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Abstract
We proposed a sparse representation based variable selection (SRVS) approach with the purpose to assist
personalized diagnosis for autism spectrum disorder (ASD). The approach was applied in 4 independent gene
expression datasets. The SRVS method identified a unique gene vector for each patient group, leading to significantly
higher classification accuracy compared to randomly selected genes (82.82%, 97.22%, 100%, and 62.41%; p-values:
0, 0, 0.0014, and 0.0014). The SRVS method also outperformed the ANOVA-based gene selection in terms of
classification ratio. Our results suggest that SRVS together with literature data could serve as an effective method
for personalized biomarker selection.
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1. Introduction
Autism spectrum disorder (ASD) is a common, highly heritable neurodevelopmental condition typically diagnosed
in early childhood, which can last throughout a person’s life [3]. People with ASD have substantial challenges in
social interaction, communication, and learning. These patients display restrictive, repetitive behaviors, interests,
and activities [3]. Despite nearly 50 years elapsed since Leo Kanner’s seminal description of “Autistic Disturbances
of Affective Contact” in a pediatric population [19], the neurological manifestations and causes of ASD are not fully
understood. Previous studies found that ASD has an estimated heritability of around 50% [32]. In addition, twin
studies suggested that genetic factors play a role in the etiology of autism [30, 31]. Recently, researchers found
multiple genes involved in the etiology of autism[22, 14]. As such, significant researches investigating the genetic
causes of ASD have been conducted, targeting earlier diagnosis and novel treatment development for the disease.
Hundreds of genes/proteins have been linked to ASD, reflecting its heterogeneity. Mutations of some genes have
been frequently reported as risk factors for ASD, such as SLC6A4 and OXT [8, 29]. However, these genes may also
be associated with multiple other diseases. For example, genetic variance of SLC6A4 was suggested to represent a
risk factor for eating disorders (ED) [6], and its elevated activity has been associated with obsessive compulsive
disorder (OCD) [40]. The lack of specificity of these genes decreases their utility in the diagnosis and treatment of
ASD. On the other hand, many genes only appear in a small portion of ASD cases, such as AGER, BCHE and
APBA2 [2, 4, 10]. Research is ongoing; there are dozens of novel genes associated with ASD that are identified each
year. For instance, AKT1, ARC and ARHGAP32 were newly reported as ASD risk genes in 2016 [1, 26, 39]. These
genes have not been identified in many other ASD studies, which may be due to the specificity of genome variations
between subjects [23]. Therefore, early diagnosis and prediction of ASD may require multiple genes as biomarkers.
Moreover, subject specificity should also be considered for the treatment.
To address this issue, this study first developed an ASD genetic database (ASD_042017), curating all ASD target
genes available within the Pathway Studio (PS; http://pathwaystudio.com/), which possesses the largest databases in
the field [21]. The disease prediction capability of the curated genes within ASD_042017 were tested using multiple
independent gene expression datasets with an ASD case/control classification approach. A sparse representationbased variable selection (SRVS) algorithm was employed to select the best gene vector as a biomarker/feature for
the classification. The SRVS algorithm has been previously shown to be effective in genetic and imaging variable

selection [7]. Instead of selecting a specific number of variables, the SRVS method generates a sparse regression
weight for each variable, which can be used for variable ranking [7].
Our results confirm the specificity of the genomic variation of different ASD patient groups, and support the
hypothesis that for a given ASD patient group, there may exist a gene vector from the curated ASD target genes that
possesses significant predication power to separate ASD cases from heathy controls.

2. Methods and Materials
2.1 Development and analysis of ASD_042017
Figure 1 presents the database schema of ASD_042017. The database contains 529 genes, 41 drugs/small molecules,
106 diseases, and 91 pathways. Also included is the information from 2,098 and 267 supporting references for ASDGene and ASD-Drug relations, respectively. For each relation, there are one or more supporting references. The
current ASD_042017 database has been deposited into ‘Bioinformatics Database’ (http://database.gousinfo.com). It
is scalable and will be updated monthly or upon request. To note, ASD presents multiple subtypes, including essential
and complex autism. The 529 target genes were collected for all these ASD subtypes, which were intended to present
a comprehensive target gene pool for the feature/gene selection for different patient groups.
The 91 pathways (ASD_042017Related Pathways) were acquired using Pathway Enrichment Analysis (PEA)
module of Pathway Studio (www.pathwaystudio.com). The 529 ASD genes were significantly enriched within these
pathways (p-value<3e-08; q=0.001 for FDR). The 106 diseases (ASD_042017Related Diseases) were identified
using

the

Sub-Network

Enrichment

Analysis

(SNEA)

module

in

Pathway

Studio

(http://pathwaystudio.gousinfo.com/SNEA.pdf). The 529 ASD target genes present significant overlap with the genes
linked to each of these 106 diseases (Fisher’s Exact Test p-value<2.5e-33; q=0.001 for FDR).
The Gene-Gene Interaction (GGI) Network (ASD_042017GGI Network) was generated based on the pathways
enriched. Two genes were identified as connected if they shared one or more pathways, and the number of shared
pathways dictated the weight of the edge. 100 potential drugs (ASD_042017Potential Drugs) were identified using
the SNEA module in Pathway Studio. The drugs/small molecules were significantly related to the ASD target genes,
and those that have not been identified in clinical trial (96 out of 100) could represent potential drug candidates for
ASD. These drugs demonstrated significant overlap with the drugs/small molecules related to ASD directly
(ASD_042017Related drugs; p-value = 1.96e-46).

Put Figure 1 about here.

2.2 SRVS for gene vector selection
The SRVS was used to rank the 529 ASD target genes according to a given experiment dataset. For each gene, a
sparse weight was assigned by SRVS. The gene vector composed of the top 𝑛 genes from SRVS yields the genetic
marker for an ASD case/control group, where 𝑛 is the number of genes corresponding to the maximum classification
ratio (CR) as defined in Eq. (1).

𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑟𝑎𝑡𝑖𝑜 (𝐶𝑅) =

#𝑐𝑜𝑟𝑟𝑒𝑐𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠
#𝑡𝑜𝑡𝑎𝑙 𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠

(1)

In general, a sparse representation model is presented as Eq. (2)
𝑦 = 𝑋𝛿 + 𝜀,

(2)

where 𝑦 ∈ 𝑅𝑛×1 is the observation vector; X ∈ 𝑅𝑛×𝑝 , 𝑝 ≫ 𝑛 are measurements of the data, and 𝜀 ∈ 𝑅𝑛×1 is the
measurement error caused by noise. The goal is to reconstruct the unknown vector 𝛿 ∈ 𝑅𝑝×1 based on y and X.
To best approximate y, by choosing a small number of non-zero entries of δ for the model given by Eq. (2), we
consider the following 𝐿𝑝 minimization problem (P0):
(P0) 𝑚𝑖𝑛‖𝛿‖𝑝 subject to ‖𝑦 − 𝑋𝛿‖2 ≤ 𝜀

(3)

where ‖∗‖𝑝 is the 𝐿𝑝 norm, and 𝑝 ∈ [0,1]. The following algorithm is designed to solve the minimization problem
(P0) given by Eq. (3) and detect the columns of 𝑋 relevant to y.
SRVS Algorithm
1.
2.

Initialize 𝛿 (0) = 0;
For the Step 𝑙 , randomly choose 𝑘 columns from 𝑋 = {𝑥1 , . . . , 𝑥𝑝 } ∈ 𝑅𝑛×𝑝 to construct a 𝑛 × 𝑘 submatrix denoted as 𝑋𝑙 ∈ 𝑅𝑛×𝑘 ; and mark the selected columns' indexes as 𝐼𝑙 ∈ 𝑅1×𝑘 ;

3.

Solve the following

𝐿𝑝 minimization problem to find the optimal sparse solution 𝛿𝑙 ∈ 𝑅𝑘×1 :
𝑚𝑖𝑛‖𝛿𝑙 ‖𝑝

s.t.

‖𝑦 − 𝑋𝑙 𝛿𝑙 ‖2 ≤ 𝜀

(4)

4.

Update 𝛿 (𝑙) ∈ 𝑅𝑝×1 with 𝛿𝑙 :

5.

entries in 𝛿 (𝑙) and 𝛿 (𝑙−1) respectively;
If ‖𝛿 (𝑙) /𝑙 − 𝛿 (𝑙−1) /(𝑙 − 1)‖2 > 𝛼, where 𝛼 is a predefined constant, update 𝑙 = 𝑙 +1, and go to Step 2.
Otherwise, set 𝛿 = 𝛿 (𝑙) /𝑙.

𝛿 (𝑙) (𝐼𝑙 ) = 𝛿 (𝑙−1) (𝐼𝑙 )+𝛿𝑙 ; where 𝛿 (𝑙) (𝐼𝑙 ) and 𝛿 (𝑙−1) (𝐼𝑙 ) denote the 𝐼𝑙 th

The non-zero entries in 𝛿 correspond to the column vectors selected.

In Step 3, there are many proposed methods for solving the

𝐿𝑝 minimization problem, such as the Homotopy

method [13] for p = 1, and the orthogonal matching pursuit (OMP) algorithm [9] for p = 0.

2.3 Gene expression data
The present study employed four RNA gene expression datasets to evaluate the classification performance using
ASD target genes, including GSE18123, GSE38322, GSE7329 and GSE37772. These datasets were selected from
Illumina BaseSpace Correlation Engine (http://www.illumina.com) and are publicly available at NCBI Gene
Expression Omnibus (www.ncbi.nlm.nih.gov/geo/). The data selection criteria were as follows: 1) the data were
from human experiments, 2) the data were from RNA expression datasets, and 3) the study designs were ASD case
vs. healthy control. Expression data of healthy controls and ASD patients were extracted from each dataset and used

for ASD case/control classification. The genes in each dataset were limited to ASD target genes curated within the
database ASD_042017. The key statistics of the 4 datasets are summarized in Table 1.

Put Table 1 about here.
The gene expression profile of the 4 gene expression datasets were also included in ASD_042017GSE18123,
GSE38322, GSE7329, and GSE37772. Within each dataset, the SRVS generated weights (SRVSScore) and
ANOVA generated p-value score (PValueScore; Log p-values: -10*log(p-value)) were also presented. The p-value
for each gene is generated from the one-way ANOVA of the case/control comparison using the corresponding
expression data. A SRVSScore or a PValueScore represents the significance of a gene to the dataset according to
SRVS or ANOVA methods, respectively.

2.4 ASD case/control classification
To identify the best gene vector and the corresponding classification accuracy, expressed as a classification ratio
(CR), the ASD target genes were first ranked by SRVSScore in descending order. Then, a Euclidean distance-based
multivariate classification [20] was performed for each dataset, followed by a leave-one-out (LOO) cross-validation.
In each run of LOO, gene expression data of one subject was used for testing and the rest for training. The inputs of
the classifier were the top 𝑛 (𝑛=1, 2 …) genes, such that the CRs of using these genes could be identified. A
permutation of 5,000 runs was then conducted to test the hypothesis that a randomly selected gene set of the same
size will reach equal or greater CR. The gene vector that generates the highest CR will be the best gene vector to
select for the dataset.
Following the same process, the best gene vector was identified for each dataset by ANOVA analysis. For comparison
purposes, a CR baseline was also generated using randomly selected sets of n (𝑛=1, 2 …) genes. For each point in
the CR baseline, the value was the mean of 300 CRs of genes randomly selected from the full dataset.

3. Results
3.1

Target genes from ASD_042017

Pathway enrichment analysis identified 410 out of 529 ASD target genes as significantly enriched within multiple
ASD implicated pathways. Fig. 2 presents a gene interaction network using these genes (ASD_042017Related
Genes). A connection between two genes indicates that these two genes share one or more pathways
(ASD_042017Related Pathways). The adjacency matrix of Fig. 2 is presented in ASD_042017GGI Network.

Put Figure 2 about here.

3.2

ASD case/control classification

Fig. 3 presents the classification results. The maximum CRs are presented at the position of corresponding number
of genes. Table 2 summarizes the results of LOO cross validation of the two gene ranking methods on all four datasets,
where the maximum CRs, the corresponding number of top genes, and permutation p-values of both methods are
provided.

Put Table 2 about here.
Put Figure 3 about here.

Fig. 3 establishes that, compared to the CRs generated by randomly selected gene sets, the genes selected from ASD
target genes by both SRVSScore and PValueScore can lead to significant higher classification accuracies. Note that
the highest CRs were acquired using only the top genes with highest SRVSScore/PValuesSocre, (see Fig. 3 and Table
2), however adding more genes with lower score may not necessarily improve the classification accuracy. These
results suggested the validity of both SRVS method and ANOVA method. Moreover, it was noted that the SRVSScore
outperformed PValueScore in terms of CR in all datasets.
Table 2 and Fig. 4 also show that, for each dataset, the top genes selected by both methods were significantly different.
For the SRVS method, the percentage of unique genes selected for the four datasets ranged from 60% to 90.48%
(Table 2# Unique genes). For the ANOVA method, the four datasets showed 100% unique genes (Table 2#
Selected Genes). These results suggest group specificity of the genome variation between the patients within these
four datasets.
It is also worth mentioning that the optimum gene markers for different datasets as determined by SRVS and ANOVA
were very different. As shown in Table 2, the genes selected by the SRVS method presented an overlap of less than
5% with that of ANOVA for all the 4 datasets (Table 2 Overlap genes of two methods (%)). The results suggested
that SRVS performs differently and more effectively than ANOVA does.

Put Figure 4 about here.

4 Discussion
In the last several decades, numerous studies have been conducted to seek the genetic cause of ASD, with hundreds
of risk genes identified. Many of these genes were used as drug targets for ASD and most them play roles within
ASD implicated genetic pathways. Results from these previous studies laid solid groundwork for the understanding
of ASD genetic pathogenesis, which facilitates further study in the field. Of note, only a few genes have been
commonly detected for ASD cases (e.g., gene SHANK3). However, most ASD genes present mutations or aberrant
activities for multiple disorders, such as BDNF [15]. Dysregulated BDNF has been documented in ASD [37], and
extensive work has implicated it in neurodegenerative disorders, including Alzheimer's, Huntington's disease,
Parkinson's disease, and diabetic retinopathy [41, 27]. These results reflect the heterogeneity of neurotrophins, and
partially explain the large size of the ASD risk gene pool curated through previous studies.
While novel ASD genes are being actively discovered with continuous genetic and genomic studies being performed,
far fewer studies are conducted to test the validity of the existing reported ASD risk genes, as a whole, for their
diagnostic and predictive capabilities with respect to ASD. We hypothesized that, if the current ASD gene pool is
sufficient to cover most genes underlying the genetic pathogeneses of ASD, then for a given ASD patient group,
there exists a sub-gene-set from the ASD gene pool that possesses significance in classification/prediction of ASD

patients from controls.
To test our hypothesis, we first conducted a comprehensive literature review using a data mining approach on 2,098
scientific articles, which identified 529 ASD target genes. Relations between these genes and ASD include Clinical
Trial, Regulation, Quantitative Change, Biomarker, Genetic Change, Cell Expression, and State Change. The
relationships were defined by ResNet relation database (http://pathwaystudio.gousinfo.com/ResNetDatabase.html).
The 529 ASD genes were deposited into a genetic database, ASD_042017 (ASD_042017Related Genes), which
is available at ‘Bioinformatics Database’ (http://database.gousinfo.com/). For each ASD-Gene relation, there is one
or more supporting references. The titles and relevant sentences from which the relations were identified are
presented at ASD_042017Ref for ASD Related Genes. Within ASD_042017, there are also 91 pathways
(ASD_042017Related Pathways), 106 disease-subnetworks (ASD_042017 Related Diseases), and 100
potential drugs/small molecules (ASD_042017Potential Drugs) where these genes were significantly enriched.
Pathway enrichment analysis showed that, most of these genes (410/529) were significantly enriched within multiple
genetic pathways that associated with ASD (p-value<3e-08; q=0.001 for FDR). For instance, there are 245 genes
significantly enriched within 24 neuro system pathways (p-value< 2.7e-008; q=0.001 for FDR) [11,16,28,36],
including dendrite (GO: 0030425; p-value=9.3e-039); postsynaptic membrane (GO: 0045211; p-value=2.2e-034);
synapse (GO: 0045202; p-value=2.2e-034); neuronal cell body (GO: 0043025; p-value=5e-033); chemical synaptic
transmission (GO: 0007268; p-value=1.1e-029); axon (GO: 0030424; p-value=1.5e-027); neuron projection (GO:
0043005; p-value=2.8e-025); nervous system development (GO: 0007399; p-value=2.1e-024); postsynaptic density
(GO: 0097481; p-value=4.5e-024); dendritic spine (GO: 0043197; p-value=5.5e-021). There were also 109 genes
enriched within 8 pathways/gene sets related to brain function development (p-value<1.7e-008) [17, 34] and 69
genes enriched within 8 behavior pathways (GO: 0002226; p-value= 1.3e-008) [5, 38].
Disease sub-network analysis SNEA (http://pathwaystudio.gousinfo.com/SNEA.pdf) showed that 484 of 529 genes
significantly overlapped with the risk genes for 106 diseases (p-value< 2.4e-033; q=0.001 for FDR). Many of these
106 diseases were related to ASD, including schizophrenia [24], bipolar disorder [25], and Alzheimer's disease [20].
More results from the SNEA can be identified at ASD_042017Related Diseases.
Within ASD_042017, there were 41 known ASD drugs (ASD_042017Related Drugs) that have been through
clinical trials and demonstrated effectiveness in treating ASD. Among these 41 drugs, four drugs were overlapped
with the top 100 potential drugs (ASD_042017Potential Drugs) whose gene subnetworks were significantly
enriched with the 529 ASD genes. Additionally, many of the 529 ASD genes were target genes of known ASD drugs.
For instance, a recent study showed that aripiprazole is effective for the treatment of irritability for children
with ASD [35]. This may be explained by the fact that aripiprazole induces downregulation of extracellular signalregulated kinases (ERK2) [18], while hypofunctional ERK2 was suggested to induce ASD [12, 33]. All these results
suggested that the 529 ASD genes were linked to ASD and may therefore possess classification/prediction power
for the disorder. However, due to the heterogeneity of ASD and the specificity of human genome variation [18], the
significance of using these genes as markers for early diagnosis and personalized treatment requires additional testing.
To address this issue, ASD case/control classifications were conducted on four independent gene expression datasets.
Two algorithms, SRVS and ANOVA, were used for gene selection from the 529 gene ASD group. The basic logic
for gene selection is that, for a given ASD patient group, mutations of these 529 genes will not be present in every
patient, and therefore are not effective as biomarkers for all patients.

Compared to randomly selected genes, those selected by both SRVS and ANOVA generated significantly higher
prediction power (permutation p-value<0.0014 for SRVS and <0.0018 for ANOVA) and classification accuracy
(SRVS vs. ANOVA: 82.82% vs. 76.77%, 97.22% vs. 91.67, 100% vs. 96.67% and 62.41% vs. 58.77%), as shown
in Table 2. These results indicated that, for a given dataset, there exists a gene vector from the 529 gene ASD pool
that could be used as biomarker vector for the diagnosis and prognosis of the disease. It should also be noted that
SRVS outperforms ANOVA in terms of CR on the four datasets tested. This suggests the effectiveness of the SRVS
method for feature selection.
Cross analysis on the gene selection results showed that optimum biomarkers are dataset specific, as displayed in
Table 2 and Fig. 4. These results reflect the specificity of the genomic variations of different subjects [23], and
highlight the necessity of genomic variable selection in the diagnosis and treatment of ASD. From Table 1 it can be
seen that the disease status and tissue for experiment of each study were different. Despite of that, the 529 ASD target
gene pool together with the SRVS algorithm managed to achieve significantly better classification ratio. These results
suggest that our approach is applicable for different ASD subtypes. However, more experiments on datasets of specific
subtypes (e.g., datasets only with essential or complex Autism) are needed to confirm the results from this study.

5 Conclusion
Our results support the validity of the literature based ASD risk genes as genetic biomarkers for the early diagnosis
and personalized treatment of ASD. Integrating these genes for pathway analysis, disease-subnetwork analysis,
druggability analysis, and gene-gene interaction analysis could help elucidate ASD pathogenesis and inform novel
drug development. Moreover, SRVS is an effective method in genomic feature selection, which could help in patientspecific diagnosis and treatment.
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Figure Legends
Fig. 1 ASD genetic database schema

Fig. 2 The Gene-Gene Interaction Network composed of the 410 out of 529 ASD target genes from ASD_042017. The weight of the edge
between two node/genes represents the number of pathways shared by the two genes; The larger the size of a node, the higher the number of
pathways (ASD_042017Related Pathways) including the gene; The brighter the color, the higher the Fisher’s centrality of the gene (number
of other genes connected). The adjacency matrix is presented in ASD_042017GGI Network.

Fig. 3 Comparison of different metrics through a LOO cross validation. Genes were ranked in ascending order according to SRVSScore or
PValueScore for SRVS method or ANOVA, respectively.

Fig. 4 Venn diagram comparing the top genes selected for different datasets using two methods. (a) Using SRVS methods. (b) Using ANOVA
analysis.
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