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Abstract

Deep learning-based models applied to digital pathology require large, curated datasets with high-quality (HQ)
annotations to perform correctly. In many cases, recruiting expert pathologists to annotate large databases is not fea-
sible, and it is necessary to collect additional labeled data with varying label qualities, e.g., pathologists-in-training
(henceforth, non-expert annotators). Learning from datasets with noisy labels is more challenging in medical applica-
tions since medical imaging datasets tend to have instance-dependent noise and suffer from high inter/intra-observer
variability. In this paper, we design an uncertainty-driven labeling strategy with which we generate soft labels from 10
non-expert annotators for multi-class skin cancer classification. Based on this soft annotation, we propose an uncer-
tainty estimation-based framework to handle these noisy labels. This framework is based on a novel formulation using
a dual-branch min-max entropy calibration to penalize inexact labels during the training. Comprehensive experiments
demonstrate the promising performance of our labeling strategy. Results show a consistent improvement by using soft
labels with standard cross-entropy loss during training (~ 4.0% F1-score) and increases when calibrating the model
with the proposed min-max entropy calibration (~ 6.6% F1-score). These improvements are produced at negligible
cost, both in terms of annotation and calculation.

Keywords: Digital pathology, Non-expert annotators, Uncertainty estimation, Model calibration

1. Introduction w7 supervised strategies with WSI-level annotations. In
1s the multi-class scenario, an expert pathologist assigns
19 a unique label to the whole biopsy based on diagnos-
20 tic or prognostic features. Then, deep learning mod-
21 els are trained using multiple instance learning (MIL)
22 to automatically solve the task at hand. However, this
2s  pipeline does not consider real-world limitations and
2« noise sources inherent to the annotation process, which
»s may hinder the performance of the model. These lim-
26 itations are accentuated in some applications requiring
2z a high level of expertise, such as several skin neoplasm
s diagnosis (i.e., cutaneous spindle cell neoplasms, one
2o of the most challenging skin neoplasms not studied in
s previous studies [7]). In many cases, recruiting expert
a1 pathologists to annotate large databases is not feasible.
=2 Unfortunately, without sufficient labels, the data-hungry
s learning-based methods often struggle with overfitting,
a leading to inferior performance [8]. To alleviate this is-
Email addresses: madeam2@upv . es (Rocio del Amor), s sue, collecting additional labeled data with varying la-
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Digital pathology research has experienced signif-
icant growth in recent years thanks to the advent of
novel computer vision techniques based on deep learn-
ing [1]. The deployment of convolutional neural net-
works (CNNSs) has allowed the automatic identification
of new biomarkers and innovative features in the whole
slide images (WSIs) that support the diagnostic process.
In particular, these techniques have shown promising re-
sults for computer-aided diagnosis on different applica-
tions such as prostate [2], breast [3] and skin cancer de-
tection [4], tissue segmentation [5], or mitosis detection
[6], among others. Nevertheless, deep learning mod-
els require large and curated datasets with high-quality
(HQ) annotations to perform properly. In the case of
digital pathology, a popular choice is the use of weakly
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non-expert annotators) or using machine-generated la-
bels is a common practice. However, directly introduc-
ing data with low-quality (LQ) noisy labels may confuse
the network training, which easily leads to performance
degradation [9, 10]. Therefore, how to effectively and
robustly exploit the additional information in plentiful
LQ noisy labeled data is crucial to the medical image
analysis community.

Learning from noisy labels is a widely recognized
challenge in classical image recognition. Several efforts
have been made to mitigate the negative impact of LQ
labels in medical image analysis [10-13]. However, this
is still an under-explored area, as existing literature on
learning with noisy labels lacks a clear distinction of ap-
plicable scenarios, leading to ambiguous benchmarks.
Some approaches [12, 13] assumed mixed data from
multiple sources, i.e., set-HQ and set-LQ labels are in-
discriminate. In contrast, other techniques [10, 11] were
developed for a scenario where experts label a small
data set, making LQ and high-quality (HQ) labels sepa-
rated. A main body of literature exploits multiple anno-
tators in a crowdsourcing scenario, to extract the under-
lying noise-free label distribution. Nevertheless, gath-
ering multiple annotators in the medical context may
be unrealistic. The high level of expertise required, as
well as the time-consuming nature of such annotation,
is a barrier to the implementation of these methods in
real-world applications. These findings highlight the
need for developing uncertainty-aware pipelines to ad-
dress the inherent uncertainty in the annotation process,
which may not require from multiple label sources.

Based on these observations, we propose a novel
uncertainty-driven labeling strategy for histology skin
cancer classification. The key contributions of our work
can be summarized as follows:

e A single-annotator uncertainty-aware labeling
strategy with which we generate soft labels from
10 non-expert annotators for multi-class skin can-
cer classification that quantify uncertainty in the
annotations.

e Based on these annotations, we present an exten-
sive study for the use of soft label model calibra-
tion compared to the ground truth, labeled by an
expert pathologist.

o In addition, we propose a novel formulation based
on dual-branch entropy calibration (DBEC) to cal-
ibrate both, overconfident outputs and uncertain
soft labels, during training.

e Comprehensive experiments demonstrate the
promising performance of our labeling strategy.
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By incorporating uncertainty during labeling we
found average improvements of nearly ~ 4.0%
in averaged Fl-score using the baseline methods,
which increases up to ~ 6.6% using the proposed
dual-branch calibration.

2. Related work

2.1. Skin WSIs

According to the World Health Organization, nearly
one in three diagnosed cancers worldwide is a skin can-
cer [14]. Different techniques, such as dermatoscopy,
wood lamp, CT scan and histopathology, are utilized
for the diagnosis of skin diseases. However, the gold
standard for skin cancer detection is histological im-
age analysis. Traditionally, histological slides would
be viewed with a light microscope. However, digiti-
zation has created opportunities for automated analysis
using WSI. Applying deep-learning models to computer
vision problems shows excellent potential in skin can-
cer detection. Most research was based on the anal-
ysis of dermoscopic images [15-21] and few studies
have focused on the analysis of WSI [3, 4, 22-25]. In
this vein, MIL approaches have been successfully ap-
plied to Basal carcinoma (BCC) [3] or melanoma [4],
reducing the time required to perform precise annota-
tions. However, many types of skin cancer have not
yet been explored. These include cutaneous spindle cell
neoplasms (CSC), predominantly composed of spindle-
shaped neoplastic cells arranged in sheets and fascicles
[26]. These lesions are relatively common. For exam-
ple, cutaneous squamous cell carcinoma is the second
most common epidermal cancer representing 20 % to
50% of skin cancers [27] and spindle cell melanoma
contributes 3% to 14% of all melanoma cases [28]. CSC
neoplasms are challenging to diagnose due to the con-
siderable morphological overlap between the different
tumor types that make up this group [7], which poses
a particular problem for less experienced pathologists.
This hampers an accurate diagnosis and the applica-
tion of effective clinical treatment [29] in neoplasms in
which early detection and appropriate treatment are es-
sential for a good prognosis in malignant cases. De-
spite the complexity of these neoplasms, they had not
been previously studied in the literature. Therefore,
the main objective of this paper is to classify, under
a MIL-based approach, the seven types of fusocellu-
lar skin neoplasms identified by expert pathologists as
the most challenging: leiomyomas (Im), leiomyosarco-
mas (Ims), dermatofibromas (df), dermatofibrosarcomas
(dfs), spindle cell melanomas (mfc), fibroxanthomas
(fxa) and squamous cell carcinoma (cef).
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2.2. Uncertainty estimation

Uncertainty estimation methods are expected to im-
prove the understanding and quality of deep learning
models to enhance their generalization during inference.
These methods have an outstanding interest in medical
applications due to the high expertise required to obtain
quality labels, the variability in acquisition systems and
noise present in many databases [30], and the known
inter-annotator variability in different medical applica-
tions [31, 32]. For these reasons, training uncertainty-
aware models is key to the success of diagnostic support
systems in medical applications. An uncertainty-aware
deep learning model training usually covers two steps:
uncertainty quantification and model calibration. Un-
certainty quantification aims to assess the prior proba-
bility of error for certain samples during training. From
the perspective of noisy labels, a main core of previ-
ous literature use multiple annotators in crowd-sourcing
scenarios to quantify inter-observer agreement for each
sample [33-36]. Thus, crowd-sourcing methods aim to
predict the underlying noise-free label distribution by
simultaneously training annotator-specific projections
over the feature space [33-37]. Other solutions focus
on prior task-specific knowledge such as avoiding over-
confident outputs on neural networks [38] or leveraging
high confidence on non-informative regions [39]. Other
uncertainty quantification approaches focus on sample
noise estimation, which may raise from image quality,
feature extraction, or out-of-distribution domains. Pre-
vious literature in this regard use a trained student model
to study the confidence of the model via Monte Carlo
dropout with image augmentations [24, 36, 40], cur-
riculum learning [41], or co-teaching [42, 43]. After
uncertainty estimation, deep learning models are cali-
brated to overcome the limitations detected in the train-
ing samples. Some approaches include sample weight-
ing based on divergence observed by the Student-based
methods [36], or calibrating the output of the network
based on label smoothing [44] and entropy regulariza-
tion [38, 45, 46].

In this paper, we focus on label-noise calibration, and
we study the feasibility of estimating uncertainty from
single annotator labels. Contrary to much of the pre-
vious literature, we study the case in which multiple
annotators are not available. To this end, we define a
soft label-based annotation protocol. Then, we propose
a dual-branch criterion for calibrating the trained neural
network based on entropy regularization. The underly-
ing idea is two-fold: (i) penalizing overconfident predic-
tions on high-certain samples, and (ii) forcing the net-
work to produce confident outputs on uncertain cases, to
overcome the limitations of the noisy labels based on the
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features of each sample. Note that although we trained
10 models, one for each non-expert to validate the pro-
posed methodology, these models are independent since
only the labels of a single annotator are used to train the
algorithm each time.

3. Methods

An overview of our proposed method is depicted in
Figure 1. In the following, we describe the problem for-
mulation and each of the proposed components.

Problem Formulation. Under the paradigm of Multi-
ple Instance Learning (MIL), instances are grouped in
bags of instances X = {x, }fq":] that exhibit neither de-
pendency nor ordering among them, and its number N
is arbitrary for each bag. In the multi-class scenario,
each bag is a member of one of K mutually exclusive
classes, such that Y, € {0, 1}. Note that, in contrast to
other MIL formulations, the individual instances do not
have an associated label, but rather the label of the bag
is determined by the combination of features of the dif-
ferent instances.

Embedding-based MIL. In this work, we aim to train
a model capable of predicting bag-level labels using a
combination of features extracted at the instance level.
This learning strategy falls under the embedding-based
MIL paradigm!. Let us denote a neural network model,
fo() + X — Z, parameterized by 6, which projects in-
stances x € X to a lower dimensional manifold z € Z C
R4, with d the embedding dimension. Then, we define
an aggregation, f,(-), which is in charge of combining
the instance-level projections into a global embedding,
Z. In particular, we use a global-average pooling along
instances, such that: Z = % >l fg(xn)}nN:I. Finally, a
neural network classifier, f4(-) : Z — S, is in charge of
predicting softmax bag-level class scores, S, such that
Sk € [0, 1]. The optimization of the model parameters
6 and ¢ is driven by the minimization of standard cate-
gorical cross-entropy loss between the reference labels
and predicted scores such that:

1 K
Lee= 2 ) Vi log(S0) (1)
k=1

IBased on the denomination proposed in [47]
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Figure 1: Method overview. In this work, we address weakly supervised histology image classification on skin WSIs by quantifying the uncertainty
of the individual annotators during labeling. Concretely, we train an embedding-based Multiple Instance Learning (MIL) model to predict up to six
different categories using standard cross-entropy loss. We propose to quantify annotator-specific uncertainty by following a soft labels annotations
protocol, such that YSZ [0, 1], and Y}, YS’ 1. In this fashion, our model captures information regarding inter-category dependencies and avoids
over-fitting to uncenam noisy annotatlons Then, we propose a dual-branch min-max uncertainty calibration (DBEC) based on the annotated
soft labels. Based on uncertainty calibration using Shannon entropy regularization (see Eq. 3), we propose to (i) maximize the entropy on
high-confidence labeled samples, by entropy maximization (H"), and (ii) to minimize the entropy on samples labeled with low-confidence (H™).
Thus, entropy minimization encourages the network to produce confident outputs on uncertain cases, based on the features of the sample, and
thus diminishing noise propagation. A threshold 7 is empirically fixed to differentiate low and high certain labels, and the dual-branch min-max
uncertainty is combined with cross-entropy loss (see Eq. 5). Circles in bag-level predictions and references indicate soft-max scores. The more
intense the color, the higher the score.

3.1. Labeling uncertainty 257 cialization or covering proprietary solutions, such as
258 medical applications. To overcome this limitation, we
230 propose an annotator-level uncertainty quantification by
220 annotating the confidence associated with each sample
age noise and inter and intra- annotator variability. The .y the form of soft labels. To this end, we differentiate
objective is to calibrate the trained model to account , . petween the labeled samples using hard labels (HL), Y,

for quantified uncertainties. Regarding inter-annotator .. .4 soft labels (SL), Y/fl' As previously described, hard

variability, a large body of literature quantifies this un- ,,,  |abels assign a discrete value for each label such that

certainty by obtaining labels from multiple annotators. ,,  y# {0, 1}, where Y; = 1 indicates that the correspond-
k 9 9

However, obtaining multiple annotators may notbe pos- . jns sample belongs to the class k. It is worth mentioning
sible in specific scenarios requiring a high level of spe-

Uncertainty estimation methods assume that differ-
ent noise sources are present in the dataset, both in im-
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that, in the multi-class scenario, categories are consid-
ered mutually excluded, and only one tag is given to
each sample. Nevertheless, this labeling strategy fails
to capture the certainty of the annotator for each sam-
ple. To gather this information, we propose to use soft
labels, such that Y,fl € [0, 1]. Note that in this case, Y}
is a continuous value that corresponds to the probabil-
ity that the annotator assigns to each class, such that:
Sk Y,fl = 1. For instance, in a case with high uncer-
tainty, the annotator might assign the following labels:
Y* =10,0,0,0,0.9,0.1, 0], whereas in a uncertain case,
the total probability might be more distributed among
categories: Y* =[0.2,0.2,0,0,0.6,0,0]. Then, the MIL
classification model previously described is trained us-
ing standard cross-entropy loss in Eq. 1 using soft anno-
tation labels. We believe that, in this fashion, the model
might capture information regarding inter-category de-
pendencies and avoid over-fitting to uncertain cases, as
supported in the experimental stage of the present work.

3.2. Dual-branch uncertainty calibration

The aforementioned soft-labeling strategy can differ-
entiate between high-certain and uncertain labels pro-
vided by the annotator. Still, using standard cross-
entropy might produce ill-calibrated models. These lim-
itations include reaching trivial solutions by producing
overconfident outputs from high-certain samples or triv-
ial, uniform outputs on low-certainty samples. In ad-
dition, we want to consider that samples labeled with
low confidence might belong to a class other than the
one most likely to be noted. To this end, we propose
calibrating the model during training to deal differently
with both types of samples in a dual-branch fashion.

Shannon entropy for confidence regularization. One
of the main approaches to calibrating neural networks
is using an auxiliary term to regulate the output prob-
abilities. Originally developed to reduce overconfident
predictions, which are produced by training models us-
ing cross-entropy and hard labels, one of the main ap-
proaches lies in forcing the output distribution to ap-
proximate a uniform distribution [38, 44]. To this end,
the neural network is trained to minimize the Kullback
— Leibler (KL) distance, Dgp(pllu) = H(p,u) — H(p)
between an output distribution, p and an uniform distri-
bution, u. Note that H(p, u) indicates the cross-entropy
between both distributions, and H(p) = H(p, p) is the
Shannon entropy or self-entropy, such that H(p) =
—% >k Pr - log(pr). Tt is straightforward to see that, in
the case of a target uniform distribution, minimizing the
KL distance is equivalent to maximizing the Shannon
entropy of the output distribution.
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Di1(pllg) = H(p,q) — H(p) = —H(p) 2

where =€ indicates equality up to an additive constant.

Thus, standard model calibration using Shannon en-
tropy includes a regularization term to the standard
cross-entropy loss weighted by an hyper-parameter g >
0, such that:

L=L.-BH(p) 3)
Dual-branch min-max entropy calibration. Inspired
by previous literature on model calibration, we propose
to use the Shannon entropy regularization in a dual-
branch fashion. First, we want the model to avoid
overconfident outputs on high-certainty labeled sam-
ples, similarly to Eq. 3. Secondly, we aim to calibrate
the model to assign a confident category to each sam-
ple, even though the annotator might have high uncer-
tainty in the label. For the latter, we draw on Shan-
non entropy minimization, which encourages the out-
put scores to differ from the uniform distribution (see
Eq. 2). It is worth mentioning that, in the case of min-
imum entropy, the output scores tend to produce hard
labels. Thus, we hypothesize that the model may be
able to overcome the potential noise from the uncertain
labels, and produce more accurate predictions based on
the features of the sample. This formulation is inspired
by the semi-supervised learning literature, in which en-
tropy maximization is used as a proxy to learn from un-
labeled samples [48]. From now on, and for simplicity
in the context of loss functions, we refer to the entropy-
maximization criteria —H(p) as H*, and the opposite
minimization term as H~ = H(p).

Thus, we propose a dual-branch optimization crite-
rion to independently calibrate low and high-certainty
labeled samples, using the bag-level predicted scores,
S, such that:

e {H*(Sk), if max ¥ > 7 @

me H=(S;), otherwise

where 7 is an empirically-fixed threshold that divides
the input samples based on its certainty, quantified by
the confidence of the predominant category per sample,
maxy Y.

Since using entropy calibration alone may yield triv-
ial results [49], the MIL model is trained with annotated
soft labels, Y, ,j’ , and the dual-branch entropy calibration,
using the overall following loss function:

L=a"" L, +B" Ly S
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Note that L is the cross entropy loss at bag level
in Eq. 1, and Ly refers to the dual-branch calibration
presented in Eq. 4, and a*/~ and S+/— are disentan-
gled in two terms, one for high-certainty labeled sam-
ples (a*, ), and other for the opposite case (a¢~, 7).
It is worth mentioning that the values of threshold value
7 in Eq. 4 as well as the relative weight of the min-
max entropy duality, 8* and S—, and cross-entropy loss,
a’ and a~, are hyperparameters empirically optimized
during the experimental stage. Hereafter, we refer to
this dual-branch min-max entropy calibration term as
DBEC.

4. Experimental setting

4.1. Dataset

To validate the proposed approach, we use the
AI4SKINVI database. This database comprises two pri-
vate databases (DSV and DSG) from the University
Clinic Hospital of Valencia (Spain) and San Cecilio
University Hospital in Granada (Spain). DSV and DSG
are composed of histopathological skin images from
different body areas that contain cutaneous spindle cell
(CSC) neoplasms, i.e, leiomyomas (Im), leiomyosarco-
mas (Ims), dermatofibromas (df), dermatofibrosarcomas
(dfs), spindle cell melanomas (mfc), fibroxanthomas
(fxa) and squamous cell carcinoma (cef). Each database
(DSV and DSG) comprises 180 and 91 different pa-
tients who signed the pertinent informed consent. Two
expert pathologists established the WSI-level label of
the whole database, 271 images. A summary of the
database description is presented in Table 1.

Table 1: Database distribution. DSV: database from Valencia;
DSG: database from Granada. Lm:leiomyomas; Ims: leiomyosarco-
mas; df:dermatofibromas; dfs: dermatofibrosarcomas; fxa: fibroxan-
thomas; spindle cell melanomas; cef: squamous cell carcinoma.

Im Ims df dfs mfc fxa cef Total
DSV 28 19 52 11 32 28 10 180
DSG 27 9 16 7 6 26 - 91
Total | 55 28 68 28 38 44 10 271

Regarding the non-experts labeling, an annotation
protocol was designed to ensure that 106 WSIs were an-
notated by all non-expert annotators (dense set). In con-
trast, the rest were only annotated by some non-expert
pathologists (non-dense set). It is worth mentioning
that the use of a dense set allows us to establish data-
balanced comparisons between annotators, without re-
quiring everyone to annotate the entire data set, with the
burden that this process entails. Table 2 shows images
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used by each non-expert annotator for training, valida-
tion and testing of the models. To establish fair com-
parisons the validation and test images belonged to the
dense set. Note that the images were annotated follow-
ing the soft strategy proposed in Sec. 3.1 2.

To process the large WSIs, these were downsam-
pled to 10x resolution and divided into patches of
size 512x512x3 with a 50% overlap. Aiming at pre-
processing the biopsies and reducing the noisy patches,
a mask indicating the presence of tissue in the patches
was obtained by applying the Otsu threshold method
over the magenta channel. Subsequently, the patches
with less than 20% of tissue were excluded from the
database.

Table 2: Number of images used for training, validation and testing
the models of each non-expert annotator (ten in total). Note that for
the validation and test set the same samples labeled by all non-experts
were used.

1 72 3 4 5 6 [7 8 19 J10
Tain | 148 | 142 | 151 | 143 | 154 | 145 | 155 | 149 | 152 | 150
Val 26
Test 54

4.2. ROI extraction

To select the instances with tumor from the WSI
to train and validate the proposed approach, we ex-
tend the model proposed in [50] for the six neoplasms
under study. This method was based on a teacher-
model paradigm to increase the annotated database
while avoiding manual annotations. In this vein, this ap-
proach enhances the detection of tumor regions in WSI
using pseudolabels from non-labeled data. As the out-
put of this section, we obtain the patches with tumor
lesions used as input for the MIL-based model.

4.3. Implementation details

The proposed methods were trained using the differ-
ent train subsets for each non-expert annotator (10 in to-
tal), see Table 2. The backbone fy(-) used was a VGG16
[51] pre-trained on Imagenet [52], using patches resized
to 224 x 224 images. Models were trained during 120
epochs with a batch size of 1 whole slide image, us-
ing a learning rate of n = 1- 107> with SGD optimizer.
The model performance was continuously monitored on
the validation subset, and early stopping was applied
to keep the model with the best accuracy on this sub-
set. The proposed uncertainty calibration DBEC in Eq.
5 was trained similarly, but the learning rate was ex-
ponentially decreased in the last 20 epochs to ensure

2The soft labels will be available on request.
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stability. In this case, early stopping was not applied
since the calibration moved predictions away from the
domain of the training labels. Hyperparameters were
fixed empirically such that: " = 1,8* = 0.1, = 0.1,
B~ =1, and 7 = 0.7. For the motivation of these values,
we refer the reader to the ablation experiments. All the
validated experiments were implemented using Pytorch
version 1.9.1 and Python 3.7. Experiments were con-
ducted on the NVIDIA DGXA100 system. The code is
publicly available on https://github.com/cvblab/
Labeling_Uncertainty.

4.4. Evaluation metrics

In order o evaluate the performance of the proposed
approaches regarding previous literature, we use stan-
dard metrics for multi-class classification. In particu-
lar, we obtain accuracy (ACC) and macro-averaged F1-
score. It is worth mentioning that, although explicitly
mentioned, metrics are obtained using as reference the
ground truth, labeled by the expert pathologists, Y.

5. Results

5.1. Comparison to the literature

In this subsection, we study the obtained results by
the proposed methods, concerning previous literature.
We also carried out a detailed study of the success cases
and limitations encountered, by means of a detailed
study of the annotations made by the in-training pathol-
ogists.

Quantitative evaluation. The quantitative results ob-
tained training the model using expert labels, and non-
expert labels using hard labels (HL), annotated soft la-
bels (SL), and the proposed dual-branch entropy cali-
bration (DBEC) on the respective test subset of each
non-expert annotator are depicted in Table 3. Results
obtained using annotated soft labels from non-expert
pathologists reach an average F1-score of 0.364, which
shows an improvement of ~ 4.0% compared to hard la-
bels by simply training the model using standard cross-
entropy loss. This fact demonstrates that the annotation
protocol developed in the paper is optimal for model
training when expert labels are not available. Once our
proposed dual-branch entropy calibration (DBEC, see
Eq. 4) is incorporated during training, results achieve an
average Fl-score of 0.389. In addition, some notewor-
thy improvements can be observed for some non-expert
annotators. For example, annotators 1, 2, and 8 show
improvements of ~ 13.1%, ~ 21.5% and ~ 13.2%, re-
spectively. Although the results obtained are still far
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from those obtained using the ground truth from the ex-
pert pathologists, the models obtained bridge the gap,
going from a difference of ~ 25% to ~ 18% regard-
ing Fl-score. Furthermore, this paper is the first study
to address the multi-class problem of spindle cell neo-
plasms. While previous studies focus on binary prob-
lems to identify benignity or malignity of neoplasms
[50], in this study we try to identify the distinct neo-
plasms that have considerable morphological overlap
between them. Therefore, the results obtained in this
paper establish a benchmark for the comparison of fur-
ther models.

In-depth results analysis. Although, as discussed
above, the methodology based on confidence annotation
offers promising results, the variability in the results ob-
served among different annotators calls for an in-depth
analysis of the annotated labels, their advantages, and
limitations. To this end, we proceed to study the accu-
racy of the annotations made by non-expert pathologists
in the training subset, the number of samples labeled
with low confidence, and their distribution in relation to
the classes, in Figure 2. Likewise, we display the con-
fusion matrices obtained by the non-expert annotators
concerning the expert annotations, as well as those ob-
tained using the model trained with hard labels and the
proposed dual-branch entropy calibration, in Figure 3.
Regarding the gap observed between models trained
using the ground truth or non-expert labels, this is due to
the quality of the latter labels, which shows an average
F1-score of 0.4510 (see Figure 2 (a)), which sets an up-
per limit on the results that the model can extract using
pathologist-in-training labels. As observed in the corre-
sponding confusion matrix (see Figure 3 (a)), this prob-
lem accentuates in certain classes such as Ims and cef,
which show lower prevalence concerning other classes
in the used dataset (see Table 1). In addition, it can be
observed how non-expert pathologists show lower con-
fidence when labeling a sample corresponding to those
categories (see Figure 2 (b)). This make sense since, for
example, in the case of Ims the pathologists-in-training
are often confused with Im as they have the same mor-
phological features. These limitations produce the drop
in results between both types of labels observed in the
quantitative metrics, which can be observed in the cor-
responding confusion matrix (see Figure 3 (b)). Inter-
estingly, once the proposed dual-branch calibration is
used, obtained results for those low-confidence classes
improve (see Figure 3 (c)). Concretely, promising im-
provements for the classes Ims, dfs, and fx are observed,
which coincide with those categories that pathologists
show the least confidence (see Figure 2 (c)). This may
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Table 3: Quantitative comparison to prior literature. The metrics presented are the accuracy and micro-averaged F1-score (ACC/F1-score). The
model trained with expert labels (second column) is used as the upper bound of the non-expert-based models. Colored values indicate the relative
improvement of each method concerning the baseline using hard labels from non-expert in terms of the Fl-score. Green indicates improvement
and red a worsening lack. HL: hard labels; SL: soft labels; H*: entropy maximization. Gray background highlights the averaged results.

Annotator Expert Non-Expert
HL+H" HL SL DBEC
1 | 0.653/0.620 | 0.408/0.277 | 0.428/0.295 0.530/0.408
2 | 0.571/0.467 | 0.408/0.288 | 0.530/0.424 0.571/0.503
3 | 0.612/0.584 | 0.448/0.386 | 0.489/0.401 0.428/0.330 | | 5.6%
4 | 0.551/0.520 | 0.448/0.309 | 0.428/0.355 0.489/0.364
5 1 0.673/0.601 | 0.551/0.448 | 0.571/0.460 0.530/0.442 | | 0.0%
6 | 0.591/0.555 | 0.428/0.298 | 0.428/0.304 0.428/0.315
7 | 0.673/0.602 | 0.469/0.348 | 0.551/0.427 0.530/0.444
8 | 0.693/0.655 | 0.367/0.259 | 0.408/0.270 0.469/0.391
9 | 0.653/0.614 | 0.387/0.280 | 0.469/0.323 0.387/0.299
10 | 0.632/0.525 | 0.469/0.353 | 0.530/0.390 0.530/0.398
Avg. | 0.630/0.574 | 0.438/0.324 | 0.473/0.364 0.489/0.389
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Figure 2: In-depth study of the soft labels annotated by in-training
pathologists. (a) Quality of the labels, in terms of Fl-score, in the
training subset. Reference labels are the expert ground truth. (b) Per-
centage of samples with maximum confidence above the threshold
7 = 0.7. (c) Average confidence per each class, on positive samples.
Dashed, red lines indicate average values.

be produced by the lower-confidence entropy minimiza-
tion, which encourages the model to produce confident
predictions in those cases in which confidence falls be-
low the fixed threshold 7. In this fashion, predicted la-
bels move away from the annotator bias, based on the
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inherent features of each sample, and show the best gen-
eralization compared to expert annotations. Although
the proposed approach offers consistent improvements
among most annotators, still some limitations can be ob-
served. For instance, it shows the least effect when noise
increases. Annotators 3 and 9, which show low accu-
racy on the training dataset (see Figure 2 (a)), also offer
worse results regarding the proposed approach. Also, if
no use is made of soft labels (see 2 (b), annotator 5), the
results remain the same as using hard labels.

5.2. Ablation studies

The following experiments aim to demonstrate the
convenience of the proposed approaches in an empir-
ical fashion. First, we compare the benefits of label-
ing uncertainty instead of using a direct calibration of
hard labels. Then, we motivate the choice of the compo-
nents and hyper-parameters used for the proposed dual-
branch uncertainty calibration setting in Eq. 5.

Artificial vs. annotated soft labels. As previously dis-
cussed, we propose in this work to calibrate the model
training to the inherent uncertainty of non-expert la-
beling by annotating the confidence for each indepen-
dent class per sample. The benefit of calibrating CNN’s
to avoid overconfident predictions has already been
demonstrated in previous literature [38]. We follow
two main artificial methods used in this regard: la-
bel smoothing (LS) [44] and entropy regularization (H)
[38]. Concretely, LS modifies the hard labels to assign
a uniform distribution over non-positive categories such
that: Y% = (1 - €)Y, + £. Entropy calibration is based
on Shannon entropy maximization (H*), as described
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Figure 3: Normalized confusion matrices, averaged among non-expert annotators, obtained using (a) raw hard labels, (b) the model trained using
hard labels, and (c) the model trained using the dual-branch entropy calibration proposed in Eq. 5. Reference labels are the expert ground truth.

in the method section (see Eq. 3). In our experiments,
we empirically optimized the hyper-parameters for both
€ = 0.2 and B = 0.2. We depict in Figure 4 the results
using hard labels (HL), both artificial regularization ap-
proaches (LS and H*), and the model trained using the
proposed annotated soft labels (SL).

s HL H*

Annotator

LS e SL

05-
04-

Fl-score

02'

0.0-
0.5-
0.4-
0.3-
0.2-

Fl-score

Figure 4: Ablation study on the use of artificial model calibration of
hard labels (HL) or annotated soft labels (SL). For the first approach,
label smoothing (LS) and entropy maximization (H*) are used. FI-
score is presented for each method and non-expert annotator.

The obtained results show that regularizing neural
network outputs improves the model performance. In
particular, entropy-based regularization outperforms la-
bel smoothing, as indicated by previous literature [38,
46]. Concretely, average improvements of F1-score of
~ 0.6% and ~ 2.4% are obtained, respectively. The
proposed labeling confidence approach outperforms the
artificial entropy-based calibration across most annota-
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tors (see Figure 4 annotators 2, 3, 4, 8 — 10). Con-
cretely, an average improvement of ~ 4% is observed,
as already depicted in Table 3. This indicates that la-
belling the confidence of the annotator for the different
classes for each sample offers benefits beyond prevent-
ing the model from producing overconfident outputs. It
is worth mentioning that this improvement is produced
at a negligible cost, both in terms of annotation time and
computational level. This may be because it introduces
a sample-dependent distribution over labels, as opposed
to these artificial methods.

Uncertainty calibration optimization. The following
experiments aim to demonstrate the convenience of the
different components of the dual-branch entropy cali-
bration (DBEC) for uncertainty assessment proposed in
Eq. 4 when trained using soft labels (SL). Concretely,
we fix the used threshold T = 0.7, then train and mod-
ify the relative weight of both branches to emulate the
absence of each term. First, each term is trained indi-
vidually, by using 8~ = 0 and @~ = 0, (DBEC (H")
configuration), and 8% = 0 and o« = 0, (DBEC (H")
configuration), respectively. Then, both terms are in-
cluded as indicated in the implementation details. Av-
erage results among the 10 in-training pathologists are
presented in Table4.

Table 4: Ablation experiment on the components of the proposed cal-
ibration formulation.

Target Criteria
SL DBEC (H*) | DBEC(H") | DBEC(H*")
ACC 0.438 0.461 0.386 0.489
Fl-score | 0.324 0.334 0.281 0.389

The results show that using only the positive entropy
term, which calibrates the network by penalizing confi-
dent predictions, improves around ~ 2% in terms of the
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Fl-score. In contrast, using only low-confidence sam-
ples during training does not show good results. How-
ever, by incorporating this term into the general formu-
lation, the figures of merit reach the improvements dis-
cussed earlier in the article. These results show the use-
fulness of including both terms in the proposed double-
branch formulation.

In the following, we perform a study regarding the
threshold used to compute the positive or negative en-
tropy calibration, 7. Concretely, we sample homoge-
neously 7 values between [0, 1]. The obtained results
for representative annotators are depicted in Figure 5.

0.5 - A—p
0.4 -
0]
—_
S
a 0.3-
o —— Annotator 1
0.2~ Annotator 2
Annotator 7
0.1 - —— Annotator 10

0.0 0.2 0.4 0.6 0.8 1.0
T

Figure 5: Ablation study on the effect of the confidence threshold 6

7 on the proposed dual-branch entropy calibration (DBEC) based on
annotated soft labels.

The performance of the DBEC proposed in relation to
the 7 value shows a characteristic shape. The non-expert
annotators that show an improvement in the model per-
formance using the proposed term first drop the ob-
tained results when increasing 7. Then, an absolute
maxima is reached around 7 values of 0.7 and 0.8. Fi-
nally, increasing the hyper-parameter from this value
worsen the performance, since entropy minimization is
applied to all samples, even when high confidence is an-
notated. Based on these observations, we fixed 7 = 0.7
for the implementation of the dual-branch calibration.

6. Conclusions

A relevant body of literature on uncertainty estima-
tion requires multiple annotators to quantify individual
sample noise and inter-annotator variability. Neverthe-
less, acquiring multiple rater views is a limiting factor in
a wide range of applications, such as medical imagining.
In particular, in the case of digital pathology imaging,
a high level of expertise is required to perform image
labeling, which may make it unfeasible to recruit mul-
tiple annotators. To address this limitation, in this work
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we have proposed to capture individual uncertainties by
annotating soft labels instead of unique categories. In
addition, and inspired by previous literature on model
calibration using Shannon entropy, we have proposed a
dual-branch min-max entropy calibration (DBEC) cri-
teria that optimize the model training to (i) avoid over-
confident outputs by entropy maximization, and (ii) pro-
duce confident outputs on samples labeled with high un-
certainty by Shannon entropy minimization, which fo-
cuses on inherent features of each sample.

The proposed uncertainty estimation method is val-
idated in the challenging context of skin whole slide
image (WSI) multi-class image classification, under the
multiple instance learning (MIL) paradigm. It is worth
highlighting the scarce literature on this field since, to
the best of our knowledge, this is the first work that
aims to distinguish among 6 different relevant patho-
logical categories. Over the AI4SKIN dataset, we have
generated new uncertainty-driven soft labels from 10 in-
training pathologists, so-called non-expert annotators.
Uncertainty-aware MIL models have been trained us-
ing soft labels, and the novel dual-branch min-max en-
tropy calibration, and they have been evaluated using a
ground truth annotated by expert pathologists. Results
show a consistent improvement by using soft labels with
standard cross-entropy loss during training (~ 4.0%
Fl1-score), and increases when calibrating the model
with the proposed min-max entropy calibration DBCE
(~ 6.6% Fl-score). In addition, we have observed that
improvements using the DBCE appear in categories that
non-expert annotators presented high uncertainty, which
supports our claim that the entropy minimization term in
this case helps the model to move away from the annota-
tor bias. These improvements are produced at a negligi-
ble cost, both at the level of annotation and calculation.

Still, during the experimental stage, we found some
limitations in our study. First, the proposed formula-
tions are still highly dependent on the quality of the
produced labels. In the context of non-expert annota-
tors, this may produce limitations when labels are too
noisy. Likewise, the annotation of soft labels depends
on the commitment of the experts recruited and does
not bring improvements when performed in a very low
proportion. We believe that the framework developed in
this work opens the door to different interesting lines of
further research. Learning how to combine certain ex-
pert labels with uncertain non-expert labels might be of
great interest, such as crowd-sourcing methods able to
obtain the underlying label distribution using the least
number of annotators, among others.
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HIGHLIGHTS

Skin histological images are used for the first time to develop an end-to-end
automatic system able to distinguish between seven different types of spindle
cell neoplasms.

We propose an uncertainty-aware labeling strategy with which generate soft
labels from 10 non-expert annotators for multi-class skin cancer classification
that quantify uncertainty in the annotations.

Based on these annotations, we present an extensive study for the use of soft
label model calibration compared to the ground truth, labeled by an expert
pathologist.

A novel formulation based on dual-branch entropy calibration (DBEC) is
proposed to penalize both, overconfident outputs and uncertain soft labels,
during training.

Comprehensive experiments demonstrate the promising performance of our
labeling strategy. By incorporating uncertainty during labeling, we found average
improvements of nearly ~4.0% in averaged F1-score using the baseline methods,
which increases up to ~ 6.6% using the proposed dual-branch calibration.
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