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Abstract.

Autosomal dominant polycystic kidney disease (ADPKD) is a genetic disorder causing progressive renal
cyst formation, increased kidney volume, and impaired function. The PCK rat is a preclinical model for

investigating new treatments, requiring accurate quantification of total kidney volume (TKV), total cyst



volume (TCV), and cyst count. We propose an automated segmentation pipeline of kidneys and cysts on

uCT scans of excised rat kidneys, followed by automated cyst counting.

For segmentation, a 3D U-Net ensemble was implemented using the nnU-Net framework with dual-channel
input (raw pCT volumes, Sobel-filtered images). Models were trained on Dataset 1 subsets (D1, n =5, 10,
15, 20), and evaluated on internal test set (» = 5) and independent external Dataset 2 (D2, n = 5).
Segmentation achieved Dice Similarity Coefficients >0.99 for kidney and >0.98 for cysts on D1, with

comparable performance on D2, exploring cross-scanner generalizability.

For cyst counting, a morphological algorithm based on 3D distance transform and peak detection was
optimized via genetic algorithm on 10 samples and evaluated on independent 10-sample set. The automated
method achieved low variability, with operator-algorithm agreement exceeding inter-operator agreement

across all metrics, drastically reducing processing time.

The pipeline provides fast, accurate, and reproducible quantification of morphological biomarkers required

for preclinical PKD research.

Keywords: Polycystic kidney disease (PKD); Cystogenesis; nCT imaging; Automatic Segmentation; U-
Net; Cyst counting

1 Introduction

Autosomal dominant polycystic kidney disease (ADPKD) is the most prevalent genetic kidney disorder [1—
3]. This condition is characterized by the uncontrolled formation of multiple fluid-filled cysts within the
renal tubules. The process of cystogenesis has serious consequences, including increased total kidney
volume (TKV) and a corresponding reduction in parenchymal volume, which leads to a progressive decline
in kidney function often culminating in end-stage renal disease (ESRD), requiring dialysis or

transplantation [4,5].

Despite advancements in understanding the pathophysiology of ADPKD, effective therapies capable of
preventing cyst formation or halting disease progression remain elusive [6]. This gap is linked to three
critical needs: i) novel effective drugs, ii) reliable animal models for investigating new pharmacological
strategies, and iii) robust biomarkers for monitoring disease progression and evaluating therapeutic
responses. Addressing these needs is essential for supporting preclinical and clinical research on ADPKD,

and ultimately improving long-term outcomes in ADPKD patients.



Animal models are essential for elucidating the complex pathophysiological mechanisms that drive
cystogenesis in ADPKD and for evaluating candidate therapies aimed at slowing disease progression. In
particular, the PCK rat is a genetically inherited model of polycystic kidney disease (PKD) that develops
spontaneously in Sprague-Dawley (SD) rats. Although it follows an autosomal recessive inheritance

pattern, it exhibits many features resembling human ADPKD [7].

Among available biomarkers, TKV is widely recognized as a significant indicator of disease progression
and treatment efficacy [8,9]. Recent studies also suggest that total cyst volume (TCV) may be more

informative, given the strong correlation between cyst burden and renal functional decline [10,11].

Three-dimensional micro-computed tomography (uCT) imaging has emerged as a powerful tool for
accurately quantifying TKV and TCV in pre-clinical models. However, manual segmentation of renal and
cystic structures from pCT datasets remains extremely time-consuming and operator-dependent, limiting

its scalability [12,13].

Beyond volumetric biomarkers, individual cyst enumeration provides complementary insights into disease
mechanisms [14]. Cyst count may also be more sensitive than volumie for monitoring disease progression
and detecting early treatment effects, particularly for therapies targeting cystogenesis rather than growth
inhibition. Manual cyst counting in polycystic kidneys poses significant challenges because cysts tend to
be densely clustered, may have irregular protruding shapes, and often touch or branch into complex three-
dimensional patterns [15-17]. Manual counting is time-consuming and prone to high inter-operator
variability, particularly when distinguishing individual cysts in clustered regions. These limitations have
hindered the adoption of cyst counting as a routine quantitative endpoint in preclinical studies. Despite the
potential value of automated counting, to our knowledge, no such methods exist in pCT-based preclinical

research.

In recent years, deep learning (DL), and particularly convolutional neural networks (CNNs), have
substantially advanced medical image segmentation tasks. Notably, the U-Net architecture and its 3D
variants have achieved high performance across diverse applications, from organ to tumour segmentation
[18-21]. When considering polycystic kidney image analysis, several studies have applied DL to medical
image data: Sharma et al. [13] achieved high accuracy for kidney segmentation on CT scans, while Kline
et al. [11] pioneered instance segmentation for individual cyst identification on MRI. However, in the
context of uCT imaging and preclinical research, automated segmentation of polycystic rat kidneys has
been addressed in only one published study to date, by Rombolotti et al. [12], who adopted a 2D U-Net

approach, potentially losing volumetric context. Importantly, uCT introduces additional challenges: the



higher spatial resolution increases structural complexity and the number of small cystic features to resolve,
and preclinical studies often require detecting subtle, treatment-induced morphological differences, which

demands particularly robust and sensitive segmentation.

To address these challenges, we developed and validated an automated analysis pipeline for uCT scans
from polycystic rat kidneys that combines 3D U-Net—based semantic segmentation of kidneys and cysts

with genetic algorithm—optimized morphological cyst counting.

Specifically, this study aims to: (1) develop an automatic, accurate, and robust 3D U-Net ensemble model
for kidney and cyst volume segmentation, comparing different training sample sizes and evaluating cross-
scanner generalizability; and (2) develop an automated cyst counting method operating on cyst
segmentations, validated against independent manual counts from two operators to quantify inter- and intra-

operator variability.

The proposed integrated approach constitutes the first comprehensive automated image analysis pipeline

designed to deliver all morphological imaging biomarkers required for preciinical PKD studies.

2  Methods

2.1 Animal populations and sample preparation

Forty-one male PCK rats and two male Sprague-Dawley (SD) rats of 3 weeks of age were obtained from
Charles River Laboratories and housed in a specific pathogen-free facility at constant temperature, under a
12:12 h light/dark cycle, with free access to food and water. At 4 weeks of age, eight PCK and one SD rats
were anesthetized with isoflurane and maintained under stable anesthesia. The left kidney of each rat was
then perfused with a radio-opaque silicone polymer (Microfil MV-122; Flow Tech, Carver, MA, USA)
according to a previously described protocol [22]. Excised kidneys were fixed and stored in 10% formalin
in a centrifuge tube. At 14 weeks of age, the remaining thirty-three PCK and one SD rats underwent the

same procedure.

All procedures involving animals were performed in accordance with institutional guidelines in compliance
with national (D.L.n.26, March 4, 2014), and international laws and policies (directive 2010/63/EU on the
protection of animals used for scientific purposes). This study was approved by the Institutional Animal
Care and Use Committees of Istituto di Ricerche Farmacologiche Mario Negri IRCCS and by the Italian
Ministry of Health (approval number 991/2023-PR).



2.2 Software

The image processing pipeline proposed in this study was developed using MATLAB (vR2023b,
https://www.mathworks.com/) and Python (v3.8.18; https://www.python.org/), exploiting pertinent
libraries and additional software, including 3D Slicer (v5.6.2; www.slicer.org) and Imagel/Fiji (v.1.54p;

http://imagej.org).
2.3 pCT image datasets

uCT images were used for the pipeline development and internal evaluation (Dataset 1) and for external
testing, to assess the generalizability of the segmentation model on images acquired with a different scanner
(Dataset 2), respectively. Dataset-specific image acquisition, pre-processing and ground truth details are

reported hereafter.

2.3.1 Dataset 1 (D1)

Dataset 1 comprised pCT scans from thirty-eight rats, sacrificed at 4 weeks (8 PCK and 1 SD control) or
14 weeks (28 PCK and 1 SD). Of these, twenty-five (nz = 25) were allocated to the kidney and cyst
segmentation task and twenty (n = 20) to the cyst counting task, with seven PCK samples overlapping

between the two subsets.

Image acquisition. pCT images were acquired at the University of Bergamo with a 9x9x9 um? isotropic
resolution using an open-type X-ray source operating at 120 kV and 20 pA ., in high-power mode. The
detector was a 16-bit CMOS with an acquisition time of 1.2 s, and 3200 projections were acquired per
tomography. During acquisition, the projections were corrected for detector charge accumulation, the so-
called “dark-field”, and were normalized by “bright-field” correction. The latter characterizes the non-
uniform response of the radiography acquisition system due to variations in detector sensitivity and X-ray
source flux density. The normalized projections are then fed into the Feldkamp-Davis-Kress (FDK)
reconstruction algorithm in VGSTUDIO MAX to obtain the three-dimensional dataset. The specified
isotropic resolution was determined with a metrological calibration. Calibration procedures are detailed in
Santini et al. [23]. Excised kidneys were scanned in the 10% formalin centrifuge tube to minimize beam-

hardening effects

Image pre-processing. To reduce the burden of manual segmentation and ensure feasibility in terms of

memory management and computational capacity, all scans were resampled to an isotropic resolution of



27%27x27 um3. The preprocessed scans had median matrix dimensions of 742x777x970 voxels. Scans

were stored as volumetric images in compressed NIFTI format.

Training/test split - kidney and cysts segmentation. All 38 D1 scans were retained for analysis; no
samples were excluded due to image quality, scanner, or acquisition issues, or lack of annotation. The
segmentation dataset comprised the first 25 consecutive eligible D1 scans. Five of these were reserved as a
fixed hold-out test set, selected to span the range of disease burden: (i) two 14-week-old cases with the
highest and lowest total cyst volume (TCV); (ii) two 14-week-old cases with the largest and smallest total
kidney volume (TKV); and (iii) one 4-week-old case with the highest TCV. The remaining 20 samples
formed the training pool, from which four nested training subsets of 5, 10, 15, and 20 samples were

constructed to investigate the impact of training-set size (see Table 1).

SD control samples were distributed across training sets as follows: one SD sample was included in each
of the 5- and 10-sample training subsets, and both SD samples were included in the 15- and 20-sample
subsets. The ratio of 4-week to 14-week PCK samples was maintained at approximately 1:4 across all

training subsets and the test set, consistent with their distribution in the source population.

Each training set was purposely constructed to capture the variability observed in pCT images, arising from
differences in age and pathological status, and to account for representative challenging cases, including i)
samples with poorly perfused Microfil regions, which are challenging even in the case of manual
segmentation; ii) samples presenting air bubbles; iii) samples with presence of Microfil within cysts and/or
the renal papilla, which are difficult 1o distinguish from vasculature due to a similar intensity but spherical

shape; and iv) at least one control SD sample.

Training/test split — cyst counting. Twenty pnCT samples from Dataset 1 were used to develop and validate
the cyst-counting algorithm. This set comprised D1 scans not assigned to the segmentation dataset, together
with seven samples in the segmentation training set; none of these seven overlapping samples belonged to

the fixed segmentation hold-out test set. The dataset was split into:

- Optimization dataset: 10 samples used for parameters optimization.
- Evaluation dataset: 10 samples used for assessing the cyst-counting algorithm performance and the

inter-operator variability (see Table 1).

All twenty samples were PCK rats, as these animal models develop multiple cysts and thus provide a
suitable segmentation mask for algorithm development and evaluation. The optimization dataset comprised

exclusively 14-week-old animals, whereas the ten evaluation samples included five 4-week-old and five



14-week-old PCK rats. The per-sample allocation of all scans across the segmentation and counting

analyses is reported in Supplementary Table S1 online.

Ground truth - kidney and cysts segmentation. Initially, two experienced operators (Operator 1, AM;
and Operator 2, FS) manually segmented kidneys and cysts using the Segment Editor module available in
3D Slicer. Manual tracing was performed on a total of 400 slices from a PCK sample and 200 slices from
a control SD sample. In the vascular pole region, where the kidney contour is irregular, the boundary was

completed by drawing a polygon connecting the visible extremes of the renal lobes.

We then trained two separate 2D U-Net models using the preliminary manual segmentations: one for kidney
segmentation and one for cyst segmentation. Input images and corresponding masks underwent on-the-fly
data augmentation to increase dataset size and variability, including random rotations (up to 360°), random-
sized cropping, and horizontal flipping, while preserving label integrity through nearest-neighbour
interpolation. The kidney model was trained for 50 epochs, whereas the cyst model was trained for 100
epochs. For both networks, a Shuffle-Split validation scheme was adopted, with an 80/20 train/validation
split randomly resampled at each epoch. Training was performed with the Adam optimizer (learning rate =
le-4), a batch size of 6, and a sigmoid activation in the output layer. Training the models required

approximately one hour each.

The trained 2D U-Nets were then used to generate kidney and cyst segmentations for all 25 samples in
Dataset 1 (D1), which were reviewed and manually refined by the two operators in an alternating sequence:
for each sample, one operator edited the preliminary mask and the other revised it, yielding the final ground-
truth annotations. Manual refinement was required on virtually all slices. We also quantified the correction
burden by comparing the preliminary 2D U-Net masks against the final refined masks on 10 cases (the 5
D1 test samples, and the 5-sample training subset): kidney DSC was 0.9858 + 0.0085 and cyst DSC was

0.7629 + 0.2905, confirming that manual revision was extensive across cases.

Ground truth — cyst counting. Manual cyst counting was performed by Operator 1 alone on the
optimization dataset and, independently, by both Operator 1 and Operator 2 on the evaluation dataset. Cyst
counts were performed using ground-truth segmentation masks. Operators used 3D Slicer and were blinded
to each other’s counts and to the automated results. For the evaluation dataset, ground truth (GT) was
defined as the average of the two operator counts, since inter-operator discrepancies typically occurred

across samples rather than following a systematic pattern.



2.3.2 Dataset 2 (D2)

Dataset 2 included five uCT scans from PCK rats sacrificed at 14 weeks of age.

Image acquisition. pCT images were acquired at Istituto di Ricerche Farmacologiche Mario Negri IRCCS,
Bergamo, Italy, using a pCT SkyScan 1076 (Bruker, Belgium) at an isotropic resolution of 9x9x9 pm3.
Acquisition parameters were as follows: source voltage of 55 kV, source current of 180 pA, 0.5 mm Al
filter, exposure time of 1000 ms, and a rotation step of 0.5° (395 images). Volumetric images were
reconstructed using a back-projection algorithm implemented in the NRecon software (Bruker, Belgium).

Acquisition parameters for both datasets are compared in Supplementary Table S2 online.

Image pre-processing. As in D1, the 3D images were resampled to an isotropic resolution of 27x27x27
pum?. The preprocessed scans had median matrix dimensions of 653x653x938 voxels. A denoising step was
also applied to D2 images using bilateral filtering in ImagelJ/Fiji [24] to mitigate noise in this dataset. Images

were stored in compressed NIFTI format.

Ground truth - kidney and cysts segmentation. Kidney and cyst ground-truth segmentations for these
scans were generated semi-automatically by Operator 2 following the same procedure used for D1. The

resulting masks were subsequently reviewed by Operator 1.
2.4 Kidney and Cysts Segmentation Enscrible Models

2.4.1 Development

Four 3D U-Net models were trained for semantic segmentation of kidneys and cysts using training subsets
of 5, 10, 15, and 20 samples from D1, in order to assess the impact of training set size on segmentation
accuracy. Training was performed with the nnU-Net automated deep learning framework
(https://github.com/MIC-DKFZ/nnUNet), which automatically adapts the network architecture,

preprocessing steps, and training hyperparameters to the specific characteristics of the dataset [25].

The model input consisted of i) the 3D pCT volumes, with a resolution of 27x27x27 um?; ii) the same 3D
volumes filtered with the Sobel operator to enhance edges information; and iii) the pertinent ground truth
segmentations of kidneys and cysts used as supervision target. The model's output included the predicted
mask of kidneys and cysts and a voxel-wise probability map. To assess the contribution of the Sobel
channel, we compared models trained on the 5-sample subset with the single-channel input (raw pCT only)

versus the dual-channel input (raw pCT + Sobel).



Following the nnU-Net protocol, the 5-fold cross-validation scheme was adopted to (i) train a fold-wise
ensemble for each training subset and (ii) obtain a robust estimate of segmentation performance. In each
fold, 20% of the available training cases were held out for validation. Models were trained for 1000 epochs
with an initial learning rate of le™ and weight decay of le®. The network architecture and training
configuration relied on the nnU-Net default settings, consistent with evidence that careful implementation
and optimization of the training pipeline are often more critical for state-of-the-art performance than ad hoc
architectural modifications [25,26]. Each epoch used a batch size of 2 and a patch size of 160x112x128
voxels, with an approximate training time of 80 seconds per epoch and about 20 hours to train an entire

fold. Following nnU-Net defaults, training used a combined Dice and cross-entropy loss.

Inference on the test sets was performed using an ensemble comprising the 5-fold-specific models. For each
voxel, the final label (kidney, cyst, or background) was assigned by probability map averaging across the
individual models. Inference on a new sample required approximately 30 minutes per case. Figure 1

summarizes the 3D U-Net training pipeline and the ensemble-based inference workflow.

2.4.2 Evaluation

Cysts and kidney volumes were quantified on test sets-related ground truths and model predictions using
the Segment Statistics tool in 3D Slicer. The performance of the ensemble models was evaluated by
comparing the predicted kidney and cyst labels with the ground truth masks, using the Dice-Serensen
coefficient (DSC), Intersection over Union (loU) scores, and the 99th percentile of the Hausdorff Distance
(HD99) was used over the more commonly used HD95, given the large number of voxels belonging to each
label. Bland-Altman and linear regression analyses were used to assess the agreement between volumes

derived from predicted segmentations and ground-truth masks for both kidneys and cysts.

The benefit of incorporating the Sobel auxiliary channel was assessed by comparing the segmentation
performance of two versions of the ensemble model, both trained on the 5-sample subset, with and without
the additional input channel, on each sample of the D1 test set. Average Surface Distance (ASD) and
Normalized Surface Distance (NSD) were additionally computed for both models. ASD is the mean
bidirectional nearest-neighbour distance between predicted and ground-truth surface voxels (mm); NSD is
the proportion of surface points (from both prediction and reference) within a tolerance t of the opposite
surface (T = 0.1 mm, approximately 3.4 voxels at the 29.2 um analysis resolution). Surface voxels were

identified by morphological erosion, and distances were computed via Euclidean distance transform.

The impact of the training set size was assessed by comparing the segmentation performance of the four

ensemble models (dual-channel) trained with different training sample sizes (n = 5, 10, 15, and 20) on the



D1 test set. In addition to the model-derived evaluation metrics, the statistical differences among the four

ensembles were assessed, for each label separately, using the Friedman test.

The generalizability of the four ensemble models (dual channel) trained with different training sample sizes
was finally evaluated on the D2 test set, consisting of images acquired with a scanner different from the

one used to acquire training images.
All statistical analyses were conducted using the R software (R Core Team, Vienna, Austria, v4.3.3).
2.5 Automated Cyst Counting Algorithm

2.5.1 Development

We developed an automated cyst-counting algorithm operating from binary cyst masks. First, a 3D
Euclidean distance transform (DT) was computed within the mask and smoothed to reduce spurious peaks.
Candidate cyst centers were then identified as local maxima in the smoothed DT. Finally, morphology-

based rules were applied to handle cysts separation and counting.

The cyst-counting pipeline is governed by six morphological parameters controlling peak detection on the
DT map and the subsequent post-processing rules. Brieily, o sets the Gaussian smoothing applied to the
DT to suppress spurious local maxima, while T defines the adaptive threshold used to retain peaks based
on local distance statistics. Cysts are classi{ied as small or large using a volume threshold Vi, (in voxels),
after which size-specific distance constraints are applied: ds and ddefine the minimum inter-peak distance
required to count two peaks as distinct cysts in small and large cysts, respectively, whereas d;; specifies
the maximum distance for merging closely spaced peaks within large cyst regions to mitigate overcounting

in clustered areas. Figure 2 shows the algorithm workflow.

| Algorithm 1: CYST COUNTING ALGORITHM




Parameters and GA optimization bounds

Symbol | Description Bounds
s Standard deviation of the Gaussian kernel [0.01, 1.5] voxels
applied to the distance transform. [0.00027, 0.0405] mm
T Adapt.lve threshold multiplier for peak 0.1, 3.0]
selection
% Volume threshold (voxels) separating small [10.000, 150.000] voxels
o cysts from large cysts [0.197, 2.952] mm3
1,15 1
ds Minimum peak separation for small cysts [ ] voxels
[0.027, 0.405] mm
d Maximum distance for merging peaks within | [1, 15] voxels
M large cysts [0.027, 0.405] mm
10, 100 1
d Minimum peak separation for large cysts [ ] voxels
[0.270, 2.700] mm
Procedure

Input: Binary cyst mask M
Step 1. Extract cyst voxels from M. If empty, return 0

Step 2. Compute the 3D Euclidean distance transform DT of the cyst region.
Normalize DT to [0, 1].

Step 3. Apply per-slice adaptive histogram equalization (CLAHE) to DT.
Rescaling the output back to each slice’s original intensity range.

Step 4. Apply 3D Gaussian smoothing (o) to produce smoothed map S.
Step 5. Identify local maxima in S using 26-connectivity (3x3x3 neighborhood).

Step 6. Extract connected components from M using 26-connectivity to identify individual cyst
regions.

Step 7. Initialize total count N = 0.
Step 8. For each connected component C:

a. Classify size: if |C| > V,,, set d,;, = d; and enable merging;
Otherwise set d,,;, = ds and skip merging.
b. Compute adaptive thresold:
T=mean(S[C]) + T - std(S[C])
c. Select valid peaks:
Voxels in C that are local maxima in S and satisfy S > t.
If none, continue.
d. Greedy suppression:
Iterate over valid peaks in index order;
For each surviving peak p, suppress all peaks within Euclidean distance d,,;,.
Lower index is retained on ties.
e. (Large cysts only)
Merging: if ||p — q|| < dy, remove ¢.
f Add surviving peakl count to V.




Output: Return estimated cyst count V.

2.5.2 Optimization

Building on this workflow, cyst-counting algorithm parameters were optimized using a genetic algorithm
(GA) approach on the 10-sample optimization dataset derived from D1. The six parameters, initially set

empirically, were tuned using the GA to minimize counting errors.

The fitness function for the optimization (1) was designed to minimize the Mean Absolute Percentage Error
(MAPE) between predicted and ground truth cyst counts. MAPE was chosen as the primary optimization
metric because it provides scale-independent assessment of prediction accuracy, preventing high-burden

samples from dominating the optimization process. The fitness function is defined as:

PC—GT;
GT;

x 100 (Eq. 1)

Fitness = MAPE = %2?:1

where n represents the number of training samples, PC; is the automated predicted count, and GT; is the

ground truth count for sample i.

The GA used a population size of 50 with tournament selection (tournament size = 3), adaptive feasible
mutation (mutation rate = 0.95), elitism (2 individuals), a crossover fraction of 0.5, and a migration fraction
of 0.15. Optimization ran for up to 100 generations, with early stopping after 10 consecutive stall
generations. To prevent premature convergence, a diversity-injection strategy was implemented: if
stagnation persisted for 5 consecutive generations, 50% of the non-elite population was reinitialized with
random parameter values within the predefined bounds. To account for the stochastic nature of the GA,

optimization was repeated across five independent runs.

In addition to MAPE, we reported complementary metrics informing on the optimization process: Mean
Percentage Error (MPE) to assess directional bias; Mean Absolute Error (MAE) and its standard deviation
to quantify absolute counting accuracy and variability; Root Mean Square Error (RMSE) to penalize large
deviations; and the coefficient of determination (R?) to evaluate goodness-of-fit between predicted and

reference cyst counts.



2.5.3 [Evaluation

After optimization, the automated algorithm (hereafter called Auto) was evaluated on the 10-sample

independent evaluation dataset from D1 using:

- Bland-Altman and linear regression analyses, to assess the agreement and association i) between
individual Operators and Auto cysts counting, ii) across operators, iii) between manual or Auto cyst
counting and the consensus ground truth reference, defined as the average of the two operator counts.

- Performance metrics: coefficient of variation (CV), MAE, RMSE, Concordance Correlation
Coefficient (CCC) with 95% CI via bootstrap (1000 iterations).

- Intraclass Correlation Coefficient, using a two-way random effects model with absolute agreement,

ICC (2,1), for inter-operator and operator-algorithm agreement.
All evaluations were conducted using the R software (R Core Team, Vienna, Austria, v4.3.3).

2.5.4 Sensitivity Analysis

To assess the robustness of the optimized morphological parameters, we performed sensitivity analysis
combining global Morris screening with a local one-at-a-time (OAT) perturbation analysis. Both Morris

screening and OAT analyses were performed on the 10-sample optimization dataset.

Morris Screening. We applied Morris Eleientary Effects method [27] to identify influential parameters
across the entire parameter space. Following the improved sampling strategy proposed by Campolongo et
al. [28], we generated M = 1000 candidate trajectories in the normalized unit hypercube using the following
sampling step A (2):
A = ﬁ (Eq.2)

with p = 6, and r = 20 trajectories selected with maximum spread based on pairwise geometric distances.
Each trajectory was linearly transformed into the actual parameter ranges (£30% around optimal values),
resulting in 140 model evaluations. For each parameter i, we computed: w;* (mean absolute elementary
effect), quantifying overall importance; y; (mean elementary effect), indicating sign consistency (Ju/~p*
suggests monotonic behavior, while |pu|<<p* indicates non-monotonic effects); and o; (standard deviation),

revealing interactions and non-linearities [28].



Local Analysis. We performed a detailed OAT analysis on all six parameters, varying each one from -30%
to +30% around its optimal value in 21 equally spaced steps while keeping the others fixed (126
evaluations). We also evaluated a 9x9 grid for the two most influential parameters to visualize their joint
effect (81 evaluations). This combination of global screening and local analysis addresses the well-
documented limitations of using OAT in isolation [29], while maintaining computational feasibility for this
expensive model (~90 seconds per evaluation, ~7.5 hours total). All evaluations were performed using

MATLAB with 8 parallel computing workers.

3 Results

Results are organized into two parts: (i) kidney and cyst segmentation by the ensemble model, including an
analysis of the effect of an auxiliary edge-enhancing channel, the impact of training-set size, and external
cross-scanner testing; (i) automated cyst counting, including the evaluation of the agreement with dual-

operator manual counts, and sensitivity analysis of the cyst-counting parameters.
3.1 Kidney and Cyst Segmentation Ensemble Models

The ensemble models worked successfully on all validation and test cases (representative examples can be
found as Supplementary Fig. S1 online). Inference tock approximately 30 minutes on an Ubuntu 22.04
system with 256GB of RAM, an Intel Xeon 24-core processor running at 2.50 GHz, and an NVIDIA RTX
A4500 GPU with 20GB of memory.

Impact of the Sobel channel. Supplementary Table S3 online reports the DSC, IoU, ASD and NSD
segmentation performance scores achieved by the 3D ensemble models trained on the 5-sample D1 subset,
with or without adding Sobel-filtered images as second input channel, for each sample of the D1 test set.
Examples of masks obtained from the dual-channel model and the one-channel model, along with the

ground-truth segmentation, can be found as Supplementary Fig. S2 online.

For the dual-channel model, Bland—Altman analysis yielded a mean relative difference (bias) of 0.31% =+
0.56% for TKV, and —0.44% + 0.42% for TCV. For the single-channel model, the corresponding bias was
0.24% + 0.58% for TKV and —0.26% =+ 0.74% for TCV (see Supplementary Fig. S3 online). Linear
regression showed near-perfect correlation for both models, with R? > 0.999 for TKV and TCV.

Impact of the training set size. Table 2 summarizes the DSC, IoU, and the HD99 segmentation
performance metrics of the four ensemble models trained with different training sample sizes, for the kidney

and cyst labels separately.



Segmentation metrics demonstrated high performance across all models. The Friedman test found no
significant differences in kidney DSC, IoU, or HD99 (p = 0.12, 0.12, and 0.071, respectively). For cyst
segmentation, significant differences were found in DSC and IoU (y? = 12.60, p = 0.006) and HD99 (p =
0.011).

Bland—Altman analysis (see Figure 3) yielded the following mean relative differences (bias = SD) between

automated and ground truth segmentations:

- Training sample size n = 5: TKVs: 0.31% + 0.56%, TCVs: —0.44% =+ 0.42%;

- Training sample size n = 10: TKVs: 0.31% £ 0.67%, TCVs: —0.37% + 0.61%;
- Training sample size n = 15: TKVs: 0.32% £ 0.57%, TCVs: —0.31% + 0.36%;
- Training sample size n = 20: TKVs: 0.31% % 0.51%, TCVs: —0.38% + 0.27%.

Linear regression analysis further confirmed the strong correlation between automated and ground truth

segmentations, with R > 0.999 for both TKVs and TCVs across all four models.

Models’ generalizability. Table 3 summarizes the DSC, ToU, and HD99 segmentation performance
metrics for each of the 4 ensemble models, computed on the D2 independent test set, for the kidney and

cyst labels separately.

Segmentation metrics demonstrated high performance across all models. The Friedman test found no
significant differences in kidney HD99 (p = 0.13); kidney DSC and IoU were borderline (p = 0.0503). For
cyst segmentation, significant ditferences were found in DSC and IoU (y? = 12.84, p = 0.005) and HD99

(p =0.011), consistent with D1 result.

Bland—Altman analysis (see Figure 4) yielded the following mean relative differences (bias + SD) between

automated and ground truth segmentations:

- n5: TKVs: 0.53% = 0.22%, TCVs: =3.07% = 1.13%;

- nl0: TKVs: 0.31% = 0.28%, TCVs: —0.72% + 0.96%;
- nl5: TKVs: =0.23% + 0.32%, TCVs: —0.85% + 0.68%;
- n20: TKVs: =0.58% + 0.47%, TCVs: -0.81% + 1.01%.

Linear regression analysis confirmed a strong correlation, with R? > 0.999 for both TKVs and TCVs across

all four models.



3.2 Automated Cyst Counting Algorithm

The algorithm worked successfully in all evaluation cases. The inference took about 1 minute on the same
system used for the segmentation task (Ubuntu 22.04, 256GB of RAM, Intel Xeon 24-core, 2.50 GHz, and
NVIDIA RTX A4500 GPU with 20GB of memory). The best fitness scores across the five runs ranged
from 3.61% to 4.22%; the parameter set from the run achieving the lowest fitness was selected as the final
configuration. The optimized parameter values, together with their sensitivity analysis results, are reported

in Supplementary Table S4 online.

Agreement and association with manual counting. The agreement between automated (hereafter referred
to as Auto) and manual cyst counting on the evaluation dataset was good, with Auto bias (+3.94% vs
Operator 1, and +1.39% vs Operator 2) comparable to inter-operator bias (+3.17%) and Auto limits of
agreement even tighter than across operators (Auto vs Operator 1: £10.46%, Auto vs Operator 2: £15.81%,

Operator 1 vs Operator 2: £21.23%).

Linear regression indicated strong associations between automated and manual cyst counting. The
association was highest with Operator 1 counting (R? = 0.991, p < 0.001) and remained very strong with
Operator 2 counting (R?=0.960, p < 0.001). The inter-operator correlation was the lowest (R?=0.942, p <
0.001), consistent with Bland—Altman results. Figure 5 shows both the Bland-Altman and linear regression

analysis results.

Intraclass correlation coefficient analysis [ICC(2,1)] further confirmed these findings, showing excellent
consistency between manual and automated cyst counting: Operator 1 vs Operator 2 (ICC = 0.940, 95%
CI: 0.792-0.985), Operator 1 vs Auto (ICC = 0.982, 95% CI: 0.915-0.996), and Operator 2 vs Auto (ICC =
0.976, 95% CI: 0.905-0.994).

Performance evaluation against consensus ground truth. The three counting results (Operator 1,
Operator 2, and Auto) were additionally evaluated against the consensus ground truth, defined as the
average of the two operator counts. As this reference includes each operator’s estimate, operator-to-
consensus comparisons are not independent and should be interpreted as descriptive. The coefficient of

variation (CV) was 4.09% for Auto, compared to 7.83% for Operator 1, and 7.85% for Operator 2.

Error metrics supported robust performance across methods. MAE was 4.30 cysts (95% CI: 1.90-7.00) for
Auto, 5.70 (2.30-11.10) for Operator 1, and 5.50 (1.90-11.10) for Operator 2; RMSE showed a similar
trend (Auto: 5.96, 2.14-8.40; Operator 1: 9.61, 2.90-15.80; Operator 2: 9.82, 2.59-16.26). Systematic bias
was small for all methods (Auto: —3.50%; Operator 1: +2.70%; Operator 2: —3.30%).



Agreement with the ground truth was consistently excellent, as indicated by CCC (Auto: 0.994 [0.931-
0.999], Operator 1: 0.986 [0.969—0.998], Operator 2: 0.981 [0.962—0.998]) and ICC(2,1) (ground truth vs
Auto: 0.994 [0.968-0.999], ground truth vs Operator 1: 0.987 [0.951-0.997], ground truth vs Operator 2:
0.982 [0.935-0.995]; all p < 0.001). Linear regression further confirmed strong correlation (R? = 0.992,
0.989, and 0.981 for Auto, Operator 1, and Operator 2, respectively; all p < 0.001). Raw cyst counts for

each evaluation case are reported in Supplementary Table S5 online.

Sensitivity analysis. The results of the Morris screening can be found summarized as Supplementary
Table S4 and Supplementary Fig. S4 online, highlighting the relative importance and interaction effects
of the six parameters on cyst counting accuracy. Parameter ¢ exhibited the highest mean absolute
elementary effect (u* = 2.50), indicating the strongest overall influence on model performance. High
standard deviation values for o (1.66) and d; (1.06) suggest notable interaction effects or non-linear

responses. Most of the parameters displayed monotonic or weakly monotonic behavior, as indicated by

l/u* = 1.

The OAT analysis revealed that parameter o is the only factor exerting a substantial influence on model
performance when varied +30% from its optimal value (sec Suppiementary Fig. S5 online). Changes in o
produced a marked increase in MAPE beyond £10%, confirining its dominant role. Parameters d;, dy,, and
ds showed visible but moderate effects, with error curves remaining relatively stable compared to c. In
contrast, V. and T exhibited minimal impact, with nearly flat profiles across the tested range, indicating

low sensitivity.

4 Discussion

This study introduces an operator-independent pipeline that combines an ensemble of 3D U-Net models to
segment kidneys and cysts on uCT images from polycystic rat kidneys, with a morphological counting
strategy optimized via a genetic algorithm to estimate the number of independent cysts from the
segmentation. Our primary objective was to provide robust quantification of total kidney volume (TKV),
total cyst volume (TCV), and cyst count, to streamline efficacy assessments of novel treatments in rodent
models. In parallel, we investigated how the size of the training dataset affects the performance of the
segmentation ensemble model and whether including a Sobel-filtered auxiliary input channel improves

boundary delineation.

Deep learning performance in medical image analysis is often constrained by the size and quality of
annotated training data [17]. In semantic segmentation tasks, the scarcity of annotated datasets is a major

bottleneck. Cyst segmentation in polycystic kidneys is intrinsically challenging due to the strong clustering



of cysts and their potentially irregular morphology, as seen in ADPKD patients as well. These factors make
the identification of the boundary between cysts and renal parenchyma prone to error, underscoring the

need for robust methods that achieve high accuracy despite limited training data availability.

In segmentation, Sobel filtering is widely used for edge enhancement to refine boundary delineation [30-
32]. The Sobel channel was chosen as a standard first-order edge operator: the cyst-parenchyma interface
in pCT of PKD kidneys is a simple, isotropic intensity step well captured by gradient magnitude, the filter
adds no trainable parameters, and it integrates into nnU-Net's multi-channel architecture without
modification. Adding the Sobel channel did not yield statistically significant improvements in DSC or loU;
however, ASD and NSD analysis (Supplementary Table S3 online) showed a small, consistent
improvement with the dual-channel model for cyst boundary delineation (ASD 0.017 vs. 0.019 mm; NSD
0.981 vs. 0.979 across all five test cases; dual- vs single-channel). Visual inspection supports this
improvement, showing fewer boundary errors in several cases. Representative qualitative difference maps
are provided as Supplementary Fig. S2 online. Therefore, given the negligible computational overhead,
the dual-channel input was retained. Alternative filtering strategies and learnable architectural components
were not explored in this study; Comparative evaluation constitutes a direction for future work, especially
as larger training datasets become available.Compared to Rombolotti et al. [12], the only prior study
applying automatic segmentation to similar pCT images of polycystic rat kidneys, our ensemble model
achieved higher performance. Their best-performing 2D U-Net variants (U-Net-bn and U-Net-ib) yielded
kidney IoU ranging from 0.924 to 0.941 and Dice from 0.961 to 0.970, and cyst IoU ranging from 0.486 to
0.828 and Dice from 0.654 to 0.906 across test samples. Our 3D ensemble consistently exceeded DSC of
0.99 for kidney and 0.98 for cysts. These results are higher than those reported by Rombolotti et al. [12],
but direct comparison is limited by differences in dataset composition, annotation workflow, preprocessing,
train/test split, and evaluation protocol; the observed performance gap cannot be attributed solely to the

choice of 2D versus 3D architecture.

For kidney segmentation, consistently high DSC and IoU across all four training-set sizes indicate
comparable performance with no significant effect of dataset size. For cyst segmentation, the Friedman test
identified statistically significant differences (D1: p = 0.006; D2: p = 0.005), with larger training sets
tending to produce slightly higher DSC. The absolute DSC range was less than 0.003 on D1 and less than
0.009 on D2; given the small test set (n = 5 per dataset) and the nested, non-random nature of the training
subsets, this finding should be regarded as exploratory. Taken together, these results suggest that, in this
specific uCT context and under the nnU-Net framework, 15-20 annotated cases are sufficient to obtain
accurate kidney and cysts masks, with kidney performance already saturating at n = 5. While larger datasets

are typically associated with improved deep learning performance, these results support literature



demonstrating that effective models can be obtained by prioritizing high-quality annotations, robust
segmentation, and well-tuned architectures [25,26]. Whether this reflects genuine robustness of the nnU-
Net framework at small training set sizes or insufficient test-set diversity to reveal a stronger size effect
cannot be determined from the present data; a larger, more varied evaluation set would be needed to

distinguish between them.

These results are consistent with two interpretations: that the nnU-Net framework is sufficient for this task
even from small training sets in this specific pnCT context, or that the limited magnitude of the observed
differences partly reflects insufficient test-set diversity to reveal a stronger size-dependent trend.

Distinguishing the two would require a larger, more varied evaluation set.

We also evaluated the generalizability of our segmentation approach using an external test set (D2) acquired
on a different uCT scanner. For translational applications, robustness across scanners and protocols is
essential. While evaluation metrics decreased slightly compared with the internal validation set (D1),
performance remained strong, with consistently high DSC and IoU and low HD99 values. This consistency
indicates that the model tolerates data heterogeneity due to scanner difierences. External validation was
performed on five 14-week-old PCK rats scanned with a singic additional system; validation on larger
cohorts, across a broader range of ages, disease stages, acquisition systems, and multiple institutions is

required to establish wider applicability.

The limited number of control SD rats included in the datasets (n = 2) reflects the primary focus of this
study, which is part of a broader effort to evaluate new pharmacological treatments for ADPKD. As detailed
in the Introduction, our pipeline prioritizes the quantification of TCV and cyst count over TKV, which has
already been extensively characterized in the literature. The two SD control samples were included not to
comprehensively represent healthy renal morphology, but rather to prevent the segmentation model from
overfitting to cystic tissue alone, ensuring it could also recognize healthy parenchymal slices and thereby
reduce false positives. Consistently high DSC values, exceeding 0.99 for the renal label, confirm that the
inclusion of just two control samples was more than sufficient for the model to accurately delineate whole

kidney, irrespective of the presence of cysts, fully serving the purposes of the present study.

Beyond volumetric biomarkers, cyst count is a direct readout of cystogenesis, rather than of their subsequent
growth [14,15]. This distinction is clinically and experimentally relevant: therapies targeting cyst initiation
would be expected to reduce the number of newly developed cysts before producing detectable changes in
TCV or TKV, making cyst count a potentially more sensitive early endpoint for certain pharmacological

interventions [10].



About cyst counting, the pipeline exhibited superior consistency compared with the manual approach, with
operator-algorithm variability lower than inter-operator variability across multiple metrics, and results
converging toward different operators’ consensus. In particular, the Bland—Altman analysis demonstrated
narrower limits of agreement and greater accuracy of the automated method with respect to manual
counting. This directly addresses a key limitation of manual counting, where subjective interpretation of
irregular and touching cysts can lead to substantial discrepancies between operators. Notably, even
watershed-based approaches, which are often assumed to be the standard for separating touching
independent objects, struggle in these cases [33,34]. The association with Operator 1 was stronger than with
Operator 2 (ICC 0.982 vs 0.976; R 0.991 vs 0.960), consistent with the algorithm having been optimized

on Operator 1 counts.

The pipeline is modular in design: the counting algorithm can operate on any binary cyst mask, whether
obtained through automated segmentation, semi-automatic methods, or manual annotation. It is therefore
applicable independently of the segmentation pipeline described here. If more accurate automatic
segmentation methods are developed in the future, the cyst count algorithm will remain valid and useful.
This task independence also applies to the experimental design: the seven samples shared between the
segmentation and counting subsets do not constitute data leakage, as the two tasks involve separate training

and evaluation procedures with no shared objective.

The GA-based optimization was crucial for achieving accurate cyst counting performance. Sensitivity
analyses identified o, the Gaussian smoothing applied to the DT map, as the dominant driver of accuracy,
consistent with its role in suppressing spurious peaks and stabilizing center detection. Consistently, the
distance-based post-processing parameters d;, dy, and ds, which govern peak separation and merging in
large and small cyst regions, showed moderate but non-negligible effects. In contrast, V. (the volume
threshold for small/large cyst classification) and 7 (the multiplier used for adaptive peak thresholding) had
limited impact within the explored range, suggesting that tuning these parameters alone would be unlikely
to yield meaningful changes. This hierarchy of influence suggests that manual or heuristic adjustments
would likely fail to capture the underlying nonlinearities and parameter interactions. The high variability
observed via Morris screening also supports the need for multi-parameter optimization strategies over

single-factor tuning.

Against the consensus ground truth, the automated method achieved accuracy and precision within the
range of manual counting in this preliminary evaluation. ICC analysis confirmed excellent reliability (ICC
>(0.95), consistent with expert-level agreement, supporting the algorithm’s validity for routine use. Manual

segmentation of a single uCT scan, requiring annotation across approximately 1000 slices, typically takes



several days of effort from an expert; manual cyst counting adds 1-2 hours per sample. The proposed
pipeline replaces this effort with approximately 30 minutes of automated processing. This represents a

significant reduction in workload and enables high-throughput analysis of large experimental cohorts.

The counting algorithm was not evaluated on D2. Unlike the segmentation model, which operates on raw
puCT images and may be sensitive to scanner-specific characteristics, the counting algorithm operates
exclusively on binary cyst masks. Its performance is therefore independent of the acquisition protocol. The
evaluation set nonetheless challenged the algorithm across different disease stages, providing an intrinsic

assessment of generalizability.

Several limitations of this study should be acknowledged. First, the ground truth segmentation masks for
D1 were obtained through a semi-automatic procedure, in which a preliminary 2D U-Net provided an initial
estimate that both operators then reviewed and corrected. While this introduces a dependency on the
preliminary model, the correction burden was extensive, as quantified in the Methods section. The
procedure also substantially reduced annotation time compared to fully manuval segmentation. Second, the
evaluation was performed on a limited number of cases; additional samples from different datasets, acquired
from different scanners and representative of different discase stages, are needed to confirm the results.
Third, the consensus ground truth for cyst counting was defined as the average of the two operator counts
used for comparison; operator-to-consensus agreement analyses are therefore partly circular. Future
validation of the cyst-counting algorithm should use an independent reference standard. Lastly, cyst counts
reported in this study are resolution-dependent and reflect structures detectable at the 27 pum analysis
resolution; thus, they should not be interpreted as an exhaustive count of all microscopic cysts potentially
present at the native 9 pmi acquisition resolution. This constraint aside, working at 27 um also offers
methodological advantages. At native resolution, the identification of very small structures is unreliable
due to image noise, partial-volume effects, local Microfil perfusion heterogeneity, and other acquisition-

related artefacts.

Future work will explore instance segmentation to enable both counting and detailed cyst-wise
morphological characterization (e.g., size distributions, spatial clustering patterns). It will also address
boundary-aware losses and domain adaptation strategies to further improve touching-cyst separation and
cross-scanner robustness. Moreover, future studies and additional fine-tuning are needed to translate the
developed models into effective tools supporting ADPKD clinical research and optimal patients’

management.

5 Conclusions



To our knowledge, this work delivers the first fully integrated, operator-independent pnCT pipeline
combining semantic segmentation and automated cyst counting for polycystic kidney analysis in the PCK
rat model. Unlike prior efforts that focused on either segmentation or counting, primarily on MRI, our
integrated approach provides a complete morphological characterization toolkit tailored to the specific

challenges of studying uCT scans and the polycystic condition in preclinical studies.

The operator-independent nature of the pipeline and the cross-scanner performance demonstrated on an
independent external dataset provides preliminary evidence supporting its applicability across different
uCT systems, while markedly reducing hands-on time and enabling high-throughput analyses, directly

benefiting pharmacological research in ADPKD-oriented preclinical workflows.

Data Availability

Data used in this study are available in Zenodo (https://doi.org/10.5281/zenodo.19049543) and will be

shared upon reasonable request.
Code Availability

The code-base is available on a public GitHub repository (https://github.com/Istituto-Mario-Negri-
Medical-Imaging/CY STSCAN-PKD) under an open-source license, while the model weights are stored in
Zenodo (https://doi.org/10.5281/zen0odo.19097241) under an open-source license. Full training
hyperparameters and hardwarc configuration are reported in Supplementary Table S6 to support

reproducibility.
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Figure 1. Pipeline of the kidney and cyst segmentation ensemble model. On the left, the dual-channel
training approach is illustrated, in which both pCT images (A) and their Sobel-filtered counterparts (B) are

used as input, together with the corresponding ground truth masks (C). The 5-fold cross-validation approach



involves the generation of five models. For inference, a new case is introduced to the network, with pCT
images (D) and Sobel-filtered images (E) as input. An ensemble-based prediction is shown on the right,
where the final segmentation (F) is obtained through a probability map averaging system among the five
models. In the ground truth mask (c) and in the output mask (F), dark grey represents the kidney label and
light grey represents the cyst label; black indicates background. Abbreviations: CV = Cross Validation.
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Figure 2. Workflow of the automated cyst counting algorithm. The pipeline starts from a binary cyst
mask, followed by distance transform computation with Gaussian smoothing (c). Peaks detection applies

26-connectivity analysis, cyst size classification (based on V) and adaptive thresholding (7), while peaks



refinement merges or removes peaks based on distance criteria (dy,, ds, d;). The final step counts remaining

peaks as individual cysts.
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Figure 3. Kidney and cyst segmentation ensemble model performance on D1 test set. Bland-Altman
plots illustrating the agreement between volumes computed from the ground truth masks and from the
automatic segmentations obtained by the ensemble models trained on 5 (A: TKV, E: TCV), 10 (B: TKV,
F: TCV), 15 (C: TKV, G: TCV), and 20 (D: TKV, H: TCV) cases. The results are for the D1 test set.
Abbreviations: TKV: total kidney volume; TCV: total cyst volume; GT: ground truth.
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Figure 4. Kidney and cyst segmentation ensemble models generalizability on D2 test set. Bland-Altman
plots illustrating the agreement between volumes computed from the ground truth masks and from the

automatic segmentations obtained by the ensemble models trained on 5 (A: TKV, E: TCV), 10 (B: TKV,



F: TCV), 15 (C: TKV, G: TCV), and 20 (D: TKV, H: TCV) cases. The results are for the D2 test set.

Abbreviations: TKV: total kidney volume; TCV: total cyst volume; GT: ground truth.
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Figure 5. Automated cyst counting algorithm evaluation on 10-samples test set. Bland-Altman and
linear regression analysis plots illustrating the agreement in the number of cysts between: i) the automatic
algorithm and the manual Operator 1 counting (A, B), ii) the automatic algorithm and the manual Operator
2 counting (C, D), and iii) the Operator 1 and Operator 2 manual counting (E, F). The results are for the

evaluation dataset.
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Dataset Subsets # samples | Ground truth
Training set 5,10,15,20 | Kidney and cyst labels (O1, O2)
Kidney and cysts|DI .
Test set 5 Kidney and cyst labels (O1, O2)
segmentation
D2 External test set 5 Kidney and cyst labels (O2)
Optimization set 10 Cyst counting (O1)
Cyst counting DI : :
Evaluation set 10 Cyst counting (O1, 02)

Table 1. Datasets used for the development and evaluation of the automated kidney and cyst
segmentation and cyst counting algorithms. This table summarizes the details of the datasets used to
develop and evaluate the automated kidney and cyst segmentation ensemble model and cyst counting
genetic algorithm. Seven samples were shared between the segmentation training set and the cyst counting
subsets. Abbreviations: uCT = micro-Computed Tomography; DI = Dataset 1; D2 = Dataset 2; Ol =

Operator 1; O2 = Operator 2.

Label Metric Model
(mean + SD) ns nl0 nls n20
DSC (%) 99.54+029 99.52+0.36 99.57+0.28 99.61 + 0.26
Kidney ToU (%) 99.10+0.58  99.07+0.70  99.16+0.56  99.23 + 0.52
HD99 (mm) | 040+040 045+£045 044+045  0.37£0.45
DSC (%) 98.98+0.39 99.04+0.48 99.23+0.34 99.20 + 0.39
Cysts  loU (%) 97.98+0.77 98.12+0.93 98.47+0.67 98.42+0.76
HD99 (mm) 0.19+021  015+021  0.17+0.23

0.31+0.31

Table 2. Kidney and cyst segmentation performance evaluation on the D1 test set. VDSC, IoU and
HD99 metrics obtained on D1 test set by the four ensemble models trained on sets of different sizes (n5 to
n20). Results are reported separately for kidney and cyst labels. The best-performing model for each metric
and label is highlighted in bold. Abbreviations: SD = standard deviation; DSC = Dice-Sorensen coefficient;

IoU = Intersection over Union;, HD = Hausdorff Distance 99" percentile.

Metric Model
Label
(mean + SD) ns nl0 nls n20
DSC (%) 99.04+0.16 99.20+0.13  99.21+0.15 99.12+0.27
Kidney 1oU (%) 98.10+0.32 98.41+0.25 98.43+0.30 98.25+0.53
HD99 (mm) 0.37+£0.22 0.31+£0.17 0.24 +£0.08 0.22 +0.07
Cysts  DSC (%) 97.55+1.01 98.26+0.56 98.28+0.60 98.43 +0.43




IoU (%) 9522+191 9657+1.08 96.62+1.15 96.90 = 0.83
HD99 (mm) 0.27+0.19 0.19+£0.12 0.18£0.11 0.16 = 0.08

Table 3. Kidney and cyst segmentation performance evaluation on the D2 external test set. DSC, [oU
and HD99 metrics obtained on D2 test set by the four ensemble models. Results are reported separately for
kidney and cysts labels. The best-performing model for each metric and label is highlighted in bold.

Abbreviations: SD = standard deviation;, DSC = Dice-Sorensen coefficient,; loU = Intersection over Union;

HD99 = Hausdorff Distance 99" percentile.
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