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Abstract. Liver function analysis is crucial for staging and treating
chronic liver diseases (CLD). Despite CLD being one of the most preva-
lent diseases of our time, research regarding liver in the Medical Image
Computing community is often focused on diagnosing and treating CLD’s
long term effects such as the occurance of malignancies, e.g. hepatocel-
lular carcinoma.
The Child-Pugh (CP) score is a surrogate for liver function used to quan-
tify liver cirrhosis, a common CLD, and consists of 3 disease progression
stages A, B and C. While a correlation between CP and liver specific con-
trast agent uptake for Dynamic Conrast Enhanced (DCE)-MRI has been
found, no such correlation has been shown for DCE-CT scans, which are
more commonly used in clinical practice. Using a transfer learning ap-
proach, we train a CNN for prediction of CP based on DCE-CT images of
the liver alone. Agreement between the achieved CNN based scoring and
groundtruth CP scores is statistically significant, and a rank correlation
of 0.43, similar to what is reported for DCE-MRI, was found. Subse-
quently, a statistically significant CP classifier with an overall accuracy
of 0.57 was formed by employing clinically used cutoff values.

1 Introduction

Assessing liver function is crucial for staging and treating Chronic Liver Diseases
(CLD) [1]. Due to its various functions, there exist a multitude of tests to assess
liver state [2], some of them based on imaging. A very common clinical scor-
ing system of liver function is the Child-Pugh Score (CP) [3]. It scores several
important indicators such as e.g. ascites and subsequently aggregates them. CP
classes are then gained by applying the following thresholds: CP A 5-6 points,
CP B 7-9 points, and CP C 10-15 points. The CP score is clinically used to
assess the prognosis of liver cirrhosis, a CLD responsible for more than 1 million
deaths anually [4], and monitor its transition to the end stage.

In the Medical Image Computing community, research on CP so far has been
focused on Dynamic Contrast Enhanced-MRI (DCE-MRI). Here, Motosugi et al.
[5] have shown an association between CP score and accumulation of liver specific
contrast agent, as confirmed by further literature [6,7]. Moreover, a successful
prediction of liver fibrosis was performed by Yasaka et al. [8], again based on
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(a) non-contrast enhanced (b) arterial enhancement (c) venous enhancement

Fig. 1. Representative images of a contrast enhanced liver CT-scan. Images were re-
constructed with a B30f kernel in soft-tissue-window.

the accumulation of liver specific contrast agent in DCE-MRI. To the best of
our knowledge, successful evaluation of liver function based on DCE-CT has
not been reported yet, irrespective of the widespread use of DCE-CT in clinical
practice as a routine examination.

The main contribution of our work is an approach for predicting CP scores
based on DCE-CT imaging alone, using a combination of state-of-the-art Con-
volutional Neural Networks (CNN) with transfer learning.

2 Methods

2.1 Dataset

In total, the dataset comprises 259 subjects (76 CP score A, 120 CP B, 63 CP C ).
For each subject, a radiologist with more than 3 years of experience in abdominal
imaging reviewed automatic liver delineation in the venous phase generated by
Philips Intellispace.

CT imaging was performed by using helical CT scanners (Somatom Defi-
nition Flash and Somatom Definiton AS, Siemens Medical Sysems, Forchheim,
Germany). The scans were acquired in a craniocaudal direction by using a de-
tector configuration of 128 or 40 x 0.6 mm, a tube current of 120 kVp, quality
reference of 240 mAs, and online dose modulation in all phases (pitch 1.0), during
a single breath-hold helical acquisition of roughly 10 seconds (slightly varying
due to the differing liver sizes). For all imaging, the gantry rotation speed was
2 Hz. The contrast-enhanced images were created with a weight-adjusted ap-
plication of iodinated contrast material (1.5 mL per kilogram of body weight;
Iopramide 370 mg/mL, Ultravist, Shering, Germany) administered at a rate of
3 mL/s by power injector. Subsequently the non-enhanced (native) as well as
arterial and venous phases were acquired. The acquisition of the arterial phase
started 6 seconds after the automatic detection of peak aortic enhancement at
the level of the coeliac trunk with a threshhold of 140 HU; portal venous phase
was scanned 55 seconds after the start of the contrast injection. Image recon-
struction was performed with axial 1-mm images, an increment of 0.7 mm, and
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a B30f convolutional kernel for all phases (representative axial slices are shown
in Fig. 1).

2.2 Pre-processing

First, native and arterial phases were registered to the venous phases with a rigid
registration algorithm under the assumption that liver shape would be constant
in all three phases. Registration itself was performed using SimpleElastix [9]
with default parameters. Subsequently, voxel intensities were linearly mapped to
a soft tissue window (center 40 HU, width 400 HU).

Next, axial patches of 224x224 in-plane dimension were extracted around the
centerpoint of the liver along 20% to 80% of its craniocaudal extension. This
approach has the advantage of incorporating the context around the liver in a
patch, and may thus capture effects such as ascites. Furthermore, it reduces the
need for resizing, as axial patch dimensions are concordant with the input shape
expected by the pretrained model. In total, 12492 patches were extracted in this
manner to be used for model finetuning.

2.3 Model architecture and training

For the model architecture, a ResNet18 [10] pretrained on ImageNet [11] was
used in a transfer learning approach [12]. At its core, ResNet consists of residual
blocks, where deviations from an identity mapping are learned by the model.
This has been shown to sucessfully tackle the problem of vanishing gradients
inherent to deep CNNs. While model depth of a ResNet architecture can be
arbitrary, we use a depth of 18, minimizing the number of trainable parameters
and therefore risk of overfitting.

The output of the pretrained ResNet18 model was adapted to our ordering
problem, giving a single continous value for every slice. By stacking the three
phases of the CT scan, the number of input channels satisfy the number of
channels as required by the pretrained model. While modifications to the axial
dimensions are not necessary, on-the-fly data augmentation was used to reduce
overfitting of trained models. These consisted of rotation, scaling, as well as elas-
tic deformation and were performed by the batchgenerators framework1. Model
finetuning on the CT images itself was performed using an L2-regularized Adam
optimizer with initial learning rate of 0.0005 and a decay rate of 0.5 every 10
epochs and L2-penalty of 0.001. All layers were trained simultaneously, employ-
ing the MeanSquareError (MSE) metric for training and the accuracy metric
for validation. MSE was chosen over a classification loss function, such as e.g.
CrossEntropy, to reflect the ordinal nature of the CP score. For this, class labels
were assigned based on the clinically used thresholds: [5, 6] for CP A, [7, 9] for
CP B and [10, 15] for CP C. As the output of the model is continuous, values
are rounded to the nearest integer to yield CP class predictions.

1 https://github.com/MIC-DKFZ/batchgenerators
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The model was trained using 10 fold cross-validation. For each fold, patches
are split into training, validation and test set such that patches from a single
patient are exclusively included in either training, validation or test set. The
splitting ratios were 0.63, 0.27 and 0.1 for training, validation and test sets,
respectively. Total number of training epochs were 20 epochs per fold, and vali-
dation was performed after every epoch. The model state with highest validation
score was subsequently used to predict the test set. All experiments were imple-
mented using PyTorch on a workstation equipped with Intel i7-7700K processor
and Nvidia GTX 1080 Ti GPU.

2.4 Prediction generation and statistical evaluation

As the CP score is an ordinal score, Kendall’s τ statistic was used to quantify
rank correlation betweeen CNN-based CP scoring and groundtruth values [13].
Agreement was considered to be statistically significant when p < 0.05.

Although the CP score is ordinal in nature, its clinical use corresponds to
a classification problem. To yield class predictions, the same clinical thresholds
were used for the test set as during model validation. To quantify performance of
the classifier, comparison against the No Information Rate (NIR) was performed
with a one-sided binomial test. Here, again p < 0.05 was considered significnant.

3 Results

To obtain subject-level classification results from slice-level predictions, slice-
level prediction was performed and subsequently averaged. Continuous CP pre-
diction results over all 10 splits are given in Fig. 2a. The computation time for
training a single fold was 15 min. Inference for a single subject can be performed
in 1.5 s.

In total, a statistically significant agreement could be seen between model
and groundtruth values for CP ranking (p = 3.23 · 10−16). Correlation denoted
by τ was 0.43 (Fig. 2a). Using the cutoff values, an overall classification accuracy
of 0.57 was achieved (Fig. 2b). When compared to NIR (0.46), this classification
performance is statistically significant (p = 3.11 · 10−4).

4 Discussion

We developed and presented a transfer learning based approach to predict CP
based on DCE-CT.

When assessing model performance in predicting CP values based on DCE-
CT images, a statistically significant agreement was found between CNN predic-
tions and groundtruth scores with a rank correlation of 0.43 (Fig. 2a). Moreover,
overall achieved classification accuracy was statistically significant compared to
the NIR (Fig. 2b). Motosugi et al. [5] performed a similar analysis in DCE-MRI,
but found a statistically significant correlation with insufficient predictive value
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Fig. 2. Cross validated prediction of the CP score with a CNN.

between CP and contrast agent enrichment in liver parenchym. While predictive
models between DCE-MRI and CP have not been established in literature, corre-
lations are well reported [6,7]. Apart from the connection between CP score and
liver CTs/MRIs, CNNs have been used to perform liver fibrosis staging, again
based on DCE-MRI [8]. In this study, a Spearman rank correlation of 0.63 was
reported between predicted and true fibrosis scores. The authors, however, ex-
plicitly state that their model cannot be used to perform liver function analysis,
as performed by CP scoring assessed in our work.

Therefore, achieved values are within reason, but further research is required
to facilitate clinical use. Nonetheless, to the best of our knowledge, we are the
first to report such a correlation in DCE-CT images, with CT being the more
frequently used routine diagnostic tool that is more readily available compared
to DCE-MRI.

To further increase performance, the next steps would be to sample contrast
agent kinetics in finer detail, similar to other fields such as tumor classification
[14]. Additionally, an increase in study population size may further improve
generalizability of generated models. This would also enable the use of 3D-CNNs,
which require larger datasets than 2D-CNNs. Also, use of multimodal models
comprising both clinical as well as image features should be assessed in future.

5 Conclusion

In this work, we investigated whether a predictive relationship between DCE-
CT image features and CP score can be established. To adress the limitation
of small datasets that is often encoutered when dealing with medical images,
our CNN was pretrained on natural images and only fine tuned on our dataset
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in a transfer learning approach. Experiments revealed statistically significant
correlation of rankings generated by the model and groundtruth CP scores, which
were subsequently used to form a statistically significant classifier of CP score.
While the classifier is overall significant, further research is needed to improve
discrimination between individual CP classes.
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