ORIGINAL PAPER

Automated prognosis of renal function decline in ADPKD
patients using deep learning

Anish Raj®"", Fabian Tollens °, Anna Caroli ¢, Dominik Nérenberg °, Frank G. ZélIner >°

&Computer Assisted Clinical Medicine, Medical Faculty Mannheim, Heidelberg University, Mannheim 68167, Baden
Wirttemberg, Germany

®Mannheim Institute for Intelligent Systems in Medicine, Medical Faculty Mannheim, Heidelberg University, Mannheim
68167, Baden Wiirttemberg, Germany

®Department of Radiology and Nuclear Medicine, University Medical Centre Mannheim, Medical Faculty Mannheim,
Heidelberg University, Mannheim 68167, Baden Wirttemberg, Germany

9Bioengineering Department, Istituto di Ricerche Farmacologiche Mario Negri IRCCS, Ranica, BG 24020, Italy

Received 11 April 2023; accepted 1 August 2023

Abstract

An accurate prognosis of renal function decline in Autosomal Dominant Polycystic Kidney Disease (ADPKD) is crucial
for early intervention. Current biomarkers used are height-adjusted total kidney volume (HtTKV), estimated glomerular
filtration rate (eGFR), and patient age. However, manually measuring kidney volume is time-consuming and subject to
observer variability. Additionally, incorporating automatically generated features from kidney MRI images, along with
conventional biomarkers, can enhance prognostic improvement. To address these issues, we developed two deep-
learning algorithms. Firstly, an automated kidney volume segmentation model accurately calculates HtTKV. Secondly,
we utilize segmented kidney volumes, predicted HtTKV, age, and baseline eGFR to predict chronic kidney disease
(CKD) stages >=3A, >=3B, and a 30% decline in eGFR after 8 years from the baseline visit. Our approach combines
a convolutional neural network (CNN) and a multi-layer perceptron (MLP). Our study included 135 subjects and the AUC
scores obtained were 0.96, 0.96, and 0.95 for CKD stages >=34, >=3B, and a 30% decline in eGFR, respectively. Fur-
thermore, our algorithm achieved a Pearson correlation coefficient of 0.81 between predicted and measured eGFR
decline. We extended our approach to predict distinct CKD stages after eight years with an AUC of 0.97. The proposed
approach has the potential to enhance monitoring and facilitate prognosis in ADPKD patients, even in the early disease
stages.

Keywords: Autosomal dominant polycystic kidney disease; Deep learning; Total kidney volume; Chronic kidney disease;
Image classification; Regression

1 Introduction eration of renal parenchyma leads to end-stage renal disease
(ESRD) and renal failure [1]. It affects up to 12 million peo-

Autosomal dominant polycystic kidney disease ple worldwide. ADPKD accounts for up to 10% of patients
(ADPKD), due to the growth of cysts and therefore, degen-  with ESRD [1]. Given these numbers, early treatment of the
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disease when the renal parenchyma is still preserved is war-
ranted. However, disease progression monitoring is difficult
since kidney function may remain normal for several dec-
ades and is therefore not informative in the earliest stages
of the disease. Clinical, genetic, environmental, epigenetic,
and radiologic factors have been studied as predictors of pro-
gression to kidney failure in ADPKD [2,3]. On the other
hand, kidney volume has been shown to be a promising mar-
ker for disease progression [4,5]. It is also recognized by the
Food and Drug Administration (FDA) as a candidate for a
prognostic biomarker for ADPKD progression [6] and used
within recent clinical phase 3 studies (TEMPO 3/4 trial, pri-
mary outcome measure; the annual rate of change in TKV
over time) [7,8].

Magnetic resonance imaging (MRI) is recognized as an
important tool to monitor the progression of ADPKD, and
the total kidney volume (TKV) or the height-adjusted total
kidney volume (HtTKV) has been shown to predict renal
function decline in ADPKD patients [9,2].

Thereby, complex interactions of different prognostic fac-
tors based on clinical, genetic, environmental, and radiolog-
ical information determine the number of kidney cysts and
their growth rates, which affect the total kidney volume
(TKV)[2] and ultimately, renal function decline [10]. Based
on this, prognostic models like the Mayo imaging classifica-
tion tool [9] have been developed to stratify ADPKD
patients into classes and predict disease progression. A mul-
tiple linear regression model is generally employed for this
task. However, Kline et al. [11] have shown that using the
conventional biomarkers (HtTKV, age, and eGFR) may
not be sufficient for accurate predictions. They reported that
for predicting eGFR decline after 8 years, a Pearson correla-
tion coefficient 'r’ of only 0.51 could be achieved in classi-
fying whether a patient will reach CKD stage 3A or not
(eGFR < 60 ml/min/1.73 m?), reach 3B or not (eGFR <
45 ml/min/1.73 m?), and reach a 30% decline in eGFR or
not. They improved this prediction model by further incor-
porating texture features (repeating patterns of local image
intensity variations that provide information regarding the
spatial arrangement of image intensities) from T2-weighted
MRI images. The texture features are extracted from manu-
ally segmented kidneys and consist of energy, entropy, and
correlation values. By adding texture features to conven-
tional biomarkers, the resulting Pearson’s r reaches —0.70.
However, this approach, requiring manual segmentation of
the kidneys, is time-consuming and observer-dependent.
Moreover, automated kidney segmentation approaches are
steadily proposed and are emerging into different applica-
tions in renal MRI [12,13]. Considering this, we created a
fully automated system that can segment the kidneys auto-
matically and can make an accurate prognosis. More in
detail, we first develop a deep learning model that segments
kidneys from T2-weighted MRI, enabling calculation of

HtTKV. We then extract image features from the segmented
kidneys and combine them with the conventional biomarkers
(HTKV, age, eGFR) to predict renal function decline after
8 years, using data from 135 ADPKD patients with normal
kidney function at baseline. Specifically, we classify each
patient into a distinct CKD stage (CKD stages 1, 2, 3A,
3B, and 4) and predict percent change in the eGFR.

2 Methods

2.1 Patient data

The patient data were acquired from the National Institute
of Diabetes and Digestive and Kidney Disease (NIDDK),
National Institutes of Health, USA and were recorded in
the Consortium for Radiologic Imaging Studies of Polycys-
tic Kidney Disease (CRISP) study [4]. The dataset consists
of 241 patients in total. However, for our work, we selected
patients who underwent T2-weighted MR imaging and had
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Figure 1. Flow chart for patient selection based on criteria from
[9,11].
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eGFR values > 70 ml/min/1.73 m” at the baseline visit as
depicted in Fig. 1. These criteria were selected in accordance
with [11,9]. The resulting dataset contains information from
135 patients. Table 1 list the number of patients’ CKD stages
at baseline and after § years alongside demographic data,
eGFR, and kidney volumes.

To allow for a comparison to the SOTA method [11], the
patients were regrouped into two groups based on the pres-
ence or absence of each of the following conditions at
8 years after baseline: reaching CKD stage 3A (eGFR <
60 ml/min/1.73 m?), reaching CKD stage 3B (eGFR <
45 ml/min/1.73 m?), and 30% decline in eGFR. As depicted
in Table 2, our data resembles a similar class distribution as
in the work of Kline et al. [11].

2.2 Data pre-processing

We first normalized the renal MRIs, predicted HtTKV
(ml/m) (obtained as per Section 2.4.1), age (years), and
eGFR (ml/min/1.73 m?) at the baseline visit using the Z-
score normalization Eq. (1),

1 —u(I)

=

(1)

where / and ] are the original and normalized image/feature,
respectively. The T2-weighted volumes were recorded with
a size of 256 x 256 pixels and 12-30 slices [4]. However,
the network for prognosis requires uniformly sized image
volumes as inputs. Hence, we center-cropped and/or padded
(as required) the image volumes to the size of 224 x 224 x
16 voxel. We ensure that complete kidney volumes were
present within this reshaped volume.

2.3 Image annotation

The annotations are used from a previous study on kidney
segmentation by Raj et al. [15]. In that study, two physicians

Table 1

Demographic, clinical and radiological data of the 135 ADPKD
patients included in the study. Data are shown as mean £ SD or
Number (%).

Baseline 8-year Follow-up
TKV (ml) 974+£585 1531£1135
HtTKV (ml/m) 5594322 880+615
¢GFR (ml/min/1.73 m?) 96+25 76428
CKD stage 1 66 46
CKD stage 2 69 44
CKD stage 3A - 24
CKD stage 3B - 14
CKD stage 4 - 7
> 30% eGFR decline - 48
Gender (M/F) 58/77 -
Age (years) 3249 -

independently performed annotation on coronal MR images.
The physicians had an experience of one and three years,
respectively. Furthermore, they were overseen by an expert
abdominal radiologist with nine years of experience. The
annotations have the mean inter-user agreement of 0.91 +
0.06 (Dice) and a coefficient of variation of 0.07.

2.4 Deep learning models

We implement two deep learning models for a fully auto-
matic prognosis. We first used a segmentation network
called attention U-Net (Fig. 2) [16] to extract kidneys from
MRI volumes. Thereafter, we use the segmented kidney vol-
umes as input to our prognosis network (Fig. 3)) to make the
final prognosis. We implement this two-step process so that
we can first derive HtTKV automatically and then use the
output from the first network and feed it to the second net-
work for the classification/regression task.

2.4.1 Segmentation network

The first network is based on previous work utilizing the
attention U-Net for renal segmentation in ADPKD and TKV
estimation from T1-weighted MRI [15]. Briefly, this net-
work is composed of a U-shaped encoder-decoder architec-
ture [14] and modified with attention gates [16], which help
focus the network on relevant image regions. This is
achieved by using higher-level features as a guide to sup-
press noise and irrelevant features in the lower-level fea-
tures. The network architecture is illustrated in Fig. 2.

The network was re-trained on 100 T2-weighted volumes
of our dataset for which manually segmented kidneys were
available. Kidney annotations were done similarly as
described in [15]. To obtain kidney segmentations for the
remaining patients without manual annotation, the trained
network was applied. All automatically segmented kidneys
from the network are then used to calculate the HtTKV.
The HtTKV can be calculated by multiplying the number
of segmented kidney voxels by the voxel volume (in mm?)
and then dividing it by 1000 and the height of the patient
(in m) to get the volume in ml/m.

Table 2

Ratio of the positive number of samples to the total number of
samples in our dataset as compared to the one in state-of-the-art
(SOTA) approach from Kline et al. [11]. In all three criteria, we
have more imbalance as compared to the work from Kline et al.

[11].

Criteria Current study SOTA method
Reached CKD stage 3A 0.333 0.360
Reached CKD stage 3B 0.155 0.180
30% eGFR decline 0.355 0.385
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Figure 2. Segmentation network: 2D Attention U-Net with attention modules. The network is U-Net based [14] with attention gates that
help the network focus on relevant image regions, e.g., kidneys. The network is used to segment kidneys from patient MRI volumes
(baseline visit). While training, the input to the network is a patch size of 128 x 128. During inference, each slice of size 256 x 256 is used
as input. The number of filters used in each block is written under the corresponding convolution block. The segmented kidneys are then
used to calculate the HtTKV of the patient. Adapted from [15,16].
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Figure 3. Our proposed prognosis network architecture for classification/regression prognosis. The first input is patient MRI volume
(baseline visit) of size 224 x 224 x 16 that contains only segmented kidneys obtained from the segmentation network. The convolution
layers are used to extract features from the volumes. The number of filters in each feature vector is written under the corresponding vector.
The second input consists of a vector of predicted HtTKV, age, and eGFR at the baseline visit. Here, an MLP extracts features. Then, the
features from both inputs are concatenated and used to make the final prognosis. Every convolution, strided convolution, and linear layer is
followed by instance normalization and PReLU activation [17]. The strided convolutions have a stride of 4. There is no final activation for
the regression task, but for classification, we use sigmoid.

2.4.2 Prognosis network

Our proposed neural network architecture for predicting
the final prognosis comprises two components: a Convolu-
tional Neural Network (CNN) and a Multi-Layer Perceptron
(MLP). The CNN is employed to extract comprehensive
image features from kidney MRI volumes. This CNN com-
ponent consists of convolutional and strided convolutional
layers. The strided convolutions have a stride of 4, resulting
in downsampling the spatial dimensions of the image/fea-
tures by a factor of 4 during each operation. The decision
to utilize a shallow CNN is motivated by our limited dataset.

Deeper networks typically require larger datasets to achieve
robust performance. By employing a shallow network with a
stride of 4, we can aggressively downsample the spatial
information from the kidneys and extract features without
resorting to a deeper network.

The MLP component comprises linear layers that gener-
ate one-dimensional feature vectors. We opt for linear layers
as they are well-suited for processing and extracting infor-
mation from structured or tabular data, such as biomarker
values. The CNN component takes image volumes as input,
while the MLP component accepts a vector composed of
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predicted HtTKV, age, and eGFR from the baseline visit.
The features extracted from the CNN and MLP are concate-
nated, and a final MLP block is employed to make a prog-
nosis. The concatenation of features from the CNN and
MLP enables the fusion of information derived from kidney
MRI volumes and conventional biomarkers.

To enhance the network’s performance, we incorporate
instance normalization layers [18] and PReLU activation
functions [17] after each convolutional, strided convolu-
tional, and linear layer (excluding the last linear layer). We
opt for instance normalization instead of batch normalization
due to the utilization of a small batch size resulting from our
limited dataset. Batch normalization can introduce noise
when applied to small batch sizes, thus, to mitigate this
issue, we implement instance normalization in our network.

Depending upon the task type, the last layer is followed
by the softmax activation in the case of the classification task
or no activation in the case of the regression task. The com-
plete network architecture is depicted in Fig. 3.

The prognosis after § years is divided into two tasks:

1. Multi-class classification: here, we classify each patient
under a distinct CKD stage category after 8 years (CKD
stages 1, 2, 3A, 3B, and 4).

2. Regression: percent change in the eGFR.

As illustrated in Fig. 3, we feed the segmented kidneys to
a small convolutional neural network. Simultaneously, we
use the predicted HtTKV, age, and eGFR at the baseline visit
as input to a shallow multi-layer perceptron. Finally, we
combine the features from kidney volumes and the MLP
inputs and run them through a final MLP to make our
prognosis.

For a proof-of-principle and to compare our approach to
the SOTA method, we also considered the following task:

e Binary classifications: whether a patient will reach CKD
stage 3A or not (¢€GFR < 60 ml/min/1.73 m?), reach 3B
or not (e€GFR < 45 ml/min/1.73 m?), and reach a 30%
decline in eGFR or not.

Therefore, the last layer of the network is followed by a
sigmoid function for each binary classification task.

2.5 Network implementations & training

2.5.1 Segmentation network

The segmentation network for kidney segmentation is
trained with a batch size of 16 and a patch size of 128.
We used the adam optimizer [20] with a learning rate of
0.001. The loss function is cosine loss [15]. As the activation
function, we employ exponential linear units (elus) [21] with

batch-normalization, dropout (probability =0.01) and L2
normalization (10~7). Furthermore, we perform a 5-fold
cross-validation [19] (as depicted in Fig. 4) and and train
for a minimum of 20 epochs. The train:validation:test split
was 70:10:20 subjects in each fold without shuffling. We
employ early stopping to avoid overfitting and select the net-
work with the highest dice score (validation data) for testing.

2.5.2 Prognosis network

The prognosis network was trained for 30 epochs with 5-
fold stratified cross-validation. The train:validation:test split
was 95:13:27 subjects in each fold without shuffling. The
batch size and learning rate were 8 and 0.001, respectively.
For classification tasks, we used weighted cross-entropy
(CE) loss function and area under (AUC) the receiver oper-
ating characteristic curve (ROC) to select the best network.
However, for the task of classifying distinct CKD stages,
we use the fl-score to select the best network. We further
use a weighted random sampling strategy to deal with the
class imbalance in the classification of distinct CKD stages.
Here, classes with less number of samples are weighted
higher and accordingly sampled more often with replace-
ment during training. Meanwhile, for regression, we imple-
ment mean squared error (MSE) loss and use the mean
absolute error (MAE) score to choose the best network[22].

2.6 Evaluation

2.6.1 Segmentation evaluation
We evaluate the performance of the segmentation net-
work using the dice (DSC) score and mean surface symmet-

Figure 4. 5-fold cross-validation scheme for training networks [19]
The networks are trained 5 times with different training, validation
and test sets in each fold. Here, the training, validation and test sets
are represented by green, orange and blue bars, respectively. Cross-
validation is useful when there is limited dataset, and it helps
evaluate the algorithms over a complete dataset.
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ric distance (MSSD). First, we used the DSC similarity coef-
ficient to assess the overlap between the ground truth Y and

the segmentation Y,
> 2] nY|

DSC(RY al
[Y]+ Y]

(2)

Then, we implemented the MSSD (in mm) that is more per-
ceptive to alignment and shape:

)_Zﬁ/\mmdy? +Z m1nd<y7)

Y] +7]

MSSD(?, Y (3)

2.6.2 Prognosis evaluation

To evaluate and compare the results, we used the
weighted fl-score (since we have a high class imbalance
for CKD stage 4) and the AUC of the ROC for classification
outputs. The weighted fl-score is defined as,

n=>5

Weighted 1 = ZSupport[ x f1, (4)

i=1
Where Support; is the support proportion of each class i,
given by,

Number of instances in class i

Support; = , (5)

and precision, recall, and fl-score are given by

Total number of instances

P
Precision = ———, (6)
TP + FP
P
Recall = —— 7
At =T TN O

Precision x Recall

| = x ECion * tecalt
/ " Precision + Recall’

The TP, FP, and FN are true positives, false positives, and
false negatives, respectively. In addition, we used Pearson’s
correlation coefficient and Bland—Altman plots for evaluat-
ing regression results. Furthermore, for comparison, we
employed the Mayo imaging classification tool [9,23] to pre-
dict eGFR values at 8 years after baseline, using the baseline
HtTKV.

Differences between the Mayo classification tool and our
prediction network for eGFR was assessed by a two-sided t-
test. Thereby, we compared the error in eGFR between the
predicted values and the ground truth at 8 years. The null
hypothesis that both are equal is rejected at p < 0.05.

3 Results

3.1 Kidney segmentation

The segmentation network is able to segment kidney vol-
umes at high accuracy. After post-processing with the largest

connected components, the DSC and MSSD attain the val-
ues of 0.909+ 0.069 and 0.721 £ 1.484 mm, respectively
(see Table 3). Fig. 7 shows three examples of kidney seg-
mentation from the proposed segmentation network.

We then applied the trained segmentation network to the
remaining 35 datasets for which no ground truth annotation
were available. Visual inspection of the obtained segmenta-
tions also showed good accuracy (cf. an example case in
Fig. 7, last row).

Inspecting the predicted HtTKV versus ground truth
HtTKV a Pearson’s correlation coefficient of 0.98 could be
obtained (see Fig. 5). In Fig. 5, the regression line has a coef-
ficient of regression r* value of 0.96. Furthermore, the mean
percent difference between the predicted and the ground
truth HtTKV is 13.47 4+ 13.70 %. Also, the Bland—Altman
plot (see Fig. 6) supports this finding depicting a bias of
66 ml/m.

3.2 Prognosis network

Our proposed approach was tested twofold. First, as a
proof-of-concept, we predicted whether a patient reaches
CKD stage 3A, 3B, or a 30% decline in eGFR and compare
the results with the SOTA method. Furthermore, we pre-
dicted eGFR values after 8 years for our patient data using
the Mayo imaging classification tool [9,23]. Second, we pre-
dicted distinct classes of CKD after 8 years from baseline.

Table 4 shows the results of our approach compared to
the SOTA method.

The AUC for reaching CKD stage 3B is over 0.950 and
on par with the corresponding value from the state-of-the-art
(SOTA) method (0.960) [11]. However, the AUC of reach-
ing CKD stage 3A is 0.965 and is higher than that of the
SOTA method (0.940). Further, the 30% eGFR decline pre-
dictions reach an AUC of 0.952 and clearly exceed the
results of the SOTA method (0.850).

Moreover, we observe that the precision and recall for
each criterion is about 90%, indicating good performance
of the classifiers (Table 4).

Fig. 8 depicts the predicted versus ground truth eGFR
percent change after 8 years. Here, Pearson’s correlation

Table 3
Segmentation results for each of the 5 folds after post-processing
using largest connected components.

Fold No. DSC 1 MSSD (mm) |
1 0.918 =+ 0.030 0.367 + 0.123
2 0.908 + 0.047 0.845 + 1.209
3 0.940 + 0.018 0.332 + 0.155
4 0.906 =+ 0.091 0.688 + 1.130
5 0.874 + 0.107 1.410 £ 2.870
Average 0.909 + 0.069 0.721 + 1.484
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Figure 5. Baseline predicted HtTKV against the ground truth
HtTKV. Here, the data represents all 135 patients. The TKV ground
truth values for all patients are also provided by the NIDDK CRISP
study Chapman et al. [4]. We used these ground truth TKV values
to calculate ground truth HtTKV. The predicted HtTKYV is obtained
from the segmentation network by segmenting kidneys from T2-
weighted MRI volumes. Here, we make sure that the predicted data
was not utilized during the training of the 5-fold cross-validation
model, as shown in Fig. 4. The Pearson correlation coefficient is
0.98.

400 4

300 +
L ]
+1.96 SD=214.93

200 e L ®
° o0

100 V ? o e °

- 5 . ®___Mean=66.82

8 __ %
® @ @
.| oG
® e o

—100{ T T T g T T T T T T T T T T T T T T T 96 sD=-81.29

Predicted - ground truth HETKV (ml/m)

| |

w N

=} =]

o o
|

T T T T T T T T
250 500 750 1000 1250 1500 1750 2000

Mean HETKV (ml/m)

Figure 6. Bland—Altman plot comparing model predicted HtTKV
(ml/m) values to the ground truth values.

coefficient of 0.81 is attained (SOTA method = —0.700
[11]). The mean difference between predicted and ground

Table 4

Classification results of reaching CKD stage 3A, reaching CKD
stage 3B and having a 30% eGFR decline after 8 years. Abbrevi-
ations: AUC = area under the curve, SOTA = state-of-the-art.

AUC SOTA AUC

0.965 0.940
0.957 0.960
0.952 0.850

Precision Recall

0.951 0.866
0.900  0.857
0.846  0.916

Criteria
Reached CKD stage 3A

Reached CKD stage 3B
30% eGFR decline

truth eGFR percent change was found to be 1.12 + 15.58
%. Plotting the respective Bland—Altman plot further sup-
ports this observation (see Fig. 9). Most of the data is dis-
tributed within the 1.96 standard deviation range with a
bias of only 1.12 percent change in eGFR, showing a small
overestimation.

We found that Pearson’s r for Mayo predicted eGFR was
0.64. In comparison, our prognosis network’s predicted val-
ues had an r-value of 0.86 as shown in Fig. 10. Furthermore,
the corresponding Bland—Altman plots show that the Mayo
imaging classification tool underestimates the absolute pre-
dicted eGFR (bias of —1.76 ml/min/1.73 m?) while our
method slightly overestimates the eGFR (bias of 1.18 ml/
min/1.73 m?). Moreover, our approach has a smaller range
of 1.96 standard deviations (-26.87 to 29.22 ml/
min/1.73 m?) compared to the Mayo imaging classification
tool (-44.88 to 41.37 ml/min/1.73 m?).

The 8-year eGFR error obtained by our method was not
significantly different than that obtained by Mayo classifica-
tion (two-sided t-test, median difference [interquartile
range]: 0.785 [9.95, —5.74] vs 1.85 [12.46, —15.22],
p = 0.0548), though the p-value is very close to 0.05 and
the difference between the two tools is also clearly shown
by Bland Altman plots (Fig. 10).

Finally, our model was also trained to predict each CKD
stage distinctly for each patient after 8 years. Here, we reach
a weighted fl-score of 0.851 (accuracy: 0.851) with an AUC
of 0.972. The corresponding confusion matrix is shown in
Fig. 11. As can be seen, most of the predictions are on the
diagonal of the confusion matrix. Furthermore, the overall
accuracy increases to 0.955 when we factor in misclassified
samples from adjacent stages in the confusion matrix.

4 Discussion

In this work, we combined T2-weighted MRIs of the kid-
neys with the established biomarkers (patient age, eGFR,
and predicted HtTKV at the baseline visit) to predict renal
function decline. The main advantage of our approach is that
our model could classify patients into different CKD stages.
This classification might better support the diagnosis of
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MRI image

Ground truth

Segmentation prediction

Figure 7. Kidney volume segmentation results. Left: T2-weighted MRI images, center: ground truth segmentations, and right:
corresponding automatically segmented kidneys. Three examples show the segmented kidneys obtained from the segmentation network.
The first two rows correspond to the cases that had ground truth annotation available, i.e. examples from one of the test set of 100 patients.
The last row corresponds to a patient without ground truth segmentation available.

patients with ADPKD since it allows for precisely predicting
the change in CKD class and therefore, the decline in renal
function over time rather than just predicting if a person will
reach a certain CKD stage or not as previously reported in
literature [11].

Nevertheless, our model could also demonstrate that it
performs at par or better compared to the state-of-the-art
method [11] for classification of reaching CKD stage 3A,
3B, and 30% eGFR decline. Furthermore, we also show that
an eGFR percent decline could be predicted at a higher rate
compared to the Mayo Image Classification tool.

4.1 Kidney segmentation

From a visual inspection, it can be seen that the kidney
segmentation is accurate. However, when inspecting the pre-

dicted HtTKV vs ground truth HtTKV plot (Fig. 5), we
observed that the network predicts slightly higher values,
suggesting that it over-segments the kidneys. The mean per-
cent difference of 13.47 £+ 13.70 % between predicted and
ground truth HtTKV confirms slight over-segmentation. A
reason for this variability could be the slice thickness of
9.0 mm. Nonetheless, we still attained accurate prognosis
performance with over-segmented kidneys as inputs to our
model. Arguably, over-segmentation is better than under-
segmentation since it is more likely to include the kidneys
completely. Our segmentation network was originally estab-
lished on T1 weighted MRIs and there we already showed
good performance with respect to previously published stud-
ies [15]. In that study, we also noted that some samples con-
tain cysts in various regions of the abdomen and less-defined
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Figure 8. Correlation plot for predicted eGFR percent change v/s
ground truth eGFR percent change after 8 years. The Pearson’s
correlation coefficient is 0.81.
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Figure 9. Bland-Altman plot comparing model predicted eGFR
percent change (%) values to the ground truth values.

kidney boundaries and shapes that might also lower the seg-
mentation accuracy here. For comparison of T2 weighted
segmentation, van Gastel et al. [24] achieved r* value of
0.99 between the predicted and ground truth TKV segmen-
tation. In comparison, our approach attains a lower r* of
0.96, however, it is worth noting that van Gastel et al. [24]
employed four times more data than our method. Further-
more, Mu et al. [25] trained a V-Net [26] like architecture

on 305 ADPKD patients. Their study attained a DSC of
0.96, which is higher than our DSC of 0.91. Their DSC score
is better than ours since they employ 3 times more data than
our study. Nonetheless, the DSC score of our study matches
with the inter-user agreement of manual annotation (i.e.
0.91). In another work,Daniel et al. [27] achieved a slightly
higher DSC of 0.93 using a similar data size as our study.
They employed T2-weighted images with the U-Net. The
difference in performance could be due to the subjects in that
study consisting of healthy and chronic kidney disease
patients only. Those subjects did not have cysts present in
the kidney region and hence, segmentation performance
would be better in such cases.

4.2 Prognosis

The main objective of our proposed work was to auto-
mate ADPKD prognosis and obtain accurate results com-
pared to the work of Kline et al. [11]. Often, we observe
that tackling class imbalance is difficult for deep learning
models[28-30], however, in this study, we achieved accurate
results even though the number of positive samples was con-
siderably less than negative samples, as seen in Tables 1 and
2 (e.g. 23 positive samples v/s 112 negative samples for
reaching CKD stage 3B). For the classification tasks (reach-
ing CKD stage 3A, reaching CKD stage 3B, and 30% eGFR
decline), our models obtain AUC > 0.950. Our method per-
forms at par in the case of reaching CKD stage 3B classifi-
cation when compared to the corresponding state-of-the-art
results from Kline et al. [11]. Here, we achieve an AUC of
0.957. In comparison, Kline et al. [11] achieve an AUC
score of 0.960. It is worth noting that our dataset is slightly
more imbalanced than the one used in [11] as depicted in
Table 2. Considering this imbalance, our approach is still
robust enough in attaining accurate results for every crite-
rion. Note-worthily, our method outperforms the state-of-
the-art approach [11] in the cases of reaching CKD stage
3A, 30% eGFR decline, and eGFR percent change. For
reaching CKD stage 3A and 30% eGFR decline, our AUCs
of 0.965 and 0.952, respectively are higher than that of the
state-of-the-art approach [11] (AUCs: 0.940 and 0.850,
respectively).

Moreover, our model could be used to classify patients
into the five CKD stages (1, 2, 3A, 3B, and 4) after eight
years. Our network achieves an AUC and weighted fl-
score of 0.972 and 0.851, respectively. We also find that
about 95.5% of the predictions lie on the diagonal or the
adjacent CKD stages in the confusion matrix (Fig. 11). How-
ever, the network misclassifies three cases in the CKD stage
4 category. This occurs due to the class imbalance in the
CKD stage 4 category as it consists of only seven cases.
Increasing the dataset by including more samples for this
class might improve the model’s performance.
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Figure 10. Correlation plots showing predicted versus ground truth eGFR values after 8 years in the first row. The left plot is obtained from
Mayo classification tool (Pearsons’s r = 0.64) [9,23] and the right plot is from our described prognosis network (Pearson’s r = 0.86). The

second row depicts the corresponding Bland—Altman plots.

The regression task of eGFR percent change reaches a
Pearson’s r value of 0.810 as compared to —0.700 of the
state-of-the-art method [11]. The features in [11] are nega-
tively correlated to the eGFR percent change, hence, the
negative sign. However, our method has a positive correla-
tion since we directly compare the predicted eGFR percent
change with the ground truth eGFR percent change
(Fig. 8). Furthermore, the residual standard deviation of
our approach was also smaller (15.584 % vs 17.900 %). It
is clear that the networks are more accurate in predicting
eGFR change (classification or regression) after 8 years.
Although most of the predicted segmentations have higher
HtTKV than ground truth HtTKV, there are 8 cases where

there is under-segmentation. This suggests that in this case
the predicted segmentations do not cover the kidneys com-
pletely. The under-segmentation is on average —20.25 %
lesser than the ground truth HtTKV for these cases.
Nonetheless, the average absolute difference in eGFR per-
cent change for these eight cases is 9.20%, while the average
absolute difference for all 135 patients is 11.50%. This sug-
gests that even though some segmentations do not cover kid-
neys completely, the other baseline inputs (age, baseline
HtTKV, and eGFR) help the prognosis network to predict
robust eGFR percent change values. Compared to the Mayo
imaging classification tool [9], our algorithm reached a
higher correlation of the predicted eGFR to the ground truth
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Figure 11. Confusion matrix depicting the predictions for distinct
CKD stages after eight years. Weighted f1-score and AUC are 0.85
and 0.97, respectively.

eGFR (r=0.64 vs. r=0.86, Fig. 10). However, the 8-year
eGFR error obtained by our method was not significantly
different than that obtained by Mayo classification
(p = 0.0548). Nevertheless, in the light of the correlation
and the Bland Altman plot, we believe that including more
data might also show significance between the two
approaches. Eventually, the main goal was to show the fea-
sibility of automating common approaches to predict disease
progression in ADPKD patients. Til now, our tool is on par
with the state-of-the-art (Mayo Tool) but more automated.

A few other works exist that predict renal function
decline but are not directly comparable to our approach
because of differences in datasets and renal function decline
definitions. Cao et al. [31] compared various machine learn-
ing algorithms on a dataset of 2166 subjects. They defined
renal function decline as eGFR decline of more than 3 ml/
min/1.73 m*/year or follow-up eGFR < 60 ml/min/1.73 m?
(i.e., CKD stage 3A to 5). The algorithms were trained using
24 predictive variables, e.g., age and gender. Their best-
performing algorithm was gradient boosting, reaching an
AUC of 0.914 on the test data. Zhao et al. [32] explored a
prediction model to predict CKD stage 3A or positive pro-
teinuria in a cohort of 348 subjects. Their prediction model
combined a genetic risk score model with a non-genetic risk
score model by incorporating genetic and non-genetic fac-
tors for prediction. This combined model achieved an
AUC value of 0.894.

There exist a few approaches that seek to classify distinct
CKD stages automatically. However, all approaches do not
incorporate imaging data nor do a long-term (larger than

18 months,[33]) prediction of renal function decline. Debal
and Sitote [34] created a random forest model that predicts
5 CKD stages (from 1 to 5). They achieved an fl-score of
0.778 with a dataset of 1718 samples. Ilyas et al. [35]
employed a dataset of 400 instances and predicted 6 CKD
stages (stages 3A and 3B separately). They obtained an over-
all accuracy of 0.855 using the J48 algorithm, a decision tree
based approach. Finally, Rady and Anwar [36] trained a net-
work of probabilistic neural networks on a dataset of 361
patients, achieving an overall accuracy of 0.967. Despite
the difference in the underlying data like medical records
(such as age, blood pressure, hypertension, hemoglobin,
etc.) our integrated approach incorporating imaging informa-
tion and clinical information (age, eGFR) could achieve a
similar or higher classification accuracy while employing
only about 3-fold fewer data and allowing for accurate kid-
ney segmentation and TKV estimation simultaneously.

In the future, we plan to use T1-weighted kidney volumes
and combine them with their T2-weighted counterparts to
extract better features and attempt to improve performance.
Moreover, so far we only predicted kidney function change
for 8 years in the future. Translating our method to other
time ranges will be investigated in the future. Furthermore,
we plan to do multi-task learning by combining the training
of segmentation and prognosis networks.

In conclusion, we have presented an automated approach
to predict disease progression in ADPKD, in terms of eGFR
decline and CKD stage change by integrating imaging infor-
mation and clinical data. Simultaneously, renal segmenta-
tions are also obtained and used in further diagnostic
tasks. Our approach might improve monitoring and support
the prognosis of ADPKD patients from the earliest disease
stages.
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