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Systemic lupus erythematosus (SLE) is a latent, insidious autoimmune disease, and with the development of gene sequencing in recent years, our study aims to develop a gene-based predictive model to explore the identification of SLE at the genetic level. First, gene expression datasets of SLE whole blood samples were collected from the Gene Expression Omnibus (GEO) database. After the datasets were merged, they were divided into training and validation datasets in the ratio of 7:3, where the SLE samples and healthy samples of the training dataset were 334 and 71, respectively, and the SLE samples and healthy samples of the validation dataset were 143 and 30, respectively. The training dataset was used to build the disease risk prediction model, and the validation dataset was used to verify the model identification ability. We first analyzed differentially expressed genes (DEGs) and then used Lasso and random forest (RF) to screen out six key genes (OAS3, USP18, RTP4, SPATS2L, IFI27 and OAS1), which are essential to distinguish SLE from healthy samples. With six key genes incorporated and five iterations of 10-fold cross-validation performed into the RF model, we finally determined the RF model with optimal mtry. The mean values of area under the curve (AUC) and accuracy of the models were over 0.95. The validation dataset was then used to evaluate the AUC performance and our model had an AUC of 0.948. An external validation dataset (GSE99967) with an AUC of 0.810, an accuracy of 0.836, and a sensitivity of 0.921 was used to assess the model’s performance. The external validation dataset (GSE185047) of all SLE patients yielded an SLE sensitivity of up to 0.954. The final high-throughput RF model had a mean value of AUC over 0.9, again showing good results. In conclusion, we identified key genetic biomarkers and successfully developed a novel disease risk prediction model for SLE that can be used as a new SLE disease risk prediction aid and contribute to the identification of SLE.
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Highlights

	Multiple GEO datasets were merged into one large sample data.

	Analysis of SLE biomarkers using whole blood.

	The Lasso and random forest joint exploration of SLE biomarkers.

	For the first time, a robust random forest algorithm-based SLE disease risk prediction model was developed using 6 key genes (OAS3, USP18, RTP4, SPATS2L, IFI27 and OAS1).

	Models are not only constructed in arrays, but also built in the context of high-throughput sequencing.





Introduction

Systemic lupus erythematosus (SLE) is an autoimmune disease characterized by multi-organ inflammatory damage and widespread autoantibodies, mainly affecting women of childbearing age (1). The heterogeneity of the clinical manifestations of SLE can affect multiple organs including the skin, joints, central nervous system, vascular system and kidneys (2). Dysregulation of the immune system is one of the main causes of the pathogenesis of SLE, in which abnormal activation of B and T cells leads to loss of immune tolerance to autoantigens as well as to a high frequency of autoantibody production in lupus (1, 3). SLE is a disease that cannot be cured (4) and requires lifelong medication. Its pathogenesis is still not fully understood, and its effective identification becomes a crucial role, as it can improve patient prognosis. Due to the key role that immune dysregulation plays in SLE, immune biomarkers have emerged to help better diagnose SLE and thus improve disease control (5). However, the variety and non-specific symptoms of SLE make it difficult to obtain a correct and timely diagnosis (6). Therefore, there is an urgent need for more precise diagnostic and therapeutic targets for SLE. Over the past decade or so, rapid advances in microarray and high-throughput sequencing technologies have provided a reliable and extensive approach to deciphering the genetic and epigenetic landscapes of disease. The wealth of evidence provided simultaneously facilitates the prediction of various diseases (7, 8). Vilhjálmsson et al. reported that prediction models based on multiple biomarkers can significantly improve predictive accuracy (9). However, feature selection remains a major bottleneck in building multi-gene classification models. This concern is well addresses by the application of various machine learning techniques in biology nowadays (10–12). These algorithms, when used individually or in combination, have made significant contributions to the classification of gene expression data, disease detection, and microbiome studies (13–15).

We developed a novel disease risk prediction model for SLE at the transcriptome level based on the key genes screened in the GEO database. Lasso and RF were first used to jointly determine which genes were most important for SLE classification. Then, the RF of optimal mtry was selected by grid search, and a genetic disease risk prediction model for SLE was developed based on the key genes. We evaluated the performance of the disease risk prediction model using a validation dataset to confirm its accuracy and discriminatory power. In addition, we performed the disease risk prediction model for SLE modeling not only on array but also on high-throughput sequencing as well.



Materials and methods


Data sources

The datasets for this study were obtained from the Gene Expression Omnibus (GEO) database, a gene expression database created and maintained by the National Center for Biotechnology Information (NCBI) (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi). The study was conducted using the keyword “systemic lupus erythematosus”, which was extensively searched through the NCBI database platform. The type of dataset we chose was array expression profiling and high-throughput sequencing, the type of organism was Homo sapiens, the sample type was whole blood, and the sample size of the dataset was greater than 30.

The datasets GSE138458, GSE154851, GSE50635, GSE61635, GSE99967, GSE185047, GSE72509, GSE110685 and GSE112087 were obtained. GSE138458 is a dataset containing 307 SLE patient samples and 23 healthy samples. The whole blood samples were obtained from the Oklahoma Medical Research Foundation. The gene expression was analyzed using the Illumina HumanHT-12 V4.0 expression bead chip. GSE154851 is a dataset containing 38 SLE patient samples and 32 healthy samples. The whole blood samples were obtained from Trakya University. The gene expression was analyzed using Agilent-039494 SurePrint G3 Human GE v2 8x60K Microarray 039381 (Feature Number version). GSE50635 is a dataset containing 33 SLE patient samples and 16 healthy samples. The whole blood samples were obtained from Mayo Clinic. The gene expression was analyzed using the Affymetrix Human Gene 1.0 ST Array [transcript (gene) version]. GSE61635 is a dataset containing 99 SLE patient samples and 30 healthy samples. The whole blood samples were obtained from Eli Lilly and Company. Gene expression was analyzed using the Affymetrix Human Genome U133 Plus 2.0 Array. GSE110685 is a dataset containing 36 SLE patient samples and 18 healthy samples. The whole blood samples were obtained from NIAMS. Gene expression was analyzed using the Illumina HiSeq 2500 (Homo sapiens). GSE112087 is a dataset containing 62 SLE patient samples and 59 healthy samples. The whole blood samples were obtained from CSL Limited/bio21 Institute. Gene expression was analyzed using the Illumina HiSeq 2500 (Homo sapiens). GSE112087 is a dataset containing 99 SLE patient samples and 19 healthy samples. The whole blood samples were obtained from Genentech. Gene expression was analyzed using the Illumina HiSeq 2500 (Homo sapiens). The information about the seven datasets and the two external validation datasets (GSE99967 and GSE185047) is displayed in Table 1 and Table S1.


Table 1 | The information on the Systemic lupus erythematosus (SLE) datasets of the gene expression omnibus (GEO).





Data processing

Next, we corrected the quantile-normalized signal intensity for the log2-transformed dataset of the array expression spectrum and output the correction results. The dataset of high-throughput sequencing only output the results after log2 change, in which we transformed the Count of GSE112087 into RPKM and output the results after log2 change to maintain consistency with the data form of GSE72509 and GSE110685. Finally, we merged the datasets of array expression spectra with those of high-throughput sequencing separately each and used the ComBat function in the sva package to remove the batch effect of data from different platforms (Supplement Figure S1A).



Stratified random sampling

To be able to better represent the robustness of the disease risk prediction model, we use stratified random sampling method for reasonable sample division. We used the createDataPartition function in the R package caret to divide the datasets (GSE138458, GSE154851, GSE50635, and GSE61635) of the array expression spectrum into a training dataset and a validation dataset, with a sample size ratio of 7:3. The training dataset is used to develop the disease risk prediction model and the validation dataset to verify the effectiveness of the model.



Screening for DEGs

Differential expression analysis was performed using traditional Bayesian methods to screen the training dataset for DEGs using the limma package. A false discovery rate (FDR) less than 0.05 and an absolute value of log2 fold change (log2FC) greater than 1 were used as significance criteria for DEGs. DEGs heatmap was created using the pheatmap package. The volcano map was created using the ggplot2 package.



Gene enrichment analysis

The DEGs were interpreted using Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG) and Disease Ontology (DO). In this study, we used the clusterProfiler package for GO and KEGG analysis, and the DOSE package for DO analysis. The GO was interpreted in terms of biological processes (BP). We have shown them in the form of a ring diagram. In addition, we again performed the Gene Set Enrichment Analysis (GSEA) study using the clusterProfiler package to pinpoint the pathway differences between SLE and normal blood. As SLE has historically been studied in relation to the immune system, we immediately investigated the potential immune relationship between SLE and healthy samples by GSEA to explore whether there are immune differences between the two. The immune gene sets were downloaded from the ImmuneSigDB subset of MSigDB (http://www.gsea-msigdb.org/gsea/msigdb/genesets.jsp?collection=IMMUNESIGDB).



Feature selection

We performed the least absolute shrinkage and selection operation (Lasso) regression using the glmnet package. Lasso regression provides a new feature selection algorithm that can solve the collinearity problem well and screen out representative variable features. The recursive feature elimination (RFE) method combined with a random forest classifier was used for feature selection using the caret package and a 10-fold cross-validation was performed. Immediately after, the importance scores of the random forest classifier for the feature genes were also performed using the caret package and the randomForest package. Firstly, a grid search method was used to find the best parameter mtry for fitting the random forest dataset. Secondly, the 10-fold cross-validation with five repetitions and multiple training rounds was performed. Finally, the signature genes’ importance score was performed, and the genes with score >10 were marked as the most important genes we need. The mtry parameter is the number of variables randomly sampled when constructing decision tree branches in random forest modeling. Choosing the appropriate value of mtry can reduce the prediction error rate of the random forest model and thus improve the performance of the model.



Random forest for building a disease risk prediction model for SLE

To begin with, we incorporated the signature genes screened in the feature selection into the disease risk prediction model for SLE with random forest. Next, a grid search method using the caret package and randomForest package was used to determine the best parameter mtry for a good random forest fitted dataset. Thirdly, a 10-fold cross-validation with five iterations and multiple training rounds was performed to optimize the model and reduce overfitting based on accuracy. Ultimately, the SLE random forest diagnostic model with optimal parameters mtry was constructed and applied to the training dataset for 10-fold cross-validation to determine model robustness. The accuracy of the results was calculated by the confusionMatrix function. Using the pROC package, we calculated the area under the receiver operator characteristic (ROC) curve (AUC).



Verification using validation datasets

On the validation dataset and the external validation dataset (GSE99967 and GSE185047), the efficacy of the disease risk prediction model for SLE with random forest was confirmed. For batch effects between GSE99967 (Supplement Figure S1B) and the training dataset as well as between GSE185047 (Supplement Figure S1C) and the training dataset, we once more utilized the Combat function to adjust before running the model testing. To further demonstrate the validity of the developed model, we determined the optimal parameter mtry, and a 10-fold cross-validation of the optimal disease risk prediction model for SLE with random forest using the same signature genes in the context of high-throughput sequencing. The AUC was calculated using the pROC package. The accuracy was estimated using the confusionMatrix function.



Statistical analysis

All statistical analyses were performed with R software (version 4.1.3). P < 0.05 was considered statistically significant.




Results


Study design

Figure 1 depicts the entire study flow.




Figure 1 | The flow chart of this study. Step 1: We merged the GSE50635, GSE61635, GSE138458 and GSE154851 datasets into a large dataset. Step 2: Stratified random sampling methods were used by us for the partitioning of large data sets, and the ratio of the training dataset to the validation dataset was 7:3. Step 3: We performed differential expression analysis, Lasso regression, RF-RFE and feature importance score of RF in the training dataset to screen key genes. Step 4: A random forest prediction model was constructed through the inclusion of key genes. Step 5: We used 10-fold cross-validation to check the robustness of the training dataset and validated the model using the validation dataset and two external validation datasets to obtain the AUC, accuracy, and sensitivity. Step 6: In high-throughput sequencing (GSE72509, GSE110685 and GSE112087), we directly incorporated key genes using 10-fold cross-validation to demonstrate that the random forest prediction model is equally well robust in the context of high-throughput sequencing.





Identification of DEGs

We performed a stratified random sampling of the data and divided it into a training dataset (70%) and a validation dataset (30%), where the SLE samples and healthy samples of the training dataset were 334 and 71, respectively, and the SLE samples and healthy samples of the validation dataset were 143 and 30, respectively. Then, Differential expression analysis was performed on the training dataset for the DEGs screening, and 22 significant DEGs associated with SLE were finally identified based on significance criteria. A volcano plot was used to depict the expression status of all DEGs (Figure 2A). We found that the expression trends of all DEGs were up-regulated. Through the heat map, we could see that the expression levels of DEGs in SLE were all trended up-regulated and significantly different compared to the control group (Figure 2B).




Figure 2 | Differential genes. (A) Volcano diagram with 22 genes with significant differences, red dots indicate up-regulated genes, black dots indicate non-differentiated genes, and green dots indicate down-regulated genes. (B) Heat map of 22 differential genes with upregulation trends.





Enrichment analysis

We performed the GO, KEGG and DO enrichment analysis of 22 DEGs. In terms of biological processes (Figure 3A), the results showed that DEGs were significantly enriched in response to viral responses and in response to type I interferon. According to KEGG analysis (Figure 3B), the results showed a major enrichment in viral-related disease pathways as well as nod-like receptor signaling pathways. In terms of DO analysis (Figure 3C), it suggested that important genes associated with SLE were also closely associated with inflammatory diseases such as hepatitis, encephalitis and influenza. Subsequently, the results of GSEA pathway differences (Figure 3D) showed that SLE patients cluster many inflammatory signaling pathways as well as inflammation-related diseases. Among them, lipids and atherosclerosis were positively associated with SLE. Intriguingly, we also found that necrotizing apoptosis also showed an up-regulation trend in SLE patients. The results of GSEA immune differences (Figure 3D) showed that SLE patients were enriched with many datasets of reduced peripheral blood mononuclear cells, while T lymphocytes showed a negative association with SLE patients.




Figure 3 | Enrichment Analysis. (A) Ring diagram of biological processes analyzed by GO enrichment. (B) Ring diagram of KEGG enrichment analysis. (C) Ring diagram of DO enrichment analysis. (D) About pathway-related and immune-related GSEA.





Screening for key genes

To obtain the key genes, first, we entered 22 DEGs into the Lasso regression and performed a 10-fold cross-validation. Based on Lambda at minimum binomial deviation as a criterion (Figures 4A, B), we identified 20 candidate genes by compressing the feature variables. Second, we performed the feature selection of RF-RFE, and as shown in Figure 4C, it is clear that the model has the highest accuracy in the condition of 12 candidate genes. Third, we obtained the best model by incorporating 12 candidate genes into the random forest classifier and repeating the 10-fold cross-validation five times. To reduce the number of feature variables and still with good predictive power, we performed further analysis by identifying six genes with importance score> 10 as the final key genes. As shown in Figure 4D, OAS3 was the most important gene, followed by USP18, RTP4, SPATS2L, IFI27 and OAS1.




Figure 4 | Feature selection. (A) The lasso regression curve of 22 DEGs. (B) The 10-fold cross-validation parameter (λ) options. (C) The 10-fold cross-validation of RMSE of signature gene combination of RF-RFE. (D) Gene importance scores for random forests.





Construction of the random forest model

We incorporated OAS3, USP18, RTP4, SPATS2L, IFI27, and OAS1 into the random forest classifier. To optimize the performance of the model, we performed a grid search of the mtry parameters as well as calculated the model accuracy for each mtry using repeated 5 times 10-fold cross-validation. Finally, we locked the highest accuracy of the random forest disease risk prediction model when mtry was 3 and obtained the optimal random forest disease risk prediction model. Immediately after, we performed a robustness test on the model with a 10-fold cross-validation, and each result was represented by a ROC curve (Figure 5), while results for each accuracy have been shown in Table 2. The fact that the average AUC of the 10-fold cross-validation results exceeds 0.95 proved the reliability of the model. Finally, we estimated the AUC and accuracy for the whole training dataset, and the result was an AUC of 1 and its accuracy of 1 (Figure 6A).




Figure 5 | The 10-fold cross-validation verifies ROC curve results.




Table 2 | The 10-fold cross-validation results.






Figure 6 | The ROC curves and their respective AUC values were used to evaluate the performance of the random forest model on the training (A), validation (B) and external validation (C) datasets.





Internal validation of the random forest model

In the validation dataset, the AUC value estimated by ROC curve analysis was 0.948 and the accuracy estimated by confusion matrix was 0.9306, indicating the robustness of the model in identifying SLE (Figure 6B). These results suggested that we successfully developed a disease risk prediction model for SLE based on differential gene expression between SLE and normal samples. Additionally, we created model of OAS3 and model without OAS3, and their respective AUCs were 0.822 and 0.926 (Supplement Figure S2). We discovered that the addition of the most important gene, OAS3, boosted rather than diminished the model performance for the models built based on the other five genes based on the AUC values of the prior validation set of six gene disease risk prediction model.



External validation of the random forest model

We further performed model validation using an external validation dataset (GSE99967). The result of the ROC curve analysis shows (Figure 6C) that the AUC value is 0.810, which still has high differential diagnostic power. Using the confusion matrix, we found an accuracy of 0.836 and a sensitivity of 0.921. The above sensitivity illustrates the better sensitivity of the model in patients suffering from SLE. Thus, we extracted the gene expression profiles of 87 SLE patients from another external validation dataset (GSE185047). By incorporating the data into the model, we found that 83 SLEs were detected in 87 SLE patients, with a sensitivity of 0.954.



Application of random forest model in high-throughput sequencing

Due to the slight differences between high-throughput sequencing and array expression matrix, we separate high-throughput sequencing from array expression matrix and construct a disease risk prediction model for SLE in the context of high-throughput sequencing. We still used OAS3, USP18, RTP4, SPATS2L, IFI27 and OAS1 to incorporate the random forest classifier. The optimal model was filtered using repeated 5 times 10-fold cross-validation for grid search of mtry, and the best model was finally obtained when mtry was 3. Model robustness was also demonstrated using 10-fold cross-validation, as was done for the array expression matrix. Each result was represented by a ROC curve (Figure 7), and results for each accuracy have been shown in Table 3. The fact that the average AUC of the 10-fold cross-validation results exceeds 0.90 again demonstrated that the model was still reliable for high-throughput sequencing.




Figure 7 | The ROC curve results were verified by 10-fold cross-validation under high-throughput conditions.




Table 3 | The 10-fold cross-validation results.






Discussion

SLE is a chronic autoimmune disease with limited treatment options. Effective prediction and identification is the key to improve the survival of SLE patients (16). However, the precise mechanism of SLE’s occurs remains unknown. Currently, the conventional diagnostic criteria for SLE are still based on clinical manifestations and serum autoantibodies (17), with SLE suspected based on clinical findings and then laboratory tests to support the diagnosis. Clinical diagnosis of SLE is rarely made promptly because symptoms overlap with those of other skin diseases and other autoimmune disorders. It is essential to identify biomarkers that have a strong correlation with SLE. Due to the advances in machine learning and public gene expression data, we are better able to infer biomarkers significantly associated with disease (18).

In our study, we built the disease risk prediction model for SLE on a random forest algorithm as a way to distinguish SLE patient blood from normal human blood. With the rapid development of bioinformatics, the classification evidence of diseases like SLE can be well supported by strong evidence. To identify the DEGs of SLE, we first combined four GEO datasets (GSE50635, GSE61635, GSE138458 and GSE154851) and performed stratified random sampling to divide the training dataset (70%) from the validation dataset (30%). GO, KEGG, DO, and GSEA enrichment analysis were then performed. According to GO and KEGG analysis, the DEGs were associated with a large number of biological processes and pathways which reflect the dynamics and complexity of the pathogenesis. Many studies have been conducted to support our findings, and previous studies have shown that type I interferon is a key pathway in the pathogenesis of SLE (19, 20). A recent study by Vital et al. (21) found that anifrolumab, a type I interferon (IFN) receptor antagonist, showed the therapeutic benefit of anifrolumab in patients with SLE in patients with high interferon gene profile with greater baseline disease activity and abnormal serologic markers. Biswas et al. (22) found that type I interferon and Th17 pathways coexist and jointly regulate the pathogenesis of SLE. In a recent study, Caielli et al. (23) reported that mitochondrial dysfunction contributes to SLE pathogenesis, where the mechanism is a defect in the autophagic removal of the mitochondrial pathway during erythroid maturation, leading to the accumulation of red blood cells carrying mitochondria in SLE patients and the induction of IFN production through the activation of cGAS in macrophages. GSEA analysis is superior to KEGG analysis and provides a better understanding of the internal changes in the organism. The aggregation of many inflammatory signaling pathways and inflammation-related diseases in SLE patients indicates that the pathogenesis of SLE patients is associated with autoimmune abnormalities, which has been the consensus of those studying SLE. Among them, lipids and atherosclerosis were positively correlated with SLE, which suggests that SLE patients are prone to atherosclerosis, consistent with the SLE Complications Study (24, 25), and the development of atherosclerosis is closely related to immune inflammation. We found that necroptosis, a cysteine-independent form of programmed necrotic cell death, is upregulated in SLE patients and that necroptosis is closely associated with immune inflammation (26), with the pathway-essential RIPK3 promoting NLRP3 inflammasome activation and IL-1 β inflammatory response (27) as a way to induce and amplify inflammatory responses. Recently, it has also been suggested that necroptosis may be involved in the pathogenesis and development of SLE and that elevated IFN signaling in SLE increases necroptosis, which leads to tissue damage (28). Nonetheless, necroptosis remains poorly studied in SLE, and its role in the pathogenesis and development of SLE still needs further exploration.

Further performance of the RF classifier importance score screened for 6 key genes, namely OAS3, USP18, RTP4, SPATS2L, IFI27 and OAS1. Previous studies support our findings. 2’-5’-oligoadenylate synthetase 3 (OAS3), one of the genes encoding interferon-inducible antiviral enzymes, plays a key role in antiviral action and signal transduction. Ubiquitin specific peptidase 18 (USP18) is a member of the ubiquitin-specific protease (UBP) family of enzymes. This gene is not only physiologically relevant, but has also been implicated in the pathogenesis of various human diseases, including infectious diseases, neurological disorders, and cancer (29). It is strongly induced by type I IFN but is also able to negatively feedback inhibit type I IFN signaling (30, 31). Receptor transporter protein 4 (RTP4) is associated with lupus nephritis (32). It has been shown that type I IFN induces RTP4 and binds to the TANK-binding kinase (TBK1) complex, interfering with the expression of TBK1 and IFN regulatory factor 3 (33). Spermatogenesis associated serine rich 2 like (SPATS2L) has been poorly studied in SLE, but we were able to find, based on previous studies, that SPATS2L has an important role in the development of asthma (34) and is closely associated with the prognosis of glioma patients (35). Interferon Alpha Inducible Protein 27 (IFI27) is involved in type I interferon-induced apoptosis (36) and may be a potential diagnostic marker for SLE as well as an immunotherapeutic target (37). 2’-5’-oligoadenylate synthetase 1 (OAS1) is a type I interferon-inducible gene that plays a key role in the innate cellular antiviral response and is associated with other cellular processes such as cell growth and apoptosis, and is an SLE diagnostic biomarker. Although the screened genes were all reported in SLE, this can illustrate the reliability of machine learning to screen key genes.

The highlights of our study are the innovative combination of Lasso and RF methods and the excellent results produced in terms of predictive power. The feature selection method of Lasso (38–41) and RF (42–45) has been widely used in biology as a way to better identify key biomarkers. Before that, there is still no study to construct a prediction model for SLE based on gene sequencing, especially since our study is based on whole blood samples from SLE patients, which are easy to obtain and manipulate. On the other hand, due to the high-speed advances of sequencing and the difference between array expression matrix and high-throughput sequencing, we constructed the disease risk prediction model for SLE separately as a way to accommodate the difference of different sequencing.

The AUCs of our model on the training dataset, validation dataset, and external validation dataset (GSE99967) are 1, 0.948, and 0.810, respectively, in the matrix expression of the array, indicating the strong robust of our model. In addition, our model demonstrated a high SLE sensitivity of 0.954 in the external validation dataset (GSE185047) and a sensitivity of up to 0.921 in GSE99967, showing a very high sensitivity of the model to SLE. In the high-throughput sequencing datasets, the average AUC of all 10 cross-validations is above 0.9, which also indicates that our model is very robust and well suited for Identification and diagnosis of SLE.

Using the gene transcriptome level, we investigated the validity and reliability of machine learning in the disease risk prediction of SLE. As a result, we were able to successfully construct a novel disease risk prediction model for SLE that can be utilized as a novel SLE disease risk prediction tool and help to identify SLE.

Even so, there are some limitations to our study. 1) Many of these public data do not contain detailed clinical data on patients and health samples, thus lacking attention to the different kinds of SLE and medication use. 2) Although we merged as many datasets as possible into a larger dataset to build the model, it still falls short of the number of data samples needed for machine learning. If conditions permit, we can include more research data in the training dataset in the future. 3) The overfitting of the model construction is objective and difficult to eliminate, but we use 10-fold cross-validation in the modeling process to minimize the overfitting problem. Checking for overfitting is not a complete solution, but it is still very helpful. However, this means that even if we get good model results on the validation dataset, there is no shortage of different data with noise in reality, and the actual generalization ability may not be good. 4) The model has not been tested in practical applications to predict SLE patients. Thus, we still need more research data in the future to test the robustness and generalization ability of the model.



Conclusions

In conclusion, in our thorough examination of the SLE dataset in the GEO database, we found that the key biomarkers OAS3, USP18, RTP4, SPATS2L, IFI27 and OAS1, which were significantly associated with SLE, were able to jointly construct the disease risk prediction model for SLE with random forest. And for the first time, we used random forest machine learning algorithms to create a strong prediction model based on six genes to predict SLE.
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Abbreviations

AUC, area under the curve; BP, biological processes; DEGs, differentially expressed genes; DO, Disease Ontology; FDR, false discovery rate; GEO, Gene Expression Omnibus; GO, Gene Ontology; GSEA, Gene Set Enrichment Analysis; IFN, Interferon; KEGG, Kyoto Encyclopedia of Genes and Genomes; Log2FC, log2fold change; NCBI, National Center for Biotechnology Information; RF, random forest; ROC, receiver operator characteristic; RFE, recursive feature elimination; SLE, Systemic lupus erythematosus.



References

1. Dema, B, and Charles, N. Autoantibodies in SLE: Specificities, isotypes and receptors. Antib (Basel) (2016) 5(1):2. doi: 10.3390/antib5010002

2. Durcan, L, O’Dwyer, T, and Petri, M. Management strategies and future directions for systemic lupus erythematosus in adults. Lancet (2019) 393(10188):2332–43. doi: 10.1016/S0140-6736(19)30237-5

3. Choi, J, Kim, ST, and Craft, J. The pathogenesis of systemic lupus erythematosus-an update. Curr Opin Immunol (2012) 24(6):651–7. doi: 10.1016/j.coi.2012.10.004

4. Kiriakidou, M, and Ching, CL. Systemic lupus erythematosus. Ann Intern Med (2020) 172(11):Itc81–itc96. doi: 10.7326/AITC202006020

5. Yu, H, Nagafuchi, Y, and Fujio, K. Clinical and immunological biomarkers for systemic lupus erythematosus. Biomolecules (2021) 11(7):928. doi: 10.3390/biom11070928

6. Sebastiani, GD, Prevete, I, Iuliano, A, and Minisola, G. The importance of an early diagnosis in systemic lupus erythematosus. Isr Med Assoc J (2016) 18(3-4):212–5.

7. Gunn, L, and Smith, MT. Emerging biomarker technologies. IARC Sci Publ (2004) 157):437–50.

8. Hou, Q, Bing, ZT, Hu, C, Li, MY, Yang, KH, Mo, Z, et al. RankProd combined with genetic algorithm optimized artificial neural network establishes a diagnostic and prognostic prediction model that revealed C1QTNF3 as a biomarker for prostate cancer. EBioMedicine (2018) 32:234–44. doi: 10.1016/j.ebiom.2018.05.010

9. Vilhjálmsson, BJ, Yang, J, Finucane, HK, Gusev, A, Lindström, S, Ripke, S, et al. Modeling linkage disequilibrium increases accuracy of polygenic risk scores. Am J Hum Genet (2015) 97(4):576–92. doi: 10.1016/j.ajhg.2015.09.001

10. Kursa, MB. Robustness of random forest-based gene selection methods. BMC Bioinf (2014) 15:8. doi: 10.1186/1471-2105-15-8

11. Sun, D, Peng, H, and Wu, Z. Establishment and analysis of a combined diagnostic model of alzheimer’s disease with random forest and artificial neural network. Front Aging Neurosci (2022) 14:921906. doi: 10.3389/fnagi.2022.921906

12. Cai, Z, Xu, D, Zhang, Q, Zhang, J, Ngai, SM, and Shao, J. Classification of lung cancer using ensemble-based feature selection and machine learning methods. Mol Biosyst (2015) 11(3):791–800. doi: 10.1039/C4MB00659C

13. Hsieh, CH, Lu, RH, Lee, NH, Chiu, WT, Hsu, MH, and Li, YC. Novel solutions for an old disease: diagnosis of acute appendicitis with random forest, support vector machines, and artificial neural networks. Surgery (2011) 149(1):87–93. doi: 10.1016/j.surg.2010.03.023

14. Wu, QW, Xia, JF, Ni, JC, and Zheng, CH. GAERF: predicting lncRNA-disease associations by graph auto-encoder and random forest. Brief Bioinform (2021) 22(5):bbaa391. doi: 10.1093/bib/bbaa391

15. Volkova, A, and Ruggles, KV. Predictive metagenomic analysis of autoimmune disease identifies robust autoimmunity and disease specific microbial signatures. Front Microbiol (2021) 12:621310. doi: 10.3389/fmicb.2021.621310

16. Doria, A, Iaccarino, L, Ghirardello, A, Zampieri, S, Arienti, S, Sarzi-Puttini, P, et al. Long-term prognosis and causes of death in systemic lupus erythematosus. Am J Med (2006) 119(8):700–6. doi: 10.1016/j.amjmed.2005.11.034

17. Kuhn, A, Bonsmann, G, Anders, HJ, Herzer, P, Tenbrock, K, and Schneider, M. The diagnosis and treatment of systemic lupus erythematosus. Dtsch Arztebl Int (2015) 112(25):423–32. doi: 10.3238/arztebl.2015.0423

18. Aromolaran, O, Aromolaran, D, Isewon, I, and Oyelade, J. Machine learning approach to gene essentiality prediction: A review. Brief Bioinform (2021) 22(5):bbab128. doi: 10.1093/bib/bbab128

19. Buang, N, Tapeng, L, Gray, V, Sardini, A, Whilding, C, Lightstone, L, et al. Type I interferons affect the metabolic fitness of CD8(+) T cells from patients with systemic lupus erythematosus. Nat Commun (2021) 12(1):1980. doi: 10.1038/s41467-021-22312-y

20. Elkon, KB, and Wiedeman, A. Type I IFN system in the development and manifestations of SLE. Curr Opin Rheumatol (2012) 24(5):499–505. doi: 10.1097/BOR.0b013e3283562c3e

21. Vital, EM, Merrill, JT, Morand, EF, Furie, RA, Bruce, IN, Tanaka, Y, et al. Anifrolumab efficacy and safety by type I interferon gene signature and clinical subgroups in patients with SLE: post hoc analysis of pooled data from two phase III trials. Ann Rheum Dis (2022) 81(7):951–61. doi: 10.1136/annrheumdis-2021-221425

22. Biswas, PS, Aggarwal, R, Levesque, MC, Maers, K, and Ramani, K. Type I interferon and T helper 17 cells co-exist and co-regulate disease pathogenesis in lupus patients. Int J Rheum Dis (2015) 18(6):646–53. doi: 10.1111/1756-185X.12636

23. Caielli, S, Cardenas, J, de Jesus, AA, Baisch, J, Walters, L, Blanck, JP, et al. Erythroid mitochondrial retention triggers myeloid-dependent type I interferon in human SLE. Cell (2021) 184(17):4464–79.e19. doi: 10.1016/j.cell.2021.07.021

24. Skaggs, BJ, Hahn, BH, and McMahon, M. Accelerated atherosclerosis in patients with SLE–mechanisms and management. Nat Rev Rheumatol (2012) 8(4):214–23. doi: 10.1038/nrrheum.2012.14

25. Reiss, AB, Jacob, B, Ahmed, S, Carsons, SE, and DeLeon, J. Understanding accelerated atherosclerosis in systemic lupus erythematosus: Toward better treatment and prevention. Inflammation (2021) 44(5):1663–82. doi: 10.1007/s10753-021-01455-6

26. Yang, F, He, Y, Zhai, Z, and Sun, E. Programmed cell death pathways in the pathogenesis of systemic lupus erythematosus. J Immunol Res (2019) 2019:3638562. doi: 10.1155/2019/3638562

27. Lawlor, KE, Khan, N, Mildenhall, A, Gerlic, M, Croker, BA, D’Cruz, AA, et al. RIPK3 promotes cell death and NLRP3 inflammasome activation in the absence of MLKL. Nat Commun (2015) 6:6282. doi: 10.1038/ncomms7282

28. Sarhan, J, Liu, BC, Muendlein, HI, Weindel, CG, Smirnova, I, Tang, AY, et al. Constitutive interferon signaling maintains critical threshold of MLKL expression to license necroptosis. Cell Death Differ (2019) 26(2):332–47. doi: 10.1038/s41418-018-0122-7

29. Kang, JA, and Jeon, YJ. Emerging roles of USP18: From biology to pathophysiology. Int J Mol Sci (2020) 21(18):6825. doi: 10.3390/ijms21186825

30. Zhang, X, Bogunovic, D, Payelle-Brogard, B, Francois-Newton, V, Speer, SD, Yuan, C, et al. Human intracellular ISG15 prevents interferon-α/β over-amplification and auto-inflammation. Nature (2015) 517(7532):89–93. doi: 10.1038/nature13801

31. Malakhova, OA, Kim, KI, Luo, JK, Zou, W, Kumar, KG, Fuchs, SY, et al. UBP43 is a novel regulator of interferon signaling independent of its ISG15 isopeptidase activity. EMBO J (2006) 25(11):2358–67. doi: 10.1038/sj.emboj.7601149

32. Qing, J, Song, W, Tian, L, Samuel, SB, and Li, Y. Potential small molecules for therapy of lupus nephritis based on genetic effect and immune infiltration. BioMed Res Int (2022) 2022:2259164. doi: 10.1155/2022/2259164

33. He, X, Ashbrook, AW, Du, Y, Wu, J, Hoffmann, HH, Zhang, C, et al. RTP4 inhibits IFN-I response and enhances experimental cerebral malaria and neuropathology. Proc Natl Acad Sci U.S.A. (2020) 117(32):19465–74. doi: 10.1073/pnas.2006492117

34. Himes, BE, Jiang, X, Hu, R, Wu, AC, Lasky-Su, JA, Klanderman, BJ, et al. Genome-wide association analysis in asthma subjects identifies SPATS2L as a novel bronchodilator response gene. PloS Genet (2012) 8(7):e1002824. doi: 10.1371/journal.pgen.1002824

35. Wang, H, Wang, X, Xu, L, Zhang, J, and Cao, H. Analysis of the EGFR amplification and CDKN2A deletion regulated transcriptomic signatures reveals the prognostic significance of SPATS2L in patients with glioma. Front Oncol (2021) 11:551160. doi: 10.3389/fonc.2021.551160

36. Gytz, H, Hansen, MF, Skovbjerg, S, Kristensen, AC, Hørlyck, S, Jensen, MB, et al. Apoptotic properties of the type 1 interferon induced family of human mitochondrial membrane ISG12 proteins. Biol Cell (2017) 109(2):94–112. doi: 10.1111/boc.201600034

37. Zhao, X, Zhang, L, Wang, J, Zhang, M, Song, Z, Ni, B, et al. Identification of key biomarkers and immune infiltration in systemic lupus erythematosus by integrated bioinformatics analysis. J Transl Med (2021) 19(1):35. doi: 10.1186/s12967-020-02698-x

38. Wang, Z, Zhu, J, Liu, Y, Liu, C, Wang, W, Chen, F, et al. Development and validation of a novel immune-related prognostic model in hepatocellular carcinoma. J Transl Med (2020) 18(1):67. doi: 10.1186/s12967-020-02255-6

39. LeWitt, PA, Li, J, Lu, M, Guo, L, and Auinger, P. Metabolomic biomarkers as strong correlates of Parkinson disease progression. Neurology (2017) 88(9):862–9. doi: 10.1212/WNL.0000000000003663

40. Wu, X, Qin, K, Iroegbu, CD, Xiang, K, Peng, J, Guo, J, et al. Genetic analysis of potential biomarkers and therapeutic targets in ferroptosis from coronary artery disease. J Cell Mol Med (2022) 26(8):2177–90. doi: 10.1111/jcmm.17239

41. Jiang, F, Zhou, H, and Shen, H. Identification of critical biomarkers and immune infiltration in rheumatoid arthritis based on WGCNA and LASSO algorithm. Front Immunol (2022) 13:925695. doi: 10.3389/fimmu.2022.925695

42. Toth, R, Schiffmann, H, Hube-Magg, C, Büscheck, F, Höflmayer, D, Weidemann, S, et al. Random forest-based modelling to detect biomarkers for prostate cancer progression. Clin Epigenet (2019) 11(1):148. doi: 10.1186/s13148-019-0736-8

43. Kalhan, SC, Guo, L, Edmison, J, Dasarathy, S, McCullough, AJ, Hanson, RW, et al. Plasma metabolomic profile in nonalcoholic fatty liver disease. Metabolism (2011) 60(3):404–13. doi: 10.1016/j.metabol.2010.03.006

44. Mukhopadhyay, S, Ghosh, S, Das, D, Arun, P, Roy, B, Biswas, NK, et al. Application of random forest and data integration identifies three dysregulated genes and enrichment of central carbon metabolism pathway in oral cancer. BMC Cancer (2020) 20(1):1219. doi: 10.1186/s12885-020-07709-0

45. Zare, A, Postovit, LM, and Githaka, JM. Robust inflammatory breast cancer gene signature using nonparametric random forest analysis. Breast Cancer Res (2021) 23(1):92. doi: 10.1186/s13058-021-01467-y



Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Chen, Huang, Jiang, Wang, Bian, Ma and Liu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fimmu-13-1025688-g006.jpg
Sensitivity

0.4

1.0

08

06

02

0.0

Training Dataset

‘AUC: 1.000
95% Cl: 1.000-1.000

0.0

T T T T T
0.2 0.4 06 08 1.0

1 - Specificity

Sensitivity

0.4

1.0

08

06

0.2

0.0

Cc
Validation Dataset External validation dataset (GSE99967)
o
o
S
©
2 o
2
AUC: 0.948 2 AUC: 0.810
95% Cl: 0.892-1.000 S« 95% Cl: 0.681-0.938
S
N
S
o
=)

T T T T T
0.0 02 0.4 0.6 08

Specificity

T T T T T
0.2 0.4 06 0.8 1.0
Specificity






OEBPS/Images/fimmu-13-1025688-g001.jpg
Data Consolidation (Arrays):
Consolidate data GSE50635, GSE61635,

Data Consolidation
(High-throughput sequencing):

GSE138458 and GSE 154851 and perform Consolidate data GSE72509,

GSE110685 and GSE112087

batch correction

Stratified Random Sampling:

6 key genes
70% for training dataset,

30% for validation dataset Construction of optimal random forest
model
Ten-fold cross-validation Overall validation
(AUC, Accuracy) (AUC, Accuracy)

Feature Selection:

1.Differential expression analysis
2.Lasso regression

3.Gene importance score of optimal random forest
model, selecting genes with importance score >10

Construction of optimal random forest model

Ten-fold cross-validation validation of the

External validation
of the training dataset validation dataset

External validation

of the GSE99967
(AUC, Accuracy) (AUC, Accuracy) (AUC, Accuracy)

of the GSE185047
(Sensitivity)






OEBPS/Images/fimmu-13-1025688-g004.jpg
Coefficients

Accuracy (Cross-Validation)

22

22

19

Q
8
e
S
5
E
S
c
@
Log Lambda D
L L

0AS3
o UsP18
RTP4
092 | L SPATS2L
IFI27
090 B oast
18615
09z i EPSTI1
RSAD2

0.86 o -
IFITS
HERCS

084 o
T T T T oasL

5 10 15 20
Variables

1.0

0.9

0.8

0.7

0.6

05

22 22 22 22 20 20 20

17 12 7 6 5 4 4 3

20

T
40

Importance

T
60

100






OEBPS/Images/fimmu-13-1025688-g003.jpg
O

Enriched in SLE

~— Toll-like receptor signaling pathviay

Running Enrichment Score

M ;:';';‘\E 4:1';':)1:" L‘I “"L "”'"'nlw w\ A Iil " ”F'ri")\i'l.‘wm

Enriched in SLE

Running Enrichment Score

\I IIHHIIH I HHIIIHIIH\IHIIIII‘H

\Hl H‘I‘H ‘I HH I g1 ’ll\ll

VHH IH \IHHI IHI \ L0

it o

Enriched in SLE

4 ””II I “[H’ 11 IIIHIII Il ’ III fl H I\[II |
me Mi‘l' H‘ I"II |IIJ‘|”|II ‘I‘ “‘ I‘ ‘ “ ”‘\‘l “‘ III | M \II |PI|

Enriched in Health

Running Envichment Score
3 3 s &

7“1“ H“ M “nlv ”Mulw'l :l:\“';:,:w‘il;

i

Running Enrichment Score

Lthy ! i !

= C-type lectin receptor signaiing pathway
athway

i b

Enriched in SLE

Running Enrichment Score

ALY ‘J.I“wjl”,‘\)‘,u”,.:'i L '*f::'r.'!“

Enriched in SLE

Running Envichment Score
£ H 3

g | w10 |||| T
%ﬂl‘lﬂq”ﬂ”d h‘h:lI“II‘EI‘H\‘UIIJ\I |‘ ‘ llll\ |\\‘ I”H‘” \l ?‘ \ |I|?\i|A||

Enriched in Health

IIII[I")"“IIII IHHI IIIIIII !

Ml Y w W |M I
‘U \‘\‘I‘IIIF IH I!H 'l II M‘I\LMJK HM‘I“I‘I‘”\ | I\‘ P ‘I‘ LW\ Hﬂm






OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Establishment and analysis of a disease risk prediction model for the systemic lupus erythematosus with random forest

      

        		

          Highlights

        



        		

          Introduction

        



        		

          Materials and methods

        

          		

            Data sources

          



          		

            Data processing

          



          		

            Stratified random sampling

          



          		

            Screening for DEGs

          



          		

            Gene enrichment analysis

          



          		

            Feature selection

          



          		

            Random forest for building a disease risk prediction model for SLE

          



          		

            Verification using validation datasets

          



          		

            Statistical analysis

          



        



        



        		

          Results

        

          		

            Study design

          



          		

            Identification of DEGs

          



          		

            Enrichment analysis

          



          		

            Screening for key genes

          



          		

            Construction of the random forest model

          



          		

            Internal validation of the random forest model

          



          		

            External validation of the random forest model

          



          		

            Application of random forest model in high-throughput sequencing

          



        



        



        		

          Discussion

        



        		

          Conclusions

        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          Abbreviations

        



        		

          References

        



      



      



    



  



OEBPS/Images/fimmu.2022.1025688_cover.jpg
’ frontiers ‘ Frontiers in Immunology

Establishment and analysis
of a disease risk prediction
model for the systemic
lupus erythematosus
with random forest





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/table2.jpg
Cross-val
Cross-val
Cross-val
Cross-val
Cross-val
Cross-val
Cross-val
Cross-val
Cross-val

Cross-val

id
id
id
id
id
id
id
id

id

ation 1
ation 2
ation 3
ation 4
ation 5
ation 6
ation 7
ation 8

ation 9

id

ation 10

Accuracy

1.000
0.975
0.925
0.976
0.975
0.976
0.976
1.000
0.929
0.875

AUC

1.000
0.965
0.935
0.996
0.996
0.992
0.992
1.000
0.917
0.907





OEBPS/Images/table3.jpg
Accuracy AUC

Cross-validation 1 0.793 0.911
Cross-validation 2 0.857 0.953
Cross-validation 3 0.897 0.928
Cross-validation 4 0.800 0.890
Cross-validation 5 0.828 0.889
Cross-validation 6 0.862 0.928
Cross-validation 7 0.967 0.960
Cross-validation 8 0.897 0.956
Cross-validation 9 0.759 0.926
Cross-validation 10 0.857 0.924





OEBPS/Images/fimmu-13-1025688-g007.jpg
Sensitivity

0.4

Sensitivity

0.4

1.0

0.8

0.6

0.2

0.0

1.0

0.8

0.6

0.2

0.0

/

/AUC: 0.911
95% Cl: 0.802-1.000

0.0 0.2 0.4 0.6 0.8 1.0
1 — Specificity

/AUC: 0.928
95% Cl: 0.828-1.000

T’ T 1 T 1
0.0 0.2 0.4 06 0.8 1.0

1 - Specificity

Sensitivity

Sensitivity

2
@
L=
©
=
7
/AUC: 0.953
< /95% Cl: 0.884-1.000
o
N /
o /
o
o
0.0 0.2 0.4 06 08 1.0
1 - Specificity
o
@
o
©
o ;
_/AUC: 0.960
< 95% CI: 0.881-1.000
e /
o
o
o
o
0.0 0.2 04 06 0.8 1.0
1 - Specificity

Sensitivity

0.4

Sensitivity

0.4

1.0

0.8

0.6

0.2

0.0

1.0

0.8

0.6

0.2

0.0

- e

/AUC: 0.928
95% Cl: 0.829-1.000

0.0 0.2 0.4 0.6 0.8 1.0
1 — Specificity

_/AUC: 0.956
95% Cl: 0.877-1.000

T T 1 ___T°r T 1
0.0 0.2 0.4 0.6 0.8 1.0
1 - Specificity

Sensitivity

Sensitivity

0.4

1.0

0.8

0.6

0.2

0.0

0.0

0.2

0.2

/
_/AUC: 0.890
95% Cl: 0.773-1.000

0.4 0.6 0.8 1.0
1 - Specificity

_/AUC: 0.926
95% Cl: 0.830-1.000

0.4 0.6 0.8 1.0
1 - Specificity

Sensitivity

0.4

Sensitivity

0.4

1.0

0.8

0.6

0.2

0.0

1.0

0.8

0.6

0.2

0.0

P
/AUC: 0.889
95% C: 0.753-1.000

0.0 0.2 0.4 0.6 0.8 1.0
1 — Specificity

_/AUC: 0.924
95% CI: 0.814-1.000

0.0 0.2 0.4 0.6 0.8 1.0
1 - Specificity





OEBPS/Images/logo.jpg
, frontiers | Frontiers in Immunology





OEBPS/Images/fimmu-13-1025688-g002.jpg
— e e

-Log1oFDR

- ' — Il o

: — [ w2z e
— | 2 e
— weE
— oasL |
= | oast
— ons3

. — (1111 usp1s

— RTP4

— | spaTS2L

-~ Down
. — 18615
Up

-« Not —— wx1
— RSAD2
~ IFlaaL
- HERCS
= IFITH
— z8P1

i XAF1

— EPSTH

— IFl44.

— ‘ (I FITs
savoL






OEBPS/Images/fimmu-13-1025688-g005.jpg
Sensitivity

0.4

Sensitivity

0.4

0.2

0.0

0.2

0.0

AUC: 1.000

95% CI. 1.000-1.000

0.0

I
0.2

I |
0.4 0.6

1 - Specificity

AUC: 0.992
95% CI: 0.972-1.000

0.0

I
0.2

| I
0.4 0.6

1 - Specificity

Sensitivity

0.4

Sensitivity

0.4

1.0

0.8

0.6

0.2

0.0

0.2

0.0

AUC: 0.965
95% Cl: 0.894-1.000

0.0

I
0.2

I |
0.4 0.6

1 - Specificity

AUC: 0.992
95% CI: 0.972-1.000

I
0.8

1.0

0.0

I
0.2

| |
0.4 0.6

1 - Specificity

I
0.8

1.0

Sensitivity

0.4

Sensitivity

0.4

0.2

0.0

0.2

0.0

AUC: 0.935

95% CI: 0.836-1.000

0.0

I
0.2

| |
0.4 0.6

1 - Specificity

AUC: 1.000
95% CI: 1.000-1.000

I
0.8

1.0

0.0

1
0.2

| I
0.4 0.6

1 - Specificity

I
0.8

1.0

Sensitivity

0.4

Sensitivity

0.4

0.2

0.0

0.2

0.0

AUC: 0.996
95% Cl: 0.984-1.000

0.0

0.2

I I I I
0.4 0.6 0.8 1.0

1 - Specificity

AUC: 0.917
95% CI: 0.801-1.000

0.0

I
0.2

T | | |
0.4 0.6 0.8 1.0
1 - Specificity

Sensitivity

0.4

Sensitivity

0.2

0.0

AUC: 0.996
95% CI: 0.984-1.000

I I I I I I
0.0 0.2 0.4 0.6 0.8 1.0

1 - Specificity

AUC: 0.907

95% CI: 0.809-1.000

0.0 02 0.4 0.6 0.8 1.0
1 - Specificity





OEBPS/Images/table1.jpg
GEO accession

GSE138458
GSE154851
GSE50635
GSE61635
GSE99967
GSE185047
GSE110685
GSE112087
GSE72509

Expression profiling

Array
Array
Array
Array
Array
Array
High-throughput sequencing
High-throughput sequencing
High-throughput sequencing

Tissue

Whole blood
‘Whole blood
‘Whole blood
‘Whole blood
‘Whole blood
‘Whole blood
‘Whole blood
‘Whole blood
Whole blood

SLE

307
38
33
99
38
87
36
62
99

Health

23
32
16
30
17

17
58
18

Total

330
70
49
129
55
87
53
120
117





