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Abstract 
Purpose: Alzheimer's disease is a disease that is difficult to detect and treat at an early 
stage. By influencing genetics to explore its pathogenesis, it can effectively reveal the link 
between pathology and genetics. However, there is a lack of effective tools to establish 
an association model from macro to micro. Method: Joint Non-negative matrix 
factorization algorithm (JNMF), which integrates genetic data, SNP data and ROI data at 
the same time to identify common modules related to diseases. Projecting three kinds of 
data to a common area realizes the extraction of a common module. Result: The 
algorithm successfully identified and studied Alzheimer's disease modules. Extracted 
modules are largely related to the concurrency of Alzheimer's disease. 
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1. INTRODUCTION 
Past research in genetics used a single data source, such as only genetic data or image data. 

Because these data are unilateral data and often contain noise, they will interfere with 
experimental results. Therefore, image genetics has become an emerging field of brain research 
[1,2], which is a combination of brain imaging technology and genetic technology to discover 
the principles of disease and discuss how genes can affect neural structure, brain function and 
Neurological diseases have an impact [3,4]. Research between genetic variables and imaging 
variables helps in the diagnosis and early treatment of brain diseases, such as Alzheimer's 
disease (AD). 

Statistical learning is a tool to promote data correlation analysis. It can detect and analyze the 
risk genes and regions of interest (ROI) of brain diseases through brain imaging and genetic 
technology. Statistical methods affecting genetics are divided into univariate gene and 
univariate image, univariate gene regression univariate image, multivariate image regression 
univariate gene, multivariate gene regression multivariate image, and multivariate gene 
association multivariate image. The variable analysis method was developed by Stein et al. after 
2010 based on the whole-genome association analysis based on univariate voxel level [5]. The 
non-negative matrix factorization (NMF) algorithm is a method of multivariate gene regression 
to multivariate images. This algorithm has been widely used in image genetics since its birth. 
This method is based on the combination of two Different types of data matrices are projected 
onto a common feature space, and then variables with large coefficients in the space will form 
a common module [6], and then the filtered modules can be analyzed to further explore the 
pathogenic genes. At the same time, another method that is often used by people is the 
Canonical Correlation Analysis method, which is a method of multivariate gene association 
multivariate images. This method is to find a linear combination of two sets of variables to make 
genes and images. The correlation or covariance between the two pieces of data is the largest 
[7], which solves the problem of multivariate gene and multivariate image association. 
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Alzheimer's disease is the most important cause of senile dementia in the elderly. This 
disease has a certain impact on the life safety of patients and society [8]. According to reports, 
in the next 20 years, the number of people suffering from Alzheimer’s disease will be double; 
by 2050, on average, one out of every 85 people in the world will have Alzheimer’s disease. 
Symptoms [9]. This article is mainly to explore Alzheimer's disease genes through the joint non-
negative matrix factorization algorithm, and make sufficient preparations without advance 
detection of Alzheimer's disease and drug development. 

2. METHODS AND ELEMENTS 

2.1.  Non-negative Matrix Factorization Algorithm 

The non-negative matrix factorization (NMF) algorithm was first proposed by Professors D.D. 
Lee and H.S. Seung in the article "Learning the parts of objects by non-negative matrix 
factorization" published in 1999. The non-negative matrix factorization algorithm is widely 
used in data mining and data analysis [10]. The original non-negative matrix factorization is a 
method of decomposing an original matrix 𝑿 ∈ 𝑹  

𝒎∗𝒏  into two matrices with smaller 
dimensions. This method can be better in image processing reduce the dimensionality of data, 
which can reduce storage space and computer resources. 

The basic description of the NMF model is: decompose a non-negative matrix 𝑋 ∈ 𝑅  
∗  into 

a lower-dimensional non-negative basis matrix 𝑊 ∈ 𝑅 ∗   and a non-negative matrix The 
coefficient matrix 𝐻 ∈ 𝑅 ∗ , the objective function of the non-negative matrix is defined as: 

 
min

,
||𝑋 − 𝑊𝐻||    𝑆. 𝑇. 𝑊, 𝐻 ≥ 0                         (1) 

 
Where m represents the number of samples, n represents the number of features of the 

sample, K represents the number of modules decomposed by X, and || ∙ ||  represents the F 
norm. Where K is less than n or m, that is, (m + n) * K<m*n. 

When there are more than two sets of input matrices, there is an urgent need to find the 
connection of multiple sets of matrices. The joint NMF decomposition algorithm was created to 
solve this problem. This method is to decompose the input multiple sets of matrices into a basic 
matrix and multiple coefficient matrices. Assuming that X1 represents the feature matrix of 
single nucleotide polymorphism (SNP), X2 represents the region of interest (ROI) matrix and 
X3 represents the gene matrix, the objective function of the joint NMF can be defined as: 

 

           Γ(𝑊, 𝐻) = min
,

( ∑ ||𝑋 − 𝑊𝐻 || )     𝑆. 𝑇.  𝑊, 𝐻 ≥ 0                 (2) 

 
D.D.Lee and H.S.Seung designed an iterative algorithm to minimize the Euclidean error 

function [1]. First, set the initial values of 𝑊 and 𝐻 . Through continuous iteration, 𝑊 and 𝐻  
can obtain the smallest Euclidean function distance. The iteration formula is as following: 

 

𝑊 = 𝑊 ∗
( )

( )
                          (3) 

 

(𝐻 ) = (𝐻 ) ∗
( )

( )
    I=1,2,3                         (4) 
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According to the above iteration rules, we can find W and H that can make the result more 
accurate, and then further analyze. 

2.2. Selection of module Elements 

Through the NMF algorithm, we have obtained more suitable W and H. The original three 
data matrices share a basic matrix W, which can be regarded as the common image feature 
matrix of SNP feature matrix X1, ROI matrix X2 and gene matrix X3. H1, H2, and H3 represent 
the characteristic coefficient matrix after decomposition of X1, X2, and X3. In order to find the 
weight value corresponding to the distinctive feature of each row of W, the z score is used to 

extract the coefficient of each row of the H matrix. The definition of Z score: 𝑧 =
( )

 , 

where ℎ   represents the element in H, 𝜇   represents the average value of all elements in 

column j of H, and 𝜎 represents the standard deviation. Each element will get a z-score, and 
then by setting a threshold T, if the z-score of an element can be greater than the threshold T, it 
can indicate that the element is eligible to be assigned to the module. 

2.3. Module Scoring Method 

Not all modules are meaningful, and further screening of modules is needed. The following 
method is used to determine the score of the module, so that a suitable module can be selected 
for analysis. 

For the Q-th module 𝑆 = {𝑆 , 𝑆 , 𝑆 } , assume that 𝐴 = [𝑎 , 𝑎 , ⋯ , 𝑎 ] , 𝐵 =

[𝑏 , 𝑏 , ⋯ , 𝑏 ] and 𝐶 = [𝑐 , 𝑐 , ⋯ , 𝑐 ]where𝑎 , 𝑏  𝑎𝑛𝑑 𝑐  are column vectors selected from 
X1, X2, and X3 according to 𝑆 , 𝑆 , 𝑆  , respectively. Based on the above assumption, the mean 
of correlations among the three types of datasets in a module can be expressed as follows: 

 

 𝜌∗ = （ ∑ ∑ (𝜌 𝑎 , 𝑏 ) + ∑ ∑ (𝜌(𝑏 , 𝑐 )) )             (5) 

 
For a given matrix 𝐶  , we randomly change the order of the row vectors of the matrices 𝐴  

and𝐵 in Q-th module, and repeat this process  times. For each permutation, 𝜌∗ is used as the 
null hypothesis of mean correlation, and 𝜌∗  is the new mean correlation coefficient calculated 
by Eq. (5) after the row of permutation matrix 𝐴 and 𝐵  . The significance of the test statistic 
can be estimated by 

 
 𝑃 − 𝑣𝑎𝑙𝑢𝑒 = |{𝜃|𝜌∗ ≥ 𝜌∗, 𝜃 = 1, 2, ⋯ , ∆}|/∆                      (6) 

 
Where| ∙ |denotes the number of times𝜌∗ ≥ 𝜌∗ . If the P-value is less than 0.05, we consider 

this module is significant. 

3. EXPERIMENTS AND RESULTS 

3.1. MRI Data Processing 

The data used in the experiment came from the ADNI database (http://adni.loni.usc.edu/). 
In this experiment, there were 25 non-Hispanic white participants with MRI imaging and 
genotyping data. These 25 volunteers are all patients with Alzheimer's disease (AD), as shown 
in Table 1. 
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Table 1. Selected sample information 
Group Number Gender(M/F) Age(mean±std) MMSE(mean) 

AD 25 13/12 76.64±6.88 22.46 

 
The original MRI image used in the experiment was downloaded from ADNI1. First, the 

DiffusionKit software was used to realize the head movement correction of the original MRI 
image and register it to the MNI standard space; secondly, the CAT in the SPM toolkit in the 
MATLAB software was used to realize the correction. MRI image segmentation; next, use the 
corresponding function in the CAT toolkit to divide each MRI image into 142 ROI (region of 
interest); finally, calculate the volume of gray matter in the selected 136 ROI as a feature. 

3.2. SNP Data Processing 

A total of 25 people with both MRI and SNP data were selected from ADNI1. The quality 
control of the data, MAF <0.05, HWE p <10-6, poor call rate <90%, etc., finally obtained 25 
samples of SNP data. In order to solve the influence of genotype deletion on downstream 
analysis, genotype filling of SNP data is required. We selected 1000G phase3 v5 as the reference 
panel for genotype filling, and used liftover software to convert the hg18-based SNP data on 
ADNI1 to hg19-based data for better comparison with the reference panel. 

3.3.  Parameter Selection for Module Acquisition 

Parameter selection is very important for the data analysis filtered from the modules in the 
later stage. The parameters include the selection of the number of modules K and the threshold 
T. The choice of K is related to the number of modules analyzed at the end. In order to be able 
to visually see what changes are made between the selection of different K reconstruction 
matrices, we separately analyze the SNP matrix and 𝑊 ∗ 𝐻  , ROI matrix and 𝑊 ∗ 𝐻  , gene 
matrix Perform Pearson correlation coefficient analysis with 𝑊 ∗ 𝐻 . When the threshold T is 
set to 3, set the K value to 5, 10, 15, 20, 25, 30, and 35 for analysis. The analysis results are shown 
in the figure 1 shown. Among them, the Pearson correlation analysis value of the SNP original 
matrix and the reconstructed matrix increases with the increase of the K value. When K 
increases to 25, the Pearson correlation coefficient value has reached 0.9, which is a very strong 
correlation. The growth of the Sen correlation coefficient value gradually becomes slow, and the 
K value should not be too large. Otherwise, it will affect the analysis of the module, and finally 
we choose K=30 for experimental analysis. 

 
Figure 1. Pearson correlation analysis of the original matrix and the reconstructed matrix 

under different K values 
 

The selection of the T value plays a vital role in the data in the module; if the T value is too 
large, it will cause many modules to not contain any elements, and thus cannot be used in the 
module scoring; if the T value is selected too small, it will cause many elements in the module 
to interfere with the analysis. Through experiments, the T of SNP is set to 5, the T of ROI is set 
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to 4, and the T of gene is set to 2, so an excellent number of modules can be obtained from it, 
which plays a vital role in the subsequent module analysis. 

3.4. The Selection of Module 

By using the module scoring method in formula (6) to filter suitable modules for analysis, the 
module score P-value must not only be greater than 0, but also need to be less than 0.05; finally, 
we selected the modules, as shown in Table 2. It contains 2 modules. Due to the large number 
of modules, we chose the module with the smallest P-value value for analysis, so we analyze the 
9th and 10th rows of the module. 

 
Table 2. Modules with P-value greater than 0 and less than 0.05 

Module index P-value 
7 0.0151 
9 2.5121e-92 

10 5.5204e-04 

4. ANALYSIS OF RESEARCH RESULTS 
It can be seen from Table 3 that we have selected 9 risk genes from SNP data from module 9. 

Since the genome-wide (GWAS) association study was first published in 2005, the GWAS related 
to Alzheimer's disease (AD) has confirmed some risk genes for imaging AD, including CR1. [11] 
The expression of HIF-1a, APP, HIV-1 tat-interacting protein 2 and MEF2C increased, while the 
expression of endoglin, lipoprotein b1 and HIF-2a decreased in the three endothelial cell lines. 
These data indicate the role of endothelial cells in Alzheimer's disease provides additional 
evidence. [12] SORL1 polymorphisms have important associations with Alzheimer's disease. 
These associations are based on the tested single nucleotide polymorphisms (rs641120, 
rs1010159) and Alzheimer's disease susceptibility in Asian populations. The increased risk 
between time and the correlation between the single nucleotide polymorphism rs689021 and 
the risk reduction in Caucasians have been confirmed by the conclusions of these experimental 
analyses. [13] ITPK1 is a regulatory enzyme, which plays an important role in life, especially in 
the literature [14] that the increase or decrease of ITPK1 is closely related to people’s cognitive 
ability, so ITPK1 is the function of risk genes is generally considered to have a certain influence 
on the formation of Alzheimer's disease. Yu L [15] studied the association between SLC24A4 
gene and Alzheimer’s disease and dissected 740 volunteers aged 66.0 to 108.3 and found the 
brain DNA in SORL1, ABCA7, HLA-DRB5, SLC24A4 and BIN1. Basis is associated with 
pathological AD. RIN3 gene is believed that Rab5 in the literature [16] has an effect on the 
human body and therefore affects the signal transmission in the body, which can further induce 
endosomal dysfunction in Alzheimer's disease. 

 
Table 3. List of genes selected from SNP data 

Module index Gene number (SNP) 

9 CR1, MEF2C, LOC107986361, SORL1, MEF2C-AS1, SLC24A4 , CHGA , RIN3, ITPK1 

10 

CR1, MIR29B2, MIR29C, MIR29B2CHG, LOC148696, CR1L, BFSP2, BFSP2-AS1, TF, 
CELF1, MEF2C, PTPMT1, SORL1, LOC105369535, LOC105370627, SLC24A4 , GOLGA5, 

CHGA, RIN3, ITPK1, ADAM10, HSP90AB4P, RNF111, CNN2, ABCA7 , LOC114325881, 
ARHGAP45 

 
We have screened out 27 risk genes from module 10, of which 6 risk genes overlap with those 

in module 9, which further illustrates that these 7 risk genes play an important role in the 
complication of Alzheimer’s disease. Important role, and these risk genes have a certain 
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auxiliary role in the diagnosis of Alzheimer’s disease and drug development. Sullivan SE [17] 
discovered a large number of susceptibility genes in the pathological process of Alzheimer’s 
disease, including many genes with poor characteristics. Through the study of neurons and 
astrocytes derived from human induced pluripotent stem cells. As a tool, we finally discovered 
five genes in neurons (CNN2, GBA, GSTP1, MINT2 and FERMT2) and nine genes in astrocytes 
(CNN2, ITGB1, MINT2, SORL1, VLDLR, NPC1, NPC2), PSAP and SCARB2) significantly changed 
the level of extracellular amyloid β (Aβ), thus affecting the occurrence of Alzheimer’s disease. 
miR-29a, miR-29b and miR-29c are the three more mature genes in the microRNA-29 family 
(miRNA-29s), which are closely related to the pathogenesis of Alzheimer’s disease. Through 
experimental tests, we finally get the conclusion that miR-29c may be involved in the 
neurodegenerative process by regulating NAV3 expression in juvenile AD mice. [18] 

13 ROIs were screened out by NMF algorithm, namely Right Cerebral White Matter, Right 
Anterior Insula, Right Angular Gyrus, Left Calcarine and Cerebrum, Right Middle Frontal Gyrus, 
Right Posterior Cingulate Gyrus, Right Precuneus, Left Parahippocampus Gyrus, Left Posterior 
Orbital, Right Supramarginal Gyrus, Left Superior Occipital Gyrus, Left Superior Temporal Gyrus 
and Right Superior Temporal Gyrus. Right Anterior Insula has experimentally proved in the 
literature [19] that the right anterior island is the core area of the neural basis of hallucinations 
in cognitive neurodegenerative diseases (AD or AD and DLB), and has an important influence 
on cognitive neurodegenerative diseases. ; Right Middle Frontal Gyrus found in the literature 
[20] that the patient’s right middle frontal gray matter volume is significantly correlated with 
the connectivity from the right parietal cortex to the right middle frontal gyrus and from the 
middle frontal gyrus to the right frontal gyrus. It is found that the regional gray quality of early 
AD patients directly leads to the reduction of the effective connectivity of the frontal parietal 
circuit of the patient, which leads to the impaired will of the patient; the Pearson correlation 
coefficient between Parahippocampus Gyrus (PHG) and the whole brain is calculated through 
experiments. Calculate the PHG connectivity model, and finally found that the connection 
strength of the left PHG-PCC/Pcu and the left PHG-left MTG is positively correlated with the 
weak state check. When the early AD develops into severe AD, the functional link to PHG 
becomes more and more stringent [21]; Left Posterior Orbital Gyrus conducted an experiment 
with 26 patients in the literature [22] and found that the test score was positively correlated 
with the ratio of N-acetylaspartate to creatine in the left posterior cingulate gyrus It shows that 
the left cingulate gyrus hindbrain affects the common behavioral and psychological symptoms 
of agitation and depression in AD patients. 

In order to analyze the image of genes for AD, we performed GO enrichment analysis, KEGG 
enrichment analysis and PPI network graph application on the genes. First, from the three 
images of GO enrichment analysis, cellular response to interleukin-1, cellular response to 
interferon-gamma, positive regulation of inflammatory response, neutrophil chemotaxis, 
immune response, protein targeting to Golgi, external side of plasma membrane was screened 
out. 8 genes of chemokine activity. It is mentioned in the literature [23] that the increase of 
interleukin 1 in astrogliosis may directly lead to AD, and this conclusion is obtained by 
comparing AD with interleukin 1 in Down syndrome; Yeung CHC passed The experiment tested 
46 kinds of systemic inflammation modulators, only 5 kinds of systemic inflammation 
modulators are related to AD, including interferon-gamma[24]; immune response is only when 
microglia recognize exogenous Or the endogenous central nervous system is damaged. In the 
literature [25], the role of microglia in the pathogenesis of AD and the regulation of microglia 
activity as a treatment method are described in detail, and finally the conclusion is that immune 
response has a certain effect on AD; in the literature [26] mentioned in the pathological 
condition of Alzheimer’s disease, chemokines recruit T cells and control microglia/macrophage 
activation to promote inflammation. 
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(B) 

 
(C) 

Figure 2. A-C GO enrichment analysis 
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Figure 3. KEGG enrichment analysis 

 
Secondly, we screened 3 genes from the KEGG enrichment analysis graph, namely 

Hematopoietic cell lineage, antigen processing and presentation and Staphylococcus aureus 
infection. In the literature [27], it is found that the modules of Hematopoietic cell lineage and 
AD and RBM8A-low are positively correlated; in the literature [28], it is observed that HSP70 
induces the up-regulation of multiple genes involved in antigen processing and presentation, 
which has a certain impact on AD. 

 

 
Figure 4. PPI network diagram 

 
Finally, through the PPI network diagram, we screened out 5 genes, including FOXP3, CCL5, 

CD33, C3AR1, ALAS2. In the literature [29], the transient depletion of Foxp3 regulatory T cells 
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(Tregs) or the pharmacological inhibitory effect on its activity, and the targeted Treg-mediated 
systemic immunosuppression to treat AD, so we can detect and treat AD through FOXP3. 
Experiments in the literature [30] show that CCL5 can help distinguish AD from control, which 
further proves the effect of CCL5 on AD. 

5. CONCLUSION 
The main contributions of this paper can be summarized as following. First, we apply the 

non-negative matrix factorization algorithm to the search of Alzheimer’s disease risk genes, 
brain ROI and SNP; secondly, we use the three elements of SNP, ROI and genes in the article for 
joint analysis; finally, this article the conclusions drawn by the non-negative matrix factorization 
algorithm used in this article can provide a reference for the algorithm to be improved on the 
approximate algorithm, so that the conclusions can be further optimized. 
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