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MSMFN: An ultrasound based multi-step
modality fusion network for identifying the
histologic subtypes of metastatic cervical

lymphadenopathy
Zheling Meng, Yangyang Zhu , Wenjing Pang, Jie Tian , Fellow, IEEE , Fang Nie , Kun Wang

Abstract— Identifying squamous cell carcinoma and
adenocarcinoma subtypes of metastatic cervical lym-
phadenopathy (CLA) is critical for localizing the primary
lesion and initiating timely therapy. B-mode ultrasound
(BUS), color Doppler flow imaging (CDFI), ultrasound
elastography (UE) and dynamic contrast-enhanced ultra-
sound provide effective tools for identification but syn-
thesis of modality information is a challenge for clini-
cians. Therefore, based on deep learning, rationally fus-
ing these modalities with clinical information to person-
alize the classification of metastatic CLA requires new
explorations. In this paper, we propose Multi-step Modality
Fusion Network (MSMFN) for multi-modal ultrasound fu-
sion to identify histological subtypes of metastatic CLA.
MSMFN can mine the unique features of each modal-
ity and fuse them in a hierarchical three-step process.
Specifically, first, under the guidance of high-level BUS
semantic feature maps, information in CDFI and UE is
extracted by modality interaction, and the static imaging
feature vector is obtained. Then, a self-supervised feature
orthogonalization loss is introduced to help learn modal-
ity heterogeneity features while maintaining maximal task-
consistent category distinguishability of modalities. Finally,
six encoded clinical information are utilized to avoid pre-
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diction bias and improve prediction ability further. Our
three-fold cross-validation experiments demonstrate that
our method surpasses clinicians and other multi-modal
fusion methods with an accuracy of 80.06%, a true-positive
rate of 81.81%, and a true-negative rate of 80.00%. Our
network provides a multi-modal ultrasound fusion frame-
work that considers prior clinical knowledge and modality-
specific characteristics. Our code will be available at:
https://github.com/RichardSunnyMeng/MSMFN.

Index Terms— deep learning, multi-modal fusion, ultra-
sound, cervical lymphadenopathy

I. INTRODUCTION

METASTATIC cervical lymphadenopathy (CLA) is the
most prevalent malignant neck tumor and is a common

presentation form of cancer with an unknown primary site
[1], [2]. Squamous cell carcinoma (SCC) and adenocarcinoma
(ADC) are two main histological subtypes of metastatic CLA
[2]. Accurate identification of different subtypes can con-
tribute to determining primary lesion and facilitating diag-
nostic procedures. Ultrasound (US) is recommended as the
basic diagnosis tool for clinically suspicious lymph nodes
owing to its affordability, real-time and excellent soft-tissue
resolution. Although metastatic cervical lymph nodes can be
easily diagnosed with the help of a general US modality (B-
mode ultrasound, BUS), different metastatic CLA subtypes
derived from various primary sites appear extremely similar
and are often indistinguishable.

In recent years, an increasing number of clinicians have real-
ized the value of multi-modal US, especially when encounter-
ing diagnostic dilemmas. Clinicians have begun to incorporate
color Doppler flow imaging (CDFI), ultrasound elastography
(UE), and dynamic contrast-enhanced ultrasound (DCE-US)
into routine clinical workflows [3], [4]. As a basic modality,
BUS can display morphological details of lymph nodes with
high resolution, whereas other imaging modalities complement
BUS to provide a more comprehensive understanding of lesion
properties. Specifically, CDFI can be used for vascular detec-
tion and to assess vascular distribution characteristics. UE can
quantify the mechanical properties of tissues to reflect stiffness
characteristics. DCE-US can visualize lymph node perfusion
characteristics. Furthermore, some studies [5], [6] reported that
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patient clinical information, such as gender, age, node location,
and neck level, may be useful clues to distinguish metastatic
CLA subtypes. Therefore, with the utilization of multi-modal
ultrasound and clinical information at the same time, iden-
tification of metastatic CLA pathology can be achieved [7].
However, comprehensive analysis of multi-modal information
is a challenge for clinicians and until now, how to rationally
fuse the multi-modal data via deep learning methods to solve
this clinical dilemma remains to be studied.

The mainstream framework of multi-modal fusion calls
for fusing the high-level semantic features of each modality
through various methods to provide a richer feature for down-
stream tasks [8]. Element-wise addition [9], concatenation
[10], and bilinear pooling [11], [12] are common fusion
methods. Furthermore, generating weights for modality fusion
has also been reported [13]. Recently, the rise of neural
architecture searching alongside attention and self-attention
mechanism [14] also provides new methods for multi-modal
fusion [15]–[18]. However, these methods may be sub-optimal
for our problem, as they have several limitations. First, inter-
actions between modalities may play a vital role in multi-
modal ultrasound fusion owing to the high correlation among
them in the spatial domain, which is different from general
multi-modal tasks. Second, existing researches often impose
no supervision or consistency supervision [19] on modality
features. However, since these ultrasound modalities contain
repetitive information, these methods are not conducive to
extracting modality-specific features. On the contrary, they
may guide the model to produce redundant features in high-
semantic space, which can induce modality bias and impair
model performance. Third, there is still a lack of exploration
on how to carry out a more logical multi-modal ultrasound
fusion framework according to the modality characteristics
[20]–[23]. Therefore, a methodology that can synthesize these
useful modalities in a reasonable way with a suitable supervi-
sion method is vitally important.

To overcome the above-mentioned limitations, we propose
the Multi-Step Modality Fusion Network (MSMFN) to iden-
tify the SCC and ADC subtypes of metastatic CLA. Specif-
ically, our proposed methods establish connections between
ultrasound modalities and fuse BUS, CDFI, UE, DCE-US, and
clinical information hierarchically according to multi-modal
data representation and clinical practice. A self-supervised
orthogonalization loss is proposed to guide the network to
learn modality-specific features and maximize the differen-
tiation capability for the final task. Our proposed methods
achieve a performance on the task with an AUC of 0.86 and
a true-positive rate and true-negative rate of more than 80%,
which is better than existing methods. Our methods provide a
great design idea and framework for multi-modal fusion tasks,
especially in the aspect of establishing connections and differ-
ences between ultrasound modalities. Table I gives the main
abbreviations involved in this article and their corresponding
meanings.

II. DATA

TABLE I
THE MAIN ABBREVIATIONS INVOLVED IN THIS ARTICLE AND THEIR

CORRESPONDING MEANINGS.

Abbreviation Full name
MSMFN Multi-step modality fusion network

CLA Cervical lymphadenopathy
SCC Squamous cell carcinoma
ADC Adenocarcinoma
TD Transverse diameter
LD Longitudinal diameter

BUS B-mode ultrasound
CDFI Color Doppler flow imaging
UE Ultrasound elastography

DCE-US Dynamic contrast-enhanced ultrasound
AUC Area under the curve
TPR True positive rate
TNR True negative rate
CEL Cross entropy loss
FL Focal loss
DS Deep supervision
CoS Consistency supervision
OtS Orthogonalization supervision

CAB Channel attention block
MIB Modality interaction block

A. Dataset
Our dataset contains 301 patients who were referred to the

Department of Ultrasound for US-guided needle biopsy at
Lanzhou University Second Hospital. Before surgery, Philips
iU22 US instrument (Philips Medical Systems, Bothell, USA)
was used to collect BUS, CDFI and UE images and 90 seconds
DCE-US videos (22 fps) of each patient’s lymph node to be
punctured. During the data acquisition process, the radiologists
first used BUS to determine the scanning slice, and then
collected CDFI, UE and DCE-US at the same position on the
same slice. This ensured the alignment of the images of differ-
ent modalities. The pixel resolutions of BUS, CDFI, UE and
DCE-US were 780×615, 780×615, 310×240, and 360×440,
respectively. It should be noted that the pixel resolution here
only covered the effective image area of the corresponding
modality. The pathological examination provideed the gold
labels. The number of metastatic SCC patients was 121 and
the number of metastatic ADC patients was 180. Baseline
clinical information, including gender, age, height, weight,
body-mass index (BMI), smoking status, family history, lymph
node size, node location and neck level, were collected from
the electronic medical record. Table II shows the results of
statistical correlation testing between clinical information and
our task, where continuous variables were compared using
the Mann-Whitney U test or Student’s t-test and discrete
variables using the Chi-squared test or Fisher’s exact test.
For each clinical indicator, a p-value ≤ 0.05 test result was
considered statistically different and would be selected for
model development. The study was approved by the Review
Board of the Second Hospital of Lanzhou University.
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TABLE II
RESULTS OF STATISTICAL CORRELATION TEST BETWEEN COLLECTED

CLINICAL INDICATORS AND THE TARGET TASK. LD AND TD
RESPECTIVELY DENOTE THE LONGITUDINAL AND TRANSVERSE

DIAMETERS OF A LYMPH NODE. RBC AND WBC INDICATE THE RED

AND WHITE BLOOD-CELL COUNTS, RESPECTIVELY. * INDICATES THAT

THE INDICATOR IS SELECTED (p <= 0.05).

Clinical information Ranges p value
Gender* Male(191), female(110) < 0.001

Age* 21 ∼ 80 years old 0.005
Height 1.50 ∼ 1.82m 0.126
Weight 34 ∼ 98kg 0.567
BMI 13.28 ∼ 37.34kg/m2 0.063
Smoking Never, ever/always 0.565
Family history Negative, positive 0.171
Node location* Left neck, right neck 0.01
Neck level* II, III, IV, V, VI < 0.001

LD* 0.47 ∼ 4.82cm < 0.001

TD* 0.37 ∼ 4.10cm 0.019

RBC 2.66 ∼ 6.11× 109/L 0.167
WBC 3.09 ∼ 13.85× 109/L 0.719

B. Data preprocessing

For BUS, CDFI and UE, a radiologist with more than 10
years experiences of ultrasonography outlined lesion areas and
surrounding tissues of the entire dataset, and the results were
examined by another radiologist with the same qualifications.
If there was a dispute, they reached consensus through discus-
sion to ensure the correctness of the segmentations and avoid
interobserver variability. The radiologists who were blinded
to pathology findings and clinical information were asked
to strictly follow the delineation rule and not to artificially
include or exclude other areas. Then, we generated a lesion
mask for each image according to its delineation, and we
cropped the images into the smallest circumscribed square of
the mask.

For the DCE-US videos, we first down-sampled the videos
at a sampling rate of 1 fps. Second, we converted all sequences
into gray-scale images, calculated the average gray-scale value
for each frame and the amount of the gray-scale change
between adjacent frames, and sorted the frames from large
change amount to small. The first 10 frames were taken with
their relative time sequence unchanged. Considering that DCE-
US expressed the characteristics of lesions through brightness
change, in this way, we implemented dense sampling in the
time period with intensive blood flow change and accommo-
dated the brightness change information in the lesion area
as much as possible under the limited sequence capacity.
A radiologist with 20 years experiences of ultrasonography
selected the most confident frame from the 10 selected frames
to draw the outlines of lesions. The outlines were automatically
copied to the same position on the rest frames. Finally, fine ad-
justments were made if necessary. The annotation results were
reviewed by another radiologist with the same qualification,
and a discussion was required to obtain a consistent delineation
if there was an inconsistency. In this process, the radiologists

TABLE III
THE PROPERTIES AND PREPROCESSING OF THE MODALITIES.

Modality BUS CDFI UE DCE-US

Quantity
(Per case) 1 image 1 90-second video clip

Width 780 780 310 360

Height 615 615 240 440

Frame rate \ \ \ 22

preprocessing mask segmentation temporal down-sampling,
key frame selection
(N=10) and mask
segmentation

Equipment Philips Medical Systems, Bothell, USA

followed the same rule as other modalities and this delineation-
copy-adjustment approach reduced the burden for radiologists.
According to the delineation, all selected sequence images
were cropped into square patches of the same size.

Through the above frame selection and lesion delineation
methods, we can provide the networks with a high-quality
input with less human interference, so as to better carry out
the method research. Finally, we summarized all the properties
and preprocessing of the modalities in Table III.

III. METHODS

In this section, we introduce our design idea, its structure,
and the training methods and strategies of MSMFN. The
architecture is shown in Fig. 1.

MSMFN is divided into three steps of multi-modal fusion.
In the first step, the high-level semantic feature maps of
BUS, CDFI, and UE are fused, while the CDFI and UE
features are extracted under the guidance of more abstract
BUS features. In the second step, the feature vectors from
the first step and from the DCE-US sequence are fused via
the self-attention mechanism. Here, we require the two feature
vectors to have an orthogonal relationship in the same feature
space. Each is forced to have maximum and task-consistent
distinguishability. In the third step, MSMFN integrates the
evaluation score obtained from previous steps and statistically
significant clinical indicators (including gender, age, node
location, neck level, LD and TD) to obtain more reliable
prediction results.

The division of such steps in the multi-modal fusion method
of our network conforms to the characteristics of the modali-
ties and the thinking of clinicians in practical medicine. On the
one hand, BUS, CDFI, and UE are static imaging modalities,
and the information they present is more spatially related;
on the other hand, the information from DCE-US must be
reflected primarily by the change of time. Clinical indicators
are one-dimensional numbers, and BUS, CDFI and UE are
often the first items of focus in clinical practice. Therefore,
it is natural and reasonable to carry out a step-by-step fusion
method. Although we call it “step-by-step” fusion, the entire



4 IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL. XX, NO. XX, XXXX 2022

   

CC

R(2+1)D

Transformer

Cls token

Mulit-Head

Attention

Add Nrom

Feed

Forward

Add Nrom

×N

0 1 0 1 0 0 1 0 0 0

Gender Position Partition

One-hot encoding

TD：1

LD：1.3

Age：52

Normalizing

First Step Second Step Third Step

CDFI

BUS

UE

DCE-US Sequence

SCC/ADC ?

CC Concatentation

Modality

Interaction

BUS

feature map

CDFI

CDFI

feature map

BUS

feature map

UE

UE

feature map

x1

x2

f1

f2

x1

x2

f1

f2

Feature orthogonalization self-supervision

p

pground-truth

p

pground-truth

Res50.stem

7×7 Conv

Res50.stem

7×7 Conv

Res50.stem

7×7 Conv

Res50.layer2

3×3 Conv

Res50.layer1

3×3 Conv

Res50.layer1

3×3 Conv

Res50.layer2

3×3 Conv

Res50.layer2

3×3 Conv

Res50.layer3

3×3 Conv

Res50.layer4

3×3 Conv

Element-wise multiplication××

Fully Connected 

Layer

Channel 

Attention

Res50.layer1

3×3 Conv

Channel 

Attention

Modality

Interaction

GAP

××

Global Average

PoolingUE
Re-weighted

UE

GAP

××

Global Average

PoolingCDFI
Re-weighted

CDFI

Fully Connected 

Layer

Fig. 1. The architecture of our proposed MSMFN. In the first step, the high-level semantic BUS features are fused with CDFI and UE features that
interact with the BUS, and the static feature is obtained. In the second step, the static feature by Resnet-50 [28] and DCE-US sequence features by
R(2+1)D network [29] are fused through multiple Transformer encoding layers under orthogonalization self-supervision. In the third step, patients’
clinical information is integrated to further improve prediction performance.

network can still perform gradient back-propagation in an end-
to-end manner.

Below, we describe each fusion step, the network training
methods, and the strategies separately. For the convenience of
description, we call BUS, CDFI and UE the static modality,
and correspondingly call DCE-US the dynamic modality.

A. First step
In the first step, BUS, CDFI, and UE (the three static

modalities) are fused. BUS is also called “gray-scale ul-
trasound imaging” which reflects the spatial morphological
characteristics of the lesion and its surrounding tissues. In
contrast, CDFI and UE use colors to reflect blood flow and
tissue hardness at the same lesion area, based on BUS images.
Clinicians usually pay attention to BUS images first, then focus
on the corresponding areas of CDFI and UE according to
their needs to obtain supplementary information. Clinicians’
observation of lesion characteristics in CDFI and UE mostly
relies on BUS, which is also the reason why CDFI and UE is
usually dual-amplitude imaging.

Based on these observations, we designed the first-step
fusion network into a three-branch structure, and each branch
corresponds to a particular modality. Specifically, the features
of the BUS image are first extracted via cascaded convolution
blocks. The resulting BUS high-level semantic features are
fed into the modality interaction block to interact with the
low-level semantic features of UE and CDFI so that their

feature extraction can be guided through the BUS. In this
paper, the BUS feature map generates a single-channel spatial
attention map activated by a sigmoid function through multiple
convolution layers. The attention map is then multiplied with
the UE or CDFI feature map to obtain the interaction result.
Thus, the network determines which area of the CDFI or UE
image should be considered, thereby providing convenience
for the subsequent sub-network to pay attention to the unique
information provided by CDFI or UE. By introducing the clin-
icians’ prior knowledge of modality characteristic observations
into the design of the network, it can redistribute the spatial
attention of CDFI and UE according to inputs dynamically. In
this way, the connection between modalities and the feature
extraction for each modality are enhanced. In the specific
implementation, Resnet-50 [28] was selected as backbone for
BUS, CDFI and UE, and the stem or a layer of it was taken
as a whole to extract corresponding features.

As mentioned, the information presented by UE and CDFI
is expressed in color. Specifically, CDFI uses warm and cool
hues to indicate different blood flow directions while UE uses
these hues to indicate tissue stiffness. We believe that there
are some hues that will be more useful for the target task.
The information representation also fits the red–green–blue
(RGB) storage format of general images. Motivated by this
truth, we viewed the channels independently and designed a
channel attention block to highlight important hues adaptively.
MSMFN used the block to learn a set of input-related weights
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to weight the RGB channels of the raw CDFI and UE images
and the attention weights would make important hue channels
have higher response values in subsequent modules. Let I be
the input image so that the output image, I

′
, weighted by the

channel attention, is as follows:

I
′
= I ⊗ (g(GAP (I))), (1)

where GAP (·) denotes global average pooling, g(·) denotes
two fully connected layers, and ⊗ represents channel-wise
multiplication. The channel-reweighted CDFI or UE images
undergo modality interactions with the BUS branch after low-
level feature extraction. Then, the CDFI and UE features are
extracted further based on the interaction results. The feature
maps from the two modalities are concatenated with the BUS
high-level semantic feature map for further fusion.

B. Second step

In this step, the static feature is fused with the dynamic
feature. We adopted an R(2+1)D network [29] to extract DCE-
US sequence features. R(2+1)D has a residual connection
structure but decomposes the space and time dimensions of
the 3D convolution kernels, so that it can lower the number of
parameters to reduce the risk of overfitting. A self-supervised
feature orthogonalization loss function is designed to make the
static and dynamic features orthogonal to each other in the
same feature space while maximizing the distinguishability of
the two feature vectors for the target task. We describe this in
detail in Section III-D.

The mutually orthogonal static and dynamic features are
fused by Transformer via a self-attention mechanism [14],
[27]. Before fusion, a learnable class token, fcls, is embedded
into the feature vectors. The class token can learn an abstract
representation of category-related features in the training phase
and aggregate global features accordingly in the inference
phase to realize the fusion of input features [27]. Then, modal-
ity features with the class token are input to N Transformer
encoders as follows:

z0 = [fcls; fstatic; fdynamic] fcls, fstatic, fdynamic ∈ Rd

z
′

l =MHA(LN(zl−1)) + zl−1 l = 1, 2, ..., N

zl =MLP (LN(z
′

l)) + z
′

l l = 1, 2, ..., N

y = LN(z0N ).
(2)

where fcls, fstatic, fdynamic and y denotes the class token,
the static feature vector, the dynamic feature vector and the
output vector, and MHA, LN and MLP denotes multi-
head attention, layer normalization and multi-layer perceptron,
respectively. In each Transformer encoder, zl is divided into
multiple sub-vectors to participate in global feature searching
and matching via multi-head self-attention, and the classifica-
tion information provided by multiple modalities is gradually
gathered to z0l via the cascaded encoding process. Different
from the classic paradigm of Transformer [27] and the existing
method of using Transformer for multi-modal fusion [30],
[31], our proposed method does not require position encoding.
By orthogonalizing the input vector, the network can directly

Fig. 2. The visualization of supervising the learning of multi-modal
features.

embed the feature subset into another subspace for feature
querying and classification of information aggregation.

C. Third step

Thus far, the multi-modal fusion of images and video
sequences has been completed. The features obtained by the
fusion of these modalities are then passed through fully con-
nected layers to obtain the image-based prediction score pi. To
further improve prediction performance, MSMFN integrates
the clinical indicators of patients in this step. Using a statistical
significance test (p value) of clinical indicators, we used age,
TD, LD, gender, the node location and neck level as clinical
indicators to be fused (p ≤ 0.01, shown in Table II). Among
these indicators, the last three are discrete variables. After one-
hot encoding, we used a fully connected layer to convert them
into a single continuous value. In contrast to existing works
that use machine-learning methods (e.g., logistic regression) to
fit clinical indicators [32], [33], we use fully connected layers
to learn the weights of the indicators end-to-end and to obtain
a final prediction score, avoiding sub-optimal performance
caused by the selection of hyperparameters.

D. Self-supervised feature orthogonalization loss

The purpose of multi-modal fusion is to make full utilization
of the information obtained from each modality so that the
target task can be achieved better. Existing works generally did
not impose supervision signals or used consistent supervision
signals [19] for the extraction of modality features, which
we think is harmful to the extraction of modality hetero-
geneity features. In our study, CDFI can provide blood-flow
information, UE can provide hardness information, and DCE-
US can depict the vascular perfusion patterns of lesions and
surrounding tissues. However, these three modalities can also
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provide some spatial information that exists in BUS, such as
the shape of the lesion. The heterogeneous features existing
in these three modalities are difficult to extract using no or
consistent supervision methods.

To further illustrate the above problem, let the two modality
features to be fused be f1 = {f11, f12, ..., f1d} and f2 =
{f21, f22, ..., f2d}. They exist in the same d-dimensional fea-
ture space, namely, f1, f2 ∈ Rd. Under the first method, f1
and f2 are scattered in the feature space; under the second
method, f1 and f2 tend to be consistent under consistent
supervision. Hence, min ||f1− f2||2 = min

∑d
i=1(f1i− f2i)2.

Considering the need for learning modality heterogeneity
features, we define the self-supervision feature constraint as
follows:

max

d∑
i=1

I(f1if2i = 0), (3)

where I denotes an indicator function. Hence, Eq.3 can also
be re-written as the following differentiable form:

min

d∑
i=1

(f1if2i)
2. (4)

Under the condition of imposing a task-specific supervision
function on the entire network, Eq.3 and 4 require that each
independent sub-feature in the feature space only be obtained
from one of f1 and f2; otherwise, it becomes an invalid
sub-feature (=0). In experiments, we found that it increased
the difficulty of training. To weaken the above constraint,
we degenerate Eq.4 into the following self-supervised feature
orthogonalization loss:

Lo−f (f1, f2) =
|fT1 f2|

||f1|| · ||f2||
. (5)

The detailed proof of the above can be found in Appendix.
As the name indicates, Eq.5 requires that the modality fea-

ture vectors are orthogonal. This constraint is consistent with
Eq.4 because we only need to perform a linear transformation,
W , on f1 and f2 to obtain the desired equivalent form of
Eq.4. Fig.2 shows the schematic diagram of 3D visualization
with orthogonal self-supervision. In our experiment, we also
observed the regularization effect produced by Eq.5, which
effectively reduced the over-fitting problem of the network.

To make f1 and f2 have consistent distinguishability, we
input f1 and f2 into the fully connected layers to obtain the
prediction probability distributions, p1 and p2, and we use
Kullback–Leibler (KL)-divergence to minimize the difference
between p1 and p2. To make p1 and p2 consistent with the
ground truth p, two cross-entropy losses rather than KL-
divergence are used to minimize the probability distribution
difference between p1 and p2, between p and p1 and between
p and p2, respectively. Finally, the self-supervised feature
orthogonalization loss, Lo, is as follows:

Lo(f1, f2, p, p1, p2) =

αLo−f (f1, f2) + β(LCE(p1, p) + LCE(p2, p)).
(6)

where α and β is the weighting factors, p is the ground truth,
f1 and f2 are feature vectors LCE denotes the cross-entropy
loss function and Lo−f (f1, f2) is the same as Eq.5.

E. Training strategy

We adopted a two-stage strategy to train our proposed
MSMFN. In the first stage, we optimized the parameters of the
sub-network for the first two steps of fusion (i.e., the fusion
of images and video sequences). In the second stage, with
the parameters in the first training stage frozen, we optimized
the parameters of the sub-network for the third step of fusion
(i.e., the fusion of clinical indicators). The loss functions for
the two training stages, L1 and L2, are as follows:

L1 = LFL(y, ŷ1) + Lo(fstatic, fdynamic, y), (7)

L2 = LCE(y, ŷ2), (8)

where y is the ground-truth label, ŷ1 and ŷ2 denote the output
prediction probabilities of the two training stages, respectively,
and ystatic and ydynamic are static and dynamic features,
respectively. Focal loss (LFL(·)) [34] is adopted to mine
difficult samples and maintain the balance of two categories.

IV. EXPERIMENTS

A. Experiment setting

Diagnosis ability of clinicians To provide a basis for per-
formance comparison, we first evaluated the clinicians’ ability
to classify SCC and ADC based on multi-modal ultrasound
(BUS, CDFI, UE and DCE-US) and clinical information. Two
clinicians (clinician 1 and clinician 2) with over 20 years of
ultrasound experience performed independent visual assess-
ments. The clinicians were blinded to the final histopatholog-
ical diagnosis, the sites of the primary malignancy and the
results of MSMFN. The clinicians independently reviewed all
the information in the dataset based on personal experience
and diagnosed each metastatic CLA patient as either SCC or
ADC in a single answer format.

Importance of modalities. To verify the predictive effects
of different modalities and different modality combinations
on SCC and ADC subtypes of metastatic CLA, we designed
a comparative experiment on the importance of modalities.
Following the real situation in clinical, this paper first shows
the influence of basic modalities (i.e., BUS, DCE-US, and
clinical indicators respectively) on the prediction results. BUS
is often the first examination tool adopted by clinicians. Then,
clinical indicators can be combined to analyse further. DCE-
US with BUS and clinical indicators is considered to be used
when faced with clinical diagnostic dilemmas [23], [33], [37].
Thus, based on BUS, we combined CDFI, UE, and both CDFI
and UE to compare their prediction capabilities. The reason for
this choice is that both CDFI and UE are independent modules
of US acquisition equipment. While supplementing relative in-
formation, they can be flexibly adopted by clinicians. Next, we
combined DCE-US with BUS and BUS-related combinations.
Finally, we fused clinical indicators with BUS, CDFI, UE,
and DCE-US to obtain the final MSMFN prediction results.
Further, in order to better illustrate the role of BUS in modality
fusion and the ability of our method for the interactive fusion
between BUS and each modality, we added three experiments,
i.e., fusing CDFI and UE only, fusing CDFI, UE and DCE-US,
and fusing CDFI, UE, DCE-US and clinical information. In
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the experiments, only the network modules associated with
the adopted modalities were retained; all other conditions
remained unchanged. More specifically, for the ablation of
CDFI and UE, we removed the corresponding branch and the
feature map; for the ablation of DCE-US, we removed not
only R(2+1)D but also Transformers because the fusion of the
static feature and the dynamic feature was not required at this
time.

Methodology comparisons. To verify the effectiveness of the
proposed method, we selected ScoreTree [25], CentralNet [26]
and HiNet [35] for comparison, three recently proposed multi-
modal fusion methods that have received widespread attention
and achieved the best results. For fairness, we used ResNet-
50 [28] as backbone for BUS, CDFI and UE respectively and
R(2+1)D [29] for DCE-US in each experiment and regarded
a layer of backbone as a unit of fusion for the intermediate
feature maps (if required). Specifically, for ScoreTree, each
modality had a backbone for feature extraction and generated
a probability for prediction. All probabilities then were fused
further by a fully connected layer to obtain the final prediction.
All predictions were used to calculate the loss. For CentralNet,
the feature maps from the same layer of the static modality
backbones, the feature map averaged along the time dimension
from the same layer of the DCE-US backbone and the feature
map from the last fusion layer were added element-wise to
fuse into a new feature map. Following [26], each feature
vector, averaged globally from the fusion layer and each
modality feature map, was used to generate a prediction
score respectively and supervised the whole network together.
For HiNet, a set of convolutions was used to fuse element-
wise addition, element-wise multiplication and concatenation
of the feature maps from the same layer of each backbone
(averaged along the time dimension for DCE-US). Another set
of convolutions was used to fuse the last fusion layer output
to obtain the output of this fusion layer. Other details followed
the original papers.

Effect of loss functions. Cross-entropy loss and focal loss
[34] were adopted first as baselines. Then, we compared
the performance of deep supervision (DS) [24], feature con-
sistency supervision (CoS) [19], their various combinations,
and the feature orthogonalization self-supervision method pro-
posed in this paper. The deep supervision in this paper is:

LDS(y, f) = −ylog(FC(f))− (1− y)log(1− FC(f)) (9)

where y is the label, f is the feature vector (i.e., the static
feature or the dynamic vector) and FC is a fully connected
layer. And the consistency supervision [19] is:

LCoS(f1, f2) = ||f1 − f2||1 (10)

where f1 and f2 are two feature vectors from different
modalities. In Section V-D, we reported the performance of
the model with the above-mentioned loss functions after the
first training stage to directly compare the effect of the loss
functions.

Ablation experiments. We removed the channel attention
and the modality interaction block respectively to verify their
effect. The performance of the network of which Transformer

was replaced with additions, concatenations and bilinear fu-
sions respectively was reported. We also studied the influence
of the number of Transformer encoding layers on multi-modal
fusion. The performance of the network trained after the first
stage of the testing set was reported.

Implementation details. In the first step of MSMFN, Resnet-
50 [28] was selected as backbone for BUS, CDFI and UE
and the stem or a layer of it was taken as a whole to extract
corresponding features. As a result, there were 66 filters for
3 branches, 2 filters for feature map fusion and 27 filters
for fused feature map. In the second step of MSMFN, the
dimension of the feature vectors was 256, the number of heads
in Transformer was set to 4 and there were 4 Transformer
layers in total. In the training and inference stage, the size of
the BUS, CDFI, and UE images was set to 224 × 224, and
the size of the DCE-US was 128 × 128. All networks were
implemented using Pytorch framework and run in parallel on
two graphical processing units with batch sizes of 16. The
Adam optimizer was used to optimize the parameters, and the
learning rate in the first training stage was 1e-5 for 150 epochs
and it was 0.1 in the second stage for another 50 epochs.
α and β in Eq. 6 were set to 0.1 and 0.3, respectively. We
adopted the three-fold cross-validation strategy to develop and
validate our network. Patients in our dataset were divided into
three folds with numbers of 100, 100 and 101, respectively.
The ratio of SCC and ADC remained similar in each fold.
Therefore, in each process, two of them were used as the
training dataset, and the other was the test dataset. All results
were reported in the form of mean ± std. The experiments
were all implemented on a computer with Intel Xeon Gold
5118 CPU and 2 NVIDIA GeForce GTX 1080 Ti GPUs.

B. Performance metrics
Let ADC be negative and SCC be positive. The AUC and

the following indicators were used to evaluate the performance
of our proposed methods as follows:

Accuracy =
TP + TN

TP + TN + FP + FN
,

TPR =
TP

TP + FN
,

TNR =
TN

TN + FP
,

Precision =
TP

TP + FP
,

F1− score = 2Precision× TPR
Precision+ TPR

,

(11)

where TP, TN, FP, and FN, denote true positives, true nega-
tives, false positives, and false negatives, respectively.

V. RESULTS AND DISCUSSION

A. Diagnosis ability of clinicians
Clinically, SCC and ADC share extremely similar appear-

ance on BUS and it is still unclear which imaging features
of CDFI, UE and DCE-US clinicians should focus on for this
task. To the best of our knowledge, there is only one relevant
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TABLE IV
THE DIAGNOSIS ABILITY OF THE CLINICIANS ON THE CLASSIFICATION

OF SCC AND ADC. TWO CLINICIANS WITH MORE THAN 20 YEARS OF

ULTRASOUND EXPERIENCE DIAGNOSED EACH CASES IN OUR DATASET

AS SCC OR ADC. ACC. DENOTES ACCURACY, PREC. DENOTES

PRECISION AND F1. DENOTES F1-SCORE.

Clinician Acc.(%) TPR(%) TNR(%) Prec.(%) F1.(%)
1 46.84 47.11 46.67 37.25 41.50
2 45.85 43.80 47.22 35.81 40.21

• TPR reflects the performance for SCC and TNR for ADC.

study [36], which reports that there is a significant difference
in the peak intensity of DCE-US between lung SCC and
ADC. However, more than 10 primary lesions of metastatic
CLA were included in our study, which increases its difficulty.
Therefore, we evaluated the clinicians’ ability to classify SCC
and ADC based on the same data with MSMFN and the results
were reported in Table IV. It showed that clinicians can only
have a level of random guessing on identifying the histologic
subtypes of metastatic CLA.

B. Importance of modalities

Table V shows prediction performances using different
modalities and their combinations. Poor performance was
shown when only one of BUS, DCE-US, and clinical infor-
mation was used. Among them, DCE-US achieved relatively
good performance, indicating that it can provide more valuable
information about the problem. When we used BUS and
DCE-US as inputs to the network at the same time, the
performance was further improved. Meanwhile, we found that
the combination of BUS and the other two image modalities
slightly improved performance, especially the predictive per-
formance of SCC. Although the use of CDFI or UE did not
achieve amazing performance, the performance of MSMFN
was greatly improved when all four modalities were included
(accuracy=78.07%, TPR=81.81%, and TNR=75.56%), indi-
cating that it maximized the performance of each modality,
and the information that each modality provided was dig out
to the greatest extent in the modality interaction. Moreover,
the smaller variance also reflects the strong stability and
robustness of the model under the support of multi-modal data.

Based on the four modalities, we continued to train and
test the third step of MSMFN. When the patient’s clinical
information was fused, although TPR decreased slightly, we
observed a 4.44% increase in TNR. This implies that clinical
information has a corrective effect on the prediction bias of the
network based on image modalities. This makes the prediction
of SCC and ADC more balanced. Furthermore, we visualized
the weights of the prediction score from the first two steps (US
score) and the clinical indicators on the final prediction score
of SCC and Fig.3 shows the weights from the 1st fold model.
We observed a consistent pattern across the three models that
the final score is highly positively correlated with the US score,
and each clinical indicator has a weaker negative correlation
with the final score, which confirming our guess. Finally,
MSMFN showed an AUC of 0.86, an accuracy of 80.06%, a
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Fig. 3. Weights of the ultrasound modality score obtained from the first
two steps (US score) and six clinical indicators for the probability of SCC.
Warm colors indicate positive correlations, cool colors indicate negative
correlations, and lightness indicates the degree of correlation.

TPR of 80.16%, a TNR of 80.00%, a precision of 73.09%, and
an F1-score of 76.42%, which were far beyond the diagnosis
ability of clinicians (p ≤ 0.01). In addition, we compared the
performance of cross entropy loss as the loss function in the
second stage and did not see significant differences in various
indicators, which may be caused by fewer learnable parameters
and simpler feature learning in the second stage.

Last but not the least, we compared the fusion performance
when removing BUS. With only CDFI or UE, the performance
was inferior than BUS, BUS and CDFI, and BUS and UE
except AUC. Considering that the two modalities, especially
CDFI, have part of the image information of BUS, on the
one hand, it illustrated the fundamental role of BUS in our
diagnostic task; on the other hand, combination of them can
inspire the model to exhibit better diagnostic performance with
the help of separation of feature extraction for each modality
and use of modality interaction block. With CDFI and UE
only, it was better than using CDFI with BUS and UE with
BUS on the whole although the diagnostic ability of SCC was
weaker than them while it was worse than using CDFI, UE
and BUS together on all metrics. The reason why the result
was closer with CDFI, UE and DCE-US may also be that
CDFI also contained part of the image information of BUS.
When we used CDFI, UE and DCE-US, the performance was
inferior to the results of using BUS, DCE-US with CDFI or
UE on both SCC and ADC. And the gap between it and the
result of using BUS, DCE-US, CDFI and UE increased further
compared with the result without DCE-US (from 3.03% to
6.96% on accuracy, from 5.94% to 9.07% on TPR and from
1.11% to 5.56% on TNR). We can also notice a same level
of gap in the results of all modalities with and without BUS
(6.61% on accuracy, 9.02% and TPR and 5.00% on TNR).
The above findings suggested us that the compensating effect
of the information of BUS in CDFI gradually weaken with the
addition of modalities. Besides, the gap between using and not
using BUS gradually increased in this process, which indicated
that our proposed self-supervised feature orthogonalization
loss excited the effect of interaction fusion of BUS with other
modalities, resulting in the better results.
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TABLE V
PERFORMANCE OF THE NETWORK UNDER DIFFERENT MODALITIES AND COMBINATIONS OF MULTIPLE MODALITIES AS INPUT. THE RESULTS ARE

REPORTED IN THE FORM OF MEAN ± STANDARD DEVIATION (STD).

Modality AUC Accuracy(%) TPR(%) TNR(%) Precision(%) F1-score(%)
BUS 0.62± 0.04 62.20± 2.30 60.16± 2.52 63.56± 4.03 52.77± 2.03 56.10± 1.80

CDFI 0.66± 0.03 59.79± 3.99 58.66± 7.76 60.56± 7.88 50.15± 4.69 53.89± 4.74

UE 0.64± 0.02 58.48± 3.13 60.08± 5.43 57.22± 5.85 48.74± 3.20 53.83± 3.32

DCE-US 0.76± 0.03 71.81± 3.93 68.66± 6.65 73.94± 2.47 63.98± 3.71 66.11± 5.18

Clinical information 0.71± 0.07 67.07± 6.90 60.79± 5.27 71.28± 9.27 59.36± 9.39 59.92± 6.59

BUS + CDFI 0.67± 0.02 64.09± 3.39 63.11± 5.58 64.78± 5.93 54.83± 3.77 58.48± 3.54

BUS + UE 0.67± 0.01 64.79± 4.67 65.08± 6.05 64.44± 4.19 55.26± 4.76 59.85± 5.28

CDFI + UE 0.72± 0.04 65.45± 3.10 61.91± 10.40 67.78± 7.88 56.69± 4.12 58.84± 4.91

BUS + CDFI + UE 0.74± 0.07 68.46± 6.67 67.85± 8.44 68.89± 6.94 59.50± 7.57 63.23± 7.74

BUS + DCE-US 0.77± 0.04 73.43± 0.99 76.87± 1.09 71.11± 0.96 64.14± 0.76 69.93± 0.90

BUS + CDFI + DCE-US 0.79± 0.04 75.10± 4.85 74.45± 7.55 75.71± 3.72 67.16± 5.08 70.58± 5.98

BUS + UE + DCE-US 0.79± 0.03 72.53± 2.73 74.32± 1.59 71.50± 4.69 63.97± 2.97 68.74± 1.66

CDFI + UE + DCE-US 0.79± 0.03 71.11± 4.44 72.74± 4.14 70.00± 5.00 65.13± 6.31 66.98± 4.48

BUS + CDFI + UE + DCE-US 0.84± 0.02 78.07± 1.80 81.81± 1.58 75.56± 1.92 69.24± 2.25 75.00± 1.99

All (w/o BUS) 0.81± 0.07 73.45± 7.84 71.14± 7.14 75.00± 8.33 66.01± 9.54 68.45± 8.40

All 0.86± 0.01 80.06± 2.68 80.16± 0.28 80.00± 4.41 73.09± 4.38 76.42± 2.48

• TPR reflects the performance for SCC and TNR for ADC.

TABLE VI
PERFORMANCE OF SCORETREE [25], CENTRALNET [26], HINET [35] AND OUR PROPOSED NETWORK. THE RESULTS ARE REPORTED IN THE

FORM OF MEAN ± STD.

Methodology AUC Accuracy(%) TPR(%) TNR(%) Precision(%) F1-score(%)
ScoreTree [25] 0.81± 0.03 75.09± 0.87 75.20± 0.35 75.00± 1.67 65.12± 3.55 69.77± 2.09

CentralNet [26] 0.80± 0.02 71.21± 3.83 66.10± 1.90 74.44± 6.74 65.78± 3.89 65.87± 1.67

HiNet [35] 0.80± 0.05 74.29± 4.96 69.27± 2.80 77.67± 6.39 67.92± 7.33 68.49± 5.11

MSMFN
(w/o the third step)

0.84± 0.02 78.07± 1.80 81.81± 1.58 75.56± 1.92 69.24± 2.25 75.00± 1.99

• TPR reflects the performance for SCC and TNR for ADC.

C. Methodology comparisons

The methods used in this paper for comparison can be
divided into two paradigms of multi-modal fusion. First,
Score-Tree [25] is a post-fusion method in which the pre-
diction scores obtained from each modality are fused by their
tree structure. Second, CentralNet [26] and HiNet [35] are
intermediate fusion methods that synchronize the feature maps
of different modalities in each layer of the model. Table VI
shows the performance of each method. The former paradigm
achieved better results than the latter. We can draw two
conclusions from the results. On the one hand, because various
modalities have certain task-related independent predictive
capabilities, relatively good results can be achieved by post-
fusion. On the other hand, the use of the same methods
to fuse intermediate features was harmful to performance.
In contrast to the above methods, our proposed MSMFN is
based on the characteristics of different modalities. First, the
high-level semantic features of CDFI and UE are extracted
under the guidance of high-level BUS features; then, the three
modality features are fused. Next, we allow the orthogonal
dynamic and static features to merge under the self-attention
mechanism. Finally, the clinical information is integrated. For

fairness, only the results of MSMFN after the first two fusion
steps are reported in this subsection. Table VI demonstrated
that the step-by-step multi-modal fusion method surpassed the
previous methods on all metrics.

To understand the analysis ability of the networks better,
we analyzed misdiagnosed cases specifically for MSMFN. We
found that the majority of these cases were also misdiagnosed
by other methods. A clinician with the ultrasound experience
of more than 10 years performed a professional analysis on
images and clinical information of these cases. She found that
in most of misdiagnosed cases, necrosis was evident in DCE-
US, destroying detailed information within lymph nodes in
images, which might be one of the main reasons for incorrect
classification. Nonetheless, some cases misdiagnosed by other
methods were still classified correctly by our method, showing
its ability of mining details under the condition of challenging
image quality.

D. Effect of loss functions
Table VII shows the performance of MSMFN after the

first training stage. That is, only the first two steps of multi-
modal fusion were used under different combinations of loss
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TABLE VII
PERFORMANCE OF MULTI-STEP MODALITY FUSION NETWORK (MSMFN) EXCEPT FOR THE THIRD STEP TRAINED UNDER VARIOUS LOSS

FUNCTIONS. THE RESULTS ARE REPORTED IN THE FORM OF MEAN ± STD. CEL: CROSS-ENTROPY LOSS, COS: CONSISTENCY SUPERVISION, DS:
DEEP SUPERVISION, FL: FOCAL LOSS [34], OTS: ORTHOGONALIZATION SUPERVISION.

Loss function AUC Accuracy(%) TPR(%) TNR(%) Precision(%) F1-score(%)
CEL 0.77± 0.02 70.44± 2.23 67.03± 9.79 72.80± 5.12 62.43± 2.48 64.36± 4.61

CEL + DS 0.80± 0.05 72.77± 2.36 68.64± 4.69 75.56± 0.96 65.32± 2.01 66.92± 3.27

CEL + CoS + DS 0.77± 0.04 71.57± 3.37 68.82± 6.85 73.44± 2.80 63.82± 2.85 65.91± 4.73

CEL + OtS + DS 0.83± 0.01 77.00± 2.83 75.00± 0.00 78.33± 4.71 69.92± 4.60 72.33± 2.46

FL 0.81± 0.04 75.41± 4.06 74.38± 1.66 76.11± 5.85 67.92± 5.80 70.94± 3.83

FL + DS 0.80± 0.03 76.08± 3.64 71.72± 5.82 78.89± 2.55 69.54± 4.16 70.67± 4.94

FL + CoS + DS 0.79± 0.02 71.89± 4.00 68.56± 4.83 74.17± 6.51 64.43± 5.51 66.20± 3.94

FL + OtS + DS (proposed) 0.84± 0.02 78.07± 1.80 81.81± 1.58 75.56± 1.92 69.24± 2.25 75.00± 1.99

• TPR reflects the performance for SCC and TNR for ADC.

TABLE VIII
THE PERFORMANCE OF MSMFN (APART FROM THE THIRD STEP) FOR THE ABLATION OF BLOCKS AND FUSION METHODS. THE RESULTS ARE

REPORTED IN THE FORM OF MEAN ± STD. CAB: CHANNEL ATTENTION BLOCK. MIB: MODALITY INTERACTION BLOCK. \ INDICATES THAT THE ITEM

IS THE DEFAULT NETWORK STRUCTURE.

Ablation block fusion method AUC Accuracy(%) TPR(%) TNR(%) Precision(%) F1-score(%)
w/o CAB \ 0.82± 0.03 76.41± 2.95 75.20± 0.53 77.22± 4.81 69.12± 4.59 71.98± 2.63

w/o MIB \ 0.81± 0.05 73.75± 4.11 69.39± 5.98 76.67± 2.89 66.60± 4.88 67.96± 5.41

\ Addition 0.80± 0.05 73.10± 5.18 66.97± 4.85 77.22± 5.36 66.56± 6.80 66.76± 5.82

\ Concatenation 0.82± 0.02 75.75± 1.09 71.06± 1.83 78.89± 2.55 69.42± 2.05 70.20± 0.94

\ Average 0.81± 0.03 75.09± 4.30 69.51± 10.74 78.89± 5.09 68.98± 4.75 68.95± 6.41

\ Bilinear fusion 0.73± 0.05 68.43± 1.69 71.76± 3.36 66.11± 5.09 58.94± 2.93 64.69± 0.37

\ Transformer
(N=3)

0.83± 0.03 76.41± 2.17 76.02± 1.76 76.67± 2.89 68.70± 3.09 72.16± 2.33

\ Transformer
(N=4)

0.84± 0.02 78.07± 1.80 81.81± 1.58 75.56± 1.92 69.24± 2.25 75.00± 1.99

\ Transformer
(N=5)

0.82± 0.03 76.75± 2.94 76.06± 1.30 77.22± 4.19 69.41± 3.88 72.52± 2.68

• TPR reflects the performance for SCC and TNR for ADC.

Fig. 4. Curve of orthogonalization loss as the training process pro-
gresses.

functions. The focal loss [34] provided better base perfor-
mance than cross-entropy loss, especially in the predictive
performance of SCC (TPR). According to [34], an α-balanced
variant of the focal loss is:

FL(pt) = −αt(1− pt)γ log(pt), (12)

where pt is the prediction probability, and αt and γ are hyper-
parameters. In our experiments, γ was set to 2, and αt was set
to 0.4 for ADC and 0.6 for SCC to further alleviate the class
imbalance problem. As the results indicated, ADC showed the
characteristics of being easy to classify. The more diversity
of ADC sample in the training set may be the important
reason for achieving better results. The use of deep supervision
slightly improved network performance on ADC and SCC for
cross entropy loss and only on ADC for focal loss. However,
when feature consistency supervision was introduced, the
performance declined in accuracy to a certain extent (1.20%
and 4.19%). On the contrary, our proposed self-supervision
feature orthogonalization loss function guided the MSMFN to
achieve better performance than any of the methods discussed
above, whether based on cross-entropy loss, in which accuracy
rose by 6.56%, 4.23%, and 5.43%, and TPR increased by
7.97%, 6.36%, and 6.18%, or focal loss, in which accuracy
increased by 2.66%, 1.99%, and 6.18%, and TPR rose by
6.40%, 10.09%, and 13.25%. These facts shows that feature
consistency supervision did not achieve better performance on
all multi-modal fusion tasks. When there are many modalities
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available, each should be responsible only for the extraction
of some sub-features, so that the potential of modalities can be
fully utilized, preventing some modalities from overwhelming
others. In the low-dimensional space, they showed excellent
separability, indicating that the two feature vectors were or-
thogonal in the same high-dimensional feature space. We also
drew the curve of orthogonalization loss as the training process
progressed, as shown in Fig.4. During the training process, the
orthogonalization loss gradually decreased, demonstrating that
the orthogonalization self-supervision signal was effectively
transmitted in the network.

E. Ablation experiments

Table VIII shows the results of our ablation experiments.
Notably, for intuitive comparison, we only reported the results
of the first training stage in the table.

First, the channel attention block (CAB) and the modality
interaction block (MIB) were removed. We found that they
had a great impact on the overall prediction performance,
especially for SCC. When the MIB was removed, the TPR
dropped more than 10%. We also found that the TNR remained
almost unchanged and even slightly increased without these
two blocks. However, considering the sharp drop in TPR, this
weaker improvement came at the cost of misclassifying SCC
as ADC. Thus, our proposed CAB and MIA can effectively
help the network better extract SCC features. In addition,
compared with Table V, the result of removing BUS and
MIB at the same time dropped, especially on SCC, which
was another evidence of the importance of BUS.

We replaced Transformer in the second stage with several
common methods, including addition, concatenation, averag-
ing, and bilinear fusion. Among them, concatenation achieved
the best performance, but TPR achieved only 71.06%, which
is lower than our reported value of 10.75%. When average
and addition were used for feature fusion, there was a serious
classification imbalance. We attribute this phenomenon to
the combination of our proposed orthogonal self-supervision
and the self-attention mechanism of Transformer. Under the
supervision of our proposed method, the sub-features of the
feature vectors were independent of each other. A certain sub-
feature can only come from one of the feature vectors. When
Transformer is used for feature fusion, each sub-feature can be
compared with all sub-features globally, so that the potential
relationship between sub-feature pairs can be further explored.
The degradation of Eq.4 to Eq.5 caused by the loose con-
straints can also be compensated by the linear embedding of
Transformer. However, none of the above-mentioned methods
can explore the potential relationships between independent
features.

Furthermore, we investigated the impact of N (Transformer
encoder layers) on the performance of MSMFN. When N is
small, the mining of the relationships between independent
sub-features is insufficient, and the performance with different
folds is nearly not stable enough owing to high variance.
When N is large, Transformer appears to be difficult to train.
Considering the efficiency, we chose N = 4.

F. Visualization and interpretability of MSMFN

We visualized the heatmaps of MSMFN on BUS, CDFI,
UE, and DCE-US using LayerCAM [38], as shown in Fig.5. In
Fig.5, the first two rows are images of two patients with ADC,
and the last two rows are images of two patients with SCC. The
first column shows the BUS and its corresponding heatmaps.
We can see that MSMFN payed attention to a certain area of
BUS. For CDFI in the second column, MSMFN only payed
attention to the colors of the blood flow area and ignored other
areas that also displayed the same information as the BUS. In
contrast to CDFI, warm-toned areas in the UE were usually
noticed by the MSMFN. The remaining columns are DCE-
US sequence images and their corresponding heatmaps. We
found that the focused area of MSMFN was in the bright area
of the DCE-US images, and it changed over time. It showed
that the network noticed the enhanced pattern of the DCE-US.
The visualization results illustrated that our proposed MSMFN
paid attention to the specific area of different modalities and
utilized the unique information provided by each modality,
which helped to get a better performance.

G. Memory and time cost of MSMFN

Under the experiment setting in Section IV-A, we tested
the memory and time cost of MSMFN both in the training
and inference phase. The inputs of a batch occupied 68.91MB
memory. In the training phase, the network itself occupied
310.87MB memory and required extra 8378.38MB to back-
propagate gradients, which spent average 1140.36 millisecond
for a batch; in the inference phase, the average time was
411.04 millisecond. The memory and time cost for training
and inference was acceptable.

Overall, from the utilization of the modalities, the design
of the network structure, to the introduction of orthogonal-
ization loss, each part contributed to the ultimate excellent
performance of MSMFN.

VI. CONCLUSION

In this paper, we proposed a multi-step modality fusion
network, named MSMFN, to identify the histologic subtypes
of metastatic cervical lymphadenopathy. Using a hierarchical
step-by-step fusion method, MSMFN fuses BUS, CDFI, UE,
DCE-US, and clinical information in three steps. Hierar-
chical fusion and modality interaction are used to model
intermodal connections explicitly. A self-supervised feature
orthogonalization loss is introduced to learn unique features
from each modality automatically. Unlike random guessing
by clinicians, MSMFN reached 0.86 area under the receiver
operating characteristic curve, 80.06% accuracy, 80.16% true-
positive rate, and 80.00% true-negative rate after two-stage
end-to-end training and surpassed other relative methods. In
the future, we will explore how to improve the adaptability
of the network to the input modalities to cope with possible
missing modalities and the performance of MSMFN combined
with some lesion segmentation networks to form an end-to-end
modality analysis method.
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(a)

(b)

(c)

(d)

BUS CDFI UE DCE-US

Fig. 5. The heatmaps of MSMFN on four ultrasound modalities. (a) and (b): ADC patients, (c) and (d): SCC patients. The columns from left to right
are the patients’ BUS, CDFI, UE, and DCE-US, respectively. Generally, MSMFN generates regions of interest based on the imaging characteristics
of each modality.

APPENDIX
THE DERIVATION PROOF OF EQ. 3 TO EQ. 5

Let the two modality features to be fused be f1 =
{f11, f12, ..., f1d} and f2 = {f21, f22, ..., f2d}. Here, f1 and
f2 are two non-zero vectors. According to Section III-C, the
optimization target is as follows:

max

d∑
i=1

I(f1if2i = 0),

where I denotes an indicator function. The mathematical
expression of I is:

I(f1if2i = 0) =

{
1 f1if2i = 0

0 f1if2i 6= 0

and it is equivalent to:

I((f1if2i)2 = 0) =

{
1 (f1if2i)

2 = 0

0 (f1if2i)
2 > 0

It tells us that the non-overlapping degree of the sub-features
of the two vectors can be maximized by the constraints

min (f1if2i)
2. Therefore, our optimization target can be

rewritten as:

min

d∑
i=1

(f1if2i)
2,

In this way, our objective function is transformed into a
differentiable form and Eq.4 is proved. In fact, it gives an
optimization objective to make the two vectors orthogonal
along the coordinate axes under the premise that the two
vectors are non-zero. In order to relax the constraints and
reduce the optimization difficulty, we assume that there is a
d× d linear transformation matrix W that satisfies WTW =
I ∈ Rd×d. Do the linear transformation W on f1 and f2
respectively:

f ′1 =WT f1

f ′2 =WT f2

Since two vectors that are orthogonal remain orthogonal in the
new feature space after a linear transformation, we have:

min
|f ′1

T
f ′2|

||f ′1|| · ||f ′2||
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and Eq. 5 is proved.
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