Imaging genetic strategies for predicting the quality of sleep using depression-specific biomarkers

Mansu Kim 1, Xiaohui Yao 1, Bo-yong Park ?, Jingwen Yan 3, and Li Shen!’

IDepartment of Biostatistics, Epidemiology and Informatics, University of Pennsylvania, USA
“McConnell Brain Imaging Centre, Montreal Neurological Institute, McGill University, Canada
SDepartment of BioHealth Informatics, Indiana University School of Informatics and Computing, Indiana University, USA
* Correspondence to li.shen@pennmedicine.upenn.edu

Overview Joint-connectivity-based sparse CCA
Background: Sleep is an essential phenomenon for Imaging genetics model: The joint-connectivity-based sparse canonical E{l - NG
maintaining good health and wellbeing [1]. correlation analysis (JCB-SCCA) was applied on preprocessed features e =
Some studies reported that genetic and (Figure 1). JCB-SCCA has an advantage for incorporating connectivity i i |
imaging biomarkers that depression is information and can handle multi-modal neuroimaging datasets. conlation
associated with sleep disorder [2]-[4]. Prior biological knowledge: The average connectivity matrix computed m XE_,@

Imaging genetics: Many studies adopted imaging
genetics methodology to find associations
between imaging and genetic biomarkers. In
this study, we examine the imaging genetics
association in depression and extract
biomarkers for predicting the quality of sleep.

genome project were used as the prior connectivity information of the
algorithm. The parameters of the algorithm were tuned jointly by nested -
five-fold cross-validation.

from the HCP dataset and linkage disequilibrium obtained from 1,000 @“zl /

Loading vector V

Figure 1. JCB-SCCA

Experiments and Results

Prediction task: We built a prediction model for the Pittsburgh sleep quality index (PSQI) using the
identified biomarkers. We built the prediction models based on ridge regression. The algorithm was
compared with five different models using different sets of the biomarkers: 1) those from SCCA, 2)
fMRI biomarker alone, 3) dMRI biomarker alone, 4) SNPs alone, and 5) all fMRI, dMRI, and SNPs
together. The performance of a linear regression model was assessed with root-mean-squared error
(RMSE) and the correlation coefficient between predicted and actual PSQI scores

Result: The association between dMRI and SNPs was more robust than the association between fMRI
and SNPs in both algorithms (Table 1, and Figure 2). Additionally, we found that our model showed
improved prediction performance compared with the other models(Table 2).

Data acquisition and pre-processing:

A total of 291 subjects of neuroimaging and
genotyping data were obtained from the
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we controlled the quality of genotype data, and
then conducted a genome-wide association
analysis to select candidate SNPs related to
depression (p < 0.0005).

Table 1. Nested five-fold cross-validation results Figure 2. Estimated loading vectors Table 2. Prediction performance
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