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Objective: The present study was designed to identify potential diagnostic markers for acute myocardial infarction (AMI) and determine the significance of immune cell infiltration in this pathology.

Methods: Two publicly available gene expression profiles (GSE66360 and GSE48060 datasets) from human AMI and control samples were downloaded from the GEO database. Differentially expressed genes (DEGs) were screened between 80 AMI and 71 control samples. The LASSO regression model and support vector machine recursive feature elimination (SVM-RFE) analysis were performed to identify candidate biomarkers. The area under the receiver operating characteristic curve (AUC) value was obtained and used to evaluate discriminatory ability. The expression level and diagnostic value of the biomarkers in AMI were further validated in the GSE60993 dataset (17 AMI patients and 7 controls). The compositional patterns of the 22 types of immune cell fraction in AMI were estimated based on the merged cohorts using CIBERSORT.

Results: A total of 27 genes were identified. The identified DEGs were mainly involved in carbohydrate binding, Kawasaki disease, atherosclerosis, and arteriosclerotic cardiovascular disease. Gene sets related to atherosclerosis signaling, primary immunodeficiency, IL-17, and TNF signaling pathways were differentially activated in AMI compared with the control. IL1R2, IRAK3, and THBD were identified as diagnostic markers of AMI (AUC = 0.877) and validated in the GSE60993 dataset (AUC = 0.941). Immune cell infiltration analysis revealed that IL1R2, IRAK3, and THBD were correlated with M2 macrophages, neutrophils, monocytes, CD4+ resting memory T cells, activated natural killer (NK) cells, and gamma delta T cells.

Conclusion: IL1R2, IRAK3, and THBD can be used as diagnostic markers of AMI, and can provide new insights for future studies on the occurrence and the molecular mechanisms of AMI.

Keywords: acute myocardial infarction, immune infiltration, diagnostic, biomarker, CIBERSORT


INTRODUCTION

Acute myocardial infarction (AMI) is a common event in coronary heart disease that results from interrupted blood flow to a certain area of the heart. It is considered one of the primary causes of disability and death from cardiovascular disease worldwide, and is a leading health threat in humans (1). AMI remains the primary cause of morbidity and mortality worldwide, with ~7 million patients diagnosed with AMI each year (2, 3). AMI continues to be the primary cause of death in 2020. Approximately half of patients who suffer from cardiovascular diseases die from AMI (4). The rapid and accurate diagnosis of AMI is the first step to improve the clinical management and survival rate of AMI patients. A spectrum of biochemical markers have been related to the incidence of AMI and are widely used for the clinical diagnosis of AMI including the MB isoenzyme of creatine kinase (CK-MB), lactate dehydrogenase (LDH), cardiac myoglobin, and cardiac troponin I (cTnI) and T (cTnT) (5, 6). However, they are insufficient for the early detection of AMI because of limitations in sensitivity and specificity (7). Furthermore, the well-known risk factors for AMI, such as a history of smoking, obesity, high serum cholesterol, bad eating habits, diabetes, and hypertension, can only predict AMI prevention and outcomes and fall to adequately provide an acute diagnosis (8). These results demonstrate that genetic factors also play a vital role in the pathogenesis of AMI. In fact, AMI is a complex and multifactorial disease that occurs as a result of the interaction between genetic and environmental factors (9).

In recent years, microarray technology, together with integrated bioinformatics analysis, has been performed to identify novel genes related to various diseases that might act as diagnostic and prognostic biological markers (10–14). For example, the expression of FFAR2, also known as GPR43, in AMI patients has been found to be notably lower than in the controls, and low levels of FFAR2 expression in peripheral blood was confirmed as an independent risk predictor for AMI, with an odds ratio of 6.308 (15). The upregulation of the suppressor of cytokine signaling 3 (SOCS3) gene increases the risk of AMI by potentiating inflammatory responses (16). Moreover, research has shown that immune cell infiltration plays an increasingly significant role in the occurrence and development of various diseases (11, 17–19). With regards to AMI, mast cells, M2 macrophages, and eosinophils have been demonstrated to affect cardiac function after AMI, providing novel insights into the significance of immune modulation in the infarcted heart (20). However, to date, few studies have applied CIBERSORT to explore immune cell infiltration in AMI and investigate candidate diagnostic markers for AMI.

In this study, we downloaded two microarray datasets of AMI from the GEO database. The two datasets were merged into a meta-data cohort. Differentially expressed gene (DEG) analysis was performed between the AMI and controls. Machine-learning algorithms were used to filter and identify diagnostic biomarkers of AMI. Candidate genes strongly related to immune infiltration were identified and validated in another validation cohort and were used to construct the diagnostic prediction model using a logistic regression method. In this study, CIBERSORT was used for the first time to quantify the proportions of immune cells in samples of AMI and normal tissues based on their gene expression profiling. Furthermore, we explored the relationship between the identified biomarkers and infiltrating immune cells to provide a basis for further research.



MATERIALS AND METHODS


Microarray Data

The series of matrix files of the GSE48060 and GSE66360 datasets were obtained from http://www.ncbi.nlm.nih.gov/geo/, which were both based on the GPL570 platform of Affymetrix Human Genome U133 Plus 2.0 Array. The GSE48060 dataset included 49 AMI and 50 controls collected from circulating endothelial cells, whereas the GSE66360 dataset included 31 AMI and 21 controls collected from the peripheral blood. The probes in each dataset were changed into gene symbols based on their probe annotation files. For more than one probe corresponding to the same gene symbol, the probe average was calculated as the final expression value of the gene. These two datasets were merged into a metadata cohort for further integration analysis because they have the same platform and are significant for combining data from different datasets. Furthermore, the combat function of the “SVA” package of R software was applied to remove the batch effect (21). In addition, the GSE60993 dataset, collected from peripheral blood and containing 17 AMI and 7 control samples, was used as the validation cohort using the Illumina HumanWG-6 v3.0 expression beadchip.



Data Processing and DEG Screening

The two datasets were merged into a metadata cohort and the combat function of the SVA package was used to preprocess and remove batch effects. The limma package of R (http://www.bioconductor.org/) was used for background correction, normalization between arrays, and differential expression analysis between 80 AMI and 71 control samples. Samples with an adjusted false discovery rate P < 0.05 and |log fold change (FC)| > 1.2 were considered as the threshold points for DEGs.



Functional Enrichment Analysis

Disease ontology (DO) enrichment analyses were performed on DEGs using the “clusterProfiler” and DOSE packages in R (22, 23). Gene set enrichment analysis (GSEA) was used to identify the most significant functional terms between the AMI and control groups. The “c2.cp.kegg.v7.0.symbols.gmt” from the Molecular Signatures Database (MSigDB) was used as the reference gene set. A gene set was regarded as significantly enriched if a P < 0.05 and false discovery rate <0.025.



Candidate Diagnostic Biomarker Screening

To identify significant prognostic variables, two machine-learning algorithms were used to predict disease status. The least absolute shrinkage and selection operator (LASSO) is a regression analysis algorithm that uses regularization to improve the prediction accuracy. The LASSO regression algorithm was carried out using the “glmnet” package in R to identify the genes significantly associated with the discrimination of AMI and normal samples. Support vector machine (SVM) is a supervised machine-learning technique widely utilized for both classification and regression. To avoid overfitting, an RFE algorithm was employed to select the optimal genes from the meta-data cohort (24). Therefore, to identify the set of genes with the highest discriminative power, support vector machine recursive feature elimination (SVM-RFE) was applied to select the appropriate features. The overlapping genes between the two algorithms were included and the expression levels of candidate genes were further validated in the GSE60993 dataset.



Diagnostic Value of Feature Biomarkers in AMI

To test the predictive value of the identified biomarkers, we generated an ROC curve using the mRNA expression data from 80 AMI and 71 control samples. The area under the ROC curve (AUC) value was utilized to determine the diagnostic effectiveness in discriminating AMI from control samples and further validated in the GSE60993 dataset.



Discovery of Immune Cell Subtypes

To quantify the relative proportions of infiltrating immune cells from the gene expression profiles in AMI, a bioinformatics algorithm called CIBERSORT (https://cibersortx.stanford.edu/) was used to calculate immune cell infiltrations. The putative abundance of immune cells was estimated using a reference set with 22 types of immune cell subtypes (LM22) with 1,000 permutations (25). Correlation analysis and visualization of 22 types of infiltrating immune cells were performed using the R package “corrplot.” Violin plots were drawn using the “vioplot” package in R to visualize the differences in immune cell infiltration between the AMI and control samples.



Correlation Analysis Between Identified Genes and Infiltrating Immune Cells

The association of the identified gene biomarkers with the levels of infiltrating immune cells was explored using Spearman's rank correlation analysis in R software. The resulting associations were visualized using the chart technique with “ggplot2” package.



Statistical Analysis

All statistical analyses were conducted using R (version 3.6.3). Group comparisons were undertaken for continuous variables using Student's t-test for normally distributed variables or the Mann–Whitney U-test for variables with an abnormal distribution. LASSO regression analysis was carried out using the “glmnet” package, and the SVM algorithm was performed using the e1071 package in R. ROC curve analysis was used to determine the diagnostic efficacy of the diagnostic biomarkers included. The relationship between the expression of gene biomarkers and infiltrating immune cells was analyzed using Spearman's correlation. All statistical analyses were two-sided with P < 0.05 were regarded statistically significant.




RESULTS


Identification of DEGs in AMI

Data from a total of 80 AMI and 71 control samples from two GEO datasets (GSE66360 and GSE48060) were retrospectively analyzed in this study. The DEGs of the metadata were analyzed using the limma package after removing the batch effects. A total of 27 DEGs were obtained: 25 genes were significantly upregulated and 2 genes were significantly downregulated (Figure 1).


[image: Figure 1]
FIGURE 1. Differentially expressed genes between acute myocardial infarction tissue and control samples.




Functional Correlation Analysis

DO pathway enrichment analyses were conducted to investigate the function of DEGs. The results indicated that diseases enriched by DEGs were mainly associated with arteriosclerotic cardiovascular disease, atherosclerosis, lymphadenitis, and Kawasaki disease (Figure 2A). The GSEA results demonstrated that the enriched pathways mainly involved cytokine–cytokine receptor interaction, atherosclerosis, IL-17 signaling pathway, primary immunodeficiency, and TNF signaling pathways (Figure 2B). These findings strongly suggest that the immune response plays an essential role in AMI.


[image: Figure 2]
FIGURE 2. Functional enrichment analyses to identify potential biological processes via disease ontology and gene set enrichment analysis. (A) Disease ontology enrichment analysis of differentially expressed genes between AMI and control samples. (B) Enrichment analyses via gene set enrichment analysis.




Identification and Validation of Diagnostic Feature Biomarkers

Two different algorithms were used to screen potential biomarkers. The DEGs were narrowed down using the LASSO regression algorithm, resulting in the identification of 17 variables as diagnostic biomarkers for AMI (Figure 3A). A subset of five features among the DEGs was determined using the SVM-RFE algorithm (Figure 3B). The four overlapping features (IL1R2, IRAK3, NR4A2, and THBD) between these two algorithms were ultimately selected (Figure 3C). Furthermore, to generate more accurate and reliable results, the GSE60993 dataset was used to verify the expression levels of the four features. The expression levels of IL1R2, IRAK3, and THBD in AMI tissue were notably higher than those in the control group (Figures 4A–C; all P < 0.05). However, there was no significant difference between the two groups in terms of THBD expression (Figure 4D). Therefore, the three identified genes were used to establish the diagnostic model using a logistic regression algorithm in the metadata cohort.


[image: Figure 3]
FIGURE 3. Screening process of diagnostic biomarker candidates for acute myocardial infarction diagnosis. (A) Tuning feature selection in the least absolute shrinkage and selection operator model. (B) A plot of biomarkers selection via support vector machine-recursive feature elimination (SVM-RFE) algorithm. (C) Venn diagram demonstrating four diagnostic markers shared by the least absolute shrinkage and selection operator and SVM-RFE algorithms.



[image: Figure 4]
FIGURE 4. Validation of the expression of diagnostic biomarkers in the GSE60993 dataset. (A) IL1R2; (B) IRAK3; (C) THBD; (D) NR4A2.




Diagnostic Effectiveness of Feature Biomarkers in AMI

As shown in Figure 5A, the diagnostic ability of the three biomarkers in discriminating AMI from the control samples demonstrated a favorable diagnostic value, with an AUC of 0.849 (95% CI 0.781–0.902) in IL1R2, AUC of 0.845 (95% CI 0.778–0.899) in IRAK3, and AUC of 0.843 (95% CI 0.775–0.897) in THBD. When the three genes were combined into one variable, the diagnostic ability in terms of AUC was 0.871 (95% CI 0.807–0.920) in the meta-data cohort. Moreover, a powerful discrimination ability was confirmed in the GSE60993 dataset with an AUC of 0.782 (95% CI 0.567–0.922) in IL1R2, AUC of 0.916 (95% CI 0.729–0.990) in IRAK3, and AUC of 0.765 (95% CI 0.549–0.912) in THBD. Importantly, the diagnostic ability of the three biomarkers combined yielded an AUC of 0.941 (95% CI 0.764–0.996; Figure 5B), indicating that the feature biomarkers had a high diagnostic ability.


[image: Figure 5]
FIGURE 5. The receiver operating characteristic (ROC) curve of the diagnostic effectiveness of the three diagnostic markers. (A) ROC curve of IL1R2, IRAK3, and THBD after fitting to one variable in the metadata cohort; (B) ROC curve of IL1R2, IRAK3, and THBD after fitting to one variable in the GSE60993 dataset.




Immune Cell Infiltration

First, we explored the composition of immune cells in AMI tissues vs. normal control tissues. The proportions of CD4+ resting memory T cells (P < 0.001), gamma delta T cells (P < 0.001), M1 macrophages (P = 0.007), and resting mast cells (P < 0.001) in AMI tissues were significantly lower than in normal tissues. However, the proportion of monocytes (P < 0.001), activated mast cells (P < 0.001), neutrophils (P < 0.001), and follicular helper T cells (P = 0.012) in AMI tissues was significantly higher than that in normal tissues (Figure 6A).


[image: Figure 6]
FIGURE 6. Distribution and visualization of immune cell infiltration. (A) Comparison of 22 immune cell subtypes between acute myocardial infarction tissues and normal tissues. Blue and red colors represent normal and acute myocardial infarction samples, respectively. (B) Correlation matrix of all 22 immune cell subtype compositions. Both horizontal and vertical axes demonstrate immune cell subtypes. Immune cell subtype compositions (higher, lower, and same correlation levels are displayed in red, blue, and white, respectively).


The correlation of 22 types of immune cells was calculated (Figure 6B). CD4 memory resting T cells were significantly positively correlated with memory B cells (r = 0.23, P = 0.042), but significantly negatively correlated with monocytes (r = −0.42, P = 0.023), activated mast cells (r = −0.43, P = 0.014), and neutrophils (r = −0.55, P < 0.001). Follicular helper T cells were significantly positively correlated with plasma cells (r = 0.42, P = 0.00011) and regulatory T cells (r = 0.42, P = 0.0247), but significantly negatively correlated with CD8 T cells (r = −0.31, P = 0.0051). Gamma delta T cells were significantly positively correlated with CD8 T cells (r = 0.22, P = 0.046), but significantly negatively correlated with monocytes (r = −0.44, P = 0.0092), activated mast cells (r = −0.44, P = 0.011), and neutrophils (r = −0.55, P < 0.001). Monocytes were significantly positively correlated with follicular helper T cells (r = 0.29, P = 0.0084) and mast cell activated (r = 0.43, P = 0.016), but significantly negatively correlated with CD8 T cells (r = −0.29, P = 0.0083), CD4 memory resting T cells (r = −0.42, P = 0.0001), and gamma delta T cells (r = −0.44, P < 0.0001). M1 macrophages were significantly positively correlated with gamma delta T cells (r = 0.25, P = 0.027) and resting dendritic cells (r = 0.49, P = 0.0008). Resting mast cells were significantly positively correlated with M0 macrophages (r = 0.26, P = 0.018). Activated mast cells were significantly positively correlated with follicular helper T cells (r = 0.31, P = 0.0042), activated NK cells (r = 0.43, P < 0.0001), monocytes (r = 0.42, P < 0.0001), and M2 macrophages (r = 0.34, P = 0.0017), but significantly negatively correlated with CD8 T cells (r = −0.23, P = 0.037), CD4 memory resting T cells (r = −0.43, P < 0.0001), gamma delta T cells (r = −0.43, P < 0.0001), and M0 macrophages (r = −0.22, P = 0.043). Neutrophils were significantly positively correlated with activated NK cells (r = 0.22, P = 0.045), monocytes (r = 0.34, P = 0.0017), M2 macrophages (r = 0.26, P = 0.0181), and activated mast cells (r = 0.51, P < 0.0001), but significantly negatively correlated with CD8 T cells (r = −0.28, P = 0.011), CD4 memory resting T cells (r = −0.55, P < 0.0001), and T cells gamma delta (r = −0.54, P < 0.0001).



Correlation Analysis Between the Three Biomarkers and Infiltrating Immune Cells

As shown in Figure 7A, IL1R2 was positively correlated with neutrophils (r = 0.66, P < 0.0001), activated mast cells (r = 0.55, P < 0.0001), activated NK cells (r = 0.42, P = 0.00011), monocytes (r = 0.28, P = 0.01), M2 macrophages (r = 0.25, P = 0.027), and resting NK cells (r = 0.23, P = 0.038) and negatively correlated with CD4 memory resting T cells (r = −0.48, P < 0.0001), and gamma delta T cells (r = −0.39, P = 0.00029). IRAK3 was positively correlated with activated mast cells (r = 0.65, P < 0.0001), neutrophils (r = 0.62, P < 0.0001), monocytes (r = 0.55, P < 0.0001), activated NK cells (r = 0.46, P < 0.0001), resting NK cells (r = 0.36, P = 0.001), and M2 macrophages (r = 0.29, P = 0.0089) and negatively correlated with CD4 memory resting T cells (r = −0.58, P < 0.0001), gamma delta T cells (r = −0.48, P < 0.0001), CD4 naïve T cells (r = −0.24, P = 0.027), and memory B cells (r = −0.23, P = 0.038; Figure 7B). THBD was positively correlated with monocytes (r = 0.54, P < 0.0001), activated mast cells (r = 0.45, P < 0.0001), activated NK cells (r = 0.42, P < 0.0001), neutrophils (r = 0.41, P = 0.00012), resting dendritic cells (r = 0.26, P = 0.018), and M2 macrophages (r = 0.23, P = 0.0418) and negatively correlated with CD4 memory resting T cells (r = −0.36, P = 0.0008), gamma delta T cells (r = −0.32, P = 0.0029), and CD8 T cells (r = −0.26, P = 0.0178; Figure 7C).


[image: Figure 7]
FIGURE 7. Correlation between IL1R2 (A), IRAK3 (B), THBD (C), and infiltrating immune cells in acute myocardial infarction.





DISCUSSION

AMI remains a leading cause of mortality and disability despite great improvements in early diagnosis and treatment over the past decade (26). As a result, the clinical prognosis of patients with AMI is poor. Because of the lack of an effective early diagnosis, patients with AMI often lose the chance to benefit from treatment, resulting in poor outcomes. Recently, immune cell infiltration has been confirmed to play a vital role in the occurrence and development of AMI (20, 27, 28). Therefore, researchers are increasingly searching for novel diagnostic biomarkers and exploring the compositions of AMI immune cell infiltration, which could have a highly beneficial impact on the clinical outcomes of AMI patients. Recently, mRNAs and microRNAs have emerged as promising biomarkers in cardiovascular disease in general and in AMI in particular. For example, SOCS3 could serve as a biomarker to predict the risk of AMI, where the elevated expression of the SOCS3 gene is an independent risk factor for AMI (16). In particular, miR-34, which is known to modulate immunity, was found to be significantly modulated in post-MI heart failure, providing important information on its role in heart failure (29, 30). However, very few studies have focused on the aberrantly expressed gene biomarkers associated with immune infiltration between AMI and normal tissues. Therefore, we aimed to identify candidate diagnostic biomarkers for AMI and investigate the role of immune cell infiltration in AMI.

To the best of our knowledge, this is the first retrospective study to identify diagnostic biomarkers associated with immune cell infiltration in patients with AMI by mining multiple GEO datasets. We collected two cohorts from the GEO datasets and conducted an integrated analysis of the data. A total of 27 DEGs were identified, including 25 upregulated genes and 2 downregulated genes. The results of enrichment analyses indicated that diseases enriched by DEGs were mainly associated with atherosclerosis and arteriosclerotic cardiovascular disease. The GSEA results demonstrated that the enriched pathways generally involved inflammation and immune response pathways, such as cytokine–cytokine receptor interaction, atherosclerosis, and TNF signaling. These findings are in general agreement with the previous finding that an inflammatory response involving leukocytes participates in the pathogenesis of AMI (31). In fact, AMI is mainly caused by atherosclerosis and is regarded as a chronic inflammatory disorder (32). A substantial amount of inflammatory responses were induced during the acute phase of cardiac injury, caused by an abrupt cessation of blood flow, resulting in MI. The tumor necrosis factor (TNF) signaling pathway participates in inflammatory cell accumulation, platelet aggregation, vulnerable plaque formation, cardiomyocyte apoptosis, and poor remodeling after AMI (33). Cytokines, such as TNF and interleukin-8, have been confirmed to be involved in cell differentiation and inflammatory response via binding to specific receptors on the cell surface during the development of AMI (34). This evidence is consistent with our results, confirming that the findings in the present study are accurate, as well as demonstrating that the immune response plays a vital role in AMI. The significance of the immune system for cardiac repair after AMI is undeniable. Perhaps the most diverse and complex reaction after AMI is the immune response, which has been confirmed to influence various repair processes. Thus, a precise control over various types of immune cells is needed to achieve a safe and effective treatment (35). Therefore, the identification of novel biomarkers of AMI correlated with the magnitude of immune cell infiltration by bioinformatics analysis will contribute to its treatment.

Based on two machine-learning algorithms, three diagnostic markers were identified. Interleukin-1 (IL-1) is a major pro-inflammatory cytokine produced by smooth muscle cells, endothelial cells, and macrophages, which can stimulate the expression of genes related to inflammation and immunity. Interleukin-1 receptor type 2 (IL1R2), a cytokine receptor that belongs to the IL-1 receptor family, has been reported to serve as a critical mediator involved in many cytokines induced by immune and inflammatory responses (36). IL1R2 gene can control cell metabolism, as well as immune response induced by many cytokines (37). IL-1-mediated inflammation contributes to the pathology of many diseases including systolic heart failure, and IL-1R2 has been implicated in atherosclerosis (38). The aforementioned evidence suggests that IL1R2 plays a key role in AMI. Interleukin 1 receptor associated kinase 3 (IRAK3), which encodes a member of the IL-1 receptor-associated kinase protein family, functions as a negative regulator of Toll-like receptor signaling and participates in innate host defense and in the control of adaptive immune responses (39). Evidence in a mouse model of AMI demonstrated that IRAK3 gene silencing could minimize AMI damage, indicated by a reduced infarct area and collagen content (40). A mutation in the thrombomodulin (THBD) gene is the main cause of thromboembolic disease. AMI is typically precipitated by thrombosis superimposed on a ruptured coronary plaque. Therefore, we believe that THBD may play a vital role in the development of AMI.

The types of immune cell infiltration in AMI and normal samples were assessed using CIBERSOTR. As a result, a variety of immune cell subtypes were found to be closely involved in important biological processes of AMI. An increased infiltration of monocytes, activated mast cells, neutrophils, and T follicular helper cells, and a decreased infiltration of CD4+ resting memory T cells, gamma delta T cells, M1 macrophages, and resting mast cells were found to be potentially related to the occurrence and development of AMI. Furthermore, by performing correlation analysis between IL1R2, IRAK3, THBD, and immune cells, IL1R2, IRAK3, and THBD were all found to be correlated with neutrophils, monocytes, M2 macrophages, CD4+ resting memory T cells, gamma delta T cells, and activated NK cells. In fact, inflammatory and immune circulatory cells, such as neutrophils, lymphocytes, and platelets, have previously been shown to play an important role in the progression of heart disease (41, 42). The innate immune system begins immediately on the onset of necrotic cell death accompanied by intense sterile inflammation and the MI of a number of immune cell subtypes including monocytes and neutrophils during the first few days after AMI (28). Neutrophils can infiltrate the infarcted area, subsequently mediating the injury of infarcted tissues by releasing reactive oxygen species and matrix-degrading enzymes (43). CD4+ and CD8+ T cells, regulatory T cells, and NK T cells can infiltrate the infarcted myocardium during the proliferative phase of repair and facilitate the transition toward maturation. They may be motivated by cardiac autoantigens and limit adverse ventricular remodeling by enhancing wound healing, inflammation resolution, and scar development via collagen matrix formation (43). Furthermore, the therapeutic activation of regulatory T cells may well be an encouraging therapy for AMI to promote cardiac repair and limit adverse ventricular remodeling (44). The substantial evidence mentioned earlier together with our present findings have demonstrated that several types of infiltrating immune cells play vital roles in AMI and should be the focus of future investigations.

The limitations of this study should be acknowledged. First, the study was retrospective; thus, important clinical information was not available. Second, the number of cases in the GSE60993 validation cohort was low, which should be acknowledged as a limitation. In addition, the biomarker profiles in the blood and the immune cell profile were obtained from the two datasets, and their reproducibility should be further validated. Last, the functions of three biomarkers and immune cell infiltration in AMI were inferred by bioinformatics analysis, and prospective studies with larger sample sizes should be conducted to validate our conclusions.



CONCLUSION

In summary, IL1R2, IRAK3, and THBD were identified as diagnostic biomarkers of AMI. Neutrophils, monocytes, M2 macrophages, CD4+ resting memory T cells, gamma delta T cells, and activated NK cells may be involved in the development of AMI. These immune cells have the potential to be developed as targets of immunotherapy in patients with AMI.
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Cell therapies are emerging as a new therapeutic frontier for the treatment of ischemic disease. However, femoral occlusions can be challenging environments for effective therapeutic cell delivery. In this study, cell-engineered hybrid scaffolds are implanted around the occluded femoral artery and the therapeutic benefit through the formation of new collateral arteries is investigated. First, it is reported the fabrication of different hybrid “hard-soft” 3D channel-shaped scaffolds comprising either poly(ε-caprolactone) (PCL) or polylactic-co-glycolic acid (PLGA) and electro-spun of gelatin (GL) nanofibers. Both PCL-GL and PLGA-GL scaffolds show anisotropic characteristics in mechanical tests and PLGA displays a greater rigidity and faster degradability in wet conditions. The resulting constructs are engineered using human adventitial pericytes (APCs) and both exhibit excellent biocompatibility. The 3D environment also induces expressional changes in APCs, conferring a more pronounced proangiogenic secretory profile. Bioprinting of alginate-pluronic gel (AG/PL), containing APCs and endothelial cells, completes the hybrid scaffold providing accurate spatial organization of the delivered cells. The scaffolds implantation around the mice occluded femoral artery shows that bioengineered PLGA hybrid scaffold outperforms the PCL counterpart accelerating limb blood flow recovery through the formation arterioles with diameters >50 μm, demonstrating the therapeutic potential in stimulating reparative angiogenesis.

Keywords: tissue engineering, angiogenesis, adventitial pericytes, hybrid scaffold, biomaterials, bioprinting, electrospinning


INTRODUCTION

Acute limb ischemia is the sudden loss of limb perfusion and is typically caused by an occluding embolus, in situ formation of a thrombus, trauma, or dissection of a peripheral artery. Chronic total occlusions of the femoral artery and implanted bypass grafts are common in patients with symptomatic peripheral artery disease (PAD). It is estimated more than 200 million people worldwide are affected by PAD (1). Approximately 12–20% of people over the age of 60 develop PAD with many developing critical limb ischemia (CLI), which is associated with a poor quality of life and a high risk of amputation and death (2). Artery occlusion represents a dramatic event that threatens limb viability and requires urgent evaluation and intervention (3). The early stage of the pathology is usually treated with pharmacological administration, whilst more acute forms of PAD are treated with surgical intervention, via insertion of hydrophilic wires to dissect through the intima or the media layers of the artery (4, 5). However, surgical treatments are subjected to durability issues related to the progression of the underlying pathology and the need for repetitive interventions (6, 7). In addition, in the most severe cases of CLI, patients are not suitable for surgical revascularization due to multiple occlusions and lack of autologous vessel replacement (8).

Approaches based on cell and gene therapy are in development to promote vascular repair and tissue reperfusion, stimulating reparative angiogenesis. Several studies have demonstrated that the transplanted cells performed their therapeutic action by a number of mechanisms including, direct incorporation into the host tissue, (9) activation and recruitment of resident stem cells, (10, 11) and by the release of pro-angiogenic factors, such as growth factors and micro-RNAs, able to activate the re-vascularization process (12–14). In the last few decades, cell-based therapies have led to several promising pre-clinical studies (10, 12, 15) and ultimately, clinical trials using injected bone marrow-derived and peripheral blood-derived hematopoietic cells have shown initial evidence of safety and therapeutic efficacy (7, 16). Despite the promising results, the low efficiency of cell retention in the ischemic area with a significant reduction of stem cells a short time after the injection (17, 18) and consequent reduction of therapeutic action represent the main weaknesses of this approach. Moreover, injected stem cells are prone to accumulation in tissue sinks, such as the lungs, liver and spleen (19).

Many researchers are now focusing on scaffold-based tissue engineering approaches to develop systems to achieve optimal delivery of the cell product to the arterial occlusion. Pericytes, EPCs and mesenchymal stem cells (MSCs) have shown the ability to encourage neovascularization when encapsulated in alginate or arginine-glycine-aspartic acid conjugated alginate micro-particles (13, 20–22). Positive outcomes in ischemic tissue of myocardial infarction were also shown by the use of injectable hydrogels, such as polyethylene-glycol (PEG), fibrin glue, chitosan hydrogel, and dextran-hyaluronic acid hydrogel when combined with BM-derived stem cells and MSCs (23–26). However, approaches involving a large number of synthetic microparticle-bound cells need to achieve a minimum beneficial effect that can disrupt the ischemic region, and lead to adverse clinical outcomes. Moreover, the inability to reproduce a supportive microenvironment with relevant mechanical properties limits the potential for hydrogel-based delivery systems.

Alternative methodologies use “hard” scaffolds as cell carriers, with the advantage of selecting the appropriate design of the structure according to the specific application. Indeed, the scaffold's material should attempt to match the topographic, mechanical, and bioresorption/remodeling features of the host tissue in order to stimulate the endogenous healing response. This approach offers the potential benefits of stimulating vasculogenesis both by delivering cells and by scaffold action directly (27, 28). Several natural and synthetic polymers have been explored and among those polycaprolactone (PCL) has been widely used. PCL nanofibers conjugated with fibronectin, and PCL 3D printed structures functionalized with gelatin (GL) nanofibers have been used to deliver MSCs (29) and adventitial pericytes (30) to infarcted myocardium and ischemic limb, respectively, to stimulate revascularization. Despite the increasing number of studies focused on using engineered scaffolds to treat ischemic tissues by stimulating spontaneous angiogenesis, the dominant mechanism of action is still largely unknown.

In this study, we show hybrid hard-soft scaffolds, comprised of microfabricated polymeric scaffolds with bioprinted hydrogel seeded with vascular cells, had beneficial pro-angiogenic effects in a murine model of LI. The novel hybrid scaffold, consisting of a 3D printed synthetic polymer [PCL or polylactic-co-glycolic acid (PLGA)] covered by a layer of electrospun GL nanofibers, were fabricated to recapitulate a rudimentary morphology and mechanical environment of the extracellular matrix (ECM) surrounding the femoral artery. In addition, the topography of the scaffold, enhanced by the cell-laden bioprinted gel, provided preferential growth direction for the seeded cells. Adventitial pericytes (APCs) isolated from saphenous veins were selected to functionalize the scaffold due to their ability to promote neovascularization or cell recruitment by secretion of paracrine factors (10, 14, 31). The scaffold was further functionalized with HUVECs to increase the therapeutic effect. Significantly, the cellularized hybrid scaffolds were highly biocompatible and promoted in vitro pro-angiogenic responses by the cells, with increased expression of VEGF, ANGPT-1 and FGF observed. The in vivo efficacy of this approach was investigated using a mouse model of LI, with the fabricated hybrid scaffolds placed around the occluded femoral artery. Here, the bioengineered PLGA hybrid scaffold outperformed the PCL counterpart by accelerating limb blood flow recovery and increasing the number of functional arterioles which supported scaffold resorption rate over matched mechanical properties as the dominate indicator of scaffold performance.



MATERIALS AND METHODS


Cell Lines and Cultures

Studies using human cells were covered by Research Ethics Committee approvals (06/Q2001/197 and 11/2009) and complied with the principles stated in the 1964 Declaration of Helsinki and later amendments. All the subjects gave informed written consent for the experimental use of donated material (Supplementary Table 1). APCs were obtained from saphenous vein leftovers using immunomagnetic beads sorting and an expansion protocol described previously (31). The antigenic phenotype was evaluated by flow cytometry using a FACS Canto II flow cytometer and FACS Diva software (BD Biosciences). A combination of the following antibodies was employed: anti-CD44 (eBioscience), anti-CD-105 (Life Technologies) and anti-CD90 (BD biosciences). The purity of the cell preparation was confirmed, with >95% cells expressing the above markers. All in vitro and in vivo experiments were set up with APCs at passage 6. Commercially available human umbilical vein endothelial cells (HUVECs, Lonza cat#: CC-2517, lot:460587) were cultured at 37°C, 20% O2, 5% CO2 in complete Endothelial growth medium-2 (EGM-2, PromoCell) and used between passages 5 and 7.



Materials and Reagents

PCL (Mn average 80,000), Pluronic® F-127 (PL), Sodium Alginate (AG) and gelatin from porcine skin (GL) were purchased from Sigma-Aldrich. 50:50 PLGA (Inherent Viscosity = 0.55–075 dL/g) was purchased from DURECT corporation (Cupertino, US). Gelatin crosslinking agent γ-glycidoxypropyl-trimethoxysilane (GPTMS) from Sigma-Aldrich. Endothelial basal medium-2 (EBM-2, cat# C-22211, Promocell) was used for in vitro specific assays, while complete EGM-2, consisting of EBM-2 supplemented with SupplementPack (cat#: C-39211, PromoCell), was used to culture APCs and HUVECs. Fetal bovine serum (FBS) was obtained from Hyclone (UT, USA). Phosphate buffer saline (PBS), penicillin and streptomycin were purchased from Gibco BRL, Invitrogen Corp., (Carlsbad, CA, USA).



Hybrid Scaffold Preparation
 
Polymeric Scaffold Fabrication

The hybrid scaffold was fabricated using different techniques which followed a bottom-up approach aiming at mimicking the hierarchical organization of the natural extracellular matrix (ECM).

The fabrication of the scaffold followed the procedure reported in the previous work (30). In brief, the nanoscale structure of natural GL polymer was overlapped to a pre-existing matrix of synthetic material. In this study, PCL and PLGA were used as a synthetic backbone to generate two types of scaffolds with different physical properties. The synthetic matrices were manufactured with a customized piston-driven 3D printing system (MandleMax3, Maker's Tool Works, US) (Figure 1A), which allowed the extrusion of PCL and PLGA through a layer-by-layer deposition. PCL 10% (w v−1), and PLGA 15% (w v−1) were dissolved in chloroform, loaded in a glass syringe with a 32 gauge needle and extruded to generate a channel pattern. The channel pattern consisted of the deposition of a first layer with the shape of a grid, to avoid the collapse of the structure, followed by six layers of parallel lines, to form the walls of the channels (Figure 1B). A solution of Hydrolene® LTF/K (Ecopol S.p.A., Italy) [4% (w v−1) in distilled water] was used as support material during the extrusion of the polymeric solutions. The composite scaffolds were completed by the electrospinning of GL nanofibers on top of the synthetic structures to improve the biomimetic and adhesive features of the scaffold (Figure 1C). After dissolving porcine GL in acetic acid-water solution (ratio of 60:40) at the concentration of 15% (w v−1), the crosslinking agent GPTMS was added at the concentration of 3% (v v−1) and stirred for 1 h before the use of the solution. The GL solution was then electrospun using an Electrospinning Station (Nadetech®, Navarra Spain), setting parameters to the following values: 25 kV (Voltage), 20 cm (distance from the collector) and 0.2 ml h−1 (flow rate).


[image: Figure 1]
FIGURE 1. Schematic description of scaffold fabrication process. (A) Image of the customized piston-driven 3D printing system (MandleMax3, Maker's Tool Works, US); (B) 3D render of the designed pattern for channels structures of poly(ε-caprolactone) (PCL) and polylactic-co-glycolic acid (PLGA), highlighting the piling of various layers and the directions (x) and (y); (C) Schematic 3D representation showing the electrospinning of the gelatin (GL) nanofibers on the upper surface of the synthetic backbone of the composite scaffold (PCL or PLGA).




Mechanical Property of the Scaffold

Mechanical characterization of the scaffold was performed using Instron 3343 (Illinois Tool Works Inc., US). PCL- and PLGA-based scaffolds, fabricated with the dimension of 12 × 12 mm wide specifically for this test, were clamped with pneumatic grips with an initial displacement of 5 mm. The uniaxial test machine was set with a steady deformation speed of [(0.006* l0) min−1]. Polymeric structures were tested in both axial (x) and longitudinal direction (y). In addition, mechanical properties were further evaluated in relation to the degradation rate. PCL- and PLGA-based scaffolds were conditioned with EBM-2 and incubated at 37°C, mimicking the cell culture environment, and uniaxial tests were performed at specific time-points [0, 2, 4, 7, 10 days (n = 3 each time-point)].




Scaffold Cellularization
 
APC Seeding on Scaffold

PCL- and PLGA-based scaffolds of the dimension of 6 × 6 mm wide was prepared following an established sterilization protocol. Scaffolds underwent sequential washes with 70% ethanol and PBS and then exposed to UV light for 15 min. The polymeric structures were then washed with PBS and conditioned with EGM-2 culture medium for 1 h. APCs, at passage 6, were then seeded at a density of 6,000 cell cm−2 onto scaffolds and cultured for 5 days, with medium changed on day 3.



Functional Assays

The cell behavior after seeding and culturing on different polymeric materials was assessed by evaluating density, viability, and proliferation. APCs were labeled with the fluorescent marker 1,1′-dioctadecyl-3,3,3′,3′-tetramethylindocarbocyanine perchlorate (Dil) (Cell-TrackerTM CM-DiI, Molecular Probes, Leiden, Netherlands) and seeded onto the scaffold as described above. After 5 days of incubation, cellularized scaffolds were washed with PBS, fixed with PFA 4%, then counterstained with DAPI, mounted with antifade mounting medium.

The viability of the APCs seeded onto PCL- and PLGA-based scaffold was assessed using the viability/cytotoxicity assay kit (Biotium Inc, US). Five days after seeding, the culture medium was removed, the scaffold washed with PBS and incubated for 30 min with a solution of Calcein [1:2000], EthD-III [1:500] and Hoechst [1:100] in serum-free medium at 37°C, 5% CO2. Viable cells were identified using fluorescence microscopy. The ability of cells to proliferate once seeded onto scaffolds was evaluated by Click-iT® EdU Assay (Life Technologies, UK). Fluorescent images of the scaffolds were obtained using a Zeiss Fluorescent Microscope (Zeiss Axio observer Z1, Zeiss) and number of cells quantified using Image-Pro Plus software. All the functional assays in this study were performed on three cell lines, in technical triplicates.



Reverse Transcriptase-Polymerase Chain Reaction (RT-PCR)

Total RNA was isolated from APC-bioengineered PCL and PLGA scaffolds by a standardized phenol-chloroform protocol combining QIAzol lysis and miRNeasy mini kit (QIAGEN, Germany), following manufacturer's instructions.

Briefly, PCL- and PLGA-based scaffolds seeded with APCs for 5 days were washed once in PBS to remove non-adhered cells. Scaffolds were then collected from the culture plate, lysed in tubes with 1 ml QIAzol l, and stored on ice. The tubes were centrifuged to separate debris of polymeric structures and the supernatant was transferred to clean tubes. Cell monolayers seeded in culture petri dishes, used as control [hereafter referred to as bi-dimensional (2D) counterparts], were washed with PBS, and incubated with QIAzol; then, cell lysates were collected in tubes. Scaffold derived debris were removed by centrifuging at 10,000 g, 3 min, 4°C before chloroform separation of organic and inorganic phases. Chloroform was added to both cell lysates from scaffolds (3D) and 2D counterparts, followed by centrifugation at 12,000 × g for 15 min at 4°C.

Resulting total RNA was reverse-transcribed into single-stranded cDNA using a High Capacity RNA-to-cDNA Kit (Life Technologies, UK) (100 ng RNA), or using specific Taqman microRNA assay primers with a TaqMan® MicroRNA Reverse Transcription Kit (10 ng) for the assessment of microRNA expression (both from Life Technologies). Quantitative real-time PCR (qPCR) of first-strand cDNA was performed using TaqMan Fast Universal PCR Master Mix or SYBR Green PCR (both from Life Technologies, UK) as appropriate into a QuantStudio 6 Flex (Thermo Fisher Scientific). Targeted genes include markers for apoptosis, angiogenesis, pericyte profile and myofibroblast transformation: BAX (Hs00180269_m1), BCL2 (Hs04986394_s1), PDGFRB (Hs01019589_m1), ANG-1 (Hs00375822_m1), VEGFA (hs00900055_m1), BACH1 (Hs00230917_m1), FGF (Hs01092738_m1) (all of them TaqMan® probes, Applied Biosystems); ACTA2/SMA (QT00088102, Hs_ACTA2_1_SG), TGLN/SM22A (QT00072247, Hs_TAGLN_1_SG), COL1A1 (QT00037793, Hs_COL1A1_1_SG), MYOC (QT00068327, Hs_MYOC_1_SG), and MYH11 (QT00069391, Hs_MYH11_1_SG) (all of them. QuantiTect Primer Assay-QIAGEN for SYBR Green applications).

MicroRNA profile preservation was additionally assessed with specific miRNA assay probes has-miR-132-3p (assay no. 000457), hsa-miR-532-5p (assay no. 001518), and hsa-miR-210-3p (assay no. 000512). miRNA expression was normalized to U6 snRNA (assay no.001973) (all of them TaqMan® probes, Applied Biosystems).

Relative mRNA expression was calculated using the 2−ΔΔct method (Livack method) and expressed as fold-change compared to 2D control counterparts. All experiments were performed on three biological replicates and assessed in technical triplicates.



Enzyme-Linked Immunosorbent Assays (ELISA)

Cell conditioned media (CCM) from APC-bioengineered scaffolds (3D) or 2D control counterparts was collected and assayed for angiopoietin-1 (ANG-1) and vascular endothelial growth factor-A (VEGFA) using specific sandwich ELISA (DuoSet ELISA, R&D Systems). In brief, after 3 days in culture, EGM-2 growing media was replaced with all control and experimental conditions with fresh growth factor-depleted EBM-2. Cells were kept for 48 h more at 37°C, 5% CO2, 21% O2 and CCM were collected and centrifuged at 10,000 g, 3 min, 4°C to remove cell debris. CCMs were kept at −80°C until batch analysis. Data are shown as fold change by comparing to 2D control counterparts to assess for biological significance of our findings and avoid the effect of donor heterogeneity.




Final Hybrid Scaffold Preparation
 
Hydrogel Preparation: Sodium Alginate/Pluronic Based Gel

AG and PL solutions were produced following the protocol described by Armstrong et al. (32). Briefly, the final hydrogel working solution was produced by combining solutions of PL and AG to achieve a final gel of 13% (w v−1) PL and 6% (w v−1) AG in serum-free DMEM (Gibco Life Technologies™). The gel was then crosslinked with CaCl2 to achieve higher water resistance.



Hydrogel Printing Characterization

Hydrogel printability and biocompatibility were further assessed before the final assembly. The extrusion of the cell-laden hydrogel was also performed with the piston-driven 3D printing system. A pattern of 12 × 12 mm grid was chosen to evaluate the gel printability. Solutions of EBM-2 with CaCl2 at different concentrations were used to assess the shape maintenance of the structures after printing, followed by the analysis of cytotoxicity effect of the crosslinking agent. Both APCs and HUVECs were tested. The cell-laden gel solution of AG/PL gel, [13% (w v−1) PL and 6% (w v−1)] with cells were loaded into a 1 ml sterile and disposable syringe, fixed to the bioprinter holder, with subsequent hydrogel printing onto a sterile coverslip. For these tests, cell concentration was fixed at 1 million·ml−1; while, for the final scaffold, concentration was increased up to 4 million·ml−1. The extruded structures were incubated with CaCl2-EBM-2 solutions (5, 10, 20, 30, 50, and 100 mM) for 10 min at 37°C and 5% CO2 for the first crosslinking phase. The gels were washed with PBS and incubated a second time with 5 mM CaCl2 solution at 37°C and 5% CO2. After additional 24 h, the CaCal2-medium was changed with complete EGM-2 and incubated for 24 h. At the end of this period, fluorescent images acquired with Zeiss Fluorescent Microscope were used to evaluate the shape of the extruded pattern and viability of cells was assessed using a dedicated kit (Biotium Inc, US). Percentages of viable cells were quantified with Image-Pro Plus.



Cell-Laden Gel Patterning

PCL-based and PLGA-based scaffolds coated with GL nanofibers crosslinked with GPTMS were cellularized with APCs, as described above. After a culture period of 5 days, scaffolds were used as a substrate to extrude a patterned layer of the cell-laden gel. Co-culture of APCs and HUVECs [1:4] was loaded in AG/PL gel [13% (w v−1) PL and 6% (w v−1)] with a total cell concentration of 4 million ml−1, gently mixed to homogenize the solution and then transferred into a 5 ml syringe with a 27 gauge needle for the bioprinting process. The cellularized scaffold was quickly placed on the heated plate of the Bioprinter and the extrusion was activated. The cell-laden gel was deposited on the scaffold with the pattern of lines parallel to the (x) direction of the scaffolds. At the end of the extrusion, the scaffold was incubated with 100 mM CaCl2-EBM-2 solution for 10 min. Then, the solution was removed and 5 mM solution of CaCl2-EGM2 (supplemented with 1% penicillin/streptomycin) was added. This established protocol was used to prepare hybrid scaffold (PCL-GL + AG/PL) and PLGA-GL+AG/PL) for in vivo implantation.




In vivo Angiogenesis
 
Animal Model

Experiments involving live animals were performed in accordance with the Guide for the Care and Use of Laboratory Animals (The Institute of Laboratory Animal Resources, 1996) under British Home Office PPL 30/3373, after Ethical approval from the University of Bristol. Data were reported according to the ARRIVE guidelines. Male C57Bl/6J mice (8 weeks old; Charles River, UK) underwent unilateral femoral artery ligation under isoflurane anesthesia. The proximal and the distal end of the femoral artery were occluded using 6-0 silk, and the portion of the artery between the ligations was electro-coagulated. Group size was calculated to detect a 20% difference in the primary endpoint between groups with a = 0.05 and a power of 80%. Mice were randomly assigned to five experimental groups (n = 10 per group) described as follows: group I was given no treatment (vehicle); group II was implanted with PCLGL + AG/PL without cells; group III with PLGA-GL + AG/PL without cells; group IV with PCL-GL + AG/PL with cell; and group V with PLGA-GL + AG/PL with cells. Scaffolds were properly dimensioned in 3 × 3 mm squares for the in vivo application. During the implantation procedure, the scaffolds were positioned between the ligations and wrapped around the occluded femoral artery, with the PCL or PLGA in contact with the artery and the gel with or without cells exposed to the perivascular tissues. After being given Vetergesic analgesia, the animals were allowed to recover. The mice were given standard chow and water ad libitum and inspected regularly for any change in clinical signs.

The primary endpoints were blood flow recovery and vascular density. The ischemic foot was sequentially monitored by color laser Doppler at 0, 3, 7, 14, and 21 days after induction of ischemia (33). The recovery was assessed by comparing the ratio of flow in the ischemic and contralateral legs. Mice were killed under terminal anesthesia on day 21. The adductor muscles and the perivascular area (including the femoral artery and scaffold) were excised intact, fixed with PFA (4% w v−1 in PBS) overnight, and then embedded in optimal cutting temperature (OCT) medium. Samples were sectioned at a thickness of 5–7 μm using a Cryotome (LEICA RM2235, Germany).



Immunohistochemistry Staining

For analysis of vascularization, sections of adductor muscle and the perivascular area were incubated overnight at 4°C with primary α-SMA-Cy3 (c6198, Sigma, UK), to identify VSMCs, and Alexa 488-conjugated isolectin B4 (Life Technologies, UK) to identify ECs. Streptavidin-Alexa 488 secondary antibody. Sections were counterstained with DAPI (30 nM), to identify nuclei, and coverslips mounted using antifade mounting medium.



Statistical Analysis

Continuous variables distribution was assessed by Kolmogorov–Smirnov Z normality test and Shapiro Wilk test and are shown as mean ± standard error of the mean (SEM) or standard deviation (SD) or as median (IQR), depending on the sample distribution. Continuous variables normally distributed were compared using the Student's t-test (two-group comparison) or one-way analysis of variance followed by Tukey PostHoc analysis (ANOVA; for multiple group comparisons), as appropriate. Two-way ANOVA analysis was used to compare the mean differences between groups in the animal model (two categorical and one continuous variable) followed by pair-wise comparison using the Holm-Sidak method. Non-parametric tests, including the Mann–Whitney U test or the Kruskal-Wallis test, were used for data not normally distributed. A P-value < 0.05 was considered statistically significant. Analyses were performed using GraphPad Prism 8.0 statistical software.





RESULTS


Feasibility of Composite Polymeric Scaffold Production

In order to elucidate the in vitro and in vivo responses to scaffold biomaterials, which differ systematically in mechanical properties and resorption rate, we compared two synthetic polymers, PCL and PLGA. The hybrid hard-soft scaffolds were fabricated using an adaption of a bottom-up approach with the aim being to mimic the hierarchical organization of natural ECM (30). In brief, the nanoscale structure of natural GL polymer was overlapped on a pre-existing matrix of synthetic material. In this study, PCL and PLGA were used as the synthetic backbone to generate two types of scaffolds with different physical properties. The synthetic matrices were manufactured using a customized piston-driven 3D printing system (MandleMax3, Maker's Tool Works, US), which allowed the extrusion of PCL or PLGA via a layer-by-layer deposition.

The customized piston-driven printing system (Figure 1A) allowed the extrusion of PCL (10% w v−1) or PLGA (15% w v−1) polymer solutions, following with high resolution the designed pattern of the channel (Figure 1B). Assessment by optical microscopy showed the full thickness of the scaffolds was 70 ± 10 μm and line width was 121 ± 15 μm for PCL and 127 ± 23 μm for PLGA, respectively (Figure 1C).

The synthetic backbone of PCL or PLGA was then covered by electrospinning GL nanofibers directly onto the surface (Figure 2A). GL nanofibers were then crosslinked with GPTMS 3% (v v−1) to improve durability in wet conditions. The successful assembling of the PCL-GL or PLGA-GL multi-material scaffolds was assessed by SEM (Figure 2B). The mat of GL nanofibers was uniformly distributed and adherent to the upper surface of the synthetic materials. Additionally, the GL nanofibers were randomly oriented and had an average diameter of 90 ± 18 nm and a pore size 290 ± 18 nm (Figure 2C).
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FIGURE 2. Fabricated multi-material scaffold. (A) Representative image of channel structure; (B) Representative SEM picture of the composite scaffold formed by gelatin (GL) nanofibers covering polylactic-co-glycolic acid (PLGA) cannels structure; (C) Representative SEM picture of the GL nanofibers.




Material Composition Confers Different Mechanical Properties to the Scaffolds

Mechanical tests were performed to evaluate the properties of the different biomaterials, the effect of the geometry and the response to incubation in wet conditions over time. The data from mechanical testing are reported in Figure 3A and Table 1. Scaffolds made of PCL had different values in the axial direction (x) compared with the longitudinal direction (y), namely higher values of Young's modulus [(x): 5.37 ± 0.37 vs. (y): 0.91 ± 0.51 MPa, P < 0.001] and maximum stress [(x): 0.43 ± 0.12 vs. (y): 0.09 ± 0.019 MPa, P < 0.01]. PLGA scaffolds followed similar patterns for both Young's modulus [(x): 32.86 ± 8.9 vs. (y): 7.44 ± 1.14 MPa, P < 0.01] and maximum stress [(x): 0.77 ± 0.16 vs. (y): 0.23 ± 0.07 MPa, P < 0.01]. These results indicate the two constructs have anisotropic mechanical characteristics.
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FIGURE 3. Mechanical characterization of the scaffolds. (A) Bar graphs summarize results of mechanical tests on poly(ε-caprolactone) (PCL) and polylactic-co-glycolic acid (PLGA) structures namely: Young's modulus, maximum stress, strain at maximum stress and strain at rupture. Values are means ± SD, N = 3 biological replicates, each one with 3 technical replicates. *P < 0.05, **P < 0.01, ***P < 0.001, vs. PCL-scaffold within same direction of testing [(x) or (y)]; ##P < 0.01, ###P < 0.001 vs. the (x) direction of the corresponding group (PCL or PLGA). (B) Stress–strain curves of synthetic structures (PCL and PLGA) in both directions (x and y). (C) Graphs showing mechanical features of PCL and PLGA scaffolds at different timepoints.



Table 1. Mechanical properties of PCL and PLGA scaffold analyzed in both (x) and (y) direction.
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Comparing the PLGA and PCL structures, the former had significantly higher values of Young's modulus [(x): P < 0.01 and (y): P < 0.001] and maximum stress (P < 0.05). Conversely, PCL showed higher values of strain at maximum stress [(x): P < 0.05 and (x): P < 0.001] and strain at rupture (P < 0.01). This data confirms the higher rigidity of the PLGA structure, as illustrated by the stress-strain curves in Figure 3B.

We next assessed the changes in mechanical features during incubation of the structure in EBM-2 for up to 10 days (Figure 3C). PCL showed resistance to degradation, its properties remaining steady until the end of the observational period. In contrast, the PLGA structure showed fast degradation, resulting in a drastic decrease of Young's modulus, maximum stress and strain at rupture from day 4 of incubation.



Scaffold Cellularization With APCs and Biocompatibility Assessment

Having achieved a robust production protocol for the PCL-GL and PLGA-GL composite scaffolds, we next performed cellularization through two stages. The first stage consisted of APC seeding by pipette deposition onto the scaffold surface, and the evaluation of the in vitro interaction of the cells with the different biomaterials (Figures 4A,B). Cell monolayers seeded in culture petri dishes were used as control [hereafter referred to as bi-dimensional (2D) counterparts].
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FIGURE 4. In vitro cellularization of scaffolds and functional assessment. (A,B) Schematic representation of the Hybrid scaffold preparation following the specific steps: (A) step a: fabrication of the composite scaffold formed by poly(ε-caprolactone (PCL) or polylactic-co-glycolic acid (PLGA) and gelatin (GL) nanofibers, named, respectively, PCL-GL and PLGA-GL; (B) step b: seeding with adventitial pericytes (APCs) and culturing for 5 days; (C) Bar graph of cell density and representative fluorescent microscopy images of PCL and PLGA scaffolds seeded with APCs. Nuclei are stained with DAPI (blue) and cell bodies are labeled with Dil (red). (D) Bar graph of cell viability and representative images of APCs: viable cells stained with calcein (green), dead cells with EthD-III (red) and all the nuclei with Hoechst (blue) for assessment of cell viability. (E) Bar graph of cell proliferation and representative images of APCs on scaffolds [proliferating cells stained by EdU (pink) and not proliferating ones with DAPI (blue)]. Values are means ± SD, N = 3 biological replicates, each one with 3 technical replicates. *P < 0.05, vs. PLGA-scaffold.


Five days after the seeding, cell density, viability and proliferation were evaluated. Overall, the results of the assays indicated good biocompatibility for both the PCL-GL and PLGA-GL scaffolds. Fluorescent microscopy confirmed the homogeneous growth of APCs on the scaffold surfaces, with PCL scaffolds having more adherent cells (P < 0.05) (Figure 4C) than PLGA scaffolds.

APC viability was high with both materials (90 ± 3% for PLGA and 92 ± 2% for PCL scaffold) (Figure 4D). These data were further validated at the molecular level by measuring the mRNA expression of pro-apoptotic BAX and pro-survival BCL2 genes. The APC-bioengineered scaffolds showed a BAX/BCL2 ratio superior to 2D control counterparts, but the difference did not reach statistical significance (PCL: 2.48 ± 0.58-fold change vs. 2D; PLGA: 1.47 ± 0.19-fold change vs. 2D). Cell proliferation was observed on both PCL and PLGA-based scaffolds, with 61 ± 4% and 56 ± 17% of cells showing Edu-positive nuclei, respectively (Figure 4E). Despite a certain degree of directionality given by the macro-domain of the polymeric scaffolds, APCs tended to rearrange in random directions.



Culture in Scaffolds Modifies the Expressional Profile of APCs

In a parallel experiment, we investigated if PCL-GL or PLGA-GL scaffolds impair the characteristic antigenic and proangiogenic profile of APC. After 5 days of culture on the scaffolds, immunocytochemistry (ICC) was used to show APC protein expression of PDGFR-β, NG2 and vimentin markers (Figure 5A). Additionally, RNA was extracted and used to analyze the transcriptional signature of APCs by qPCR, using 2D control counterparts to calculate the relative mRNA expression. PDGFRB, a marker shared by pericytes and VSMC, was reduced in 3D conditions (PCL: 0.40 ± 0.16-fold change vs. 2D, P < 0.05; PLGA: 0.39 ± 0.15-fold change vs. 2D, P < 0.05). The mRNA levels of ACTA2/SMA (VSMC and myofibroblast marker), TGLN/SM22A (an early marker of smooth muscle differentiation), COL1A1 (mainly expressed by myofibroblasts and active VSMC) and MYH11 (a major VSMC contractile protein) were significantly down-regulated, thus suggesting the 3D environment affected the expression of genes that characterize the functional transition of pericytes toward myo-fibroblastic cells (Figures 5B,C). No differences were seen with respect to the mRNA expression of transcription factors GATA4, SOX2, and NANOG, which we have previously shown to be associated with the progenitor-like profile of human APCs (data not shown) (31).
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FIGURE 5. Effect of 3D culture on poly(ε-caprolactone) with gelatin nanofibers (PCL-GL) and polylactic-co-glycolic acid with gelatin nanofibers (PLGA-GL) on APCs. Bar graphs show the average of 3 biological replicates comparing the 3D conditions to the 2D monolayer culture on petri dish. (A) Representative fluorescence images of specific phenotype markers (NG2, PDGFR-β and Vimentin) in APCs seeded, respectively, on PCL- and PLGA-based scaffolds; images showed that all the cells were positive for the indicated markers. (B,C) Expression of differentiation (PDGFRB, ACTA2/SMA, TGLN/SM22A, COL1A1, and MYH11) molecules. (D) Expression of angiogenic miRs: miR132, miR210-3p, and miR532. (E) BACH1, FGF, VEGFA, and ANG-1 molecules. (F) Bar graph shows the secreted of VEGFA and ANG-1. *p < 0.05, **p < 0.01, and ***p < 0.001 vs. 2D. Values are means ± SE, N = 3 biological replicates, each one with 3 technical replicates. ****p < 0.0001.


Furthermore, previous studies have shown that APCs express several angiogenesis-related microRNAs (miRs) and transcription factors (34–36). The expression of miR132-3p and miR210-3p was similar in APCs embedded in PCL or PLGA compared to 2D control counterparts. However, miR532-5p was found to be down-regulated in APCs under 3D conditions, showing a significant difference vs. 2D for PLGA-embedded cells (P < 0.05) (Figure 5D). Expression of BACH1, a transcription factor which is a negative regulator of ANGPT1 and heme-oxygenase-1, was downregulated in APC seeded on both polymers (PCL: 0.39 ± 0.03-fold change vs. 2D, P < 0.05; PLGA: 0.52 ± 0.13-fold change vs. 2D, P < 0.05) (Figure 5E). Interestingly, the three-dimensionality of the scaffold was associated with an increased expression of the arteriogenic factor FGF by APCs (PCL P < 0.001 vs. 2D and PLGA P < 0.01 vs. 2D). Moreover, APCs showed an upregulation of VEGFA mRNA in both PCL (3.92 ± 1.16-fold change, P < 0.05 vs. 2D) and PLGA scaffolds (3.85 ± 0.57-fold change, P < 0.01 vs. 2D). However, ANGPT1 expression was significantly downregulated in cells seeded on the 3D structures (PCL: 0.44 ± 0.04-fold change vs. 2D, P < 0.01; PLGA: 0.45 ± 0.1-fold change vs. 2D, P < 0.01).

The expression of VEGFA and ANGPT1 were further verified by assaying the APC-derived secretome (Figure 5F). VEGFA was found to be up-regulated in both PCL (4.11 ± 0.53-fold change vs. 2D, P < 0.01; or 6.54 ± 1.06-fold change vs. 2D) and PLGA (5.07 ± 0.99-fold change vs. 2D, P < 0.01; or 7.33 ± 0.21-fold change vs. 2D). As per the qPCR results, ANGPT1 levels were reduced in PCL (0.36 ± 0.02-fold change vs. 2D, P < 0.01) but not in PLGA (P = 0.441). Altogether, the data suggest that 3D culture at this timepoint confers APCs with a pro-angiogenic growth profile, where induction cues (FGF/VEGFA) prevail over factors involved in stabilization (ANGPT1).



Characterization of Structure Fidelity of Sodium Alginate-Pluronic Gel and Evaluation of Cell Viability

Having evaluated the behavior of the APCs on the PCL-GL and PLGA-GL scaffolds, the final assembly of the hybrid scaffold consisted of the deposition of lines of gel, as described in Figures 6A,B. In fact, data shown above and results from a previous study (30), the polymeric scaffold itself did not ensure an ordered alignment of the cells. The spatial organization of the scaffolds was here enhanced by the deposition of gel with a specific pattern. The pattern of the scaffold improved the directionality of the cellularized structure (Figures 6C,D) aiming at promoting cells encapsulation and growth in specific lines.
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FIGURE 6. Effect of cross-linking on structure fidelity and cell viability. (A–D) Schematic representation of the final hybrid scaffold preparation following the specific steps (A,B were already described in Figure 3); (C) incorporation of APCs-HUVECs coculture in sodium alginate/Pluronic F127 gel (AG/PL); (D) hydrogel patterning on the seeded scaffold for the final assembling of the Hybrid scaffold. (E,G) show highly magnified fields of control (no cells) (E) 20 mM (F) and 100 mM (G) crosslinked gel; (E) shows the absence of unspecific stain in the gel without cells; (F,G) show the living cells stained with calcein (Green) while dead cells are stained with EthD-III (red); (H) Fluorescent microscopy image of the structure of the bioprinted structure in the shape of a 10 × 10 mm grid; Dotted square shows the magnified filed for (G); (I) Picture of the 10 × 10 mm bioprinted grid; (J) Bar graph of cell viability of APCs and HUVECs loaded into the AG/PL gel and assessed after the exposure to different concentration of CaCl2. (K) Fluorescence image of the bioprinted structure of the final pattern for the hybrid Scaffold composition; (L) SEM picture of AG/PL gel printed onto the scaffold; (M,N) Representative images of the maintained pattern of the co-culture in the AG/PL gel extruded onto scaffold, after 5 days of incubation. APCs stained with Dil (red), HUVECs with DiO (green) and nuclei of both cell type with DAPI (blue). (M) poly(ε-caprolactone) with gelatin nanofibers coated with bioprinted sodium alginate/Pluronic F127 gel (PCL-GL + AG/PL) loaded with HUVECs + APCs; (N) polylactic-co-glycolic acid with gelatin nanofibers coated with bioprinted sodium alginate/Pluronic F127 gel (PLGA-GL + AG/PL) loaded with HUVECs + APCs.


The hydrogel was formed by a solution of AG due to its high biocompatibility and PL for its increased printability properties. Moreover, PL has the function of sacrificial material, when it is washed out it will generate bigger pores that improve cell interaction properties. AG and PL solutions were produced following the protocol described by Armstrong et al. (32). The final assembly of the hybrid scaffolds consisted of bioprinting the cell-laden gel to a specific pattern on the surface of the APC bioengineered PCL- and PLGA-based structures. The AG/PL gel was produced with a final concentration of 13% (w v−1) PL and 6% (w v−1) AG in serum-free DMEM.

Before incorporation into the final scaffold, the hydrogel underwent further fine-tuning of its properties. First, to improve the durability in wet conditions, the hydrogel was crosslinked with CaCl2 at different concentrations (5, 10, 20, 30, 50, 100 mM) (Figures 6E–G). Gel grids (12 × 12 mm) were bioprinted and, after 5 days of incubation in a culture medium, the morphology of the hydrogel structure was evaluated. Immunofluorescence images showed that grids incubated with a concentration of CaCl2 above 20 mM had better structure fidelity and maintained the bioprinted grid shape after 5 days of incubation (Figures 6H,I).

Next, we evaluated the possible cytotoxic effect of the crosslinking agent on cells loaded into the AG/PL gel. The analysis of cell viability showed that both APCs and HUVECs maintained viability (around 70%) through increasing concentrations of CaCl2 (Figure 6J). We selected 100 mM CaCl2 to use in subsequent studies, as this combined maintenance of scaffold shape with low cytotoxicity.



Final Scaffold Cellularization: In vitro Evaluation of the Final Gel-Patterned Hybrid Scaffold Containing APCs and HUVECs Co-culture

The final assembly of the scaffold was performed using an AG/PL bioprinting pattern of a set of parallel lines along the (x) direction of the scaffolds to confer preferential direction of cell growth. The co-culture of APCs-HUVECs was used in the final hybrid scaffold to improve APCs action in promoting angiogenesis once implanted in vivo. The AG/PL gel was bioprinted with co-culture of APCs and HUVECs [at 1:4 ratio], with a total concentration of 4 million ml−1 cells. The shape gel lines were maintained for 5 days incubation (Figure 6K). From the observation of SEM images, the average line width of the extruded gel was 510 ± 33 μm and the adhesion of the AG/PL gel was confirmed (Figure 6L). Figures 6M,N illustrate higher magnification images of the complete hybrid scaffolds (PCL-GL + AG/PL and PLGA-GL + AG/PL), confirming the high preservation of the bioprinted morphology. This patterned scaffold prototype was then used in studies evaluating the potential of vascular engineering in a limb ischemia model.



Perivascular Implantation of Cellularized Scaffolds Improves Collateralization and Accelerates Blood Flow Recovery

The revascularization capacity of the hybrid scaffolds was tested in a murine model of LI. Figures 7A,B shows the schematic approach of implantation and the anatomical site of LI induction. Five groups were studied: the control group did not receive any treatment, while the experimental groups were implanted with PLGA-GL + AG/PL or PCL-GL + AG/PL, with or without APCs/HUVECs. Analysis of blood flow recovery in the ischemic leg (normalized to contralateral side) showed that all groups reached a similar plateau (Figure 7C). However, calculation of the time necessary to reach the maximum recovery showed that the group implanted with cellularized PLGA-AG/PL recovered faster as compared with vehicle (11 vs. 18 days, respectively, P = 0.01). Likewise, the comparison between cellularized PLGA-GL + AG/PL and acellular PLGA-GL + AG/PL was also close to statistical significance (11 vs. 16 days, P = 0.07) (Figure 7D and Table 2). The comparison between cellularized PCL-GL + AG/PL and vehicle showed no significant difference in time to recovery (14 vs. 18 days, P = 0.015).
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FIGURE 7. Outcomes of the in vivo implantation study. (A,B) Schematic representation (A) and photograph captured with optical microscopy of hybrid scaffold implantation (B); (C) Time course of blood flow recovery expressed as the ratio of ischemic and contralateral limb; (N = 9–10 per group); (D) Bar graph showing the velocity of blood flow recovery; data expressed as mean ± SE; N = 9–10 per group. Groups: (1) Vehicle: induction of unilateral limb ischemia (LI) without treatment; (2) PCL: induction of LI and implantation of PCL-GL + AG/PL without cells; (3) PCL + CELLS: induction of LI and implantation of PLC-GL + AG/PL with cells; (4) PLGA: induction of LI and implantation of PLGA-GL + AG/PL without cells; (5) PLGA + CELLS: induction of LI and implantation of PLGA-GL + AG/PL with cells. *p < 0.05 vs. vehicle.



Table 2. Blood flow recovery.
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Histological analysis of limb muscles revealed there was no difference in capillary density between groups (Figures 8A,B). Although the total number of arterioles was not different between groups (Figure 8C), narrowing the analysis to the arterioles with a diameter above 50 μm, animals given cellularized PLGA-GL + AG/PL scaffold showed a significant increase in this parameter compared with the vehicle group (P < 0.05) or those given cellularized PCL-GL + AG/PL scaffolds (P < 0.01) (Figure 8D). The increased collateralization induced in the mice with PLGA-GL + AG/PL scaffold may account for the accelerated perfusion recovery observed in the same group (Figures 8E–I).
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FIGURE 8. Angiogenesis assessment. (A) Representative fluorescent microscopy image of staining used to detect capillaries in the ischemic leg. (B) Bar graph showing capillary density; (C,D) Bar graphs of arterioles counting in the perivascular area: (C) cumulative calculation of arterioles density; (D) calculation of arterioles with diameter >50 μm; (E–I) Representative images of perivascular area of the various groups: Vehicle group (E), PCL (F), PCL + CELLS (G), PLGA (H) and finally PLGA + CELLS group (I). White arrows indicate the scaffold. Yellow arrows indicate arterioles. *P < 0.05 vs. vehicle. ##P < 0.01 vs. PCL-AG/PL without cells; data expressed in mean ± SE; N = 6 per group. Groups: (1) Vehicle: induction of unilateral limb ischemia (LI) without treatment; (2) PCL: induction of LI and implantation of PCL-GL + AG/PL without cells; (3) PCL + CELLS: induction of LI and implantation of PLC-GL + AG/PL with cells; (4) PLGA: induction of LI and implantation of PLGA-GL + AG/PL without cells; (5) PLGA + CELLS: induction of LI and implantation of PLGA-GL+AG/PL with cells.





DISCUSSION

A variety of techniques for by-passing total femoral artery occlusions and re-entering the true lumen in the distal artery are available, but few have been tested in randomized trials. The potentiation of collateralization represents a promising approach to provide relief to the ischemic tissue. In the present study, we attempted to achieve this goal through a tissue engineering approach, encompassing several innovative processes. First, we have set up a robust manufacture protocol for the hierarchical production of a hybrid scaffold made of bioprinted PCL and PLGA and electro-spun GL. Second, we verified the optimal combination of synthetic materials and natural products (GL) within the hybrid scaffold. Third, we gathered novel information regarding the ability of the scaffold to direct seeded APCs toward an angiogenic phenotype. Fourth, we succeeded in strengthening the directionality of the bioengineered scaffold by covering the initial layer of APCs with an additional patterned layer of AG/PL gel encapsulating a co-culture of APCs and HUVECs. Fifth, comparing two material formulations, with or without cells, in a murine model of femoral artery occlusion, we documented the superiority of cellularized PLGA-GL + AG/PL scaffolds in stimulating large arterioles formation around the blocked artery and encouraging faster blood flow recovery.

In a previous study, we set up an integrated manufacture protocol using a computer-assisted writing system to generate 3D scaffolds with woodpile or channel patterns and electro-spinning to deposit GL nanofibers onto the synthetic backbone. The structure was then engineered with human APCs to confer characteristics of a living material capable of supporting revascularization after perivascular implantation (30). Here, the successful approach was refined and extended, employing two synthetic materials, PCL and PLGA, as a backbone substrate. To achieve this goal, a piston-driven bioprinting system was employed; with results demonstrating versatility of the technique in achieving high-resolution and consistent geometry features (line width and thickness) for both PCL and PLGA synthetic matrices. We focused on a channel design because this patterning is the most appropriate to encourage alignment of new arterioles in limb muscles (30) and myocardial tissues (37–39).

Owing to differences in physical properties and biocompatibility, the choice of synthetic material is crucial for the success of medical scaffolds (40). Mechanical tests confirmed the anisotropy of the channel structures made of PCL and PLGA, confirming the more rigid behavior of the latter in line with previous literature (41, 42). Moreover, PCL maintained its stability over time, confirming the typical slow degradation rate in wet conditions; while PLGA revealed a more rapid decrease in both Young's Modulus and strain at rupture, which denotes greater fragility of the material.

Like ECM, scaffold micro- and nano-scale morphology (43) and biochemical cues can impact cell behavior (44, 45). Previous studies have explored the fabrication of composite scaffolds combining different manufacturing systems with promising results. This included rapid prototyping microfabrication techniques, like 3D printing, fusion deposition modeling and solid free form deposition, in combination with electrospinning to generate composite scaffolds (46, 47). In another study, electrohydrodynamic direct-jet was used to deposit microfibrous bundles of collagen-I in order to improve cell adhesion (48). The message from these studies was that composite scaffolds are better than scaffolds made of a single material in supporting cell viability. For this reason, and following on from our previous study (30), we improved our scaffolds by applying a layer of GL nanofibers using the electrospinning technique, so as to enhance the adhesion features of the synthetic backbone.

APCs are considered progenitors of different mesenchymal cell lines. Antigenic and expressional characterization of APCs demonstrated that these cells maintained their pericyte-like phenotype when seeded on 3D structures, as demonstrated by the expression of several transcription factors associated with stemness. This, together with the observed downregulation of fibroblastic markers, suggests that the 3D environment does not promote APC differentiation. Functional assays demonstrated an overall excellent biocompatibility of the studied materials. PCL- and PLGA-based scaffolds showed a similar capacity to support the viability of seeded APCs. Nonetheless, a molecular readout of apoptosis, the BAX/BLC2 ratio, was almost 2-fold higher in APCs seeded on PCL compared with APCs on PLGA, suggesting that the latter has superior biocompatibility. On the other hand, the PCL-based scaffolds improved cell adherence, which is compatible with PCL having mechanical properties closer to natural soft tissues (40). Previous studies showed that cell proliferation is greater on PCL than PLGA, due to the difference in stiffness of the two materials (40, 49, 50). We could not detect any difference in APC proliferation, possibly because of the presence of nanofibrous GL, which acts like a biomimetic substrate for growing cells.

Our previous transplantation study showed the complexity of molecular pathways implicated in APC-induced activation of neovascularization in a model of femoral artery occlusion (51). Here, we show that the APC proangiogenic profile is remarkably modified by the culture in a 3D environment, resulting in the induction of angiogenic (VEGFA) and arteriogenic (FGF) signaling. This expressional change could be advantageous in conditions requiring the formation of collateral vessels. It should be noted that VEGFA mRNA levels and VEGFA secretion in conditioned media showed similar increases in both cellularized 3D PLGA and PCL scaffolds compared with 2D control counterparts (from 4 to 6-fold, respectively). Meanwhile, ANGPT1 expression in conditioned media was downregulated in the 3D transition of PCL but not of PLGA. ANGPT1 is an oligomeric secreted glycoprotein that plays a key role in the organization and maturation of newly formed vessels, promoting the quiescence and structural integrity of adult vasculature (52).

A key advancement of this study is the use of a piston-driven bioprinting system to extrude a cell-laden gel containing a mixture of APCs and ECs onto the scaffold. Bioprinted AG/PL gel had less line width resolution when compared with the bioprinted synthetic polymer (PCL and PLGA). Nevertheless, the method was highly reproducible in depositing a series of parallel lines. The AG/PL gel lines would ideally synergize with the geometry of the PCL- and PLGA-GL channels in directing arterial collaterals in a parallel direction to the occluded femoral artery.

In the present study, we used two vascular cell populations to encourage collateralization, incorporating APCs in the initial layers and APCs and ECs into the patterned AG/PL gel. The advantage of combinatory administration is highlighted by previous successful studies using human MSCs and cardiac tissue-derived stem cells (CSCs) in a pig model of MI; with the combination showing superior results compared with a single cell population (53). Similarly, we have previously demonstrated that in vivo co-delivery of human CSCs and APCs reduced the infarct size and promoted vascular proliferation in a murine myocardial infarction model (10). One limitation of this study is the use of HUVECs instead of arterial ECs. However, this was proof of principle study, and specific EC populations could be used according to the implantation site.

After arterial occlusion, tissue recovery occurs through the opening of pre-existing collaterals and formation of new perivascular arterioles. Moreover, hypoxia induces the formation of new muscular capillaries. Results of hemodynamic and histologic analyses indicate the superiority of PLGA scaffolds in accelerating reperfusion and promoting the perivascular formation of arterioles with a diameter above 50 μm. Characteristics of the bio-engineered material and host response to the implant were identified as major players in regenerative processes activated by hybrid scaffolds.

The balance between mechanical stability and biodegradability play key roles in the design of successful therapies. Despite the PCL scaffolds having a better match of mechanical properties with the target tissue, the rate of degradation of the scaffold should be comparable to the growth of natural tissue (54). Here PLGA was demonstrated to have a much faster degradability, with a decay rate within our window of observation of 21 days. PLGA, also reportedly causes inflammation and robust angiogenesis (27), in contrast to the absence of inflammation and poor vascularization observed after the implantation of polyurethane and collagen-chitosan-hydroxyapatite (55). In addition, both PCL- and PLGA-based scaffold showed upregulation of pro-angiogenic factors, but the secretion of ANGPT1 was downregulated only in PCL scaffolds, possibly reflecting the lack of functional collateralization.



CONCLUSION

Results of the present study represent an important step toward the clinical use of perivascular biomaterials for the revascularization around occluded limb arteries. Patients with diabetic vascular disease extending to regions below the knee could take advantage of this technique. We used xenogeneic human cells in immunocompetent mice to confirm the therapeutic efficacy of APCs in the absence of immunosuppression. This provides a scope for the use of allogeneic APCs in clinical trials. Furthermore, we have already upgraded the APC production using clinical-grade reagents, an important step forward clinical translation. However, additional improvements are necessary for scaling-up cell production and for integrating scaffold manufacture and bioengineering into a single process.
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Background: The population with myocardial infarction (MI) undergoing primary percutaneous coronary intervention (PPCI) is growing, but validated models to guide their clinical management are lacking. This study aimed to develop and validate prognostic models to predict major adverse cardiovascular events (MACEs) in patients with MI undergoing PPCI.

Methods and Results: Models were developed in 4,151 patients with MI who underwent PPCI in Fuwai Hospital between January 2010 and June 2017, with a median follow-up of 698 days during which 544 MACEs occurred. The predictors included in the models were age, a history of diabetes mellitus, atrial fibrillation, chronic kidney disease, coronary artery bypass grafting, the Killip classification, ejection fraction at admission, the high-sensitivity C-reactive protein (hs-CRP) level, the estimated glomerular filtration rate, the d-dimer level, multivessel lesions, and the culprit vessel. The models had good calibration and discrimination in the derivation and internal validation with C-indexes of 0.74 and 0.60, respectively, for predicting MACEs. The new prediction model and Thrombolysis in Myocardial Infarction (TIMI) risk score model were compared using the receiver operating characteristic curve. The areas under the curve of the new prediction model and TIMI risk score model were 0.806 and 0.782, respectively (difference between areas = 0.024 < 0.05; z statistic, 1.718).

Conclusion: The new prediction model could be used in clinical practice to support risk stratification as recommended in clinical guidelines.

Keywords: myocardial infarction, primary percutaneous coronary intervention, MACE, derivation, validation


WHAT IS ALREADY KNOWN ABOUT THIS TOPIC?

Improving the quality and management of acute coronary syndrome contributed substantially to patients with cardiovascular disease. Although many clinical guidelines have been established, only a few tools are available to assess the incidence of major adverse cardiovascular events (MACEs) among patients with myocardial infarction (MI) undergoing primary percutaneous coronary intervention (PPCI) and to guide patients' clinician communication and long-term risk management.



WHAT DOES THIS ARTICLE ADD?

1. Calculated risk scores were used to develop a model that can further evaluate 1-, 2-, 3-, and 5-years risks of MACEs among patients with MI who underwent PPCI.

2. This risk score incorporates routine clinical data, biochemical tests, and coronary angiography findings, which are routinely evaluated in the clinical assessment of patients with MI who underwent PPCI. The risk score model can help doctors identify patients most at risk of MACEs.



INTRODUCTION

Cardiovascular disease (CVD) has become the leading cause of mortality worldwide (1) and a major global economic burden (2). Early primary percutaneous coronary intervention (PPCI) has increased the survival rate and decreased the mortality rate, all-cause death rate, and incidence of recurrent myocardial infarction (MI) in patients with acute coronary syndrome (ACS) (3). Thus, the identification of pretreatment risk factors is beneficial to reduce the incidence of CVD in high-risk patients using multivariable prediction equations rather than single risk factors (4, 5). Clinical guidelines have provided direction for disease management; however, only a few tools can be used to assess the incidence of major adverse cardiovascular events (MACEs) among patients with MI undergoing PPCI and to guide patients' clinician communication and long-term risk management (6).

To achieve precision medicine, healthcare decisions, practices, and interventions should be individualized on the basis of each patient's predicted risk of disease. In this study, we sought to develop a risk score model to evaluate 1 -, 2 -, 3-, and 5-years risk for patients with MI who underwent PPCI. This article was prepared in accordance with the TRIPOD reporting checklist (Appendix File)1.



MATERIALS AND METHODS


Study Design and Participants

A total of 4,151 consecutive patients with MI who underwent PPCI at Fuwai Hospital in Beijing, China, between January 2010 and June 2017 were enrolled. All patients were diagnosed with MI according to established guidelines (7, 8). The derivation cohort for this study comprised patients who had experienced MI at some time.

The enrolled patients provided informed consent, and the study was approved by the Ethics Committee of Fuwai Hospital. The study flowchart is shown in Appendix Figure 1.



Definitions

Thrombolysis in Myocardial Infarction (TIMI) flow grade three levels less after PPCI was defined as a no-reflow phenomenon. For adverse events that occurred at follow-up, the following events were evaluated: all-cause mortality, cardiac mortality, MI recurrence, and stroke (ischemic stroke). The objective end-point index was evaluated using a single-blind method.



Follow-Up Process

The patients were followed up at least 1 year after discharge. The health status of the enrolled patients was confirmed through telephone calls and review of health records, and this method was approved by the Review Board of Fuwai Hospital. The physicians in charge of the follow-up identified and extracted primary endpoints from hospital records, laboratory reports, and clinical notes in the event of death.



Statistical Analyses

The normal distribution of the outcome variables was confirmed by the Kolmogorov–Smirnov test. For the randomization procedure, all enrolled patients were numbered 1 to 4,103. Then, cells were filled in with “=RAND ()” to create a list of randomized numbers and then sorted. The first 3,078 patients were derived queues, and the second 1,025 patients were validated queues. Baseline parameters during follow-up are presented as median [standard error (SE)] for continuous variables and as frequency and percentage for categorical variables in the table presenting the characteristics of the derivation cohort and validation cohort (Table 1). The variables included in the new prediction models were all pre-specified. Univariable Cox regression analysis (Appendix Table 2) was used to initially screen candidate factors with P < 0.2 for predicting MACE. The following variables were included to calculate major adverse CVD risk: sex, age, a history of hypertension, atrial fibrillation, a history of coronary artery bypass grafting (CABG), a history of PCI, diabetes status, blood pressure, the creatinine (Cr) level, the estimated glomerular filtration rate (eGFR), high-density lipoprotein cholesterol (HDL-C), low-density lipoprotein cholesterol (LDL-C), triglyceride (TG), lipase activator (LPA), and coronary angiography findings.


Table 1. The characteristics of derivation cohort and validation cohort.
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The least absolute shrinkage and selection operator (LASSO) method was used to screen the independent variables to realize the reduction and simplification of the model and to prevent overfitting. Multivariable Cox regression was used to develop a novel prediction risk score for MACEs using all pre-specified variables (Appendix Table 1). In this study, time covered the period from the index assessment to the occurrence of the following events: death from other causes, CVD, MI recurrence, cerebrovascular disease, or end of follow-up. Missing data were handled by single imputation.



LASSO Regression

At the beginning of the model establishment, all identified independent variables were selected to minimize model deviation caused by non-inclusion of important independent variables. Furthermore, the established model needs to find the set of independent variables with the strongest explanatory power for the dependent variables to improve the prediction accuracy. As a result, we included the LPA, HDL-C, and TG, which failed to have statistical significance by Cox regression in the LASSO regression. Therefore, index selection is significant in the modeling process. The 1996 LASSO algorithm is a compressed estimate method that simplifies the index set. A more refined model is obtained by constructing a function that compresses some coefficients and sets some coefficients to 0, 0.5, or minimization. LASSO regression is a biased estimation of data with complex collinearity and retains the advantage of contraction. LASSO programming is provided by the Lars algorithm software package of R language. Therefore, dimensionality reduction and variable selection can be achieved accurately by LASSO regression.



Nomogram Prediction Model

The corresponding nomogram prediction model was drawn according to the regression coefficient of the selected independent variables. For the variables selected in the nomogram prediction model, values of the variables can correspond to the scores on the integral line at the top of the nomogram (the score ranged from 0 to 550 points) through the projection of the vertical line, and the total score can be obtained by adding the scores corresponding to the values of each variable. The cumulative occurrence probability of MACEs at 1, 2, 3, and 5 years can be obtained from the total score on the prediction line at the bottom of the nomogram. To reduce overfitting, the self-sampling method was used to verify the nomogram prediction model. Model discrimination was quantified using Harrell's c-statistic and calibration chart. Hypertension, hyperlipidemia, a history of PCI, smoking status, sex, blood pressure, body mass index, LDL-C, HDL-C, TG, left main (LM) artery lesion, and no-flow phenomenon were controlled to draw the receiver operating characteristic (ROC) curve. The LASSO method adopts the glmnet package of R language for variable selection and the RMS package of the R language for drawing and internal verification of the nomogram (c-index and calibration chart). Cox regression analysis was performed using the survival package. Stdca.r was used to draw the clinical decision curve. The main statistical analysis software used in this study was the R language version I 386 3.6.2. Other analyses were performed using SPSS Statistics version 20.0 (SPSS, Inc., Chicago, IL). All P-values were two-tailed, and statistical significance was determined at P < 0.05.



Performance and Internal Validation of the New Risk Prediction Models

The 1-, 2-, 3-, and 5-years baseline survival probabilities of each model were obtained using R language version I 386 3.6.2 commands that were utilized to fit the models. Calibration performance was assessed graphically at 1-, 2-, 3-, and 5-years MACE risks by plotting the predicted 1-, 2-, 3-, and 5-years risks against the observed 1-, 2-, 3-, and 5-years risks. The flawlessly calibrated curve was represented by a diagonal line with a slope of 1. The observed 1-, 2-, 3-, and 5-years risks were obtained using the Kaplan–Meier method, and the slopes of regression lines comparing the predicted with the observed 1-, 2,- 3-, and 5-years risks were calculated. Standard statistical metrics of model and discrimination performance (R2, Harrell's c-statistic) were calculated. The calibration and discrimination performance of the equations developed in the derivation subcohort were assessed in the validation subcohort and compared with the performance of models developed in the entire cohort; baseline survival functions and hazard ratios (HRs) were also compared.

Indicators of internal verification included the c-index and calibration degree, which, respectively, represent the prediction accuracy and prediction consistency of the nomogram prediction model. The degree of calibration was represented by a calibration graph. ROC plotting was used for the survival ROC package. Owing to time constraints, experimental data from other research centers were not collected. Therefore, external validation was not performed, and this point is explained in the limitation section. The model was validated in a separate MI population, which was enrolled from July 2017 to December 2018. A total of 939 consecutive patients with MI who underwent PPCI at Fuwai Hospital in Beijing, China, were enrolled. However, the separate validation cohort underwent 1–2 years of follow-up; hence, the 1- and 2-years prediction models were validated. The performance and discrimination of a separate validation cohort were quantified using a calibration chart. The calibration graph indicated that the prediction model had good calibration and was shown in the Supplement.



Comparison With Other Models

The accuracy of the new model and TIMI risk score model predicting MACEs among patients with MI who underwent PPCI was compared according to the area under the ROC (AUC) curve using a non-parametric test developed by DeLong et al. MedCalc for Windows version 18.2.1 (MedCalc Software, Mariakerke, Belgium) was used for comparison.




RESULTS


Demographics of the Derivation Cohort and Validation Cohort

The study population included 4,151 men and women aged 24–97 years during risk assessment from January 1, 2010, to June 30, 2017 (Appendix Figure 1). Forty-eight people without follow-up data were excluded. Following randomized allocation, 3,078 people constituted the derivation cohort, and 1,025 (77% men) patients comprised the validation cohort. The median duration of follow-up was 698 days in the two cohorts. In the derivation cohort, the cumulative rate of the primary composite endpoint (MI, stroke, or all-cause death) was 11 during the follow-up period. Of these patients, 2.9% experienced recurrent MI, 1.7% experienced a stroke, and 6.5% died of any causes as their first event. In the validation cohort, there were 125 MACEs, of which 68 were all-cause deaths, 42 were MI recurrence, and 20 were cerebrovascular events. Participant characteristics are outlined in Table 1. Outcome events were obtained exclusively from follow-up databases between August 3, 2010, and March 11, 2019. The average age of the derivation cohort was 59.42 ± 0.217 years (mean ± SE), whereas the average age of the validation cohort was 58.82 ± 0.359 years (mean ± SE). No statistical differences were found between the two groups in terms of sex, heart rate, body mass index, blood pressure, disease history, laboratory examination, and discharge medication regimen. Therefore, they can be considered as two undifferentiated populations and can be used for model establishment and validation.



Primary Screening by Univariate Cox Regression Analysis

The following variables are shown in Appendix Table 2: age (P = 0.053), hypertension (P = 0.013), diabetes mellitus (P < 0.0001), a history of atrial fibrillation (P < 0.0001), chronic kidney disease (CKD, P < 0.0001), a history of CABG (P < 0.0001), the Killip classification (P < 0.0001), ejection fraction (EF) grade (P < 0.0001), high-sensitivity C-reactive protein (hs-CRP) (P < 0.0001), eGFR (P < 0.0001), the D-dimer level (P < 0.0001), the Cr level (P < 0.0001), the use of intra-aortic balloon pump (P < 0.0001), a LM coronary artery lesion (P < 0.0001), the no-reflow phenomenon (P = 0.006), complete revascularization during hospitalization (P < 0.0001), triple-vessel lesions (P < 0.0001), culprit lesions including those in the left circumflex artery (LCX, P < 0.0001) and LM artery (P < 0.0001), the elevated LPA level (P = 0.343), the HDL-C level (P = 0.50), the TG level (P = 0.173), etc.



Screening of the Independent Variables by the LASSO Method

Twenty-eight variables were filtered by the LASSO regression method, as shown in Appendix Figure 2. Thus, it is necessary to classify the variables by factorization and then use the as.matrix() function to convert the data from a non-matrix format to a matrix format before the R language “glmet” package can call the data. The filtering and cross-validation processes of the independent variables are shown in Appendix Figures 2A,B, respectively. Lambda.1se is the lambda value of the simplest model in the SE range, which identifies the model with excellent performance and the least number of independent variables. At this time, a total of 12 independent variables (age, a history of diabetes, a history of atrial fibrillation, a history of CABG, a history of CKD, the Killip classification, EF grade, an increase in hs-CRP level, a decrease in eGFR, an increase in D-dimer level, the culprit lesion, and mutivessel lesions) were included in the model.



Establishment of a Multivariate Cox Regression Model and Risk Score Model

The multivariable Cox regression model established by the variables screened by LASSO method is shown in Appendix Table 1. Patients were categorized into four age groups: age ≤ 40 years, 40 < age ≤ 50 years, 50 < age ≤ 60 years, and age > 60 years. The group of patients aged 40–50 years [HR, 1.539; 95% confidence interval (CI), 0.626–3.783] was associated with a higher HR than other age groups for the incidence of MACE. In the multivariate Cox regression analysis, a history of diabetes mellitus (HR, 1.347; 95% CI, 1.054–1.723; P = 0.0175), atrial fibrillation (HR, 1.511; 95% CI, 1.040–2.195; P = 0.0305), CABG (HR, 1.937; 95% CI, 1.363–2.752; P = 0.0002), EF grade at admission ≤45 (HR, 1.530; 95% CI, 1.089, 2.150; P = 0.0143), and multivessel lesions (HR, 1.713; 95% CI, 1.214, 2.419; P = 0.0022) were relevant factors for MACEs during follow-up. The forest plot is shown in Figure 1.
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FIGURE 1. Forest plot. The HRs and 95% CIs for predictors in the multivariable Cox model for major adverse cardiovascular events. DM, diabetes mellitus; CKD, chronic kidney disease; CABG, coronary artery bypass grafting; EF, ejection fraction; hs-CRP, high-sensitivity C-reactive protein; eGFR, estimated glomerular filtration rate.




Nomogram Depiction and Evaluation of the Risk Prediction Model

The model and discrimination metrics indicated that the risk equations performed better in predicting MACE. Additional variables available in the prediction model, when added to the LASSO regression models, are shown in Appendix Table 1. Age, diabetes mellitus, a family history of CKD, atrial fibrillation, CABG, the Killip score, EF grade at admission, hs-CRP, eGFR, D-dimer, the number of culprit lesions, and multivessel lesions were all statistically significant predictors of MACE risk (Appendix Table 1).



Interpretation of the Newly Established Risk Score

Scoring was performed during hospitalization to predict long-term events by physicians. For the variables selected in the nomogram prediction model, the values of variables can correspond to the scores on the integral line at the top of the nomogram (the score ranged from 0 to 550 points) through the projection of the vertical line, and the total score can be obtained by adding the scores corresponding to the values of each variable. The cumulative occurrence probability of MACEs at 1, 2, 3, and 5 years can be obtained from the total score on the prediction line at the bottom of the nomogram. The scores, ranging from 0 to 550 points, were assigned as follows: age < 40 years, 28.01; age 40–50 years, 18.68; age 50–60 years, 9.34; age ≥60 years, 0; diabetes mellitus, 30.1; without diabetes mellitus, 0; atrial fibrillation, 43.5; without atrial fibrillation, 0; history of CABG, 88.9; without history of CABG, 0; history of CKD, 59.7; without history of CKD, 0; Killip I, 0; Killip II, 33.3; Killip III, 66.7; Killip IV, 100; EF at admission ≤45%, 31.1; EF at admission between 45% and 55%, 15.6; EF at admission >55%, 0; hs-CRP concentration that varies from 3.5 to 10 mg/L and over 10 mg/L, 16.1 and 32.3, respectively; hs-CRP concentration ≤3.5 mg/L, 0; eGFR of 60–90 mL/min and <60 mL/min, 23.3 and 46.5, respectively; eGFR >90 mL/min, 0; D-dimer concentration ≥ 0.5 μg/mL, 26.2; D-dimer concentration <0.5 μg/mL, 0; mutivessel lesions, 53.9; without multivessel lesions, 0; vein graft culprit lesion, 18.7; LM culprit lesion, 14.02; LAD culprit lesion, 9.35; right coronary artery culprit lesion, 4.67; and LCX culprit lesion, 0. The distribution of the risk score is shown in Figure 2. With the increase in the total score of the nomogram prediction model, the corresponding 1-, 2-, 3-, and 5-years risk of MACEs increased (Figure 2). Despite the evaluation of the reliability and validity of the C-index, it provides a reliable tool for evaluating the model. The C-index was 0.74 in the derivation cohort and 0.60 in the validation cohort. Appendix Figure 3 shows the ROC curves for the discriminatory value of the 3- and 5-years evaluation performance of the risk prediction model. Appendix Figure 3 shows the survival ROC curves for evaluating the performance of the new risk prediction model at 1 year (A, AUC = 0.715, cutoff point = 15.29396), 2 years (B, AUC = 0.692, cutoff point = 15.08561), 3 years (C, AUC = 0.674, cutoff point = 15.04044), and 5 years (D, AUC = 0.638, cutoff point = 14.87151) in the derivation cohort.
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FIGURE 2. The risk score nomogram for bedside application. Histogram refers to the score distribution in the derivation cohort. For the variables selected in the nomogram model, the values of different variables can correspond to different scores on the integral line at the top of the nomogram (the score range is 0–550 points) through the projection of the vertical line, and the total score can be obtained by adding up the scores corresponding to the values of each variable. The cumulative occurrence probability of MACEs in 3 and 5 years can be obtained from the total score on the prediction line at the bottom of the nomogram.


Model discrimination was quantified using Harrell's c-statistic and calibration chart. The predicted vs. observed 1-, 2-, 3-, and 5-years risk plots for MACEs using the risk prediction model showed excellent calibration performance (Figures 3A–H). Figure 3 shows the MACE risk scores at 1, 2, 3, and 5 years in the derivation cohort (Figures 3A–D) and validation cohort (Figures 3E–H). Calibration is indicated by the estimated risk against survival from the Kaplan–Meier analysis. The gray line indicates perfect calibration. Figures 4A–H show the decision curve analysis of 1, 2, 3, and 5 years in the derivation and validation cohorts. Assuming that we choose to predict the 12% risk of MACEs and treatment, modeling queue Decision Curve Analysis (DCA) curves showed that if the new prediction model is used in every 10,000 people at the first year of follow-up, 50 people can benefit from this model without influencing any other person's interests, with 100 in 10,000 people at the second year, 200 in 10,000 people at the third year, and 500 in every 10,000 people at the fifth year. The internal validation queue DCA curves show that if the new prediction model is used in 10,000 people during the first year of follow-up, 100 people can benefit from the model without influencing any other person's interests, with 180 in 10,000 people at the second year, 250 in 10,000 people at the third year, and 500 from every 10,000 at the fifth year. Figure 5 compares the predictive efficiency between the new prediction model and the TIMI risk score model. The AUC of the new prediction model was 0.806, and the AUC of the TIMI risk score model was 0.782 (difference between areas = 0.024; z statistic, 1.718). Appendix Figure 4 shows the calibration graph of the cohorts and the excellent calibration performance.
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FIGURE 3. Risk score calibration in the derivation cohort and internal validation cohort. The major adverse cardiovascular events risk score of 1 (A), 2 (B), 3 (C), and 5 years (D) in the derivation cohort and 1 (E), 2 (F), 3 (G), and 5 years (H) in the validation cohort. Calibration is shown as the estimated risk against survival from Kaplan–Meier analysis. Gray line = perfect calibration.



[image: Figure 4]
FIGURE 4. Decision curve analysis of 1, 2, 3, and 5 years in the derivation and 1, 2, 3, and 5 years in the validation cohort. The black line, assume no patients without disease (represented by None, i.e., the horizontal line). Gray line, all the MACE patients (represented by All, i.e., the oblique line). Dotted line represents the new established model. (A) One-year decision curve analysis in the derivation cohort; (B) 2-years decision curve analysis in the derivation cohort; (C) 3-years decision curve analysis in the derivation cohort; (D) 5-years decision curve analysis in the derivation cohort; (E) 1-year decision curve analysis in the validation cohort; (F) 2-years decision curve analysis in the validation cohort; (G) 3-years decision curve analysis in the validation cohort; (H) 5-years decision curve analysis in the validation cohort.
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FIGURE 5. Pairwise comparison of ROC curves between new model and TIMI risk score model. The AUC of new model is 0.806, and the AUC of TIMI score is 0.782. Difference between areas = 0.0240 < 0.05; z statistic, 1.718.





DISCUSSION

Patient management and assessment should be individualized and precise to ensure the sustainable development of the contemporary healthcare system. For patients with ACS, care should be appropriate for the disease type and stage; however, only a few tools can be used to assist medium- to long-term management of patients with MI undergoing PPCI (9). Patients with MI do not have the same risk of recurrence, and the risk level is still relevant even after the 6-months period as predicted by the most accurate score (10, 11).

We have developed a risk score model to evaluate the 3- and 5-years risk probability for patients with MI who underwent PPCI, and this model can be used by specialists and primary healthcare professionals to enhance risk management and assessment. This risk score model incorporates routine clinical data on serum inflammatory factors and coronary angiography findings by integrating time since event, and it allows re-evaluation of the risk of MACEs 3 years or more following PPCI. The established risk score may be used to inform decisions about novel therapies and be tested in the context of changes in quantifiable risk.

The enrolled patients with acute MI who underwent PPCI are the most appropriate population to develop or validate a risk prediction model for MACE. However, similar cohorts are rare. While there was a statistically significant difference between the derivation and validation cohorts in terms of recurrent MI (P = 0.043), the model was established by derivation only, and the models had good calibration and discrimination in derivation and internal validation by the C-index and calibration graph for predicting MACE. Therefore, the proposed model does not increase the risk of recurrent MI.


How This Risk Scoring System Can and Should Influence Patient Treatment

Clinical risk factors and biochemical measurements of serum and coronary angiography findings, which are easily obtained and routinely collected at admission, are incorporated into our nomogram prediction model, which takes advantage of a novel screening method and presents as a robust predictive model of MACE. The nomogram incorporating coronary angiography results can be used to inform patients about their future risk up to 3 and 5 years and be a useful tool for clinical practice. Furthermore, the results may be used as reference for preventive therapy, such as improving renal function, enhancing heart function, and lowering inflammation in patients with a high risk of MACE.

We performed a comparative study between the new prediction model and TIMI risk score model to evaluate the effect of preventive therapeutic strategies. The results show that the new prediction model has better effects and is more suited for patients with MI undergoing PPCI. MACEs could be considered an appropriate endpoint free from misclassification bias. Furthermore, we identified age, especially age <40 years, as a risk factor for MACEs following PPCI. In this study, patients were categorized into four age groups (age ≤40 years, 40 < age ≤50 years, 50 < age ≤60 years, age >60 years), which were assigned 28.01, 18.68, 9.34, and 0 points in the nomogram. These results were consistent with those of Dawson et al. (12); that is, the incidence rate ratio of patients aged 35–39 years (i.e., 28.1) was higher than those aged >85 years (i.e., 0.65).



Contribution of the Prediction Model

Robust evidence highlights the tremendous contribution of inflammation to the development of plaque, vulnerability, and progression of ACS. Higher plasma concentrations of inflammatory mediators such as CRP and D-dimer were significantly correlated with a greater risk for MACE. The early inflammatory response is generated by proinflammatory cytokines, with important biological functions in the cascading inflammatory reaction and critical role in the occurrence and development of acute ischemic injury. T lymphocytes, mast cells, and macrophages play critical roles in the pathogenesis of MI treated with PPCI. Furthermore, serum biomarkers reflecting systemic inflammatory levels may help establish proper clinical management and therapeutic schedules. In this study, the serum concentration of hs-CRP that varied from 3.5 to 10, and >10 was assigned 15.9 and 31.7 points, respectively. The scores of the high D-dimer concentration (≥0.5) and triple-vessel lesions were 27.2 and 34.2, respectively. Inflammation markers including hs-CRP and D-dimer contributed substantially to the prediction score model after screening by LASSO regression. Moreover, the role of inflammation level has been proved in plaque ruptures. Therefore, anti-inflammatory approaches could benefit patients by significantly reducing levels of serum inflammation biomarkers. Acute MI can be viewed on a life-course continuum, progressing from the presence of risk factors to occurrence of subclinical atherosclerosis and MI induced by plaque rupture. Numerous risk scores contribute to the management and primary prevention of MI (13–15). However, few equivalent scores are available for use in patients with acute MI undergoing PPCI. For these patients, cardiac imaging, coronary angiography, and advanced biomarkers are routinely available at the time of admission, so it is convenient to include them in a scoring system for this setting for long-term management.



Benefits of the Prediction Scoring Model

In the past few decades, the incidence of CVD worldwide has decreased significantly as a consequence of preventive treatments (16, 17). Most published equations and models of CVD, including the American Heart Association PCEs/2013 American College of Cardiology, are likely out of date (18). The predictive performance of the new model to identify 3- and 5-years MACE risk was calibrated. We found that adding routinely available measures of coronary angiography, renal function indices, and other easily measured predictors identified groups of patients whose risk would otherwise be appreciably underestimated or overestimated. We developed equations predicting 5-years risk rather than the more common 10-years risk because most trials of CVD risk reduction have ~5 years of follow-up. Potential predictors and MACE definitions were prespecified to reduce overfitting. To assess the degree of overoptimism of re-substitution validation, sensitivity analyses were performed by dividing the cohort into derivation and validation subcohorts. We replicated the equation development and model performance procedures (Appendix) in the validation subcohorts to evaluate the performance. Equation coefficients, baseline survival functions, and performance metrics were similar irrespective of whether the whole cohort or derivation cohort was used to develop the risk score model.

Both the time of risk assessment post-event and CVD type are main factors used to evaluate the performance of the risk score for secondary prevention. The CALIBER group (19) enrolled 102,023 stable coronary artery disease patients with a mean follow-up of 4.4 years and developed a risk score for this population. They used the new model to identify high-risk patients (defined by guidelines as 3% annual mortality) and support management decisions. A recent study randomized patients post-ACS to receive clopidogrel (control) or ticagrelor on the basis of their ischemic and bleeding risks predicted by the GRACE and CRUSADE scores, suggesting that the use of an appropriate risk scoring system to guide antiplatelet therapy after ACS is safe and can improve clinical outcomes (20). Many standard clinical recommendations have been applied to all patients post-ACS by evaluating the risk factor modification and medications. Such programs have been successfully established in the context of the primary prevention and understanding of the life course of CVD. In a recent systematic review (21), 10,363 models were identified, and most CVD risk prediction models were developed in Europe and North America. The study recommended the use of uniform definitions, preferably International Classification of Diseases–coded events and outcome definitions. While the variables measured by coronary angiography are independently associated with MACE, most published equations include only a limited number of predictors (typically age, sex, smoking, diabetes, blood pressure, and blood lipids). One of the most comprehensive equations was from the UK QRISK3 (13), which included 22 variables, but it was difficult to assess and use outside the United Kingdom. Separate equations have been developed in the United States for black and white people, but Asians are not represented (15).

Subsequent management and risk prediction titrated against risk are all required to improve clinical outcomes for patients with MI undergoing PCI. The risk scores presented herein can be implemented alongside further medical investigations to support therapeutic decision-making and guide clinicians and patients toward individualized healthcare. A lower risk score in the post-PPCI setting would not be the reason to withdraw medications. Rather, it is a tool to enhance clinician–patient interactions to reinforce risk factor modification. The advantages of the risk tools are likely dependent on the local healthcare environment and healthcare settings. Thus, it is a logical evolution to use this experience in patients with MI undergoing PPCI.



Post-procedural Inflammation Level and Renal Function Are Associated With Increased Risk of MACE

Incorporating acute phase inflammation factors into the prediction model of long-term events based on previous literature is reasonable. Robust evidence (22–24) has shown that levels of inflammation markers, including hs-CRP and D-dimer, are constantly associated with worse mortality among patients with ACS who underwent PCI. Our previous study (25) revealed that during a median follow-up of 727 days, both low and high post-procedural hs-CRP levels were associated with a higher risk of death in patients with ACS who underwent PCI. Hs-CRP is the key marker of the interleukin (IL)-1β/IL-6/CRP pathway to synthesize and recruit leukocyte after myocardial damage (26). Hs-CRP and D-dimer could indirectly regulate the infiltration of neutrophils and macrophages into the infarcted myocardium and could lead to the delayed cleaning of apoptotic or necrotic cardiomyocytes, increasing myocardial fibrosis, and reducing EF, resulting in worse clinical outcomes during long-term follow-up. In this study, high levels of inflammation markers (D-dimer >0.5 mg/L and hs-CRP >10 mg/L) were risk factors of MACEs during a median follow-up of 698 days, which is consistent with previous studies.

CKD is correlated with a high risk of mortality from CVD (27), and patients with CVD-induced CKD are more likely to have a worse outcome during follow-up (28). Patients with severe CKD are at a high risk of diffuse obstructive coronary atherosclerosis (29). The absence of reliable risk estimates in patients with CKD limits the ability of clinicians to make evidence-based decisions. A previous study (30) reported that eGFR levels in the range of 45 to 60 mL/min/1.73 m2 and <45 mL/min/1.73 m2 predicted MACEs (adjusted HRs, 1.25 and 2.26, respectively). In the present study, we included CKD history and eGFR levels on admission into the prediction model. eGFR tested post-PPCI reflects the renal function at that time and is non-repeatable, given the variations in CKD history.



No-Flow Phenomenon Is Associated With Increased Risk of MACE

A substantial proportion of patients still had myocardial tissue hypoperfusion after PPCI, which is termed as no-reflow phenomenon caused by microvascular obstruction (31–33). Previous studies have reported an association between the no-flow phenomenon and adverse clinical outcomes after ST-elevation MI (34–38). A metaregression study (39) reported that the no-flow phenomenon was independently correlated with increased 1-year all-cause mortality and 1-year heart failure hospitalization in the fully adjusted model. Although no-reflow phenomenon occurs in the acute phase of ACS, it is relatively significant in predicting events after more than 1 year of follow-up.




STRENGTHS AND LIMITATIONS

This study developed a risk score model to evaluate 3- and 5-years risks of patients with MI who underwent PPCI. The researchers followed strict inclusion and exclusion criteria, which enabled a reasonably streamlined and comparable hospital flow for all patients. The model incorporated variables including routine clinical data, serum inflammatory factors, coronary angiography findings, and other relevant clinical parameters that are commonly included in clinical assessment. These variables are routinely documented in electronic health records; therefore, their collection is not linked with extra costs.

Nevertheless, this study has several potential limitations. First, it is a single-center study of an ethnic population that is not diverse. Second, the large size of the dataset used to develop the models reduces the likelihood of overfitting. Third, D-dimer, hs-CRP, and EF are not routinely obtained as the standard of care for MI patients. Inclusion of these variables may increase the chance of having missing information and inability to calculate the risk score. Finally, patients have been enrolled over a long time period, which could have confounding effects due to improvements in interventional techniques and progress in medication.



CONCLUSION

In summary, we present risk prediction models for estimating the risk for MACEs on the basis of clinical parameters that are commonly available in all patients with MI undergoing PPCI. These models can be implemented alongside further medical investigations to support therapeutic decision-making. However, as with any new risk prediction model, further independent evaluation is required in different settings, including different geographic locations and healthcare organizations, to guide application in clinical management and practice.
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Early identification of coronary artery disease (CAD) can prevent the progress of CAD and effectually lower the mortality rate, so we intended to construct and validate a machine learning model to predict the risk of CAD based on conventional risk factors and lab test data. There were 3,112 CAD patients and 3,182 controls enrolled from three centers in China. We compared the baseline and clinical characteristics between two groups. Then, Random Forest algorithm was used to construct a model to predict CAD and the model was assessed by receiver operating characteristic (ROC) curve. In the development cohort, the Random Forest model showed a good AUC 0.948 (95%CI: 0.941–0.954) to identify CAD patients from controls, with a sensitivity of 90%, a specificity of 85.4%, a positive predictive value of 0.863 and a negative predictive value of 0.894. Validation of the model also yielded a favorable discriminatory ability with the AUC, sensitivity, specificity, positive predictive value, and negative predictive value of 0.944 (95%CI: 0.934–0.955), 89.5%, 85.8%, 0.868, and 0.886 in the validation cohort 1, respectively, and 0.940 (95%CI: 0.922–0.960), 79.5%, 94.3%, 0.932, and 0.823 in the validation cohort 2, respectively. An easy-to-use tool that combined 15 indexes to assess the CAD risk was constructed and validated using Random Forest algorithm, which showed favorable predictive capability (http://45.32.120.149:3000/randomforest). Our model is extremely valuable for clinical practice, which will be helpful for the management and primary prevention of CAD patients.
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INTRODUCTION

Currently, coronary artery disease (CAD) continues to be the principal cause of worldwide incidence and mortality (1, 2). The main pathogenic mechanism of CAD is atherosclerosis, a complicated and constantly progressing process of chronic inflammation characterized by dysfunction of endothelial cells, cumulative deposition of lipoprotein particles, migration of monocyte and macrophage, proliferation of vascular smooth muscle cells (VSMCs), and ultimately contributes to a narrowing of the vessel that impedes blood supply to the heart (3, 4). The reference standard of CAD diagnosis is invasive coronary angiography, which allows for real-time evaluation of the location and the degree of coronary stenosis, and to decide the most suitable therapy (5). However, its use for population screening has been limited by the demand for specialized catheterization laboratory and the possible radiation exposure (6, 7). Consequently, sensitive, specific, and non-invasive indicators for CAD risk assessment are urgently desirable.

Development and progression of coronary atherosclerosis is modulated by multiple interplays between genetic and environmental factors (8). Consistent and convincing evidence has authenticated a casual correlation between lipoprotein-related lipid contents and cardiovascular disease prevalence (9–11). High level of circulating low-density lipoprotein cholesterol (LDL-C) and triglyceride (TG)-rich lipoproteins were related with high risk of CAD, whereas high level of high-density lipoprotein cholesterol (HDL-C) was correlated with low CAD risk. Furthermore, pedigree studies have demonstrated that triglyceride, LDL-C, and HDL-C concentrations are strongly determined by the individual genetic architecture. For instance, rare variants in the apolipoprotein B (APOB) and LDL receptor (LDLR) genes and common variants in the apolipoprotein E (APOE) gene could increase LDL-C contents and were also correlated with increased susceptibility to CAD (12). In addition to cholesterol, the epidemiological studies have also substantiated other canonical risk factors, such as age, male gender, smoking, alcohol drinking, hypertension, diabetes, and obesity. To devise and improve preventive tactics for CAD, it is indispensable to comprehend and properly calculate the etiological contribution of these risk factors. In this study, we sought to evaluate the predictive value of these traditional risk factors in CAD by machine learning algorithms.



MATERIALS AND METHODS


Study Design and Data Collection

This three-stage case-control study, involving 3,112 CAD patients and 3,182 controls, was retrospectively collected from three clinical centers: the development cohort with 2014 CAD cases and 2018 controls from Wuhan Asia Heart Hospital between March 2014 and October 2016, the validation cohort 1 with 837 CAD cases and 876 controls from Zhongnan Hospital of Wuhan University between January 2016 and December 2017 and the validation cohort 2 with 261 CAD cases and 258 controls from Shandong Provincial Hospital between January 2017 and February 2018. The diagnosis of CAD was determined by coronary angiography that stenosis ≥50% in at least one main coronary artery or their major branches. Patients with other cardiac diseases, autoimmune diseases, systemic diseases, and cancers were excluded. The control groups were non-CAD individuals based on physical examination and medical history evaluations. Traditional CAD risk factors such as age, gender, alcohol drinking, cigarette smoking and histories of hyperlipidemia, hypertension, and type 2 diabetes mellitus (T2DM) and clinical information, including blood pressure, body mass index (BMI), fasting plasma glucose (FPG), total cholesterol (TC), total triglyceride (TG), LDL-C, and HDL-C were retrospectively collected from the database of electronic medical records and laboratory test reports. The study was approved by the Ethics Committees of Wuhan Asia Heart Hospital, Zhongnan Hospital of Wuhan University, and Shandong Provincial Hospital and adhered to the tenets of the Declaration of Helsinki. Informed consent was obtained from all participants.



Machine Learning Algorithms

Logistic regression is a kind of probabilistic statistical classification model, which can be applied to predict the classification of nominal variable based on certain features. The classification is completed by utilizing the logit function to evaluate the outcome probability. As a supervised machine learning algorithm, support vector machines (SVM) can be fitted for both classification and regression. It first maps the data into a multidimensional feature space constructed by the kernel function, and then determines the optimal hyperplane that partitions the training set by the maximum boundary. Decision trees, one of the easiest kinds of decision model, use a tree structure built by recursive partitioning to simulate the correlations between the features and the potential outcomes. Once the model is created, the resulting structure is shown in a human-readable format. Random forests (RF) are modified bagged trees that randomly select the predictor features to split at each node and incorporate the voting results of many decision trees for classification. It retains the many strengths of the decision tree and exhibits high accurateness in disease diagnosis and risk prediction.



Statistical Analysis

Qualitative variables were expressed as frequencies with proportions, and the differences between cases and controls were examined by Chi-square test. Quantitative variables were shown as mean with standard deviation (SD) and were assessed for normality distribution by the Kolmogorov-Smirnov test. Independent t-test and Mann-Whitney U-test were performed to compare two groups of continuous variables with or without normal distribution, respectively. A two-sided P < 0.05 was considered to be statistically significant.

Least absolute shrinkage and selection operator (LASSO) regression analysis was applied to identify relatively important features. The logistic regression can be fitted to the data using the glm function with the family argument set to binomial and the summary function was used to check the coefficients and their p-values. We use the e1071 package to build linear SVM model since it contains the tune.svm function which can optimize the tuning parameters and kernel functions through cross-validation. To build the classification tree model, we use rpart function from party package and inspect the error per split in order to determine the optimal number of splits in the tree, then prune function was used to prune the tree. Randomforest function from randomForest package was used to build random forest model. The specific and optimal tree was determined by the minimum mean of squared residuals and the number of trees constructed in this model was 178, and three variables were randomly selected to split at each node. The prediction model was established by the four aforementioned machine learning algorithms and the predictive capability was evaluated by the area under the receiver operating characteristic curve (ROC) and the precision-recall curve, using precrec package. For final model, ROCR package was conducted to assess the classification accuracy in the development and validation cohorts. The methods and the interpretation of the results are guaranteed by a machine learning algorithm expert. All data analysis was performed in R software (version 3.6.0).




RESULTS


Baseline and Clinical Characteristics of Study Population

In the development cohort, CAD patients had significantly higher age, higher body mass index (BMI), higher proportions of smoking, alcohol drinking, histories of hyperlipidemia, hypertension, and T2DM, higher concentrations of TC, TG, LDL-C, and FPG, and lower level of HDL-C, systolic blood pressure (SBP), and diastolic blood pressure (DBP) comparing with controls (Table 1). In two validation cohorts, the baseline and clinical characteristics of study population were basically similar to that of the development cohort (Table 1).


Table 1. Baseline and clinical characteristics of the study cohort.
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Machine Learning Model Evaluation

By LASSO regression filtration, all these variables remain significant (Figure 1). Therefore, we utilized four machine learning algorithms (logistic regression, RF, decision tree classification, and SVM) to construct the full model with all these variables, and the ROC curve (Figure 2) and the precision-recall curve (Figure 3) were implemented to assess their performance. Ultimately, random forests model was chosen for further analysis owing to its highest predictive accuracy.


[image: Figure 1]
FIGURE 1. Features selection by least absolute shrinkage and selection operator (LASSO). (A) LASSO coefficients profiles (y-axis) of the 15 features. The upper x-axis is the average numbers of predictors and the lower x-axis is the log(λ). (B) Five-fold cross-validation for tuning parameter selection in the LASSO model. The area under the receiver operating characteristic (AUC) with error bar is plotted against log(λ), where λ is the tuning parameter. The dotted vertical lines are drawn at the optimal values by minimum criteria and the one standard error of the minimum criteria (1se criteria). The upper x-axis is the average numbers of predictors and the lower x-axis is the log(λ). To avoid overfitting, 1se criteria (λ = 0.000402) was selected.
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FIGURE 2. Each machine learning model was assessed by the ROC curve, which plots a curve according to its true positive rate (y-axis) against its false positive rate (x-axis). The larger area under the curve, the better the prediction accuracy of the model. (A) Logistic regression. (B) Support vector machine (SVM). (C) Decision tree classification. (D) Random forest (RF).
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FIGURE 3. Each machine learning model was evaluated by the precision-recall curve, which displays the trade-off between recall (x-axis) and precision (y-axis). The bigger area under the curve, the greater predictive capability of the model. (A) Logistic regression. (B) Support vector machine (SVM). (C) Decision tree classification. (D) Random forest (RF).




Model Construction and Validation

We constructed a risk prediction model with all these variables by the random forests. The out-of-bag (OOB) estimate of error rate was 12.26%, indicating that the generalization error of this model is relatively small. The degree of Gini coefficient average decrease implied that HDL-C, followed by LDL-C, TG, BMI, and TC are important features for the risk evaluation of CAD (Figure 4). In the development cohort, this model yielded a high AUC 0.948 (95%CI: 0.941–0.954) to identify CAD patients from controls, with a sensitivity of 90%, a specificity of 85.4%, a positive predictive value of 0.863 and a negative predictive value of 0.894 (Figure 5A). In consistent with the development cohort, favorable discriminatory ability was also demonstrated by two validation cohorts, with an AUC, sensitivity, specificity, positive predictive value, and negative predictive value of 0.944 (95%CI: 0.934–0.955), 89.5%, 85.8%, 0.868, and 0.886 in the validation cohort 1 (Figure 5B), respectively, and 0.940 (95%CI: 0.922–0.960), 79.5%, 94.3%, 0.932, and 0.823 in the validation cohort 2 (Figure 5C), respectively. The model is further shown as a web calculator to facilitate its application (http://45.32.120.149:3000/randomforest).


[image: Figure 4]
FIGURE 4. Variable importance plot for the Random Forest model. The x-axis is the average decrease in the Gini coefficient, the y-axis is 15 risk factors of CAD. The more the average decrease of the Gini coefficient, the more important of the variable.
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FIGURE 5. The ROC curves of the Random Forest model in three cohorts. (A) To evaluate discrimination performance in the development cohort, area under the curve (AUC) of ROC curve was 0.948. (B) To assess the discrimination capability in the validation cohort 1, AUC was 0.944. (C) To assess the predictive capability in the validation cohort 2, AUC was 0.940.





DISCUSSION

In the current study, we elucidated the significant contributions of age, gender, alcohol drinking, cigarette smoking, hyperlipidemia, hypertension and T2DM, TC, TG, HDL-C, LDL-C, SBP, DBP, and FBG to the risk of CAD. Subsequently, we constructed and validated a Random Forest model integrated these indexes with a favorable discriminability that can be helpful for the non-invasive identification of CAD patients.

The most important features identified by Random Forest was HDL-C. HDL-C has been regarded as “good cholesterol” largely owing to an inverse association between high HDL-C levels and low CAD risk (13, 14). The main functions of HDL are to facilitate reverse cholesterol transport and regulate inflammation (15). The potential atheroprotective effects of HDL from healthy individuals were remarkably impaired in CAD patients (16, 17). The Framingham study suggested that about 44% CAD clinical events in men with HDL-C >40 mg/dL and near 43% in women with HDL-C >50 mg/dL. In addition, Mendelian randomization genetic studies have suggested that genetically raised HDL-C levels were not correlated with a decreased risk of myocardial infarction comparing with genetic variants associated with lowering LDL-C levels (18). Furthermore, recent large-scale clinical studies had also failed to validate the preventive effect of HDL-C raising treatments on coronary disease (19, 20). These results highlighted that HDL-C levels were not necessarily causally associated with coronary disease and normal serum HDL-C levels did not guarantee free of CAD events (15). Nevertheless, our model illustrated that HDL-C levels made a greatest contribution in CAD risk prediction.

A high serum LDL-C level is a well-established risk factor for cardiovascular disease, especially CAD. Genetic studies have revealed that variants in PSCK9 (proprotein convertase subtilisin/kexin type 9), HMGCR (HMG-coenzyme A reductase), and NPC1L1 (Niemann-Pick C1-like intracellular cholesterol transporter 1) are correlated with decreasing LDL-C levels and low CAD risk (21–23). Moreover, large-scale clinical studies have suggested that decreasing LDL-C by targeting these proteins has been proven to be a safe and effectual approach to reduce risk of coronary disease. Additionally, lowering serum LDL-C levels can reduce mortality and morbidity of cardiovascular diseases in both primary and secondary prevention (24, 25). Consistent with this result, our model also showed that LDL-C levels were the important feature in CAD risk assessment.

Large triglyceride-rich lipoprotein particles including chylomicrons (CM) and very low-density lipoprotein (VLDL) particles pass through the arterial wall via transcytosis in specialized vesicles instead of direct penetration. These particles can be swallowed by arterial macrophages, with enormous cholesterol depositing and foam cell formation in coronary arteries (26). Therefore, elevated blood triglyceride levels were associated with the development of CAD by directly participating in atherosclerotic plaque formation and progression (27). However, the relationship between increased plasma triglyceride levels and cardiovascular disease were controversial in epidemiological studies. A large meta-analysis comprising 10,158 CAD patients from 262,525 individuals in 29 prospective studies suggested a modestly significant correlation between triglyceride levels and CAD risk (28). In contrast, other studies didn't find significance after multivariable adjustments for smoking, hypertension, diabetes, BMI, and glucose levels. Meanwhile, some of these studies also implied that even a little elevated triglyceride levels were correlated with high risk of recurrent CVD events in patients receiving stain treatment and should be regarded as a useful risk indicator (29). Moreover, genetic studies have demonstrated that increased blood triglyceride levels were causally associated with high CAD risk (30). In addition, a Mendelian randomization study revealed that genetically decreased non-fasting plasma triglyceride concentrations could reduce all-cause mortality (31). In accord with these reports, our model hinted that blood triglyceride levels were helpful for CAD risk prediction.

Aside from HDL-C, LDL-C, and triglyceride levels, other variables such as BMI, TC, DBP, SBP, FBG, age, hypertension, smoking, sex, T2DM, hyperlipidemia, and drinking are of relative importance in stratifying a patient's risk. Age is the most important factor associated with the progression of CAD, as well as death when coronary atherosclerosis occurs (32). Previous studies have demonstrated that there is a conspicuous sex difference in CAD incidence and mortality (33, 34). In general, men develop CAD earlier than women (35). Dietary cholesterol could raise the concentration of serum total cholesterol, which was associated with a high risk of cardiovascular disease (36). Obesity has been shown to be an usual cause of cardiovascular mortality in the developed countries (37). Abdominal visceral with an excess fat overload can result in atherosclerotic disease (37). Dysregulation of endocrine factors originating from adipocyte in overnutrition has been presumed to be implicated in the progression of atherosclerosis (38). Hypertension was pathologically related with CAD and arterial hypertension could aggravate CAD (39). Furthermore, hypertension was also often correlated with other risk factors of CAD, such as dyslipidemia and insulin resistance (40). Diabetes was reported to frequently correlated with high levels of triglyceride and low levels of HDL-C (41). Smoking could induce endothelial exposure and platelet adhering to subintimal layer, thus increasing lipoprotein particle penetration and proliferation of smooth muscle cells (SMCs) (42). Meanwhile, the cardiovascular system is sensitive to the toxic effects of alcohol. High-dose alcohol drinking could induce extensive coronary arterial damage and increase the risk of developing CAD (43).

The Framingham risk score is a well-known prediction algorithm that has been widely applied to evaluate CAD risk in different populations including Chinese (44, 45). However, since the risk equation was developed in 1976 and more than 99% participants are of European descent, it is necessary to reconfirm the predictive values of traditional risk factors for Chinese due to the intrinsic discrepancy of diet and life style, social environment and genetic predisposition. Furthermore, rapidly increasing per-capita income, westernization of lifestyle, an aging population and longer life spans contributed to conspicuous changes in the CVD epidemics and risk factors pattern in China during the past decade (46). Therefore, an evolutionary CAD risk appraisal tool developed from recent information of Chinese population would be better generalized. Some recent studies utilized nomogram to assess CAD risks based on the results of multivariate logistic regression or Cox proportional hazard regression (47–50). Albeit these studies provided powerful clinical benefits, these models had the inherent drawback that the algorithm is sensitive to multicollinearity and missing values. Random forest is an ensemble classifier which applies lots of decision trees to the dataset and integrates results from all the trees by taking a majority vote. It can ameliorate prediction accuracy without considerably increasing the calculation amount. Our study established and validated a Random Forest model, which shows favorable predictive capability and clinical application value.

Some possible limitations in our study should be emphasized. First, this is a retrospective study, some potential inherent biases cannot be ignored and causal inference is limited. Second, we only took 15 CAD traditional risk factors into account, future studies with more variables including individual genetic information are necessitated to further confirm our results. Finally, this was a three-center study of only Chinese population from two provinces, which may restrict its generalizability. Therefore, future prospective multicenter studies from other areas of China are required to validate the findings of our study.

Collectively, an easy-to-use tool that combined 15 indexes to assess the CAD risk was constructed and validated using Random Forest algorithm, which showed favorable predictive capability (http://45.32.120.149:3000/randomforest). Our model is extremely valuable for clinical practice, which will be helpful for the primary prevention and management of CAD patients.
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Background: Coronary angiography-derived fractional flow reserve (caFFR) measurements have shown good correlations and agreement with invasive wire-based fractional flow reserve (FFR) measurements. However, few studies have examined the diagnostic performance of caFFR measurements before and after percutaneous coronary intervention (PCI). This study sought to compare the diagnostic performance of caFFR measurements against wire-based FFR measurements in patients before and after PCI.

Methods: Patients who underwent FFR-guided PCI were eligible for the acquisition of caFFR measurements. Offline caFFR measurements were performed by blinded hospital operators in a core laboratory. The primary endpoint was the vessel-oriented composite endpoint (VOCE), defined as a composite of vessel-related cardiovascular death, vessel-related myocardial infarction, and target vessel revascularization.

Results: A total of 105 pre-PCI caFFR measurements and 65 post-PCI caFFR measurements were compared against available wire-based FFR measurements. A strong linear correlation was found between wire-based FFR and caFFR measurements (r = 0.77; p < 0.001) before PCI, and caFFR measurements also showed a high correlation (r = 0.82; p < 0.001) with wire-based FFR measurements after PCI. A total of 6 VOCEs were observed in 61 patients during follow-up. Post-PCI FFR values (≤0.82) in the target vessel was the strongest predictor of VOCE [hazard ratio (HR): 5.59; 95% confidence interval (CI): 1.12–27.96; p = 0.036). Similarly, patients with low post-PCI caFFR values (≤0.83) showed an 8-fold higher risk of VOCE than those with high post-PCI caFFR values (>0.83; HR: 8.83; 95% CI: 1.46–53.44; p = 0.017).

Conclusion: The study showed that the caFFR measurements were well-correlated and in agreement with invasive wire-based FFR measurements before and after PCI. Similar to wire-based FFR measurements, post-PCI caFFR measurements can be used to identify patients with a higher risk for adverse events associated with PCI.

Keywords: fractional flow reserve, stable ischemic heart disease, percutaneous coronary intervention, vessel-oriented composite endpoint, coronary angiography-derived fractional flow reserve


INTRODUCTION

Angiography-derived fractional flow reserve (FFR) measurements represent a novel technique for evaluating physiological function in cardiovascular disease (1, 2). Over the past few years, four angiography-derived FFR measurement methods have shown good correlation and agreement with the conventional invasive wire-based FFR method in the FAVOR II China study (3), FAST-FFR study (4), FLASH FFR study (5), and FAST study (6). Among patients who are suspected of coronary heart disease, these clinical trials have shown that angiography-derived FFR measurement techniques have good diagnostic performance for guiding revascularization in percutaneous coronary intervention (PCI). However, few studies have examined the diagnostic performance of coronary angiography-derived FFR (caFFR) before and after PCI. The value of initial wire-derived FFR is typically below 0.8 among patients who have previously undergone PCI, which might challenge the diagnostic abilities of caFFR. Furthermore, whether computational fluid dynamics have diagnostic value in coronary arteries implanted with exogenous metal stents remains unknown.

The objective of the current retrospective study was to compare the diagnostic performance of caFFR measurement against wire-based FFR measurement among patients before and after PCI. The FlashAngio caFFR system includes the Flash pressure transducer, console, and software (Rainmed Ltd., Suzhou, China). In this study, pre-PCI and post-PCI caFFR measurements were compared with corresponding wire-based FFR measurements. We also investigated the post-PCI FFR and caFFR cutoff values for the prediction of long-term adverse cardiac outcomes.



METHODS


Study Population

Patients (≥18 years of age) with stable ischemic heart disease (SIHD) who underwent elective invasive FFR-guided PCI for a de novo lesion from June 2012 to May 2020 at Beijing Hospital were included in this study. The angiographic inclusion criterion was at least one lesion with diameter stenosis of 50–90% by visual assessment. The angiographic exclusion criteria (5), as required by the FlashAngio caFFR system, included: (1) poor angiographic image quality, precluding contour detection; (2) severe vascular overlap or distortion of the interrogated vessel; (3) stenoses caused by myocardial bridge; and (4) ostial lesions. The clinical data were obtained from electronic medical records and analyzed retrospectively. The study was approved by the Institutional Ethics Committee (2020BJYYEC-038-01) at Beijing Hospital. All patients signed informed consent to undergo invasive FFR-guided PCI and agreed to the use of their data for research purposes.



Determination of Wire-Based FFR

Intracoronary nitroglycerine (200 mg) was routinely injected before FFR measurement. The coronary pressure wire-based FFR was measured using a commercially available pressure wire system (Certus, Abbott Vascular, Santa Clara, CA). The pressure wire was inserted such that the pressure transducer was ≥2 cm downstream from the most distal stenosis. The position of the pressure wire was captured on cine angiography for offline comparisons. Hyperemic blood flow was induced by the intravenous administration of adenosine-5'-triphosphate (ATP) at ≥140 μg/kg/min and recorded after at least 60 s in the presence of stable aortic pressure decrease relative to baseline pressure that was sustained for at least 10 beats. FFR pullback was performed at the operator's judgment. Pressure drift was measured after the withdrawal of the pressure wire to the guiding catheter tip and was defined as a resting distal-to-aortic coronary pressure ratio (Pd/Pa) from 0.97 to 1.03.



Coronary Revascularization and Image Transfer

Coronary angiography was performed based on 9 conventional projection views (7), which were recorded at 15 frames/s. A mechanical pump was used to inject the contrast agent at a rate of 3.5 mL/s. The PCI procedures were determined by an interventional cardiologist following the best local practices. At the end of the procedure, at least two angiographic projection views for the targeted vessel were recorded. During the operation, the aortic pressure value was routinely recorded in the Catheter Laboratory Database.



Offline caFFR Measurement

At least two angiographic projections, avoiding vessel overlap and separated by ≥30°, without table movement, were required to generate caFFR. Digital Imaging and Communications in Medicine (DICOM) images of coronary angiography and mean aortic pressure (MAP) were exported to the FlashAngio console. A simulated three-dimensional (3D) mesh reconstruction of the coronary artery was generated along the artery path from the inlet to the most distal location. The caFFR computation was performed by blinded hospital operators using the method described previously (5). The values of pre-PCI and post-PCI caFFR were reported separately, as shown in Figure 1.


[image: Figure 1]
FIGURE 1. Example of comparisons between pre- and post-PCI FFR and caFFR values. Images were obtained from a 61-year-old patient in the study. (A) Coronary angiography shows moderate stenosis lesion located in the middle of the LAD. (B) The value of pre-PCI FFR, measured by invasive pressure wire, was 0.80. (C) The pre-PCI caFFR value was 0.76. (D) Post-PCI coronary angiography after 2.5 × 24 mm and 2.75 × 24 mm stent implantation. (E) The invasive post-PCI wire-based FFR value was 0.88. (F) The post-PCI caFFR value was 0.88. LAD, left descending artery; FFR, fractional flow reserve; PCI, percutaneous coronary intervention; caFFR, coronary angiography-derived FFR.




Follow-Up and End Points

Clinical follow-up data were recorded in a dedicated database, including admission records and outpatient notes, maintained at Beijing Hospital. All patients were followed individually by direct telephone contact or outpatient visits to confirm clinical data every 6 months. The primary endpoint was the vessel-oriented composite endpoint (VOCE), defined as the composite of vessel-related cardiovascular death, vessel-related myocardial infarction (MI), and target vessel revascularization (TVR) (8). Secondary endpoints were the individual components of the VOCE. Death of unknown etiology was considered cardiovascular death. MI was defined as new Q waves or one plasma level of creatine kinase-myocardial band (CK-MB) ≥ 5 × upper limit of normal (ULN; or troponin ≥ 35 × ULN if CK-MB was not available) in the context of acute coronary syndrome (ACS) (9). TVR was defined as the repeat revascularization or bypass grafting of the target vessel.



Statistical Analysis

Continuous variables are expressed as the mean and standard deviation. Categorical data are summarized as the number and percentage. The Student's t-test and the Chi-square test were used to compare group differences. The correlation between wire-based FFR and caFFR measurements was assessed by Spearman's correlation coefficient (r) with a 95% confidence interval (CI). Bland–Altman analysis was used to estimate the agreement between the two indices. Patients were separated into two groups (high-risk and low-risk groups) according to the post-PCI wire-based FFR and caFFR values. The cumulative survival probability of VOCE was estimated by Kaplan–Meier curves; the difference between high-risk and low-risk groups was compared by a log-rank test and plotted using the “survival” package of R language (Version 3.6.1). In parallel, Cox regression was fitted to estimate the risks of VOCE (hazard ratio [HR], 95% CI) for the two groups. The cutoff post-PCI FFR value for the prediction of long-term adverse cardiac outcomes varied from 0.81 to 0.95 (10). We tested the threshold starting at 0.81 to determine the optimal cutoff value for post-PCI FFR measurements to predict VOCE to determine whether caFFR measurements have similar prognostic power as traditional wire-based FFR measurements for VOCE prediction. All statistical analyses were performed with SPSS software (Version 24.0, IBM Corp., Armonk, NY) and R language. The significance level was set at p < 0.05, and all probability values were two-sided.




RESULTS


Feasibility and Characteristics of Patients

From 2012 to 2020, 126 patients with SIHD who underwent FFR-guided PCI were enrolled in this study, and caFFR was analyzed in 104 patients (105 vessels). Post-PCI FFR measurement was performed in 70 patients (67.3%, 71 vessels), and post-PCI caFFR measurements could be performed in 65 patients (65 vessels). The primary causes of caFFR computation failure were poor image quality (n = 9 of 126, 7.14%), severe overlap or distortion (n = 5 of 126, 3.97%), and the lack of 2 cines with projection angles ≥ 30° (n = 3 of 126, 2.38%), as shown in Figure 2. Figure 3 shows the frequency distribution of FFR measurements, caFFR measurements, and increased relative values to baseline. Clinical and interventional characteristics are reported in Table 1.


[image: Figure 2]
FIGURE 2. Study flow diagram. SIHD, stable ischemic heart disease; LAD, left descending artery; FFR, fractional flow reserve; PCI, percutaneous coronary intervention; caFFR, coronary angiography-derived FFR.



[image: Figure 3]
FIGURE 3. Frequency distribution of FFR and caFFR values and increased values. (A) Frequency distribution and increased values of FFR. (B) Frequency distribution and increased values of caFFR. LAD, left descending artery; FFR, fractional flow reserve; PCI, percutaneous coronary intervention; caFFR, coronary angiography-derived FFR.



Table 1. Clinical and angiographic characteristics of patients.
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Agreement Between FFR and caFFR

Pre-PCI caFFR values were well-correlated with wire-based FFR values (caFFR = 0.76 × FFR + 0.18, R = 0.77, Figure 4A). The Bland–Altman analysis of pre-PCI caFFR and wire-based FFR values showed no systematic differences, with a bias of −0.0003 ± 0.0420 (95% limit of agreement: −0.0826 to 0.0820, Figure 4B). The post-PCI caFFR values were also correlated with wire-based FFR values (caFFR = 0.93 × FFR + 0.88, R = 0.817, Figure 5A). Bland–Altman analysis of post-PCI caFFR and wire-based FFR values showed no systematic differences, with a bias of −0.0123 ± 0.0299 (95% limit of agreement: −0.0709 to 0.0463, Figure 5B). Figure 6 shows the increase in the wire-based FFR values after PCI, similar to those observed by caFFR measurement (0.13 ± 0.07 vs. 0.14 ± 0.08; p = 0.25).


[image: Figure 4]
FIGURE 4. Correlation and agreement between pre-PCI wire-based FFR and caFFR values (n = 105). (A) Strong correlation between pre-PCI wire-based FFR and caFFR values (caFFR = 0.76 × FFR + 0.18, R = 0.77, 95% CI: 0.53–0.78). (B) Good agreement between pre-PCI wire-based FFR and caFFR values by the Bland–Altman analysis (bias: −0.0003 ± 0.0420; 95% LOA −0.0826 to 0.0820). CI, confidence interval; LOA, limits of agreement; LAD, left descending artery; FFR, fractional flow reserve; PCI, percutaneous coronary intervention; caFFR, coronary angiography-derived FFR.
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FIGURE 5. Correlation and agreement between post-PCI wire-based FFR and caFFR values (n = 65). (A) Strong correlation between post-PCI wire-based FFR and caFFR values (caFFR = 0.93 × FFR + 0.08, R = 0.82, 95% CI: 0.762–1.092). (B) Good agreement between post-PCI wire-based FFR and caFFR values by the Bland–Altman analysis (bias: −0.0123 ± 0.0299; 95% LOA −0.0709 to 0.0463). CI, confidence interval; LOA, limits of agreement; LAD, left descending artery; FFR, fractional flow reserve; PCI, percutaneous coronary intervention; caFFR, coronary angiography-derived FFR.



[image: Figure 6]
FIGURE 6. Improvements in wire-based FFR and caFFR values after PCI (n = 65). (A) The wire-based FFR values increased significantly after PCI (0.74 ± 0.07 vs. 0.86 ± 0.05, p < 0.001). (B) The caFFR values increased significantly after PCI (0.74 ± 0.07 vs. 0.88 ± 0.05, p < 0.001). The increase in wire-based FFR values after PCI were similar to that of caFFR values (0.13 ± 0.07 vs. 0.14 ± 0.08; p = 0.25). LAD, left descending artery; FFR, fractional flow reserve; PCI, percutaneous coronary intervention; caFFR, coronary angiography-derived FFR.




Prognostic Implications of Post-PCI caFFR

In 65 patients with post-PCI wire-based FFR and caFFR measurements, 61 (93.9%) patients had clinical follow-up data. During a follow-up period of 6–105 months (86.9% >12-month follow-up; 50.9% >36-month follow-up), 6 (9.8%) VOCEs were repo rted: 1 cardiovascular death (1.6%), 1 MI (1.6%), and 4 TVRs (6.6%). The post-PCI caFFR values showed consistent power with post-PCI wire-based FFR values for the prediction of VOCEs, although different cutoff values were identified for the two measurement methods (Supplementary Figure 1). Patients with low post-PCI wire-based FFR values (≤ 0.82) had a higher risk of VOCE than those with high post-PCI wire-based FFR values (> 0.82; HR: 5.59; 95% CI: 1.12–27.96; p = 0.036). Similarly, patients with low post-PCI caFFR values (≤ 0.83) showed an 8-fold higher risk of VOCE than those with high post-PCI caFFR values (> 0.83; HR: 8.83; 95% CI: 1.46–53.44; p = 0.017; Figure 7).
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FIGURE 7. Comparison of VOCEs according to post-PCI FFR or caFFR values. Kaplan–Meier curves showing that (A) patients with post-PCI wire-based FFR values > 0.82 had a higher survival free of VOCE compared with patients with post-PCI wire-based FFR values ≤ 0.82. (B) Patients with post-PCI caFFR values > 0.83 had a higher survival free of VOCE compared with patients with post-PCI caFFR values ≤ 0.83 group. VOCE, vessel-oriented composite endpoint; LAD, left descending artery; FFR, fractional flow reserve; PCI, percutaneous coronary intervention; caFFR, coronary angiography-derived FFR.


When the patients were grouped according to their post-PCI wire-based FFR values (>0.82 vs. ≤ 0.82; Table 2), a significant difference was found in the numbers and total lengths of the stents used (1.50 ± 0.55 vs. 1.0 and 30.96 ± 10.45 vs. 19.75 ± 3.73, respectively; p < 0.01). Similarly, both the numbers and total lengths of stents in the high caFFR value group (>0.83 vs. ≤ 0.83) were significantly higher than those in the low caFFR value group (1.48 ± 0.55 vs. 1.0; 30.52 ± 10.51 vs. 19.50 ± 2.66; p < 0.01; Table 2).


Table 2. Comparison of general and procedural characteristics according to post-PCI wire-based FFR and caFFR values.
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DISCUSSION

The present study validated caFFR measurement against those obtained using conventional wire-based FFR measurements before and after PCI. The major findings were as follows: (1) caFFR analysis could be applied to most conventional coronary angiography images; (2) caFFR and wire-based FFR measurements had good correlation and agreement both before and after PCI; and (3) post-PCI wire-based FFR and caFFR measurements had similar prognostic values.

FFR measurement has been used in the cardiac catheter laboratory to identify functionally significant coronary stenoses (11, 12). Random trials have demonstrated that FFR-guided PCI improves clinical outcomes and reduces the need for stenting, in addition to reducing costs (13–15). FFR measurement is recommended as a standard protocol in the revascularization guidelines for stable coronary heart disease (16, 17). Angiography-derived FFR and wire-based FFR measurements showed similar diagnostic accuracy. Using wire-based FFR as the reference standard, the area under the curve (AUC) for caFFR (5) was 0.979, and similar results were demonstrated in studies of the quantitative flow ratio (QFR) (3), FFRangio (4), and Vessel FFR (vFFR) (6) measurement methods, which reported AUC values of 0.96, 0.94, and 0.93, respectively. In this study, pre-PCI caFFR values showed good diagnostic accuracy in patients who underwent elective PCI for a de novo lesion compared with the diagnostic accuracy of wire-based FFR values.

FFR measurement after PCI can be used to discriminate suboptimal PCI procedures and predict clinical outcomes. Pijls et al. (18) investigated 750 patients following successful bare-metal stent implantation and found that lower post-PCI FFR values were associated with an increased major adverse cardiovascular event (MACE) rate (for groups based on FFR values > 0.95, 0.8–0.9, and < 0.80, MACE rates were 4.9% 20.3% and 29.5%, respectively; p < 0.05) at the 6-month follow-up time point. The DK CRUSH VII Registry Study (19) revealed that a post-PCI FFR value < 0.88 was the predominant predictor of target vessel failure (12.3 vs. 6.1%; p < 0.01) 3 years after drug-eluting stent implantation. An increase in the FFR value after PCI was directly associated with MI recovery (20), whereas a small increase in the FFR value (<15%) was a prognostic indicator of poor clinical outcomes, similar to low absolute post-PCI FFR values (<0.84) (21). The FFR-search study unexpectedly showed that post-PCI FFR values did not correlate with clinical events at the 30-day follow-up time point (22), which was thought to be due to the follow-up period being too short. The reasons for ineffective FFR changes after PCI include incomplete stent expansion, stent malapposition, geographical plaque miss, plaque protrusion, edge dissection, and plaque shift at the stent edge (23). To achieve functional optimization, unsatisfactory changes in FFR can safely and effectively be corrected by further interventions (post-dilation or additional stenting) (24).

Despite a Class 1a recommendation for use in the guidance of coronary revascularization in patients with stable angina, only 18.5%−21% of patients undergo FFR measurement (25, 26). Moreover, post-PCI FFR measurement was only performed in 69.2 and 64.2% of patients in the FAME 1 and FAME 2 studies (27). caFFR measurement represents a new technique that can be performed without the use of a pressure wire and hyperemic stimulus. The FLASH FFR study demonstrated that caFFR measurement has a good correlation with wire-based FFR measurement, and caFFR measurement requires a shorter operation time (< 5 min) than wire-based FFR measurement (5). The present study demonstrated that caFFR measurement had a good correlation with wire-based FFR measurement both before and after PCI. Similarly, post-PCI QFR and vFFR measurements correlated reasonably well-with post-PCI wire-based FFR measurements (28, 29). However, in a retrospective study of data collected by more than 50 centers, a weak correlation was reported between vFFR measurement and wire-based FFR measurement because of poor image quality and the difficulty tracking aortic pressure (30). The prognostic value of QFR measurements has been confirmed under various conditions (8, 9, 31), although the optimal cutoff values for post-PCI QFR measurements have been reported as 0.89, 0.91, and 0.80 in different studies. In the current single-center, retrospective study, patients with low post-PCI wire-based FFR (≤0.82) or caFFR (≤0.83) values were associated with a significantly higher risk of VOCE than those with high post-PCI FFR (>0.82) or caFFR (>0.83) values. The numbers and lengths of stents implanted in the high post-PCI FFR and caFFR value groups were significantly higher than those in the low post-PCI FFR and caFFR value groups. Insufficient stent implantation has been shown to result in incomplete coronary lesion coverage, which may explain the suboptimal FFR and caFFR values measured after the intervention in some patients. Currently, no consensus exists regarding the optimal post-PCI FFR value, although a higher FFR value is generally believed to be preferable. This study showed that a higher post-PCI caFFR value could predict a better clinical outcome.



LIMITATIONS

The present study has several limitations. First, this study was performed as a retrospective study in a single center with a relatively small study population. Second, only patients with stable coronary heart disease were enrolled in this study. High-risk patients, such as those with ACS, ostial lesions, or left main lesions, were excluded, which restrains the generalizability of the results. Third, aortic root pressure was obtained from an interventional database maintained by the cardiac catheterization laboratory rather than measuring real-time invasive pressure. The retrospective methodology of obtaining aortic root pressure might affect the results slightly. Fourth, the retrospective study lacked a sufficient sample size and preconditions. We cannot recommend a powerful post-PCI FFR or caFFR cutoff value for the prediction of long-term adverse cardiac outcomes, and we did not obtain sufficient adverse event data to analyze any other VOCE predictors. Finally, macrovascular and microvascular diseases can affect coronary physiology after PCI. Evidence suggests that microvascular dysfunctions may falsify the results of FFR and be associated with adverse events after PCI (32–34). We will perform experimental and computational analyses of post-PCI microvascular dysfunction in future studies to quantify this effect.



CONCLUSIONS

This study showed that caFFR measurements are feasible, reproducible, and well-correlated with invasive wire-based FFR measurements both before and after PCI. Similar to wire-based FFR measurements, post-PCI caFFR measurements might be a useful tool for performing coronary physiological functional assessments and identifying patients with a higher risk for adverse events related to PCI.
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Background: In the study of early cardiac development, it is essential to acquire accurate volume changes of the heart chambers. Although advanced imaging techniques, such as light-sheet fluorescent microscopy (LSFM), provide an accurate procedure for analyzing the heart structure, rapid, and robust segmentation is required to reduce laborious time and accurately quantify developmental cardiac mechanics.

Methods: The traditional biomedical analysis involving segmentation of the intracardiac volume occurs manually, presenting bottlenecks due to enormous data volume at high axial resolution. Our advanced deep-learning techniques provide a robust method to segment the volume within a few minutes. Our U-net-based segmentation adopted manually segmented intracardiac volume changes as training data and automatically produced the other LSFM zebrafish cardiac motion images.

Results: Three cardiac cycles from 2 to 5 days postfertilization (dpf) were successfully segmented by our U-net-based network providing volume changes over time. In addition to understanding each of the two chambers' cardiac function, the ventricle and atrium were separated by 3D erode morphology methods. Therefore, cardiac mechanical properties were measured rapidly and demonstrated incremental volume changes of both chambers separately. Interestingly, stroke volume (SV) remains similar in the atrium while that of the ventricle increases SV gradually.

Conclusion: Our U-net-based segmentation provides a delicate method to segment the intricate inner volume of the zebrafish heart during development, thus providing an accurate, robust, and efficient algorithm to accelerate cardiac research by bypassing the labor-intensive task as well as improving the consistency in the results.

Keywords: U-net, LSFM, segmentation, zebrafish, cardiac mechanics


INTRODUCTION

Biomechanical analysis is vital during cardiac development, as assessment of biomechanics is closely associated with regulation of valve formation, ventricular septum, and trabecular morphology related to cardiogenic transcriptional and growth/differentiation factors (1, 2). Lack of intracardiac biomechanical force could induce genetic programming's malfunction resulting in congenital heart defects in humans and mice (3). For example, understanding potential malfunctions within the heart's subcellular structure could point toward indications of different maladies such as ischemic heart disease (IHD). Severino et al. (4) reported that IHD is associated with coronary microvascular dysfunction, which is affected by the role of ATP-sensitive potassium channel, and this ATP-sensitive potassium channel modulates the degree of contractile tone in vascular muscle (5). Thus, investigating biomechanics to link disease models including contractility is an important assessment in cardiac research field.

Volume change-based cardiac mechanics measurements (e.g., ejection fraction) from the complex trabeculated and beating heart are most commonly used and play an essential role in evaluating the cardiac health condition. Such measurement relies on the accurate reconstruction of the heart's volume, which depends on the accurate segmentation of the biomedical images. Although the segmentation of biomedical images for volume reconstruction has been extensively studied in radiation imaging techniques such as MRI or CT (6–8), these imaging methods are challenging to be adopted for optical fluorescent images. Although various optical microscopes have been extensively used to study in biomedical research due to inexpensive approach, high resolution, and amenable fluorescent tagging (9–11), it suffers from light scattering and different intensity of the fluorescent signal. In addition, imaging dynamic samples is another challenge for microscopes. Unlike conventional microscopes, however, light-sheet fluorescent microscopy (LSFM) circumvents these challenges to capture in vivo dynamic samples, such as zebrafish heart, with a high axial resolution, deep axial scanning, fast image acquisition, and low photobleaching (12, 13).

Despite having a two-chambered heart and a lack of a pulmonary system, the zebrafish represents an emerging vertebrate model for studying developmental biology (14, 15). Its transparency and short organ developmental timeline enable rapid and high throughput analysis of developmental stages with optical fluorescent technology (16). Such advantages of zebrafish and LSFM systems make a powerful tool for studying in vivo cardiac development.

To understand the cardiac function and mechanics and further analysis, intracardiac segmentation is a necessary step (2, 17). Previously, segmentation of the LSFM images for measuring cardiac mechanics was accomplished manually by recognizing different intensities from large amounts of samples or tissue scatterings engenders many variables (18). The time-consuming task of manually segmenting the LSFM images is infeasible when processing high axial resolution data, as the number of images required is enormous (19, 20). On the other hand, lower axial resolution degrades the volume measurement's accuracy, while inconsistent manual segmentation poses a threat to the cardiac mechanic analysis' overall quality. Recently, Akerberg et al. (21) nicely demonstrated SegNet-based deep-learning segmentation of zebrafish hearts at the early ventricular developmental stage before trabeculation. However, accurate segmentation of complex ventricular morphology after initiating trabeculation is critical to cardiac mechanics analysis. Therefore, we utilize the advancements in a specific convolution neural network (CNN) architecture, namely, U-net (22), which performs binary classification of the LSFM images' pixels. Unlike natural images, in which rich color and texture information are provided, LSFM images offer limited information. To reliably segment an LSFM image, the pixel location has to be considered. Our proposed U-net utilizes such information via a multiscale processing pipeline, which uses downsampling to extract the features while using upsampling to convert features to specific pixel positions. The main contribution of this paper is to propose and demonstrate a practical and robust U-net architecture for optical imaging, which is tailored to segment LSFM images of the developing zebrafish heart. The synchronization of the LSFM image sequence is applied before segmentation as a preprocessing step.

For our application, the U-net was trained to utilize LSFM images of a zebrafish during ventricular development from 2 to 5 days postfertilization (dpf). In this paper, we explore the potential use of the U-Net architecture to expedite the segmentation of the intracardiac zebrafish heart, including the atrium and ventricle and further biomechanical analysis of the extracted results from the network.



METHODS


Zebrafish Preparation for Imaging

The zebrafish used for this study was raised and maintained in our zebrafish core facility under the required UT Arlington Institutional Animal Care and Use Committee (IACUC) protocol. Transgenic tg(cmlc2:gfp) zebrafish lines were used in this study to observe myocardium and chamber development. To ensure a clear image, a medium composed of 0.0025% phenylthiourea (PTU) was used to suppress pigmentation at 20 h postfertilization (hpf) (23). Before imaging, zebrafish embryos were anesthetized in 0.05% Tricaine and immersed in a solution of 0.5% low-melt-agarose at 37°C. The embryos were then transferred to a fluorinated ethylene propylene (FEP) tube (refractive index, 1.33) to minimize refraction along the path of light before image acquisition. This FEP tube was then immersed in water (refractive index, 1.33) and connected to an in-house LSFM to scan 500 images per slice from the anterior to posterior of zebrafish heart with 2 μm thickness (24).



4D Reconstruction of Beating Zebrafish Heart

4D reconstruction of in vivo beating zebrafish heart was performed using previously described methods (18, 25). Performed 4D reconstruction procedure is based on assumption that zebrafish heartbeat is regular throughout the image acquisition. However, experiments demonstrate that this assumption is not reliable. To minimize the natural irregularity of zebrafish heartbeat, we added an extra parameter (δ) to detect phase lock at period determination to observe irregularity during the experiments (18, 25). This latent variable window, δ, can be set roughly −0.3 to +0.3 ms after finding the estimated cardiac period manually (26).



Segmentation of Intracardiac Domain

Well-reconstructed 4D images were selected for manual segmentation of the intracardiac domain. 3D images of each time point from the beating heart were loaded into the Amira software (Thermofisher Scientific, Waltham, MA) or 3DSlicer. First, the inner cavity of each 2D slice was carefully selected manually and reconstruct 3D volume segmentation for each time point of the beating heart. We repeated this process at all developmental points to make segmentation masks. Manual segmentation masks were used for training our U-net architecture.



Application of U-Net Architecture

The U-net architecture revolves around two distinct paths: the contracting path and the expansive path (22). The network takes the input of size: A × A × n {A = 2k|k∈N} array, where “n” is the color channel or the depth of image. Since our LSFM provides a grayscale image of singular depth, “n” was 1. The input is pushed initially through the contracting path, which processes the input through a series of 3 × 3 convolutions, the application of a rectified linear unit (ReLU) following each convolution, then a 2 × 2 max-pooling operation. This yields an output of A/2 × A/2 × 2n, expanding the feature channel by double. This process is repeated four times before the final output is started to processed by the expansive path, which undergoes a similar process, with the exception of using a 2 × 2 convolution operation instead of max pooling (Figure 1). The loss function used for this particular project was a binary cross-entropy loss function, and the Adam optimizer was used. The computer used was an Intel Xeon E5 (CPU) and NVIDIA Quadro P5000 (GPU). Most of the calculations were done by GPU; it consumes 3.39 GB of memory, and performance scales with more memory allotted. With the current setup, it costs around 180 ms to train each slice; the minimal request for training dataset (400 slices) and epoch number (50 epochs) would be 48 minutes. It takes about 60 ms to predict one slice. In a few minutes, the network can process the whole 4D data.


[image: Figure 1]
FIGURE 1. U-net convolution neural network (CNN) architecture utilized to generate the binary mask of the intracardiac domain of zebrafish. Each box represents a multichannel feature map that allows for efficient and accurate extraction of anatomical features. In our specific application, the input was a 512 × 512 pixel map.




Network Training With Manually Segmented Images

Training data for CNN learning is divided into two separate bins: training volumes and labels. Four individual heart samples models were used to study the developmental stages from 2 to 5 dpf. The raw data came from 4D images of the beating heart. From these 4D images, each 3D images were isolated from every 20 equally spaced sample of each heart. For these, we selected the entire slices of the 20 samples of 3D volume of the heart from 4D dataset, representing three cardiac cycles, with each volume containing m numbers of 2D sliced images (m∈N), which was dependent on the slice selected. This particular parameter was related to the spatial depth of the volume being observed. Following data acquisition, hand segmentation was performed using 3DSlicer GUI application on the 2D axial plane spanning the entirety of the zebrafish heart captured. Both of these training bins were converted into 8-bit format and imported into U-NET as a 512 × 512 × 1 8-bit array, with bijective correspondence between volumes and labels. The U-NET program featured trained blind to the spatial depth of the volume itself, only having access to segmentation of the 2D axial slice input. From here, the training data took up approximately 80% of the data used for experimentation, while 20% was used for future validation.



Dice Similarity Coefficient Correlation

The primary method to which our automatic segmentation was assessed was using the Dice similarity coefficient correlation, which compares the amount of space of which the volumes of the automatic and hand segmentation overlap in comparison with the summation of the total number of pixels. The calculation of this is as follows for area A, representing autosegmentation, and area B, representing our manually labeled segmentation:

[image: image]

The outcome yields some value x for x ∈ [0, 1], with the value 1 (approximating a near-perfect segmentation match with respect to the initial hand segmentation used) and 0 (showing essentially no correlation between the two).



Cardiac Mechanics Analysis

After segmented volume, we multiplied voxel resolution to obtain the actual volume of zebrafish heart. We capture the size of most dilated points and most contracted points as end-diastolic volume (EDV) and end-systolic volume (ESV), respectively. Stroke volume (SV) was calculated by subtracting ESV from EDV. Ejection fraction (EF) is the ratio of blood ejection, which can be simply calculated from EF = (SV/EDV) × 100.




RESULTS


Manual Segmentation From LSFM for U-Net Training

Manual segmentation was performed along the 2D axial plane of the zebrafish heart for each studied sample. The methodology for manual segmentation, which served as our ground truth and labels, was performed using a contour-based segmentation method provided by 3DSlicer and was done in conjunction with ad hoc edits done on the resulting figures. Manually segmented images were used as training datasets for U-net (Figure 1). The concept of U-net architecture was to supplement a usual contracting network by successive layers, where pooling operators were replaced by upsampling operators (22). Here, original 512 × 512 pixels LSFM images were deconstructed to detect features of intracardiac boundaries. Then, upsampling of each layer increased the resolution of the output. For localization, higher resolution features from the downsampling path were combined with the upsampled output. As the manual segmentation images were input for training, a successive convolution layer learned to assemble a more precise output based on this information. In addition, a Gaussian 2D filter of kernel size of 2.0 μm was applied to smooth manual segmentation. Contour interpolation was further applied to the 3D structure output to minimize the step size of later 3D reconstruction. The fidelity of the manual segmentation was done observationally through inspecting the spatial comparison between the label generated and the intracardiac area of the 2D slice (Figure 2).


[image: Figure 2]
FIGURE 2. Sequence of selected light-sheet fluorescent microscopy (LSFM) images with the manual hand segmentation mask from 4 dpf zebrafish heart. (A) Diagram showing the anatomical feature of the zebrafish heart as well as a single axial slice with corresponding binary mask generated by the U-net. It is observed that there is a clear distinction between the atria and ventricle of the specimen. (B) A sequence of selected axial slices with corresponding binary masks generated by our U-net program; the reference scale bar is 50 μm.




Validation of U-Net Based Autosegmented Image

We visualize the segmentation ability of our networks by reconstructing the diastolic and systolic stages of zebrafish (Figures 3A,B; Supplementary Videos 1, 2). Although there is a small segmentation discrepancy between ground truth and autosegmentation around fluorescent boundaries (Figures 3C,D), U-net-based segmentation accuracy for each frame has a mean Dice coefficient score of 0.95 with a standard deviation of 0.02 (Figure 3E). Due to trabeculation in the ventricle at 4 dpf, manual segmentation was more sophisticatedly segmented in rough fluorescent boundaries. Although our autosegmentation was performed to detect rough boundaries in the trabeculated area, the roughness was relatively smooth. However, the atrium's smooth surface and innermost area of the ventricle were captured closer to the fluorescent signal. This discrepancy could be from the dataset that we used to train the network, the result of inconsistences from manual segmentation judged by the user. These statistics demonstrate our U-net-based segmentation's remarkable ability to segment intracardiac chamber with a high dice coefficient score and reduces inherent manual segmentation.


[image: Figure 3]
FIGURE 3. Comparison of U-net based autosegmentation to manual hand segmentation. (A,B) Geometric representation of both the diastolic and systolic stages of the heart cycle. (C,D) Comparison in the 2D axial plane between autosegmentation of the U-net and ground truth in both the diastolic and systolic stages, respectively. The blue arrows indicate areas of disjoint space within the segmentations, shown in red (manual segmentation), green (autosegmentation), and yellow (intersection). (E) Corresponding Dice similarity coefficient comparing the results between our ground truth and automatic segmentation demonstrated the ability of autosegmentation.




Automatic Morphology to Separate Inner Chamber Space

To validate the U-net-based autosegmentation and allow for further application, it was deemed necessary to derive some function for separating the inner-chamber structure to allow for independent analysis of the two-volume components and their disjoint biomechanical characteristics. This was done using an in-house Matlab code utilizing an iterative process of applying an erosion operator relying on a 3D structuring element until fracturing the single master volume. Following this, a dilation operator was applied to the individual subvolumes to recover lost space, and the resulting dilated volumes were intersected in 3D space with the initial master volume. The output of this program was the resulting intersected space.

This program's use proved to be critical in studying the resulting biomechanical elements of the atria and ventricle, as it allowed for consistency in determining the chambers (Figure 4A; Supplementary Videos 3, 4). The methodology was used successfully to distinguish the atrium and ventricle within the program on a three-dimensional level (Figure 4B). The resulting axial scans of the separated atria and ventricle show a clear distinction between the two different chamber areas per slice at 4 dpf (Figure 4C).


[image: Figure 4]
FIGURE 4. Subdivision of atrium and ventricle. (A) Methodology of using the automatic segmentation to define the morphology of inner volume of the zebrafish heart. This method relies on an iterative process that uses an erosion operator on the 3D structure of the inner volume until division occurs. Following the division of the volume into two separate components, extraction of each individual piece follows with a dilation operation and intersection with the original volume. (B) 2D axial slices showing the differentiation of the atrium (teal) and ventricle (blue) of various slices. (C) Area change over time from 2D slice (B) was successfully demonstrated.




Volumetric Analysis

We have applied 4D synchronization methods to reconstruct volume change over time (2, 18). Analysis of the volume change along three cardiac cycles was provided to study the biomechanical changes over time (Figure 5A). The volume of the atria and ventricle and the total intracardiac volume of both chambers were plotted independently (Figure 5B). Although the total cardiac volume of 4 dpf is oscillating during pumping, the mean value is roughly 9.5 × 105 μm3. At 4 dpf, trabeculae developed in the ventricle; thus, 4D reconstruction showed the motion of the corrugated surface of the ventricle. Due to the lack of trabeculae (27), the atrium has a relatively tranquil curvature motion during atrial contraction and relaxation. Our results reveal the potential power of complex morphology and functional analysis.


[image: Figure 5]
FIGURE 5. Representation of the contraction to dilation of zebrafish heart volume change over time. (A) Autosegmented successfully reconstructed 4D image captured the rough inner surface of zebrafish due to trabeculation after merging with fluorescent-labeled tg(cmlc2:gfp) zebrafish from light-sheet fluorescent microscopy (LSFM) images. (B) Volume change in the ventricle and atrium was measured from autosegmentation. Total volume of atrium and ventricle represented around 9.5 × 105 μm3 when zebrafish was at 4 dpf.




Assessment of Cardiac Mechanics of Developing Zebrafish Heart

In studying the volumetric change of the zebrafish heart during early-stage development between 2 and 5 dpf, observations allowed for the analysis of the atria and ventricle volumetric loads. Interestingly, we recognize that the ventricular contraction pattern shifts left from 2 to 3 dpf and shifts right from 4 to 5 dpf. Similarly, a pattern was observed within the atrium's volumetric change, albeit in an inverse manner (Figures 6A–D). Furthermore, based on volume change data, we have performed cardiac mechanics analysis during development. We first analyze the end-diastolic volume (EDV) and end-systolic volume (ESV) of the atrium and ventricle. Although the EDV and ESV trend of both the atrium and ventricle consistently increased, there was a significant increase between 2 and 3 dpf where morphology changed by cardiac looping (28) (Figures 6E,F). The active trabeculation process (18, 27), which increases the ventricle's contractility, affects the ESV of the ventricle at 5 from 4 dpf. Interestingly, the ventricle's stroke volume (SV) consistently increased, while the SV of the atrium remains consistent around 3.6 × 105 μm3 during early cardiogenesis (Figure 6G). We have further analyzed ejection fraction (EF) from EDV and ESV of the atrium and ventricle to understand how much blood each chamber pumps out with each contraction. Although, at 2 dpf, EF was high in both the atrium and ventricle, it continuously decreased throughout development (Figure 6H).


[image: Figure 6]
FIGURE 6. Cardiac mechanics analysis of developing zebrafish heart. (A–D) Volume change of developing zebrafish heart was measured by U-net-based autosegmentation, showing consistent increase in volume in both the atrium and ventricle. (E,F) After notable morphology change after cardiac looping, end-diastolic volume (EDV) and end-systolic volume (ESV) were increased significantly in both the atrium and ventricle. At 5 dpf, ESV was also significantly increased compared to 4 dpf. (G) While SV of the ventricle showed an increasing trend, that if the atrium remained at a similar level from 2 to 5 dpf. (H) Ejection fraction (EF) analysis demonstrated a decreasing trend from high EF at 2 dpf. *p ≤ 0.05.





DISCUSSION

Our U-net-based segmentation methods successfully provided intracardiac 3D volume structure for studying the biomechanics of zebrafish hearts trained with manually segmented LSFM images. The previously created manual segmented volume was a tedious and taxing process for the researcher, leading to a possible room for error as time requirements increase. Furthermore, inconsistency would be induced between individuals, yielding different results of the same volume for two people. Although Akerberg et al. (21) used a SegNet-based autosegmentation nicely segmented zebrafish intracardiac volume and analyzed the cardiac function, their application was visualized in an early stage of zebrafish heart before trabeculation. We have adopted U-net for the segmentation to apply complex geometry of inner ventricular surface until 5 dpf zebrafish heart. This study relies on a fully convolutional neural network, which allows for quick segmentations with as little as five datasets. Within this experiment, our application revolved around pairing U-net with LSFM. This particular study's novelty was the new relation between the LSFM and U-net structure, which allows for high-level sectioning capabilities of the LSFM to generate the 3D structure of the complex zebrafish heart with ease, followed by automatic morphological analyses.

There are currently a few limitations to our approach from this paper, which we feel necessary to touch upon. A limitation to the algorithm is that it relies on manual segmentation as its ground truth. Furthermore, the quality of the manual segmentation also depends on the image quality of each raw LSFM image slice. If the raw images are perhaps not precise enough for various reasons, the algorithm may not be able to generate the most precise results it is capable of. As for manual segmentation, there is a high possibility of human error. There are many variables that change in the manual segmentation depending on the user. One aspect of this is smoothing of the 2D slices in the manual segmentation. The smoothing is done based on each user's discerning eye, which can lead to minor discrepancies in the manual segmentation. In addition, the data for the algorithm are trained separately by day instead of a single dataset, which limits efficiency due to the complex nature of the morphology and different developmental environment. As a consequence of the change in morphological structure observed over the time period of which this project was performed, it was not feasible to create some singular model that could automatically segment any 2D axial input for any developmental stage. As a consequence, we found it necessary to create four different models, one for each corresponding developmental stage for independent processing. This limitation required extra work in terms of computational requirements; however, we see it as necessary for the moment. Despite these limitations, the current algorithm designed has been able to create highly accurate autosegmentation from the use of manual segmentation of four different developmental datasets.

This study's primary objective was to determine if the conjunctional use of this modality-program pair provided feasible results. This objective was satisfied with a high degree of success, as seen from the Dice similarity correlation coefficient having a value perceived as exceptional, showing similarity between our perceived ground truth and the autosegmentation (Figure 3E). Although we have observed errors between manual and autosegmentation, we assume that the fluorescent intensity threshold point was vague when segmentation was performed manually (Figures 3C,D). Therefore, our autosegmentation network could help to process more detailed cardiac mechanical analysis compared to manual segmentation. Most interestingly, in our cardiac mechanics analysis, relatively rapid contraction and slower relaxation of the atrium at 2 and 3 dpf transitions to slower contraction and rapid relaxation at 4 and 5 dpf (Figures 6A–D). At 2 and 3 dpf, zebrafish atrium pumps blood in peristaltic motion due to lack of valves, while it relies on impedance pumping mechanism at 4 and 5 dpf (29). Therefore, we may observe that the atrial volume change curve shifts left at 2 and 3 dpf and shifts right at 4 and 5 dpf. In addition, after cardiac looping, cardiac function significantly changed as the ventricle developed faster in size. In the heart's tubular shape before cardiac looping, the atrium is bigger than the ventricle (21). At 5 dpf, when active trabeculation increases the ventricle's contractility, contraction of the ventricle increased significantly in corroboration with previous findings (Figure 6F) (18). Atrial SV stayed consistent during development in the interim of increasing SV of the ventricle (Figure 6G).

Despite rapid process and consistent results, the experiment conducted has some mild limitations when considering the overall capabilities being used. The most critical component for this study, including any deep-learning-based segmentation process, requires a high-quality input dataset, as the output test labels are only as good as those they are trained from. In our case, using the fluorescent label zebrafish, tg(cmlc2:gfp), yielded overall strong results from the ventricle but, on occasion, could have issues with the atria due to lower cardiomyocyte density and its location deeper in the chest, leading to more imaging issues. Circumventing this issue was not a trivial action, as exploring extensive preprocessing methods was required to be able to find the boundary of the inner volume of the heart (30). Other limitations that could be found in the experimentation process could be issues within the imaging process, in which user and systematic errors could hinder image fidelity.

Our methods will be compatible with other fluorescent optical imaging, such as z-scanned confocal microscopy images, providing quality 3D reconstruction. Our powerful U-net-based segmentation could be a new tool for studying a variety of future biomedical research applications. To begin, the parameters of the U-net could be tweaked to increase the accuracy and precision of the program for the zebrafish hearts; this would lead to a better quality autosegmentation, which would lead to progress in the field of mechanobiology by using computational fluid dynamics to understand the shear stress or pressure that could affect cardiac morphogenesis (2, 17).



CONCLUSION

Our U-net-based segmentation provides a delicate method to segment the intricate inner volume of zebrafish heart during development, thus providing an accurate and convenient algorithm to accelerate cardiac research by bypassing the labor-intensive task as well as improving the consistency in the results.
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Myocardial infarctions are one of the most common forms of cardiac injury and death worldwide. Infarctions cause immediate necrosis in a localized region of the myocardium, which is followed by a repair process with inflammatory, proliferative, and maturation phases. This repair process culminates in the formation of scar tissue, which often leads to heart failure in the months or years after the initial injury. In each reparative phase, the infarct microenvironment is characterized by distinct biochemical, physical, and mechanical features, such as inflammatory cytokine production, localized hypoxia, and tissue stiffening, which likely each contribute to physiological and pathological tissue remodeling by mechanisms that are incompletely understood. Traditionally, simplified two-dimensional cell culture systems or animal models have been implemented to elucidate basic pathophysiological mechanisms or predict drug responses following myocardial infarction. However, these conventional approaches offer limited spatiotemporal control over relevant features of the post-infarct cellular microenvironment. To address these gaps, Organ on a Chip models of post-infarct myocardium have recently emerged as new paradigms for dissecting the highly complex, heterogeneous, and dynamic post-infarct microenvironment. In this review, we describe recent Organ on a Chip models of post-infarct myocardium, including their limitations and future opportunities in disease modeling and drug screening.
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INTRODUCTION

Cardiovascular disease is the leading cause of death worldwide, responsible for over 17.9 million deaths annually (1). One of the most common causes of cardiovascular disease is coronary artery disease, in which plaque buildup in the coronary arteries deprives downstream myocardium of vital, oxygenated blood. Complete occlusion of the coronary arteries can ultimately lead to myocardial infarction, commonly referred to as a heart attack. Myocardial infarction is among the top five most expensive conditions treated by US hospitals annually and is a common cause of heart failure (2–4).

When a patient presents with a myocardial infarction, percutaneous coronary intervention is often performed, which is a catheterization procedure to restore flow to the interrupted artery and minimize the initial insult (5, 6). Rapid identification of myocardial infarction is essential for timely reperfusion of the occluded coronary artery, which can, in some cases, lead to reperfusion injury that further increases the size of the initial insult (7). After revascularization procedures, treatment is predominantly focused on pharmaceutical interventions to reduce adverse cardiovascular events, including stroke, recurrent infarctions, and death (8). Common treatments include renin-angiotensin-aldosterone system (RAAS) inhibitors, such as angiotensin-converting enzyme inhibitors, which decrease the load on the heart by lowering blood pressure (9) and may also reduce fibrotic remodeling (10). Another therapeutic target is beta adrenergic receptors, which are activated by epinephrine or norepinephrine to stimulate heart rate, strength of contraction, and cardiac output. Similar to RAAS inhibitors, beta blockers, such as bisoprolol, carvedilol, and metoprolol, can reduce blood pressure following myocardial infarction (8, 10). Thus, existing pharmacological interventions are primarily focused on reducing the load on the damaged heart instead of attempting to repair the initial injury or mitigate the ensuing fibrotic remodeling process.

One challenge facing the development of new therapies for post-infarct myocardium is that conventional preclinical models are limited primarily to non-human animal models or static, uniform monolayers of cultured cells that poorly replicate the clinical setting, especially the complex, dynamic remodeling that occurs post-infarction (3). Thus, developing the next generation of treatments for myocardial infarction can be accelerated by new preclinical model systems that more closely replicate native pathophysiology across multiple spatial scales, including the post-infarct cellular microenvironment.

Organs on Chips are engineered in vitro systems that mimic the fundamental structural and functional units of native tissues and have been shown to mimic responses to drugs at clinical doses in various tissue models with higher fidelity than conventional in vitro methods (11). Organs on Chips can also provide enhanced spatiotemporal control over multiple distinct features of the cellular microenvironment, which is especially relevant to modeling post-infarct myocardium. Thus, Organ on Chip approaches have vast potential to provide new mechanistic insights into post-infarct remodeling and to inform future pharmacological interventions.

In this review, we will first describe the cellular and molecular remodeling that occurs after myocardial infarction in humans, which will provide a framework for the microenvironmental features that are important to model on a chip. Next, we will describe existing strategies for engineering aspects of the cellular microenvironment of post-infarct myocardium on a chip, which have until now focused on hypoxia, fibrosis, and strain in both 2-dimensional (2-D) and 3-dimensional (3-D) tissue constructs. Lastly, we will describe considerations for future work to promote clinical mimicry and translation of Organ on a Chip models of myocardial infarction.



VENTRICULAR REMODELING POST-MYOCARDIAL INFARCTION

The initial coronary occlusion of a myocardial infarction deprives downstream myocardium of vital oxygen and nutrients, causing cardiac myocyte necrosis within hours (10, 12, 13). Due to tissue necrosis, the infarct zone is vulnerable to deformation and thinning, which can lead to infarct expansion (14, 15). Cardiac myocytes in the surviving infarct border zone myocardium also begin to rapidly remodel. For example, the normal distribution of intercalated disc protein complexes (gap junctions, desmosomes, and adherens junctions) is lost as early as 6 h post-infarction. Because intercalated disks are necessary for the heart to function as an electromechanical syncytium, changes in their expression and localization are thought to contribute to arrhythmogenesis after infarction (16).

As a result of infarct expansion, diastolic and systolic wall stresses increase (17, 18). To normalize the increased load, the myocardium undergoes cardiac hypertrophy in the weeks and months after an infarction by increasing muscle mass and wall thickness (19). These changes are reflected in the morphology of individual cardiac myocytes, which can increase in both length and diameter. Due to the spatial arrangement of cardiac myocytes in the ventricles, increased diameter and lengthening of individual cells ultimately results in changes in chamber geometry (6, 20, 21), which contributes to ventricular enlargement. Increasing chamber volume through ventricular enlargement may be compensatory in order to maintain stroke volume after the initial loss of contractility (14, 22) but is ultimately associated with increased likelihood of mortality (14, 23).

Tissue necrosis and infarct expansion can also increase the likelihood of myocardial rupture (14, 15). Because mammalian cardiac myocytes have limited regenerative capacity, maintaining tissue integrity is dependent on the formation of a scar. Scar formation occurs through three overlapping phases: the inflammatory phase, proliferative phase, and maturation phase (Figure 1). The inflammatory phase occurs in the first few days following a myocardial infarction and is initiated when necrotic cardiac myocytes release their intracellular contents, which activate pro-inflammatory signaling pathways in innate immune cells (24). Next, inflammatory chemokine and cytokine gradients [comprised of tumor necrosis factor-α (TNF-α), interleukin (IL)-1β, and IL-6] promote leukocyte migration into the infarct zone to clear dead cell debris and damaged extracellular matrix. After 1 week, tissue inhibitors of metalloproteinases are upregulated to conclude this degradative phase (24). Ultimately, as neutrophils undergo apoptosis, macrophages are directed toward a resolving phenotype and begin secreting anti-inflammatory signals [such as transforming growth factor-β (TGF-β) and IL-10] that repress the inflammatory response and drive cardiac fibroblast activation in the subsequent proliferative phase (10).
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FIGURE 1. The post-infarct microenvironment is characterized by dynamic physical, mechanical, and biochemical cues that orchestrate the three phases of healing. Regional and temporal changes of oxygen concentration, stiffness, inflammatory cytokines, cell, and matrix composition characterize the myocardium as injured tissue is replaced with a scar. Created with BioRender.com.


The proliferative phase occurs over the next few weeks and is characterized by cardiac fibroblast proliferation, migration into the site of injury, and differentiation into an activated myofibroblast phenotype. Cardiac fibroblasts are the most abundant non-myocyte cell population in the mammalian myocardium (24) and, after expansion in the proliferative phase in combination with cardiac myocyte necrosis, they become the most abundant cell type in the infarcted region (10). Myofibroblasts play an important role in depositing collagen, fibronectin, and other matrix proteins to maintain tissue integrity and prevent myocardial rupture. They also express α-smooth muscle actin (α-SMA) and non-muscle myosin, which provide them with the ability to generate force to migrate and facilitate wound contracture (10).

The final phase is scar maturation, which occurs on a timescale of weeks to months. In this phase, myofibroblasts initiate collagen turnover and begin secreting type I collagen, which has the tensile strength of steel (12), in place of type III collagen. The depletion of growth factors necessary for myofibroblast survival ultimately leads to myofibroblast apoptosis (10, 25). Further enzymatic cross-linking of collagen occurs through lysyl oxidase, which progressively increases the tensile strength of the myocardium for months after myocardial infarction (10). While myofibroblasts play a vital role in maintaining structural integrity after the initial loss of tissue, they may also be driven by many cellular and molecular events toward a pathological fibrotic response. Myofibroblast persistence in the myocardium can occur for months, or even years, after injury and is a common feature of heart failure (12). Fibrotic tissue, which was historically considered an inert tissue, is now known to secrete factors (such as angiotensin II and TGF-β) that can traverse the interstitial space and promote fibrosis in non-infarcted regions (12, 26).

In summary, post-infarct myocardium is characterized by multiple biochemical and biomechanical properties changing in both space and time, which are correlated to complex remodeling of several cell types and the extracellular matrix in parallel (Figure 1). Some or all of these remodeling processes ultimately impact cardiac function and patient outcomes. However, the relationships between these biochemical, biomechanical, cellular, and molecular factors are incompletely understood, hindering the discovery of new therapies to mitigate the effects of the initial injury. Thus, there is a great need for controlled experimental models of post-infarct myocardium that account for remodeling of the cellular microenvironment to uncover mechanisms of pathophysiology.



IN VITRO MODELS OF MYOCARDIAL ISCHEMIA AND HYPOXIA

Due to the high metabolic activity of cardiac myocytes, the myocardium is a highly vascularized tissue, with capillaries separated by approximately 20 μm (27). This translates to about one blood vessel between every two cardiac myocytes (28). As a result, hypoxia is one of the most injurious effects of a myocardial infarction. Conventionally, hypoxia has been induced by culturing cells in environments with uniformly low oxygen. However, phosphorescent oxygen probes have demonstrated that a spatial gradient ranging from 0 to 10% oxygen bridges injured tissue with neighboring viable tissue in post-infarct myocardium (29, 30). In addition, oxygen concentrations change over time as the infarct zone is re-oxygenated during reperfusion. Thus, in vitro systems that can modulate oxygen concentrations in space or time have more recently been developed to mimic the hypoxic landscape of post-infarct myocardium. In this section, we will describe conventional hypoxia models that replicate uniform hypoxia as well as engineered systems that offer spatial or temporal control over oxygen tension.


Conventional Hypoxia Models

To recapitulate myocardial hypoxia in vitro (3), one of the most common approaches is to place cardiac cells in incubators or hypoxia chambers and replace oxygen with nitrogen. This enables the stable, long-term induction of hypoxia, with tunable control over global oxygen levels by selecting a gas composition of choice. To enable cell handling, hypoxia workstations have also been developed that contain gloveboxes to allow for the manipulation of cells in a hypoxic enclosure. However, these approaches for physical induction of hypoxia require access to specialized equipment, such as incubators with oxygen regulation, and are limited to uniform gas concentrations.

Hypoxia can also be simulated in cells cultured in ambient oxygen by adding hypoxia mimetic agents, such as cobalt chloride, to cell media. Hypoxia mimetic agents often work by stabilizing hypoxia inducible factors (HIF), a family of transcription factors that facilitates the cellular response to hypoxia by upregulating genes associated with survival in low oxygen. In normoxia, HIF is constantly degraded through hydroxylation of the HIF-α subunit by the enzyme prolyl hydroxylase, which marks it for ubiquitination by Von Hippel Lindau protein and subsequent degradation. Cobalt chloride chemically stabilizes HIF in normoxia by replacing Fe2+ with Co2+ in the prolyl hydroxylase active site, thereby inhibiting its hydroxylation of HIF-α and the ensuing degradation pathway. Other successful hypoxia mimetics include dimethyloxalylglycine and deferoxamine, which similarly work by inhibiting prolyl hydroxylase activity (31). Hypoxia mimetics enable easy access to cells during cell culture, are inexpensive, and can quickly simulate hypoxic conditions in vitro. However, they can have adverse effects on other signaling pathways that are not affected by low oxygen (31, 32), may be cytotoxic (33), and likely do not capture all the effects of true hypoxia.

Conventional in vitro models have shown that hypoxia results in structural and functional changes that may contribute to the development of arrhythmias. Specifically, the gap junction protein connexin 43 (Cx43) is known to be affected, which plays a critical role in conducting electrical impulses in the myocardium. Hypoxia has been shown to drive electrical uncoupling in vitro, with effects including decreased Cx43 signal at gap junctions (34, 35), increased Cx43 internalization (35) and dephosphorylation (36), and decreased conduction velocity (34). Hypoxia is also associated with inactivation of sodium potassium pumps (Na,K ATPase), which regulate cardiac action potentials (37, 38). Hypoxic cardiac myocytes also upregulate fetal, T type calcium channels, which are absent in healthy, adult myocardium, in a mechanism dependent on HIF-1α (39). Finally, hypoxia has also been shown to promote apoptosis in cardiac myocytes (40–43). These remodeling processes are possibly related to the increased incidence of arrhythmias observed in post-infarct myocardium.

Studies have also shown that cardiac fibroblasts and other non-myocyte cell populations are generally more resistant to hypoxia (40–42). In response to hypoxic stimuli in vitro, cardiac fibroblasts undergo differentiation into the activated, myofibroblast phenotype, which is signified by increased α-SMA expression (44–46), collagen type I expression (44–47), and migration capacity (46). However, there have been differing reports of cardiac fibroblast proliferation in response to hypoxia (44–46), which may result from differences in basal levels of fibroblast differentiation, or from differences in cell source, oxygen concentration, and hypoxia duration. In response to prolonged hypoxia exposure in vitro, cardiac fibroblasts ultimately undergo apoptosis (48–50).

Hypoxia also changes the secretion of paracrine factors that are involved in many processes of infarct healing, such as angiogenesis, fibroblast differentiation, and remodeling of the extracellular matrix. Hypoxic cardiac myocytes upregulate vascular endothelial growth factor (VEGF) (51, 52), insulin-like growth factor 2 (52), inflammatory cytokines (TNF-α, IL-1β, IL-6), and TGF-β (53). As TGF-β is known to promote fibroblast differentiation into myofibroblasts, medium conditioned by hypoxic myocytes has been reported to drive cardiac fibroblast migration (54) and facilitate faster wound closure in cultured skin fibroblasts (53). Similar to cardiac myocytes, hypoxic cardiac fibroblasts upregulate TGF-β1 and also its receptor, TGFβ-R1, which can play a role in autocrine signaling pathways to promote fibroblast differentiation (46, 48). Hypoxic fibroblasts also exhibit increased secretion of inflammatory cytokines [TNF-α (55–57) and IL-6 (57)], matrix metalloproteinases [MMP-2 and MMP-9 (56)] and VEGF (56), and conditioned medium from hypoxic fibroblasts has been shown to reduce cardiac myocyte viability (55, 58). Thus, hypoxia likely alters cellular cross-talk between distinct cardiac cell types in post-infarct myocardium.



Engineered Models With Spatial Oxygen Gradients

Although conventional hypoxia systems have revealed valuable insights into oxygen-dependent remodeling of cardiac cell types, they do not replicate the spatial or temporal changes in oxygen that are characteristic of post-infarct myocardium. To mimic spatial oxygen gradients, more complex in vitro systems have been engineered. In one example, a microfluidic device was fabricated with a central channel designated for cell culture embedded between two lateral media channels. By flowing media containing a chemical hypoxia mimetic through one channel and standard media through the other, a chemical hypoxia gradient was established in the central cell-containing channel. Cardiac myoblasts near the hypoxic end of the gradient exhibited altered morphology, including reduced cell area and actin disintegration, which was accompanied by mitochondrial dysfunction and decreased cell viability (59). In addition to chemical methods (60–63), microfluidic devices have also been developed to generate physical oxygen gradients by culturing cells on a gas-permeable membrane above microchannels for gas flow (64–66). However, these methods have not been extensively applied to cardiac cell types.

Ischemic gradients have also been developed by stacking thin layers of hydrogels that are mechanically supported by a paper scaffold, a technique termed “cells-in-gels-in-paper.” To control oxygen and nutrient diffusion into the stack, one end of the construct was placed in a base that is impermeable to gases and liquids. Nutrients become depleted as they diffuse into the stack, which creates an ischemic environment in the lower layers. Cardiac myocytes in the ischemic, lower layers exhibited reduced viability and circular morphology when compared with upper layers. Cell-tracking demonstrated that cardiac fibroblasts embedded in upper layers migrate toward ischemic cardiac myocytes. Fibroblast migration increased when myocytes were exposed to higher levels of ischemia (generated through taller stacks) and was reduced in the absence of cardiac myocytes or with the pharmacological inhibition of TGF-β (27). Other methods have been developed that similarly modify hydrogels to generate oxygen gradients (67) by using oxygen-consuming enzymes during hydrogel cross-linking (68, 69), embedding a hydrogel between gas flow channels (70), or linearly increasing cell density and thus oxygen consumption rates (71), but these methods have not yet been implemented to model post-infarct myocardium.

Lastly, cardiac spheroids have also been implemented to mimic hypoxia gradients. Cardiac spheroids are 3-D aggregates of cardiac cells that recapitulate select aspects of native tissue structure and function (72–76). Because the diffusion limit of oxygen in tissues is around 100–200 microns (77), cardiac spheroids intrinsically generate oxygen gradients, for which oxygen tension is highest at the surface and decreases toward the necrotic core. Though this is conventionally thought of as a limitation of spheroids, recent work has harnessed this property to develop “infarct spheroids” that are exposed to ambient 10% oxygen to generate spatial hypoxia gradients (0–10% oxygen) that mimic the infarct, border, and remote zones after infarction (Figure 2A). These infarct spheroids contained cardiac myocytes, endothelial cells, and stromal cells and were treated with noradrenaline to mimic neurohormonal stimulation after infarction. Infarct spheroids demonstrated similar global gene-expression profiles to human ischemic cardiomyopathy and animal myocardial infarction samples. Furthermore, when compared with control spheroids in ambient oxygen, infarct spheroids exhibited a metabolic shift toward glycolysis, increased stiffness, increased expression of myofibroblast markers, decreased cardiac myocyte contraction amplitude (Figure 2A), and asynchronization of contractions (78).
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FIGURE 2. Engineered in vitro hypoxia models that modulate oxygen in (A) space and (B) time. (A) Infarct spheroids generate intrinsic spatial oxygen gradients to model the infarct, border, and remote zones after myocardial infarction. Infarct spheroids exhibit higher levels of myofibroblast marker expression, exhibit asynchronous contraction of myocytes, and have lower contraction amplitudes than control spheroids. Reprinted by permission from Springer Nature: Nat. Biomed. Eng. (78). (B) Muscular thin films with integrated strain gauges can measure changes in contractility in cardiac myocytes pre-treated with endothelial extracellular vesicles in a simulated ischemia-reperfusion injury. Endothelial extracellular vesicles enhanced the contractility of engineered cardiac tissues during both ischemia and reperfusion. From Yadid et al. (79). Reprinted with permission from AAAS.




Engineered Models of Ischemia-Reperfusion

In vitro models have also been engineered to replicate dynamic changes in oxygen characteristic of ischemia-reperfusion. Microfluidic devices are particularly suitable for this application because they contain chambers of small volumes that can be rapidly filled with hypoxic gas or cell medium. For example, a microfluidic device with integrated bioelectronics was used to measure intracellular action potential and extracellular beat rate and propagation velocity in cardiac myocytes cultured in a microchannel. The microchannel was rapidly filled with hypoxic cell medium followed by recovery medium to mimic ischemia-reperfusion. Hypoxic cardiac myocytes demonstrated substantially reduced depolarization times and beat rates, as well as irregular propagation patterns, which recovered within 30 min after reintroducing normoxic cell media (80). A similar microfluidic device was fabricated to contain small chamber volumes that can be quickly filled with hypoxic gas. Gas from the upper chamber diffused across a thin, gas-permeable membrane to reach cells cultured in lower microfluidic channels. This device demonstrated that hypoxic conditions below 5% oxygen induce changes in cardiac myocyte calcium transients, including a decrease in amplitude that could be mimicked using L-type calcium channel antagonists. After a subsequent 10 min of reperfusion with normoxic gas, cardiac myocytes recovered with normal calcium transients (81). Together, these studies suggest that hypoxia induces reversible alterations in cardiac myocyte electrophysiology.

In another model of ischemia-reperfusion, cardiac myocytes were cultured as an aligned tissue on silicone cantilever substrates with embedded strain sensors (Figure 2B). The cardiac myocytes were aligned using microcontact printing, which involves the preparation of silicone “stamps” that are used to transfer extracellular matrix proteins to a substrate in desired geometries. With a spatial resolution of approximately 1 μm, microcontact printing can direct tissue orientation (82–84), single-cell shape (85), and even subcellular structures (86). When the aligned cardiac tissues contracted on the cantilever substrates, the cantilevers deflected, leading to a resistance change in the embedded strain sensors proportional to the contractile stress (87, 88). This system was used to provide real-time measurements of contractile stress in a simulated ischemia-reperfusion injury by switching cells from ischemic media at 1% oxygen to standard media at ambient 21% oxygen. Integrated sensor readouts demonstrated that cardiac tissues stopped contracting during ischemia and displayed a minor recovery of twitch stress during reperfusion. In contrast, pre-treatment with endothelial cell-derived extracellular vesicles was cardioprotective and enabled cardiac tissues to continue contracting during simulated ischemia and exhibit higher recovery of twitch stress after reperfusion (Figure 2B) (79).

In summary, several technologies, including microfluidic devices, hydrogels, spheroids, and strain sensors, have been implemented to mimic the spatial and temporal oxygen gradients characteristic of post-infarct myocardium and subsequently quantify changes in cardiac cell phenotypes. Unlike conventional systems, these approaches can be used to explore oxygen-dependent regional and temporal changes in cellular phenotypes at high resolution and uncover cross-talk between cells in distinct oxygen environments to identify new mechanisms of infarct remodeling.




IN VITRO MODELS OF MYOCARDIAL FIBROSIS AND STIFFNESS

Healthy myocardium is a moderately stiff tissue, with an elastic modulus of around 10 kPa. After myocardial infarction, local elastic modulus in the infarcted region increases to 20–100 kPa due to scar formation and fibrosis (89–92). Rat models with coronary artery ligation demonstrate myocardial stiffening over time, with elastic modulus increasing from 18 to 55 kPa (90), and increased stiffness has been observed in the infarct zone as early as 1 day post-infarction (93). In addition to temporal changes, regional stiffness varies between the infarct zone, border zone, and remote zone by 3 days post-infarction (94). Elastic modulus progressively decreases in the border zone at a rate of 8.5 kPa/mm toward remote tissue (90). Because investigating the effects of tissue stiffness with in vivo models is confounded by many other concurrent changes, including matrix composition (93), in vitro models have been implemented to elucidate the effects of stiffness and other aspects of fibrosis on cardiac cell phenotypes. In this section, we will describe 2-D and 3-D in vitro models of cardiac fibrosis that focus primarily on recapitulating uniform or spatiotemporal changes in stiffness.


2-D Models With Uniform Stiffness

Because standard polystyrene dishes used for cell culture are nearly five orders of magnitude more stiff than the native myocardium (95), mechanically tunable biomaterials have been developed to mimic the rigidity of healthy or fibrotic myocardium (96). For example, hydrogels are cross-linked, hydrophilic polymers with high water content that are commonly used as cell culture substrates because they can be tuned to resemble the elasticity of soft tissue and allow for efficient mass transfer. Hydrogels can incorporate natural polymer chains, such as mammalian matrix proteins, or synthetic polymer chains, such as polyacrylamide or polyethylene glycol (97, 98). Other biomaterials commonly used to recapitulate physiological or pathological stiffness in vitro include elastomers like polydimethylsiloxane (PDMS), which is biocompatible, mechanically tunable, and transparent (99–102).

When cultured on rigid hydrogel or elastomer substrates, cardiac myocytes exhibit disorganized sarcomeres, reduced sarcoplasmic calcium stores (103), lower amplitude calcium currents (103, 104), decreased cell shortening during contraction (103), and a progressive decrease in beat frequency over time (105) when compared to substrates that mimic the elasticity of healthy myocardium. Using traction force microscopy, in which fluorescent beads embedded in substrates are displaced during cell contraction, several studies have established non-monotonic relationships between force generation and substrate rigidity. In these studies, cardiac myocytes generally generate maximum forces on physiological stiffness, which decrease on substrates that are either more soft or stiff in both isotropic (103, 106) and aligned microtissues (107). However, some studies have reported linearly increasing force generation with increased substrate stiffness (101, 108, 109), which may be attributed to differences in experimental methods, such as cell source, biomaterial substrate, or analysis techniques. Similar results are observed in cocultures of cardiac myocytes and fibroblasts on polyacrylamide substrates, in which increased stiffness results in reduced troponin I staining, increased fibroblast density, and poor electrical excitability (106).

Micropatterning has also been used in combination with tunable hydrogel or elastomer substrates to modulate both cellular architecture and substrate stiffness because both of these features remodel concurrently in post-infarct myocardium. Substrate stiffness and cellular architecture has been shown to modulate metabolic activity (99, 100, 107) and mitochondrial structure in cardiac myocytes (102). Microcontact printed hydrogels have also been used to characterize the contractility of single (85) or coupled (110) cardiac myocytes as a function of both cellular architecture and substrate stiffness. At the single cell level, cardiac myocytes with low cell aspect ratios that mimic concentric hypertrophy do more work on stiff substrates that resemble fibrotic myocardium, demonstrating a functional advantage of cell shape remodeling in response to mechanical overload (85). In coupled myocytes, stiff substrates caused increased focal adhesion formation at the cell-cell interface, possibly contributing to cellular uncoupling in post-infarct myocardium (110).

To model both the cellular and biomechanical aspects of fibrosis, tissues have also been engineered with cardiac myocytes and fibroblasts on substrates with tunable stiffness. For example, microcontact printing has been implemented to engineer aligned microtissues on polyacrylamide hydrogels with both cardiac myocytes and fibroblasts. Microtissues generated less work on rigid substrates, irrespective of cell adhesion ligand or presence of fibroblasts, revealing the dominant role of substrate elasticity in regulating contractile output (111). To engineer an artificial infarct boundary, cardiac myocytes and fibroblasts have been cocultured on separate halves of cell culture substrates with rigidities that range from healthy, 1-week post-infarct, and 2- to 6-weeks post-infarct myocardium. The presence of cardiac fibroblasts in this coculture setting attenuated mechanical signal propagation across the infarct boundary in a stiffness-dependent manner (112).

In addition to affecting cardiac myocytes, rigid substrates that mimic fibrotic myocardium also promote fibroblast activation to myofibroblasts. On stiff substrates, cardiac fibroblasts notably activate into a myofibroblast phenotype, exhibiting increased α-SMA coverage (113–116), increased contractile force generation measured through traction force microscopy (117), and increased nuclear localization of the mechanosensitive transcription factors yes-associated protein (YAP) and transcriptional co-activator with PDZ-binding motif (TAZ) (114). Knockdown of YAP and TAZ reversed or attenuated stiffness-dependent changes in cell morphology and function, suggesting YAP and TAZ coordinate fibroblast mechanoactivation (114). In other work, limiting focal adhesion size through microcontact printing was also sufficient to interrupt the recruitment of α-SMA to stress fibers on stiff substrates, indicating that focal adhesion size may control α-SMA localization (113). Studies that establish mechanisms behind fibroblast mechanoactivation may reveal new targets for anti-fibrotic strategies to mitigate adverse remodeling following myocardial infarction.

In vitro models have also identified stiffness-dependent secretion of paracrine factors, which may regulate several processes involved in infarct remodeling. For example, cardiac myocytes on stiff substrates secrete more VEGF. Consistent with this finding, media conditioned by myocytes on stiff substrates promotes angiogenesis, including increased migration capacity and tube length of microvascular endothelial cells (118). Fibroblasts cultured on stiff hydrogels and treated with TGF-β have also been shown to upregulate several cytokines, including osteopontin, a known regulator of collagen cross-linking via lysyl oxidase, and insulin-like growth factor 1, which regulates cardiac myocyte hypertrophy. As a result, conditioned media from TGF-β-treated fibroblasts cultured on stiff hydrogels has been shown to induce cardiac myocyte hypertrophy, indicated by increased cell volume, when compared with medium from cardiac fibroblasts without TGF-β, regardless of substrate stiffness (119). This echoes previous work that demonstrates TGF-β may be a more potent regulator of the myofibroblast phenotype than substrate rigidity (116). Together, 2-D models that resemble the elasticity of fibrotic myocardium recapitulate many cellular and molecular events following myocardial infarction.



2-D Models With Spatiotemporal Control of Stiffness

2-D models with uniform stiffness do not encompass regional changes in stiffness between the infarct, border, or remote zones following myocardial infarction. Spatial stiffness gradients have been fabricated through graded material cross-linking (120), including gradient-patterned (121–124) or sliding (125, 126) photomasks, layering of hydrogels of different elasticities (127), applying a temperature gradient to PDMS during curing (128), or microfluidic-mixing of prepolymer solutions with different cross-linker concentrations (129). However, most of these have not been implemented with cardiac cell types to model post-infarct myocardium. In one example, a polyethylene glycol hydrogel was patterned with soft and stiff concentric circles using a photomask. Cardiac fibroblasts cultured on stiff regions of the substrate expressed increased α-SMA and collagen when compared with soft regions. Live imaging demonstrated a directional cellular migration toward the inner stiff region. Treatment with a ROCK inhibitor reduced the population of myofibroblasts, demonstrating that the model can be used as an antifibrotic drug screening platform (130). To investigate the effects of pathological matrix stiffening in lung fibroblasts, a stiffness gradient was made from polyacrylamide gels polymerized through gradient photomasks. Human lung fibroblasts cultured on the stiffness gradient show a progressive increase in fibroblast activation, indicated by increased proliferation and matrix synthesis, toward the stiff end of the gradient. Addition of prostaglandin E2, an inhibitor of fibrogenesis, inhibited fibroblast activation (131). Similar phenotypes may also be observed in cardiac fibroblasts over stiffness gradients, though this has not yet been tested.

Mechanical properties can also be controlled in situ to model changes in stiffness over time, which is characteristic of infarct scar maturation. This can be achieved with materials that polymerize in response to light exposure (132, 133) or by varying the molecular weight of the cross-linking agent in real-time (134). Engineered models to capture dynamic stiffening have been used to model development, wound healing, and disease (135), but few have been implemented in the context of myocardial infarction. In one study, hyaluronic acid hydrogels seeded with cardiac fibroblasts were modified to dynamically increase in stiffness in response to UV exposure. Dynamic stiffening to model scar maturation resulted in increased cell spreading, α-SMA formation, and collagen I expression (Figure 3A) (115). Although fibroblast activation correlates with increased stiffness in 2-D spatiotemporal models, cardiac myocyte phenotype and function has been relatively unexplored in these settings.
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FIGURE 3. Engineered in vitro fibrosis models that modulate stiffness in (A) time and (B) space. (A) A hyaluronic acid hydrogel is polymerized in situ upon exposure to UV light to mimic scar maturation after myocardial infarction. Stiffening from 8 to 30 kPa results in collagen turnover (*p < 0.05). Republished with permission of the American Society for Cell Biology, from Herum et al. (115); permission conveyed through Copyright Clearance Center, Inc. (B) A heteropolar biowire integrates normal (7.6 kPa) and fibrotic (61.1 kPa) cardiac tissue. The white dashed line indicates the interface between normal and fibrotic regions. Normal regions exhibit increased α-actinin, a component of sarcomeres in cardiac myocytes, while fibrotic regions have increased collagen and α-smooth muscle actin, indicating increased presence of myofibroblasts. Images reproduced with permission of the American Chemical Society, from https://pubs.acs.org/doi/full/10.1021/acscentsci.9b00052 (136). Further permissions related to the material excerpted should be directed to the American Chemical Society.




3-D Models With Uniform Stiffness

Modulating stiffness in 2-D only exposes one side of cells to the fibrotic microenvironments experienced in vivo. To more closely mimic cell-cell and cell-matrix interactions that occur in native myocardium, cardiac cells have been mixed into hydrogels to form 3-D tissues. Similar to findings in 2-D, cardiac myocytes encapsulated in rigid polyethylene glycol hydrogels demonstrate reduced cell shortening and increased relaxation time when compared with soft hydrogels, which was also accompanied by increased intracellular localization of the mechanosensitive transcription factor YAP (133). In 3-D, matrix stiffness promotes fibroblast differentiation into myofibroblasts, demonstrated by increased stellate morphology, α-SMA and collagen type III levels, and gel compaction (137), consistent with findings in 2-D. The simple aggregation of cardiac fibroblasts in 3-D using low-attachment plates has also been shown to induce gene expression changes associated with adverse cardiac remodeling and the extracellular matrix. Conditioned media from 3-D fibroblast aggregates also causes cardiac myocyte hypertrophy relative to media from fibroblasts cultured in 2-D (138), indicating that phenotypes in 2-D do not always translate to 3-D.

Using microfabricated templates, 3-D cardiac tissues have also been engineered with control over cell composition, matrix stiffness, and tissue architecture. In one model, cardiac myocytes and fibroblasts were embedded in collagen hydrogels of varying fibroblast cell densities or collagen concentrations and suspended between uniaxial PDMS microposts. Microposts serve as tissue constraints that promote alignment. Increasing fibroblast density decreased tissue contraction force and hampered beating frequency, as measured by displacement of the microposts (139). In a similar paper, the system was modified to contain biaxial PDMS microposts to generate isotropic cardiac matrices, designed to mimic “diseased” architecture. 3-D microtissues of cardiac myocytes and fibroblasts in isotropic matrices display more stellate morphology, characteristic of myofibroblasts, and more heterogeneous force distribution when compared with “healthy” aligned matrices. Furthermore, increasing the proportion of fibroblasts in the tissues reduces the overall tissue beating frequency, suggesting that both matrix organization and cellular composition regulate cardiac function (140).

Although hydrogels are mechanically tunable, they fail to recapitulate the fibrous architecture of native cardiac extracellular matrix. A 3-D fibrous network functionalized with fibronectin, which anchors cardiac cells in vivo, was fabricated through electrospinning. Spin speed was adjusted to tune fiber alignment while photo-initiated cross-linking was used to tune fiber stiffness to mimic physiologic (9–14 kPa) or pathophysiologic (>20 kPa) tissues. Cardiac myocytes in stiff, fibrous networks exhibit slower calcium flux, indicated by increased decay time and increased peak-to-peak irregularity (141). In another example, fibrous scaffolds with varying fiber stiffness were fabricated through two-photon polymerization and seeded with cardiac myocytes that lack expression of cardiac myosin binding protein C, which is thought to play a role in sarcomere sliding during contraction. Mutations in this protein are also associated with hypertrophic and dilated cardiomyopathy. While control cells were able to adapt to the increased load with increasing contraction force, cells with the mutation displayed impaired contraction on stiffer fibers. This work demonstrates the combined effects of mechanical stress and genetic factors on contraction deficits (142).

Interestingly, fibroblasts in 3-D fibrous matrices depart from the conventional relationships established between stiffness and fibroblast activation in 2-D cell culture or 3-D hydrogels (143). In human lung fibroblasts seeded in the same fibrous matrices, increasing fiber stiffness actually reduced proliferation and myofibroblast activation (α-SMA) when compared with cells on soft and deformable fibrous matrices. This is correlated with reduced cell spreading and focal adhesion formation that was also observed with increasing stiffness (144). Fiber density, on the other hand, has been shown to promote differentiation in lung fibroblasts, signified by increased fibronectin synthesis, nuclear localization of YAP, proliferation, and cytokine secretion (145). Similar relationships may also exist for cardiac fibroblasts but have yet to be investigated.



3-D Models With Spatiotemporal Control of Stiffness

Engineered 3-D cardiac tissues have also been fabricated with increasing spatiotemporal control over stiffness. A 3-D fibrosis model was developed using the biowire platform, in which cardiac cells are encapsulated in a fibrin-based hydrogel and suspended between a pair of polymer wires that function to promote microtissue alignment. Tissue contractile stress is measured based on the deflection of the intrinsically fluorescent polymer wires. To model healthy (7.6 kPa) or fibrotic (61.1 kPa) myocardium, cardiac myocytes were cocultured with 25 or 75% cardiac fibroblasts, respectively. Fibrotic tissues underwent more rapid compaction and had higher collagen content, disrupted myofibril structures, altered Cx43 distribution, prolonged time to peak, and lower contractile force generation when compared with healthy tissues. To next create a spatially heterogeneous stiffness model, which can mimic the interface between the infarct zone and viable tissue, fibrotic and healthy tissue were integrated at opposing sides of a single biowire platform (Figure 3B). The fibrotic side of the microtissue underwent more rapid compaction, contained increased collagen content and myofibroblast activation, and had slower calcium transients with a lower amplitude compared to the healthy side. In addition, propagation velocity at the healthy side was diminished when compared with uniform healthy biowire tissues. Arrhythmic waves were also observed, especially in the interface region. This platform was also used to screen antifibrotic drugs (136), demonstrating the potential impact of these approaches in drug development.

To alter substrate rigidity over time, one approach is to encapsulate cells into hydrogels that either degrade or cross-link in response to specific wavelengths of light. In one example, a 3-D photodegradable hydrogel was used to demonstrate that valvular myofibroblasts can be redirected into a quiescent phenotype by decreasing stiffness. This work demonstrates fibroblast phenotypic plasticity and the potential role of the mechanical environment in de-differentiating fibroblasts, which has therapeutic applications in resolving fibrotic disease (146). Lastly, one study demonstrated that cardiac myocytes encapsulated in photopolymerizable polyethylene glycol hydrogels do not exhibit differences in cell viability after UV exposure (133), though the impact of progressive stiffening in 3-D on cardiac cell phenotypes has not been further established.




IN VITRO MODELS OF PATHOLOGICAL STRAIN

Cardiac cells are constantly under cyclic stretch in the healthy, beating heart. Myocardial infarction results in an initial loss of contractility in the infarct zone followed by arrhythmogenesis, which alters strain rates experienced by surviving cardiac cells, as quantified through echocardiographic imaging (147). To stretch myocytes and non-myocytes in vitro, experimental platforms include microchips with stretchable silicone membranes, custom-built bioreactors, or commercially available cell straining units in which strain can be applied to cell culture plates with integrated loading posts.

Chronic cyclic stretch over several days to mimic the diastolic and systolic movement of cardiac muscle has been shown to promote the maturation of “engineered heart tissues,” which are generally defined as cardiac myocytes embedded in hydrogels and cast around uniaxial tissue constraints or circular molds. Stretched heart tissues exhibit increased cell alignment (148–151), sarcomere organization (151, 152), Cx43 expression (150, 151), and contractile force generation (148, 150, 153). In some studies, morphological changes were also observed that indicate cardiac myocyte hypertrophy through increased cell size (148, 152) and mitochondrial density (148). In 2-D aligned cardiac tissues fabricated through microcontact printing, chronic cyclic stretch has also been shown to induce pathological changes in cell aspect ratio and sarcomere alignment, promote gene expression profiles associated with pathological remodeling, and diminish calcium transients and force generation (Figure 4A) (154). Thus, chronic cyclic stretch can be beneficial or detrimental to cardiac myocytes, depending on the specific parameters.


[image: Figure 4]
FIGURE 4. Engineered in vitro models to mimic pathological strain post-infarction. (A) Muscular thin films on a stretchable silicone membrane provide real-time measurements of contractile stress during stretch. Images reproduced from McCain et al. (154). (B) A microfluidic device to evaluate the combined effects of hypoxia and strain on cardiac fibroblasts. Created with BioRender.com. Both hypoxia (1% O2) and reduced contractility (2% strain) are required for cardiac fibroblasts to upregulate TGF-β and IL-1β (*p < 0.05, **p < 0.01). Image reproduced from Ugolini et al. (155) (https://creativecommons.org/licenses/by/4.0/).


Cardiac fibroblast responses to strain have also been relatively inconsistent. In some cases, stretching activates many hallmarks of cardiac fibrosis, including increased fibroblast proliferation, hydrogel stiffening (156), increased gel compaction and strength (157, 158), extracellular matrix deposition (156–158), and enhanced secretion of TNF-α (159). However, responses are dependent on baseline levels of fibroblast activation, which is highly sensitive to culture conditions. Cardiac fibroblasts that are cultured for 1 day on rigid substrates and have lower initial levels of α-SMA respond to static tensile forces with increased α-SMA, while cells cultured for 3 days with higher basal levels of α-SMA respond to the same force with decreased α-SMA production (160). Consistent with this, fibroblasts grown on soft hydrogels with minimal basal α-SMA expression and exposed to static stretch show elevated α-SMA mRNA levels and expression of various extracellular matrix proteins, including collagen and fibronectin (115). Fibroblasts also show differing proliferative behavior in response to mechanical strain, which may be dependent on baseline α-SMA levels, strain rate (161), ECM composition (162, 163), serum concentration (164), or substrate stiffness (115), which highlights a need for more standardized cell culture methods (165).

To assess the combined effects of strain and hypoxia, cardiac fibroblasts have been cultured in a microfluidic device containing a stretchable, gas-permeable membrane situated above a microchannel for gas flow and between lateral actuation channels (Figure 4B). Uniform hypoxia (1% oxygen) or reduced contractility to mimic post-infarct myocardium (2% strain) are alone sufficient to induce proliferation and collagen type 1 production, although the combined effects of hypoxia and reduced strain are required to trigger fibroblast secretion of IL-1β or TGF-β (155).

Paracrine signals secreted by stretched cardiac cells may also regulate critical aspects of infarct healing. Recent work has characterized the transcriptomic profile of stretched cardiac myocytes, which show differentially expressed genes and regulatory networks that may lead to hypertrophic growth of cardiac myocytes (166). Consistent with this, stretched cardiac myocytes upregulate miR208, a mediator of cardiac hypertrophy, hypertrophic proteins, such as β-myosin heavy chain, and secretion of TGF-β (167). Neonatal rat cardiac myocytes on stretched silicone membranes have also been reported to undergo apoptosis, accompanied by mitochondrial dysfunction (168). One study explored factors secreted by stretched cardiac myocytes by fabricating a coculture device that enables paracrine signaling between cardiac myocytes and fibroblasts while exposing cardiac myocytes to strains that mimic the border zone after infarction in vivo. In this device, coculture with stretched cardiac myocytes increases cardiac fibroblast proliferation. A media screen indicated the presence of cytokines such as colony stimulating factor 1 and platelet derived growth factor B, which were sufficient to increase proliferation in fibroblast monocultures (115).



OUTLOOK

As described above, post-infarct myocardium is characterized by distinct biochemical and biomechanical changes in the cellular microenvironment that vary in both space and time and are thought to contribute to excessive fibrosis, hypertrophy, and arrhythmias. Unlike conventional in vitro and in vivo models, Organs on Chips are able to dissect the impact of these complex and dynamic changes to the post-infarct microenvironment by offering a unique combination of multi-modal microenvironmental control and accessibility to physiological readouts. For example, the gradient systems described above showed that cardiac fibroblasts migrate toward both ischemic cardiac myocytes (27) and stiffer environments (130), two hallmark features of post-infarct myocardium. These studies also demonstrated that myofibroblast phenotypes can be reduced by inhibiting TGF-β (27) or ROCK (130), suggesting that these molecules or pathways could be exploited as anti-fibrotic therapies. As another example, microfluidic devices that offer precise control over oxygen concentration showed that the electrophysiology of cardiac myocytes becomes irregular in response to hypoxia but can recover after 10–30 min of reperfusion (80, 81). Another Organ on a Chip system showed that pre-treatment with endothelial cell-derived vesicles reduces ischemia-reperfusion injury in engineered cardiac tissues (79). Collectively, these and the other examples highlighted above demonstrate how Organ on a Chip models of post-infarct myocardium are powerful for determining how disease evolution is regulated by spatiotemporal heterogeneity while also serving as platforms for therapeutic development.

Despite the advantages of Organs on Chips, there are still many challenges that limit their widescale adoption for disease modeling and drug discovery. First, some findings in response to hypoxia, stiffness, or strain have produced conflicting results. For example, studies have reported increased (45, 155), decreased (46), or unchanged (44) proliferation of cardiac fibroblasts in response to hypoxia. Similarly, fibroblast proliferation has been shown to increase (155, 161) or decrease (162) in response to strain. This may be due to the inherent heterogeneity of the biological responses or may highlight a need for more standardized experimental methods. There is also a need for more characterization of injured myocardium in vivo and ex vivo through techniques such as atomic force microscopy, fluorescent oxygen probes, and high-resolution imaging to ensure that Organs on Chips are accurately modeling relevant features of post-infarct myocardium and to establish more universal design parameters.

Another limitation of existing Organ on a Chip models of post-infarct myocardium is their over-simplified architecture. As described above, current in vitro models have been predominantly 2-D monocultures that can be micropatterned to control tissue architecture or 3-D cocultured tissues or spheroids with relatively random tissue architecture. Thus, future work should focus on engineering cardiac tissues with distinct control over the positioning of multiple cell types and matrix components, leading to more granular models of post-infarct myocardium. Emerging methods to pattern multiple cell types in 2-D (169) and 3-D (170, 171) can improve the architectural relevance and reproducibility of engineered tissues. 3-D bioprinting has also advanced considerably in recent years to provide increasing structural complexity (172, 173), including spatial gradients in porosity (174) and material and cell composition (175), and can be implemented to make more precise tissue models. Model systems should also strive to incorporate relevant cell types beyond cardiac myocytes and fibroblasts, such as neurons (176) and immune cells (177). In addition, there are other types of spatial and temporal gradients beyond those described above, such as cytokine and chemokine gradients that orchestrate the inflammatory cascade after myocardial infarction. Recent approaches to control gradients of soluble factors using microfluidics (178, 179) or 3-D hydrogels (180) will enable more complex modeling of small molecule gradients in the context of myocardial infarction.

Another limitation of many of the studies described above is their reliance on primary cardiac cells from other species (usually neonatal rats), which have historically been the most accessible cardiac cell source. Cells from neonatal rats exhibit species-specific differences and are relatively resistant to hypoxia, a key feature of the infarct microenvironment (3). Thus, model systems will be improved as the field continues to adopt human induced pluripotent stem cell (hiPSC)-derived cardiac myocytes. In addition to providing human relevance, hiPSC-derived cardiac myocytes can also help identify genetic contributions to post-infarct remodeling (181) and contribute to patient-specific models and treatment regimens. However, a major concern is that these cells demonstrate fetal-like maturity, which is especially problematic for modeling myocardial infarctions, a condition that affects almost exclusively adults. Recent approaches to mature hiPSC-derived cardiac myocytes with electromechanical or biochemical stimuli may help mitigate this concern (182, 183), but achieving adult-like maturity in hiPSC-derived cardiac myocytes remains a major hurdle for the field.

Lastly, Organ on a Chip systems need to be more high-throughput and scalable to be integrated into the drug discovery pipeline. Thus, the field also needs more scalable fabrication methods, such as rapid, multimaterial bioprinting of cardiac biowire scaffolds into 96-well plate formats (184) or the development of substrates with integrated electrodes to streamline electrical stimulation (185). Throughput can also be improved by integrating sensors for real-time readouts of parameters such as tissue contractility (87, 88), action potentials (186), the consumption or secretion of biomolecules (187, 188), or physical aspects of the microenvironment, such as oxygen concentration and temperature (189). These types of multi-sensor systems will provide more continuous and detailed insight into cellular phenotypes in response to drug treatments while also requiring less manual handling, thereby increasing throughput and reproducibility.

In summary, engineered Organ on a Chip models of post-infarct myocardium have exciting potential to address many of the gaps presented by oversimplified 2-D cell culture models and animal models that lack human relevance. As technologies continue to develop, next-generation multi-dimensional models could provide simultaneous control over spatial and temporal changes in the physical, biochemical, and mechanical microenvironment that correspond to the phases of infarct healing. When further advanced with patient-derived cells, scalable fabrication techniques, and integrated sensors, these models have potential to emerge as new standards for disease modeling and drug screening and lead to new breakthrough therapies for mitigating post-infarction remodeling.
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Cardiovascular disease is a worldwide epidemic and considered the leading cause of death globally. Due to its high mortality rates, it is imperative to study the underlying causes and mechanisms of the disease. Vascular calcification, or the buildup of hydroxyapatite within the arterial wall, is one of the greatest contributors to cardiovascular disease. Medial vascular calcification is a predictor of cardiovascular events such as, but not limited to, hypertension, stiffness, and even heart failure. Vascular smooth muscle cells (VSMCs), which line the arterial wall and function to maintain blood pressure, are hypothesized to undergo a phenotypic switch into bone-forming cells during calcification, mimicking the manner by which mesenchymal stem cells differentiate into osteoblast cells throughout osteogenesis. RunX2, a transcription factor necessary for osteoblast differentiation and a target gene of the Wnt signaling pathway, has also shown to be upregulated when calcification is present, implicating that the Wnt cascade may be a key player in the transdifferentiation of VSMCs. It is important to note that the phenotypic switch of VSMCs from a healthy, contractile state to a proliferative, synthetic state is necessary in response to the vascular injury surrounding calcification. The lingering question, however, is if VSMCs acquire this synthetic phenotype through the Wnt pathway, how and why does this signaling occur? This review seeks to highlight the potential role of the canonical Wnt signaling pathway within vascular calcification based on several studies and further discuss the Wnt ligands that specifically aid in VSMC transdifferentiation.
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INTRODUCTION

Cardiovascular disease (CVD) is a worldwide epidemic. As the leading cause of death across the world, many researchers are working to better understand the causes and mechanisms resulting in the disease (1). One of the contributors and predictors of cardiovascular mortalities is vascular calcification, the buildup of hydroxyapatite deposits within the arterial wall. The mineral deposition can occur in either the intimal or medial layers of the arteries; the location depends upon the causative factors and can result in different effects within the body (2). Conditions conducive of calcification include, but are not limited to, hypercalcemia, hyperphosphatemia, and mechanical stress which induce changes to the arteries on a cellular level. Medial calcification, which occurs within the vascular smooth muscle cells (VSMCs) lining the middle layer of the arterial wall, has been linked to hypertension, stiffness, and increased risk of heart failure (3). A comprehensive understanding of the various changes within the VSMCs during calcification may help to identify a key regulator to target with a treatment. VSMCs are derived from mesenchymal stem cells and are not terminally differentiated; they are known to maintain their plasticity and can differentiate into other mesenchymal cell derivatives (4). During calcification, studies have shown VSMCs undergo a cellular mediated phenotypic switch into cells resembling bone forming osteoblasts, characterized by a loss of smooth muscle markers and an upregulation of osteogenic markers (5). Runx2, a transcription factor necessary for osteoblast differentiation, is upregulated within calcifying VSMCs and may be the cause of this transdifferentiation (6). Runx2 is a target gene of the Wnt signaling cascade, which is known to regulate bone development during embryogenesis, as well as direct bone turnover and remodeling (7). Because mineral deposition in VSMCs appears to be very similar to bone formation, many studies have begun investigating Wnt signaling as a possible mechanism and regulator of vascular calcification. This mini review seeks to culminate the observations made so far on VSMC phenotypes and the regulatory role of Wnt in VSMC plasticity to help construct a holistic but focused view of the cellular factors influencing vascular calcification.



VSMC PHENOTYPES

Before the 1960s, it was commonly thought that there were two cell types in the arterial media: smooth muscle cells and fibroblasts. The reason for this assumption was due to the presence of connective tissue within the middle layer, like that formed by fibroblasts. However, in the early 1960s, studies began providing evidence for only one cell type, smooth muscle cells, within the arterial media (8, 9). In 1967, Wissler suggested that the medial cells are a multifunctional mesenchyme cell type capable of both contracting and fabricating connective tissue. Wissler was one of the first to realize smooth muscle cell plasticity and that the once thought fibroblasts are really a dedifferentiated smooth muscle cell (10). Over the next few decades, much more was learned about the range of VSMC phenotypes. The principal function of VSMCs within the body is to maintain blood pressure. To achieve this function, the cells primarily maintain a contractile phenotype that is characterized by slow proliferation, response to neurotransmitters, and expression of cellular markers such as α-smooth muscle actin, smooth muscle myosin heavy chains 1 and 2, calponin, and smoothelin (4). When in the contractile state, the cell has a spindle shape with many focal adhesions and integrin receptors to connect the cell to the ECM and allow for contraction. The cytoplasm contains primarily myofilaments, with a low number of other organelles such as rough endoplasmic reticulum, Golgi, and free ribosomes (11). In response to a necessary change in function, such as the need for increased proliferation, VSMCs may display a dedifferentiated phenotype commonly referred to as synthetic. The synthetic state is characterized primarily by proliferation, migration, and extracellular matrix production, so the cytoplasm of the cells contains a greater amount of rough endoplasmic reticulum, Golgi, and free ribosomes and a smaller number of myofilaments (11). The distinctions between the contractile and synthetic phenotypes can be seen in Figure 1 (12). The need for greater proliferation as seen in the synthetic state can arise in various circumstances but has been particularly characterized in response to vascular injury.


[image: Figure 1]
FIGURE 1. Depiction of the differences between the contractile and synthetic VSMC phenotypes. Most VSMCs exist in the contractile state on the right to maintain blood pressure, but they can dedifferentiate into the synthetic phenotype on the left as necessary for proliferation and tissue repair (12).




VSMC TRANSDIFFERENTIATION

Following injury and for vascular repair to occur, the VSMCs revert to the synthetic state explained above. However, as the synthetic phenotype occurs as a dedifferentiated state, the cells can then further differentiate into other cell types depending on environmental cues. VSMCs have been shown to downregulate contractile proteins and display characteristics of other mesenchymal lineage cell types, including those of osteoblasts, chondrocytes, and adipocytes (13). In pro-calcifying conditions, such as high levels of serum phosphate, VSMCs begin to express osteogenic markers including Runx2, Sp7, osteopontin, osteocalcin, alkaline phosphatase, Sox9, and collagen types II and X (4). A study done by Patel et al. sought to evaluate the similarity between bone formation and calcification by comparing mouse osteoblast with control and calcifying VSMCs (14). The quantity of calcium deposition between osteoblasts and calcifying VSMCs was similar, but osteoblasts formed many large bone nodules whereas calcifying VSMCs formed small discrete regions of calcification. Calcifying VSMCs saw a 6-fold increase in early osteoblast markers Runx2 and Sp7 compared to control VSMCs but still a 3-fold lower amount compared to the osteoblasts. The study concluded that calcifying VSMCs take on a transitional phenotype between but distinct from that of healthy VSMCs and bone-forming osteoblasts (14). Many other studies have also noted the increase and possible requirement of Runx2 expression, a transcription factor necessary for osteoblast differentiation, in calcifying VSMCs (15–18). Though it is well understood that Runx2 is at least partially responsible for the osteogenic switch, it is necessary to determine why the transcription factor is being upregulated in the cells. Gaur et al. determined the Runx2 gene is directly targeted by the canonical Wnt signaling pathway which activates the gene and regulates bone production during development and in adults (19). Because of the governing role of Runx2 in osteoblast differentiation and vascular calcification, studies are investigating Wnt signaling as a possible mechanism of calcification.



THE WNT SIGNALING CASCADE

A family of 19 secreted glycoproteins, Wnt signaling is conserved among metazoan animals to regulate many cellular functions during development including cell fate determination, migration, polarity, primary axis formation, organogenesis, and stem cell renewal (20). Wnt ligands each consist of 350-400 amino acids including 22–24 conserved cysteine residues (7). The signaling cascade is activated when one of the extracellular Wnt ligands binds to a Frizzled (Fz) receptor. Fz is a family of 10 different seven-member transmembrane proteins. A Wnt signal binds to the cysteine-rich extracellular N-terminal of a Fz receptor associated with co-receptors such as LRP5 and LRP6 of the low-density lipoprotein receptor family (20). LRP5 and LRP6 are transmembrane proteins that help Fz to induce the canonical Wnt pathway (7). After Wnt binds to Fz, the signal recruits the cytoplasmic phosphoprotein Disheveled (Dsh) to the plasma membrane. At this point, the signaling pathway diverges into three separate branches: Canonical (β-catenin dependent), Planar Cell Polarity, and Wnt/Ca2+ (20). The canonical branch has been most widely studied and is the segment hypothesized to play a role in vascular calcification. Dsh aids in the recruitment of an Axin and GSK3 complex (21). Under normal, non-activated Wnt conditions, Axin is the scaffolding protein of a β-catenin destruction complex. The destruction complex is made up of Axin, glycogen synthase kinase 3 (GSK-3), casein kinase 1 (CK1), adenomatous polyposis coli (APC) protein, and the E3-ubiquitin ligase β-TrCP (22). The complex typically phosphorylates and proteolytically degrades any accumulation of β-catenin in the cytoplasm. When Axin is recruited to the plasma membrane because of Wnt signaling, the destruction complex is disassembled, resulting in an upregulation of β-catenin (21). β-catenin then translocates to the nucleus and forms a transcriptional complex with LEF-1/TCF DNA-binding transcription factors. The complex associates to the promoter of Wnt target genes that results in the upregulation of those genes (20). In summary, during canonical Wnt signaling, the binding of Wnt ligands to the cell membrane inhibits the β-catenin destruction complex resulting in the translocation of β-catenin to the nucleus where the transcription of Wnt target genes is induced, as shown in Figure 2 (20).


[image: Figure 2]
FIGURE 2. Schematic of the canonical Wnt signaling cascade. Binding of a Wnt ligand to the cell surface causes the translocation of β-catenin to the nucleus and the upregulation of Wnt target genes (20).




WNT AND RUNX2 IN OSTEOGENESIS

As stated before, studies have shown that Runx2 is a target gene of Wnt signaling, and activation of Runx2 by Wnt stimulates osteoblast differentiation and bone formation (19). In mesenchymal stem cells, Runx2 regulates the expression of other bone related proteins, such as osterix, osteocalcin, and sclerostin, directing the cell to an osteogenic phenotype (6). Expression of Runx2 begins in uncommitted stem cells, increases in osteoblast precursors, peaks in immature osteoblast, and decreases once osteoblasts mature (23). This expression of Runx2 is modulated by canonical Wnt signaling, resulting in an inhibition of chondrocyte differentiation in early mesenchymal cells and directing the progenitors to become osteoblasts (23). The process occurs during embryonic development when establishing the body axis and tissue and organ development and functions after birth in bone maintenance and repair (24).



WNT IN VASCULAR CALCIFICATION

Because Wnt is involved in bone turnover and calcifying smooth muscle cells resemble osteoblasts, Wnt may play a governing role in calcification. A recent comprehensive review by Tyson et al. highlights the role of mechanotransduction, explaining how the compressive and tensile strains experienced by VSMC under increased stress may induce bone-like Wnt mediated remodeling in the arterial wall (25). Interestingly, Wnt ligands and signals are found in noncalcifying VSMCs and may contribute to normal regulation of the VSMC phenotype, proliferation, and survival, particularly in response to vascular injury. Studies from the early 2000s indicate the presence of Wnt proteins in VSMCs. A study done in 2004 by Wang et al. used a transfection assay to show that loss of the Wnt coreceptor LRP6 function in VSMCs inhibited cell cycle progression, demonstrating a role for LRP6 and Wnt in VSMC growth and fate (26). Another study done by Wang et al. in 2005 noted that Fz1 is highly expressed in VSMC tissues indicating active Wnt signaling, and they suggest a role in development and response to environmental stimulus (27). In agreement with these studies, in 2014 Wu et al. found that a Wnt ligand influences VSMC migration and adhesion to collagen type I (28). A transwell migration and wound healing assay showed that Wnt3a significantly increased VSMC migration, and an adhesion assay showed that Wnt3a treated VSMCs were able to adhere more to collagen type I. The study also used Western blot analysis to test for several canonical Wnt components, including β-catenin, GSK-3β, ILK, and β1-integrin. Wnt3a treatment upregulated phosphorylated β-catenin, phosphorylated GSK-3β, and ILK and activated β1-integrin in VSMCs, providing additional evidence of Wnt effecting protein expression and potential therapeutic targets (28).

Other studies have looked at the involvement of Wnt particularly in calcifying VSMCs. Mikhaylova et al. found that Wnt3a induced a 3.5-fold increase in mineralization when used with hypertrophic chondrocyte conditioned media, suggesting Wnt paired with other chondrocyte-derived factors, such as VEGF, may be a positive regulator of calcification (29). Rong et al. used phosphate and BMP-2 to induce calcification in VSMCs, and then tested the cultures for various cellular markers (5). They were able to observe a phenotypic change as SM 22α and α-SMA were downregulated and osteogenic markers including Msx2, RunX2, Pit1, and β-catenin were upregulated. When β-catenin was knocked down using a transfection assay, these results were reversed, indicating a dependent role of β-catenin and Wnt signaling in VSMC transdifferentiation (5). In 2016, Cai et al. also provided strong evidence for the involvement of Wnt signaling in VSMC transdifferentiation and mineralization (6). In a pro-calcifying high phosphate environment, RunX2 expression was induced in a time-dependent manner, observed by Western blot analysis. To determine if the increase in RunX2 expression was caused by Wnt signaling, they used Western blots to track β-catenin activity and found that both dephosphorylated and phosphorylated β-catenin was upregulated. Immunostaining showed the high phosphate treatment also promoted β-catenin translocation to the nucleus, a typical cellular response to Wnt signaling, and they were able to use luciferase reporter assays to identify two specific TCF binding elements that mediate the interaction with TCF in response to β-catenin translocation. Further evidence of Wnt included a positive result for phosphorylation of LRP6, a Wnt dependent reaction. To confirm these results, a Wnt inhibitor was used that abolished RunX2 induction during high phosphate treatment. VSMCs were then treated with Wnt3a, which successfully induced calcium deposition and osteocalcin induction. The results from Cai et al. suggest a specific pathway in which Wnt3a can activate β-catenin and induce RunX2 and osteocalcin expression and promote calcification of VSMCs (6).



WHICH WNT?

Though there is surmounting evidence of the involvement of Wnt in vascular calcification, each study identifies different inducers, inhibitors, and regulatory proteins relative to Wnt and even other signaling pathways, such as VEGF and BMPs mentioned previously. Although they must be studied independently, it is likely that each of these different processes may contribute and work together to create an environment conducive to VSMC transdifferentiation and thus calcification. As Wnt has been more heavily investigated as a possible mechanism, some studies have begun testing specific Wnt ligands to determine if one contributes most significantly toward calcification. Wnt7b has been shown to play a role in vascular development and can activate canonical Wnt signaling (27). Wnt16 is also expressed in VSMCs. In a recent study by Behrmann et al., in vitro and in vivo studies showed that Wnt16 suppressed the contractile phenotype, supported osteofibrogenic matrix metabolism, and contributed to aortic stiffening (30). However, the most studied Wnt ligand in vascular calcification is Wnt3a. Some of these studies were referenced in the previous section (6, 28, 29). These studies provide some of the most convincing support for the Wnt signaling cascade in calcification indicating that Wnt3a may be the focus of future studies working toward a treatment.



CONCLUSION

In conclusion, VSMCs display a range of phenotypes within two key states: contractile and synthetic. When VSMCs exist in the synthetic state, they exhibit a less differentiated phenotype and can be directed down different cell lineages in response to abnormal environmental cues. A high phosphate environment can induce calcification in VSMCs and direct them toward an osteogenic phenotype. This transdifferentiation is characterized by a loss of VSMC markers and an increase in osteogenic markers, most notably RunX2. Because of the upregulation of RunX2, many believe the canonical Wnt signaling pathway may be the cellular mechanism resulting in the osteogenic switch of VSMCs. RunX2 is a target gene of Wnt, which also involves many other proteins, including β-catenin, LRPs, Fzd, Dsh, and Axin. Wnt has been found to regulate normal VSMC phenotype and proliferation, and much data has been elucidated for a role in VSMC transdifferentiation during calcification. Many studies have used Western blots, PCR, and luciferase assays to identify various Wnt proteins, notably β-catenin, and track the Wnt cascade to determine its involvement in the initiation and regulation of medial vascular calcification. Future research strategies should focus these methods on regular time intervals to determine at what point during VSMC transdifferentiation Wnt is activated. Experiments should also begin investigating other Wnt proteins in addition to β-catenin to identify any other major regulatory factors. If a particular fate-determining time point and feedback loop is identified as the primary mechanism of action for VSMCS transdifferentiation, Wnt could be manipulated as a potential therapy for vascular calcification. Knocking out Wnt, or its regulators, with Wnt inhibitors, such as sclerostin, and determining the effect will help determine whether Wnt is a valuable therapeutic target. Additional studies should be done like McArthur et al. who found that sclerostin could successfully prevent Wnt proteins from attaching to their corresponding receptors and ultimately resulted in reduction of calcification (16). The study illustrates the potential of manipulating Wnt for calcification treatment, though much more extensive preclinical trails are necessary. The most common preclinical disease model for atherosclerosis, which closely mimics calcification, is Apoe−/− mice (31). More recently, a model utilizing calcium chloride to induce calcification has been established (32). Using these models to further test Wnt targeted calcification treatments may be a logical next step. This literature review has summarized the current understanding of the role of VSMCs in calcification and helped to identify ways in which to further study the mechanism of the disease. However, there are some limitations and current gaps in knowledge. Though Wnt must be isolated to study the pathway independently, more than likely the Wnt cascade operates dependently upon other pathways and external factors. In addition, to our knowledge there has not yet been significant investigation into the presence of Wnt ligands under normal conditions, and it is unclear whether Wnt is always present within the arterial media. Furthermore, if this is the case, studies have not explored what activates Wnt signaling leading to calcification. As the Wnt family consists of extracellular ligands, cell-to-cell signaling and mechanical stimulus could be contributors. Thought it appears targeting Wnt could be a potential treatment, it is yet unclear whether a Wnt therapy would reverse calcification or only prevent further buildup. Based on these theories, there remains a need for investigating further into the typical behavior of Wnt under healthy and disease conditions, as well as the underlying mechanism behind the activation of the Wnt cascade. As a result, additional research may lead to preclinical trials and eventually allow for a targeted treatment for vascular calcification.
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Notch signaling is a highly conserved signaling system that is required for embryonic development and regeneration of organs. When the signal is lost, maldevelopment occurs and leads to a lethal state. Delivering exogenous genetic materials encoding Notch into cells can reestablish downstream signaling and rescue cellular functions. In this study, we utilized the negatively charged and FDA approved polymer poly(lactic-co-glycolic acid) to encapsulate Notch Intracellular Domain-containing plasmid in nanoparticles. We show that primary human umbilical vein endothelial cells (HUVECs) readily uptake the nanoparticles with and without specific antibody targets. We demonstrated that our nanoparticles are non-toxic, stable over time, and compatible with blood. We further demonstrated that HUVECs could be successfully transfected with these nanoparticles in static and dynamic environments. Lastly, we elucidated that these nanoparticles could upregulate the downstream genes of Notch signaling, indicating that the payload was viable and successfully altered the genetic downstream effects.
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INTRODUCTION

Notch signaling is highly conserved cell signaling pathway, which is involved in diverse embryonic organs or tissue development as well as regeneration (1–10). Notch signaling regulates cell-fate determination during activation by signal sending and receiving, affected through ligand-receptor crosstalk. During the cell-fate decisions in cardiac (8, 11, 12), neuronal (13–15), immune (16, 17), and endocrine (18, 19) development, the Notch signaling pathway acts as a key regulator of cell proliferation and differentiation (2, 4, 20). Notch receptors are single-pass transmembrane proteins composed of functional Notch extracellular domain (NECD), transmembrane (TM), and Notch intracellular domains (NICD). Notch receptors are processed in the endoplasmic reticulum and Golgi apparatus within the signal-receiving cell, through cleavage and glycosylation, generating a Ca2+-stabilized heterodimer composed of NECD non-covalently attached to the transmembrane NICD inserted in the membrane called S1 cleavage.

Regulation of arteriovenous specification and differentiation in both endothelial cells and vascular smooth muscle cells are also involved in Notch signaling including regulation of blood vessel sprouting, branching during normal and pathological angiogenesis, and the physiological responses of vascular smooth muscle cells (4, 6, 7, 21–23). Defects in Notch signaling also cause inherited cardiovascular diseases, such as Left Ventricular Non-compaction and Alagille syndrome (4, 7, 22). In endothelium, Delta-like ligand 4 (DLL4) is one of main ligands to send a signal to Notch in the adjacent cell (4, 6) (Figure 1A). This in turn signals the surrounding cells to determine the cell-fate (4). Once Notch is activated, the NICD is cleaved by γ-secretase and translocated into the nucleus (Figures 1B,C). Here, the NICD binds directly to the DNA, physically moving corepressors and histones, recruiting coactivators, and activating gene transcription (2, 4, 6) (Figure 1D).
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FIGURE 1. Notch signal activation. (A) Notch Receptor and DLL4 ligand bind together. (B) γ-secretase cleaves the Intracellular domain (ICD) from the extracellular domain. (C,D) The ICD is released and travels into the nuclease. (D inset) The ICD binds onto the DNA as a transcription factor to transcribe downstream Notch genes such as Hes1, Hey1, and Nrg1.


When a disruption in this Notch pathway occurs, either by chemical or genetic means, it causes developmental malformations. For example, significant reduction of Notch signaling causing cardiac trabeculation is usually associated with deficient compaction in the ventricle (6, 24). It has been shown that lack of cardiac trabeculation results in the inability to dissipate the kinetic energy, resulting in a malformed heart due to a decrease in Notch related signaling (24, 25). Interestingly, when given NICD mRNA injection treatment, the heart function—including end diastolic function, end systolic function, stroke volume, and ejection fraction—were all partially or fully restored by rescuing downstream Notch signaling (25, 26). Regardless of whether the defect comes from the γ-secretase's inability to cleave the NICD, or if the native NICD is defective and unable to pass through the nucleus, by providing NICD mRNA to the cell it partially rescued the trabeculation. Similarly, when Notch signaling is inhibited from NICD cleavage or NICD translocation into the nucleus, Notch related downstream genes can rescue the feedback loop of Notch pathway (24). These data demonstrate the possible impact of spatiotemporal NICD treatment for therapeutic approach to rescue Notch signaling.

Traditionally, retroviruses or liposomes have been used to deliver cDNA plasmids (2, 27–29). These methods have various benefits such as DNA protection and DNA viability, but also have limitations of non-specific delivery, stability after formulation, or host immune responses (30, 31). Therefore, many groups are attempting to deliver the genetic materials such as cDNA plasmids via nanoparticles to mitigate these negative effects. Various polymers have been used for gene delivery (32–37). Cationic polymers have been used extensively to deliver genetic materials, as DNA condenses quickly on the oppositely charged positive polymer. These polymers can be synthetic or organic and usually include polyethylenimine (38, 39), polyamidoamine (40, 41), chitosan (42, 43), and cationic proteins (44), or peptides. However, the drawbacks of these highly positively charged polymers are mainly due to its toxicity (30, 31) and often require extensive surface modifications to alleviate those effects (31). Poly(lactic-co-glycolic acid) (PLGA), an FDA-approved biodegradable polymer (45), is a negatively charged polymer that has been extensively used for cancer treatment (46–49). More recently, PLGA has been used to load both hydrophilic and hydrophobic materials such as cDNA plasmids (33) and RNAs (50), proteins (51–53), dyes (54), and drugs (55).

In this study, we developed the PLGA nanoparticles encapsulating plasmids containing NICD for upregulation of Notch pathway molecules in cultured HUVECs. Using a flow chamber mimicking the in vivo circulation system, we evaluated the toxicity, stability, and compatibility in blood of the PLGA nanoparticles and our data suggested that we have here demonstrated NICD cDNA plasmid in the PLGA nanoparticles could upregulate Notch pathway molecules.



METHODS


Nanoparticle Synthesis and Conjugation

Poly(D, L-lactide-co-glycolic acid) nanoparticles (PLGA, 50:50, Akina Inc., West Lafayette, IN, USA) of two different molecular weights including 55–65 kDa [High Molecular Weight (HMW) Nanoparticles] and 5–10 kDa [Low Molecular Weight (LMW) Nanoparticles] were fabricated by a standard double emulsion method as previously described (36). In brief, PLGA was dissolved in chloroform (Sigma-Aldrich, St. Luis, MO, USA) at a 20 mg·mL−1 concentration. Following which, the water phase with 1% (w/w) rhodamine B (Rh B) was added to the oil phase dropwise under stirring and sonicated. The primary emulsion is then emulsified into 5% (w/v) Poly(vinyl) Alcohol (PVA, 13 kDa, Sigma-Aldrich) solution and then sonicated at 40 Watts for 5 min (30 s off every 1 min). Nanoparticles were then collected via centrifugation at 15,000 RPM for 15 min, then lyophilized until completely dry. Coumarin-6 loaded PLGA nanoparticles were prepared to track the nanoparticles' interaction with the cells. For this, coumarin-6 was added into the oil phase at a ratio of 1:100 with respect to the amount of PLGA used during the nanoparticle synthesis. Rh B loaded nanoparticles were exclusively used to study model drug release kinetics.

TetO-FUW-NICD was a gift from Rudolf Jaenisch (Addgene plasmid #61540) and pCAG-GFP was a gift from Connie Cepko (Addgene plasmid #11150). pCAG-GFP or TetO-FUW-NICD loaded HMW nanoparticles were also prepared based on the same standard double emulsion method with slight modifications according to past literature (56). In brief, 250 μg of plasmid was diluted in 5% glucose solution to 200 μL which was then emulsified into 0.5 mL of 5% (w/v) PLGA solution in chloroform using a probe sonicator at 40 W energy output for 15 s to form primary water/oil emulsion. The primary emulsion was then emulsified into 3 mL of 4% (w/v) PVA solution by sonication and later dropped into 7.5 mL of 0.3% (w/v) PVA solution while stirring. The final mixture was then stirred for 3 h at room temperature and particles were collected by centrifugation. Nanoparticles were then lyophilized until completely dry before use.

PLGA nanoparticles were conjugated either with anti-EGFL7 antibody (ab92939, Abcam) or anti-Tie2+Tie1 antibody (ab151704, Abcam) via EDC-NHS chemistry as described elsewhere with modification (36). In brief, nanoparticles were suspended in 0.1M MES buffer at a concentration of 2 mg/ml. Following which, 120 mg of EDC and 150 mg of NHS was added into the solution. After 2 h of incubation at room temperature, nanoparticles were collected by centrifugation and resuspended in PBS (2 mg/ml). Twenty five microliter of antibody solution was added into nanoparticles solution and incubated overnight at 4°C. The supernatant was used to determine the antibody conjugation efficiency using Bradford assay following manufacturers' instructions. Pellets were resuspended in DI water, freeze-dried, and stored for use.



Characterization and Stability of Nanoparticles

To determine the size and surface charge, nanoparticle suspension was added to a transparent cuvette and was then inserted into the ZetaPALS dynamic light scattering (DLS) detector (NanoBrook 90Plus PALS, Brookhaven Instruments, Holtsville, NY) as previously described (36). Scanning electron microscopy (SEM, Hitachi S-3000N, Hitachi, Pleasanton, CA) was used to visualize the morphology of nanoparticles. Briefly, 50 μl of the nanoparticle suspension air-dried on a coverslip was silver sputter-coated and inserted into the SEM instrument. To determine the in vitro stability, nanoparticles were suspended in saline (0.9% Sodium Chloride, NaCl, Crystalline, Fisher Scientific, Hampton, NH, USA) or Vasculife VEGF basal cell media with 10% Fetal Bovine Serum (LL-0003, Lifeline Cell Technologies) and incubated at 37°C for 48 h. Particle size was measured on predetermined time points using DLS as described earlier. The stability of the nanoparticles was represented as the percentage change of nanoparticle size measured at each time point with respect to initial particle size according to the following equation:
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Loading and Release Studies

The encapsulation efficiency of entrapped reagent including, pCAG-GFP or TetO-FUW-NICD, within PLGA nanoparticles was determined based on indirect loading analysis. Briefly, the un-loaded reagent in the supernatant (PVA solution) following the nanoparticle synthesis, was used to calculate the encapsulation efficiency (Equation 2). The amount of plasmid was determined using Picogreen DNA assay (#E2670, Promega, Madison, WI) following the manufacturers' instructions.
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For in vitro plasmid release studies, solutions of pCAG-GFP or TetO-FUW-NICD plasmid-loaded nanoparticles were prepared in 1X PBS at a concentration of 1.5 mg/mL. At predetermined time points, the samples were centrifuged at 12,000 RPM for 5 min. The supernatant was then collected and stored at −20°C for further analysis. Pellet was again resuspended in fresh 1 mL of PBS solution and incubated until next time point. Four replicates were used for analysis. For analysis, the plasmid solutions were incubated with Nb.Bsmi nicking enzyme (R0706S, New England Biolabs) for 60 min at 65°C in NEBuffer 3.1. The enzyme was then inactivated for 20 min at 80°C. The nicked plasmid supernatant was analyzed for plasmid release using the Picogreen DNA assays. The plasmid standards were made to determine the cumulative percentage of plasmid release over time.



In vitro Compatibility of Nanoparticles

HUVECs were cultured in M199 media (M4530, Sigma-Aldrich) supplemented with Vasculife VEGF LifeFactors kit (LS-1020, Lifeline Cell Technologies) up to passage 7 in a 5% CO2 environment. To determine the compatibility of nanoparticles, HUVECs were seeded in 96 well plates at seeding density of 8,000 cells/well and cultured overnight. HMW nanoparticles and LMW nanoparticles of various concentrations (25, 50, 100, 250, 500, 1,000 μg mL−1) were prepared in complete M199 media and added to the cells. After 24 h of incubation at 37°C, the nanoparticle containing media was removed, and cells were carefully washed with 1X PBS. The cellular viability was then determined using MTS assays per manufacturer's instructions.

In addition, HMW nanoparticles and LMW nanoparticles compatibility was evaluated using human whole blood, to determine hemolysis and whole blood clotting kinetics assay as previously mentioned. For these studies, whole blood was drawn from healthy adult volunteers into acid citrate dextrose anticoagulant tubes (ACD, Solution A; BD Franklin Lakes, NJ). Consent from the volunteers was obtained prior to the blood collection, and all the procedures strictly adhered to the IRB standards approved at the University of Texas at Arlington.

To perform whole blood clotting study, the blood was initially activated by adding 0.01 M of calcium chloride (Sigma). Following which, 50 μL of activated blood was added into 10 μL of saline diluted nanoparticle solution at concentration of 1 mg/mL and incubated for predetermined time points. At each time point, 1.5 mL of DI water was added to lyse the un-clotted blood and the absorbance of the supernatant was measured at 540 nm. Untreated blood served as a control. In the hemolysis study, nanoparticles were suspended in saline at the following concentrations (0, 10, 25, 50, 100, 250, 500, 1,000 μg·mL−1) and then incubated with 200 μL of saline-diluted blood for 2 h at 37°C. Following the incubation, the samples were centrifuged, and the absorbance of the supernatant was quantified at 545 nm. Untreated blood that was diluted with DI water and saline solution served as positive and negative controls, respectively. The percent hemolysis was calculated using the following equation:
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In vitro Cellular Uptake and Interaction of Nanoparticles

To determine the uptake of coumarin-6 loaded HMW- and LMW-PLGA nanoparticles by HUVECs, cells were seeded in 96 well-plates at a density of 8,000 cells/well. After overnight culture, nanoparticles of various concentrations 50, 100, 250, 500, 1,000 μg·mL−1 were added to the cells and incubated for 4 h in 37°C. Nanoparticles were then removed, cells were carefully washed with PBS solution and lysed using 1% Triton X-100. Fluorescence intensity measurement of nanoparticles in cellular lysate was quantified at a wavelength of 457 nm (excitation)/500 nm (emission) using a spectrophotometer. These measurements were analyzed against a nanoparticle standard. The measurements were further normalized with respect to the sample cellular protein amount as determined based on BCA assay (Thermofisher Scientific).

Similarly, interaction between antibody (anti-EGFL7 or anti-Tie2+Tie1) conjugated HMW nanoparticles loaded with coumarin-6 and HUVECs were also determined under static conditions. In brief, nanoparticle suspensions were treated with cells for 30 min and following which, cells were washed and lysed. Cellular lysate was used to determine the amount of nanoparticle attachment and internalization with HUVECs based on coumarin-6 fluorescence intensity. These fluorescence measurements values were then normalized with the total DNA content per sample using Picogreen DNA assays per manufacturer's instructions. In parallel, nanoparticle interaction with HUVECs were observed using a fluorescence microscope under FITC channel. The cells were counterstained using Nucblue (Invitrogen) to visualize the cell nuclei. To show the specificity of the optimal antibody to endothelial cells, HL-1 cells were cultured overnight in a 96-well plate overnight in Claycomb media supplemented with 10% FBS, 1% pen-strep, 0.1 mM Norepinephrine, and 2 mM of L-Glutamine. The following day, nanoparticles conjugated with anti-Tie2+Tie1 were added to the HL1 cells at 100, 250, 500, 1,000 μg·mL−1 for 4 h. After the incubation, cells were lysed, and fluorescence read under the same conditions. The fluorescence was normalized to DNA content.

In addition, the ability of a coumarin-6 loaded, antibody (anti-EGFL7 or anti-Tie2+Tie1) conjugated HMW nanoparticles to adhere and interact with HUVECs under physiological relevant flow condition was investigated. HUVEC's were seeded at 2*106 cells/mL into μSlide VI0.4 channel and cultured overnight. Following the cell attachment, nanoparticles suspended in M199 media at a concentration of 200 μg/mL were perfused through the channels of the flow slide using Ibidi pump system at a shear stress of 5 dyne/cm2 for 30 min. Later, cells within the channels were fixed with paraformaldehyde solution and treated with Nucblue (Invitrogen) to stain cell nuclei. The cellular images were then taken using fluorescence microscope under FITC and DAPI channel to visualize the nanoparticles and nuclei, respectively. The fluorescence intensity of nanoparticles was later quantified using NIH ImageJ software and normalized by cell number.

To further prove our nanoparticle selectivity, we coated μ-Slide IV 0.4 (Ibidi, #80606) with 14.4 μg of bovine serum albumin (BSA), a 1:1 solution of Tie1 and Tie2 protein at 14.4 μg, or 1X PBS. The solutions were left at room temperature for 2 h. The remaining solution was washed off. Coumarin 6 nanoparticles were prepared as above, and conjugated with either BSA, anti-Tie2+Tie1, or were unconjugated. Nanoparticle media at a concentration of 250 μg/mL was flowed through at 5 dyne·cm2 for 15 min. The media was removed and washed with 1x PBS to remove unbound nanoparticles. The slides were imaged at 100 × to visualize the bound content. Using ImageJ, the intensity of the fluorescence was measured to quantitatively evaluate the binding.



Plasmid Transfection

HUVECs were seeded 24 h prior to the transfection study at n = 4. The following day, Lipofectamine 3000 or no treatment were applied to the cells for 6 h. After the treatment, the cells were washed three times with 1X PBS and incubated until the next time point. HMW PLGA nanoparticles were prepared as described above. The nanoparticles at a concentration of 250 μg/mL were then applied to HUVECs for 6 h. The cells were then gently washed with 1X PBS three times and new media given. The cells treated with Lipofectamine, nanoparticles, or no treatment were then grown for 24, 48, or 72 h post transfection. Cells transfected with pCAG-GFP plasmid-loaded nanoparticles were imaged in a fluorescent microscope on FITC channel, nuclei were stained with Nucblu. The intensity of each fluorescent channel was measured via ImageJ. The data was then normalized by cell number, via Nucblu intensity, then normalized to the untreated cell group following the Equation 4.
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Before loaded into nanoparticles, the quality and quantity of TetO-FUW-NICD plasmid were analyzed by digestion to ensure positive clones were used. Four biological repeats were carried out for each experiment.



RT-PCR Data

Cells were first washed with 1X PBS two to three times. Then, 0.025% trypsin was added for 5 min at 37°C to allow cell detachment. The trypsin was then neutralized by adding media twice the volume of trypsin to the wells. The cells were collected, centrifuged at 150 × g for 5 min, and the supernatant discarded. The cells were then used to isolate the total RNA using the Aurum Total RNA Mini Kit (Biorad, #7326820) following the manufacturer's instructions. RNA concentration was determined via NanoDrop, by reading each sample 3 times. The total RNA was then used to synthesize 200 ng of cDNA using the iScript Synthesis Kit (Biorad, #1708890) following the manufacturer's instructions. PCR was conducted using the iTaq Universal SYBR Green Supermix (Biorad, #1725121) following manufacturer's instructions. The primer sequences for human mRNA are as follows: Dll4 (Frd CTGCGAGAAGAAAGTGGACAGG, Rev ACAGTCGCTGACGTGGAGTTCA), Hes1 (Frd GGAAATGACAGTGAAGCACCTCC, GAAGCGGGTCACCTCGTTCATG), Hey1 (Frd ACCATCGAGGTGGAGAAGGA, Rev AAAAGCACTGGGTACCAGCC), Notch1 Receptor (Frd GGTGAACTGCTCTGAGGAGATC, Rev GGATTGCAGTCGTCCACGTTGA), NICD (Frd ACCAATACAACCCTCTGCGG, Rev GGCCCTGGTAGCTCATCATC), and β-Actin (CGACAGGATGCAGAAGGAG, Rev ACATCTGCTGGAAGGTGGA).



Western Blot

Cells were cultured in a 6-well plate overnight. The following day, nanoparticles loaded with NICD plasmid, nanoparticles loaded with NICD plasmid and conjugated anti-Tie2+Tie1, blank nanoparticles, or cell media were added to the culture. After an additional 24 h with treatment and shear stress, the media was removed, cells washed with 1x PBS, and lysed with radio-immunoprecipitation assay buffer supplemented with protease inhibitor cocktail (Roche). Protein concentrations were determined via the Pierce BCA Assay Kit (ThermoFisher). Antibodies against Notch1 (Invitrogen, MA5-32080), Hey1 (Abnova, H00023462-M02), Hes1 (OriGene, TA400013), and GAPDH (Proteintech, HRP-60004) were probed at suggested dilutions. Secondary antibodies conjugated with horseradish peroxidase were incubated and detected by enhanced chemiluminescence reagent (BioRad). The total protein of each well was measured using ImageJ's Gel Analysis. Similarly, each individual band was measured using the same technique, then normalized to the total protein amount.



Statistical Analysis

All statistics were evaluated in the statistical program R. For the percent change in size, a one-way ANOVA was used to compare each sample to its' original size. A one-way ANOVA was also used to determine significance of nanoparticle uptake between anti-Tie2+Tie1 or anti-EGFL7 nanoparticles, antibody uptake in dynamic culture, nanoparticle dose study, and gene expression between static and dynamic culture. A two-sample t-test was used to compare the HMW to LMW in the cell viability and nanoparticle cellular interaction studies. Similarly, the gene expression was evaluated to compare dynamic culture at 12 dyne·cm−2 to static culture for each gene. All values where p < 0.05 were considered significant. Post-hoc Tukey tests were conducted if ANOVA results showed significance to determine differences between groups.




RESULTS


Optimization of Nanoparticles Based on Molecular Weight of PLGA

Before performing the cell study, nanoparticles were characterized based on their size, poly dispersity, and zeta potential (Table 1). The diameter of high molecular weight (HMW) PLGA nanoparticles, at 55–65 kDa, were smaller than the low molecular weight (LMW), 1–5 kDa, PLGA nanoparticles at 234 ± 90 and 246 ± 85 nm, respectively. The zeta potential, or surface charge of the nanoparticles, indicates the presence of the negatively charged carboxyl and hydroxyl groups present on the polymer. The HMW PLGA nanoparticles have a charge of −31 ± 3.4 mV, and the LMW PLGA nanoparticles have a charge of −29 ± 2.8 mV. The poly dispersity of both the HMW and LMW PLGA nanoparticles, 0.13 ± 0.05 and 0.08 ± 0.02, respectively, shows that the particles are uniformly dispersed. SEM images also indicated that both the HMW- and LMW-nanoparticles were uniformly dispersed and have spherical morphology (Figure 2A).


Table 1. PLGA nanoparticle physical attributes.
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FIGURE 2. Characterization of PLGA nanoparticles. (A) SEM images of (i) PLGA at 55–65 kDa and (ii) PLGA at 1– 5 kDa nanoparticles. Aggregation occurs during the air-drying process due to the shrinking water droplet on the glass slide for taking this images. Scale bar is 1 μm. (B) Nanoparticles stability in saline (0.9% NaCl) or 10% Serum over time shows that the HMW PLGA nanoparticles' size is steady in both solutions, while the LMW PLGA nanoparticles vary in both the Saline and 10% Serum. Error bars denote standard error. #Indicates a significant difference from the samples' time point 0 (p < 0.05) evaluated via one-way ANOVA. (C) Cytocompatibility test comparing HMW to LMW PLGA nanoparticles. This shows at all concentrations the HMW PLGA nanoparticles are insignificantly toxic to the cells. The LMW nanoparticles are tolerated up to a concentration of 250 μg/mL. *Indicates a significant difference from 100% viability evaluated via two-way ANOVA (p < 0.05). (D) HUVEC uptake of both HMW and LMW PLGA nanoparticles shows HMW had significantly higher uptake than LMW at all tested concentrations. Data shown as mean + standard error. *Indicates a significant difference between HMW and LMW Nanoparticle uptake evaluated at each time point via a t-test (p < 0.05).


Following in vitro stability studies using HMW- and LMW-nanoparticles in both saline (0.9% NaCl) and 10% serum, the nanoparticle percent size change was determined. Accordingly, the diameter of HMW nanoparticles were constant in both formulations over 48 h of incubation, which indicates the superior stability properties of HMW nanoparticles. On other hand, the size of LMW nanoparticles steadily increased over time and showed significant aggregation following their incubation with the saline solution at 24 h. In serum, the LMW nanoparticles increased in size, but was not significantly different (Figure 2B). This suggests that LMW nanoparticles may exhibit aggregation behavior following their suspension and/or administration. Then, the drug release kinetics were then compared between the two molecular weights using a model hydrophilic drug Rh B. High and low molecular weight nanoparticles were incubated in 1X PBS over a period to assess Rh B release kinetics. Both molecular weights of PLGA nanoparticles showed a burst release of Rh B dye with LMW releasing all the dye within 5 days and the HMW nanoparticles with a sustained release of over 20% by day 28 (Supplementary Figure 1).

To assess the cytocompatibility of nanoparticles, HUVECs were subjected to varying concentrations of both HMW and LMW nanoparticles. Across all tested concentrations, the HMW nanoparticles were all above 90% viability, while the LMW had >90% viability in only 25, 50, 100, and 250 μg/mL (Figure 2C). At both 500 and 1,000 μg/mL, the LMW nanoparticles were significantly lower at 88 ± 10 and 76 ± 13% viability, respectively (p < 0.05). The uptake of the nanoparticles was evaluated using HUVECs incubated with varying amounts of nanoparticles. At each tested concentration, the HMW nanoparticles had a significantly higher uptake compared to that of the LMW. Additionally, there is a trend showing a dose-dependent relationship between the number of nanoparticles applied, and the number of nanoparticles endocytosed by the cells (Figure 2D).



Compatibility in Blood

To simulate the effect of nanoparticles on human blood, hemolysis and whole blood clotting tests were conducted. For whole blood clotting, the nanoparticles significantly affected the clotting cascade only during the first 10 min of exposure. Afterwards, the progress of blood clotting gradually reduced and there were no significant results compared to whole blood without exposing PLGA nanoparticles (Figure 3A). After 60 min, blood exposed to either HMW or LMW nanoparticles had great low supernatant absorbance, 0.1, similar to whole blood which indicates blood clot. Our results reflect those who have performed similar studies showing little red blood cell lysis or reduced clotting kinetics (57). Furthermore, the interaction between red blood cells and nanoparticles were evaluated by incubation with diluted blood to determine if hemolysis occurred. Compared to lysed cells as the positive control, both the HMW and LMW nanoparticles were significantly lower (<0.25%) in hemolysis (Figure 3B).
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FIGURE 3. Hemocompatibility of PLGA nanoparticles. (A) Nanoparticles at a concentration of 1 mg/mL were subjected to human blood for up to 1 h. The clotting was significantly affected only during the first 10 min of nanoparticle exposure (p < 0.05). At all other time points, the nanoparticles did not affect the clotting ability of the human blood. Blood exposed to only air was kept as a control. *Denoted a significant difference with p < 0.05 evaluated via one-way ANOVA at each time point. (B) Nanoparticles were incubated with blood for 1 h. Compared to RO water treatment (Positive control), both nanoparticle groups had significantly less hemolysis at all tested concentrations. #Indicates that the Positive control is significantly higher than all other groups with p < 0.05 evaluated using a two-way ANOVA. All data is shown as mean + standard error.




Selection of Optimal Endothelial Target

For this study, HMW nanoparticles were used because the HMW has greater cell uptake and cell viability properties even though LMW nanoparticles have a rapid release profile. Anti-EGFL7 and Anti-Tie2+1 were conjugated to PLGA HMW nanoparticles and characterized. The nanoparticles conjugated with anti-EGFL7 increased to 249 ± 55 nm, while the nanoparticles conjugated with anti-Tie2+Tie1 are 243 ± 41 nm. Both antibody conjugations had a low poly dispersity, indicating that most of the nanoparticles were uniform in size. The antibodies changed the surface charge of the nanoparticles from −31 ± 3.4 to −23.5 ± 1.7 mV for anti-EGFL7 nanoparticles, and −31 ± 3.4 to −27.4 ± 1.8 mV for anti-Tie2+Tie1 nanoparticles. The antibodies had a conjugation efficiency of 59.6 ± 1.5 and 47.5 ± 1.2% for anti-EGFL7 conjugated nanoparticles and anti-Tie2+Tie1 conjugated nanoparticles, respectively (Table 2).


Table 2. Endothelial cell targeted PLGA nanoparticles.
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Furthermore, we tested our antibody conjugated particles on their uptake abilities under static and physiological flow conditions. Under static conditions, we saw concentration-dependent uptake of nanoparticles by endothelial cells (Figure 4A). As the concentration of anti-Tie2+Tie1 conjugated nanoparticles increases, the rate of cellular uptake increases 3.5 and 8.4 folds from 100 to 250 and 500 μg/mL, respectively (Figure 4A). Similarly, anti-EGFL7 conjugated nanoparticles increase 2.4-folds and 5.1-folds from 100 to 250 and 500 μg/mL, respectively. Additionally, the unconjugated nanoparticles increase 5.2 and 7.3-fold from concentrations of 100 to 250, and 500 μg/mL, respectively. Additionally, antibody conjugated nanoparticles had a greater interaction with the cells compared to unconjugated ones. Coumarin-6 loaded HMW nanoparticles conjugated to either anti-EGFL7 or anti-Tie2+Tie1 supported the quantitative data (Supplementary Figure 2).
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FIGURE 4. Targeting efficiency of antibody conjugated PLGA nanoparticles. (A) HUVEC Cellular uptake of endothelium specific anti-EGFL7, anti-Tie2+Tie1 conjugated nanoparticles or unconjugated nanoparticles after 4 h. *Indicates a significant difference via one-way ANOVA (p < 0.05). Data is shown as mean + standard deviation. (B) HUVEC Cellular uptake under 5 dyne·cm−2 of endothelium specific anti-EGFL7 and anti-Tie1+2 conjugated nanoparticles, or unconjugated nanoparticles. *Denotes a significant difference between anti-Tie2+Tie1 nanoparticles and unconjugated nanoparticles via one-way ANOVA (p < 0.05). Data is shown as mean + standard deviation. (C) Fluorescent images of HUVEC's incubated in flow culture of 5 dyne·cm−2 with (i) No Treatment, (ii) Unconjugated Nanoparticles, (iii) Anti-EGFL7 conjugated nanoparticles, (iv) anti-Tie1+2 conjugated nanoparticles. Scale bar = 20 μm. Zoomed in portions of HUVEC's incubated in flow culture at 5 dyne·cm−2 with (v) Anti-EGFL7 conjugated nanoparticles, and (vi) anti-Tie2+Tie1 conjugated nanoparticles. Scale bar = 5 μm.


Compared to unconjugated nanoparticles, antibody conjugated nanoparticles to target endothelial cells show higher uptake efficiency although the diameter of nanoparticles were increased (Figure 4B). Tested with flow system, nanoparticles conjugated with anti-EGFL7 has significantly higher cellular uptake. However, nanoparticles conjugated with anti-Tie2+Tie1 were significantly higher in cellular uptake than that of anti-EGFL7 conjugated. With fluorescent imaging, we can visualize that under flow conditions at 5 dyne·cm−2, the antibody conjugated nanoparticles were able to be endocytosed into cells at a higher rate compared to unconjugated nanoparticles (Figure 4C). To further prove the targeting ability of our anti-Tie2+Tie1 nanoparticles, we tested their binding ability to different protein coatings. In addition to anti-Tie2+Tie1 coated nanoparticles, we compared BSA conjugated and unconjugated nanoparticles on their binding ability to Tie1/Tie2-coated, BSA-coated, or uncoated slides. The Tie2+Tie1 nanoparticles bound to the Tie2+Tie1-coated slides significantly higher than both the BSA conjugated nanoparticles and the unconjugated nanoparticles (Supplementary Figures 4A,B). Additionally, we cultured cardiomyocytes, HL1 cells, with anti-Tie2+Tie1 nanoparticles to investigate if the NP uptake was specific to endothelial cells. There was a significant difference at all tested concentrations between HUVECs and HL1 cells (Supplementary Figure 4C). Due to the increase in cellular uptake of nanoparticles conjugated with anti-Tie2+Tie1 and its specificity toward Tie1/Tie2 coating and endothelial cells, this antibody was determined to be superior for endothelial targeting.



Characterization of Plasmid Loaded PLGA Nanoparticles

Both pCAG-GFP and TetO-FUW-NICD were loaded into HMW PLGA nanoparticles at 62.3 ± 2.2 μg plasmid per mg of nanoparticles and 89.1 ± 6.4 μg plasmid/mg nanoparticles, respectively. The encapsulation efficiency of 56.3 ± 4.1 and 38.9 ± 2.17% for NICD and GFP plasmids, respectfully, is similar to previous reports (58–60) (Table 3). Additionally, previously reported particles were larger (59) and the encapsulated plasmids were 6- to 2-times smaller in size (58–60) of our largest plasmid, at 10,671 bp, the genetic material encapsulated into the nanoparticles was released in a similar form to our model hydrophilic drug, Rh B (Figure 5A, Supplementary Figures 1, 3). The NICD plasmid released up to 1 μg of plasmid within the first 24 h. The plasmid continued to be released over 14 days to a total of 1.2 μg (Figure 5A). Our GFP plasmid loaded nanoparticles similarly released 0.5 μg of plasmid over 14 days (Supplementary Figure 3). With the addition of the plasmids, the zeta potential and size both increased, indicating a change. However, the polydispersity value was still low illustrating their homogeneous size.


Table 3. NICD plasmid loaded PLGA nanoparticle characteristics.
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FIGURE 5. Characterization of NICD Loaded Nanoparticles. Release curve of (A) NICD Plasmid-loaded nanoparticles measured via Promega dsDNA assay after 21 days. n = 3. Data shown as mean ± standard deviation. (B) Quantitative expression of NICD after TetO-FUW-NICD Nanoparticle transfection at varying dosages. *Significantly different from Untreated Group evaluated via two-way ANOVA (p < 0.05).


TetO-FUW-NICD loaded nanoparticles were also given to HUVECs at varying doses. Compared to the untreated group, Notch target gene, Hey1 was upregulated in each tested concentration. Additionally, another target gene, Hes1, was upregulated with NICD plasmid concentrations of 100, 250, and 500 μg of nanoparticles while 1,000 μg of NICD plasmid loaded nanoparticle decrease the expression level of Hey1 (Figure 5B). Based on the trend, the NICD plasmid concentration of nanoparticle, affects the gradual expression level of target gene expressions until adding 250 ug of NICD plasmid loaded NP.



GFP Expression Over Time

HUVECs were subjected to 5 μg of plasmid, either through Lipofectamine 3000, or our GFP Plasmid-loaded nanoparticles. After 6 h, the treatments were removed, and fresh media applied to the cells. At 12 h, Lipofectamine had significantly higher GFP expression than the plasmid nanoparticles (Figure 6B). However, after 24 h, the GFP plasmid loaded nanoparticles had a significantly higher GFP expression level per cell. Additionally, the GFP plasmid-loaded nanoparticles had an even expression of GFP across most cells. At 24 h, the lipofectamine group had few GFP positive cells compared to that of the nanoparticle treated group. At 48 h post transfection, GFP was observed in both lipofectamine treated and GFP plasmid-loaded nanoparticle treated groups (Figure 6).


[image: Figure 6]
FIGURE 6. GFP plasmid-loaded nanoparticle transfection. (A) After 6 h of treatment, nanoparticles or lipofectamine were washed off with 1X PBS and media replaced. At 12 h, slight GFP expression can be seen (A, first row). After 24 h, there is significantly more GFP expression in GFP plasmid-loaded nanoparticles than lipofectamine treated cells (A, second row). Additionally, after 48 h, lipofectamine transfected cells had a high GFP signal in few cells. Whereas, nanoparticle transfected cells had many cells expressing GFP, resulting in a lower over signal. (B) Normalized GFP intensity to nuclei intensity shows significantly higher lipofectamine at 12 h, significantly higher Nanoparticle at 24 h, and no difference at 48 h. ∙ indicates (p < 0.1), **indicates (p < 0.01) and ***indicates significance at (p < 0.001) via one-way ANOVA per time point.




Nanoparticle Mediated HUVEC Transfection Based on NICD Expression

HUVECs were subjected to 12 dyne·cm−2 for 24 h, then an additional 24 h of flow treatment with blank nanoparticles, TetO-FUW-NICD loaded HMW nanoparticles, TetO-FUW-NICD loaded HMW nanoparticles conjugated with anti-Tie2+Tie1, or cell media only for control. Each nanoparticle group was given at a concentration of 250 μg/mL due to highest Notch target efficiency concentration (Figure 5B). The plasmid-loaded nanoparticles with targeting antibody had significantly higher expression of Notch related genes, but not Hes1 although expression level was upregulated (Figure 7). The expression of Notch related genes when exposed to plasmid-loaded nanoparticles without a conjugating antibody were not significantly different from that of the blank nanoparticles. Both were upregulated most likely due to the increased viscosity of the media after adding the nanoparticles. The higher viscosity causes a higher shear stress, which upregulates shear responsive Notch signaling Supplementary Figure 5. We then analyzed the protein expression after application of the NICD loaded nanoparticles, NICD loaded nanoparticles conjugated with anti-Tie2+Tie1, or no treatment. After 24 h of treatment, we found that the nanoparticles containing NICD plasmid and conjugated with anti-Tie2+Tie1 had a significantly higher amount of NICD protein than both the NICD-loaded nanoparticles and the no treatment group. This indicates that the plasmid was able to be released from the nanoparticle and be translated into protein by the cell Supplementary Figure 6. Additionally, the NICD-loaded nanoparticles had significantly higher Hes1 and Hey1 proteins (Supplementary Figure 6).


[image: Figure 7]
FIGURE 7. NICD plasmid-loaded nanoparticles can enhance NICD expression in dynamic culture conditions. RT-PCR results showing that NPs conjugated to anti-Tie2+Tie1 significantly upregulate DLL4, Hey1, Notch Receptor, and NICD in 12 dyne·cm−2 flow conditions. *NICD+Anti-Tie1+Tie2 is significantly higher mRNA expression evaluated with one-way ANOVA per gene group (p < 0.05).





DISCUSSION

In this work, we have demonstrated the successful transfection of NICD plasmid to upregulated Notch signaling via PLGA nanoparticles. PLGA is one of the most characterized biopolymers with respect to drug delivery design and performance (61), which has been widely utilized for delivering proteins (51, 62–64) and hydrophobic drugs (65–68). More recently, PLGA nanoparticle has been used as a delivery vehicles for gene delivery for vaccines (32), immunotherapy (29), or gene therapy (38, 58, 60, 69, 70). Therefore, we have used PLGA for NICD DNA plasmid delivery to overcome the limitations of traditional viral vector methods such as negative immunological effects, random gene integration, base pair size restrictions, and cytotoxicity (71).

First, we optimized the molecular weight of the PLGA. Our data shows that the higher molecular weight, 55–65 kDa, PLGA was more cytocompatible, hemocompatible, and stable in various solutions. Even though the low molecular weight, 5–10 kDa, released the plasmid quickly, the nanoparticles were unstable in saline, a common liquid vehicle used for intravenous drug delivery (68, 72–75). Similarly, it has been shown that low molecular weight PLGA nanoparticles release the payload at a higher rate (76–78). Therefore, the molecular weight can influence how long a drug of interest is released and exposed to the area of interest (77, 78). These previous studies support our data showing that the low molecular weight releases the payload after 5 days. Interestingly, molecular weight differences of 5 kDa can have significantly different release profiles (76). Additionally, lower molecular weight PLGA increases the pH of the surrounding fluid, which leads to cell death (79). This would explain why at high concentrations, our lower molecular weight PLGA nanoparticles become significantly more toxic (Figure 2C). Mittal et al. showed that the poly-lactic acid to poly-glycolic acid ratio (PLA: PGA) have a significant effect of drug release as well (78). Mittal et al. shows that the 50:50 composition allows for the highest release of the payload compared to 65:35 and 85:15 ratios (78). They also show that in vivo, the higher molecular weight polymers allow for a higher cumulative drug in the blood stream in both oral and intravenous administration (78). Additionally, others have shown that PLGA (50:50, 24–38 kDa) is non-toxic to cells with survival rates >90%, and hemolysis of <0.4% (80). Our results support that of Thasneem et al. with cell viability of >90% at all tested concentrations for high molecular weight PLGA. We expanded that other molecular weights of PLGA, that are 10 × lower and 2 × higher than Thasneem's, have <0.3% hemolysis at all tested concentrations. Combining our data with those mentioned, PLGA is shown to be non-toxic, hemocompatible, and stable. Specifically, we show that higher molecular weight PLGA has superior performance over that of the low molecular weight PLGA, therefore, we have chosen the high molecular weight PLGA nanoparticles for antibody optimization.

As intravenous injection is the most common method to administer therapeutics, it is critical to ensure that the nanoparticle reaches its targeted destination. Although research reported that encapsulated DNA into particles have modified their nanoparticles to be less toxic, have higher cellular uptake, or increase payload (39, 41, 81), there still is the limitation of off target delivery which causes systemic effects (82, 83). For this reason, we investigated two endothelial cell specific antibodies, anti-EGFL7 and anti-Tie2+Tie1, on their ability to enhance cellular uptake in static and dynamic environments. We show that anti-Tie2+Tie1 has superior cellular uptake in both static and dynamic cell culture environments (Figures 4, 6). Additionally, we have demonstrated that compared to HL1 cells, there was significantly more cellular uptake of anti-Tie2+Tie1 conjugated nanoparticles in HUVECs, which is due to the fact that HL1 cells do not express Tie2 or Tie1 proteins (84) (Supplementary Figure 4C). With our binding study, the anti-Tie2+Tie1 conjugated nanoparticles were bound significantly more than BSA conjugated or unconjugated nanoparticles. Additionally, the anti-Tie2+Tie1 nanoparticles bound significantly more to the Tie1+Tie2 coated slides than BSA-coated or uncoated slides (Supplementary Figures 4A,B). Others have shown that even in co-cultures of MCF-10A neoT and Caco-2, targeting antibodies for ductal breast carcinoma selectively target the MCF-10A neoT cells (85). Unconjugated nanoparticles were up taken by both cell types in the co-culture (85). Other targeting nanoparticles have been able to repress expression of particular genes at a higher rate than the standard (75). Compared to unconjugated nanoparticles, our targeting nanoparticles had significantly higher cellular uptake in the dynamic culture, supporting the notion that without targeting, the therapeutic clearance may diffuse the efficacy of the therapeutic.

In addition to site specific delivery, the encapsulated DNA needs to be bioactive. Others have shown that the sonication time or power, additives, or polymer molecular weight can affect the integrity of the plasmid (60). We have shown that our synthesis method ensures plasmid delivery at several nanoparticle concentrations, and that the plasmid is bioactive. To find optimum concentration of NICD to upregulate Notch signaling related genes, the 100 and 250 μg nanoparticle of NICD encapsulating nanoparticles significantly upregulated Notch target genes, Hes1 and Hey1, compared to the gold standard lipofectamine with 5 μg of NICD (Figure 5B). We show that GFP protein can be synthesized in HUVECs by delivering the plasmid. Additionally, Notch and its related genes were quantified showing upregulation. However, in 500 and 1,000 μg nanoparticle groups, while NICD was also significantly upregulated, expression levels of target genes were downregulated. This indicates that the 100 μg or 250 μg of NICD nanoparticle concentrations were preferred to induce a downstream genetic effect although the higher concentrations were able to increase expression of NICD. Accordance with previous report, increment of NICD does not proportionally increase target gene expression levels (26).

Although we demonstrated PLGA nanoparticles at HMW (55–65 kDa) are an appropriate material to deliver NICD plasmid to upregulate Notch signaling with in vitro flow experiment, we still need to evaluate our nanoparticle in an in vivo environment. Specifically, our in vitro experiment was limited in laminar flow, while in vivo injection of nanoparticle would be exposed to pulsatile blood flow environment. In addition, our optimal endothelial targeting antibody, anti-Tie2+Tie1, for this study may bind to only activated Tie2 and Tie1 proteins when phosphorylated during vasculogenesis and vessel maturation (86, 87). Although our antibodies target toward to Tie1 and Tie2 heterodimer after activation from shear stress application (86), application of conjugated PLGA nanoparticles was mainly for fluid shear studies to enhance the targeting ability toward endothelial cells; thus, our nanoparticles could successfully target endothelial cells in this study. In future studies, we will optimize the NICD plasmid concentration, and the anti-Tie2+Tie1 concentration for conjugation to PLGA nanoparticles for upregulated Notch signaling in an animal model. This future experiment will help to translate our technology to effective therapeutic approach for translational medicine.

In this study, we have synthesized a PLGA nanoparticle that can deliver NICD plasmids to primary endothelial cells to upregulate Notch related components. In addition to being a non-viral transfection agent, the optimized nanoparticle was compatible with human cells and blood, and effectively delivered bioactive plasmid DNA to endothelial cells. These results demonstrate that PLGA targeting nanoparticles could increase the genetic delivery in complex environments, such as in vivo, with minimal adverse effects.



CONCLUSION

In this work, we have shown that higher molecular weight PLGA outperforms the low molecular weight PLGA nanoparticles in cytotoxicity, cellular uptake, stability, and hemocompatibility. Additionally, the conjugation of anti-Tie2+Tie1 to the nanoparticles allows for a significant increase in endocytosis compared to those conjugated with anti-EGFL7. Lastly, our pCAG-GFP and TetO-FUW-NICD plasmids were both successfully encapsulated and transfected into HUVECs. Most importantly, the plasmid was bioactive after transfection as indicated by GFP imaging and RT-PCR analysis. In conclusion, we can show that plasmid loaded nanoparticles have a higher transfection efficiency and create a significant genetic effect when applied to hard-to-transfect cells like HUVECs.
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Cardiovascular disease is the leading cause of death worldwide and bears an immense economic burden. Late-stage heart failure often requires total heart transplantation; however, due to donor shortages and lifelong immunosuppression, alternative cardiac regenerative therapies are in high demand. Human pluripotent stem cells (hPSCs), including human embryonic and induced pluripotent stem cells, have emerged as a viable source of human cardiomyocytes for transplantation. Recent developments in several mammalian models of cardiac injury have provided strong evidence of the therapeutic potential of hPSC-derived cardiomyocytes (hPSC-CM), showing their ability to electromechanically integrate with host cardiac tissue and promote functional recovery. In this review, we will discuss recent developments in hPSC-CM differentiation and transplantation strategies for delivery to the heart. We will highlight the mechanisms through which hPSC-CMs contribute to heart repair, review major challenges in successful transplantation of hPSC-CMs, and present solutions that are being explored to address these limitations. We end with a discussion of the clinical use of hPSC-CMs, including hurdles to clinical translation, current clinical trials, and future perspectives on hPSC-CM transplantation.

Keywords: human pluripotent stem cell-derived cardiomyocytes, cardiovascular disease, cell therapy, regenerative medicine, tissue engineering


INTRODUCTION

Cardiovascular disease (CVD) is the leading cause of death worldwide (1). In the United States alone, CVD is responsible for ~655,000 deaths and contributes to $200 billion in spending each year (2). CVD can lead to myocardial infarction (MI), also known as a “heart attack,” which results in restricted blood flow and extensive cell death within the infarct zone. Due to the limited regenerative capacity of the human heart, infarcted myocardium is replaced by fibrotic scar tissue with inferior contractile performance. Over time, pathological remodeling leads to ventricular wall thinning, which can progress to heart failure (3). There is currently no treatment available that can restore lost cardiomyocytes after MI, and conventional therapies typically only manage the symptoms (3, 4). Heart transplantation is the only therapy capable of replacing a failing heart, but the shortage of viable donor organs and need for lifelong immunosuppression presents its own set of challenges for heart transplantation as a therapy (5). Therefore, alternative approaches that can restore the function of the patient's heart and replace infarcted myocardium would be a transformative development in cardiovascular medicine.

Stem cell therapy for cardiac regenerative medicine has drawn major interest due to the promising capacity of stem cells to differentiate into functional tissue. Several sources have been investigated for stem cell-mediated cardiac regenerative therapy, including both human adult stem cells and human pluripotent stem cells (hPSCs) (6). Unlike adult stem cells, hPSCs have a proven capacity to derive functional cardiomyocytes, and their scalable production in vitro has made hPSCs a favorable cell source for cardiac regenerative medicine (7, 8).

This review will discuss the origins and characteristics of human pluripotent stem cell-derived cardiomyocytes (hPSC-CMs) and how they are implemented in transplantation techniques (Figure 1). Additionally, we will discuss the potential mechanisms through which these transplantation strategies improve cardiac function and what challenges limit effective hPSC-CM transplantation. Finally, we will end with a discussion of challenges facing clinical translation of these transplantation strategies (Figure 1), current clinical trials involving hPSC-CMs, and future considerations in the field of transplantation of hPSC-CM for cardiac regenerative therapies.
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FIGURE 1. hPSC-CMs are differentiated from hiPSCs and hESCs and transplanted into the infarcted heart through intramyocardial injection or epicardial patches as a cardiac regenerative therapy. Following transplantation, regeneration is driven by paracrine effects of and remuscularization of myocardial tissue by engrafted hPSC-CMs. However, challenges persist that limit successful transplantation of hPSC-CMs and will need to be addressed to achieve effective clinical translation.




HUMAN PLURIPOTENT STEM CELL SOURCES AND DIFFERENTIATION INTO CARDIOMYOCYTES

Human embryonic stem cells (hESCs) are a form of hPSCs isolated from human blastocysts cultured for in vitro fertilization. hESCs are capable of unlimited self-renewal and can differentiate into derivatives of all three germ layers (9). The differentiation potential of hESCs has been harnessed to reproducibly generate cardiomyocytes (hESC-CMs) (10). As the production of hESCs involves the destruction of human embryos, there are many ethical controversies that accompany the use of hESCs (11). To overcome these ethical concerns, human induced pluripotent stem cells (hiPSCs) have been explored as a cardiomyocyte source. hiPSCs are reprogrammed somatic cells with the capacity to differentiate into cells of all three embryonic germ layers. The concept behind the development of hiPSCs was that the genes that allow a cell to maintain its pluripotency could be overexpressed in a somatic cell and reprogram it to an ESC-like state (12). Viral vectors (12, 13) as well as recombinant proteins (14) and micro RNAs (15, 16) have been used to reprogram adult human cells to a pluripotent state.

The major methods to derive CMs from hPSCs are embryoid body differentiation, monolayer differentiation, and inductive differentiation (17). Common among all of these methods is the principle of mimicking endogenous embryonic cardiovascular development, including modulation of Wnt, Activin/Nodal, TGF-β, and BMP signaling pathways (18–21). Currently, hPSC-CM purity following differentiation can reach over 90% (18, 19, 21). The phenotype of hPSC-CMs resembles that of fetal CMs. For instance, they are morphologically small, spontaneously beat, lack T-tubules, and have underdeveloped and inefficient calcium handling (22). Developments in methods for differentiation and culture are working toward the goal of producing hPSC-CMs with a more mature phenotype, as will be discussed later in this review.



TRANSPLANTATION STRATEGIES

Delivery routes for cardiac cell therapies have included intravenous injection, intramyocardial injection, intracoronary injection, intrapericardial transplantation, and epicardial patches. Each of these methods have their own strengths and weaknesses regarding cell retention and functional outcomes (23). For hPSC-CM transplantation, intramyocardial injection and epicardial patches have been the most popular delivery routes in pre-clinical studies and first-in-human clinical trials. Therefore, we will focus on these two transplantation strategies in this review.


Intramyocardial Injection

Early studies in the transplantation of hPSC-CM involved intramyocardial injection of single cell suspensions in mouse (24), rat (25), guinea pig (26), and swine models (27). Although hPSC-CMs demonstrated the ability of to partially remuscularize the animal hearts, cell retention and survival rates were low, and there was insufficient evidence of functional integration. To improve hPSC-CM survival post-transplantation, Murry et al. developed a pro-survival cocktail that led to enhanced cell survival after transplantation, robust cardiac remuscularization, and functional improvement in both small (28–32) and large (33) animal models of ischemic injury. Murry's group later showed that hPSC-CM injection in a non-human primate model of MI results in extensive remuscularization and electromechanical coupling of grafted cells to host myocardium (33, 34). They further confirmed the ability of the engrafted hPSC-CMs to restore function in the non-human primate heart by demonstrating improved left ventricular ejection fraction. However, they also observed transient graft-associated ventricular arrhythmias, which was attributed to the ectopic pacemaker activity of the engrafted hPSC-CMs (33, 34).

To aid in cell retention following engraftment of hPSC-CM, recent studies have explored injectable three-dimensional hPSC-CM microtissues to provide critical cell-cell interactions and reduce anoikis. For example, Moon et al. demonstrated reduced fibrosis, improved fractional shortening, and prolonged survival of 5–10 cell hPSC-CM aggregates injected into infarcted rat hearts (35). Larger scale hPSC-CM spheroids containing 200,000 cells each have also been implemented to promote improvement in fractional shortening and engraftment rates following infarction in a murine model (36). Spheroids consisting of hPSC-CMs have also been implanted into a porcine model of heart failure, leading to functional improvement (37). However, graft-associated arrhythmias were observed in the swine transplanted with hiPSC-CM spheroids.



Epicardial Patches

Epicardial patches refer to engineered heart tissues that are attached to the outer surface of the heart, usually adjacent to the infarct region. In addition to providing mechanical support, epicardial patches function as a scaffold to provide cell-ECM interactions that promote hPSC-CM survival and engraftment post-transplantation as well as secretion of cardioprotective paracrine factors (38, 39). For example, rodent models of chronic ischemia have been treated with epicardial patches and demonstrated long-term retention of grafts (40). Despite this progress, patches are not immediately perfused post-transplantation and can be isolated from host myocardium by a layer of fibrotic tissue, limiting nutrient diffusion to cells within the construct post-transplantation (40). To address this, porous patches seeded with hPSC-CMs have been investigated to examine whether the porous nature of the patch would allow sufficient nutrient and oxygen exchange to engrafted cardiomyocytes (41). Munarin et al. have also recently demonstrated that the incorporation of alginate microspheres containing angiogenic factors in hPSC-CM scaffolds could lead to enhanced host vasculature infiltration into the scaffolds and improved cell survival when implanted in a rodent model of acute MI (42).

To improve vascular integration with host myocardium, vascular cells (i.e., endothelial cells) have been incorporated into epicardial patches with hPSC-CMs. Biodegradable scaffolds seeded with a triculture of hPSC-CMs, human umbilical vein endothelial cells (HUVECs), and embryonic fibroblasts promoted graft vascularization and anastomosis with host coronary vasculature in rodent hearts (43). Ye et al. combined the use of biomaterials and multiple cell types to investigate a 3D fibrin patch loaded with the pro-survival factor insulin-like growth factor-1 (IGF-1)-encapsulated microspheres seeded with hPSC-CMs, endothelial cells (ECs), and smooth muscle cells (SMCs). When implanted in a porcine model of acute MI, all three cell types integrated with the host, and physiological improvements were observed in terms of improved left ventricle function, myocardial metabolism, and ventricular wall stress (44). Advances in engineered heart tissue have led to the fabrication of clinical scale human cardiac muscle patches (hCMP) consisting of 3D fibrin scaffolds seeded with hPSC-CMs, -ECs, and -SMCs (45, 46). The hCMPs exhibited 10% engraftment at 4 weeks post-implantation and promoted significant improvement in cardiac function and reduction in wall stress and infarct size (46).

Scaffold-free approaches have also been used to create epicardial patches. Cell sheet technology, developed by Okano et al., involves coating culture dishes with PNIPAAm, a thermo-responsive polymer, to release cells and produce cell sheets upon changing temperature (47). This technique was recently used to fabricate cardiac tissue sheets from hPSCs, which were then implanted into small and large animal injury models to demonstrate their therapeutic potential (48–51). In addition, Murry et al. developed pre-vascularized cell sheets with enhanced survival and anastomosis with host vasculature upon transplantation in healthy rodent hearts (52).




MECHANISMS OF IMPROVING CARDIAC FUNCTION


Remuscularization

A major goal of cardiac regenerative medicine is to remuscularize the infarcted myocardium, restoring the muscle that was lost to ischemic injury (53). Intramyocardial injection of hPSC-CMs allows the engrafted hPSC-CMs to integrate with host myocardium and directly contribute to contractile function. Functional integration has been evidenced by the formation of gap junctions between host and engrafted cardiomyocytes in various small (28, 29, 39) and large (33, 34) animal models.

Epicardial patches can improve hPSC-CM engraftment, provide partial remuscularization to infarcted myocardium, and augment left ventricular function in a dose-dependent manner (54). However, the fibrotic tissue between the patch and myocardium can reduce long-term survival of the hPSC-CMs and prohibit the formation of electromechanical junctions between the engrafted hPSC-CMs and host myocardium, leading to unsynchronized contractions (29).



Paracrine Effects

In many instances of intramyocardial hPSC-CM transplantation, functional recovery has occurred even without significant hPSC-CM engraftment, leading researchers to hypothesize that paracrine factors (e.g., cytokines, extracellular vesicles, etc.) released by the transplanted cells are partially responsible for improvements in damaged myocardium. This concept was explored through single-cell profiling of hPSC-CMs following their transplantation in a murine acute MI model. Left ventricular function was improved despite limited engraftment, and hPSC-CMs were found to release high levels of proangiogenic and anti-apoptotic factors, suggesting functional benefits came from paracrine activity (55). This is further supported by similar functional recovery obtained by injection of hPSC-cardiac cells and hPSC-cardiac cell-secreted exosomes into infarcted porcine hearts (56). Cardioprotective microRNAs have been identified in hiPSC-CM-derived extracellular vesicles, and extended delivery via a hydrogel patch improved cardiac recovery (57).

Due to subnormal formation of electromechanical junctions with host myocardium, epicardial patches typically repair injured hearts through mechanical support and paracrine effects. Given the fibrotic separation, vascular integration between epicardial patches and host myocardium may play a critical role in transporting patch-derived paracrine factors into myocardium (39, 41).




CHALLENGES TO IMPROVE HPSC-CM TRANSPLANTATION STRATEGIES

Although progress has been made in the field of hPSC-CM transplantation, challenges still face transplantation and clinical translation of hPSC-CM therapies. In the next two chapters, we will first discuss the challenges that face the development of successful hPSC-CM transplantation techniques and then the outstanding challenges that limit safe and effective clinical translation of these techniques.


Immune Rejection

Transplantation of allogenic cells or tissues can elicit an immune response that ultimately leads to graft rejection and can have harmful consequences for the transplant recipient. Solutions include major histocompatibility (MHC)-matching and the production of hPSC banks (58). Shiba et al. performed an MHC matching study in which they transplanted allogenic non-human primate PSC-CMs 14 days after injury in a cynomolgus monkey model of MI. They observed improved cardiac function, along with electrical coupling with the host myocardium and no evidence of immune rejection in the MHC-matched PSC-CM group, suggesting the safety of transplanting MHC-matched, donor-derived hPSC-CMs in humans (59). Eventually, autologous transplantation of hPSC-CMs would be ideal and hiPSC-CMs, in particular, offer a promising source of patient-derived cells. However, manufacturing challenges must be overcome to make autologous hPSC-CM transplantation practical for clinical use.



Cell Survival and Retention

Low cell survival and retention after transplantation is a central obstacle in the development of effective hPSC-CM-based cardiac regenerative therapy (60, 61). To improve survival of intramyocardial injected hPSC-CM single cells, a pro-survival cocktail for injection was developed to address common causes of graft death (62). A recent study found that co-transplantation of hiPSC-CMs with ready-made microvessels from adipose tissue resulted in a six-fold improvement in hiPSC-CM cell survival (63). To promote cell survival in epicardial patches, pre-vascularization strategies have been explored to promote anastomosis of the patches with host vasculature (64, 65). Going forward, novel bioengineering approaches (e.g., biomaterials and cellular engineering) could improve hPSC-CM retention (23).



Electromechanical Integration of the Graft

Due to the wound healing response following MI and intramyocardial injections, fibrosis develops around transplanted hPSC-CMs. This affects signal propagation and proper electromechanical integration of the graft, leading to arrhythmias (66). In studies of hPSC-CM transplantation, intramyocardial engraftment into non-human primates (33, 59) and porcine models (67) was associated with transient ventricular arrhythmias (68). To solve these issues, conductive scaffolds can be used to aid in signal propagation (66). Furthermore, engrafted hPSC-CMs have an immature phenotype associated with spontaneous beating, which will affect the electrical signaling in the heart (68). To decrease the presence of arrhythmias, hPSC-CM maturation and ventricular subtype-specific differentiation protocols would be useful to eliminate pacemaker-like activity from engrafted cells (22, 34). Epicardial transplantation of hPSC-CM patches has not been shown to elicit arrhythmias in guinea pig (69) and porcine (46) hearts. However, this could be due to fibrotic isolation of the graft and lack of electromechanical coupling with host myocardium (70).



hPSC-CM Maturation

As mentioned, hPSC-CM have an immature phenotype. Maturation of hPSC-CM involves physiological hypertrophy associated with organization of sarcomeric structure, along with presence of T-tubules (71). hPSC-CM maturation also involves more efficient calcium handling, improved electrophysiological properties and higher contractile force (72). Therefore, transplanted CM with properties that more closely resemble adult myocardium would reduce the risk of arrhythmias and have improved contractile properties (73). Several methods have been investigated for maturation of hPSC-CM, including long-term culture, changes in the culture substrate stiffness, electrical stimulation, and biochemical cues (73). Mechanical loading has also been used to stimulate maturation in iPSC-derived cardiac tissue (74, 75). Additionally, tissue engineering methods have been employed to promote maturation. Engineered heart tissue made from a co-culture of hESC-CM and hESC-derived epicardium promoted hESC-CM maturation in terms of enhanced contractility, myofibril structure, and calcium handling (76). Electrical training of hPSC-CMs in three-dimensional culture system has also contributed to advanced morphological maturation of hiPSCs (77). Three-dimensional culture containing multiple cell types has also been shown to promote a more mature phenotype of hiPSC-CMs (78, 79).




CLINICAL APPLICATIONS OF HPSC-CMS


Challenges in Clinical Translation of hPSC-CMs

There are several safety concerns in the clinical use of hPSC-CM treatments. In addition to potential tumorigenicity and immune rejection, a major roadblock for intramyocardial injection is hPSC-CM graft-associated arrhythmias. Recent evidence has demonstrated the feasibility of pharmacological therapy for hPSC-CM-induced arrhythmias after intramyocardial injection (80). Arrhythmia risk may increase with graft size and, therefore, thorough cell dose-response studies are needed. While studies with hPSC-CM epicardial patches have mostly indicated no arrhythmic burden, the long-term effects of their subnormal electromechanical integration are unclear (81).

Most cardiac injury models to date can be classified as acute or subacute MI, with transplantation occurring within minutes to days after infarction. In a clinical setting, hPSC-CM therapy would often be performed months to years after MI as a last resort in patients with chronic heart failure (68). While hPSC-CM transplantation at 2 weeks post-MI can improve cardiac function in rats (82), transplantation at 1 month post-MI showed no functional benefit in rats (83) or guinea pigs (84). Sawa et al. showed that hPSC-CM cell sheet transplantation 1 month post-MI can improve cardiac function in swine, but there was no evidence of graft-host electromechanical integration and very few cells survived long-term (50), which could be attributed to the established fibrotic environment in chronic MI. These discrepancies necessitate further evaluation of animal models of chronic heart failure to determine the potential of hPSC-CM transplantation in a more clinically applicable setting.

Scalable manufacturing of clinical-grade hPSC-CMs is also a serious challenge for clinical use and, therefore, several recent studies have focused on large-scale production of clinical-grade hPSC-CMs. Master iPSC cell banks have been developed for clinically compliant sourcing of PSC-derived cells under current good manufacturing practice (cGMP) (85). To increase cell production, PSC aggregate culture and differentiation systems that produce 109 hPSC-CMs in a 1 L flask have been developed (86). Serum-free (87) and human serum-based (54) construction protocols for engineered heart tissue (EHT) patches have also been developed to adapt to cGMP for clinical applications.

Finally, there is a lack of consensus on the characterization and assessment of hPSC-CM differentiation and maturity (i.e., cell surface markers). Consistency in the assessment of hPSC-CM products is necessary to ensure their quality, reproducibility, and safety for use in humans. To this end, an unbiased integrative proteomics approach could offer comprehensive assessment of hPSC-cardiomyocyte maturation (88).



First In-human Clinical Trials With hPSC-CMs

Despite the outstanding challenges in the field, first-in-human clinical trials have recently begun involving the transplantation of hPSC-CMs (Table 1). The first use of hPSC-CMs in humans took place in 2019 in Nanjing, China, and involved intramyocardial injection of hiPSC-CMs in patients with chronic ischemic cardiomyopathy (89). However, cell injection occurred alongside coronary artery bypass grafting, limiting the ability to delineate the therapeutic benefits of hiPSC-CM transplantation. In Japan, a trial at Osaka University is exploring transplantation of an allogeneic hiPSC-CM cell sheet as a sole therapy for ischemic cardiomyopathy (90). Heartseed Inc., a Japan-based biotechnology company led by Prof. Keiichi Fukuda, recently gained approval for a Phase I/II clinical trial of intramyocardial injection of three-dimensional hiPSC-CM spheres to treat heart failure. The largest trial to date has been registered in Germany at University Medical Center Goettingen, investigating the remuscularization capacity of engineered heart tissue containing hiPSC-CMs and stromal cells in patients with heart failure with reduced ejection fraction (HFrEF).


Table 1. Current clinical trials involving hPSC-CM transplantation for heart repair.
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CONCLUSIONS AND FUTURE CONSIDERATIONS

Transplantation of hPSC-CMs has proven to be a viable strategy for cardiac regenerative therapies. Single-cell injection and tissue-level engineered constructs have served as the basis for promoting functional improvements in injured myocardium. Future research needs to focus on addressing the limitations currently facing the field, as discussed in this review. In particular, the development of a viable strategy to prevent graft-associated arrythmia will have immediate clinical impacts for intramyocardial injection of hPSC-CMs. In addition, paracrine factors play a central role in hPSC-CM mediated functional recoveries; therefore, developing methods to enhance hPSC-CM cardioprotective secretome would have significant impacts to the field. Lastly, optimal doses of PSC-CMs for heart repair need to be determined for safe and effective application in humans.

In summary, although the clinical translation of hPSC-CM transplantation faces several significant limitations, immense progress has been made in recent years in the development of potential strategies for hPSC-CM regenerative therapies. It has been proven that engrafted hPSC-CM can make meaningful connections with host cardiomyocytes and provide paracrine factors that stimulate functional recovery of host myocardium. Furthermore, strategies for producing cells at a clinical scale have been explored, as well as methods to mitigate immune rejection, reduce incidence of cardiac arrhythmias, and mature hPSC-CMs.
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Deep neural networks have become the mainstream approach for analyzing and interpreting histology images. In this study, we established and validated an interpretable DNN model to assess endomyocardial biopsy (EMB) data of patients with myocardial injury. Deep learning models were used to extract features and classify EMB histopathological images of heart failure cases diagnosed with either ischemic cardiomyopathy or idiopathic dilated cardiomyopathy and non-failing cases (organ donors without a history of heart failure). We utilized the gradient-weighted class activation mapping (Grad-CAM) technique to emphasize injured regions, providing an entry point to assess the dominant morphology in the process of a comprehensive evaluation. To visualize clustered regions of interest (ROI), we utilized uniform manifold approximation and projection (UMAP) embedding for dimension reduction. We further implemented a multi-model ensemble mechanism to improve the quantitative metric (area under the receiver operating characteristic curve, AUC) to 0.985 and 0.992 on ROI-level and case-level, respectively, outperforming the achievement of 0.971 ± 0.017 and 0.981 ± 0.020 based on the sub-models. Collectively, this new methodology provides a robust and interpretive framework to explore local histopathological patterns, facilitating the automatic and high-throughput quantification of cardiac EMB analysis.
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INTRODUCTION

Heart failure is a major public health issue with a prevalence of over 23 million worldwide (1). Along with endomyocardial biopsy (EMB), non-invasive imaging methods such as an echocardiogram and magnetic resonance imaging (MRI) are the most common tools for diagnosing myocarditis, heart transplant rejection, and chemotherapy-induced injury (2, 3). EMB is a useful but invasive modality for making a definite diagnosis in diseases that are often difficult to diagnose by imaging modality alone. However, current grading methods in assessing histological patterns of myocardial injury are labor-intensive, error-prone, and suffer from a high inter-rater variability (4). Thus, a robust and reproducible method for the quantitative analysis of EMB is urgently needed.

Machine learning methods have been an integral part of biomedical research (5, 6) and clinical work (7, 8), having the great potential to overcome the intra- and inter-observer variability (9, 10) and to improve diagnostic accuracy and efficiency (11). These computational models are based on algorithms that can extract features from clinical data (12). Compared to traditional machine learning methods that rely on expert knowledge to transform raw image data into features (e.g., texture, statistics, and wavelet transform coefficients) (13, 14), deep neural networks (DNN) can achieve better accuracy without defining features explicitly. In the field of cardiovascular diseases, deep learning has been widely implemented for image classification and segmentation in multiple modalities, including echocardiography, coronary artery calcium scoring, coronary computed tomography angiography, single-photon emission computed tomography, positron emission tomography, magnetic resonance imaging, and optical coherence tomography (8, 15–17).

Histopathological image analysis remains the gold standard for diagnosing many diseases. DNN has been proven to be a powerful approach in the analysis of histopathological images of tumor specimens; DNN can predict tumor metastasis (11) and has been shown to be useful for tumor grading (18) and tumor microenvironment analysis (19). While some researchers reported the implementation of DNN into EMB images, the interpretability of DNN output remains challenging.

This study established and validated an interpretable DNN model to assess EMB data of patients with myocardial injury. To extract and classify representative features of myocardial injury on local histological patterns, we adapted a well-established VGG-19 model (20). We then applied the other two methods, gradient-weighted class activation mapping (Grad-CAM) (21) and uniform manifold approximation and projection (UMAP) embedding method (22), to elucidate the model outputs and visualize the intermediate features made by the VGG-19 model. Moreover, we introduced a novel multi-model ensemble strategy to minimize the intra- and inter-observer variability of random dataset partition. Collectively, our method enables automatic quantification of EMB images related to cardiomyopathy, creating a series of visualizable archives for efficient and accurate pathological inspection and providing new insight into cardiac image analysis enhanced by machine learning.



MATERIALS AND METHODS


Data Collection

We used a publicly available dataset provided in a previous study for DNN model development and evaluation (23). Hematoxylin and eosin (H&E) stained EMB tissue samples were collected from left ventricles of 209 patients registered at the University of Pennsylvania, including 94 end-stage heart failure cases diagnosed with either ischemic cardiomyopathy (n = 51) or idiopathic dilated cardiomyopathy (n = 43), and 115 non-failure cases (23). The non-failure cases were organ donors without a history of heart failure; the hearts were not used for transplantation. Each case included 11 random ROIs within the myocardium, corresponding to 11 specific areas of 50 × 50 μm2, i.e., 250 × 250 pixels.

In machine learning, a dataset is usually divided as a training set, validation set, and held-out test set, used for model training, model tuning, and evaluation, respectively. In this study, the aforementioned dataset was divided on case-level into the development set (104 cases, corresponding to 1144 ROIs) for training and validation or multi-model ensemble, and the held-out test set (105 cases, corresponding to 1155 ROIs), removing the crosstalk between development and test sets.

A single model was trained on the well-established development set (23), including 70 cases (770 ROIs) for training and 34 cases (374 ROIs) for validation (Table 1). We further employed a multi-model ensemble mechanism using the five-fold-based cross-validation (see Cross-validation for multi-model ensemble), where 10 models were trained and integrated to improve accuracy.


Table 1. Number of cases used in the model development and validation.
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Deep Neural Network for Myocardium Assessment

We used VGG-19 network (20) to analyze EMB images. VGG-19 network has been widely used in computational pathology (24, 25). The first part of the model was composed of 16 convolutional layers and five max-pooling layers as the feature extractor. The rest of the model was composed of a global average pooling (GAP) layer and a classification layer with two nodes (Figure 1A). In comparison to the original VGG-19 network, our model is light-weighted and compatible with other parts of our framework (see Regional and feature interpretability). In our classification task, an input image was processed by all the layers and turned into a probability distribution (pF or pN) among all the classes in the output layer (Figure 1A). From an overall view, the model receives input image of shape 224 (width) × 224 (height) × 3 (channels), and outputs a Bernoulli distribution, where the pF activation gives the possibility that the input image is acquired from a heart failure patient. The entire model can be automatically optimized by minimizing the discrepancy between the network activation and desired output for end-to-end training.


[image: Figure 1]
FIGURE 1. Framework of the interpretable VGG-19 model with Grad-CAM and UMAP embedding for heart failure detection. (A) A schematic diagram highlights the basic pipeline from the myocardial section to digital prediction. The feature extractor of this single VGG-19 network includes 16 convolutional layers and 5 max-pooling layers, and the classifier is composed of a global average pooling (GAP) layer and a classification layer. This model is trained to discriminate failure and non-failure regions of interest (ROIs) without explicit pathological patterns. dim, dimension. (B) Grad-CAM generates attention maps for failure and non-failure cases, following the convolution and rectified linear unit (ReLU). (C) UMAP in the deep feature space converts 512-dimension features to 2-dimension visualization, elucidating the model outputs and intermediate features made by the VGG-19 model. (D) The 10-model ensembling is generated by a 5-fold cross-validation manner, and each fold is used for sub-model validation four times.




Regional and Feature Interpretability

We employed the Grad-CAM method (21) to highlight the potentially injured regions projected for interpretation and implemented the UMAP embedding to visualize inter-sample similarity generated by our VGG-19 model.

The 7 × 7 × 512 tensor was obtained from the feature extractor conveys abstract semantic information to the Grad-CAM to generate an attention map (Figure 1B) and UMAP to reduce the dimension (Figure 1C). We defined the output tensor from the last pooling layer in the VGG-19 model as F, and the predicted failure probability as pF. Grad-CAM calculated the gradient as [image: image], followed by a global-average pooling as a convolutional kernel w. Given an input size of 224 × 224 × 3, the output size of F, G, and w were 7 × 7 × 512, 7 × 7 × 512, and 1 × 1 × 512, respectively. The final attention map (A) is determined as follows:

[image: image]

where ⊗ represents convolutional operation, and ReLU is defined as:

[image: image]

The attention map highlights the regions in an input image that are mostly responsible for prediction. Thus, it provides a way to interpret the decision made by the deep neural network.

In addition to the region-based interpretation, we utilized the UMAP embedding technique to reveal the discrepancy between failing samples and non-failing samples in the feature space. We gathered deep features immediately before the final classification layer. Each input image corresponds to a deep feature vector with a length of 512. Next, we calculated the pair-wise Euclidean distances among all the ROIs, and the distance matrix was processed by UMAP (22), resulting in a 2-D embedding for each ROI. The embedding could be visualized as a scatter plot (Figure 1C), reflecting the spatial relationships among samples.



Cross-Validation for Multi-Model Ensemble

Cross-validation is widely used to evaluate the performance of machine learning models reliably in small datasets. The dataset is generally partitioned to K portions, where each portion is known as a “fold.” Based on the partition, we usually use arbitrary m = K−1 portions to train a model and evaluate its performance on the rest of one portion. For this reason, we further introduced this multi-model ensemble mechanism based on cross-validation to mimic multiple human experts for consultation in pathology and minimize the randomity caused by dataset partition. We partitioned the development set into K = 5 subsets on case-level (Table 1) and used m = 3 out of K = 5 subsets to train a sub-model and the rest for validation at each time. All the [image: image] models were independently trained with the identical protocol above. This allowed us to generate [image: image] independent predictions to validate the training process prior to the model deployment on the held-out test set (Figure 1D). The final decision from the multi-model ensemble relied on the averaging results to eliminate the discrepancy among individual models. The whole strategy of the multi-model ensemble mechanism is similar to the pathology consultation in which experience and knowledge vary from different experts, providing a comprehensive insight into ambiguous cases.




EXPERIMENTS AND RESULTS

The study flowchart is shown in Figure 2. Given the study cohort, image samples, and partitioned datasets, both individual model and multi-model ensemble were trained and evaluated for clinical heart failure detection. Furthermore, we integrated model interpretation techniques, including Grad-CAM-based regional visualization and UMAP-based feature space visualization, to generate positive predictions for specific local histological patterns such as fibrous infiltration and the enlarged myocardial cell nuclei.


[image: Figure 2]
FIGURE 2. The flowchart of the study.



Training and Validation of an Individual Model

We established an individual VGG-19 model on 770 training ROIs from 38 non-failure and 32 failure cases. The model was validated using 19 non-failure and 15 failure cases in 100 epochs (Table 1). The model was initialized with parameters pre-trained on ImageNet (20). The trainable parameters were then optimized by an Adam optimizer (26) (with a constant learning rate of 10−4) to minimize cross-entropy loss:
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where C is the label set of the dataset, yc∈{0, 1} is the one-hot encoded label of a sample, and ŷc is the corresponding prediction obtained from the output layer of the network. In response to appearance variation among numerous ROIs, we adopted data augmentation techniques, including random 224-pixel cropping, horizontal and vertical flipping, and stain augmentation (27) in the training process. Both training and validation losses were calculated and recorded at the end of each training period. The optimal network parameters with the lowest validation loss were retrieved for the assessment on the held-out test set (Figure 3A).


[image: Figure 3]
FIGURE 3. The training process and performance of a single VGG-19 model. (A) Training (in blue) and validation (in orange) losses. (B) The confusion matrices and ROC curves are shown on the ROI-level (top) and case-level (bottom), respectively. N, non-failure; F, failure; ROC, receiver operating characteristic; AUC, area under ROC curve; FPR, false positive rate; TPR, true positive rate.


The confusion matrix on the ROI level showed 588 and 481 correct classifications in 638 non-failure and 517 failure cases, respectively (Figure 3B). We further used the proportion of positive predictions of heart failure among 11 ROIs in each patient as the aggregated risk score on the case level, achieving 53 and 46 correct classifications out of 58 non-failure and 47 failure cases, respectively. The AUC values were 0.971 and 0.978 on the ROI- and case-level, respectively.



Grad-CAM-Based Local Visualization

We implemented the Grad-CAM to map the positive confidence to corresponding locations in the raw EMB images, demonstrating that the predictive capability of the VGG-19 model is correlated with dominant morphology such as enlarged nuclei (Figures 4A,B), inflammatory infiltration (Figure 4C), and perinuclear vacuolation (Figure 4D). All the morphologies above were labeled as high attention (arrows in the top panel and corresponding regions in the bottom) in contrast to the medium or low attention in surroundings. The results implied that this deep model could recognize specific morphological patterns in the local area on the ROI. The Grad-CAM provided a straightforward visualization method to interpret the complicated features from the DNN model, guiding us to concentrate on delicate inspection in high attention regions. We further highlighted that Grad-CAM automatically generated attention maps in accordance with pathologies, indicating that this model learned a certain level of pathological knowledge bypassing explicitly defined pathological patterns. Collectively, the attention map visualization improved the creditability and interpretability of the deep models.


[image: Figure 4]
FIGURE 4. Grad-CAM generates attention maps to visualize the dominant morphology on endomyocardial biopsy (EMB) images. The attention maps are visualized as overlaid heatmaps on top of the H&E stained histopathological images. All suspected injured regions, including (A,B) enlarged nuclei, (C) inflammatory infiltration, and (D) perinuclear vacuolation, are indicated by arrows in the top panel or labeled as high attention in red in the bottom, whereas the other regions with low attention are in green. Scale bars: 10 μm.




UMAP Embedding-Based Global Feature Space Visualization

The UMAP embedding method reduced the dimensionality of the intermediate tensor at the end of the feature extractor in the VGG-19 model, following a GAP layer. We converted all images in the development set and the held-out test set to 512 × 1 column vectors and used the UMAP method to generate 2-D embeddings of all the images. The failure and non-failure samples were mixed together and could not be divided if processed by dimension reduction in the feature space of the original VGG-19 model (Figure 5A). In comparison, our retrained model generated a clear boundary between two groups showing regular distribution in the deep feature space (Figure 5B). This suggests that the feature extractor is effectively re-modulated in the heart failure detection task.


[image: Figure 5]
FIGURE 5. UMAP embeddings of the deep features obtained from VGG-19 networks. All the images are processed by the feature extractor, resulting in features of length 512. These features are then reduced to 2-dimension (2-D) via UMAP (red for failure label, green for non-failure label) for the characterization of spatial relationships on the ROI-level. The 2-D UMAP embeddings are given for pretrained VGG (A) and retrained VGG models (B). (C) Corresponding EMB images are projected onto the UMAP coordinates for the sake of visualization. For better visual effect, 20% of samples are randomly selected. Representative examples are shown in the bottom, where the first two (a,b) are failure samples, and the others (c,d) are non-failure samples.


We further projected all ROIs to the corresponding coordinates in the UMAP space, providing an intuitive distribution of non-failure (in green) and failure (in pink) images (Figure 5C). Compared to the failure group, the non-failure images were correlated with densely arranged myocardium cells. Our results indicated that the VGG-19 model was still sensitive to specific applications, and retraining was mandatory to improve the generalization capability.



Multi-Model Ensemble

In addition to the individual model, we employed the multi-model ensemble to mimic multiple human experts for consultation, and each sub-model served as an expert with different background. This method allowed us to verify the predictions made by different models trained on different datasets (Table 1). We divided 104 cases in the development set into five portions to generate 10 independent sub-models, and each portion was used for validation (in orange) four times in the development (Figure 1D). Thus, each case included 11 × 4 grids in Figure 6A. We further implemented these 10 sub-models into the held-out test set (Figure 6B), generating 11 × 10 grids for each case to assess the injured regions on 11 ROIs (Figure 6C). We mapped out the integrative reports of all 209 cases in Figure 6, accentuating the individual prediction of each ROI in each case from all available models. In both development and test sets, most non-failure cases had low failure risk predictions (in green) and vice versa (in red). Besides the predicted likelihood of being a failure, our model could simultaneously generate multiple attention maps, providing more intuitive evidence for further predictive decisions on ambiguous cases (Figure 6D).


[image: Figure 6]
FIGURE 6. Predictions of the multi-model ensemble. The failure probability predicted for each ROI of each case in the (A) development and (B) held-out test sets is mapped out. The low and high likelihood of being failure are represented in green and red, respectively. (C) An example case from the held-out test set is used to demonstrate the multi-model ensemble. Each block composed of 11 × 10 grids represents a single case, corresponding to the outputs from 10 sub-models applied on 11 ROIs. Each sub-model independently generates a prediction on each ROI, and all 11 × 10 outputs are ensembled to reflect the discrepancy among all sub-models. (D) Representative attention maps are generated by 10 sub-models independently on the same ROI, providing the failure probabilities and dominant morphology in the process of a comprehensive evaluation. Image size: 50 × 50 μm2.


We averaged corresponding likelihood scores to quantify the prediction on the ROI- and case-level. In comparison with the results of the individual model (Figure 3B), the multi-model ensemble performed 604 and 483 correct classifications on the ROI-level, and detected 56 true non-failure and 46 true failure cases on the case-level (Figure 7). The AUC values of the ensemble model were 0.985 and 0.992 on the ROI- and case-level, respectively, exceeding the average of the 10 sub-models [AUC = 0.971 ± 0.017 and 0.981 ± 0.020 (mean ± standard deviation), respectively], and the AUC values achieved by random forest (AUC = 0.933 and 0.952), and two pathologists (AUC = 0.75, 0.73, on case-level) (23). The quantitative results demonstrated that our multi-model ensemble reduced the misclassification rate, especially on the non-failure cases, and improved the AUC values on both ROI- and case-levels, suggesting its ability to serve as a great complimentary tool to assist clinical diagnosis.


[image: Figure 7]
FIGURE 7. Confusion matrices and ROC curves of the multi-model ensemble. The ROI-level and case-level results are reported at the top and bottom, respectively. The ROC curve and AUC value of the 10-model ensemble (in dark blue) are compared with the ones of individual sub-models (in light blue). N, non-failure; F, failure; ROC, receiver operating characteristic; AUC, area under ROC curve; FPR, false positive rate; TPR, true positive rate.





DISCUSSIONS

While the clinical diagnosis of heart failure relies on ejection fraction and serum biomarker, EMB is always a useful method for making a definite diagnosis in diseases that are difficult to diagnose by imaging modality alone. Computational pathology techniques based on the deep learning method can reduce the workload on pathologists, particularly for regions that have shortages in access to pathological diagnosis services. Nevertheless, the interpretability issue affects people's trust in deep learning systems. This study established and validated an interpretable DNN model to assess EMB histopathology in response to myocardial injury.

We demonstrated that the well-trained VGG-19 network could distinguish heart failure cases from the non-failure ones using local ROIs selected on whole-slide images. Different from traditional methods that rely on explicit pathological patterns such as cell types (28) or morphological features (29), our model was trained with failure or non-failure label solely. However, the attention maps generated by Grad-CAM were well-localized with representative morphologies such as enlarged nuclei and irregular shapes of cells, indicating that the extracted features from our model pertain to a certain level of pathological knowledge. Combined with Grad-CAM and UMAP embedding methods, we further provided an intuitive visualization of the local and global feature patterns of all EMB images learned by the VGG-19 model. Unlike other applications in cancer (24, 30–32), the implementation of this new model in myocardial injury reveals ill-defined histopathological patterns in local regions, providing a guideline and attention maps for well-trained pathologists. Therefore, integrating VGG-19 with Grad-CAM and UMAP embedding methods provides an interpretive DNN model for more accurate histopathological analyses.

Our method can be used to obtain the predictive results of each ROI from all ensembled sub-models, leading to an intuitive illustration of the discrepancy among individual sub-models (Figure 8, corresponding to representative results in Figure 6). In this study, we emphasized two types of disagreements among sub-models: (1) a significantly different prediction generated by a sub-model (Figures 8A–E, corresponding to A–E in Figure 6), and (2) in distinguishing false positive or false negative results (Figures 8F–J, corresponding to F–J in Figure 6). The former disagreement is due to the varied staining appearance of specific cases (Figures 8A–E), resulting in an incomprehensive training dataset. Specifically, the data distribution should be inspected prior to model development in response to negative effects introduced by the domain shift (33). The cross-validation protocol employed in this study provides a way to observe such effects in the training dataset. The latter type of disagreement (Figures 8F–J) pertains to transitional predictions, an ambiguous case-related false-positive or false-negative result. In some cases, with the label of “non-failure” (e.g., Figures 8K,L, corresponding to K and L in Figure 6), a few ROIs receive high-risk scores. While the case-level predictions match the ground truth, such circumstance indicates that the case may exhibit severe local injury. To address this issue, we will gather more representative samples, investigate the whole-slide image instead of some specific ROIs, and incorporate other supplementary approaches such as immunohistochemistry staining and polymerase chain reaction (PCR)-based analysis for a comprehensive assessment.


[image: Figure 8]
FIGURE 8. Examples of misclassified cases. Representative ROIs are used as examples to demonstrate two types of misclassification marked in Figure 6. (A–E) Weak staining; (F–I) false-positive cases; (J) false-negative cases; (K,L) critical cases are correctly classified but confirmed to exhibit severe local injury and receive high-risk scores. Scale bars: 10 μm.


DNN has been proved as a generalizable tool in assisting cardiovascular disease diagnosis, for example, evaluating cardiac allograft rejection by analyzing histopathological or multiplex immunofluorescence images (4, 34). DNN has also led to breakthroughs in other imaging modalities for cardiovascular diagnosis or research, such as echocardiography, coronary artery calcium scoring, coronary computed tomography angiography, light-sheet microscopy, light-field imaging, etc. (17, 35, 36). Numerous applications such as quantification of receptor status (37), estimation of Ki-67 index (38), or implementation into Ziehl-Neelsen staining (39) and Masson's Trichrome (40) are potentially feasible in cardiovascular studies as well. Besides generic image classification and segmentation, DNN has demonstrated its viability to synthesize pseudo H&E images from Raman spectroscopy and other multi-modality non-linear imaging techniques, augmenting non-invasive and in vivo diagnosis (41). Collectively, the proposed framework provides a general pipeline for most of modalities and applications, improving the reliability and credibility of deep learning methods in cardiovascular diagnosis and research.

As a data-driven model, an unbiased and comprehensive training dataset is always preferred in an ideal condition. Our current model can be improved from the following aspects. First, the model was trained supervisory with a case-level label (belonging to failure or non-failure group). While the high attention regions are correlated with pathological patterns, these patterns are not explicitly defined and cannot be quantified by DNNs. We will further introduce additional labels to characterize specific pathological patterns, for example, infiltrated inflammation and myocardial necrosis (12). Second, our data were provided by a single institute. We plan to include more diverse data sources to address the issues of varying data quality, processing protocol, and the equipment used for sample preparation (42). A more robust model covering the sample diversity may further advance future clinical investigations.



CONCLUSION

In this study, we integrated the VGG-19 network with Grad-CAM, UMAP, and multi-model ensemble methods for assessing EMB images from heart failure cases, providing an interpretive classification with high efficiency and accuracy. Three strategies, including the attention maps produced by Grad-CAM, the deep feature visualization via UMAP embedding, and multi-model ensemble, facilitated the interpretability of this VGG-19 model and clarified the dominant morphologies of injured regions on EMB images. Both individual model and multi-model ensemble indicated that DNN-aided diagnosis had great potential to recognize cardiomyopathy. Overall, our method established the basis for quantitative computation and intuitive interpretation of EMB images that can advance the applications of deep learning models in cardiac research.
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Objective: Vascular endothelial dysfunction is considered an early predictor of endothelial injury and the initiating factor of atherosclerosis (AS). Brachial artery flow-mediated dilation (FMD) can detect endothelial injury early and provide important prognostic information beyond traditional cardiovascular (CV) risk factors. This study aimed to find the influencing factors of FMD and develop a simple prediction model in populations with different body mass indices (BMIs).

Methods: In total, 420 volunteers with different BMIs were recruited in our study. Subjects were randomly assigned to the derivation and validation cohorts (the ratio of the two was 1:2) with simple random sampling. The former was used for influencing factors searching and model construction of FMD and the latter was used for verification and performance evaluation.

Results: The population was divided into two groups, i.e., 140 people in the derivation group and 280 people in the verification group. Analyzing in the training data, we found that females had higher FMD than males (p < 0.05), and FMD decreased with age (p < 0.05). In people with diabetes, hypertension or obesity, FMD was lower than that in normal individuals (p < 0.05). Through correlation analysis and linear regression, we found the main influencing factors of FMD: BMI, age, waist-to-hip radio (WHR), aspartate aminotransferase (AST) and low-density lipoprotein (LDL). And we developed a simple FMD prediction model: FMD = −0.096BMI−0.069age−4.551WHR−0.015AST−0.242LDL+17.938, where R2 = 0.599, and adjusted R2 = 0.583. There was no statistically significant difference between the actual FMD and the predicted FMD in the verification group (p > 0.05). The intra-class correlation coefficient (ICC) was 0.77. In a Bland-Altman plot, the actual FMD and the predicted FMD also showed good agreement. This prediction model had good hints in CV risk stratification (area under curve [AUC]: 0.780, 95 % confidence intervals [95% CI]: 0.708–0.852, p < 0.001), with a sensitivity and specificity of 73.8 and 72.1%, respectively.

Conclusions: Males, older, obesity, hypertension, diabetes, smoking, etc. were risk factors for FMD, which was closely related to CV disease (CVD). We developed a simple equation to predict FMD, which showed good agreement between the training and validation groups. And it would greatly simplify clinical work and may help physicians follow up the condition and monitor therapeutic effect. But further validation and modification bears great significance.

Keywords: flow-mediated dilation, prediction equation, vascular endothelial function, atherosclerosis, body mass index


INTRODUCTION

AS is the most common pathological mechanism of coronary artery disease, peripheral artery disease and cerebrovascular disease (1). The chronic accumulation of subendothelial atherosclerotic plaque or the shedding of unstable plaque will cause luminal stenosis to restrict blood flow and cause severe tissue hypoxia, eventually causing myocardial infarction and stroke, which is the most common cause of death in the world (2). Vascular endothelial dysfunction is generally considered an early predictor of endothelial injury and the initiating factor of AS (3). Thus, early recognition of endothelial injury can help take intervention measures as soon as possible to effectively delay or even reverse the process of AS.

The evaluation methods of endothelial function are mainly divided into invasion and non-invasion. In the past, invasive inspections such as coronary angiography and forearm plethysmography (4) were often used. However, these invasive techniques were burdensome for the subjects with low repeatability and high risk characteristics. Especially for healthy people or asymptomatic patients, it was usually inappropriate to perform these examinations. Therefore, some non-invasive technologies have emerged with higher repeatability and accurate and reliable results. Carotid intima media thickness (CIMT) measurement is an effective method for the early assessment of AS (5). With its simple operation and low price, the ultrasound measurement of CIMT is widely used in the clinical screening of vascular diseases. However, there is interobserver variability in measurement, and its accuracy must be improved. Peripheral arterial tonometry (PAT) is an effective method to evaluate the microvascular function (6). The vasomotor function is evaluated by vasodilation after compression, and the results obtained by its automatic detection program are more reliable. Correspondingly, FMD is currently the most commonly used method to evaluate the endothelial function (7). Its result is accurate, reliable and highly repeatable, and it is considered the most important method to non-invasively evaluate the endothelial function.

However, there are many problems in the application of FMD in daily clinical practice. With its high requirements for operation skills, it requires well-trained operators. The discomfort caused by prolonged pressurization makes it unacceptable. The inspect equipment is also expensive, especially in primary hospitals, which results in much more difficult assessments.

Thus, we developed a prediction model based on FMD results with anthropometric measurements and laboratory analysis to facilitate the evaluation of endothelial damage in populations with different BMIs. It was helpful to popularize at primary hospitals and convenient for early detection and early intervention, which we hope to improve the prognosis of atherosclerosis.



METHODS


Participant Selection and Design

This study consequently enrolled subjects from Jan 2021 to April 2021 in the Sixth People's Hospital Affiliated to Shanghai Jiao Tong University, China. Patients with the following conditions were excluded from our study: current malignancy with a life expectancy <6 months; undergoing radiotherapy, chemotherapy, or molecular targeted therapy; severe mental illness or language barriers that prevented normal communication with researchers. In total, 420 subjects aged 18–60 years were recruited, including 108 males and 312 females, all of whom were Chinese. FMD and anthropometric measurements and laboratory analysis were performed on all participants. Hypertension was defined as > 140/90 mm Hg according to the 2018 European Society of Cardiology (ESC)/European Society of Hypertension (ESH) guidelines (8). Criteria for the diagnosis of diabetes was fasting blood glucose (FBG) ≥ 7.0 mmol/L or 2-h plasma glucose value ≥ 11.1 mmol/L during a 75-g oral glucose tolerance test or the glycated hemoglobin (HbA1c) ≥ 6.5% or patient with classic symptoms of hyperglycemia or hyperglycemic crisis, a random plasma glucose ≥ 11.1 mmol/L (9). Given that total cholesterol (TC) and/or high-density lipoprotein (HDL) are included as risk assessment factors in many guidelines on the assessment of cardiovascular risk (10–12), we tentatively classified TC ≥ 5.2 mmol/l or HDL < 1.0 mmol/l as the dyslipidemia group for ease of analysis. Then, the population was randomly assigned to the derivation and validation cohorts (the ratio of the two was 1:2) with simple random sampling to search for the influencing factors of FMD and construct and verify the equation. The protocol was approved by the Shanghai Jiao Tong University Ethics Committee and conformed to the Declaration of Helsinki. All subjects provided written informed consent to participate in the study.



FMD and CIMT Measurement

FMD was measured according to the guideline (13) with an Omron UNEX EF 38G (UNEX Corporation, Nagoya, Japan) tester, and the probe frequency was 10 MHz. Prior to the FMD examination, subjects should fast (>6 h), avoid exercise (>24 h), and refrain from caffeine, vitamin C and alcohol (>12 h). Smokers must refrain from smoking for >6 h. When subjects take drugs, they should wait 4 times the half-life of the drug. Then, they should be studied in a quiet, temperature-controlled room and relaxed for at least 10 min to relieve mental stress and physical activity. The blood pressure was measured twice on the right arm in the sitting position, and the average value was obtained. Then, in the supine position with the right arm extended, the cuff was placed on the forearm, and the brachial artery was scanned 3–5 cm above the antecubital fossa. We used an H-shaped probe capturing two short-axis and one long-axis for automatic probe position correction to identify clear vascular boundaries. And a probe-holding device was used to further ensure optimal image. First, the baseline inner diameter of brachial artery was measured; then, the cuff was inflated to a pressure of 50 mmHg higher than the subject's systolic blood pressure and held for 5 min. Afterwards, the cuff was deflated, and the diameter of the artery was measured again over the next 3 min to capture the peak brachial artery diameter. The continuous measurement process was monitoring by automatic edge-detections systems. Finally, the FMD result was automatically calculated by the machine: FMD = [(maximum diameter – diameter at rest)/diameter at rest] × 100 (%). FMD was measured twice for each participant at an interval of 20 min, and the average value was obtained.

CIMT was performed using a MINDRAY DC-8 or a MINDRAY DC-80S ultrasound machine with a 10-MHz linear probe. Patients were examined in the supine position with a slight rotation of the neck to the contralateral side. CIMT was defined as the distance between the lumen-intima boundary and the media-adventitia boundary. And it was measured at ~1 cm posterior to the common carotid artery bifurcation at a site with uniform intima without plaque lesions. The proximal and distal walls were measured and averaged. Finally, the average value of the left and right common carotid arteries was taken as the average CIMT.

The entire inspection project for FMD and CIMT was completed by two experienced physician with at least 3 years of operating experience and the physicians did not know any information about them.



Clinical and Laboratory Analysis

Operators used a digital scale to measure the height and weight of participants, who had to take off shoes and wear light clothes. Then, we calculated the BMI = body weight (kg)/height squared (m2). The waist circumference was measured using tape around the abdomen through the midpoint of the lower edge of the costal arch and the anterior superior spine by a trained examiner. Then, the subjects stood upright with legs close together, and the tape was placed horizontally on their front pubic symphysis and the most convex part of the back gluteus maximus to measure the hip circumference. And the WHR was calculated using the formula: WHR = waist circumference (cm)/hip circumference (cm). The systolic blood pressure (SBP) and diastolic blood pressure (DBP) were measured twice in a quiet state for 1 day, and mean values were used for analysis. Mean arterial pressure (MAP) was expressed as MAP = (SBP+2 × DBP)/3.

We searched for cardiovascular risk factors proposed by some guidelines, and on this basis, added variables that may be associated with FMD for model construction: triglyceride (TG), TCHDL, LDL, alanine aminotransferase (ALT), AST, γ-glutamyl transpeptidase (γ-GT), alkaline phosphatase (ALP), free triiodothyronine (FT3), free tetraiodothyronine (FT4), thyroid stimulating hormone (TSH), prealbumin (PAB), total bile acid (TPA), total bilirubin (TBiL), direct bilirubin (DBiL), serum creatinine (Scr), serum uric acid (SUA), blood urea nitrogen (BUN), retinol-binding protein (RBP), cystatin C (CysC), FBG, HbA1c, insulin, and C-peptide (CP). Venous blood samples were drawn from all subjects in the early morning after 8 h of fasting. All biochemical determinations were performed in the same laboratory using standard laboratory methods. Insulin was measured by radioimmunoassay (ADVIA Insulin Ready Pack 100, Bayer Diagnostics, Milan, Italy) with intra- and inter-assay coefficients of variation < 5%.



Statistical Analysis

Statistical analyses were performed with the SPSS software, version 26 and MedCalc software, 20.0.3. The normality of distribution was checked with Kolmogorov–Smirnov test. Normally distributed data are expressed as the mean ± standard deviation, whereas data not normally distributed are expressed as the median and interquartile range. Categorical variables were expressed as percentages. Independent two-sample t-test and non-parametric test (Mann–Whitney) were used for comparison of quantitative data. Pearson's chi-square (χ2) was used to compare categorical data. We first analyzed the difference of FMD among subgroups of different genders, different ages and with or without hypertension, diabetes or dyslipidemia. And then we further searched for the influencing factors of FMD through correlation analysis (p < 0.01, r > 0.3) and linear regression (p < 0.01), and constructed a FMD prediction model based on multivariate linear regression (stepwise). Finally, validation and performance evaluation were performed in the validation sample by ICC and Bland–Altman plot. In addition, we analyzed the value of our predictive equation in identifying risk factors for CVD through receiver operating characteristic (ROC) curves. A p < 0.05 indicated statistical significance.




RESULTS


Baseline Characteristics and Within-Group Analysis

In total, 420 subjects fulfilled the inclusion criteria and were divided into a derivation group and a verification group by random sampling. The ratio of the two was 1:2, i.e., 140 people in the derivation group and 280 people in the validation group. The demographic and clinical characteristics of the two groups are shown in Table 1. There was no statistically significant difference between them (p > 0.05).


Table 1. Characteristics in the derivation and validation cohorts.

[image: Table 1]

In the derivation group, we performed sub-group analysis (Table 2, Figure 1). The initial assessment in gender subgroups revealed that women presented higher FMD than men (p < 0.05) (Figure 1A), whereas CIMT was not statistically different (p > 0.05). In different age groups, we found that younger people had higher FMD (Figure 1B) and lower CIMT (Figure 2A) than older people (p < 0.05). Analysis of BMI subgroups revealed that obese people presented lower FMD (Figure 1C) and higher CIMT (Figure 2B) than non-obese individuals (p < 0.05). People with hypertension and diabetes showed lower FMD (Figures 1D,E) and higher CIMT (Figures 2C,D) than those without such diseases (p < 0.05), while taking drugs or not had no significant effect on FMD or CIMT in population with such diseases (p > 0.05). Smokers had lower FMD than non-smokers (p < 0.05) (Figure 1F). However, analysis of the population with or without dyslipidemia revealed that there was no significant difference in FMD or CIMT (p > 0.05).


Table 2. Values of FMD and CIMT in subgroups of gender, age, BMI, hypertension, diabetes, dyslipidemia and smokers.
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[image: Figure 1]
FIGURE 1. Comparison of FMD values in subgroups of both genders (A), different ages (B), different BMIs (C), hypertension (D), diabetes (E) and smoking (F). P < 0.05 in all subgroups.



[image: Figure 2]
FIGURE 2. Comparison of CIMT values in subgroups of different ages (A), different BMIs (B), hypertension (C) and diabetes (D). P < 0.05 in all subgroups.




Correlation and Univariate Analysis

Before constructing the prediction equation, we first looked for variables that were clearly related to FMD. We performed bivariate correlation analysis and univariate regression analysis on the above variables and FMD, and screened out 16 potential risk factors (p < 0.01) after excluding multicollinearity issues, as shown in Table 3. Multivariate logistic regression was later performed to screen for significant variables associated with FMD.


Table 3. The correlation and univariate analysis of FMD and 16 variables.
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Equation Development

After multiple variables combination and modification, we finally selected the following variables for modeling (stepwise, p < 0.01), and the expression was:

[image: image]

R2 = 0.598, and adjusted R2 = 0.582. The regression coefficient and 95% CI of each independent variable are shown in Table 4. The independence test of model residuals, i.e., Durbin-Watson test, was 2.184, which indicates good independence between variables. The collinearity analysis show that the VIF values between the independent variables were <2, which indicates that there was no synteny problem among the four independent variables that we introduced. In addition, we draw a residual scatter plot with the standardized predicted value on the X-axis and the standardized residual on the Y-axis (Figure 3). The scatter points were randomly distributed, and the slope was almost zero. We believe that there was no possibility of autocorrelation. The scatter plot of the standardized predicted value and dependent FMD shows a linear trend (Figure 4).


Table 4. The regression coefficient and 95% CI of the equation.
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[image: Figure 3]
FIGURE 3. The residual scatter plot of standardized predicted value and standardized residual.



[image: Figure 4]
FIGURE 4. The scatter plot of standardized predicted value and dependent FMD.




Verification of Equations

To verify the effectiveness of our model, we compared the actual FMD values to predicted FMD values in the verification group. ICC of them was 0.767 (95% CI: 0.704–0.816; p < 0.001). The two-related-sample test (Wilcoxon) shows that there was no statistically significant difference between the actual FMD and the predicted FMD (P > 0.05). Next, we drew a Bland–Altman plot (Figure 5), which shows that the average value of the differences (middle horizontal solid line) was close to zero (middle horizontal dotted line). Most of the differences between actual FMD and predicted FMD were within the 95% limits of agreement, and only 3% (13/420) of the points lied outside it. We believed that the actual FMD and predicted FMD had high consistency.


[image: Figure 5]
FIGURE 5. The Bland-Altman plot of actual FMD and predicted FMD. The upper and lower horizontal dotted lines in the picture represented the 95% limits of agreement. The horizontal solid line in the middle represented the average value of the difference. The middle horizontal dotted line indicated the position where the average value of the difference was zero.


To further evaluate the ability of our prediction model to assess CV risk, we divided the validation cohort into groups according to the Framingham Heart Study CV risk stratification updated in 2008 (10-year CV event risk: 0–6%, 6–20% and > 20%) (10). Our study population had no risk >20%, so it was divided into two groups. The AUC of FMD to identify different CV risk stratification was 0.780 (95% CI: 0.708–0.852, p < 0.001), with a sensitivity and specificity of 73.8 and 72.1%, respectively (Figure 6).


[image: Figure 6]
FIGURE 6. Receiver operating characteristic curves of predicted FMD for Framingham Heart Study CV risk stratification. AUC, area under the curve; CI, confidence interval.





DISCUSSION

The main purpose of this article was to find the influencing factors of vascular endothelial function and establish a simple predictive model of FMD. Endothelial damage is often used as an early marker of various diseases, such as obesity, hypertension, diabetes, and AS. Many studies have shown that FMD can provide important prognostic information beyond traditional CV risk factors (14), and low FMD strongly predicts CV events (15). Therefore, early evaluation of endothelial function is of great significance in diagnosing or monitoring disease progression.

We divided the target population into a derivation group and a verification group through simple random sampling. The ratio of the two was 1:2, which ensured the reliability of the prediction model and reduced the phenomenon of overfitting. The balance test was first performed between them to ensure a random distribution of the indicators. Table 1 shows that their p values were both >0.05, which indicates that there was no significant difference in parameters between them.

We first analyzed the relationship between gender and FMD and found that men had lower FMD than women. Study revealed atherosclerotic CVD prevalence in men was greater than in women until menopause, and some studies showed earlier decrements in endothelial function in men compared to women (16, 17). But sex differences in endothelial function was controversial and others showed similar age-related declines between the sexes (18). After menopause, women may have a higher prevalence of CVD compared to age-matched men (19). This may be due to the lack of protective effects of estrogen. There were few postmenopausal women in our participants (total population: 6/420), the results showed that there was no statistical difference in FMD between men and women (p > 0.05), but the representativeness was insufficient, and the sample size will be expanded in the future, hoping to conduct in-depth research. The prevalence of CVD increases with age in both men and women. CVD in aging is partly a consequence of the vascular endothelial cell senescence and associated vascular dysfunction (20). Vascular oxidative stress and low-grade inflammation increase with age and is the key mechanism of endothelial diastolic dysfunction (21). Simultaneously, the reduction of estradiol associated with aging (postmenopausal females) (22) and epigenetic modifications (23) may also cause endothelial dilation disorders. This represents a major link between aging and cardiovascular risk.

Many studies have demonstrated impaired endothelial function in obesity, so we compered the FMD values in different BMIs. We found that the group with higher BMI had lower FMD and higher CIMT. This suggested the dual damage of vascular endothelial function and structure related to obesity. Prior study of the impact of obesity revealed FMD decreased in the moderately obese compared with the non-obese (24). This was consistent with our results. An increased CIMT had also been reported in obese patients and weight loss was associated with a reduction in CIMT, consistent with a lowering in risk of cardiovascular events (25, 26). And also, we found that people with diabetes, hypertension and smoking showed lower FMD, all of which suggested an association between FMD and cardiovascular risk factors (12, 27, 28).

Then, we performed bivariate correlation analysis and univariate regression analysis to screen out potential risk factors (p < 0.01) to the multivariate logistic regression. After multiple variables combination and modification, we developed a prediction model of FMD, which consisted of BMI, age, WHR, AST and LDL. BMI is a commonly used index to measure the degree of obesity, and BMI≥24 is considered overweight in the Asian population. As we said before, overweight and obesity are factors closely related to vascular endothelial damage (29). Obesity-induced long-term hypoxia, chronic inflammation, oxidative stress and mitochondrial dysfunction are all involved in the development of endothelial dysfunction (30–34). Epigenetics (35) and circulating particles (36, 37) have also been popular mechanisms in recent years. However, obesity-related endothelial damage involves the joint participation of multiple mechanisms, which awaits more in-depth research.

WHR is an important indicator to determine central obesity, and the latter is closely related to an increased risk of CV diseases, even among people with normal BMI (38). Pear-shaped females with normal weight but more fat in the hips and thighs have a lower risk of heart disease and stroke. Fat accumulated in the buttocks and thighs is subcutaneous fat, which has a protective effect. However, the fat of central obesity accumulates in the abdomen, which is visceral fat, and easily releases fatty acids into the blood to cause pathological conditions such as high cholesterol and insulin resistance. This pathological process easily induces early endothelial damage (39, 40).

AST is generally considered a marker of myocardium and liver damage. Perticone et al. reported that AST was closely related to the endothelial function, as evaluated by strain-gauge plethysmography, in both univariate linear analysis and a stepwise multivariate regression model (41). This is consistent with our study. Initial endothelial injury is characterized by endothelial glycocalyx injury, which mediates the release of Syndecan-1 from the endothelium and causes an increase in circulating concentration (42). Researchers found that the concentration of Syndecan-1 was significantly related to AST, and there was an obvious positive correlation between them (43). However, the specific mechanism between AST and vascular endothelial function cannot be fully explained at present, and chronic systemic effects and interorgan communication may promote development.

An increase in pro-atherogenic LDL and its oxidative modifications (ox-LDL) is well known to be a crucial factor in endothelial damage, a key early step and a predictor of the development of AS (44). When the body is continuously exposed to high levels of LDL, inflammatory pathways in vascular endothelial cells are activated to increase local and systemic inflammation, endothelial cell dysfunction and apoptosis, and smooth muscle cell proliferation, resulting in foam cell formation and genesis of AS plaque (45, 46). Therefore, dyslipidemia-induced hyperlipidemic stress is widely recognized as a powerful pathophysiological driver of AS.

However, analysis of these four risk factors also implies that we can improve the function of endotheliocytes through early intervention such as weight loss, a healthy diet and exercise. In some obese people with low FMD, physical exercise or bariatric surgery can increase FMD while losing weight, which suggests the recovery of endothelial injury (14, 47, 48). Aging of endotheliocyte is also not static. Researchers have found that aerobic exercise can significantly prevent endothelial cell aging and change the state of inflammation in the body, especially in elderly individuals (49, 50). The aging rate of endothelial cells after exercise is much lower than that of sedentary peers (51). Mitochondrial-targeted antioxidant supplementation may also play a role in improving age-related vascular dysfunction (52).

Impaired FMD has been associated with conditions predisposing to AS and CVD and represents an early step in the development of subclinical target organ injury and late clinical events (53). Therefore, we intended to evaluate our prediction model in identifying CVD risk stratification. The result showed that FMD model can well identify group with higher CVD risk (AUC = 0.780, p<0.001). Several studies have demonstrated the prognostic value of FMD for CVD events (54, 55). However, some scholars believe that the reproducibility of FMD is low and currently not recommend for the assessment of CV risk. That partly because poor standardization between laboratories and lack of guideline adherence. At present, evidence on these issues pertaining to FMD is incomplete. If FMD can be standardized, it may be an important supplement to CV risk stratification.

The 1:2 grouping method improved the adaptability of our equation. It was easy to operate and very suitable for primary hospitals. On one hand, chronic diseases such as hypertension, diabetes, and obesity occupy the majority of community diseases. Doctors in the community are the “gatekeepers” of the health care system, so monitoring and long-term follow-up of such diseases are very important. On the other hand, basic hospitals are not equipped with sufficient hardware facilities, especially expensive and high-tech machines such as FMD equipment. Thus, a simple and reliable evaluation model as an auxiliary method is of great significance.

Our study had several limitations. First, the sample for model construction and verification was relatively small and data was limited to Chinese individuals. In the future, a prediction model will require a larger sample for verification and we hope to extrapolate the model to other ethnic groups. Second, this was a single-center study. Although the ratio of our training group to the validation group was 1:2 to maximize the generalizability of our model, establishing a standardized and accurate model requires the joint participation of multi-center research. Third, the accuracy of our prediction equation was quite modest. It may be suitable for epidemiological purpose or for primary hospitals. Furthermore, there were differences in the ratio of sex and BMI, and the percentage of males and the non-obese was relatively small in our studied population. In response to these problems, our follow-up research must expand the sample size and maintain the internal balance of each variable.



CONCLUSION

Short-term changes or longer-term improvements of vascular endothelial function in interventional trials suggest protective or damaging effects. Therefore, using FMD as a surrogate endpoint to observe changes in endothelial function is timely and simple. We explored the influencing factors of FMD and developed a simple prediction equation. This model will greatly simplify clinical work, but further validation in external populations remains necessary.
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Vascular inflammation mediated by overly activated immune cells is a significant cause of morbidity and mortality in systemic lupus erythematosus (SLE). Several mouse models to study the pathogenesis of SLE are currently in use, many of which have different mechanisms of pathogenesis. The diversity of these models allows interrogation of different aspects of the disease pathogenesis. To better determine the mechanisms by which vascular inflammation occurs in SLE, and to assist future researchers in choosing the most appropriate mouse models to study cardiovascular complications in SLE, we suggest that direct comparisons of vascular inflammation should be conducted among different murine SLE models. We also propose the use of in vitro vascular assays to further investigate vascular inflammation processes prevalent among different murine SLE models.
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INTRODUCTION

Systemic lupus erythematosus (SLE) is an autoimmune disease characterized by production of antibodies that react to self-antigens such as DNA and complement components (1). Vasculitis and progression to cardiovascular diseases (CVD) are prevalent and significant contributors to mortality in SLE (2). Although the pathogenesis of CVD in SLE is not fully understood, it is known that abnormalities in immune cells are heavily implicated. Many immune cells, such as T cells and monocytes, are overactive in SLE, causing chronic inflammation and widespread tissue damage, including damage to the heart and vasculature (3). Significant advances toward understanding SLE pathogenesis have been made in the past 60 years due to the use of mouse models that recapitulate certain features of the human disease. However, few studies have addressed cardiovascular complications. Here, we propose that an in-depth systematic characterization of CVD phenotypes in mouse models of SLE in relationship with immune alterations will improve the understanding of the pathogenesis of CVD in SLE. Additionally, we argue that application of in vitro biomaterial models will also contribute to increased understanding of CVD pathogenesis in SLE.



CVD IN HUMAN SLE

One of the most serious complications of SLE is CVD, which is a leading cause of death five years past diagnosis (2, 4). With an incidence ranging from 31 to 70% (5–7), CVD presents in SLE patients with diverse manifestations including pericarditis, myocarditis, valvular disease, atherosclerosis, thrombosis, and arrhythmias. This clinical heterogeneity likely reflects a complex etiology as well as the contribution of multiple risk factors. Widespread use of imaging tools has revealed a high frequency of microvascular impairment and myocarditis in SLE patients (6, 8–11), the majority of which do not lead to clinical presentation (12–14). Perfusion abnormalities have also been detected by single-photon emission computerized tomography imaging in 88% of SLE patients, two thirds of which had negative coronary angiograms (15). These results are in agreement with the reduction of myocardial coronary flow reserve on MRI studies found in 44% of SLE patients with angina and a normal angiogram (15). These findings suggest that coronary microvascular dysfunction, which has emerged as a mechanism of myocardial ischemia, heart failure, and arrhythmias distinct from obstructive atherosclerosis, is a common feature in SLE patients, but that the dysfunction is difficult to assess, and probably underdiagnosed.

In addition to coronary effects, vascular inflammation in SLE has further implications throughout the rest of the body. About 11–36% of SLE patients experience vasculitis, which may affect small, medium, or large vessels, causing damage in the integumentary, neurological, digestive, respiratory, and urinary systems (16). Vasculitis is thought to be mediated by immune complex deposition along vessel walls, as well as by direct destruction of vessel components by anti-endothelial cell autoantibodies (3, 16). The binding of immobilized antibodies and immune complexes by innate immune cells such as monocytes sets off an inflammatory response.

Endothelial function deteriorates with increased activity of type-1 interferons (IFNs), an important family of inflammatory cytokines that are upregulated in SLE (3). Endothelial dysfunction is thought to contribute to the dramatically increased risk of hypertension in SLE patients (17). SLE patients are also at risk of developing atherosclerosis and suffering ischemic events such as ischemic stroke or myocardial infarction (3). Atherosclerosis in SLE may be associated with vasculitis since damage to endothelial cells (ECs) is known to lead to CVD (3). New or worsening atherosclerosis occurs in 10% of SLE patients per year, although the precise mechanism by which it occurs is not fully understood (18).

Further study into the mechanisms driving SLE vasculitis is needed to identify targets for treating this serious co-morbidity. Since SLE is widely studied using mouse models, in this review we describe the cardiovascular manifestations of disease in several of the most common SLE mouse models. Unfortunately, most SLE mouse models do not develop cardiovascular complications comparable to those experienced by SLE patients. For this reason, we also propose future work that leverages biomaterial model systems to assist in identifying processes relevant to human SLE-associated CVD.



CVD IN SLE MOUSE MODELS

Several spontaneous and induced mouse models of SLE have been developed since the 1960s, with overlapping but distinct mechanisms of disease, allowing for the study of isolated disease processes. We refer the reader to recent review articles detailing the pathogeneses of several of these models (19–21), as well as to a review article focusing on the development of myocardial infarction or hypertension in several of these models (22). Table 1 gives a summary of commonly studied CVD manifestations observed in SLE mouse models.


Table 1. Cardiovascular manifestations associated with different SLE mouse models.
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Although there have been few studies comparing microvascular inflammation qualitatively and quantitatively among different SLE mouse models, there are several metrics summarized in Table 2 by which SLE-associated CVD can be assessed. Overt atherosclerosis can be observed as plaques that are visible by histology in some mouse models such as apolipoprotein E (ApoE) knockouts. Production of reactive oxygen species and associated enzymes in disease vasculature can also be measured using histology in NZB/NZW F1 mice and in some imiquimod-treated models (27, 34, 37). Some strains including MRL/Faslpr, BXSB, and (NZW/BXSB) F1, may also develop myocardial infarctions (55). NZB/NZW F1 mice and some induced models develop hypertension, which may be used as another measure of CVD progression (23, 25, 27, 32–36, 44).


Table 2. Experimental measures of CVD in SLE mouse models.
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Since many SLE mouse models do not display overt atherosclerosis and hypertension in the same manner as humans, histological, and blood pressure studies are often insufficient for assessing CVD progression. In these cases, vascular disease can be measured by functional studies in which isolated arteries are forced to contract, and then are exposed to various vasodilators to observe the extent of vasorelaxation (23–25, 27–30, 34, 35, 37–40). This type of study can be done on any mouse model. Another metric of CVD progression is the proliferation of endothelial progenitor cells (EPCs) and their ability to differentiate into mature ECs. EPCs from bone marrow, spleen, and the peripheral circulation of SLE mice often display decreased proliferation and differentiation compared to wild-type mice, suggesting a role for impaired endothelial turnover in SLE-related CVD (24, 30, 38–40, 50, 53). The various methods commonly employed to measure CVD in SLE mouse models are summarized in Table 2.

The following sections describe how these metrics have been used to investigate CVD in mouse models of SLE.


Tissue Lesions Detected by Histology


Atherosclerosis

A very common method to assess the extent of CVD in an animal model is to observe vessel micrographs for the presence of atherosclerotic lesions; however, there are few SLE mouse strains that develop atherosclerosis naturally. For this reason, pro-atherogenic mouse models such as ApoE knockouts are often used to investigate how certain cytokines associated with SLE, such as type I IFNs, may contribute to the development of vascular lesions (26). Increasing type I IFN levels by infecting ApoE−/− mice with IFNα-expressing adenovirus has been shown to increase vascular lesions, while the opposite was seen by knocking out of the IFNα receptor (IFNAR) (39). Knockout of ApoE or low density liproprotein receptor (LDLr) has also been applied to various SLE -specific mouse models to demonstrate the role of SLE pathways in worsening plaque formation in mice that are already prone to atherosclerosis (41, 43, 44, 50, 57). For example, ApoE−/− mice manifest histologically observable vascular lesions upon treatment with pristane, an inflammation-inducing hydrocarbon that promotes type I IFN production (26). The use of type I IFN-increasing agents in mice that are susceptible to atherosclerosis provides evidence that the increase in type I IFNs seen in SLE patients is a major driver behind CVD in these patients.

Another mouse model that has been used in combination with atherosclerosis-prone models is the B6.NZM2410.Sle1.Sle2.Sle3, or triple congenic, mouse. This mouse has three NZM2410-derived-SLE susceptibility loci on a C57BL/6 genetic background. Furthermore, this phenotype maps, at least in part, to the overexpression of the lupus susceptibility gene Pbx1-d, which impairs regulatory T cells (43). Triple congenic mice do not develop atherosclerosis spontaneously, but they have been used as bone marrow donors in chimera studies, with atherosclerosis-prone strains as recipients. Chimeras of LDLr−/− (44) or LDLr−/−Rag−/− mice (41) with bone marrow from triple congenic mice have shown increased atherosclerosis compared to chimeras with bone marrow from control C57BL/6 mice (42). Mutations in Fas or the Fas ligand (FasL), which disrupt apoptosis, have also been introduced into atherogenic mouse models to simulate the CVD effects of SLE. For example, the FasL mutation in gld.apoE−/− mice causes glomerular lesions such as those seen in SLE as well as the vascular lesions typical for ApoE−/− mice (50).



Myocardial Infarction

Although thrombosis and myocardial infarction occur frequently in human SLE patients, there are relatively few SLE mouse strains that develop these complications. Some of the most commonly used mouse strains to study thrombosis and myocardial infarction in SLE are mice with mutations in Fas or FasL, or with overexpression of Toll-like receptor 7 (TLR7).

Fas is a membrane-bound receptor that triggers apoptosis. The Fas/FasL pathway is especially important for inducing apoptosis in activated lymphocytes after infection has been cleared (58). Mutations in Fas or FasL are present in lpr and gld mice, respectively, and lead to the development of a lupus-like autoimmune pathology. Mice with these mutations often have more obvious CVD than other SLE strains. As they age, MRL/Faslpr mice develop necrotizing polyarteritis with rare thrombotic occlusion (51, 52). MRL/Faslpr males tend to develop age-dependent myocardial infarction (22). A recent study examining multiple organs has also shown vascular and perivascular leukocyte infiltrations increased as the mice aged and developed autoimmune pathology (48). These observations suggest that the vascular inflammation and increased risk of myocardial infarction in SLE may be due to active lymphocytes that have failed to receive a normal cell death signal.

The BXSB mouse has a translocation of TLR7 from the X chromosome to the Y chromosome, termed Yaa, causing males to develop SLE-like symptoms due to overactivation of the type I IFN pathway, a downstream effect of TLR7 signaling (19). BXSB mice may have increased risk of myocardial infarction, but the risk is lower than for other strains such as (NZW/BXSB) F1 males or MRL/Faslpr mice (22, 55). (NZW/BXSB) F1 male mice, which are the offspring of the cross between NZW females and BXSB males, have a similar course of disease to that of BXSB males, but with more clearly prevalent coronary vascular disease and myocardial infarction (22). Myocardial infarction in these mice may be due to small coronary artery disease as well as vascular lesions caused by anti-phospholipid autoantibodies (55).




Hypertension

The exact pathogenesis of hypertension in human SLE is not well-understood, but is thought to be related to some combination of endothelial dysfunction, kidney damage, abnormalities in the renin-angiotensin-aldosterone system, dysautonomia, and increased endothelin-1 (17). The degree of hypertension in mice may be measured by tail cuff for systolic blood pressure (33, 34) or by catheterization for mean arterial pressure (35, 36). The main mouse models generally used to study SLE hypertension are pristane-induced models and the NZB/NZW F1 strain. C57BL/6 and BALB/c mice develop increased arterial pressure when treated with pristane, suggesting that that an increase in type I IFN contributes to hypertension (23, 25).

NZB/NZW F1 mice develop spontaneous hypertension that may be avoided by therapeutic intervention to curtail SLE development (32, 33), although one study showed that treating the SLE-like glomerular damage and inflammation seen in this mouse did not decrease blood pressure (33). For this reason, it has been suggested that hypertension and kidney disease in this model are not directly related (33). Hypertension in NZB/NZW F1 mice may be attributable to a variety of influences including increased sensitivity to angiotensin II (31). Inhibition of angiotensin II by the angiotensin-converting enzyme (ACE) inhibitor captopril has been shown to downregulate expression of the type I IFN regulator Ifr7 (59), so it is possible that the increased angiotensin II sensitivity in NZB/NZW F1 mice causes hypertension mainly via increase in type I IFNs.



Endothelial Dysfunction


Vasorelaxation

Another common method of measuring vascular dysfunction is through vasorelaxation studies. These studies are useful because they can be done even if a particular strain of mouse is not prone to developing atherosclerosis or hypertension. In these studies, excised vessels are contracted using a vasoconstrictive agent such as phenylephrine (PE) or U-46619, and then exposed to different vasodilators. Acetylcholine (Ach) causes vasorelaxation in an endothelium-dependent manner by stimulating nitric oxide production, while sodium nitroprusside induces vasorelaxation in an endothelium-independent manner. Vessel response to Ach can be compared to the response to sodium nitroprusside to determine whether impaired vasorelaxation is due to endothelial dysfunction.

Vasorelaxation in response to Ach is impaired in many models of SLE that have type I IFN as a major driver of disease, including ApoE−/− mice exposed to IFNα-expressing adenovirus (39), pristane or imiquimod-treated mice (23–25, 27, 28), NZB/NZW F1 mice (35, 37, 38), and NZM2328 mice (39). Generally, these mice do not display impaired vasorelaxation in response to sodium nitroprusside, which induces vasorelaxation by acting directly on the vascular smooth muscle. These findings demonstrate that models with high levels of type I IFN experience impaired vasorelaxation due to endothelial dysfunction, which is also a common complication in human SLE.

Findings about vasorelaxation in mice with Fas or FasL mutations are variable. Compared to MRL/MpJ, a common control for MRL/Faslpr mice, MRL/Faslpr mice have decreased vasorelaxation in response to Ach (53, 54); however, B6.MRL-Faslpr mice have increased vasorelaxation in response to Ach and to sodium nitroprusside compared to C57BL/6 controls, even in the setting of high proteinuria, which indicates advanced disease (38). B6.MRL-Faslpr mice experience less severe disease than MRL/Faslpr mice (47), so the difference in vasorelaxation ability suggests that the lpr mutation alone is not sufficient to cause endothelial dysfunction. In addition, B6.MRL-Faslpr mice do not overproduce type I IFN-regulated genes (38), which seem to be responsible for endothelial dysfunction in most of the other models. For this reason, although B6.MRL-Faslpr mice are useful for modeling SLE in other respects, they may not be appropriate to use in studies of SLE-related endothelial dysfunction.



EPC Proliferation/Differentiation

Another means of measuring endothelial dysfunction is to investigate the proliferation and differentiation potential of EPCs. In healthy vasculature, EPCs replace old ECs to maintain the integrity and functionality of the endothelium (60). If EPCs are reduced, or if they are unable to differentiate into mature ECs, the turnover of the endothelium is impaired, resulting in vascular disease. Studies on the proliferation and differentiation potential of EPCs have been done on a wide variety of SLE mouse models. EPC differentiation was reduced in pristane- or imiquimod-treated mice (24, 28), in NZB/NZW F1 mice (38), and in ApoE−/− mice exposed to IFNα-expressing adenovirus (39). In aged NZM2328 mice, IFNAR deletion increased the numbers of both bone marrow and circulating EPCs; and in both young and aged female mice, EPCs had increased differentiation ability in the absence of IFNAR (39). These observations corroborate similar findings from vasorelaxation studies, demonstrating that the type I IFN pathway is involved in SLE-related endothelial dysfunction. On the other hand, B6.MRL-Faslpr mice do not display reduced numbers of EPCs in the bone marrow, or decreased EPC differentiation (38). Disease is not primarily mediated by type I IFNs in B6.MRL-Faslpr mice, so this result is unsurprising.





FUTURE DIRECTIONS

Several studies have investigated cardiovascular outcomes in individual SLE mouse models compared to control mice, but thus far very few studies have directly compared cardiovascular outcomes among different SLE mouse models.

Transcriptional signatures between NZB/NZW F1, NZW/BXSB, and NZM2410 mice have been compared to one another and to those of human SLE patients to identify common pathways (61, 62). These studies identified the STAT3- and IL-36A pathways shared between all models. Differences between strains were also seen for some genes, such as increased mitochondrial dysfunction signatures in NZB/W F1 and NZM2410, but not in NZW/BXSB, suggesting that NZB/W F1 and NZM2410 strains have more oxidative stress and so may better simulate human conditions for any future studies on mitochondria in SLE (61). Importantly, such advances have correlated with significant outcomes seen in profiling lupus nephritis in human patients via single cell sequencing (scRNAseq) (63, 64). The identification of gene expression pathways that are shared not only among different mouse models but also between mice and humans is an important step toward development of more effective therapeutics.

While the studies mentioned above used histology to study the extent of nephritis, which is a well-known pathology caused by SLE, histological studies of atherosclerosis and other cardiovascular complications of SLE are more challenging. Mice do not develop atherosclerosis with the same pathogenesis as humans; for example, lesions develop in different vessels and have different histological features (65). Some of these changes may be due to the size and hemodynamic properties of mouse vasculature (65). In addition, as discussed in the previous sections, most murine SLE models do not present with overt cardiovascular symptoms. As modeled for lupus nephritis, we suggest that conducting head-to-head comparisons of cardiovascular complications, such as Ach-mediated vasorelaxation, among different SLE mouse models would contribute greatly toward a better understanding of CVD progression in human SLE patients. Since different SLE mouse models have different, well-characterized mechanisms of disease, any differences in endothelial dysfunction among these models could shed more light on the pathways leading to CVD in SLE. This could, in turn, help in identification of potential new treatment options for use in the clinic. Direct comparisons of CVD development among different SLE models would also provide detailed information to assist researchers in the selection of the best mouse models to use in future studies of different aspects of SLE progression.

To better model the contribution of SLE to vascular inflammation in humans, we also propose that in vitro studies incorporating immune cells and ECs from different murine SLE models would be useful. Such studies would allow inflammatory pathways common between human and murine SLE cells to be investigated without potential effects from hemodynamic differences. Many types of in vitro platforms such as microfluidics devices and transwell assays allow for the study of interactions between diseased inflammatory cells, such as T cells or monocytes, with ECs (66). For example, in one study conducted to observe changes in angiogenesis in the setting of glioblastoma, ECs displayed increased sprouting when co-cultured with tumor-associated macrophages than with unstimulated macrophages (67). We suggest that similar studies using immune cells from SLE mice may also be informative. Since both the immune cells and the ECs of SLE mice tend to be abnormal, researchers may mix and match which cell types come from SLE mice and which come from controls. This flexibility would assist in differentiating whether endothelial dysfunction is due to an intrinsic pathology in ECs themselves, or to their interaction with abnormal immune cells. In vitro cultures can also be performed to study the effect of lupus serum on ECs from control mice; for example, on EC production of reactive oxygen species (46).

Currently, some of the most commonly used in vitro assays for CVD studies in SLE mouse models are EPC differentiation cultures, since endothelial dysfunction arises when EPCs are not able to mature and replace old ECs (26, 30, 38, 39). In addition to EPC differentiation, EPC function can also be assessed via various assays for adhesion and aging (26). Mature EC activity can be assessed through migration assays in which they are allowed to grow through Matrigel and form vascular tubules (26). These types of studies are useful for identifying abnormalities intrinsic to the ECs themselves.

A schematic summarizing studies that may be used to perform comparisons of vascular inflammation among different SLE mouse models is shown in Figure 1. As mentioned previously, direct comparisons between kidney gene expression in NZB/NZW F1, NZW/BXSB, and NZM2410 models have been done already (61). We propose that it may be beneficial to include additional models in future studies, such as Fas mutation-carrying strains like gld.apoE−/−, B6.MRL-Faslpr, or MRL/Faslpr, since the disease phenotype in these strains is not mediated by an increase in type I IFN as it is in the other strains. A comparison of vasorelaxation curves as Ach is added to a contracted section of artery could also be made among different models, as could a comparison of histological sections showing the extent of SLE progression and atherosclerosis. For in vitro studies, EPC differentiation assays and EC functional assays would help elucidate differences in endothelial dysfunction among different models at the cellular level. Co-culturing ECs with immune cells from different SLE models, or ECs from different SLE models with immune cells from control mice, could also indicate whether endothelial dysfunction is driven primarily by abnormalities in ECs or by abnormalities in immune cells in different models.


[image: Figure 1]
FIGURE 1. Comparison of CVD development in different SLE mouse models. Head-to-head comparisons among mouse models may be done in vivo, ex vivo, and in vitro. In vivo studies include RNA sequencing for expression of inflammatory genes and histology on organs such as the heart for characterization of inflammatory infiltrates. Ex vivo studies include vasorelaxation studies on arteries. In vitro studies include co-cultures of immune cells and endothelial cells, both of which can be harvested from SLE mouse models. Co-cultures may be indirect, such as in transwell systems, or direct, such as co-encapsulation studies where all cell types are embedded in a hydrogel. Created with BioRender.com.


We propose that multiple-mouse-model studies of vascular inflammation would contribute greater understanding of the pathogenesis of CVD in human SLE. To aid researchers in the study of cardiovascular dysfunction in SLE, tendencies toward CVD in multiple different murine models of SLE should be compared head-to-head through a variety of in vitro and in vivo experiments. Comparison of models with different driving mechanisms of disease will help elucidate underlying pathways behind CVD in SLE.
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Background: Cardiovascular diseases (CVD) are currently the leading cause of premature death worldwide. Model-based early detection of high-risk populations for CVD is the key to CVD prevention. Thus, this research aimed to use machine learning (ML) algorithms to establish a CVD prediction model based on routine physical examination indicators suitable for the Xinjiang rural population.

Method: The research cohort data collection was divided into two stages. The first stage involved a baseline survey from 2010 to 2012, with follow-up ending in December 2017. The second-phase baseline survey was conducted from September to December 2016, and follow-up ended in August 2021. A total of 12,692 participants (10,407 Uyghur and 2,285 Kazak) were included in the study. Screening predictors and establishing variable subsets were based on least absolute shrinkage and selection operator (Lasso) regression, logistic regression forward partial likelihood estimation (FLR), random forest (RF) feature importance, and RF variable importance. The selected subset of variables was compared with L1 regularized logistic regression (L1-LR), RF, support vector machine (SVM), and AdaBoost algorithm to establish a CVD prediction model suitable for this population. The incidence of CVD in this population was then analyzed.

Result: After 4.94 years of follow-up, a total of 1,176 people were diagnosed with CVD (cumulative incidence: 9.27%). In the comparison of discrimination and calibration, the prediction performance of the subset of variables selected based on FLR was better than that of other models. Combining the results of discrimination, calibration, and clinical validity, the prediction model based on L1-LR had the best prediction performance. Age, systolic blood pressure, low-density lipoprotein-L/high-density lipoproteins-C, triglyceride blood glucose index, body mass index, and body adiposity index were all important predictors of the onset of CVD in the Xinjiang rural population.

Conclusion: In the Xinjiang rural population, the prediction model based on L1-LR had the best prediction performance.

Keywords: cardiovascular disease, machine learning, predictive models, routine physical examination indicators, cohort study


INTRODUCTION

Cardiovascular disease (CVD), a chronic and complex disease caused by heart and vascular diseases, is currently the main cause of premature death and chronic disability globally (1, 2). Its treatment usually involves medical and surgical methods. Nevertheless, these treatments cannot cure CVD. Moreover, these treatments have a great impact on the quality of life of individuals with CVD. Therefore, the current management of CVD mainly focuses on preventive measures. Recent studies suggest that ~80% of premature CVD mortality could be prevented through early intervention (3). In addition, CVD has a slow onset and long incubation period; thus, it is generally at a more serious stage at the time of diagnosis. Therefore, early identification of high-risk groups for CVD is particularly important for its prevention and control (4).

In recent years, an increasing number of CVD prevention and control guidelines recommended the use of CVD risk prediction models to identify high-risk groups who could receive early intervention to reduce CVD risk (5). Most current risk prediction models for CVD were established using traditional statistical methods (6–10). A model is established if it meets the requirements of independence and linearity. Therefore, it cannot reflect the complex relationship between variables, which affects the accuracy of the prediction model and the applicability of external verification (11, 12). The machine learning (ML) algorithm is a traditional statistical method that can effectively solve the problems of non-linearity, variable redundancy, and interaction between variables. Moreover, it can be used to explore the potential risk factors for CVD to improve its predictive performance; hence, it is widely used in the field of CVD prevention and control (13). Despite its advantages, there are still controversies regarding its ability to predict CVD. Related studies reported that the predictive performance of ML algorithms was better than those of traditional statistical methods (14). Contrastingly, studies showed that the predictive performance of logistic regression (LR) was not weaker than that of machine learning algorithms (15, 16).

Xinjiang is located in northwest China and is home to multiple ethnic groups. Uyghur and Kazakh are the main ethnic groups in Xinjiang. Studies found that these populations have high prevalence of CVD risk factors, such as metabolic syndrome, hypertension, and obesity, thereby corresponding with high incidence of CVD (17–20). Most prediction models for CVD are based on European and American populations (6, 9, 21). Although in recent years, Chinese researchers have established predictive models based on Cox regression and ML algorithms, most are based on a feature screening method for predictive modeling (22, 23). Moreover, there are few reports on ethnic minority groups in Xinjiang, and previous studies showed that the Framingham risk score (FRS) and Pooled Cohort Equations (PCEs) were not suitable for identifying groups that had a high risk of CVD among the Uyghur and Kazak populations (24).

Thus, this study aimed to use machine learning algorithms to establish a CVD prediction model that was suitable for the Xinjiang Uyghur and Kazak populations based on routine physical examination indicators. This study also aimed to identify the main factors that affect the occurrence of CVD, to identify groups that had a high risk of CVD in early-stage disease, to provide a theoretical basis for the effective prevention of CVD, and to have important, practical significance for the comprehensive prevention and control of CVD in the Uyghur and Kazak populations.



METHODS


Study Population

Baseline data collection was divided into two phases. In the first stage, a baseline survey was conducted from 2010 to 2012. Through stratified cluster random sampling, the Uyghur population in Jiangbazi Township, Jiashi County, Kashi Prefecture, and southern Xinjiang, and the Kazakhs in Nalati Township, Xinyuan County, Ili Prefecture, and northern Xinjiang were selected. In the second stage, a baseline survey was conducted from September to December 2016, and the Uyghur population of the 51st Regiment of the Third Division of the Xinjiang Corps was selected as the research cohort through stratified cluster random sampling. A total of 19,549 people who were aged ≥18 years and lived in the local area for >6 months were included in the study. The exclusion criteria included CVD at baseline, those lost to follow-up, and those with incomplete blood information. Follow-up continued until December 2017 for the first stage (median: 6.07 years) and until August 2021 for the second stage (median: 4.94 years). According to the inclusion and exclusion criteria, 5,335 and 7,357 people were included in the first and second stages, respectively, for a total of 12,692 individuals (Supplementary Figures 1.1, 1.2). Then do data analysis (Supplementary Figure 1.3). All participants provided written informed consent. This study was approved by the Ethics Committee of the First Affiliated Hospital of Shihezi University School of Medicine (NO. SHZ2010LL01).



Data Collection

Data were collected via questionnaire, physical examination, and laboratory examination. Questionnaires were completed face-to-face. Anthropometric measurements such as height, weight, waist circumference (WC), hip circumference (HC), and blood pressure were obtained by trained professionals. Blood pressure was measured three times for each participant using a mercury sphygmomanometer after 5-min seated rest, and the average value was calculated. Hypertension was defined as systolic blood pressure (SBP) of ≥140 mmHg or diastolic blood pressure (DBP) of ≥90 mmHg. Prehypertension was defined as 140 > SBP ≥ 120 mmHg or 90 > DBP ≥ 80 mmHg (25). Synthetic indices were calculated based on anthropometric measurements: BMI [weight (kg)/height2 (m)]; BAI (HC/height1.5-18); pulse pressure (SBP–DBP); and waist-to-hip ratio [WHR; WC (cm)/HC (cm)]. A family history of diabetes was defined as a history of diabetes in at least one parent or sibling; the same criteria were used for a family history of stroke and coronary heart disease (CHD). Current smokers were defined as participants who had been smoking for >6 months (26). Drinking was defined as consuming alcoholic beverages (beer, red wine, and white wine) ≥2 times a month (27). A 5 ml fasting blood sample was collected from each subject and levels of the fasting blood glucose (FBG), triglycerides (TGs), high-density lipoprotein cholesterol (HDL-C), total cholesterol (TC), low-density lipoprotein cholesterol (LDL-C), and other indicators were obtained using an automatic biochemical analyser (Olympus AU 2700; Olympus Diagnostics, Hamburg, Germany) at the First Affiliated Hospital of Shihezi University School of Medicine. In this study, individuals with diabetes (28) were defined as having FBG level of ≥7.0 mmol/L and 2-h postprandial blood glucose level of ≥11.1 mmol/L, a previous diabetes diagnosis, and use of blood sugar control drugs. We also calculated other synthetic indices, including TyG, (TG [mg/dl]*FBG [mg/dl]), (LAP) (men: [WC-65]*TC [mmol/L]; women: [WC-58]*TG [mmol/L]); lipoprotein combine index (LCI) (TC*TG [mmol/L]*LDL-C/HDL-C); atherogenic index (AI) (TC [mmol/L]-HDL-C)/HDL-C); atherogenic index of plasma (AIP) (Log[TG/HDL]); LpH (LDL-C/HDL-C ratio); and bilirubin comprehensive index (THT) (TC [mmol/L]/[HDL-C+TBIL (μmol/mL)]).



Data Pre-processing

There were some missing values in the database, and direct deletion of missing values resulted in the loss of sample information. Since there were a few variables with missing values in this study, continuous variables were filled using the mean, while categorical variables were filled using the mode. By standardizing continuous variables, categorical variables were processed by one-hot encoding to reduce the influence of different variable units and quantity levels on the analysis. For the description of missing variables in this study, see Supplementary Table 1.



Diagnostic Criteria

The diagnostic criteria for CVD (29) pertained to the detection of ischaemic heart disease, cerebrovascular disease, and related diseases [International Classification of Diseases (ICD)-9: code 390–495]; hospitalization; or death due to CVD (ICD-10) during the follow-up period. Data regarding patient questionnaire answers, medical records, and the diagnosis of CVD during the follow-up period were obtained and recorded. If the same type of CVD event occurred more than once in a patient, the first occurrence of CVD was the final event. The time of onset was recorded. Self-reported patients needed to provide proof of their clinical diagnosis.



Introduction to Predictive Models

Logistic regression belongs to probabilistic nonlinear regression and is one of the most widely used classification models. Logistic regression usually uses regularization to optimize the model. The adjustable parameters include inverse regularization parameters and methods (30). By adding a regularization coefficient to Logistic regression, the parameters of the variable are sparse, so that the weight of most of the feature vectors is 0, thereby reducing the dimension of the variable. SVM is currently one of the most common ML algorithms that can effectively solve the classification problem of small samples and nonlinear and high-dimensional data. It classifies samples by finding a set of hyperplanes in a high-dimensional space, and the samples closest to the hyperplane are called support vectors. When the training data are inseparable, this problem can be solved using the kernel trick (31).That is, the original features of the samples are mapped to a higher dimensional space that makes the samples linearly separable through the mapping function. The RF algorithm is an ensemble learning algorithm based on the decision tree algorithm. The basic idea is to integrate weak classifiers into a more robust model (32). AdaBoost (33) is an ensemble learning algorithm based on boosting. The algorithm first builds a weak learner based on the training data and then according to AdaBoost, increases the weight of the samples that were misclassified by weak learning in the previous round. Then, it reduces the weight of the correctly classified samples, loops this process until the weak learner reaches the specified value, and then linearly combines all weak learners to obtain the final strong classifier by weighted majority voting. In this study, both random forest and Adaboost are ensemble learning algorithms based on decision trees. The decision tree algorithm selects variables by evaluating the characteristics and depth of dividing nodes, reducing the dimension of variables. The integrated model has better generalization error and can effectively reduce the overfitting combination phenomenon.



Model Establishment and Verification

The datasets were randomly divided into training datasets (927CVD/10153) and test datasets (249CVD/2539). The KS test was performed on the training and test datasets, and the P-values were both >0.05. The ratio of the training and test datasets was 8:2. We considered four variable selection methods: forward partial likelihood estimation (FLR) with logistic regression (LR), lasso regularization with logistic regression (Lasso-LR), permutation-based selection with random forest (RF), and characteristic importance with RF. Variables were established using a subset of algorithms, such as L1-LR, RF, SVM, and AdaBoost. A prediction model of each algorithm was then established. The optimal prediction model of the same algorithm was then selected by discrimination and calibration, and the most suitable prediction model for the population was obtained by comparing the discrimination, calibration, and clinical effectiveness of the optimal prediction models of different algorithms.

The discrimination of the model was determined by comparing the area under the receiver operating curve (AUC), Net Reclassification Index (cNRI), and Integrated Discrimination Improvement Index (IDI) (34) between models, and the calibration degree was compared by calculating the Brier Score (BS) and Homser–Lemeshow χ2 (35, 36). This study evaluated the clinical validity of the model using decision curve analysis (DCA) (37). The horizontal axis of the decision curve represents the threshold probability and vertical axis represents the net benefit obtained after subtracting the harm from the benefit under the threshold probability. Using DCA to determine the net benefit that can be obtained using the model to screen high-risk groups compared with assuming that all participants are high-risk groups of CVD and implanting undifferentiated interventions, followed by calculating the net benefit without increasing the number of positive results, can reduce unnecessary interventions.

To avoid over-fitting the problem of the model in the process of model selection and hyper-parameter tuning, we used a 10-fold cross-validation to optimize the parameters of the training set and subsequently selected the optimal model. This method divided the training data in 10 equal, non-repeated parts, nine of which were used for model training, and the remaining one was used for model verification. This process was repeated 10 times, and combination of Bayesian optimisation and grid search was used to select the optimal hyperparameters. The AUC was used as the model selection criterion to determine the hyperparameter value that optimized the model predictive performance. Afterwards, we used the optimal hyperparameter value. We built the model on all training data sets. Finally, the independent test data set was used to make a final evaluation of model performance.



Data Analysis

Since machine learning algorithms, such as SVM output, predicted CVD occurrence by default, they did not directly predict CVD probability. We used the Platt scaling method (38) to calibrate the predicted probabilities output using the four models for more accurate prediction of CVD risk and identification of high-risk groups. The data used in this study were unbalanced to enable the use of the threshold probability movement method. The default 0.5 of the model was not used as the standard for dividing the incidence of CVD. However, the optimal threshold probability of each model was determined according to the Youden Index, which was the basis for dividing the high-risk population of CVD. All statistical analyses were performed using the Python 3.7 or R version 4.0. A two-sided test with a P-value of <0.05 was considered statistically significant.




RESULTS


Study Population Characteristics

A total of 12,692 people (6,264 men, 6,398 women; average age 41.24 years) were included in this study. A total of 1,176 CVD events were observed during a median follow-up of 4.94 years. The cumulative incidence was 9.26%. Compared with people without CVD events, those with CVD showed a higher trend in study indicators, such as age, BMI, TC, alkaline phosphatase (ALP), WC, and HC. Moreover, subjects with high blood pressure and type 2 diabetes were also at a higher risk of CVD development. The comparison of different characteristics between participants with CVD and those without training and test datasets listed is shown in Supplementary Tables 2.1,2.2.



Independent Variable Selection and Optimal Model Construction

The research database included demographic characteristics, physical examination findings, and serology results. There were 62 variables in total. After removing the missing ratio of ≥50% and 11 variables unrelated to the research, a total of 51 variables were included. The following methods were used to filter and establish a subset of variables: FLR-LR (22 variables) and Lasso-LR (34 variables). The top 35 variables were selected according to the built-in random forest importance. The top 30 variables were subsequently selected as the screening subset according to permutation feature importance of RF. The variable subsets formed by the selected variables using the four methods are shown in Supplementary Tables 3–6.

To further explore the predictive performance of different variable subsets on different algorithms, we used the above variable subsets and the full variable set to build predictive models using different algorithms to find the algorithm based on the optimal model. Through Bayesian optimization and grid search, the hyperparameter values with the best prediction performance of each model were selected (Supplementary Tables 7.1–7.4). The AUC values of different algorithms in the training and test datasets are shown in Supplementary Table 8. There was no risk of overfitting and, to comprehensively consider the results of discrimination and calibration, this study concluded that the optimal models based on the four algorithms were Lasso-AdaBoost, FLR-L1-LR, FLR-RF, and FLR-SVM (Supplementary Tables 9.1–9.4).



Comparison of Optimal Model Prediction Performance

The predictive performance indicators of the optimal models for each algorithm are listed in Table 1. All models have a moderate or higher (AUC value between 0.798 and 0.817) distinguishing ability. The AUC of FLR-L1-LR, FLR-SVM, FLR-RF, and Lasso-AdaBoost was 0.817 (95% CI, 0.801–0.832), 0.814 (95% CI, 0.798–0.829), 0.804 (95% CI, 0.788–0.820), and 0.798 (95% CI, 0.782–0.81), respectively. The receiver operating characteristic (ROC) curve of the prediction model is shown in Figure 1.


Table 1. Comparison of the prediction performance of the optimal model of each algorithm.

[image: Table 1]
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FIGURE 1. Receiver operator characteristic curves of the optimal prediction model in Xinjiang rural population. FLR-L1-LR, L1 regularized Logistic regression with forwarding Partial Likelihood Estimation; FLR-RF, Random forest with forwarding Partial Likelihood Estimation; FLR-SVM, Support vector machine with forwarding Partial Likelihood Estimation.


Compared with other optimal models, the FLR-L1-LR model performed better in terms of Youden index, specificity, and PPV when the optimal threshold was 0.11. BS and Homser–Lemeshow χ2 also demonstrated that the FLR-L1-LR model was better than others. In the FLR-L1-LR model, 26.7% of the participants were identified as high risk for CVD development (Table 1). The results of the calibration curve showed that FLR-L1-LR, FLR-SVM, Lasso-AdaBoost, and FLR-RF predicted the number of patients with CVD to be 234.12, 234.05, 230.55, and 223.93, respectively. The corresponding predicted CVD events/objective CVD events (P/O) values were 94.02, 94.00, 92.59, and 89.93, respectively (Figure 2).


[image: Figure 2]
FIGURE 2. Calibration plots of four ML models in predicting CVD outcomes in Xinjiang rural population. CVD, cardiovascular disease; ML, machine learning; FLR-L1-LR, L1 regularized Logistic regression with forwarding Partial Likelihood Estimation; FLR-RF, Random forest with forwarding Partial Likelihood Estimation; FLR-SVM, Support vector machine with forwarding Partial Likelihood Estimation.


To further select a prediction model suitable for this population, we compared the differences between the AUC value, IDI, and cNRI of the optimal models. We found that the AUC values of FLR-L1-LR and FLR-SVM were similar (P > 0.05), and both were higher than the AUC values of Lasso-AdaBoost and FLR-RF (P < 0.05). The reclassification capabilities of each model were compared with that of the FLR-L1-L model. The cNRI values of FLR-SVM and Lasso-AdaBoost values were 0.278 and 0.208, respectively. Compared with the FLR-L1-LR model, the Lasso-AdaBoost and the FLR-SVM models had a correct classification rate of 21 and 28%, respectively. Similarly, FLR-SVM was compared with Lasso-AdaBoost in terms of the proportion of correct classification. The FLR-SVM had a 17% increased proportion of correct classification compared with that of the Lasso-AdaBoost. The difference between the reclassification capabilities of the remaining models was not statistically significant. The results of the comprehensive discrimination ability of each model, from best to worst, were FLR-L1-LR > FLR-SVM > FLR-RF > Lasso-AdaBoost. This is described in Table 2.


Table 2. Comparison of discrimination performance of optimal prediction models.

[image: Table 2]

The clinical effectiveness of FLR-L1-LR, FLR-SVM, FLR-RF, and Lasso-AdaBoost based on the results of the decision curve are shown in Figure 3. It is evident that the clinical application value of the FLR-L1-LR model is higher than that of FLR-SVM, Lasso-AdaBoost, and FLR-RF (Figure 3, Table 3). Under the optimal threshold, we assumed that all participants were in a high-risk group for CVD. We then administered undifferentiated interventions for primary and secondary prevention. The net benefit of using the FLR-L1-LR model was 0.061. This showed that without increasing the positive results, 49 out of every 1,000 people could avoid unnecessary interventions.


[image: Figure 3]
FIGURE 3. Decision curves for predicting CVD outcomes in Xinjiang rural population using four ML models. CVD, cardiovascular disease; ML, machine learning; FLR-L1-LR, L1 regularized Logistic regression with forwarding Partial Likelihood Estimation; FLR-RF, Random forest with forwarding Partial Likelihood Estimation; FLR-SVM, Support vector machine with forwarding Partial Likelihood Estimation.



Table 3. Comparison of clinical effectiveness of models.

[image: Table 3]



Variable Importance Ranking of the Optimal Model Output

Previous studies indicated that compared with FRS and PCE, the ML algorithm could better determine the nonlinear and complex relationships between variables and outcomes. Furthermore, the ML algorithm identified potential risk factors more effectively (39–41). We further analyzed the relative relationship among the importance rankings of the algorithm variables using the coefficients of variables that could not be obtained based on the Gaussian kernel function. Therefore, this study only highlights the importance of the optimal model variables established by the AdaBoost, RF, and L1-LR algorithms to compare the ability of each variable to predict the incidence of CVD (Figure 4). This study found that the risk factors for CVD included factors that reflected the degree and type of body obesity, such as age, sex, ethnicity, DBP, HDL-C level, TC level, BAI, and BMI. Risk factors also included those that reflected glucose and lipid metabolism, such as TyG, LpH level, AI, and occupation type. The indicators were also risk factors for CVD and could predict CVD risk.


[image: Figure 4]
FIGURE 4. Feature importance of included variables obtained from the random forest with forwarding Partial Likelihood Estimation (FLR-RF), L1 regularized Logistic regression with FLR (FLR-L1-LR), Lasso-AdaBoost model. SD, pulse pressure difference; DBP, diastolic blood pressure; BAI, body obesity index; BMI, body mass index; TyG, triglyceride blood glucose index; LpH, low-high-density lipoprotein ratio; AI, arteriosclerosis index; aUA, uric acid; TB, total bilirubin; APOB, apolipoprotein B; HDL-C, high-density lipoprotein cholesterol; TP, total protein; HBDH, α-hydroxybutyrate dehydrogenase; LDH, lactate dehydrogenase; SBP, systolic blood pressure; LCI, blood lipid index; AIP, Plasma arteriosclerosis index; TC, total cholesterol; ALP, alkaline phosphatase; aFBG, fasting blood glucose; AST, aspartate aminotransferase; WHR, waist-to-height ratio; APOAB, apolipoprotein AB; GGT, γ-glutaminase; DB, Direct Bilirubin; DM, diabetes mellitus; Fhchd, Family history of coronary heart disease.





DISCUSSION

The results of this study show that the cumulative incidence of CVD in the Xinjiang Uyghur and Kazak populations was 9.26%. The incidence was similar to that in African Americans (42). However, it was higher than those of Han Chinese ancestry (43–45), which may relate to the population's unique genetic background and diet. Here, we used ML algorithms to establish a predictive model and discover the main factors for the occurrence of CVD in this population.

To achieve the best predictive performance of the established model, we selected variables through four variable screening methods. We subsequently established different variable subsets, unlike those in the previous study that only used the feature importance of the RF algorithm to select variables (46). Our results indicate that the subset of variables established using FLR showed the best performance on the L1-LR, RF, and SVM algorithms, similar to the results reported by De Silva et al. (47). Unlike other variable screening methods, FLR focused more on the linear relationship between variables. The model built based on the combination of FLR-screened variable subsets and other ML algorithms had better predictive performance. This may be due to the consideration of the linear relationship of variables based on logistic regression and the in-depth analysis of the nonlinear relationship using different machine learning algorithms.

When the optimal prediction models of the LR, SVM, RF, and AdaBoost algorithms were compared, the prediction performance of the LR-based model was better than that of the other ML algorithm models. These findings are similar to those of a 2019 systematic review (15). There are many possible reasons for this phenomenon. First, the number of variables included in this research was limited, and some ML algorithms were better at dealing with high-dimensional data problems. Moreover, the logistic regression model was established based on the L1 regularization method. This method was better at dealing with small samples and low-dimensional data and was not easily affected by outliers. The established model was more robust.

Second, the performance of the SVM-based prediction model was lower than that of LR but higher than those of RF and AdaBoost. These findings are similar to the those reported by Wallert et al. (48). This might be because, although the SVM model based on the Gaussian kernel function could handle the nonlinear relationship among variables well, when dealing with research with fewer variables, its prediction performance was affected by insufficient variables. Prediction performance was lower in the SVM model compared with that of LR. Due to the poor interpretability of SVM and the difficulty of parameter optimisation, the model has fewer clinical application. Nevertheless, its high predictive potential was not ruled out.

Finally, concerning the RF and AdaBoost algorithms, the prediction performance of RF in this study was better than that of AdaBoost, although both integrated learning algorithms. Nevertheless, both were lower than those of LR and SVM, which are consistent with the results of Hae et al. (49). This may be because, compared with a single algorithm, integrated learning algorithms such as RF and AdaBoost require a larger sample size to achieve the optimal model performance (50). Therefore, it did not show optimal performance with the medium sample size of this study.

A comprehensive analysis of the variable importance rankings of the three algorithms revealed that age and systolic blood pressure were the most important predictors. This was similar to the findings of previous studies (9, 51). Furthermore, this study found that compared with a single blood lipid index, composite indicators such as LpH and TyG calculated from multiple blood lipid indicators showed better predictive performance. Similarly, in a study by Huang et al. (52), compared with HDL-C and LDL-C alone, LpH had a stronger correlation with the severity of coronary heart disease. The results of the Tehran Lipid and Glucose Metabolism Study showed that for every standard deviation increase of 1 in TyG, the individual CVD risk increased by 20% (53). In addition, similar studies showed that TyG was an important variable of CVD risk prediction. This was similar to the results of this study (54). BMI and BAI were indicators that reflected the degree and type of body obesity. Moreover, related research showed that it had value in predicting CVD incidence (55, 56). The results of this study also showed that BMI and BAI had strong capabilities of CVD prediction. This may be due to the high-salt and high-fat diets of the Uyghur and Kazakh populations, resulting in high body weight and large hip circumference.

Although we believe that the included population represents the general Uyghur and Kazak populations, this study has certain limitations. First, the variable information included was relatively small. ML algorithms are good at dealing with data relationships between high-dimensional data. The reduced sample information in this study may be the main reason for the limited prediction performance of ML algorithms. Second, this study lacked an independent external verification population, and the prediction accuracy and robustness of extrapolating the established model to other ethnic populations needs to be explored further. Moreover, only the baseline measurement data were used for modeling. Time effect and censored data were not considered during model construction. Finally, although this study uses Plating scaling to deal with this imbalanced dataset, the positive predictive value of different models in this population is low, which may lead to unnecessary intervention in the population.



CONCLUSION

In this study, the performance of the CVD prediction model based on the L1-LR algorithm was higher than those of other ML algorithms. In addition to the traditional single risk factors for cardiovascular disease, complex lipid metabolism indicators, such as LpH and TyG, and obesity indicators, such as BMI and BAI, were found to be important factors for predicting the incidence of CVD in this population.



DATA AVAILABILITY STATEMENT

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



ETHICS STATEMENT

The studies involving human participants were reviewed and approved by Ethics Committee of the First Affiliated Hospital of Shihezi University School of Medicine (No. SHZ2010LL01). The patients/participants provided their written informed consent to participate in this study.



AUTHOR CONTRIBUTIONS

XQ and YL designed the study, analyzed the data, and wrote the manuscript. XHZ, HG, and JH collected and sorted the data. XPW, YZY, and JLM sorted and checked the data. SXG and RLM designed the study, guided the article writing, and modified the manuscript. All authors contributed to the article and approved the submitted version.



FUNDING

This research was funded by the Non-profit Central Research Institute Fund of Chinese Academy of Medical Sciences (2020-PT330-003), the Shihezi University Innovation Outstanding Young Talents Program (Natural Science) (No. CXPY202004), and Shihezi University independently funded and supported school-level scientific research projects (No. ZZZC202018A).



ACKNOWLEDGMENTS

We sincerely thank these rural multi-ethnic residents for their willingness to participate in the study. We are grateful to Nalati Township Hospital, Jiangbazi Township Hospital, and 51st Regiment Hospital for providing study facilities and other assistance.



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fcvm.2022.854287/full#supplementary-material



ABBREVIATIONS

CVD, cardiovascular disease; ML, machine learning; L1-LR, L1 regularized logistic regression; RF, random forest; SVM, support vector machine; SBP, systolic blood pressure; TyG, triglyceride blood glucose index; BMI, body mass index; BAI, body obesity index; TG, triglycerides; HDL-C, high-density lipoprotein cholesterol; DBP, diastolic blood pressure; WHR, waist-to-hip ratio; LCI, lipoprotein combine index; AI, atherogenic index; LpH, low-high-density lipoprotein ratio; THT, bilirubin comprehensive index; FLR, forward partial likelihood estimation; LR, logistic regression; RF, Random forest; AUC, the area under the receiver operating curve; cNRI, the Net Reclassification Index; IDI, Integrated Discrimination Improvement Index; BS, Brier Score.



REFERENCES

 1. Roth GA, Johnson C, Abajobir A, Abd-Allah F, Abera SF, Abyu G, et al. Global, regional, and National Burden of Cardiovascular Diseases for 10 Causes, 1990 to 2015. J Am Coll Cardiol. (2017) 70:1–25. doi: 10.1016/j.jacc.2017.04.052

 2. GBD 2013 Mortality and Causes of Death Collaborators. Global, regional, and national age-sex specific all-cause and cause-specific mortality for 240 causes of death, 1990-2013: a systematic analysis for the Global Burden of Disease Study 2013. Lancet. (2014) 385:117–71. doi: 10.1016/S0140-6736(14)61682-2

 3. Piepoli MF, Hoes AW, Agewall S, Albus C, Brotons C, Catapano AL, et al. 2016 European Guidelines on cardiovascular disease prevention in clinical practice: The Sixth Joint Task Force of the European Society of Cardiology and Other Societies on Cardiovascular Disease Prevention in Clinical Practice (constituted by representatives of 10 societies and by invited experts)Developed with the special contribution of the European Association for Cardiovascular Prevention and Rehabilitation (EACPR). Eur Heart J. (2016) 37:2315–2381. doi: 10.1093/eurheartj/ehw106

 4. Liu S, Li Y, Zeng X, Wang H, Yin P, Wang L, et al. Burden of cardiovascular diseases in China, 1990-2016: findings from the 2016 Global Burden of Disease Study. JAMA Cardiol. (2019) 4:342–52. doi: 10.1001/jamacardio.2019.0295

 5. Joint Task Force for Guideline on the Assessment and Management of Cardiovascular Risk in China. Guideline on the assessment and management of cardiovascular risk in China. Chin Circ J. (2019) 34:4−28. (in Chinese). doi: 10.3760/cma.j.issn.0253-9624.2019.01.004

 6. Goff DC Jr., Lloyd-Jones DM, Bennett G, Coady S, D'Agostino RB, Gibbons R, et al. 2013 ACC/AHA guideline on the assessment of cardiovascular risk: a report of the American College of Cardiology/American Heart Association Task Force on Practice Guidelines. Circulation. (2014) 129:S49–73. doi: 10.1161/01.cir.0000437741.48606.98

 7. Kannel WB. D. McGee, and T Gordon A general cardiovascular risk profile: the Framingham Study. Am J Cardiol. (1976) 38:46–51. doi: 10.1016/0002-9149(76)90061-8

 8. Wilson PW, D'Agostino RB, Levy D, Belanger AM, Silbershatz H, Kannel WB. Prediction of coronary heart disease using risk factor categories. Circulation. (1998) 97:1837–47. doi: 10.1161/01.CIR.97.18.1837

 9. D'Agostino Sr RB. General cardiovascular risk profile for use in primary care: the Framingham Heart Study. Circulation. (2008) 117:743–53. doi: 10.1161/CIRCULATIONAHA.107.699579

 10. Hippisley-Cox J, Coupland C, Brindle P. Development and validation of QRISK3 risk prediction algorithms to estimate future risk of cardiovascular disease: prospective cohort study. BMJ. (2017) 357:j2099. doi: 10.1136/bmj.j2099

 11. Muntner P, Colantonio LD, Cushman M, Goff DC Jr. Validation of the atherosclerotic cardiovascular disease Pooled Cohort risk equations. JAMA. (2014) 311:1406–15. doi: 10.1001/jama.2014.2630

 12. Tang X, Zhang D, He L, Wu N, Si Y, Cao Y, et al. Performance of atherosclerotic cardiovascular risk prediction models in a rural Northern Chinese population: results from the Fangshan Cohort Study. Am Heart J. (2019) 211:34–44. doi: 10.1016/j.ahj.2019.01.009

 13. Goldstein BA, Navar AM, Carter RE. Moving beyond regression techniques in cardiovascular risk prediction: applying machine learning to address analytic challenges. Eur Heart J. (2017) 38:1805–14. doi: 10.1093/eurheartj/ehw302

 14. Jamthikar A, Gupta D, Khanna NN, Araki T, Saba L, Nicolaides A. A special report on changing trends in preventive stroke/cardiovascular risk assessment via B-mode ultrasonography. Curr Atheroscler Rep. (2019) 21:25. doi: 10.1007/s11883-019-0788-4

 15. Christodoulou E, Ma J, Collins GS, Steyerberg EW, Verbakel JY, Van Calster B. A systematic review shows no performance benefit of machine learning over logistic regression for clinical prediction models. J Clin Epidemiol. (2019) 110:12–22. doi: 10.1016/j.jclinepi.2019.02.004

 16. Nusinovici S, Tham YC, Chak Yan MY, Wei Ting DS, Li J, Sabanayagam C, et al. Logistic regression was as good as machine learning for predicting major chronic diseases. J Clin Epidemiol. (2020) 122:56–69. doi: 10.1016/j.jclinepi.2020.03.002

 17. Xianghui Z, Yizhong Y, Jia H, Jiaolong M, Hongrui P, Rulin M, et al. Mei, and G. Shuxia Evaluation of screening indices for metabolic syndrome in adult Kazakh in Xinjiang. Chin J Hypertens. (2017) 25:55–60. 

 18. Shuxia G, Jingyu Z, Yihua Z, Shangzhi X, Heng G, Qiang N, et al. Epidemiological characteristics and analysis on hypertension of Kazakstans and Hans in Xinjiang. J Shihezi Univ. (2008) 26:538–40. (in Chinese). 

 19. Jia H, Heng G, Yusong D, Jiaming L, Mei Z, Rulin M, et al. Epidemiological study on overweight and obesity among rural adult residents in Hazakh. Uygur and Han populations in Xinjiang. Chin J Epidemiol. (2013) 34:1164–8. (in Chinese).

 20. Tao J, Ma YT, Xiang Y, Xie X, Yang YN, Li XM, et al. Prevalanceof major cardiovascular risk factors and adverse risk profiles among three ethnic groups in the Xinjiang Uygur Autonomous Region. China. (2013) 12:185. doi: 10.1186/1476-511X-12-185

 21. Hippisley-Cox J, Coupland C, Robson J, Brindle P. Derivation, validation, and evaluation of a new QRISK model to estimate lifetime risk of cardiovascular disease: cohort study using QResearch database. BMJ. (2010) 341:c6624. doi: 10.1136/bmj.c6624

 22. Yang L, Wu H, Jin X, Zheng P, Hu S, Xu X, et al. Study of cardiovascular disease prediction model based on random forest in eastern China. Sci Rep. (2020) 10:5245. doi: 10.1038/s41598-020-62133-5

 23. Huang YY, Tian WB, Jiang CQ, Zhang WS, Zhu F, Jin YL, et al. A simple model for predicting 10-year cardiovascular risk in middle-aged to older Chinese: Guangzhou Biobank Cohort Study. J Cardiovasc Transl Res. (2022) 15:416–26. doi: 10.1007/s12265-021-10163-3

 24. Jiang Y, Ma R, Guo H, Zhang X, Wang X, Wang K, et al. External validation of three atherosclerotic cardiovascular disease risk equations in rural areas of Xinjiang, China. BMC Public Health. (2020) 20:1471. doi: 10.1186/s12889-020-09579-4

 25. Writing Group of 2018. 2018 Chinese guidelines for the management of hypertension. Chin J Cardiovasc Med. (2019) 24:24–56. (in Chinese). 

 26. Cigarette smoking among adults–United States, 1992, and and changes in the definition of current cigarette smoking. MMWR Morb Mortal Wkly Rep. (1994) 43:342–6. 

 27. Sun K, Ren M, Liu D, Wang C, Yang C, Yan L. Alcohol consumption and risk of metabolic syndrome: a meta-analysis of prospective studies. Clin Nutr. (2014) 33:596–602. doi: 10.1016/j.clnu.2013.10.003

 28. Xinjun W, Wen Y. 2012 Diabetes diagnosis and treatment guidelines-American Diabetes Association. Int J Endocrinol Metab. (2012)32:211–4. doi: 10.3760/cma.j.issn.1673-4157.2012.03.020 

 29. The World Health Organization MONICA Project (monitoring trends and determinants in cardiovascular disease): a major international collaboration. WHO MONICA Project Principal Investigators. J Clin Epidemiol. (1988) 41:105–14. doi: 10.1016/0895-4356(88)90084-4

 30. Li L, Liu ZP. Biomarker discovery for predicting spontaneous preterm birth from gene expression data by regularized logistic regression. Comput Struct Biotechnol J. (2020) 18:3434–46. doi: 10.1016/j.csbj.2020.10.028

 31. Cortes C, Vapnik V. Support-vector networks. Mach Learn. (1995) 20:273–97. doi: 10.1007/BF00994018 

 32. Breiman, L. Random forests. Mach Learn. (2001) 45:5–32. doi: 10.1023/A:1010933404324 

 33. Hastie T, Rosset S, Zhu J, Zou H. Multi-class adaboost. Statist Interf . (2009) 2:349–60. doi: 10.4310/SII.2009.v2.n3.a8 

 34. Pencina MJ, D'Agostino Sr RB. Evaluating the added predictive ability of a new marker: from area under the ROC curve to reclassification and beyond. Stat Med. (2008) 27:157–72. doi: 10.1002/sim.2929

 35. Rufibach K. Use of Brier score to assess binary predictions. J Clin Epidemiol. (2010) 63:938–9. doi: 10.1016/j.jclinepi.2009.11.009

 36. Lemeshow S, Hosmer Jr DW. A review of goodness of fit statistics for use in the development of logistic regression models. Am J Epidemiol. (1982) 115:92–106. doi: 10.1093/oxfordjournals.aje.a113284

 37. Tsalatsanis A, Hozo I, Vickers A, Djulbegovic B. A regret theory approach to decision curve analysis: a novel method for eliciting decision makers' preferences and decision-making. BMC Med Inform Decis Mak. (2010) 10:51. doi: 10.1186/1472-6947-10-51

 38. Platt JC. Probabilistic outputs for support vector machines and comparisons to regularized likelihood methods. In: Advances in Large Margin Classifiers. MIT Press (2000). p. 61–74. doi: 10.1016/j.enpol.2006.07.010 

 39. Mortazavi BJ, Downing NS, Bucholz EM, Dharmarajan K, Manhapra A, Li S-X, et al. Analysis of machine learning techniques for heart failure readmissions. Circ Cardiovasc Qual Outcomes. (2016) 9:629–640. doi: 10.1161/CIRCOUTCOMES.116.003039

 40. Ambale-Venkatesh B, Yang X, Wu CO, Liu K, Hundley WG, McClelland R, et al. Cardiovascular event prediction by machine learning: the multi-ethnic study of atherosclerosis. Circ Res. (2017) 121:1092–101. doi: 10.1161/CIRCRESAHA.117.311312

 41. Jiang F, Jiang Y, Zhi H, Dong Y, Li H, Ma S, et al. Artificial intelligence in healthcare: past, present and future. Stroke Vasc Neurol. (2017) 2:230–43. doi: 10.1136/svn-2017-000101

 42. DeFilippis AP, Young R, Carrubba CJ, McEvoy JW, Budoff MJ, Blumenthal RS, et al. An analysis of calibration and discrimination among multiple cardiovascular risk scores in a modern multiethnic cohort. Ann Intern. (2015) 162:266–75. doi: 10.7326/M14-1281

 43. Wang L, Lee Y, Wu Y, Zhang X, Jin C, Huang Z, et al. A prospective study of waist circumference trajectories and incident cardiovascular disease in China: the Kailuan Cohort Study. Am J Clin Nutr. (2021) 113:338–47. doi: 10.1093/ajcn/nqaa331

 44. Zhong VW, Van Horn L, Cornelis MC, Wilkins JT, Ning H, Carnethon MR, et al. Associations of dietary cholesterol or egg consumption with incident cardiovascular disease and mortality. JAMA. (2019) 321:1081–95. doi: 10.1001/jama.2019.1572

 45. Liu W, Hu B, Dehghan M, Mente A, Wang C, Yan R, et al. Fruit, vegetable, and legume intake and the risk of all-cause, cardiovascular, and cancer mortality: a prospective study. Clin Nutr. (2021) 40:4316–23. doi: 10.1016/j.clnu.2021.01.016

 46. Jiang Y, Zhang X, Ma R, Wang X, Liu J, Keerman M, et al. Cardiovascular disease prediction by machine learning algorithms based on cytokines in Kazakhs of China. Clin Epidemiol. (2021) 13:417–28. doi: 10.2147/CLEP.S313343

 47. De Silva K, Jonsson D, Demmer RT. A combined strategy of feature selection and machine learning to identify predictors of prediabetes. J Am Med Inform Assoc. (2020) 27:396–406. doi: 10.1093/jamia/ocz204

 48. Wallert J, Tomasoni M, Madison G, Held C. Predicting two-year survival versus non-survival after first myocardial infarction using machine learning and Swedish national register data. BMC Med Inform Decis Mak. (2017) 17:99. doi: 10.1186/s12911-017-0500-y

 49. Hae H, Kang SJ, Kim WJ, Choi SY, Lee JG, Bae Y, et al. Machine learning assessment of myocardial ischemia using angiography: development and retrospective validation. PLoS Med. (2018) 15:e1002693. doi: 10.1371/journal.pmed.1002693

 50. van der Ploeg T, Austin PC, Steyerberg EW. Modern modelling techniques are data hungry: a simulation study for predicting dichotomous endpoints. BMC Med Res Methodol. (2014) 14:137. doi: 10.1186/1471-2288-14-137

 51. Tokgozoglu L, Torp-Pedersen C. Redefining cardiovascular risk prediction: is the crystal ball clearer now? Eur Heart J. (2021) 42:2468–71. doi: 10.1093/eurheartj/ehab310

 52. Huang Z-S, Zhong J-L, Luo Y-T, Peng L, Li S-H, Liu J-L. Correlation between LDL-C/HDL-C ratio and the severity of coronary artery lesion in patients with coronary heart disease. J Sun Yat-sen Univ. (2018)39:303–8. 

 53. Barzegar N, Tohidi M, Hasheminia M, Azizi F, Hadaegh F. The impact of triglyceride-glucose index on incident cardiovascular events during 16 years of follow-up: Tehran Lipid and Glucose Study. Cardiovasc Diabetol. (2020) 19:155. doi: 10.1186/s12933-020-01121-5

 54. Sanchez-Inigo L, Navarro-Gonzalez D, Fernandez-Montero A, Pastrana-Delgado J, Martinez JA. The TyG index may predict the development of cardiovascular events. Eur J Clin Invest. (2016) 46:189–97. doi: 10.1111/eci.12583

 55. Lam BC, Koh GC, Chen C, Wong MT, Fallows SJ. Comparison of Body Mass Index (BMI), Body Adiposity Index (BAI), Waist Circumference (WC), Waist-To-Hip Ratio (WHR) and Waist-To-Height Ratio (WHtR) as predictors of cardiovascular disease risk factors in an adult population in Singapore. PLoS ONE. (2015) 10:e0122985. doi: 10.1371/journal.pone.0122985

 56. Moliner-Urdiales D, Artero EG, Lee DC, Espana-Romero V, Sui X, Blair SN. Body adiposity index and all-cause and cardiovascular disease mortality in men. Obesity. (2013) 21:1870–6. doi: 10.1002/oby.20399

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.

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 Qian, Li, Zhang, Guo, He, Wang, Yan, Ma, Ma and Guo. 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.





[image: image]


OPS/images/fcvm-08-724183/fcvm-08-724183-g007.gif





OPS/images/fcvm-08-724183/fcvm-08-724183-g008.gif





OPS/images/fcvm-08-724183/fcvm-08-724183-t001.jpg
Subset partition Non-failure  Failure

Individual model (Development set) Training 38 32
Validation 19 15

Multi-model ensemble (Development set)  Fold-1 12 10
Fold-2 12 10

Fold-3 11 9

Fold-4 1 9

Fold-5 1 9

Held-out test set 58 a7

Each case includes 11 regions of interest (ROIs).





OPS/images/fcvm-08-724183/inline_1.gif
TaF





OPS/images/fcvm-08-724183/fcvm-08-724183-g003.gif





OPS/images/fcvm-08-724183/fcvm-08-724183-g004.gif





OPS/images/fcvm-08-724183/fcvm-08-724183-g005.gif
iii..zzue






OPS/images/fcvm-08-724183/fcvm-08-724183-g006.gif





OPS/images/fcvm-08-724183/fcvm-08-724183-g001.gif
A VGG-19modelfor cinicsl heart faiure detection
amesi2 2

v
® o

E) Gosn

oo ¢

e
=)

s @ =10)

@ toiing coses

 vaianion cases.






OPS/images/fcvm-08-724183/fcvm-08-724183-g002.gif
e cardomoputy oe51)
epane ciag adomyeany 455)

Nontator:oette

Hodetevalvaion
g stk e

acainerpeter
(Grasiog arir )

onap merprter
(gentsto tese spoce)

(s consnen)






OPS/images/fcvm-09-854287/fcvm-09-854287-t003.jpg
Model Pt (%) Netincome Model  Advantages

net of the
income model’
Treatall Prediction
model
FLR-L1-LR 5 0.051 0.066 0.015 29
10 0002 0049 0051 46
112 —0013 0048 0061 49
FLR-SVM 5 0051 0065 0014 27
10 0002 0048 0050 45
112 0013 0045 0058 a7
Lasso- 5 0051 0063 0012 23
AdaBoost 10 -0002 0045 0.047 43
12 —0013 0043 0056 46
FLR-RF 5 0051 0084 0013 25
10 0002 0046 0048 43
8 0.02 0083 0033 38

#The value was calculated as: (net benefit of the modek- net benefit of treat all/[ot/(1 -
Pt x 100,

“Select the optimal threshold probabillty of each model according to AUC.

P, Threshold probabilty; Lasso-AdaBoost, AdaBoost with Lasso regression; FLR-L1-
LR, L1 regulerized Logistic regression with forward Partiel Likelihood Estimation; FLR-
RF, random forest with forward Partial Likelhood Estimation; FLR-SVM, support vector
machine with forward Partial Likelihood Estimation.





OPS/images/fcvm-09-854287/fcvm-09-854287-t002.jpg
Predictive model AUC difference

Lasso-AdaBoost vs. FLR-L1-LR 0.019
Lasso-AdaBoost vs. FLR-RF 0.007
Lasso-AdaBoost vs. FLR-SVM 0.016
FLR-RF vs. FLR-L1-LR 0.012
FLR-RF vs. FLR-SVM 0.003
FLR-SWM vs. FLR-L1-LR 0.010

P-Value

0.002
0.334
0.047
0.045
0.016
0.118

CNRI

0208 (0.078, 0.337)
0097 (~0.033, 0.228)
0.167 (0,037, 0.296)
0.108(~0.022, 0.238)
0072 (~0.058, 0.208)
0278 (0.149, 0.408)

P-Value

<0.001
0.143
0.012

0.106

0.278

<0.001

IDI

0,082 (0.019, 0.045)
0,016 (0.007, 0.025)
0,029 0.016,0.042)
0.016(0.003, 0.028)
0,013 (0001, 0.026)
0,003 (0.001, 0.004)

P-Value

<0.010
<0.010
<0.010
0.010
0.040
<0.010

AUC, area under the receiver operating characteristic curve; cNR, continuous Net Reclassification Index; IDI, Integrated Discrimination Improvement Index; Lasso-AdaBoost, AdaBoost
with Lasso regression; FLR-L1-LR, L1 regularized Logistic regression with forward Partial Likelihood Estimation; FLR-RF, random forest with forward Partial Likelihood Estimation;
FLR-SVM, support vector machine with forward Partial Likelihood Estimation.





OPS/images/fcvm-09-854287/fcvm-09-854287-t001.jpg
Model AUC  Youden Optimal Sensitivity Spec

Index  threshold

Lasso-AdaBoost 0.798(0.782,  0.472 0.1
0813)

FLR-LI-LR 08170801, 0524 011
0832)

FLR-RF 0804(0.788, 0506 008
0.820)

FLR-SVM 0814(0.798, 0511 0.11
0.829)

(%)

73.09

73.49

79.52

73.90

(%)

74.10

78.86

71.09

77.16

ity PPV (%)

235

274

230

26.0

NPV (%)

96.2

96.5

97.0

96.5

Proportion of
high-risk
population (%)
30.4
267

3341

38.4

Brier score

0.078 (0.070, 0.086)

0076 (0.069, 0.084)

0.077 (0.070, 0.086)

0076 (0.069, 0.084)

Homser- P-Value

Lemeshow
X2

13.81
11.51
11.59

16.10

0.09

0.04

AUC, area under the receiver operating characteristic curve; PPV, positive predictive value; NPV, negative predictive value; Lasso-AdaBoost, AdaBoost with Lasso regression; FLR-L1-

LR, L1 regularized Logistic regression with forward Partial Likelihood Estimation; FLR-RF, random forest with forward Partial Likelihood Estimation; FLR-SVM, support vector machine

with forward Partial Likelihood Estimation.





OPS/images/fcvm-09-854287/fcvm-09-854287-g004.gif





OPS/images/fcvm-09-854287/fcvm-09-854287-g003.gif





OPS/images/fcvm-09-854287/fcvm-09-854287-g002.gif





OPS/images/fcvm-09-854287/fcvm-09-854287-g001.gif





OPS/images/fcvm-09-854287/crossmark.jpg
©

2

i

|





OPS/images/fcvm-09-767450/fcvm-09-767450-t002.jpg
Metric

Tissue lesions (histology)

Hypertension

Endothelial dysfunction

Results when CVD is present

Visible atherosclerotic lesions

Myocardial infarction
Increased systolic blood
pressure and/or mean arterial
pressure

Impaired
endothelium-dependent
vasorelaxation

Reduced EPC
proliferation/differentiation

Mouse model

Mice susceptible to atherosclerosis such as ApoE or LDLr
Kknockouts or hybrids

(NZW/BXSB) F1, MRL/Fask”, BXSB

Induced models (pristane or imiquimod); NZB/NZW F1

Gan be used in any model but frequently used in mice that do
not develop atherosclerosis, such as NZB/NZW F1; also
frequently used in induced models

Gan be used in most models, including pristane or
imiquimod-treated mice, NZB/NZW F1, NZM2328,
gld.apoE~/~, and MRU/Fask"

References

(26,39, 41, 43, 44, 46, 48,
60, 52, 57)

(40,50)
(23, 25,27, 3136, 44)

(2625, 27-80, 3440, 48,
53, 54)

(24, 28, 30, 38-40, 50, 53)





OPS/images/fcvm-07-598890/fcvm-07-598890-g008.gif





OPS/images/fcvm-07-598890/fcvm-07-598890-t001.jpg
Young’s modulus  Maximum Strain at
(MPa) stress (MPa)  maximum
stress (%)

PCL Ch-X 5.37 £ 0.40 043 +0.10 2265 + 98.5
PCL Ch-Y 091+ 051 009 +£0.019" 1479+ 223
PLGACh-X 3286 + 8.9" 0.77 + 0.16* 482+ 23"
PLGACh-Y 7.44 % 1.147# 023 £ 007" 713+ 1.35""

Strain at
failure (%)

230.7 £ 99
148 + 23.6

105.7 + 70
404 £ 13"

Values are means + SD, N = 3 biological replicates, each one with 3 technical replicates.
*P < 0.05,"P < 0.0, **P < 0.001, vs. PCL-scaffold within same direction of testing
(Ch-X or Ch-Y); *P < 0.01, *##P < 0001 vs. the Ch-X direction of the corresponding

group (PCL or PLGA).





OPS/images/fcvm-07-598890/fcvm-07-598890-t002.jpg
Group n Mean 95% CI

Vehicle 9 17.889 13.980-21.789
PCL 10 16.800 12.577-21.023
PCL + cells 10 13.600 8.472-18.728
PLGA 10 16.100 11.977-20.223
PLGA + cells 9 11.222 6.946-15.498

Table showing the time for the groups to reach maximum blood flow recovery. Values are
n of replicates per group, mean and the min and max values measured.





OPS/images/fcvm-07-598890/fcvm-07-598890-g004.gif
PCLGLor PLGAGL






OPS/images/fcvm-07-598890/fcvm-07-598890-g005.gif
POGFRS Vimeta,
1003im 100um|

HJLLL






OPS/images/fcvm-07-598890/fcvm-07-598890-g006.gif
D[ Finairypria
loaded seaffold

APCOHUVECS






OPS/images/fcvm-07-598890/fcvm-07-598890-g007.gif
LEp——

\VEMICLE  POL PCLYCELLS PLOA PLGASCELLS






OPS/images/fcvm-09-766565/fcvm-09-766565-g002.gif





OPS/images/fcvm-07-598890/fcvm-07-598890-g001.gif
(A)

{B) PCLandPiGAbackbone

)

o

(C) Somssesati
D i—
v GLnanatbers






OPS/images/fcvm-09-766565/fcvm-09-766565-g003.gif





OPS/images/fcvm-07-598890/fcvm-07-598890-g002.gif





OPS/images/fcvm-09-766565/fcvm-09-766565-g004.gif
TR -






OPS/images/fcvm-07-598890/fcvm-07-598890-g003.gif
m—
iy

s 2883

|
&)
.38883
i
H
AR
W
58883






OPS/images/fcvm-08-724183/math_2.gif





OPS/images/fcvm-08-724183/math_3.gif





OPS/images/fcvm-09-766565/crossmark.jpg
©

2

i

|





OPS/images/fcvm-09-766565/fcvm-09-766565-g001.gif
Fj S,

E#
B
|l
G el

Al

e e

1 HH






OPS/images/fcvm-08-724183/inline_2.gif





OPS/images/fcvm-08-724183/inline_3.gif
K-m-l
[oriy






OPS/images/fcvm-08-724183/math_1.gif





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Technological innovations in cardiovascular medicine: imaging, nanotechnology, tissue regeneration, genetic engineering, deep learning and beyond



		Predicting Diagnostic Gene Biomarkers Associated With Immune Infiltration in Patients With Acute Myocardial Infarction



		Introduction



		Materials and Methods



		Microarray Data



		Data Processing and DEG Screening



		Functional Enrichment Analysis



		Candidate Diagnostic Biomarker Screening



		Diagnostic Value of Feature Biomarkers in AMI



		Discovery of Immune Cell Subtypes



		Correlation Analysis Between Identified Genes and Infiltrating Immune Cells



		Statistical Analysis









		Results



		Identification of DEGs in AMI



		Functional Correlation Analysis



		Identification and Validation of Diagnostic Feature Biomarkers



		Diagnostic Effectiveness of Feature Biomarkers in AMI



		Immune Cell Infiltration



		Correlation Analysis Between the Three Biomarkers and Infiltrating Immune Cells









		Discussion



		Conclusion



		Data Availability Statement



		Author Contributions



		Acknowledgments



		References









		Fabrication of New Hybrid Scaffolds for in vivo Perivascular Application to Treat Limb Ischemia



		Introduction



		Materials and Methods



		Cell Lines and Cultures



		Materials and Reagents



		Hybrid Scaffold Preparation



		Polymeric Scaffold Fabrication



		Mechanical Property of the Scaffold









		Scaffold Cellularization



		APC Seeding on Scaffold



		Functional Assays



		Reverse Transcriptase-Polymerase Chain Reaction (RT-PCR)



		Enzyme-Linked Immunosorbent Assays (ELISA)









		Final Hybrid Scaffold Preparation



		Hydrogel Preparation: Sodium Alginate/Pluronic Based Gel



		Hydrogel Printing Characterization



		Cell-Laden Gel Patterning









		In vivo Angiogenesis



		Animal Model



		Immunohistochemistry Staining



		Statistical Analysis















		Results



		Feasibility of Composite Polymeric Scaffold Production



		Material Composition Confers Different Mechanical Properties to the Scaffolds



		Scaffold Cellularization With APCs and Biocompatibility Assessment



		Culture in Scaffolds Modifies the Expressional Profile of APCs



		Characterization of Structure Fidelity of Sodium Alginate-Pluronic Gel and Evaluation of Cell Viability



		Final Scaffold Cellularization: In vitro Evaluation of the Final Gel-Patterned Hybrid Scaffold Containing APCs and HUVECs Co-culture



		Perivascular Implantation of Cellularized Scaffolds Improves Collateralization and Accelerates Blood Flow Recovery









		Discussion



		Conclusion



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Supplementary Material



		References









		Estimation of Major Adverse Cardiovascular Events in Patients With Myocardial Infarction Undergoing Primary Percutaneous Coronary Intervention: A Risk Prediction Score Model From a Derivation and Validation Study



		What Is Already Known About This Topic?



		What Does This Article Add?



		Introduction



		Materials and Methods



		Study Design and Participants



		Definitions



		Follow-Up Process



		Statistical Analyses



		LASSO Regression



		Nomogram Prediction Model



		Performance and Internal Validation of the New Risk Prediction Models



		Comparison With Other Models









		Results



		Demographics of the Derivation Cohort and Validation Cohort



		Primary Screening by Univariate Cox Regression Analysis



		Screening of the Independent Variables by the LASSO Method



		Establishment of a Multivariate Cox Regression Model and Risk Score Model



		Nomogram Depiction and Evaluation of the Risk Prediction Model



		Interpretation of the Newly Established Risk Score









		Discussion



		How This Risk Scoring System Can and Should Influence Patient Treatment



		Contribution of the Prediction Model



		Benefits of the Prediction Scoring Model



		Post-procedural Inflammation Level and Renal Function Are Associated With Increased Risk of MACE



		No-Flow Phenomenon Is Associated With Increased Risk of MACE









		Strengths and Limitations



		Conclusion



		Data Availability Statement



		Author Contributions



		Funding



		Supplementary Material



		Footnote



		References









		Development and Validation of a Predictive Model for Coronary Artery Disease Using Machine Learning



		Introduction



		Materials and Methods



		Study Design and Data Collection



		Machine Learning Algorithms



		Statistical Analysis









		Results



		Baseline and Clinical Characteristics of Study Population



		Machine Learning Model Evaluation



		Model Construction and Validation









		Discussion



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Acknowledgments



		References









		Agreement of Angiography-Derived and Wire-Based Fractional Flow Reserves in Percutaneous Coronary Intervention



		Introduction



		Methods



		Study Population



		Determination of Wire-Based FFR



		Coronary Revascularization and Image Transfer



		Offline caFFR Measurement



		Follow-Up and End Points



		Statistical Analysis









		Results



		Feasibility and Characteristics of Patients



		Agreement Between FFR and caFFR



		Prognostic Implications of Post-PCI caFFR









		Discussion



		Limitations



		Conclusions



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Acknowledgments



		Supplementary Material



		References









		Automatic Segmentation and Cardiac Mechanics Analysis of Evolving Zebrafish Using Deep Learning



		Introduction



		Methods



		Zebrafish Preparation for Imaging



		4D Reconstruction of Beating Zebrafish Heart



		Segmentation of Intracardiac Domain



		Application of U-Net Architecture



		Network Training With Manually Segmented Images



		Dice Similarity Coefficient Correlation



		Cardiac Mechanics Analysis









		Results



		Manual Segmentation From LSFM for U-Net Training



		Validation of U-Net Based Autosegmented Image



		Automatic Morphology to Separate Inner Chamber Space



		Volumetric Analysis



		Assessment of Cardiac Mechanics of Developing Zebrafish Heart









		Discussion



		Conclusion



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Supplementary Material



		References









		Engineering the Cellular Microenvironment of Post-infarct Myocardium on a Chip



		Introduction



		Ventricular Remodeling Post-myocardial Infarction



		In vitro Models of Myocardial Ischemia and Hypoxia



		Conventional Hypoxia Models



		Engineered Models With Spatial Oxygen Gradients



		Engineered Models of Ischemia-Reperfusion









		In vitro Models of Myocardial Fibrosis and Stiffness



		2-D Models With Uniform Stiffness



		2-D Models With Spatiotemporal Control of Stiffness



		3-D Models With Uniform Stiffness



		3-D Models With Spatiotemporal Control of Stiffness









		In vitro Models of Pathological Strain



		Outlook



		Author Contributions



		Funding



		References









		Wnt Signaling in Vascular Calcification



		Introduction



		VSMC Phenotypes



		VSMC Transdifferentiation



		The WNT Signaling Cascade



		WNT and RUNX2 in Osteogenesis



		WNT in Vascular Calcification



		Which WNT?



		Conclusion



		Author Contributions



		Funding



		Acknowledgments



		References









		Notch Intracellular Domain Plasmid Delivery via Poly(Lactic-Co-Glycolic Acid) Nanoparticles to Upregulate Notch Pathway Molecules



		Introduction



		Methods



		Nanoparticle Synthesis and Conjugation



		Characterization and Stability of Nanoparticles



		Loading and Release Studies



		In vitro Compatibility of Nanoparticles



		In vitro Cellular Uptake and Interaction of Nanoparticles



		Plasmid Transfection



		RT-PCR Data



		Western Blot



		Statistical Analysis









		Results



		Optimization of Nanoparticles Based on Molecular Weight of PLGA



		Compatibility in Blood



		Selection of Optimal Endothelial Target



		Characterization of Plasmid Loaded PLGA Nanoparticles



		GFP Expression Over Time



		Nanoparticle Mediated HUVEC Transfection Based on NICD Expression









		Discussion



		Conclusion



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Acknowledgments



		Supplementary Material



		References









		Corrigendum: Notch Intracellular Domain Plasmid Delivery via Poly(Lactic-Co-Glycolic Acid) Nanoparticles to Upregulate Notch Pathway Molecules



		Transplantation of Human Pluripotent Stem Cell-Derived Cardiomyocytes for Cardiac Regenerative Therapy



		Introduction



		Human Pluripotent Stem Cell Sources and Differentiation into Cardiomyocytes



		Transplantation Strategies



		Intramyocardial Injection



		Epicardial Patches









		Mechanisms of Improving Cardiac Function



		Remuscularization



		Paracrine Effects









		Challenges to Improve hPSC-CM Transplantation Strategies



		Immune Rejection



		Cell Survival and Retention



		Electromechanical Integration of the Graft



		hPSC-CM Maturation









		Clinical ApplicationS of hPSC-CMs



		Challenges in Clinical Translation of hPSC-CMs



		First In-human Clinical Trials With hPSC-CMs









		Conclusions and Future Considerations



		Author Contributions



		Funding



		References









		Deep Neural Network-Aided Histopathological Analysis of Myocardial Injury



		Introduction



		Materials and Methods



		Data Collection



		Deep Neural Network for Myocardium Assessment



		Regional and Feature Interpretability



		Cross-Validation for Multi-Model Ensemble









		Experiments and Results



		Training and Validation of an Individual Model



		Grad-CAM-Based Local Visualization



		UMAP Embedding-Based Global Feature Space Visualization



		Multi-Model Ensemble









		Discussions



		Conclusion



		Data Availability Statement



		Author Contributions



		Funding



		Acknowledgments



		References









		A Prediction Equation to Estimate Vascular Endothelial Function in Different Body Mass Index Populations



		Introduction



		Methods



		Participant Selection and Design



		FMD and CIMT Measurement



		Clinical and Laboratory Analysis



		Statistical Analysis









		Results



		Baseline Characteristics and Within-Group Analysis



		Correlation and Univariate Analysis



		Equation Development



		Verification of Equations









		Discussion



		Conclusion



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Acknowledgments



		Supplementary Material



		References









		Vascular Inflammation in Mouse Models of Systemic Lupus Erythematosus



		Introduction



		CVD in Human SLE



		CVD in SLE Mouse Models



		Tissue Lesions Detected by Histology



		Atherosclerosis



		Myocardial Infarction









		Hypertension



		Endothelial Dysfunction



		Vasorelaxation



		EPC Proliferation/Differentiation















		Future Directions



		Data Availability Statement



		Author Contributions



		Funding



		References









		A Cardiovascular Disease Prediction Model Based on Routine Physical Examination Indicators Using Machine Learning Methods: A Cohort Study



		Introduction



		Methods



		Study Population



		Data Collection



		Data Pre-processing



		Diagnostic Criteria



		Introduction to Predictive Models



		Model Establishment and Verification



		Data Analysis









		Results



		Study Population Characteristics



		Independent Variable Selection and Optimal Model Construction



		Comparison of Optimal Model Prediction Performance



		Variable Importance Ranking of the Optimal Model Output









		Discussion



		CONCLUSION



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Acknowledgments



		Supplementary Material



		Abbreviations



		References























OPS/images/fcvm-07-586871/fcvm-07-586871-g003.gif
RUSE (Coss Vldaten)
H






OPS/images/fcvm-08-707897/fcvm-08-707897-t001.jpg
PLGA nanoparticles ~ Size (nm)  Poly dispersity ~ Zeta potential (mV)

MW: 56-85 kDa 234 £ 90 0.13£0.06 —-31+£34
MW: 1-5 kDa 246 £ 85 0.08 £0.02 -20+28





OPS/images/fcvm-07-586871/fcvm-07-586871-g004.gif
s P-0.0005

T T
Ny AV
w6 Poxm
o] :
-é .
% oo H
H T i
#

T T T T
[ F——. Normal(N-T)  AMI(N-17)





OPS/images/fcvm-08-707897/fcvm-08-707897-t002.jpg
Antibody conjugated nanoparticles Size (nm) Poly dispersity Zeta potential (mV) Conjugation efficiency (%)

Anti-EGFL7 nanoparticles 249 £ 55 0.21 £0.01 -285+1.7 596+ 1.5
Anti-Tie24-Tie1 nanoparticles 243 £ 41 0.19£0.13 —274£18 47512





OPS/images/fcvm-07-586871/fcvm-07-586871-g001.gif
-log10(p_value)

i
i
i
i
i
'
P
i
P

3 5
log2(foldchange)





OPS/images/fcvm-07-586871/fcvm-07-586871-g002.gif
A o

ot |






OPS/images/fcvm-07-586871/fcvm-07-586871-g007.gif
L

=
=

i

TTTTTTH,! i
)
g!

PEERRESERRERNIRRGIE






OPS/images/fcvm-08-707897/fcvm-08-707897-g004.gif





OPS/images/fcvm-07-598890/crossmark.jpg
©

2

i

|





OPS/images/fcvm-08-707897/fcvm-08-707897-g005.gif





OPS/images/fcvm-07-586871/fcvm-07-586871-g005.gif





OPS/images/fcvm-08-707897/fcvm-08-707897-g006.gif





OPS/images/fcvm-07-586871/fcvm-07-586871-g006.gif
e /1‘;:,2 ,,{}%377/?///;"{’/






OPS/images/fcvm-08-707897/fcvm-08-707897-g007.gif
Change Fold over Untreated at 12 dyne-cm-2.

10

‘@Untreated

O8lank NPs.

= NICO NPs.

ENICD ¢ Anti-Tiel + Tie2 NPs






OPS/images/fcvm-08-707897/crossmark.jpg
©

2

i

|





OPS/images/fcvm-08-707897/fcvm-08-707897-g001.gif





OPS/images/fcvm-08-707897/fcvm-08-707897-g002.gif
FEesenc





OPS/images/fcvm-08-707897/fcvm-08-707897-g003.gif





OPS/images/fcvm-07-586871/crossmark.jpg
©

2

i

|





OPS/images/fcvm-08-724183/crossmark.jpg
©

2

i

|





OPS/images/fcvm-08-785910/crossmark.jpg
©

2

i

|





OPS/images/fcvm-08-707890/crossmark.jpg
©

2

i

|





OPS/images/fcvm-08-707890/fcvm-08-707890-g001.gif





OPS/images/fcvm-08-707890/fcvm-08-707890-t001.jpg
Trial ID Sponsor

NCT03763136  Help therapeutics

JRCT2053190081 Osaka University
Hospital

NCT04396899  University Medical
Center Goettingen

JRCTa032200189 Heartseed Inc.

Title Condition

The study of human Heart failure
epicardial injection with

allogenic induced

pluripotent stem cell-derived
cardiomyocytes in ischermic

heart failure
Ciinical trial of human Ischemic
(allogeneic) iPS cell-derived  cardiomyopathy
cardiomyocytes sheet for

ischernic cardiomyopathy

Safety and efficacy of Heart failure:

induced pluripotent stem
cell-derived engineered
human myocardium as
biological ventricular assist
tissue in terminal heart
failure

Safety study of regenerative  Severe heart failure
therapy with allogeneic  patients with NYHA
induced pluripotent stem  class Il or higher
cell-derived cardiac spheres (HFFEF by Diated
for severe heart failure Cardiomyopathy)
(Regenerative cardiac

spheres)

Intervention

Intramyocardial injection of
allogenic hiPSC-CMs at
time of coronary artery
bypass grafting surgery

Human (allogeneic) iPS cell
derived-cardiomyocyte
sheet transplantation

Implantation of EHM on
dysfunctional left or right
ventricular myocardium in
patients with HFFEF (EF
<B5%).

Intramyocardial injection of
5 x 107 iPSC-derived
cardiomyocytes by
open-heart surgery

Estimated
enroliment

53

Start date

May 2019

January 2020

February 2020

November 2020

Country

China

Japan

Germany

Japan





OPS/images/fcvm-08-707897/math_1.gif
Nancparticle Size,,
Size ()= —— " tg0 (1)
Nancparticle Size,,





OPS/images/fcvm-08-707897/math_2.gif
Plasmid initially added — plamid in supernatant

Encapsulation Efficiency (%) = g

00 ()






OPS/images/fcvm-08-707897/math_3.gif





OPS/images/fcvm-08-707897/math_4.gif
Mean Correlated Total Cell Fluorescence = (GFP Intensity) | (NucBlu Intensity)  (4)





OPS/images/fcvm-08-707897/fcvm-08-707897-t003.jpg
Size (nm)  Polydispersity  Zeta potential (mV) Encapsulated efficiency (%)

NICD-loaded PLGA nanoparticle 272 +£51 0.12£0.05 -129+1.90 563 +4.1%
NICD-loaded PLGA nanoparticle conjugated with anti-Tie2+Tie1 268+ 26 0.11£001 -17.0+083





OPS/images/fcvm-08-675291/fcvm-08-675291-g002.gif
IR
POEBOOO®





OPS/images/fcvm-08-675291/fcvm-08-675291-g003.gif
IH IT






OPS/images/fcvm-08-675291/fcvm-08-675291-g004.gif





OPS/images/fcvm-08-675291/fcvm-08-675291-g005.gif





OPS/images/fcvm-08-654392/fcvm-08-654392-t001.jpg
Patients (n = 104)

Sex, male (%) 78(75.0)
Age (years) 616=96
BMI (kg/m?) 259+35
Smoking (%) 43(41.8)
Hypertension (%) 67 (64.4)
Diabetes (%) 42 (40.4)
Dyslipidemia (%) 69 (66.3)
Hemoglobin (g/L) 135.0 £14.8
FBG (mmol/L) 64420
Creatinine (jmol/L) 716£172
LDL-C (mmolrt) 21+08
LVEF (%) 64254
Multivessel disease, 1 (%) 55 (52.9)

Target vessel (1 = 105)
Location of lesion

LAD, n (%) 96 (91.4)
LCX, n (%) 548
RCA, n (%) 438)
ACC/AHA lesion type

A (%) 17 (162)
B1 (%) 29(27.6)
B2 (%) 25(238)
C(%) 34(32.4)
Quantitative coronary angiography

Pre-PCI 1604
Minimal lumen diameter, mm

Reference vessel diameter, mm 3.0+06
% Diameter stenosis 48593
Lesion length, mm 193+ 100
Post-PCI

Minimal lumen diameter, mm 24405
Reference vessel diameter, mm 28+05
% Diameter stenosis 14374
Lesion length, mm 147 £85
Interventional characteristics

DES implantation 80 (76.19)
DCB dilation 25(23.81)

FFR, fractional flow reserve; caFFR, coronary angiography-derived FFR; BMI, body mass
index; FBG, fasting blood glucose; LDL-C, low-density lipoprotein cholesterol; LVEF, Left
ventricular ejection fraction; LAD, left anterior descending artery; RCA, right coronary
artery; LCX, left circumflex artery; ACC, American College of Cardiology; AHA, American
Heart Association; PCI, percutaneous coronary intervention; DES, drug-eluting stent;
DCB, drug-coated balloon.





OPS/images/fcvm-08-654392/fcvm-08-654392-t002.jpg
Sex, male (%)

Age (years)

BMI (kg/m?)

Smoking (%)

Hypertension (%)

Diabetes (%)

Dyslipidernia (%)

Target lesion location

LAD, n (%)

LOX, n (%)

RCA, n (%)

ACC/AHA lesion type

A %)

Bi (%)

B2 (%)

G (%)

Quantitative coronary angiography
Pre-PCl reference vessel diameter, mm
Pre-PCI diameter stenosis, %
Pre-PCl lesion length, mm
Post-PCI diameter stenosis, %
Procedural characteristics
DES/DCB

Number of DES

Diameter of DES, mm

Total length of DES, mm
Number of DCB

Diameter of DCB, mm

Total length of DCB, mm

Post-PCl wire-based FFR value

High FFR Low FFR
(>0.82,n =53) (082,n =12)
41 (77.36) 10(83.33)
6121 £9.97 50.75+£9.98
26.02 +£3.37 2774 +£6.26
22(4151) 8(66.67)
33(63.26) 7(68.33)

19 (35.85) 4(33.39)

34 (64.15) 10 (83.33)

50 (94.34) 11(91.67)
1(1.89) 1(8.39)
2@.77) o

8(0.15) 18.39)
13(24.53) 3(25.00)

12 (22.64) 4(33.33)
20(37.74) 43339
305 0.62 296 0.49
4924 £895 44,68 +5.32
19.96 + 1029 17.18 £8.47
1271 £6.31 13.54 £ 3.41
46/7 8/4

1,50 +0.55 1.00

3.08 £0.46 275+ 034
30.96 + 1045 19.75 £ 873
114038 1,60+ 058
314028 3004035
2071+6.73 28754946

P-Value

0.948
0.649
0.351
0.208
0.801
0.869
0.347

0.567

0.889

0.699
0.028
0.389
0.662

021
0.000
0.08

< 0.001
0.241
0.479
0.132

Post-PCl caFFR value

High caFFR
(>0.83,n = 54)

43(79.69)
60.89+9.73
25.84 £3.23
25 (46.30)
33(61.11)
19 (35.19)
36 (66.67)

51(94.44)
2(3.70)
1(1.85)

8(14.81)

13 (24.07)
11 (20.37)
22(40.74)

3.06 £0.63
49.38 £ 8.89
20.22 +10.33
12,90 £ 6.08

48/6

1.48 +0.55
3.08+0.46
30.52 £ 10.51
147 £0.41
3.17 £0.30
20.83 £7.35

Low caFFR
(<0.83,n = 11)

8(72.79
61.18+11.25
2822 +6.57
5(45.45)
7(63.64)
4(36.36)
8(72.79)

10(90.91)
0
1(9.09)

1(0.09)
3(7.27)
5 (45.45)
2(18.18)

2.98 +£0.39

43.57 +4.36
1661 +7.28
12.70 + 4.95

6/5

1.00

270 £0.25
19.50 + 2.66
1.40 £0.51
3.00 +0.31
27.00 +£9.08

P-Value

0.916
0.93
0.07
1.0
0.875
0.941
0.970

0.533

0296

0.676
0.039
0.093
0917

0.020
0.000
0.06

< 0.001
0.438
0.389
0.244

FFR, fractional flow reserve; caFFR, coronary angiography-derived FFR; BMI, body mass index; FBG, fasting blood glucose; LDL-C, low-density lpoprotein cholesterol; LVEF; Left
ventricular ejection fraction; LAD, left anterior descending artery; RCA, right coronary artery; LCX, left circumflex artery; ACC, American College of Cardiology; AHA, American Heart
Association; PCI, percutaneous coronary intervention; DES, drug-eluting stent; DCB, drug-coated balloon.





OPS/images/fcvm-08-675291/crossmark.jpg
©

2

i

|





OPS/images/fcvm-08-675291/fcvm-08-675291-g001.gif





OPS/images/fcvm-08-654392/fcvm-08-654392-g006.gif
Value

0.9

0.84

0.7

0.6

0.5

H

® FFR
/ ® caFFR

- T T
Pre-PCl Post-PCl  Pre-PCI  Post-PCI





OPS/images/fcvm-08-654392/fcvm-08-654392-g007.gif
(-
i

8 son

PostPCIFFR

e N

~>0m
~som

Cox togesson R 559,981 1122795,
R ke P00t

Post-PCl caFFR

Frosm—

T

~ 08
- s0m

Courmpension 8,353,054 145,534
BTG Lok ios P 10058

eunmnnBRTER0 662

i

3 >on

2 <om|

omunnBEDDITERI G682

“Time (months)

Time (months)





OPS/images/back-cover.jpg
Frontiers in
Cardiovascular Medicine

Innovations and improvements in cardiovascular
treatment and practice

Focuses on research that challenges the status
Quo of cardiovascular care, or facilitates the
translation of advances into new therapies and
diagnostic tools.

Discover the latest
Research Topics






OPS/images/fcvm-08-708470/crossmark.jpg
©

2

i

|





OPS/images/fcvm-08-708470/fcvm-08-708470-g001.gif





OPS/images/fcvm-08-708470/fcvm-08-708470-g002.gif





OPS/images/fcvm-08-709871/fcvm-08-709871-g001.gif





OPS/images/fcvm-08-709871/fcvm-08-709871-g002.gif





OPS/images/fcvm-08-709871/fcvm-08-709871-g003.gif
D — 2 *

Physiogial sifness  Pathologcal tfness
(©-10ka) G0wa)

PR
o gL e
: "

i
Ians§
3

Cottatn ©

ez,






OPS/images/fcvm-08-709871/fcvm-08-709871-g004.gif
L—J ke (YO0

i —

ATGF5 expression (24h)

765 insupomatants






OPS/images/fcvm-08-675291/fcvm-08-675291-g006.gif





OPS/images/fcvm-08-675291/math_1.gif
2Dy

Smilarity = 2L





OPS/images/fcvm-08-709871/crossmark.jpg
©

2

i

|





OPS/images/fcvm-09-767450/fcvm-09-767450-g001.gif
In vitro studies

Endothelial  Mature
progenitor cell endothelial cell

Endothelial Cell
differentiation

Induced models

) )
NZBINZWF1

RNA-sequencing studies
NZM st
.0
) S e )
B6NZM210, 67 2503
Vasorelaxation
studies ~— ‘g
Co-cultures:
SLE or control
immune cells
+
SLE orcontrol
Evaluation of — Yoo

organ damage





OPS/images/fcvm-09-767450/crossmark.jpg
©

2

i

|





OPS/images/fcvm-09-766565/math_1.gif
FMD = —0.096BMI - 0.06%ge — 4. 55TWHR.
—0.015AST - 0.242LDL +17.938





OPS/images/fcvm-09-766565/fcvm-09-766565-t004.jpg
Variables

BMI
Age
WHR
AST
LoL
Constant

Coefficients

—0.096
—0.089
—4.561
-0.015
—0.242
17.938

95% Cl

(-0.124, ~0.068)
(-0.095, ~0.043)
(~7.249, ~1.853)
(~0.027, ~0.008)
(~0.463, ~0.020)
(15.765, 20.111)

P-value

0.000
0.000
0.000
0.001
0.003
0.000

95% Cl, 95% confidence intervals; BM, body mass index; WHR, waist-to-hip ratio; AST,
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05(05,06)
06(05,0.7)
07(06,08)

05 (04,06
0.4(0.4,05)
06(05,07

0.7(0.5,0.8)
0.8(0.6,08)
06(05,0.7)
06(05,06)

06(0.6,0.7)
06(05,0.7)
06(0.6,08)
06(05,06)

06(05,0.7)
0.8(0.8,-)

06(05,0.7)

06(05,0.7)

06(05,0.7)
06(05,0.7)

P-value

0.21

0.00

0.00

0.00
0.02

0.00
0.83

021
0.04

0.22

Data are shown as the median (interquartile range); *Compared to ® BMI > 28, p < 0.05.
FMD, flow-mediated dilation; CIMT, carotid intima media thickness; BMI, body mass index.
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Characteristics

N (MR

Age (years)

BMI (kg/m?)

HR (beats/min)

SBP (mmHg)

DBP (mmHg)

MAP (mmHg)

WHR

CIMT (mm)

TG (mmol)

TG (mmol)

HDL cholesterol (mmol/)
LDL cholesterol (mmol/)
ALT (UAL)

AST (UL

y-GT (UL)

ALP (UL)

FTg (pmolL)

FT4 (pmoliL)

TSH (miUL)

PAB (mg/L)

TBA (umol/L)

TBIL (mol)

DBIL (umol/L)

Ser (mg/dL)

SUA (mg/dL)

BUN (mmol/L)

RBP (mg/L)

CysC (mg/l)

FBG (mmol)

HbATc (%)

Insulin (U/mi)

CP (ng/m)

Current smokers (%)
Hypertension (%)
Participants on
anti-hypertensives (%)
Diabetes (%)
Participants on
anti-diabetics (%)
Dyslipidernia (%)
Participants on
lipic-lowering drugs (%)
FMD (%)

Derivation Validation
data set data set
140 (38/102) 280 (70/210)
824 +8.1 31874
35583 353+£87
869+ 12.7 865+ 126
130.6 + 19.7 1287 +17.3
858+ 12.9 848+ 123
100.7 % 14.2 99.1:£143
1.0(1.0,1.0) 1.0(0.9,1.0)
06(05,07) 06(05,07)
15(1.1,2.4) 15(1.1,23)
52(45,6.1) 52(4.4,5.9)
12(1.4,1.4) 13(1.1,1.4)
3209 3208

430(27.5,775)  425(250,74.2)
250(180,440)  255(18.0,415)
410(270,595)  860(23.0,563)
760(625,925)  76.0(64.0,93.3)

5.1(4.7,5.4) 50(4.6,5.5)
163(15.1,17.4)  159(148,17.5)
22(15,3.) 25(16,36)
2730(241.0,379.0) 2725 (231.8,304.0)
29(2.0,5.4) 33(2.1,5.3)
87(6.4,115) 85(63,112)
22(1.6,3.00 21(1.7,28)

60.0(521,71.9)  60.6(54.0,68.9)
402.0 (3305, 453.5) 417.5 (346.8, 464.8)

46(39,5.4) 46(39,5.4)
38.0(32.0, 45.0) 36(31.0,42.0)
0.7(0.6,0.8) 0.7(0.6,0.8)
57(5.0,7.2) 5.6(.1,69)
5.8(5.4,68) 58(5.4,67)
259(17.6,384)  288(19.9,44.9)
3.9(3.2,4.8) 41(34,5.1)
32 (22.9%) 48(17.1%)
30 (21.4%) 38(13.6%)
18 (12.9%) 29(10.4%)
40 (28.6) 75 (26.8%)
17 (12.1%) 39 (13.9%)
78 (85.7%) 152 (54.3%)
2 (1.4%) 1(0.4%)
6.4(56,7.6) 62(5.4,7.0)

P-value

0.64
0.34
0.81
0.76
0.32
0.42
0.26
0.78
0.23
0.68
0.71
0.59
0.71
0.93
091
0.37
0.62
0.55
0.76
0.05
0.19
0.30
0.28
0.61
0.95
027
0.89
0.15
0.84
0.63
0.71
0.31
0.56
0.18
0.08
0.44

0.70
0.61

0.78
0.22

0.51

Data are shown as the mean  SD or the median (interquertie range).
MF; mele/female; BMI, body mass index; HR, heart rate; SBR, systolic blood pressure;
DBR, diastolic blood pressure; MAR, mean arterial pressure; WHR, waist-to-hip ratio;
CIMT, carotid intima media thickness; TG, triglyceride; TC, total cholesterol; HDL, high-
density lipoprotein; LDL, low-density lipoprotein; ALT, alanine aminotransferase; AST,
aspartate aminotransferase; y-GT, y-glutamyl transpeptidase; ALF, alkaline phosphatase;
FTs, free triodothyronine; T, free tetraiodothyronine; TSH, thyroid stimulating hormone;
PAB, prealbumin; TBA, total bile acid; TBIL, total biliubin; DBIL, direct Biliubin; Scr,
serum creatinine; SUA, serum uric acid; BUN, blood urea nitrogen; RBR, retinol-binding
protein; CysC, cystatin C; FBG, fasting blood glucose; HbATc, glycated hemoglobin; CR
C-peptide; FMD, flow-mediated dilation.
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Variables

Age (years)
Male [% ()]
Height (om)
Weight (kg)
BMI (kg/m?)
Heart rate (beats per minute)
SBP (mm Hg)
DBP(mm Hg)
Hypertension [% ()]
Diabetes % (1))
Hyperlipidemia [% (1))
Smoking (% (1))
Previous PCI (% (1))
Previous GABG [% (1))
Atral fibrillation (% ()]
CKD (% (n)]
Laboratory examinations
HDL cholesterol at admission (mmol/L)
LDL cholesterol at admission (mmol/L)
Triglycerides at admission (mmol/L)
LPA at admission (mg/L)
hs-CRP at admission (mg/L)
d-Dimer at admission (ug/mlL)
Peak level of d-dimer (ug/mL)
Tnl at admission (ng/L)
Peak level of Tnl (ng/L)
Crea at admission (pmol/L)
€GFR at admission (mU/min)
Discharge medication regimen
Statin % ()
Aspirin % (1)
Ticagrelor % (1))
ACEVARB [% (n)
p-Blockers [% (1))
Diuretic % (1)
Spironolactone (% ()
P2Y12 inhibitors
Endpoint events
MACES (% (n)
Death [% (1)
Recurrent MI (% (1))
Stroke [% ()]

Derivation cohort

N =3,078

59.42 £0.217
78.91% (2,429)
161.30  0.04
71224029
25.91 0,069
774028
124.45 % 0.336
7122 +0.201
62% (1,903)
33% (1.012)
92% (2,831)
59% (1.818)
14% (419)
1.2% (38)
6.2% (192)
7.8% (240)

1.70 £0.02
275 £0.017
1.05 + 0.005
263.87 + 4.40
7.59 % 0.09
0.64 £0.03
0.80 +£0.04
358+0.31
3.89+0.25
81.92 +0.45
89.48 + 1.49

91% (2,790)
96% (2,956)
74% (2,291)
68% (2,094)
85% (2,601)
28% (867)
21% (649)
96% (2,958)

11% (330)
6.5% (200)
2.9% (90)
1.7% (51)

Validation cohort

N =1,025

58.82 + 0359
77.37% (793)
1617 0,08
70.86 +0.54
25910.116

781.05

123.69 = 0.581

70.86 +0.538
59% (604)
38% (335)
98% (957)
59% (609)
149% (146)
1.0% (10)
60% (61)
8.6% (89)

1.97 +£0.06
2.71 £0.028
1.05 + 0.009
275.57 +8.00
7.50 +0.16
0.68 £ 0.06
0.80 £0.07
394 +0.63
3.98 £0.44
82.73 +£0.80
89.96 +2.49

91% (932)
96% (980)
74% (761)
69% (709)
85% (868)
28% (289)
21% (216)
96% (986)

129% (125)
6.6% (68)
4.1% (42)
2.0% (20)

P value

0.161
0.158
0.613
0.681
0.997
0.338
0.254
0.648
0.054
0.470
0.082
0.307
0.323
0316
0.403
0229

0.797
0.307
0.533
0.200
0.622
0.528
0.988
0673
0.856
0.379
0.872

0.287
0.412
0.508
0.214
0.379
0.401
0.502
0.154

0.107
0.464
0.043
0.307

Continuous déta are presented as mean  SE (standerd error); categorical veriables are presented as % (). BV, body mass index; SBP. systolic blood pressure; DBR, diastolic
blood pressure; PCI, percutaneous coronary intervention; CABG, coronary artery bypass grafting; CKD, chronic Kicney disease; HDL-C, high-density lipoprotein cholesterol; LDL-C,
low-density lipoprotein cholesterol; Tnl, troponin I; TG, trigiyceride; LPA, lipse activator; hs-CRP. high sensitive C-reactive protein; eGFR, estimated glomeruiar fitration rate; ACEI,

angiotensin-converting enzyme inhibitor; ARB, angiotensin receptor blocker; MACE, major adverse cardiovascular events.
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Mouse models

Induced models Pristane-induced lupus
Imiquimod-induced lupus.
NZB/NZW F1

NZM strains

B86.NZM2410.5le7.52.5/e3
triple congenic

Fas mutation (gld.apoE~/~,
B6.MRL-Fas®, and MRL/Fas”)

Yaa-carrying strains BXSB
(NZW/BXSB) F1

B6.Nba2.Yaa

‘Cardiovascular manifestations

Pulmonary vasculitis, hypertension
Hypertension, increased left ventricular weight
Cardiac inflammation, hypertension

Thrombosis in response to endothelial injury, impaired endothelial
cell differentiation

Enhanced atherosclerosis susceptibility in LDLr or ApoE KO mice

Increased risk of atherosclerosis and myocardial infarction in LDLr
or ApoE KO mice

Increased risk of myocardial infarction

Coronary artery disease from anti-phospholipid syndrome and
microthrombi, increased risk of myocardial infarction

Increased atherosclerosis susceptibiity

References

(19, 20, 28-26)
©7,28)

(19, 22, 29-88)
(19, 20, 39, 40)

(@1-44)

(19,22, 38, 45-54)

(19,22)
(22,55, 56)

67
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126 patients who underwent FFR
guide PCI were scresned

22 Were exclude
9 Were poor angiographic image
5 Were severe overlap/distortion
3 Were projection not 2 30° apart
2 Were image drift
2 Were ostial lesions
1 Was myocardial bridge

104 Patients enrolled in pre-PCI
analysis _(FFR vs. caFFR)

39 Were not enrolled
34 Did not undergo postintervention
FFR measurement
4 Lack of two cine with  30° apart
1 Was image drift

65 Patients enrolled in post-PCI
analysis (FFR vs. caFFR)
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Variables Development cohort Validation cohort Validation cohort2

Control (V= 2,048) CAD (N=2014) P  Control (V=876) CAD(N=837) P  Control (N=258) CAD(N=261) P

Age, year 6022 +9.81 6256977 <0001 5023%11.62 6197933 <0001 57.26£9.81  60.68+987 <0.001
Male, n (%) 1,268 (61.91) 1,230 (61.07) 0582 536 (61.19) 498 (59.5) 0.475 163 (63.18) 200(76.63)  0.001
BMI, kg/m? 238+ 2.45 2511+871 <0001 2369+24 2504368 <0001 2411215  2561+487 0001
Smoking, n (%) 573 (27.98) 843(4186) <0001  240(27.4) 322(38.47) <0001  58(22.48) 137 (52.49)  <0.001
Alcohol drinking, n (%)~ 511 (24.95) 555(27.56) <0001 215 (24.54) 231(276) 0028 56(21.71) 123(47.43)  <0.001
Hypertension, n (%) 786 (38.38) 1280(61.07) <0001 365 (41.67) 484(57.89 <0001  85(33.33) 161(61.69)  <0.001
T2DM, n (%) 521 (26.44) 636(3158) <0001  220(26.11) 262313 0004  78(30.28) 102(39.08) 0,034
Hyperlipidemia, n (%) 477 (23.39) 585 (29.05) <0.001 199 (22.72) 248 (29.63) 0.001 56(21.71) 84 (32.18) 0.007
TC, mmolL 459+ 0.82 461£100 0000 450+£085  463x114 0016  4.81+085 447£14 <0001
TG, mmol/L 124061 174107 <0001 126068 1.74£107 <0001  1.44£048 1964120 <0001
HDL-C, mmol/L 13025 1£019 <0001  13%025 1.02£019 <0001 133028 1£019 <0001
LDL-C, mmol/L. 269+ 0.61 275+£087 <0001 27065 2744086 0008  289+074 286+ 1 0.143
SBP, mmHg 13078 £25 13256+ 19.68 <0001 130.65+£25.18 131.74:+ 1909 <0001 12876+ 1667 13222+1725 002

DBP, mmHg 850541694 8102118 <0001 855£17.83 814741157 0005 8097+11.83 79621148 0348

FBG, mmol/L 537 +£1.47 5854202 <0.001 536+ 1.52 586+226 <0.001 5414064 648+ 195 <0.001
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