
Supplemental Materials 

Supplementary Note 1: The Training of the Deep Neural 

Network of TVAR 

We proposed the TVAR model based on the deep neural network (DNN) architecture. For the 

prediction of the functionality of the variants across human tissues, there are two main changes in 

the original DNN. First, traditional DNN uses many fully connected layers. Although these layers 

can describe the complex feature inputs, it is easy to overfit. Regularly, the number of network 

layers of DNN is minimal. Secondly, DNN mainly focuses on the multi-class learning problems, and 

the activation function of the final output layer is softmax, which is only marked as one on one of 

the nodes and 0 on the other nodes. However, the prediction of tissue-specific functional effects 

of non-coding variants needs to consider the complex associations between tissues, and the 

network structure needs to be sufficiently complex. Moreover, the prediction results may have 

several positive labels simultaneously, which requires the model to support the multi-label learning. 

Based on the above analysis, we advance two improvements to the DNN model. First, we 

added Batch Normalization layers and Dropout layers between the DNN fully connected layers. We 

increased the total number of layers to 23, and the total number of the model hyperparameters 

reached 3877937. The detailed implementation of the model is shown in Table S1. The training 

target of the model is based on the label matrix we constructed (70232 * 49). On this data set, we 

perform five-fold cross-validation to obtain the performance of the TVAR in each tissue and verify 

the effectiveness of the TVAR model. Then, we use all the data to train the TVAR model for the 

subsequent analyses. During the model training, we set the batch size as 32, the model learning 

rate as 0.0001, and the number of model iterations as 60. To verify that the performance of the 

model has stabilized at the end of the training, we reported the loss changes during the overall 

training process (Figure S1). As shown in Figure S1, the model's Sigmoid Cross-Entropy Loss 

dropped sharply during the first five iterations and stabilized at the fifth iteration. After that, the 

model loss remained stable until it reached 60 iterations and continued to decrease slightly until 

the model training was completed.  



The implementation of the TVAR was based on the open-source Python 3.7.4 libraries: Numpy 

1.16.1, Scipy 1.1.0, Tensorlayer1 1.11.1 (GPU version) and Tensorflow2 1.14.0 (GPU version). The 

operating system is Ubuntu 18.04. The CPU is Intel(R) Xeon(R) Platinum 8259CL CPU, and the GPU 

is NVIDIA Tesla T4. 

  



Supplementary Note 2: The PR Performance Analysis of TVAR 

on Four Organism-level Test Sets 

In the text, we measured the AUC of ROC performance of TVAR on each data set. To more fully 

compare the TVAR with other methods on the four test sets of organicism-level (Clinvar3,4, fine-

mapped GWAS Hits5, GTEX6 eQTLs, and MPRA validated variants7), we introduced the AUC of 

Precision-Recall (PR) (abbreviated as AUC) for the performance analysis (see Figure S2). Overall, 

TVAR also maintains a large performance advantage. On the Clinvar dataset, TVAR achieved the 

best performance (AUC = 0.980), followed by DeepSEA (AUC = 0.975), DANN (AUC = 0.957), CADD 

(AUC = 0.964), and Eigen (AUC = 0.963). On the Refined GWAS Hits dataset, TVAR also obtained the 

best performance (AUC = 0.698), followed by Eigen (AUC = 0.613), DeepSEA (AUC = 0.607), CADD 

(AUC = 0.564), DANN (AUC = 0.523). TVAR has an absolute performance improvement of 8.5% to 

17.5% on this dataset. On the GTEX eQTLs dataset, TVAR achieved the best performance (AUC = 

0.805), followed by DeepSEA (AUC = 0.643), Eigen (AUC = 0.618), CADD (AUC = 0.545), DANN (AUC 

= 0.529). Compared to other methods, TVAR has achieved an absolute performance improvement 

of 16.2% to 27.6%. On the MPRA validated variants dataset, TVAR obtained the best performance 

(AUC = 0.883), followed by DeepSEA (AUC = 0.798), Eigen (AUC = 0.712), DANN (AUC = 0.618), 

CADD (AUC = 0.616). Compared to other methods, TVAR has achieved an absolute performance 

improvement of 11.5% to 28.2%. In the case of using the PR of the AUC indicator, it can still be 

observed that compared to other methods, the performance of the TVAR is significantly improved.   

  



Supplementary Note 3: The evaluation of the TVAR model on 

the GTEx dataset V7 

We used TVAR to perform model training and testing on GTEx3 datasets (V7 and V8) simultaneously 

and further showed that the TVAR could well support both the increase in the number of tissues 

and the number of variants (Figure S3). On the GTEx dataset V7, we built the training dataset in 

the same way as in the article, that is, in the corresponding tissue, a variant is considered functional 

and must satisfy q-value <0.01 and at the top 30% of the LINSIGHT scores at the same time. We 

selected variants that met the conditions in 48 tissues and combined them to form a positive 

sample set containing 35165 variants. Next, we randomly selected 35165 variants (MAF> 0.05) in 

the 1kg genome dataset as negative sample sets. The TVAR model was trained again using five-fold 

cross-validation. We count the curve (AUC) of Receiver Operating Characteristic (ROC) performance 

of the TVAR on 48 tissues. We found that the average performance of the TVAR reached 0.769, 

slightly worse than the latest version of TVAR (0.770). In most tissues, the performance of the TVAR 

is also comparable to its most recent version (Table S2). However, in some Brain related tissues, 

the new version has been improved. For example, on 'Brain_Substantia_nigra,' the AUC increased 

from 0.656 to 0.696. Comparing the performance of the TVAR on the old and new GTEX data setss, 

we can see that, first, the performance of the TVAR on each tissue has not changed significantly 

due to the newly joined data, which illustrates the stability and scalability of the TVAR, and secondly, 

as data increase and accumulate, TVAR can achieve a small increase in performance on the brain 

tissues.  



Reference 

1. Dong, H. et al. Tensorlayer: a versatile library for efficient deep learning development. in 
Proceedings of the 25th ACM international conference on Multimedia 1201-1204 (ACM, 2017). 

2. Abadi, M. et al. Tensorflow: A system for large-scale machine learning. in 12th USENIX 
Symposium on Operating Systems Design and Implementation 265-283 (2016). 

3. Landrum, M.J. et al. ClinVar: public archive of interpretations of clinically relevant variants. 
Nucleic Acids Res 44, D862-8 (2016). 

4. Landrum, M.J. et al. ClinVar: public archive of relationships among sequence variation and 
human phenotype. Nucleic Acids Research 42, D980-D985 (2014). 

5. Farh, K.K. et al. Genetic and epigenetic fine mapping of causal autoimmune disease variants. 
Nature 518, 337-43 (2015). 

6. Consortium, G.T. Human genomics. The Genotype-Tissue Expression (GTEx) pilot analysis: 
multitissue gene regulation in humans. Science 348, 648-60 (2015). 

7. Tewhey, R. et al. Direct Identification of Hundreds of Expression-Modulating Variants using a 
Multiplexed Reporter Assay. Cell 165, 1519-1529 (2016). 

 

  



 

 

Figure S1 The summary of the training process of the TVAR model: the change of the Sigmoid Cross-

Entropy loss of TVAR model during the training process.  

 

  



 

 

Figure S2 Performance comparison of TVAR, CADD, Eigen, DANN, and DeepSEA on the four dataset: a) 

Clinvar significant variants, b) fine-mapped GWAS hits, c) GTEx-eQTL dataset, and d) MPRA validated 

variants dataset. The identification accuracy was counted with the area under the PR curves.  



 
Figure S3 Five-Fold cross-validation performance of TVAR on the GTEx (V7) 48 tissues: A). High accuracy 

group. B) Low accuracy group.  

 

Table S1 Deep architectures of TVAR with fully connected layers (FC), Batch Normalization layers 

(BN), Dropout layers (DR). 

Architectures TVAR 

Input 155 (Input) 

FC 155 (Input), 512 (Output) 



BN 512 (Input), 512 (Output) 

DR 512 (Input), 512 (Output) 

FC 512 (Input), 512 (Output) 

BN 512 (Input), 512 (Output) 

DR 512 (Input), 512 (Output) 

FC 512 (Input), 512 (Output) 

BN 512 (Input), 512 (Output) 

DR 512 (Input), 512 (Output) 

FC 512 (Input), 512 (Output) 

BN 512 (Input), 512 (Output) 

DR 512 (Input), 512 (Output) 

FC 512 (Input), 512 (Output) 

BN 512 (Input), 512 (Output) 

DR 512 (Input), 512 (Output) 

FC 512 (Input), 1024 (Output) 

BN 1024 (Input), 1024 (Output) 

DR 1024 (Input), 1024 (Output) 

FC 1024 (Input), 2048 (Output) 

BN 2048 (Input), 2048 (Output) 

DR 2048 (Input), 2048 (Output) 

Output (FC) 2048 (Input), 49 (Output) 

  



Table S2 Performance comparison of TVAR on the GTEx database (V7 and V8). 

Tissues GTEx dataset V8 GTEx dataset V7 

Nerve_Tibial 0.854 0.869 

Cells_Cultured_fibroblasts 0.851 0.856 

Artery_Tibial 0.846 0.857 

Skin_Sun_Exposed_Lower_leg 0.843 0.860 

Thyroid 0.841 0.857 

Adipose_Subcutaneous 0.836 0.850 

Muscle_Skeletal 0.834 0.850 

Whole_Blood 0.826 0.828 

Esophagus_Muscularis 0.826 0.850 

Skin_Not_Sun_Exposed_Suprapubic 0.825 0.834 

Esophagus_Mucosa 0.822 0.857 

Lung 0.814 0.837 

Testis 0.808 0.806 

Artery_Aorta 0.802 0.819 

Adipose_Visceral_Omentum 0.802 0.803 

Colon_Transverse 0.795 0.780 

Pancreas 0.792 0.792 

Heart_Atrial_Appendage 0.79 0.786 

Breast_Mammary_Tissue 0.787 0.788 

Esophagus_Gastroesophageal_Junction 0.785 0.781 

Heart_Left_Ventricle 0.784 0.800 

Colon_Sigmoid 0.781 0.777 

Stomach 0.779 0.780 

Spleen 0.777 0.763 

Brain_Cerebellum 0.768 0.776 

Pituitary 0.767 0.752 

Adrenal_Gland 0.762 0.763 



Prostate 0.758 0.714 

Brain_Cerebellar_Hemisphere 0.751 0.746 

Brain_Cortex 0.748 0.736 

Brain_Nucleus_accumbens_basal_ganglia 0.747 0.707 

Brain_Caudate_basal_ganglia 0.745 0.744 

Brain_Frontal_Cortex_BA9 0.742 0.724 

Cells_EBV-transformed_lymphocytes 0.742 0.742 

Small_Intestine_Terminal_Ileum 0.733 0.705 

Artery_Coronary 0.733 0.717 

Brain_Putamen_basal_ganglia 0.732 0.708 

Liver 0.724 0.724 

Ovary 0.724 0.707 

Brain_Hypothalamus 0.722 0.701 

Uterus 0.719 0.702 

Brain_Hippocampus 0.719 0.702 

Vagina 0.713 0.697 

Brain_Anterior_cingulate_cortex_BA24 0.712 0.708 

Minor_Salivary_Gland 0.709 0.697 

Brain_Amygdala 0.699 0.703 

Brain_Substantia_nigra 0.696 0.656 

Kidney_Cortex 0.695 --- 

 

 


