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Abstract. Liver disease affects millions of people worldwide and autoimmune disease in particular has unmet needs for improvement of noninvasive methods for risk-stratification. Especially in cases where clinical
markers are inconclusive. In this study we develop novel imaging features
for quantitative MRI and show that these features improve the differentiation of AIH from biliary disease in challenging cases, where including
imaging features with clinical markers improved the AUROC from 0.76
to 0.85.
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Introduction

Chronic liver disease already affects millions of people worldwide and the incidence is increasing rapidly [8]. Auto-immune liver diseases in particular, have
unmet needs for improvement in non-invasive methods of diagnosis and in riskstratification. This umbrella term compromises three distinct chronic conditions;
auto-immune hepatitis (AIH), primary biliary cholangitis (PBC) and primary
sclerosing cholangitis (PSC). AIH is characterised by inflammation and damage
to liver cells (hepatocytes) and thus clinical markers of liver cell damages, such
as the enzyme alanine transferase (ALT) are used clinically in diagnosis and
monitoring of disease activity. Conversely, PBC and PSC affect the bile ducts
rather than the liver parenchyma itself and thus biochemical markers of bile duct
inflammation such as alkaline phosphatase (ALP) are more commonly seen in
affected patients. However, differentiating between these conditions using biochemical tests is imperfect; ALP may not be particularily raised in early disease,
ALT can be raised in pure biliary disorders and neither ALT or ALP are specific
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to these diseases only. Additionally, overlap between AIH and biliary disorders
can occur. It is in such situations of diagnostic uncertainty that a liver biopsy is
traditionally indicated. Percutaneous liver biopsy is unpopular with patients and
is invasive, with the risk of significant complications as well as sampling error
[7]. Thus, the development of non-invasive methods of differentiating between
these diseases has the potential to impact positively on patient care.
An additional problem is that, on imaging, liver disease has highly variable
appearance, is heterogeneous, and there is often substantial variation over time
[3]. This paper explores the use of corrected T1 (cT1) MRI imaging of the liver,
an indicator of inflammation and fibrosis [2, 6] that has the potential to improve
diagnosis.
The combination of cT1 imaging of the liver with ALT/ALP levels is applied in this paper in an attempt to distinguish AIH from the biliary disorders:
PBC and PSC. The AIH, PSC and PBC cases treated in this work range from
asymptomatic to cirrhotic. We will show how the combination of image-derived
measurements with ALT/ALP values results in enhanced discrimination.

2

Methods

Patients with AIH, PSC and PBC were recruited from a single ambulatory practice. They were evaluated in a dedicated study visit that included both clinical
and laboratory disease phenotyping, as well as quantitative MRI imaging. More
precisely, as described in fuller detail elsewhere [2], a quantitative T1 image (pixels have the dimensions of time) was Myomaps, which is based on the shMOLLI
(short-time modified look-locker inversion recovery) pulse sequence. As well, a
T2* image, which is related to the iron content of the liver, was developed using
the Dixon multi-echo pulse sequence. The T1 image was then "corrected" to
take account of the T2* to give the final corrected T1 image (cT1). It has been
shown that cT1 estimates inflammation and fibrosis, particularly in early liver
disease [2].
The region of the cT1 image that corresponds to the liver (with larger vessels
excluded) was automatically segmented using a fully convolutional method [4].
This was performed on each slice independently. Examples of the liver segmentation are shown in Figure 1.
In practice, the variation of PSC/PBC/AIH is such that the mean cT1,
which relates to the overall burden of inflammation and fibrosis, is not sufficient
to characterise disease differences. For this reason, we developed a number of
additional features aiming to capture the heterogeneity of the disease. These
included measures of the distribution of cT1 values in the liver region such
including skewness and kurtosis, and local regional variance.
Skewness and kurtosis have been used previously to characterise disease
such as progression of Gliobastomas [1]. Here we apply the metrics to quantitative imaging of the liver cross section. Skewness and kurtosis are defined as
follows:
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Fig. 1. Feature extraction from cT1 liver cross sections of PSC, PBC and AIH cases.
left) cT1 liver cross sections with a colourmap indicating fat, normal liver cT1 levels
and high cT1 levels, middle) the smoothed distribution and right) the local variation
of superpixel regions in the liver
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where pi are the pixel values in the liver mask, p̄ is the mean, s is the standard
deviation, and N is the number of superpixels. Kurtosis describes the deviation
from a normal distribution. k = 3 is a normal distribution, and a stronger peak
and a heavier tail leads to a greater kurtosis (see Figure 1). Skewness describes
the asymmetry of the distribution.
Local variation. As well as skewness and kurtosis, the liver segmentation
was parcellated into superpixels using the m-SLIC method [5]. The m-SLIC variant to SLIC creates evenly distributed superpixels inside an irregular mask. The
variance in each superpixel provides a measure of texture in the liver parenchyma
that is not affected by vessel and liver border transitions, and aims to capture
the patterns of inflammatory liver disease in the liver parenchyma.
kurtosis =
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Experimental setup

186 patients were recruited, 62 with AIH, 124 with either PBC or PSC. Mean age
was 50 years (range 18-84). Scans were acquired at the Queen Elizabeth Hospital,
Birmingham on a Siemens Magnetom Verio 3T MRI. Cases were scanned with
the short Modified Look-Locker inversion recovery (MOLLI) sequence and cT1
was calculated [2]. 180 cases were available at the time of processing. The dataset
was split randomly 60/40 into a training and test set. Parameters were optimised
using Leave-One-Out cross validation (LOOCV) on the training set. The test set
was only used to present the final results. The disease classification was made by
hepatologists based on a combination of image characteristics and blood tests.
Linear discriminant analysis (LDA), random forests, and support vector machines were evaluated using LOOCV on the training set. LDA, the simplest
classifier, outperformed the other classifiers. We assume that this was due to
overfitting by the more complex classifiers, and so it was used in this analysis.
The compactness and size of the superpixels were chosen based on the training
set using a grid search of the parameters. We used forward feature selection with
LOOCV on the training set to choose features that were effective for discriminating disease. We found that ALP had the biggest impact on the AUC, followed
by kurtosis and local variation as shown in Figure 2.

4

Results

ALT was moderately associated with clinical diagnosis (AUROC 0.75) with improvement in this when MRI derived features with machine learning was applied
(AUROC 0.84). ALP alone was a good discriminator between biliary disease and
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Fig. 2. Effect of features on the AUC of the training set including ALP, kurtosis, the
local variation (varreg), skewness and variation across the liver (regvar)

auto-immune hepatitis (AUROC 0.89) with a modest improvement in this with
the addition of quantitative MRI analysis (AUROC 0.91); figure 4. ALP is a
key sign of biliary disease as shown in Figure 3. However, in more challenging
cases i.e. patients with an ALP<200, ALP alone (25 AIH and 29 biliary cases
in the validation set) was moderately correlated with diagnosis (AUROC 0.76).
Addition of MRI analysis improved this considerably (AUROC 0.85, see figure
4).

5

Discussion

Quantitative non-biased MRI imaging features have the ability to aid in the
discrimination between AIH and biliary disease, particularly in cases with lower
ALP values which are more difficult to diagnose without the requirement for
invasive liver biopsy. This could potentially change how liver disease is evaluated
and classified in the future. In future, to further improve the results, we will also
consider artefact exclusion as this could have an effect on the variation measured
in the liver.
In this initial investigation, we chose features that captured both variation
across the liver and local texture. We chose a limited number of features due to
the size of the dataset, and, therefore, to avoid possible overfitting leading to
poorer performance. However, with a larger dataset, there is potential to explore
more complex radiomics-style features or learn features.
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Fig. 3. ALP in cases of PSC, AIH and PBC. Classification is straightforward in high
ALP cases but becomes more challenging in ALP < 200
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Fig. 4. Receiver operating characteristic (ROC) curves showing the classification of
AIH vs biliary disease with the addition of image features for a) all cases and b) cases
with ALP < 200
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