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Multi-modal medical data fusion evaluation method and 

apparatus, device, and storage medium 

CROSS-REFERENCE 

[0001] The present application claims the priority of a Chinese patent application 

entitled "EVALUATION METHOD AND DEVICE FOR MULTIMODAL MEDICAL 5 

DATA FUSION, AS WELL AS DEVICE AND STORAGE MEDIUM" submitted to the 

Chinese Patent Office on December 2, 2021, with the application number of 

2021114543.7, and the entire content of which is incorporated in the present application 

by reference. 

TECHNICAL FIELD 10 

[0002] The present application relates to the technical field of medical treatment, and in 

particular, to an evaluation method and device for multimodal medical data fusion, as 

well as a device and a storage medium. 

BACKGROUND 

[0003] Rectal cancer is one of the major cancers threatening the life and health of 15 

Chinese residents, causing a serious social burden. The main treatment methods of rectal 

cancer include surgery, radiotherapy, chemotherapy, targeted therapy and other 

comprehensive treatment methods. Although there are standardized comprehensive 

treatment methods, damage caused by tumor or surgery in patients with low rectal cancer 

may lead to anal function damage, anal loss and colostomy, which seriously affect the 20 

survival and treatment of the patients. Many patients with locally advanced rectal cancer 

are not suitable for surgical treatment because primary surgery cannot achieve the goal of 

radical cure. At present, standard treatment for locally advanced rectal cancer (≥cT3 or 

N+) is comprehensive treatment of neoadjuvant chemoradiotherapy combined with total 

mesorectal excision and adjuvant chemotherapy. Neoadjuvant therapy may effectively 25 

realize the tumor down-staging, improve resection rate and anus preservation rate. The 

neoadjuvant therapy also provides a better choice for preserving organ function of 
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patients with low rectal cancer. Evaluation of the efficacy of the neoadjuvant therapy for 

rectal cancer, namely, whether clinical remission is achieved after treatment and the 

probability of achieving pathological remission, is the key link to make clinical decisions 

and evaluate the prognosis of patients. 

[0004] In the evaluation of the efficacy of the neoadjuvant therapy for rectal cancer at 5 

the present stage, most clinical guidelines and expert consensus suggest that the 

multimodal data such as endoscopy, digital rectal examination, rectal magnetic resonance 

imaging, serum tumor marker level and chest, abdomen and pelvis enhanced CT should 

be used to comprehensively determine whether a patient has achieved clinical remission 

or is close to clinical remission. The evaluation of the efficacy of the neoadjuvant therapy 10 

for rectal cancer depends on a multidisciplinary tumor diagnosis and treatment team with 

experienced experts in surgery, internal medicine, radiotherapy, imaging, digestive 

endoscopy, pathology and other departments. Due to the lack of experts in certain 

professional directions, many medical institutions cannot carry out the neoadjuvant 

therapy for rectal cancer well. The dependence on expert experience also leads to 15 

judgment error and inconsistent decision criteria of the evaluation of the efficacy of the 

neoadjuvant therapy for rectal cancer due to human factors. A tool and a method that can 

synthesize the multimodal medical data and objectively and consistently evaluate the 

efficacy of the neoadjuvant therapy for rectal cancer are urgently needed. 

SUMMARY 20 

[0005] In order to have a basic understanding of some aspects of disclosed examples, a 

brief summary is given below. The summary is not a general comment, nor is it intended 

to determine key/important constituent elements or describe the scope of protection of 

these examples, but rather serves as a prelude to the following detailed description. 

[0006] An example of the present disclosure provides an evaluation method and device 25 

for multimodal medical data fusion, as well as a device and a storage medium to solve the 

technical problem that clinicians are difficult to accurately evaluate patients’ disease 

remission by manual means, resulting in high medical risk of the patients in the related 

art. 

[0007] In some examples, an example of the present disclosure provides an evaluation 30 

method for multimodal medical data fusion, including: 
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[0008] acquiring to-be-evaluated medical data in multiple modes of a target object; 

[0009] performing feature extraction on to-be-evaluated medical data in each mode to 

obtain a plurality of feature vectors; 

[0010] fusing the a plurality of feature vectors to obtain a fusion feature vector; and 

[0011] inputting the fusion feature vector into a pre-trained multimodal fusion 5 

evaluation model to obtain an evaluation result of the to-be-evaluated medical data in 

multiple modes output by the pre-trained multimodal fusion evaluation model. 

[0012] In some examples, the inputting the fusion feature vector into a pre-trained 

multimodal fusion evaluation model to obtain an evaluation result of the to-be-evaluated 

medical data in multiple modes output by the pre-trained multimodal fusion evaluation 10 

model includes: 

[0013] splicing each feature vector in the fusion feature vector horizontally to obtain a 

first matrix W(In) of feature vector, and coding position of the first matrix W(In) of 

feature vector by a first function to obtain a second matrix W(P) of feature vector. The 

formula is as follows: 15 

 

[0014] where, t represents a sub-vector in the first matrix W(In) of feature vector; p(t) 

represents a coding result corresponding to the t value; pos indicates which feature vector 

the vector t belongs to; i represents a sequence number of the vector t in the first matrix 

W(In) of feature vector; and d represents the number of horizontal dimensions of the first 20 

matrix W(In) of feature vector; 

[0015] inputting the second matrix W(P) of feature vector into a second function, and 

calculating a high-dimensional feature representation matrix W(M) on a subspace. The 

formula is as follows: 

 25 

[0016] where, a CONCAT function represents the second function, and F(1), F(2)... F(i) 

represents the ith feature sub-vector in the second matrix W(P) of feature vector is 
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conducted the formula F calculation; represents transposition of the first matrix W(In) 

of feature vector; 

[0017] x in F(i) represents the ith feature sub-vector in the input second matrix W(P) of 

feature vector; Q, K and V represent the linear sensing layer of parameter n of the hidden 

layer of the multimodal fusion evaluation model; and Q (x) represents linear regression of 5 

x; and 

[0018] coding the feature vector of each image through an encoder of the multimodal 

fusion evaluation model, inputting output W(Out) of the encoder to a linear regression 

layer, converting W(Out) to a low-dimensional feature representation matrix through the 

linear regression layer, and finally outputting an evaluation result through operation of a 10 

softmax function. 

[0019] In some examples, the acquiring the to-be-evaluated medical data in multiple 

modes of the target object includes at least three of the following: 

[0020] acquiring a rectal cancer image data set of the target object as first modal data, 

where the rectal cancer image data set at least includes a macro-view image, a near-view 15 

image and a micro-view image determined according to a tumor region or a regressing 

tumor region; 

[0021] acquiring a rectal cancer magnetic resonance image data set of the target object 

as second modal data, where the rectal cancer magnetic resonance image data set includes 

initial rectal cancer magnetic resonance image data and target rectal cancer magnetic 20 

resonance image data; marking a tumor region or a regressing tumor region in the initial 

rectal cancer magnetic resonance image data and the target rectal cancer magnetic 

resonance image data respectively to obtain a plurality of slice images containing the 

tumor region or the regressing tumor region; 

[0022] acquiring an initial clinical data set and a target clinical data set of the target 25 

object as a third modal data, where the initial clinical data set and the target clinical data 

set at least include personal information and case information of the target object; and 

[0023] acquiring initial tumor marker information, target tumor marker information, 

initial blood information and target blood information of the target object as fourth modal 

data. 30 

[0024] In some examples, the performing feature extraction on to-be-evaluated medical 

data in each mode to obtain a plurality of feature vectors includes; 
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[0025] inputting the first modal data and the second modal data to a pre-trained neural 

network model respectively; 

[0026] performing matrix connection on medical images in the first modal data and the 

second modal data respectively through a hard-wired layer of the neural network model; 

[0027] performing convolution calculation and maximum pooling operation on a 5 

medical image after the matrix connection through alpha 3D convolution modules of the 

neural network model to extract high-dimensional feature maps; and 

[0028] converting a high-dimensional feature map extracted from the last 3D 

convolution kernel into a one-dimensional feature vector through beta up-sampling 

modules and a full-connection layer of the neural network model to obtain the first feature 10 

vector and a second feature vector respectively. 

[0029] In some examples, the performing feature extraction on to-be-evaluated medical 

data in each mode to obtain a plurality of feature vectors includes; 

[0030] mapping text description features in the third modal data and the fourth modal 

data into corresponding numerical features; and 15 

[0031] mapping the numerical features into a two-dimensional matrix to obtain a third 

feature vector and a fourth feature vector respectively. 

[0032] In some examples, a training process of the neural network model includes: 

[0033] inputting acquired preset to-be-evaluated medical data as a training sample into a 

corresponding initial neural network model to enable the initial neural network model to 20 

output a corresponding initial feature vector; 

[0034] if the initial feature vector meets preset requirements, determining the initial 

neural network model to be successfully trained to obtain the pre-trained neural network 

model; 

[0035] if the initial feature vector does not meet the preset requirements, continuing to 25 

train the initial neural network model by adjusting a loss parameter in the initial neural 

network model until the loss parameter is fitted to reach a preset loss parameter threshold 

so as obtain the pre-trained neural network model. 

[0036] In some examples, a cross-entropy loss function is used for parameter 

back-propagation and update during training of the multimodal fusion evaluation model 30 

until the cross-entropy loss function is fitted. 

[0037] In some examples, an example of the present disclosure provides an evaluation 

device for multimodal medical data fusion, including: 
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[0038] a medical data acquisition module, configured to acquire to-be-evaluated medical 

data in multiple modes of a target object; 

[0039] an feature vector extraction module, configured to perform feature extraction on 

to-be-evaluated medical data in each mode to obtain a plurality of feature vectors; 

[0040] an feature vector fusion module, configured to fuse the a plurality of feature 5 

vectors to obtain a fusion feature vector; and 

[0041] a multimodal fusion evaluation module, configured to input the fusion feature 

vector into a pre-trained multimodal fusion evaluation model to obtain an evaluation 

result of the to-be-evaluated medical data in multiple modes output by the pre-trained 

multimodal fusion evaluation model. 10 

[0042] In some examples, an example of the present disclosure provides an electronic 

device, including a processor, a communication interface, a memory and a 

communication bus, where the processor, the communication interface and the memory 

complete communication with each other through the communication bus; 

[0043] a memory, configured to store a computer program; and 15 

[0044] a processor, configured to implement the method steps when executing the 

program stored on the memory. 

[0045] In some examples, an example of the present disclosure provides a 

computer-readable storage medium, where a computer program is stored, where method 

steps are implemented when the computer program is executed by a processor. 20 

[0046] An evaluation method and device for multimodal medical data fusion, as well as 

a device and a storage medium provided by examples of the present disclosure may 

achieve the following technical effects: 

[0047] The examples of the present disclosure perform feature extraction on multimodal 

medical data on the basis of artificial intelligence to obtain a plurality of feature vectors, 25 

perform fusion on the obtained a plurality of feature vectors to obtain a fusion feature 

vector, use a trained multimodal fusion evaluation model to predict and evaluate 

remission degree of a target object on the basis of the fusion feature vector, and may 

assist in accurate evaluation of the disease remission degree of the target object at the 

pathological level after treatment, thus improving judgment accuracy and reducing 30 

medical risks of the target object. 

[0048] The above general description and the following detailed description are merely 

illustrative and explanatory, and are not intended to limit the present application. 
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BRIEF DESCRIPTION OF DRAWINGS 

[0049] At least one example is illustratively specified by the drawings, while the 

illustrative specification and drawings do not constitute a limitation of the example. 

Elements with the same reference numerals in the drawings are shown as similar elements, 

and the drawings do not constitute a scale limitation, and where: 5 

[0050] FIG. 1 is a schematic flowchart of an evaluation method for multimodal medical 

data fusion according to an example of the present disclosure; 

[0051] FIG. 2 is a schematic diagram of feature extraction and data evaluation of 

multimodal medical data according to an example of the present disclosure; 

[0052] FIG. 3 is a schematic structural diagram of an evaluation device for multimodal 10 

medical data fusion according to an example of the present disclosure; 

[0053] FIG. 4 is a schematic structural diagram of an electronic device according to an 

example of the present disclosure. 

DETAILED DESCRIPTION OF THE EMBODIMENTS 

[0054] In order to understand the features and technical content of examples of the 15 

present disclosure in more detail, the implementation of the examples of the present 

disclosure is described in detail below in combination with the drawings. The attached 

drawings are for reference only, not for limiting the examples of the present disclosure. In 

the following technical description, for convenience of explanation, a number of details 

are provided for a full understanding of the disclosed examples. However, without these 20 

details, at least one example may still be implemented. In other cases, in order to simplify 

the drawings, familiar structures and devices may be simplified. 

[0055] An example of the present disclosure provides an evaluation method for 

multimodal medical data fusion, as shown in FIG 1, the method including the following 

steps: 25 

[0056] S101, acquiring to-be-evaluated medical data in multiple modes of a target 

object; 

[0057] S102, performing feature extraction on to-be-evaluated medical data in each 

mode respectively to obtain a plurality of feature vectors; 

[0058] S103, fusing the a plurality of feature vectors to obtain a fusion feature vector; 30 
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and 

[0059] S104, inputting the fusion feature vector into a pre-trained multimodal fusion 

evaluation model to obtain an evaluation result of the to-be-evaluated medical data in 

multiple modes output by the pre-trained multimodal fusion evaluation model. 

[0060] In some examples, the acquiring the to-be-evaluated medical data in multiple 5 

modes of the target object includes at least three of the following: 

[0061] acquiring a rectal cancer image data set of the target object as first modal data 

though an endoscope, where the rectal cancer image data set at least includes a 

macro-view image (usually 1), a near-view image (usually 1) and a micro-view image 

(usually 2) determined according to a tumor region or a regressing tumor region; the 10 

macro-view image refers to a panoramic image of an area within a first preset distance 

range from the tumor region or the regressing tumor region and facing the center of the 

intestinal cavity, for example, a panoramic image of an area 0.8mm-20mm away from the 

"tumor region" or the "regressing tumor region" and facing the center of the intestinal 

cavity is taken as the macro-view image; a near-view image refers to an image with the 15 

longest boundary of the tumor region or the regressing tumor region less than a preset 

zoom ratio of a view field boundary, for example, an image taken when the longest 

boundary of the "tumor region" or the "regressing tumor region" is less than 10% of the 

view field boundary is regarded as the near-view image; and the micro-view image refers 

to a local image that is within a preset threshold range (for example, within 0.8mm) from 20 

the tumor region or the regressing tumor region and faces the tumor surface. 

[0062] acquiring a rectal cancer magnetic resonance image data set of the target object 

as second modal data, where the rectal cancer magnetic resonance image data set includes 

initial rectal cancer magnetic resonance image data and target rectal cancer magnetic 

resonance image data; marking a tumor region or a regressing tumor region in the initial 25 

rectal cancer magnetic resonance image data and the target rectal cancer magnetic 

resonance image data respectively through automatic or manual annotation to obtain a 

plurality of slice images containing the tumor region or the regressing tumor region. 

Where, the initial rectal cancer magnetic resonance image data may be data of the target 

object before treatment, and the target rectal cancer magnetic resonance image data may 30 

be data of the target object after treatment. 

[0063] acquiring an initial clinical data set and a target clinical data set of the target 

object as a third modal data, where the initial clinical data set and the target clinical data 
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set at least include personal information and case information of the target object. The 

initial clinical data set may be data of the target object before treatment, and the target 

clinical data set may be data of the target object after treatment. Personal information of 

the target object may include but not limited to age, height, weight and other information. 

Case information of the target object may include but not limited to family history of 5 

malignant tumor, personal history of tumor, treatment plan, tumor location, tumor 

differentiation degree, T staging before treatment, N staging before treatment, depth of 

tumor invasion, distance from tumor to anal edge and other information. 

[0064] acquiring initial tumor marker information, target tumor marker information, 

initial blood information and target blood information of the target object as fourth modal 10 

data. Where, the initial tumor marker information and the initial blood information may 

be data of the target object before treatment, and the target tumor marker information and 

the target blood information may be data of the target object after treatment. Optionally, 

the initial tumor marker information and the target tumor marker information may include 

but not limited to data of carbohydrate antigen 125 (CA125), carbohydrate antigen 153 15 

(CA153), carbohydrate antigen 199 (CA199), carcinoembryonic antigen (CEA) and 

alpha-fetoprotein (AFP); and the initial blood information and the target blood 

information may include but not limited to blood routine data such as red blood cells, 

hemoglobin, platelets, platelet volume, white blood cells, neutrophils, lymphocytes, 

monocytes, C-reactive protein, hypersensitive C-reactive protein, total protein, albumin 20 

and prealbumin. 

[0065] In some examples, the performing feature extraction on to-be-evaluated medical 

data in each mode to obtain a plurality of feature vectors includes; 

[0066] inputting first modal data to a pre-trained first neural network model; 

[0067] performing matrix connection on a macro-view image, a near-view image and a 25 

micro-view image through a hard-wired layer of the first neural network model; 

[0068] performing convolution calculation and maximum pooling operation on the 

macro-view image, the near-view image and the micro-view image after the matrix 

connection through alpha 3D convolution modules of the first neural network model to 

extract high-dimensional feature maps; and 30 

[0069] converting a high-dimensional feature map extracted from the last 3D 

convolution kernel into a one-dimensional feature vector through beta up-sampling 

modules and a full-connection layer of the first neural network model to obtain a first 
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feature vector, where alpha may be 7 and beta may be 5. 

[0070] In some examples, the performing feature extraction on to-be-evaluated medical 

data in each mode to obtain a plurality of feature vectors includes; 

[0071] inputting second modal data to a pre-trained second neural network model; 

[0072] performing matrix connection on a plurality of slice images containing a tumor 5 

region or a regressing tumor region marked in the second modal data through a 

hard-wired of the second neural network model; 

[0073] performing convolution calculation and maximum pooling operation on a slice 

image after the matrix connection through alpha 3D convolution modules of the second 

neural network model to extract high-dimensional feature maps; and 10 

[0074] converting a high-dimensional feature map extracted from the last 3D 

convolution kernel into a one-dimensional feature vector through beta up-sampling 

modules and a full-connection layer of the second neural network model to obtain a 

second feature vector, where alpha may be 5 and beta may be 3. 

[0075] In some examples, a training process of the first neural network model and the 15 

second neural network model includes: 

[0076] inputting acquired preset to-be-evaluated medical data as a training sample into a 

corresponding initial neural network model to enable the initial neural network model to 

output a corresponding initial feature vector; 

[0077] if the initial feature vector meets preset requirements, determining the initial 20 

neural network model to be successfully trained to obtain the pre-trained neural network 

model; 

[0078] if the initial feature vector does not meet the preset requirements, continuing to 

train the initial neural network model by adjusting a loss parameter in the initial neural 

network model until the loss parameter is fitted to reach a preset loss parameter threshold 25 

so as obtain the pre-trained neural network model. 

[0079] Optionally, the first neural network model and the second neural network model 

may adopt a 3D convolution network (3DCNN), which is not limited by the examples of 

the present disclosure. 

[0080] In some examples, the performing feature extraction on to-be-evaluated medical 30 

data in each mode to obtain a plurality of feature vectors includes; 

[0081] mapping text description features in third modal data and fourth modal data into 

corresponding numerical features; and 
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[0082] mapping numerical features into a two-dimensional matrix to obtain a third 

feature vector and a fourth feature vector respectively. 

[0083] Optionally, in the process of feature extraction for the third modal data, if the 

target object has no family history of malignant tumor, it is mapped to the number 0; If 

the target object has a family history of malignant tumor, it is mapped to the number 1; 5 

similarly, other text description features are mapped to corresponding numerical features 

as follows: 

[0084] Personal history of tumor (no 0, yes 1), recurrent tumor (yes 1, no 0), 

neoadjuvant chemotherapy (yes 1, no 0), neoadjuvant radiotherapy (yes 1, no 0), 

treatment plan (single 1, double 2, triple 3), tumor location (upper rectal 1, middle rectal 2, 10 

lower rectal 3), tumor differentiation degree (high differentiation degree 1, medium 

differentiation degree 2, low differentiation degree 3) and size (accounting for 1/3 of 

intestinal circumference 0, accounting for 2/3 of intestinal circumference 1, accounting 

for whole of intestinal circumference 2). 

[0085] As shown in FIG 2, in some examples, the inputting a fusion feature vector into a 15 

pre-trained multimodal fusion evaluation model to obtain an evaluation result of 

to-be-evaluated medical data in multiple modes output by the pre-trained multimodal 

fusion evaluation model includes: 

[0086] splicing each feature vector in the fusion feature vector horizontally to obtain a 

first matrix W(In) of feature vector, and coding position of the first matrix W(In) of 20 

feature vector by a first function to obtain a second matrix W(P) of feature vector. The 

formula is as follows: 

 

[0087] where, t represents a sub-vector in the first matrix W(In) of feature vector; p(t) 

represents a coding result corresponding to the t value; pos indicates which feature vector 25 

the vector t belongs to; i represents a sequence number of the vector t in the first matrix 

W(In) of feature vector; and d represents the number of horizontal dimensions of the first 

matrix W(In) of feature vector; 

[0088] inputting the second matrix W(P) of feature vector into a second function, and 

calculating and obtaining a high-dimensional feature representation matrix W(M) on a 30 
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subspace. The formula is as follows: 

 

[0089] where, a CONCAT function represents the second function, and F(1), F(2)... F(i) 

represents the ith feature sub-vector in the second matrix W(P) of feature vector is 

conducted the formula F calculation; represents transposition of the first matrix W(In) 5 

of feature vector; 

[0090] x in F(i) represents the ith feature sub-vector in the input second matrix W(P) of 

feature vector; Q, K and V represent the linear sensing layer of parameter n of the hidden 

layer of the multimodal fusion evaluation model; and Q (x) represents linear regression of 

x; and 10 

[0091] coding feature vectors of each image through an encoder of the multimodal 

fusion evaluation model, inputting output W(Out) of the encoder to a linear regression 

layer, converting W(Out) to a low-dimensional feature representation matrix through the 

linear regression layer, and finally outputting an evaluation result through operation of a 

softmax function. A decision is completed by inputting first, second, third and fourth 15 

feature vectors to the pre-trained multimodal fusion evaluation model, and a final result is 

an evaluation result of complete or incomplete disease remission of the target object, as 

well as probability corresponding to the evaluation result, such as probability of complete 

remission and probability of incomplete remission. 

[0092] Optionally, a cross-entropy loss function is used for parameter back-propagation 20 

and update during training of the multimodal fusion evaluation model until the 

cross-entropy loss function is fitted. 

[0093] An example of the present disclosure further provides an evaluation device for 

multimodal medical data fusion, as shown in FIG 3, the device includes: 

[0094] a medical data acquisition module 301, configured to acquire to-be-evaluated 25 

medical data in multiple modes of a target object; 

[0095] an feature vector extraction module 302, configured to perform feature extraction 

on to-be-evaluated medical data in each mode to obtain a plurality of feature vectors; 

[0096] an feature vector fusion module 303, configured to fuse the a plurality of feature 
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vectors to obtain a fusion feature vector; and 

[0097] a multimodal fusion evaluation module 304, configured to input the fusion 

feature vector into a pre-trained multimodal fusion evaluation model to obtain an 

evaluation result of the to-be-evaluated medical data in multiple modes output by the 

pre-trained multimodal fusion evaluation model. 5 

[0098] An example of the present disclosure further provides an electronic device, 

where the structure thereof is shown as FIG.4, including: 

[0099] A processor 400 and a memory 401, further probably including a communication 

interface 402 and a communication bus 403. Where, the processor 400, the 

communication interface 402 and the memory 401 may complete communication with 10 

each other through the communication bus 403. The communication interface 402 may be 

used for information transmission. The processor 400 may call logic instructions in the 

memory 401 to execute an evaluation method of multimodal medical data fusion in the 

examples. 

[00100] Besides, If implemented in a form of software functional units, and sold or used 15 

as independent products, the logic instructions in the memory 401 may be stored in a 

computer-readable storage medium. 

[00101] As a computer-readable storage medium, the memory 401 may be applied to 

storage software programs and computer executable programs, such as program 

instructions/modules corresponding to the method in the examples of the present 20 

disclosure. The processor 400 performs function application and data processing by 

running the program instructions/modules stored in the memory 401, so as to implement 

the evaluation method for multimodal medical data fusion in the method examples. 

[00102] The memory 401 may include a program storage area and a data storage area, 

where the program storage area may store an operating system, at least one application 25 

program required by a function, etc.; and the data storage area may store data created on 

the basis of usage of an electronic device, etc. In addition, the memory 401 may include a 

high-speed random access memory, and may further include a non-volatile memory. 

[00103] An example of the present disclosure further provides a computer-readable 

storage medium, which stores computer-executable instructions that are set to implement 30 

the evaluation method for multimodal medical data fusion. 

[00104] An example of the present disclosure provides a computer program product, 

which includes a computer program stored on a computer-readable storage medium. The 
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computer program includes program instructions. When the program instructions are 

executed by a computer, the computer is enabled to implement the evaluation method for 

multimodal medical data fusion. 

[00105] The computer-readable storage medium may be a transient computer-readable 

storage medium or a non-transient computer-readable storage medium. 5 

[00106] An evaluation method and device for multimodal medical data fusion, as well as 

a device and a storage medium provided by examples of the present disclosure adopt a 3D 

convolution network (3DCNN) technology to fuse multi-view images, and extract fusion 

features of macro-view images, near-view images and micro-view images of rectal cancer 

under endoscope. In view of the traditional machine learning prediction model, input 10 

requires a standardized data format, and performance may be affected greatly if the input 

requirement is not met; while the multimodal fusion evaluation model based on artificial 

intelligence proposed in the present application not only has excellent performance, but 

also has self-attention weight, may still have relatively excellent performance in the case 

of partial missing data (at least three modal data of four modal data should be input) by 15 

relying on self-perception ability, and may output an evaluation result quickly and 

accurately, thereby being closer to the clinical use scenario. The model may assist in 

accurate evaluation of the disease remission degree of a target object at the pathological 

level, thus improving judgment accuracy and reducing medical risks of the target object. 

[00107] Technical solutions of examples of the present disclosure may be embodied in a 20 

form of a software product; and the computer software product is stored in a storage 

medium and includes at least one instruction which is used to enable a computer device 

(which may be a personal computer, a server, or a network device, etc.) to execute all or 

part of steps of the method described in the examples of the present disclosure. The 

foregoing storage medium may be a non-transient storage medium, including: USB flash 25 

disk, removable hard disk, read-only memory (ROM), random access memory (RAM), 

magnetic disk or optical disk and other media that may store program codes, and may also 

be a transient storage medium. 

[00108] The above description and drawings fully illustrate the examples of the present 

disclosure to enable those skilled in the art to practice them. Other examples may include 30 

structural, logical, electrical, procedural and other changes. The examples represent only 

possible changes. Unless explicitly required, individual components and functions are 

optional, and the order of operation may be changed. The parts and features of some 
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examples may be included in or replace those of other examples. The scope of the 

examples of the present disclosure includes the entire scope of the claims and all available 

equivalents of the claims. When used in this application, although the terms "first" and 

"second" may be used in this application to describe various elements, these elements 

should not be limited by these terms. These terms are only used to distinguish one 5 

component from another. For example, without changing the meaning of the description, 

the first component may be called the second component, and similarly, the second 

component may be called the first component, as long as all the "first components" that 

appear are renamed and all the "second components" that appear are renamed. The first 

component and the second component are both components, but they may not be the 10 

same. Moreover, the words used in this application are only used to describe the examples 

and are not used to limit the claims. As used in the description of examples and claims, 

unless the context clearly indicates, "a", "an" and "the" in the singular form are intended 

to also include the plural form. Similarly, the term "and/or" as used in the present 

application refers to any or all possible combinations of one or more associated listed 15 

items. In addition, when used in this application, the term "comprise" and its variant 

"comprises" and/or “comprising" refer to the existence of the stated features, whole, steps, 

operations, elements, and/or components, but do not exclude the existence or addition of 

one or more other features, whole, steps, operations, elements, components, and/or 

groupings thereof. In the absence of more limitations, an element defined by “include a...” 20 

does not exclude other same elements existing in the process, method or device including 

the element. In the specification, each example may focus on the differences from the 

other examples, and the same or similar parts between the various examples may refer to 

each other. For the method and product disclosed in the examples, if they correspond to 

the method section disclosed in the examples, the description of the method section may 25 

be referred to for relevance. 

[00109] Those skilled in the art may realize that in combination with units and 

algorithmic steps of each example described in the examples of the present disclosure, the 

examples of the present disclosure can be realized in the form of electronic hardware or a 

combination of computer software and electronic hardware. Whether these functions are 30 

performed in hardware or software may depend on the specific application and design 

constraints of the technical solution. Those skilled in the art may use different methods 

for each specific application to realize the described functions, but such realization should 
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not be considered beyond the scope of the examples of the present disclosure. Those 

skilled in the art may clearly understand that for the convenience and conciseness of the 

description, the working process of the system, device and unit described above may refer 

to the corresponding process in the previous method examples, and will not be described 

in detail. 5 

[00110] In the disclosed examples, the disclosed methods and products (including but not 

limited to devices, equipment, etc.) may be implemented in other ways. For example, the 

above-described apparatus examples are merely schematic, for example, the division of 

the units may be merely a logical function division, and there may be other division 

manners in actual realization, for example, a plurality of units or components may be 10 

combined or integrated into another system, or some features may be ignored or not 

executed. Besides, the mutual coupling or direct coupling or communication connection 

shown or discussed may be indirect coupling or communication connection of the 

apparatuses or units through some interfaces, and may be electrical, mechanical or in 

other forms. The units described as separate components may or may not be physically 15 

separated, and the components displayed as units may or may not be physical units, that is, 

the components may be located in one place, or may be distributed to a plurality of 

network units. Part or all of the units may be selected according to actual needs to realize 

the examples. In addition, various functional units in the examples of the present 

disclosure may be integrated in one processing unit, or each unit may exist individually 20 

and physically, or two or more units may be integrated in one unit. 

[00111] The flowcharts and block diagrams in the drawings show the possibly 

implemented architecture, functions and operations of the systems, methods and computer 

program products in the examples of the present disclosure. In this regard, each block in 

the flowcharts or block diagrams may represent a module, program segment, or part of a 25 

code, and the module, program segment, or part of the code includes at least one 

executable instruction for implementing the specified logical functions. In some 

alternative implementations, the functions annotated in the blocks may also occur in a 

different order from the order annotated in the drawings. For example, two consecutive 

blocks may actually be executed substantially in parallel, or they may sometimes be 30 

executed in a reverse order, which depends on the functions involved. In the description 

corresponding to the flowcharts and block diagrams in the drawings, the operations or 

steps corresponding to different blocks may also occur in a different order from the 
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sequence disclosed in the description, and sometimes there is no specific sequence 

between different operations or steps. For example, two consecutive blocks may actually 

be executed substantially in parallel, or they may sometimes be executed in a reverse 

order, which depends on the functions involved. Each block in the block diagrams and/or 

flowcharts, and a combination of the blocks in the block diagrams and/or flowcharts, may 5 

be implemented by a dedicated hardware-based system that performs the specified 

functions or actions, or may be implemented by a combination of dedicated hardware and 

computer instructions.
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What is claimed is:  

1. An evaluation method for multimodal medical data fusion, the method 

comprising: 

acquiring to-be-evaluated medical data in multiple modes of a target object; 

performing feature extraction on to-be-evaluated medical data in each mode to 5 

obtain a plurality of feature vectors; 

fusing the a plurality of feature vectors to obtain a fusion feature vector; and 

inputting the fusion feature vector into a pre-trained multimodal fusion evaluation 

model to obtain an evaluation result of the to-be-evaluated medical data in multiple 

modes output by the pre-trained multimodal fusion evaluation model. 10 

2. The method according to claim 1, wherein the inputting the fusion feature vector 

into a pre-trained multimodal fusion evaluation model to obtain an evaluation result of the 

to-be-evaluated medical data in multiple modes output by the pre-trained multimodal 

fusion evaluation model comprises: 

splicing each feature vector in the fusion feature vector horizontally to obtain a first 15 

matrix W(In) of feature vector, and coding position of the first matrix W(In) of feature 

vector by a first function to obtain a second matrix W(P) of feature vector. The formula is 

as follows: 

 

wherein, t represents a sub-vector in the first matrix W(In) of feature vector; p(t) 20 

represents a coding result corresponding to the t value; pos indicates which feature vector 

the vector t belongs to; i represents a sequence number of the vector t in the first matrix 

W(In) of feature vector; and d represents the number of horizontal dimensions of the first 

matrix W(In) of feature vector; 

inputting the second matrix W(P) of feature vector into a second function, and 25 

calculating and obtaining a high-dimensional feature representation matrix W(M) on a 

subspace. The formula is as follows: 
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wherein, a CONCAT function represents the second function, and F(1), F(2)... F(i) 

represents the ith feature sub-vector in the second matrix W(P) of feature vector is 

conducted the formula F calculation; represents transposition of the first matrix W(In) 

of feature vector; 5 

x in F(i) represents the ith feature sub-vector in the input second matrix W(P) of 

feature vector; Q, K and V represent the linear sensing layer of parameter n of the hidden 

layer of the multimodal fusion evaluation model; and Q (x) represents linear regression of 

x; and 

coding the feature vector of each image through an encoder of the multimodal fusion 10 

evaluation model, inputting output W(Out) of the encoder to a linear regression layer, 

converting W(Out) to a low-dimensional feature representation matrix through the linear 

regression layer, and finally outputting an evaluation result through operation of a 

softmax function. 

3. The method according to claim 1, wherein the acquiring the to-be-evaluated 15 

medical data in multiple modes of a target object comprises at least three of the following: 

acquiring a rectal cancer image data set of the target object as first modal data, 

wherein the rectal cancer image data set at least comprises a macro-view image, a 

near-view image and a micro-view image determined according to a tumor region or a 

regressing tumor region; 20 

acquiring a rectal cancer magnetic resonance image data set of the target object as 

second modal data, wherein the rectal cancer magnetic resonance image data set 

comprises initial rectal cancer magnetic resonance image data and target rectal cancer 

magnetic resonance image data; marking a tumor region or a regressing tumor region in 

the initial rectal cancer magnetic resonance image data and the target rectal cancer 25 

magnetic resonance image data respectively to obtain a plurality of slice images 

containing the tumor region or the regressing tumor region; 

acquiring an initial clinical data set and a target clinical data set of the target object 

as a third modal data, wherein the initial clinical data set and the target clinical data set at 
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least comprise personal information and case information of the target object; and  

acquiring initial tumor marker information, target tumor marker information, initial 

blood information and target blood information of the target object as fourth modal data. 

4. The method according to claim 3, wherein the performing feature extraction on 

to-be-evaluated medical data in each mode to obtain a plurality of feature vectors 5 

comprises: 

inputting the first modal data and the second modal data to a pre-trained neural 

network model respectively; 

performing matrix connection on medical images in the first modal data and the 

second modal data respectively througha hard-wired layerof the neural network model; 10 

performing convolution calculation and maximum pooling operation on a medical 

image after the matrix connection through alpha 3D convolution modules of the neural 

network model to extract high-dimensional feature maps; and  

converting a high-dimensional feature map extracted from the last 3D convolution 

kernel into a one-dimensional feature vector through beta up-sampling modules and a 15 

full-connection layer of the neural network model to obtain the first feature vector and a 

second feature vector respectively.  

5. The method according to claim 3, wherein the performing feature extraction on 

to-be-evaluated medical data in each mode to obtain a plurality of feature vectors 

comprises: 20 

mapping text description features in the third modal data and the fourth modal data 

into corresponding numerical features; and 

mapping the numerical features into a two-dimensional matrix to obtain a third 

feature vector and a fourth feature vector respectively. 

6. The method according to claim 4, wherein a training process of the neural network 25 

model comprises: 

inputting acquired preset to-be-evaluated medical data as a training sample into a 

corresponding initial neural network model to enable the initial neural network model to 

output a corresponding initial feature vector;  

if the initial feature vector meets preset requirements, determining the initial neural 30 

network model to be successfully trained to obtain the pre-trained neural network model; 

if the initial feature vector does not meet the preset requirements, continuing to train 

the initial neural network model by adjusting a loss parameter in the initial neural network 
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model until the loss parameter is fitted to reach a preset loss parameter threshold so as 

obtain the pre-trained neural network model. 

7. The method according to claim 1, wherein a cross-entropy loss function is used 

for parameter back-propagation and update during training of the multimodal fusion 

evaluation model until the cross-entropy loss function is fitted. 5 

8. An evaluation device for multimodal medical data fusion, wherein the device 

comprises: 

a medical data acquisition module, configured to acquire to-be-evaluated medical 

data in multiple modes of a target object; 

an feature vector extraction module, configured to perform feature extraction on 10 

to-be-evaluated medical data in each mode to obtain a plurality of feature vectors; 

an feature vector fusion module, configured to fuse the a plurality of feature vectors 

to obtain a fusion feature vector; and 

a multimodal fusion evaluation module, configured to input the fusion feature vector 

into a pre-trained multimodal fusion evaluation model to obtain an evaluation result of the 15 

to-be-evaluated medical data in multiple modes output by the pre-trained multimodal 

fusion evaluation model. 

9. An electronic device, wherein the device comprises a processor, a communication 

interface, a memory and a communication bus, wherein the processor, the communication 

interface and the memory complete communication with each other through the 20 

communication bus; 

a memory, configured to store a computer program; and 

a processor, configured to implement the method steps according to claim 1 when 

executing the program stored on the memory. 

10. A computer-readable storage medium, where a computer program is stored, 25 

wherein method steps according to claim 1 are implemented when the computer program 

is executed by a processor. 


