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Abstract

Sentinel lymph node biopsy and the analysis of histopathological whole slide im-
ages are essential for early-detection, staging, and therapy of cancer. Nevertheless,
the classification of non-malignant and malignant tissue can be time-consuming,
repetitive, and often challenging for pathologists. Deep Learning approaches have
recently gained popularity in digital histopathology due to high prediction accura-
cies with improved objectivity and efficiency. However, in the context of clinical
practice, it is valuable to assess and compare the performance of various state-
of-the-art Deep Learning architectures. This paper provides an in-depth overview
of the performance of VGGNets, ResNets, and DenseNets on a reduced Patch-
Camelyon dataset, which contains 220,025 whole slide images of tissue scans.
Although stain normalization did not improve performance, the best networks
achieved over 99% AUROC. A pretrained ResNet34 achieved the best AUROC
of 99.53%, showing that Convolutional Neural Networks are a suitable method
to detect cancer in lymph node tissue and could support pathologists’ workflow
significantly.

1 Introduction

Mortality rates associated with cancer in Germany have been steadily declining since the 1990s.
However, the absolute number of new cases has almost doubled since the 1970s due to an increased
overall life expectancy and an aging population. In 2016, the incidence of all cancer types in Ger-
many was 229,900 with a 5-year prevalence of 791,770 [1].

Early-stage cancer frequently metastasizes from a primary tumor to regional lymph nodes, associ-
ated with a reduced survival rate [2]. The sentinel lymph node biopsy technique for assessing cancer
spread involves a time-consuming, multi-section lymph node inspection. 60-70% of the sentinel
lymph nodes do not contain any metastasis, thus making it tedious in clinical practice [3]. Further-
more, the importance of early metastasis detection in lymph nodes is indicated by a reduced 5-year
survival rate of stage II (82,5%) without lymph node metastases compared to stage III (59.5%) with
lymph node metastasis [4].

The gold standard of diagnosing many cancer types is the microscopic examination of hematoxylin
and eosin (H&E)-stained biopsy specimen [5]. Histology slide analysis extracts common image
features generally divided into four categories: morphometry (area, size, boundary & shape), topol-
ogy (structural, i.e., Voronoi diagram), intensity/color, and textures [6]. Furthermore, increasing
incidence and patient-specific treatment options, combined with a large number of slides assessed
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by pathologists in clinical routine, has made the diagnosis and staging of cancer progressively more
complex [3]. Advances in the digital processing of histopathologic using whole slide imaging (WSI)
allow for large scale analysis and processing and paved the way for the application of Deep Learning
models requiring large datasets [7].

The detection of histopathologic cancer is a specific, complex, and repetitive task. Especially Deep
Convolutional Neural Networks (CNNs) have gained popularity achieving accuracies comparable
to medical professionals [8, 3, 9, 10]. Moreover, recent studies indicate that pathologists supported
by Deep-Learning-based assistants exhibit an increase in their detection performance (i.e., accuracy,
sensitivity, and time effort for one image) [11, 12]. To achieve high accuracies, the architecture of
the CNN is critical. However, researchers often only examine one specific architecture that worked
best for their dataset. This paper examines different CNN-architectures against the Kaggle PCam
dataset1 and evaluates their potential strengths and limitations. Moreover, the effect of pretraining
and domain-specific normalization (i.e., staining normalization) is assessed. Despite recent achieve-
ments in this area, major challenges remain, such as noisy ground truth labels, stain variance across
datasets and samples, unbalanced classes, and often limited availability of labeled data [13].

We define the following problem statement: The detection of malignant tissue in WSI is time-
consuming and tiresome in clinical histopathology. The application of Deep Learning methods to
automatically classify malignant and non-malignant lymph node tissue would significantly decrease
the time spent on diagnosis. In this paper, we evaluate the suitability of state-of-the-art conventional
Deep Learning architectures.

The paper is structured as follows: In Section 2, we review related work. Section 3 explains the
structure of the evaluated architectures, our implementation, data preprocessing, and experiment
setup. In Section 4, we summarize the results of the architectures. Section 5 discusses the results
and outlines future work. Last, we conclude in Section 6.

2 Related Work

Computer-Assisted Diagnosis (CAD) methods for histopathologic cancer detection can be subdi-
vided into (1) traditional machine learning approaches, based on structure detection and texture ex-
traction, and (2) more recent Deep Learning approaches [14]. Traditional classification approaches
such as Random Forest with 18 features obtained 83% accuracy in a 7-class classification of prostate
tissue [15]. Support Vector Machines (SVM) were used to classify hyperspectral colon tissue cells
yielding 87.1% accuracy [16]. Recent works tackling automatic histopathologic cancer detection
have been proposed.

The most successful approaches are based on Deep Neural Networks which, in contrast to traditional
methods, outperform pathologists [17]. In 2016, Bayramoglue et al. and Spanhol et al. used basic
CNNs (i.e., three convolutions followed by pooling and a non-linearity) to detect breast cancer
in histopathologic images on the BreaKHis dataset, achieving accuracies of up to 90% [8, 18].
Chakraborty et al. [19] implemented a Dual-Channel Residual Convolutional Neural Network on
the same dataset with stain decomposition, achieving an overall accuracy of 96.48%, average recall
of 95.72%, and an average precision of 95.92% respectively. Jaiswal et al. [20] applied similar
architectures including VGGNet16 (97.45%), SE-ResNet101 (97.83%), and DenseNet201 (97.94%)
on the PCam dataset. Recently, Zhai et al. [21] reviewed several modern CNN-architectures such
as InceptionV3, DenseNet201, and ResNet50 on the PCam dataset achieving accuracies of up to
93.59%. However, no other metric besides accuracy was reported. We infer that there is a need for a
thorough evaluation of modern CNN-architectures and, applied to histopathologic cancer detection
on the PCam dataset, evaluation of more metrics such as recall, precision, F1 or Area Under the
Receiver Operating Characteristics (AUROC).

3 Approach

After providing an overview on the given dataset and preprocessing steps, we introduce the imple-
mented architectures and describe the general experiment setup.

1https://www.kaggle.com/c/histopathologic-cancer-detection
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3.1 Data Foundation and Preprocessing

We utilized a slightly modified version of the PatchCamelyon (PCam) dataset which was in use
for a Kaggle competition [22]. This dataset consists of 220,025 images of tissue from lymph node
sections, 96x96 pixels, and 27,935 bytes each. Figure 1 shows that 130,908 of these pictures show
no signs of cancer, represented by class 0. The other 89,117 pictures that show signs of cancer are
represented by class 1.

Figure 1: Label Distribution in Training Data

In the process of deriving the sample tissues, the hematoxylin and eosin (H&E)-staining was used
for the dataset at hand to analyze different biological substances with different selective affinities
[22, 23]. The stained slides are analyzed using a microscope while being illuminated from below.
The stain vector is the proportion of each wavelength absorbed by the stained slide. This stain vector
can vary between the different stains used in the process, but it can also vary considerably for the
same stain depending on factors such as the manufacturer, storage conditions before use, and the
application method itself [24, 25].

For computer-driven analysis, a normalization procedure is applied as feature measurements might
origin from different laboratories and different preparation introducing systematic biases [23]. In
order to account for the inconsistencies in the preparation of histology slides, we applied staining
normalization.

(a) Original (b) Normalized

Figure 2: Comparison of Non-Normalized and Normalized Images

We pursued the approach of Macenko et. al. [23] and their SVD-gedesic method for obtaining nor-
malized stain vectors. We used an existing Python implementation2. Figure 2 shows four exemplary
tissue slides in original and normalized.

The normalization was done before loading the images. This procedure was chosen to reduce the
image-loading time as normalizing all images in the dataset required multiple hours. Due to the

2www.github.com/schaugf/HEnorm_python
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nature of the normalization algorithms, the eigenvalues of the stain-value-matrices were computed.
For some matrices, the eigenvalue-decomposition did not converge. As this only accounted for 418
out of 220,025 pictures, we did not include these pictures in the normalized dataset.

3.2 Architectures

We selected LeNet, VGGNet, ResNet, and DenseNet as the architectures to tackle the task. The
selection of the LeNet is motivated to additionally incorporate a very basic architecture and simple
model. The latter three are consistent with successful architectures adopted from related work. The
models were published in the same order as written here in the context of the benchmarking dataset
ImageNet [26]. They reflect the domain-independent historical development of increasingly perfor-
mant Deep Learning architectures for image recognition. These models allow us to examine if newer
architectures that score better on ImageNet [26] also score better in the recognition of histopatho-
logic cancer compared to previous architectures since they address deficits of their precedents. We
briefly describe the implemented architectures and their characteristics in the following.

LeNet5 [27] uses two convolutional layers, each followed by an average-pooling operation. Finally,
three fully connected dense layers with a sigmoid activation function reduce the feature maps to
the desired output dimension. We use max-pooling and ReLUs instead of the average-pooling and
sigmoid activation function, as these give better results [28]. As it is the most basic network, we
expect the worst results here.

Simonyan and Zisserman [29] evaluated different architectures, referred to as Visual Geometry
Group Networks (VGGNet) in 2016. They are characterized by very small convolution filters (3x3),
but many (deep) layers. Their main contribution is the observation that deeper convolution filters
achieve better results than a few large convolution filters. We use VGGNet11 with low depth and
VGGNet19 with greater depth as they suggest performance gains.

Despite deeper architectures promise better results, they come with new challenges. He et al. [30]
pose the following question: ”Is learning better networks as easy as stacking more layers?“ Si-
monyan and Zisserman [29] observe improved results with deeper networks, but at the same time,
with increasing depth, degradation [30], vanishing gradients, a diminishing forward flow of infor-
mation (or diminishing feature reuse), and a great increase of training time occur [31]. VGGNet11
and VGGNet19 are the only architectures that are likely to show this behavior, as the LeNet5 is too
shallow and ResNets and DenseNets counteract these phenomena in their design. However, as He
et al. [30] observed those appearances for a 20-layer model after more than 30,000 epochs, we do
not expect this a problem for VGGNets.

Residual Networks (ResNet) [30] are chosen to incorporate a state-of-the-art architecture. It ad-
dresses, in particular, the problem of degradation. The key elements are the so-called residual
blocks. In contrast to an architecture in which layers are stacked on top of each other in a plain
feedforward fashion, ResNets contain shortcut connections. These additional connections not only
transport information into the subsequent layer but also skip layers, thus transporting the same infor-
mation (identity mapping) to later layers (forward propagation). This allows for easier identification
of useful gradient directions for later layers (backpropagation) thus optimizing the model with re-
spect to feature reuse as well as vanishing gradients [31]. Compared to identical networks without
shortcut connections, it can be empirically observed that test error and degradation diminish [30].
This utilizes deeper networks for improved accuracy. We use a shallower ResNet121 and a deeper
ResNet201. ResNets are expected to be at least as good as VGGNets but may even profit further
from their improved gradient flow.

The most recent employed architecture is the Densely Connected Convolutional Network
(DenseNet) presented by Huang et al. in 2017 [32]. The authors further utilize the underlying
principle of ResNets. DenseNets connect each layer with each subsequent layer. Each layer receives
not only the input from its previous layer but the input from all previous layers. Unlike ResNets,
these previous features are not passed to a layer by an add operation, but by concatenation. The
final classifier in the last layer of the DenseNet decides on the basis of all feature maps that exist
in the network and not only on the last one(s) as implemented in ResNets. We evaluate a shallower
DenseNet121 and a deeper DenseNet201 for our task. We expect the DenseNet architecture to per-
form best of all chosen architectures as it incorporates all formerly mentioned design principles.
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3.3 Experiment Setup

We split the data into a training and test set with 176,020 (80%) and 44,005 (20%) images respec-
tively. We considered this number of images to be sufficient to train and evaluate our models with
a pure train-test split. This way, we avoided using Cross-Validation and thus the related increase in
training time that comes with k-fold iterations. To load the data, we implemented a custom dataset
class based on the PyTorch Dataset. Therefore, we are compatible with torchvision image trans-
formations such as random flipping and rotation. We apply these transformations on our training
data to simulate a greater variety of images during model training. Further, we can normalize the
RGB channels using a z-transformation which is necessary for pretrained models. Moreover, we
implemented an in-memory option to increase image loading performance.

We specify our neural networks as new classes based on pre-implemented PyTorch architectures.
We adapted these architectures to match our binary classification task by adjusting their classifica-
tion layer to a single output. For model training, we use skorch [33], a scikit-learn [34] compatible
wrapper for PyTorch. Skorch provides a high-level wrapper for train and test loops that we supply
with our model and hyperparameters such as an optimizer, epoch numbers, learning rate, and batch
size. We also pass the wrapper callbacks specifying our evaluation metrics: accuracy, measuring the
proportion of correctly identified images over all images; precision, measuring the proportion of cor-
rectly detected cancer images over all images that have been predicted as cancer; recall, measuring
the fraction of correctly detected cancer images over all cancer images; F1, the harmonic mean of
precision and recall, thus considering both false positive and false negative cancer predictions, and
AUROC. The ROC curve sets the recall in proportion to the false positive rate for different classifi-
cation thresholds of the models. The AUROC summarizes the area under this curve in one number
and allows a comparison of this curve for different models. We chose to collect these metrics as
they are standard for binary classification tasks and make our results comparable to other work. To
track all trained models and their hyperparameters and metrics, we connected our training setup to
neptune.ai3, an experiment management tool. Thus, any trained model can be easily accessed and
used for prediction.

In order to train models with both Google Colab4 (Nvidia Tesla K80 GPU) and on an enterprise-
grade server (four Nvidia Tesla V100 GPUs), we implemented two different training scripts that
either accept parameters as command line arguments or pass them using callable functions.

In total, we conducted 150 experiments with 30 epochs over all architectures. We used binary cross-
entropy logit loss and an Adam optimizer which tends to lead to faster convergence [35] for all
experiments. The LeNet, DenseNets, and ResNets were trained with a batch size of 128, learning
rate of 0.01, Adam optimizer, exponential learning rate scheduler with γ of 0.9. For VGGNets,
we had to reduce the learning rate to 0.001 and use an Adamax optimizer to obtain usable results.
We refrained from extensive hyperparameter tuning (e.g., using GridSearch) as this significantly
increased training times. Instead, we selected our hyperparameters based on related work.

Initially, we trained LeNet, VGGNet, ResNet, and DenseNet on a reduced training dataset (20,000
images) without stain normalization. This gives an insight into the performance of the different
architectures on a relatively small dataset. We then evaluated these architectures on the full training
dataset with- and without stain normalization (cf. subsection 3.1).

Further, we evaluated the performance of ResNet and DenseNet models that were pretrained on the
Imagenet dataset for the complete training dataset. For all pretrained experiments, we only retrained
the last layers and thus used a stepwise learning rate scheduler instead of the exponential scheduler.
For ResNets, we also adjusted the learning rate to 0.001. Due to limited time, we did not evaluate
the pretrained models on the reduced or stain normalized datasets. For pretrained DenseNet we used
the DenseNet121 and DenseNet201. For pretrained ResNet we used ResNet34 and ResNet101.

4 Results

When reporting model performance, without further specification, we refer to the weighted mean
of the respective metrics over all runs. The exact results of the architectures and models can be

3https://neptune.ai
4https://colab.research.google.com
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viewed in the Appendix in Table 2, 3, 4, 5 and 7. LeNet5 merely achieves an accuracy of 59.09%
(the majority class distribution) and is hence not suited for this task. Therefore, we exclude it from
further analysis.

For the non-normalized full dataset, we observe that a non-pretrained DenseNet201 with a learning
rate of 0.01 yields the highest accuracy (97.65%), F1 (97.09%) and recall (97.57%). The best AU-
ROC value (99.53%) is scored for a pretrained ResNet34 model. All metrics and hyperparameters
of the best runs are recorded in Table 1. The worst performances were observed for a non-pretrained
ResNet152 (Table 6).

DenseNet201 DenseNet121 DenseNet201 ResNet34
Epochs 30 30 30 30
Learning Rate 0.01 0.01 0.01 0.001
Avg Duration/Epoch in s 652 250 435 697
Full Data full full full full
Normalized no no. no no
Optimizer Adam Adam Adam Adam
Pretrained no no no yes
Test Accuracy 97.65 97.47 97.19 97.11
Test F1 97.09 96.85 96.57 96.43
Test Precision 97.28 97.47 95.58 96.45
Test Recall 96.91 96.24 97.57 96.41
Test AUROC 97.54 97.27 97.25 99.53

Table 1: Best test metrics (in %)

To compare entire architectures independently of specific model configurations (e.g., VGGNet with
ResNet), we average the evaluation results over multiple experiment runs with identical hyperpa-
rameters configurations. We observe similar performances when comparing the weighted means
for the non-pretrained network architectures VGGNets, ResNets, and DenseNets on the full dataset.
Figure 3 shows that the AUROC metric is very close for the architectures at the end of 30 epoch
runs. However, if using normalized data for the different models, the overall performance slightly
decreases. If using pretrained networks on the non-normalized, full dataset, a slight performance
increase (≈1%) for ResNets can be observed, while DenseNets experience a slight performance de-
crease (≈1-2%). If using only a partial subset of training data with 20,000 samples, the performance
of all architectures decreases significantly. However, AUROC only decreases by less than 3-5%,
while other metrics decrease more than 10% (see Figure 7 in Appendix). In general, we observe that
DenseNets have the best performance on a partial subset of the non-normalized data.

Figure 3: Weighted mean AUROC plot of network architectures

The difference between using a shallow versus a deep variant of the architecture appears neglectable.
The VGGNet19 only shows very little performance gains compared to a VGGNet11. Furthermore,
we do not observe vanishing gradients, diminished information flows, or degradation in the VGGNet
as formerly expected. The ResNet18 and ResNet152 as well as the DenseNet121 and DenseNet201
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do not show noteworthy differences. Only the pretrained DenseNet201 performs slightly better than
the pretrained DenseNet121 on all metrics despite having an equally good recall for both models.

5 Discussion of Results

VGGNets, ResNets and DenseNets can be recommended for use in histopathologic cancer detection,
where a large dataset is available. The LeNet can be considered not suitable for the task at hand as
the architecture appears not to learn in this problem space. If only a small dataset (e.g., 20,000
samples) is available, we recommend using a DenseNet, e.g., the DenseNet201. Even if it shows
worse results compared to the full dataset, it is the most robust model in our evaluation. We observe
that the depth of the models appears not to have a significant impact on predictive performance.

Furthermore, an early stopping (or comparable) approach should be considered using the recall or
F1 score (considering recall and precision) as the latest epoch does not always produce the best
results in our evaluation. Computational effort during training can be significantly reduced that way.

The best CNN solutions proposed in the Kaggle competition achieved an AUROC score of up to 1.0
implicating perfect classification on the Kaggle test set (about 57,000 images) when training on the
full training set of about 220,000 images (compared to 176,020 images for us). We did not use this
test set as the labels were not available. Thus, the scores cannot be fully compared. The examined
CNN-architectures (ResNet, DenseNet, and even VGGNet) already achieved AUROC scores of
above 99% without explicit hyperparameter tuning. This could lead to further improvements as we
did not perform it extensively due to limited resources.

As we observe very good results for all metrics with a standard classification threshold of 0.5 the
influence of different thresholds on the metrics should be examined. By evaluating and comparing a
variety of different metrics we are able to assess their respective suitability of the different models.
Accuracy is setting true positives and true negatives equally in relation to all samples. Increasing
the proportion of true positives is far more important than the number of true negatives for cancer
detection. Each true positive enhances the surviving rate of patients, while false negatives could
result in a larger death rate. However, more true negatives and less false positives help reduce costs
for preventive medical checkups as less patients have to undertake further examinations. Lafata et
al. [36] observe that false positive predictions in cancer screenings lead to cost-intensive follow-up
testing. Additionally, false positive cancer screenings are associated with a psychological burden
[37]. They can yield similar reductions in the quality of life compared to a true positive diagnosis
[38]. Therefore, we should focus on increasing recall, while finding a low, but not equally important,
false positive rate.

We can capture more true positives and decrease the number of false negatives by lowering classifi-
cation thresholds. This increases the risk of false positives and reduces the true negatives at the same
time. We should choose a metric that prioritizes the increase of the true positives rate (that is recall),
while still taking into account false positive numbers (or precision). The AUROC metric combines
recall and false positive rate. It indicates which model produces a good proportion of recall and false
positive rate for different possible classification thresholds. Another appropriate metric might be the
F1 score, as it combines recall and precision. Afterall, the decision between F1, AUROC, recall or
possible other metrics to determine the best model should be subject to future work. For now, we
base our model selection on the metric AUROC.

Based on our experimental results, we recommend a training set significantly larger than 20,000
samples for model training. Though, an estimation of a sufficient sample size might be evaluated in
future work. We observed the AUROC metric to be very robust, while all other metrics exhibit large
variance when using only a partial subset of the data (exemplary shown for AUROC and recall in
Figure 7 of the Appendix).

In accordance to our expectations, we do not observe vanishing gradients, degradation or diminished
information flow or any other phenomenons for VGGNets.

Despite our initial expectations, normalization and accounting for staining variances did not improve
but worsen our results on almost all models. This may be caused by a multitude of reasons. Due
to the black-box nature of Deep Learning models, we cannot ultimately answer whether the models
focus on colors and contrasts or more on shapes. Worse results after normalization might be an
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indicator of overfitting to the dataset at hand. Normalization in general might lead to better results
for unseen data or other datasets. This requires further research on the original data characteristics
or the effect of normalization in general. If further research yields that color or relative contrasts are
taken into account, we could analyze if different normalization techniques or color deconvolution
of the hematoxylin and eosin channels (as shown in the Appendix in Figure 8) and the use of Dual-
Channel-RNNs might be beneficial.

With the application of normalization, we accounted for stain variances; however, other general
problems as noisy ground truth labels remain. Excessive imbalanced classes, as well as the limited
availability of labeled data, are not present here.

6 Conclusion

Deep Learning approaches provide the potential to make labour-intensive histopathology workflows
more efficient. This paper investigated different CNN-architectures for the task of classifying malig-
nant and non-malignant lymph node tissue on the PCam dataset. In general, all evaluated state-of-
the-art CNN-architectures yielded good results with average AUROC metrics of 97-99.5%. How-
ever, a careful selection of an appropriate performance metric is essential in this medical setting
and must be addressed in future works. VGGNets, ResNets, and DenseNets can be recommended
for sufficiently large datasets. In the context of high medical risk, potentially achieving even slight
increases might be beneficial. Tuning of hyperparameters and evaluating other Deep Learning ar-
chitectures should be addressed in the future. Small datasets of fewer than 20,000 samples suffer
significantly in performance. The depth of the respective network seems not to be important for the
evaluated architectures. Architectures that were pretrained on ImageNet achieved equal results com-
pared to non-pretrained. We found that stain normalization did not improve our results irrespective
of the architecture, which needs to be further evaluated.
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Appendix

pretrained non-pretrained
normalized non-normalized normalized non-normalized

full partial full partial full partial full partial
Accuracy

DenseNet - - 94.55 - 95.90 - 97.20 89.93
VGGNet - - - - 95.97 - 96.67 86.64
ResNet - - 97.11 - 94.55 - 96.07 86.97
F1 Score
DenseNet - - 93.20 - 94.96 - 96.54 86.91
VGGNet - - - - 95.00 - 95.86 83.32
ResNet - - 96.43 - 93.37 - 95.15 83.23
Precision
DenseNet - - 94.18 - 95.19 - 96.52 91.02
VGGNet - - - - 96.11 - 96.21 83.69
ResNet - - 96.45 - 92.68 - 95.03 85.91
Recall
DenseNet - - 92.24 - 94.74 - 96.56 83.44
VGGNet - - - - 93.91 - 95.52 83.10
ResNet - - 96.41 - 94.10 - 95.32 81.21
AUROC
DenseNet - - 94.18 - 97.18 - 97.90 96.46
VGGNet - - - - 97.41 - 97.36 93.95
ResNet - - 99.53 - 96.66 - 97.09 94.12

Table 2: Architecture comparison (in %, weighted mean, classification threshold = 0.5)

pretrained non-pretrained
normalized non-normalized normalized non-normalized

full partial full partial full partial full partial
Accuracy

mean - - - - 95.97 - 96.67 86.64
min - - - - 95.73 - 93.64 86.33
max - - - - 96.21 - 97.48 87.00
F1 Score
mean - - - - 95.00 - 95.86 83.32
min - - - - 94.72 - 92.10 82.47
max - - - - 95.27 - 96.88 83.91
Precision
mean - - - - 96.11 - 96.21 83.69
min - - - - 95.36 - 92.54 80.14
max - - - - 96.47 - 97.15 85.06
Recall
mean - - - - 93.91 - 95.52 83.10
min - - - - 93.03 - 89.74 80.04
max - - - - 94.27 - 96.80 88.06
AUROC
mean - - - - 97.41 - 97.36 93.95
min - - - - 95.87 - 93.32 93.72
max - - - - 98.95 - 99.48 94.25

Table 3: VGGNet architecture (in %, weighted mean, classification threshold = 0.5)
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pretrained non-pretrained
normalized non-normalized normalized non-normalized

full partial full partial full partial full partial
Accuracy

mean - - 97.11 - 94.55 - 96.07 86.97
min - - 97.11 - 93.83 - 93.49 83.88
max - - 97.11 - 95.39 - 97.19 90.58
F1 Score
mean - - 96.43 - 93.37 - 95.15 83.23
min - - 96.43 - 92.53 - 91.67 79.30
max - - 96.43 - 94.14 - 96.53 88.07
Precision
mean - - 96.45 - 92.68 - 95.03 85.91
min - - 96.45 - 90.72 - 89.09 81.28
max - - 96.45 - 95.40 - 96.95 90.58
Recall
mean - - 96.41 - 94.10 - 95.32 81.21
min - - 96.41 - 92.70 - 88.55 70.52
max - - 96.41 - 96.30 - 96.86 89.93
AUROC
mean - - 99.53 - 96.66 - 97.09 94.12
min - - 99.53 - 93.89 - 92.70 90.58
max - - 99.53 - 98.73 - 99.39 96.41

Table 4: ResNet architecture (in %, weighted mean, classification threshold = 0.5)

pretrained non-pretrained
normalized non-normalized normalized non-normalized

full partial full partial full partial full partial
Accuracy

mean - - 94.55 - 95.90 - 97.20 89.93
min - - 94.22 - 95.64 - 96.60 89.10
max - - 94.88 - 96.24 - 97.65 90.67
F1 Score
mean - - 93.20 - 94.96 - 96.54 86.91
min - - 92.82 - 94.70 - 95.75 85.77
max - - 93.58 - 95.31 - 97.09 88.70
Precision
mean - - 94.18 - 95.19 - 96.52 91.02
min - - 93.31 - 94.35 - 94.83 86.47
max - - 95.05 - 96.34 - 97.47 94.74
Recall
mean - - 92.24 - 94.74 - 96.56 83.44
min - - 92.15 - 94.31 - 94.81 78.36
max - - 92.33 - 95.05 - 97.57 91.04
AUROC
mean - - 94.18 - 97.18 - 97.90 96.46
min - - 93.92 - 95.75 - 96.31 95.68
max - - 94.45 - 99.08 - 99.51 96.73

Table 5: DenseNet architecture (in %, weighted mean, classification threshold = 0.5)
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ResNet152 ResNet152
Epochs 30 30
Learning Rate 0.01 0.01
Avg Duration/Epoch in s 408 426
Full Data full full
Normalized no no
Optimizer Adam Adam
Pretrained no no
Test Accuracy 93.49 93.93
Test F1 91.67 92.81
Test Precision 95.02 89.09
Test Recall 88.55 96.86
Test AUROC 92.70 94.41

Table 6: Worst test metrics (in %)

Architecture Pretrained Normalized Full data Accuracy F1 Precision Recall AUROC
DenseNet121 no yes yes 95.97 95.02 95.53 94.53 96.92
DenseNet121 no no yes 97.23 96.58 96.46 96.70 97.73
DenseNet121 no no no 90.28 87.58 90.13 85.51 96.56
DenseNet121 yes no yes 94.22 92.82 93.31 92.33 93.92
DenseNet201 no yes yes 95.84 94.90 94.85 94.95 97.44
DenseNet201 no no yes 97.17 96.51 96.59 96.43 98.06
DenseNet201 no no no 89.57 86.25 91.90 81.36 96.37
DenseNet201 yes no yes 94.88 93.58 95.05 92.15 94.45
ResNet152 no yes yes 94.30 93.13 91.43 94.91 96.58
ResNet152 no no yes 95.29 94.20 93.93 94.56 96.35
ResNet152 no no no 84.84 79.79 86.26 74.46 92.44
ResNet18 no yes yes 94.80 93.61 93.93 93.29 96.75
ResNet18 no no yes 96.85 96.11 96.13 96.09 97.83
ResNet18 no no no 89.10 86.68 85.57 87.96 95.79
ResNet34 yes no yes 97.11 96.43 96.45 96.41 99.53
VGG11 no yes yes 95.96 95.00 95.79 94.23 97.41
VGG11 no no yes 96.06 95.10 95.57 94.63 96.58
VGG11 no no no 86.71 83.78 82.35 85.42 94.09
VGG19 no yes yes 95.98 94.99 96.44 93.59 97.41
VGG19 no no yes 97.27 96.62 96.85 96.40 98.15
VGG19 no no no 86.56 82.86 85.04 80.78 93.82

Table 7: Comparison of all different configurations of network architectures (metrics in %)
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Figure 8: Splitting into H&E channels during normalization
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