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ARTICLE INFO ABSTRACT

Keywords: Skin cancer is frequently occurring and has become a major contributor to both cancer incidence and
Skin lesion classification mortality. Accurate and timely diagnosis of skin cancer holds the potential to save lives. Deep learning-
Multi-modal learning based methods have demonstrated significant advancements in the screening of skin cancers. However,

Multi-label classification

most current approaches rely on a single modality input for diagnosis, thereby missing out on valuable
Multi-modal information fusion

complementary information that could enhance accuracy. Although some multimodal-based methods exist,
they often lack adaptability and fail to fully leverage multimodal information. In this paper, we introduce
a novel uncertainty-based hybrid fusion strategy for a multi-modal learning algorithm aimed at skin cancer
diagnosis. Our approach specifically combines three different modalities: clinical images, dermoscopy images,
and metadata, to make the final classification. For the fusion of two image modalities, we employ an
intermediate fusion strategy that considers the similarity between clinical and dermoscopy images to extract
features containing both complementary and correlated information. To capture the correlated information,
we utilize cosine similarity, and we employ concatenation as the means for integrating complementary
information. In the fusion of image and metadata modalities, we leverage uncertainty to obtain confident
late fusion results, allowing our method to adaptively combine the information from different modalities. We
conducted comprehensive experiments using a popular publicly available skin disease diagnosis dataset, and
the results of these experiments demonstrate the effectiveness of our proposed method. Our proposed fusion
algorithm could enhance the clinical applicability of automated skin lesion classification, offering a more robust
and adaptive way to make automatic diagnoses with the help of uncertainty mechanism. Code is available at
https://github.com/Zuo-Lihan/CosCatNet- Adaptive_Fusion_Algorithm.

1. Introduction view of the skin’s epidermal layer, pigment distribution, blood vessel
structure, and even abnormalities in skin appendages and subcutaneous

Skin cancer, is a significant global health concern, causing approx- structures [4]. Patient metadata, including geographic location, gender,
imately 55,500 deaths annually [1]. According to the Global Cancer  age, and so on, is integrated with the image data to facilitate a holistic
Statistics 2020 [2], it ranks fourth among 36 specific types of cancers assessment, culminating in the patient’s final diagnosis. In the diagnosis
in terms of new cases and cancer-related deaths. Historically, treatment of melanoma among skin cancers, the Seven-Point Checklist (SPC)

options for skin cancer have been limited; however, early symptom
detection plays a crucial role in improving patient outcomes [3]. In
skin cancer analysis, three primary data types are commonly used:
clinical, dermoscopic images, and patient’s metadata. The diagnostic
process begins with a visual inspection of the skin lesion, encompassing
two phases: clinical inspection and dermoscopic evaluation. Clinical o X o i
X . L. . threshold in its cumulative score, it is classified as melanoma [8].
images, captured using digital cameras, possess crucial features that : . ) or
reveal the inherent attributes of the lesion, offering insights from var- Human diagnostic procedures, though designed to be objective, can
ious angles and lighting conditions. Conversely, dermoscopic images, be influenced by various environmental factors and workload demands.

acquired through advanced non-invasive technology, provide a detailed Prolonged exposure to high workloads may result in cognitive fatigue,

criteria have been extensively adopted by clinicians [5]. Introduced
as a guideline [6], SPC has gained widespread recognition among
dermatologists [7]. Specifically, skin lesions are categorized into seven
labels, each assigned a score. For instance, the absence of dots and
globules merits a score of zero. If a skin lesion exceeds a specified
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potentially leading to a decline in diagnostic accuracy. However, the
advent of computer-aided diagnosis (CAD systems) has heralded signif-
icant advancements in the diagnosis of numerous diseases [9-12]. Such
systems mitigate the subjectivity inherent in human specialists, thereby
enhancing diagnostic precision. While handcrafted feature-based meth-
ods have demonstrated success in classifying lesion categories [13,14],
deep learning-based approaches have emerged as the predominant
techniques. Notably, the majority of skin-based CAD methods within
the deep learning paradigm utilize a single modality, either clinical
or dermoscopic images, for diagnostic tasks [15-19]. Such uni-modal
inputs offer a limited perspective: clinical images capture the global
attributes of lesions, whereas dermoscopic images elucidate their in-
tricate details. This singular focus might constrain the extraction of
highly discriminative features, a limitation that potentially hampers
the accuracy of unimodal methods. Multimodal learning, however,
introduces a framework that harnesses complementary information
across modalities, amplifying task performance [20,21]. Leveraging
multimodal learning approach, numerous studies have ventured into
skin lesion classification [10,22-28]. Predominantly, these multimodal
methods integrate two image modalities: clinical and dermoscopic
images. However, patient metadata can offer invaluable insights, par-
ticularly in skin cancer detection [29]. The challenge lies in effectively
amalgamating diverse modalities, such as fusing dual image modalities
with textual data. While strides have been made to address this, meth-
ods like feature fusion [29] or late fusion [30], as shown in Fig. 1,
have yet to fully capitalize on the richness of multi-modal information.
Given that the features of image and text modalities typically manifest
in separate feature spaces, it is noteworthy that two image modalities
might coexist within the same space, sharing common features [10].

In this study, we introduce a novel multi-stage multi-modal learn-
ing approach designed to extract consistent features from dual image
modalities and amalgamate the probabilities of both image and text
modalities using an adaptive late fusion strategy. Our proposed method,
named CoscatNet-with-Uncertainty, comprises two distinct stages for
integrating information from the image modalities and the text modal-
ity by considering the large difference between the features of image
modalities and text modality. The first stage, termed the clinic and der-
moscopic fusion stage, leverages a feature fusion-based strategy. Here,
cosine similarity as a simple but effective way to learn the correlated in-
formation from two input image modalities is utilized to align features
across the two image modalities, ensuring they not only offer com-
plementary insights but also encapsulate pivotal related information.
The second stage, the late fusion stage, integrates probabilities derived
from the two image modalities and the text modality, factoring in the
expansive feature distribution of both. Within this stage, we incorporate
an uncertainty-driven adaptive fusion strategy, determining the fusion
weight for each sample based on features from the two modalities.
Furthermore, outcomes from the image modalities serve as the prior
probability, guiding the feature extraction process for the text modality.
We denote our final algorithm CoscatNet-with-Uncertainty-FS.

The contributions of this work are summarized as follows:

» We introduce a novel multi-stage, multi-modal learning algorithm
for automated SLC tasks, leveraging both clinical and dermo-
scopic images, as well as textual data. The algorithm employs
feature fusion for the integration of the two image modalities,
while a subsequent late fusion approach is adopted to combine
image and text modalities. This design accounts for the minimal
feature distribution disparity between the images and the more
pronounced gap between image and text modalities.

To ensure that the fused features of the two image modalities en-
capsulate both complementary and explicitly related information,
we utilize the cosine similarity as an effective loss function to
measure the relationships between features effectively.

For the seamless integration of image and text modalities, we
propose an adaptive multimodal fusion strategy. This strategy
harnesses uncertainty to dynamically determine the late fusion
weight based on the input modality.
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» Comprehensive experiments on a public dataset underscore the
efficacy of our proposed method. The results elucidate that fea-
ture fusion is optimal when the feature distribution gap is nar-
row, whereas late fusion proves beneficial for wider distribution
disparities.

The structure of this paper is delineated as follows: Section 2 offers
a comprehensive review of pertinent literature. The materials employed
and the proposed methodology are elucidated in Section 3. Experi-
mental configurations, performance metrics, and results are detailed in
Section 4. Finally, Section 5 provides a conclusion and future work to
our study.

2. Related work

Our method is a multimodal learning method for multi-label skin le-
sion classification. The pertinent literature primarily encompasses three
domains: single-modal-based skin lesion classification, multimodal-
based skin lesion classification, and multi-label multimodal-based skin
lesion classification. Subsequent sections will delineate the existing
research in these areas and elucidate the distinctions between our
approach and the established methodologies.

2.1. Single model skin lesion classification

To realize the automatic skin lesion classification (SLC), two pri-
mary approaches are commonly used: supervised learning based on
traditional machine learning, and convolutional neural networks based
on deep learning. Throughout the study, traditional machine learning
methods typically involve two main steps [31,32]: (1) Pre-processing
such as denoising, data-segmentation, and later feature extraction.
Specifically, the pre-processing includes contrast and intensity adjust-
ment, binarization, morphological operation, color gray-scaling, and
data augmentation. After segmentation, features are extracted from
the lesions, helping to identify regions of interest for diagnosis [33];
(2) Classification stage by building a strong classifier algorithm such
as random forest, support vector machines (SVM) and so on. Nev-
ertheless, these methods often rely on complex and tedious feature
engineering, and they lack flexibility and robustness when dealing with
images obtained from different acquisition equipment, even in lighting
situations. Due to the success and high accuracy of the classification
of Convolutional Neural Networks (CNNs), especially in the ImageNet
challenges [34-36], CNNs have been widely used in real-world scenar-
ios for many applications, including medical pathology image analysis.
Barata et al. proposed a three-block detection system [15]: the first
block performs a pre-processing on the given dermoscopy image; the
second block uses the intensity property to perform an enhancement of
the network and the spatial organization to perform the actual detec-
tion; and the final block trains a boosting algorithm to assign a binary
label to each image. Yu et al. proposed a two-stage algorithm based on
deep CNNs and further strengthened its capability by incorporating a
multi-scale contextual information integration scheme on dermoscopy
image classification task [16]. Harangi proposed a method with ensem-
bles to improve the performance by aggregating the final classifications
of several different CNNs [17]. Zhang et al. proposed an ARL-CNN
model by adopting the residual mechanism and a novel attention
mechanism to strengthen the discriminative representation ability on
dermoscopy image classification task [18]. Song et al. proposed a multi-
task DCNN on the classification, detection, and segmentation tasks
on dermoscopy images [19]. Many new attempts have inspired us to
further improve the effectiveness of the image classification algorithms.
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(a) The basic structure of one-stage multi-modal CNN using clinical image, der-
moscopy image, and meta-data (Tang et al., 2022).
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(b) The structure of two-stage multi-modal FusionM4Net using clinical image,
dermoscopy image, and meta-data (Tang et al., 2022).
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Fig. 1. The overview of three different multi-modal CNNs for skin lesion classification.

2.2. Multimodal skin lesion classification

As researchers pursue improving the effect of deep learning in
recognition, they shift their eyes from single to multi-modality data.
Deep Multi-Modality Learning(DMML) refers that in the data of multi-
ple modes (multiple data types) such as computer vision and natural
language processing, the information of these different modes is fused
and learned through deep learning algorithms. DMML can be applied
to various tasks, such as image-text association, and video-text asso-
ciation, making it an effective multi-modal data processing method.
There are many achievements by using DMML in the skin lesion clas-
sification: Kawahara et al. proposed a Multi-resolution-Tract CNN that
learns interactions across multiple image resolutions of the same im-
age simultaneously through multiple network tracts where each tract
considers the same image at different resolutions using the same field-
of-view [22]; Yap et al. combined multiple imaging modalities and
patient’s metadata to improve the performance of SLC [24]; Houria

et al.developed a novel multimodal MRI (DTI and sMRI) fusion strategy
to detect White-Matter (WM) changes and Gray-Matter (GM) atro-
phy in Alzheimer’s Disease (AD) patients to classify the staging of
Alzheimer’s Disease [37]; Yu et al.utilized a probability matrix and
a weight matrix to enhance the classification capacity by combining
the RS and medical history data in the multi-modality data fusion
module [38]; Ul Alam et al.investigated the different combinations of
medical and data type modalities to achieve an improved result [39];
Liu et al. proposed weakly supervised biomarkers localization and
segmentation method, requiring only image-level annotations. Their
network includes supervised contrast loss for feature learning and cross-
entropy loss for classification learning, enhancing performance on OCT
image segmentation tasks [27]. Omeroglu et al. proposed a network
consisting of a multi-branch structure that integrates feature maps from
different modes in a hybrid manner [28]. Ongoing research continues
to explore and apply DMML techniques, further advancing the field.
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2.3. Multimodal multi-label skin lesion classification

Due to the limitations of using convolutional neural networks alone
in image recognition, there are many successful examples of using
DMML in medical image recognition. Researchers are now focusing
on applying DMML in multi-label classifications, including multi-label
skin lesion classification. Ge et al. proposed a new Deep Convolutional
Neural Network (DCNN) architecture that demonstrated the effective-
ness of the capacity of learning both single-modality and cross-modality
representations of multi-modal learning [40]. Kawahara et al. firstly es-
tablished a publicly and authoritatively practicable multi-modal multi-
label dataset for Skin Lesion Classification (SLC) [25]. They also pro-
posed a DCNN model named ‘InceptionV3’ for fusing multi-modal data
and classifying skin lesions based on the 7-point melanoma checklist.
Bi et al.critiqued the prevalent ’late-fusion’ methods for potentially
overlooking complementary features between clinical and dermoscopic
images [41]. Then, they introduced a hyper-connected CNN (HcCNN)
to integrate intermediary image features hierarchically and HcCNN is
also combined with Multi-scale Attention blocks (MsA) to prioritize
semantically important subtle regions in both modes at different image
scales. The results from Bi et al.’s [41] showed that ‘HcCNN’ outper-
forms the methods from Ge et al.’s [40] and Kawahara et al.’s [25].
Tang et al. [30] argued that Bi et al.’s [41] method only concentrated
on shareable features and neglected the effectiveness of decision-level
fusion, and meta-data is only embedded into the feature-vectors ex-
tracted by fully connected layers, shown in Fig. 1(a). It means that
if the feature vectors obtained from the image mode are longer than
those obtained from the meta-data mode in the training process of the
multi-modal network, the final prediction weight at the decision level
will largely depend on the image mode, which means that the use of
patients’ meta-data plays a small role in the whole network training.
Therefore, Tang et al. proposed a FusionM4Net, which integrates the
discriminative information from both image modalities and meta-data
at both feature and decision levels [30]. Wang et al. proposed an
adversarial multimodal fusion with attention mechanism (AMFAM) to
enhance the feature extractor focuses on learning the features of the
lesion region and obtains the feature vector of each mode with more
discriminant information [10]. Fu et al. proposed a graph-based rela-
tional module (GRM) that the integration of both modalities allowed
for the extraction of complementary visual features [26]. According to
Fu et al. their star graphs reflect the relationships between the Seven-
points Checklist data labels, achieving an average AUC of 83.5% [26].
Transformer-based methods are also emerging. As Wu et al. proposed
CTransCNN to Combine Transformer and CNN in multimodal multi-
label medical image classification [42]. Omeroglu et al. also proposed
a method based on an attention mechanism to extract features from
multiple modalities [28], which achieves an average accuracy of 83.0%
on the publicly Seven-point Checklist dataset.

Although the simple fusion methods mentioned above have been
proven to have a good optimization ability by experiments, there
are some leak points in these methods. These above methods, such
as FusionM4Net [30] used all messages of patients’ meta-data which
may cause information redundancy by adding unnecessary information,
and redundant meta-data may contain noise or interference signals
unrelated to classification results, which may interfere with the model’s
learning process and cause the model to produce incorrect predictions.
And the graph-based method [26] totally ignored meta-data. Moreover,
the proposed method at the second stage of FusionM4Net [30] simply
used a method similar to grid-searching weights, which means the
search range and step size of the weights need to be manually se-
lected, which requires some experience and expertise. The Transformer-
based [42] requires huge memory space and data to be trained on a
certain scale which will make it hard to converge on small data sets,
and the attention-based method [28] used the average-searching fusion
method, which if not appropriately chosen, it can result in a search that
is too dense or too sparse to find the best combination of weights, and
more precisely, this approach is not dynamically adaptive.
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3. Materia and methods
3.1. Materia

Stem from the complementary nature of multi-modal data sources
in capturing the full spectrum of diagnostic information for skin dis-
ease classification, we utilized a publicly accessible dataset, termed
the 7-point criteria evaluation database [25]. This database encom-
passes 1011 cases, with each case presenting three modalities: clinical
image, dermoscopic image, and metadata. The clinical and dermo-
scopic images are RGB representations captured via digital camera and
dermoscopy, respectively. The metadata provides textual details for
each sample, encapsulating gender, lesion location, diagnostic difficulty
level, lesion elevation, and management strategy. The metadata will be
encoded by one-hot encoding so that the neural network can process
it. Clinical and dermoscopic images together capture both macroscopic
and microscopic visual information. Clinical images show the overall
appearance of the skin, including the area of the skin where the lesion
is located, and external features such as color and shape; dermoscopy
images show the microscopic structure of the lower layer of the skin,
such as details like pigment networks, vascular structures, and the
edge shapes of lesions; while metadata offers vital contextual clues that
can help guide diagnostic decision-making. The database delineates a
tripartite split into training, validation, and testing subsets, intended
for model development, validation, and evaluation, respectively. These
subsets comprise 413, 203, and 395 cases. Dermoscopic images vary
in size from 474 x 512 to 532 x 768 pixels, while clinical images
range from 480 x 512 to 532 x 768 pixels. Eight classification tasks are
defined, inclusive of the DIAGNOSIS (DIAG) classification and seven
tasks aligned with the 7-point checklist. The DIAG task categorizes
each instance into one classification of the five: seborrheic keratosis
(SK), miscellaneous (MISC), nevus (NEV), melanoma (MEL), or basal
cell carcinoma (BCC). The 7-point checklist task delineates seven sub-
tasks: (1) Blue Whitish Veil (BWV), (2) Vascular Structures (VS), (3)
Pigment Network (PN), (4) Streaks (STR), (5) Dots and Globules (DaG),
(6) Pigmentation (PIG), and (7) Regression Structures (RS). Notably,
PN is tri-categorized as absent (ABS), or atypical (ATP); BWV and RS
discern between absent (ABS) and present (PRS); and Pigmentation
(PIG), Vascular Structures (VS), Dots and Globules (DaG), and Streaks
(STR) differentiate among absent, regular, and irregular, denoted as
‘ABS’, ‘REG’, and ‘IR’. Comprehensive details of the eight classification
tasks and case distribution across the subsets are elucidated in Fig. 2.
We also give one sample from the dataset as shown in Fig. 3.

3.2. Problem formulation

Consider a multimodal dataset D = {(x¢,x¢ ,x’,Y),.}:ll compris-
ing N samples. Each sample in this dataset encompasses two image
modalities: the clinical image and the dermoscopic image, as well as
a text modality representing the patient’s metadata. Specifically, for
the ith sample, x¢ € RWP3, x4 e RS and x! € R’ denote the
clinical image, dermoscopic image, and text data, respectively. Here, w
and h represent the width and height of the input RGB images, while
I signifies the length of the text data. The set ¥; = { y{,y,.z, Ty
corresponds to the labels for T distinct classification tasks. In the
context of our methodology, T = 8 represents the classification tasks of
SPC labels; a comprehensive overview of these eight tasks is provided
in Fig. 2.

The overarching objective of the proposed approach is to design a
framework that operates as a non-linear function F(6). This function
aims to map the input comprising the clinical image, dermoscopic
image, and metadata from the input domain to the corresponding label
space. Within this framework, 6 = {6¢,09,0",07,6", 0, 6"} encapsu-
lates all the trainable parameters. To elaborate, 6¢,6%,6',0', ', 9™,
and 6™ are the parameters associated with the clinical backbone, der-
moscopic backbone, image modality classifier, text modality classifier,
image uncertainty network and text uncertainty network, respectively.
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Fig. 2. The detailed information of the 7-Point Checklist (SPC) criteria dataset.
Modalities Labels
Clinical Dermoscop
1.Pigment_network: typical
2.Streaks: absent
Images . .
3.Pigmentation: absent
4.Regression_structure: absent
Nml_040 Nml 041 5.Dots_and_globules: absent
1.Level_of diagnostic_difficulty: —medium #3 6.Blue_whitish_veil: absent
2.Elevation: palpable #3 || 7.Vascular_structures: absent
Metadata | 3.Sex: . female #2 | (8) Diagnosis: vascular lesion
4.Location: upper limbs #9
5.M: nent: clinical follow up #3

Fig. 3. One example from the 7-Point Checklist (SPC) dataset, including the clinical, dermoscopy images, metadata, and labels (Nml_040, Nml 041 as an example). The underlined
parts are the values for each corresponding property or label; #[num] denotes the total number of classes for the corresponding metadata attribute.

3.3. Multi-stage multimodal learning algorithm

3.3.1. Overall framework of proposed method

The architecture of our proposed multi-stage multimodal learning
algorithm is depicted in Fig. 4 , comprising three distinct modules:
the image modality module, the text modality module, and the late
fusion module. In the image modality module, both the clinical and
dermoscopic images of a given sample serve as inputs. These images
are processed through two independent CNN backbones to extract fea-
tures. Subsequently, the feature vectors from both image modalities are
concatenated and fed into a classifier. This classifier not only predicts
the category of the input sample but also quantifies the uncertainty
associated with this prediction, indicating the network’s confidence
level in its decision. The image modality is named as CoscatNet. The
text modality module, on the other hand, takes the one-hot encoded
vector of metadata as its input. This vector is processed through a feed-
forward neural network to extract features. The resulting feature vector
is then concatenated with the prior probability derived from the image
modality. This combined data is used to generate both a prediction and
its associated uncertainty for the text modality. Lastly, the late fusion
module aims to adaptively merge the prediction probabilities from
various classification tasks. The weighting for each category within
each classification task is determined based on the uncertainty values
from both the image and text modalities.

3.3.2. Correlated and complementary information learning of image modal-
ity

The role of the image modality module is to extract the high-quality
fusion feature vector and predict the high confidence predictions based

on the fusion feature vector for the input images. This module employs
two ResNet-50 [36] as the backbones for feature extraction. After
feature extraction, the input for clinic and dermoscopic images will
generate two feature vectors. In order to make sure the fusion feature of
two modalities is with high-quality, we need the fusion feature vector to
have both complementary information and related information. Com-
plementary information is integrated to enrich the comprehensiveness
of fused feature vectors, with the goal of capturing the most discrimi-
native features from both modalities. This integration is easily achieved
by straightforwardly concatenating the feature vectors of the two input
modalities. The related information has been used to keep consistent
information from the clinic and dermoscopic feature vectors, such as
the overall shape and general lesion color [43]. The related information
is constrained by the similarity loss between feature vectors of the two
modalities. Specifically, cosine similarity is adopted to constrain the
similarity, it is computed as:

L x50, 0% = G0 G0D

G (xO)ll, x || G (x|,

@

where 6° and 6 are the parameters of G° and G9, respectively. G?
refers to a function or operation applied to the input data x?, specif-
ically in the context of feature extraction from dermoscopic images.
The notation G¢ and G are used to represent the feature extraction
functions for two different modalities, likely corresponding to clinical
images and dermoscopic images, respectively.

After obtaining the feature vectors, i.e., v and v?, from both clinic
and dermoscopy modalities, the feature vectors will be concatenated
as the fusion feature vector v/ = concat(v¢, v?) to make the prediction
# for each classification task and estimate the confidence for image
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modalities. For the classification task, the cross-entropy loss is utilized
for optimizing the parameters of the image modality module and it is
computed as:
T
LI, x4 Y, 750%,09,0°) = 3 L (x,x%, 3, 536°,67,6°), (@)
J
where Y and Y’ denote the ground truth and prediction of all T
classification tasks based on the image modalities, y and j* are the
labels for the ith classification task and the predictions, #¢, #¢, and
0 are the parameters of clinical, dermoscopic modality images and
concatenated fusion features, respectively. LC/ (x¢, x4, y,9;6¢,04,07) is
the standard cross-entropy loss for the jth classification task in terms
of all N data samples.

To estimate the confidence of the image classifier prediction, an
uncertainty network is employed. The specific architecture of this
network is one layer of feedforward network. The input of this network
is the fusion feature vector. The output of this network stands for
confidence. The goal of this network is to discover the relationship
between the quality of the fusion feature vector and the prediction
confidence. The higher the quality of the fusion feature vector is, the
higher confidence will be obtained. To train this network, the label u is
constructed from the prediction j* and ground truth y'. If the prediction
# equals the ground truth y', the label should be 1, which means the
100% confidence about the prediction, otherwise, it should be 0. We
leverage mean squared error (MSE), which can be computed as Eq. (3),

as our loss function to optimize this network.
T

N
VI ; 1 3
Lo, x,,,0°,07,0") = o — ; ;(uf - k)’ &)

where u;? and ﬁj‘ denote the uncertainty truth value and the prediction
value.

Finally, the loss function of training the image modality module is
formulated as the following equation:
L =ALygo (xS x4 u,8,6°,09,0™) + LI (x*, x4, Y, Y';6°,07,6™))

Q)
+ PL,(x*, x;6°,07),

where A and g are two trade-off factors to regulate the contribution
of reconstruction loss and discriminator loss, respectively. In our al-
gorithm, the performance of several different weights can be seen in
Fig. 6 ([A = 02,5 = 08], [A = 05,6 = 05], [A = 08,5 = 0.2],
[A = 09,8 = 0.1]). The results have demonstrated that the model
achieves best performance when A = 0.8 and g = 0.2. Thus, we set
A=0.8 and f = 0.2 in all other studies.

3.3.3. Text modality learning

In the text modality module, the goal is to predict the categories for
each sample in terms of 8 classification tasks. The input of this module
is the one-hot code of the patient’s metadata. Then, combining the
image modality prediction ¥’ information as prior probability together
with the feature vector to make the prediction and uncertainty for the
text modality, which will go through a feedforward neural network F’.
The feedforward neural network imports feature vector of metadata
v'. The specific architecture information of F’ is a three-layer fully
connected neural network. Thus, the prediction of text modality is
computed as ¥’ = P(v'|¥%). For the text modality module, to ensure
the prediction and the uncertainty estimation precisely, the following
loss function, i.e., Eq. (5) needs to be optimized.

Lo = Lo u,8,60",0") + L (x",Y,V",0,0°), (5)

where L, (-) and L.(-) are the MSE and Cross-Entropy Loss functions.

mse
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3.3.4. Uncertainty-based late fusion

After the image modality and text modality obtain the predic-
tions and uncertainty values, the late fusion module fuses the predic-
tions from both modalities according to the uncertainty values of both
modalities, as shown in Fig. 5. We design two late fusion strategies
to fuse the predictions from both modalities. One strategy is fusing
the probabilities according to the uncertainty value. The final fused
prediction equals the high-confidence modality. This strategy can be
computed as Eq. (6). The other strategy is to fuse the probabilities by
using the weighted sum, where the weights are the uncertainty value
of each modality. This strategy can be computed as Eq. (7).

R Y, u<d

vF= 6)
?i, u >u'

YF=uxY¥ +u x¥' @)

4. Experiments and results
4.1. Evaluation metrics

To evaluate the effectiveness of our method and compare it with
other methods fairly, we follow the evaluation metrics mentioned in
previous research [25]. The evaluation metrics include (1) Accuracy
(ACC), which is a commonly used but also important metric in statisti-
cal classification, and it is used to measure the proportion of correctly
classified observations or instances in a dataset. (2) The area under
the receiver operating characteristic curve (AUC), which is used to
measure the model’s performance by ranking positive cases ahead of
negative cases at different thresholds. It is one of the most commonly
used metrics in medical image classification because it is not affected by
imbalanced data distribution. (3) Sensitivity (SEN), which measures the
ability of a classification model to correctly predict positive examples
(samples that are actually positive examples). (4) Specificity (SPE),
which measures the ability of the classification model to correctly
predict negative cases (samples that are actually negative cases). (5)
Precision (PRE), which measures the ability of the classification model
to correctly predict the predicted positive examples that are truly posi-
tive. The average ACC and AUC are the main metrics for the comparison
in terms of all classification tasks.

The formulae for these metrics are defined as follows:

ACC = TP+TN i N = TP
TP+ FP+TN+ FN TP+ FN

SPE= —IN PRE=—"1P _ ®
FP+TN TP+ FP -

1
AUC = / ROC(r)d,
0

where TP, FP, TN, and FN are the number of true positive, false pos-
itive, true negative, and false positive samples, respectively. Moreover,
ROC(r) represents the ROC curve (the true positive rate against the false
positive rate) as a function of the false positive rate, and d, denotes the
differential element of the false positive rate.

4.2. Implementation details

Our algorithm is implemented by using the PyTorch framework. The
training, validating, and testing procedures are run on a single GeForce
GTX 1060 GPU card with 9.9 GB memory. For a fair comparison with
previous state-of-the-art methods [43,45], ResNet-50 is leveraged as the
backbone for feature extracting [36]. We initialize the backbones using
the ImageNet pre-trained weights, which are provided by the PyTorch
framework. We compared the non-pretrained with pretrained ResNet-
50 backbones and the results are shown in Table 3, which demonstrates
that pretrained model can improve the performance significantly. The
images of clinic and dermoscopic are resized into 229 x 229 pixels
and the commonly used image augmentations are used to augment the
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Fig. 4. The flowchart of our proposed CoscatNet-with-Uncertainty-FS. The light blue part is the imaging modality module, named CoscatNet, the light orange box under CoscatNet
is the text modality module and the right light orange box is the late fusion module, named fusion scheme. (For interpretation of the references to color in this figure legend, the

reader is referred to the web version of this article.)
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Fig. 5. The description of the handling of patient’s meta-data and the second stage of CoscatNet-with-Uncertainty.

Table 1

Performance comparison of our algorithm with other state-of-the-art methods (Acc in %). The bold black number is the highest value in each column. CoscatNet-w/-Uncertainty
(ours, in the first stage) indicates the prediction P, at the first stage, and CoscatNet-w/-Uncertainty (ours, in the first & second stage) indicates the prediction P, at the first &
second stage. The CoscatNet-w/-Uncertainty-FS denotes the final model of our CoscatNet-with-Uncertainty after the Fusion Scheme, as shown in Fig. 4.

Model Bwv Dag Pig Pn Rs Str Vs Diag Average
Inception-unbalanced [25] 87.6 56.7 65.6 68.1 78.2 75.9 81.3 68.4 72.7
Inception-balanced [25] 87.3 60.3 64.8 68.9 78.2 75.7 81.5 70.8 73.4
Inception-combine [25] 87.1 60.0 66.1 70.9 77.2 74.2 79.7 74.2 73.7
MmA [44] 83.0 59.2 61.3 65.6 73.9 69.4 75.7 70.6 69.8
EmbeddingNet [24] 84.3 57.5 64.3 65.1 78.0 73.4 82.5 68.6 71.7
TripleNet [40] 87.9 61.3 67.3 63.3 76.0 74.4 83.0 68.6 72.7
HcCNN [41] 87.1 65.6 68.6 70.6 80.8 71.6 84.8 69.9 74.9
FusionM4Net-FS [30] 86.8 61.0 72.4 70.9 83.0 74.4 81.8 74.9 75.7
FusionM4Net-SS [30] 88.1 66.1 70.1 71.1 81.5 78.0 81.8 78.5 77.0
CoscatNet-w/-Uncertainty (ours, at first stage) 88.1 63.8 69.6 69.1 81.3 75.7 82.3 74.4 75.5
CoscatNet-w/-Uncertainty (ours, at first & second stages) 87.3 68.6 72.4 73.4 80.5 73.9 81.0 78.5 76.9
CoscatNet-w/-Uncertainty-FS (ours) 87.2 68.8 72.4 72.8 80.5 75.2 81.1 77.6 77.0

input images, and the dataset is enriched with variations by applying
random vertical and horizontal flips, shifts, and distortions, enabling
better generalization and robustness in model training. The length of
one-hot coding of metadata is 18. The Adam [46] optimizer is utilized
to train the image module and text module. We control the use of the
same optimizer as the previous researches. In the training process of
the image module part, the total training epoch number is 250. The
learning rate is 4.9¢—5 using the Cosine Annealing learning rate. In our
experiment, all methods are trained and tested independently 5 times

and the mean and standard deviation are obtained, except for the result
of Table 1, Table 2, which are only from 1 training.

4.3. Comparison of our algorithm with other state-of-the-art methods

We compare our CoscatNet-with-Uncertainty with current state-
of-the-art methods, including the MmA [44], Inception-based meth-
ods [25], TripleNet [40], HcCNN [41], EmbeddingNet [24], and the
FusionM4Net [30] based on the value of average accuracy (AVG Acc in
%), as shown in Table 1. With the exclusion of our proposed method,
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Table 2
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The metrics of the SPC label and diagnosis label classification results (AV'G in %). The highlighted number in different colors is the highest value of SEN, SPE, PRE, and AUC of

each column. (the ‘-’ represents ‘unavailable’.).

Model Metrics Pn Str Pig Rs Vs Bwv Dag Diag AVG
Asb  Typ Aty Asb Reg Irg Asb  Reg Irg Asb  Prs Asb  Reg Irg Asb  Prs Asb  Reg Irg Nev  Bcc Misc Sk Mel
Inception-unbalanced SEN 78.8 77.4 355 981 364 340 830 6.2 57.3 955 31.1 987 231 0.0 96.6 49.3 340 593 678 941 250 350 5.3 446 51.6
Kawahara et al. [25] SPE 80.8 755 937 47.8 986 940 535 994 801 31.1 955 220 971 100.0 49.3 96.6 922 722 67.4 506 984 98.0 99.5 922 785
PRE 728 649 635 77.8 76.2 640 698 600 568 79.1 71.7 828 543 0.0 89.0 77.1 59.6 47.6 628 703 40.0 66.7 33.0 66.2 623
AUC 878 836 786 842 878 783 774 672 781 799 799 821 818 734 87.0 87.0 723 726 76.4 877 922 86.6 884 83.2 811
Inception-balanced SEN 782 760 419 90.7 432 500 735 167 67.7 841 623 868 308 10.0 725 653 430 66.1 66.1 913 250 425 158 55.4 555
Kawahara et al. [25] SPE 816 779 921 63.8 974 877 645 983 734 623 841 317 956 995 65.3 925 898 751 734 625 989 972 99.7 88.4 814
PRE 735 669 619 823 679 560 729 571 538 588 589 844 51.6 60.0 919 671 589 531 669 752 500 630 750 62.2 65.0
AUC 886 836 789 849 871 787 788 752 794 835 835 850 840 761 875 875 730 76,5 780 881 892 868 904 842 826
Inception-combine SEN 77.6 781 484 86.0 54.5 51.1 77.6 292 59.7 813 66.0 923 42.3 133 89.4 773 47.0 67.8 621 886 625 475 42.1 61.4 62.0
Kawahara et al. [25] SPE 85.8 787 90.7 67.4 857 857 651 942 801 66.0 813 451 924 975 77.3 89.4 878 726 789 716 979 975 995 88.8 822
PRE 781 683 61.6 831 527 527 742 412 578 867 565 865 458 308 94.4 63.0 56.6 513 705 795 556 679 80.0 65.3 64.4
AUC 89.9 842 799 861 789 789 79.0 749 79.0 829 829 862 855 76.1 89.2 89.2 741 765 79.0 89.7 929 883 91.0 86.3 83.1
HcCNN SEN - - 409 - - 351 - - 55.7 - 95.2 - - 20.0 - 92.2 - - 80.2 - - - - 58.4 59.7
Bi et al. [41] SPE - - 924 - - 90.0 - - 86.3 - 415 - - 98.4 - 653 - - 71.6 - - - - 88.1 79.2
PRE - - 62.3 - - 524 - - 65.1 - 81.6 - - 50.0 - 91.9 - - 69.6 - - - - 62.8 67.0
AUC - - 783 - - 776 - - 81.3 - 819 - - 82.7 - 89.8 - - 826 - - - - 85.6 825
FusionM4Net-FS SEN 76.3 788 495 879 523 479 87.0 39.6 589 962 47.1 955 346 20.0 91.6 66.7 41.0 669 684 90.0 56.2 57.5 21.1 62.4 61.6
Tang et al. [30] SPE 83.3 81.9 90.1 645 952 884 628 971 871 472 962 488 936 97.8 66.7 91.6 89.5 769 729 795 945 983 99.2 88.8 83.0
PRE 748 719 605 822 575 562 752 655 67.6 832 820 877 450 429 92.1 649 569 552 672 845 30.0 793 571 65.6 66.5
AUC 869 859 839 858 879 814 831 809 835 817 817 894 878 789 90.6 90.6 739 79.1 80.1 926 953 941 89.2 89.0 855
FusionM4Net-SS SEN 76.3 795 495 914 477 553 89.7 188 548 952 443 981 288 0.3 944 640 400 763 763 950 438 525 105 71.3 59.9
Tang et al. [30] SPE 83.3 815 90.7 66.7 972 89.7 50.0 988 897 443 952 293 96.2 99.7 64.0 944 925 780 76.6 733 979 989 99.7 915 824
PRE 748 716 622 836 677 627 699 69.2 708 823 77.0 841 53.6 500 91.8 727 645 585 726 816 46.7 84.0 66.7 742 703
AUC 88.1 873 857 872 896 846 831 825 849 830 830 895 879 81.3 925 925 782 825 845 946 954 950 0915 92,6 87.3
CoscatNet-w/-Uncertainty-FS SEN 708 853 56.5 955 205 452 877 323 605 97.6 340 997 164 0.0 97.0 453 405 80.1 77.1 954 625 400 21.1 66.8 59.0
(ours) SPE 90.2 761 919 449 989 94.0 608 97.1 884 340 97.6 122 99.3 1000 453 97.0 953 751 81.4 653 988 99.2 1000 93.2 80.3
PRE 82.5 67.7 68.2 764 692 703 743 608 704 801 837 813 77.3 0.0 883 782 743 578 77.1 774 69.0 842 100.0 77.1 723
AUC 89.9 880 87.8 87.4 89.8 88.0 84.6 844 86.2 86.7 86.7 853 853 80.2 93.6 93.6 787 83.1 850 942 943 944 92.5 93.2 88.0
the reported results of all the other methods are based on the research 4700
. . . . . 0 o
presented in their respective papers, from Bi et al.’s [41], and Tang 0810 83.30% 83.85%
. . . . o
et al.’s [30]. The results are shown in Table 1. These results including
the metrics of Specificity (SPE), Sensitivity (SEN), Precision (PRE), and
most importantly, the Area Under the Curve (AUC), are presented in
Table 2. 75.54% 74.53%
. . . . 73.83% o :53%
According to our experimental results in Table 1 and the previous 3,320, | —
research summary, MmA obtains the lowest AVG Acc value in these
methods. Generally, MmA struggles to capture the full range of se-
mantic information or visual features of the samples. EmbeddingNet
is simpler in its structure and the embedded vector learning may just
be a little helpful for the Seven-point Checklist data, which is in line 0.2 05 0.8 0.9
with the result that the AVG Acc 71.7% of EmbeddingNet is only
. . CJavg aucl =—O—avg accl
about 2% higher than the AVG Acc 69.8% of MmA. TripleNet gets a

1% higher AVG Acc than the EmbeddingNet, which is attributed to
the complex structure and TripleNet focuses on learning similarities
between data. The Inception-combine gets a 1% and a 0.3% higher
AV G Acc higher than Inception-unbalanced and Inception-balanced,
respectively, which is because it trains the less-frequent labels more
times and it adopts a more efficient fusion strategy. The improved
performance of HcCNN over the aforementioned models is attributed
to its incorporation of an additional multi-scale network. FusionM4Net
achieves higher average accuracy by advancing both feature fusion and
decision fusion strategies.

Our CoscatNet-with-Uncertainty-FS achieves AVG Acc 77.0% across
all classification tasks which outperforms other methods and demon-
strates comparable performance to the FusionM4Net-SS, as shown in
Table 1. Additionally, our method CoscatNet-with-Uncertainty (ours, at
the second stage) achieves a very competitive average accuracy which
is the second highest result in Table 1. Considering that the classifi-
cation tasks in SPC are imbalanced classification tasks, accuracy may
not completely reflect the effectiveness of a method. In an imbalanced
situation, AUC is a better metric for evaluating the performance of an
algorithm. Table 2 presents detailed metrics that can comprehensively
evaluate the algorithms, with the detailed commonly used classification
metrics. The comparison methods include top-performing approaches
such as Inception-based models, FusionM4Net, and our CoscatNet-
with-Uncertainty algorithm. The CoscatNet-with-Uncertainty gets the
highest average AUC in terms of all classification tasks. Specifically,
our method can achieve the best AUC score in all classification tasks
except for the Vs task. We attribute the superior performance of our
algorithm to its ability to effectively combine multi-modal data and the

Fig. 6. The performance for different weights of the A (x-axis; A+p=1.0) in Eq. (4) at
the first stage of CoscatNet-with-Uncertainty.

incorporation of the Uncertainty mechanism. This approach favors the
dermoscopic image mode among the three data modalities, enhancing
the predictive accuracy of the Seven-point Checklist labels. Therefore,
the final result is positive for the prediction of the Seven-point Checklist
labels. This is also consistent with the AVG Acc performance in Table 1.
We believe the good performance benefited from the uncertainty mech-
anism which makes our method not only improve the accuracy of label
prediction for the Seven-point Checklist where the AVG AUC value of
CoscatNet-with-Uncertainty is 0.7% higher than FM4-SS’s (see Table 2),
but also ensure the stability of network prediction for Checklist labels
and Diag labels.

4.4. Ablation study

4.4.1. Comparisons between different models with different fusion strategies

To evaluate the effectiveness of multimodal fusion, we compare dif-
ferent multi-modality fusion combinations with single-modality meth-
ods and one-stage fusion strategy. Specifically, single-modality meth-
ods include clinical image-based method (denoted as C), dermoscopic
image-based method (denoted as D) and metadata-based method (de-
noted as M), and multi-modality combination methods include clinical
image + dermoscopic image (denoted as C-M), clinical image + meta-
data (denoted as C-M), dermoscopic image + metadata (denoted as
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Table 3

The performance comparison of pretrained and non-pretrained ResNet50 of our multi-modality model at the first stage of P, (C-D). Each result is obtained from 5-times experiments
(Avg Acc + Std).

ResNet50 Mode Bwv Dag Pig Pn Rs Str Vs Diag Average

Non-pretrained P, (C-D) 83.5+0.3 60.4 +0.6 65.6 + 0.6 64.8+0.2 759 +0.5 70.0 +£0.2 789 +0.4 69.5+1.0 71.1+0.3

Pretrained P, (C-D) 876+03 625+23 71.0+12 694+11 808+09 754+06 820+06 723+15 751=+04
Table 4

The performance comparison and evaluation of the predictions of different fusion modes in our algorithm (average accuracy (AVG Acc) in %). The bold black number is the
highest value in each column. C, D, and M are the data modes of the modality models trained by clinical, dermoscopic modality images, and with patient’s meta-data, respectively.
All the results of the Single-modality, and the Multi-modality (One-stage), except our proposed method Multi-modality (ours, Two-stage), are obtained from the paper of Tang et
al.’s [30].

Modality Mode Bwv Dag Pig Pn Rs Str Vs Diag Average
Single-modality [30] C 83.7+0.8 533+20 593+14 575+19 745+10 663+1.0 808+02 67.0+15 67.8+0.5
D 872+04 600+15 683+10 690+10 801+1.6 737+09 814+03 747+12 743405
M 84.6+0.0 599+0.1 592+02 61.1+02 725+02 731+01 792+00 724+0.8 70.2+0.1
Multi-modality [30] C-D 869+0.7 608+19 696+06 675+1.1 788+1.0 726+1.0 81.2+07 754+1.0 741+02
C-M 84.1+0.1 59.1+08 590+09 629+08 744+09 698+08 794+08 727+0.8 702+03
D-M 87.7+1.0 632+07 699+10 694+10 808+0.7 742+08 8l15x1.1 762+15 754+04
C-D-M 87.1+05 623+12 699+05 690x13 789+13 73110 806+09 766x+17 747+0.6
Multi-modality (ours, Two-stage) P, (C-D) 87.6+03 625+23 71.0+12 694+1.1 808+09 75.4+0.6 82.0+0.6 723+15 751+04
(C-M) 86.1+12 626+15 643+06 654+16 757+12 727+05 80.1+07 723+19 724403
(D-M) 89.1 + 0.5 663+09 71.9+1.6 720+14 80.1+04 735+08 802+07 758+04 76.1+04
P; (C-D-M) 886+13 669 +17 71.1+1.0 725+1.2 81.5+1.5 749+08 80.6+0.6 76.8+ 1.1 76.6 +0.4
Table 5
Results comparison of all the stage-predictions of CoscatNet-with-Uncertainty (average accuracy (AVG Acc) in %). The bold black number is the highest value in each column.
P Bwv Dag Pig Pn Rs Str Vs Diag Average
P, 87.6+0.3 62.5+23 71.0+1.2 69.4 + 1.1 80.8 + 0.9 75.4 + 0.6 82.0 + 0.6 723+ 1.5 75.1+0.4
P, 88.8 + 1.6 66.4+2.3 71.2 +1.2 725+ 1.4 81.5+14 73.9+0.0 80.5+0.5 77.3+ 1.4 76.5+0.4
P, 88.6+1.3 66.9 + 1.7 71.1+1.0 72,5 + 1.2 81.5+ 1.5 749 +0.8 80.6 + 0.6 76.8 + 1.1 76.6 + 0.4
Table 6

ANOVA result on our CocacatNet-with-Uncertainty of P, P,, and P; (average value w/o standard deviation) from Table 5. The analysis results for each element are obtained from
each column in Table 5 and retained only three decimal places. (P-value: determines whether the difference between different groups is significant. Typically, a P-value of less
than 0.05 indicates that the means of at least one group are significantly different.)

Bwv Dag Pig Pn Rs Str Vs Diag

Average
P-value 0.068 0.005 0.325 0.035 0.179 0.049 0.01 0 0

Table 7
The classification of our method without uncertainty fusion (denoted as w/o) and with uncertainty fusion (denoted as w/) in terms of accuracy. The bold black number is the
highest value in each column.

Model P Bwv Dag Pig Pn Rs Str Vs Diag Average
Ours w/o uncertainty fusion P; 87.8+0.6 63.7+13 702+ 1.0 724+1.0 81.8+ 0.5 76.1 +2.0 81.5+0.3 76306 76.2+0.2
Ours w/ uncertainty fusion P; 88.6 +1.3 669+ 17 71.1+1.0 725+1.2 815+15 749 +0.8 80.6 +£0.6 76.8 +1.1 76.6 + 0.4
Table 8
Chi-Square Test on metadata with label: Diagnosis. A low P-value (usually less than 0.05) indicates a significant correlation between the two variables.
1. Diagnostic difficulty 2. Elevation 3. Location 4. Management 5. Sex
P-value 0.018 0.000 0.000 0.000

D-M) and clinical image + dermoscopic image + metadata (denoted
as C-D-M). All these methods are based on ResNet-50 as the backbone.

Table 4 presents the detailed experimental results comparing the ac-
curacy of different modalities. In evaluations of individual modalities,
the dermoscopic image outperforms the others, followed by metadata,
while the clinical image lags behind in performance. When considering
one-stage fusion methods, integrating multiple modalities consistently
improves results. However, a fusion of all three modalities (C-D-M)
does not yield results as favorable as the D-M fusion. This discrepancy
may arise from the C-D-M fusion’s reliance on a feature concatenation
approach. Since the features of metadata and the two image modal-
ities do not exist in the same feature space, this method of fusion
becomes suboptimal, leading to compromised accuracy. In contrast, our

two-stage multi-modality fusion methods surpass the one-stage fusion
methods in performance. Notably, when juxtaposing image modality
with metadata, our two-stage methods enhance accuracy by 2.2%,
0.7%, and 1.9% for the C-D, D-M, and C-D-M fusions, respectively.
This improvement can be attributed to our two-stage fusion’s adoption
of a late fusion strategy, which circumvents the issue of features from
different modalities not residing in the same feature space.

It can be seen from Table 4 that C-D fusion usually performs better
in image categories, such as Bwv and Pig categories. This is because
clinical images and dermoscopy images provide different levels of
visual information. Clinical images often have macroscopic appearance
features, while dermoscopy images contain microscopic details. The
features of the two are highly complementary. Therefore, through
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Table 9

The performance of CoscatNet-w/-Uncertainty by fusion of all features of meta-data (CoscatNet-w/-Uncertainty (All)), and selected features

Artificial Intelligence In Medicine 162 (2025) 103091

of meta-data (CoscatNet-w/-

Uncertainty (Selected)), average accuracy (AVG Acc) in %. The bold black number is the highest value in each column.

Model P Bwv Dag Pig Pn Rs Str Vs Diag Average

CoscatNet-w/-Uncertainty (All) P, 889+038 65.8+22 69.9 +0.6 72.8 +1.3 822 +1.1 745+1.0 799+03 76.4+0.8 76.3 +0.3
P, 889 +07 662+17 70.1+0.5 725+ 1.5 82.0+ 1.1 751+1.1 802+04 764+06 764 +0.2

CoscatNet-w/-Uncertainty (Selected) P, 88.8+1.6 66.4 +2.3 71.2+1.2 725+14 815+1.4 739+00 805+05 77.3+1.4 765+04
P; 88.6+13 66.9 + 1.7 71.1+1.0 725+1.2 81.5+1.5 749+08 80.6+0.6 768+1.1 76.6 + 0.4

Table 10

The performance of CoscatNet-w/-Uncertainty by Fusion Scheme of two kinds of fusion equations (Egs. (6), (7)) (average accuracy (AVG Acc) in %). The bold black number is

the highest value in each column.

Model FusionScheme P Bwv Dag Pig Pn Rs Str Vs Diag Average
Py, Uncertaintyl < Uncertainty2
CoscatNet-w/-Uncertainty Py = Py 88.6 + 1.4 66.8 + 1.9 708 +0.9 726+ 13 815+ 14 74.6 +0.7 80.5+0.6 76.9 + 1.1 76.5+04
: Py, Uncertaintyl > Uncertainty2 :
P3 = Uncertainty2 X Py + Uncertaintyl X Py P3 88.6 + 1.3 66.9 + 1.7 71.1 + 0.9 72.6 + 1.1 81.5 + 1.5 74.8 + 0.8 80.6 + 0.6 768 + 1.0 76.6 + 0.4

Table 11

Statistics of model parameters and consumption time of multi-stage models in the final stage classification P;
on the testing data. Models: the name of models; Total Params: the total number of the model parameters,
in millions (M); Testing Time: the time costs of testing at the final stage, in milliseconds per example (Ps;
ms per sample). (For the FusionM4Net-SS [45], the ‘25’ denotes the time cost in weight-searching, and ‘127’

denotes the time cost in the final stage).

Models

Total Params (M)

Testing Time (P;; ms per sample)

FusionM4Net-FS [45] ~ 54
FusionM4Net-SS [45] ~ 54
Ours =~ 57

127
25+127
101

feature fusion, the multi-level features of skin lesions can be better
captured and the classification effect can be improved. In contrast,
the fusion of C-M and D-M has a slightly weaker overall performance
improvement when it comes to the respective single modality. The po-
tential reason it metadata is essentially structured information, which
is quite different from the feature representation of image data. In C-M
and D-M, the complexity of image data is much higher than that of
metadata, which makes it more difficult for the model to find effective
correlations between images and metadata in the early stage of feature
fusion, resulting in a slight decrease in classification performance.
Nonetheless, metadata provides a high level of background informa-
tion, and it can still lead to significant improvements in later decision
fusion when combined with image features. Moreover, feature fusion
is adopted between image modalities, while a late fusion strategy is
used for images and metadata, which can effectively combine low-level
image detail information and high-level metadata context information
to achieve an overall improvement in average accuracy.

4.4.2. Performance at different stages of our method

To assess the effectiveness of each stage within our framework —
namely, P;, P,, and P; — we refer to Fig. 4. Specifically, P, repre-
sents the prediction derived from two image modalities; P, utilizes
the prediction from image modalities to guide the classification of
the metadata modality; P; is the result of fusing P, and P, using
the late fusion technique with our proposed uncertainty based fusion.
The ACC comprehensive experimental results for eight classification
tasks are presented in Table 5. As detailed in Table 5, the prediction
results for P, P,, and P; are 75.1 + 0.4 (%), 76.5 + 0.4 (%), and
76.6 + 0.4 (%) in average ACC, respectively. These outcomes indicate
that we have progressively optimized the performance of our method
through a judicious combination of different modalities. Notably, P,
exhibits an improvement of 1.4% over P, in average ACC, registering
at 76.5% compared to 75.1%. While the advancement from P, to
P; is a modest 0.1% in the average ACC, this subtle enhancement
underscores the model’s ability to ensure the stability and precision of
the feature vectors extracted from P, and P,. This culminates in a more
consistent and accurate prediction for P;. The decision fusion, which
incorporates the uncertainty of both predictions, equips our method
to adaptively handle diverse scenarios and data. Furthermore, Fig. 7
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presents detailed histograms with error bars for SEN, SPE, PREC, and
AUC corresponding to the Diag label in Table 5. As Table 6 shows,
some categories with P-value greater than 0.05 such as Bwv, Pig, and
Rs suggest that some features may not show large variations. However,
for most of the elements, with P-value less than 0.05, specifically,
categories such as Dag, Pn, Str, Vs, and Diag exhibit highly significant
differences. This indicates that there are substantial variations between
groups in these categories, suggesting the effectiveness of the proposed
multi-stage prediction approach in distinguishing key features across
different classes. The ANOVA results from Table 6 show that our
proposed approach significantly impacts model performance in terms
of overall performance. As observed from Fig. 7, the results for P, and
P; demonstrate high performance with minimal error bars across all
metrics, especially when compared to the outcomes from the two image
modalities, P;. Additionally, P, and P; exhibit comparable performance
across most tasks, with P; showing a marginally lower precision than
P,

4.4.3. The effectiveness of uncertainty fusion

To explain the effectiveness of the parameter Uncertainty, we com-
pare the model CoscatNet-w/-Uncertainty and the model CoscatNet-
w/o-Uncertainty, as the results are shown in Table 7. To be pre-
cise, the structures and parameters are the same, but we employ
the average searching-method in ours w/o uncertainty fusion and the
uncertainty-method in w/ uncertainty fusion.

Table 7 shows the classification results of CoscatNet-w/-Uncertainty
and CoscatNet-w/o-Uncertainty. In the comparison of P; between
CoscatNet-w/o-Uncertainty and CoscatNet-w/-Uncertainty, respectively,
the predictions of CoscatNet-w/-Uncertainty are higher than the other.
By leveraging the benefits of uncertainty-aware modeling, we achieved
a notable improvement of 0.4% points in AVG accuracy. We believe this
is because we not only add additional information about the prediction
results but also correct some bias or overfitting in our mode.

By considering the uncertainty, the CoscatNet can obtain the confi-
dence and reliability of the predicted results. This additional informa-
tion provides a more complete ability to understand and evaluate the
forecast outcomes, thereby increasing accuracy.
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Fig. 7. The detailed metrics of Diag labels of the results in Table 5.

4.4.4. The effectiveness of the metadata elements

In this section, we explore how the elements of metadata affect
the results. To explain the effectiveness of the conduction of selecting
elements from all the patient’s meta-data, we compare the model’s per-
formance by using all elements of meta-data, as previous work do [45],
and using chosen features of meta-data, respectively. We employ a Chi-
Square Test to select the features based on the correlation between the
features and the diagnosis label. The results are shown in Table 8 to
analyze the correlation of elements. The results show that the first four
elements are highly related to skin cancer diagnosis. Finally, we choose
Location, Diagnosis Difficulty(DD), Evaluation, and Management from
all elements, because the results of correlation analysis show that
these characteristics have certain effects on SPC diagnosis labels. The
performance comparisons are shown in Table 9.

It can be observed in Table 9 that our proposed CoscatNet-with-
Uncertainty that selects features of patient’s meta-data has a better
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performance than the same model with all features of meta-data. The
prediction P, 76.5% of CoscatNet-with-Uncertainty (Chosen features)
is 0.2% higher than P, 76.3% of CoscatNet-with-Uncertainty (All fea-
tures) in AV G Acc. And the prediction P; is 76.6%, 76.3%, respectively.
We make improvement by removing some irrelevant or redundant
features that exist in the meta-data.

4.4.5. Evaluation about the fusion schemes at late fusion stage

To evaluate the performance of different fusion strategies in terms of
their effectiveness at the late fusion stage in our algorithm, we discuss
different fusion ways in our method as mentioned in Egs. (6) and (7),
as shown in Table 10.

The performance of CoscatNet-with-Uncertainty by two kinds of
Fusion Scheme equations is shown in Table 10. From the table, it can
be observed that the classification results of the Seven-point Checklist
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Fig. 8. Heat-map visualization on Single-modality and Multi-modality images of the Seven-points Checklist dataset.

labels for the Eq. (7) are all higher than the other fusion equation
(Eq. (6)). We believe that the Eq. (7) learns more detailed information
about dermoscopy image, clinical image, and meta-data, especially
about dermoscopy image messages. Because in fact the Seven-point
Checklist is initially put out to disclose visible characters under der-
moscopic images [25]. Besides, when compared to the method that
fuses all modalities by using a feature fusion strategy (as the results
shown in the 7th row of Table 4), our uncertainty-based late fusion
has improved the average accuracy by around 2%. It has demonstrated
the effectiveness of our uncertainty-based late fusion strategy.

Moreover, we notice that the results of Diag are different. We
consider that the Seven-point Checklist labels and diagnosis labels may
display two different information distributions, which means different
fusion schemes will learn a different model that focuses on different
key decision points.

4.4.6. Evaluation of the computational complexity

From Table 11, the increase in model parameters is due to the
additional uncertainty attribute label we incorporated. Our proposed
method demonstrates a shorter testing time with a comparable model
size. The reason causes this phenomenon is that FusionM4Net [45]
requires encoding all metadata during the fusion process. Specifically,
the FusionM4Net-SS [45] model requires additional time to perform a
step weight-searching algorithm in the classification process.

4.5. Visual results

To demonstrate which part of the input images is the key part
focused by the model, we demonstrate a positive example that is
classified correctly using Grad-CAM. The results are shown in Fig. 8.
Our findings indicate that our model focuses on tighter regions, partic-
ularly the lesion areas, in both clinical and dermoscopy images, more
effectively than the single-modal-based model. This improvement likely
stems from the integrated learning of correlated information across
both image modalities, facilitated by the similarity loss function in our
CoscatNet-with-Uncertainty.

5. Conclusion and future work

In this paper, we introduced a novel uncertainty-driven hybrid fu-
sion strategy for a multi-modal learning algorithm tailored to the task of
skin cancer diagnosis. Our method combined three distinct modalities
— clinical images, dermoscopy images, and metadata — to output a
final classification. Specifically, our method employed an intermediate
fusion approach for image modalities, leveraging cosine similarity to
combine correlated information and concatenation to extract comple-
mentary features so that the model can learn both complementary and
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correlated information at the same time. When combining image and
metadata modalities, we have harnessed uncertainty to achieve confi-
dent late fusion results, enabling adaptive integration of insights from
diverse modalities. Our comprehensive experiments using a widely
available skin disease diagnosis dataset have demonstrated the effec-
tiveness of our proposed approach, offering promising prospects for
enhancing the accuracy of skin cancer diagnosis and ultimately saving
lives. The integration of multi-modal data and adaptive multi-stage
fusion algorithm not only addresses the limitations of single-modality
methods but also offers a practical and flexible solution that could be
applied in clinical practice to improve automatic diagnostic robustness,
accuracy, and flexibility.

The 7-point checklist dataset has been partly used in other publi-
cations [47-50], they have shown that this dataset has excellent inter-
observer agreements, and has been used to teach dermatologists, indi-
cating that it is suitable for training machine learning algorithms [25].
However, the size of the dataset and the monotonous source of images
may cause a performance drop when applying the developed model
to other similar datasets, which are collected from imaging devices,
patient populations, and environmental factor [51,52]. Many studies
have been conducted or are currently underway to mitigate these
limitations [53-55]. Thus, based on the generalization of our model,
our future research will try to extend our method to address the domain
shift between different datasets by introducing a domain adaptation
approach.
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