biopsy is contraindicated as a result
of moderate to severe ascites and risk of bleeding from severe coagulopathy. Disease
severity can be interpreted qualitatively or semi-quantitatively based on validated
staging systems (Atwell et al, 2010).

The drawbacks of liver biopsy are as follows. Firstly, a small tissue sample of 2-3 cm
in length is biopsied, representing approximately 1/50,000 of the total liver (Guido et
al 2004, Bravo et al 2001). Due to the heterogeneous distribution of liver fibrosis and
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steatosis, such a small sample is prone to sampling error (Soloway et al 1971,
Bedossa et al 2003, Ratziu et al 2005). Secondly, liver biopsy is invasive with a
severe complication rate of 0.57% and mortality rate of approximately 0.01% (Bravo
et al 2005, Soloway et al 1971, Bedossa et al 2003, Ratziu et al 2005, Cadranel et al
2000). Thirdly, there is wide inter- and intra-observer variation in interpretation
(Soloway et al 1971, Bedossa et al 2003, Cadranel et al 2000).

The limitations of liver biopsy have initiated the search for non-invasive alternatives
for the evaluation of liver fibrosis and steatosis. Ideally, such methods should be easy
to perform, reliable and inexpensive, and have a low inter- and intra-observer
variability (Bohte et al 2011) so that they can be used to monitor patients over time
and evaluate treatment response.

A non-invasive technique called transient elastography (Fibroscan) has been
developed that measures liver stiffness and elasticity. It is a semi-quantitative measure
of liver fibrosis and so useful only for detecting relatively late, moderate-to-severe
liver fibrosis (Sandrin et al 2003) rather than early NASH. It cannot detect hepatic
inflammation before the onset of fibrosis and moreover is less sensitive in obese
patients and patients with ascites (Tsochatzis et al 2011). Diagnosis by non-invasive
imaging techniques is described below under imaging methods.
1.4. IMAGING TECHNIQUES
1.4.1. X-rays and CT
Conventional radiography and computed tomography (CT) use X-rays, which are at
the low energy range on the electromagnetic spectrum. Radiographic images are
based on absorption of externally generated X-rays as they pass through tissues of the
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body. The anatomical resolution of normal versus abnormal structures depends on
differential absorption (Armstrong et al 2004). CT is also based on X-ray transmission
through the body but differs from conventional radiography in that it uses a more
sensitive X-ray detection system and the acquired data undergo manipulation in a
computer. The X-ray tube (source) and detectors rotate around the patient so that
tomographic (3-dimensional images) are generated. Small differences in X-ray
absorption are transformed into an image. The attenuation (absorption) of X-rays (CT
density) is expressed as Hounsfield units (HU) after Godfrey Hounsfield who
invented CT. The CT density of water is set at zero, while the density of air is minus
1000 HU and of bone is plus 1000 HU. Relevant to this thesis, fat has a CT density of
less than zero.

1.4.2. Ultrasonography
Ultrasound examinations use very high frequency sound directed into the body from a
transducer placed in contact with the skin (Armstrong et al 2004). As the sound
travels through the body, it is reflected by tissue interfaces to produce echoes that are
detected by the transducer and converted into an electrical signal (Armstrong et al
2004). Ultrasonography is poor for quantification of tissue composition.

1.4.3. MRI
Magnetic resonance (MRI) is based upon the interaction between an applied magnetic
field and a nucleus that possesses spin. Nuclear spin, or nuclear spin angular
momentum, is an intrinsic property of an atom. All elements in the Periodic Table
except argon and cerium have at least one naturally occurring isotope that possesses
spin (Brown et al 2003). In principle, therefore, nearly every element can be subjected
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to MR, as the basic concepts of resonance, absorption and relaxation are common to
all of them (Brown et al 2003, Dale et al 2015).

1.4.4. Magnetic resonance spectroscopy (MRS)
MRS measures the molecular composition of tissue. The signals originating from
protons in different molecular structures within an image voxel are displayed as a
spectrum. The molecular structures are resolved from each other by differences in
their precession frequency (Bohte et al 2011). The signal intensity and widths of the
peaks of the spectrum give additional information regarding the relative quantities of
the chemical components. Different nuclei can be used for liver fat quantification with
MRS, e.g. protons (1H) (Longo et al 1995), phosphorous (31P) (Angus et al 1990,
Sevastianova et al 2010) or carbon (13C) (Petersen et al 1996).

1

H-MRS has the advantage that it is easier to perform, more widely available and

provides a higher signal-to-noise ratio. The difference between 1H-MRS and MRI is
that the former does not contain information on the spatial origin of the signal; i.e.
doesn’t give an image. Therefore, a voxel for 1H-MRS has to be placed in the location
of interest on a separately acquired anatomical MR image.

1

H-MRS is considered to be very accurate and is non-invasively measures liver fat,

even small amounts such as 0.5% (Bohte et al 2011, Hughes et al 2009, Ma et al
2009). Its disadvantages include the complexity of data analysis and the need for a
skilled operator for interpretation.
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1.4.5. Nuclear Medicine
An element that is radioactive has an unstable nucleus. When the nucleus emits a
neutron or proton (nuclear disintegration), it becomes a new element. Disintegration
results in the emission of electromagnetic radiation (photons) of a specific energy that
is measured in KeV. Most radioactive elements that are used in routine imaging emit
gamma photons of a single energy. The photons are detected in a transparent crystal
of sodium iodide that is housed in the detector. If the photon is absorbed in the
crystal, its energy is converted into a flash of light, or scintillation, which is then
recorded by a photomultiplier that contains a light-sensitive photo-electric cell. In a
gamma camera, the scintillations are detected by an array of photomultiplier tubes
that identify the location of the scintillations within the crystal. The ‘lens’ of a gamma
camera is called a collimator, which is a lead disc perforated with many long and
narrow parallel holes that permit the transit of photons travelling perpendicular to the
camera face. The crystal is in the form of a large thin disc placed immediately behind
the collimator so that the scintillations take place in specific locations within the disc.
Like light cameras, gamma cameras generate 2-dimensional images. However by
rotating the camera around the subject and obtaining an image every 6o of rotation, 3dimensional images can be re-constructed (single photon emission computerized
tomography - SPECT) (Dizdarevic and Peters 2014).

1.4.6. Positron emission tomography (PET)
1.4.6.1. Principles of PET
Positron emission tomography is a non-invasive technique that has similar principles
to SPECT and is based on the detection of positron emission. Many radionuclides
emit positrons from the nucleus when it is unstable. A positron is positively charged
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and has the same mass as an electron. Following emission from the nucleus, a
positron is immediately attracted to a negatively charged electron. The two particles
then collide and undergo mutual annihilation. Following annihilation, the masses of
the two particles are converted into two gamma photons each of 511 KeV energy that
leave the atom at exactly 180o to each other. Called co-incident photons, they are
simultaneously detected by a ring of detectors encircling the patient. The direction
emission of the two photons is random and their simultaneous detection allows the
construction of a tomographic image.

Gamma cameras and PET cameras give images of relatively poor anatomical
resolution. Modern detectors have therefore been developed that contain CT or MR
scanners so that the functional image given by the gamma radiation can be registered
on to an anatomical image of high resolution. This is called ‘hybrid’ imaging
(Dizdarevic and Peters 2014).

1.4.6.2. PET radiopharmaceuticals.
The original tracers used in PET were C-11, N-13 and O-15. Many PET
radiopharmaceuticals are now available the most widely used of which clinically is F18-fluorodeoxyglucose (FDG), which is a chemical analogue of glucose. It is
transported into cells using the same transport enzymes as glucose, but unlike
glucose, is ‘metabolically trapped’ in cells that do not possess glucose-6-phosphatase
because it is not recognised by pyruvate kinase and cannot therefore be further
metabolised. FDG is ‘recognised’ as foreign by renal tubular cells and is not
reabsorbed from the glomerular filtrate. Instead it is excreted in the urine
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(Krishnamurthy et al 2009) - about 20% of the injected dose within 1 h (Mejia et al
1991).

1.4.6.3. Pharmacokinetics of FDG

Fig 1.3. Mechanism of glucose and FDG exchange across cells. Through the enzyme
hexokinase, both molecules are converted into their 6-phosphate forms. Unlike
glucose, FDG does not undergo any further metabolic processing. In cells lacking
glucose-6-phosphatase, FDG is therefore trapped, enabling imaging. Glucose, in
contrast, is converted into glycogen or utilised with generation of CO2 + H2O.
Modified from Nuclear Hepatology, a textbook of Hepatobiliary Diseases; 2nd edition,
Springer, Berlin (Krishnamurthy & Krishnamurthy 2009).
After intravenous injection, FDG enters the extracellular fluid space including that of
the central nervous system (i.e. it crosses the blood/brain barrier). Tissues with high
hexokinase activity show higher FDG uptake than those with low activity.
Hexokinase content of organs is ranked as follows: brain > heart > kidney > lung >
liver (Long et al 1952). Intracellular retention depends upon tissue metabolic
pathways. Tissues with high glucose-6-phosphatase enzyme activity (liver and
kidney), which de-phosphorylates FDG, return FDG to the blood. As they function to
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maintain the blood glucose level during fasting, hepatocytes are rich in glucose-6phosphatase.

Fig 1.4. Time-activity profiles of FDG in various tissues. Brain and heart show
continuous uptake for 1 h, whereas other organs show net clearance.
Prerequisite for taking correct information from the PET scan is the increased uptake
of isotope from malignant and inflammatory reactive/active populations of cells. Here
it should be noted that the uptake of FDG is influenced by a large number of factors,
the principal of which is the histologic type, degree of aggressiveness, viability of
malignant cells, the presence of hypoxia and local vascularisation. Although FDG is
used as a tracer for glucose, their transport into tissue and phosphorylation occur at
different rates so a correction factor is necessary to convert FDG accumulation to
glucose accumulation. This correction factor is called the ‘lumped constant and it is
the composite of 6 constants that relate FDG variables to corresponding glucose
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variables. A lumped constant of one is often assumed in FDG quantitative studies. It
is almost one for liver (Iozzo et al 2003) and slightly less than one for brain
(Hasselbalch et al 2001, Graham et al 2002).

The main application of FDG PET is in tumour imaging and to a lesser extent
imaging inflammation. Routine FDG PET/CT comprises about 85% cancer, 5%
neurology, 5% cardiology and 5% inflammation (see below).

1.4.6.4. Quantification of tissue FDG uptake as standardised uptake value
The conventional clinical method for quantification of tissue FDG uptake is the
standardised uptake value (SUV), which is defined as

SUV

=

tissue activity/ml
x body weight
administered dose of FDG

(1.1)

SUV varies according to time post-injection, which in routine clinical work is usually
60 min.

There are 2 variants of SUV: SUVmax, which is the SUV from a voxel with the highest
signal in the ROI, and SUVave, which is the average SUV in the ROI.

The term, body weight, appears in the above equation to account for the effective
volume of distribution of FDG throughout the body. However, when it is based on
weight, liver SUV correlates with weight because adipose tissue in general takes up
minimal FDG. SUV in a heavy obese person is therefore overestimated (Sugawara et
al 1999). It has been suggested that lean body mass (LBM) may be more appropriate,
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since SUV based on LBM, unlike SUV based on weight, shows no correlation with
body weight (Sugawara et al 1999). However, there is, as yet, no agreement as to
whether weight or LBM should be used to calculate SUV, so weight remains in
common use.

1.5. IMAGING THE LIVER
1.5.1. Tc-99m-sulphur colloid and nanocolloid
Radiocolloid is taken by all organs of the reticuloendothelial system: liver, spleen and
bone marrow. The liver takes up the majority; about 85%. In liver disease, including
acute and chronic hepatic inflammation, there is a shift in radiocolloid uptake to the
spleen and bone marrow. In cirrhosis of moderate severity, radiocolloid uptake by the
liver decreases to 65–70% while splenic and bone marrow uptakes increase. In
advanced cirrhosis, liver uptake may be as low as 30–35%% (Krishnamurthy et al
2009). Radiocolloid imaging is therefore non-specific but has been used to diagnose
alcoholic hepatitis (Kudo et al 1989).

1.5.2. Tc-99m-HIDA
HIDA is an organic anion and cleared from blood into hepatocytes from where it is
excreted into bile. Like colloid imaging, HIDA imaging is non-specific as marker of
hepatic function and has no significant role in imaging NAFLD or alcoholic hepatitis.

1.6. IMAGING AND QUANTIFYING NAFLD
Hepatic steatosis can be imaged and quantified using several imaging techniques,
including ultrasonography (US), computed tomography (CT), magnetic resonance
imaging (MRI) and proton magnetic resonance spectroscopy (1H-MRS) (Bohte et al
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2011). For evaluation of liver fibrosis, imaging methods include ultrasound based
transient elastography and magnetic resonance elastography (Oudry et al 2009).
.
1.6.1. Ultrasonography
US is widely used to diagnose and evaluate hepatic steatosis as it is safe, noninvasive, cheap and free of ionising radiation. The criteria for steatosis assessment
include liver echogenicity, echo-texture, visibility of the diaphragm and large vessel
beam attenuation. However, evaluation of hepatic steatosis is qualitative rather than
quantitative and the technique cannot give an insight of subtle changes throughout the
time course of the condition (Armstrong et al 2004).

1.6.2. Computed tomography
Fat has a lower CT density than water and can therefore be detected and quantified in
the liver by CT. However CT is associated with radiation exposure and CT density
measurement is limited by the presence of cirrhosis or of glycogen, iron or amyloid,
which interfere with the results and may be misleading. Various threshold values of
CT density below which hepatic steatosis can be diagnosed have been reported but in
this thesis I have used a value of 40 HU (Boyce et al 2010, Zeb et al 2012). Forty HU
corresponds to liver fat content of 10% (Ricci et al 1997, chapter 6 this thesis).

1.6.3. Magnetic resonance imaging and magnetic resonance spectroscopy
MRI and proton MRS (1H-MRS) are the most accurate non-invasive imaging methods
so far, for liver steatosis quantification compared to CT and US according to recent
meta analysis. The mean sensitivities were 73.3–90.5% (US), 46.1–72.0% (CT),
82.0–97.4% (MRI) and 72.7–88.5% (1H-MRS). Mean specificity ranges were 69.6–
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85.2% (US), 88.1–94.6% (CT), 76.1–95.3% (MRI) and 92.0–95.7% (1H-MRS)
(Bohte et al 2011). MRS also provides a quantitative biomarker of liver fat content
called proton density fat fraction (Libaque et al 2013) but it is time-consuming to
perform, not widely available and limited in sample size (Runge et al 2014, Krssak et
al 2010).

1.6.4. Imaging hepatic steatosis with FDG PET
It is important to quantify tumour FDG uptake in clinical practice, especially to assess
response to treatment. A recommended method is expression of the tumour SUV as a
ratio with liver SUV; in other words to use the liver as a reference region (Khadhani
et al 2005, Kumar et al 2004, Van Kouwen et al 2005). This approach is used
extensively in FDG PET/CT of lymphoma and is the recommended method in the
Deauville criteria (Barrington et al 2014). Recent interest has been shown in FDG
PET/CT of hepatic steatosis because the presence of excess fat may invalidate the
liver as a reference region for this purpose. Several studies have therefore examined
the relation between liver FDG uptake, quantified as the SUV, and hepatic CT density
as a marker of liver fat but they have come up with conflicting results (Bural et al
2010, Abikhzer et al 2011, Lin et al 2011, Abele et al 2010). Uncertainty remains,
therefore, as to whether or not hepatic steatosis is associated with increased or
decreased FDG accumulation (Lin et al 2011, Abele et al 2010). A likely explanation
for this uncertainty is that the previous studies, which used SUV to quantify FDG
uptake, did not take into account a) the effect of blood glucose concentration on
intrahepatic FDG kinetics (see below) (Choi et al 1994); b) the invalidity of using
body weight to calculate SUV, which, when based on weight, is overestimated in
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obese individuals (Sugawara et al 1999); and c) potential ‘dilution’ of the hepatic
FDG signal by hepatic fat (see later in this thesis).

1.7. IMAGING INFLAMMATION
Inflammation can be imaged by several techniques, most effectively by conventional
nuclear medicine and PET/CT.

1.7.1. Gallium-67
Ga-67 was the first radionuclide to be used for imaging inflammation. Following i.v.
injection, Ga-67 binds to transferrin in blood (Tsan et al 1985). The metal-protein
complex then diffuses across capillary endothelium. Capillary permeability is
increased in inflammation, thereby promoting accumulation of the radiotracer. Within
the interstitial space, the complex is retained through binding to transferrin receptors
that are expressed in inflammation. Ga-67 remains useful for imaging certain forms of
chronic inflammation such as sarcoidosis, but otherwise has been largely replaced by
labelled leucocytes and PET/CT (Aulbert et al 1976, Lomas et al 1972).

1.7.2. Radiolabelled leucocytes
Leucocytes can be isolated from venous blood and radiolabelled ex vivo. Following
re-injection they target inflammatory lesions, which, as a result, become radioactive
and can be imaged with a gamma camera. Leukocytes can be labelled with either In111-labelled chelates or Tc-99m-HMPAO (Thakur et al 1977, Lantto et al 1991, Datz
et al 1994). They migrate into inflammation and are ultimately phagocytosed by
macrophages. In-111 then undergoes irreversible intracellular binding and is retained
but Tc-99m is less stable and tends to elute from both leucocytes and macrophages
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following leucocyte engulfment. Imaging is routinely performed at 4 and 24 h
following injection. Currently the main clinical indications for leucocyte scanning are
musculoskeletal sepsis, infected prosthetic joints, unexplained fever, suspected
abdominal or vascular sepsis and inflammatory bowel disease.

1.7.3. FDG
A general technique for imaging inflammation that is becoming increasingly
important in clinical practice is FDG PET. Like cancer cells, inflammatory cells are
metabolically active and so take up increased amounts of FDG, which is subsequently
phosphorylated to FDG-6-phosphate. However, following intracellular uptake, FDG
cannot be further metabolised nor de-phosphorylated and so the FDG becomes
metabolically trapped. Inflammatory cells have no glucose-6-phosphatase. Following
migration into tissues, they are metabolically active and, like cancer cells, take up
increased amounts of FDG. PET therefore has been used to image inflammation,
especially vasculitis (Vaidyanathan et al 2015), sarcoidosis (Tezuka et al 2015),
atheroma (Rudd et al 2010), and infected joint prostheses (Kwee et al 2013). PET/CT
is now considered the best technique for the imaging evaluation of pyrexia of
unknown origin ((Blockmans et al 2001). This results from its ability to detect both
metabolically active inflammatory cells and cancer cells. However, PET/CT has not
been used to image hepatic inflammation because, as with other radiopharmaceuticals
that have been developed for imaging inflammation, FDG is taken up by the liver
physiologically.
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A

B
Fig 1.5. FDG PET in vasculitis. A: transaxial sections of PET and CT scans showing
increased uptake throughout the circumference of the abdominal aorta. B: coronal
(left) and sagittal (right) sections showing increased uptake throughout the aorta, and
in iliac, subclavian and carotid arteries.
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1.8. IMAGING LIVER INFLAMMATION
Diagnosis of diffuse hepatic inflammation using radionuclide imaging techniques is
very difficult and until recently had not been attempted apart from imaging
intrahepatic sepsis. This difficulty arises from non-specific hepatic uptake of virtually
all radiolabelled agents used for imaging inflammation. Indium-111-labelled
neutrophils, for example, are physiologically initially pooled and then destroyed in the
liver over 24 h, thereby making it difficult to identify any signal from inflammation.
The liver is also a physiological target for Ga-67 citrate and FDG, as well as novel
biological agents (e.g. Leukoscan) designed to target specific molecules expressed by
activated leucocytes. Diagnosing diffuse liver inflammation has become more
important in the wake of the obesity epidemic and increasing prevalence of NASH,
especially to diagnose NASH in its reversible intermediate stage before the onset of
liver fibrosis.

1.8.1. In-111-labelled leucocytes
Radiolabeled leucocytes are used primarily for the detection and localization of
abscesses and delineation of sites of diffuse or focal infection. In hepatology, labelled
leucocytes can be used for the diagnosis of focal septic liver disease, such as liver
abscess, empyema or acute cholecystitis (Fink-Bennett et al 1991). Labelled
leucocytes have not been used, however, to diagnose diffuse liver inflammation
because they are physiologically destroyed in the liver at the end of their lifespan
(Saverymuttu et al 1986) and give a signal that cannot be separated from the signal
arising from labelled leucocytes migrating into inflammation. Potts et al (PhD thesis,
2014) recognised that this physiological function is impaired in severe liver disease.
They made use of the principle that the time courses of uptake of labelled leucocytes
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into inflammation and physiological uptake in the liver are different. Physiological
pooling of labelled leucocytes in the liver takes place soon after injection, whereas
uptake into inflammation takes longer. By comparing images at 30 min and 24 h postinjection, they successfully imaged acute alcoholic hepatitis, a severe inflammatory
disease of the liver seen in heavy drinkers (see below). Imaging at 24 h gave a signal
disproportionately larger than the signal at 30 min. This was assumed to be the result
of migration of labelled cells into intrahepatic inflammation because physiological
destruction of labelled leukocytes in the liver, which has a similar time course to
uptake into inflammation (Saverymuttu et al 1986), is, like pooling, impaired. Ga-67
could potentially be used in the same way, presuming that its physiological uptake in
severe liver inflammation is also impaired.

1.8.2. PET/CT.
PET/CT has not previously been used to image hepatic inflammation because, as with
other radiopharmaceuticals that have been developed for imaging inflammation, FDG
is taken up by the liver physiologically.

1.9. INTRAHEPATIC KINETICS OF FDG
Intrahepatic FDG kinetics are summarised in the model shown in Fig 1.6. FDG and
glucose rapidly enter the hepatic interstitial space and the hepatocyte so their uptake
rates in the hepatocyte are largely determined by liver blood flow, represented by K1.
Both are then free to diffuse rapidly back into blood via k2. This rapid exchange
process means that following bolus intravenous injection, the liver FDG concentration
closely follows the blood FDG concentration. As FDG enters all the tissues of the
body, the blood FDG concentration falls and the liver FDG concentration closely
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follows it, indeed so closely that the liver can effectively be used as a blood pool
region in dynamic FDG PET, as has been recommended in small experimental
animals in which blood pool regions, like the aorta, are too small to accurately
monitor.

Fig 1.6. Model of hepatic FDG kinetics. K1 is the delivery rate of FDG to the liver
and represents hepatic blood flow; k2 is the diffusion rate of free FDG back into
blood; k3 represents hexokinase which phosphorylates FDG to FDG-6-phosphate and
k4 represents glucose-6-phosphatase, which converts FDG-6-phosphate back to free
FDG.

Inside cells in general, glucose and FDG are phosphorylated by hexokinase (k3) to
glucose-6-phosphate and FDG-6-phosphate, respectively. Glucose-6-phosphate is
then metabolised to water and carbon dioxide or incorporated into glycogen to an
extent that depends on whether the subject is fasting or post-prandial. FDG-6phosphate, in contrast, is not recognised by the enzymes of the glyconeogenic or
glycolytic pathways and not further metabolised. In all tissues, except the liver and
kidney, FDG is therefore metabolically trapped. In the liver and kidney, however,
FDG-6-phosphate is dephosphorylated by glucose-6-phosphatase (k4) and returns to
the blood via k2 as free FDG. In the liver, phosphorylation (k3) and de-
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phosphorylation (k4) rates are much lower than K1 and k2. Values of these transport
constants obtained by Choi et al 1994, Iozzo et al 2003, Borra et al 2008 and Munk et
al 2001 are summarised in Table 8.1.

Choi et al (1994) performed dynamic imaging for 60 min in healthy subjects before
and after a glucose load. Blood and hepatic FDG concentrations fell in parallel during
the course of the dynamic imaging both before and after glucose administration (Fig
1.7). Because of competition between FDG and glucose for uptake into the tissues of
the body in general, which means that blood FDG concentration increases at high
blood glucose levels, hepatic and blood FDG concentrations were both higher 60 min
following glucose administration compared to euglycaemic values. The liver-to-blood
FDG concentration ratio was also slightly increased as a result of insulin-induced upregulation of hexokinase (k3) and increased production of FDG-6-phosphate. Thus,
insulin functions to move glucose in the direction of blood to hepatic glycogen and
therefore stimulates k3 and inhibits k4.
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Fig 1.7. Effect of acute hyperglycaemia on the liver-to-blood FDG concentration ratio
in normal subjects. In baseline studies, liver and blood FDG concentrations closely
follow each other with low concentration ratio (A). The concentration ratio increases
in hyperglycaemia as a result of up-regulation of k3, but the curves still closely follow
each other (B). (From Choi et al 1994).
These studies, however, have generated contradictory results, some showing a
positive relation between SUV and steatosis (Bural et al 2010), others a negative
relation (Abikzer et al 2011) and, some, no relation (Lin et al 2011). A further study
found higher hepatic FDG uptake in patients with metabolic syndrome compared with
those without (Kamikura et al 2010).

1.10. TEXTURE ANALYSIS
Texture analysis is based on quantification of grey level intensities in voxels and the
statistics of their distribution in images. It quantifies the variations of voxel values in
images. These values have units of counts in nuclear medicine and PET, and of
Hounsfield units in CT. Texture analysis can also be applied to MRI and
ultrasonography, as well as photographs. At least 80 parameters have described,
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although some, for example entropy and energy, are essentially the inverse of each
other.

Parameters of texture can be categorised as follows.

Measures of central tendency include mean, median, mode, percentiles and quartiles
of voxel values.

Measures of variability include range, interquartile range, variance, standard
deviation, coefficient of variation, kurtosis and skewness of voxel values. Kurtosis
and skewness are illustrated in Fig 1.8.

Measures of texture include first order energy and entropy. Inhomogeneous images
have high energy, while homogeneous images have low energy. Entropy is essentially
the inverse of energy.

Grey level co-occurrence matrices (GLCM) describe the frequency of various
combinations of grey level values within a region and include angular second
moment, autocorrelation, cluster prominence, cluster shade, contrast, correlation,
dissimilarity, energy, entropy, homogeneity and maximum probability.

Grey level run length matrices (GLRLM) calculate the number of texels, describing
the coarseness of the region or image. Texels or run lengths are consequent pixels
with the same intensity. GLRLM parameters include short run emphasis, long run
emphasis, low grey level run emphasis, high grey level run emphasis, short run low
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level emphasis, short run high grey level emphasis, long run high grey level emphasis,
grey level non uniformity, run percentage, intensity variability and run length
variability.

Grey level size zone matrices (GLSZM) describes the size of clusters of voxels
within a region and include short and long zone emphasis, intensity non-uniformity,
zone length non-uniformity, zone percentage, high intensity zone emphasis, short
zone low intensity emphasis, short zone high intensity, long zone low intensity, long
zone high intensity, intensity variability, size zone variability and run percentage.

Grey level difference methods (GLDM) describe the intensity differences between
vectors and include mean, entropy, variance and constant.

Fractal based features. Fractal dimension describes the texture of a fractal. The
fractal dimension correlates with image roughness. A small value of the fractal
dimension represents fine texture, while a large fractal dimension corresponds to a
coarse texture. The fractal dimension includes mean, standard deviation, lacunarity
and Hurst exponent.

Neighbourhood grey tone difference matrices (NGTM) describe local intensity
differences between each voxel and its direct 26 neighbours and include coarseness,
contrast, busyness, complexity and texture strength.
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Fig 1.8. Skewness and kurtosis of voxel values in an image. Skewness is an indicator
used in distribution analysis as a sign of asymmetry and deviation form a normal
distribution. If skewness is negative the data are spread out more to the left of the
mean. If skewness is positive the data are spread out more to the right. The skewness
of the normal distribution is zero. Kurtosis is a sign of flattening or “peakedness” of a
distribution and is a measure of how outlier prone a distribution is. The kurtosis of a
normal distribution is 3. Distributions that are more outlier-prone have kurtosis of less
than 3 while distributions of less than 3 are less outlier–prone.
There are many publications showing how texture analysis can contribute to improved
diagnosis and prognostication in cancer. Some work has also been performed in the
liver to identify fibrosis (House et al 2015), but there are no publications to my
knowledge that have attempted to use texture analysis to improve the accuracy of
imaging methods to quantify hepatic steatosis and detect hepatic inflammation prior
to the development of fibrosis.

1.11. AIMS OF THESIS
My original aim was to develop PET CT for the imaging and diagnosis of hepatic
inflammation, especially NASH and alcoholic hepatitis. First, however, my aim was
to better understand the kinetics of FDG in hepatic steatosis, especially in view of the
contradictory results that have been published to date. It was necessary for me to
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understand the intrahepatic kinetics of FDG in steatosis before I could proceed with
my original aim. I have been unable to prospectively recruit patients with alcoholic
hepatitis. I have however performed texture analysis on patients with and without
hepatic steatosis and patients with steatohepatitis with the aim of seeing if the last
mentioned group have texture features that would allow an early diagnosis of NASH.

45

Chapter 2: General methods

2.1. Patients
All patients studied in this thesis were referred for routine FDG PET/CT at the
Clinical Imaging Sciences Centre (CISC) of Brighton and Sussex Medical School.
Almost all the patients attending CISC are investigated for cancer, and a small
minority (~5%) for inflammatory or neurological disease.

In chapters 3, 5, 6 and 7, I initially included a random consecutive group of 156
patients irrespective of blood glucose over a two-year period (2011-2012). To
increase the numbers of patients with low or high blood glucose levels, I included 148
further patients imaged over a period from 2007-2012 who had blood glucose levels >
6 mmol/l (n =113) or < 4 mmol/l (n = 35) to give a total of 304 patients, of whom 15
and 101 patients had known diagnoses of types 1 and 2 diabetes mellitus,
respectively.

In chapter 4, 100 separate patients were retrospectively studied.

For chapters 8, 9, 11 and 12, 60 patients were recruited prospectively to undergo
dynamic imaging in addition to their routine FDG PET/CT.

For chapter 10, 24 separate patients were retrospectively studied.

2.2. Whole body metrics
Body mass index (BMI) was estimated as weight divided by square of height.
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Body surface area (BSA) was estimated from height and weight using the equation of
Haycock et al (1978).

BSA = 0.0243 x weight(kg)0.538 x height(cm)0.396

(2.1)

Lean body mass (LBM) was estimated from height and weight using the equations of
Boer (1984).

Men:

LBM(kg) = [0.407 x weight(kg)] + [0.267 x height(cm)] – 19.2 (2.2)

Women: LBM(kg) = [0.252 x weight(kg)] + [0.473.height(cm)] – 48.3

(2.3)

Whole body % fat was calculated as 100 – ([LBM x 100]/weight)%.

2.3. Ethics
All patients attending our PET CT Unit are asked to give informed consent for use of
any of their clinical data for clinical research. All patients retrospectively studied as
part of this thesis had done so. In addition, for dynamic imaging, ethical approval was
obtained from a research ethics committee because although no additional radiation
exposure was given, dynamic imaging is not part of our routine protocol.

2.4. PET/CT acquisition
2.4.1. Whole body imaging
Departmental protocol dictated that patients fasted for at least 6 hours prior to their
appointment. The blood glucose level was measured using a glucometer (ACCU-
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CHEK Performa; Inform II strips; Roche, Burgess Hill, Sussex, UK). All the
glucometers were checked for quality control and synchronised daily every morning
before patient use. The quality control process allows users to monitor the “variables”
of blood glucose testing in order to consistently obtain reliable test results.

FDG was injected intravenously via the ante cubital fossa or hand. Patients were
required to relax, semi recumbent, in a warm, quiet area during the uptake period.
Imaging was performed 60 min post-injection of 400 MBq (+/- 10%). A Siemens
Biograph 64-slice PET scanner, with immediate non-enhanced CT scanning(120
Kvp/50 mA - Care dose 4D; slice 5 mm; pitch 0.8; rotational speed 0.5/sec
convolution kernel B19f PET, very smooth), was used to cover the area from the
orbital margin to the lesser trochanters. Arms were up, as arms down may result in
artificial elevation of the liver FDG signal due to beam-hardening effects. 3D
emission data were then acquired at 3 min per bed position (PET reconstruction: 4
iterations; subset 8; Gaussian pre-filter; FWHM 5 mm; matrix size 168x168; zoom 1)
with the patient breathing freely.
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Fig 2.1. Regions of interest placed over the liver (left panel), myocardial blood pool
(middle panel) and abdominal aorta (right panel).
2.4.2. Dynamic imaging (see chapter 8)

2.4.3. Image analysis
For each patient, an ROI of 3 cm diameter was drawn over the right lobe of the liver.
Identical ROIs were drawn on the PET and CT scans of the liver, avoiding any focal
lesions in either scan (Fig 2.1). An ROI was also drawn over the left ventricular cavity
(LV), carefully avoiding the myocardial walls, to record blood pool activity (Fig 2.1).
SUV was calculated as the tissue concentration of FDG in an ROI divided by the
activity injected per kg body weight (equation 1.1). The maximum SUV, which is
from the voxel in the ROI with the highest count rate (SUVmax) and average SUV
(SUVave) were recorded for the liver. SUV (SUVLV) was recorded for the left
ventricular cavity, both SUVmax and SUVave. CT density of the liver was measured in
Hounsfield units (HU) in the same ROI as for liver SUV.

49

2.4.4. Statistical analysis
Normal distributions of data were confirmed using the Shapiro-Wilks test, so
parametric statistics were used throughout this thesis. Significance of differences
between patient groups (e.g. steatosis versus non-steatosis) was tested using Student’s
unpaired t-test. Relations between variables were quantified using Pearson’s
regression analysis of continuous data.

In addition for my retrospective studies based on 304 patients, patients were
categorised into 6 sub-groups based on blood glucose within the following ranges
(patient numbers in brackets): <4 (59), 4-4.9 (76), 5-5.9 (38), 6-7.9 (38), 8-9.9 (58)
and 10+ (35) mmol/l. Patients were also subdivided into those with hepatic steatosis
(CT density ≤ 40 HU; n = 71) and those without (> 40 HU; n = 233) [19,20]. The
significance of the differences based on all 6 blood glucose categories between
patients with and without steatosis was calculated using ANCOVA.

A p value of < 0.05 was taken to indicate statistical significance.
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Chapter 3: Correlates of CT density

3.1. INTRODUCTION
As outlined in the Introduction, there have been several previous publications
examining the relationship between hepatic SUV and CT density. The purpose of
these studies in general was to find out if the liver could be used as a reference region
for quantification of FDG uptake in tumours when its fat content is increased (hepatic
steatosis). These studies varied in their use of SUVmax and SUVave as semiquantitative markers of hepatic FDG uptake, and calculated SUV using body weight.
purpose of this chapter is to compare the relationships of CT density with SUV
indices in my own large retrospective database of 304 FDG PET/CT studies and also
to examine the relationships of CT density with blood glucose and body weight.

3.2. METHODS
The patient database comprised 304 patients, as outlined in chapter 2.
PET/CT acquisition and blood glucose measurement was as described in chapter 2.

ROI were placed over the right lobe of the liver and SUVmax and SUVave measured
from equation 1.1 using weight. It was not possible to calculate SUV from lean body
mass or body surface area, as height was not routinely recorded in the period during
which these patients had their PET/CT studies. Data were analysed continuously
using Pearson linear regression analysis.
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3.3. RESULTS
3.3.1. Relationships between CT density and blood glucose and weight
CT density correlated significantly with both blood glucose and with body weight
(Figs 3.1 and 3.2, respectively; Table 3.1).

Fig 3.1. Relationship between CT density and blood glucose. Linear regression line
and equation are shown. Patients with high blood glucose tend to have low hepatic CT
density; i.e. fatty liver.

Fig 3.2. Relationship between CT density and body weight. Linear regression line and
equation are shown. Note that heavy patients tend to have fatty liver.
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3.3.2. Relationships between CT density and liver SUV indices
Liver SUVave showed no significant correlation with CT density (r = -0.1) (Fig 3.3;
Table 3.1). In contrast, liver SUVmax correlated inversely and moderately strongly
with CT density (r = -0.33; p < 0.001; Fig 3.4). The ratio of SUVmax and SUVave
correlated significantly with CT density (r = -0.35; p < 0.001; Fig 3.5).
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Figure 3.3. Relationship between CT density and SUVave. Regression line and
equation are shown. SUVave shows no correlation with CT density.
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Fig 3.4. Relationship between CT density and SUVmax. Regression line and equation
are shown. SUVmax tends to be increased in patients with fatty liver.
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Figure 3.5. Correlation of SUVmax/SUVave with CT density. The line is the linear
regression line (equation shown). The ratio correlates significantly with CT density.

Table 3.1.
Relationships between blood glucose (mmol/l), body weight (kg), CT density (HU)
and liver SUV (based on body weight; g/ml).
y
x
regression equation
r
p<
_________________________________________________________________
glucose
weight
2.70 mmol/l + 0.0454x
0.34
0.001
CT density
glucose
57.5 HU – 2.00x
0.39
0.001
CT density
weight
70.1 HU – 0.316x
0.46
0.001
SUVmax
weight
1.78 g/ml + 0.015x
0.43
0.001
SUVmax
CT density
3.72 g/ml – 0.0166x
0.33
0.001
SUVave
weight
1.65 g/ml + 0.0078x
0.35
0.001
SUVave
CT density
2.42 g/ml + 0.0033x
0.10
0.1
SUVmax/SUVave CT density
1.56 – 0.0055x
0.35
0.001
_________________________________________________________________

3.4. DISCUSSION
I found that SUVmax correlates inversely with CT density. However, CT density also
correlates inversely with weight. This introduces bias in the correlation between
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SUVmax and CT density because SUV is calculated using weight. The best whole
body metric for calculating SUV was investigated by Sugawara et al (1999). They
showed a strong correlation between SUV and weight in women with breast cancer.
The subject of optimal whole body metric for calculating SUV is described in chapter
4. CT density also correlates inversely with blood glucose, indicating that glucose
tends to be raised in hepatic steatosis.

In contrast to SUVmax, SUVave showed no correlation with CT density. I speculated
that this is because the count rate from the liver is reduced by the fat in the liver
because negligible FDG enters the fat of the hepatocytes, so in fatty areas of the liver
the FDG signal is ‘diluted’. Fat is heterogeneously distributed throughout the liver
(Decarie et al 2011). In any region of interest, SUVmax will tend to avoid fatty areas
(as it is recorded from the voxel with the highest count rate) and be relatively
independent of this fat dilution effect, unlike SUVave which is taken as the average of
all the voxels. In fatty liver with low CT density, therefore, SUVave will tend to be
reduced, resulting in loss of correlation with CT density. Accordingly,
SUVmax/SUVave correlated inversely with CT density. Indeed, this ratio may represent
a new marker of hepatic fat. It should be noted that the effects of blood glucose and
the whole body metric used to calculate SUV cancel out in this ratio. However, it still
possible that in large persons, SUV values are more subject to low signal-to-noise
ratio than in small persons and, as CT density correlates with weight, there may be a
spurious bias in the correlation of SUVmax/SUVave with CT density. This is discussed
later in chapter 12.
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In chapter 6, I describe a procedure for correcting SUVave for the fat contained within
the region from which it is recorded (fat-adjusted SUVave).

The relationship between SUV and blood glucose is discussed in chapter 5 in which it
can be appreciated that the relationship between SUV and CT density is complex and
depends on several factors. It easy to understand why the studies of previous of
workers gave such conflicting findings.
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Chapter 4: Influence of whole body metric on SUV
4.1. INTRODUCTION
FDG concentration in any tissue will be lower in a large patient compared with a
small one if the two are given the same administered activity. So, in order to account
for this, as mentioned in chapter 1, SUV has to be ‘scaled’ to a metric of whole body
size.

It has been suggested that SUV should not be calculated using body weight because
when it is based on body weight (SUVW), it correlates positively with body weight
(Sugawara et al 1999)., The appropriate metric of body size needs to be consistent
with the distribution volume of the FDG, which is the administered activity divided
by average tissue concentration of FDG throughout the whole body. The problem
with weight for calculating SUV is that FDG uptake in adipose tissue (but not brown
fat) is negligible so that SUV is overestimated in obese patients. It is not surprising,
therefore, that SUVW correlates strongly with weight. So it has been suggested that
lean body mass (LBM) is more appropriate for calculating SUV, especially as
SUVLBM showed no correlation with body weight (Sugawara et al 1999, Tahari et al
2015). Body surface area (BSA) has also been suggested (Sugawara et al 1999).

However, correlating SUVLBM, SUVBSA and SUVW with body weight is not valid
because all these SUVs contain weight in their calculation. When the two co-ordinates
of a relationship contain the same variable, the correlation coefficient will be
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spuriously increased, unless that variable is measured with complete accuracy. If
these rules were to be ignored, Sugawara et al (1999) should have been correlated
SUVLBM with LBM, not weight, and SUVBSA should have been correlated with BSA.

Several different equations have been developed for estimating LBM but in general,
they show rather poor agreement (Kim et al 2013, Erselcan et al 2002). Equations for
estimating BSA are few and are not gender-specific. So the best whole body metric
with which to calculate SUV remains uncertain.

The aim of the study in this chapter is to compare weight, LBM and BSA as metrics
for calculating SUV, using an approach that avoids spurious correlations.

4.2. METHODS
4.2.1. Theory
The definition of SUV is as follows.

SUV =

tissue activity/ml
x whole body metric
administered activity

(4.1)

Tissue activity/administered activity is the fraction (F) of administered activity in the
tissue. F/ml is then the fraction of administered activity per ml of tissue.

Re-arranging equation 4.1 gives

F/ml = SUV x 1/whole body metric

(4.2)

58

For an ideal whole body metric, plotting F/ml against 1/whole body metric in a
population of patients would give a straight-line graph passing through the origin (i.e.
no intercept) with a gradient equal to the mean population SUV of the tissue from
which F/ml was derived. The aim of the study was to see which body metric best
meets this requirement.

4.2.2. Patients
This was a retrospective study. Data are from 49 male patients and 51 female patients
attending CISC for routine FDG PET/CT, mainly for management of cancer. As in all
my studies, the patients gave informed consent for publication of any data arising
from their PET/CT studies.

4.2.3. Imaging
PET/CT acquisition was as described in chapter 2.

4.2.4. Image analysis
A circular region of interest (ROI) of 3 cm diameter was drawn over the centre of the
right lobe of the liver in a mid-section slice and maximum and average SUV values
(SUVmax and SUVave) were recorded. Patients with visible suspicious focal hepatic
pathology were not included.

4.2.5. Data analysis and statistics
The PET CT computer is programmed to calculate SUV using the patient’s weight
(i.e. SUVW). SUVW was therefore divided by the patient’s weight to give F/ml (see
equation 4.2). F/ml was then plotted against 100/weight, 100/LBM and 1/BSA. (I
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multiplied the reciprocals of weight and LBM by 100 to reduce the number of zeros in
their values.)

LBM was estimated from height and weight using the gender-specific formulae of
Boer (1984). BSA was estimated from height and weight using the gendernonspecific formula of Haycock et al (1978).

Relations between F/ml and the reciprocals of the 3 whole body metrics were
quantified using Pearson’s linear regression analysis. The standard errors (SE) of the
intercepts of the regression equations were calculated (Altman 1991). The
significance of the difference between any pair of intercepts was calculated using
Student unpaired t-testing, where
t = intercept1 –intercept2
(SE12 + SE22)0.5

(4.3)

Similarly, the significance of the difference between an intercept and zero was
calculated from
t = intercept
SE

(4.4)

Significance was rejected if p > 0.05.

4.3. RESULTS
For all 3 body size metrics, correlation coefficients were higher with respect to
SUVave than SUVmax for men, women and both genders combined. Results are
therefore given only for SUVave.
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The regression equations of F/ml against the reciprocals of the 3 body size metrics are
shown in Table 4.1 and Figure 4.1.
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Fig 4.1. Linear correlation between 100 x F/ml and 100/W (upper panel), 100/LBM
(middle panel) and 1/BSA (lower panel); dark circles: men (faint continuous
regression line; n = 49); open circles: women (dashed regression line; n = 51). The
regression line for all patients combined is bold. Regression equations and correlation
coefficients are shown in Table 4.1.
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When genders were combined, 100/weight gave an intercept that was significantly
greater than zero (p < 0.001), while 1/BSA gave an intercept that was significantly
less than zero (p < 0.001). 100/LBM, in contrast, gave an intercept not significantly
different from zero.

When the genders were separated, the intercepts given by 100/weight and 1/BSA
were significantly greater for women compared with men (p < 0.01) but there was no
significant difference with respect to 100/LBM (Table 4.1).

Correlation coefficients were marginally higher for 100/LBM than for 100/weight and
1/BSA for women, men and both genders combined (Table 4.1).

Table 4.1: Regression equations for 100 * F/ml (y-axes) against reciprocals of body
size indices (x-axes). Correlation coefficients are shown in brackets.
All (n = 100)

men (n = 49)

women (n = 51)

___________________________________________________________________________
$
100/W
^0.84 + 1.60x (0.75)
0.75 + 1.54x (0.64)
1.51 + 1.26x (0.72)
100/LBM
0.14 + 1.52x (0.81)
-0.77 + 2.10x (0.65)
0.27 + 1.68x (0.78)
$
1/BSA
*-0.96 + 7.48x (0.79)
-0.91 + 7.16x (0.65)
-0.15 + 6.22x (0.76)
___________________________________________________________________________

^Significantly greater than corresponding intercept for 100/LBM (p < 0.001);
*significantly less than corresponding intercept for 100/LBM (p < 0.001);
$
significantly higher than corresponding intercept for men (p < 0.001 for 100/W; p <
0.01 for 1/BSA).
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4.4. DISCUSSION
The whole body distribution volume of FDG is complex and influenced by many
factors, including time before imaging, the presence or absence of tumour, the amount
of body fat and the extent to which fat accumulates FDG, the FDG blood clearance
rate (which is influenced by blood glucose) and renal function. So no whole body
metric would be able to accurately define the volume of distribution in a
heterogeneous population of patients.

Adipose tissue accumulates FDG but less than lean tissue, so SUVW will be
overestimated to an extent that depends on percentage body fat. In obese people, the
FDG concentration of lean tissue will be relatively high compared to their weight.
F/ml will therefore also be high relative to weight and so the reciprocal of weight
should give a positive intercept when correlated with F/ml, as I found.

BSA in relation to body size is high in small individuals and low in large individuals.
Thus, the surface area-to-volume ratio of a golf ball is higher than that of a soccer
ball. This explains the negative intercept seen when F/ml is regressed on 1/BSA.

Because LBM excludes adipose tissue, SUVLBM will be underestimated to an extent
that depends on how much FDG accumulates in adipose tissue. However, the
insignificant positive intercept observed with 100/LBM for genders combined
suggests that adipose tissue in general accumulates minimal FDG.

The differences in the intercepts observed between men and women are consistent
with the above conclusions. Thus women have approximately 10% more fat than men
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(Deurenberg et al 1991) and accordingly the intercepts with respect to 100/W and
1/BSA were significantly higher in women. In contrast, because of the exclusion of
body fat, there was no significant gender difference with respect to 100/LBM.

These 3 whole body indices have advantages and disadvantages. The advantage of
weight is that it is easily and accurately measured. Its disadvantage is that adipose
tissue in general accumulates less FDG than lean tissue. LBM has the disadvantage of
uncertainty in its estimation. Thus, there are many equations described in the
literature and they have been found to have poor agreement in their estimation of
LBM (Kim et al 2013, Erselcan et al 2002). Inaccurate estimation of LBM would
reduce the correlation between SUVLBM and weight (Wahl et al 2009, Sugawara et al
1999, Tahari et al 2015), thereby weakening the claim, based on the observed low
correlation between SUVLBM and weight, that SUVLBM is more reliable than SUVW.

Estimation of LBM may also be more difficult in a cancer population because of the
relatively high prevalence of cachectic patients. Nevertheless, despite these apparent
disadvantages, 100/LBM correlated slightly better with F/ml than 100/W and 1/BSA
(Table 1). BSA has no apparent advantages but several disadvantages, including its 2dimensional nature and that the equations for its estimation are not gender-specific.
BSA is lower, relative to body mass, in large individuals compared with small ones,
accounting for its negative intercepts in the current study and for the finding of
Sugawara et al that SUVbsa correlates negatively with body weight (Sugawara et al
1999).
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In conclusion, this study has confirmed that LBM is the preferred whole body metric
to calculate SUV and should be taken up in routine clinical practice. LBM however is
not perfect because of the uncertainty of equations for estimating LBM and the
potential uptake of FDG in fatty tissues.

Chapter 5: Influence of blood glucose on SUV
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5.1. INTRODUCTION
As described in chapter 1, the majority of the FDG signal from the liver arises from
activity that is in rapid exchange between hepatocytes and hepatic blood via K1
(hepatic blood flow) and k2 (Fig 1.5). Hepatic FDG concentration therefore closely
follows blood concentration, as shown by Choi et al (1994) (Fig 1.6). Indeed, it has
been suggested that the liver is a good region for the blood pool signal in small animal
PET because of the size limitations imposed by placing an ROI over the heart or a
major blood vessel (Green et al 1998, Torizuka et al 1995). However, blood and liver
FDG concentrations are not identical because of phosphorylation of FDG via k3,
mainly in hepatocytes but also other hepatic cells, including possibly inflammatory
cells. As shown by Choi et al (1994), hepatic FDG concentration therefore slightly
exceeds blood concentration; in other words, there is an excess signal from the liver
relative to the blood pool signal that is the result of FDG phosphorylation. Choi et al
(1994) showed that this excess signal was higher following a glucose load,
presumably as a result stimulation of hexokinase (k3) by insulin.

FDG and glucose compete with each other for uptake into the organs, so when blood
glucose increases, tissue FDG clearance in general decreases (except in muscle in
which FDG uptake increases in hyperglycaemia (Lindholm et al 1993, Namba et al
1994). Blood FDG concentration therefore also increases in hyperglycaemia, as
shown by Choi et al (1994). Liver FDG activity should therefore vary with the blood
glucose level, so it follows that to study the relation between hepatic steatosis and
liver FDG accumulation, the blood glucose level should be taken into account.
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However, none of the previous studies examining the relation between hepatic SUV
and hepatic steatosis considered the influence of blood glucose.

In order to control for blood glucose and to detect the excess hepatic FDG signal, I
divided the liver SUV by the blood pool SUV. Doing this has the advantage that the
whole body metric for calculating SUV cancels out. Surprisingly none of the previous
studies on liver SUV in hepatic steatosis expressed liver SUV in relation to blood
pool SUV.

The aim of this chapter was to examine the relationship between liver SUV and blood
glucose in the context of intrahepatic FDG kinetics.

5.2. METHODS
5.2.1. Patients
This was a retrospective study of 304 patients undergoing routine FDG PET/CT as
described in chapter 2. I initially included a random consecutive group of 156 patients
irrespective of blood glucose over a two-year period (2011-2012). To increase the
numbers of patients with low or high blood glucose levels, I included 148 further
patients imaged over a period from 2007-2012 who had blood glucose levels > 6
mmol/l (n =113) or < 4 mmol/l (n = 35). Fifteen and 101 patients had known
diagnoses of types 1 and 2 diabetes mellitus, respectively.

5.2.2. Image analysis
For each patient, a single circular region of interest (ROI) of 3 cm diameter was
drawn over the right lobe of the liver for measurement of liver SUV, using body
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weight. Height was not recorded in this series of patients so I was unable to use lean
body mass to calculate SUV. Identical ROIs were drawn on the PET and CT scans,
avoiding any visible focal lesions present in either scan. ROIs were also drawn over
the ascending aorta (AA), left ventricular cavity (LV) and descending aorta (DA) to
record blood pool activity.

In this chapter, I used the maximum SUV for the 3 blood pool regions in order to
minimize partial volume effects in the relatively small ROI over the AA and DA.
Because the LV cavity is not so size-limited, I also measured SUVave for the LV
cavity. I then divided liver SUV by LV SUV.

CT density of the liver was measured and used as an index of hepatic fat content, as
described in chapter 2.

5.2.3. Statistical analysis
Relations between variables were quantified using Pearson’s linear regression
analysis or by least squares fitting to second order polynomials. Patients were also
subdivided into 6 sub-groups based on blood glucose levels within the following
ranges (patient numbers in brackets): <4 (59), 4-4.9 (76), 5-5.9 (38), 6-7.9 (38), 8-9.9
(58) and 10+ (35) mmol/l.
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5.3. RESULTS
5.3.1. Relationships between blood glucose and liver SUV
Liver SUVave and SUVmax both increased with similar time courses as blood glucose
increased up to levels of 8-10 mmol/l (Fig 5.1). Above these levels, liver SUVmax
showed no further increase, while SUVave showed a slight decrease.

3.6

SUVave
SUVmax

Liver S UV (g/ml)

3.4
3.2
3.0
2.8
2.6
2.4
2.2
2.0
1.8
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5-6
4-5

8-10
6-8

>10

Blood glucose (mmol/l)

Fig 5.1. Relationships of liver SUVave and SUVmax with blood glucose shown as
categorized data. Error bars = SEM.

The continuous datasets were better fitted by second order polynomials than by linear
functions (Fig 5.2) and showed strong correlations between blood glucose and SUV.
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Fig 5.2. Relations of liver SUVave (upper panel) and SUVmax (lower panel) with blood
glucose shown for continuous data. The curved lines are second order polynomial fits,
as follows (x = blood glucose); upper panel: SUVave = 1.24 + 0.28x – 0.016x2 (r =
0.36; p < 0.001); lower panel: SUVmax = 1.13 + 0.48x – 0.025x2 (r = 0.49; p < 0.001).

The relationships of the 3 blood pool region SUV values with blood glucose were
almost superimposed on each other and very similar to the relationship observed
between blood glucose and liver SUV (Fig 5.3). Thus, for all 3 blood pool regions,
SUV increased up to glucose levels of 8-10 mmol/l then showed a slight decrease up
to glucose levels of 10+ mmol/l, similar to liver SUVave.
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Fig 5.3. Relationships of maximum SUV of 3 blood pool regions with blood glucose
shown as categorized data. Error bars = SEM. The continuous bold line is the relation
of liver SUVave with glucose from Figure 1. AA – ascending abdominal aorta, DA –
descending abdominal aorta, LV – left ventricular cavity (all SUVmax).

5.3.2. Relationships between liver SUV expressed in relation to LV SUV and CT
density
Liver SUVmax divided by LV SUVave correlated significantly and inversely with CT
density (Fig 5.4). The correlation was stronger when liver SUVmax was divided by LV
SUVave rather than LV SUVmax probably because LV SUVmax is based on a single
voxel and therefore more susceptible to ‘noise’ than LV SUVave.
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Fig 5.4. Relationships between liver SUV/LV SUVave and CT density; left panel:
liver SUVmax/LV SUVave; right panel: liver SUVave/LV SUVave. No correlation is seen
with liver SUVave/LV SUVave. Note that by dividing liver SUV by LV SUV, the
effects of blood glucose and the whole body metric for calculating SUV cancel out.

In contrast to liver SUVmax, when liver SUVave was divided by LV SUVave, it showed
no correlation with CT density, probably because at low values of CT density, liver
SUVave is diluted by fat (see Figure 3.3).

5.4. DISCUSSION
As mentioned in chapter 1, previous publications that examined the relationship
between liver SUV and hepatic steatosis (Bural et al 2010, Abikzer et al 2011, Lin et
al 2011, Abele et al 2010, Kamikura et al 2010) have given contradictory results,
some showing a positive relation between liver FDG uptake and fat content (Bural et
al 2010), others a negative relation (Abikzer et al 2011, Lin et al 2011) and, some, no
relation (Abele et al 2010). A further study found higher hepatic FDG uptake in
patients with metabolic syndrome compared with those without (Kamimura et al
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2010). One possible reason for this disagreement is that blood glucose was not
considered.

Using dynamic PET with measurement of hepatic and blood FDG concentrations in
healthy volunteers either fasted or after a glucose load, Choi et al (1994) showed that
glucose administration resulted in a parallel increase in liver and blood FDG
concentrations measured in absolute units (MBq/ml). There was also a small increase
in the liver-to-blood concentration ratio, as a result of insulin-induced up-regulation
of k3 (Fig 1.6). Kubota et al (2011) showed a positive correlation between blood
glucose and SUVave up to a glucose level of 7 mmol/l but curiously the relation was
much stronger at 90 min post-injection compared with 60 min. Groheux et al (2013)
demonstrated a positive correlation between blood glucose and liver SUVave that was
not affected by time post-injection.

de Geus-Oei et al (2006) previously showed that all 3 blood pool regions used in the
current study reflected arterial FDG concentration with reasonable accuracy, although
Lammertsma’s group favored the ascending aorta (van der Weerdt et al 2001,
Lubberink et al 2004). The three separate blood pool regions gave correlations
between their SUV values and blood glucose that were almost superimposed on each
other and also on the liver SUV. An increase in blood pool SUV as blood glucose
increased was expected but the decrease, although small, in values above 8-10
mmol/l, seen in all 3 regions, was not expected and is unexplained. It might be due to
increased uptake in skeletal muscle in hyperglycaemia (Lindholm et al 1993, Namba
et al 1994).
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A confounding factor that should be considered is the effect of the signal-to noise
ratio. This may be lower in larger, overweight people, and have the effect of
increasing variability of SUVmax more than SUVave. Blood glucose tends to be higher
in overweight people (see Table 3.1) and so this may contribute a spurious positive
element to the relation between blood glucose and SUVmax. The signal-to-noise ratio
issue is studied in this context in chapter 12.

In conclusion, the inverse relationship between CT density and liver SUVmax/LV
SUVave suggests that hepatic FDG accumulation is increased in hepatic steatosis. This
is probably the result of insulin resistance, with resulting hyperinsulinaemia and
upregulation of k3 (see chapter 8). Further implications of this study are firstly that it
may explain why previous studies on the relation between hepatic steatosis and liver
FDG uptake have been conflicting, and secondly, suggests that liver SUV is not valid
as a reference region (comparator) for tumour uptake.
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Chapter 6: Influence of hepatic fat on the SUV signal

6.1. INTRODUCTION
As described in chapter 3, I found that liver SUVmax correlated with hepatic fat
(measured from CT density) but liver SUVave showed no correlation with hepatic fat.
The ratio of liver SUVmax/SUVave also correlates with hepatic fat. In chapter 5, I went
on to show that liver SUVmax/LV SUVave correlated with hepatic fat but liver
SUVave/LV SUVave did not correlate with hepatic fat. I postulated that these findings
were the result of dilution of the FDG signal by heterogeneously distributed fat,
tending to reduce liver SUVave in a region of interest but not SUVmax. I therefore
proposed the ratio of liver SUVmax/SUVave as a new marker of hepatic fat.

No previous studies examining the uptake of FDG by the liver have considered a
possible signal dilution effect of fat. In this chapter, I describe the use of a procedure
to adjust (or correct) the liver SUV for the dilution effect of fat. I then compared liver
SUV indices, including ‘fat-adjusted’ SUVave, between patients with and without
steatosis. I also minimised the effects of blood glucose by making this comparison in
6 separate blood glucose groups, as described in chapter 2.

6.2. METHODS.
6.2.1. Patients
This was a retrospective cohort study of 304 patients undergoing routine FDGPET/CT at CISC, as described in the previous chapter and in chapter 1.

Image acquisition is as described in chapter 2.
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6.2.2. Image analysis
For each patient, an ROI of 3 cm diameter was drawn over the right lobe of the liver,
as described in the previous chapter. An ROI was also drawn over the left ventricular
cavity (LV), carefully avoiding the myocardial walls, to record blood pool activity.
SUVmax and SUVave were recorded for the liver using body weight. Average SUV
(SUVLV) was recorded for the left ventricular cavity. CT density of the liver was
measured in Hounsfield units (HU) in the same ROI as for liver SUV.

6.2.3. Data Analysis
All 304 patients were subdivided into 6 sub-groups based on blood glucose level, as
described in chapter 2.

SUVave was adjusted for hepatic fat content using an equation relating CT density to
the percentage of liver that is fat that was described by Ricci et al (1997). They
measured CT density in samples containing known amounts of %fat, and obtained the
following equation.

CT density (HU) = 55.8 – (1.7 x %fat)

(6.1)

It can be seen from this equation that 10% fat corresponds to a CT density of 39 HU.

In order to do the inverse; i.e. calculate the %fat from CT density in my patients, I rearranged equation 6.1 to give

%fat = (55.8 – CT density)/1.7

(6.2)
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Expressed as a proportion of instead of percentage, equation 6.2 is simply divided by
100. So

Proportion of the liver that is fat = (55.8 – CT density)/170

(6.3)

This proportion was subtracted from 1 to give the proportion of the liver that is lean
(i.e. fat-free). Liver SUVave was then divided by the fat-free proportion to give fatadjusted liver SUVave. SUVmax was not adjusted for hepatic fat.

6.2.4. Statistics
Liver SUVave, liver SUVmax, and fat-adjusted liver SUVave were compared between
patients with and without hepatic steatosis using ANCOVA. I also compared liver
SUV/SUVLV. Numbers of patients with (≤40 HU) and without hepatic steatosis were
71 and 233, respectively.

6.3. RESULTS
6.3.1. Adjustment for liver fat
The theoretical relation between the percentage of fat in the liver and CT density,
based on equation 6.2, is shown in Fig 6.1. It can be seen that in some patients with
high CT density, the percentage became negative, probably reflecting experimental
error.
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Figure 6.1. Theoretical relation between percent fat in the liver, determined from CT
density using equation 6.2, and CT density. Note the presence of negative values in
patients with high CT density.

6.3.2. Relationship between blood glucose and hepatic fat
Percentage hepatic fat increased exponentially with increasing blood glucose (p <
0.001) (Fig 6.2).

Hepatic fat (%)
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6-8

>10

Blood glucose (mmol/litre)

Figure 6.2. Relationship between blood glucose and % hepatic fat calculated using
equation 6.2. Note that % fat increases exponentially as blood glucose increases.
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6.3.3. Relationships between blood glucose and liver and left ventricular SUV
As shown in chapter 5, SUVLV increased with blood glucose up to glucose levels of 810 mmol/l but tended to decrease between blood glucose groups of 8-10 and 10+
mmol/l. Liver SUVave showed a similar relation with blood glucose (Fig 6.3A).
Liver SUVmax however showed not so much tendency to fall at high glucose levels.
Fat-adjusted liver SUVave also correlated with blood glucose but continued to increase
between blood glucose groups of 8-10 and 10+ mmol/l (Fig 6.3A).

The ratio of liver SUVave/SUVLV did not correlate with blood glucose (Fig 6.3A,
lower panel). In contrast, liver SUVmax/SUVLV (p < 0.001) and fat-adjusted
SUVave/SUVLV both correlated positively (p < 0.001) and showed similar relations
with blood glucose (Fig 6.3A).

6.3.4. Relationships between blood glucose and liver SUV; fatty liver versus nonfatty liver
The relationships between liver SUVave and blood glucose were similar between
patients with and without hepatic steatosis (Fig 6.3B). In contrast, fat-adjusted liver
SUVave in patients with steatosis was higher than those without steatosis (p < 0.01)
(Fig 6.3B). The difference was ~0.4 g/ml across all blood glucose subgroups. Liver
SUVmax was also different between patients with and without steatosis (p < 0.005) but
it was slightly smaller (~0.3 g/ml) (Fig 6.3B).
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Fig 6.3.
A: Upper panel: relationships of liver SUVmax (open circles), SUVave (open triangles),
fat-adjusted SUVave (closed circles) and SUVLV (closed triangles) with blood glucose.
Lower panel: relationships between liver SUVave/SUVLV, SUVmax/SUVLV and fatadjusted SUVave/SUVLV with blood glucose; all 3 relationships are significant (p <
0.001).
B: Relationships of liver SUVave (upper panel), SUVmax (middle panel) and fatadjusted SUVave (lower panel) with blood glucose in patients with (closed circles) and
without steatosis (open circles). SUVave does not correlate significantly with blood
glucose in either group. SUVmax and fat-adjusted SUVave both correlate significantly
with glucose in both groups (p < 0.01). The difference in liver SUVmax between the
two groups is ~0.3 g/ml and in fat adjusted SUVave is ~0.4 g/ml (p < 0.005).
C: Relationships of SUVave /SUVLV (upper panel), SUVmax /SUVLV (middle panel)
and fat-adjusted SUVave /SUVLV (lower panel) with blood glucose in patients with
(closed circles) and without steatosis (open circles). There was no significant
relationship between SUVave /SUVLV and blood glucose either in patients with or
without steatosis. Fat-adjusted SUVave /SUVLV correlated significantly with blood
glucose in patients with hepatic steatosis (p < 0.01) but not in those without. SUVmax
/SUVLV correlated significantly with blood glucose in patients with (p < 0.01) or
without steatosis (p < 0.02), though more strongly with those with steatosis.
Moreover, in the group with blood glucose levels of 10+ mmol/l, SUVmax /SUVLV
was significantly higher in patients with steatosis (p < 0.01).
Error bars = SEM.
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Liver SUVave/SUVLV was similar between patients with and without steatosis (p >
0.05) but liver SUVmax/SUVLV and fat-adjusted liver SUVave/SUVLV were higher in
patients with steatosis (p < 0.01; Fig 6.3C). None of these 3 expressions of liver SUV
as ratios with SUVLV showed any significant correlation with blood glucose in
patients without steatosis but in contrast they all increased with increasing glucose in
patients with steatosis (p < 0.01). The difference in liver SUV/SUVLV between the
two patient groups was most obvious in patients with blood glucose of 10+ mmol/l
(Fig 6.3C).

6.4. DISCUSSION
Hepatic FDG kinetics is the key to understanding and evaluating the effects of blood
glucose on hepatic FDG accumulation (Choi et al 1994). Blood FDG concentration
would be expected to vary with blood glucose because FDG competes with glucose
for tissue clearance. Hepatic SUV is largely, but not entirely, a blood pool SUV
(Green et al 1998, Torizuka et al 1995) and is therefore affected by blood glucose
similarly to left ventricular cavity SUV. In this chapter, I therefore divided the
patients into blood glucose groups in order to examine the liver SUV differences
between patients with and without steatosis without influence of blood glucose.

As expected, liver SUV correlated with blood glucose whether expressed as SUVave,
SUVmax or fat-adjusted SUVave. However at high blood glucose levels, differences
were seen. Thus SUVave tended to fall, SUVmax remained unaltered while fat-adjusted
SUVave continued to increase. As can be seen from Fig 6.2, hepatic fat increases
exponentially with increasing blood glucose, which may explain these differences.
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Thus SUVave, but not fat-adjusted SUVave, is diluted by the fat at high blood glucose,
while SUVmax may be slightly diluted by hepatic fat. It remains unclear however, why
SUVLV fell at high blood glucose.

It was pointed out in the previous chapter that in order to measure the excess hepatic
FDG activity (from FDG phosphorylation) over and above that expected from blood
pool SUV, it is helpful to express hepatic SUV values as ratios with left ventricular
cavity SUV. It can then be seen from the lower panel of Fig 6.3A that liver
SUV/SUVLV increased with increasing blood glucose, especially SUVmax/SUVLV and
fat-adjusted SUVave/SUVLV.

Figs 6.3B and 6.3C are the upper and lower panels of Fig 6.3A have been split into
steatosis and non-steatosis groups. In Fig 6.3B, differences between the 2 groups are
evident in liver SUVmax and fat-adjusted SUVave, but not in SUVave. Similar findings
are seen between the 2 groups when the liver SUV values are divided by SUVLV (Fig
6.3C). Interestingly, in Fig 6.3C, it can be seen that patients with steatosis show a
stronger relationship with blood glucose than in those without.

In chapter 5, I showed that regions over the ascending aorta, descending aorta and left
ventricular cavity gave very similar values of maximum SUV and showed similar
relations with blood glucose. However, I used the left ventricular cavity for
monitoring blood pool activity in the current study because its SUVave correlated
more closely with glucose than the SUV values obtained from the regions over the
aorta. The use of the left ventricular cavity as a surrogate for arterial FDG
concentration has previously been validated (de Geus-Oei et al 2006).
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I conclude that after correcting for both the effects blood glucose and of dilution of
the hepatic FDG signal by heterogeneously distributed hepatic fat, FDG accumulation
is increased, and shows a stronger relationship with blood glucose, in hepatic
steatosis. The reasons for this are discussed in chapter 8.
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Chapter 7: Correcting tumour SUV for blood glucose in FDG PET

7.1. INTRODUCTION
In FDG PET/CT for cancer management, quantification of tumour uptake is essential
for monitoring treatment. This is most often by measurement of SUV. FDG competes
with glucose for uptake into tumour, so tumour SUV is inversely related to blood
glucose (Lindholm et al 1993). European Association of Nuclear Medicine (EANM)
guidelines therefore recommend normalisation of tumour SUV to a blood glucose
level of 5 mmol/l (Boellaard et al 2010). This recommendation assumes that tumour
glucose utilisation rate (MRglu) is not affected by blood glucose, in which case
MRglu would be equal to tumour glucose clearance multiplied by blood glucose.

i.e. MRglu = tumour glucose clearance x blood glucose

(7.1)

(mmol/min = ml/min x mmol/ml)

FDG is a tracer for glucose; in other words, tumours trap FDG as though it was
glucose, so assuming a lumped constant of one (i.e. that FDG and glucose are
‘handled’ by the tumour tissue identically)

MRglu = tumour FDG clearance x blood glucose

(7.2)

Re-arranging
FDG clearance = MRglu/blood glucose

(7.3)

In the brain, MRglu is constant (Namba et al 1994); in other words, the brain takes a
constant supply of glucose irrespective of the blood glucose level. If tumours also
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have a constant glucose utilisation rate, it can be seen from equation 2 that the
relationship between tumour FDG clearance and blood glucose would be hyperbolic,
i.e. have the form y = k/x, where k, the constant, is MRglu. So when blood glucose
changes, FDG clearance changes in the opposite direction, as illustrated in Fig 7.1.

Blood flow = 50 ml/min

Blood
capillary
BRAIN/TUMOUR
Glucose trapping efficiency = 20%;
Glucose clearance = 0.2 x 50 = 10 ml/min
Glucose uptake rate (MRglu) = 10 x 5 = 50 mmol/min

A - blood glucose = 5 mmol/l
Blood flow = 50 ml/min

Blood
capillary

BRAIN/TUMOUR
Glucose trapping efficiency = 10%;
Glucose clearance = 0.1 x 50 = 5 ml/min
Glucose uptake rate (MRglu) = 5 x 10 = 50 mmol/min

B - blood glucose = 10 mmol/l
Fig 7.1. For a blood flow of 50 ml/min and trapping efficiency of 20%, glucose
clearance would be 10 ml/min. If blood glucose concentration doubled from 5 mmol/l
(panel A) to 10 mmol/l (panel B), then in order to maintain its MRglu of 50
mmol/min, brain or tumour would only need a trapping efficiency of 10%, which
would give a glucose clearance of 5 ml/min.
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By recommending normalisation to blood glucose, EANM guidelines therefore
assume that tumour SUV is the same as tumour FDG clearance.

EANM guidelines also recommend that when blood glucose is >7 mmol/l, the study
should be re-scheduled, although most departments would tolerate levels up to 10
mmol/l.

Liver SUV is thought to be relatively constant from patient to patient (Paquet et al
2004, Ramos et al (2001) so another method for quantifying tumour FDG uptake is to
express tumour count rate as a ratio with liver count rate (Barrington et al 2104,
Khandani et al 2005, Kumar et al 2004, van Kouwen et al 2005, Diederichs et al
1998). This method for example is used in the Deauville criteria for staging
lymphoma (Barrington et al 2014).

As mentioned in earlier chapters, FDG exchanges rapidly between hepatocytes and
blood before it gets phosphorylated to FDG-6-phosphate. The hepatic FDG
concentration therefore closely follows the blood concentration. Because blood FDG
concentration depends on blood glucose (Choi et al 1994), hepatic FDG activity will
also depend on blood glucose (Kubota et al 2011, Groheux 2013), so the tumour-toliver ratio will also depend on blood glucose.

The aim of the study in this chapter was to compare normalisation to blood glucose
and scaling to liver as correction procedures for quantifying tumour FDG uptake.
Tumour SUV is highly variable in patients with cancer, and depends on the type and
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stage of tumour, and the effects of chemotherapy, so I used the brain as a substitute
for tumours to examine the effects of blood glucose because, like tumours, the brain
metabolically traps FDG.

7.2. METHODS
7.2.1. Patients
This was a retrospective study based on 304 patients undergoing routine FDG
PET/CT, as described in earlier chapters. All patients attending our PET CT Unit are
asked to give informed consent for use of any of their clinical data for publication. All
patients in this study did so.

PET/CT acquisition and measurement of blood glucose was as described in earlier
chapters.

7.2.2. Image analysis
Regions of interest (ROI) were drawn over the right lobe of the liver (avoiding any
focal lesions and major blood vessels), frontal cortex, basal ganglia and cerebellum.
The whole body sweep did not include frontal cortex and basal ganglia in 107
patients. SUV was recorded for all 4 regions. An ROI identical to the liver ROI drawn
on the PET image was drawn on the CT scan for measurement of CT density. SUV in
brain regions was multiplied by blood glucose and divided by 5 to give normalised
SUV (nSUV).
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7.2.3. Statistical analysis
Relations between variables were quantified using Pearson’s linear regression
analysis of continuous data. In addition, patients were categorised into 6 sub-groups
based on blood glucose, as described in chapter 2. The patients were also subdivided
into those with hepatic steatosis (CT density ≤ 40 HU; n = 71) and those without (>
40 HU; n = 233) (Boyce et al 2010, Zeb et al 2012).

7.3. RESULTS
7.3.1. Relationships of brain and hepatic SUV values with blood glucose
SUV of brain regions decreased as blood glucose increased. The opposite was seen
with hepatic SUV, which increased with increasing blood glucose (Fig 7.1).

Figure 7.1. Relationships of brain SUVmax and liver SUVmax with blood glucose.
Vertical bars = SEM. Note that SEM values for the liver are too small to be visible.

The relationship between cerebellar SUVmax, as a representative brain region, and
blood glucose was better fitted with an exponential function (r = 0.75) than a
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hyperbolic function (r = 0.60) (Fig 7.2). The exponential constant was -0.0993
mmol/l-1, which means the SUV decreased by about 10% for every mmol/l increase in
blood glucose. Corresponding exponential constants for frontal cortex and basal
ganglia SUVmax were similar: -0.119 mmol/l-1 (r = 0.76) and -0.114 mmol/l-1 (r =
0.75). Exponential constants for brain SUVave were also similar: -0.113 (r = 0.77), 0.110 (r = 0.76) and -0.097 (r = 0.74) mmol/l-1 for frontal cortex, basal ganglia and
cerebellum, respectively.

Figure 7.2. Relationship between cerebellar SUVmax and blood glucose. Equations
are shown for least squares fits to hyperbolic (y = k/x; bold line) and exponential (fine
line) functions. Upper panel: linear y-axis; lower panel: logarithmic y-axis.
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7.3.2. Relation between cerebellum-to-liver SUV ratio and blood glucose
The cerebellum-to-liver SUVmax ratio declined as blood glucose increased (Fig 7.3).
The relationship appeared hyperbolic (r = 0.83).

Figure 7.3. Relationship between cerebellum-to-liver SUVmax ratio (y) and blood
glucose (x): y = 14.7/x.

7.3.3. Correction of brain SUV for blood glucose
Correction of tumour SUV for blood glucose by normalisation to 5 mmol/l (nSUV)
aims to abolish the dependence of tumour SUV on blood glucose, and the same
should apply to the brain. However, normalisation gave nSUVmax values for the
cerebellum that still correlated with blood glucose (Fig 7.4). There was a positive
linear correlation up to blood glucose of 7 mmol/l (r = 0.44; p < 0.0001), but no
further increase above 7 mmol/l. The overall relation was therefore better fitted with a
second order polynomial (r = 0.55; p < 0.0001).
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Figure 7.4. Relationships with blood glucose of cerebellar SUVmax normalised to
blood glucose of 5 mmol/l. Straight line is linear fit to points up to blood glucose of 7
mmol/l. Bold curved line is second order polynomial fit to all data.

Division of cerebellar nSUVmax by liver SUVmax almost abolished the relation of brain
SUV with blood glucose (r = 0.17; p < 0.01; Fig 7.5).

Figure 7.5. Relationship between blood glucose and cerebellar SUV normalised to
blood glucose (nSUV) and then divided by liver SUV. Straight line is the linear fit to
data points.
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7.4. DISCUSSION
7.4.1. Brain SUV as a function of blood glucose
Hasselbalch et al (2001) and Namba et al (1994) found no change in cerebral MRglu
in response to acute hyperglycaemia, so elevated blood glucose results in decreased
FDG clearance into the brain (see equation 7.2). I found an inverse, non-linear
relationship between brain SUV and blood glucose that was better fitted by an
exponential function than a hyperbolic function. The fact that this relationship is more
exponential than hyperbolic suggests that SUV is not a suitable surrogate for brain
FDG clearance. The exponential constants were similar between the cerebellum, basal
ganglia and frontal cortex. An inverse relationship between brain SUV and blood
glucose has been shown previously by others (Claeys et al 2010, Ishizu et al 1994).
Buchert et al (2009) for example showed that acute reversal of hyperglycaemia
increased FDG uptake in the brain by up to 80%.

7.4.2. Validity of liver SUV for scaling tumour SUV
Liver SUV, in contrast to brain SUV, showed a positive relationship with blood
glucose (Fig 7.1). The brain/liver SUV ratio therefore showed a strong inverse
relationship with blood glucose (Fig 7.3). Assuming the brain can be regarded as a
surrogate for tumours, this relationship shows that the liver cannot be used as a
reference tissue for tumour FDG uptake. The relationship between brain/liver SUV
ratio was close to hyperbolic, suggesting that this ratio is a better surrogate for FDG
clearance than SUV.
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7.4.3. Use of brain SUV as a surrogate for tumour FDG uptake
An important assumption underlying the use of brain as a surrogate for tumour FDG
uptake is that MRglu in brain and tumours is independent of blood glucose.
Hasselbach et al (2001) measured MRglu in the brain of normal subjects. They
showed that during acute hyperglycaemia, when compared with normoglycaemia,
global and regional MRglu in cortical and subcortical gray matter did not change.
Namba et al (1994) directly measured tissue de-oxyglucose concentration in the rat
brain at several different blood glucose concentrations and came to a similar
conclusion. Most studies (Ishizu et al 1994, Lidholm et al 1993, Crippa et al 1997,
Zhuang et al 2001) though not all (Hallett et al 2001, Busing et al 2013), have shown
that tumour SUV also decreases at high blood glucose levels, as recognised by both
the EANM and Society of Nuclear Medicine (SNM) guidelines (Boellaard et al 2010,
Delbeke et al 2006). Thus Lindholm et al (1993) showed no change in tumour MRglu
in response to oral glucose loading in 5 patients with head and neck cancer.
Moreover, Crippa et al (1997) recorded a decrease in mean SUV of 20 hepatic
colorectal metastatic deposits from 9.4 to 4.3 in a study in which patients were
imaged on two separate occasions, fasting and following a glucose load that increased
blood glucose from 5 to 9 mmol/l. Ishizu et al (1994) recorded a decrease in brain
glioma SUV from 4.41 to 1.54 following an increase in blood glucose from 5.9 to
13.5 mmol/l.

7.4.4. Similarity of exponential relationships of brain and tumour SUV with
blood glucose
Assuming an inverse exponential relation between tumour SUV and blood glucose, as
for the brain, it can be calculated from the data of Lindholm et al (1993) that the
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exponential constant for tumours is -0.1 to -0.15 mmol/l-1. Based on the data of
Crippa et al (1997), the constant would be about -0.2 mmol/l-1, although their SUV
values had very high standard deviations. Based on data of Ishizu et al (1994), the
constant would be -0.093 mmol/l. These estimated exponential constants are broadly
similar to those recorded in this study for the brain (-0.099 to -0.119 mmol/l-1).
Further work is needed to confirm that there is a universal exponential constant for
tumours and whether its value is similar to that of the brain, i.e. ~0.1 mmol/l-1.

7.4.5. Correction of tumour SUV for blood glucose
EANM guidelines recommend normalising tumour SUV to 5 mmol/l (Boellaard et al
2010). To be successful, this procedure is required to abolish the relationship between
tumour SUV and blood glucose. Its validity in this respect is supported by some
studies (Lee et al 2011, Nozawa et al 2013) but not by others (Hallett et al 2001).

Because of wide variations in tumour SUV, it is difficult to determine the relation of
blood glucose with tumour SUV in large heterogeneous patient populations with
different kinds of tumours at different stages of treatment. Nevertheless, Zhuang et al
(2001) attempted to do this and recorded a weak inverse correlation between tumour
SUV and blood glucose, but did not describe the nature of the relationship. Hallet et
al (2001) found no significant correlation in 248 patients with lung cancer between
tumour SUV and blood glucose. Differing levels of metabolic activity across tumours
would not rule out a single exponential constant that could be universally applied to
tumours, provided that tumour MRglu, like brain MRglu, is independent of blood
glucose.
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In the current study, normalisation of SUV (i.e. multiplying it by blood glucose)
failed to abolish its dependence on blood glucose but instead generated a significant
non-linear correlation (Fig 7.4). However, when brain nSUVmax was divided by liver
SUVmax, it showed almost no relationship with blood glucose (Fig 7.5). The success
of this can be understood by replacing glucose clearance in equation 1 with brain-toliver SUV ratio, as follows

MRglu = brain SUV x blood glucose
liver SUV

(7.4)

which indicates that when brain SUV is divided by liver SUV it becomes a better
surrogate of FDG clearance.

Another attraction of dividing nSUV by liver SUV is that it avoids the issue of the
best whole body metric for calculating SUV (Sugawara et al 1999), which cancels
out.

7.4.6. Study limitations
Limitations of the study include its retrospective design and heterogeneous patient
population. Whilst focal liver pathology was avoided when drawing the liver ROI, it
is possible that covert pathology, such as diffuse colorectal micro-metastases, may
have increased liver SUV. Moreover, the frontal cortex and basal ganglia were
included in the whole body sweep in only two-thirds of the patients, although patient
numbers were still high.
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7.4.7. Conclusion
In conclusion, expressing tumour FDG uptake in relation to liver SUV is not valid.
Indeed, the ratio of tumour-to-liver SUV is even more dependent on blood glucose
than SUV. Normalisation of brain SUV to blood glucose fails to abolish its relation
with blood glucose and is therefore also invalid. Combining the two correction
procedures, however, gives corrected values that show almost no relation with blood
glucose.
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Chapter 8: Measurement of hepatic FDG clearance and glucose
utilisation rate by dynamic imaging

8.1. INTRODUCTION
Previous chapters have described the problems of SUV for the quantification of liver
FDG accumulation. A better approach to the question of whether or not hepatic
steatosis is associated with increased FDG uptake is to measure hepatic FDG
clearance. As mentioned in the previous chapter, multiplication of FDG clearance
with blood glucose gives the glucose utilisation rate (MRglu). In this chapter, I
therefore aimed to measure hepatic FDG clearance and hepatic MRglu using dynamic
PET and Patlak-Rutland graphical analysis in a series of patients randomly and
prospectively selected from routine clinical referrals to CISC for FDG PET/CT.
Hepatic steatosis and obesity are strongly associated (Farrell & Larter 2006), so in
addition to studying the relations of FDG clearance and MRglu with hepatic steatosis,
I also studied the relations of FDG clearance and MRglu with body mass BMI.

8.2. METHODS
8.2.1. Patients
Sixty patients (47 men, age range 28-84, and 13 women, age range 40-67) having
routine, clinically indicated PET/CT for the management of cancer were prospectively
recruited for this study and gave informed consent for the additional dynamic imaging
required. There were 20 patients with known lymphoma, of whom 12 had
metabolically active lymphoma and 8 had inactive lymphoma. Twenty-six patients
had metabolically active non-haematological malignancy and 14 had normal PET/CT.
Twelve patients had received chemotherapy within 6 months of their scan, 19 had
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received chemotherapy more than 6 months previously (range 8 months – 10 y) and
29 patients had received no previous chemotherapy (chemotherapy-naïve). Five
patients were known to have type-2 diabetes mellitus. There were none with type-1
diabetes mellitus.

The pathologies of alcoholic and non-alcoholic liver disease are different (Ma et al
2009). Steatohepatitis resulting from toxins, including alcohol, is associated with a
predominantly neutrophilic infiltrate whereas non-alcoholic steatohepatitis is
associated with a predominantly lymphocytic infiltrate (Ma et al 2009) so I did not
recruit patients reporting or suspected of high alcohol intake.

8.2.2. Imaging
All patients had routine whole-body PET/CT as described in chapter 2. In addition to
their routine imaging, they consented to additional dynamic imaging over the liver at
one frame per min for 30 min starting after FDG injection in a single bed position
with detectors over the torso (Fig 8.1).
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Fig 8.1. Dynamic series of images of one minute each following intravenous
injection of FDG. CT was switched off so the images are not corrected for
attenuation. Regions of interest over liver and abdominal aorta used for PatlakRutland analysis are shown in one of the slices.

CT was switched off so there was no additional radiation dose over and above that
from the routine clinical study. Each patient gave informed consent to undergo the
additional dynamic study, as this is not part of our routine scanning protocol. Ethical
approval for the additional procedure was given by a National Research Ethics
Committee.

8.2.3. Image analysis
Images were analysed using HERMES software. An ROI of 3 cm was placed over the
right lobe of the liver in about 30 axial slices. The counts in each slice were summed.
The same was done for the abdominal aorta with an ROI of 1.6 cm diameter.
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Hepatic FDG clearance was measured using Patlak-Rutland analysis which is a
graphical technique for calculating tissue tracer clearance from dynamic data. Rutland
originally described it for single photon imaging (I-131 hippuran renography; Rutland
1979) and then Patlak et al described it in more detail for PET (Patlak et al 1983).

Patlak-Rutland analysis is only valid for kinetic models where transport of tracer is
unidirectional along a single transport pathway from one compartment to another.

Although the model shown in Chapter 1 (Fig 1.6) has 3 compartments, mixing of
FDG between blood and hepatocytes is rapid because K1 (hepatic blood flow) and k2
are high, so the first compartment is ‘free’ un-phosphorylated FDG in the liver (Choi
et al 1994, Iozzo et al 2007, Munk et al 2001) (Fig 8.2).

FDG
Blood

FDG6P

Hepatocyte
K1

k3

k2

Fig 8.2. Model of intrahepatic FDG kinetics in which the ‘free’ FDG is shown as one
compartment and phosphorylated FDG (FDG6P) as another. Once mixing of FDG is
completed in first compartment, the clearance measured by Patlak-Rutland analysis is
the result of transport along k3. De-phosphorylation (k4) is considered to be negligible
and can be ignored (see Table 1 and Results).
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Although k3 is much lower than K1 and k2, it is still much higher than k4 (glucose-6phosphatase), which can be ignored so clearance of FDG is by phosphorylation to
FDG-6-phosphate (FDG6P) along k3 (hexokinase).

Between the time of injection and any time, t, after injection, the amount of FDG
trapped by phosphorylation in hepatocytes and converted to FDG6P is equal to
hepatic FDG clearance multiplied by the area under the blood FDG concentrationtime graph up to time t.

hepatic FDG6P = FDG clearance x area under blood FDG concentration curve

(8.1)

In PET, however, tissue tracer uptake is measured as the tissue concentration
(MBq/ml) so clearance is expressed as clearance per unit tissue volume (ml/min/ml)
and is called Ki (input constant).
So
hepatic FDG6P concentration = Ki x area under blood FDG concentration curve (8.2)

The hepatic FDG6P concentration is the concentration of FDG6P throughout the
whole liver.

A ROI over the liver records hepatic FDG6P concentration plus the concentration of
FDG in the liver that has not been phosphorylated. As mentioned above, this ‘free’
FDG distributes rapidly in a space that includes the hepatic capillary blood, hepatic
interstitial space and hepatocytes (Fig 8.2).
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So, adding free FDG concentration throughout the whole liver to both sides of
equation 8.2,

Hepatic (FDG6P + free FDG) concentration = (Ki x area) + hepatic free FDG concentration

(8.3)

In Patlak-Rutland theory, both sides of equation 8.3 are then divided by the blood
FDG concentration to give

hepatic (FDG6P + free FDG) conc. =
blood FDG conc.

Ki x area
+ hepatic free FDG conc.
blood FDG conc.
blood FDG conc.

(8.4)

Because FDG mixes rapidly between liver and blood, the concentration of free FDG
in the liver is proportional to the blood FDG concentration, so hepatic FDG
concentration/blood FDG concentration is a constant called the volume of distribution
(V(0)).

The area under the blood FDG concentration-time curve has units of (min x MBq/ml),
so dividing it by the blood FDG concentration (MBq/ml) gives time that is called
‘normalized’ time. For a graph that is declining (as in any blood clearance curve),
normalized time exceeds ‘clock’ time (see Fig 8.3 and example data below). So, rewriting equation 8.4,

hepatic (FDG6P + FDG) concentration = (Ki x normalized time) + V(0) (8.5)
blood FDG concentration
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Equation 8.5 is a linear equation in which Ki is the gradient and V(0) is the intercept
(see Fig 8.3).

CT was switched off so I was unable to correct for photon attenuation. I was therefore
unable to measure hepatic and blood FDG concentrations (MBq/ml) but instead only
counts. Hepatic counts were recorded from a series of regions of interest (ROI) placed
on multiple cranio-to-caudal liver ‘slices’. Blood counts were recorded from ‘blood
pool’ ROIs over the right and left ventricular cavities and multiple slices of abdominal
aorta (see Fig 8.1). The area under the blood concentration-time curve is obtained as
the running sum of blood pool counts from 0-30 min. For each 1 min frame, the
running sum up to that frame was divided by blood pool counts in the frame to give
normalized time. For each frame, hepatic counts were divided by blood pool counts
and plotted against normalized time (Fig 8.3C).

Example data for an individual patient is given as follows.
Liver
Aorta
Liver
counts/aorta Running sum of
(counts/frame) (counts/frame) counts
aorta counts

Time
(min)
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17

682,728.00
316,773.00
291,604.00
244,415.00
218,408.00
221,580.00
198,036.00
193,144.00
174,598.00
165,761.00
159,865.00
152,363.00
154,141.00
141,848.00
136,858.00
133,421.00
130,332.00

821,252.00
2,602,766.00
2,172,375.00
1,965,492.00
1,825,494.00
1,720,262.00
1,655,637.00
1,536,327.00
1,451,878.00
1,361,305.00
1,420,706.00
1,324,789.00
1,347,395.00
1,182,603.00
1,168,100.00
1,246,101.00
1,155,633.00

1.202897787
8.216502038
7.449743488
8.04161774
8.35818285
7.76361585
8.360282979
7.954308702
8.315547715
8.212456489
8.886910831
8.694952187
8.74131477
8.337114376
8.535123997
9.339616702
8.86684007

682,728.00
999,501.00
1,291,105.00
1,535,520.00
1,753,928.00
1,975,508.00
2,173,544.00
2,366,688.00
2,541,286.00
2,707,047.00
2,866,912.00
3,019,275.00
3,173,416.00
3,315,264.00
3,452,122.00
3,585,543.00
3,715,875.00

Normalised
time (min)
1
3.155259444
4.427597015
6.282429474
8.030511703
8.915551945
10.9754994
12.25348962
14.55506936
16.33102479
17.93333125
19.8163268
20.58774758
23.37194744
25.22411551
26.87390291
28.51084154

103

18
19
20
21
22
23
24
25
26
27
28
29
30

122,297.00
115,679.00
114,646.00
110,339.00
114,474.00
106,700.00
106,695.00
97,319.00
95,495.00
97,968.00
91,938.00
89,719.00
87,151.00

1,118,957.00
1,107,010.00
1,067,247.00
1,066,759.00
1,071,627.00
1,070,386.00
983,997.00
988,526.00
944,572.00
941,201.00
943,019.00
937,874.00
892,879.00

9.149504894
9.569671245
9.309064424
9.668014029
9.361313486
10.03173383
9.222522143
10.15758485
9.891324153
9.607228891
10.25711893
10.45346025
10.24519512

3,838,172.00
3,953,851.00
4,068,497.00
4,178,836.00
4,293,310.00
4,400,010.00
4,506,705.00
4,604,024.00
4,699,519.00
4,797,487.00
4,889,425.00
4,979,144.00
5,066,295.00

31.38402414
34.17950536
35.48747449
37.8727014
37.50467355
41.23720712
42.2391396
47.30858311
49.21219959
48.96993916
53.1817638
55.49709649
58.13237943

Inspection of the Patlak-Rutland plots revealed that they were essentially linear from
2-30 min (Fig 8.3C), consistent firstly with rapid mixing and secondly with a low
value of k4. The first 2 frame values, during which mixing of FDG between blood and
the hepatic tissue distribution volume appears to be completed, were therefore not
included in the Patlak-Rutland plot.

Fig 8.3. Time-count curves for the aortic blood pool (left panel), liver (middle panel)
and Patlak-Rutland plot (right panel) based on these curves.
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As already mentioned, I could measure counts only and not tracer concentrations. I
could not therefore measure Ki and V(0) in absolute units so I divided the gradient of
the Patlak-Rutland plot by the intercept to give Ki/V(0). All the factors that relate
gradient to Ki are the same as those that relate intercept to V(0), so when the gradient
divided by the intercept, they cancel out. Expressing hepatic FDG clearance as
Ki/V(0) allows the use of ROI dimensions of any size and images un-corrected for
photon attenuation (as is the case when CT is switched off). It also corrects for the
diluting effect of hepatic fat.

Ki/V(0) was multiplied by 100 to give hepatic FDG clearance in units of ml/min/100
ml, and then multiplied by the blood glucose concentration (mol/ml) to give hepatic
MRglu in units of mol/min/100 ml, assuming a lumped constant of unity (Iozzo et al
2003).

Body mass index (BMI) was measured as weight/height2 (kg/m2). Patients were
classified as obese if BMI was ≥ 30 kg/m2 and as having hepatic steatosis if CT
density was ≤ 40 HU (Boyce et al 2010).

8.3. RESULTS
8.3.1. Effect of chemotherapy
Mean CT density in the 29 patients who had never received chemotherapy
(chemotherapy-naïve patients) was 46 ± 9 HU compared with 43 ± 9 HU in the 12
patients with a history of recent chemotherapy (p > 0.05). Patients with long-since
previous chemotherapy had a mean CT density of 47 ± 11 HU (p > 0.05).
Corresponding mean values of BMI were 28 ± 5, 28 ± 8 and 26 ± 4 kg/m2 (p > 0.05).
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There was no significant difference in MRglu between patients with recent
-naïve patients (2.26 ±
So chemotherapy had no effect on my results.

8.3.2. Prevalence of hepatic steatosis in obese and non-obese patients
Of the 60 patients, 19 (32%) had hepatic steatosis and 18 (30%) were obese. Thirtyfour had neither steatosis nor obesity, while 11 had both. Of the 19 with steatosis, 8
(42%) were not obese (and 5 [26%] were not even overweight [< 25 kg/m2]), while of
the 18 who were obese, 11 (61%) had hepatic steatosis and 7 did not.

8.3.3. Blood glucose levels
Blood glucose levels were slightly but significantly higher in patients with hepatic
steatosis (6.4 ± 1.5 mmol/l) compared with those without (5.7 ± 0.6 mmol/l; p < 0.02)
and in obese subjects (6.3 ± 1.5 mmol/l) compared with non-obese (5.7 ± 0.7 mmol/l;
p < 0.05).

8.3.4. Hepatic FDG clearance and MRglu
The single bed position used for the dynamic data acquisition resulted in inadequate
inclusion of the right and/or left ventricular blood pool regions in several patients.
The aortic blood pool was therefore used exclusively for measuring blood pool counts
for Patlak-Rutland analysis in all patients.

The liver and aortic blood pool time-activity curves followed similar time courses,
reflecting the closeness with which the hepatic FDG concentration resembles blood
concentration (Fig 8.3). Relative to the intercept, Patlak-Rutland analysis of dynamic
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hepatic and aortic blood pool activity therefore generated a shallow positive gradient
that appeared to be linear from 2-30 min (Fig 8.3).

There were strong negative correlations between CT density and hepatic FDG
clearance (r = -0.52; p < 0.0001) and between CT density and MRglu (r = -0.56; p <
0.0001; Figs 8.4 and 8.5). In contrast, whilst BMI correlated significantly with MRglu
(r = 0.32; p = 0.013), it showed an insignificant correlation with hepatic FDG
clearance (r = 0.21; p = 0.11; Figs 8.4 and 8.5).

Fig 8.4. Relationships of hepatic FDG clearance with BMI (left panel) and CT density
(right panel).

Fig 8.5. Relationships of MRglu with BMI (left panel) and CT density (right panel).
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In line with the above correlations, MRglu was higher in patients with hepatic
steatosis (3.26 ± SD 1.26; n = 19) than in those without (1.70 ± 1.18; n = 41; p <
0.001) but the difference between obese (2.48 ± 1.65; n = 18) and non-obese patients
(2.07 ± 1.28; n = 42) was not significant (Fig 8.6). There was no significant difference
in MRglu between 8 non-obese (2.89 ± 1.41) and 11 obese (3.52 ± 1.13) patients with
hepatic steatosis (Fig 6). However, MRglu in these 11 obese patients with hepatic
steatosis was higher than in 7 obese patients without hepatic steatosis (0.84 ± 0.71; p
< 0.001) (Fig 8.7). A similar pattern of results was observed with respect to hepatic
FDG clearance instead of MRglu (Figs 8.6 and 8.7). Thus, clearances were 0.51 ±
0.16 ml/min/100 ml in steatosis versus 0.30 ± 0.21 ml/min/100 ml in non-steatosis
patients (p < 0.001) and 0.39 ± 0.23 ml/min/100 ml in obese patients versus 0.36 ±
0.21 ml/min/100 ml in non-obese patients (p > 0.05).

*

*
*

*

Fig 8.6. Hepatic FDG clearance and MRglu are increased in patients with hepatic
steatosis (HS+) compared with those without (HS-). In contrast, there are no
significant differences between obese (Ob+) and non-obese (Ob-) patients (*p <
0.001; bars = standard error of the mean).
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Fig 8.7. Hepatic FDG clearance and MRglu are increased in patients with hepatic
steatosis (HS+), whether or not they are obese (Ob+). In contrast, obese patients
only have increased FDG clearance and MRglu when they also have hepatic steatosis
(*p <0.001; øp < 0.01; ¶p < 0.01; #p < 0.05; †p < 0.05; symbols identify paired
columns for unpaired t-test; bars = standard error of mean).

Of the 5 patients with type-2 diabetes mellitus, 4, all with hepatic steatosis (CT
density 36, 37, 37 and 38 HU), had high values of hepatic FDG clearance (mean 0.57

patient without hepatic steatosis (CT density 50 HU) had low values (0.13 ml/min/100

8.4. DISCUSSION
Previous studies (Bural et al 2010, Abikzer et al 2011, Lin et al 2011, Abele et al
2010, Kamikura et al 2010) examining the relationship between hepatic steatosis and
hepatic FDG uptake have been based on SUV as the measure of FDG uptake.
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However, as I have already shown in previous chapters, the relationship between
steatosis and hepatic SUV is complicated by several factors. These factors have been
largely overlooked in these previous studies. The approach I used in the current study
avoided all of these problems.

In this study I have clearly demonstrated increased hepatic glucose utilization rate in
steatosis. Hepatocytes contain glucose-6-phosphatase, which dephosphorylates FDG6-phosphate. This pathway, represented by k4 in Fig 1.6, has been shown by several
authors to have a very low rate constant based on modeling approaches to hepatic
FDG kinetics (Iozzo et al 2003, Munk et al 2001). This means that, over the short
term, FDG clearance and MRglu will be determined by k3, which reflects the FDG
phosphorylation rate by hexokinase. However, because of glucose-6-phosphatase, the
hepatocyte will not metabolically trap FDG over the long term, especially if the
subject is fasting. The Patlak-Rutland plot would therefore be expected to be convex
upwards, ultimately becoming horizontal when FDG phosphorylation and dephosphorylation rates become equal. However, two previous studies using PatlakRutland analysis to measure liver glucose utilization rate (Iozzo et al 2003, Munk et al
2001) also, like me, recorded linear plots with no hint of convexity, even up to 120
min (Munk et al 2001), implying a low value for k4.

As given by Choi et al (1994), the equations relating Ki, V(0), K1, k2 and k3 are as
follows:

Ki = K1.k3 /(k2 + k3)

(8.6)

V(0) = K1 /(k2 + k3)

(8.7)
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Dividing equation 8.6 by equation 8.7 gives

Ki/V(0) = k3.

(8.8)

As can be seen from equation 8.8, Ki/V(0) is the same as k3. It is re-assuring,
therefore, that the values I obtained for Ki/V(0) are similar to values of k3 reported in
the literature (Table 1). Thus, my mean value of Ki/V(0) for all patients is about 0.4
ml/min/100 ml, which is similar to the values of k3 of 0.5 and 0.43 ml/min/100 ml
obtained respectively by Choi et al (1994) and Iozzo et al (2003). The two previous
studies that used Patlak-Rutland analysis to study hepatic glucose utilisation (Iozzo et
al 2003, Munk et al 2001) found it to be robust and obtained values for Ki/V(0)
ranging between 0.21 and 0.45 ml/min/100 ml, similar to the values obtained in my
study (Table 8.1).

Iozzo et al (2003) measured Ki/V(0) during hyperinsulinemic euglycemic clamp and
during fasting (Table 1). Physiological hyperinsulinemia, mediated through an acute
glucose load, increases the liver-to-blood FDG concentration ratio in normal subjects
by up-regulating k3 (Keramida et al 2014). Hepatic steatosis is associated with insulin
resistance (Farell et al 2006, Garg et al 2002) in which insulin levels are increased
despite hyperglycaemia. According to the data of Iozzo et al (2003), k3, but not k4,
appears to be unaffected by insulin resistance. Thus, Iozzo et al (2003) showed that
compared with fasting values, k3 increased more during euglycaemic hyperinsulinaemic clamp in patients with insulin resistance than in normal subjects (Table 1).
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Table 8.1.
Values of K1, k2, k3, k4, Ki/V(0) and MRglu in normal subjects and patients with
altered insulin sensitivity (IS) (from Choi et al (12), Iozzo et al (18), Munk et al (19),
Borra et al (2) and my study).
K1
k2
k3
k4
Ki/∆V
MRglu
_____________________________________________________________________
Fasting
Choi
86
98
0.50 1.6
0.40
2.1
Iozzo normal IS
62
76
0.43 0.0047 0.23
1.3
low IS
64
79
0.29 ~0
0.21
1.1
Munk (pigs)
80
98
1.2
1.7
0.37
Hyperglycemia Choi
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º1.3

¶Hyperinsulinemia Iozzo
normal IS
high IS
low IS

60
62
68

74
77
88

0.57 0.0002
0.50 ~0º
º0.59 0.0034

Type-2 diabetes Borra
Healthy subjects Borra

1.4

1.1

9.6

0.39
0.42
º0.45

2.0
º2.1
º2.4
#

2.5
3.6

Hepatic steatosis (my study)
0.51
3.3
No hepatic steatosis (my study)
*0.30
*1.7
Type-2 diabetics with steatosis (my study)
0.57
4.5
_____________________________________________________________________
Units: ml/min/100 ml, except MRglu (mol/min/100 ml);
#
*p < 0.001 vs steatosis; ºp < 0.05 vs fasting; p < 0.01 vs healthy
¶Euglycemic hyperinsulinemic clamp
∆V: total liver volume except in my studies where it is V(0)

So, in insulin resistance, k3 is up-regulated as a result of hyperinsulinaemia and
promotes increased hepatic glucose accumulation. Accordingly Iozzo et al (2003)
found increased Ki/V(0) from Patlak-Rutland analysis in hyperinsulinaemia,
including patients with insulin resistance. Conversely, glucose-6-phosphatase
becomes insensitive to insulin in insulin resistance. Thus Iozzo et al (2003) found that
during hyperinsulinaemia, k4 was much higher in patients with insulin resistance
compared to normal subjects.
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In fasting subjects with insulin resistance, therefore, k3 and k4 are both up-regulated
(Fig 8.8). Although we did not measure blood insulin levels in our patients, upregulation of k3 from hyperinsulinaemia is the likeliest explanation for the increased
MRglu of hepatic steatosis.

Post-prandial
k3
k4
Fasting
k3

k4
Insulin
resistance

k3
k4

Fig 8.8. Models of intrahepatic FDG kinetics in the post-prandial state, fasting and
insulin resistance. After a meal, insulin level is raised and by activating k3 promotes
glyconeogenesis. When fasting, insulin levels are low and the blood glucose level is
maintained as a result of activation of k4. In insulin resistance, insulin level is raised
and activates k3, which remains sensitive to insulin, but k4 is insensitive to insulin in
insulin resistance and remains inappropriately activated. (Based on Iozzo et al 2003.)
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A possible alternative explanation is that hepatic steatosis is associated with increased
MRglu as a result of FDG uptake in activated intrahepatic leukocytes; i.e. with
steatohepatitis.

Whilst obesity is thought to be associated with insulin resistance, I found that hepatic
FDG clearance and MRglu were not increased in obese individuals who did not also
have hepatic steatosis. Conversely, non-obese patients with steatosis had increased
FDG clearance and MRglu. These data clearly show that hepatic steatosis, and not
obesity per se, is associated with increased glucose utilization and probably with
insulin resistance. In other words, obesity appears to be linked to insulin resistance via
hepatic steatosis.

Hepatic steatosis is very common and generally thought to be a complication of
obesity. It is estimated that ~75% of obese Caucasians have steatosis (Farell et al
2006), and my study confirms this with a prevalence of 61%. However, although my
patients are not healthy and their numbers are small, I also found that 42% of patients
with hepatic steatosis were not obese. This is higher than previously reported, for
example 16% (Bellentani et al 2000), and according to my data cannot be attributed to
chemotherapy. This has implications for screening patients for hepatic steatosis
because it is clear that screening cannot be limited to obese subjects. As the
prevalence of obesity is expected to increase, screening for hepatic steatosis will soon
become a major healthcare requirement.

Limitations of this study include the recruitment of patient volunteers with co-existing
morbidity, the absence of control for alcohol intake and the absence of data on central
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obesity as opposed to BMI. Moreover, although I suggest that insulin resistance is the
explanation for the increased FDG clearance and MRglu in hepatic steatosis, I did not
measure blood insulin levels, nor do I have any liver biopsy data. Fat distribution in
the liver is known to be heterogeneous, so measurement of CT density in a single ROI
may be misleading. Moreover, CT itself is not regarded as the gold standard imaging
technique for quantifying hepatic steatosis and inferior to MRI and MR spectroscopy
(Iozzo et al 2007, Bohte et al 2011).

In conclusion, hepatic FDG clearance and glucose utilisation rate are increased in
hepatic steatosis. This is probably the result of insulin resistance, hyperinsulinemia
and an increase in k3, but possibly also superimposed increased glucose utilization
rate in non-hepatocyte cells, especially inflammatory cells. This is of potential interest
in relation to the use of FDG PET for imaging hepatic inflammation, which could
open the way to imaging inflammatory liver disease at an early stage before the
development of irreversible hepatic fibrosis.
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Chapter 9: Limitations of standardised uptake value as a surrogate
for splenic clearance of FDG

9.1. INTRODUCTION
There has been recent interest in the metabolic activity of the spleen, assessed using
PET and FDG, especially in relation to raised inflammatory markers (Nam et al 2010,
Nunez et al 2005), inflammatory disease (Wollenweber et al 2014, Kim E et al 2014,
Kim K et al 2014, Emami et al 2015) and viral infections, including HIV (Valour et al
2012). Splenic metabolic activity is also increased in lymphoma even in the absence
of focal splenic abnormalities on PET/CT (Salaun et al 2009, Rini et al 2003, Liu et al
2009).

In cardiology, the term ‘cardiosplenic axis’ has been used to describe increased
splenic metabolic activity in patients with a recent acute cardiac event (Wollenweber
et al 2014, Kim E et al 2014, Emami et al 2015). An important relationship between
the spleen and atheroma was discovered by Dutta et al (2012) who showed in
atheroma susceptible ApoE --/-- mice that the progression of atheroma was
accelerated following myocardial infarction. This was related to the production of
bone marrow progenitor cells that seeded the spleen to become monocytes. The
acceleration of atheroma after infarction was prevented by sympathetic blockade or
splenectomy. Further work in humans confirmed that inflammatory peri-infarction
activity correlates with splenic metabolic activity (Wollenweber et al 2014) and
appears to be a predictor of future cardiovascular events (Emami et al 2015). This has
led to the slogan that “myocardial infarction begets myocardial infarction” (Joshi et al
2015).
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Only one study measured splenic metabolic activity as splenic FDG clearance using
dynamic PET imaging and Patlak-Rutland analysis (Wollenweber et al 2014), as
described in the previous chapter, and all the others quantified splenic FDG
accumulation from delayed whole body imaging using splenic SUV (Emami et al
2015) or the ratio of splenic-to-liver uptake (Salaun et 2009).

There are many ways of expressing SUV. It was shown in chapter 7 that brain SUV
divided by liver SUV is a closer reflection of brain FDG clearance than SUV alone.
Division of tissue SUV by liver SUV or a blood pool SUV therefore creates further
variants of tissue SUV. As with other SUVs, blood pool SUV may be maximum or
average, and, in the case of the liver, adjusted for hepatic fat, as described in chapter
6.

As shown below, splenic FDG clearance and MRglu measured from dynamic imaging
and Patlak-Rutland graphical analysis are higher in patients with lymphoma compared
with those without lymphoma. The purpose of the current study was to test which of
these various forms of expressing SUV were also different between patients with
lymphoma compared with those without lymphoma; in other words, which, if any
could identify this difference.

9.2. METHODS
9.2.1. Patients
The patient population is the same as in chapter 8, namely 60 randomly selected
patients (47 men, age range 28-84, and 13 women, age range 40-67) having routine,
clinically indicated PET/CT for the management of cancer. Twenty patients had
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lymphoma (Hodgkin’s lymphoma [n = 2] and non-Hodgkins’s lymphoma [n = 18],
including 2 with follicular lymphoma and 6 with diffuse large B-cell lymphoma). Of
the remaining 40 patients, 38 had a range of other malignancies or suspected
malignancies. Two had suspected inflammatory disease but had normal PET/CT.

9.2.2. Imaging
All patients had routine whole-body PET/CT 60 min post-injection of ~400 MBq
FDG, as described in chapter 2. Patients fasted for 6 h before FDG injection. Blood
glucose was measured using a glucometer as described previously. In addition to
routine imaging, patients consented to additional dynamic imaging at one frame per
min for 30 min starting immediately following FDG injection in a single bed position
with the detectors over the torso and CT switched off.

9.2.3. Image analysis
Images were analysed using HERMES software. Splenic FDG clearance was
measured using Patlak-Rutland analysis. Splenic activity was measured from a series
of regions of interest (ROI) placed on multiple cranio-to-caudal transaxial images.
Blood pool activity was obtained by summation of counts in multiple transaxial
‘slices’ of abdominal aorta, as described in chapter 8.

The gradient of the Patlak-Rutland plot is proportional to hepatic FDG clearance and
the intercept is proportional to the splenic distribution volume of FDG, analogous to
Ki and V(0) described in studies of intrahepatic FDG kinetics and hepatic MRglu
(Choi et al 1994, Iozzo et al 2003, Munk et al 2001, chapter 8). The first 2 frame
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values, during which mixing of tracer between blood and splenic tissue distribution
volume was assumed to take place, were not included in the Patlak-Rutland plot.

The gradient of the Patlak-Rutland plot was divided by the intercept to give Ki/V(0)
and multiplied by 100 to give splenic FDG clearance in units of ml/min/100 ml.
Splenic FDG clearance was then multiplied by the blood glucose concentration
(mol/ml) to give splenic MRglu in units of mol/min/100 ml. As explained in the
previous chapter, dividing the gradient by the intercept permits the use of ROI
dimensions of any size and use of images un-corrected for photon attenuation because
all the factors relating gradient to Ki are the same as those relating intercept to V(0).

SUVs were recorded from regions of interest over the liver (3 cm diameter), spleen
(2.5 cm) and left ventricular (LV) cavity (1.5 cm) in the 60 min routine PET/CT scan.
The computer calculates SUV using body weight. It was re-scaled for LBM estimated
from height, weight and gender using the formulae of Boer (1984). SUVmax and
SUVave were recorded for all 3 regions. For the liver, SUVave was adjusted for hepatic
fat, as described in chapter 6. Note that the whole body metric for scaling SUV
cancels out when splenic SUV is expressed as a ratio with LV SUV or liver SUV.

9.2.4. Statistical analysis
Correlations between variables were quantified using Pearson’s correlation analysis.
Significance of differences between the mean values (± standard deviation [SD]) of
the two patient groups was tested using Student’s unpaired t-test. A p value of < 0.05
was taken to indicate statistical significance.
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9.3. RESULTS
Mean blood glucose levels were the same (5.9 mmol/l) in patients with and without
lymphoma (Table 1). Examples of time-activity curves and corresponding PatlakRutland plots are shown for patients without (Fig 9.1A) and with (Fig 9.1B)
lymphoma. The plots are clearly linear between 2 and 30 min, suggesting essentially
complete mixing of FDG within its volume of distribution by 2 min.

A

B

Fig 9.1. Examples of aortic (left panels) and splenic (right panels) time-activity
curves and corresponding Patlak-Rutland plots. Note that the plots are linear between
2 and 30 min.
A. Patient without lymphoma with a splenic SUVave (weight) of 1.76. Splenic FDG
clearance and MRglu were 0.74 ml/min/100 ml and 4.31 mol/min/100 ml,
respectively
B. Patient with lymphoma with a splenic SUVave of 2.65. Splenic FDG clearance and
MRglu were 2.12 ml/min/100 ml and 12.29 mol/min/100 ml, respectively.
Note that whilst there are approximate 3-fold differences in FDG clearance MRglu
between these 2 patients, the difference in SUVave is only marginal.
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Splenic FDG clearance and MRglu were both significantly higher in patients with
lymphoma (0.75 ± 0.55 ml/min/100 ml and 4.60 ± 3.83 mol/min/100 ml,
respectively) than in those without (0.53 ± 0.29 ml/min/100 ml and 3.07 ± 2.01
mol/min/100 ml, respectively). In contrast, splenic SUV was not significantly
different between the two groups whether expressed as maximum or average, scaled
using LBM or weight, or expressed as a ratio with left ventricular SUV or liver SUV,
including liver SUV adjusted for fat (Table 9.1).

Relatively strong trends towards differences between patients with and without
lymphoma were seen for SUV based on weight but not SUV based on LBM.
However, this can be accounted for by the difference in body weight between the two
groups, which also showed a strong trend for patients with lymphoma to be heavier
(Table 9.1). No such trend was seen for LBM, underlining the tendency for SUV to be
overestimated in heavy patients.
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TABLE 9.1. Splenic FDG clearance, MRglu and SUV indices (SD) compared
between patients with and without lymphoma. No SUV index was significantly
different between patients with lymphoma and those without.
no L (n = 40) L (n = 20)
%
p
____________________________________________________________________
glucose (mmol/l)
5.9 (0.7)
5.9 (1.5)
0
1.000
body weight (kg)
80.6 (16.4)
88.2 (18.6)
9.4
0.111
lean body mass (kg)
58.7 (9.3)
61.9 (9.8)
5.1
0.220
____________________________________________________________________
FDG clearance
0.52 (0.30)
0.75 (0.55)
43.3
0.039
(ml/min/100 ml)
MRglu
3.07 (2.01)
4.60 (3.83)
50.4
0.046
(mol/min/100 ml)
____________________________________________________________________
SUVave (weight)
1.92 (0.34)
2.10 (0.58)
10.4
0.102
SUVmax (weight)
2.33 (0.45)
2.59 (0.74)
11.4
0.091
SUVave (LBM)
1.39 (0.22)
1.47 (0.36)
6.3
0.251
SUVmax (LBM)
1.70 (0.29)
1.82 (0.46)
7.0
0.224
____________________________________________________________________
SUVave/LV SUVave
1.15 (0.25)
1.18 (0.32)
2.3
0.735
SUVave/LV SUVmax
1.00 (0.22)
0.98 (0.22)
-1.6
0.788
SUVmax/LV SUVave
1.41 (0.30)
1.46 (0.45)
3.8
0.584
SUVmax/LV SUVmax
1.22 (0.26)
1.22 (0.33)
-0.2
0.969
____________________________________________________________________
SUVave/liver SUVave
0.83 (0.12)
0.88 (0.21)
5.5
0.278
SUVave/liver SUVmax
0.62 (0.10)
0.64 (0.14)
3.1
0.551
SUVmax/liver SUVave
1.01 (0.15)
1.08 (0.28)
6.7
0.220
SUVmax/liver SUVmax
0.76 (0.12)
0.78 (0.25)
3.7
0.462
____________________________________________________________________
SUVave/fliver SUVave
0.78 (0.11)
0.83 (0.18)
5.9
0.231
SUVmax/fliver SUVave
0.95 (0.13)
1.02 (0.25)
7.1
0.170
____________________________________________________________________
no L = no lymphoma; L = lymphoma.
% = percent difference between lymphoma and no lymphoma.
p = significance of difference between lymphoma and no lymphoma.
f
liver SUV = liver SUV adjusted for hepatic fat (see chapter 6).
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Splenic SUVmax and SUVave correlated weakly with splenic FDG clearance (Table
9.2). Correlations with splenic FDG clearance were slightly stronger and reached
significance when SUV was based on LBM rather than weight. SUVs also correlated
with FDG clearance when expressed as ratios with LV SUV, especially SUVave
(Table 9.2). However, splenic SUVmax and SUVave correlated most strongly with FDG
clearance when expressed as ratios with liver SUV, especially liver SUVave.
Adjusting liver SUVave for hepatic fat, however, did not improve these correlations.

Table 9.2. Correlation coefficients (r) for relationships between SUV indices and
splenic FDG clearance. The strongest correlations are seen when spleen SUV is
divided by liver SUV.
r
p
_________________________________________
SUVave (weight)
0.24
0.065
SUVmax (weight)
0.24
0.065
SUVave (LBM)
0.25
0.054
SUVmax (LBM)
0.26
0.045
________________________________________
SUVave/LV SUVave
0.26
0.045
SUVave/LV SUVmax
0.17
0.194
SUVmax/LV SUVave
0.26
0.045
SUVmax/LV SUVmax
0.18
0.169
_________________________________________
SUVave/liver SUVave
0.39
0.002
SUVave/liver SUVmax
0.29
0.025
SUVmax/liver SUVave
0.39
0.002
SUVmax/liver SUVmax
0.32
0.013
_________________________________________
SUVave/fliver SUVave
0.39
0.002
SUVmax/fliver SUVave
0.39
0.002
_________________________________________

123

In the 40 patients without lymphoma, splenic MRglu was 3.07 ± 2.01mol/min,
significantly higher than hepatic MRglu, which was 2.01 ± 1.38 mol/min (p = 0.003,
paired t-test), indicating that in the apparent absence of hepatic or splenic disease,
splenic metabolic activity is physiologically greater than hepatic metabolic activity.

9.4. DISCUSSION
My results show that SUV indices cannot reliably identify differences in splenic FDG
clearance and glucose utilisation rate that exist between these two clinically
heterogeneous populations, one with and one without lymphoma. Nor did I find
strong correlations between SUV indices and splenic FDG clearance. Moreover,
when SUV is scaled to body weight, there is a strong tendency for it to be
overestimated in overweight persons (Sugawara et al 1999), potentially leading to
misleading results when compared between two patient groups with different mean
weights. Whenever SUV (weight) is used, body weight must be taken into account.
SUV should preferably be based on LBM.

When splenic SUV was expressed as a ratio with blood pool SUV, which eliminates
whole body metric scaling issues, correlations with FDG clearance were moderately
strong, and stronger than those given by SUV indices alone, underlining my findings
reported in chapter 7 that SUV is a closer reflection of FDG clearance when it is
expressed as a ratio with blood pool SUV. The liver is essentially a blood pool SUV
(Green et al 1998), so when it was used as the denominator in the splenic-to-blood
pool SUV ratio it also gave a moderately strong correlation. In fact it gave the
strongest correlation probably because it gives better count statistics than the LV
cavity and is less susceptible to partial volume artefacts.
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Patlak-Rutland analysis has previously been used by Wollenweber et al (2014) to
measure splenic FDG clearance in patients with myocardial infarction. They
expressed splenic clearance in the same units as mine, namely ml/min/100 ml tissue.
However, they measured splenic and plasma FDG concentrations in absolute units so
their 100 ml refers to total splenic tissue volume. This is likely to be higher than the
distribution volume of FDG in the spleen that is obtained as the intercept of the
Patlak-Rutland plot. Nevertheless, their range of MRglu values is very similar to that
obtained in my study, implying that V(0) approaches total splenic volume.

Interestingly, MRglu is higher in the spleen than in the liver. The difference cannot be
explained by differences in V(0) between the two organs as for both of them the
evidence suggests that V(0) is close to total tissue volume.

Limitations of the study include the following.
1. The patient populations were unselected.
2. Both groups were heterogeneous in terms of pathology, and the group with
lymphoma had various forms of the disease. However, it was not my aim to evaluate
splenic MRglu in lymphoma in the context of clinical diagnosis and management but
instead to evaluate the reliability of SUV indices that have been used previously as
surrogates for splenic FDG clearance and MRglu.
3. Data from the dynamic studies were not corrected for attenuation and left as raw
count rates rather than the absolute FDG concentrations that would be needed, either
from blood sampling or measurement of tracer concentration in a blood pool region,
to obtain clearance per unit of splenic volume. This required me to express the
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Patlak-Rutland gradient as a quotient with the intercept in order to cancel out all the
factors that respectively relate the gradient to clearance and the intercept to
distribution volume. Although this approach is convenient and simplifies the dynamic
study, uncertainty remains as to what anatomical volume V(0) represents. However,
as mentioned above, our range of splenic FDG clearances is similar to the range
obtained by Wollenweber et al (2014) who measured absolute concentrations,
suggesting that V(0) is close to total volume, as is the case for the liver (Choi et al
1994. The linearity of the Patlak-Rutland plots from 2 min suggests that mixing of
FDG in its splenic distribution volume is rapid.

In conclusion, in future studies on splenic metabolic activity in malignancies such as
lymphoma and especially in the settings of atheroma and myocardial infarction, it is
recommended that SUV is not used but instead replaced with more robust measures of
clearance based on dynamic imaging. Using the technique described here, the data
appear sufficiently robust and are relatively easily acquired, there is no need for
attenuation correction or measurement of absolute FDG concentrations, and there is
no additional radiation exposure. Surprisingly, I found the metabolic activity of the
spleen to be greater than that of the liver, perhaps reflecting the high rate of blood cell
destruction, especially neutrophils (Peters et al 2004), that takes place physiologically
within the spleen.
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Chapter 10: Regional variability of liver FDG accumulation as a
marker of the heterogeneity of intrahepatic fat distribution

10.1. INTRODUCTION
Fat distribution within the liver, like the distribution of inflammation, is often
heterogeneous (Decarie et al 2011). There are very few previous publications in the
literature that have measured the heterogeneity of hepatic fat distribution. I postulated
that such heterogeneity might be an independent marker of hepatic pathology. Using
the SUVmax/SUVave ratio and CT density as markers of hepatic fat, the aim of the
study in this chapter was to draw multiple regions of interest in single livers and
quantify the regional variabilities of CT density and SUV indices as potential
measures of hepatic fat distribution and possibly also of intrahepatic inflammation,
which like fat is often heterogeneously distributed throughout the liver.

10.2. METHODS
10.2.1. Patients
This was a retrospective study of 24 patients (12 males, 12 females; age range 24-81)
who were anonymously selected from the routine clinical database during a 3-month
period of referrals for routine FDG PET/CT for the management of cancer. CT
density was measured in a 3 cm ROI placed over the right lobe of the liver. I tried to
ensure a population with a reasonably wide range of fatty livers (13 - 68 HU). Patients
with diabetes, known liver disease, liver abnormalities on PET/CT, recent
chemotherapy (within 6 months), excess alcohol intake or blood glucose outside the
range of 4.5-7.5 mmol/l were not selected. Lean body mass (LBM), body mass index
(BMI) and % whole body fat were measured using the equations described in chapter
2. PET/CT acquisition was as described in chapter 2.
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10.2.2. Image analysis
For each patient, 12 small ROI (with circular diameter of 2 cm) were drawn in 3
tomographic axial slices of the liver (4 per slice) without overlap (Fig 10.1).

PET

CT

Fig 10.1. Placement of 4 ROI within each of 3 different transaxial sections of PET
(left panels) and corresponding sections of CT (right panels); ‘slicing’ is from top to
bottom.
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SUVmax and SUVave, scaled to LBM and to body weight, were recorded in each small
ROI as MBq/ml multiplied by LBM/administered activity or weight/ administered
activity. SUVave was also recorded from an ROI over the left ventricular cavity
(SUVLV) using weight. Liver SUV values based on weight were then divided by
SUVLV, which meant that weight canceled out. CT density in Hounsfield Units (HU)
was recorded in each small liver ROI. The mean values (± standard deviation [SD])
for CT density, SUVmax, SUVave and SUVmax/SUVave, based on these small ROI, were
calculated for each patient. The mean values of SUVmax/SUVLV and SUVave/SUVLV
were also calculated. There is only one value for SUVLV in each patient so the SDs of
the liver SUVs remain the same after they have been divided by SUVLV.

Patients were divided into those with hepatic steatosis (CT density ≤40 HU; n = 12)
and those without (n = 12) (Boyce et al 2010, Zeb et al 2012).

10.2.3. Statistics
Correlations were based on Pearson correlation analysis. The coefficients of variation
(CV) of hepatic SUV indices were calculated for each individual liver from the 12
small ROIs as the ratio of SD to mean. Differences between steatosis and nonsteatosis groups were tested using Student’s unpaired t-test. Because CT density may
be negative, it is not valid to use CV of CT density so I used SD instead. Note that the
CVs of SUV indices are independent of the whole body metric used for calculating
SUV. A p value of > 0.05 was taken to indicate no statistical significance.
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10.3. RESULTS
CT density measured from the single 3 cm ROI ranged from 46 to 68 (mean 55 ± SD
6) HU in the 12 patients without steatosis and between 13 and 39 (mean 29 ± SD 8)
HU in the 12 patients with steatosis. It correlated very closely with mean values of CT
density based on the 12 small ROI (r = 0.97).

Body weight, BMI and %body fat were higher in the patients with steatosis,
diagnosed from CT density in the single 3 cm ROI, but there was no significant
difference in blood glucose and LBM (Table 10.1).

Table 10.1.
Mean values (SD) of blood glucose and body size metrics of patients with and
without steatosis (diagnosed from a single 3 cm ROI over the right lobe of the liver).
No steatosis
Steatosis
p
(n = 12)
(n = 12)
____________________________________________________________________
Body weight (kg)
69 (14)
92 (19)
0.003
Lean body mass (kg)
53 (9)
58 (11)
0.25
Body mass index (kg/m2)
23.4 (3.7)
32.7 (6.8)
0.0005
Whole body fat (%)
22.6 (8.8)
36.5 (8.5)
0.001
Blood glucose (mmol/l)
5.8 (0.9)
6.2 (0.8)
0.28
____________________________________________________________________

Mean SUVmax/SUVave based on the small ROIs in the patients with steatosis was
significantly higher compared with the non-steatosis group (p = 0.02; Table 10.2).
Mean values of SUVmax and SUVave were significantly different between the two
groups when calculated using body weight but not when calculated using LBM.
SUVmax/SUVLV but not SUVave/SUVLV was significantly higher in steatosis (Table
10.2).
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Table 10.2.
Mean values (SD) of mean SUV indices and CT density based on the 12 small ROI
compared between patients with and without steatosis (diagnosed from a single
separate 3 cm ROI). Note that there is a significant difference between patients with
and without steatosis with respect to SUV calculated using body weight but not SUV
calculated using LBM.
No steatosis
Steatosis
p
(n = 12)
(n = 12)
____________________________________________________________
CT density
55.2 (4.0)
32.6 (9.2)
SUVave (LBM)
1.57 (0.31)
1.56 (0.23)
0.99
SUVmax (LBM)
1.80 (0.36)
1.87 (0.26)
0.59
SUVave (weight)
2.02 (0.36)
2.47 (0.34)
0.006
SUVmax (weight)
2.32 (0.42)
2.96 (0.41)
0.001
SUVave/SUVLV
1.24 (0.16)
1.42 (0.29)
0.09
SUVmax/SUVLV
1.42 (0.19)
1.70 (0.33)
0.02
SUVmax/SUVave
1.15 (0.053)
1.20 (0.042)
0.02
____________________________________________________________

Mean SUVmax/SUVave correlated with mean CT density (Fig 10.2) but none of the
other SUV indices correlated with CT density (Table 10.3).

Fig 10.2. Relationship of mean SUVmax/SUVave with mean CT density based on the
12 small ROI. Least squares linear fit and regression equation are shown.
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Table 10.3.
Correlation coefficients of relationships between mean SUV indices and mean CT
density (CTD) in 12 hepatic ROI.
r
p
__________________________________
SUVave (LBM)
0.00
1.00
SUVmax (LBM)
-0.13
0.54
SUVave/SUVLV
-0.06
0.78
SUVmax/SUVLV
-0.17
0.43
SUVmax/SUVave
-0.51
0.02
__________________________________

Mean CV of SUVmax/SUVave based on the small ROIs was significantly higher in
patients with steatosis compared with those without (Table 10.4). The mean CV of
SUVave was also higher in steatosis but, in contrast, the mean CV of SUVmax was not
significantly different between the two groups. The mean SD of CT density was
higher in patients with steatosis but not significantly higher. Note that the CVs of
SUVmax and SUVave remain unchanged when they are divided by SUVLV and so are
not shown.

Table 10.4.
Variability of CT density (HU), expressed as mean SD, and of SUV indices,
expressed as mean CV (%), in the 12 small ROI compared between patients with and
without steatosis (diagnosed from a separate single 3 cm ROI). Standard deviation of
mean variability is shown in brackets.
No steatosis
Steatosis
p
(n = 12)
(n = 12)
_____________________________________________________________
SD of CT density
4.3 (1.8)
6.0 (3.3)
0.13
CV of SUVave
8.6 (3.0)
11.7 (3.8)
0.04
CV of SUVmax
10.2 (4.0)
12.9 (2.8)
0.08
CV of SUVmax/SUVave
5.0 (1.5)
7.1 (1.2)
0.001
_____________________________________________________________
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The CV of SUVmax/SUVave correlated with mean CT density (r = -0.67; p = 0.003; Fig
10.3), but the CVs of SUVave and SUVmax did not correlate with mean CT density (r =
-0.39; p = 0.06 and r = -0.33; p = 0.12, respectively). None of these CVs showed any
significant correlation with the SD of CT density.

Fig 10.3. Relationship of the CV of SUVmax/SUVave with mean CT density based on
the 12 small ROI. Least squares linear fit and regression equation are shown.

10.4. DISCUSSION
The main conclusions of this study are firstly that SUVmax/SUVave is a metric of
hepatic fat, secondly that SUVmax/SUVave is more regionally variable in hepatic
steatosis and thirdly that this regional variability may be a measure of the
heterogeneity of hepatic fat distribution.

CT density is accepted as a measure of fat in the liver, with low density indicating
steatosis (Boyce et al 2010, Zeb et al 2012). My results suggest that SUVmax/SUVave is
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also a measure of hepatic fat. This is because hepatic fat, which is heterogeneously
distributed throughout the liver (Decarie et al 2011), accumulates negligible FDG in
comparison with lean liver parenchyma, so whilst SUVmax is selectively located in a
relatively fat-free area of liver within the ROI, SUVave reflects the signals from all
voxels, including those containing fat.

There was greater variation in SUVmax/SUVave in fatty as compared with non-fatty
livers (Table 10.4). The CV of SUVave was also significantly greater in steatosis,
probably reflecting the varying dilutional effect on the FDG signal of heterogeneously
distributed hepatic fat. Although this supports the notion that SUVmax avoids fat, the
CV of SUVmax was higher than that of SUVave in both patient groups (Table 10.4).
This is probably because SUVmax is selected from a single voxel and so is more
dependent on signal-to-noise ratio. In contrast, being an average based on many
voxels, SUVave is less dependent on the signal-to-noise ratio. Patients with hepatic
steatosis are generally obese. If as a result of obesity there was a low signal-to-noise
ratio it could explain why SUVmax/SUVave is increased in hepatic steatosis. However,
against this, the CV of SUVmax was not significantly different between steatosis and
non-steatosis groups (Table 10.4). Moreover, there was less between-patient variation
(as opposed to within-patient variation) in SUVmax/SUVave in the steatosis group
(Table 10.2). The problems of inter-dependent correlations in this field of work have
been emphasized in earlier chapters and discussed further in chapter 12.

I conclude that SUVmax/SUVave is a marker of hepatic fat and that its regional CV
throughout the liver may be a quantitative marker of the heterogeneity of intrahepatic
fat distribution, which itself may be an independent marker of liver disease. Further
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work using texture analysis of diagnostic CT (Mir et al 1995) and FDG PET
(Chicklore et al 2013) would therefore be of interest, especially in fat-induced hepatic
inflammation, which currently can only be diagnosed by biopsy at a pre-fibrotic stage
(Musso et al 2011). Texture analysis of the liver in hepatic steatosis is explored in the
next chapter.
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Chapter 11. Texture analysis of the liver in FDG PET and CT images

11.1. INTRODUCTION
There has been much work recently on the use of medical image texture analysis to
improve clinical prediction and prognosis in a variety of tumours (Davnall et al 2012,
Chicklore et al 2013, Willaime et al 2013). Images have included MRI, CT, US and
PET. It has been shown that certain textural features may provide useful information
that adds to standard image features, e.g. tumour size and SUV.

There are over 70 texture parameters described in the literature. They fall into several
categories that can be conveniently divided into 2 groups: firstly, measures of central
tendency (e.g. mean, median, mode, percentiles and quartiles of voxel values),
measures of variability (e.g. range, standard deviation [SD], coefficient of variation
[CV], kurtosis and skewness) and measures of texture (entropy and energy); and
secondly, 6 categories of mathematically more complex texture matrices comprising
fractal dimension, grey level co-occurrence matrices, grey level run length matrices,
grey level size zone matrices, grey level difference methods and neighbourhood grey
tone difference matrices. Within each of these 6 categories, the numbers of
parameters ranges between 4 and 22.

There are limited data in the literature on texture analysis of the liver that aim to
identify parenchymal hepatic disease, especially fatty liver disease, steatohepatitis and
hepatic fibrosis. It is likely that normal hepatocytes, inflammatory cells and fat
deposits in the liver show differences in glucose metabolism on a cellular scale and
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my hypothesis for the study described in this chapter is that there are differences
between normal and fatty livers in texture features based on the spatial distribution of
FDG in PET images of the liver. The aim of the study reported in this chapter,
therefore, was to see if texture analysis might be helpful to allow a better distinction
between fatty and non-fatty livers using FDG PET and non-contrast CT and secondly,
to detect progression of hepatic steatosis to steatohepatitis before the fibrotic,
irreversible stage is reached.

11.2. METHODS
11.2.1. Patients
I analysed the data from 30 patients randomly selected from my prospective series of
patients who had dynamic imaging for measurement of hepatic and splenic MRglu
(Chapters 8 and 9). In addition to these, I analysed the PET/CT scans of a further 7
patients with severe hepatic steatosis (mean CT density 4-19 HU) and 7 patients with
liver inflammation confirmed by liver biopsy. The patients were divided into 3
groups: firstly those without hepatic steatosis (group 1; HU >40 HU), secondly those
with steatosis (group 2; mean CT density ≤40 HU; Boyce at al 2010) and thirdly a
miscellaneous group of 7 patients with biopsy-proven hepatic inflammation (group 3).
Only 3 patients in this group had steatosis by the above definition. Four of the 7 had
biopsy evidence of fibrosis/cirrhosis, 2 of whom also had steatosis. Two of the
patients in group 3 had 2 PET/CT scans. Biopsy data for group 3 patients and timings
of PET/CT in relation to biopsy are summarised in Table 11.1.
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Table 11.1. Mean CT density (CTD) and biopsy data of group 3 patients
Biopsy diagnosis
CTD (HU) *PET timing
___________________________________________________________________________
1. Marked steatosis with mildly active focal steatohepatitis.
16
+3 m
2A. Acute cholestatic hepatitis with early fibrosis and steatosis
47
-2 m
2B.
56
+11 m
3. Macro-vesicular steatosis with steatohepatitis, portal fibrosis.
13
+50 m
4. Steatohepatitis and advanced fibrosis (HIV infection/antiviral meds). 42
+38 m
5. Cirrhosis, minimal lobular inflammation and mild steatosis.
33
-74 m
6A. Micro and macrosteatosis with steatohepatitis
44
-2 m
6B.
48
+5 m
7. Mild chronic portal hepatitis with focal mixed steatosis.
45
-7 d
___________________________________________________________________________

- Before biopsy; + after biopsy.
Patients 2 and 6 were studied on two separate occasions, 13 months and 7 months
apart, respectively.

11.2.2. Image analysis
The 60 min post injection whole body FDG PET/CT scans were analysed. Regions of
interest (ROI) were drawn around the liver, close to the periphery, at several axial
levels from top to bottom. The ROI were added together to give a large, single VOI
for the liver, with voxel numbers ranging between 160-1300. Calculation of the
textural features was performed using in-house KCL software implemented under
MATLAB (The MathWorks Inc.).

11.2.3. Texture parameters
Five measures of central tendency were examined (average SUV [SUVave], maximum
SUV [SUVmax], peak SUV [SUVpeak], maximum CT density (CTD) and mean CTD),
6 measures of variability (ranges of SUV and CTD, CV of SUV, SD of CTD [note
that CTD may be negative and so its variability cannot be expressed as CV (Fig
11.1)], kurtosis and skewness), 2 measures of texture (first order entropy and energy),
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5 fractal based (FD) features, 22 grey level co-occurrence matrices (GLCM), 13 grey
level run length matrices (GLRLM), 13 grey level size zone matrices (GLSZM), 4
grey level difference methods (GLDM) and 5 neighbourhood grey tone difference
matrices (NGTM).

11.2.4. Statistical analysis
It turned out unexpectedly that the size of the VOI (metabolic active volume [MAV])
correlated with many texture parameters, some very strongly (see Results). Because
livers of patients with steatosis tend to be enlarged, I ended up with MAV values in
group 2 (steatosis) significantly higher than in group 1 (no steatosis). MAV in group 3
was also significantly higher than in group 1. Results were therefore expressed in
terms of the numbers of conspicuous outliers, identified visually by consensus with
my supervisor, in the regressions of each texture parameter on MAV, whether or not
the correlations were significant. The relationships of SUV indices with mean CTD,
weight and CV of SUV were examined using Pearson correlation analysis.

11.3. RESULTS
11.3.1. Relationships of SUV and CTD with their variabilities
Excluding group 3 patients with inflammation, the CV of CTD increased as mean
CTD decreased and approached infinity as mean CTD approached zero (Fig 11.1).
CV cannot therefore be used as a measure of CTD variability because CTD may
become negative. The SD of CTD showed a less prominent but significant correlation
with mean CTD, increasing as the liver became more steatotic. The SD of SUV
correlated positively with SUVave but the CV of SUV showed no correlation with
SUVave (Fig 11.1) and so is the appropriate way to express the variability of SUV.
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Fig 11.1. SD and CV of CTD density both correlate inversely with mean CTD (left
panel); note logarithmic y-axis. The graph of CV of CTD is asymptotic to the y-axis.
The SD of SUV correlates positively with SUVave but the CV of SUV shows no
correlation with SUVave. This means that SD should be used to express variability of
CTD while CV should be used to express variability of SUV.

11.3.2. Relationships of SUV indices with mean CTD and weight
Excluding group 3 patients, SUVmax, SUVpeak and SUVave all correlated strongly with
weight, as would be expected as they were calculated using weight (Table 11.2).
SUVmax/SUVave and SUVpeak/SUVave both correlated strongly with mean CTD (Table
11.2), which is consistent with ‘dilution’ of SUVave by hepatic fat. The CV of SUV
showed a very strong correlation with SUVpeak/SUVave (r = 0.77), consistent with
heterogeneity of hepatic fat distribution increasing in fatty liver.
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Table 11.2. Correlation coefficients of relationships of SUV indices with mean CTD
and weight (excluding group 3 patients; n = 37).
SUV index
mean CTD
weight
__________________________________________
SUVmax
-0.34
0.74
SUVpeak
-0.32
0.67
SUVave
0.07
0.41
SUVmax/SUVave
-0.51
0.59
SUVpeak/SUVave
-0.60
0.51
Mean CTD
0.50
__________________________________________
Significance at p < 0.05 is reached when r = ≥0.33

11.3.3. Relationships of texture parameters with MAV and conspicuous outliers
The correlations of texture parameters with MAV were very strong, strong or weak,
with outliers that were very conspicuous, conspicuous or non-conspicuous (Fig 11.2).

11.3.3.1. Central tendency
SUVave, SUVmax, SUVpeak and mean CTD showed no correlation with MAV and there
were no outliers. Patients 6B and 7 from group 3 and patient 5 from group 2,
however, were outliers with respect to maximum CTD. SUVmax/SUVave and
SUVpeak/SUVave both correlated positively with MAV but there were no outliers.

11.3.3.2. Variability
SD of CTD showed no correlation with MAV and there were no outliers. CV of SUV
correlated positively with MAV but there were no outliers. Ranges of SUV and CTD
did not correlate with MAV but, with respect to CTD range, there were 3 obvious
group 3 outliers (patients 2B, 6B and 7) and 2 group 2 outliers (patients 11 and 15).
There were no outliers with respect to SUV range.
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A (PET)
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B (CT)

Fig 11.2. Examples of relationships between metabolic active volume and texture
parameters from FDG PET (A) and CT (B). Outliers are very conspicuous in the top
rows, conspicuous in the middle rows and absent in the bottom rows. Correlations are
very strong in the left columns, strong in the middle columns and weak in the right
columns. Open circles are patients without steatosis (group 1), filled circles are
patients with steatosis (group 2) and open triangles are patients with evidence of
hepatic inflammation on biopsy (group 3).
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Kurtosis and skewness of SUV and CTD showed no correlation with MAV. For
skewness of CTD, there were 2 obvious outliers from group 3 (patients 2B and 7), and
one from group 2 (patient 11). For skewness of SUV, there 2 outliers (group 3 patient
7) and group 1 patient 12).

For kurtosis of CTD there were the same 3 outliers as for skewness (patients 2B and 7
from group 3 and patient 11 from group 2) and for SUV there were the same 2
outliers as for skewness (group 3 patient 7 and group 1 patient 12). So there was no
difference between kurtosis and skewness.

11.3.3.3. First order entropy and energy
Entropy and Energy are essentially the inverse of each other and give the same
information. Neither correlated with MAV (CT or PET). For CT, there were 3 group 3
outliers (2B, 6B and 7, none of whom had hepatic steatosis as defined by mean CTD)
and 2 group 2 outliers (11 and 15). For PET, there were 2 outliers (group 3 patient 2A
and group 1 patient 12 again).

11.3.3.4. Fractal dimension (FD)
Fractal dimensions of PET and CT revealed no correlations with MAV or group
differences of interest apart from mean FD and Hurst exponent (mirror image of mean
FD), which correlated strongly (negatively and positively, respectively) with MAV
with respect to both PET and CT. The correlations were almost identical between
PET and CT. However, there were no outliers.
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11.3.3.5. Grey level co-occurrence matrices (GLCM)
PET
GLCM PET texture parameters in general showed weak or no correlations with MAV
with the exception of run length variability, which showed a very strong positive nonlinear relationship with MAV. In almost all GLCM correlations, group 3 patient 7 was
an outlier and, in many, group 3 patient 2A also. One patient in group 1 (patient 12,
mean CTD 46 HU) was also a frequent outlier.

CT
GLCM CT texture parameters, like PET, parameters in general showed weak or no
correlations with MAV with the exception, as in PET, of run length variability, which
also showed a very strong positive non-linear relationship with MAV. In several
relationships, there were 3 prominent outliers in group 3 (patients 2B, 6B and 7) and 3
slightly less prominent, but nevertheless still obvious, outliers in group 2 (patients 11,
14 and 15), all of whom had severe steatosis (mean CTD <10 HU). The group 1
patient who was a frequent outlier in PET (patient 12) was not a frequent outlier in
CT but patients 10 (mean CTD 58 HU) and 17 (mean CTD 42 HU) from group 1
were occasional outliers.

11.3.3.6. Grey level difference methods (GLDM)
PET
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All 4 GLDM parameters showed non-significant correlations with MAV; however in
all 4 relationships, 2 patients from group 3 (patients 2A and 7) and one from group 1
(patient 12) were consistent outliers.

CT
Correlations of GLDM CT parameters with MAV were also non-significant. In all 4
relationships the same outliers were again seen in groups 2 (patients 11, 14, 15) and 3
(patients 2A, 6B and 7), and also one from group 1 (patient 11). In contrast to PET,
patient 2A in group 3 was not an outlier.

11.3.3.7. Grey level run length matrices (GLRLM)
PET
GLRLM run length variability showed a very strong positive non-linear relationship
with MAV. Patient 18 from group 2 was a conspicuous outlier. This patient was an
outlier in several other GLRLM correlations with MAV. There were also very strong
correlations between MAV and grey level non-uniformity and intensity variability in
which patients 2A and 7 from group 3 were again obvious outliers. Other
relationships with MAV were weak but, in most, patients 2A and 7 from group 3 were
again outliers.

CT
As with PET, there were very strong correlations between MAV and intensity
variability and grey level non-uniformity, in which patients 2B, 6B and 7 from group
3 were again obvious outliers. Three patients in group 2 (patients 11, 14, 15) were
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also outliers with respect to grey level non-uniformity. These 6 patients were frequent
and conspicuous outliers in several other weak or non-significant relationships
between GLRLM parameters and MAV.

11.3.3.8. Grey level size zone matrices (GLZLSM)
PET
GLZLSM parameters in general showed weak and non-significant correlations with
MAV, except for intensity non-uniformity, which showed a moderately strong
correlation. As for GLCM parameters, patient 12 from group 1 (mean CTD 46 HU)
was a frequent outlier. There was a tendency for group 3 patients 2A and 7 to be
outliers but they were not strikingly conspicuous.

CT
As with PET, texture parameters correlated weakly or not at all with MAV except for
intensity non-uniformity, which correlated quite strongly with MAV. Patients 2B and
7 from group 3 were frequent outliers in these relationships, along with the 3 group 2
patients with severe steatosis (patients 11, 14, 15) and one from group 1 (patient 10).
Group 1 patient 12 (frequent PET outlier) was not an outlier in CT

11.3.3.9. Neighbourhood grey tone difference matrices (NGTDM)
PET
NGTDM coarseness and contrast revealed no features of interest. Texture strength,
complexity and busyness correlated very strongly with MAV but there were no
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obvious outliers. The relation of complexity with MAV appeared strikingly biexponential.

CT
As with PET, NGTDM coarseness and contrast revealed no features of interest,
although with respect to coarseness, patients 11, 14, and 15 from group 2 and patients
2B, 6B and 7 from group 3 tended again to be outliers. NGTDM busyness correlated
strongly with MAV. Group 3 patients 2B, 6B and 7, and group 2 patients 14 and 15
were again conspicuous outliers. NGTDM complexity, as with its PET counterpart,
showed a strong bi-phasic correlation with MAV. NGTDM texture strength correlated
negatively with MAV; 9 group 1 patients, one group 2 patient (patient 11) and 2
group 3 patients (patients 2B and 7) were clear outliers.

11.3.4. Summary and relationship to biopsy data
Three patients from group 3 (patients 2, 6 and 7) gave studies that were consistently
abnormal and can therefore be regarded as having abnormal texture parameters. Two
of them did not have evidence of fibrosis on biopsy, whilst the third had early fibrosis.
Three of 4 group 3 patients with fibrosis/cirrhosis had unremarkable texture
parameters that were not significantly different from group 1 livers. Three patients
with steatosis from group 2 (patients 11, 14, and 15) were also consistently abnormal.
They all had severe steatosis but there were 3 other patients from group 2 with severe
steatosis who had normal texture parameters. No patient from group 1 was
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consistently abnormal, although patient 12 (mean CTD 45 HU) was abnormal in PET
first order entropy/energy, skewness, kurtosis, GLCM and GLZLSM.

The abnormalities in the 4 abnormal group 3 studies and 3 abnormal group 2 studies
show striking consistency from one group of texture parameters to another and
consistent differences between PET and CT (Tables 11.3 and 11.4). Abnormal texture
parameters in group 2 were consistently seen on CT rather than PET, and also more
frequently, though not exclusively, on CT in group 3 patients (Tables 11.3 and 11.4).

Table 11.3. Outlier frequency of patient studies in group 3. Studies 3 and 6 are from
the same patient. Other patients were not outliers.
Patient study
_________________________________________

2A
2B
6B
7
____________________________________________________________________
CTD (HU)
47
56
48
45
-----------------------------------------------------------------------------------------------------range
PET
CT
+
+
+
energy/
entropy

PET
CT

+
-

+

+

+

kurtosis
/skewness

PET
CT

-

+

-

+
+

FD

PET
CT

-

-

-

-

GLCM

PET
CT

+
-

+

+

+
+

GLDM

PET
CT

+
-

+

+

+
+

GLRLM

PET
CT

+
-

+

+

+
+

GLZLSM

PET

+

-

-

+
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CT

-

+

-

+

NGTDM

PET
CT
+
+
+
____________________________________________________________________

Table 11.4. Outlier frequency of patients of group 2. Other patients were not outliers
Patient
______________________________________
11
14
15
18
____________________________________________________________________
CTD (HU)
9
4
4
35
-----------------------------------------------------------------------------------------------------range
PET
CT
+
+
energy/
entropy

PET
CT

+

-

+

-

kurtosis/
skewness

PET
CT

+

-

-

-

FD

PET
CT

-

-

-

-

GLCM

PET
CT

+

+

+

-

GLDM

PET
CT

+

+

+

-

GLRLM

PET
CT

+

+

+

+
-

GLZLSM

PET
CT

+

+

+

-
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NGTDM

PET
CT
+
+
+
_____________________________________________________________________

11.3.5. Reproducibility
Comparing the results between the 2 PET/CT scans in the 2 group 3 patients who had
repeat scans (patients 2 and 6), it is noteworthy that one patient (patient 6) was a
consistent outlier on the occasion of only one of his scans, while the other patient
(patient 2) was a consistent outlier on both occasions. In this latter patient, however,
the reproducibility of individual texture parameters was low; in other words, although
both studies of this patient were consistent outliers they were not generally the same
parameters. Moreover, whilst on one occasion they were all PET-related, on the other
they were all CT-related.

11.3.6. Differences between groups 1 and 2 (steatosis versus non-steatosis)
Differences in texture parameters between group 1 and group 2 patients were frequent
but could not be separated from a significant overall correlation of the parameter with
MAV.

11.4. DISCUSSION
This study has shown that some patients with hepatic inflammation have abnormal
texture features on both FDG PET and CT. One patient was reproducibly abnormal,
although not in a consistent fashion. The results of this study justify more work to
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characterise texture features of patients with hepatic inflammation and either early or
no fibrosis. In particular, changes in texture parameters over time determined in
sequential studies in the same patient may give useful results.

With the exception of abnormal parameters, CT and PET generally showed good
correlation with each other, especially with respect to variability. However, CT
performed somewhat better than PET in identifying abnormal texture parameters
(Tables 11.3 and 11.4).

The strong correlation between SUVpeak/SUVave and CV of SUV is consistent with the
notion that heterogeneity of hepatic fat distribution increases in fatty liver, although
signal-to-noise ratio could also influence this relationship (see chapter 12). In any
event, however, CV of SUV and SD of CTD were not obviously different in group 3
patients compared with groups 1 and 2, so there was no evidence to suggest increased
hepatic fat distribution heterogeneity, or heterogeneity of inflammation, in this group.
Therefore, the interpretation of the same 3 obvious group 3 outliers with respect to the
range of CTD values is uncertain.

Several texture parameters correlated strongly with MAV. It has previously been
recognised from texture analysis of tumours that when MAV is low (<40 cm3), it
correlates with many texture parameters (Orlhac et al 2014). The current work has
revealed that MAV correlates with many texture parameters, some very strongly, over
a much larger range of MAV values. The feasibility of a general technique for
detecting abnormalities of texture would be limited if the MAV had to be held at a
constant, agreed value.
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It had been hoped that texture parameters might distinguish between normal and fatty
livers and, moreover, do so better than CT density. However, because MAV was
significantly different between steatosis and non-steatosis patients, when a texture
parameter correlated with CT density, it inevitably also correlated with MAV.

MRI and MRS are probably the imaging gold standards for hepatic steatosis (Bohte et
al 2011). Liver biopsy is the final gold standard but is subject to sampling error and to
the heterogeneity of hepatic fat distribution, and indeed led to a diagnosis of
steatohepatitis in several group 3 patients in whom mean CT density in contrast
indicated no steatosis.

In conclusion, 3 of 7 patients with biopsy-proven hepatic inflammation and 3 of 18
patients with severe steatosis had consistently abnormal texture parameters on PET
and CT. One patient with inflammation had abnormal parameters in two separate
scans, although they were not the same parameters. No patient without steatosis or
inflammation, with the possible exception of one, had any consistently abnormal
texture parameters. Further work, preferably of a sequential nature, should be
undertaken to establish if texture features are abnormal in patients with early hepatic
inflammation and whether they change with the progression of simple fatty liver
through steatohepatitis to early fibrosis. If texture parameters are to be used to
diagnose hepatic steatosis, MAV will need to be standardised.
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Chapter 12: Is the signal-to-noise ratio of hepatic FDG uptake
affected by body habitus?
12.1. INTRODUCTION
Throughout this thesis, reference is made to the problem of spurious correlations
arising from variations in signal-to-noise ratio and the inter-correlations that exist
between hepatic steatosis, blood glucose level and body habitus. A concern is that
signal-to-noise ratio may be reduced in overweight persons. It is thought that SUVmax
is particularly susceptible to noise because it is based on a single voxel (Vanderhoek
et al 2012, Bai et al 2013), which means that SUVmax/SUVave, which I have suggested
in earlier chapters is a marker of hepatic fat, would also be susceptible to noise.

The aim of this study, therefore, was to examine the associations of body size indices,
CT density and SUV indices with the signal-to-noise ratio determined from the
Patlak-Rutland plots reported in chapter 8. One way of assessing signal-to-noise in a
study is to look at the correlation coefficient of the Patlak-Rutland plot. However, in
patients with low rates of hepatic FDG clearance, the plot is relatively flat and tends
to have a low correlation coefficient even when there is not much scatter of the points
around the regression line. Indeed, a plot could have no scatter at all yet it would have
a correlation coefficient of zero if clearance rate was zero. I therefore measured the
scatter of the points around the regression line by measuring the standard deviation of
the residuals (the residual of a point is its ‘distance’ from the regression line).
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12.2. METHODS
12.2.1. Patients
The patients were the 60 reported in chapter 8. They had dynamic imaging for 30 min
over the upper abdomen at a frame rate of 1 per min with CT switched off. Lean body
mass (LBM) and %body fat were estimated from height, weight and gender, and body
mass index (BMI) as weight/height2, as described previously. In 28 patients, texture
analysis was also performed on 60 min post-injection whole body images, as
described in chapter 11, with placement of large VOI enclosing the whole liver.

12.2.2. Analysis
Patlak-Rutland graphical analysis was undertaken as described in chapter 8. The
standard deviation (SD) of the residuals of an individual Patlak-Rutland plot was
calculated from the following equation.
SD = ([residual2]/27)0.5

(12.1)

where the residual is the y value at any time, t, minus the regression line y value at the
same time (Fig 1). The SD was then normalised by dividing it by the intercept of the
plot to give the ‘normalised root mean standard deviation’ (NRMSD) or ‘noise’.

Using both weight and LBM in their calculations, SUVmax and SUVave were measured
from a 3 cm diameter ROI placed over the centre of the right lobe of the liver,
avoiding major vessels and any visible focal pathology, in the 60 min post-injection
whole body image, as described previously. Mean CT density in the ROI was also
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measured. The coefficient of variation (CV) of SUV and standard deviation (SD) of
CT density were measured in the 28 patients who had texture analysis in addition to
dynamic imaging.

12.3. RESULTS
Mean CT density correlated negatively with body weight (r = -0.60; p < 0.0001),
LBM (r = -0.52; p < 0.0001), BMI (r = -0.49; p < 0.0001) and % body fat (r = -0.36; p
= 0.005), consistent with large or obese individuals tending to have fatty liver.

Examples of Patlak-Rutland plots with high noise (upper panel) and low noise (lower
panel) are shown in Fig 12.1.
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Fig 12.1. Examples of Patlak-Rutland plots showing low signal-to-noise ratio (upper
panel, NRSMD = 0.224) and high signal-to-noise ratio (lower panel; NRSMD =
0.035). Vertical lines = residuals.
NRMSD showed significant correlations with body weight (r = 0.45; p = 0.0003),
BMI (r = 0.44; p = 0.0004) LBM (r = 0.37; p = 0.004) and %body fat (r = 0.27; p =
0.037), but insignificant correlation with CT density (r = -0.21; p = 0.11) (Table 12.1).
In contrast, the correlation coefficient, rP, of the Patlak-Rutland plot correlated weakly
with these indices of body size and mean CT density (Table 12.1). Surprisingly,
NRMSD showed no significant correlation with rP (r = 0.12; p = 0.36).

Table 12.1. Correlation coefficients (p values in brackets) of indices of body size, CT
density and SUV indices with NRSMD and rP.
NRSMD (p)
rP (p)
_________________________________________________________
weight
0.45 (0.0003)
0.13 (0.32)
lean body mass
0.37 (0.004)
0.32 (0.013)
body mass index
0.44 (0.0004)
-0.08 (0.54)
%body fat
0.27 (0.037)
-0.23 (0.077)
mean CT density
-0.21 (0.11)
-0.26 (0.045)
SUVmax (weight)
SUVave (weight)
SUVmax (LBM)
SUVave (LBM)
SUVmax/SUVave

0.27 (0.037)
0.20 (0.13)
0.16 (0.22)
0.00 (1.00)
0.21 (0.11)

0.08 (0.54)
0.00 (1.00)
0.27 (0.037)
0.21 (0,11)
0.15 (0.25)

*CV of SUV
*SD of CT density

0.33 (0.086)
0.43 (0.022)

0.24 (0.22)
0.08 (0.69)

*Correlation coefficient of CV of SUV versus CT density = -0.49 (p = 0.008)
Correlation coefficient of NRSMD versus rP = 0.12 (p = 0.36)
__________________________________________________________
*Based on large VOI (n = 28); other values based on 3 cm ROI (n = 60).

157

SUVmax based on weight showed a weak but significant correlation with NRMSD but
SUVave based on weight showed no significant correlation. Neither of the SUV
indices based on LBM showed any correlation with NRMSD. SUVmax/SUVave (which
is free of whole body metrics) showed no significant correlation with NRMSD. The
only SUV index to correlate with rP was SUVmax based on LBM (r = 0.27; p = 0.037).

SD of CT density (r = 0.43; p = 0.022), but not CV of SUV (r = 0.33; p = 0.086),
correlated with NRMDS. Neither SD of CT density nor CV of SUV correlated with rP
(Table 12.1). However, CV of SUV correlated strongly with mean CT density (r =
-0.49; p = 0.008), consistent with it being a marker of hepatic fat heterogeneity.

12.4. DISCUSSION
Body habitus has a prominent effect on the signal-to-noise ratio expressed in terms of
the scatter of data points around the regression line of the Patlak-Rutland plot but not
on the correlation coefficient of the plot. A critical assumption in this study is that if
there is increased noise in the dynamic study, there will also be increased noise in the
static study.

There are two possible ways that body size could influence signal-to-noise ratio.
Firstly, the administered activity of FDG is not adjusted for body weight, so the tissue
count density will be reduced in heavy persons, including lean ones. Secondly, mean
path length of photons from the aorta and liver will be increased in large persons; in
other words photon attenuation will be greater. The distance in water over which 511
keV photons lose 50% of counts by attenuation (‘half distance’, analogous to half life)
is 7.3 cm. So increased abdominal girth could have a significant impact on the count
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density. Any patient movement would also decrease signal-to-noise ratio but it would
not be expected to correlate with body weight.

The weakness of the correlations of NRSMD with CV of SUV and SD of CT density
are surprising because the variabilities of SUV and CT density, including those
arising from patient movement, would be expected to increase with increasing noise.
If the correlation between CV of SUV and mean CT density was the result of noise,
then CV of SUV should have correlated more strongly with noise, but it correlated
insignificantly with it. The correlation between CV of SUV and mean CT density is
therefore likely, at least partly, to be the result of hepatic fat heterogeneity in hepatic
steatosis, as I argued in chapter 10 in relation to the use of multiple ROI.

Although there was increased noise in large persons, noise had little or no effect on
the SUV indices. Thus, although SUVmax based on weight correlated with NRSMD,
SUVmax based on LBM showed no correlation with NRSMD. Moreover,
SUVmax/SUVave also did not correlate with NRSMD, suggesting that the ratio does
indeed reflect hepatic fat content and is not the result of a greater impact of noise on
SUVmax compared with SUVave. Most of the scatter in the Patlak-Rutland plot is
probably generated by noise in the signal from the abdominal aorta, over which a
smaller ROI was drawn compared to that over the liver. If noise was generated in the
aorta rather than the liver, then it would explain why noise was increased in large
persons but had limited impact on the SUV indices.

In conclusion, I have shown how the Patlak-Rutland plot can be used to assess signalto-noise ratio, which appears to be increased in heavy persons. SUV indices, however,
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are affected minimally by noise, especially when calculated using LBM. The study
supports the notion that SUVmax/SUVave is a marker of hepatic fat. Although CV of
SUV and SD of CT density are probably susceptible to noise they are at least partly
markers of hepatic fat distribution heterogeneity. Correcting them for the effects of
noise would nevertheless be desirable if they are to be used as such markers.
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Chapter 13: General discussion and future work

The conclusions of this thesis are as follows.

13.1. SUV as a measure of FDG uptake has serious limitations
Previous workers have used SUV to measure FDG uptake in the spleen. They
measured SUV using weight as the whole body metric. This is not surprising as
almost all departments use SUV based on weight to quantify the metabolic activity of
tumours. However, as shown in chapters 3, 4, 5 and 6, SUV based on weight is
affected by many different variables, including weight itself, blood glucose and, in the
case of the liver, the diluting effect of hepatic fat. The inter-dependence of all these
factors, which all correlate with each other, makes it difficult to obtain clear results
with SUV, especially for the liver. Thus fat patients tend to have hepatic steatosis,
tend to be overweight or obese, and tend to have high blood glucose levels. Dividing
liver SUV by blood pool SUV does not entirely solve these problems because of the
uncertainty of the differential effects of signal-to-noise ratio on SUVmax and SUVave
with respect both to the liver and a blood pool region.

Whilst it is repeatedly shown in the thesis that SUV calculated using lean body mass
is preferable to SUV calculated with weight, SUV scaled to lean body mass
nevertheless also has problems. Firstly, it not clear how much FDG accumulates in fat
and whether this varies with levels of obesity. Secondly, unlike weight, lean body
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mass is difficult to measure or estimate and this is reflected by the numerous
estimation formulae that have been published.

13.2. Hepatic FDG uptake and glucose utilisation are increased in steatosis
As far as I could tell from SUV measurements, the uptake of FDG is increased in
hepatic steatosis. However, complex multi-variate statistical analysis would be
required to prove this and is probably not worth the effort because a better approach
that avoids the limitations of SUV is dynamic imaging and Patlak-Rutland analysis. I
found this to show a clear increase in hepatic FDG clearance and glucose utilisation in
hepatic steatosis but not in obese patients without hepatic steatosis. The limitations of
SUV as a measure of FDG clearance are well illustrated in chapter 9, in which it is
demonstrated that in general, the spleen is metabolically more active than the liver.
Future research on glucose utilisation in the liver and spleen should not be based on
SUV but instead on dynamic imaging, as described in chapters 8 and 9.

13.3. Texture analysis is complex and several parameters show such a high level of
dependence on the volume of the region from which they are determined as to be
unhelpful in the liver. I tried to make allowance for this but found that texture analysis
failed to reveal any significant differences between patients with and without
steatosis. However, 3 patients with severe steatosis and 3 with biopsy evidence of
hepatic inflammation (who did not have steatosis), were frequent outliers in the
relationships between texture parameters and metabolic volume and can therefore be
regarded as having abnormal texture parameters.

13.4. Future work
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1. Making an early diagnosis of steatohepatitis was one of my original aims but
patient recruitment was difficult. I also aimed to study patients with acute alcoholic
hepatitis but these are too sick to come to CISC. Future work should therefore focus
on these conditions using dynamic imaging as described in chapter 8.

2. Another approach to imaging hepatic inflammation is to make use the presence of
glucose-6-phosphatase in the liver and perform very delayed imaging. The enzyme is
absent from inflammatory cells so in time all the FDG in hepatocytes should be
cleared, leaving a signal exclusively from inflammatory cells and other cells in the
liver that are not hepatocytes, especially Kupffer cells. The time required for a PatlakRutland plot to become horizontal as a result of equilibration between
phosphorylation (k3) and de-phosphorylation (k4) depends on the sum of the two rate
constants. k3 has a value of about 0.005 min-1. Literature values of k4, are conflicting,
but assuming it is 0.001 min-1, then equilibration would be 90%complete in 383 min.
Very delayed imaging with administered activity higher than the ARSAC reference
level might permit imaging of inflammatory cells with effectively no signal from
hepatocytes. Even better would be to perform this work using UltraPET, a novel PET
scanner about to be built in the University of California Davis. This has a 2m length
continuous tube of detectors that increases sensitivity 40-fold (Price et al 2014).

3. Pursuing texture analysis as a technique for making an early diagnosis of
steatohepatitis should be further pursued, perhaps with contrast-enhanced CT or MRI
as well as FDG PET. Metabolic volume needs be a standardised to get round the
problem of the dependency on it of texture parameter values. Sequential studies
examining the progression of texture may also give interesting results.
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