










2168-2194 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/JBHI.2022.3151084, IEEE Journal of
Biomedical and Health Informatics

1) Transform the format of image data to NIFTI; 
2) Delete the first 10 time points to decrease the adverse 

impact produced by the magnetic field; 
3) Correct the time difference between layers; 
4) Correct head motion, and eliminate data exceeding the 

range of 2.5mm; 
5) Normalize images with echo-planar imaging template to 

compensate the differences among the anatomical 
structures of subjects during data acquisition; 

6) Gaussian smooth the normalized image [33]; 
7) Retain signals with pathological significance using the 

delinearized drift; 
8) Filter signal in the range of 0.1 Hz-0.8 Hz to reduce the 

effect of physiological noise; 
9) Remove the interference from whole-brain signals and 

white matter signals with linear regression. 
Similarly, it is necessary to perform preprocessing on gene 

data to ensure its quality. We acquired the SNP data on the 
Illumina Omni 2.5M BeadChip, and preprocessed them by 
PLINK software [34]. The details are as follows: 

1) Set sample’s call rate threshold at 95% in order to assess 
the total quality of the genetic data; 

2) Set the minimum allele frequency threshold, genotyping 
threshold, and the Hardy-Weinberg equilibrium test to 
0.03, 0.99, and 1e-5 respectively for eliminating the 
SNP with inferior quality. 

B. Construction of Fusion Features and WERF 
The first contribution of this study is the construction of 

fusion features using imaging genetic data. At first, fMRI and 
gene data are serialized and encoded into the numeric format. 
For fMRI data, 90 ROIs are separated using the automatic 
anatomical labeling (AAL) atlas [35] and the first 60 time 
points of each ROI are selected as the representative time series. 
The length of 60 is finalized through multiple attempts. For 
SNP data, according to the reference quantity of the 
preprocessed SNPs, we group the SNPs to represent the genes 
they belong to, and 36 gene groups with more than 30 SNPs are 
extracted. Afterward, the 4 bases (i.e., A, T, C, and G) of the 
gene are encoded into 4 discrete numbers (1, 2, 3, and 4) to 
shape a digital sequence based on the PLINK (1.07) 
documentation. The numbers 1, 2, 3, and 4 are just marks. It has 
been verified through experiments that the replacements and 
reordering of these marks do not affect the eventual results. 
Noting 30 SNPs are directly matched with 60 bases, the gene 
sequences can further match with the time series of ROIs at the 
equivalent length of 60. Subsequently, the correlations between 
each pair of sequences are calculated by Pearson correlation 
analysis (Eq. (3)), bringing about 3240 (90×36) fusion features, 
which, in this paper, are named as ROI-gene pairs. 

We built WERF model and conducted weighted evolution to 
reduce the discriminative fusion features. Firstly, according to 
the certain ratio of 10:5:6, 63 samples are arbitrarily divided 
into three groups. Concretely, 30 samples formed the training 
set, 15 samples composed the validating set, and the test set 
included the rest 18 samples. Subsequently, according to Eq. 
(13), 57 features were randomly extracted from the whole 3240 

features as input features to construct a base classifier. The 
rationality of number 57 is further verified by multiple 
experiments. When the number of input features is too small, a 
multitude of basic classifiers need to be constructed to obtain 
the satisfactory performance, which will increase the modeling 
complexity. However, if there are too many input features, the 
diversity of base classifiers will decrease, which will increase 
the time cost of the weighted evolution. 

To determine the number of base classifiers, we repetitively 
construct WERF with different number of base classifiers. As 
shown in Fig. 3, when the number of base classifiers reaches 
300, the performance growth of ensemble learning tends to be 
flat, indicating that the random forest containing more than 300 
decision trees will optimize less to performance but bring extra 
burden to the overall calculation. Therefore, the base classifier 
number is initialized as 300. Then, continuous evolutions were 
conducted to sift out the optimal fusion features. 

C. Parameter Optimization and Fusion Features Extraction 
To optimize the overall performance of the whole model, a 

proper time of evolution was needed. As shown in Fig. 4, the 
performance of the WERF model was estimated through 
classification accuracy, and when the evolution time was 19, 
the overall classification accuracy of the model reached the 
highest value of 88.9% and had tended to be stable, indicating 
that evolving more than 19 times makes the little effect. Thus, 
the optimal evolution time was determined as 19. It is worth 
noting that the accuracy may sometimes decrease when the 
evolution time is over 19. This can attribute to the instability 
caused by the continuous selection of base classifiers. When the 
base classifiers are too few, the performance of the model will 
be unstable. 

During the above experiment, we simultaneously recorded 
the number of features that are deleted in each evolution and the 
number of remaining features after each feature selection. Fig. 
5 delineates the results in the first 20 evolutions. After the 19-th 
evolution, the overall classification accuracy of the WERF 

 
Fig. 3. The classification accuracies of WERF in different number of base 
classifiers. We adjust the base classifier number in a certain interval of 
[50,500] within a step of 10 and find that when WERF contains 300 base 
classifiers, the overall performance tends to be stable. Thus, the number 300 
is finalized as the optimal number of base classifiers. 
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Moreover, we computed the frequencies of each gene and 
ROI through these ROI-genes pairs. The genes and ROIs with 
the highest occurrence frequencies were expected to be more 
capable of identifying EMCI and LMCI. On the one hand, Fig. 
9 (a) shows the ROIs with the highest frequencies. We 
employed frequencies as the corresponding weights of brain 
regions, as shown in Fig. 9 (b), where the magnitude of the 
weights was graphically represented as the size of the locating 
points in the figure. On the other hand, according to the 
calculated frequency values, we found the genes with the 
highest frequencies (Fig. 10). The most discriminative ROIs 
with the highest frequencies included Heschl's gyrus (HES.L 
and HES.R), Temporal pole: middle temporal gyrus 
(TPOmid.R), and Median cingulate and paracingulate gyri 
(DCG.L), while the risk genes included CSMD1, DAB1, 
CNTN5, and CTNNA2. In some respects, the results can 
provide important evidences to the pathological studies of MCI 
development because the results embodied that the EMCI and 
LMCI are most likely discrepant in these genes and brain 
regions. 

We investigated existing medical researches to verify the 
reliability and clinical significance of the extracted ROIs and 
genes. For example, as shown in the results, the Temporal pole 
had a relatively high occurrence frequency, and it had been 
reported to be related to visual memory, emotional association, 
language understanding, and performing function according to 
other studies. For example, Binder et al. [40] reported that the 
removal of the anterior temporal lobe might present a risk of 
decreased language ability and speech memory deficits, 
indicating that the abnormal temporal lobe may be related to the 
developmental process of MCI. Cui et al. [41] utilized 
fractional amplitude of low-frequency fluctuations to identify 
the characteristic local functional activities specific to amnestic 
MCI patients, detecting the significant activity enhancements 
nearby DCG.L. Some highly-ranked ROIs, such as HES.L and 
TPOmid.R, had not yet been reported to be associated with 
MCI, but have great prospects for further studies. For instance, 

TPOmid.R was thought to be associated with sleep 
deprivation-related behavior [42], and such dysfunctions might 
also be the cause of MCI. In conclusion, these ROIs can be 
employed as new biological markers to detect EMCI and LMCI 
and provide convenience for the clinical diagnosis of EMCI and 
LMCI. 

We also investigated the risk genes we found. For example, 
It had been confirmed that abnormal CSMD1 would lead to 
expression loss and cognitive decline problems among patients 
with MCI [43]. CNTN5 was expressed in hypothalamus 
glutamatergic neurons, whose reduction may lead to long-term 
synaptic enhancement, and the mutation of CNTN5 might be 
one of the potential mechanisms of post-traumatic stress 
disorder [44]. The mutation of the CTNNA2 gene could cause 
abnormal neuronal migration and lead to giant gyrus 
malformation, which will lead to a series of cognitive problems 
[45]. Compared with EMCI patients, the mutation of the 
CTNNA2 gene was more obvious in LMCI patients. Therefore, 
the genes extracted by the WERF method can be further applied 
as biomarkers for distinguishing EMCI and LMCI, offering 
reference to the clinical diagnosis and treatment. 

V. DISCUSSION 
It has long been a challenge for researchers to distinguish 

 
Fig. 8. Some optimal ROI-gene pairs with the highest weight value. 

 
Fig. 9. Locations, sizes, and frequencies of extracted ROIs. (a) The ROIs with 
high frequencies. (b) The locations and sizes of abnormal brain regions.  

 
Fig. 10. The frequencies of main MCI-associated gene. The frequency reflects 
the degree of correlation between gene and MCI. Other genes are with 
relatively low frequency and are not illustrated in this figure. 
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