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Background: Linking genotypic changes to phenotypic traits based on machine learning methods has various challenges. In this study, we developed a workflow based on bioinformatics and machine learning methods using transcriptomic data for sepsis obtained at the first clinical presentation for predicting the risk of sepsis. By combining bioinformatics with machine learning methods, we have attempted to overcome current challenges in predicting disease risk using transcriptomic data.
Methods: High-throughput sequencing transcriptomic data processing and gene annotation were performed using R software. Machine learning models were constructed, and model performance was evaluated by machine learning methods in Python. The models were visualized and interpreted using the Shapley Additive explanation (SHAP) method.
Results: Based on the preset parameters and using recursive feature elimination implemented via machine learning, the top 10 optimal genes were screened for the establishment of the machine learning models. In a comparison of model performance, CatBoost was selected as the optimal model. We explored the significance of each gene in the model and the interaction between each gene through SHAP analysis.
Conclusion: The combination of CatBoost and SHAP may serve as the best-performing machine learning model for predicting transcriptomic and sepsis risks. The workflow outlined may provide a new approach and direction in exploring the mechanisms associated with genes and sepsis risk.
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1 INTRODUCTION
Advances in gene sequencing have generated a large number of omics datasets, including that for the genome, transcriptome, proteome, metabolome, and others (Mirza et al., 2019). Genomics analysis has shown that differential expression of RNA or DNA variants may contribute to the risk of disease (Wray et al., 2021). The association of genes with disease phenotypes has been studied extensively and provides insights into the associated etiological mechanisms (Berndt et al., 2013). However, there are challenges in linking the changes related to the genotype and the resultant phenotypic traits.
Most of the current methods for screening target genes utilize differential gene expression analysis, dimensionality reduction, or correlation. Evidence indicates that a crucial proportion of phenotypic variation cannot be explained by analyzing significance (Dudbridge, 2013), and this approach has resulted in restricting analyses and a limited ability to detect low-risk variants at stringent significance levels.
Machine learning has garnered considerable attention owing to its excellent ability to deal with predictive analysis. Models of risk scores, built using machine learning methods via quantitative analysis of gene expression, can differentiate disease states from controls across transcriptomic datasets (Cao et al., 2018). Compared to classical methods, recent studies have shown the utility of machine learning in the analysis of high-dimensional datasets (Hoadley et al., 2014; Cao et al., 2018; Cheng et al., 2021).
Although machine learning has shown promise in assisting humans in the analysis of a wide variety of datasets related to genomics and genetics, the data obtained must be analyzed, interpreted, and acted upon (Libbrecht and Noble, 2015; Obermeyer and Emanuel, 2016). A few challenges are associated with approaches based on machine learning, such as preprocessing and selection of the relevant gene, construction and evaluation of the model, and the limited interpretability of the model (Ching et al., 2018; Katsaouni et al., 2021). In this study, we developed a bioinformatics and machine learning-based workflow to predict the risk of sepsis using transcriptomic data obtained after the first clinical presentation. By combining bioinformatics with machine learning methods, we have attempted to solve a few of the current challenges in predicting disease risk using transcriptomic data.
2 METHODS
2.1 Study design
The data was obtained from the Gene Expression Omnibus (GEO) database at the National Center for Biotechnology Information. The expression dataset GSE185263 was obtained from the GPL16791 platform (Illumina HiSeq 2,500) contributed by Baghela et al. (Baghela et al., 2022). Diverse cohorts from emergency rooms (ER) of five hospitals and one intensive care unit (ICU) (>18 years of age) with suspected cases of sepsis were included in the study. We performed whole blood RNA-seq and machine learning analysis to develop a transcriptomic gene expression signature for predicting sepsis. Identification of markers predicting the state of sepsis within the first hours of ER may prevent progression to severe sepsis promptly.
2.2 Definition
Patients were recruited within 2 h of emergency admission if sepsis was suspected. The enrolled patients required the prevalence of at least two Systemic Inflammatory Response Syndrome/sepsis-1 criteria (Bone et al., 1992) and suspected infection. Based on the sepsis-3 criteria (Shankar-Hari et al., 2016), infection was not confirmed, but the individuals were considered to be at risk for sepsis. Patients with suspected pulmonary sepsis in the ICU were enrolled within the first day or prospectively in the COLOBILI study. Patients were excluded from the study if death occurred within 12 h, a blood sample was not obtained, or consent was denied. No attempt at correction for treatments was performed.
2.3 Data collection
A total of 348 samples related to sepsis were recruited from different hospitals in different countries, including 44 healthy control samples from presurgical controls or healthy volunteers. For retrospective association with transcriptomic data, metadata with clinical and demographic parameters were collected at triage and within 72 h following ER and ICU admission.
2.4 Statistical analysis and machine learning methods
Preparation, processing, and analysis of the transcriptomic data were performed using the R software (version 3.6.3). Preparation, construction, evaluation, and visualization of machine learning data were performed using Python software (version 3.7).
The complete flow chart for statistical analysis is shown in Figure 1. Continuous numerical variables that follow a normal distribution are described as mean ± standard deviation. When the criteria for the normal distribution were not satisfied, the data was represented by the median along with the lower and upper quartiles. For categorical variables, the data were expressed as the sum (percentage).
[image: Figure 1]FIGURE 1 | Workflow of risk prediction for the transcriptomic data based on bioinformatics and machine learning methods.
The R software was used for bioinformatics analysis including downloading, annotating, and organizing high-throughput data. The org. Hs.eg.db package was used for gene annotation.
Machine learning algorithms were implemented in the Python software. The data were organized in the format required for implementing the machine learning algorithm. Samples were classified into healthy or sepsis groups, defined based on the outcome indicators for the classification prediction model. The KNN algorithm (Bania and Halder, 2020) was used to fill in the missing data. The preprocessed data set was divided into training and test sets in a ratio of 2:1 (274 for the training set and 118 for the test set) (Fabian et al., 2011; Yang et al., 2022).
Features that do not follow a standard normal distribution may cause the estimators in machine learning to deliver faulty outcomes. In our study, we used the StandardScaler utility class from the preprocessing module to perform data standardization. Recursive feature elimination (RFE) can be used for feature selection to improve estimators’ accuracy scores or to boost their performance on very high-dimensional datasets. In our study, logistic regression (penalty = “L2”, c = 0.01) was used as an external estimator, which assigns weights to features. The goal of RFE was to select features by recursively considering increasingly smaller sets of features. As the desired number of features was set to 10, the procedure was recursively repeated on the pruned set until the 10 best features were selected.
The sklearn (scikit-learn) package (Fabian et al., 2011), a simple and efficient tool for predictive data analysis, was used for the prediction model, compared with traditional methods of linear regression and Lasso regression. The 10-fold cross-validation was used to prevent overfitting. The calibration curve of the models and decision curve analysis (DCA) were used to classify the calibration models.
Shapley Additive explanation (SHAP) package (Lundberg and Lee, 2017), a method for uniform measure of the feature importance in machine learning models, was used for the visualization and explanation of the prediction model. Explanations based on the Shapley value have a solid theoretical foundation; it is the only attribution method that satisfies the requirements of local accuracy, missingness, and consistency (Lundberg et al., 2020; Yang et al., 2022). However, the Shapley value provides only a local explanation (Yang et al., 2022). The SHAP package developed by Lundberg et al. based on the Shapley value inherits all of the advantages of the Shapley value (Lundberg and Lee, 2017; Yang et al., 2022). Making the global analysis consistent with the local explanation, SHAP has been used to perform interpretability analysis by different researchers in their respective fields (Lundberg and Lee, 2017; Lundberg et al., 2020). The SHAP force plot was used to illustrate the model at the individual level.
3 RESULTS
3.1 Preprocessing of the transcriptomic data
The counts for the expression matrix were downloaded locally from GEO (GSE185263) (Baghela et al., 2022). The downloaded expression matrix was filtered using the ensemble_id and SYMBOL fields and the org. Hs.eg.db package. A total of 29,663 successfully annotated data points using the SYMBOL field were obtained. Taking the SYMBOL variable as a reference, duplicates (retaining the first duplicate), and missing values (>50%) were removed, and a total of 26,530 successfully annotated transcriptomic expression matrices were finally obtained.
The gene expression matrix was inverted using the annotated variables with SYMBOL as the column name and the sample name as the row name. Variables with missing values greater than a proportion of 30% in the data annotated as SYMBOL was removed. The resulting dataset was used for implementing the machine learning algorithms.
3.2 Selection of characteristic genes
The data was organized in the format required for implementing the machine learning algorithm. The KNN algorithm (Bania and Halder, 2020) was used for filling in missing data. Recursive feature elimination (RFE) was used for feature selection to improve estimators’ accuracy scores or to boost their performance on very high-dimensional datasets. Logistic regression (penalty = “L2”, c = 0.01, n = 10) was used as an external estimator which assigns weights to features.
3.3 Construction of prediction models
Traditional methods of linear regression and Lasso regression were used first. The scores of the training and test sets were 0.66 and 0.53 in linear regression, respectively. Similarly, the scores of the training and test sets were 0.66 an 0.53 in Lasso regression, respectively. (Table 1).
TABLE 1 | Methods used for models and the classification report of the test set.
[image: Table 1]The logistic model was constructed using the LogisticRegression classifier in the linear_model module of the scikit-learn machine learning library (sklearn). The score of the training and test sets were 0.98 and 0.94, respectively. The results of the model trained on the training and test datasets are shown in Figure 2A for the confusion matrix. The f1-score for the healthy and sepsis groups was 0.72 and 0.97, respectively.
[image: Figure 2]FIGURE 2 | Confusion matrix. One indicates sepsis; 0 indicates healthy. Numbers are the total number of patients. (A) Test scores for the logistic method (0.94); 0.72 (f1-score of healthy patients), and 0.97 (f1-score of patients with sepsis). (B) Test score using the Decision Tree method (0.95); 0.72 (f1-score of healthy patients), and 0.97 (f1-score of sepsis patients). (C) Test score using the Random Forest method (0.96); 0.72 (f1-score of healthy patients), and 0.97 (f1-score of sepsis patients). (D) Test score using the CatBoost method (0.97); f1-score of healthy: 0.82, f1-score of sepsis: 0.98.
The Decision Tree model used was constructed using the DecisionTreeClassifier model from the sklearn. tree module. The scores of the training and test sets were 1.0 and 0.95, respectively. The results of the model for the test set are shown in Figure 2B for the confusion matrix. The f1-score for the healthy and sepsis groups was 0.72 and 0.97, respectively.
The Random Forest model was constructed using the RandomForestClassifier method from the sklearn. ensemble module. The scores of the training and test datasets were 1.0 and 0.96, respectively. The results of the model entrained on the training set for the test set are shown in Figure 2C for the confusion matrix. The f1-score for the healthy and sepsis groups was 0.72 and 0.97, respectively.
Next, the CatBoost model was constructed using the CatBoostClassifier model from the CatBoost algorithm. The scores of the training and test datasets were 1.0 and 0.97, respectively. The results of the model entrained on the training set for the test set are shown in Figure 2A for the confusion matrix. The f1-score of the healthy and sepsis groups is 0.82 and 0.98, respectively.
Compared with the traditional methods, models built by machine learning had better scores. Similarly, on comparing the different models, the CatBoost model showed the best results for the test set and the f1-score (Figure 3A).
[image: Figure 3]FIGURE 3 | The accuracy scores of models and their calibration curves. (A): Accuracy scores of models constructed using machine learning. (B): The calibration curve of models is shown in Figure 3B. The diagonal line is the reference, i.e., the case where predicted value = actual value. If predicted value = observed value, the calibration curve coincides exactly with the reference. If predicted value > observed value, wherein the risk is overestimated, the calibration curve is below the reference. If the predicted value is less than the observed value, wherein the risk is underestimated, the calibration curve is above the reference.
3.4 Evaluation of prediction models
3.4.1 The calibration curve of models
The calibration curves for models are shown in Figure 3B. The diagonal line is the reference, i.e., the case where predicted value = actual value. If predicted value = observed value, the calibration curve coincides exactly with the reference. If predicted value > observed value, whereby risk is overestimated, the calibration curve is below the reference. If the predicted value is less than the observed value, whereby the risk is underestimated, the calibration curve is above the reference. As shown in Figure 3B, the predicted values from the four models exhibited good performance, with random forest and CatBoost showing the best performances (0.035 and 0.034).
3.4.2 Ten-fold cross-validation to evaluate the prediction models
The comparison of receiver operating characteristic (ROC) curves of the logistic, Decision Tree, Random Forest, and CatBoost models based on the evaluation of ten-fold cross-validation results is shown in Figures 4A–D. The area under the curve (AUC) was between 0.89 and 1.00, 0.74 and 0.99, 0.82 and 1.00, and 0.86 and 1.00, respectively (mean AUC of ROC = 0.981 ± 0.031, 0.801 ± 0.118, 0.968 ± 0.055, and 0.978 ± 0.040, respectively).
[image: Figure 4]FIGURE 4 | ROC curve of the stratified K-Fold analysis. (A) Comparison of ROC curves of the logistic model based on the tenfold cross-validation results. (B) Comparison of ROC curves of the Decision Tree model based on the tenfold cross-validation results. (C) Comparison of ROC curves of the Random Forest model based on the tenfold cross-validation results. (D) Comparison of ROC curves of the CatBoost model based on the tenfold cross-validation results.
For the genomic prediction models, the k-fold cross-validation method was applied and it is a statistically powerful method to assess differences in model accuracies (Schrauf et al., 2021). The results in Figure 3 show that the CatBoost model outperformed the other models.
3.4.3 DCA to evaluate the benefit of the prediction models
DCA is a method to determine whether the use of a prediction model to inform clinical decision-making would be beneficial (Vickers and Elkin, 2006; Vickers et al., 2008). In DCA, the two dotted lines, reflecting the strategies of “use the strategy on all patients” (i.e., treat all) and “use the strategy on none of the patients” (i.e., treat none) cross at the midpoint of the preference range (Vickers and Elkin, 2006). Interpretation of the decision curve consists of comparing the net benefit of the test, model, or marker between the strategies of “treat all” and “treat none” (parallel to the x-axis at a net benefit of zero). The strategy with the highest net benefit at a particular threshold probability is optimal, irrespective of the size of the difference (Vickers et al., 2008).
The net benefit, evaluated using the decision curve for the four models, was higher than that for either the “treat all” strategy or the “treat none” strategy, for all likely threshold probabilities (Figure 5). The three models other than the CatBoost model showed a significant decrease in net benefit when the threshold probabilities were greater than 90% (Figures 5A–C). In the CatBoost model, a high net benefit was observed for a wide range of threshold probabilities (Figure 5D). Thus, the DCA results indicated that the constructed models, especially the CatBoost model, could be used to aid clinical decision-making to improve outcomes for patients.
[image: Figure 5]FIGURE 5 | Decision curve analysis to evaluate the benefit of prediction models. The two dotted lines reflecting the strategies of “assume all patients have strategies” (i.e., treat all) and “assume no patients have strategies” (i.e., treat none) cross at the midpoint of the preference range. In the CatBoost model, a high net benefit was observed across a wide range of threshold probabilities, whereas the other three models showed a significant decrease in net benefit when the threshold probabilities were greater than 90%.
3.5 Visualization and explanation of the prediction models
The risk prediction model for detection of early sepsis using the transcriptome data-based method and the CatBoost method showed good performance in terms of model validity and clinical net benefit. However, the black-box properties of machine learning models result in a lack of model transparency, and existing explanations for the models are flawed in terms of the interpretation of the methods (Yang et al., 2022).
After sorting features, SHAP was implemented to distinguish the feature values for the selected genes. The SHAP summary plot was used to explain the model built using CatBoost. The results showed that high gene expression of ATP6V1D (red) had a positive impact on predictive power (Figure 6), whereas low gene expression of ATP6V1D (blue) had a negative impact. The results were similar to those for CLIC1. Other genes with high gene expression had a negative impact (red) on prediction, whereas low gene expression (blue) had a positive impact on prediction.
[image: Figure 6]FIGURE 6 | Feature Sorting: Distinguishing feature values. The vertical axis shows ranked features according to the sum of the SHAP values of all samples, and the horizontal axis indicates the SHAP value (the distribution of the influence of the features on the model output). Each point represents a sample, the sample size was stacked vertically, and the color represents the feature value (red and blue correspond to high and low values, respectively). Taking the first row as an example, we observed that high ATP6V1D (red) had a positive impact on prediction, and low ATP6V1D (blue) had a negative impact on prediction.
Additionally, the SHAP dependence plot was used to visualize the interaction between features. In Figure 7A, each point represents a sample, with the horizontal axis indicating the eigenvalue of the feature ATP6V1D, the vertical axis indicating the SHAP value of the feature ATP6V1D, and the color indicating the eigenvalue of the feature CLIC1. Samples with higher CLIC1 eigenvalues (red) showed a greater influence of the feature, ATP6V1D, i.e., the vertical axis SHAP value was high.
[image: Figure 7]FIGURE 7 | SHAP dependence and force plots. (A): SHAP dependence plot. Each point represents a sample; the horizontal axis is the eigenvalue of the feature, ATP6V1D; the vertical axis indicates the SHAP value of the feature, ATP6V1D, and the color indicates the eigenvalue of the feature, CLIC1. For samples with higher CLIC1 eigenvalues (red), the influence of the feature, ATP6V1D, was greater (the vertical axis SHAP value was higher). (B): SHAP force plot. The horizontal axis is the SHAP value. Blue indicates that the feature has a negative impact on the prediction (arrow to the left, SHAP value decreases); red indicates that the feature has a positive impact on the prediction (arrow to the right, SHAP value increases). On the number axis, the base value is marked above the horizontal axis, which is the average f(x) value of all samples, and f(x) is marked above the horizontal axis, which is the average SHAP value after the samples are aggregated, that is, the model predicts the mean value. Below the horizontal axis are the key genes that influence the outcomes of this model.
The SHAP force plot was used to illustrate the model at the individual level. The horizontal axis is the SHAP value. Blue indicates that the feature negatively impacts the prediction (arrow to the left, SHAP value decreases); red indicates that the feature has a positive impact on the prediction (arrow to the right, SHAP value increases). As shown on the number axis, the base value is marked above the horizontal axis as the average f(10) value for all samples, and f(10) is marked above the horizontal axis as the average SHAP value after the sample was aggregated, that is, the model predicts the mean value. As shown in Figures 7B–D, compared to the first sample (SHAP <0) (Figure 7B), the second (SHAP>7.25) (Figure 7C) and third (SHAP>5.5) (Figure 7D) samples belonged to high-risk groups, with a greater risk of developing sepsis. Below the horizontal axis are the key genes that influence the outcomes of this model. Different individuals may have the same or slightly different key genes that affect outcomes.
4 DISCUSSION
Evans et al. and Purcell et al. have proposed methods for aggregating information related to single nucleotide polymorphisms associated with a trait. These models generate polygenic risk scores from thousands of genes to predict an individual’s genetic risk of developing disease (Purcell et al., 2007; Evans et al., 2009). By providing a predictor with discrimination properties, the polygenic score can be used to predict individual trait values or risk of disease, which is an improvement on the use of traditional established markers alone (Wray et al., 2007). The use of machine learning can improve the performance of polygenic scores by weighting the contribution of individual variants (Paré et al., 2017). Machine learning has been utilized to infer phenotypes from genomic data using changes in RNA expression levels, protein expression, single nucleotide polymorphisms, and other data types (Cheng et al., 2021). The accurate prediction of complex phenotypic traits from genomic data is both promising and challenging.
In our study, we obtained RNA expression data for sepsis at the first clinical presentation and used machine learning methods to infer disease risk from the transcriptomic data. Cheng et al. demonstrated that the integration of transcriptomic analysis and machine learning methods enhances the predictive modeling of genes affecting phenotypes (Cheng et al., 2021). We evaluated the transcriptomic data to predict the risk of sepsis in patients early by combining the data with early clinical symptoms and machine learning.
Gene expression data have been increasingly analyzed using machine learning. Due to the “large p, small n” paradigm of limited biological samples and the prevalence of high-dimensional data, the selection of genes is a challenging problem (Diao and Vidyashankar, 2013). Heuristic rules are utilized by most of the existing feature selection algorithms. RFE is a heuristic feature screening framework, which works by recursively removing features with the lowest weights, and has been widely used to select biological biomarkers (Guo et al., 2014; Peng et al., 2021). In our study, given an external estimator (LogisticRegression, penalty = "L2″, C = 0.01), the procedure was recursively repeated on the pruned set of genes until the desired ten features intended for selection were reached, and these included ATP6V1D, CLIC1, SEMA5A, NOG, LINC01259, SIAH3, AK5, AMOT, ZDHHC11B, and NRCAM. It is possible to set the number of genes (num = n) to be screened according to specific requirements to enable RFE to identify the optimal number of features using a cross-validation cycle.
Katsaouni et al. have described commonly used metrics in machine learning (they include metrics used in at least two studies), including logistic regression, random forests, support vector machines, deep neural networks, and convolutional neural networks (Katsaouni et al., 2021). Due to differences in the diseases investigated, it is difficult to compare the effectiveness of the machine learning methods. There is no clear favorite method that can be used as the optimal solution in all studies. CatBoost is a novel machine learning method with two innovations: Ordered Target Statistics and Ordered Boosting (Hancock and Khoshgoftaar, 2020). Studies have shown that CatBoost had the best results among all classifiers for all metrics except for specificity for data from diverse datasets including that for medicine, biochemistry, meteorology, and others (Hancock and Khoshgoftaar, 2020; Zhang et al., 2021). In our study, the CatBoost model showed the best results for the test set and the f1-score.
Schrauf et al. (Schrauf et al., 2021) showed that k-fold cross-validation is a generally applicable and powerful method to assess differences in model accuracies. The method can be used to accurately simulate the usage of the genomic model, with high statistical power. In our study, the AUC of the CatBoost model was between 0.86 and 1.00 (mean AUC of ROC = 0.978 ± 0.040), and the model performed better than the others evaluated.
The traditional biostatistical approach to evaluating models focuses on the results for sensitivity, specificity, and AUC. These methods are mathematically simple to implement but have low clinical relevance. Studies have shown that discrimination by AUC is insufficient (Van Calster et al., 2019; Vickers and Holland, 2021); a model tells a patient how well their personal risk can be distinguished from another patient’s with high discrimination, but not whether the actual risk given by a model is accurate. DCA was developed to overcome the limitations of traditional biostatistical methods and can help evaluate whether using a model to aid clinical decision-making would improve outcomes for patients and whether genomic profiling would be clinically relevant (Ho-Le et al., 2021). In our study, DCA helped analyze whether the various models could improve predictive outcomes for the patients in our study, especially for the CatBoost model.
Artificial intelligence methods based on machine learning yield black-box models. Compared with traditional models, these black-box models have shown overwhelming advantages in obtaining accurate predictions (Yang et al., 2022). In principle, it is important to use “explainable models”; however, the machine learning models currently in use are claimed to be explainable but are not explainable or quasi-explainable (Yang et al., 2022). These models can provide flawed explanations in some studies that can lead to flawed correlation conclusions (Haufe et al., 2014). Lundberg et al. developed the SHAP model, which uses the SHAP value as a uniform measure of the importance of features used in the machine learning models (Lundberg et al., 2020). By attributing output values to the Shapley value of each feature, researchers have performed interpretability analysis of machine learning models (Wang et al., 2021; Wojtuch et al., 2021; Scavuzzo et al., 2022). In this study, high gene expression of TP6V1D had a positive impact on prediction, whereas low gene expression of ATP6V1D negatively impacted prediction, similar to CLIC1. Other genes with high expression had a negative impact on prediction, whereas low gene expression had a positive impact on prediction. The results of the interpretability analysis demonstrate the excellent applicability and generalizability of the findings obtained using the CatBoost model.
The SHAP force plot illustrated the model at the individual level. Through SHAP analysis of individual samples, we screened the high-risk samples and identified the high-risk patients. If these analyses are extended to identify transcriptomic biomarkers associated with disease severity within the first few hours of ER or ICU admission, timely and aggressive interventions to prevent further development of severe sepsis may be prevented.
Our study had several innovations. It was the first to implement the CatBoost machine learning approach applied to a polygenic risk scoring model. In comparisons using the same dataset, we showed that CatBoost was more efficient than other machine learning methods and showed better accuracy and validity. This study was also the first where SHAP was applied to a polygenic risk scoring model constructed based on machine learning to explain the model. This study was also the first wherein SHAP was applied in a machine learning model for patients with sepsis. The visualization of SHAP values helped explain the constructed risk prediction model. This study was the first attempt at constructing a polygenic risk assessment model using machine learning combined with SHAP scores in critically ill patients. Our analysis is by far the most integrated polygenic risk assessment process for transcriptomic data and can be extended to the analysis of other omics datasets.
This study has a few limitations. First, the data was obtained from a public database, and the number of patients in the control group was relatively small. Second, our results have been evaluated using machine learning methods alone; further validation using molecular and clinical analyses is required. Our study can be used as a model for exploring genes related to disease occurrence or prognosis risk in transcriptomics or genomics, by expanding the RFE value in the second step if necessary to expand the screening scope of candidate genes. In later research, we will adopt a prospective multi-center randomized control design, and further expand the sample size. Combining this strategy with cohort studies, we will explore the relationship between the early expression levels of the above-mentioned candidate genes and the clinical prognosis.
5 CONCLUSION
We describe herein an application based on bioinformatics, machine learning, and SHAP for risk prediction among patients with risk of sepsis at the first clinical presentation using transcriptomic data analysis. The process included preprocessing of sequencing data, screening of several genes, construction of the machine learning prediction model, its validation, visualization, and interpretation. The combination of CatBoost and SHAP may serve as an optimal machine learning model for transcriptomics and predicting disease risk. Extending these analyses to identify transcriptomic biomarkers associated with disease severity within the first few hours may enable timely and aggressive interventions to prevent progression to severe sepsis. The workflow may provide a new approach and direction for elucidating mechanisms associated with genes and phenotypes correlated with diseases.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/supplementary material further inquiries can be directed to the corresponding authors.
AUTHOR CONTRIBUTIONS
SS and XP performed the formal analysis, devised the methodology, and wrote the original draft. LZ, XW, YZ, and XL performed the curation of data and resources. SS, JZ, and WL were involved in the conceptualization, formal analysis, writing of the original draft, and project administration. Wei Lin is the guarantor of this manuscript, had full access to all the data in the study, and takes responsibility for the integrity of the data and the accuracy of the data analysis.
FUNDING
This study was supported by the Natural Science Foundation of Fujian Province (Grant No. 2020J011068), the Innovation Project of Fujian Provincial Health Commission (2021CXA003).
ACKNOWLEDGMENTS
We would like to thank the participants for providing the information used in this study and for kindly making the arrangements for data collection.
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.
ABBREVIATIONS
SHAP, Shapley Additive explanation; GEO, Gene Expression Omnibus; KNN, K-Nearest Neighbor; RFE, Recursive feature elimination; DCA, Decision curve analysis; ROC, receiver operating characteristic; AUC, area under the curve
REFERENCES
 Baghela, A., Pena, O. M., Lee, A. H., Baquir, B., Falsafi, R., An, A., et al. (2022). Predicting sepsis severity at first clinical presentation: The role of endotypes and mechanistic signatures. EBiomedicine 75, 103776. doi:10.1016/j.ebiom.2021.103776
 Bania, R. K., and Halder, A. (2020). R-Ensembler: A greedy rough set based ensemble attribute selection algorithm with kNN imputation for classification of medical data. Comput. Methods Programs Biomed. 184, 105122. doi:10.1016/j.cmpb.2019.105122
 Berndt, S. I., Gustafsson, S., Mägi, R., Ganna, A., Wheeler, E., Feitosa, M. F., et al. (2013). Genome-wide meta-analysis identifies 11 new loci for anthropometric traits and provides insights into genetic architecture. Nat. Genet. 45, 501–512. doi:10.1038/ng.2606
 Bone, R. C., Balk, R. A., Cerra, F. B., Dellinger, R. P., Fein, A. M., Knaus, W. A., et al. (1992). Definitions for sepsis and organ failure and guidelines for the use of innovative therapies in sepsis. The ACCP/SCCM consensus conference committee. American college of chest physicians/society of critical care medicine. Chest 101, 1644–1655. doi:10.1378/chest.101.6.1644
 Cao, H., Meyer-Lindenberg, A., and Schwarz, E. (2018). Comparative evaluation of machine learning strategies for analyzing big data in psychiatry. Int. J. Mol. Sci. 19, 3387. doi:10.3390/ijms19113387
 Cheng, C. Y., Li, Y., Varala, K., Bubert, J., Huang, J., Kim, G. J., et al. (2021). Evolutionarily informed machine learning enhances the power of predictive gene-to-phenotype relationships. Nat. Commun. 12, 5627. doi:10.1038/s41467-021-25893-w
 Ching, T., Himmelstein, D. S., Beaulieu-Jones, B. K., Kalinin, A. A., Do, B. T., Way, G. P., et al. (2018). Opportunities and obstacles for deep learning in biology and medicine. J. R. Soc. Interface 15, 20170387. doi:10.1098/rsif.2017.0387
 Diao, G., and Vidyashankar, A. N. (2013). Assessing genome-wide statistical significance for large p small n problems. Genetics 194, 781–783. doi:10.1534/genetics.113.150896
 Dudbridge, F. (2013). Power and predictive accuracy of polygenic risk scores. PLoS Genet. 9, e1003348. doi:10.1371/journal.pgen.1003348
 Evans, D. M., Visscher, P. M., and Wray, N. R. (2009). Harnessing the information contained within genome-wide association studies to improve individual prediction of complex disease risk. Hum. Mol. Genet. 18, 3525–3531. doi:10.1093/hmg/ddp295
 Fabian, P., Gael, V., and Alexandre, G. (2011). BVincent M.Bertrand T. Scikit-learn: Machine learning in Python. J. Mach. Learn. Res. 12, 2825–2830. doi:10.1524/auto.2011.0951
 Guo, P., Luo, Y., Mai, G., Zhang, M., Wang, G., Zhao, M., et al. (2014). Gene expression profile based classification models of psoriasis. Genomics 103, 48–55. doi:10.1016/j.ygeno.2013.11.001
 Hancock, J. T., and Khoshgoftaar, T. M. (2020). CatBoost for big data: an interdisciplinary review. J. Big Data 7, 94. doi:10.1186/s40537-020-00369-8
 Haufe, S., Meinecke, F., Görgen, K., Dähne, S., Haynes, J. D., Blankertz, B., et al. (2014). On the interpretation of weight vectors of linear models in multivariate neuroimaging. Neuroimage 87, 96–110. doi:10.1016/j.neuroimage.2013.10.067
 Hoadley, K. A., Yau, C., Wolf, D. M., Cherniack, A. D., Tamborero, D., Ng, S., et al. (2014). Multiplatform analysis of 12 cancer types reveals molecular classification within and across tissues of origin. Cell 158, 929–944. doi:10.1016/j.cell.2014.06.049
 Ho-Le, T. P., Tran, H. T. T., Center, J. R., Eisman, J. A., Nguyen, H. T., and Nguyen, T. V. (2021). Assessing the clinical utility of genetic profiling in fracture risk prediction: a decision curve analysis. Osteoporos. Int. 32, 271–280. doi:10.1007/s00198-020-05403-2
 Katsaouni, N., Tashkandi, A., Wiese, L., and Schulz, M. H. (2021). Machine learning based disease prediction from genotype data. Biol. Chem. 402, 871–885. doi:10.1515/hsz-2021-0109
 Libbrecht, M. W., and Noble, W. S. (2015). Machine learning applications in genetics and genomics. Nat. Rev. Genet. 16, 321–332. doi:10.1038/nrg3920
 Lundberg, S., and Lee, S. L. (2017). A unified approach to interpreting model predictions. Adv. Neural Inf. Process. Syst. 2017, 4766–4775. doi:10.48550/arXiv.1705.07874
 Lundberg, S. M., Erion, G., Chen, H., DeGrave, A., Prutkin, J. M., Nair, B., et al. (2020). From local explanations to global understanding with explainable AI for trees. Nat. Mach. Intell. 2, 56–67. doi:10.1038/s42256-019-0138-9
 Mirza, B., Wang, W., Wang, J., Choi, H., Chung, N. C., and Ping, P. (2019). Machine learning and integrative analysis of biomedical big data. Genes 10, E87. doi:10.3390/genes10020087
 Obermeyer, Z., and Emanuel, E. J. (2016). Predicting the future – big data, machine learning, and clinical medicine. N. Engl. J. Med. 375, 1216–1219. doi:10.1056/NEJMp1606181
 Paré, G., Mao, S., and Deng, W. Q. (2017). A machine-learning heuristic to improve gene score prediction of polygenic traits. Sci. Rep. 7, 12665. doi:10.1038/s41598-017-13056-1
 Peng, C., Wu, X., Yuan, W., Zhang, X., Zhang, Y., and Li, Y. (2021). MGRFE: Multilayer recursive feature elimination based on an embedded genetic algorithm for cancer classification. IEEE/ACM Trans. Comput. Biol. Bioinform. 18, 621–632. doi:10.1109/TCBB.2019.2921961
 Purcell, S., Neale, B., Todd-Brown, K., Thomas, L., Ferreira, M. A., Bender, D., et al. (2007). PLINK: A tool set for whole-genome association and population-based linkage analyses. Am. J. Hum. Genet. 81, 559–575. doi:10.1086/519795
 Scavuzzo, C. M., Scavuzzo, J. M., Campero, M. N., Anegagrie, M., Aramendia, A. A., Benito, A., et al. (2022). Feature importance: Opening a soil-transmitted helminth machine learning model via SHAP. Infect. Dis. Model. 7, 262–276. doi:10.1016/j.idm.2022.01.004
 Schrauf, M. F., de Los Campos, G., and Munilla, S. (2021). Comparing genomic prediction models by means of cross validation. Front. Plant Sci. 12, 734512. doi:10.3389/fpls.2021.734512
 Shankar-Hari, M., Phillips, G. S., Levy, M. L., Seymour, C. W., Liu, V. X., Deutschman, C. S., et al. (2016). Developing a new definition and assessing new clinical criteria for septic shock: For the third international consensus definitions for sepsis and septic shock (Sepsis-3). JAMA 315, 775–787. doi:10.1001/jama.2016.0289
 Van Calster, B., McLernon, D. J., van Smeden, M., Wynants, L., and Steyerberg, E. W.Topic Group ‘Evaluating diagnostic tests and prediction models’ of the STRATOS initiative (2019). Calibration: the Achilles heel of predictive analytics. BMC Med. 17, 230. doi:10.1186/s12916-019-1466-7
 Vickers, A. J., and Elkin, E. B. (2006). Decision curve analysis: a novel method for evaluating prediction models. Med. Decis. Mak. 26, 565–574. doi:10.1177/0272989X06295361
 Vickers, A. J., and Holland, F. (2021). Decision curve analysis to evaluate the clinical benefit of prediction models. Spine J. 21, 1643–1648. doi:10.1016/j.spinee.2021.02.024
 Vickers, A. J., Cronin, A. M., Elkin, E. B., and Gonen, M. (2008). Extensions to decision curve analysis, a novel method for evaluating diagnostic tests, prediction models and molecular markers. BMC Med. Inf. Decis. Mak. 8, 53. doi:10.1186/1472-6947-8-53
 Wang, K., Tian, J., Zheng, C., Yang, H., Ren, J., Liu, Y., et al. (2021). Interpretable prediction of 3-year all-cause mortality in patients with heart failure caused by coronary heart disease based on machine learning and SHAP. Comput. Biol. Med. 137, 104813. doi:10.1016/j.compbiomed.2021.104813
 Wojtuch, A., Jankowski, R., and Podlewska, S. (2021). How can SHAP values help to shape metabolic stability of chemical compounds?J. Cheminform. 13, 74. doi:10.1186/s13321-021-00542-y
 Wray, N. R., Goddard, M. E., and Visscher, P. M. (2007). Prediction of individual genetic risk to disease from genome-wide association studies. Genome Res. 17, 1520–1528. doi:10.1101/gr.6665407
 Wray, N. R., Lin, T., Austin, J., McGrath, J. J., Hickie, I. B., Murray, G. K., et al. (2021). From basic science to clinical application of polygenic risk scores: a primer. JAMA Psychiatry 78, 101–109. doi:10.1001/jamapsychiatry.2020.3049
 Yang, Y., Yuan, Y., Han, Z., and Liu, G. (2022). Interpretability analysis for thermal sensation machine learning models: an exploration based on the SHAP approach. Indoor Air 32, e12984. doi:10.1111/ina.12984
 Zhang, C., Chen, X., Wang, S., Hu, J., Wang, C., and Liu, X. (2021). Using CatBoost algorithm to identify middle-aged and elderly depression, national health and nutrition examination survey 2011–2018. Psychiatry Res. 306, 114261. doi:10.1016/j.psychres.2021.114261
Conflict of interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2022 Shi, Pan, Zhang, Wang, Zhuang, Lin, Shi, Zheng and Lin. 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.
OPS/images/fgene-13-979529-g005.gif





OPS/images/fgene-13-979529-g006.gif
SHAP value (impact on model output)





OPS/images/fgene-13-979529-g003.gif





OPS/images/fgene-13-979529-g004.gif





OPS/images/fgene-13-979529-g007.gif
ey






OPS/images/fgene-13-979529-t001.jpg
Linear
LASSO Linear
Logistic
Decision Tree
Random Forest
ANN-MLP
CatBoost

Test set

Scores Precision Recall f1-scores

Train set Test set Normal Sepsis Normal Sepsis Normal Sepsis
0.66 053

0.66 053

0.99 094 069 097 075 096 072 097

10 094 069 097 075 096 072 097

10 096 069 097 075 096 072 097
099 096 090 097 075 099 082 098

10 097 090 097 075 099 082 098





OPS/xhtml/nav.xhtml
Contents

		Cover

		An application based on bioinformatics and machine learning for risk prediction of sepsis at first clinical presentation using transcriptomic data		1 Introduction

		2 Methods		2.1 Study design

		2.2 Definition

		2.3 Data collection

		2.4 Statistical analysis and machine learning methods





		3 Results		3.1 Preprocessing of the transcriptomic data

		3.2 Selection of characteristic genes

		3.3 Construction of prediction models

		3.4 Evaluation of prediction models

		3.5 Visualization and explanation of the prediction models





		4 Discussion

		5 Conclusion

		Data availability statement

		Author contributions

		Funding

		Acknowledgments

		Publisher’s note

		Abbreviations

		References









OPS/images/cover.jpg
& frontiers | Frontiers in Genetics






OPS/images/fgene-13-979529-g001.gif





OPS/images/fgene-13-979529-g002.gif
ol

confusion matrix of Logistic confusion matrix of Decision

I B I

Precet et it abl
confusion matrix of Random Forest confusion matrix of CatBoost










OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Genetics





