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ABSTRACT 

Liver biopsy for the quantification of fat and iron in the liver has been replaced in 

recent years with non-invasive methods such as magnetic resonance imaging (MRI). 

Reasons for this include the risks associated with an invasive procedure such as biopsy, 

the subjective nature of the pathologist’s assessment of fat and iron, and the fact that 

the biopsy tissue sample represents only a tiny fraction of the liver. 

 

It is not uncommon for patients with fatty liver to also have iron overload, and vice 

versa. Therefore methods that quantify either fat or iron, or both, must not be 

confounded by the presence of the other. MRI signal models currently used for the 

quantification of fat include the transverse relaxation rate term R2
*, in order to address 

a potential confounder. Since these signal models are already calculating R2
*, and it has 

been observed that R2
* has a linear relationship with liver iron concentration, these 

signal models have been natural candidates for the simultaneous quantification of liver 

fat and iron. 

 

The first aim of this project was to compare the traditional assessment of fat by a 

pathologist to an image morphometry based method, which measures the amount of 

fat in the biopsy tissue sample based on the size and shape of the fat droplets. It was 

found that the fat measured by the image morphometry method performed well 

against the pathologist estimate of fat. 

 

When quantifying fat with MRI, the measured fat fraction can be confounded by 

several factors. Many signal models have been published in the literature that address 

the known confounders to varying degrees. The second aim of the project was to 

compare the measured MRI fat fraction from various signal models against the biopsy 

fat measurements. Despite the variations in the eight signal models investigated in the 

first phase of this project, there were no statistically significant differences in the 

performance of the signal models for the quantification of liver fat. 

 

The MRI signal fat fractions produced by the combination of acquisition parameters 

and signal models in this project each had a different level of bias. This meant that the 
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fat fraction measured using one signal model could not be directly compared to the fat 

fraction measured using a different signal model. To overcome this, the measured fat 

fractions were transformed into volumetric fat fractions. The third aim of this project 

was to determine if the transformation of MRI signal fat fractions into volumetric fat 

fractions affected the performance for quantifying liver fat. It was found that this 

transformation did not result in any statistically significant changes in the performance 

for quantifying fat. 

 

The fourth aim of this project was to assess the performance of a selection of these 

liver fat quantification signal models for the simultaneous quantification of liver iron 

concentration. The measured R2
* values were compared to the liver iron concentration 

measured using FerriScan®. All of the signal models had poor performance for 

predicting the liver iron concentration. For two of the three signal models investigated 

in the second phase of this project, it was shown that the presence of fat influenced 

the value of R2
*. Therefore these MRI signal models were not suitable for the 

simultaneous quantification of liver fat and iron. 
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1 INTRODUCTION 

Non-alcoholic fatty liver disease (NAFLD) is a condition that has received considerable 

attention in recent years, since it affects a large percentage of the population, and is 

likely to become the leading cause for liver transplantation [1-3]. NAFLD is the 

accumulation of fat in the liver (which is also called steatosis) in the absence of 

excessive alcohol consumption. The previous gold standard for the diagnosis of NAFLD 

was liver biopsy [4]. However, biopsy is an invasive procedure that is associated with 

non-trivial risks [5-7]. Also, the amount of fat in the liver biopsy tissue sample was 

assessed visually by a pathologist, and this measure has been shown to be strongly 

observer dependent [8]. 

 

Magnetic resonance techniques have been used for over 30 years to quantify fat [9]. 

Both magnetic resonance spectroscopy (MRS) and magnetic resonance imaging (MRI) 

methods can be used, and both are based on the same physical processes. These 

methods have an advantage over biopsy in that they are non-invasive, and MRI based 

methods can produce fat fraction maps of the entire liver. In a magnetic field, the 

protons in fat molecules precess at a slightly different resonance frequency than the 

protons in water molecules. In tissue containing both water and fat molecules, the 

small difference in precession frequencies leads to oscillations in the detected signal. 

Since the difference between the two resonance frequencies is known, images can be 

acquired at echo times when the water and fat signals are ‘in phase’, and also when 

they are ‘out of phase’. If multiple ‘in phase’ and ‘out of phase’ images are acquired, a 

variety of signal models can be fitted to the data to determine the percentage of the 

MR signal that is due to the protons in fat molecules, and therefore quantify fat. 

 

MRS measurements have been accepted as the gold standard for quantifying liver 

steatosis for several years [10]. In a recent meta-analysis, it was found that fat 

fractions measured using MRI had excellent linearity, bias and precision compared to 

MRS measurements, if the fat fractions had been acquired to minimise confounding 

factors [10]. However, there have been fewer studies comparing MRI fat 

measurements against liver biopsy measurements [11-21]. 
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The accumulation of iron in the liver is a less prevalent condition, however it is not 

uncommon in patients with NALFD [22]. Patients with excessive amounts of fat and 

iron in the liver are thought to have a worse prognosis than patients with either only 

excessive fat or only excessive iron. In recent years, an MRI based method to quantify 

liver iron concentration (LIC), known as FerriScan®, has mostly replaced the need for 

liver biopsy to quantify liver iron [23,24]. However, the presence of iron is known to 

confound the quantification of fat using MRI [12,25-27]. Conversely, there is evidence 

that the presence of fat may confound the quantification of iron using MRI [26,28]. 

 

When quantifying liver fat, one of the known confounders is T2
* decay. One way to 

address this confounder is to include T2
* (or its inverse R2

*) decay into the signal model. 

From iron quantification studies, it appears that R2
* has a linear relationship with liver 

iron concentration [29-34].  

 

This project will address four aims, using data from two completed clinical trials. The 

project aims are: 

 

1. Assess the performance of an image morphometry based method for measuring 

the area of fat on digital images of liver biopsy tissue samples against the 

traditional pathologist’s assessment of fat. 

 

Research participants from the clinical trials who had liver biopsies will be identified. 

Digital images of the liver biopsy tissue samples will be obtained, and an image 

morphometry based method used to measure the area of fat on the digital image of 

the liver biopsy tissue sample. This measure of the fat area will then be assessed 

against the traditional assessment of liver fat made by a pathologist. It is thought that 

the image morphometry based measure of the fat should be more reproducible than 

the pathologist assessment. 

 

2. Assess and compare the performance of different MRI acquisition parameters 

and signal models for the quantification of liver fat against biopsy fat 

measurements. 
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There are three known confounders that may affect the quantification of fat when 

magnitude MR based techniques are used. These are T1 bias, T2
* decay, and the 

multiple peaks observed in the MR spectrum of liver fat. This project will determine 

MRI signal fat fractions using a combination of data acquisition parameters and signal 

models. MR images were acquired using two different flip angles, that will have 

different levels of T1 bias. This project will also compare the performance of a simple 

signal model that is thought to be robust, against more complicated signal models. 

These different signal models have different methods of accounting for T2
* decay, as 

well as the complexity of the MR fat spectrum. While studies comparing different MRI 

acquisition parameters and signal models have been previously published, few have 

had the biopsy information also available. This, along with the combination of data 

acquisition parameters and signal models, distinguishes this project from those 

previously published. 

 

3. Determine if transforming the MRI signal fat fractions into calibrated volumetric 

fat fractions affects the performance of quantifying liver fat against biopsy fat 

measurements. 

 

The different signal models will have varying levels of bias, producing MRI signal fat 

fractions that have been amplified by varying amounts. To enable a comparison 

between the signal models, the measured MRI signal fat fraction will be calibrated to 

produce a volumetric fat fraction. However, it is not clear if converting the MRI signal 

fat fraction into a volumetric fat fraction will impact the performance of liver fat 

quantification. The most common approach in the literature is to minimise the bias 

from all of the confounding factors, and then assume that the MRI signal fat fraction is 

equivalent to the proton density fat fraction (PDFF). An alternative approach has been 

suggested [35], where bias has been deliberately introduced to improve the signal to 

noise ratio (SNR) of the detected MR signal, and the resulting biased MRI signal fat 

fractions are then calibrated against volumetric fat fractions. It is not clear if 

converting the measured MRI signal fat fractions into calibrated volumetric fat 

fractions affects the performance of the fat measurements for the quantification of 

liver fat. Also, to the best of my knowledge, there is no comparison of these two 

different approaches in the literature. 
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4. Assess and compare the performance of R2
* calculated during fat quantification 

for quantifying liver iron concentration against FerriScan®. 

 

Since all of the signal models in this project include T2
* decay terms, R2

* can be 

calculated. Previous iron quantification studies have reported a strong linear 

relationship between R2
* and liver iron concentration. However, it is not clear if R2

* 

calculated from fat quantification signal models can be also used to quantify liver iron 

concentration. This project will assess the performance of R2
* calculated from fat 

quantification signal models against an independent measure of the liver iron 

concentration, determined using FerriScan®. 

 

These aims will be addressed through two separate studies. The first study, designated 

the pilot study, will use a subset of data from the two clinical trials, where liver biopsy 

information is available. The pilot study will address the first three aims of this project. 

Once the performance of the fat measurements from the different data acquisition 

parameters and signal models has been assessed, the most appropriate data 

acquisition parameters and signal models will be identified for the second study, 

designated the pooled study. In the pooled study, the chosen signal models will then 

be applied to the whole data set from the two clinical trials to address the fourth 

project aim. 
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2 LITERATURE REVIEW 

2.1 Diffuse liver disease 

2.1.1 Hepatic steatosis 

The liver has many digestive, metabolic and regulatory roles. Hepatocytes, the most 

common type of cell in the liver, carry out more than 500 metabolic functions [36]. 

Hepatic steatosis is the excessive accumulation of fat, mainly as triglycerides, within 

hepatocytes [28,37,38]. Hepatic steatosis was originally thought to be a consequence 

of other conditions (such as alcoholic fatty liver disease, viral hepatitis, human 

immunodeficiency virus (HIV)), or a side effect of some medications, but it is now 

recognised as a disease in its own right. Non-alcoholic fatty liver disease (NAFLD), 

which is defined as the presence of hepatic steatosis without a history of excessive 

alcohol consumption in the absence of other known liver diseases [4,39], affects 25% 

of the adult population worldwide [3]. The more severe form of this disease, non-

alcoholic steatohepatitis (NASH), is currently the second leading cause and most 

rapidly growing indication for liver transplantation in the USA [1,2]. 

 

In its early stages, steatosis is reversible; however if it is left untreated it may lead to 

liver injury, fibrosis, cirrhosis, and liver failure. NAFLD has been associated with 

obesity, type 2 diabetes, hypertension and dyslipidaemia, which are all components of 

the metabolic syndrome [4]. In recent years, it has also been recognised that patients 

with NAFLD are at high risk of cardiovascular disease, which is the most common cause 

of death in this group of patients [4]. The current treatments for NAFLD are lifestyle 

interventions (diet and exercise) with the aim of reducing body weight, which also 

reduces hepatic steatosis, inflammation and fibrosis (if it is present) [4,39]. There are 

currently no medications approved for the treatment of hepatic steatosis [4]. The high 

prevalence of NAFLD, combined with the serious consequences if it is left untreated, 

have been a driving force in the search for a suitable method for accurately measuring 

liver fat content. 

 

2.1.2 Hepatic iron overload 

Iron is required by all cells in the human body. Normally, the amount of iron in the 

body is maintained within a narrow window by controlling the amount of iron 
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absorbed from the diet. However, the amount of iron eliminated is not regulated by 

the body. Therefore, if the amount of iron delivered to the body exceeds the amount 

eliminated, the amount of iron stored in the body increases over time, leading to iron 

overload. The mechanisms that can lead to iron overload in the liver include increased 

intestinal absorption, blood transfusions and iron infusions. 

 

Hereditary hemochromatosis, as well as iron loading anaemias, can result in increased 

absorption of iron in the intestine. The prevalence of hereditary hemochromatosis in 

Caucasian populations is estimated to be between 0.2% and 0.45% [40,41].The 

treatment for hereditary hemochromatosis is therapeutic phlebotomy, which aims to 

prevent tissue damage by reducing total body iron stores [23,40,41]. 

 

Patients with thalassemia and sickle cell disease may be treated with chronic blood 

infusions, which over time may lead to iron overload. Each blood infusion unit includes 

approximately 200 to 250 μg of iron, and eventually the storage capacity of all organs 

will be saturated, resulting in the accumulation of iron in hepatocytes, as well as other 

cells in the body. The upper limit of normal liver iron concentration is 1.8 mg Fe / g dry 

tissue [42], however liver concentrations up to 20 times higher than this have been 

reported in these patients [32]. Organs other than the liver may also be damaged, and 

cardiac toxicity is the greatest clinical concern [40]. Treatment is with chelation 

therapy, which aims to maintain total body iron at a sufficiently low level, or even 

reverse iron toxicity, while minimising the side effects of chelation [40,41]. 

 

Anaemia is a common complication in patients with chronic kidney disease, and can 

result cardiovascular disease and reduced quality of life [43,44]. Iron deficiency may 

develop in patients with chronic kidney disease due to deteriorating kidney function, 

medications and dietary restrictions. Iron infusions are used to increase iron stores in 

these patients, particularly in those receiving haemodialysis, with the aim of restoring 

haemoglobin levels. Iron overload and toxicity are known side effects of iron infusion 

therapy, and patients are monitored to prevent these side effects [43,44]. 

 

Excess iron may lead to liver injury, fibrosis, cirrhosis, hepatocellular carcinoma and 

liver failure. The liver iron concentration is used as a surrogate biomarker for total 
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body iron, since the liver is the only organ where iron stores increase consistently with 

total body iron [45,46]. Liver iron concentration is used to identify patients at risk of 

developing hepatic complications associated with increased iron, and to monitor the 

progression of disease and response to treatment. 

 

2.1.3 Combined storage disease 

Hepatic iron overload has been observed in patients with NAFLD, and conversely 

steatosis has been observed in patients with iron overload disorders [22,47-49]. It is 

thought that the presence of iron contributes to NAFLD progression, and is associated 

with a worse prognosis [23,50,51]. Similarly, in patients with iron overload, steatosis 

may accelerate disease progression [22,52,53]. This suggests that it is not uncommon 

to encounter patients with what has been termed combined storage disease, the 

presence of both excess liver fat and excess liver iron [28,41]. 

 

2.2 Biomarkers 

A biological marker, or biomarker, is defined by the National Institutes of Health (NIH) 

and the Food and Drug Administration (FDA) as “a characteristic that is objectively 

measured and evaluated as an indicator of normal biological processes, pathogenic 

processes or a response to a therapeutic intervention.” [54-56]. Most people would be 

familiar with the use of biomarkers used in laboratory blood tests, such as the 

measurement of blood glucose or cholesterol. 

 

The output of a medical imaging scan can also be used as a biomarker [56]. A 

quantitative imaging biomarker (QIB) is defined as “an objective characteristic derived 

from an in vivo image measured on a ratio or interval scale as indicators of normal 

biological processes, pathogenic processes, or a response to therapeutic intervention” 

[55]. Quantitative biomarkers can not only provide accurate detection of disease, but 

also accurate grading or staging, guide clinical decision making, and monitor response 

to therapy [28,38]. To do all these things, a quantitative biomarker needs to be 

accurate, precise, and free from bias. This project will investigate quantitative imaging 

biomarkers for iron and fat in the liver. 
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2.3 Liver biopsy 

Liver biopsy was previously the gold standard for diagnosing and grading both hepatic 

steatosis and iron overload [4,23,57]. Liver biopsy is an invasive procedure, and 

therefore has associated risks. Complications after liver biopsy include pain, bleeding 

and in very rare cases death [5-7]. Liver biopsies are known to suffer from sampling 

variability, since the biopsy sample represents only a small fraction of the liver volume, 

and most features of diffuse liver disease, including steatosis and iron deposition, are 

known to be heterogeneously distributed throughout the liver [58-62]. These 

limitations make liver biopsy impractical to use in large research trials, or as a 

longitudinal monitoring tool. These limitations are the key drivers in the search for 

non-invasive methods for assessing hepatic steatosis and iron overload. 

 

2.3.1 Biopsy assessment of liver fat 

The severity of steatosis in a liver biopsy tissue sample is often reported using the 

semi-quantitative measure of steatosis grade defined by the NASH Clinical Research 

Network [63,64]. The tissue samples are stained with either hematoxylin and eosin 

(H&E) or Masson trichrome and viewed under a microscope. The pathologist viewing 

the biopsy assigns a steatosis grade after a visual assessment of the sample to estimate 

the percentage of hepatocytes that contain macrovesicular steatosis [63,64]. 

Macrovesicular steatosis is where the fat within a hepatocyte is stored in a large single 

vesicle that displaces the cell nucleus; an example showing macrovesicular steatosis 

can be found in Figure 2-1. The grading system is as follows: 

 

Table 2-1 NASH Clinical Research Network scoring system definitions and scores for steatosis [63,64]. 
 

Hepatocytes Containing Macrovesicular Steatosis Steatosis Grade 

< 5% 0 

5 – 33% 1 

34 – 66% 2 

> 66% 3 

 

The assessment of liver biopsies by a pathologist is subjective, and has been shown to 

be observer dependent, not reproducible, and to not correlate with objective 
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measures of steatosis [8]. To avoid these problems, some studies have quantified the 

fat in the tissue samples using image morphometry based methods [65-71]. The aim of 

image morphometry analysis is to determine the area of the liver biopsy tissue sample 

occupied by fat. Digital images of the liver biopsy tissue sample are analysed, and the 

large fat vesicles are identified according to their size and shape. It is assumed that 

other hepatic structures such as blood vessels, bile ducts and sinusoids are excluded 

since they are different in size and/or shape. Image morphometry analysis can be 

applied to a number of image fields [67-69,71-77], or over the entire tissue sample 

[35,65,66]. 

 

 

Figure 2-1 Example of a section from the digital image of a liver biopsy tissue sample showing steatosis. 
LEFT Original digital image from scanning microscope CENTRE Area of fat detected (in black) using image 
morphometry RIGHT Area of the liver biopsy tissue sample detected (in black). 

  

Since the liver biopsy tissue samples are thin (between 2 and 5 µm) compared to the 

size of the fat vacuoles (greater than 600 µm2 [71]), by the Delesse principle, the area 

fraction occupied by the fat vacuoles is equal to the volume fraction of fat in the liver 

biopsy tissue sample. In other words, the area fat fraction of the liver biopsy is 

equivalent to the volumetric fat fraction of the liver biopsy. 

 

2.3.2 Biopsy assessment of liver iron 

Liver biopsies for the quantification of liver iron have been almost completely replaced 

by MRI based methods for iron quantification, and are now reserved for assessing 

complications arising from iron overload [23,24]. However, some studies still report 

results from liver biopsy, either as a semi-quantitative grade or measured LIC. The 

previous gold standard for the measurement of liver iron concentration was by atomic 

absorption spectrophotometry of the liver biopsy tissue sample, however this method 
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is not widely available, and the tissue sample is destroyed in testing [40,41]. As an 

alternative, a semi-quantitative grading system is frequently used for the assessment 

of iron in the liver. The tissue sample is stained using Prussian Blue, which allows 

visualisation of iron as blue or purple deposits. The magnification required to visualise 

the iron granules is then recorded [78], as shown in Table 2-2. This has been shown to 

be reproducible and also to correlate with liver iron concentration [41].  

 

Table 2-2 A semi-quantitative grading system for the assessment of iron in liver biopsy tissue samples 
[78]. 

Description Grade 

Granules absent / barely discernible at x 400 power 0 

Iron granules barely discernible x 250 power 1+ 

Discrete iron granules resolved x 100 power 2+ 

Discrete iron granules resolved x 25 power 3+ 

Masses visible x 10 power or grossly visible 4+ 

 

2.4 Quantification of fat using MRI 

Magnetic resonance techniques for quantifying liver fat have been used for over 30 

years [9]. MRS and MRI both exploit the same physical processes, and have an 

advantage over liver biopsy assessment in that they are not invasive. MRI also has 

additional advantages over MRS, in that fat fraction maps of the whole liver can be 

generated, which overcomes the problem of sampling variability associated with liver 

biopsy. Also, MRI is more widely available than MRS, which requires specialist 

knowledge and is typically only available at research centres. 

 

Both water and triglyceride molecules (the main component of fat in hepatocytes) 

contain mobile hydrogen atoms, which will be referred to as protons [28]. When the 

mobile protons are exposed to a magnetic field, such as the magnetic field used in 

MRI, the mobile protons precess at their Lamor frequency. There is a small difference 

in the Lamor frequencies of protons in water molecules and protons in triglyceride 

molecules. This results in MRI signal oscillations. There are times when the signals from 

the water and triglyceride molecules are ‘in phase’ and the signal will be largest, and 

then there are times when the signals from the water and triglyceride molecules will 
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be ‘out of phase’ and the signal will be lowest. This is illustrated in Figure 2-2. In a 

seminal article, Dixon realised that by acquiring MR images when the signals were ‘in 

phase’ and then ‘out of phase’, a ‘fat only’ or fat fraction map can be generated [9]. 

 

 

Figure 2-2 In and out of phase images of a patient with high liver fat. Note the alternating brightness in 
the liver. The first and third images are ‘out of phase’, and the liver is dark since the MRI signal is lowest, 
and the second image is ‘in phase’, and therefore the liver is brighter since the MRI signal is highest. 

 

If the magnitude of the MRI signal is taken, then: 

 

  SIP = |SWater + SFat| (1) 

  SOP = |SWater - SFat| (2) 

 

where: SIP is the signal of the in phase image 

 SWater is the signal from protons in water (normal tissue) 

 SFat is the signal from protons in fat (triglycerides) 

 SOP is the signal of the out of phase image 

 

These equations can be rearranged, to obtain the signal fat fraction (SFF), which is the 

proportion of the MRI signal that can be attributed to the presence of fat: 

 

  SFF = 
SFat

SWater + SFat
 = 

SIP - SOP

2 × SIP
 (3) 

 

This method is commonly referred to as a 2 point Dixon method, since there are two 

images (points or echoes) acquired. The timing of the echoes depends on the magnetic 

field strength of the MRI scanner. At a magnetic field strength of 1.5 T, which was used 

in this project, the difference between the Lamor frequencies of water and triglyceride 
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molecules is approximately 220 Hz [28,37,38,79]. That means that the first echo when 

the signals are out of phase occurs at 2.3 ms, and the second echo when the signals 

are in phase echo occurs at 4.6 ms. 

 

Note that there are two different ways to apply Equation 3. One method is to use 

regions of interest (ROIs) placed on the in phase and out of phase images, and take the 

average pixel value of the ROI as the measurement. Another method is to apply 

Equation 3 on a pixel by pixel basis to the images, and to generate a parametric signal 

fat fraction map. An ROI can then be placed on the parametric map, and a 

measurement, usually the average pixel value, is taken. Both of these methods will be 

used in this project. 

 

Although the Dixon method has been available for many years, it is recognised that the 

measured signal fat fraction is confounded by several factors, and will differ between 

manufacturers, models, and individual scanners and acquisition protocols. The factors 

that confound the accurate measurement of signal fat fraction will be discussed in the 

following sections. 

 

MR signals are complex, containing real and imaginary components. Signal models for 

quantification can utilise only the magnitude of the MR signal (magnitude signal 

models), utilise both the magnitude and phase of the MR signal (complex signal 

models), or even a combination of the magnitude and complex signal models (hybrid 

signal models). From the studies that have compared these different types of signal 

models, there appears to be no distinct advantage to using any one over the others, as 

long as the appropriate confounders are addressed [80-83]. The following sections 

discuss the confounders that apply to magnitude signal models, which will be used in 

this project. Note that additional confounders must be addressed if complex signal 

models are used, but they will not be discussed. 

 

A consequence of taking the magnitude of the MRI signal is that it is no longer possible 

to determine whether water or fat is the dominant signal component; this is 

commonly referred to as the fat-water ambiguity [28,37]. There are two approaches 

for dealing with this ambiguity that have been published in the literature.  The first is 
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to assume that water will always be the dominant MRI signal in the liver, and therefore 

the measured signal fat fraction will be between 0 and 50%. While it is rare for the fat 

fraction to exceed 50% even in severe fatty liver, this assumption does not hold for 

fatty tissues. The second approach is acquire additional information, which then allows 

the signal fat fraction to be measured over the full range from 0 to 100% [28,37]. 

 

2.4.1 T1 bias 

Fat has a shorter T1 relaxation time than normal liver tissue. When images are T1 

weighted, such as the images acquired in this project, the fat signal will have recovered 

more than the water signal. The result of this is that the MR signal from fat is amplified 

compared to the signal from normal liver and this will lead to an overestimation of the 

fat fraction [28,37,38,79]. There are two possible solutions; one is to minimize T1 

effects during image acquisition and the second is processing after image acquisitions 

to estimate or correct for T1 effects. The most common approach is to minimize T1 

weighting during image acquisitions by using a small flip angle combined with a long 

repetition time [13,19,27,84-88]. The advantage to this approach is that multiple 

image acquisitions are not required for the removal of T1 bias, however the low flip 

angle reduces the signal to noise ratio (SNR). The second approach requires multiple 

acquisitions, where either the repetition time or the flip angle is changed for each 

acquisition. The T1 bias can then be computed and factored out of the signal fat 

fraction calculation [86,89-92]. 

 

The use of a low flip angle to minimise T1 bias is by far the most common approach 

reported in the literature [11-13,15,16,18,20,21,27,58,80,82,93-107]. However, the 

use of low flip angles reduces the SNR of the MR signal, which is not desirable. An 

alternate method has been proposed, which deliberately increases T1 bias by using a 

large flip angle to amplify the measured MRI signal fat fraction. The MRI signal fat 

fractions are then calibrated against volumetric fat fractions, such as those determined 

using image morphometry analysis of the liver biopsy tissue samples, to eliminate the 

bias introduced by the high flip angle [35]. It is thought that this may increase the 

sensitivity of the fat measurements. 
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2.4.2 T2
* decay 

T2
* correction is required for most MR quantification techniques, since multiple images 

are acquired at increasing echo times. The signal in images acquired at later echo times 

will have had more T2
* decay than the signal in images acquired at earlier echo times. If 

iron is present in the liver, which is not uncommon as discussed in section 2.1.3, the T2
* 

decay of the signal is increased, which can lead to significant underestimation of the 

fat fraction [28,37,38]. There are two different approaches to correct for T2
* effects; the 

first is to incorporate it into the signal model used to calculate the fat fraction 

[25,84,108-114], while the second approach is to measure T2
* separately and correct 

for T2
* decay [66,88,91]. At least two echoes are required to determine T2

*. 

 

Based on the signal model, either a common T2
* for water and fat signals can be 

measured, or separate T2
* values can be calculated. There are mixed results in the 

literature. Some studies have found that separate T2
* (or R2

*) methods perform better 

[94,109,115,116], while others have found that single T2
* (or R2

*) methods are more 

accurate for quantifying the fat fraction [81,98]. 

 

2.4.3 Spectral complexity of fat 

As mentioned in section 2.1.1, the fat that accumulates within the liver mostly consists 

of triglycerides. These are simple fat compounds consisting of three fatty acid chains 

and glycerol [28,37,38]. Triglycerides contain multiple hydrogen atoms with several 

different chemical configurations, or moieties. This manifests as several different peaks 

in a MR spectrum, as shown in Figure 2-3. In comparison, the MR spectrum for water is 

a single peak, since the two hydrogen atoms in water have the same chemical 

environment. The position of a peak in an MR spectrum is described in parts per 

million (ppm) with respect to a reference molecule, which is assigned a relative 

resonance frequency of 0 ppm [28,38]. Ex vivo, in high magnetic field strengths, the fat 

spectrum contains nine peaks. However, at the magnetic field strengths used clinically 

(typically 1.5 T and 3 T), only six peaks can be resolved [28,37,38,117]. The two point 

Dixon method was based on the water peak and the methylene peak in the fat 

spectrum, which represents 70% of the fat signal. Some argue that for accurate 

quantification, the fat signal should be modelled as a weighted sum of all of the 
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different frequency components [28,37,38]. Several studies have shown that including 

multiple fat peaks in the signal model improves the accuracy of MRI fat fraction 

measurements compared to signal models that are based on a single fat peak 

[85,87,90,94,118-120]. 

 

The position of the fat peaks and their associated amplitudes can either be calibrated 

from the subcutaneous fat from each patient [111] or can be assumed from previous 

measurements such as those published by Hamilton et al. [117]. The typical MR 

spectrum for a human liver reported from a sample of 121 patients is shown in Table 

2-3.  

 

 

Figure 2-3 Illustration of a typical MR spectrum from a patient with fatty liver. The numbered peaks 
correspond to the peaks in Table 2-3. 
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Table 2-3 Atypical human liver fat MR spectrum obtained from a sample of 121 patients [117]. 

Fat MR spectrum peak Peak Location (ppm) Percent of total fat signal 

1 5.3 4.7% 

Water 4.7 - 

2 4.2 3.9% 

3 2.75 0.6% 

4 2.1 12% 

5 1.3 70% 

6 0.9 8.8% 

 

2.4.4 MRI magnitude based fat quantification 

The first MRI signal model for the quantification of liver fat was proposed by Dixon 

(Equation 3) [9]. However, this does not address any of the confounders mentioned 

above. If a third echo image is acquired (so that the first and third echoes are out of 

phase, and the second echo is in phase), T2
* can be calculated, and the measured signal 

fat fraction can be corrected for T2
* decay: 

 

  SFF = 
SIP - SOP1e(TE1-TE2)/T2

*

2 × SIP
 (4) 

 

where:  SIP is the signal of the first in phase image 

 SOP1 is the signal in the first out of phase image 

 TE1 is the first out of phase echo time (2.3 ms at 1.5 T) 

 TE2 is the in phase echo time (4.6 ms at 1.5) 

 

T2
* is calculated from the two out of phase echoes (echoes 1 and 3), as follows:  

 

  T2
* = 

TE3  -TE1

ln(SOP1 / SOP2)
 (5) 

 

where:  TE1 is the echo time of the first out of phase echo (2.3 ms at 1.5 T) 

 TE3 is the echo time of the second out of phase echo (6.9 ms at 1.5 T) 

 SOP1 is the signal of the first out of phase image  

 SOP2 is the signal from the second out of phase echo. 
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This is commonly referred to as a 3 point Dixon signal model, and is a fairly simple 

approximation of the MR signal. This signal model corrects for T2
*, however it does not 

take into account the multiple fat peaks in the MR spectrum, or address any T1 bias, 

particularly when a high flip angle is used. More comprehensive signal models have 

also been used for the quantification of liver fat [12,87,94,110,111,115,121,122]. The 

signal in each voxel in an MR image is the complex vector sum from mobile protons 

within that voxel. For a spoiled gradient echo acquisition, the signal at echo time t is 

given by: 

 

  S(t) ∝ |∑ ρn

sinα [1-e-TR.R1,n]

1 - cosα∙e-TR.R1,n
e-TE.R2,n

*
e2πifnTE

n | (6) 

 

where:  n indexes the number of the chemical moieties 

 ρ is the proton density 

 α is the acquisition flip angle 

 TR is the repetition time 

 R1 is the longitudinal relaxation rate 

 TE is the echo time  

 R2
* is the transverse relaxation rate of the tissue 

 fn is the Lamor precessional frequency [87]. 

 

For a tissue containing both normal liver tissue (approximated by water) and fat, the 

signal is  

 

  S(t) ∝ |ρW

sinα[1 - e-TR.R1,W]

1 - cosα∙e-TR.R1,W
e-TE.R2,W

*
+ρF

sinα[1 - e-TR.R1,F]

1 - cosα∙e-TR.R1,F
e-TE.R2,F

*
∑ cne2πi∆fnTE

n | (7) 

 

where:  ρW is the proton density of water 

 R1,W is the longitudinal relaxation rate of water 

 R2,W
*  is the transverse relaxation rate of water 

 ρF is the proton density of fat 

 R1,F is the longitudinal relaxation rate of fat  
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 R2,F
*  is the transverse relaxation rate of fat 

 cn is the fractional proton density of moiety 

 fn is the precession frequency of each fat moiety [87]. 

 

It is assumed that all of the proton moieties of fat have similar R2,F
*  values [81,98,118]. 

 

To simplify Equation 7, the following terms are defined: 

 

  SW = ρW sinα 
1 - e-TR∙R1,W

1 - cosα∙e-TR∙R1,W
 (8) 

 

  SF = ρF sinα 
1 - e-TR∙R1,F

1 - cosα∙e-TR∙R1,F
 (9) 

 

Substituting Equations 8 and 9 into Equation 7, the result is: 

 

  S(t) ∝ |SWe-TE.R2,W
*

 + SFe-TE.R2,F
*

∑ cne2πi∆fnTE
n | (10) 

 

This is commonly referred to as a bi-exponential, separate or dual decay signal model, 

since it is assumed that fat and water have different transverse relaxation rates. 

However, if it is assumed that the relaxation rates of fat and water are the same, i.e. 

 

  R2,W
*  = R2,F

*  = R2
* (11) 

 

Equation 10 becomes: 

 

  S(t) ∝ |SWe-TE.R2
*
 + SFe-TE.R2

*
∑ cne2πi∆fnTE

n | (12) 

 

This is commonly referred to as a mono-exponential, common or single decay signal 

model. 
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The MRI signal fat fraction is then given by: 

 

  SFF = 
|SFe-TE.R2

*
∑ cne2πi∆fnTE

n |

|SWe-TE.R2
*

 + SFe-TE.R2
*

∑ cne2πi∆fnTE
n |

 (13) 

 

If knowledge of MR spectrum of fat from previous studies is used, such as that shown 

in Table 2-3 to determine cn and fn, there are four unknown parameters in Equation 10 

(the terms SW, R2,W
* , SF, R2,F

* ), and these can be determined if at least four images are 

acquired at different echo times. In Equation 12, there are three unknown parameters 

(the terms SW, SF and R2
*), and these can be determined if at least three images are 

acquired at different echo times. 

 

The signal models in Equations 10 and 12 have both addressed T2
* decay since R2

* terms 

are included in the signal model, and also address the multiple peaks observed in the 

MR fat spectrum. This is in comparison to the 3 point Dixon signal model, which only 

addresses T2
* through calculating T2

* and correcting the signal fat fraction for T2
* decay.  

 

Note that neither of these signal models address T1 bias, unless the images are 

acquired with a low flip angle and a long repetition time. Instead, the measured MRI 

signal fat fractions will be calibrated to produce volumetric fat fraction measurements, 

where the volumetric fat fraction is the proportion of the liver volume occupied by fat. 

The relationship between the measured MRI signal fat fraction and the volumetric fat 

fraction is assumed to be: 

 

  SFF = 
k∙VFF

1 + k∙VFF - VFF
 (14) 

 

where:  VFF is the volumetric fat fraction 

 k is a constant [35,108].  

 

By plotting the measured MRI signal fat fraction against the volumetric fat fraction 

measured by using an image morphometry method on the liver biopsy tissue samples, 

the value of k for each signal model can be determined. This will then allow the 
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measured MRI signal fat fractions to be converted into volumetric fat fractions, as 

follows: 

 

  VFF = 
SFF

k - k∙SFF + SFF
 (15) 

 

Note that in Equations 14 and 15, the signal fat fraction and volume fat fraction are 

expressed as a fraction (i.e. they must have a value between 0 and 1). 

 

2.5 Quantitative iron MRI 

Current methods of quantifying the liver iron concentration are based on the effects of 

iron on the protons in tissue. The presence of iron in tissue shortens the relaxation 

times T2 and T2
* (and conversely increases the relaxation rates R2 and R2

*). This 

manifests on MR images as signal loss, as shown in Figure 2-4. Relaxometry measures 

the loss of signal over time, and fits a signal model to the data to calculate either T2/R2 

from spin echo images, or T2
*/R2

* from spoiled gradient echo acquisitions. 

 

 

Figure 2-4 In and out of phase images of a patient with a high liver iron concentration. Note the signal 
loss (dark areas) in the liver. The estimated liver iron concentration by FerriScan® for this patient was 
7.5 mg / g Fe dry weight. 

 

2.5.1 R2 relaxometry 

For R2 (or T2) methods, a spin echo sequence is performed with images acquired at 

increasing echo times. The signal intensity is then modelled as a function of echo time, 

and the signal decay rate R2 is calculated. The relaxation rate R2 increases with liver 

iron concentration in a curvilinear fashion – a higher R2 value corresponds to a higher 

liver iron concentration. A method based on R2 relaxometry, called FerriScan® 
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(Resonance Health, Perth, WA), has been approved for clinical use by the FDA. 

FerriScan® was assessed in more than 100 patients with liver iron concentration values 

ranging between 0.3 and 42.7 mg Fe / g dry weight, and was found to have high 

sensitivity and specificity, and to also be independent of scanner type [42,123]. 

Additionally, the presence of liver steatosis does not appear to confound the 

measurement of liver iron concentrations using FerriScan® [124].  

 

Five T2 weighted single spin echo sequences are acquired with varying echo times, and 

the images are sent for analysis. A single axial image that covers a large area of the 

liver is then selected, and the results are reported from this single image. A bi-

exponential model is used to estimate the R2 of the short and fast components and the 

initial intensity of these components at TE = 0 using the signal model [125]: 

 

  S(t) = SSlow(0)e-R2,Slowt + SFast(0)e-R2,Fastt (16) 

 

 where: SSlow(0) is the initial intensity of the slow relaxation component 

 SFast(0) is the initial intensity of the fast relaxation component 

 R2,Slow is the transverse relaxation rate of the slow relaxation component 

 R2,Fast is the transverse relaxation rate of the fast relaxation component 

 

A composite R2 value is reported, which is the weighted average of the two 

components: 

 

  R2=
SSlow(0)

SSlow(0) + SFast(0)
R2,Slow + 

SFast(0)

SSlow(0) + SFast(0)
R2,Fast (17) 

 

The relationship between R2 and liver iron concentration was found to be [42]: 

 

  R2 = 6.88 + 26.06LIC-0.701- 0.438LIC-1.402 (18) 

 

which can be re-written as: 
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  LIC= (29.75 - √900.7 - 2.283R2)

1.424

 (19) 

 

2.5.2 R2
* relaxometry 

There have been several R2
* relaxometry methods published for liver iron 

quantification [30-34,126], however none has yet been approved for commercial use 

[127]. Similar to R2 relaxometry, the MRI signal is measured over time, and the data is 

fitted to an R2
* based signal model. A variety of models have been used, in an attempt 

to address the confounding factors that influence R2
*. Two of these confounding factors 

are the noise floor and the presence of fat [40,127]. 

 

2.5.3 Noise floor 

When only magnitude information from the complex MR signal is fitted to a signal 

model, the distribution of noise is changed. Noise in magnitude images is frequently 

assumed to follow a Gaussian distribution, however this is not the case at low signal to 

noise ratios. For low signal to noise ratios, the distribution of noise in magnitude 

images actually follows a Rician distribution [128]. The result of this is that when signal 

models are fitted to magnitude images, there will be a “noise floor”, or in other words 

the noise will have a mean value greater than zero. The noise floor is not an issue for 

signal models fitted to complex signals, since the noise distribution continues to follow 

a Gaussian distribution [40,127]. If the noise floor is not addressed for magnitude 

based signal models, R2
* may be underestimated [40,41]. The most common method 

for addressing the noise floor is by truncation, where echoes at the end of the echo 

train that are considered to be below the noise level are discarded [30,32-34]. Another 

method is to approximate the noise floor as a constant offset [126], such as: 

 

  S(TE)=Ae-TE.R2
*
 + C (20) 

 

It is not yet clear if one method is superior to another when it comes to addressing the 

noise floor in magnitude signal models. 
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2.5.4 Presence of fat 

As mentioned in section 2.4, the MR signal from a voxel containing normal tissue and 

fat oscillates in and out of phase in a magnetic field. These oscillations are also 

observed during iron quantification if fat is present. There are two approaches to 

addressing the effects of fat in iron quantification. The first is to only acquire echoes 

when the water and the main methylene peak are in phase [111,127,129,130]. 

However, this means that the echoes are widely spaced (e.g. at 1.5 T the water and 

methylene peaks are in phase at 4.6 ms, 9.2 ms, 13.8 ms etc.), and in cases with high 

liver iron concentrations, the signal may have decayed significantly before the first 

echo, resulting in unreliable R2
* estimation [28,34,41]. Also, this method does not take 

into account the multiple fat peaks in the MR spectrum, which may affect the accuracy 

of R2
* measurements [90,129-131]. The second approach is to acquire images using fat 

suppression [30,34], however this approach suffers from the same drawbacks as using 

only the in phase echoes [40]. 

 

2.5.5 Relationship between liver iron concentration and R2
* 

Although there were differences in the acquisition parameters and signal models, 

studies that have published relationships between R2
* and liver iron concentration have 

found a linear relationship. These relationships are summarised in Table 2-4.  

 

Table 2-4 Summary of previously published calibration curves for the estimation of liver iron 

concentration from R2
*. 

Study Calibration Curve 

Wood et al. 2005 [126] LIC (mg Fe / g dry weight ) = 0.0254 x R2
* (s-1) + 0.202 

Christoforidis et al. 2009 [31] LIC (µmol Fe / g dry weight) = 0.851 x R2
* (s-1) + 0.202 

Hankins et al. 2009 [33] LIC (mg Fe / g dry weight ) = 0.028 x R2
* (s-1) + 0.454 

Garbowski et al. 2014 [32] LIC (mg Fe / g dry weight ) = 0.032 x R2
* (s-1) - 0.14 

Chan et al. 2014 [30] LIC (µmol Fe / g dry weight) = 0.80 x R2
* (s-1) - 44.1 

Henninger et al. 2015 [34] LIC (mg Fe / g dry weight ) = 0.024 x R2
* (s-1) + 0.277 

 

There are variations in the slope and y-intercept for the calibration curves for liver iron 

concentrations measured in both mg Fe / g dry weight and μml Fe / g dry weight. Note 

that these calibrations were all obtained using MRI scanners with a magnetic field 
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strength of 1.5 T. At a magnetic field strength of 3 T, the measured R2
* values are 

expected to be double those measured at 1.5 T [40,132]. 

 

2.6 Simultaneous quantification of liver fat & iron using MRI 

As mentioned in section 2.1.3, patients may have both fatty liver disease and iron 

overload. It is also known that the presence of iron can confound the quantification of 

fat, and that the presence of fat can confound the quantification of iron. The most 

popular MRI based method for the quantification of fat is based on multiecho spoiled 

gradient echo imaging with correction for T1 bias, R2
* estimation and the spectral 

complexity of fat. Since this method requires the estimation of R2
*, and there appears 

to be a linear relationship between R2
* and liver iron concentration, this appears to be a 

natural candidate for the simultaneous quantification of liver fat and iron. This would 

also allow for the quantification of two biomarkers from the same imaging sequence, 

rather than having to perform separate acquisitions for each biomarker. 

 

However, it is not clear if this method, which has been optimised for the quantification 

of liver fat, is also optimised for the quantification of liver iron. There are only a small 

number of studies that have been published investigating the simultaneous 

quantification of liver fat and iron, and they have shown mixed results 

[12,108,110,111,129,133-136] 
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3 METHODS 

3.1 Research participants  

This project was a retrospective analysis of data collected from two completed clinical 

trials. The study protocols were approved by Fremantle Hospital Human Research 

Ethics Committee and Sir Charles Gairdner Hospital Human Research Ethics 

Committee. Participants for these trials were recruited from hepatology outpatient 

clinics at Fremantle Hospital and Sir Charles Gairdner Hospital, Western Australia. 

Written informed consent was obtained from all of the participants in the trials. 

 

For the pilot study, 43 cases were identified from the clinical trials that had undergone 

biopsy and suitable MRI scans. Three were excluded since their liver biopsy histology 

slides were not available for image morphometry analysis, one was excluded since the 

MRI acquisition was incomplete, and another was excluded since the time between 

their biopsy and MRI was greater than five years. This left 38 cases remaining in the 

pilot study. 

 

For the pooled study, an additional 102 cases were identified that had undergone 

suitable MRI scans, including the five that were excluded from the pilot study. This 

brought the total number of cases in the pooled study to 140. 

 

3.2 Liver biopsy 

Percutaneous liver biopsy was performed with ultrasound guidance. 

 

3.2.1 Pathologist assessment 

The liver biopsy samples were reviewed by an experienced pathologist, who was 

blinded to the patient’s identity and MRI data. The percentage of hepatocytes 

containing macrovesicular fat droplets was estimated on a continuous scale between 0 

and 100%. This will be referred to as the pathologist fat fraction. The steatosis grade 

was determined according to the modified NASH Clinical Research Network Scoring 

System [63,64]. 
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3.2.2 Image morphometry analysis 

This method has previously been used, after being determined as the optimal method 

for image morphometry of histopathology slides [35]. Histopathology slides from the 

liver biopsies that had been stained using Masson’s trichrome stain were scanned in 

colour using an Aperio Scanscope XT automated slide scanner (Aperio Technologies 

Inc., Vista, California, USA) and ImageScope software (version 12.3.2.8013, Leica 

Biosystems Imaging, Inc., Vista, California, USA). The digital images were exported 

from ImageScope as TIFF (Tagged Image File Format) files and opened using ImageJ 

software (version 1.50i, National Institutes of Health, Bethesda, Maryland, USA). The 

colour image was split into the three colour channels (red, green and blue), and the 

image of the green channel was used in the morphometric analysis. In the green 

channel image, fat vacuoles, holes, tears, vessels, ducts and the slide background 

appear as white high intensity areas. By applying an intensity threshold of 220 (out of 

255), these areas are automatically selected, and a binary image is created. In the 

binary image, the fat vacuoles, holes, tears, vessels, ducts and the slide background are 

black, and the normal tissue is white. The vacuoles were then identified using the 

Analyze Particles tool in ImageJ. The size threshold was set between 100 and 10000 

pixels, and the circularity index was set between 0.5 and 1. The resulting mask image 

shows the fat vacuoles in the tissue sample as black on a white background. Using the 

Measure tool in ImageJ, the area of the fat vacuoles can be measured. To determine 

the area of the tissue sample, the binary image is inverted, so that the normal tissue is 

black, and the fat vacuoles, holes, tears, vessels, ducts and the slide background are 

white. The Fill Holes tool was used to fill in the areas of the fat droplets, and the area 

of the tissue sample was measured using the Measure tool. The image morphometry 

fat fraction was calculated as the area of fat vacuoles divided by the area of the tissue 

sample. This will be referred to as the histology fat fraction. For an example of the 

images obtained during the measurement of image morphometry fat fraction see 

Figure 2-1. 

 

3.3 MRI acquisition 

All MRI scans were acquired on Siemens 1.5 T Avanto scanners (Siemens Healthineers, 

Erlangen, Germany) at Fremantle Hospital, St John of God Murdoch Hospital, and 
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Hollywood Private Hospital in Perth, Western Australia. A phased-array torso coil was 

placed over the centre of the liver, and data from three axial slices, positioned through 

the widest part of the liver, were acquired in a single breath-hold. 

 

3.3.1 Simultaneous quantification image acquisitions 

Images were acquired using two multi echo Dixon spoiled gradient echo sequences; 

one with a flip angle of 20º, and another with a flip angle of 70º. In both sequences, 1 

excitation was used, 10 Dixon echoes were acquired at echo times (TEs) of 2.38 ms, 

4.76 ms, 7.14 ms, 9.52 ms, 11.90 ms, 14.28 ms, 16.66 ms, 19.04 ms, 21.42 ms, 

23.80 ms, with a repetition time (TR) of 88 ms, and a bandwidth of 500 Hz/pixel. The 

slice thickness was 4 mm, with 10 mm between adjacent image slices. The image 

matrix size was 256 x 256 over a field of view of 300 x 300 mm. 

 

3.3.2 Liver iron concentration image acquisitions 

The MRI scan also included an image acquisition sequence to measure the liver iron 

concentration using FerriScan®. The image processing required to measure the liver 

iron concentration had been done previously for the clinical trials, and these same 

measurements were used in this project. 

 

In summary, 11 axial images were acquired using a single spin echo sequence for each 

patient, with a slice thickness of 5 mm and a gap of 5 mm between adjacent slices. 

Echo times of 6, 9, 12, 15 and 18 ms were used, with a repetition time of 2500 ms. The 

field of view was adjusted for each patient. Further detail can be found in related 

FerriScan® publications [42,123,137]. 

 

3.4 Image processing 

3.4.1 3 point Dixon method 

The acquired DICOM images were opened using ImageJ software. A circular region of 

interest (ROI) with an area of 320 mm2 was placed on each echo image in the right 

lobe of the liver, avoiding large vessels and motion affected regions, an example is 

shown in Figure 3-1. 
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Figure 3-1 Example of the placement of the region of interest (yellow circle) in the liver. The ROI was 
placed in the right lobe of the liver, avoiding large vessels and motion artefacts. 

 

The average pixel value of the ROI was used to calculate the 3 point Dixon signal fat 

fraction using Equation 4, and T2
* was calculated using Equation 5. 

  

The T2
* values (in ms) were converted to R2

* (in s-1) by the following equation: 

 

  R2
*=

1000

T2
*  (21) 

 

3.4.2 Multi-echo Dixon method 

The FatMap® application from the Dive-In® platform (MagnePath, Perth, Western 

Australia) was used to determine the fat fraction and R2
* values for signal models with 8 

Dixon echoes. The first 8 of the 10 acquired Dixon echoes were used. The echoes were 

added to the input window of Dive-In®. The appropriate signal model was selected 

from the MR Parameter Mapping menu. The following signal models were used in this 

project: 

 

 Transverse Relaxation: Gradient Echo R2
*: Fat/Water (Common Decay) 

 Transverse Relaxation: Gradient Echo R2
*: Fat/Water (Separate Decay, 8 out/in-

phase TEs, Feature Preserved) 

 Transverse Relaxation: Gradient Echo R2
*: Fat/Water (Separate Decay, 8 out/in-

phase TEs, Artefact Reduced) 
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The common decay signal model used by Dive-In® was defined as: 

 

  I(TE)= |Iw(0)e-TE.R2
*
+If(0)(∑ ρie

jωiTE
i )e-TE.R2

*
| (22) 

 

And the separate decay signal model used by Dive-In® was defined as: 

 

  I(TE)= |Iw(0)e-TE.R2w
*

+If(0)(∑ ρie
jωiTE

i )e-TE.R2f
*

| (23) 

 

where: I(TE) is the pixel value for pixel x,y at time TE 

 IW(0) is the initial water signal intensity when TE = 0 ms 

 IF(0) is the initial fat signal intensity, when TE = 0 ms 

 R2,W
*  is the water R2

* decay rate in the separate decay signal model 

 R2,F
*  is the fat R2

* decay rate in the separate decay signal model 

 R2
* is the common R2

* decay rate for the common decay signal model 

 ρi is the relative amplitude of the fat moiety 

 ωi is the angular frequency of the fat moiety 

 

Note the similarities between Equations 12 and 22, as well as Equations 10 and 23. 

 

The signal fat fraction is then calculated by: 

 

  Signal Fat Fraction=
IF(0)

IF(0)+IW(0)
 (24) 

 

While it is not known exactly which model theDive-In® platform uses for the 

distribution and weighting of the different proton moieties in the fat spectrum, it is 

likely to be similar to that shown in Table 2-3. To distinguish between the different 

signal models, the following notation will be used for the signal models: flip angle (20º 

or 70º) / type of signal model (3 point Dixon, common or separate R2
*) / image 

processing applied (unprocessed or smoothed). For example, for data acquired with a 

20º flip angle and processed using the Transverse Relaxation: Gradient Echo R2
*: 

Fat/Water (Separate Decay, 8 out/in-phase TEs, Artefact Reduced) signal model from 

Dive-In® will be referred to as 20º / separate / smoothed. 
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The output parametric maps were exported from Dive-In® as DICOM images, examples 

of these for the separate decay signal model can be seen in Figure 3-2, and for the 

common signal decay model in Figure 3-3. The parametric maps were then opened 

using ImageJ, and the same ROIs that were used to obtain measurements from the 3 

point Dixon models were applied, and the average pixel value for each parametric map 

in the ROI was recorded.  

 

 

Figure 3-2 Examples of the Dive-In® parametric map outputs for the separate R2
* signal model. LEFT 

water R2
* CENTRE fat R2

* RIGHT signal fat fraction. 

 

 

Figure 3-3 Examples of the Dive-In® parametric map outputs for common R2
* signal models: LEFT R2

* 
RIGHT signal fat fraction. 

 

3.5 Statistical analysis 

All statistical analyses were performed using GraphPad Prism (version 7.0d for Mac OS 

X, GraphPad Software, La Jolla, CA, USA), with the exception of the multiple regression 

analysis, which was performed using SPSS (Version 25 for Macintosh, IBM Corporation, 

Armonk, NY, USA). 
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Continuous data was summarised by the median and range. Relationships between 

continuous parameters were assessed using the coefficient of determination (R2). 

Linear regression was used to determine the slope and y-intercept for the line of best 

fit for the relationships between histology fat fraction and pathologist fat fraction, 

volumetric fat fraction and histology fat fraction, as well as common R2
* and water R2

*. 

Non-linear regression was used to determine k in Equation 14 for the relationship 

between MRI signal fat fraction and histology fat fraction. Correlations between 

categorical variables were assessed using Spearman correlation coefficients. 

 

The methods of Bland and Altman [138,139] were used to assess the bias and 95% 

limits of agreement between the volumetric fat fraction and histology fat fraction, R2
* 

and water R2
*. 

 

Receiver operating characteristic (ROC) curve analysis was used to assess the 

performance of MRI signal fat fraction and volumetric fat fraction for predicting the 

histology fat fraction and steatosis grade, as well as R2
* for predicting the liver iron 

concentration. The thresholds were identified by the cut-off that produced the highest 

combined sum of sensitivity and specificity. 

 

Multiple regression analysis was performed to determine the independent variables 

(MRI signal fat fraction and liver iron concentration) that significantly predicted the 

outcome variable (R2
*). 

 

A p value less than 0.05 was considered statistically significant.  
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4 RESULTS 

4.1 Research participants  

For the pilot study, 38 cases were identified from 34 research participants. Four of the 

participants underwent two sets of procedures approximately 18 months apart, before 

and after an intervention. A summary of the characteristics of the participants in pilot 

study is shown in Table 4-1. The data set is not complete for all participants, with some 

data missing such as diagnosis, steatosis grade and/or pathologist fat fraction.  

 

Table 4-1 Characteristics of the research participants in the pilot study. 

Age at biopsy (years), median (range) 57 (38 – 68) 

Gender (female / male) 18 / 16 

Time between biopsy and MRI (days), median (range) 104 (11 – 737) 

FerriScan liver iron concentration (mg Fe / g dry tissue), median (range) 0.7 (0.3 – 2.7) 

Diagnosis (n)  

Non-alcoholic steatohepatitis 14 

Non-alcoholic fatty liver disease 4 

Hepatitis B virus 3 

Hepatitis C virus 2 

Autoimmune hepatitis 2 

Alcoholic liver disease 1 

Normal 1 

Hepatitis C virus & hereditary hemochromatosis 1 

Unknown 6 

 

For the pooled study, the 140 cases were from 97 research participants, with 47 of the 

participants having a second MRI scan at least six months after the first MRI scan. A 

summary of the characteristics of the participants in the pooled study is shown in 

Table 4-2. The 97 additional research participants in the pooled study had all been 

diagnosed with non-alcoholic fatty liver disease. 
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Table 4-2 Characteristics of the research participants in the pooled study. 

Age at biopsy (years), median (range) 54 (30 – 74) 

Gender (female / male) 41 / 56 

FerriScan liver iron concentration (mg Fe / g dry tissue), median (range) 1.0 (0.3 – 7.5) 

 

The median age, and the range of ages of the participants, in the pilot study was 

slightly lower than those in the pooled study. The proportion of female participants 

was higher in the pilot study than the pooled study. The participants from the pilot 

study covered a wide range of diagnoses. This will allow the assessment of fat and iron 

quantification over a range of conditions, rather than focusing on a single condition. 

The pilot study had lower median and maximum liver iron concentrations than the 

pooled study. In the pilot study, there are only two cases with liver iron concentrations 

higher than 1.8 mg Fe / g dry tissue (which is the upper 95% limit of normal liver iron 

concentration), whereas in the pooled study, there are 15 cases that have liver iron 

concentrations higher than 1.8 mg Fe / g dry tissue. 

 

4.2 Liver biopsy results 

There were three cases in the pilot study that had been scored as steatosis grade 2, 

however the percentage of hepatocytes containing macrovesicular fat were greater 

than 66%, which corresponds to steatosis grade 3 according to the NASH Clinical 

Research Network scoring system. The steatosis grade was changed to match the 

percentage of hepatocytes in each case, as detailed in the following table: 

 
Table 4-3 Details of cases where the steatosis grade was corrected to match the pathologist’s estimate 
of the percentage of hepatocytes containing macrovesicular fat. 

Case Pathologist Fat Fraction Original Steatosis Grade 
Corrected Steatosis 

Grade 

IIRON01 006 visit 2 70 2 3 

IIRON01 014 visit 1 80 2 3 

IIRON01 016 visit 1 85 2 3 
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A pathological assessment of steatosis grade was available for 34 cases in the pilot 

study. The pathologist fat fraction was available for 26 cases in the pilot study. A 

summary of the measurements made from the biopsies is shown in Table 4-4. 

 

Table 4-4 Summary of the measures made from the liver biopsy tissue samples for the pathologist’s fat 
fraction, steatosis grade and histology fat fraction. 

Measurement n Median (range) 

Pathologist fat fraction 26 40% (0 – 95%) 

Steatosis grade 34 2 (0 – 3) 

Histology fat fraction 38 6.8% (0.2 – 21.6%) 

 

It can be seen that the ranges of the pathologist fat fraction and the steatosis grade 

cover the full range that is seen clinically. The median pathologist fat fraction was 

several times higher than the median histology fat fraction, and the range of the 

pathologist’s fat fraction was wider than the range of the histology fat fraction. The 

distributions of the pathologist’s fat fraction and histology fat fraction by steatosis 

grade are illustrated in Figure 4-1 and Figure 4-2 respectively. 
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Figure 4-1 Distribution of the pathologist fat fraction by steatosis grade. Note that the range of the 
pathologist fat fraction and steatosis grade cover the full range seen in vivo. 
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Figure 4-2 Distribution of the histology fat fraction by steatosis grade. Note that there is some overlap in 
the histology fat fraction between adjacent steatosis grades. 

 

To determine the relationship between the pathologist fat fraction and histology fat 

fraction, linear regression analysis was used. A plot of the histology fat fraction against 

the pathologist fat fraction is shown in Figure 4-3.  
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Figure 4-3 Plot of histology fat fraction against the pathologist’s fat fraction, with the line of best fit 
(Equation 25) shown. 

 

There was a strong linear relationship, indicated by the high coefficient of 

determination (R2 = 0.85). From the analysis, the line of best fit was found to be: 

 

 Histology Fat Fraction = 0.15 x Pathologist’s Fat Fraction + 0.66 (25) 

 

The strong relationship between the pathologist fat fraction and histology fat fraction 

is confirmed by the high correlation between the steatosis grade and the histology fat 

fraction. The Spearman correlation coefficient was 0.93 (p < 0.0001).  

 

To assess the performance of the histology fat fraction for predicting the steatosis 

grade, receiver operator characteristic curve analysis was used. The results are 

summarised in Table 4-5. 
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Table 4-5 Results from the receiver operator characteristic curve analysis for assessing the performance 
of the histology fat fraction for predicting steatosis grade. 

Steatosis grade HFF  
AUROC 
[95% CI] 

p 
Sensitivity 
[95% CI] 

Specificity 
[95% CI] 

Grade 0 v 1 – 3 2.8 0.98 [0.94, 1.02] < 0.0001 92 [75, 99] 100 [63, 100] 

Grade 0 – 1 v 2 – 3 5.0 0.98 [0.94, 1.02] < 0.0001 100 [83, 100] 93 [66, 100] 

Grade 0 – 2 v 3 7.8 0.99 [0.98, 1.01] < 0.0001 100 [77, 100] 95 [75, 100] 

 

The histology fat fraction had high area under the receiver operator characteristic 

curve (AUROC), as well as high sensitivity and specificity at each of the three steatosis 

grade cut-offs. The steatosis grade cut-offs for grades 1, 2 and 3 correspond with 

histology fat fractions of 2.8%, 5.0% and 7.8% respectively. 

 

4.3 Parametric map noise  

In general, the parametric maps produced by Dive-In® for the separate R2
* signal 

models were very noisy compared to the maps for the common R2
* signal model. Figure 

4-4 is a typical example of the R2
* and signal fat fraction parametric maps for the 

different signal models from a case in the pilot study.  
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Figure 4-4 Parametric maps produced by Dive-In® showing that separate R2
* signal models are noisier 

than common R2
* signal models. For the common R2

* signal model, the R2
* and fat fraction maps show 

lower noise than those produced using separate R2
* signal models. For the separate R2

* signal models, the 
noise was reduced by smoothing the parametric maps. 

 

Figure 4-4 shows that the separate R2
* unprocessed parametric maps have more noise, 

and the common R2
* parametric maps have less noise. The fat R2

* maps have more 

noise, while the water R2
* and common R2

* maps contain much less noise. The water R2
* 

map has similar levels of noise as the common R2
* map. The signal fat fraction 

parametric map for the separate R2
* smoothed signal models has similar levels of noise 

compared to the signal fat fraction parametric map for the common R2
* smoothed 

signal model.  
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These observations are confirmed quantitatively by comparing the average standard 

deviation from all 38 cases in the pilot study for each parametric map. Table 4-6 shows 

the results from the common decay signal models, and Table 4-7 shows the results for 

the separate decay signal models. A higher average standard deviation indicates more 

noise in the parametric map. 

 

Table 4-6 Average standard deviations for the parametric maps produced by Dive-In® for the common 

R2
* signal models for the pilot study 

Signal Model MRI R2
* Signal Fat Fraction 

20º / common / smoothed 2.3 1.3 

70º / common / smoothed 2.7 1.8 

 

Table 4-7 Average standard deviations for the parametric maps produced by Dive-In® for the separate 

R2
* signal models for the pilot study 

Signal Model Fat R2
* Water R2

* Signal Fat Fraction 

20º / separate / unprocessed 65.0 6.3 9.4 

20º / separate / smoothed 27.2 1.7 1.0 

70º / separate / unprocessed 42.8 4.8 6.0 

70º / separate / smoothed 28.9 2.6 2.0 

 

The average standard deviation for the signal fat fraction parametric maps is highest 

for the separate R2
* unprocessed parametric maps, and the average standard deviation 

for the common R2
* signal fat fraction map is similar to the separate R2

* smoothed signal 

fat fraction map. The fat R2
* parametric maps from the separate R2

* signal models have 

much higher average standard deviations than either the water R2
* maps from the 

separate R2
* signal models or the common R2

* maps from the common R2
* signal model. 

The average standard deviation of the R2
* maps from the common R2

* signal models is 

slightly higher than the average standard deviation of the water R2
* maps from the 

separate R2
* smoothed signal models. 

 

Table 4-7 shows that applying smoothing to the parametric maps was successful in 

reducing the amount of noise in the parametric maps. The amount of noise in the 

common R2
* smoothed signal model parametric maps was similar to that seen in the 

separate R2
* smoothed signal model.  
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The parametric map smoothing option from Dive-In® (signal models marked as 

Artefact Reduced in the MR Parameter Mapping menu) was introduced after 

inspecting early results. This option smoothed the parametric maps after they have 

been produced, in an attempt to prevent the appearance of an artefact. The original 

signal model (Feature Preserved) produced parametric maps that contained pixel 

values greater than 65 000. Since these values were several orders of magnitude larger 

than the other pixel values within the same ROI, it is not likely that these values are 

true values, but instead outliers from potentially unrestrained parameter settings used 

in the fitting routine. Whenever pixel values greater than 65 000 in any parametric 

map were found within a region of interest, they were excluded. An example of the 

distribution of pixel values within an ROI containing anomalous pixel values is shown in 

Figure 4-5, from a fat R2
* parametric map. If the anomalous pixel values are included, 

the average R2
* within the ROI is 2304 s-1, and if the anomalous pixel values are 

excluded, the average R2
* within the ROI is 24.3 s-1. The lower R2

* is within the range of 

values expected for this case. 

 

 

Figure 4-5 Example of the distribution of pixel values within an ROI from a fat R2
* parametric map 

produced by Dive-In®. 
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4.4 MRI signal fat fraction 

Figure 4-6 shows the distribution of the signal fat fractions for each signal model in the 

pilot study, with the histology fat fraction shown for reference. 

 

 

Figure 4-6 Distribution of MRI signal fat fractions for the different signal models in the pilot study. The 
histology fat fraction is also shown for reference. Note the variation in the median and range of signal 
fat fractions for the different signal models and flip angles. 

 

For each signal model, the median and range of signal fat fractions were higher for the 

70º flip angle acquisitions than for the 20º flip angle acquisitions. For each flip angle, 

the signal model that had the lowest median and range of signal fat fractions was the 3 

point Dixon method. The signal model with the highest median signal fat fraction for 

each flip angle was the separate R2
* unprocessed signal model. The highest range of 

signal fat fractions for each flip angle was observed for the common R2
* smoothed 

signal models. For the separate R2
* signal models, smoothing reduced the median and 

range of the signal fat fractions. 
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4.4.1 Performance of MRI signal fat fraction for predicting steatosis grade  

The results from the receiver operator characteristic (ROC) curve analyses are 

summarised in Table 4-8 for steatosis grade 0 versus 1 – 3, Table 4-9 for steatosis 

grade 0 – 1 versus 2 – 3, and Table 4-10 for steatosis grade 0 – 2 versus 3. The p value 

for testing the null hypothesis that the AUROC is equal to 0.5 for all signal models and 

steatosis grade cut-offs was < 0.001, indicating that the MRI signal fat fraction can be 

used to discriminate cases with more or less fat at each steatosis grade cut-off. The 

analyses show that the MRI signal fat fractions had high AUROC, and good sensitivities 

and specificities at all three steatosis grade cut-offs.
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Table 4-8 Analysis of the area under the receiver operating curve for the performance of the MRI signal fat fraction for predicting the steatosis grade for steatosis grade 0 versus 1 
- 3. 

MRI Signal Model AUROC [95% CI] p Threshold Sensitivity [95% CI] Specificity [95% CI] 

20º / 3 point Dixon 0.93 [0.85, 1.02] <0.0001 8.4 81 [61, 93] 100 [63, 100] 

20º / separate / unprocessed 0.91 [0.82, 1.01] 0.0005 17.9 77 [56, 91] 100 [63, 100] 

20º / separate / smoothed 0.95 [0.88, 1.02] 0.0001 9.5 89 [70, 98] 100 [63, 100] 

20º / common / smoothed 0.95 [0.88, 1.02] 0.0002 9.5 85 [65, 96] 100 [63, 100] 

70º / 3 point Dixon 0.94 [0.85, 1.02] 0.0002 10.7 85 [65, 96] 100 [63, 100] 

70º / separate / unprocessed 0.92 [0.83, 1.02] 0.0004 14.2 85 [65, 96] 100 [63, 100] 

70º / separate / smoothed 0.93 [0.84, 1.02] 0.0003 12.2 85 [65, 96] 100 [63, 100] 

70º / common / smoothed 0.94 [0.86, 1.02] 0.0002 13.8 85 [65, 96] 100 [63, 100] 

Table 4-9 Analysis of the area under the receiver operating curve for the performance of the MRI signal fat fraction for predicting the steatosis grade for steatosis grade 0 – 1 
versus 2 - 3. 

MRI Signal Model AUROC [95% CI] p Threshold Sensitivity [95% CI] Specificity [95% CI] 

20º / 3 point Dixon 0.97 [0.92, 1.02] <0.0001 10.2 90 [68, 99] 93 [66, 100] 

20º / separate / unprocessed 0.94 [0.86, 1.01] <0.0001 17.9 90 [68, 99] 86 [57, 98] 

20º / separate / smoothed 0.96 [0.91, 1.02] <0.0001 15.4 80 [56, 94] 100 [77, 100] 

20º / common / smoothed 0.97 [0.92, 1.02] <0.0001 12.7 90 [68, 99] 93 [66, 100] 

70º / 3 point Dixon 0.95 [0.89, 1.02] <0.0001 18.6 80 [56, 94] 100 [77, 100] 

70º / separate / unprocessed 0.95 [0.88, 1.01] <0.0001 23.3 80 [56, 94] 100 [77, 100] 

70º / separate / smoothed 0.95 [0.88, 1.01] <0.0001 20.7 80 [56, 94] 100 [77, 100] 

70º / common / smoothed 0.96 [0.9, 1.02] <0.0001 18.4 90 [68, 99] 93 [66, 100] 
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Table 4-10 Analysis of the area under the receiver operating curve for the performance of the MRI signal fat fraction for predicting the steatosis grade for steatosis grade 0 – 2 
versus 3. 

MRI Signal Model AUROC [95% CI] p Threshold Sensitivity [95% CI] Specificity [95% CI] 

20º / 3 point Dixon 0.97 [0.92, 1.02] <0.0001 13.7 100 [77, 100] 90 [68, 99] 

20º / separate / unprocessed 0.95 [0.88, 1.02] <0.0001 22.6 93 [66, 100] 95 [75, 100] 

20º / separate / smoothed 0.97 [0.92, 1.02] <0.0001 15.4 100 [77, 100] 90 [68, 99] 

20º / common / smoothed 0.98 [0.93, 1.02] <0.0001 17.4 100 [77, 100] 90 [68, 99] 

70º / 3 point Dixon 0.98 [0.94, 1.02] <0.0001 18.6 100 [77, 100] 90 [68, 99] 

70º / separate / unprocessed 0.97 [0.93, 1.02] <0.0001 23.3 100 [77, 100] 90 [68, 99] 

70º / separate / smoothed 0.97 [0.92, 1.02] <0.0001 20.7 100 [77, 100] 90 [68, 99] 

70º / common / smoothed 0.98 [0.94, 1.02] <0.0001 24.8 100 [77, 100] 90 [68, 99] 
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4.4.2 Performance of MRI signal fat fraction for predicting histology fat fraction  

A similar analysis was repeated, to assess the performance of the MRI signal fat 

fraction for predicting the steatosis grade, except in this analysis the steatosis grade 

was determined using the histology fat fraction cut-off values taken from Table 4-5. 

The results from the receiver operator characteristic (ROC) curve analyses are 

summarised in Table 4-11 for steatosis grade 0 versus 1 - 3, Table 4-12 for steatosis 

grade 0 - 1 versus 2 – 3, and Table 4-13 for the steatosis grades 0 – 2 versus 3. The p 

value for testing the null hypothesis that the area under the receiver operator curve 

(AUROC) is equal to 0.5 for all signal models and steatosis grade cut-offs was < 0.0001, 

indicating that the MRI signal fat fraction can be used to discriminate cases with more 

or less fat at each steatosis grade cut-off. The analyses show that the MRI signal fat 

fractions had high AUROC, and good sensitivities and specificities at all three steatosis 

grade cut-offs. 

 

The results from the ROC analysis for predicting the steatosis grade are similar to those 

for predicting the histology fat fraction. The 95% confidence intervals of the AUROC, 

sensitivity and specificity of the results in Table 4-8 to Table 4-10 were compared to 

the results presented in those in Table 4-11 to Table 4-13. There were overlaps 

between the AUROC, sensitivity and specificity for each signal model at each steatosis 

grade cut-off. The differences are due to some cases having been assigned a steatosis 

grade based on the histology fat fraction that was different to the steatosis grade 

assigned by the pathologist. 

 

There was no statistically significant difference in the AUROC between any of the 

different signal models at any of the steatosis grade cut offs. The AUROC were highest 

in each signal model at the steatosis grade 0 – 2 versus 3 cut-off. The sensitivity for 

each signal model was also highest at the steatosis grade 0 – 2 versus 3 cut-off. The 

specificity for the 20º flip angle acquisitions was lowest at the steatosis grade 0 – 2 

versus 3 cut-off (with the exception of the 20º / separate / unprocessed signal model, 

which had the lowest specificity at the steatosis grade 0 – 1 versus 2 – 3 cut-off). For 

the 70º flip angle acquisitions, the specificity of each signal model was highest for 

steatosis grade 0 – 1 versus 2 – 3. The thresholds for the 3 point Dixon signal models 

are lower than the thresholds for the Dive-In® signal models. For the 20º / separate / 



47 

unprocessed signal model, the thresholds were the same for steatosis grade 0 versus 1 

– 3 as steatosis grades 0 – 1 versus 2 – 3.  



48 

Table 4-11 Analysis of the area under the receiver operating curve for the performance of the MRI signal fat fraction for predicting the steatosis grade based on the histology fat 
fraction, using a histology fat fraction cut off of 2.8%. 

MRI Signal Model AUROC [95% CI] p Threshold Sensitivity [95% CI] Specificity [95% CI] 

20º / 3 point Dixon 0.93 [0.84, 1.01] <0.0001 8.4 85 [65, 96] 100 [74, 100] 

20º / separate / unprocessed 0.94 [0.87, 1.01] <0.0001 17.9 81 [61, 93] 100 [74, 100] 

20º / separate / smoothed 0.93 [0.85, 1.01] <0.0001 11.1 77 [56, 91] 100 [74, 100] 

20º / common / smoothed 0.96 [0.90, 1.02] <0.0001 9.5 89 [70, 98] 100 [74, 100] 

70º / 3 point Dixon 0.92 [0.83, 1.01] <0.0001 8.1 92 [75, 99] 83 [52, 98] 

70º / separate / unprocessed 0.95 [0.88, 1.02] <0.0001 13.6 89 [70, 98] 92 [62, 100] 

70º / separate / smoothed 0.92 [0.83, 1.01] <0.0001 8.8 92 [75, 99] 83 [52, 98] 

70º / common / smoothed 0.94 [0.87, 1.01] <0.0001 17.4 77 [56, 91] 100 [74, 100] 

Table 4-12 Analysis of the area under the receiver operating curve for the performance of the MRI signal fat fraction for predicting the steatosis grade based on the histology fat 
fraction, using a histology fat fraction cut off of 5.0%. 

MRI Signal Model AUROC [95% CI] p Threshold Sensitivity [95% CI] Specificity [95% CI] 

20º / 3 point Dixon 0.94 [0.84, 1.03] <0.0001 10.2 86 [65, 97] 100 [79, 100] 

20º / separate / unprocessed 0.95 [0.89, 1.01] <0.0001 17.9 91 [71, 99] 94 [70, 100] 

20º / separate / smoothed 0.96 [0.90, 1.01] <0.0001 12.3 82 [60, 95] 100 [79, 100] 

20º / common / smoothed 0.95 [0.88, 1.02] <0.0001 12.7 86 [65, 97] 100 [79, 100] 

70º / 3 point Dixon 0.93 [0.84, 1.02] <0.0001 16.0 82 [60, 95] 100 [79, 100] 

70º / separate / unprocessed 0.95 [0.90, 1.01] <0.0001 21.3 77 [55, 92] 100 [79, 100] 

70º / separate / smoothed 0.92 [0.83, 1.01] <0.0001 18.6 77 [55, 92] 100 [79, 100] 

70º / common / smoothed 0.94 [0.86, 1.02] <0.0001 18.4 86 [65, 97] 100 [79, 100] 
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Table 4-13 Analysis of the area under the receiver operating curve for the performance of the MRI signal fat fraction for predicting the steatosis grade based on the histology fat 
fraction, using a histology fat fraction cut off of 7.8%. 

MRI Signal Model AUROC [95% CI] p Threshold Sensitivity [95% CI] Specificity [95% CI] 

20º / 3 point Dixon 0.99 [0.96, 1.01] <0.0001 13.7 100 [78, 100] 96 [78, 100] 

20º / separate / unprocessed 0.97 [0.92, 1.02] <0.0001 22.6 93 [68, 100] 96 [78, 100] 

20º / separate / smoothed 0.99 [0.96, 1.01] <0.0001 15.4 100 [78, 100] 96 [78, 100] 

20º / common / smoothed 0.99 [0.97, 1.01] <0.0001 17.4 100 [78, 100] 96 [78, 100] 

70º / 3 point Dixon 0.99 [0.96, 1.02] <0.0001 18.6 100 [78, 100] 96 [78, 100] 

70º / separate / unprocessed 0.99 [0.97, 1.01] <0.0001 23.3 100 [78, 100] 96 [78, 100] 

70º / separate / smoothed 0.98 [0.95, 1.02] <0.0001 20.7 100 [78, 100] 96 [78, 100] 

70º / common / smoothed 0.99 [0.96, 1.01] <0.0001 24.8 100 [78, 100] 96 [78, 100] 
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4.5 Volumetric fat fraction 

As discussed in section 2.4.4, the relationship between the measured MRI signal fat 

fraction and the volume fraction of fat is not expected to be linear. Figure 4-7 shows a 

plot of the MRI signal fat fraction against the histology fat fraction, with a solid line 

showing the fit of Equation 14, for two of the signal models in the pilot study. Values of 

the constant k from Equation 14 for each of the signal models are summarised in Table 

4-14, and plots for the remaining signal models can be found in the appendix (Figure 

7-1 and Figure 7-2). 

 

Figure 4-7 Plot of MRI signal fat fraction against histology fat fraction with the curve from Equation 14 
shown as a solid line. LEFT 20º flip angle / 3 point Dixon signal model. RIGHT 20º flip angle / common 
decay / smoothed signal model. 

 

Table 4-14 Values of k determined by fitting Equation 14 to the plots of MRI signal fat fraction against 
histology fat fraction for each of the signal models 

Signal Model k [95% CI] R
2
 

20º / 3 point Dixon 1.9 [1.6, 2.1] 0.72 

20º / separate / unprocessed 3.5 [3.0, 4.1] 0.54 

20º / separate / smoothed 2.2 [1.9, 2.5] 0.73 

20º / common / smoothed 2.5 [2.2, 2.9] 0.76 

70º / 3 point Dixon 2.7 [2.3, 3.1] 0.71 

70º / separate / unprocessed 4.0 [3.4, 4.7] 0.79 

70º / separate / smoothed 3.2 [2.7, 3.7] 0.70 

70º / common / smoothed 3.9 [3.3, 4.6] 0.72 
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The coefficients of determination are good, indicating a good fit to the data, with the 

exception of the 20º / separate / unprocessed signal model. For each flip angle, the 

signal models with the lowest value of k are the 3 point Dixon signal models, and the 

signal models with the highest value of k are the separate R2
* signal models. For each 

signal model, with the exception of the unprocessed signal models, the value of k is 

statistically higher for the 70º flip angle acquisition than the 20º flip angle acquisition. 

Also, the values of k are slightly higher, but not statistically different, for the common 

R2
* smoothed signal models compared to the separate R2

* smoothed signal models.  

 

Using Equation 15, as well as the values of k for each signal model, the MRI signal fat 

fraction can be used to calculate a volumetric fat fraction. Figure 4-8 shows the 

distribution of the volumetric fat fractions for each signal model in the pilot study, with 

the histology fat fraction shown for reference. 

 

 

Figure 4-8 Distribution of volumetric fat fractions for the signal models in the pilot study. The histology 
fat fraction is also shown for reference. Note that the median and range of volumetric fat fractions are 
closer to the histology fat fraction than the MRI signal fat fractions in Figure 4-6. 
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As expected, Figure 4-8 shows that the volumetric fat fractions now have medians and 

ranges much closer to the histology fat fraction than the MRI signal fat fractions. The 

relationships observed between the median and range of the MRI signal fat fraction on 

flip angle or signal model are not observed with the volumetric fat fractions. 

 

4.5.1 Relationship between volumetric fat fraction and histology fat fraction 

Linear regression analysis was used to investigate the relationship between the 

volumetric fat fraction and the histology fat fraction, and these results are summarised 

in Table 4-15. Plots of volumetric fat fraction against the histology fat fraction for two 

of the signal models from the pilot study are shown in Figure 4-9. Plots for the other 

signal models can be found in the appendix (Figure 7-3 for the 3 point Dixon signal 

models, Figure 7-4 for the 8 Dixon echo common decay signal models, Figure 7-5 for 

the 8 Dixon echo separate decay signal models acquired with a flip angle of 20º and 

Figure 7-6 for the 8 Dixon echo separate decay signal models acquired with a flip angle 

of 70º).  

 

Table 4-15 Linear regression analysis showing a strong relationship between the volumetric fat fraction 
and the histology fat fraction for participants in the pilot study. 

Signal Model Equation Slope [95% CI] 
Y Intercept 

[95% CI] 
R

2
 

20º / 3 point Dixon Y = 0.9 X + 1.1 0.9 [0.7, 1.1] 1.1 [-0.5, 2.8] 0.72 

20º / separate / unprocessed Y = 0.7 X + 2.7 0.7 [0.5, 0.9] 2.7 [1.1, 4.2] 0.66 

20º / separate / smoothed Y = 0.9 X + 1.2 0.9 [0.7, 1.1] 1.2 [-0.4, 2.9] 0.72 

20º / common / smoothed Y = 0.9 X + 0.9 0.9 [0.7, 1.1] 0.9 [-0.8, 2.5] 0.73 

70º / 3 point Dixon Y = 0.9 X + 1.3 0.9 [0.7, 1.1] 1.3 [-0.4, 3.0] 0.70 

70º / separate / unprocessed Y = 0.9 X + 1.5 0.9 [0.7, 1.1] 1.5 [-0.3, 3.3] 0.66 

70º / separate / smoothed Y = 0.9 X + 1.2 0.9 [0.7, 1.1] 1.2 [-0.6, 3.0] 0.68 

70º / common / smoothed Y = 0.9 X + 0.8 0.9 [0.7, 1.2] 0.8 [-1.3, 2.8] 0.65 

 

The p value for testing the null hypothesis that the slope is zero (i.e. there is no linear 

relationship between volumetric fat fraction and histology fat fraction) for all signal 

models in the pilot study was p < 0.0001. The coefficients of determination are high, 

with the 20º flip angle acquisitions having higher coefficients of determination than 

the corresponding 70º flip angle acquisitions. Since the 95% confidence intervals of the 
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slope of the line of best fit contain the value of 1, and the 95% confidence intervals for 

the y-intercept of the line of best fit contain the value of 0, there is insufficient 

evidence to reject the null hypothesis that y = x for most of the signal models, except 

for the 20º / separate R2
* / unprocessed signal model. For this signal model, the 95% 

confidence interval of the slope only contains values less than 1, and the 95% 

confidence interval of the y intercept only contains values greater than 0. 

 

Figure 4-9 Relationship between volumetric fat fraction and histology fat fraction for two of the signal 
models in the pilot study. TOP 20º flip angle / 3 point Dixon signal model. BOTTOM 20º / separate / 
unprocessed signal model. LEFT Plots of volumetric fat fraction against histology fat fraction, with the 
line of best fit shown as a solid line, and the line of equality (y = x) shown as a dotted line. RIGHT Plot of 
the difference (calculated as volumetric fat fraction - histology fat fraction) against the average fat 
fraction with the mean difference shown as a solid line, and the upper and lower 95% limits of 
agreement shown as dotted lines. 

 

To investigate the agreement between the volumetric fat fraction and the histology fat 

fraction, Bland Altman analysis was used, and the results are summarised in Table 

4-16. For each signal model, the difference between the volumetric fat fraction and 
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the histology fat fraction (calculated by volumetric fat fraction – histology fat fraction) 

was plotted against the average of the two fat fractions. Plots of the difference against 

the average for two of the signal models are shown in Figure 4-9. Plots for the 

remaining signal models can be found in the appendix (Figure 7-3 for the 3 point Dixon 

signal models, Figure 7-4 for the 8 Dixon echo common decay signal models, Figure 7-5 

for the 8 Dixon echo separate decay signal models acquired with a flip angle of 20º and 

Figure 7-6 for the 8 Dixon echo separate decay signal models acquired with a flip angle 

of 70º). 

 

Table 4-16 Summary of the Bland Altman analysis of the agreement between the volumetric liver fat 
fraction and the histology fat fraction, where the difference was calculated as volumetric liver fat 
fraction – histology fat fraction. 

Signal Model Bias [95% CI] 
Lower Limit of 

Agreement [95% CI] 
Upper Limit of 

Agreement [95% CI] 

20º / 3 point Dixon 0.3 [-0.7, 1.4] -5.9 [-7.7, -4.1] 6.5 [4.7, 8.3] 

20º / separate / unprocessed 0.7 [-0.4, 1.8] -5.7 [-7.6, -3.9] 7.2 [5.3, 9.0] 

20º / separate / smoothed 0.3 [-0.7, 1.4] -5.8 [-7.6, -4.0] 6.5 [4.7, 8.3] 

20º / common / smoothed 0.2 [-0.8, 1.2] -5.9 [-7.7, -4.1] 6.3 [4.6, 8.1] 

70º / 3 point Dixon 0.4 [-0.7, 1.4] -6.1 [-8.0, -4.2] 6.8 [4.9, 8.7] 

70º / separate / unprocessed 0.5 [-0.7, 1.6] -6.4 [-8.4, -4.4] 7.4 [5.4, 9.4] 

70º / separate / smoothed 0.4 [-0.8, 1.5] -6.4 [-8.3, -4.4] 7.1 [5.1, 9.0] 

70º / common / smoothed 0.3 [-1.0, 1.6] -7.3 [-9.5, -5.1] 7.9 [5.7, 10.1] 

 

There were no statistically significant correlations between the difference and the 

average fat fraction. The 95% confidence interval of the bias for each signal model 

contains the value of 0, indicating that there is no statistically significant bias between 

the volumetric liver fat fraction and the histology fat fraction. The bias for all of the 

signal models is very small. The largest biases for each flip angle correspond to the 

separate R2
* unprocessed signal models. The interval between the lower 95% limit of 

agreement and the upper 95% limit of agreement is at most 15%.  

 

4.5.2 Performance of the volumetric fat fraction for predicting steatosis grade 

To assess the performance of the volumetric fat fraction for predicting the steatosis 

grade, the receiver operator curve analysis was repeated for the volumetric fat 
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fraction compared to the steatosis grade. The results are summarized in Table 4-17 for 

steatosis grade 0 versus 1 – 3, Table 4-18 for steatosis grade 0 – 1 versus 2 – 3, and 

Table 4-19 for steatosis grade 0 – 2 versus 3. The AUROCs, sensitivity and specificity 

were identical to the results assessing the performance of the MRI signal fat fraction 

for predicting the steatosis grade (Table 4-8,Table 4-9 and Table 4-10). The only 

differences between the results of these analyses were that the values of the cut-off 

thresholds were different. 
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Table 4-17 Analysis of the area under the receiver operating curve for the performance of the volumetric fat fraction for predicting the steatosis grade for steatosis grades 0 versus 
1 – 3. 

MRI Signal Model AUROC [95% CI] p Threshold Sensitivity [95% CI] Specificity [95% CI] 

20º / 3 point Dixon 0.93 [0.85, 1.02] <0.0001 4.7 81 [61, 93] 100 [63, 100] 

20º / separate / unprocessed 0.91 [0.82, 1.01] 0.0005 5.9 77 [56, 91] 100 [63, 100] 

20º / separate / smoothed 0.95 [0.88, 1.02] 0.0001 4.6 89 [70, 98] 100 [63, 100] 

20º / common / smoothed 0.95 [0.88, 1.02] 0.0002 4.1 85 [65, 96] 100 [63, 100] 

70º / 3 point Dixon 0.93 [0.85, 1.02] 0.0003 4.3 85 [65, 96] 100 [63, 100] 

70º / separate / unprocessed 0.93 [0.83, 1.02] 0.0003 3.9 85 [65, 96] 100 [63, 100] 

70º / separate / smoothed 0.93 [0.84, 1.02] 0.0003 4.3 85 [65, 96] 100 [63, 100] 

70º / common / smoothed 0.94 [0.86, 1.02] 0.0002 3.9 85 [65, 96] 100 [63, 100] 

Table 4-18 Analysis of the area under the receiver operating curve for the performance of the volumetric fat fraction for predicting the steatosis grade for steatosis grades 0 – 1 
versus 2 – 3. 

MRI Signal Model AUROC [95% CI] p Threshold Sensitivity [95% CI] Specificity [95% CI] 

20º / 3 point Dixon 0.97 [0.92, 1.02] <0.0001 5.8 90 [68, 99] 93 [66, 100] 

20º / separate / unprocessed 0.94 [0.86, 1.01] <0.0001 5.9 90 [68, 99] 86 [57, 98] 

20º / separate / smoothed 0.96 [0.91, 1.02] <0.0001 7.7 80 [56, 94] 100 [77, 100] 

20º / common / smoothed 0.97 [0.92, 1.02] <0.0001 5.5 90 [68, 99] 93 [66, 100] 

70º / 3 point Dixon 0.95 [0.89, 1.02] <0.0001 7.9 80 [56, 94] 100 [77, 100] 

70º / separate / unprocessed 0.95 [0.88, 1.01] <0.0001 7.1 80 [56, 94] 100 [77, 100] 

70º / separate / smoothed 0.95 [0.88, 1.01] <0.0001 7.6 80 [56, 94] 100 [77, 100] 

70º / common / smoothed 0.96 [0.9, 1.02] <0.0001 5.45 90 [68, 99] 93 [66, 100] 
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Table 4-19 Analysis of the area under the receiver operating curve for the performance of the volumetric fat fraction for predicting the steatosis grade for steatosis grades 0 – 2 
versus 3. 

MRI Signal Model AUROC [95% CI] p Threshold Sensitivity [95% CI] Specificity [95% CI] 

20º / 3 point Dixon 0.97 [0.92, 1.02] <0.0001 7.8 100 [77, 100] 90 [68, 99] 

20º / separate / unprocessed 0.95 [0.88, 1.02] <0.0001 7.7 93 [66, 100] 95 [75, 100] 

20º / separate / smoothed 0.97 [0.92, 1.02] <0.0001 7.7 100 [77, 100] 90 [68, 99] 

20º / common / smoothed 0.98 [0.93, 1.02] <0.0001 7.8 100 [77, 100] 90 [68, 99] 

70º / 3 point Dixon 0.98 [0.94, 1.02] <0.0001 7.9 100 [77, 100] 90 [68, 99] 

70º / separate / unprocessed 0.97 [0.93, 1.02] <0.0001 7.1 100 [77, 100] 90 [68, 99] 

70º / separate / smoothed 0.97 [0.92, 1.02] <0.0001 7.6 100 [77, 100] 90 [68, 99] 

70º / common / smoothed 0.98 [0.94, 1.02] <0.0001 7.8 100 [77, 100] 90 [68, 99] 
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4.5.3 Performance of the volumetric fat fraction for predicting the histology fat 
fraction  

To assess the performance of the volumetric fat fraction for predicting the steatosis 

grade based on the histology fat fraction, the receiver operator curve analysis in 

section 4.4.2 was repeated. The results are summarized in Table 4-20 for steatosis 

grade 0 versus 1 – 3,Table 4-21 for steatosis grade 0 – 1 versus 2 – 3, and  

Table 4-22 for steatosis grade 0 – 2 versus 3. The AUROCs, sensitivity and specificity 

were identical to the results assessing the performance of the MRI signal fat fraction 

for predicting the histology fat fraction (Table 4-11, Table 4-12 and Table 4-13), except 

for the values of the cut-off thresholds. As expected the volumetric fat fraction cut-off 

values are now much closer to the histology fat fraction cut-off values than the MRI 

signal fat fraction cut-off values. There is also much less variation in the volumetric fat 

fraction cut-off values between signal models at each steatosis grade cut-off. 
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Table 4-20 Analysis of the area under the receiver operating curve for the performance of the volumetric fat fraction for predicting the steatosis grade based on the histology fat 
fraction, using a histology fat fraction cut-off of 2.8%. 

MRI Signal Model AUROC [95% CI] p Threshold Sensitivity [95% CI] Specificity [95% CI] 

20º / 3 point Dixon 0.93 [0.84, 1.01] <0.0001 4.7 85 [65, 96] 100 [74, 100] 

20º / separate / unprocessed 0.94 [0.87, 1.01] <0.0001 5.9 81 [61, 93] 100 [74, 100] 

20º / separate / smoothed 0.93 [0.85, 1.01] <0.0001 5.4 77 [56, 91] 100 [74, 100] 

20º / common / smoothed 0.96 [0.90, 1.02] <0.0001 4.6 89 [70, 98] 100 [74, 100] 

70º / 3 point Dixon 0.92 [0.83, 1.01] <0.0001 3.2 92 [75, 99] 83 [52, 98] 

70º / separate / unprocessed 0.95 [0.88, 1.02] <0.0001 3.9 89 [70, 98] 92 [62, 100] 

70º / separate / smoothed 0.92 [0.83, 1.01] <0.0001 3.0 92 [75, 99] 83 [52, 98] 

70º / common / smoothed 0.94 [0.87, 1.01] <0.0001 5.1 77 [56, 91] 100 [74, 100] 

Table 4-21 Analysis of the area under the receiver operating curve for the performance of the volumetric fat fraction for predicting the steatosis grade based on the histology fat 
fraction, using a histology fat fraction cut-off of 5.0%. 

MRI Signal Model AUROC [95% CI] p Threshold Sensitivity [95% CI] Specificity [95% CI] 

20º / 3 point Dixon 0.94 [0.84, 1.03] <0.0001 5.8 86 [65, 97] 100 [79, 100] 

20º / separate / unprocessed 0.95 [0.89, 1.01] <0.0001 5.9 91 [71, 99] 94 [70, 100] 

20º / separate / smoothed 0.96 [0.90, 1.02] <0.0001 6.0 82 [60, 95] 100 [79, 100] 

20º / common / smoothed 0.95 [0.88, 1.02] <0.0001 6.3 86 [65, 97] 100 [79, 100] 

70º / 3 point Dixon 0.93 [0.84, 1.02] <0.0001 6.7 82 [60, 95] 100 [79, 100] 

70º / separate / unprocessed 0.95 [0.90, 1.01] <0.0001 6.3 77 [55, 92] 100 [79, 100] 

70º / separate / smoothed 0.92 [0.83, 1.01] <0.0001 6.8 77 [55, 92] 100 [79, 100] 

70º / common / smoothed 0.94 [0.86, 1.02] <0.0001 5.5 86 [65, 97] 100 [79, 100] 
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Table 4-22 Analysis of the area under the receiver operating curve for the performance of the volumetric fat fraction for predicting the steatosis grade based on the histology fat 
fraction, using a histology fat fraction cut-off of 7.8%. 

MRI Signal Model AUROC [95% CI] p Threshold Sensitivity [95% CI] Specificity [95% CI] 

20º / 3 point Dixon 0.99 [0.96, 1.01] <0.0001 7.8 100 [78, 100] 96 [78, 100] 

20º / separate / unprocessed 0.97 [0.92, 1.02] <0.0001 7.7 93 [68, 100] 96 [78, 100] 

20º / separate / smoothed 0.99 [0.96, 1.01] <0.0001 7.7 100 [78, 100] 96 [78, 100] 

20º / common / smoothed 0.99 [0.97, 1.01] <0.0001 8.8 100 [78, 100] 96 [78, 100] 

70º / 3 point Dixon 0.99 [0.96, 1.01] <0.0001 7.9 100 [78, 100] 96 [78, 100] 

70º / separate / unprocessed 0.99 [0.97, 1.01] <0.0001 7.1 100 [78, 100] 96 [78, 100] 

70º / separate / smoothed 0.98 [0.95, 1.02] <0.0001 7.6 100 [78, 100] 96 [78, 100] 

70º / common / smoothed 0.99 [0.96, 1.01] <0.0001 7.8 100 [78, 100] 96 [78, 100] 
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The AUROCs, sensitivity and specificity were identical to the results assessing the 

performance of the volumetric fat fraction for predicting the steatosis grade (Table 

4-11, Table 4-12 and Table 4-13). The only differences between the results of these 

analyses were that the values of the cut-off thresholds were different. 

 

The results from the ROC analysis for predicting the steatosis grade are similar to those 

for predicting the histology fat fraction. The 95% confidence intervals of the AUROC, 

sensitivity and specificity of the results in Table 4-17 to Table 4-19 were compared to 

the results presented in those in Table 4-20 to Table 4-22. There were overlaps 

between the AUROC, sensitivity and specificity for each signal model at each steatosis 

grade cut-off. The differences are due to some cases having been assigned a steatosis 

grade based on the histology fat fraction that was different to the steatosis grade 

assigned by the pathologist. 

 

4.5.4 Pooled study 

The purpose of the pilot study was to investigate the impact on the quantification of 

liver fat of the various signal models and image processing methods, and also to assess 

their performance against the histology fat fraction. Three of these signal models were 

selected for further investigation in the pooled study. Separate R2
* signal models were 

excluded due to the high levels of noise observed, these results were presented in 

section 4.3. The common R2
* signal model, acquired with a flip angle of 20º was chosen, 

since it was less noisy than the common R2
* signal model acquired with a flip angle of 

70º, which was shown in Table 4-6. There was also less bias observed in the 20º signal 

model compared to the 70º signal model, which was shown in Table 4-16. The 3 point 

Dixon signal models (for both flip angles) were also chosen for the pooled study, to 

enable comparison between simple and more complex signal models. 

 

There is no ‘gold standard’ to compare the volumetric fat fractions against, since there 

is no biopsy information for most of the participants in the pooled study. Two of the 

volumetric fat fractions were compared to the volumetric fat fraction of the 20º / 

common R2
* / smoothed signal model. This signal model was chosen as the surrogate 

gold standard since it was the least biased signal model, as shown in Table 4-16. The 

results of the linear regression analysis for the two other signal models against the 20º 
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/ common R2
* / smoothed signal model volumetric fat fraction are shown in Table 4-23. 

Plot of the volumetric fat fraction for the other two signal models against the 20º / 

common R2
* / smoothed signal model signal model are shown in Figure 4-10. 

 

Table 4-23 Linear regression analysis showing a strong relationship between the MRI signal fat fractions 
compared to the 20º flip angle / 3 point Dixon MRI signal fat fraction in the pooled study. 

Signal Model Equation Slope [95% CI] 
Y Intercept [95% 

CI] 
R

2
 

20º / 3 point Dixon Y = 0.99 X + 0.12 0.99 [0.96, 1.01] 0.19 [-0.03, 0.41] 0.98 

70º / 3 point Dixon Y = 0.92 X + 0.63 0.92 [0.87,0.98] 0.63 [0.15, 1.11] 0.89 

 

 

Figure 4-10 Relationship between volumetric fat fractions for the three signal models in the pooled 

study. TOP 20º / 3 point Dixon volumetric fat fraction compared to the 20º / common R2
* / smoothed 

volumetric fat fraction. BOTTOM 70º / 3 point Dixon volumetric fat fraction compared to the 20º / 

common R2
* / smoothed volumetric fat fraction. LEFT Plots of volumetric fat fraction against 20º / 

common R2
* / smoothed volumetric fat fraction, with the line of best fit shown as a solid line, and the 

line of equality (y = x) shown as a dotted line. RIGHT Plot of the difference (calculated as volumetric fat 
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fraction - 20º / common R2
* / smoothed volumetric fat fraction) against the average fat fraction with the 

mean difference shown as a solid line, the upper and lower 95% limits of agreement shown as dotted 
lines. 

 

There are very strong relationships between the volumetric fat fractions, with high 

coefficients of determination. There is more scatter around the line of best fit for the 

70º / 3 point Dixon signal model than for the 20º / 3 point Dixon signal model. For the 

20º / 3 point Dixon signal model the 95% confidence interval of the slop of the line of 

best fit contains the value 1, and the 95% confidence interval of the y-intercept of the 

line of best fit contains the value 0. Therefore there is insufficient evidence to reject 

the null hypothesis that y = x, where y is the volumetric fat fraction from the 20º / 3 

point Dixon signal model, and x is the volumetric fat fraction from the 20º / common / 

smoothed signal model. For the 70º / 3 point Dixon signal model the 95% confidence 

interval of the slope of the line of best fit only contains values less than 1, and the 95% 

confidence interval of the y-intercept of the line of best fit only contains values greater 

than 0. Therefore for the 70º / 3 point Dixon signal model there is sufficient evidence 

to reject the null hypothesis that y = x, where y is the volumetric fat fraction from the 

70º / 3 point Dixon signal model, and x = the volumetric fat fraction from the 20º / 

common / smoothed signal model. 

 

To investigate the agreement between the volumetric fat fractions, the methods of 

Bland & Altman were used [138]. Again, the 20º flip angle / common / smoothed signal 

model volumetric fat fraction was used as the surrogate gold standard. For the two 

comparison signal models, the difference (calculated by comparison volumetric fat 

fraction – 20º / common / smoothed volumetric fat fraction) was plotted against the 

average fat fraction. The corresponding plots are shown in Figure 4-10. A summary of 

the results from the Bland Altman analysis for the signal models from the pooled study 

is shown in Table 4-24. 
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Table 4-24 Summary of the Bland Altman analysis of agreement between the comparison volumetric fat 
fractions and the 20º flip angle / 3 point Dixon volumetric fat fraction in the pooled study. 

Signal Model Bias [95% CI] 
Lower Limit of 

Agreement [95% CI] 
Upper Limit of 

Agreement [95% CI] 

20º / 3 point Dixon 0.1 [-0.2, 0.3] -1.4 [-1.8, -1.0] 1.6 [1.1, 2.0] 

70º / 3 point Dixon 0.1 [-0.5, 0.6] -3.3 [-4.3, -2.3] 3.4 [2.5, 4.4] 

 

The 95% confidence interval of the bias contain the value 0 for both of the comparison 

signal models, suggesting that there is no statistically significant bias between the 

comparison volumetric fat fractions and the 20º / common / smoothed volumetric fat 

fraction. The range of the limits of agreement for the 20º / 3 point Dixon signal model 

are smaller than the range of the limits of agreement for the 70º / 3 point Dixon signal 

model. This reflects the larger scatter around the line of best fit seen in the plot of the 

70º / 3 point Dixon volumetric fat fraction against the 20º / common / smoothed 

volumetric fat fraction. For each of the comparison signal model, there are 3 points 

that fall outside of the limits of agreement. 

 

4.6 R2
* summary 

The distribution of the R2
* values from the pilot study are shown below. Figure 4-11 

shows the R2
* for the 3 point Dixon and 8 Dixon echo common R2

* signal models, Figure 

4-12 shows the distribution of water R2
* for the 8 Dixon echo separate R2

* signal models 

and Figure 4-13 shows the distribution of fat R2
* for the 8 Dixon echo separate R2

* signal 

models. 
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Figure 4-11 Distribution of R2
* values from the 3 point Dixon and Dive-In® common decay signal models 

in the pilot study. 

 

Both of the 3 point Dixon signal models have produced R2
* values less than 0, which 

cannot be true values. The median R2
* values are higher for the Dive-In® signal models 

than the 3 point Dixon signal models. The range of R2
* values is greater for the 3 point 

Dixon signal models than the Dive-In® signal models. For each signal model, the 

median and range of R2
* values is greater for the 70º flip angle acquisitions than for the 

20º flip angle acquisitions. 
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Figure 4-12 Distribution of water R2
* values from the Dive-In® separate decay signal models in the pilot 

study. 

 

The median and range of water R2
* from the separate decay signal models appear 

similar to the R2
* values from the common decay signal models produced by Dive-In®. 

For each flip angle, smoothing the parametric maps slightly decreased the median 

water R2
* value, while also increasing the range of water R2

*. As with the common R2
* 

measurements, the water R2
* measurements were highest in each signal model for the 

70º flip angle acquisition than for the 20º flip angle acquisition. 
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Figure 4-13 Distribution of fat R2
* values from the Dive-In® separate decay signal models in the pilot 

study. 

 

The fat R2
* parametric maps were the noisiest maps produced by Dive-In®, and this can 

be seen in the wide range of fat R2
* values observed in the pilot study. Smoothing the 

parametric maps reduced the range of fat R2
* values observed for the signal models, as 

well as the median fat R2
* values. For each signal model, the median fat R2

* were lower 

for the 70º flip angle acquisitions than for the 20º flip angle acquisitions. 
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Figure 4-14 Distribution of R2
* from the 3 point Dixon and 20º / common / smoothed signal models in the 

pooled study. 

 

The distributions of R2
* from signal models in the pooled study are shown in Figure 

4-14. As with the pilot study, in the pooled study both of the 3 point Dixon signal 

models produced R2
* less than 0, which cannot be true values. The median R2

* is higher 

for the Dive-In® common R2
* signal models than the 3 point Dixon signal models. The 

range of R2
* values is greater for the 3 point Dixon signal models than the Dive-In® 

common R2
* signal models. For the 3 point Dixon signal model, the median and range of 

R2
* values is greater for the 70º flip angle acquisitions than for the 20º flip angle 

acquisitions. The range of R2
* values for each signal model is higher in the pooled study 

than the pilot study. 

 

4.6.1 Relationship between water R2
* and common R2

* 

The relationship between R2
* from the common R2

* signal models and water R2
* from the 

separate R2
* signal models was investigated using linear regression and Bland Altman 

analyses. For each flip angle, water R2
* from the separate R2

* / smoothed signal model 

was compared to R2
* from the common R2

* / smoothed signal model. Table 4-25 shows 
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the results of the linear regression analysis. Plots of R2
* against water R2

* are shown in 

Figure 4-15. 

 

Table 4-25 Results from the linear regression analysis investigating the relationship between R2
* from the 

common decay signal model to water R2
* from a separate decay signal model in the pilot study. 

Signal model Line of best fit 
Slope 

[95% CI] 
Y intercept 

[95% CI] 
R

2
 

20º flip angle W = 0.7 R2* + 8.5 0.7 [0.6, 0.9] 8.5 [3.0, 14.0] 0.65 

70º flip angle W = 0.9 R2* + 3.9 0.9 [0.8, 1.1] 3.9 [-1.1, 8.9] 0.84 

 

 
Figure 4-15 Relationship between R2

* from the common R2
* signal model and water R2

* from the separate 

R2
* signal model for in the pilot study. TOP 20º flip angle acquisitions. BOTTOM 70º flip angle 

acquisitions. LEFT R2
* from the common R2

* signal model plotted against water R2
* from the separate 

R2
*signal model. RIGHT Difference (calculated as R2

* - water R2
*) against the average R2

*. 
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The p value for testing the null hypothesis that the slope is zero (i.e. there is no linear 

relationship between R2
* and water R2

*) was p < 0.0001. The coefficients of 

determination are moderate and high, indicating a strong relationship between R2
* and 

water R2
*. The 95% confidence interval for the slope of the line of best fit contains the 

value of 1 for the 70º flip angle acquisitions. For the 20º flip angle acquisitions, the 

95% confidence intervals only contain values less than 1. The 95% confidence interval 

for the y intercept contains the value of 0 for the 70º flip angle acquisitions. For the 

20º flip angle acquisitions, the 95% confidence intervals only contain values greater 

than 1. 

 

The agreement between R2
* and water R2

* was assessed, where the difference 

(calculated as R2
* - water R2

*) was plotted against the average R2
*. A summary of the 

results is shown in Table 4-26. 

 

Table 4-26 Results from Bland Altman analysis investigating the difference between R2
* from the 

common R2
* signal model to water R2

* from a separate R2
* signal model in the pilot study. 

Signal model Bias [95% CI] 
Lower 95% limit of 

agreement 
[95% CI] 

Upper 95% limit of 
agreement 

[95% CI] 

20º flip angle 0.5 [-0.6, 1.6] -6.1 [-8.0, -4.2] 7.2 [5.2, 9.1] 

70º flip angle 1.3 [-0.3, 2.2] -4.5 [-6.2, -2.8] 7.0 [5.4, 8.7] 

 

The results from the Bland Altman analysis show that there is no statistically significant 

difference between R2
* and water R2

* for either flip angle. The bias for the 70º flip angle 

data is slightly higher, but not statistically different, to the bias from the 20º flip angle 

data. The range between the upper and lower 95% limits of agreement is slightly wider 

for the 20º flip angle data than for the 70º flip angle data. 

 

4.7 Relationship between R2
*, liver iron concentration and signal fat fraction 

4.7.1 Pilot study 

To investigate the relationship between R2
*, liver iron concentration, and signal fat 

fraction, plots of R2
* against liver iron concentration, as well as R2

* against MRI signal fat 

fraction were constructed. Linear regression analysis was used to determine if there 

was a statistically significant linear relationship between the parameters, and also to 
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calculate the coefficients of determination. Spearman correlation coefficients were 

calculated for the relationship between fat R2
* and MRI signal fat fraction, since it 

appeared that the relationship between these parameters was not linear. Figure 4-16 

shows the relationships for the 3 point Dixon signal models, Figure 4-17 shows the 

relationships for the Dive-In® common decay signal models, and Figure 4-18 shows the 

relationships for the 20º flip angle / separate decay / smoothed signal models. Plots for 

the remaining signal models can be found in the appendix (Figure 7-7, Figure 7-8, 

Figure 7-9 and Figure 7-10). 

 

 

Figure 4-16 Relationships between R2
*, liver iron concentration and MRI signal fat fraction for the 3 point 

Dixon signal models in the pilot study. TOP 20º / 3 point Dixon signal model. BOTTOM 70º / 3 point 

Dixon signal model. LEFT Relationship between R2
* and liver iron concentration. RIGHT Relationship 

between R2
* and signal fat fraction. 
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Figure 4-17 Relationships between R2
*, liver iron concentration and MRI signal fat fraction for the Dive-

In® common R2
* signal models in the pilot study. TOP 20º / common / smoothed signal model. BOTTOM 

70º / common / smoothed signal model. LEFT Relationship between R2
* and liver iron concentration. 

RIGHT Relationship between R2
* and signal fat fraction. 

 

These results show that there is a weak, but statistically significant positive 

relationship between the liver iron concentration and R2
* for the 3 point Dixon signal 

models, and also the 70º flip angle / common decay / smoothed signal model. The 

relationship between liver iron concentration and R2
* for the 20º flip angle / common 

decay / smoothed signal model is not statistically significant. There is a strong, 

statistically significant negative relationship between signal fat fraction and R2
* for the 

3 point Dixon signal models. For the Dive-In® common decay signal models, there is a 

weak, but statistically significant positive relationship between the signal fat fraction 

and R2
*. 
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There is a weak, but statistically significant positive relationship between water R2
* and 

liver iron concentration for all of the separate decay signal models, except for the 70º 

flip angle / separate decay / smoothed signal model. There is no statistically significant 

relationship between water R2
* and signal fat fraction. There is no statistically 

significant relationship between fat R2
* and liver iron concentration. There is a negative 

relationship between fat R2
* and signal fat fraction, but it does not appear to be a linear 

relationship. The Spearman correlation coefficients were moderate to high, and 

statistically significant for all signal models. The highest fat R2
* values were observed for 

the lowest signal fat fractions. The fat R2
* values then appear to reach a constant value 

at high fat fractions. 

 

 
Figure 4-18 Relationships between R2

*, liver iron concentration and MRI signal fat fraction for the 20º / 
separate / smoothed signal model in the pilot study. There is a statistically significant relationship 

between water R2
* and liver iron concentration (top left), as well as between fat R2

* and MRI signal fat 
fraction (bottom right). 
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4.7.2 Pooled study 

Plots of R2
* against liver iron concentration and MRI signal fat fraction were constructed 

using the data from the pooled study. These are shown in Figure 4-19. The coefficients 

of determination are higher in the pooled study than in the pilot study. There is a 

weak, but statistically significant, positive relationship between R2
* and liver iron 

concentration for all three signal models. There is a weak, but statistically significant, 

negative relationship between R2
* and signal fat fraction for both of the 3 point Dixon 

signal models. There is no statistically significant relationship between R2
* and signal fat 

fraction for the 20º / common / smoothed signal model. 
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Figure 4-19 Relationships between R2
*, liver iron concentration and MRI signal fat fraction in the pooled 

study. LEFT Plots of R2
* against liver iron concentration. RIGHT Plots of R2

* agasinst signal fat fraction. TOP 
20º / 3 point Dixon signal model. MIDDLE 20º / common / smoothed signal model. BOTTOM 70º / 3 
point Dixon signal model. 
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Multiple regression analysis was performed using the data from the pooled study. R2
* 

was the dependent variable, with liver iron concentration and MRI signal fat fraction 

the independent variables. This analysis was not done with the data from the pilot 

study due to the smaller sample size. The results from the multiple regression analysis 

are shown in Table 4-27. 
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Table 4-27 Results from the multiple regression analysis, showing the coefficient of determination, unstandardized coefficients, standardised coefficients and the statistical 
significance for the three signal models in the pooled study. 

  Unstandardized Coefficients Standardized Coefficients p 

MRI Signal Model R
2
 

Liver Iron 
Concentration 

Signal fat fraction Constant 
Liver Iron 

Concentration 
Signal fat 
fraction 

Liver Iron 
Concentration 

Signal fat 
fraction 

20º / 3 point Dixon 0.58 13.7 [11.1, 16.3] -0.8 [-1.0, -0.5] 22.1 [17.0, 27.3] 0.60 -0.35 0.00 0.00 

20º / common / smoothed 0.28 7.3 [5.2, 9.3] 0.1 [-0.1, 0.2] 27.1 [23.0, 31.3] 0.55 0.08 0.00 0.30 

70º / 3 point Dixon 0.64 16.6 [13.6, 19.6] -1.0 [-1.2, -0.7] 25.4 [19.2, 31.6] 0.57 -0.44 0.00 0.00 
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The multiple regression analysis show moderately high coefficients of determination 

for the 3 point Dixon signal models. The coefficient of determination is lower for the 

20º / common / smoothed signal model. For this signal model, the signal fat fraction 

was not found to be a statistically significant predictor of R2
*. For the 3 point Dixon 

signal models, the signal fat fraction was a statistically significant predictor of R2
*. For 

all three signal models, the liver iron concentration was a statistically significant 

predictor of R2
*. For all signal models, the magnitude of the standardized coefficients 

was greater for the liver iron concentration variable than the signal fat fraction 

variable. 

 

There were small, but not statistically significant differences in the unstandardized 

coefficients between the two 3 point Dixon signal models. The magnitude of the 

unstandardized coefficients was larger for the 70º / 3 point Dixon signal model than 

the 20º / 3 point Dixon signal model. The magnitude of the standardized coefficients 

was statistically smaller for the 20º / common / smoothed signal model compared to 

both of the 3 point Dixon signal models. The exception to this was for the constant, 

which was slightly higher, but not statistically different, from the constant for the 3 

point Dixon signal models. 

 

The relationships between R2
* and liver iron concentration was not investigated further 

due to the statistically significant relationship between R2
* and signal fat fraction for 

the 3 point Dixon signal models, and the low coefficient of determination for the 20º / 

common / smoothed signal model.  

 

4.8 R2
* performance against liver iron concentration 

The results from the ROC curve analyses are summarised in Table 4-28, using a liver 

iron concentration cut off of 1.8 mg / g dry tissue. This was only performed using data 

from the pooled study. The pilot study had a much smaller sample size, and only two 

cases in the pilot study had liver iron concentrations above 1.8 mg / g dry tissue. Other 

liver iron concentration thresholds were not assessed in the pooled study since there 

were only two cases where the liver iron concentration exceeded the threshold of 3.2 

mg/g dry tissue (the suggested lower limit of the optimal range of liver iron 
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concentrations for chelation therapy in patients with transfusional iron overload), and 

only one case where the liver iron concentration exceeded the threshold of 7.0 mg/g 

(the suggested upper limit of the optimal range of liver iron concentrations for patients 

with transfusional iron overload and threshold for increased risk of complications). 

 

Table 4-28 Analysis of the area under the receiver operator curve for the MRI R2
* using the liver iron 

concentration cut off of 1.8 mg Fe / g dry tissue. 

MRI Signal Model 
R2
* 

Threshold 

AUC 
[95% CI] 

p 
Sensitivity 
[95% CI] 

Specificity 
[95% CI] 

20º / 3 point Dixon 36.0 0.76 [0.62, 0.91] 0.0006 69 [41, 89] 80 [72, 87] 

20º / common / smoothed 35.5 0.80 [0.69, 0.90] 0.0001 81 [54, 96] 64 [55, 72] 

70º / 3 point Dixon 31.1 0.79 [0.64, 0.93] 0.0002 81 [54, 96] 72 [63, 79] 

 

The areas under the curve were similar for all three signal models. The R2
* thresholds 

for the 20º flip angle signal models are almost identical, whereas the threshold for the 

70º / 3 point Dixon signal model is slightly lower. The sensitivity is lowest, and the 

specificity is highest, for the 20º / 3 point Dixon signal model. The 20º / common / 

smoothed and 70º / 3 point Dixon signal models have the same sensitivity, and the 70º 

/ 3 point Dixon signal model has the higher specificity. 
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5 DISCUSSION 

5.1 Quantification of liver fat using MRI 

Project aim: 

2. Assess and compare the performance of different MRI acquisition parameters 

and signal models for the quantification of liver fat against biopsy fat 

measurements. 

 

5.1.1 Performance of the MRI signal fat fraction against the histology fat fraction 

Despite the signal models having different levels of noise and bias (which will be 

discussed below), all of the calibrated signal models in the pilot study performed well 

for predicting the steatosis grade and the steatosis grade based on the histology fat 

fraction. Since there did not appear to be statistically significant differences in the 

AUROC, sensitivity or sensitivity when the steatosis grade was determined by the 

histology fat fraction, the following discussion will focus on the results from the ROC 

analyses presented in Table 4-11, Table 4-12 and Table 4-13. There were small, but not 

statistically significant, differences in the areas under the receiver operator 

characteristic curve between signal models at the steatosis grade cut-offs. The areas 

under the receiver operator characteristic curve were lowest (AUROC = 0.92 – 0.96) at 

the histology fat fraction corresponding to the steatosis grade 0 versus grade 1 to 3 

cut-off. At this cut off point, there is only one published study that has lower area 

under the receiver operator curve of 0.87 [140], for patients with moderate or severe 

fibrosis. Two studies have AUROCs that fall within the range reported in the pilot study 

[12,90], and the remainder have higher area under the receiver operator curves 

[20,21,112,140,141]. The sensitivity of the different signal models in the pilot study at 

this cut off was 77% – 92%, which falls within the range reported in previous studies 

[12,20,21,25,90,112,140,141]. The specificity of the different signal models in the pilot 

study at this cut off was 83% – 100%, which falls within the range reported in previous 

studies [12,20,21,25,90,112,140,141]. There is only one study that has reported a 

lower sensitivity or specificity at this cut off, and that was for a 2 point Dixon signal 

model that did not correct for T2
* decay [25]. 
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The areas under the receiver operator characteristic curve in the pilot study were 

highest (AUROC = 0.97 – 0.99) at the histology fat fraction corresponding to the 

steatosis grade 0 to 2 versus 3 cut-off. This is higher than the AUROCs reported for 

previous studies at this cut off [16,17,20,21,141], with the exception of one study [12] 

that had a specificity of 100%. It should be noted that in some of these studies, the cut 

offs were determined by using the lowest threshold value which produced a specificity 

greater than 90% [16,17,20,21]. The sensitivity at this cut off in the pilot study was 

100% for all of the signal models in the pilot study except for the 20º / separate / 

unprocessed signal model that had a sensitivity of 93%. There is only one published 

study with a sensitivity of 100% at this steatosis grade cut-off [12], the remaining 

published studies have reported sensitivities lower than that found in the pilot study 

[16,17,20,21,141]. The specificity for all signal models at this cut off is 96%. There is 

one study with higher reported specificity [12], however most of the previous studies 

have reported specificities lower than this [16,17,20,21,141]. This is not surprising 

since most of these studies chose the threshold based on a specificity greater than 

90%, as mentioned above.  

 

The signal fat fraction thresholds for the steatosis grade 0 versus 1 – 3 cut-off are 

higher in the pilot study than those reported in the literature [12,20,21,90,140,141]. In 

comparison, the signal fat fraction thresholds for the steatosis grade 0 – 1 versus 2 – 3 

and grade 0 – 2 versus 3 cut-offs in the pilot study are within the range previously 

reported [12,14,16,17,20,21,140,141]. This suggests that signal models in this study 

have amplified the lower fat fraction the lower fat fractions more than the higher fat 

fractions. 

 

There have been mixed results from studies comparing common and separate R2
* signal 

models for fat quantification in the literature. Some studies have found common R2
* 

signal models to be more accurate [81,98,116], some have found separate R2
* signal 

models to be more accurate [94], and others have found no major difference between 

the two methods [121,142]. Although the performance of the common and separate 

R2
* signal models in the pilot study were similar, which would suggest that there is no 

advantage to using either the common or separate R2
* signal models in this study; 
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higher levels of noise were observed in the separate R2
* signal models, which may 

interfere with accurate quantification. 

 

Although all of the signal models perform similarly well, that does not mean that the 

signal models can be used interchangeably. If any of these signal models from the pilot 

study were used to compare patients, or to track patients over time, it is important 

that the same signal model is used for each measurement. This will ensure that any 

changes in the reported fat fraction will be due to underlying physiological changes in 

the patient, rather than a due to a change in the signal model. 

 

5.1.2 Relationship between MRI signal fat fraction and histology fat fraction 

All of the MRI signal fat fractions in the pilot study had strong, statistically significant 

relationships with the histology fat fraction. The coefficients of determination for a 

non-linear relationship between MRI signal fat fraction against the histology fat 

fraction in the pilot study were moderate (R2 = 0.54 – 0.76). The lowest coefficient of 

determination corresponded to the the 20º / separate / unprocessed signal model. 

This signal model had the noisiest signal fat fraction parametric maps, and it is thought 

that the high levels of noise in the parametric map may have contributed to the lower 

coefficient of determination between the MRI signal fat fraction and histology fat 

fraction. 

 

In the pilot study the fat fractions estimated by the common decay signal models are 

slightly higher, but not statistically different, to those estimated by the separate decay 

signal models. This is in contrast to a previous study that found higher fat fractions 

from separate decay signal models than common decay signal models [94]. The reason 

for the difference in the findings of these studies is not clear.  

 

The Pearson correlation coefficients for the correlation between MRI signal fat fraction 

and the histology fat fraction from the pilot study (rP = 0.82 – 0.86) fall within the 

range published by previous studies that have investigated the correlation between 

MRI signal fat fraction or MRI proton density fat fraction and morphometric based 

biopsy fat fractions (rP = 0.74 – 0.97)[66-68,73,75,143,144]. 
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Each of the MRI signal models in the pilot study has a different level of T1 bias, and this 

can be seen consistently in the variation in the median value of the MRI signal fat 

fraction in the pilot study (a higher median indicates more T1 bias), as well as the 

variation in the values of k determined by fitting Equation 14 to the plots of MRI signal 

fat fraction against histology fat fraction (a higher value of k indicates more T1 bias). 

 

There is also some evidence to suggest that the T1 bias has a larger influence at low fat 

fractions than higher fat fractions, which has been predicted by a previous study [108]. 

This is observed in the lower area under the receiver operator characteristic curve, 

sensitivity and specificity for each signal model in the pilot study at the steatosis grade 

0 versus 1 -3 cut-off, compared to the steatosis grade 0 – 1 versus 2 – 3 and grades 0 – 

2 versus 3 cut-offs. This difference between performance is particularly noticeable 

when compared to published studies that have reported proton density fat fractions. 

 

5.1.3 MRI signal fat fraction summary 

From the pilot study, it can be seen that the different flip angle and signal model 

combinations show varying levels of bias, resulting from different levels of fat 

amplification in the signal models. Signal models acquired with a higher flip angle had 

higher median fat fractions, indicating more T1 bias. This is in agreement with studies 

that have previously been published [91,108,145]. The fat fractions from the three 

point Dixon signal models were lower than the fat fractions from the 8 Dixon echo 

signal models, which is consistent with two previously reported studies [87,94]. It has 

been suggested that the lower R2
* estimates from the three point Dixon signal models 

lead to lower fat fractions, which is consistent with two previously reported studies 

[87,94]. Applying smoothing to the parametric maps appeared to reduce the median 

signal fat fractions for the separate decay signal models. To the best of my knowledge 

no previous study has investigated the effect of smoothing the parametric maps 

produced by multi-echo signal models, such as those used by Dive-In®.  

 

The presence of iron is known to confound the quantification of fat in the liver 

[28,37,38]. It is thought that the inclusion of R2
* decay terms in the signal models allows 

for the accurate quantification of liver fat in the presence of iron [25]. While no patient 

studies that utilise R2
* correction have reported any systematic effects of iron on fat 
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quantification, a phantom study demonstrated that increasing the concentration of 

iron in the phantom increased the measured fat fraction [26]. There are also reports of 

cases where the presence of iron has led to the overestimation of R2
* corrected fat 

fraction measurements [12,25,27]. This was observed for two cases from a participant 

in the pooled study where the measured signal fat fraction from the 20º / common / 

smoothed signal model was close to 100%. 

 

Since information from a liver biopsy is not available for this participant, information 

regarding the level of steatosis can only be inferred from the signal fat fractions 

reported from the 3 point Dixon signal models. For visit 1, the signal fat fractions for 

both 3 point Dixon signal models are lower than the thresholds reported in Table 4-11, 

indicating that there is no steatosis. For visit 2, the 20º / 3 point Dixon signal fat 

fraction indicates no steatosis, while the 70º / 3 point Dixon fat fraction is just above 

the threshold grade 1 steatosis. The liver iron concentrations reported by FerriScan® 

were 4.4 mg Fe / g dry weight and 7.5 mg Fe / g dry weight for visit 1 and visit 2 

respectively, these are both higher than the upper limit of the normal range for liver 

iron concentration (1.8 mg Fe / g dry weight). Therefore, it must be concluded that the 

high measured fat fraction for the 20º / common / smoothed signal model is due to 

the presence of iron, since the signal fat fractions correspond to no or low levels of 

steatosis. This is why the signal fat fractions reported for the 20º / common / 

smoothed signal model for this participant were excluded from the pooled study. This 

case illustrates the potential for the measured signal fat fractions to be confounded by 

the presence of iron. 

 

5.1.4 Performance of the volumetric fat fraction against the histology fat fraction 

Project aim: 

3. Determine if transforming the MRI signal fat fractions into calibrated volumetric 

fat fractions affects the performance of quantifying liver fat against biopsy fat 

measurements. 

 

The results of the performance of the volumetric fat fraction for predicting the 

steatosis grade based on the histology fat fraction (Table 4-20, Table 4-21 and  
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Table 4-22) were identical to those for the MRI signal fat fraction (Table 4-11, Table 

4-12 and Table 4-13). This indicates that converting the biased MRI signal fat fraction 

into a volumetric fat fraction does not affect the performance for detecting liver 

steatosis. This, together with the agreement observed between the volumetric fat 

fraction and the histology fat fraction in the pilot study, as well as the good agreement 

observed between volumetric fat fractions in the pooled study, indicates that the 

volumetric fat fraction may be a useful metric for quantifying liver steatosis. A metric 

like the volumetric fat fraction would enable comparison between different studies 

based on different fat quantification signal models, provided a calibration was 

available. 

 

5.1.5 Relationship between volumetric fat fraction and histology fat fraction 

The volumetric fat fractions produced for the different signal models have median 

values and ranges much closer to the histology fat fraction than the MRI signal fat 

fractions. This is not surprising, since the volumetric fat fractions were obtained from 

calibrations against the histology fat fraction. From the linear regression analysis 

between the volumetric fat fraction and the histology fat fraction, there are high 

coefficients of determination (R2 = 0.65 – 0.73). To the best of my knowledge, 

coefficients of determination for the linear relationship between the volumetric fat 

fraction and histology fat fraction have not previously been published. 

 

The volumetric fat fractions show good agreement with the histology fat fraction in the 

pilot study. For all of the signal models, there was no statistically significant bias 

between the volumetric fat fraction and the histology fat fraction. Again, this is not 

surprising, given that the volumetric fat fractions are derived from a calibration against 

the histology fat fraction. In the pilot study, the largest gap between the upper and 

lower limits of agreement was 15%, which was observed for the 70º / common R2
* / 

smoothed signal model. In the pooled study, there was no reference standard for the 

fat fractions. Instead, volumetric fat fractions from the 20º / common R2
* / smoothed 

signal model were used as the surrogate gold standard. For the volumetric fat fractions 

from the two other signal models in the pooled study (20º / 3 point Dixon and 70º / 3 

point Dixon), there were no statistically significant biases between the volumetric fat 

fractions from these signal models and the volumetric fat fraction from the 20º / 
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common R2
* / smoothed signal model. This suggests that the volumetric fat fraction 

successfully minimises the variation in MRI signal fat fraction bias between the signal 

models. Therefore converting the biased MRI signal fat fraction into a volumetric fat 

fraction appears to be a valid method for comparing fat fractions obtained from 

different MRI signal models, once a calibration has been established.  

 

5.1.6 Noise  

By comparing the average standard deviation of the signal within the region of interest 

for the parametric maps produced from the 8 Dixon echo signal models across all 38 

patient cases, the pilot study has shown that the common decay signal model is less 

noisy than the separate decay signal models. This has also been found in previous 

studies, in agreement with previously published studies [81,98,121,142]. The data 

acquisition protocol used in this project included a thinner slice thickness (4 mm) than 

recommended for MRI PDFF acquisitions (6 – 10 mm), and the thinner slices may have 

contributed to the high levels of noise; this will be discussed in more detail in section 

5.5. 

 

5.2 Quantification of liver iron using MRI 

Project aim: 

4. Assess and compare the performance of R2
* calculated during fat quantification 

for quantifying liver iron concentration against FerriScan®. 

 

5.2.1 Performance of R2
* against liver iron concentration 

The AUROC, sensitivity and specificity from the ROC analysis of the signal models in the 

pooled study (Table 4-28) are lower than those previously reported, both for 

simultaneous quantification studies [136,146], and for dedicated iron quantification 

studies [30,42]. The influence of the signal fat fraction on R2
* may explain the poor 

performance of the 3 point Dixon signal model for predicting the liver iron 

concentration. For the 8 Dixon echo signal model, the poor performance may be 

explained by the weak relationship between R2
* and liver iron concentration (R2 = 0.23), 

although it should be noted that the coefficient of determination is low partly because 
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of the narrow range of liver iron concentrations studied. The low coefficient of 

determination indicates that only a small fraction of the variation in R2
* is determined 

by the liver iron concentration. It is likely that there are other factors behind the poor 

performance of this signal model for the liver iron quantification, but it is not clear 

what these are. 

 

5.2.2 Relationship between R2
* , liver iron concentration and signal fat fraction 

The results from the pilot and pooled studies indicate that R2
* may be influenced by fat 

fraction, as well as liver iron concentration. It is only recently that the relationship 

between fat fraction and R2
* has begun to be investigated [82,121,147]. If R2

* is 

confounded by fat, this may explain the poor performance of R2
* for predicting the liver 

iron concentration in the pooled study for some of the signal models. 

 

For the signal models included in the pooled study, the results from the multiple 

regression analysis confirmed the results from the simple linear regression analysis in 

the pilot study. For the 3 point Dixon signal models, both liver iron concentration and 

signal fat fraction were statistically significant predictors of R2
*. By comparing the 

magnitude of the standardised coefficients from the multiple regression analysis, for 

both 3 point Dixon signal models the liver iron concentration had a larger influence on 

R2
* than the MRI signal fat fraction. For the 20º / common / smoothed signal model, 

only the liver iron concentration was a statistically significant predictor of R2
*. For this 

signal model, MRI signal fat fraction had a very weak, but not statistically significant, 

influence on R2
*. The coefficient of determination from the multiple regression analysis 

was higher for the 3 point Dixon signal models (R2 = 0.58 – 0.64), compared to that 

from the 20º / common / smoothed signal model (R2 = 0.28). From the simple linear 

regression analysis, the relationship between R2
* and liver iron concentration for this 

signal model was much weaker (pilot study: R2 = 0.06 p = 0.15, pooled study: R2 = 0.23 

p < 0.0001) than reported in previous studies (R2 = 0.72 – 0.94 [30,33], r = 0.85 – 0.98 

[31,34,126,146,148]). In both the pilot study and the pooled study, the maximum liver 

iron concentration was less than 8 mg/g dry weight. This is a low maximum liver iron 

concentration for investigating the quantification of liver iron concentration, especially 

compared to the maximum liver iron concentrations reported from previous iron 
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quantification studies, where the maximum liver iron concentrations ranged from 15.3 

to 42.3 mg Fe / g dry weight [29,32-34,126,146,148]. When the range of a variable is 

reduced or restricted, the correlation coefficient will also be reduced [149]. The low 

coefficient of determination observed for this signal model between R2
* and liver iron 

concentration may therefore be in part due to the low range of liver iron 

concentrations in the pilot and pooled studies. 

 

The relationship between R2
* and fat fraction has only just begun to be investigated in 

the literature, and there are conflicting results. Two studies found no relationship, but 

only when multiple peaks of MR fat spectrum are included in the signal model 

[90,132]. Other studies have found moderate to strong relationships between R2
* and 

fat fraction, even when multiple peaks of the fat spectrum were taken into account 

[82,121,147]. Note that these studies are based on signal models with at least 6 Dixon 

echoes, except for one study that acquired 3 Dixon echoes [90]. 

 

Of those studies that have performed linear regression analysis between R2
* and fat 

fraction, a positive relationship was found between R2
* and fat fraction, with higher 

coefficients of determination or Pearson correlation coefficients reported than those 

found in this project for the 8 Dixon echo common R2
* signal model. From the pooled 

study, there was no statistically significant relationship between R2
* and fat fraction for 

the 20º / common / smoothed signal model. For the 3 point Dixon signal models, there 

is a weak but statistically significant negative relationship between R2
* and fat fraction. 

This may be due to the fact that the 3 point Dixon signal models do not take the 

complexity of the fat spectrum into account. It is unclear what the true relationship 

between R2
* and fat fraction is. One study has suggested that once the signal model is 

optimised, to remove all known bias, the relationship between R2
* and fat fraction 

changes from a positive relationship, to a negative relationship [150]. The variation in 

the results both from this project and those reported in the literature may be due to 

the use of different modelling assumptions, particularly for signal models based on 

magnitude fitting. As mentioned in Section 2.4, the MR signal is a complex function, 

with real and imaginary components. The magnitude signal models can be used to 

estimate the unknown parameters; this was the method used in the pilot and pooled 
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studies for the 8 Dixon echo signal models. However, when magnitude images are 

used, there is a significant noise component, and this can affect the R2
* values 

measured. Where there is low signal, or rapid R2
* decay, R2

* may be underestimated 

[129]. It is not known how Dive-In® addresses this issue. Simulations in a previous 

study suggest that there may be differences between R2
* measured using the different 

methods, particularly at high R2
* values [129]. However, over the range of the 

measured R2
* values for the 8 Dixon echo signal model in the pooled study (< 100 s-1), 

these simulations suggest that the difference in measured R2
* between the different 

methods for addressing this issue should be minimal [129]. Further work is required in 

this area. 

 

For the separate R2
* signal models in the pilot study there was a weak, but statistically 

significant, positive relationship between water R2
* and liver iron concentration (except 

for the 70º / separate / smoothed signal model). This finding agrees with a previous 

study that reported a positive correlation between water R2
* and iron grade 

determined from biopsy [12]. Also, if water R2
* from separate decay signal models 

agrees with R2
* from common decay signal models, it is not surprising that water R2

* 

shows a similar correlation with liver iron concentration as R2
*. In the pilot study, the 

coefficients of determination for simple linear regression between water R2
* and liver 

iron concentration were R2 = 0.09 – 0.20, and were similar to the coefficients of 

determination found for simple linear regression between R2
* and liver iron 

concentration in this project (for the pilot study R2 = 0.06 – 0.17, and for the pooled 

study R2 = 0.23). 

 

In the pilot study, there was no statistically significant relationship between water R2
* 

and signal fat fraction. To the best of my knowledge, no other studies have reported 

on the relationship between water R2
* and signal fat fraction. There is one study that 

found a very weak positive relationship between water R2
* and MRS fat fraction 

(R2 = 0.002)[116]. It was not stated whether or not this was a statistically significant 

relationship. However, if it is assumed that water R2
* ≈ R2

*, these results are consistent 

with the results from the common R2
* signal model in the pooled study. 
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There was a statistically significant negative correlation between fat R2
* and signal fat 

fraction for all of the signal models in the pilot study. This confirms the results from 

another study that found a negative relationship between fat R2
* and MRS fat fraction 

[116]. The large variation in fat R2
* values at low fat fractions arises from the low fat 

signal. It is difficult to fit data to any signal model when the signal from fat is low, but 

this is more prominent in separate decay signal models because there are more 

unknown parameters that have to be calculated, and this results in instability. In the 

pilot study, this instability manifested as anomalously high pixel values (> 65 000) in fat 

signal fraction parametric maps and R2
* parametric maps. This instability of the 

separate decay signal models is reflected in the high levels of noise observed in the fat 

R2
* parametric maps, as mentioned in Section 4.3. 

 

5.2.3 R2
* summary 

There are only a few studies that have explicitly reported R2
* or T2

* results for a 

magnetic field strength of 1.5 T. Most of these studies were investigating the 

quantification of iron in liver [27,32,33,126,148], and were based on different 

acquisition protocols and signal models than those used in this project. The range of T2
* 

values from the 3 point Dixon signal models is much wider range than has been 

previously published, and the median T2
* values are higher than the typical values 

found in previous studies. This may be due to the fact that the T2
* values for the 3 point 

Dixon signal models in this project were calculated using the first pair of out-of-phase 

echoes, whereas the published T2
* values were calculated based on the first pair of in-

phase echoes, which occur later than the first out-of-phase echoes[90,94,114,131].The 

range of R2
* values from the 8 Dixon echo common decay signal models fall within the 

range published for previous studies that were based on spoiled gradient echo 

sequences [90,133,151]. To the best of my knowledge, water R2
* and fat R2

* have been 

not been reported for separate R2
* signal models at a magnetic field strength 1.5 T. 

There have been a small number of studies that have published water R2
* and fat R2

* (or 

water T2
* and fat T2

*) results from separate decay signal models at a magnetic field 

strength of 3 T, and the results from the pilot study are consistent with these 

[81,109,116,121]. In these studies, as well as the pilot study, the variation in water R2
* 

between patients was low, whereas the variation in fat R2
* values was much higher 
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[81,109,116,121]. In the pilot study, there was good agreement between water R2
* 

from the separate decay signal models and R2
* from the common decay signal models, 

which is consistent with the results of two previous studies [94,116]. 

 

5.3 Liver biopsy steatosis measurements 

Project aim: 

1. Assess the performance of an image morphometry based method for measuring 

the area of fat on digital images of liver biopsy tissue samples against the 

traditional pathologist’s assessment of fat. 

 

The range of liver fat of the participants in the pilot study covers the full range seen in 

vivo, with the range of the pathologist fat fraction being 0 – 95%, and the range of 

steatosis grades observed also covers the full range 0 – 3. This allowed the 

quantification of liver fat using both image morphometry and MRI methods to be 

assessed over the full range of liver fat observed in vivo. The range of the histology fat 

fraction in the pilot study is consistent with other image morphometry based fat 

quantification methods that have previously been published [66-

71,73,75,76,94,144,152,153]. 

 

In the pilot study, there was a strong relationship between the pathologist fat fraction, 

as well as the steatosis grade, and the histology fat fraction. These results agree with 

the findings of previous studies [65-71]. For the studies that reported a Spearman 

correlation coefficient for the correlation between the histology fat fraction and the 

steatosis grade, the Spearman correlation coefficient from the pilot study is slightly 

higher (rS = 0.93), however both of these studies had defined the steatosis grades 

differently to the NASH CRN system (rS = 0.82 [65], rS = 0.89 [71]). For the studies that 

reported a Pearson correlation coefficient for the correlation between the histology fat 

fraction and the pathologist’s fat fraction, the Pearson correlation coefficient from the 

pilot study (rP = 0.92) falls within the range that has been previously reported (rP = 0.67 

– 0.97 [66-70]. Only two of these studies had higher Pearson correlation coefficients 

[68,69] than that found in the pilot study. To the best of my knowledge, only three 

studies have performed linear regression analysis to determine the relationship 
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between the histology fat fraction and the pathologist fat fraction. The slope for the 

line of best fit in the pilot study (m = 0.15) is lower than that reported in other studies 

(m = 0.25 – 0.54 [67,69,70]). It is thought that the variation in the slopes of the lines of 

best fit is due to the subjective nature of the pathologist assessment of the fat fraction. 

It has been shown that there can be significant variation between pathologists scoring 

the same biopsy tissue samples for steatosis [8].  

 

When the pathologist assigned steatosis grade is compared to the ‘grade’ determined 

by the histology fat fraction, using the cut-offs in Table 4-5, there are four cases where 

there is a discrepancy between the pathologist’s assigned steatosis grade and the 

grade determined by the histology fat fraction. In two of the cases, the pathologist 

assigned steatosis grade was 1 where the histology fat fraction grade was 0. For one 

case, the pathologist assigned steatosis grade was 1 where the histology fat fraction 

grade was 2, and in one case the pathologist assigned steatosis grade was 2 where the 

histology fat fraction grade was 3. These discrepancies are also thought to be due to 

the subjective nature of the pathologist’s assessment. It is these four cases produce 

the overlap in the histology fat fraction between steatosis grades seen in Figure 4-2. 

This overlap was also observed in two previous studies [65,71]. 

 

From the pilot study, it was found that the area under the receiver operator 

characteristic curve was very high at each of the steatosis grade cut offs (0.98 – 0.99), 

with high sensitivity (92 – 100%) and high specificity (93 – 100%). To the best of my 

knowledge, no other study has reported the performance of the histology fat fraction 

for predicting the steatosis grade. The histology fat fraction thresholds for the steatosis 

grades are different to those previously published, even though the data in the pilot 

study is a subset of the data used in this previous study [35]. House et al. derived the 

histology fat fraction (HIS-MORPH) cut offs from the line of best fit from a plot of 

histology fat fraction against the pathologist fat fraction, which had a moderately high 

coefficient of determination (R2 = 0.72). Using this method, pathologist fat fractions of 

5%, 33% and 66% correspond to HIS-MORPH values of 1.4%, 4.3% and 7.7%. In the 

pilot study of this project, the histology fat fraction cut-off values were determined 

from the results of the receiver operator characteristic curve analysis for assessing the 

performance of the histology fat fraction against the steatosis grade. For each grade 
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cut-off, the threshold corresponding to the maximum of the sum of the sensitivity and 

specificity was chosen. The histology fat fraction cut-offs for the three steatosis grades 

were 2.8%, 5.0% and 7.8%. The differences between the two sets of histology fat 

fraction cut-off values are greatest at grade 0 versus 1 – 3, and smallest at the grade 0 

– 2 versus 3. 

 

The strong relationship between the pathologist fat fraction and histology fat fraction, 

as well as the strong relationship between the steatosis grade and histology fat 

fraction, combined with the high area under the receiver operator characteristic curve, 

high sensitivity and high specificity, indicates that the histology fat fraction could be 

used to assess the level of steatosis in liver biopsies. While a metric like the histology 

fat fraction cannot overcome the problems associated with sampling a small volume of 

tissue from a large organ like the liver, it will not suffer from the variability that may 

arise due the subjective nature of a visual assessment by a pathologist. Previous 

studies have shown that it is a more reliable, consistent and reproducible measure of 

steatosis [8,70-72,75-77,144,153]. Another advantage of a metric like the histology fat 

fraction is that it is measured on a continuous scale, unlike the semi-quantitative 

steatosis grade, and this would allow small changes to be detected when necessary 

[66,71]. 

 

5.4 Research participants 

The research participants in the pilot study had a wide range of diagnoses. This has 

allowed the assessment of fat quantification over a range of conditions, rather than 

focusing on a single condition. This is in comparison to the pooled study, where all of 

the patients that were not from the pilot study had been diagnosed with NAFLD. The 

participants in both the pilot and pooled studies had a relatively low range of liver iron 

concentrations. 

 

5.5 Limitations 

It is important to note that the signal models in this project are not considered proton 

density acquisitions, and were not designed to be. The current recommendations for 
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proton density fat fraction acquisitions use different repetition time and flip angle 

combinations to those used in this project. Previous proton density fat fraction 2D 

spoiled gradient echo acquisitions at a magnetic field strength of 1.5 T have used flip 

angles of 9º – 10º with a repetition time of 120 – 160 ms, whereas in this project 

higher flip angles (20º and 70º) and a shorter repetition time of (88 ms) were used. The 

combination of higher flip angle and shorter repetition time is expected to produce at 

least 2.5% T1 bias, even at the lowest flip angle, whereas proton density fat fraction 

acquisitions are assumed to produce T1 bias less than 1% [10]. The acquisition 

parameters in the pilot and pooled studies also differed from the recommended 

acquisition parameters for Dive-In®. The recommended acquisition parameters for 

Dive-In® (TR = 200 ms, flip angle = 20º) would be expected to produce lower T1 bias 

than in this project (less than 1.5% at 1.5 T [10]). The acquisition slice thickness used in 

this project (4 mm) is also thinner than recommended for either the proton density fat 

fractions acquisitions (6 - 12 mm [10]) or Dive-In® [131,154]. The thinner slices will 

have a lower signal to noise ratio, and may have contributed to the high levels of noise, 

particularly in the separate decay signal models [155]. 

 

In the pilot study, there were a small number of cases, and the data set was 

incomplete (some cases were missing patient diagnosis and/or pathologist assessment 

of fat in the biopsy tissue sample). Also, the readings of the pathologist assessment of 

fat in the biopsy tissue sample may have been provided by multiple pathologists, 

which may have introduced some inconsistencies in the scoring of the biopsy tissue 

samples. Another limitation of this study was the long time between the MRI scan and 

biopsy. It is possible that the fat content of the liver had changed between tests.  

 

The participants in the pilot study had a low range of liver iron concentrations, with 

only two cases having liver iron concentrations above the threshold of 

1.8 mg Fe / g dry weight. From the participants in the pooled study 16 cases that had 

liver iron concentrations above the threshold of 1.8 mg Fe / g dry weight. This range of 

liver iron concentrations in the pilot and pooled study are lower than reported for 

previous iron quantification studies [29,32-34,126] or previous simultaneous 

quantification studies [133,136,146]. The result of this is that this project has not been 
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able to assess the relationship between R2
*, liver iron concentration and signal fat 

fraction over the entire range of liver iron concentrations encountered in vivo.  

 

A limitation of the pooled study, although there was a larger cohort of patients, was 

that there was no known ‘truth’ for the quantification of fat by MRI. This would have 

been particularly useful for assessing the performance of the different signal models 

for the patient with the highest liver iron concentration, which resulted in excessively 

high MRI signal fat fractions.  
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6 CONCLUSION 

The histology fat fraction was found to be strongly related to both the pathologist fat 

fraction as well as the pathologist assigned steatosis grade, and performed very well 

for predicting steatosis grade. Therefore the histology fat fraction appears to be a valid 

measurement of liver fat from liver biopsy tissue samples, and should overcome 

inconsistencies introduced by the subjective nature of the pathologist’s assessment. 

The measured MRI signal fat fractions from the different signal models showed varying 

levels of bias and noise, however they all had strong relationships with the histology 

fat fraction, and there were no statistically significant differences in the performance 

of the different MRI signal models for predicting the steatosis grade based on the 

histology fat fraction. Converting the MRI signal fat fractions into a volumetric fat 

fraction that was calibrated against the histology fat fraction successfully minimised 

the bias between signal models without affecting the performance for quantifying fat. 

The R2
* values calculated from the different fat quantification signal models did not 

perform well for the quantification of liver iron concentration. The 3 point Dixon signal 

models in the pooled study displayed statistically significant correlations between R2
* 

and signal fat fraction, whereas the 8 Dixon echo signal model showed no statistically 

significant correlation between R2
* and signal fat fraction. It is possible that the poor 

performance of R2
* for predicting liver iron concentration may be due to the 

confounding effect of fat on R2
*. The reason for the poor performance of the 8 Dixon 

echo signal model of R2
* for predicting liver iron concentration is not clear, since there 

was no statistically significant relationship between R2
* and signal fat fraction. Further 

work is required in this area. 

 

6.1 Future Work 

A major limitation of the studies in this project was the limited range of liver iron 

concentrations measured in the participant cohort. A study with a cohort of 

participants that had a wider range of liver iron concentrations would be beneficial for 

investigating the simultaneous quantification of liver fat and iron. 
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There is some evidence to suggest that fibrosis is a confounder in the quantification of 

liver fat, although the relationship is not fully understood. A large participant cohort 

with liver biopsy as the gold standard should be able to add to the evidence base 

whether or not fibrosis affects the quantification of either liver fat or iron. 

 

Finally, the relationship between R2
* and fat fraction has only been reported in a small 

number of studies published recently. Further work is needed in this area, particularly 

for simultaneous quantification studies in patient cohorts with combined storage 

disease. 
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7 APPENDICES 

7.1 Relationship between signal fat fraction and histology fat fraction 

 

Figure 7-1 Plots of MRI signal fat fraction against histology fat fraction, with the curve from Equation 14 
shown as a solid line. TOP LEFT 20º / 3 point Dixon signal model. TOP RIGHT 20º / common / smoothed 
signal model. BOTTOM LEFT 20º flip angle / separate decay / unprocessed signal model. BOTTOM RIGHT 
20º flip angle / separate decay / smoothed signal model. 
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Figure 7-2 Plots of MRI signal fat fraction against histology fat fraction, with the curve from Equation 14 
shown as a solid line. TOP LEFT 70º flip angle / 3 point Dixon signal model. TOP RIGHT 70º flip angle / 
common decay / smoothed signal model. BOTTOM LEFT 70º / separate / unprocessed signal model. 
BOTTOM RIGHT 70º / separate / smoothed signal model. 
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7.2 Relationship between volumetric fat fraction and histology fat fraction 

 

Figure 7-3 Relationship between volumetric fat fraction and histology fat fraction for the 3 point Dixon 
signal models in the pilot study. TOP 20º / 3 point Dixon signal model. BOTTOM 70º / 3 point Dixon 
signal model. LEFT Plots of volumetric fat fraction against histology fat fraction, with the line of best fit 
shown as a solid line, and the line of equality (y = x) shown as a dotted line. RIGHT Plot of the difference 
(calculated as MRI signal fat fraction - histology fat fraction) against the average fat fraction with the 
mean difference shown as a solid line, the upper and lower 95% limits of agreement shown as dotted 
lines. 
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Figure 7-4 Relationship between volumetric fat fraction and histology fat fraction for the Dive-In® 
common decay signal models in the pilot study. TOP 20º / common / smoothed signal model. BOTTOM 
70º / common / smoothed signal model. LEFT Plots of volumetric fat fraction against histology fat 
fraction, with the line of best fit shown as a solid line, and the line of equality (y = x) shown as a dotted 
line. RIGHT Plot of the difference (calculated as MRI signal fat fraction - histology fat fraction) against the 
average fat fraction with the mean difference shown as a solid line, the upper and lower 95% limits of 
agreement shown as dotted lines. 
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Figure 7-5 Relationship between volumetric fat fraction and histology fat fraction for the 20º flip angle 
separate decay signal models in the pilot study. TOP 20º / separate / unprocessed signal model. 
BOTTOM 20º / separate / smoothed signal model. LEFT Plots of volumetric fat fraction against histology 
fat fraction, with the line of best fit shown as a solid line, and the line of equality (y = x) shown as a 
dotted line. RIGHT Plot of the difference (calculated as MRI signal fat fraction - histology fat fraction) 
against the average fat fraction with the mean difference shown as a solid line, the upper and lower 95% 
limits of agreement shown as dotted lines. 
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Figure 7-6 Relationship between volumetric fat fraction and histology fat fraction for the 70º flip angle 
separate decay signal models in the pilot study. TOP 70º / separate / unprocessed signal model. 
BOTTOM 70º / separate / smoothed signal model. LEFT Plots of volumetric fat fraction against histology 
fat fraction, with the line of best fit shown as a solid line, and the line of equality (y = x) shown as a 
dotted line. RIGHT Plot of the difference (calculated as MRI signal fat fraction - histology fat fraction) 
against the average fat fraction with the mean difference shown as a solid line, the upper and lower 95% 
limits of agreement shown as dotted lines. 
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7.3 Relationship between R2
*, Liver Iron Concentration and Signal fat fraction 

 

Figure 7-7 Relationships between R2
*, liver iron concentration and MRI signal fat fraction for the 20º / 

separate / unprocessed signal model in the pilot study. There is a statistically significant relationship 

between water R2
* and liver iron concentration (top left), as well as between fat R2

* and MRI signal fat 
fraction (bottom right). 
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Figure 7-8 Relationships between R2
*, liver iron concentration and MRI signal fat fraction for the 20º / 

separate / smoothed signal model in the pilot study. There is a statistically significant relationship 

between water R2
* and liver iron concentration (top right), as well as between fat R2

* and MRI signal fat 
fraction (bottom right). 
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Figure 7-9 Relationships between R2
*, liver iron concentration and MRI signal fat fraction for the 70º / 

separate / unprocessed signal model in the pilot study. There is a statistically significant relationship 

between water R2
* and liver iron concentration (top left), as well as between fat R2

* and MRI signal fat 
fraction (bottom right). 
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Figure 7-10 Relationships between R2
*, liver iron concentration and MRI signal fat fraction for the 70º / 

separate / smoothed signal model in the pilot study. There is a statistically significant relationship 

between fat R2
* and MRI signal fat fraction (bottom right). 
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