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Supplementary Notes

Supplementary Note 1. Team 1 - Extended Summary

1.1 Model Details

The final solution submitted by this team was an ensemble of 6 SegFormer! models (pretrained
on Cltyscapes? dataset):

e 1 x SegFormer mit-b3; image_size: 1024 x 1024

e 2 x SegFormer mit-b4; image_size: 960 x 960

e 1 x SegFormer mit-b5; image_size: 928 x 928

e 2 x SegFormer mit-b5; image_size: 960 x 960

All models used the implementations from the open-source MMSegmentation?® library. The
models used a weighted combination of Cross-entropy loss* (weight =1) and Lovasz loss®
(weight = 3). AdamW?® optimizer with a learning rate of 0.00006 was used and trained for 45000
steps. Training was done using a batch size of 1, with group normalization (number of groups =
32) for the decoder as it enabled training of the mit-b4 model with fewer resources and led to

better results.

During training, several image augmentation techniques such as cropping, flipping, random
rotate (90 degrees), HueSaturationValue, Random Gamma, and Random Brightness were
implemented. Using mmSegmentation, the input images were resized to (480~1600,
480~1600), for example (480, 1600), (1024, 1024), (1500, 480). Random Crop was used with a

crop_size = model_input size.



During inference, the pixel size of the images was ignored. Test-time augmentations (TTA) such
as horizontal flip and scaling (approx. x0.8, x1.0, x1.2) were implemented. The prediction
thresholds for each organ were defined as: 0.3 for kidney, 0.2 for large intestine, 0.6 for lung,
0.3 for prostate and 0.5 for spleen, after experimentation. Final prediction output was the

average of sigmoid outputs across all models in the ensemble.

The team defined the problem as a 2-class problem (background and FTU) instead of a 6-class
problem (background and 5 different organ classes) since this showed better results
consistently, especially in the lungs. In the 6-class setup, the team found that the area of the

lung tended to shrink and led to a worse leaderboard score for lung.

The team also found that while SegFormer mit-b5 was as good as mit-b4, the latter was more
consistent in giving better results. It also gave the best result as an individual model (no

ensemble) with a private LB score of 0.82821.

The team used Google Colaboratory (Pro +) with mostly Tesla V100 (16GB) and sometimes
P100 (16GB) GPUs. They also, infrequently, used A100(40GB) GPU for some experiments but
did not use that for the final submission models. Training cost about 4.5 hours for the

SegFormer mit-b4 model using the Tesla V100.

1.2 External Datasets and Pseudo labeling

The team generated an additional dataset of 1,755 images from the 351 HPA training images by
creating 4 additional pseudo-stained images (4 stain patterns) using the torchstain library. This
allowed the team to create additional datasets that looked more like the H&E and PAS images

in the test sets.



The team also downloaded 1 external spleen WSI and tiled it into 39 images. These were also
converted into 39 x 4 stain patterns using the torchstain library. Additionally, the team

downloaded 1 external lung WSI and tiled it into 73 images.

All external data used was pseudo-labeled by the team. For each organ in external data
(spleen, lung), the team took the best performing model (at the time) and used that to generate

the pseudo labels. These pseudo labels were then included as training data for the final models.

Additionally, the team also created pseudo labels for the given lung HPA data and dropped
some noisy labels, and used these labels with a mix of given ground truth labels as training data

for lung.

1.3 Ablation Study

Supplementary Table 1 provides the ablation study of various experiments conducted by the
team. The experiments show SegFormer mit-b4 as the baseline model. Dealing with noisy lung
labels and adding downscaled images for the prostate led to a combined boost of 0.13 on the
private leaderboard. Adding various data augmentation and stain normalization techniques
increased the score by another 0.05356. Other minor improvements came from adding external
data and creating model ensembles. The table shows the mit-b4 single model performance in

the bottom row and how scores improve with additional improvements.

Supplementary Note 2. Team 2 - Extended Summary

2.1 Model Detalils

The final solution submitted by this team was an ensemble of 4 U-Net style encoder-decoder

models (3 CNN encoders and 1 transformer encoder) using the PyTorch Image Models’ library:



e EfficientNet-b78
e Convnext_large®
o Tf efficientnetv2_|©

e Coat_lite_medium!!

Coat performed the best as a single model but the ensemble with CNNs improved the score.
The team also experimented with a few versions of Swin'? v1 and v2 transformer models but

found that these models gave worse performance.

All models were trained on 3 input sizes: 768x768, 1024x1024, and 1472x1472 with 5 folds.
Additionally, the models were trained to predict the organ and pixel size as well. Adding these
auxiliary tasks helped train the model to be more robust. The pixel size was calculated for

resized input resolutions and changed during training augmentations.

The models used multiple loss functions: Dice+focal®® loss for segmentation, Binary Cross
Entropy (BCE) for organ classification, and Mean Squared Error (MSE) for pixel size prediction.
Total loss was defined as: Dice_focal + 0.1 * bce + 0.1 * mse. It used Adan* optimizer with a
learning rate of 0.0001 and used the ReduceLROnPIlateau scheduler strategy. The models used
half precision (float16) to reduce GPU memory. Batch size between 3-8 was used, depending

on the encoder and resolution.

The training used heavy augmentation techniques such as random cropping/padding, scaling,
rotating, flipping, color changing, blur/noise, saturation/brightness/contrast, elastic transform.
During validation, test time augmentations such as flip, crop and padding were used. External
data was separated on folds and used as validation to get best checkpoints. 4 test-time

augmentations were used such as flip * 2 rotations to 90 degrees.



The prediction thresholds for each organ were defined as: 0.3 for kidney, 0.3 for large intestine,
0.06 for lung, 0.4 for prostate and 0.4 for spleen after experimentation. The final prediction is
done using a weighted average across the 3 resolutions with weightage defined as 0.2 for

768x768, 0.3 for 1024x1024, and 0.5 for 1472x1472.

The models were trained using 2 NVIDIA RTX A6000 (48GB) GPUs. It took nearly 1 week of
training time for the final ensemble. Inference took ~7-8 hours for final submission. For faster
inference, the team suggested using a single coat_lite model with 768x768 resolution and no

test-time augmentations.

2.2 External Datasets and Pseudo Labeling

The team used external data from previous competitions such as the “HUBMAP - Hacking the
Human Kidney” competition'®, PANDA!® challenge, and from Cancer Imaging Archive'’

(https://pathdb.cancerimagingarchive.net/imagesearch). A total of 80 images across these were

used.

Additionally, the team downloaded 2,563 external HPA images from the Human Protein Atlas

across all 5 organs.
All external data was pseudo labeled using the ensemble of initial models. The team also
generated pseudo-labels for the given training data and used these pseudo-labels as ground

truth for training (along with the original given ground truth) with a 30% probability.

The team used the staintools®® library (https:/hackmd.io/@peter554/staintools) using the

method by Vahadane et al.'® for stain normalization and generated additional pseudo-stained


https://pathdb.cancerimagingarchive.net/imagesearch
https://hackmd.io/@peter554/staintools

images. For each image in the training set, 3 additional images were generated using this

method. These new images were used with a 15% chance instead of originals during training.

2.3 Ablation Study

Since ablation study was not part of the submission requirements, not all teams kept track of

their experiments. Hence, this team’s ablation study is not presented.

Supplementary Note 3. Team 3 - Extended Summary

3.1 Model Details

The final solution submitted by this team?® was an ensemble of 4 models:
e Unet++?! with EfficientNet-b7 encoder
e Unet? with SegFormer mit-b52 encoder (Imagenet?* pretrained)
e Unet with EfficientNet-b7 encoder. PointRend® was used as an additional loss for
regularization, only for training.
e Unet with EfficientNet-b7 encoder. PointRend was used as an additional loss for

regularization, only for training.

This ensemble achieved a private LB score of 0.83266.

The team also created another ensemble with a better score (0.83419) but did not select it as
the final submission:

e Unet++ with EfficientNet-b7 encoder.

e Unet with SegFormer mit-b5 encoder. (Imagenet pretrained)

e Unet with SegFormer mit-b3 encoder. (Imagenet pretrained)



All models in the ensemble were trained for 5 folds and the final submission was averaged over
all outputs. The team used implementations from the Segmentation Models Pytorch? (SMP)

library.

During training, the team used a single channel output with half-precision (float16). They used
the Adam?’ optimizer and a learning rate of 0.001, along with a reduceLRonPlateau strategy
(patience=3, factor=0.5, min_Ir=1e-7). The CNN models were trained using an image crop of
512x512 while the Mix Vision Transformer models used an image crop of 1024x1024. The total
loss function was a combination of multiple losses: BCE, Dice, Focal®® loss, Jaccard?® Loss. The

models used a batch size of 32.

The solution used heavy color augmentations to bridge the gap between varying color space
between HPA and HUBMAP data such as: histogram matching?®, hue-value-saturation, contrast,
gamma augmentations. Additional geometric augmentations such as: random flips, rotations,
scales, shifts, elastic transforms. In some experiments, the team tried stain normalization
techniques used by other teams but did not see much improvement, perhaps due to the already

applied color augmentations.

The team noticed a major improvement by using the CutMix®*® augmentation. This was applied
with a probability of 0.5 and patches were sampled randomly. This was applied for images
within a single class for each class. CutMix samples a random part of an image and replaces it

with a patch from another image.

During inference, the team averaged the 3 best checkpoints for each fold. They used 3 flips as
test-time augmentation. The final masks were processed to remove small regions:

regionArea/lmageArea < OrganThresh, where organThresh is: 0.001 (kidney), 0.0005



(prostate), 0.0001 (large intestine), 0.001 (spleen) and 0.000001 (lung). The threshold values
were defined after experimenting with different values. The team used a 1024x1024 sliding
window approach with 0.75 overlap for the transformer models (for CUDA memory reasons)

while predictions were on full scale images for CNN models.

Training was done using the A100 GPUs.

3.2 External Datasets and Pseudo Labeling

The team created an additional HPA dataset by rescaling all images to match the pixel size of

HuBMAP images for all organs to adapt to varying image resolutions.

The team also downloaded 140 images from GTEX (https://gtexportal.org/home) for prostate,

kidney, large intestine, and spleen, for patients with no apparent pathologies. These were
progressively added to the pipeline for pseudo labeling. Additionally, the team also downloaded

between 57,000 and 61,000 images from HPA for each organ.

Pseudo labeling was done with the best ensemble without pseudo labels. They did not use the
entire HPA pseudo labeled data for each epoch, but randomly sampled from the large dataset.

The pseudo labeling was repeated twice.

All external data (in total, 422 GB of data for HPA+GTEXx, 6GB for labels) was made publicly
available by the team as Kaggle Datasets:

e https://www.kaggle.com/datasets/igorkrashenyi/liver-hpa-pt0

e https://www.kaggle.com/datasets/igorkrashenyi/liver-hpa-pt2

e https:/www.kaggle.com/datasets/igorkrashenyi/liver-hpa-ptl

e https://www.kaggle.com/datasets/igorkrashenyi/hap-kidney-dataset-ptl



https://gtexportal.org/home
https://www.kaggle.com/datasets/igorkrashenyi/liver-hpa-pt0
https://www.kaggle.com/datasets/igorkrashenyi/liver-hpa-pt2
https://www.kaggle.com/datasets/igorkrashenyi/liver-hpa-pt1
https://www.kaggle.com/datasets/igorkrashenyi/hap-kidney-dataset-pt1

e https://www.kaggle.com/datasets/igorkrashenyi/kidney-hpa-dataset-pt0

e https://www.kaggle.com/datasets/igorkrashenyi/hpa-colon-dataset

e https://www.kaggle.com/datasets/igorkrashenyi/hpa-spleen-dataset-ptl

e https://www.kaggle.com/datasets/igorkrashenyi/hpa-spleen-dataset-pt0

e https://www.kaggle.com/datasets/igorkrashenyi/hpa-prostate-dataset

e https://www.kaggle.com/datasets/igorkrashenyi/lung-hpa-dataset

e https://www.kaggle.com/datasets/sakvaua/gtex-pseudo-humantorusteam (GTEX)

e https://www.kaggle.com/datasets/vladimirsydor/hubmap-2022-add-data-labels-v2 (all

pseudo labels)

3.3 Ablation Study
Supplementary Table 2 shows the ablation study conducted by the team. We see that bridging

the domain gap between the HPA and HUBMAP data via pixel size adaptation, histogram
matching, and CutMix augmentation gives a major boost to the performance and takes the
private score from 0.15632 to 0.64518. Second major improvement comes from adding external
data and pseudo labels, with addition of GTEx data improving the score by 0.07165 and
addition of HPA data improving the score by 0.0305. Lung sees the most significant
improvement and goes from 0.04 to 0.48, while others see relatively smaller but significant
improvements: 0.85 to 0.95 (kidney), 0.87 to 0.91 (large intestine), 0.81 to 0.83 (prostate), 0.69
to 0.84 (spleen). The table shows the best single model performance in the top row and how

scores improve with additional improvements as we go down in the table.

Supplementary Note 4. Alveoli segmentations in lung tissue

Due to confusion regarding varied looking alveoli segmentations in lung tissue images,
additional information was provided to the teams. The data included masks of both atelectatic

(collapsed) and inflated alveoli (un-collapsed). The alveolar appearance on the image slides


https://www.kaggle.com/datasets/igorkrashenyi/kidney-hpa-dataset-pt0
https://www.kaggle.com/datasets/igorkrashenyi/hpa-colon-dataset
https://www.kaggle.com/datasets/igorkrashenyi/hpa-spleen-dataset-pt1
https://www.kaggle.com/datasets/igorkrashenyi/hpa-spleen-dataset-pt0
https://www.kaggle.com/datasets/igorkrashenyi/hpa-prostate-dataset
https://www.kaggle.com/datasets/igorkrashenyi/lung-hpa-dataset
https://www.kaggle.com/datasets/sakvaua/gtex-pseudo-humantorusteam
https://www.kaggle.com/datasets/vladimirsydor/hubmap-2022-add-data-labels-v2

depends on how the tissue samples were prepared. For the inflated alveoli, which have a 3D
‘cup’ shaped structure, how the tissue is sectioned can cause variability as well. If the alveoli
were sectioned in a horizontal manner, their shape will appear more like a complete circle.

Whereas if the alveoli were sectioned vertically, they may appear more as a U-shape.

Supplementary Note 5. Judges’ Prizes Rubric

5.1 Scientific Prize

Kaggle teams were asked to investigate correlations between predicted FTUs (e.g., area and
shape) and donor demographics (e.g., sex and age). The evaluation rubric further emphasized
validation of methods and implementations, documentation of performance and limitations,
novelty of solutions, and presentation of insights useful for generation of reference FTUs for
inclusion into a Human Reference Atlas. Scientific Prize winners were identified by a panel of
human experts who selected two teams to receive equal Scientific Prize amounts ($10,000
each) based on the submission’s contribution to science and demonstration of innovative
approaches. The complete evaluation rubric, as presented below, consisted of eight criteria
which were used by the judges to evaluate the winners. Each criterion consisted of ten points

for a total of 80 points.

1. Are the statistical and modeling methods used to identify FTUs appropriate for the task?

2. Are confidence scores and other metrics provided that help interpret the results achieved
by the segmentation methods?

3. Is the presented characterization of FTUs useful for understanding individual differences,
e.g., the impact of donor sex and age on the shape, size or spatial distribution of FTUs?

4. Is it possible to predict FTU area size distribution, given age and sex information across

all organs?



5. Did the team validate their methods and algorithm implementations and provide
information on algorithm performance and limitations?

6. Did the team document their method and code appropriately?

7. Did the team develop a creative or novel method to segment FTUs?

8. Did the team provide insights that would be useful for generating reference FTUs for

inclusion into a Human Reference Atlas?

5.2 Diversity and Presentation Prize

The complete evaluation rubric, as presented below, consisted of three criteria which were used
by the judges to evaluate the winner. Each criterion consisted of ten points for a total of 30

points.

1. Does the team embrace diversity and equity, welcoming team members of different
ages, genders, ethnicities, and with multiple backgrounds and perspectives?

2. Did the authors effectively communicate the details of their method for segmenting
FTUs, and the quality and limitations of their results? For example, did they use data
visualizations to present algorithm setup, run, results and/or to provide insight into the
comparative performance of different methods? Were these visualizations effective at
communicating insights about their approach and results to experts and novice users?

3. Are the important results easily understood by the average person?



Supplementary Tables

Supplementary Table 1. Ablation Study by Team 1. This table lists the ablation study done
by the winning team, detailing the strategies that helped improve the performance of their
solution. Private Dice shows the mean Dice scores on the private test set. Public Dice shows
the mean Dice scores on the public test set. Public HUBMAP Dice shows the mean Dice scores
on only the HUBMAP data in the public test set (removing predictions for the HPA data in the
public test set). Private Dice Gain shows the mean Dice score change for the current

experiment relative to the row below. Baseline model shown in the bottommost row.



SUPPLEMENTARY TABLE 1: Ablation Study by Team 1

Short description* Private Dice Public Dice Public HuBMAP Dice |Private Dice Gain

6 model ensemble 0.83562 0.82716 0.00094
5 model ensemble 0.83468 0.82679 0.00088
4 model ensemble + image ratio divisor 32 0.8338 0.82622 0.00142
3 model ensemble 0.83238 0.82364 0.00417
mit-b4_0.8_1_1.2 multiple scales 0.82821 0.60718 0.00035
mit-b4_optimized_threshold 0.82786 0.60663 0.00335
mit-b4 aug + brightness 0.82451 0.6046 0.00853
mit-b4 aug + HPA original (not stained) 0.81598 0.81661 -0.00456
mit-b4 + external lung 0.82054 0.81345 0.60057 0.00622
mit-b4 + external spleen 0.81432 0.59722 0.00594
mit-b4 + stain transfer (torchstain) 0.80838 0.80858 0.59243 0.00927
mit-b4 + pseudo label (prostate, intestine) patch 0.79911 0.58466 0.00112
mit-b4 + trainval (351 images) 0.79799 0.80006 0.58248 0.00481
mit-b4 + lung annotation 0.79318 0.58097 0.07256
mit-b4 + albu dataaug +pseudo label (prostate, intestine) 0.72062 0.76051 0.54628 0.02496
mit-b4 + better resize 0.69566 0.52913 0.0108
mit-b4 + prostate_downscale 0.68486 0.52633 0.05791
mit-b4 (baseline reference model)** 0.62695 0.47984 0

*List is non-exhaustive and does not include all experiments by the team. Only listed is the subset of experiments team tracked and provided.
**All experiments and performance gains are relative to this model.




Supplementary Table 2: Ablation Study by Team 3. This table lists the ablation study done
by the team that won the third performance prize, detailing the strategies that helped improve
the performance of their solution. Private Dice shows the mean Dice scores on the private test
set. Public HUBMAP Dice shows the mean Dice scores on only the HUBMAP data in the public
test set (removing predictions for the HPA data in the public test set). Out of Fold Dice shows
mean Dice scores for the training data in other four folds (based on 5-fold validation). Private
Dice Gain shows the mean Dice score change for the current experiment relative to the row

above. Baseline model shown in the topmost row.



SUPPLEMENTARY TABLE 2: Ablation Study by Team 3

Short Description** Out of Fold Dice |Public HuBMAP Dice* |Private Dice |Private Dice Gain

Baseline model 0.71172 0.12115 0.15632 -
+ Pixel size adaptation 0.71588 0.22653 0.30195 0.14563
+ Histogram matching 0.70283 0.38732 0.48486 0.18291
+ 1 output channel + CutMix 0.75157 0.49483 0.64518 0.16032
+ Heavy augmentations 0.7695 0.51506 0.71187 0.06669
+ Additional scalers + External GTEx data with pseudo labels 0.82142 0.58037 0.78352 0.07165
+ Additional HPA data with pseudo labels 0.83633 0.598 0.81402 0.0305
+ Best 5 folds solo model 0.85405 0.60826 0.83332 0.0193
+ Ensemble 0.85428 0.60931 0.83419 0.00087

* Public HuBMAP Dice involves setting predictions for public test HPA data to zero.
** List is non-exhaustive and does not include all experiments by the team. Only listed is the subset of experiments team tracked and provided.




Supplementary Table 3: Results for run time and accuracy from pilot run using baseline
model. This table provides the run time and accuracy from the pilot run using the baseline

model (winning solution from the previous competition).



Supplementary Table 3: Results for run time and accuracy from pilot run using baseline model

Algorithm Training Time |Inference Mean Dice Mean Dice Mean Dice
(seconds) Time (Private HPA) | (HUBMAP) (Private HPA
(seconds) + HUBMAP)
Tom 18,339 1,424 0.76 0.53 0.57




Supplementary Table 4: Mean Dice Scores and Mean 10U Scores for Top-50 Teams. This
table provides the mean Dice and mean 10U scores for the top-50 teams on the private test set.

Rankings are based on the final private leaderboard scores at the end of the competition.



Supplementary Table 4: Mean Dice Scores and Mean IOU Scores for Top-50 Teams

Team Rank* |Mean Dice Mean IOU

Team_1 0.835616 0.738462
Team_2 0.833929 0.736247
Team_3 0.832661 0.733348
Team_4 0.824744 0.724394
Team_5 0.825953 0.727103
Team_6 0.825355 0.727711
Team_7 0.825162 0.725917
Team_8 0.824804 0.724025
Team_9 0.823342 0.724083
Team_10 0.822665 0.722829
Team_11 0.820494 0.718804
Team_12 0.819907 0.720152
Team_13 0.81913 0.717076
Team_14 0.818784 0.717634
Team_15 0.817438 0.717222
Team_16 0.814089 0.713238
Team_17 0.814948 0.713123
Team_18 0.814632 0.713361
Team_19 0.814387 0.713701
Team_20 0.809155 0.702849
Team_21 0.80365 0.695938
Team_22 0.811637 0.71121
Team_23 0.81258 0.71089
Team_24 0.812443 0.710357
Team_25 0.812318 0.709355
Team_26 0.810068 0.700955
Team_27 0.808477 0.703046
Team_28 0.805709 0.698541
Team_29 0.796718 0.688948
Team_30 0.789057 0.685176
Team_31 0.802974 0.697731
Team_32 0.80669 0.705497
Team_33 0.800047 0.695258
Team_34 0.805063 0.699041
Team_35 0.805182 0.701083
Team_36 0.805535 0.699149
Team_37 0.798853 0.695286
Team_38 0.797459 0.694136
Team_39 0.802248 0.694805
Team_40 0.791561 0.68686
Team_41 0.781748 0.671092
Team_42 0.801776 0.697441
Team_43 0.801306 0.697886
Team_44 0.799077 0.69235
Team_45 0.79995 0.69615
Team_46 0.799475 0.69139
Team_47 0.799184 0.694519
Team_48 0.798772 0.691864
Team_49 0.786115 0.6777
Team_50 0.796606 0.690417

* Ranking based on the private leaderboard.



Supplementary Figures

Supplementary Figure 1. Tissue region percentage vs. number of images against
different threshold values for public HPA data for all five organs. Final selected tissue
region percentage thresholds: 5% for lung and 15% for other four organs. Source data are

provided as a source data file on Zenodo (see data availability statement).
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Supplementary Figure 2. Tissue samples per organ and age for all 5 organs. a. Donor
distribution color coded by male (blue) and female (red). b. Donor age and sex distribution color
coded by HUBMAP (green) and HPA (purple). Source data are provided as a source data file on

Zenodo (see data availability statement).
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Supplementary Figure 3. Best five predictions for kidney images from Team 1. Ground
truth and predictions for Team 1's final solution are shown, along with the prediction overlay and

mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 4. Worst five predictions for kidney images from Team 1. Ground
truth and predictions for Team 1's final solution are shown, along with the prediction overlay and

mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 5. Best five predictions for large intestine images from Team 1.
Ground truth and predictions for Team 1's final solution are shown, along with the prediction

overlay and mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 6. Worst five predictions for large intestine images from Team 1.
Ground truth and predictions for Team 1's final solution are shown, along with the prediction

overlay and mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 7. Best five predictions for lung images from Team 1. Ground truth
and predictions for Team 1's final solution are shown, along with the prediction overlay and

mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 8. Worst five predictions for lung images from Team 1. Ground
truth and predictions for Team 1's final solution are shown, along with the prediction overlay and

mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 9. Best five predictions for prostate images from Team 1. Ground
truth and predictions for Team 1's final solution are shown, along with the prediction overlay and

mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 10. Worst five predictions for prostate images from Team 1.
Ground truth and predictions for Team 1's final solution are shown, along with the prediction

overlay and mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 11. Best five predictions for spleen images from Team 1. Ground
truth and predictions for Team 1's final solution are shown, along with the prediction overlay and

mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 12. Worst five predictions for spleen images from Team 1. Ground
truth and predictions for Team 1's final solution are shown, along with the prediction overlay and

mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 13. Best five predictions for kidney images from Team 2. Ground
truth and predictions for Team 2’s final solution are shown, along with the prediction overlay and

mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 14. Worst five predictions for kidney images from Team 2. Ground
truth and predictions for Team 2’s final solution are shown, along with the prediction overlay and

mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 15. Best five predictions for large intestine images from Team 2.
Ground truth and predictions for Team 2's final solution are shown, along with the prediction

overlay and mask difference with per-pixel false positives (in blue) and false negatives (red).



Prediction Overlay

@
o
c
5
E
[a]
x
[2]
a
=

Prediction

Ground Truth




Supplementary Figure 16. Worst five predictions for large intestine images from Team 2.
Ground truth and predictions for Team 2's final solution are shown, along with the prediction

overlay and mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 17. Best five predictions for lung images from Team 2. Ground truth
and predictions for Team 2’s final solution are shown, along with the prediction overlay and

mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 18. Worst five predictions for lung images from Team 2. Ground
truth and predictions for Team 2’s final solution are shown, along with the prediction overlay and

mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 19. Best five predictions for prostate images from Team 2. Ground
truth and predictions for Team 2’s final solution are shown, along with the prediction overlay and

mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 20. Worst five predictions for prostate images from Team 2.
Ground truth and predictions for Team 2's final solution are shown, along with the prediction

overlay and mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 21. Best five predictions for spleen images from Team 2. Ground
truth and predictions for Team 2’s final solution are shown, along with the prediction overlay and

mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 22. Worst five predictions for spleen images from Team 2. Ground
truth and predictions for Team 2’s final solution are shown, along with the prediction overlay and

mask difference with per-pixel false positives (in blue) and false negatives (red).



Ground Truth Prediction Mask Difference Prediction Overlay




Supplementary Figure 23. Best five predictions for kidney images from Team 3. Ground
truth and predictions for Team 3's final solution are shown, along with the prediction overlay and

mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 24. Worst five predictions for kidney images from Team 3. Ground
truth and predictions for Team 3's final solution are shown, along with the prediction overlay and

mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 25. Best five predictions for large intestine images from Team 3.
Ground truth and predictions for Team 3's final solution are shown, along with the prediction

overlay and mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 26. Worst five predictions for large intestine images from Team 3.
Ground truth and predictions for Team 3's final solution are shown, along with the prediction

overlay and mask difference with per-pixel false positives (in blue) and false negatives (red).



Ground Truth Prediction Mask Difference

Prediction Overlay




Supplementary Figure 27. Best five predictions for lung images from Team 3. Ground truth
and predictions for Team 3's final solution are shown, along with the prediction overlay and

mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 28. Worst five predictions for lung images from Team 3. Ground
truth and predictions for Team 3's final solution are shown, along with the prediction overlay and

mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 29. Best five predictions for prostate images from Team 3. Ground
truth and predictions for Team 3's final solution are shown, along with the prediction overlay and

mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 30. Worst five predictions for prostate images from Team 3.
Ground truth and predictions for Team 3's final solution are shown, along with the prediction

overlay and mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 31. Best five predictions for spleen images from Team 3. Ground
truth and predictions for Team 3's final solution are shown, along with the prediction overlay and

mask difference with per-pixel false positives (in blue) and false negatives (red).
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Supplementary Figure 32. Worst five predictions for spleen images from Team 3. Ground
truth and predictions for Team 3's final solution are shown, along with the prediction overlay and

mask difference with per-pixel false positives (in blue) and false negatives (red).
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