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Abstract
The problem of drug side effects is one of the most crucial issues in pharmacological development. As there are many limitations in current experimental and clinical methods for detecting side effects, a lot of computational algorithms have been developed to predict side effects with different types of drug information. However, there is still a lack of methods which could integrate heterogeneous data to predict side effects and select important features at the same time. Here, we propose a novel computational framework based on multi-view and multi-label learning for side effect prediction. Four different types of drug features are collected and graph model is constructed from each feature profile. After that, all the single view graphs are combined to regularize the linear regression functions which describe the relationships between drug features and side effect labels. L1 penalties are imposed on the regression coefficient matrices in order to select features relevant to side effects. Additionally, the correlations between side effect labels are also incorporated into the model by graph Laplacian regularization. The experimental results show that the proposed method could not only provide more accurate prediction for side effects but also select drug features related to side effects from heterogeneous data. Some case studies are also supplied to illustrate the utility of our method for prediction of drug side effects.
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Introduction
The safety assessment of candidate chemical compounds is essential for drug development. Detection of serious adverse effects of drugs in preclinical tests or clinical trials is one of the major reasons for the failure of drug development [1]. Furthermore, some side effects are only reported in postmarket surveillance, in which situation serious consequences such as hospitalizations and deaths may be caused by adverse drug reactions [2]. As the performance of traditional methods for side effect detection is limited and the cost of these methods is expensive, there is a great need for developing new approaches that can effectively reveal drug side effects.
Computational approaches have been developed to study various pharmacological problems such as drug repositioning [3–5]. It is also demonstrated that in silico methods could be regarded as complementary or alternative ways to test drug toxicity and predict side effects [6, 7]. Recently, several computational methods utilizing diverse drug related information have been proposed for side effect prediction. Chemical structures of compounds have been conventionally used to predict side effects [8]. For example, Xu et al. employed a deep learning method to encode the chemical structures of drugs and predicted drug-induced liver injury [9]. Atias et al. systematically predicted multiple side effects with chemical structure features by canonical correlation analysis (CCA) [10]. Besides chemical information, biological knowledge of drugs is also useful for predicting side effects. Using drug-protein interactions as input, Mizutani et al. proposed a side effect prediction method based on sparse CCA (SCCA) [11]. Fukuzaki et al. predicted side effects by mapping the targets of drugs to biological pathways [12]. In another work, drug-induced gene expression changes were summarized as biological process terms to predict side effects [13]. Moreover, it’s reasonable to presume that integrating chemical and biological information will help boost the accuracy of side effect prediction. For example, Yamanishi et al. predicted side effects by integrating chemical structures and target protein data of drugs [14]. Wang et al. prioritized drug side effects by combining chemical structures and gene expression changes [15]. There are also some studies that include other information such as phenotypic data of drugs to predict side effects [16, 17].
Computational methods are also developed to discover the drug features closely related to side effects. SCCA based methods were proposed to reveal chemical fragments and target proteins related to side effects [11, 18]. Xiao et al. suggested a latent Dirichlet allocation model to learn the relations between drug structures and side effects [19]. Kuhn et al. related the known drug target proteins to side effects by enrichment analysis [20]. Iwata et al. associated protein domains with side effects by sparse classifiers [21]. Chen et al. inferred the associations between proteins and side effects by random walk on a heterogeneous network [22].
Previous computational approaches have demonstrated their ability to predict drug side effects and reveal relevant features. However, there are still some limitations of existing methods. Firstly, although various types of drug features have been utilized for side effect prediction, how to effectively retrieve the complementary information from multiple sources of data is still an open problem. Secondly, some side effects relate to the same group of drugs, these side effects may have a similar molecular basis. How to utilize the correlations between side effect labels to promote the prediction performance is still not fully explored. Thirdly, the dimensions of drug features are usually high. Selecting informative drug features could alleviate the negative impact of the high dimension features on the predictive model and may hint at the molecular basis of side effects. Diverse types of drug characteristics could relate to the occurrence of side effects [21], but few methods are capable of selecting useful features from multiple data sources collectively. The influence of side effect label correlations on feature selection has also not been well considered. This will impair the performance of data fusion model.
Multiple types of drug features could be integrated by multi-view learning. Multi-view learning aims at incorporating heterogeneous data in a unified model to retrieve complementary information and improve predictive performance [23]. Multi-view learning has also been applied in previous pharmacological studies. Zhang et al. have predicted drug target interactions by integrating multi-view network data [24]. In our previous work, a multi-view learning method was proposed for prediction of drug-disease associations [3]. In the study of Yamanishi et al. they used multiple kernel learning to predict drug side effects [14]. On the other hand, the correlations between side effect labels could be exploited by multi-label learning. Multi-label learning deals with the classification problems in which samples are associated with multiple labels. How to use the correlations between labels to improve classification accuracy is a major task of multi-label learning [25]. Multi-label learning has been applied to various problems, such as protein function and subcellular localization prediction [26, 27]. Besides, for multi-label classification, each class label may be discriminated by some special characteristics of its own. These discriminative characteristics are denoted as label specific features. Selection of label specific features could be of benefit to multi-label classification [28]. Multi-view learning and multi-label learning could handle different aspects of side effect prediction problem, thus combining these two methods could explore feature heterogeneity and label correlations simultaneously.
Graph Laplacian regularization is one of the manifold learning algorithms and has many applications in machine learning [29]. It looks for a sufficiently smooth distribution of data in a low-dimensional manifold and encourages locality preserving properties of the learning model [30]. For multi-view data, the graph Laplacian based algorithms employ a neighbourhood graph to capture the local geometry of each view, then all the graphs are aligned to extract the complementary information [31]. Shi et al. utilized graph Laplacian regularization to integrate multi-view data and proposed a semi-supervised sparse feature selection method [32]. Our previous work on drug-disease association prediction also utilized the multi-view Laplacian regularization [3]. For multi-label classification, the correlations among labels can also be encoded as a graph. For example, in the work of Mojoo et al. they introduced graph Laplacian regularization to represent the co-occurrence dependency between image tags [33].
After realizing the limitations of existing methods, we intend to investigate the problem of side effect prediction by fusing the ideas of multi-view and multi-label learning. For this purpose, graph Laplacian regularization is employed to model both the relationships between heterogeneous features and the correlations between labels. Similar to the previous works [3, 32], the complementary information from multiple drug feature profiles is explored by combining all view-dependent graph models. The correlations between side effect labels are introduced as an additional graph Laplacian regularization term. Furthermore, linear regression with L1-norm penalty is incorporated into the model to get label specific features from different feature profiles, which is similar to the graph constrained Lasso [34]. An iterative algorithm is proposed to solve the optimization problem of the model. Then, four different feature profiles, including chemical substructures of drugs, protein domains and gene ontology terms of drug targets and drug-induced gene expression changes are collected. These heterogeneous features are integrated by our method to predict side effects of drugs. The performance of our method is compared with several existing methods. We also illustrate the predictive capability of the proposed method with some case studies and examine the selected features. The results show that our method outperforms the compared methods.

Methods
Data collection
The side effects of drugs were retrieved from SIDER [35]. The chemical structures of drugs were derived from PubChem [36]. The protein targets of drugs were obtained from DrugBank [37], only target proteins related to human were kept. The protein domains of the targets were collected from InterPro [38] and gene ontology information (only using biological process terms) was extracted from Uniprot [39]. The gene expression data of drugs in the LINCS L1000 project were downloaded [40]. Finally, 501 drugs with all above information were kept for the following analysis and model construction. The DrugBank identities of these drugs and the count of side effect labels for each drug could be found at the (Additional file 2: Table S1). The identifiers and names of the features are supplied at (Additional file 2: Table S2). We also obtained the off-label side effects recorded in FDA Adverse Event Report System (FAERS) from the previous work [15]. There are 106 drugs with all types of features and off-label side effects in FAERS but without any records in SIDER. 294 drugs are present in both SIDER data and FAERS data, and these drugs have additional 65873 drug-side effect associations in FAERS data. The information of these drugs is available at (Additional file 2: Tables S3 and S4).

Data preprocessing and drug feature matrices building
For chemical substructures of drugs, the fingerprints defined by PubChem were calculated using PyBioMed [41]. The chemical substructure matrix is built using the binary fingerprints (881 bits in total). With the target information of drugs, two binary feature matrices are constructed. The target protein domain matrix is a binary matrix in which the elements are 1 if the targets of drugs have the corresponding protein domains or 0 otherwise. There are 1307 unique protein domain features. In the target gene ontology matrix, the elements are set to 1 if the targets of drugs are annotated with the gene ontology terms. There are 3336 unique gene ontology features. For drug induced gene expression changes from LINCS L1000 project, only the values of the 978 landmark genes were kept. If the absolute value of the moderated z-score for a gene signature is bigger than 2, the signature value is set to 1 or − 1 depending on the original sign of the moderated z-score, otherwise the signature value is set to 0. After that, the elements of the gene expression matrix are evaluated as the averages of signature values of each gene for each drug. Through above data processing, four feature matrices [image: $$X_p\in \mathbb {R}^{n\times d_p}$$] of drugs are obtained, where n is the number of drugs, [image: $$d_p$$] is the number of features in the pth feature matrix.
The relationships between drugs and side effects were extracted from the ‘meddra_all_se’ file of SIDER and only preferred terms for side effects were kept. There are 3260 side effect labels in total. If there is a record of the relationship between drug i and side effect j, we set the element in the ith row and jth column of the label matrix [image: $$Y\in \mathbb {R}^{n\times l}$$] to 1, otherwise set the element to 0, where l is the number of side effects.

Problem formalization
In this work, we plan to construct a computational model which could predict side effects of drugs and select label specific features by integrating multiple types of drug data [image: $$\{X_p\}$$]. Firstly, the formulation of our method, which is named as multi-view Laplacian regularized sparse learning (Multi-LRSL), is introduced. Then an optimization algorithm for solving Multi-LRSL is presented.
Multi-LRSL model
Predicting side effects with special drug features We assume that different types of drug features are complementary to each other and could be exploited to predict side effects. Moreover, each side effect should be only associated with a subset of features from different feature profiles. That is, the drug features relevant to side effects are sparse. As a result, we model the relationships between drug features and side effects by least square loss, and use [image: $$L_1$$]-norm to regularize the coefficient matrices:[image: $$\begin{aligned} \min _{G_p, F}\frac{\mu }{2}\sum _{p=1}^{m}{\Vert X_pG_p-F\Vert _F^2} + \beta \sum _{p=1}^{m}{\Vert G_p\Vert _1} \end{aligned}$$]

 (1)

where [image: $$\Vert \cdot \Vert _F$$] is the Frobenius norm, [image: $$\mu$$] and [image: $$\beta$$] are the model parameters. [image: $$G_p$$] represents the regression coefficient matrix for the pth feature profile, m is the number of feature types, F is the predicted side effect label matrix and contains continuous values. In the label matrix Y, the elements are set to 1 for positive labels and 0 for negative or unobserved labels. F should be similar but not identical to Y because Y may contain some missing and noisy values. The elements of F could be ranked, and the bigger values imply possible positive labels and the smaller values imply possible negative labels. In the second term, the [image: $$L_1$$]-norm with the parameter [image: $$\beta$$] controls the sparsity of side effect related features. The non-zero elements in the jth column of [image: $$G_p$$] are the relevant features for the jth side effect.
Preserving the local structure of different feature space in the side effect label space We assume that drugs with similar features should have similar side effect labels. This is known as the smoothness assumption [42]. For each type of drug features, a pairwise drug similarity matrix is calculated, then the k-nearest neighbour (knn) graph [image: $$S_p$$] is constructed:[image: $$\begin{aligned} S_p(i,j)=\left\{ \begin{array}{lll} sim(X_p(i,:),X_p(j,:)) &\quad \text {if } X_p(j,:) \text { is the k-nearest } \text {neighbor of } X_p(i,:)\\ 0 &\quad \text {otherwise,} \end{array}\right. \end{aligned}$$]

 (2)

where [image: $$X_p(i,:)$$] and [image: $$X_p(j,:)$$] are the row vectors of the pth feature matrix. In this work, we use cosine similarity for all feature profiles and set [image: $$k = \lfloor 0.01n\rfloor$$]. The rows of F are the predicted side effect labels for drugs. As the result of the smoothness assumption, we get the following formula:[image: $$\begin{aligned} \min _{F}\sum _{i,j}^{n}\Vert F(i,:)-F(j,:)\Vert _2^{2}S_{p}(i,j) \end{aligned}$$]

 (3)

This means that drugs with similar features in the pth feature profile should have similar predicted labels. The local geometry of the feature space is preserved in the predicted label space. The above formula could be rewritten as:[image: $$\begin{aligned} \min _{F}Tr(F^{T}L_{p}F) \end{aligned}$$]

 (4)

where the Laplacian matrix [image: $$L_p$$] is defined as [image: $$L_p = D_p - S_p$$], and [image: $$D_p(i,i) = \sum _j^nS_p(i,j)$$]. To explore the complementary information in different types of drug features, multi-view Laplacian regularization is adopted as in the previous studies [3, 32]. The graph Laplacian matrices of different feature profiles are combined using a weight vector [image: $$\theta \in \mathbb {R}^{m\times 1}$$]. In addition, the predicted label matrix F should not only be smooth on the feature space but also be consistent with the original label matrix Y. These considerations give the following formula:[image: $$\begin{aligned}&\min _{F,\theta}\frac{1}{2}Tr\big (\sum _{p=1}^m\theta _p^\gamma F^TL_pF\big ) + \frac{1}{2}\Vert F - Y\Vert _F^2\nonumber \\ & \quad s.t.\ \theta > 0,\ \sum _{p=1}^m{\theta _p}=1 \end{aligned}$$]

 (5)

In the above formula, the weights of graph Laplacian matrices mean that different types of features have different contributions to side effect prediction. The weight vector [image: $$\theta$$] could also be learned by optimization. The parameter [image: $$\gamma >1$$] is introduced to keep the elements of [image: $$\theta$$] from equalling zero. This will prevent the most predictive feature profile taking all the weights [43]. In this way, the correlated and complementary information from multiple data sources could be combined and transferred to predicted label space.
Incorporating side effect label correlations Next, under the assumption that strongly correlated side effect labels will share more drug features, it is desirable to incorporate label correlations into our model. According to Eq. (1), the columns of the coefficient matrix [image: $$G_p$$] represent the drug features associated with side effects. For highly correlated side effect labels, the corresponding column vectors in [image: $$G_p$$] should have great similarity. Similar to the consideration for the relationship between drug similarity and side effect similarity, we use Laplacian graph to represent the relationships between label correlations and feature sharing. The cosine similarity is employed to describe the correlations between side effect labels. A knn graph [image: $$R_0$$] is constructed based on label correlations. As mentioned above, the known side effect labels are usually incomplete and noisy, we intend to refine the correlation graph while learning the feature coefficients. Then the graph regularization for label correlations is formulated as:[image: $$\begin{aligned}&\min _{G_p,R}\frac{\lambda }{2}\sum _{p=1}^{m}{Tr(G_p(D_R-R)}G_p^T) + \frac{\alpha }{2}\Vert R - R_0\Vert _F^2\nonumber \\ & \quad s.t.\ R_{ij}=R_{ji}\ge 0 \end{aligned}$$]

 (6)

where R is the refined correlation graph, [image: $$D_R$$] is degree matrix of R, [image: $$D_R-R$$] is the Laplacian matrix. [image: $${Tr(G_p(D_R-R)G_p^T)}$$] is equal to [image: $$\sum _{i,j}^l\Vert G_p(:,i)-G_p(:,j)\Vert _2^2R(i,j)$$]. As a result, this term encourages a pair of highly correlated side effect labels to be associated with similar drug feature coefficients. [image: $$\alpha$$] is a positive parameter which controls the extent of consistency between the refined correlation graph and the original correlation graph. The parameter [image: $$\lambda$$] controls the impact of label correlations on the similarities of feature coefficients.
The final objective function After integrating the above formulae, the final objective function takes the following form:[image: $$\begin{aligned}&\mathop {min}\limits _{F, G_p, R, \theta} \frac{1}{2}\Vert F-Y\Vert _F^2 + \frac{1}{2}Tr(F^TLF) \nonumber \\&\qquad + \frac{\mu }{2} \sum _{p=1}^{m}{\Vert X_pG_p-F\Vert _F^2 } \nonumber \\&\qquad + \frac{\lambda }{2}\sum _{p=1}^{m}{Tr(G_p(D_R -R)G_p^T)} + \frac{\alpha }{2}\Vert R-R_0\Vert _F^2 \nonumber \\&\qquad +\beta \sum _{p=1}^{m}{\Vert G_p\Vert _1} \nonumber \\&\quad s.t.\ L = \sum _{p=1}^m{\theta _p^\gamma L_p}, \ \sum _{p=1}^m{\theta _p} = 1,\ 0< \theta _p < 1, R_{ij}=R_{ji}\ge 0 \end{aligned}$$]

 (7)

The first three terms in above formula give a flexible manifold learning framework [44]. The fourth and fifth terms account for label correlations. Together with the last [image: $$L_1$$] penalties, these terms form a graph constrained Lasso [34].

Optimization
Here, an alternating approach is proposed for optimizing the objective function (7).
Update F First, [image: $$G_p$$], R and [image: $$\theta$$] are fixed, the derivative of objective function with respect to F is set to 0. The closed form solution of F is:[image: $$\begin{aligned} F=PQ \end{aligned}$$]

 (8)

where[image: $$\begin{aligned} P = \bigl ((1+m\mu )I + L\bigr )^{-1} \end{aligned}$$]

 (9)

and[image: $$\begin{aligned} Q = Y + \mu \sum _{p=1}^m{X_pG_p} \end{aligned}$$]

 (10)

Update R Then F, [image: $$\theta$$] and [image: $$G_p$$] are fixed, R is optimized by multiplicative updates [45]. The Lagrangian function of R is:[image: $$\begin{aligned} \mathcal {L}(R)=\frac{\lambda }{2}\sum _{p=1}^{m}{Tr(G_p(D_R -R)G_p^T)} + \frac{\alpha }{2}\Vert R-R_0\Vert _F^2 - Tr(\Gamma R) \end{aligned}$$]

 (11)

[image: $$\Gamma$$] is Lagrangian multiplier. Differentiating the above formula with respect to R:[image: $$\begin{aligned} \frac{\partial \mathcal {L}}{R} = \frac{\lambda }{2}\sum _{p=1}^{m}{A_p}-\frac{\lambda }{2}\sum _{p=1}^{m}{B_p} + \alpha (R - R_0) - \Gamma \end{aligned}$$]

 (12)

where[image: $$\begin{aligned} A_p & = {} diag(G_p^T G_p)J+Jdiag(G_p^TG_p) - diag(G_p^TG_p) \end{aligned}$$]

 (13)


[image: $$\begin{aligned} B_p & = {} 2G_p^TG_p - diag(G_p^TG_p) \end{aligned}$$]

 (14)

[image: $$J_p$$] is a [image: $$l\times l$$] matrix of all 1’s. Using the KKT condition, [image: $$\Gamma (i,j)R(i,j)=0$$], then:[image: $$\begin{aligned} R(i,j) \leftarrow R(i,j) \sqrt{\frac{\frac{\lambda }{2}\sum _{p=1}^{m}{(B_p)^+} + \alpha R_0}{\alpha R + \frac{\lambda }{2}\sum _{p=1}^{m}{(B_p)^-} + \frac{\lambda }{2}\sum _{p=1}^{m}{A_p}}}(i,j) \end{aligned}$$]

 (15)

where [image: $$(B_p)^+=(|B_p|+B_p)/2$$] and [image: $$(B_p)^-=(|B_p|-B_p)/2$$]
Update [image: $$G_p$$] Next, fixing the other variables except [image: $$G_p$$], substituting F with P, Q and ignoring unrelated terms in the objective function (7), we get:[image: $$\begin{aligned}&\mathop {min}\limits _{G_p} F(G_p) =\frac{1}{2}Tr\bigl (\sum _{p=1}^m{G_p^TX_p^T(\mu I-\mu ^2P^T)X_pG_p} \bigr )\nonumber \\&\quad - \mu Tr\bigl ( Y^TP^T\sum _{p=1}^m{X_pG_p}\bigr )\nonumber \\&\quad - \frac{\mu ^2}{2}Tr\bigl (\sum _{p=1}^m{\sum _{q\ne p}^m{G_p^TX_p^TP^TX_qG_q}}\bigr ) \nonumber \\&\quad + \frac{\lambda }{2}\sum _{p=1}^{m}{Tr(G_p(D_R -R)G_p^T)} + \beta \sum _{p=1}^{m}{\Vert G_p\Vert _1} \end{aligned}$$]

 (16)

Due to the [image: $$L_1$$]-norm regularization terms, the above Eq. (16) is convex but not smooth, so the accelerated proximal gradient method is utilized to solve it. For a special p, Let[image: $$\begin{aligned} f(G_{p}) =&\frac{1}{2}Tr\bigl (G_{p}^TX_{p}^T(\mu I-\mu ^2P^T)X_{p}G_{p} \bigr )- \mu Tr\bigl ( Y^TP^TX_{p}G_{p}\bigr )\nonumber \\&- \mu ^2Tr\bigl (\sum _{q\ne p}^m{G_{p}^TX_{p}^TP^TX_{q}G_{q}}\bigr ) + \frac{\lambda }{2}Tr\left(G_{p}(D_R-R)G_{p}^T\right) \end{aligned}$$]

 (17)

and[image: $$\begin{aligned} g(G_{p}) = \beta \Vert G_{p}\Vert _1 \end{aligned}$$]

 (18)

Next, the proximal gradient algorithm is employed to minimize a sequence of quadratic approximations of [image: $$F(G_{p})$$]:[image: $$\begin{aligned} \mathop {min}\limits _{G_{p}}f(\tilde{G}_{p}^{(k)}) + \langle \nabla f(\tilde{G}_{p}^{(k)}), G_{p}-\tilde{G}_{p}^{(k)}\rangle + \frac{L_f}{2}\Vert G_{p} -\tilde{G}_{p}^{(k)}\Vert _F^2 + g(G_{p}) \end{aligned}$$]

 (19)

In the above formula, [image: $$L_f$$] is Lipschitz constant. [image: $$\tilde{G}_{p}^{(k)}=G_{p}^{(k)} + \frac{t_{k-1} - 1}{t_{k}}\bigl (G_{p}^{(k)} - G_{p}^{(k-1)}\bigr )$$], and [image: $$t^2_{k}-t_{k}\le t_{k-1}^2$$]. According to [46] it could improve the convergence rate. Let [image: $$Z_{p}^{(k)} = \tilde{G}_{p}^{(k)} - \frac{1}{L_f}\nabla f(\tilde{G}_{p}^{(k)})$$], (19) could be rewritten as:[image: $$\begin{aligned} \mathop {min}\limits _{G_{p}}\frac{L_f}{2}\Vert G_{p} - Z_{p}^{(k)}\Vert _F^2 + g(G_{p}) \end{aligned}$$]

 (20)

then, [image: $$G_{p}$$] could be optimized by[image: $$\begin{aligned} G_{p} & = {} \mathop {argmin}\limits _{G_{p}}\frac{1}{2}\Vert G_{p} - Z_{p}^{(k)}\Vert _F^2 + \frac{\beta }{L_f}\Vert G_{p}\Vert _1 \nonumber \\ & = {} S_{\frac{\beta }{L_f}}(Z^{(k)}_{p}) \end{aligned}$$]

 (21)

where [image: $$S_{\frac{\beta }{L_f}}$$] is the soft-thresholding operator.
Update [image: $$\theta _p$$] Finally, F, R and [image: $$G_p$$] are fixed and [image: $$\theta _p$$] is renewed[image: $$\begin{aligned} \theta _p = \frac{\Bigl (\frac{1}{Tr(F^TL_pF)}\Bigr )^{\frac{1}{\gamma -1}}}{\sum _{p=1}^m{\Bigl (\frac{1}{Tr(F^TL_pF)}\Bigr )^\frac{1}{\gamma -1}}} \end{aligned}$$]

 (22)

Through the above updating steps, the objective function (7) is solved. The outline of multi-LRSL is shown in Algorithm 1. After training the model, we obtain the coefficient matrices [image: $$G_p$$]s and the predicted label matrix F. For new drugs, the features [image: $$X_p^{new}$$]are collected, and the side effects are predicted by [image: $$\sum _{p=1}^{m}\theta _{p}X_{p}^{new}G_{p}$$]. The elements of F could be considered as the confidence of the predicted associations between drugs and side effects. The missing side effect labels in the training data could be inferred from F. For that, the values corresponding to the known drug-side effect associations in F are excluded, then the rest values are ranked in descending order. The top-ranked values suggest the most possible drug-side effect associations that are missing in the original data.
[image: A13321_2019_402_Figa_HTML.png]



Performance evaluation and comparison methods
To evaluate the performance of our algorithm for side effect prediction, fivefold cross-validation was carried out in this work. We used six performance metrics implemented by scikit-learn [47]. First, the area under the receiver operating characteristic curve (AUC) score was employed. The receiver operating characteristic (ROC) curve is plotted with true positive rate (TPR) against the false positive rate (FPR).[image: $$\begin{aligned} TPR= & {} \frac{TP}{TP+FN} \end{aligned}$$]

 (23)


[image: $$\begin{aligned} FPR= & {} \frac{FP}{FP+TN} \end{aligned}$$]

 (24)

where TP is true positive, FN is false negative, FP is false positive, TN is true negative. The AUC score is the area under the ROC curve. Depending on which type of averaging was performed, three kinds of AUC scores were calculated. Sample-AUC considers the average AUC score for each drug, macro-AUC calculates AUC scores for each side effect label and finds the mean, micro-AUC takes all known drug-side effect pairs as a positive label.
Second, three metrics special for multi-label classification were estimated. Coverage error represents the average number of side effect labels to be included in order to predict all true labels. Given the truth labels of test data [image: $$Y_{test}\in \mathbb {R}^{n_{test}\times l}$$], the score matrix from prediction method is [image: $$\hat{Y}$$], the coverage error is:[image: $$\begin{aligned} Coverage\ error = \frac{1}{n_{test}}\sum _{i=1}^{n_{test}}\max _{j:Y_{test}(i,j)=1}{rank(i,j)}-1 \end{aligned}$$]

 (25)

where [image: $$rank(i,j) = |\{k:\hat{Y}(i,k)\ge \hat{Y}(i,j)\}|$$], [image: $$|\cdot |$$] is the number of elements in the set. [image: $$n_{test}$$] is the number of test drugs.
Ranking loss is the average number of label pairs that are incorrectly ordered:[image: $$\begin{aligned}&ranking\ loss\nonumber \\&\quad =\frac{1}{n_{test}}\sum _{i=1}^{n_{test}}\frac{1}{\Vert Y(i,:)\Vert _0(l-\Vert Y(i,:)\Vert _0)}\Big |\Big \{(k,j):\hat{Y}(i,k)\le \hat{Y}(i,j),\nonumber \\&\qquad Y(i,k)=1,Y(i,j)=0\Big \}\Big | \end{aligned}$$]

 (26)

where [image: $$\Vert \cdot \Vert _0$$] is the number of non-zero elements.
Label ranking average precision (LRAP) finds the average fraction of the true labels in the highly ranked labels produced by a predictive method:[image: $$\begin{aligned} LRAP & = {} \frac{1}{n_{test}}\sum _{i=1}^{n_{test}}\frac{1}{\Vert Y(i,:)\Vert _0}\nonumber \\&\sum _{j:Y(i,j)=1}\frac{|\{k:Y(i,k)=1,\hat{Y}(i,k)\ge \hat{Y}(i,j)\}|}{rank(i,j)} \end{aligned}$$]

 (27)

For our method, the score matrix [image: $$\hat{Y}=\sum _{p=1}^{m}\theta _{p}X_{p}^{new}G_{p}$$]. The truth label matrix [image: $$Y_{test}$$] was used to calculate the performance metrics in each fold of cross-validation. The experiment was repeated 10 times with different division of data and the averages of the metrics were calculated. We compared our algorithm with the other five computational methods. L1-regularized logistic regression (L1LOG) and L1-regularized support vector machine (L1SVM) are widely used for feature selection and classification. These methods were also applied to inferring the relationships between side effects and target domains [21]. L1LOG and L1SVM were implemented with Liblinear [48]. Principal component regression (PCR) is based on principal component analysis (PCA). It firstly computes the principal components of the feature matrix, then uses some of the components as predictors to build model for prediction. In this work, PCR was implemented to represent another way for dimensionality reduction. SCCA was also demonstrated to be effective for discovering drug features related to side effects [11, 18]. As in the previous work, SCCA was implemented with PMA package [49]. Kernel Regression was used to integrate chemical structures and target proteins to predict side effects in [14]. Here we implemented it with scikit-learn. The parameters of all methods were determined by cross-validation. More details about the implementation of the comparison methods could be found in additional material. The algorithm complexity analysis and the parameter sensitivity analysis of the proposed method could also be found in the additional material.


Results
Drugs with similar features have similar side effect labels
In these work, there are 501 drugs, 3260 side effects and 62620 associations between them. The distribution of the associations is shown in Additional file 1: Figure S1. In this section, we validated the basic assumption that the drug features collected from different sources were associated with the side effect labels of drugs. First, we examined the features of the drugs with at least one common side effect. It is noticed that the average similarity of the drugs with common side effects is significantly stronger than the same number of randomly selected drugs without any common side effects across all feature profiles (rank sum test, [image: $$\hbox {p-value}<0.001,$$] Additional file 1: Figure S2). This suggests that drugs which cause the same side effects share more common features. Next, we calculated the side effect similarities between drugs and divided the drugs into two groups at the median value of similarities. It is showed that drugs with more common side effects also display significantly stronger similarity in all types of features (rank sum test, [image: $$\hbox {p-value}<0.001$$], Additional file 1: Figure S3). These results imply that similar drugs possess similar side effect labels. To further verify this assumption, we calculated the inner products between the columns of the feature matrix [image: $$X_p$$] and the columns of the side effect matrix Y and utilized these products to represent the relationships between drug features and side effect labels. Then we computed the cosine similarity between side effects using different types of dug features related to them. After that, we built ordinary least squares models which took different feature similarities between side effects as explanatory variables and side effect label correlations as response variables. It is observed that the slopes of these linear models are positive, which means that the feature similarities positively correlate with the correlations of side effect labels. It is also noted that when the values of feature similarity get bigger, the slopes become steeper (Additional file 1: Figure S4). This suggests that the correlations between the drug features and the side effect labels are more obvious in local feature space. All above results demonstrate that the feature profiles employed in this work are associated with the side effects labels, so it is possible to predict the side effects of drugs with these features.
There are four different types of drug features in this work. It is expected that these feature profiles will provide consistent as well as complementary information for side effect prediction. To explore the consistency and complementarity of these feature profiles, we performed hierarchical cluster analysis according to the drug similarity matrices calculated by the feature profiles and the side effect labels. As show in Fig. 1, there are many blocks along the diagonals of the similarity matrices. These blocks are drugs with strong similarity It is observed that the drugs in some blocks of the feature similarity matrices significantly overlap with the drugs in the blocks of the side effect similarity matrix (Fisher exact test, [image: $$\hbox {p-value}<0.05$$]). The overlapped blocks are marked by coloured rectangles in Fig. 1. Furthermore, for some blocks in the side effect similarity matrix, there are overlapped blocks across more than one feature similarity matrices. It is also found that some blocks in the side effect similarity matrix only overlap with the blocks from just one of the feature similarity matrices. These results indicate that there is both consistent and complementary information in different drug feature profiles, and combination of these feature profiles could be beneficial for side effect prediction. There are also some blocks in the feature similarity matrices which don’t overlap with any blocks in the side effect similarity matrix. It is imply that there are irrelevant drug features to be excluded or missing associations between drugs and side effects.[image: A13321_2019_402_Fig1_HTML.png]
Fig. 1There is both consistent and complementary information related to side effects in different drug feature profiles. Drugs cluster together according to the similarities calculated with different features or side effect labels. The blocks of drugs along the diagonals are identified by the R package ‘dynamicTreeCut’ [67]. The overlaps between the blocks in each feature similarity matrix of drugs and the blocks in side effect similarity matrix of drugs are determined by Fisher’s exact test ([image: $$\hbox {p-value}<0.05$$]). The significantly overlapping blocks are marked by coloured rectangles in the heat-maps. The purple rectangles indicate that the blocks in the side effect similarity matrix of drugs overlap with blocks in one of the feature similarity matrices (for example, block e1 overlaps with block a1 in the chemical similarity matrix). The green rectangles indicate that the blocks in the side effect similarity matrix of drugs overlap with blocks in two or three feature similarity matrices (for example, block e2 overlaps with a2 in the chemical similarity matrix and block d2 in the gene expression similarity matrix). The red rectangles indicate that the blocks in the side effect similarity matrix of drugs overlap with blocks in all feature matrices (for example, block e3 overlaps with block a3, b3, c3, d3). The legend indicates the value of similarity, from 0 (blue) to 1 (red)






Performance comparison for prediction of side effects
To evaluate the performance of the proposed method, we tested if the algorithm could correctly recover the known side effects of drugs. Five-fold cross-validation was performed. Drugs with known side effects from SIDER were divided into five subsets of roughly equal size. Each time one subset of drugs was used as test set while the other four sets were combined as training set. The experiment was repeated 10 times with different division of drugs. In this work, the performance for side effect prediction of the proposed method was compared with other algorithms using six different metrics. L1SVM and L1LOG are two widely used sparse models that could be applied to both classification and feature selection. PCR is a regression technique which could reduce dimensionality and mitigate overfitting. For the task of side effect prediction, the four drug feature matrices were concatenated into a single matrix then this long matrix was used as the input to L1SVM , L1LOG and PCR. For SCCA, the side effect label matrix, together with each feature matrix were used as input. The drug target matrix was also used as the input to SCCA following the previous work [11]. For kernel regression, the kernel similarity matrix for each feature profile was calculated, then the kernel functions were summed to integrate different feature profiles. For the performance metrics used here, larger values of sample-AUC, macro-AUC, micro-AUC and LRAP mean better performance, while smaller values of coverage error and ranking loss denote better performance. Table 1 shows the results of the cross-validation experiment for the comparison algorithms. Overall, the proposed integrative method outperforms all the comparison methods significantly. Furthermore, when just taking one single type of features as input, our method still has better performance in most of the metrics compared to SCCA. It is also observed that the target domain and the target gene ontology features generally show better performance compared to the chemical substructure features and the gene expression features if only one feature matrix is used as the input to our method. As the other information integration method, the kernel regression model also shows some advantages over SCCA. The performance of L1LOG and L1SVM is inferior to the other methods except PCR. This may be partially due to the lack of consideration for the correlations between side effect labels. The performance of PCR is comparable to L1LOG and L1SVM. The results imply that L1-regularization has similar effect with principal components analysis on the performance of side effect prediction.Table 1Performance comparison of different algorithms for side effect prediction


	 	Sample-AUC
	Macro-AUC
	Micro-AUC
	LRAP
	Coverage error
	Ranking loss

	L1SVM
	0.8524 ± 0.0010
	0.6196 ± 0.0056
	0.8328 ± 0.0010
	0.1941 ± 0.0013
	2671 ± 11
	0.1483 ± 0.0010

	L1LOG
	0.8612 ± 0.0010
	0.6191 ± 0.0059
	0.8418 ± 0.0010
	0.2018 ± 0.0015
	2562 ± 15
	0.1394 ± 0.0010

	PCR
	0.8824 ± 0.0004
	0.5034 ± 0.0033
	0.8670 ± 0.0006
	0.1890 ± 0.0010
	2666 ± 16
	0.1233 ± 0.0004

	SCCA-chem
	0.8500 ± 0.0019
	0.5731 ± 0.0045
	0.8181 ± 0.0019
	0.4008 ± 0.0032
	2960 ± 23
	0.1507 ± 0.0020

	SCCA-domain
	0.9144 ± 0.0007
	0.6260 ± 0.0055
	0.8922 ± 0.0007
	0.4757 ± 0.0011
	2547 ± 13
	0.0863 ± 0.0008

	SCCA-GO
	0.8911 ± 0.0015
	0.6160 ± 0.0057
	0.8579 ± 0.0015
	0.4509 ± 0.0017
	2789 ± 25
	0.1097 ± 0.0015

	SCCA-expression
	0.9076 ± 0.0007
	0.5159 ± 0.0031
	0.8878 ± 0.0007
	0.4488 ± 0.0005
	2607 ± 9
	0.0941 ± 0.0007

	SCCA-target
	0.9174 ± 0.0005
	0.6159 ± 0.0051
	0.8968 ± 0.0005
	0.4692 ± 0.0007
	2490 ± 11
	0.0834 ± 0.0005

	Kernel regression
	0.9185 ± 0.0005
	0.6134 ± 0.0053
	0.8992 ± 0.0005
	0.4766 ± 0.0007
	2448 ± 8
	0.0821 ± 0.0005

	LRSL-chem
	0.9179 ± 0.0003
	0.5595 ± 0.0034
	0.8976 ± 0.0004
	0.4614 ± 0.0005
	2583 ± 10
	0.0867 ± 0.0005

	LRSL-domain
	0.9285 ± 0.0005
	0.6470 ± 0.0050
	0.9104 ± 0.0007
	0.4821 ± 0.0005
	2174 ± 14
	0.0719 ± 0.0005

	LRSL-GO
	0.9290 ± 0.0007
	0.6441 ± 0.0043
	0.9068 ± 0.0010
	0.4924 ± 0.000
	2255 ± 15
	0.0714 ± 0.0007

	LRSL-expression
	0.9203 ± 0.0004
	0.5131 ± 0.0013
	0.9008 ± 0.0005
	0.4565 ± 0.0006
	2198 ± 11
	0.0801 ± 0.0004

	Multi-LRSL
	0.9295 ± 0.000
	0.6568 ± 0.0057
	0.9118 ± 0.0009
	0.4845 ± 0.0006
	2160 ± 13
	0.0709 ±0.0006


The metrics are denoted as [image: $$\hbox {mean}\pm \hbox {standard deviation}$$] . The method taking different types of features as input is indicated in the form of ’method name-feature type’
The best metric values are in italics, and the difference between the best value and the second best value of each metric is significant (student t-test, [image: $$\hbox {p-value}<0.05$$])




To further illustrate the predictive ability of the propose method, we exploited the drugs and their side effect labels from SIDER to train our model, then used the records of the off-label side effects from FAERS as independent test data. The proposed method still has better predictive performance for the drugs which are only present in FAERS compared to SCCA and kernel regression (Additional file 2: Table S5). Besides these new drugs, FAERS records some novel associations between drugs and side effects which are not present in SIDER. It is also found that the proposed method could better predict these novel drug-side effect associations ([image: $$\hbox {micro-AUC}=0.6815$$]) compared to SCCA and kernel regression model ([image: $$\hbox {micro-AUC}= 0.6736$$] and 0.6768 respectively). Moreover, because we only use the drugs with all four types of features in the above cross-validation experiment, there are still extra drugs which have side effect labels in SIDER but are not used for model training due to lack of target or gene expression information. The identities of these drugs are available at (Additional file 2: Table S6). We predicted side effects of these extra drugs with the chemical substructure features and calculated the performance metrics. It is noticed that the prediction performance of our model on these drugs is comparable with the cross-validation result (Additional file 2: Table S6). This indicates that the overfitting risk of the proposed model is under control and the model could be generalized well to unseen data.

Selection of side effect related features
In order to get a predictive model for the side effect prediction problem with high-dimension features, the L1 penalties are added to the model. As a result, our method could not only predict the side effects of drugs but also select the relevant drug features for each side effect. In this section, the feature selection capability of the proposed method was examined and compared with the other three L1-regularization methods: L1LOG, L1SVM and SCCA. The drug features from all feature profiles were selected by different methods. The positively weighted features were kept and thought to be closely related to the corresponding side effect labels. The number of the selected features from each feature profile by each method is shown in Fig. 2. The median numbers of the selected features for each side effect by the proposed method are 161 (chemical substructures), 43 (protein domain), 193 (gene ontology) and 43 (gene expression). All of these L1 regularization methods could get subsets of features from all possible drug features. L1SVM selected the smallest number of features from all feature profiles, while SCCA extracted the largest number of features in total. Multi-LRSL selected more features than L1LOG and L1SVM but less features than SCCA except for the chemical substructures. From the venn diagrams in Fig. 3, it is observed that the most features selected by L1LOG and L1SVM overlap with the features selected by multi-LRSL and SCCA. There are many features shared by SCCA and multi-LRSL as well as lots of features specifically selected by these two methods. Furthermore, the numbers of features selected by L1LOG and L1SVM from different feature profiles are quite uneven compared to the other two methods. There are much fewer features selected by L1LOG and L1SVM from the gene expression profile than the other feature types (as shown in Fig. 3 and Additional file 1: Figure S5).[image: A13321_2019_402_Fig2_HTML.png]
Fig. 2The number of features selected by different methods from different feature profiles




[image: A13321_2019_402_Fig3_HTML.png]
Fig. 3The Venn diagrams show the overlaps of features selected by different methods from different feature profiles





To further illustrate the feature selection property of our algorithm, we calculated the correlations between the drug features from both the same and different feature profiles using the original feature matrices, then we computed the correlations between the feature coefficients obtained by multi-LRSL. It is observed that the correlations between the drug feature coefficients tend to increase as the correlations between the original features become larger (Additional file 1: Figures S6 and S7). It is implied that multi-LRSL could select groups of highly correlated features both within and between multiple feature profiles. This property is similar to elastic net [50]. It should be an advantage for the problem of side effect prediction as there are many important but highly correlated features. Besides, it is realized that strongly correlated side effect labels could be associated with similar drug features. In Additional file 1: Figure S8, the affinity matrices of side effect labels calculated from the feature coefficients of multi-LRSL are visualized. All of these matrices are quite consistent with the affinity matrix of side effect labels calculated from the drug-side effect relation matrix. Thus, the proposed method could capture both the associations between drug features and the correlations between side effect labels.
Next, we tested the stability of our algorithm for feature selection by training the model with random division of drugs. It is shows that the feature coefficients are stable when different subsets of drugs are used for training (Additional file 1: Figure S9). Furthermore, we intend to examine whether the selected features are relevant to the side effects. However, there are very few systematic records for the relationships between drug features and side effects. Thus, we try to verify these predicted associations by examining whether they are compatible with the information from independent data source. For this purpose, the disease terms in CTD [51] which overlapped with the side effect terms in this work were gathered. In CTD, the disease terms are associated with various chemicals and genes. The chemicals and genes labelled with ‘marker/mechanism’ correlate with the disease or participate in the etiology of the disease. We collected these chemicals and genes related to the disease terms which overlapped with side effect terms. Then, the substructures and the gene expression changes of these chemicals, the protein domains and the gene ontology terms of these genes were extracted. The occurrence frequency of chemical substructures, protein domains and gene ontology terms were calculated for each disease term according to its related chemicals and genes to form the corresponding features from CTD. The gene expression changes were averaged across the chemicals related to a disease term to form the gene expression features from CTD. The data from CTD could be considered as the additional evidence to support the relationships between features and side effects. In our model, we assume that a feature with a coefficient that is large in magnitude is predictive for the presence of a side effect. We assume that the features from CTD will also have large magnitude and match the sign of the coefficients. Thus, the correlations between the coefficients and the CTD features could be utilized to assess the consistency between the predicted feature-side effect association and the information in CTD. We calculated the Spearman correlations between the coefficients learned by multi-LRSL and the features obtained from CTD for each side effect. It is found that the average correlation is significantly bigger than the correlations of randomly paired coefficients and features (Fig. 4, [image: $$\hbox {p-value}<0.05$$]). Together with the previous results, it is suggested that the proposed method could help select drug features related to side effects.[image: A13321_2019_402_Fig4_HTML.png]
Fig. 4The average Spearman’s correlation between the feature coefficients learned by multi-LRSL and feature data extracted from CTD for the same side effect is significantly bigger than random samples. The blue lines represent the density estimates for the averages of correlation coefficients of 1000 random samples. For each random sample, the average correlation is calculated with the same number of pairs of randomly selected feature coefficients and CTD feature data. The red arrows indicate the positions of the average correlation coefficients between paired feature coefficients and feature data (the frequency of features for chemical substructures, protein domains and gene ontology terms and the averages of gene expression changes). The p-values are estimated by Monte-Carlo test






Predicting new drug-side effect associations
To illustrate the utility of the proposed method for predicting side effects, we collected 320 drugs from DrugBank which were not included in the 501 drugs used for model construction. The DrugBank identities and names of these drugs are available at (Additional file 2: Table S7). We choose these drugs because all types of features could be obtained for them but they don’t have any side effect records in SIDER. In order to predict the side effect labels of these drugs, the features of them were retrieved as previously described. Then, the feature coefficient matrices [image: $$G_{p}\hbox {s}$$] were learned by our model with all the 501 drugs as the training data. We predicted side effects of these new drugs by [image: $$\sum _{p=1}^m{\theta _pX^{new}_pG_p}$$]. [image: $$X^{new}_p$$] is the pth feature matrix of these new drugs. Moreover, we inferred the missing labels of the training drugs with the predicted label matrix F (see methods section for more details). To give insights into the prediction results of our method, some examples are provided here. Hepatotoxicity is an important clinical adverse event that could cause hospitalizations and withdrawal of drugs. In Fig. 5a, 10 predicted drugs for hepatotoxicity (5 top-ranked new drugs, 5 top-ranked drugs in the training data without record of hepatotoxicity) are picked. The top-ranked features for hepatotoxicity (10 features with the highest coefficients of each feature type) are selected. The values of the top-ranked features in the original feature vectors of the 10 drugs are shown as heat-map. In the predicted drugs, dasatinib (DB01254), a selective tyrosine kinase receptor inhibitor for treatment of chronic myelogenous leukemia, was reported to induce live dysfunction [52]. Nintedanib (DB09079) also showed hepatotoxicity in a clinical trail [53]. It is observed that among the 10 top-ranked chemical substructures, 9 substructures (except sub0: [image: $$\ge 4\,\hbox {H}$$]) are enriched in the drugs with hepatotoxicity (Fisher’s exact test, p-value 1e−4). Among the selected protein domain features, there are 8 domains related to protein kinase, and 6 of them are present in the targets of all these drugs. This is in accordance with the previous study that many tyrosine kinase inhibitors have been found to be hepatotoxic [54]. The selected gene ontology features are mainly involved in apoptosis and cell proliferation. These biological processes were also related to hepatotoxicity by previous studies [55, 56]. It is observed that all drugs show a similar pattern of disturbance to the expression level of MEF2C. MEF2C was reported to regulate the activation of hepatic stellate cells and play a key role in hepatic fibrosis, a pathological response to live injury [57]. In Fig. 5b, the side effects that most frequently co-occur with hepatotoxicity show similar patterns of top-ranked feature coefficients. Some of these side effect terms are semantically related to hepatotoxicity, such as hepatobiliary disease and hepatic failure, while the other side effects may be similar to hepatotoxicity in production mechanisms. For example, drug-related neutropenia could be caused by cytotoxic effect on cell replication [58]. Mucosal inflammation could be regulated by tyrosine kinases related signal pathways [59]. In Additional file 2: Table S8, the prediction results of another two side effects, renal impairment and acute myocardial infarction are provided as additional examples. Alvimopan (DB06274) is ranked 3th for acute myocardial infarction. This toxic effect has been proved by clinical observation [60]. The selected features may also give some hints about these side effects. DAXX is ranked 1st for acute myocardial infarction in the gene expression features, and a study showed that DAXX may participate in myocardial ischemia/reperfusion-induced cell death [61]. The relationship between SRC (ranked 2th) and renal damage was also implied by previous study [62]. The above instances suggest that the proposed method could predict novel drug-side effect associations and select important drug features.[image: A13321_2019_402_Fig5_HTML.png]
Fig. 5The prediction results for hepatotoxicity. a The X axis represents the features with the largest coefficients for hepatotoxicity (10 features from each feature profile). The Y axis represents the top-ranked predicted drugs (5 test drugs without any known side effects, and 5 drugs with known side effects but without record for hepatotoxicity. The DrugBank IDs of the drugs with known side effects are underlined). Here, the colours on the heat-map represent the values of the selected features in the feature vectors of these drugs. b The X axis represents the features with the largest coefficients for hepatotoxicity (10 features from each feature profile), and the Y axis represents the side effects most frequently co-occurred with hepatotoxicity. The colours on the heat-map represent the values of the coefficients learned by multi-LRSL for each side effect. In both (a) and (b) different types of features are separated by grey dash lines







Discussion
Side effects are unintended impacts of drugs on human bodies. It is important to develop efficient methods for identifying potential side effects. In this work, we propose a novel multi-view and multi-label learning algorithm to predict the side effects of small molecular drugs and select relevant features. The advantage of the proposed method is demonstrated by systematic comparison with other computational methods and some examples of application.
The proposed method could integrate multiple types of features for side effect prediction. The rationality behind integration of multi-view data is that side effects are the results of complex interactions between drugs and biological systems. Drugs could interact with both intended therapeutic targets and unintended off-targets. While both types of targets could be associated with side effects, the full list of drug targets is still not available. Furthermore, targets could impact on the activities of various biological processes and pathways after binding with drugs. On the other hand, chemical structures determine how drugs interact with targets. Gene expression changes induced by drug reflect the overall biological effects of drug-target interactions. Thus, combination of chemical structures, gene expression and target information could provide a relatively complete description of drug bioactivity for side effect prediction. In this study, we show that there is consistent and complementary information related to side effects in these heterogeneous data. Our results also show that integration of multi-view data improves the performance of prediction. Therefore, data fusion for side effect prediction is reasonable and necessary.
In this study, the graph Laplacian regularization of the predicted label matrix encourages the preservation of the local geometric structures of the feature space and lets the drugs with similar features have similar side effect labels. The graphs constructed from four types of features are combined to explore the complementary information from different sources. This strategy for heterogeneous data integration is similar to the previous works [3, 32]. However, there are also some special improvements for the side effect prediction problem. In the work of Shi et al. [32], different types of features were concatenated into a long vectors in the least square loss term. This will increase the computational complexity for updating coefficient matrix as the total dimension of features is high in the side effect prediction problem (as noted by the algorithm complexity analysis in the additional material). They also selected the features associated with the larger rows in the coefficient matrix by [image: $$l_{2,1/2}$$]-matrix norm [32]. This will keep a group of features from all feature profiles to predict all labels. In this work, the feature matrices and the coefficient matrices are separate in both the least square loss terms and the graph Laplacian regularization terms. The L1 penalties induce the element-wise sparsity of the coefficient matrices [63]. Thus, our method could select different features from each feature profile simultaneously for different labels and reduces the computational cost. Moreover, in this work, the information of the known labels is used differently from our previous work for drug-disease association prediction [3]. Instead of transforming the label similarity to drug similarity, the correlations between side effects labels are explicitly encoded by an additional graph Laplacian matrix that regularizes the feature coefficient matrices. The regularization makes the strongly correlated labels share more relevant features. Altogether, the proposed model could not only fuse multi-view data but also select label specific features with the consideration for label correlations.
The dimensions of chemical and biological features of drugs are usually high. Feature selection is beneficial for side effect prediction, because it could reduce computational cost and prevent overfitting by excluding irrelevant features [64]. L1SVM, L1LOG, SCCA and our model introduce sparsity by L1-regularization. There is a trade-off between the feature sparsity and the prediction performance (Additional file 1: Figure S10). Although L1SVM and L1LOG selected less features, the correlations between features from multiple feature profiles could be missed by these two methods [50]. The correlations between side effect labels were also not taken into consideration. For SCCA, features and side effects appeared many times in multiple canonical components, which made the relationships between features and side effects less obvious. The proposed method fused heterogeneous data and considered the correlations between side effect labels. Thus, it could select features from multi-view data and associate every side effect with special drug features. As a result, our method could be utilized just for feature selection, and a separate classifier could be constructed with the selected features as the input to further improve the prediction performance. In that situation, the selection stability analysis should be conducted. Furthermore, the linear regression with L1 regularization in the model could increase the transparency of the model, that is, users could recognize which features are important for the model to make the predictions. However, it should be noticed that the model could not reveal the causal relationships between drug features and side effects. Users should be cautious about the meaning of the selected features. Feature selection sometimes could help researchers generate new hypothesises about the relationships between the selected features and the class labels. For this purpose, it is important to use interpretable features as input variables. The protein domain, gene ontology and gene expression features in this work could be more interpretable than chemical fingerprints. It is desirable to explore new forms of input in order to make the selected chemical features more meaningful in future work.
Although the proposed method shows the advantage of information fusion for side effect prediction, there are also some limitations in current work. First, the number of samples used for training is crucial for prediction and feature selection. But collecting multiple types of data is difficult and some features may not be available for some drugs. For example, not all the drugs in SIDER have the records of protein targets or gene expression data. This leads to a smaller data set for training the algorithm. However, our method is scalable, it could take either single or multiple feature profiles as input. Additionally, like the previous study [32], our model is based on graph Laplacian regularization. The model could be extended to a semi-supervised method [29]. Semi-supervised learning could utilize unlabelled data to promote the prediction performance. It may alleviate the problem of the limited number of labelled samples in side effect prediction. Second, there are some discrepancies between multiple data types. For example, some targets of drugs may be missed and gene expression data may contain lots of noise. The discrepancy could impair the performance of prediction. Thus, it needs methods that could handle disparity and noise in the future work. Thirdly, the side effect labels of drugs may be also missing and noisy. For example, FAERS contains a lot of drug-side effect associations which are absent in SIDER. There may be also some false positive labels in SIDER [20]. Some side effects are non-specific and don’t have causal relationships with drug features [65]. The missing and noisy labels could bring negative impact on side effect prediction. Because which side effect labels are missing is not known, all unobserved values are set to 0 in the label matrix, this could aggravate the bias of the model. The missing labels also aggravate the class imbalance and make the estimation of label correlations inaccurate. In the proposed model, we used the predicted label matrix F to approximate the true label matrix, and refined the label correlation matrix during optimization. This could alleviate the influence of missing label, but more sophisticated algorithms are needed to solve this problem in future study. For example, positive-unlabelled learning may alleviate the influence of the noisy negative labels [66].

Conclusions
In this work, we develop a novel computational method for predicting drug side effects. The proposed method could fuse multi-view data and explore the correlations between side effects. It could not only improve the performance of prediction but also select multiple types of features related to side effects. As a result, our method could be potentially used as an effective computational tool for recognizing patterns of side effect related features from various sources of data. In this way, the method could provide instructive information for drug development by mining heterogeneous data.

Supplementary information
Supplementary information accompanies this paper at https://​doi.​org/​10.​1186/​s13321-019-0402-3.

Acknowledgements
Thanks to Dr. Chao Ma for helpful discussion.

Authors' contributions
XJL conceived, designed the experiments, and drafted the manuscript. XJL collected the data and performed the experiments. YF, LZQ helped perform the experiments. PFZ and JL helped analyse the results. YHC and ZCC helped draft the manuscript. All authors read and approved the final manuscript.

Funding
This work is supported by the National Natural Science Foundation of Hunan Province (No. 2018JJ3807).

Availability of data and materials
All data are available together with the code for the proposed method at https://​github.​com/​LiangXujun/​multi-LRSL.

Competing interests
The authors declare that they have no competing interests.


[image: Creative Commons]Open AccessThis article is licensed under a Creative Commons Attribution 4.0 International License, which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or other third party material in this article are included in the article's Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included in the article's Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http://​creativecommons.​org/​licenses/​by/​4.​0/​. The Creative Commons Public Domain Dedication waiver (http://​creativecommons.​org/​publicdomain/​zero/​1.​0/​) applies to the data made available in this article, unless otherwise stated in a credit line to the data.

References
1.
Hornberg JJ, Laursen M, Brenden N, Persson M, Thougaard AV, Toft DB, Mow T (2014) Exploratory toxicology as an integrated part of drug discovery. Part i: why and how. Drug Discov Today 19(8):1131–1136

2.
Giacomini KM, Krauss RM, Roden DM, Eichelbaum M, Hayden MR, Nakamura Y (2007) When good drugs go bad. Nature 446(7139):975–7

3.
Liang X, Zhang P, Yan L, Fu Y, Peng F, Qu L, Shao M, Chen Y, Chen Z (2017) LRSSL: predict and interpret drug-disease associations based on data integration using sparse subspace learning. Bioinformatics (Oxford, England) 33:1187–1196. https://​doi.​org/​10.​1093/​bioinformatics/​btw770


4.
Luo H, Wang J, Li M, Luo J, Peng X, Wu F-X, Pan Y (2016) Drug repositioning based on comprehensive similarity measures and bi-random walk algorithm. Bioinformatics (Oxford, England) 32:2664–2671. https://​doi.​org/​10.​1093/​bioinformatics/​btw228


5.
Luo H, Li M, Wang S, Liu Q, Li Y, Wang J (2018) Computational drug repositioning using low-rank matrix approximation and randomized algorithms. Bioinformatics (Oxford, England) 34:1904–1912. https://​doi.​org/​10.​1093/​bioinformatics/​bty013


6.
Modi S, Hughes M, Garrow A, White A (2012) The value of in silico chemistry in the safety assessment of chemicals in the consumer goods and pharmaceutical industries. Drug Discov Today 17(3–4):135–142

7.
Ivanov SM, Lagunin AA, Poroikov VV (2016) In silico assessment of adverse drug reactions and associated mechanisms. Drug Discov Today 21(1):58

8.
Yang H, Sun L, Li W, Liu G, Tang Y (2018) Prediction of chemical toxicity for drug design using machine learning methods and structural alerts. Front Chem 6:30. https://​doi.​org/​10.​3389/​fchem.​2018.​00030


9.
Xu Y, Dai Z, Chen F, Gao S, Pei J, Lai L (2015) Deep learning for drug-induced liver injury. J Chem Inf Model 55:2085–2093. https://​doi.​org/​10.​1021/​acs.​jcim.​5b00238


10.
Atias N, Sharan R (2011) An algorithmic framework for predicting side effects of drugs. J Comput Biol 18:207–218. https://​doi.​org/​10.​1089/​cmb.​2010.​0255


11.
Mizutani S, Pauwels E, Stoven V, Goto S, Yamanishi Y (2012) Relating drug-protein interaction network with drug side effects. Bioinformatics (Oxford, England) 28:522–528. https://​doi.​org/​10.​1093/​bioinformatics/​bts383


12.
Fukuzaki M, Seki M, Kashima H, Sese, J (2009) Side effect prediction using cooperative pathways. In: Proceedings of IEEE international conference on bioinformatics and biomedicine, pp. 142–147. https://​doi.​org/​10.​1109/​BIBM.​2009.​26


13.
Lee S, Lee KH, Song M, Lee D (2011) Building the process-drug-side effect network to discover the relationship between biological processes and side effects. BMC Bioinf 12(2):2. https://​doi.​org/​10.​1186/​1471-2105-12-S2-S2


14.
Yamanishi Y, Pauwels E, Kotera M (2012) Drug side-effect prediction based on the integration of chemical and biological spaces. J Chem Inf Model 52:3284–3292. https://​doi.​org/​10.​1021/​ci2005548


15.
Wang Z, Clark NR, Ma’ayan A (2016) Drug-induced adverse events prediction with the lincs 1000 data. Bioinformatics (Oxford, England) 32:2338–2345. https://​doi.​org/​10.​1093/​bioinformatics/​btw168


16.
Liu M, Wu Y, Chen Y, Sun J, Zhao Z, Chen X-W, Matheny ME, Xu H (2012) Large-scale prediction of adverse drug reactions using chemical, biological, and phenotypic properties of drugs. JAMIA 19:28–35. https://​doi.​org/​10.​1136/​amiajnl-2011-000699


17.
Cao D-S, Xiao N, Li Y-J, Zeng W-B, Liang Y-Z, Lu A-P, Xu Q-S, Chen AF (2015) Integrating multiple evidence sources to predict adverse drug reactions based on a systems pharmacology model. CPT Pharm Syst Pharmacol 4:498–506. https://​doi.​org/​10.​1002/​psp4.​12002


18.
Pauwels E, Stoven V, Yamanishi Y (2011) Predicting drug side-effect profiles: a chemical fragment-based approach. BMC Bioinf 12:169. https://​doi.​org/​10.​1186/​1471-2105-12-169


19.
Xiao C, Zhang P, Chaowalitwongse WA, Hu J, Wang F (2017) Adverse drug reaction prediction with symbolic latent dirichlet allocation. In: Proceedings of the thirty-first AAAI conference on artificial intelligence

20.
Kuhn M, Al Banchaabouchi M, Campillos M, Jensen LJ, Gross C, Gavin A-C, Bork P (2013) Systematic identification of proteins that elicit drug side effects. Mol Syst Biol 9:663. https://​doi.​org/​10.​1038/​msb.​2013.​10


21.
Iwata H, Mizutani S, Tabei Y, Kotera M, Goto S, Yamanishi Y (2013) Inferring protein domains associated with drug side effects based on drug-target interaction network. BMC Syst Biol 7(6):18. https://​doi.​org/​10.​1186/​1752-0509-7-S6-S18


22.
Chen X, Shi H, Yang F, Yang L, Lv Y, Wang S, Dai E, Sun D, Jiang W (2016) Large-scale identification of adverse drug reaction-related proteins through a random walk model. Sci Rep 6:36325. https://​doi.​org/​10.​1038/​srep36325


23.
Xu C, Tao D, Xu C (2013) A survey on multi-view learning. arXiv:​1304.​5634v1


24.
Zhang X, Li L, Ng MK, Zhang S (2017) Drug-target interaction prediction by integrating multiview network data. Comput Biol Chem 69:185–193. https://​doi.​org/​10.​1016/​j.​compbiolchem.​2017.​03.​011


25.
Zhang M, Zhou Z (2014) A review on multi-label learning algorithms. IEEE Transac Knowl Data Eng 26(8):1819–1837. https://​doi.​org/​10.​1109/​TKDE.​2013.​39


26.
Cerri R, Barros RC, de Carvalho AC, Jin Y (2016) Reduction strategies for hierarchical multi-label classification in protein function prediction. BMC Bioinf 17:373. https://​doi.​org/​10.​1186/​s12859-016-1232-1


27.
Wan S, Mak M-W, Kung S-Y (2016) Sparse regressions for predicting and interpreting subcellular localization of multi-label proteins. BMC Bioinf 17:97. https://​doi.​org/​10.​1186/​s12859-016-0940-x


28.
Zhang M-L, Wu L (2015) Lift: Multi-label learning with label-specific features. IEEE Trans Pattern Anal Mach Intell 37:107–120. https://​doi.​org/​10.​1109/​TPAMI.​2014.​2339815


29.
Belkin M, Niyogi P, Sindhwani V (2006) Manifold regularization: a geometric framework for learning from labeled and unlabeled examples. J. Mach. Learn. Res. 7:2399–2434

30.
Belkin M, Niyogi P (2001) Laplacian eigenmaps and spectral techniques for embedding and clustering. Adv Neu Inf Process Syst 14(6):585–591

31.
Xia T, Tao D, Mei T, Zhang Y (2010) Multiview spectral embedding. IEEE transactions on systems, man, and cybernetics. Part B, cybernetics. IEEE Syst Man Cyber Soc 40:1438–1446. https://​doi.​org/​10.​1109/​TSMCB.​2009.​2039566


32.
Shi C, Ruan Q, An G, Ge C (2015) Semi-supervised sparse feature selection based on multi-view laplacian regularization. Image Vision Comput 41:1–10. https://​doi.​org/​10.​1016/​j.​imavis.​2015.​06.​006


33.
Mojoo J, Kurosawa K, Kurita T (2017) Deep CNN with graph laplacian regularization for multi-label image annotation. In: Karray F, Campilho A, Cheriet F (eds) Image analysis and recognition. Springer, Cham. https://​doi.​org/​10.​1007/​978-3-319-59876-5_​3


34.
Li C, Li H (2008) Network-constrained regularization and variable selection for analysis of genomic data. Bioinformatics (Oxford, England) 24:1175–1182. https://​doi.​org/​10.​1093/​bioinformatics/​btn081


35.
Kuhn M, Letunic I, Jensen LJ, Bork P (2016) The sider database of drugs and side effects. Nucleic Acids Res 44:1075–1079. https://​doi.​org/​10.​1093/​nar/​gkv1075


36.
Wang Y, Xiao J, Suzek TO, Zhang J, Wang J, Bryant SH (2009) Pubchem: a public information system for analyzing bioactivities of small molecules. Nucleic Acids Res 37:623–633. https://​doi.​org/​10.​1093/​nar/​gkp456


37.
Law V, Knox C, Djoumbou Y, Jewison T, Guo AC, Liu Y, Maciejewski A, Arndt D, Wilson M, Neveu V, Tang A, Gabriel G, Ly C, Adamjee S, Dame ZT, Han B, Zhou Y, Wishart DS (2014) Drugbank 4.0: shedding new light on drug metabolism. Nucleic Acids Res 42:1091–1097. https://​doi.​org/​10.​1093/​nar/​gkt1068


38.
Mitchell A, Chang H-Y, Daugherty L, Fraser M, Hunter S, Lopez R, McAnulla C, McMenamin C, Nuka G, Pesseat S, Sangrador-Vegas A, Scheremetjew M, Rato C, Yong S-Y, Bateman A, Punta M, Attwood TK, Sigrist CJA, Redaschi N, Rivoire C, Xenarios I, Kahn D, Guyot D, Bork P, Letunic I, Gough J, Oates M, Haft D, Huang H, Natale DA, Wu CH, Orengo C, Sillitoe I, Mi H, Thomas PD, Finn RD (2015) The interpro protein families database: the classification resource after 15 years. Nucleic Acids Res 43:213–221. https://​doi.​org/​10.​1093/​nar/​gku1243


39.
Consortium U (2010) The universal protein resource (uniprot) in 2010. Nucleic Acids Res 38:142–148. https://​doi.​org/​10.​1093/​nar/​gkp846


40.
Koleti A, Terryn R, Stathias V, Chung C, Cooper DJ, Turner JP, Vidovic D, Forlin M, Kelley TT, D’Urso A, Allen BK, Torre D, Jagodnik KM, Wang L, Jenkins SL, Mader C, Niu W, Fazel M, Mahi N, Pilarczyk M, Clark N, Shamsaei B, Meller J, Vasiliauskas J, Reichard J, Medvedovic M, Ma’ayan A, Pillai A, Schürer SC (2018) Data portal for the library of integrated network-based cellular signatures (lincs) program: integrated access to diverse large-scale cellular perturbation response data. Nucleic Acids Res 46:558–566. https://​doi.​org/​10.​1093/​nar/​gkx1063


41.
Dong J, Yao Z-J, Zhang L, Luo F, Lin Q, Lu A-P, Chen AF, Cao D-S (2018) Pybiomed: a python library for various molecular representations of chemicals, proteins and dnas and their interactions. J Cheminf 10:16. https://​doi.​org/​10.​1186/​s13321-018-0270-2


42.
Zhu X, Lafferty J, Rosenfeld R (2005) Semi-supervised learning with graphs. Ph.D. thesis, Carnegie Mellon University, language technologies institute, school of computer science Pittsburgh

43.
Yu J, Wang M, Tao D (2012) Semisupervised multiview distance metric learning for cartoon synthesis. IEEE Transac Image Process 21(11):4636–4648. https://​doi.​org/​10.​1109/​TIP.​2012.​2207395


44.
Nie F, Xu D, Tsang IW, Zhang C (2010) Flexible manifold embedding: a framework for semi-supervised and unsupervised dimension reduction. IEEE Transac Image Process 19(7):1921–1932. https://​doi.​org/​10.​1109/​TIP.​2010.​2044958


45.
Ding C, Li T, Jordan MI (2010) Convex and semi-nonnegative matrix factorizations. IEEE Transac Pattern Anal Mach Intell 32(1):45–55

46.
Nesterov Y (1983) A method of solving a convex programming problem with convergence rate [image: $$o(1/k^2)$$]. Soviet Math Doklady 27(2):372–376

47.
Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O, Blondel M, Prettenhofer P, Weiss R, Dubourg V, Vanderplas J, Passos A, Cournapeau D, Brucher M, Perrot M, Duchesnay E (2011) Scikit-learn: machine learning in python. J Mach Learn Res 12:2825–2830

48.
Fan R-E, Chang K-W, Hsieh C-J, Wang X-R, Lin C-J (2008) Liblinear: a library for large linear classification. J Mach Learn Res 9:1871–1874

49.
Witten D, Tibshirani R, Gross S, Narasimhan B (2018) PMA: Penalized multivariate analysis. R package version 1.0.11. https://​CRAN.​R-project.​org/​package=​PMA


50.
Zou H, Hastie T (2005) Regularization and variable selection via the elastic net. J R Stat Soc 67:301–320. https://​doi.​org/​10.​1111/​j.​1467-9868.​2005.​00503.​x


51.
Davis AP, Grondin CJ, Johnson RJ, Sciaky D, King BL, McMorran R, Wiegers J, Wiegers TC, Mattingly CJ (2017) The comparative toxicogenomics database: update 2017. Nucleic Acids Res 45:972–978. https://​doi.​org/​10.​1093/​nar/​gkw838


52.
Bonvin A, Mesnil A, Nicolini FE, Cotte L, Michallet M, Descotes J, Vial T (2008) Dasatinib-induced acute hepatitis. Leuk Lymph 49:1630–1632. https://​doi.​org/​10.​1080/​1042819080213638​4


53.
Takeda M, Okamoto I, Nakagawa K (2015) Clinical development of nintedanib for advanced non-small-cell lung cancer. Therap Clin Risk Manag 11:1701–1706. https://​doi.​org/​10.​2147/​TCRM.​S76646


54.
Shah RR, Morganroth J, Shah DR (2013) Hepatotoxicity of tyrosine kinase inhibitors: clinical and regulatory perspectives. Drug Saf 36:491–503. https://​doi.​org/​10.​1007/​s40264-013-0048-4


55.
Jaeschke H, Duan L, Akakpo JY, Farhood A, Ramachandran A (2018) The role of apoptosis in acetaminophen hepatotoxicity. Food Chem Toxicol 118:709–718. https://​doi.​org/​10.​1016/​j.​fct.​2018.​06.​025


56.
Wang Q, Wei L-W, Xiao H-Q, Xue Y, Du S-H, Liu Y-G, Xie X-L (2017) Methamphetamine induces hepatotoxicity via inhibiting cell division, arresting cell cycle and activating apoptosis: in vivo and in vitro studies. Food Chem Toxicol 105:61–72. https://​doi.​org/​10.​1016/​j.​fct.​2017.​03.​030


57.
Wang X, Tang X, Gong X, Albanis E, Friedman SL, Mao Z (2004) Regulation of hepatic stellate cell activation and growth by transcription factor myocyte enhancer factor 2. Gastroenterology 127:1174–1188

58.
McArthur K, D’Cruz AA, Segal D, Lackovic K, Wilks AF, O’Donnell JA, Nowell CJ, Gerlic M, Huang DCS, Burns CJ, Croker BA (2017) Defining a therapeutic window for kinase inhibitors in leukemia to avoid neutropenia. Oncotarget 8:57948–57963. https://​doi.​org/​10.​18632/​oncotarget.​19678


59.
Coulthard MG, Morgan M, Woodruff TM, Arumugam TV, Taylor SM, Carpenter TC, Lackmann M, Boyd AW (2012) Eph/ephrin signaling in injury and inflammation. Am J Pathol 181:1493–1503. https://​doi.​org/​10.​1016/​j.​ajpath.​2012.​06.​043


60.
Becker G, Blum HE (2009) Novel opioid antagonists for opioid-induced bowel dysfunction and postoperative ileus. Lancet (London, England) 373:1198–1206. https://​doi.​org/​10.​1016/​S0140-6736(09)60139-2


61.
Roubille F, Combes S, Leal-Sanchez J, Barrère C, Cransac F, Sportouch-Dukhan C, Gahide G, Serre I, Kupfer E, Richard S, Hueber A-O, Nargeot J, Piot C, BarrèLemaire S (2007) Myocardial expression of a dominant-negative form of daxx decreases infarct size and attenuates apoptosis in an in vivo mouse model of ischemia/reperfusion injury. Circulation 116:2709–2717. https://​doi.​org/​10.​1161/​CIRCULATIONAHA.​107.​694844


62.
Xiong C, Zang X, Zhou X, Liu L, Masucci MV, Tang J, Li X, Liu N, Bayliss G, Zhao TC, Zhuang S (2017) Pharmacological inhibition of src kinase protects against acute kidney injury in a murine model of renal ischemia/reperfusion. Oncotarget 8:31238–31253. https://​doi.​org/​10.​18632/​oncotarget.​16114


63.
Trevor BE, Hastie T, Johnstone L, Tibshirani R (2002) Least angle regression. Ann Stat 32:407–499

64.
Reid S, Grudic G (2009) Regularized linear models in stacked generalization. Multiple classifier systems. Springer, Berlin, pp 112–121

65.
Barsky AJ, Saintfort R, Rogers MP, Borus JF (2002) Nonspecific medication side effects and the nocebo phenomenon. JAMA 287:622–627. https://​doi.​org/​10.​1001/​jama.​287.​5.​622


66.
Li X-l, Yu PS, Liu B, Ng SK (2009) Positive unlabeled learning for data stream classification. SDM, SIAM, San Diego

67.
Langfelder P, Zhang B, Horvath S (2007) Defining clusters from a hierarchical cluster tree: the dynamic tree cut package for R. Bioinformatics 24(5):719–720. https://​doi.​org/​10.​1093/​bioinformatics/​btm563




Publisher's Note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.


OEBPS/A13321_2019_402_Article_IEq10.gif
Ly





OEBPS/A13321_2019_402_Article_IEq53.gif





OEBPS/A13321_2019_402_Article_Equ12.gif
AL X
T ‘?
24507
52 By+ alR=Ro) =T

=





OEBPS/A13321_2019_402_Article_IEq61.gif





OEBPS/A13321_2019_402_Article_IEq37.gif





OEBPS/A13321_2019_402_Article_Equ8.gif





OEBPS/A13321_2019_402_Article_IEq29.gif
THGy(Dg =~ RIG})





OEBPS/A13321_2019_402_Article_IEq43.gif
(1B, = By)/2






OEBPS/A13321_2019_402_Article_Equ20.gif
min=21G, - ZOIR + 4G,
s





OEBPS/A13321_2019_402_Article_IEq158.gif
p-value < 0.05





OEBPS/A13321_2019_402_Article_IEq47.gif
F(Gp)





OEBPS/A13321_2019_402_Article_IEq17.gif





OEBPS/A13321_2019_402_Article_IEq12.gif





OEBPS/A13321_2019_402_Article_Equ4.gif
inTrFTL F
min T r(FTL,F)





OEBPS/A13321_2019_402_Article_IEq55.gif





OEBPS/A13321_2019_402_Article_Equ10.gif
0= o
Yu Z X,G,

=





OEBPS/A13321_2019_402_Article_Equ19.gif
L 2
min fIGE) + (VIG). Gy = Gy + G, =G + 5y





OEBPS/A13321_2019_402_Article_IEq35.gif





OEBPS/A13321_2019_402_Article_IEq71.gif
p-value < 0.05





OEBPS/A13321_2019_402_Article_IEq41.gif
TG PR jy=0





OEBPS/A13321_2019_402_Article_Equ6.gif
LA P N
'5‘}2‘52 THG (D= RIGy) + 5lIR = Roll;
-

stR;=R; >0





OEBPS/A13321_2019_402_Article_IEq49.gif
=Gy + 424G
=Gy -G






OEBPS/A13321_2019_402_Article_IEq19.gif
Dylici) = 378 (. ))





OEBPS/A13321_2019_402_Article_Equ22.gif





OEBPS/A13321_2019_402_Article_IEq6.gif
(R





OEBPS/A13321_2019_402_Fig5_HTML.png
. - Feature coefficients
Feature values in original feature vectors f

3 8 = ] »
8 < m % m N < Q Q Q <1
— o =] o =] < =] o 5] <] o
. dds - 1dds
- TT0X8d - TroX8d
g -
§ = VIS 2 YIS
2 $
H -
3 - 93D 3 E:EN)
S =
IS -D¥s 1y ous
g ° - MTAN
@ . = MIAN g
5 -
@ - z3avr S z3avr
- HO9Hd - Ha9Hd
- TSUY - TSuY
FoEn o roma
- £800000:09 - £800000:09
. - G90£700:09 - S90€500:09
y .
2 ... 1219500:09 S 1419%00:09
) < | ”
K] . - 2800000:09 = 2800000:09
N - ‘
8 - 7269000:09 N $.69000:09
() 3 | !
S . - G912000:09 3 §9T2000:09
S S )
= - ¥¥22000:09 W - ¥¥22000:09
S .
m . = ¥¥6500:0D M ¥65700:09
3 S .
& . - £828000:09 - £828000:09
= 990£+00°:0D

990£+00:0D

...I TSIETO™dI
.| ¥281004d!

£922204d!

. £¥Z9T0ddI

S£90Z0MdI

TSTETONdI

. ¥Z81004d!

= £92.208dI

= £¥ZITONdI

| -

9928004d!

99Z800ddI

L R

600TT0dd|

. 61200048d1

GYZT00ddI

.. 6120004d1
.-I Tyv.T0ddI

Target protein domain
Target protein domain

- 9g9qns - 9g9ans
- ogns
W
W
& 5 - £65qns
£ 3
3] L
3 - 109ans g T099nS
2 =
"EEEE B B
~ S -
NN BN B e
B
: NN B o S e
8 B B ©
NEEN BN BN - Y | e
' '
S 0 © m o o o v v ol c @
0 S =W m NN O N ¢ @ 5 g 5 &
a4 Mo o 9o 9 O I b8 § 23
= QO © & WO S S = 0 8 & T 5 3 %
oo O o o o o g 9 9 @2 § E 9 8
[y 'a I a'a Ry o'a [y a'a WY 'a Y a'a Y a'a Ry a'a) R aa) T 5 E O 2 °
[alalyalyalialyaiaia s e >3 % = 878 &
82 c £ 8 5
R
2 2 =
a2 g =
3
T =
i)
o

a
b





OEBPS/sidebar.gif





OEBPS/A13321_2019_402_Fig2_HTML.png
Number of features(log scale)

107 4

L1LOG
L1SVM
SCCA
Multi-LRSL
All possible

106 4

105 4

10% 4

103

102

Chemical substructure Target domian Target gene ontology Gene expression





OEBPS/A13321_2019_402_Article_Equ17.gif
/((‘,,),—l HGpX )l = P P)X,G,) — uTr(Y PTX,G,)

i n(ZF’ XTPTX,G)+ n( (D — RIGT)

4





OEBPS/cc-by.png
() _®





OEBPS/A13321_2019_402_Article_IEq163.gif
L1 6,X,7Gy





OEBPS/A13321_2019_402_Article_IEq31.gif





OEBPS/A13321_2019_402_Article_IEq7.gif





OEBPS/A13321_2019_402_Article_IEq59.gif
L1 6,X,7Gy





OEBPS/A13321_2019_402_Article_Equ2.gif
Sy =

sim(X, (i, ), X,(j.))  if X,(ji:) is the k-nearest neighbor of X,,(i.:)
0 otherwise,





OEBPS/A13321_2019_402_Article_IEq22.gif
y>1





OEBPS/A13321_2019_402_Article_IEq65.gif
11 llo





OEBPS/A13321_2019_402_Article_IEq16.gif
10.01n]





OEBPS/A13321_2019_402_Article_Equ24.gif
FPR

___FP
“FP+TN





OEBPS/A13321_2019_402_Article_IEq68.gif
p-value < 0.001,





OEBPS/A13321_2019_402_Article_IEq25.gif





OEBPS/A13321_2019_402_Article_IEq4.gif
X}





OEBPS/A13321_2019_402_Article_IEq161.gif
p-value < 0.05





OEBPS/A13321_2019_402_Article_IEq9.gif





OEBPS/A13321_2019_402_Article_Equ9.gif
P=((1+ml+L)"





OEBPS/A13321_2019_402_Article_Equ15.gif
R, j) < R, j)






OEBPS/A13321_2019_402_Article_IEq50.gif





OEBPS/A13321_2019_402_Article_IEq157.gif
mean =+ standard deviation





OEBPS/A13321_2019_402_Article_IEq63.gif





OEBPS/A13321_2019_402_Article_IEq20.gif
ge rmxt





OEBPS/A13321_2019_402_Article_IEq33.gif
Ly





OEBPS/A13321_2019_402_Article_IEq57.gif





OEBPS/A13321_2019_402_Article_IEq14.gif
Xpli)





OEBPS/A13321_2019_402_Figa_HTML.png
Algorithm 1 Multi-view Laplacian regularized sparse learning

Input: Drug feature matrix X, € R™*dp p € {1...m}, Drug-side effect relation matrix Y € R™*¢,
parameters pu, A\, a, 3,7y
Output: Feature coefficient matrix Gp € R% %! p € {1...m}, predicted label matrix F € R"*%,
1: Initialization:tg, t—1 + 1, G;.
2: while not converged do
update F' according to (8)
update R according to (15)
for p < 1 to m do
~(k k te_1—1, ~(k k—1
6 Gl + =71 o — )
calculate Vf(é;k)) and Ly
k ~(k ~(k
239« G — LV HGP)
k+1 k
Gy 5 5 (27

f

10: end for
1+4/4t2 +1
11: tk+1 < —V &

2

12: update 6 according to (22)
13: k+—k+1

14: end while

© o N ouhw






OEBPS/A13321_2019_402_Article_IEq27.gif





OEBPS/A13321_2019_402_Article_Equ13.gif
i iao(GT iae(GT
Ay =diag(GyGy)J + 1diag(GyG ) = diag(GG)





OEBPS/A13321_2019_402_Article_Equ26.gif
ranking loss

.
S S TP
n,,uzum S D Feb = 5L

Y60 = 1,76, ) = of





OEBPS/A13321_2019_402_Article_IEq2.gif





OEBPS/A13321_2019_402_Article_Equ7.gif
P R Py e
,_,éx:ﬁﬁuﬁ =Yl + zlr([- LF)
Y »

+ E,Z 1X,Gp = FI:

s @ 2
+ EZ THGy(Dx = RG] + 5IR = Kol
=

N

=

st.L= Y Oy ) 6,=1.0<6,<1.R;=R;=0
= =





OEBPS/A13321_2019_402_Article_IEq28.gif





OEBPS/A13321_2019_402_Article_IEq44.gif





OEBPS/A13321_2019_402_Article_Equ21.gif
1 2
Gy = argnin 3G, = 201 + L%HG,,H.
o
=540





OEBPS/A13321_2019_402_Article_IEq1.gif
X, € R





OEBPS/A13321_2019_402_Article_IEq70.gif





OEBPS/A13321_2019_402_Article_IEq159.gif
micro-AUC = 0.6815





OEBPS/A13321_2019_402_Article_IEq46.gif
Ly





OEBPS/A13321_2019_402_Article_Equ11.gif
1-r<G:,(urR)F’)+ IR = Rl = THTR)






OEBPS/A13321_2019_402_Article_IEq167.gif
LX)





OEBPS/A13321_2019_402_Article_IEq52.gif





OEBPS/A13321_2019_402_Article_IEq38.gif





OEBPS/A13321_2019_402_Article_IEq60.gif
Yoy € R





OEBPS/A13321_2019_402_Article_Equ23.gif
TP
“TP+FN





OEBPS/A13321_2019_402_Article_IEq42.gif
(By)" = (IB,| + By)/2





OEBPS/contact.gif





OEBPS/A13321_2019_402_Article_IEq170.gif
o(1/k)





OEBPS/A13321_2019_402_Article_IEq18.gif
L,=D,-S,





OEBPS/A13321_2019_402_Fig4_HTML.png
Density

120 4
100 4 p-value<0.001
80
60 -
40

20 A 1

0_

0.38 0.39 0.40 0.41
Spearman correlation between Multi-LRSL coefficients
and chemical substructure frequency

175 A
150 4 p-value<0.001

125 A

25 A 1

0_

0.045 0.050 0.055 0.060 0.065

Spearman correlation between Multi-LRSL coefficients
and gene ontology term frequency

Density

Density

140 4
120 4 p-value<0.001
100 A
80 1
60
40 A

20 A l

0_

0.020 0.025 0.030 0.035 0.040
Spearman correlation between Multi-LRSL coefficients
and protein domain frequency

140 1
120 A
100 1
80 -
60 -
40 A

20 A

0_

0.190 0.195 0.200 0.205
Spearman correlation between Multi-LRSL coefficients
and average gene expression changes





OEBPS/A13321_2019_402_Article_IEq48.gif





OEBPS/A13321_2019_402_Article_IEq72.gif
p-value < 0.05





OEBPS/A13321_2019_402_Article_Equ18.gif
8(Gp) = BlG I





OEBPS/A13321_2019_402_Article_IEq54.gif





OEBPS/A13321_2019_402_Fig3_HTML.png
Overlap of the number of the selected chemical substructure features Overlap of the number of the selected target domain features

L1SVM

216020

348687

213675

L1SVM

1092744

282774

62619

Overlap of the number of the selected target gene ontology features Overlap of the number of the selected gene expression features

L1SVM

2137923

885899

153463

L1SVM

591131

269154

108877





OEBPS/A13321_2019_402_Article_IEq11.gif





OEBPS/A13321_2019_402_Article_IEq67.gif
Yiew





OEBPS/A13321_2019_402_Article_IEq165.gif





OEBPS/A13321_2019_402_Article_IEq36.gif





OEBPS/A13321_2019_402_Article_Equ5.gif
T P U
%nimz;e,,r LyF) + 5lIF = VI
=

5160, iﬁ,

=






OEBPS/A13321_2019_402_Article_IEq58.gif
X





OEBPS/A13321_2019_402_Article_IEq23.gif





OEBPS/A13321_2019_402_Article_IEq66.gif
V= Ty 6,X5Gy





OEBPS/A13321_2019_402_Article_Equ25.gif
anmgzwmr:—z max  rank(, j)- 1
Tiest £ Ficutip1






OEBPS/A13321_2019_402_Article_IEq15.gif
Xp(j.2)





OEBPS/A13321_2019_402_Article_IEq164.gif
X





OEBPS/A13321_2019_402_Article_IEq40.gif
Ix1





OEBPS/A13321_2019_402_Article_IEq24.gif





OEBPS/A13321_2019_402_Article_IEq5.gif
Ly





OEBPS/A13321_2019_402_Article_IEq162.gif
Gps





OEBPS/A13321_2019_402_Article_IEq56.gif





OEBPS/A13321_2019_402_Article_Equ16.gif
mm[-((‘,,) = 442 GIXI(ul - (2PT)X,G,)
=1

— uTHY"P" Z X,G,)

&

-5 r(z Z GIXTPTX,G,)

=t

i -
+5 D, THG(De = RG] + 8 ) IG I
£

=





OEBPS/A13321_2019_402_Article_IEq8.gif





OEBPS/A13321_2019_402_Article_IEq30.gif
TG0 = Gl DIERG. )





OEBPS/A13321_2019_402_Article_IEq21.gif





OEBPS/A13321_2019_402_Article_Equ3.gif
min ) IFG,:) = FGLIBS .
T





OEBPS/A13321_2019_402_Article_IEq34.gif





OEBPS/A13321_2019_402_Article_IEq39.gif





OEBPS/A13321_2019_402_Article_IEq64.gif
et





OEBPS/A13321_2019_402_Article_Equ14.gif
iag(GT
B, =2G,G, - diag(G,,G,)





OEBPS/A13321_2019_402_Article_IEq26.gif





OEBPS/A13321_2019_402_Article_IEq51.gif
20 =G LG





OEBPS/A13321_2019_402_Article_IEq69.gif
p-value < 0.001





OEBPS/A13321_2019_402_Article_Equ27.gif
e
A= e 2T G
Ik s VG,

o
=196,k = %G jl
rank(i. j)

=1





OEBPS/A13321_2019_402_Article_IEq13.gif





OEBPS/A13321_2019_402_Fig1_HTML.png
BESA i b=

Overlapped between one feature similarity matrix
and the side effect similarity matrix

Overlapped between all feature similarity matrices
and the side effect similarity matrix

Overlapped between two or three feature similarity
matrices and the side effect similarity matrix

Drug side effect similarity matrix





OEBPS/A13321_2019_402_Article_IEq3.gif
YeRrm™





OEBPS/A13321_2019_402_Article_Equ1.gif
mm—ZH Gy - FI +/:ZHF,,H.

=





OEBPS/A13321_2019_402_Article_IEq160.gif
micro-AUC = 0.6736





OEBPS/A13321_2019_402_Article_IEq62.gif
k) 2 PG





OEBPS/A13321_2019_402_Article_IEq45.gif





OEBPS/A13321_2019_402_Article_IEq32.gif





