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Editorial on the Research Topic
 Multi-Omics Study on Gut Microbiota Related to Faecal Microbiota Transplantation



With the advancement of multi-omics technology and experimental animal models, researchers have gained extensive information regarding the varied disease types associated with gut microbiota dysbiosis, and the causal role of gut microbiota in disease progression. As an emerging disease intervention way, faecal microbiota transplantation (FMT) has consistently demonstrated its potential in other diseases such as inflammatory bowel disease (IBD), irritable bowel syndrome (IBS), slow transit constipation, hepatic encephalopathy, autism, and metabolic syndrome more than recurrent Clostridium difficile infection (rCDI). However, many points remained to be further revealed in the FMT procedures. For example, it is necessary to screen and determine the healthy microbiome of stool donors to monitor the safety and efficacy of FMT. It is also important to reveal the mechanism for the efficacy of adopting FMT, which may supply a better footprint for the precise application of FMT. It is also worthy to note that other forms of microbiota transplantation besides FMT, are also promising.

This current Research Topic brings 11 references together summarizing the recent developments covering, the potential relevance of gut dysbiosis in the progression of diseases, technology and practical application of FMT.

Regarding the potential relevance of gut dysbiosis in the progression of diseases, six articles in this Research Topic individually mentioned the association of gut microbiota with drug resistances, appendectomy, age-related macular degeneration (AMD), encephalopathy caused by microbial infection, neonatal health, and obesity. Previous research showed that resistant bacteria displayed metabolic slowdown, while the molecular mechanism remains poorly understood. Through comparative proteomics analysis, Shen et al. identified nine genes involved in metabolism pathways significantly associated with MICs of amikacin/cotrimoxazole, which suggests that alteration of the metabolic network was directly correlated with antibiotic resistance. Increasing evidence has revealed that the human appendix plays important biological roles in regulating the intestinal immune system and microbiome. Cai et al. explored the alterations of gut bacterial and fungal communities associated with appendectomy in 60 subjects and found that the effects of appendectomy on the fecal fungal community are more marked and durable than on bacteria. Sepsis-associated encephalopathy (SAE) is defined as diffuse brain dysfunction without the central nervous system (CNS) infection in sepsis patients. Zhao et al. investigated the predictors associated with hospital mortality in patients with SAE and established a comprehensive visual predictive nomogram of hospital mortality, which performed better than the SAPS II with a higher net benefit. Li et al. characterized fecal microbiome and metabolomics profiles in a mouse model of laser-induced Choroidal neovascularization (CNV) and identified that Lachnospiraceae_UCG-001 and Candidatus_Saccharimonas, were strongly correlated with altered fecal metabolites, which might help develop novel therapeutic strategies of nAMD. Modulating the gut microbiota may be an effective strategy for alleviating obesity and related metabolic disorders. Xin et al. developed a feasible freeze-thaw pretreatment protocol to improve the extraction of microbial DNA from meconium, which would help researchers that aim to investigate the gut microbiota characteristics associated with neonatal diseases. Zou et al. evaluated the anti-obesity effects of ginsenoside Rb1 in HFD-fed mice and found the multiscale mechanisms that might account for the therapeutic effect of Rb1 against obesity. Due to the accumulating data, it is necessary to conduct computational methods for potential microbe–disease association prediction, Yang et al. constructed a comprehensive microbe–disease network by integrating known microbe–disease associations from three novel large-scale databases and extended the random walk with restart (RWR) to the network for prioritizing candidate disease-related microbes. The results suggested that it is an effective method for prioritizing novel disease-related microbes, thereby aiding our understanding of disease pathogenesis.

The selection of reliable healthy donors is a critical success factor of FMT while screening and determining the health status are involved with assessments, including health questionnaires, clinical evaluation, stool testing, blood testing, and gut microbiota test. Yu et al. developed an artificial intelligence (AI) model to identify patients who were positive for COVID-19 according to the results of the first CT examination after admission and predict the progression combined with laboratory findings, which might help efficiently exclude those subjects with COVID-19 for donor check. Although FMT is applied in constipated patients, yet the underlying mechanism remains unclear. Zhang et al. evaluated the clinical efficacy and gut microbiota remodeling ability of FMT and found the efficacy of FMT for treating constipation might be correlated with the abundance of key bacteria such as Fusicatenibacter and Paraprevotella, and butyrate production. Intestinal dysbiosis, which refers to loss of microbiome diversity and structure homeostasis in the intestine, has been proven to be associated with premature infant necrotizing enterocolitis (NEC). Lin et al. found that NEC is characterized by metabolism dysregulation, FMT and sulperazone combination treatment showed the highest benefits for the NEC. Inspired by the similarity of the intestinal and vaginal microbiota, the success of FMT inspired vaginal microbiota transplantation (VMT) proposed for the treatment of vaginal dysbacteriosis. Safe, standard, and efficient VMT will bring new hope to patients with gynecological diseases and have a good prospect of application (Han et al.).

Overall, this Research Topic provides readers with the potential relevance of gut dysbiosis in the progression of diseases, technology and practical application of FMT. However, the current Research Topic has a few limitations. Half of the accepted papers are still involved in investigating the relationship between host disease and gut microbiota, which somewhat deviate from the original intention to include more FMT-related Research Topics. And there seems to be few deep discussion concerning the mechanism of how FMT play the roles. More clinical research should be carried out to support the new therapeutic strategies targeting gut microbiota through FMT. Metagenomics, metabolomics, cultivating omics, and other omics, combined with high-throughput analysis are needed to identify the exact cross-links between host disease and gut microbiota associated with FMT.
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Vaginal microbiota dysbiosis, characterized by the loss of Lactobacillus dominance and increase of microbial diversity, is closely related to gynecological diseases; thus, intervention on microbiota composition is significant and promising in the treatment of gynecological diseases. Currently, antibiotics and/or probiotics are the mainstay of treatment, which show favorable therapeutic effects but also bring problems such as drug resistance and high recurrence. In this review, we discuss the role of vaginal microbiota dysbiosis in various gynecological infectious and non-infectious diseases, as well as the current and potential interventions.

Keywords: vaginal microbiota transplantation, bacterial vaginitis, antibiotics, Lactobacillus, gynecological diseases


INTRODUCTION

The vagina is an important and complex ecosystem, dominated by Lactobacillus, but also containing a small number of fungi and parasites, and the balanced microbial communities are vital for female health (Bradford and Ravel, 2017; Gupta et al., 2019). However, the microbial balance can be disrupted and leads to various infectious diseases, characterized by overgrowth of anaerobic bacteria (agent of bacterial vaginitis and atrophic vaginitis, BV and AV) and Candida albicans (agent of vulvovaginal candidiasis, VVC), and infections of Trichomonas vaginalis (agent of trichomonal vaginitis), Neisseria gonorrhoeae (agent of gonorrhea), Mycoplasma genitalium (agent of cervicitis), Chlamydia trachomatis (agent of pelvic inflammatory disease, PID), and various viruses including human papillomavirus (HPV, agent of cervical cancer), herpes simplex virus-2 (HSV-2, agent of genital ulcers), and human immunodeficiency virus (HIV, agent of acquired immunodeficiency syndrome, AIDS) (Gupta et al., 2019). In addition, some non-infectious diseases, e.g., induced abortions (with BV microbiome, etc.), intrauterine adhesions (IUA, with reduced Lactobacillus and increased Gardnerella, Prevotella, etc.), miscarriage (with BV microbiome), preterm (with BV microbiome), infertility (with BV microbiome), polycystic ovarian syndrome (PCOS, with reduced Lactobacillus crispatus, and increased mycoplasma and Prevotella), uterine fibroid (with increased Lactobacillus iners), and menstrual disorders (with increased uterine Gardnerella, Prevotella, Sneathia, and Veillonella), also show associations with microbial dysbiosis (Hay, 2004; Chen et al., 2017; Pelzer et al., 2018; Liu et al., 2019; Hong et al., 2020a,b), posing a serious threat to women’s reproductive health.

At present, the most conventional treatment strategy for microbial disorders is antibiotics (metronidazole, clotrimazole, azithromycin, etc.), which has a good therapy effect while accompanied with various adverse effects and recurrence (Cudmore et al., 2004; Bradshaw et al., 2006; Xie et al., 2017; Khosropour et al., 2018; Paez-Canro et al., 2019). Recently, probiotics based on Lactobacillus have shown promise in treating not only infectious diseases (e.g., BV, fungal infection, and urinary tract infections) but also non-infectious diseases (e.g., preterm, infertility, and PCOS) (Hanson et al., 2016; Lopez-Moreno and Aguilera, 2020). However, the treatment outcome of probiotics is usually mixed, which may be due to the fact that these diseases are usually caused by multiple microbes rather than one. Excitingly in 2019, Ahinoam et al. conducted a clinical study of vaginal microbiota transplantation (VMT) in five patients with recurrent BV, finding that four of them achieved long-term remission and established a long-term vaginal microbiota dominated by Lactobacillus (Lev-Sagie et al., 2019). Therefore, intervention on vaginal microbiota is significant and promising in treating gynecological diseases. Thus, in this review, we elaborated the role of microbiota dysbiosis in various gynecological infectious and non-infectious diseases, and the current and potential interventions.



VAGINA AND VAGINAL MICROBIOTA

The vagina is a stretchable, muscular duct connecting the uterus and external genitalia, and is responsible for the physiological functions of female sexual intercourse, menstrual discharge, and delivery of the fetus (Farage and Maibach, 2006). Its mucosal system, consisted of a stratified squamous epithelium and cervicovaginal fluid (CVF), is vital in maintaining vaginal health by immune response, antimicrobial products (e.g., B-defensin), finely balanced microbial communities, etc. (Torcia, 2019). Among these, the vaginal microbiota is the most changeable and vulnerable one in response to internal and external stimulus (Gajer et al., 2012).

Recently, the detailed composition and relative abundance of vaginal microbiota has been determined by high-throughput 16s rRNA sequencing, characterizing five microbial community state types (CST) in asymptomatic women (Ravel et al., 2011). Four of them (CST-I, II, III, V) were dominated by Lactobacillus species, while CST-IV was heterogenous and polymicrobial, characterized by lower level of Lactobacillus and higher level of anaerobic bacteria including Gardnerella, Atopobium, Mobiluncus, Prevotella, Streptococcus, Mycoplasma, and Ureaplasma (Ravel et al., 2011). At present, over 140 Lactobacillus species have been identified, but the only species that normally dominate the vaginal microbiota are L. crispatus, Lactobacillus gasseri, Lactobacillus jensenii, and L. iners (Smith and Ravel, 2017). They are considered as keystones of vaginal health, as they can produce lactic acid, hydrogen peroxide, and bacteriocins, maintaining acidic environment and preventing pathogen growth (Gupta et al., 2019); adhere to epithelium, repelling other bacteria adhesion (Torcia, 2019); and regulate immune and inflammatory response, enhancing the resistance of vagina to diseases (Aldunate et al., 2015). Thus, Lactobacillus dominance is generally considered as a hallmark of healthy vagina (Ma et al., 2012).

It is generally known that vaginal microbiota disturbance is highly related to various gynecological diseases, especially BV, which is characterized by the alteration of vaginal microbiome from Lactobacillus dominance to anaerobic and facultative bacteria (Gardnerella, Atopobium, Prevotella, Megasphaera, Leptotrichia, Sneathia, etc.) dominance (Ling et al., 2010; Srinivasan et al., 2012; Nasioudis et al., 2017). BV has been shown to be associated with various other reproductive tract disorders, including infertility, preterm, cervical cancer, and HIV acquisition (Leitich and Kiss, 2007; van Oostrum et al., 2013; Torcia, 2019). It is also reported that many sextually transmitted infections (STI), such as infections of N. gonorrhoeae and C. trachomatis, are facilitated by vaginal microbiota dysbiosis and more prevalent in BV-positive women (Lewis et al., 2017). In addition, as the microbiota research progresses intensively, a growing number of studies have linked vaginal microbiota dysbiosis to various gynecological non-infectious diseases, among which Liu et al. found that compared with healthy people, IUA patients had lower percentage of Lactobacillus, and higher percentage of Gardnerella and Prevotella (Liu et al., 2019); Hong et al. found that patients with PCOS had lower Lactobacillus and higher Mycoplasma and Prevotella than controls (Hong et al., 2020b); and Chen et al. found that Lactobacillus were less abundant, while L. iners were more abundant in patients with uterine fibroid than individuals without (Chen et al., 2017).

Therefore, as the balanced vaginal microbiota plays a significant role in female health, interventions aimed at restoring the healthy microbiota composition can be a good and reasonable therapy for gynecological diseases.



ROLE OF MICROBIOTA DYSBIOSIS IN INFECTIOUS DISEASES AND INTERVENTIONS

Until now, infection is one of the leading causes of gynecological disease, which is usually characterized by vaginal dysbiosis (van de Wijgert and Jespers, 2017). Below, we introduce the common infectious diseases, including common vaginitis, viral infections, and other infections, and discuss the therapy effects of restoring Lactobacillus-dominated vaginal microbiota by antibiotic and probiotic interventions (Figure 1).
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FIGURE 1. Therapy effects of restoring Lactobacillus-dominated vaginal microbiota in infectious diseases. First, Lactobacillus can produce metabolites including lactate, antimicrobials, and lactic acid to inhibit the proliferation of pathogens. Second, Lactobacillus can competitively exclude pathogens from adhering to epithelium and trap pathogens by direct physical contact to prevent the colonization of pathogens. Third, Lactobacillus can regulate the immune or inflammatory response, particularly relieving the inflammation by decreasing cytokines like IL-1β. Fourth, Lactobacillus can improve the barrier function by producing lactate, which can increase the mucus viscosity to facilitate viral trapping, and inhibiting pathogens from damaging the DNA of epithelial cells. DNA, deoxyribonucleic acid.



Microbiota Dysbiosis and Interventions in Common Vaginitis


Microbiota Dysbiosis in BV and Interventions

Bacterial vaginitis is the most common lower genital tract disease among fertile women and can predispose women to various STI and adverse birth outcome (Lewis et al., 2017). It mainly manifests as mucosal inflammation including abnormal vaginal discharge (increased, yellowish, and fishy odor) and sensation of itching and burning (Onderdonk et al., 2016). Currently, the routine treatment is oral and intravaginal antibiotics, usually clindamycin and metronidazole (Faught and Reyes, 2019). However, long-term use of antibiotics is likely to develop antimicrobial resistance and cause recurrent infections (Lev-Sagie et al., 2019).

Studies showed that BV is caused by replacement of Lactobacillus dominance by multiplication of over 10 anaerobic bacteria, such as Gardnerella, Atopobium, Prevotella, Megasphaera, Leptotrichia, and Sneathia, and probiotics based on Lactobacillus that used to regulate microbiota have been revealed beneficial in treating BV (Nasioudis et al., 2017; Wang et al., 2019). In vitro and clinical studies showed that Lactobacillus could reduce the pathogen colonization by preventing the pathogen adhering to epithelium (Ma et al., 2019), inhibit the pathogen growth by producing bacteriocins (Ma et al., 2019), maintain the acidic environment by generating lactic acid (Kim and Park, 2017), and relieve inflammatory response, in particular significantly reduce IL-1β and IL-6 cytokines (Hemalatha et al., 2012). Thus, antibiotics with probiotics can effectively cure BV by correcting the vaginal microbiota and improving the vaginal environment.



Microbiota Dysbiosis in VVC and Interventions

Vulvovaginal candidiasis is the most common vaginal fungal infection and typically manifests as mucosal inflammation, including cheese-like vaginal discharge, and vulvovaginal burning, itching, and redness (Sobel, 1992). The standard treatment for VVC is antifungal agents, including oral or intravaginal azole or triazole drugs, which can achieve over 80% cure rate (Nurbhai et al., 2007; Sobel and Sobel, 2018). However, the concomitant side effects (diarrhea, abnormal urination, and vaginal burning, itching, and irritation), drug resistance, and high recurrence rate hinder the recovery and pose a threat to health (Xie et al., 2017).

Studies showed that VVC primarily occurred during vaginal dysbiosis and immune deficiency, and was caused by overgrowth of C. albicans, which could cause epithelium destruction by destroying the intercellular linkage and intracellular mitochondrial structure, and elicit inflammation, in particular produce IL-6 and IL-8 cytokines (Niu et al., 2017; Li et al., 2019). As protective Lactobacillus can regulate the host immune response, inhibit the proliferation of C. albicans by producing metabolites such as lactate, and prevent the colonization of C. albicans, therapies aimed at adjusting microbiota can help in VVC recovery (Bradford and Ravel, 2017). In vivo study on VVC showed that Lactobacillus could regulate the immune response by decreasing T-helper 1 (Th1) cell/Th2 cell ratio and inhibiting the release of proinflammatory cytokines such as interleukin 17 (IL17) and interferon-γ (IFN-γ) (Li et al., 2019). Another in vitro study investigated the ability of L. crispatus to inhibit C. albicans infecting vaginal epithelial cells VK2/E6E7, and found that L. crispatus could significantly reduce the adherence of C. albicans to VK2/E6E7 cells (Niu et al., 2017). Besides, many studies suggested that Lactobacillus could exert direct antifungal effects by releasing antimicrobials, improving the epithelial barrier by decreasing DNA damage of epithelial cells, and improving the microbiota to prevent C. albicans overgrowth and VVC recurrence (Mc and Rosenstein, 2000; Reid et al., 2003; Strus et al., 2006; Yeh et al., 2007). Consequently, antibiotics with probiotics can treat VVC and prevent its onset by improving microbial, inflammatory, and epithelial status.



Microbiota Dysbiosis in Trichomonal Vaginitis and Interventions

Trichomonal vaginitis, which manifests as painful and itching coitus, frothy discharge, and vaginal or cervical bleeding, is the most common STI worldwide and closely linked to PID and infertility (Pastorek et al., 1996; Petrin et al., 1998; Harp and Chowdhury, 2011; Edwards et al., 2016). Currently, the standard treatment for Trichomonal vaginitis is metronidazole or tinidazole, which not only are quite effective but also develop drug resistance (Muzny and Schwebke, 2013; Phukan et al., 2018).

The etiology of trichomonal vaginitis is T. vaginalis, which is a flagellated parasite of human genital tract that can cause severe damage to epithelial cells by mediating the lysis of epithelial cells, and elicit the inflammatory response, involving recruitment of neutrophils to infected tissues (Fichorova et al., 2006; Edwards et al., 2016). Studies showed that BV, especially with lack of Lactobacillus, could protect T. vaginalis from nucleic acid degradation through the production of polyamines and form biofilms to reduce drug sensitivity, thus facilitating T. vaginalis infection and increasing drug resistance (Figueroa-Angulo et al., 2012; Balkus et al., 2014; Jung et al., 2017). Therefore, it is suggested that restoring the vaginal microbiota can improve the anti-trichomoniasis treatment effect. A randomized clinical study showed that patients taking probiotics in addition to metronidazole showed earlier clinical resolution compared with the patients taking placebo. Besides, reduced leukocyte/epithelial cell ratio, decreased pH, and increased redox potential of the vaginal fluid were detected in the probiotic group, underlining the beneficial mechanisms of Lactobacillus to relieve inflammation, inhibit T. vaginalis growth, and damage T. vaginalis DNA, respectively (Sgibnev and Kremleva, 2020). Another in vitro study showed that the aggregation-promoting factor (APF)-2 of L. gasseri could significantly inhibit the adhering of T. vaginalis to human vaginal ectocervical cells (Phukan et al., 2018). Thus, antibiotics with probiotics can prevent and treat T. vaginalis infection via adjusting vaginal microbiota, inhibiting T. vaginalis growth, relieving inflammation, and preventing T. vaginalis colonization.



Microbiota Dysbiosis in AV and Interventions

Atrophic vaginitis, caused by the reduction of estrogen and local immunity after menopause, is prevalent among postmenopausal women and is characterized by vulvovaginal dryness, dyspareunia, abnormal vaginal discharge, etc. (Stika, 2010). At present, the treatment principles of AV are giving estrogen to improve the vaginal immunity, and antibiotics (norfloxacin) to inhibit the pathogen growth (Paladine and Desai, 2018).

Estrogen deficiency in menopause leads to vaginal atrophy, resulting in reduced epithelial barrier function and facilitation of pathogen colonization (Jaisamrarn et al., 2013). Brotman et al. (2014) showed that women with AV had lower level of Lactobacillus and increased bacterial diversity, involving Anaerococcus, Peptoniphilus, Prevotella, and Streptococcus. Since Lactobacillus has been shown to improve the overall vaginal environment such as the vaginal immunity and epithelial barrier, probiotics have been used in combination with estrogen to treat AV. A randomized clinical study showed that long-term use of this combination was sufficient to improve the related clinical parameters, maintain the improved maturation of vaginal epithelium, and prevent symptomatic AV relapse (Jaisamrarn et al., 2013). Besides, it is suggested that Lactobacillus-dominated vaginal microbiota is significant in protecting postmenopausal women from AV and is considered to be a marker of successful AV treatment (Shen et al., 2016). Thus, antibiotics and probiotics can be used in combination with estrogen to prevent and treat AV by improving the vaginal microbiota and enhancing the epithelial barrier function and the overall vaginal environment.



Microbiota Dysbiosis and Interventions in Viral Infection

Genital HPV, especially HPV-16 and 18 strains, are common sextually transmitted viruses and major causes of cervical cancer (Stanley, 2010). Though over 50% of HPV infections are cleared within a half year, persistent infections can cause symptoms including abnormal vaginal bleeding such as sextual intercourse bleeding, and abnormal vaginal discharge (Mitra et al., 2016; Kashyap et al., 2018). Conventional treatments for cervical cancer include surgery, chemotherapy, and radiotherapy, but they cannot prevent recurrence and have various side effects, such as menstrual change and vaginal pain (Waggoner, 2003).

Studies showed that vaginal microbiota disturbance with reduced Lactobacillus and increased microbial diversity was closely linked to HPV infection pathogenesis (Mitra et al., 2016). A cohort study of 32 sextually active American women showed that women with high level of Atopobium, Prevotella, and Gardnerella were most likely to be infected with HPV and had the slowest viral clearance (Brotman et al., 2014). Besides, CST-IV bacteria were shown to increase the severity of cervical lesions, promote the neoplastic progression by producing nitrosamines and ROS to induce DNA damage, and facilitate HPV infection by damaging the barrier and eliciting chronic inflammation (Mhatre et al., 2012; Borgdorff et al., 2016; Piyathilake et al., 2016). Thus, improving the microbiota composition is a feasible approach to prevent and treat HPV infection. A semi-randomized study of 54 HPV infected women showed that women treated with oral Lactobacillus caseii had greater clearance of HPV infection and cervical lesions than untreated patients (Verhoeven et al., 2013). Mitra et al. reviewed the currently accepted mechanisms of Lactobacillus-mediated protection to cervical health and showed that low vaginal pH (which could decrease around 10% risk of HPV positivity), lactate (which could increase the vaginal mucus viscosity and enhance the viral trapping), and bacteriocins (which could directly interfere the pathogen growth) were significant protective principles, and improvement in local immunity and inflammation was also suggested (Mitra et al., 2016). In addition, Palma et al. (2018) explored the effects of long- and short-term probiotic implementation in clearing HPV infection, and they found that patients with long-term probiotic treatment had significantly higher viral clearance rate, suggesting that long-term healthy vaginal microbiota was required to exert the optimal treatment effect. Therefore, antibiotics and probiotics can prevent and aid treatment of HPV infection by improving the microbial balance.

Other common viral agents that infect the reproductive tract are HSV-2 and HIV, which can cause genital ulcers and AIDS, respectively. Since these viruses cannot be completely eliminated by traditional antiviral therapy, prevention is particularly important for health maintenance. Studies showed that vaginal dysbiosis, especially BV, and lack of Lactobacillus could facilitate HSV-2 infection, and a protective vaginal microbiota could prevent and counteract HSV-2 infection by inhibiting HSV-2 replication, producing antimicrobials, and trapping HSV-2 particles (Cherpes et al., 2003; Evans et al., 2003; Conti et al., 2009; Mousavi et al., 2018; Torcia, 2019). As for HIV, many studies showed that women with CST-IV bacteria had a higher HIV infection rate than women with CST-I bacteria, and a Lactobacillus-dominated vaginal microbiota could protect the vagina from HIV infection by maintaining acidic environment, producing lactic acid, and reducing the viability of HIV particles (Gosmann et al., 2017; Nahui Palomino et al., 2017). Therefore, antibiotics with probiotics can prevent HIV and HSV-2 infection by correcting the microbial disturbance and creating an unfavorable vaginal environment for viruses.



Microbiota Dysbiosis and Interventions in Other Infections

Neisseria gonorrhoeae, the causative agent of gonorrhea, is continuously developing resistance to antimicrobial treatment (ceftriaxone and azithromycin) and impedes the recovery (Morgan and Decker, 2016; Unemo et al., 2019). An in vitro study showed that Lactobacillus could significantly reduce Neisseria gonococcus viability by creating acidic environment, producing bacteriocins, releasing biosurfactants, and co-aggregating with gonococci, and reduce gonococci adhering to epithelial cells (Foschi et al., 2017). Thus, probiotics can be an adjuvant therapy of antibiotics to treat N. gonorrhoeae infection by improving the vaginal microbiota.

Mycoplasma genitalium is a sextually transmitted pathogen that can lead to PID and cervicitis (Cazanave et al., 2012; Onderdonk et al., 2016), and its first line treatment with antibiotics (doxycycline and azithromycin) is compromised by drug resistance (Pinto-Sander and Soni, 2019). Studies showed that BV could favor M. genitalium infection (Brotman et al., 2010; Molenaar et al., 2018), and a protective vaginal microbiota dominated by Lactobacillus could counteract the infection by producing antimicrobials and maintaining acidic environment (Molenaar et al., 2018). Therefore, probiotics with antibiotics can prevent and treat M. genitalium infection by adjusting the microbial structure and improving the vaginal environment.

Chlamydia trachomatis is a common cause of PID (Haggerty et al., 2010; Mestrovic and Ljubin-Sternak, 2018), and its treatment with azithromycin or doxycycline also faces the challenge of antimicrobial resistance (O’Connell and Ferone, 2016; Zhang et al., 2017; Mestrovic and Ljubin-Sternak, 2018). In vitro studies showed that Lactobacillus could prevent Chlamydia colonization by maintaining acidic environment and consuming glucose (Nardini et al., 2016), inhibit Chlamydia multiplication at all infection stages, and inhibit the chronic infection by preventing the development of persistent trachomatis forms (Mastromarino et al., 2014). Therefore, antibiotics with probiotics can exert a conducive treatment effect on C. trachomatis infection by improving the vaginal microbiota.



ROLE OF MICROBIOTA DYSBIOSIS IN NON-INFECTIOUS DISEASES AND INTERVENTIONS

The role of microbiota in non-infectious gynecological diseases was long underestimated, until recently when mounting evidence showed its significance. Herein, we introduce the common non-infectious diseases that were caused by physical injury, fertility problems, and endocrine disorders, and discuss the treatment effects of restoring Lactobacillus-dominated vaginal microbiota by antibiotic and probiotic interventions (Figure 2).
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FIGURE 2. Therapy effects of restoring Lactobacillus-dominated vaginal microbiota in non-infectious diseases. Lactobacillus-dominated vaginal microbiota cannot only benefit vaginal health by preventing vaginal infections and creating a non-inflammatory environment but also prevent pathogens in the vagina moving to the cervix and uterus. Besides, vaginal Lactobacillus can move to the upper reproductive tract, preventing pathogens infecting the cervix and uterus, and creating a non-inflammatory cervical and uterine environment.



Microbiota Dysbiosis and Interventions in Diseases Caused by Physical Injury

Induced abortion is a fairly common gynecological operation worldwide, and whether it is drug-induced or surgery-induced, it can cause a great damage to the female reproductive tract and predispose to serious complications such as incomplete abortion, heavy bleeding, infection, scarring of endometrium, adhesions of the uterine cavity and cervix, and endometriosis. Among these, upper genital tract infection is the most concerned and common clinical problem, which can further cause endometritis, salpingitis, and infertility (Mary and Mahmood, 2010; Carlsson et al., 2018).

Studies showed that postabortal infection was usually caused by pathogens from the lower genital tract, such as Chlamydia, N. gonorrhoeae, Mycoplasma, and BV-related bacteria, moving through the cervix to the uterus and even to fallopian tubes, causing infections and inflammation of the entire reproductive system (Bjartling et al., 2010). In this regard, World Health Organization (WHO) recommended the use of antibiotic prophylaxis to prevent the abortion-induced infection, and a meta-analysis of randomized clinical studies showed that perioperative antibiotics (metronidazole, nitroimidazoles, etc.) could effectively reduce the risk of postabortal infection by 50% (Sawaya et al., 1996; Carlsson et al., 2018). However, if the homeostasis of the uterus is not fully restored and is still conducive to microbial disorders, antibiotics cannot protect the women from being reinfected (Low et al., 2012). Therefore, as probiotics have a great potential in restoring the normal vaginal microbiota and improving the uterine environment, perioperative use of antibiotics and probiotics can prevent the postabortal infection.

Intrauterine adhesions is a condition in which the scar tissues build up inside the uterine cavity, which in many cases will cause adhesion of the opposing endometrium (Chi et al., 2018). Though the adhesions can be removed through the transcervical resection, the postoperative recurrence is high (Pabuccu et al., 2008). A clinical study showed that IUA patients had disturbed vaginal microbiota, characterized by obviously reduced probiotic Lactobacillus, and increased pathogenic Gardnerella and Prevotella, which may promote the uterine pathology and cause recurrence (Liu et al., 2019). Therefore, antibiotics and/or probiotics can promote the recovery and reduce the recurrence of IUA by correcting the vaginal microbiota.



Microbiota Dysbiosis and Interventions in Diseases Caused by Fertility Problems

Miscarriage, defined as a spontaneous pregnancy loss before the expected point, is the most prevalent pregnancy complication (Smith et al., 2019). The etiology is multifactorial and usually secondary to other disorders, such as uterine malformation, infections, chromosomal abnormalities, and hormone deficiency (progestogen) (Haas et al., 2019). In this regard, the preventive and curative measures are always aimed at addressing the primary causes (Haas et al., 2019).

Previous studies showed that pregnant women with BV had around two-fold higher risk of miscarriage than those without BV, which was thought to be caused by ascending of the BV-related bacteria from the vagina to the uterus, leading to endometritis, deciduitis, chorioamnionitis, and amniotic fluid infection (Ralph et al., 1999; Goldenberg et al., 2000). Studies exploring the specific mechanisms of BV favoring miscarriage showed that BV-related bacteria could produce lytic enzymes (proteases, phospholipases, etc.) to cause lysis of the fetal membranes, and induce the formation of prostaglandin, which could promote the uterine muscle contraction, decrease the cervical resistance, and induce the release of metalloproteinases (MMPs) to degrade the chorioamniotic membranes (Isik et al., 2016). Besides, the level of inflammatory cytokines IL-6 and IL-8 was also elevated in the amniotic fluid of pregnant women with BV (Keelan et al., 1997). A randomized controlled trial showed that pregnant women treated with clindamycin for BV were five times less likely to miscarry than those given placebo (Ugwumadu et al., 2003). This suggests that early screening and treatment of BV can prevent the infection-induced miscarriage. In addition, a clinical study suggested that hydrogen peroxide producing Lactobacillus in the vagina could not only benefit the vaginal health by improving the microbial and inflammatory status, but also create a favorable uterine environment for implantation and placentation (Eckert et al., 2003). Thus, antibiotics and probiotics could prevent and treat infection-induced miscarriage by restoring the vaginal microbiota and improving the intrauterine environment.

Plenty of evidence showed that BV could also increase the risk of preterm and infertility, mainly via facilitating STI and eliciting the intrauterine inflammation (Peelen et al., 2019; Hong et al., 2020a). Recent studies showed that Lactobacillus-dominated vaginal microbiota was negatively associated with preterm and infertility, and could prevent women from adverse fertility outcome by modulating vaginal microbiota and inflammatory cytokines IL-4 and IL-10 (Vitali et al., 2012; Hong et al., 2020a). Therefore, antibiotics and probiotics can prevent the preterm and infertility by improving the vaginal and uterine microbiota and eubiosis.



Microbiota Dysbiosis and Interventions in Diseases Caused by Endocrine Disorders

Polycystic ovarian syndrome is one of the most prevalent endocrine disorders in reproductive women, which usually manifests as menstrual disorder, hirsutism, and infertility (Hong et al., 2020b). Though current treatments are various, such as oral contraceptives to inhibit the maturation of ovarian follicles as a long-term PCOS management, and ovulation induction for PCOS patients with fertility requirement, they cannot cure it basically and lifestyle modification (e.g., loss weight) is still the first-line and mainstream treatment (Jin and Xie, 2018).

A case–control study of 39 PCOS patients and 40 healthy people showed that the vaginal microbiota of PCOS patients was significantly different from that of healthy people, characterized by increased diversity and increased relative abundance of Mycoplasma and Prevotella, and decreased relative abundance of L. crispatus (Hong et al., 2020b). This suggests that vaginal microbiota dysbiosis may participate or contribute to the PCOS pathology, and therapies targeted at improving the vaginal microbiota are promising. A systemic review involving 855 PCOS patients investigated the effects of probiotics (Lactobacillus) in treating PCOS, and the results showed that probiotic supplementation in PCOS women significantly improved their hormonal index by reducing free androgen index (FAI) and increasing sex hormone binding globulin (SHBG), and their inflammatory index by increasing plasma nitric oxide (NO) and reducing blood malondialdehyde (MDA) (Shamasbi et al., 2020). Besides, the authors also observed that patients given probiotics had increased total glutathione (GSH) and total antioxidant capacity (TAC) levels, and reduced testosterone, dehydroepiandrosterone sulfate (DHEAS, hormonal index), high sensitive C reactive protein (hsCRP, inflammatory index), and hirsutism score compared to those given placebo. As antibiotics and probiotics are aimed at restoring the normal vaginal microbiota and improving the environment of the reproductive system and beyond, they can be used to treat the PCOS symptoms and promote the recovery by improving the hormonal and inflammatory levels.

Recently, microbiota disturbance has also been implicated in the uterine fibroid (benign tumors in the uterus) and menstrual disorders (e.g., menorrhagia and dysmenorrhea), characterized by increased relative abundance of vaginal L. iners, and increased relative abundance of uterine Gardnerella, Prevotella, Sneathia, and Veillonella, respectively (Chen et al., 2017; Pelzer et al., 2018). Thus, antibiotics and/or probiotics are also promising in treating uterine fibroid and menstrual disorders.



FRONTIERS AND CONCLUSION IN TREATING VAGINAL DYSBACTERIOSIS

Inspired by the similarity of the intestinal and vaginal microbiota, and the success of the fecal microbiota transplantation (FMT), VMT has also been proposed for the treatment of vaginal dysbacteriosis, which involves transplanting the entire vaginal microbiota of a healthy donor into the vagina of the patient to restore the overall diversity, stability, and normal composition of the microbiota (DeLong et al., 2019). The procedures of VMT are shown in Figure 3. The research of our group in 2017 showed that transplantation of healthy rat vaginal microbiota into the vagina of BV model rats restored the morphology of uterine tissue and reduced the serum inflammatory factors such as IL-6, IL-8, and TNF-α, showing obvious recovery effects on vaginal infections caused by dysregulation of vaginal microbiota. In 2019, the clinical study conducted by Lev-Sagie et al. (2019) further showed that VMT had a great effect on long-term recovery from recurrent, antibiotic unresponsive, and refractory BV. In this study, four of the five BV patients treated with VMT recovered effectively after 5–21 months of VMT treatment, showing significant improvements in symptoms, negative Amsel criteria, and Lactobacillus-dominated vaginal fluid under the microscopy, with a cure rate up to 80% and no observed adverse effect. Besides, the authors also found that patients with long-term resolution of BV had a dramatic change in microbial composition in the first month after VMT, which was dominated by increase of Lactobacillus and decrease of Bifidobacterium (closely related to Gardnerella), accompanied with reduced Fannyhessea and Prevotella. In 2021, our group verified the feasibility of VMT in animal models and explored the specific mechanisms (Chen et al., 2021). The results showed that vaginal secretions from healthy rats can be used to treat vaginal microbiota imbalance and prevent the recurrence in rats, which specifically manifested as the decrease of inflammatory cells, pro-inflammatory cytokines, and apoptotic factors in the uterine wall and the restoration of the diversity of vaginal microbiota.
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FIGURE 3. Schematic diagram of VMT operation. As for donors, first, donors are recruited, preferably from the recipients’ first and second relatives. Second, collect blood/CVF/urine samples of donors and conduct a series of screening by questionnaire, PCR, blood, and urine analysis machines, cultures, microscopy, and NGS. Third, collect CVF sample from qualified healthy donor and process it. It is then transplanted into the recipient’s vagina. As for recipients, first, recipients undergo the same screening process for diagnosis and basic health assessment. Second, recipients are given intravaginal antibiotics to prepare for transplantation. Third, transplant the prepared CVF solution from healthy donor into the recipient’s vagina. Fourth, follow-up studies are carried out on recipients to assess the treatment outcome and adverse effects. VMT, vaginal microbiota transplantation; CVF, cervicovaginal fluid; PCR, polymerase chain reaction; NGS, next-generation sequencing.


Preliminary studies of VMT have demonstrated the feasibility of VMT to treat BV, showing favorable therapeutic effects. Compared to other treatments for BV, VMT can completely restore the vaginal microbiota to a healthy state, thus showing better curative effects than conventional antibiotics and probiotics, while addressing the drug resistance, recurrence, and side effects associated with antibiotic treatment. Considering that besides BV, vaginal microbiota dysbiosis is also comprehensively involved in the progression of other gynecological diseases, and improving vaginal microbiota by antibiotics and probiotics shows good therapy effects, restoration of vaginal microbiota by VMT may also have favorable therapeutic effects in the treatment of various gynecological infectious and non-infectious diseases.

However, the clinical implementation of VMT still faces many problems, such as insufficient VMT clinical trial (only one research with five subjects), lacking standard protocol, transmission of unidentifiable and antimicrobial-resistance pathogens, unintended pregnancy, immune rejection, and unclear long-term effects. Therefore, the improvement of the VMT requires multi-disciplinary cooperation. Relevant personnel should formulate VMT screening guidelines as soon as possible, continue to explore the application potential of VMT in the treatment of BV and other gynecological diseases, develop a safe and effective new treatment regimen, and develop safety evaluation criteria. We have reasons to believe that safe, standard, and efficient VMT will bring new hope to patients with gynecological diseases and have a good prospect of application.
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Many microbes are parasitic within the human body, engaging in various physiological processes and playing an important role in human diseases. The discovery of new microbe–disease associations aids our understanding of disease pathogenesis. Computational methods can be applied in such investigations, thereby avoiding the time-consuming and laborious nature of experimental methods. In this study, we constructed a comprehensive microbe–disease network by integrating known microbe–disease associations from three large-scale databases (Peryton, Disbiome, and gutMDisorder), and extended the random walk with restart to the network for prioritizing unknown microbe–disease associations. The area under the curve values of the leave-one-out cross-validation and the fivefold cross-validation exceeded 0.9370 and 0.9366, respectively, indicating the high performance of this method. Despite being widely studied diseases, in case studies of inflammatory bowel disease, asthma, and obesity, some prioritized disease-related microbes were validated by recent literature. This suggested that our method is effective at prioritizing novel disease-related microbes and may offer further insight into disease pathogenesis.
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INTRODUCTION

Microbial communities, including fungi, archaea, protozoa, bacteria, and viruses, are distributed across various organs of the human body, such as the skin, oral cavity, respiratory tract, and intestine (Cheng et al., 2020; Qi et al., 2021; Sommer and Backhed, 2013). It is reported that about 1014 microbial cells reside in the adult intestine, nearly 10 times the number of human cells. Therefore, microbes play an important role in the human body, engaging in various physiological processes, including metabolism regulation and immune defense (Das and Nair, 2019), and disorders relating to microbial communities within the human body have been linked to various human diseases (Huang et al., 2020; Yang et al., 2016). For example, Qin et al. (2010) found that inflammatory bowel disease (IBD), mainly in the forms of ulcerative colitis and Crohn’s disease, was usually caused by low microbial diversity. The diversity of the gut microbiota has also been associated with obesity, and the microbial-community composition can be intentionally manipulated to regulate the energy balance of obese individuals (Ley et al., 2005). Chen and Blaser (2007) found that colonization with Helicobacter pylori was inversely associated with asthma and allergy occurrence, and childhood acquisition of H. pylori can reduce these risks. The imbalance of microbial communities has also been associated with various types of cancer, including oral cancer (Zhang L. et al., 2019), colorectal cancer (Kim D.J. et al., 2020), and lung cancer (Zheng et al., 2020). Microbe-based disease pathogenesis is complex and can be influenced by environmental factors such as diet, smoking, and antibiotics therapy (Human Microbiome Project Consortium, 2012; Althani et al., 2016; Chen H. et al., 2017; Liu W. et al., 2020). Exploring and understanding microbe-disease associations, therefore, presents a significant challenge (Cheng et al., 2019; Cheng, 2019).

With the development of high-throughput sequencing technologies, such as 16S ribosomal RNA (16S rRNA), an increasing number of microbes have been identified, accelerating human disease research. Furthermore, projects such as the Human Microbiome Project (HMP) (Gevers et al., 2012; Nadia, and Ramana, 2020) and the Metagenomics of the Human Intestinal Tract (MetaHIT) Project1 were initiated to reveal the relationships between microbes and human diseases. However, traditional experimental methods for investigating microorganism-based pathogenesis are laborious and time-consuming, hindering progress in this field. In recent years, many computational methods have been successfully applied to the prediction of new associations, for example, miRNA–target association prediction (Deng et al., 2019; Yousef et al., 2007), lncRNA–target association prediction (Wang et al., 2019a; Zhang J. et al., 2019; Zhang Z. et al., 2019; Zhao et al., 2020), drug–target association prediction (Liu H. et al., 2020; Luo et al., 2017; Munir et al., 2019; Wang et al., 2020), drug–ncRNA association prediction (Yang et al., 2020), and association prediction between physical examination indicators with diabetes (Yang et al., 2021). However, these computational methods were only extended to the field of microbe–disease association prediction when the Human Microbe–Disease Association Database (HMDAD) became available (Ma et al., 2017). The HMDAD is the first resource that collects human microbe–disease associations through manual curation from 61 microbiota publications before July 2014. HMDAD documents 483 microbe–disease entries, including 39 diseases and 292 microbes, providing the foundation for subsequent computational–based microbe–disease association predictions.

Based on HMDAD, Chen X. et al. (2017) constructed a microbe–disease network and developed the KATZHMDA model for microbe–disease association prediction using the KATZ measurement and Gaussian interaction profile kernel similarity for microbes and diseases. Then, a series of computational methods were proposed to infer potential microbe–disease associations (Qu et al., 2019; Yang and Zou, 2020; Zhou et al., 2020). For example, Shen et al. (2017) extended the random walk to the microbe–disease heterogeneous network to compute the possibilities of microbe–disease associations. Huang et al. (2017) proposed NGRHMDA, which adopted neighbor-based collaborative filtering and a graph-based scoring method, to infer potential microbe–disease associations. Wang et al. developed a prediction model, NBLPIHMDA, to predict new microbe–disease associations. This model applied bidirectional label propagation on the disease similarity network and the microbe similarity network (Wang et al., 2019b). Liu Y. et al. (2020) proposed a deep matrix factorization microbe–disease association (DMFMDA) model, which combined the linear modeling ability of matrix factorization and the non-linear modeling ability of multi-layer perceptron to infer potential microbe–disease associations. To our knowledge, current computational methods for potential microbe–disease association predictions are all based on known microbe–disease associations from HMDAD. However, HMDAD documents the microbe–disease entries of only 61 publications before July 2014 and has not been updated. In recent years, research into microbe–disease associations have increased exponentially. Accordingly, some online repositories have been developed to record highly credible microbe–disease associations, such as Peryton (Skoufos et al., 2021), Disbiome (Janssens et al., 2018), and gutMDisorder (Cheng et al., 2020), which include thousands of curated microbe–disease associations.

In this study, we constructed a two-layer heterogeneous network by integrating large-scale known microbe–disease associations from the Peryton, Disbiome, and gutMDisorder databases, then extending the random walk with restart (RWR) to the network to prioritize candidate microbe–disease associations. The method fully considered the topological properties of the comprehensive network and achieved reasonable efficacy. Exploring microbe–disease relationships may not only help to reveal the mechanisms of disease pathogenesis but also provide insights to aid the prevention, diagnosis, and prognosis of various diseases.



MATERIALS AND METHODS


Dataset Collection

The known microbe–disease associations used in this study were downloaded from the Peryton database2 (Skoufos et al., 2021), the Disbiome database3 (Janssens et al., 2018), and the gutMDisorder database4 (Cheng et al., 2020). Peryton is a novel resource that hosts more than 7,900 experimentally supported microbe–disease associations through manual curation of 314 publications. The database incorporates 43 diseases and 1,396 microorganisms, which are standardized via Medical Subject Headings (MeSH) and the NCBI Taxonomy database, respectively. Disbiome is a comprehensive database that collects microbe–disease associations from nearly 1,200 publications. Disbiome records 372 diseases and 1,622 organisms. The diseases are classified using the Medical Dictionary for Regulatory Activities (MedDRA) classification system and the microorganisms are normalized using NCBI and SILVA taxonomies. The gutMDisorder database provides a comprehensive resource for dysbiosis of the gut microbiota in disorders and interventions. gutMDisorder documents 2,263 experimentally supported microbe–disease associations between 579 gut microbes and 123 disorders or 77 intervention measures in humans. The microbes and diseases are standardized via the NCBI Taxonomy database and Disease Ontology (DO), respectively. The human microbe–disease associations were collected from the databases mentioned above to construct the composite heterogeneous network.



Microbe–Disease Associations

The human microbe–disease associations were collected from the three databases mentioned above. Since the identifiers of diseases and microbes were inconsistent between different databases, we standardized the diseases and microbes via MeSH and the NCBI Taxonomy database, respectively. Finally, we obtained 7,810 microbe–disease associations (1,389 microbes and 41 diseases) from the Peryton database, 7,378 microbe–disease associations (1,439 microbes and 251 diseases) from the Disbiome database, and 1,249 microbe–disease associations (412 microbes and 84 diseases) from the gutMDisorder database (see Figure 1). We removed any repeated microbe–disease associations from different resources, and finally obtained 11,037 distinct microbe–disease associations involving 287 human diseases and 2,106 microbes, which were used to construct the microbe–disease network.
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FIGURE 1. Venn diagram of overlapping microbes (A) and diseases (B) from the Peryton, Disbiome, and gutMDisorder databases.




Microbe Similarity

Based on the assumption that microbes with similar functions tend to share similar interactions or non-interaction patterns with diseases (Chen X. et al., 2017), we obtained the microbe similarity via known human microbe–disease associations using the Gaussian interaction profile kernel. The interaction profile (IP) of a microbe represented the associations between this microbe and 287 human diseases. The IP of microbe mi was denoted as a vector, IP(mi), in which the jth element was set to be 1 when the disease dj was confirmed to be associated with mi; otherwise, it was set as 0. According to the interaction profiles, the Gaussian interaction profile kernel microbe similarity was defined as follows:
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In the formula mentioned above, γm denotes the normalized kernel bandwidth, which can be calculated by a new bandwidth [image: image]. In this study, we set [image: image] = 1 according to previous relevant research (Chen X. et al., 2017). nm denotes the number of microbes in this study. KM(mi,mj) denotes the Gaussian interaction profile kernel similarity between two microbes, mi and mj. We constructed a microbe–microbe network, in which 2,106 microbes and the similarity between them were represented by nodes and edges, respectively.



Disease Similarity

Compared with microbe similarity, disease similarity has been widely investigated. A variety of disease similarity in Cheng’s study (Cheng et al., 2018) and the Gaussian interaction profile kernel disease similarity were used in this study to obtain the disease similarity. Firstly, we calculated the Gaussian interaction profile kernel similarity between disease di and dj as follows:
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In the formula mentioned above, [image: image] was also set to be 1 and nd denotes the number of diseases in this study. KD(di,dj) denotes the Gaussian interaction profile kernel similarity between two diseases, di and dj.

Cheng et al. (2018) provided DincRNA, a comprehensive bioinformatics resource for disease similarity calculation and non-coding RNA functional analysis. They utilized five methods, i.e., those of Wang et al. (2007), Resnik (1995), Lin (1998), PSB (Mathur and Dinakarpandian, 2012), and SemFunSim (Cheng et al., 2014) to calculate the similarity of pairwise diseases (SPWD). These methods took into consideration semantic associations, information content (IC), biological processes, and functional associations. The disease similarity score between di and dj in Cheng’s study was defined as SPWD(di,dj). Finally, the average value of Gaussian interaction profile kernel similarity as well as Cheng’s SPWD was taken as disease similarity, which is shown as follows:

[image: image]

Finally, we constructed a disease–disease network, comprising 287 human diseases, and the similarity between them was represented by edges.



Construction of the Composite Heterogeneous Weighted Network

We constructed a composite heterogeneous weighted network by integrating the microbe–disease, microbe–microbe, and disease–disease associations mentioned above. In the composite network, there were two types of nodes, 2,106 microbes and 287 human diseases. The edges between microbes and diseases represented 11,042 distinct microbe–disease associations, and the edge weight was set to be 1 when the microbe mi was confirmed to be associated with disease dj; otherwise, it was 0. The edges between different microbes were based on microbe similarity, and the edge weight between node mi and mj was denoted by KM(mi,mj). The edges between different diseases were based on disease similarity, and the edge weight between nodes di and dj was denoted by SD(di,dj).



Prioritizing Candidate Disease-Related Microbes Based on the Composite Network

Based on the composite heterogeneous weighted network, we used the RWR to prioritize candidate disease-related microbes by fully exploiting the heterogeneous biological associations. The RWR algorithm simulates a random walker that starts from the seed nodes and then moves to their immediate neighbors or stays at the current nodes according to the probability transition matrix. The iterative transition is repeated until all vertices achieve a steady state. In this study, the formula of RWR is defined as:

[image: image]

In the abovementioned formula, r∈(0,1) denotes the restart probability. Pt denotes a vector in which the ith element holds the probability of being at node i at step t. W denotes the transition matrix, which is a column-normalized adjacency matrix of the composite network. Here, we defined the adjacency matrix W as follows:

[image: image]

B is a probability transition matrix from microbe network to disease network. Accordingly, BT is the transpose of B. Let λ be the probability of the random walker jumping from microbe network to disease network or vice versa. We defined the transition probability from microbe network to disease network as follows:

[image: image]

AM is the microbe network transition matrix. The element of AM(i,j) represents the probability of the random walker transition from mi to mj, which is defined as follows:

[image: image]

Similarly, AD is the disease network transition matrix. The element of AD represents the probability of the random walker transition from di to dj, which is defined as follows:

[image: image]

P0 denotes the initial probability vector, which is a normalized unit vector. [image: image] represents the initial probability vector for the heterogeneous network. m0 and d0 represent the initial probabilities of the microbe network and the disease network, respectively. After many iterations, when the difference between Pt and Pt+1 falls below 10–10, it achieves a steady state. Then, microbes and diseases are ranked based on the steady probability. The flowchart of this work is shown in Figure 2.


[image: image]

FIGURE 2. The flowchart of prioritization of candidate disease-related microbes.




RESULTS


Performance Evaluation

To assess the performance of our method, we determined its ability to identify known disease-related microbes. The leave-one-out cross-validation (LOOCV) and fivefold cross-validation (fivefold CV) methods (Dao et al., 2020; Wang et al., 2021) were applied on known microbe–disease associations for 236 diseases, which included at least five known microbes. The receiver operating characteristic curve (ROC) plots the true-positive rate (sensitivity) versus false-positive rate (1 - specificity) at different cutoffs, and the area under the curve (AUC) was used to represent the results of cross-validation (Feng et al., 2019; Lv et al., 2020).

For LOOCV, for every disease, each known disease-related microbe was considered as one test sample, the remaining known disease-related microbes were considered as training samples, and all other unknown disease-related microbes in the composite network were considered as candidate samples. Then, we obtained a rank list of the test samples and all candidate samples according to prediction scores by performing our method. The model would achieve high prediction performance when the test samples ranked higher than the given threshold. The ROC and AUC values indicated the performance of the method. In our study, we found that all diseases achieved high predictive performance and the AUC values of LOOCV ranged from 0.9370 to 1 (see Supplementary Table 1).

For fivefold CV, for every disease, a set of known disease-related microbes was equally and randomly divided into five subparts. Each subpart was considered as the test sample in turn, and the other four subparts were considered as training samples; all of the other unknown disease-related microbes in the composite network were considered as candidate samples. Considering the potential bias caused by random sample division, we repeated this process 10 times to obtain an average AUC. Similar to LOOCV, we found that the AUC values of fivefold CV ranged from 0.9366 to 1 (Supplementary Table 2). The high predictive power indicated that the approach utilizing integrated interactions from the composite two-layer network was highly efficient in prioritizing candidate disease-related microbes.

There are two parameters in our method, one is the restart probability denoted as r, and the other is the probability of the random walker jumping between different networks denoted as λ. We set various values under the framework of LOOCV and fivefold CV to evaluate the impact of these parameters and found that the method achieved its best performance when r was set as 0.1 and λ was set as 0.5.



Case Studies

We integrated a composite network that included 2,393 nodes (2,106 microbes and 287 human diseases) and 11,037 edges. The RWR algorithm, which makes full use of the network topology, was applied to identify candidate microbes involved in diseases among the composite network of 236 diseases. To verify the ability of our method to discover unknown associations, we implemented case studies on IBD, asthma, and obesity. The resulting list of the top 30 candidate microbes associated with these diseases is shown in Supplementary Table 3.



Inflammatory Bowel Disease

Inflammatory bowel disease, mainly in the form of ulcerative colitis and Crohn’s disease, is a chronic relapsing inflammatory disease of the colon and small intestine that affects an increasing number of people (Jostins et al., 2012). When considering case studies of IBD, ROC curves were obtained (Figure 3A) and the AUC values of LOOCV and fivefold CV for IBD were both 0.9913. Although there have been many studies on IBD–microbe associations (with 106 known IBD-related microbes), 16 of the top 30 prioritized IBD–microbe associations were manually confirmed by newly published literature (Table 1). For example, Roseburia is a top-ranked microbe in the prioritized IBD–related microbe list. Kim E.S. et al. (2020) found higher fecal calprotectin (FC) levels in pregnant patients with IBD through pregnancy, and Roseburia was positively correlated with maternal FC levels at T3. Sokol et al. (2018) found that IBD patients with Clostridium difficile infection (CDI) had more pronounced dysbiosis of Dorea, which was also a top-ranked microbe in the prioritized IBD-related microbe list. Toyonaga et al. (2015) found that compared with IL-10 knockout mice, the level of Clostridium cluster XVIII was significantly higher in OPN/IL-10 double knockout mice, when the role of osteopontin in the pathophysiology of IBD was investigated.
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FIGURE 3. The predictive power of LOOCV (left) and fivefold CV (right) for IBD (A), asthma (B), and obesity (C).



TABLE 1. Literature verification of the predicted IBD-related microbes.
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Asthma

Asthma is a common chronic inflammatory disease caused by a variety of factors, including genetic and environment factors. Microorganisms may also play a role in the pathogenesis of asthma. Here, we considered asthma case studies, the ROC curves for which are displayed in Figure 3B, and the AUC values of LOOCV and fivefold CV for asthma were 0.9900 and 0.9898, respectively. Since asthma and its related microbes have been widely studied (with 108 known asthma-related microbes), seven of the top 30 prioritized asthma–microbe associations were manually confirmed by newly published literature (Table 2). Blautia, a top-ranked microbe in the prioritized IBD-related microbe list, was found to be present at high concentration in asthma patients (Fu et al., 2021). Dong et al. (2020) showed that treatment with Gu–Ben–Fang–Xiao Decoction (GBFXD) increased the abundance of Lachnospiraceae in asthmatic mice, which consequently led to elevated levels of short-chain fatty acids. Patricia et al. found that the abundance of Epicoccum was negatively associated with male asthma patients (Segura-Medina et al., 2019).


TABLE 2. Literature verification of the predicted asthma–related microbes.
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Obesity

Obesity is a disease associated with a body mass index of 30 kg/m2 or higher. It is prevalent in both adults and children worldwide and has been linked to health complications such as rheumatoid arthritis, nonallergic rhinitis, and cancer (Apovian, 2016). Here, we considered obesity case studies, the ROC curves for which are displayed in Figure 3C, and the AUC values of LOOCV and fivefold CV for obesity were 0.9807 and 0.9808, respectively. Although obesity and its related microbes have been widely studied (with 204 known obesity-related microbes), seven of the top 30 prioritized obesity–microbe associations were manually confirmed by newly published literature (Table 3). Raman et al. (2013) found that Robinsoniella, a top-ranked microbe in the obesity-related microbe list, was present at higher levels in nonalcoholic fatty liver disease patients and was implicated in the etiology of, and complications related to, obesity. Zeng et al. (2019) showed that Dorea was positively correlated with bodyweight and serum lipids, which were two significant clinical indicators of obesity.


TABLE 3. Literature verification of the predicted obesity-related microbes.
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DISCUSSION

A wide variety of microbes have been found to be parasitic within the human body. Such microbes play important roles in various physiological processes, such as metabolism regulation and immune defense. Research has also revealed that imbalances in microbial communities are closely associated with human diseases. Thus, identifying novel disease-related microbes is vital when investigating disease pathogenesis, and computational methods have been effective in achieving this. To date, the computational methods that have been applied to identify novel microbe–disease associations have all been based on the HMDAD database, which only recorded 483 microbe–disease entries from 61 publications before July 2014. In this study, we constructed a comprehensive microbe–disease network by integrating known microbe–disease associations from three novel large-scale databases (Peryton, Disbiome, and gutMDisorder), and extended the RWR to the network for prioritizing candidate disease-related microbes. The AUC values of the LOOCV and fivefold CV for 236 human diseases exceeded 0.9370 and 0.9366, respectively, indicating the high performance of our method. Furthermore, we considered case studies of IBD, asthma, and obesity. Although these three diseases have been widely studied, some prioritized disease-related microbes were validated by new publications. This finding suggested that our method is an effective method for prioritizing novel disease-related microbes, thereby aiding our understanding of disease pathogenesis.

There were some limitations in our current study. Firstly, the number of diseases considered in our study was small. This reflects the fact that large-scale microbe studies across a wide range of diseases are lacking, although the development of high-throughput sequencing technologies, such as 16S rRNA, may address this. Secondly, the microbe similarity used in this study was only based on known human microbe–disease associations using a Gaussian interaction profile kernel, which may lead to a defective heterogeneous network. This limitation may be addressed by further research into microbial functions and by integrating the functional similarities of microbes.
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Background: Hospital mortality is high for patients with encephalopathy caused by microbial infection. Microbial infections often induce sepsis. The damage to the central nervous system (CNS) is defined as sepsis-associated encephalopathy (SAE). However, the relationship between pathogenic microorganisms and the prognosis of SAE patients is still unclear, especially gut microbiota, and there is no clinical tool to predict hospital mortality for SAE patients. The study aimed to explore the relationship between pathogenic microorganisms and the hospital mortality of SAE patients and develop a nomogram for the prediction of hospital mortality in SAE patients.

Methods: The study is a retrospective cohort study. The lasso regression model was used for data dimension reduction and feature selection. Model of hospital mortality of SAE patients was developed by multivariable Cox regression analysis. Calibration and discrimination were used to assess the performance of the nomogram. Decision curve analysis (DCA) to evaluate the clinical utility of the model.

Results: Unfortunately, the results of our study did not find intestinal infection and microorganisms of the gastrointestinal (such as: Escherichia coli) that are related to the prognosis of SAE. Lasso regression and multivariate Cox regression indicated that factors including respiratory failure, lactate, international normalized ratio (INR), albumin, SpO2, temperature, and renal replacement therapy were significantly correlated with hospital mortality. The AUC of 0.812 under the nomogram was more than that of the Simplified Acute Physiology Score (0.745), indicating excellent discrimination. DCA demonstrated that using the nomogram or including the prognostic signature score status was better than without the nomogram or using the SAPS II at predicting hospital mortality.

Conclusion: The prognosis of SAE patients has nothing to do with intestinal and microbial infections. We developed a nomogram that predicts hospital mortality in patients with SAE according to clinical data. The nomogram exhibited excellent discrimination and calibration capacity, favoring its clinical utility.

Keywords: sepsis associated encephalopathy, prognosis, hospital mortality, nomogram, microbial infection


INTRODUCTION

Sepsis is defined as a life-threatening organ dysfunction with host response imbalance caused by infection (Singer et al., 2016). Sepsis-associated encephalopathy (SAE) is defined as diffuse brain dysfunction without the central nervous system (CNS) infection in sepsis patients. Metabolic encephalopathy, drug intoxication, structural brain lesions, cerebrovascular events, encephalitis, meningitis, and non-convulsive status epilepticus need to be ruled out in sepsis patients before a diagnosis of SAE (Eidelman et al., 1996). SAE develops in up to 70% of septic patients (Gofton and Young, 2012; Fraser et al., 2014).

SAE is related to increased mortality, extensive costs, prolonged hospitalization, followed by persistent cognitive impairment (Iwashyna et al., 2010; Sonneville et al., 2017). The mortality rates of SAE patients over 60% in sepsis patients (Eidelman et al., 1996; Schuler et al., 2018). At hospital discharge, 45% of patients are related to the development of dementia (Annane and Sharshar, 2015). Early recognition of brain injury and prompt management are of great importance for the survival and prognosis of septic patients. Intestinal microbial infection is one of the important sites of infection in patients with sepsis. Intestinal microbes are not only related to infections. Studies have found that can have an impact on the brain through the microbiota-gut-brain axis, included depression, anxiety, dementia, and other diseases (Grochowska et al., 2018). Li et al. (2018) found that intestinal flora can affect SAE through the vagus nerve. The relationship between intestinal flora and the prognosis of SAE patients is still unclear.

Therefore, further studies for identifying the relationship between intestinal flora and the prognosis of SAE patients, and the predictors of the prognosis of SAE patients, especially accurate and measurable prediction models for hospital mortality, are pivotal for risk-optimized therapeutic strategies and to improve the prognosis of sepsis patients. This study aimed to investigate the predictors associated with hospital mortality in patients with SAE and establish a comprehensive visual predictive nomogram of hospital mortality, calculating a probabilistic estimate that could be of use to clinicians these patients.



MATERIALS AND METHODS


Data Source

Data were obtained from the Medical Information Mart for Intensive Care (MIMIC-III, Version 1.4), which contains 46,520 patients admitted to the Beth Israel Deaconess Medical Center (Boston, MA, United States) from 2001 to 2012 (Johnson et al., 2016). The database documents included charted events such as demographics, vital signs, microbiology events, medication prescriptions, laboratory tests, etc. International Classification of Diseases, Ninth Revision (ICD-9) codes were also documented by hospital staff on patient discharge. The following CITI program course was completed: CITI 33690380. The raw data were extracted using a structure query language (SQL) using Navicat and further processed with R software.



Patient Population

Inclusion criteria were as follows: Patients with (1) sepsis 3.0. (2) age ≥ 18 years-old. (3) at least 24 h stay in the ICU. Sepsis was defined as an infected patient on discharge according to ICD-9 codes and microbial culture positive. According to the definition of sepsis 3.0, we included patients with SOFA score ≥ 2.

Exclusion criteria (Sonneville et al., 2017; Yang Y. et al., 2020): (1) Patients without SAE. (2) Primary brain injury including traumatic brain injury, intracerebral hemorrhage, cerebral embolism, ischemic stroke, epilepsy, or intracranial infection, and other cerebrovascular diseases according to ICD-9 codes. (Supplementary Materials 1–5); (3) Mental disorders and neurological disease (Supplementary Material 6); (4) Chronic alcohol or drug abuse (Supplementary Material 7); (5) Encephalopathy caused by other causes including metabolic encephalopathy, hepatic encephalopathy, hypertensive encephalopathy, hypoglycemic coma, and other liver disease or kidney disease affecting consciousness (Supplementary Material 8); (6) Severe electrolyte imbalances or blood glucose disturbances, including hyponatremia (<120 mmol/l), hyperglycemia (>180 mg/dl), or hypoglycemia (<54 mg/dl); (7) Partial pressure of CO2 (PCO2) ≥ 80 mmHg; (8)Without an evaluation of a Glasgow Coma Scale (GCS) score; (9) Patients who have been sedated by tracheal intubation at the time of admission.



Sepsis-Associated Encephalopathy

Sepsis-associated encephalopathy was defined as (1) patients with GCS < 15. (2) The patient was diagnosed with delirium, cognitive impairment, altered mental status according to the ICD-9 code. (3) The patient was treated with haloperidol during hospitalization. (4) Exclude consciousness disorders caused by other reasons. Many studies use GCS score as an essential tool for evaluating SAE patients (Iwashyna et al., 2010).



Data Extraction and Management

The following data was extracted from the MIMIC III database using R statistical software (R Foundation for Statistical Computing, Vienna, Austria): basic patient demographical data, vital signs (mean value) during the first 24 h of intensive care unit (ICU) stay, the first laboratory data since ICU admission and severity scores (including SAPS II, quick sequential organ failure assessment (qSOFA) score, sequential organ failure assessment (SOFA) score), comorbidity index at discharge according to the ICD-9 code (Supplementary Material 9), site of infection and types of microbial infections (Supplementary Material 10), organ failure (Supplementary Material 11). A matrix diagram of missing data is illustrated in the Data Profiling report (Supplementary Material 12). The percentage of missing values of partial thromboplastin time (0.47%), platelet (0.57%), aspartate aminotransferase (0.66%), alanine aminotransferase (0.47%), resprate (0.85%), heartrate (0.85%), blood urea nitrogen (1.14%), dysbp (1.14%), diasbp (1.23%), tempc (1.52%), glucose_min (1.42%), albumin (5.02%), lactate (3.6%), and hemoglobin (3.03%) were <6%. To facilitate statistical analysis, missing individual values were substituted with their mean values.



Statistical Analysis

The Shapiro–Wilk test for the sample distribution was used. Continuous variables with normal distribution were expressed as the mean ± standard deviation (SD), and continuous non-normal distributed variables were expressed as the median (interquartile range, IQR), categorical variables were expressed as frequency and percentage, as appropriate. A non-parametric test (Mann–Whitney U test or Kruskal–Wallis test) was applied for data with non-normal distribution or heterogeneity of variances. Pearson Chi-squared test was applied to categorize variables.

Patients were randomly assigned to either the training cohort (80%) or the validation cohort (20%). The selection of predictive features of the nomogram used the least absolute shrinkage and selection operator (Lasso) regression model (Sauerbrei et al., 2007; Sun et al., 2013; Wang et al., 2020). A multivariate COX regression analysis was performed on the selected variables, and a nomogram was constructed based on the results of the multivariate COX regression analysis (P < 0.05). We applied a bootstrapped resample with 1,000 iterations to verify the accuracy of the nomogram. The C-index was employed as an indicator to determine the discrimination ability of the nomogram through receiver operating characteristic (ROC) curve analysis and area under the curve (AUC). The calibration was performed by plotting the calibration curve to analyze the association between the observed incidence and the predicted probability. We evaluated the clinical usefulness and net benefit of the new predictive models by using decision curve analysis (DCA).

Statistical analysis was conducted with R software (version 3.4.3). Statistical significance was defined as p < 0.05.



RESULTS


Demographic Baseline Characteristics

1,055 patients with SAE were identified from the MIMIC database after applying the inclusion and exclusion criteria. We randomly assigned 80% and 20% of the patients to the training (n = 844) and validation (n = 211) cohorts. The recruitment process is illustrated in Figure 1.
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FIGURE 1. Flow chart of the enrolled patients. MIMIC-III, Medical Information Mart for Intensive Care III.


Table 1 shows the patient characteristics in the primary and validation cohorts. SAE patients who were older, had urinary tract infection or yeast infection were more likely to die. Circulatory failure was more common in non-survivors [Heartrate, 112 (96–132) vs. 109 (94–125), P = 0.008; Dysbp, 77 (64.8–86) vs. 85 (77–94), P < 0.001; Diasbp, 35 (26–41) vs. 39 (33–47), P < 0.001; Lactate, 2.3 (1.6–4.4) vs. 1.8 (1.2–2.7), P < 0.001] than survivors. Patients in the non-survival group had worse liver function [Alanine aminotransferase, 33 (17–84) vs. 24 (14–51.3), P = 0.001; Aspartate aminotransferase, 49 (25–139) vs. 31.5 (20–64), P < 0.001; Albumin, 2.8 (2.2–3.0) vs. 2.9 (2.5–3.3), P < 0.001], worse renal function [Creatinine, 1.1 (0.8–1.9) vs. 1.5 (0.9–2.6), P < 0.001; Blood urea nitrogen, 24 (16–41) vs. 33 (20–50.3), P < 0.001], and worse coagulation [Partial time, 14.3 (13.0–16.4) vs. 15.5 (13.8–19.6), P < 0.001; Partial thromboplastin time, 30.5 (26.9–36.9) vs. 36.7 (30.2–49.6), P < 0.001; INR 1.3 (1.1–1.5) vs. 1.5 (1.2–2.0), P < 0.001], and more serious infections [White blood cell count, 10.7 (7.2–15.3) vs. 11.9 (7.9–16.9), P = 0.061]. Patients in the non-survival group also had a higher incidence of anemia (53.2 vs. 67.8%). Non-surviving patients have more severe disease [SOFA 6.0 (9.0–12.0) vs. 6.0 (4.0–8.0), p < 0.001; qSOFA 2.0 (2.0–3.0) vs. 2.0 (2.0–3.0) p < 0.001; SAPS II 56 (45–72) vs. 42 (32–51), p < 0.001].


TABLE 1. Characteristics of patients in the primary and validation cohorts.
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Patient Outcomes

Table 2 shows the outcomes for the survival group and non-survival group. Among non-survivors, there was a higher incidence of multiple organ failure including respiratory failure (63.6 vs. 32.9%), renal failure (69.4 vs. 57.3%), hepatic failure (10.5 vs. 3.3%), cardiovascular failure (58.1 vs. 8.5%), and hematological failure (26.7 vs. 21.2%). This led to a higher rate of mechanical ventilation (52.7 vs. 35.2%) and renal replacement therapy (12.0 vs. 2.0%) among non-survivors.


TABLE 2. Patients’ Outcome in the primary and validation cohorts.
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Feature Selection

Using the LASSO regression model, among the non-survivors of SAE, we identified 89 features which reduced to 13 potential predictors. They include SAPS II, renal replacement therapy, temperature, SpO2, albumin, INR, lactate, respiratory failure, urinary tract infection, anemia, systolic blood pressure (sysbp), partial thromboplastin time (Supplementary Material 13: Data supplement) (Figures 2A,B).
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FIGURE 2. Texture feature selection using the least absolute shrinkage and selection operator (LASSO) binary logistic regression model. (A) Each curve in the figure represents the change trajectory of each independent variable coefficient. The ordinate is the value of the coefficient, the lower abscissa is log(λ), and the upper abscissa is the number of non-zero coefficients in the model at this time. (B) 10-fold cross-cross validation fitting and then select the model, and at the same time have a more accurate estimate of the performance of the model. For each λ value, around the mean value of the target parameter shown by the red dot, we can get a confidence interval for the target parameter. The two dashed lines indicate two special λ values:c (cvfit$lambda.min, cvfit$lambda.1se). The area under the receiver operating characteristic (AUC) curve was plotted vs. log(λ).




Multivariate Cox Regression

Furthermore, we performed a univariate, and multivariate cox regression analysis of these 13 potential predictors, sex, and admission type. According to our results, SAPS II, renal replacement therapy, temperature, SpO2, albumin, international normalized ratio (INR), lactate, and respiratory failure were independent prognostic factors for SAE patients (p < 0.01 or p < 0.05) (Table 3).


TABLE 3. Multivariate COX analysis of risk factors to hospital mortality.
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Predictive Nomogram Development

A Lasso regression model and multivariate cox regression analysis identified SAPS II, renal replacement therapy, temperature, SpO2, albumin, INR, lactate, and respiratory failure as independent prognostic factors for SAE patients in the training cohort. These factors can be used to predict the hospital mortality of patients with SAE (Table 3), which was presented as the visualization nomogram (Figure 3). The hazard ratio values of these risk factors were established and scored for each level of prognostication. By adding up the scores associated with each variable to assess the hospital mortality of SAE patients.
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FIGURE 3. Nomograms for the prediction of the hospital mortality of SAE patients. The line segment corresponding to each variable is marked with a scale, which represents the value range of the variable, and the length of the line segment reflects the contribution of the factor to the hospital mortality of SAE patients. The Point in the figure represents the individual score corresponding to each variable under different values, and the total score, namely Total Point, represents the total score of the sum of the corresponding individual scores after all the variables are valued. SAPS II, simplified acute physiology score; Lac, lactate. ** < 0.05, *** < 0.01.




Discrimination and Calibration

The AUC for the hospital mortality prediction nomogram was 0.812 (95% CI, 0.780–0.843) in the training cohort, which is greater than the SAPS II score of 0.745 (95% CI, 0.708–0.783) (Figure 4). The predictive accuracy of the nomogram was shown with a sensitivity of 0.601 and a specificity of 0.867. Our study employed the bootstrap resampling method for internal validation of the model. The calibration plot of hospital mortality of SAE patients revealed good agreement between the observed and predicted values (Figure 5).


[image: image]

FIGURE 4. Discriminatory accuracy for predicting the incidence of SAE assessed by receiver operator characteristics (ROC) analysis calculating area under the curve (AUC). SAPS II, simplified acute physiology score.



[image: image]

FIGURE 5. Calibration curves of a nomogram estimating the hospital mortality of SAE patients. The x-axis represents the predicted risk of hospital death in patients with SAE. The y-axis represents the actual risk of hospital death in patients with SAE. The dotted line represents the perfect prediction of the ideal model. The closer the red solid line is to the dotted line, the better the performance of this nomogram.




Clinical Utility

The DCA of the nomograms and SAPS II for the hospital mortality of patients with SAE are illustrated in Figure 6. The results showed that the nomogram provided a greater net benefit in predicting hospital mortality compared to that of SAPS II.
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FIGURE 6. The DCA curve of medical intervention in patients with the nomogram and SAPS II. Model 1: nomogram; Model 2: SAPS II. Solid line: The patient does not apply the nomogram, and the net income is zero; Gray line: All patients used the nomogram. The further the red solid line and blue solid line are from the dotted line, the greater the clinical application value.




DISCUSSION

In our study, patients with SAE have a hospitalized mortality rate of 30.5%. Intestinal infections and microbial infections were not found to be related to the prognosis of SAE patients. We identified independent factors for the prognosis of SAE patients, which included SAPS II, renal replacement therapy, albumin, INR, lactate, temperature, SpO2, and respiratory failure. We further developed and validated a comprehensive visual nomogram to predict the prognosis of SAE patients. The nomogram showed a high degree of validity, discrimination, and clinical utility.

Microorganisms in the body are related to many diseases. Li-Hong Peng and Lihong Peng et al. (2018, 2020a) established a model to predict the association of microorganisms with various diseases through microorganisms, and the model showed excellent performance. Probiotics can change the types of intestinal microflora and affect patients’ mood and memory function (Bagga et al., 2018). Xia et al. (2018) found that probiotics can improve the cognitive function of patients with hepatic encephalopathy. Wei et al. (2020) found that Enterobacteriaceae can improve patients’ mild cognitive impairment. Although the study of Li et al. (2018) has proved that the intestinal flora could affect SAE through the vagus nerve. Unfortunately, our study found that intestinal infections and microbes have nothing to do with the prognosis of SAE patients. It may require further experimental study in the future.

The SAPS II was developed from a European/North American study. Patients included in that study were from medical and surgical wards, as well as ICUs, in ten European and two North American countries. The authors showed that SAPS II demonstrated a high level of predictivity on the death of hospitalized patients (Le Gall et al., 1993). Although later studies have suggested better predictive tools than SAPS II (Norrie, 2015), our cohort study showed that the SAPS II score of non-surviving patients was significantly higher than that of patients in the survival group, which further supports the accuracy of SAPS II as an independent predictive factor for hospital mortality in SAE patients.

Our cohort study demonstrated that the incidence of renal replacement therapy in the non-survival group was significantly higher than that in the survival group. After LASSO and multivariate Cox regression analyses, it was found to be an independent risk factor for the death of SAE. However, the use of renal replacement therapy cannot be assumed to be an independent factor for death. Patients who were given renal replacement therapy were more likely to be severely ill with worse kidney function, more serious infection, and a higher incidence of multiple organ dysfunction, and internal environmental disorders (Palevsky, 2008; Bagshaw and Wald, 2018; Tandukar and Palevsky, 2018). This, in turn, leads to a higher mortality rate. Our cohort study also showed that SAE patients with respiratory failure, worse coagulation function, and lower albumin levels were more likely to die. The mechanism of multiple organ dysfunction in patients with SAE is consistent with sepsis patients, and it may be attributed to the immune response to sepsis (Nolt et al., 2018); circulatory abnormalities (De Backer et al., 2013; Finfer et al., 2013), organ ischemia; hypoxia endothelial permeability increases (Kopterides et al., 2011; Opal and van der Poll, 2015); cell death (Pinheiro da Silva and Nizet, 2009); and mitochondrial dysfunction (Yang et al., 2015; Sun et al., 2019). We should promptly correct the respiratory failure, give component blood transfusions, correct coagulation function, supplement albumin, and reduce the mortality of SAE patients.

Lactate is a vital laboratory indicator that affects the prognosis of patients with sepsis. It is widely known, the higher the lactate level, the worse the patient’s prognosis (Suetrong and Walley, 2016; Liu et al., 2019). Serum lactate is also an independent risk factor for the prognosis of SAE patients in our cohort study. In patients with septic shock, fluid resuscitation guided by monitoring the serum lactate is still the most effective method for reducing the mortality of septic shock (Hernández et al., 2019). Serum lactate is used to evaluate disease severity, guide treatment plan, and predict patient prognosis (Suetrong and Walley, 2016). Lower serum lactate levels are associated with reduced patient mortality (Puskarich et al., 2013; Vincent et al., 2016). Therefore, serum lactate is an important indicator for evaluating the prognosis of patients with sepsis and SAE. The results of previous studies further support our conclusion. Patients with lactate acidosis and hyperlactic acidosis, we should timely rehydration and other treatments to reduce lactate levels and improve the survival rate of SAE patients.

There is currently a lack of effective tools for predicting hospital mortality in SAE patients. By exploring the clinical indicators for evaluating the prognosis of SAE patients, through Lasso and Cox regression analysis, eight potential predictors, including SAPS II, renal replacement therapy, albumin, INR, lactate, body temperature, SpO2, respiratory failure were identified and used to establish a comprehensive visual nomogram for predicting hospital mortality of SAE patient. The nomogram demonstrated excellent discrimination (AUC, 0.812; 95%CI: 0.780–0.843) that was better than SAPS II (AUC, 0.745; 95%CI: 0.708–0.783) in the primary cohort. The validation cohort is used to verify the calibration function of the nomogram and has good consistency with the model (Figure 5). In terms of clinical application, the net benefit of patients using nomogram is better than that of SAPS II (Figure 6), and the nomogram shows good performance in predicting hospital mortality of SAE patients. For the evaluation of nomograms, in addition to the above-mentioned AUC value and other methods, some new methods may be needed to evaluate in the future (Zhou et al., 2019; Liu F. et al., 2020).

Several limitations must be acknowledged. Firstly, our study is retrospective based on the MIMIC database, which has its inherent limitations. For instance, our study identified septic patients using the definition from the ICD-9 diagnostic code, which may be different from the Sepsis-3 definition. However, this small discrepancy does not deny the clinical application value of our study. Although our nomogram has excellent performance, our data is older and we need new data to verify in the future. Secondly, we included ICU patients for analysis, which enhanced the heterogeneity of the study population, and thus our results may not be suitable for patients outside the ICU. Third, there are a lot of more widely used methods in feature selection and classification than Lasso, such as elastic net, random forest, and deep neural network (Huang et al., 2017; He et al.,2020a,b; Liang et al., 2020; Liu C. et al., 2020; Yang J. et al., 2020). Model development only uses the general linear regression method, fusing various biological information by multi-information fusion (Peng et al., 2017), bipartite local model (Peng et al., 2020b), and the KATZ method (Zhou et al., 2020) should be further studied in the future. We will apply these methods to further improve the performance of our model. Finally, the Model establishment was only verified internally, and further external verification is required in the future to illustrate its extrapolation.



CONCLUSION

A nomogram was established for predicting hospital mortality of SAE patients, which was accurate and clinically useful. The nomogram also performed better than the SAPS II with a higher net benefit.
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A Corrigendum on
 Development and Validation of a Nomogram for the Prediction of Hospital Mortality of Patients With Encephalopathy Caused by Microbial Infection: A Retrospective Cohort Study

by Zhao, L., Li, Y., Wang, Y., Gao, Q., Ge, Z., Sun, X., and Li, Y. (2021). Front. Microbiol. 12:737066. doi: 10.3389/fmicb.2021.737066



In the original article, there was a mistake in Figure 1 as published. Patients with sepsis without encephalopathy should be 1480. We wrote this as 1408 by error. Therefore 3279 patients for the final analysis should be modified to 3207. In the excluded patients, all excluded patients add up to 2152, not 3560. Therefore, there are three numbers in Figure 1 that need to be changed. (1) “sepsis without encephalopathy (n=1408)” changed to “sepsis without encephalopathy (n=1480).” (2) “3279 patients for the final analysis” changed to “3207 patients for the final analysis.” (3) “Exclude the following patients (n=3560)” changed to “Exclude the following patients (n=2152).” The corrected Figure 1 appears below.
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FIGURE 1. Flow chart of the enrolled patients. MIMIC-III, Medical Information Mart for Intensive Care III.
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Purpose: Choroidal neovascularization (CNV) is the defining feature of neovascular age-related macular degeneration (nAMD). Gut microbiota might be deeply involved in the pathogenesis of nAMD. This study aimed to reveal the roles of the gut microbiome and fecal metabolome in a mouse model of laser-induced CNV.

Methods: The feces of C57BL/6J mice with or without laser-induced CNV were collected. Multi-omics analyses, including 16S rRNA gene sequencing and untargeted metabolomics, were conducted to analyze the changes in the gut microbial composition and the fecal metabolomic profiles in CNV mice.

Results: The gut microbiota was significantly altered in CNV mice. The abundance of Candidatus_Saccharimonas was significantly upregulated in the feces of CNV mice, while 16 genera, including Prevotellaceae_NK3B31_group, Candidatus_Soleaferrea, and Truepera, were significantly more abundant in the controls than in the CNV group. Fecal metabolomics identified 73 altered metabolites (including 52 strongly significantly altered metabolites) in CNV mice compared to control mice. Correlation analysis indicated significant correlations between the altered fecal metabolites and gut microbiota genera, such as Lachnospiraceae_UCG-001 and Candidatus_Saccharimonas. Moreover, KEGG analysis revealed six pathways associated with these altered metabolites, such as the ABC transporter, primary bile acid biosynthesis and steroid hormone biosynthesis pathways.

Conclusion: The study identified an altered fecal microbiome and metabolome in a CNV mouse model. The altered microbes, metabolites and the involved pathways might be associated with the pathogenesis of nAMD.

Keywords: choroidal neovascularization, age-related macular degeneration, gut microbiome, metabolomics, mouse model


INTRODUCTION

Age-related macular degeneration (AMD) is one of the main causes of vision loss and blindness worldwide, and its incidence has dramatically increased in the population worldwide (Mitchell et al., 2018). The presence of choroidal neovascularization (CNV) is the defining feature of wet or neovascular AMD (nAMD), which is one of the two advanced forms of AMD (Patel and Sheth, 2021). As a first-line therapy, intravitreal injection of anti-vascular endothelial growth factor (VEGF) agents is effective in patients with nAMD because it targets pathological CNV (Kovach et al., 2012; Ferrara and Adamis, 2016). However, the limitations of anti-VEGF therapy should not be ignored, such as the side effects of the injection (Xi, 2020) and the unsatisfactory duration of the therapeutic effect (Ehlken et al., 2019). In addition, long-term use of anti-VEGF therapy may lead to serious economic burdens, especially in developing countries and regions (Ruiz-Moreno et al., 2021). Therefore, thorough investigation of the mechanisms of nAMD pathogenesis beyond VEGF is urgently needed.

As an in vivo model, laser-induced CNV in mice is widely used to investigate the mechanisms of nAMD (Lambert et al., 2013). We have previously reported the expression profiles of mRNA and various types of non-coding RNAs in a CNV mouse model (Zhang et al., 2019, 2020; Liu et al., 2020) and indicated the importance of inflammatory cytokines and immune cells in AMD pathogenesis (Zhou Y. et al., 2017; Zhou Y. D. et al., 2017; Li and Zhou, 2019; Tan et al., 2020).

Changes in the intestinal microbiota significantly affect barrier function and metabolic pathways and gradually regulate the host immune system (Cerf-Bensussan and Gaboriau-Routhiau, 2010), and loss of gut microbiota diversity affects age-related changes (O’Toole and Jeffery, 2015). Recently, numerous studies have indicated that the gut microbiome is involved in ophthalmic diseases, such as diabetic retinopathy (DR) (Huang et al., 2021), Vogt-Koyanagi-Harada disease (Ye et al., 2020), and glaucoma (Gong et al., 2020).

Zinkernagel et al. (2017) revealed enrichment of the genera Anaerotruncus and Oscillibacter as well as Ruminococcus torques and Eubacterium ventriosum in nAMD patients; on the other hand, Bacteroides eggerthii was enriched in controls compared to patients. However, an intestinal metagenomic study with a larger number of included cases demonstrated elevated abundance of the class Negativicutes in patients with nAMD, while the genus Oscillibacter and Bacteroides species were more abundant in healthy controls without AMD (Zysset-Burri et al., 2020). Therefore, further explorations and verifications in more research centers are necessary to identify changes in the gut microbiota in AMD patients.

Overweight and obesity are essential risk factors for AMD (Zhang et al., 2016). High-fat diets (HFD) enhance pathology by inducing gut microbiota alteration, and the heightened intestinal permeability and chronic low-grade inflammation induced by gut dysbiosis have been found to upregulate the production of proinflammatory cytokines and VEGF-A and enhance CNV in a laser-induced mouse model (Andriessen et al., 2016). Therefore, alteration of the gut microbiome might be a potential therapeutic target in patients with AMD. Further investigation of the intestinal microbiome might reveal the mechanisms and metabolic pathways of AMD pathogenesis, which might also generate novel therapeutic strategies for AMD.

To clarify the pathogenesis and consequences of nAMD, in this study, we characterized fecal microbiome and metabolomics profiles in a mouse model of laser-induced CNV via 16S rRNA gene sequencing and untargeted metabolomics analysis.



MATERIALS AND METHODS


Animal Model

Seven-week-old male C57BL/6J mice were obtained from Hunan SJA Laboratory Animal Co., Ltd. (Changsha, China). A model of CNV in the mice was induced by laser photocoagulation as described previously (Zhang et al., 2019). Laser photocoagulation was conducted with a 532-nm diode laser (100 mW, 0.1 s duration, 50 μm), with 25 spots burned on each eye.

Fecal samples were collected 7 days after laser photocoagulation. For control group, we used age-matched mice without laser treatment. Samples were collected from 16 mice with laser-induced CNV and 15 controls. The fecal pellets of each mouse were deposited into a sterile conical tube and stored at −80°C.

The animal experiments were performed according to the ARVO Statement for the Use of Animals in Ophthalmic and Vision Research, and the Institutional Animal Care and Use Committee of The Second Xiangya Hospital of Central South University approved all procedures of the experiments (Approval No. 2021533).



DNA and Metabolite Extraction

DNA was isolated from fecal samples by using an E.Z.N.A.® Soil DNA Kit (Omega Bio-Tek, Inc., Norcross, GA, United States). Assessment of the DNA extract was performed on an agarose gel (1%), and the concentration and purity of the DNA were determined by using a NanoDrop 2000 UV-Vis spectrophotometer (Thermo Fisher Scientific, Wilmington, DE, United States).

A 400 μL methanol:water (4:1, v/v) solution was used for the extraction of the fecal metabolites. The mixture was allowed to settle at −20°C. It was then treated with a Wonbio-96c high-throughput tissue crusher (Shanghai Wanbo Biotechnology Co., Ltd., Shanghai, China) at 50 Hz for 6 min, vortexed for 30 s and ultrasonicated at 40 kHz for 30 min. To precipitate proteins, the samples were placed at −20°C for 30 min. After centrifugation (13000 × g, 4°C, 15 min), the supernatant was collected for LC-MS/MS analysis.



16S rRNA Gene Sequencing Analysis

As previously described (Peng et al., 2018, 2019), the V3–V4 region of the bacterial 16S rRNA gene was amplified with the primers 338F (5′-ACTCCTACGGGAGGCAGCAG-3′) and 806R (5′-GGACTACHVGGGTWTCTAAT-3′) in an ABI GeneAmp® 9700 PCR thermocycler (ABI, CA, United States). The purified amplicons were pooled in equimolar amounts and subjected to paired-end sequencing on an Illumina MiSeq PE300 platform/NovaSeq PE250 platform (Illumina, San Diego, CA, United States). To minimize the effects of sequencing depth on diversity measures, the number of reads from each sample was rarefied to 5567 (the minimum number of sample sequences). The Wilcoxon rank-sum test was used for statistical analysis of 16S rRNA gene sequencing analysis. The different enrichment of specific bacterial taxa was determined by the linear discriminant analysis (LDA) effect size (LEfSe) algorithm with an LDA score threshold of 2.0.



Fecal Metabolomics Analysis

A Thermo UHPLC system equipped with an ACQUITY UPLC HSS T3 (100 mm × 2.1 mm i.d., 1.8 μm; Waters Corporation, Milford, MA, United States) was used for chromatographic separation of the metabolites. A Thermo UHPLC-Q Exactive Mass Spectrometer equipped with an electrospray ionization (ESI) source operating in either positive or negative ion mode was used to collect the mass spectrometric data. Data-dependent acquisition (DDA) mode was used for the data acquisition. Detection was conducted over the mass range of 70–1050 m/z.

After UPLC-MS analyses, the raw data were imported into Progenesis QI 2.3 (Non-linear Dynamics, Waters Corporation, United States) for peak detection and alignment. The mass spectra of these metabolic features were identified by using the accurate masses, MS/MS fragment spectra and isotope ratio differences with searching in the following biochemical databases: the Human Metabolome Database (HMDB)1 and the METLIN database2.



Multivariate Statistical Analysis

Variables of all metabolites were scaled to unit variances and then subjected to principal component analysis (PCA) to obtain a visualized overview of the metabolic data, general clustering, trends, and outliers. Orthogonal partial least squares discriminant analysis (OPLS-DA) was used to determine the global alterations of metabolites between the CNV group and the control group. Prior to OPLS-DA, all of the metabolite variables were Pareto-scaled. Variable importance in the projection (VIP) was calculated from the OPLS-DA model. Paired Student’s t-test was used in calculating P-values. Statistically significant differences between CNV group and control group were determined according to p < 0.05 and VIP > 1.0.



Bioinformatics Analyses

The Majorbio I-Sanger Cloud Platform3 was used for the data analyses and bioinformatics analyses. The pathways associated with the altered metabolites were analyzed through metabolic enrichment and pathway analyses according to a database search (KEGG)4. Spearman’s correlation analysis was conducted to assess the significance of microbiota-metabolite correlations with the threshold values of | r| ≥ 0.50 and p < 0.01.



RESULTS


Diversity of the Gut Microbiota Between CNV Mice and Controls

To reveal the differences in structural diversity of the gut microbiota between CNV mice and controls, microbial α-diversity was assessed using the Chao, Shannon, Simpson, and Sobs indices. Although no significant difference in α-diversity was observed by measurement of the Chao, Shannon, and Simpson indices (Figures 1A–C, p > 0.05), significantly lower diversity was found in the CNV group than in the control group, as measured by the Sobs index (Figure 1D, p = 0.03079). For the β-diversity analysis, principal coordinate analysis (PCoA) was used after a genus selection-based bacterial taxonomy analysis was performed, and significant differences were not observed when the CNV group was compared with the control group (Figure 1E). However, PLS-DA indicated that the samples derived from the CNV group significantly differed from those collected from the control group (Figure 1F), which demonstrated the different compositions of the gut microbiota between these two groups.
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FIGURE 1. Gut microbial diversity in CNV and control mice. Gut microbial diversity in CNV and control mice. The α-diversity was assessed by the Chao index (A), Shannon index (B), Simpson index (C), and Sobs index (D). ∗P < 0.05. PCoA of the β-diversity (E). PLS-DA of the microbiome at the genus level (F).




Change in the Gut Microbiota Composition in CNV Mice

Taxonomic analysis revealed the differences in relative abundance at the genus level between CNV and control mice (Figure 2A). Among the genera, norank_f_Muribaculaceae was the predominant genus in both the CNV group (62.7%) and the control group (57.2%). By the LEfSe algorithm, we identified 17 genera as key discriminants (Figures 2B,C). Candidatus_Saccharimonas was significantly overrepresented in the feces of CNV mice, while 16 genera, including Prevotellaceae_NK3B31_group, Candidatus_Soleaferrea, and Truepera, were significantly more abundant in the control group than in the CNV group. These results demonstrate the different fecal microbiota compositions between these two groups.
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FIGURE 2. Gut microbiota composition profiles in CNV and control mice. (A) Taxonomic distributions of bacteria at the genus level in CNV mice and controls. (B) Bar graph of LDA scores to screen altered bacterial genera at the genus level (LDA score ≥2.0). (C) Cladogram of the LEfSe analysis from the phylum level to the genus level of the microbiota of CNV mice and controls.




Altered Fecal Metabolomic Profiles of CNV Mice

The fecal samples above were also used for identification of metabolites that are altered in CNV by metabolomics. The QC samples clustered closely in both positive and negative ion modes in the PCA (Figures 3A,B). OPLS-DA score plots revealed remarkable separation of these two groups under both modes (Figures 3C,D).
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FIGURE 3. Qualification of the results of fecal metabolomic analysis. PCA of all the samples under the positive (A) and negative ion mode (B). OPLS-DA score plots of CNV mice and controls under the positive (C) and negative ion mode (D).


Metabolites with p < 0.05 and VIP > 1 were considered to be significantly altered (Supplementary Table 1), and those with p < 0.05 and VIP > 1.5 were considered to be strongly significantly altered (Supplementary Table 2). In total, 73 significantly altered metabolites (24 in positive ion mode and 49 in negative ion mode) and 52 strongly significantly altered metabolites (21 in positive ion mode and 31 in negative ion mode) were identified between the CNV and control groups. To visualize these 52 strongly significantly altered metabolites, we constructed a heat map (Figure 4). Overall, 27 metabolites were significantly increased in CNV mice, while 25 metabolites were significantly decreased in CNV mice. Among them, 25 metabolites belonged to the superclass of lipids and lipid-like molecules, which accounted for the largest proportion of the strongly significantly altered metabolites.
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FIGURE 4. Metabolomic profiles of fecal samples from CNV mice and controls. The hierarchical cluster and heat map show the 52 strongly significantly altered metabolites in each sample. Red and blue colors represent high and low levels of metabolites, respectively. The bar graph shows the VIP scores of each metabolite. ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001.




Correlations of the Fecal Metabolome and Gut Microbiota

To explore the functional correlations between the alterations of the gut microbiome and the fecal metabolome, Spearman’s correlation coefficient analysis was conducted between the 17 discriminatory genera and 52 strongly significantly altered metabolites (p < 0.05 and VIP > 1.5). A total of 24 significant correlations were recognized (Figure 5). In particular, both Lachnospiraceae_UCG-001 and Candidatus_Saccharimonas were significantly associated with five fecal metabolites. Moreover, norank_f__NS9_marine_group, Prevotellaceae_NK3B31_group, and Eubacterium_nodatum_group were significantly associated with 4, 3, and 3 metabolites, respectively. The correlations indicated that CNV mice demonstrated significant alterations in their gut microbiomes that may have led to significant changes in their metabolomic profiles.
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FIGURE 5. Correlation analysis between the discriminated gut microbiota and the strongly altered fecal metabolites. Red and blue colors represent positive and negative correlations, respectively. Significant correlations were determined according to the threshold values of | r| > 0.5 and P < 0.01. **p < 0.01, ***p < 0.001.




Pathways Associated With the Altered Fecal Metabolites According to KEGG Analysis

To identify the pathways associated with these metabolites, KEGG pathway enrichment analyses were performed for the 73 significantly altered metabolites. Several essential pathways were detected (p < 0.05), as follows: the ATP-binding cassette (ABC) transporter pathway; primary bile acid biosynthesis; steroid hormone biosynthesis; hepatocellular carcinoma; caffeine metabolism; and cutin, suberine, and wax biosynthesis (Figure 6).
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FIGURE 6. KEGG pathway analysis reveals the pathways associated with the altered fecal metabolites. Colors represent the sizes of the p-values. ∗p < 0.05, ∗∗p < 0.01.




DISCUSSION

In this study, we characterized the gut microbiome and fecal metabolome in mice with laser-induced CNV, a widely used model of nAMD. The results indicated that the composition of the gut microbiota and the levels of fecal metabolites were significantly altered in CNV mice compared to the age-matched controls.

Linear discriminant analysis effect size revealed Candidatus_Saccharimonas as the only dominant genus in the CNV group, while we found 16 genera that were more abundant in the control group than in the CNV group (Figure 2). The bacterial genus Candidatus_Saccharimonas, which belongs to the phylum Patescibacteria (Lemos et al., 2019), was upregulated in CNV mice compared with control mice. Chen et al. (2021) revealed that the probiotic LPPS23 enriches Candidatus_Saccharimonas in aged mice. Green tea leaf powder improves lipid metabolism in HFD-fed mice, and gut microbiota reprogramming might be involved in the mechanism. Green tea leaf powder reduces systemic inflammation and the abundance of Candidatus_Saccharimonas in HFD-fed mice (Wang et al., 2020). Another study has demonstrated that egg white peptides significantly increase the relative abundance of Candidatus_Saccharimonas and inhibit the production of proinflammatory cytokines (Ge et al., 2021). Sang et al. (2020) reported that the mushroom Bulgaria inquinans reduces the diversity of the gut microbiota and downregulates the abundance of Candidatus_Saccharimonas and that Candidatus_Saccharimonas is positively correlated with several cytokines (IL-2, IL-4, IL-10, and IFN-γ). Therefore, despite some unclear mechanisms, Candidatus_Saccharimonas might be associated with inflammation and the host immunological response. As previously described, inflammation plays an essential role in the pathogenesis of AMD (Tan et al., 2020), and it is worth further clarifying the roles and mechanisms of Candidatus_Saccharimonas in inflammation associated with AMD pathogenesis in future studies.

In addition, we identified 73 metabolites that were altered in CNV mice compared to controls and found that 52 of them had strong significant alteration. KEGG analysis revealed six pathways associated with these altered metabolites, such as the ABC transporter pathway. ABC transporter A1 (ABCA1), a gene involved in high-density lipoprotein (HDL) metabolism, mediates the lipid efflux pathway and has functional effects in RPE cells, and it might also contribute to the development and progression of AMD (Storti et al., 2017). Storti and Grimm (2019) reported the essential role of the ABCA1/G1 pathway and the mechanism of active cholesterol efflux in the RPE, rods, and retinal inflammatory cells. Interestingly, in a study we have previously reported, the pathway of ABC transporters was also found to be associated with plasma metabolites that are altered in retinopathy of prematurity, which is another kind of ocular neovascular disease that occurs in premature infants (Zhou et al., 2020). Therefore, the association of mechanisms of ABC transporters with the gut microbiota in AMD needs to be further studied.

Significant correlations were observed between the altered fecal metabolites and gut microbiota genera such as Lachnospiraceae_UCG-001 and Candidatus_Saccharimonas. Lachnospiraceae UCG-001 produces short-chain fatty acids, and compositional alterations of gut microbiotas including this genera have been found to be associated with inhibition of colon inflammation and tumorigenesis (Guo and Li, 2019). The abundance of Lachnospiraceae_UCG_001 is lower in rats with ischemic stroke than in sham rats (Wu et al., 2021). Additionally, opposite to the alteration in the abundance of Candidatus_Saccharimonas, the abundance of Lachnospiraceae_UCG-001 is suppressed by the probiotic LPPS23 in aged mice (Chen et al., 2021). These findings indicate that the genera Lachnospiraceae_UCG-001 and Candidatus_Saccharimonas together with their associated altered fecal metabolites might be involved in the pathogenesis of nAMD, which is worth further exploration.

Recent studies demonstrated the alterations and possible application prospects of the gut microbiome in patients with other ocular neovascular diseases, such as DR (Das et al., 2021; Huang et al., 2021) and retinopathy of prematurity (Skondra et al., 2020). Das et al. (2021) recognized a reduction in anti-inflammatory, probiotic and other bacteria that could be pathogenic in the microbiomes of patients with both diabetes mellitus and DR, compared to the healthy controls, and the changes observed in DR patients were more pronounced. Huang et al. (2021) indicated the potential use of gut microbiota as a biomarker of DR, which could be helpful for diagnosis in clinical applications. Moreover, it has been suggested that the effect of antihyperglycemic drugs might be involved in the connection between the gut microbiota and DR, and targeting the gut microbiome could be novel therapeutic strategies in treating DR (Rowan and Taylor, 2018).

There were some limitations of our present study. First, the laser-induced CNV model in mice cannot completely recapitulate the characteristics of clinical samples of nAMD patients; thus, larger cohorts of patients should be investigated in future studies. Second, this study included only one time point (day 7 after laser photocoagulation), which is a representative time point for CNV. However, it is still necessary to assess alterations of the gut microbiota and metabolomics at multiple time points, especially during the period of subretinal fibrosis, which is 3–4 weeks after laser photocoagulation. Third, the roles and regulatory functions of the altered gut microbes and fecal metabolites remain to be further studied. Fecal microbiota transplantation is a novel therapy to restore the gut microbiota and cure diseases, and the investigation of this field is rapidly emerging in many diseases (Vindigni and Surawicz, 2017). Andriessen et al. (2016) confirmed that fecal microbiota transplantation regulates pathological angiogenesis in obesity-driven CNV in vivo. Therefore, this method could be used in future studies to investigate the functions and mechanisms of gut microbes and fecal metabolites in CNV and nAMD.

In conclusion, we demonstrated significant alterations of the gut microbiome and fecal metabolome in CNV mice. Some altered gut microbe genera, such as Lachnospiraceae_UCG-001 and Candidatus_Saccharimonas, were strongly correlated with altered fecal metabolites. Our results demonstrated concurrent alterations of the gut microbiota and fecal metabolites during the pathological process of CNV. Further studies are needed to reveal whether these altered microbiota and metabolites as well as their associated pathways play modulatory roles in CNV and nAMD pathogenesis, which might be helpful in developing novel therapeutic strategies of nAMD.
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Appendectomy Is Associated With Alteration of Human Gut Bacterial and Fungal Communities

Shuntian Cai1,2†, Yanyun Fan1,2†, Bangzhou Zhang1,2†, Jinzhou Lin1, Xiaoning Yang1, Yunpeng Liu1, Jingjing Liu1,2, Jianlin Ren1,2* and Hongzhi Xu1,2*

1Department of Gastroenterology, Zhongshan Hospital Affiliated to Xiamen University, Xiamen, China

2School of Medicine, Institute for Microbial Ecology, Xiamen University, Xiamen, China

Edited by:
Yanling Wei, Army Medical University, China

Reviewed by:
Hailong Cao, Tianjin Medical University General Hospital, China
Zikai Wang, People’s Liberation Army General Hospital, China

*Correspondence: Jianlin Ren, jianlin.ren@126.com; Hongzhi Xu, xuhongzhi@xmu.edu.cn

†These authors have contributed equally to this work and share first authorship

Specialty section: This article was submitted to Systems Microbiology, a section of the journal Frontiers in Microbiology

Received: 14 June 2021
Accepted: 19 August 2021
Published: 16 September 2021

Citation: Cai S, Fan Y, Zhang B, Lin J, Yang X, Liu Y, Liu J, Ren J and Xu H (2021) Appendectomy Is Associated With Alteration of Human Gut Bacterial and Fungal Communities. Front. Microbiol. 12:724980. doi: 10.3389/fmicb.2021.724980

Recent research has revealed the importance of the appendix in regulating the intestinal microbiota and mucosal immunity. However, the changes that occur in human gut microbial communities after appendectomy have never been analyzed. We assessed the alterations in gut bacterial and fungal populations associated with a history of appendectomy. In this cross-sectional study, we investigated the association between appendectomy and the gut microbiome using 16S and ITS2 sequencing on fecal samples from 30 healthy individuals with prior appendectomy (HwA) and 30 healthy individuals without appendectomy (HwoA). Analysis showed that the gut bacterial composition of samples from HwA was less diverse than that of samples from HwoA and had a lower abundance of Roseburia, Barnesiella, Butyricicoccus, Odoribacter, and Butyricimonas species, most of which were short-chain fatty acids-producing microbes. The HwA subgroup analysis indicated a trend toward restoration of the HwoA bacterial microbiome over time after appendectomy. HwA had higher gut fungi composition and diversity than HwoA, even 5 years after appendectomy. Compared with those in samples from HwoA, the abundance correlation networks in samples from HwA displayed more complex fungal–fungal and fungal–bacterial community interactions. This study revealed a marked impact of appendectomy on gut bacteria and fungi, which was particularly durable for fungi.

Keywords: gut bacteria, gut fungi, appendectomy, short-chain fatty acids, community interactions


INTRODUCTION

The human appendix was traditionally considered an evolutionary remnant with limited biological function. It is typically removed upon the development of appendicitis or even removed preventatively (D’Souza and Nugent, 2016). However, increasing evidence has revealed that the human appendix plays important biological roles in regulating the intestinal immune system and microbiome (Randal Bollinger et al., 2007; Laurin et al., 2011; Masahata et al., 2014; Kooij et al., 2016; Girard-Madoux et al., 2018; Vitetta et al., 2019). Moreover, studies suggest that prior appendectomy may be associated with increased risk of many diseases, such as sarcoidosis, antibiotic-resistant bacteria-mediated bacteremia caused by biliary tract infection, gallstones, pyogenic liver abscesses, gastrointestinal cancers, Parkinson’s disease (PD), and rheumatoid arthritis (Tzeng et al., 2015; Chung et al., 2016; Liao et al., 2016; Song et al., 2016; Kawanishi et al., 2017; Sawahata et al., 2017; Rubin, 2019). However, other studies have indicated no overall increase in cancer incidence several years after appendectomy (Mellemkjaer et al., 1998; Cope et al., 2003). The role of the appendix must continue to be reevaluated and further investigated to reveal its roles in human health and disease.

Similar to the colon, the healthy appendix is inhabited by diverse microorganisms, predominantly composed of Firmicutes, Bacteroidetes, Actinobacteria, and Proteobacteria species (Guinane et al., 2013; Vitetta et al., 2019). Appendicitis is associated with altered microbiota in the appendix. Interestingly, some microbial taxa that are infrequently found in the distal gut, including the oral pathogens Gemella, Parvimonas, and Fusobacterium, have been identified in surgically removed appendices from patients with acute appendicitis (Guinane et al., 2013). Studies have demonstrated differences in the intestinal microbiota of patients with appendicitis and healthy controls, such as a greater abundance of Fusobacteria species in the setting of appendicitis (Swidsinski et al., 2011; Zhong et al., 2014; Rogers et al., 2016). However, data about differences in the microbiome based on disease severity are inconsistent (Peeters et al., 2019; The et al., 2019). Using culture methods, the diversity of anaerobes in the appendix differs between individuals with and without appendicitis (Hattori et al., 2019).

Recent studies have demonstrated crucial roles of the appendix in regulating intestinal microecology, possibly acting as a reserve or sanctuary for the gut microbiota that promotes the recovery of gut microecological homeostasis after intestinal perturbation (Randal Bollinger et al., 2007; Vitetta et al., 2019). Appendectomized mice show delayed accumulation of IgA+ cells in the large intestine with altered fecal microbiota composition compared with sham-operated mice (Masahata et al., 2014). However, few studies have focused on intestinal bacterial changes after appendectomy, with inconsistent results (Goedert et al., 2014; Masahata et al., 2014). To our knowledge, there is no research on the relationship between appendectomy and intestinal fungi (Underhill and Iliev, 2014). Although the gut microbiota is populated mainly by bacteria, it also contains less than 1% of fungi. Intestinal fungal dysbiosis occurs in or contributes to many diseases, including colitis, alcoholic liver disease, primary sclerosing cholangitis, pancreatic cancer, and colon cancer (Iliev et al., 2012; Sokol et al., 2017; Yang et al., 2017; Aykut et al., 2019; Coker et al., 2019; Lemoinne et al., 2020).

To explore the alterations of gut bacterial and fungal communities associated with appendectomy, we firstly recruited and collected fecal samples from 30 healthy individuals with prior appendectomy and 30 healthy individuals without appendectomy. We examined the diversity and community structure of gut bacteria and fungi and evaluated their inter-kingdom interactions using 16S and ITS2 amplicon metagenomics in this study.



STUDY POPULATION AND METHODS


Participants

Healthy individuals with appendectomy (HwA; n = 30, 15 men and 15 women) were recruited from April 2016 to June 2017 from the local population of Xiamen, China. All participants were healthy, not on medication, had no clinically significant disease at the inception of the study, and had undergone appendectomy > 6 months ago. We also enrolled 30 healthy individuals without appendectomy (HwoA, 17 men and 13 women) as controls between February 2018 and May 2018 from the physical examination center in the outpatient department of Zhongshan Hospital Affiliated to Xiamen University (Xiamen, China). Written informed consent was obtained from all participants before stool donation. The study was approved by the local Ethical Review Board of Zhongshan Hospital Affiliated to Xiamen University(IRB2015014).

The exclusion criteria for both groups were as follows: < 18 years of age, antibiotic or proton pump inhibitor (PPI) treatment within 30 days, gastrointestinal surgery (except appendectomy for HwA), or diseases known to affect the gut microbiota. The following clinical data were recorded: age, body mass index (BMI), sex, and years since appendectomy.



Sample Collection, DNA Extraction, and Amplicon Sequencing

Fecal samples from each participant were collected and immediately frozen at −80°C until DNA extraction. The samples were thawed and homogenized, and total DNA was extracted from each sample (0.25 g) using the QIAamp Fast DNA Stool Mini Kit (QIAGEN, Hilden, Germany), according to the manufacturer’s protocol. The resulting DNA yield and quality were assessed with a MultiskanTM GO spectrophotometer (Thermo Fisher Scientific, Waltham, MA, United States).

Bacterial and fungal communities were determined by amplicon metagenomics targeting the 16S rRNA gene and ITS2 fragments, respectively. Briefly, the forward primer targeting the 16S rRNA gene V3 and V4 regions was 5′-CCTACGGGNBGCASCAG-3′, and the reverse primer was 5′-GGACTACNVGGGTWTCTAAT-3′. The forward primer targeting ITS2 was 5′-GCATCGATGAAGAACGCAGC-3′, and the reverse primer was 5′-TCCTCCGCTTATTGATATGC-3′. The polymerase chain reaction (PCR) products were purified and assessed with Qubit 3.0 (Thermo Fisher Scientific, Waltham, MA, United States). Sequencing was performed by the Xiamen Treatgut Biotechnology Co., using a 250-bp paired-end sequencing protocol on a HiSeq 2500 platform (Illumina, San Diego, CA, United States). Raw sequences were deposited in the National Center for Biotechnology Information Sequence Read Archive under accession number PRJNA655569.



Bioinformatic Analyses

The raw paired-end reads were assembled and filtered using FLASH with default parameters except parameters of –M = 200 and –x = 0.15 (Magoc and Salzberg, 2011). The resulting high quality reads were checked for chimeras and clustered to generate operational taxonomic units (OTUs) based on 97% similarity cutoff with USEARCH (Edgar, 2013). The representative OTU sequences were classified against the SILVA database for 16S data and against the UNITE database for ITS2 data using RDP Classifier with a confidence threshold of 50% (Wang et al., 2007; Henderson et al., 2019; Nilsson et al., 2019). Bacterial and fungal data were re-sampled to 31,509 and 30,924 reads/sample, respectively, for downstream analyses.



Statistical Analyses and Visualization

Alpha diversity indices, including richness (observed), Shannon diversity (Shannon), and Pielou’s evenness (evenness) were computed based on the OTU table using the vegan package. The significances of differences in the diversity indices and individual taxa were tested using a non-parametric Wilcoxon rank-sum test for two groups or Kruskal–Wallis rank-sum test with Benjamini–Hochberg corrections for multiple groups using the agricolae package. Beta diversity was measured using Bray–Curtis distance, and significance was determined with PERMANOVA with 9,999 permutations using adonis in the R package vegan. Correlations between bacterial and fungal genera were computed and tested using the Hmisc package. Finally, the results were visualized using the custom R script based on ggplot2 or VennDiagram, and the network figures were generated with Gephi v0.9.2. The analyses were performed in R v3.3.2.



RESULTS


Characteristics of the Study Population

The study population included two groups: HwA (n = 30) and HwoA (n = 30). There were no significant differences in the age and sex between the HwA and HwoA groups. The BMI of HwA was less than that of HwoA (20.8 ± 3.0 vs. 22.3 ± 2.5, p = 0.017), but both were within normal limits (18.5 ≤ BMI < 25). The HwA group was further divided into subgroups based on number of years post-appendectomy: cutoff at 2 years (2Y; < 2Y vs. ≥ 2Y), at 2 and 5 years [< 2Y, < 5 years (5Y) to ≥ 2Y, and ≥ 5Y], and at 5 years (< 5Y vs. ≥ 5Y) (Table 1).


TABLE 1. Study population characteristics.
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Gut Bacterial Alterations After Appendectomy

Gut bacterial communities were analyzed by 16S V3–V4 sequencing. Alpha diversity, assessed with the observed, Shannon, and evenness indices, did not significantly differ between the HwA and HwoA groups (Supplementary Figure 1A). However, individuals with post-appendectomy periods shorter than 2 years (HwA_ < 2Y) had significantly lower gut bacterial evenness values than HwoA and HwA with a post-appendectomy period longer of at least 2 years (HwA_ ≥ 2Y) (Figure 1A; p < 0.05). HwA_ < 2Y also showed marginally lower Shannon diversity (Figure 1A; p = 0.08). There were no significant differences in the diversity indices between the other subgroups (Supplementary Figures 1B,C). The Venn diagram displays the 314 “universal” OTUs (of 486 total OTUs) shared among the three groups; a larger proportion (15.4%) of OTUs in HwA_ ≥ 2Y than HwA_ < 2Y (5.7%) was shared with the HwoA group (Figure 1B). Beta diversity analysis revealed that the gut bacterial communities in the samples from HwoA significantly differed from those in samples from HwA (PERMANOVA, F = 3.1526, p < 0.001) and from the subgroups with a cutoff of 2 years (PERMANOVA, F = 2.1526, p < 0.001). Interestingly, the HwA subgroups (HwA_ < 2Y and HwA_ ≥ 2Y) tended to have greater microbial ecological similarity with HwoA over time (Figure 1C), even with no significant differences detected between these two subgroups (PERMANOVA, F = 1.1646, p = 0.184). These results suggest appendectomy disrupted the gut bacteria composition, which was restored over time.
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FIGURE 1. Alterations of gut bacterial diversity and communities, based on 16S V3–V4 sequencing data from HwoA, HwA_ < 2Y, and HwA_ ≥ 2Y. (A) Alpha diversity estimated by richness (observed OTUs), Shannon diversity, and Pielou’s evenness. Letters indicate the grouping (p < 0.05) by Kruskal–Wallis rank-sum test with Benjamini–Hochberg corrections. (B) Venn diagram of OTUs shared by and exclusive to the three groups. Corresponding percentages are noted for relevant overlaps. (C) Differences in gut bacterial community structures among the groups, assessed by principal coordinate (PCo) analysis of Bray–Curtis distance (p < 0.001). OTUs, operational taxonomic units. *Average.


Gut bacteria were dominated by Bacteroidetes, Firmicutes, Proteobacteria, and Fusobacteria at the phylum level (Figure 2A and Supplementary Figure 2A) and by Bacteroidaceae, Ruminococcaceae, Prevotellaceae, Acidaminococcaceae, Lachnospiraceae, Enterobacteriaceae, and Veillonellaceae at the family level (Figure 2B and Supplementary Figure 2B). Further analyses at the genus level revealed significantly higher abundances of Escherichia-Shigella, Veillonella, Klebsiella, Megasphaera, Flavonifractor, the Ruminococcus gnavus group, and Streptococcus in HwA subgroups than in HwoA (Supplementary Figure 3), with a trend toward restoration of the HwoA level with time after appendectomy (Figure 2C). On the other hand, Roseburia, Barnesiella, Butyricicoccus, Odoribacter, and Butyricimonas were significantly more abundant in the HwoA group than in the HwA subgroup (Supplementary Figure 3). Roseburia, Butyricicoccus, Odoribacter, and Butyricimonas became more abundant over time after appendectomy (Figure 2C).
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FIGURE 2. Gut bacteria compositions and differences in the HwoA and HwA subgroups. The overall bacterial structures of the three groups at (A) phylum and (B) family levels, expressed as the relative abundance of OTUs in each group. (C) The relative abundances of major (> 0.01%) bacterial genera significantly differed among HwA subgroups (< 2Y and ≥ 2Y) and HwoA (p < 0.05). The “un_f” in bacterial nomenclature means unclassified family at genus level. OTUs, operational taxonomic units.




Gut Fungal Alterations After Appendectomy

Gut fungal communities were analyzed by ITS2 sequencing. The alpha diversity indices of the gut fungal communities, including the observed, Shannon, and evenness indices, were significantly higher in samples from HwA than those from HwoA (Supplementary Figure 4A). This difference was also observed for all HwA subgroups (Supplementary Figures 4B,C), even for individuals who had undergone appendectomy at least 5 years prior to the study (HwA_ ≥ 5Y) (Figure 3A). The Venn diagram shows a larger proportion of OTUs in HwA_ ≥ 5Y (25.7%) than in HwA_ < 5Y (17.6%) were shared with HwoA. Conversely, HwA_ < 5Y contained a higher proportion (63.7%) of exclusive OTUs than HwA_ ≥ 5Y (31.5%) (Figure 3B). Beta diversity analysis showed that the samples from HwoA were clearly separated from those from HwA (PERMANOVA, F = 4.030, p < 0.001) and from the subgroups divided at 5 years (PERMANOVA, F = 2.532, p < 0.001). Moreover, the HwA subgroups did not display increasing similarity to HwoA over time (Figure 3C). These results suggest that the effects of appendectomy on the gut fungal community persisted for at least 5 years, without obvious restoration over time. The fungal communities were dominated by Ascomycota and Basidiomycota at the phylum level (Figure 4A) and by Saccharomycetaceae, Aspergillaceae, and unclassified Ascomycota and Basidiomycetes at the family level (Figure 4B and Supplementary Figure 5). Further analyses at the genus level revealed that the abundances of many genera were significantly different in HwA and HwoA fecal samples (Supplementary Figure 6). Interestingly, the abundances of Hanseniaspora, Alternaria, Chaetomium, Fusarium, Paraphoma, Mycosphaerella, and Penicillium decreased with time post-appendectomy (Figure 4C), whereas the abundances of Aspergillus and unclassified Microascaceae increased over time after appendectomy (Figure 4C).
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FIGURE 3. Alterations of gut fungal diversity and communities, based on ITS2 sequencing data of HwoA, HwA_ < 5Y, and HwA_ ≥ 5Y. (A) Alpha diversity estimated by the observed, Shannon, and evenness indices. Letters indicate the grouping by Kruskal–Wallis rank-sum test with Benjamini–Hochberg corrections (p < 0.05). (B) Venn diagram of the OTUs shared by and exclusive to the three groups. Corresponding percentages are noted for relevant overlaps. (C) Differences in gut fungal community structures among the groups, assessed by principal coordinate (PCo) analysis of Bray–Curtis distance (p < 0.001). OTUs, operational taxonomic units.
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FIGURE 4. Gut fungal community compositions and differences in the HwoA and HwA subgroups. The overall fungal structures of the three groups at (A) phylum and (B) family levels, expressed as the relative abundance of OTUs in each group. (C) Relative abundances of major (> 0.05%) fungal genera significantly differed among HwA subgroups (< 2Y and ≥ 2Y) and HwoA (p < 0.05). OTUs, operational taxonomic units.


Fungal abundance correlation networks were constructed to evaluate the ecosystem structure. A richer, more complex network of correlations between fungal communities was observed in HwA than in HwoA samples (Figure 5A). As expected, the density of the fungal correlation network decreased over time in the HwA subgroups, as attested by decreased relative connectedness and fewer neighbors. However, there was a significantly higher density in HwA_ ≥ 5Y samples than in HwoA samples for these two parameters, as well as more nodes (OTUs) and edges (connections) in the networks (Figures 5A,B).
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FIGURE 5. Gut fungal microbiota correlation networks. (A) Abundance correlation networks of HwA, HwA subgroups (< 5Y and ≥ 5Y), and HwoA analyzed by Spearman’s test with Benjamini–Hochberg corrections. Each node represents an OTU, and its size is scaled to the number of indirect edges within each network. Edges indicate correlations (positive in red and negative in green). Only OTUs present in > 50% of samples in the group were considered, and only significant correlations (p < 0.05) are shown. The table in the inset shows the network parameters. The relative connectedness is the ratio between the number of edges and the number of nodes in the network. (B) Neighbors of each node within the network. Black stars indicate mean values. Letters indicate the grouping by Kruskal–Wallis rank-sum test with Benjamini–Hochberg corrections (p < 0.05). OTUs, operational taxonomic units. *Average.




Interactions Between the Gut Fungal and Bacterial Communities

To gain an overview of the gut microbial shifts after appendectomy, we first addressed the equilibrium between fungal and bacterial diversity by determining the fungi-to-bacteria diversity ratio. The ratios of the observed, Shannon, and evenness indices were all significantly increased in the HwA group (Figure 6A; p < 0.05), suggesting a more prominent influence of appendectomy on the fungal community than the bacterial community. Furthermore, abundance correlation networks of bacterial and fungal interactions at the genus level were constructed to explore the interkingdom interactions. Compared with the HwoA group, the HwA group had a denser, obviously disrupted fungi–bacteria network, as illustrated by the increased relative connectedness and more neighbors (Figure 6B). Indeed, significantly more neighbors were observed for each node in the HwA samples than for those of the HwoA samples (Figure 6C). These results indicate that appendectomy is associated with alterations of bacterial–fungal interactions in terms of diversity and taxa relative abundances.
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FIGURE 6. Interactions between gut fungal and bacterial communities. (A) Fungi-to-bacteria diversity ratios of the observed, Shannon, and evenness indices. (B) Abundance correlation networks of gut fungal and bacterial communities analyzed by Spearman’s test. Each node represents a genus, with bacteria in brown and fungi in blue/violet. Node size is scaled to the number of indirect edges within each network. Edges indicate correlations (positive in red and negative in green). Only genera present in ≥ 20% of samples in the group were considered, and only significant correlations (p < 0.05) are shown. The table in the inset shows the network parameters. The relative connectedness is the ratio between the number of edges and the number of nodes in the network. (C) Neighbors of each node within the network. Black stars are mean values. *Average.




DISCUSSION

In this study, fecal 16S and ITS2 sequences were used to investigate the gut microbiota of individuals with and without a history of appendectomy. We demonstrated that both gut bacterial and fungal communities in healthy subjects with a history of appendectomy are apparently distinct from those in healthy controls. Studies indicated that, 4 weeks after conventionalization, appendectomized germ-free mice have a distinct, less diverse bacterial composition than sham-operated germ-free mice (Masahata et al., 2014). On the contrary, a previous study reported that a history of appendectomy was not associated with beta diversity and that 22 taxa that were more abundant after appendectomy were not statistically different after adjustment (Goedert et al., 2014). In our study, alpha diversity indices did not significantly differ between HwA and HwoA, but beta diversity revealed that the gut bacterial composition of HwA was significantly separated from that of HwoA. Since the literature on this topic is limited, a more complete understanding remains to be gained through additional studies. Notably, in accordance with a previous report, our results suggested that the HwA subgroups tended to gain bacterial ecological similarity to HwoA over time after appendectomy. Similarly, at 8 weeks after conventionalization, the alteration of fecal microbiota composition in appendectomized mice was no longer apparent, and the numbers of colonic IgA-secreting cells normalized (Masahata et al., 2014). Interestingly, our HwA subgroup analysis revealed that gut fungal composition did not shift toward that observed in HwoA over time. Thus, the effect of appendectomy on gut fungi may be more persistent than that on bacteria. Our research indicated that appendectomy had different impact on fecal fungi and bacteria over time.

In our study, gut bacteria were dominated by Bacteroidetes, Firmicutes, Proteobacteria, and Fusobacteria at the phylum level in both HwA and HwoA. Further analyses at the genus level revealed that Roseburia, Barnesiella, Butyricicoccus, Odoribacter, and Butyricimonas were significantly more abundant in HwoA samples than HwA subgroup samples. Importantly, these more abundant bacteria were identified as short-chain fatty acid (SCFA)-producing microbes (Louis and Flint, 2017). In the gut, SCFAs such as butyric acid, propionic acid, and acetic acid are speculated to play key roles in immune regulation, intestinal mucosal protection, protection against inflammation, and epithelial cell energy provision (Rios-Covian et al., 2016). Some epidemiological studies have shown that removal of the appendix may increase the risk of type 2 diabetes (T2D) and PD (Killinger et al., 2018; Rubin, 2019). Though these associations are controversial and the mechanisms are unclear, alterations in microorganism communities may contribute to post-appendectomy disease occurrence (Killinger et al., 2018; Killinger and Labrie, 2019; Rubin, 2019). Disorders of propionate, an SCFA, in the gut are associated with an increased risk of T2D (Sanna et al., 2019). Studies of fecal microbiota in patients with PD have revealed lower levels of fiber-degrading bacterial strains and less SCFA production than observed in matched healthy controls (Unger et al., 2016; Li et al., 2017). Moreover, the long-term side effects of antibiotics can decrease the concentration of SCFAs (Holota et al., 2019). However, the roles of SCFA production are contradictory, as they can both benefit the host and lead to metabolic diseases (Schwiertz et al., 2010; Zhao et al., 2018; Pingitore et al., 2019). These results suggest that increasing SCFA-producing microbes due to appendectomy could contribute to the development of specific diseases.

Our study also found that, compared with HwoA, HwA had increased fungal biodiversity and relative changes in the abundance of many fungal groups, which lasted for at least 5 years. Ascomycota and Basidiomycota predominated among the intestinal fungi in both the HwA and control groups. The Basidiomycota-to-Ascomycota ratio in HwA was lower than that in HwoA, and the ratio dropped with time after appendectomy. The gut microbiota plays an important role in the pathogenesis of ulcerative colitis (UC) and colorectal cancer (CRC) (Gao et al., 2017; Ni et al., 2017; Raskov et al., 2017; Khan et al., 2019). It has also been reported that undergoing appendectomy in early life, before the onset of UC, may reduce the risk of colectomy and UC-related hospital admissions (Myrelid et al., 2017). However, it is still unclear if patients with UC can benefit from appendectomy (Park et al., 2014; Parian et al., 2017; Sahami et al., 2019). The relationship between appendectomy and CRC is inconclusive (Grobost et al., 1991; Mellemkjaer et al., 1998; Cope et al., 2003; Wu et al., 2015). The roles of immunoregulation and the microbiota in these associations require clarification. The fecal fungal microbiota of UC and CRC patients are also dominated by Ascomycota and Basidiomycota. In contrast to our findings, the Basidiomycota-to-Ascomycota ratio is higher in individuals with active UC and CRC than in healthy individuals, indicating intestinal fungal imbalance. We demonstrated that the correlation networks of fungal–fungal and fungal–bacterial interactions were denser and obviously disrupted in HwA. Alterations of intrafungal and interkingdom bacteria–fungi interactions are also observed in the settings of CRC and UC (Sokol et al., 2017; Coker et al., 2019). Taken together, these clinical observations and our results provide microbial insights in future research on the mechanism of appendectomy and related diseases.

However, there are some limitations to our study. This was a single-center observational study with a relatively small sample size. In addition, changes in gut immunity and microbial metabolism were not investigated. However, we enrolled individuals who were at various stages post-appendectomy, which allowed us to preliminarily analyze the duration of microecological changes after surgery. We also provided a first analysis of the fecal fungal profiles of individuals with a history of appendectomy.



CONCLUSION

We conclude that bacterial and fungal gut microbiota are altered after appendectomy. Moreover, our study elucidates that removal of the appendix alters intrafungal and bacteria–fungi interactions. It appears that the effects of appendectomy on the fecal fungal community are more marked and durable than on bacteria. However, the underlying mechanisms through which appendectomy alters the gut microbiota and the biological consequences of these changes remain to be explored.
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Objectives: COVID-19 is highly infectious and has been widely spread worldwide, with more than 159 million confirmed cases and more than 3 million deaths as of May 11, 2021. It has become a serious public health event threatening people’s lives and safety. Due to the rapid transmission and long incubation period, shortage of medical resources would easily occur in the short term of discovering disease cases. Therefore, we aimed to construct an artificial intelligent framework to rapidly distinguish patients with COVID-19 from common pneumonia and non-pneumonia populations based on computed tomography (CT) images. Furthermore, we explored artificial intelligence (AI) algorithms to integrate CT features and laboratory findings on admission to predict the clinical classification of COVID-19. This will ease the burden of doctors in this emergency period and aid them to perform timely and appropriate treatment on patients.

Methods: We collected all CT images and clinical data of novel coronavirus pneumonia cases in Inner Mongolia, including domestic cases and those imported from abroad; then, three models based on transfer learning to distinguish COVID-19 from other pneumonia and non-pneumonia population were developed. In addition, CT features and laboratory findings on admission were combined to predict clinical types of COVID-19 using AI algorithms. Lastly, Spearman’s correlation test was applied to study correlations of CT characteristics and laboratory findings.

Results: Among three models to distinguish COVID-19 based on CT, vgg19 showed excellent diagnostic performance, with area under the curve (AUC) of the receiver operating characteristic (ROC) curve at 95%. Together with laboratory findings, we were able to predict clinical types of COVID-19 with AUC of the ROC curve at 90%. Furthermore, biochemical markers, such as C-reactive protein (CRP), LYM, and lactic dehydrogenase (LDH) were identified and correlated with CT features.

Conclusion: We developed an AI model to identify patients who were positive for COVID-19 according to the results of the first CT examination after admission and predict the progression combined with laboratory findings. In addition, we obtained important clinical characteristics that correlated with the CT image features. Together, our AI system could rapidly diagnose COVID-19 and predict clinical types to assist clinicians perform appropriate clinical management.

Keywords: COVID-19, CT images, laboratory findings, artificial intelligence, correlation analysis


INTRODUCTION

In December 2019, a cluster of patients with unidentified pneumonia disease was discovered. Soon a novel coronavirus was isolated from these patients, which belonged to the beta-coronavirus family and was named severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) (Zhu et al., 2020). On February 12, 2020, the World Health Organization (WHO) named the disease as Coronavirus Disease 2019 (COVID-19) as it had spread quickly all over the world and developed into a plague (Mahase, 2020). By May 11, 2021, more than 159 million people were confirmed infected with more than 3 million cases of mortality. The crowd was affected easily, and the common clinical manifestations were fever, dry cough, and fatigue (Chen et al., 2020; Huang et al., 2020). Mild patients may have no obvious clinical symptoms, while severe patients may have dyspnea and hypoxemia. The incubation period of COVID-19 was 1–14 days, mostly 3–7 days, and it was infectious even in the incubation period (Sun et al., 2020). The main transmission route was via respiratory droplets and close contact (Li et al., 2021). Patients with COVID-19 but with no symptoms may have transmitted the virus to close contacts before a definite diagnosis could be made. Though there are many studies on identifying effective drugs against SARS-CoV-2 (Tang et al., 2020; Peng et al., 2021), most of them need further experimental and clinical validation (Peng et al., 2020; Zhou et al., 2020). Therefore, early diagnosis was extremely important.

According to the current diagnostic criteria, the gold standard of diagnosis was nucleic acid detection, and reverse transcription–polymerase chain reaction (RT-PCR) had become the main test method because of its low cost and high speed compared to complete genome sequencing (Loeffelholz and Tang, 2020). However, due to sampling deviation, with low viral load (the number of virus replications cannot reach the qPCR detection threshold) in the specimen and the accuracy of detection reagents, the detection results may be false negative (Ai et al., 2020; Mei et al., 2020; Rubin et al., 2020), which resulted in suspected patients not being identified and isolated in time. This would lead to further spread of infection, resulting in the epidemic being difficult to control. On the other hand, patients with COVID-19 could not get timely treatment if not identified, so a series of nucleic acid tests may be required to eliminate the possibility of false-negative results in suspected or discharged patients. During the outbreak of a highly infectious epidemic, a novel method for rapid and accurate diagnosis of patients with COVID-19 was urgently needed.

Chest computed tomography (CT) examination was an indispensable method in the diagnosis of COVID-19, and CT could reveal the severity of COVID-19 as well as the disease progression in dynamic monitoring, while nucleic acid detection was only a qualitative test result (Dai et al., 2020). In the critical epidemic situation of Wuhan, China, CT played an important role for patients who had negative nucleic acid tests but with symptoms or close contact with the confirmed patients. The most common CT findings in patients affected by COVID-19 included ground glass opacities (GGO) and consolidation involving the bilateral lungs in a peripheral distribution (Zhang et al., 2020). Pleural effusions, lymphadenopathy, and discrete pulmonary nodules were very rare (Kanne, 2020; Nishiura et al., 2020; Song et al., 2020). Consolidation was considered as a sign of disease progression. However, CT alone was not suitable for independently ruling out SARS-CoV-2 infection to the best of our knowledge because some patients may have normal radiological features at early stages of the disease and doctors could not distinguish by naked eye observation (Chung et al., 2020). During the period of the epidemic, the physicians needed to analyze numerous CT images to judge the condition of patients and integrated them with clinical information to make the final judgment. Thus, developing artificial intelligence (AI)-based imaging analysis methods was crucial to support physicians. Mei et al. (2020) had established an AI algorithm to combine chest CT findings with clinical symptoms, laboratory testing, and exposure history to rapidly diagnose patients with SARS-CoV-2.

In this study, we used AI algorithms to construct a model to attempt to distinguish patients with COVID-19 from common pneumonia and non-pneumonia based on CT images rapidly and accurately, which would greatly reduce the workload of radiologists and also brought huge convenience to the hospitals without experienced radiologists. It was convenient for doctors to take timely and accurate pertinent treatment and improve their prognosis. Furthermore, we could predict the progression of COVID-19 combined with laboratory findings on admission, and this would be very meaningful for medical workers to take appropriate treatment.



MATERIALS AND METHODS


Data Collection

This retrospective study had been approved by the ethics committees of the Inner Mongolia People’s Hospital. Further informed consent was waived with approval, as the study only involved de-identified data and had no potential risk to patients.

We collected chest CT images and clinical information from all confirmed COVID-19 patients who were admitted to different hospitals in Inner Mongolia. All patients had been confirmed COVID-19 positive by nucleic acid detection. In addition, novel coronavirus pneumonia cases that entered Inner Mongolia from overseas were also included in the study. The demographic characteristics, clinical features of first detection, and initial chest CT images were sorted out. Other pneumonia (not COVID-19) and non-pneumonia patients were randomly selected from hospitals within the last 6 months before COVID-19 occurred.



Preprocessing and Image Augmentation

Qualified CT slices were selected by senior radiologists from the original hundreds of images produced by CT scanners. Pulmonary tissue <20% of the size of the body part and the images containing severe artifacts or obvious image resolution reductions were excluded. Finally, we selected 1,041 chest CT images from 150 non-pneumonia patients, 965 CT images from 186 patients with COVID-19, including 61 mild and 125 moderate types, and 852 CT images from 113 other pneumonia patients. The raw CT images with 512 × 512 pixels were rescaled to the size of 224 × 224 pixels, after which we normalized image channels, respectively.

To alleviate an overfitting phenomenon, data augmentation is employed. By applying horizontal flipping image data, we doubled the number of images in the training data set.



Model Construction Using Transfer Learning

To build an automated system with two progressive models, the first model is used for diagnosing COVID-19, and the second is for disease typing. For the first model, a one-vs.-the-rest classification strategy is employed; more specifically, the CT data were divided into one (COVID-19) vs. other two classes that include other pneumonia cases and normal control cases. Fairly, fivefold cross-validation is used for performance evaluation (Kaczorowska et al., 2021). Patients with each disease type were divided into five subgroups with stratified sampling. In our experimental setup, we loaded three pre-trained models (resnet18, vgg19, and vgg16) on the ImageNet database and reset the size of the final fully connected layer. Training was terminated when the validation accuracy did not increase for 10 epochs. Transfer learning was a popular method in computer vision community since it enabled an accurate model to be established in a short time (Rawat and Wang, 2017).

For the model combining CT images and laboratory findings, we applied the global averaging layer to the last layers of the convolutional model described previously to derive a 512 dimensional feature vector for representation. The way we used in multimodal fusion is Compact Bilinear Pooling (CBP). A total of 55 laboratory findings of the same patient were concatenated with this feature vector. A Multi-Layer Perceptron (MLP) took this combined feature vector as the input to predict the status of COVID-19. We used a three-layer MLP; each layer has 64 nodes followed by a batch normalization layer, a fully connected layer, and a ReLU activation function. The MLP was trained with an end-to-end manner. Then, we applied binary cross-entropy loss function to evaluate both MLP and CNN during the feed forward phase. Eventually, we evaluated the performance of models based on four metrics, which include area under the curve (AUC) of receiver operating characteristic (ROC), sensitivity, specificity, and accuracy.



Correlation Analysis Between Imaging Features and Laboratory Findings

Clinical records collected from patients with COVID-19 included demographic characteristics, such as gender and age, clinical data on vital signs and symptoms, as well as dynamic results of laboratory test and imaging data monitored from admission to discharge. Laboratory tests included routine blood tests, liver and kidney biochemical indicators, coagulation function tests, and serum protein levels and activities.

To explore the correlation between lung CT image features and laboratory detection indexes, Spearman’s correlation test was applied. A total of 512 CT features and 55 experimental detection indicators were input. The resultant correlation was considered significant when p < 0.05 after correction with the Holm–Bonferroni method.




RESULTS


Imaging Protocol

As the methods used in model construction were relatively complex and multiple threads were covered in this study, we drew a flowchart to illustrate the experimental process (Figure 1). Firstly, we used three kinds of methods to construct models to distinguish patients with COVID-19, other common pneumonia, and normal controls based on the chest CT scans, then the model was built to further classify the types of COVID-19 based on CT images on admission. Lastly, the laboratory findings were combined with the CT scans to improve the performance of machine-learning models to classify the types of COVID-19.
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FIGURE 1. Scheme of our deep learning framework based on the first chest CT images and laboratory findings for the diagnosis and classification of COVID-19. The first row describes the process of constructing the diagnosis model. Full CT images of COVID-19, other pneumonia, and non-pneumonia were taken as input and generated the probability of three disease states with classification networks. The second row indicates predicting the clinical classification of COVID-19 based on CT images only and based on CT images together with laboratory findings.




Image Datasets of Patients

We collected all CT images of 237 patients with COVID-19 from admission to discharge in Inner Mongolia, with 79 domestic cases and 158 imported cases. Among them, seven patients belong to severe novel coronavirus pneumonia, 160 patients were moderate type, and 70 patients were mild type. We finally got 2,858 qualified CT slices taken into model construction after a selection performed by experienced radiologists, which were from 186 patients infected with SARS-CoV-2, 113 other pneumonia patients, and 150 normal control patients (Table 1). The severe type of COVID-19 was excluded, as the number of this kind of patients was too low. In addition, the number of mild type was significantly less than the moderate type. In order to get better training effect, we should make the number of CT films as close as possible.


TABLE 1. Summary of the patients’ information.
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Results of the Diagnostic Model

Normalized CT images were put into the model construction without the preprocessing of lung segmentation or feature selection. To distinguish COVID-19 from other common pneumonia and normal controls, we applied vgg19, resnet18, and vgg16 as a backbone to train the deep learning model, and the performance of the ROC curve of these AI models based on test data is demonstrated in Figure 2A. All models have achieved superior performance with AUC value of ROC curves between 0.94 and 0.95, and the AUC value of vgg19 presenting the highest. In addition, we calculated and compared the sensitivity, specificity, and accuracy of the three AI models. Among them, the best model vgg19 was able to distinguish COVID-19 from the other two classes with 78.85% accuracy, 98.54% sensitivity, and 59.16% specificity (Figure 2B).


[image: image]

FIGURE 2. Performance of our AI systems in differentiating COVID-19 from other common pneumonia and normal controls. (A) ROC curves of vgg16, vgg19 and resnet18 systems. (B) Normalized confusion matrix of vgg19 system.


In order to make the model better understood, we used the Class Activation Mapping (CAM) method (Zhou et al., 2016) to visualize the important domains resulting in the decision of the model. After preprocessing, such as removing noise and rescale, the region heat maps were fully generated by a deep learning model without manual annotation. We selected a typical image from each of the three disease types to show in Figure 3. The first column displays the original image and heat map of normal control patients from top to bottom. The second column demonstrates the original image and heat map of other pneumonia patients and the third column shows images of COVID-19. The heat maps are standard jet color pictures made by OpenCV and are overlapped on the initial image, where dark red highlights the activation regions associated with the classification.
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FIGURE 3. Typical examples of chest CT images of patients and visual features correlated to classification. The first row demonstrates the original images of patients with normal control, other pneumonia, and COVID-19, respectively. The second row demonstrates heat maps corresponding to the first row, showing highly relevant areas of classification.




Performance of Predicting Mild and Moderate Types of COVID-19

After establishing a model that can quickly and accurately diagnose COVID-19, we also want to further establish an automatic classification system so that a truly integrated diagnosis and treatment can be realized, helping doctors determine whether the patient is suffering from COVID-19 at the shortest time possible after receiving the patient. If the person is suffering from COVID-19, what kind of clinical type is it? The most suitable treatment can then be taken on time.

Firstly, we still predicted the clinical classification of patients (mild or moderate) based on the CT images on admission. Since the number of severe patients collected was too low, this type was excluded temporarily. After screening, we collected 495 qualified CT films from 61 mild patients and 470 qualified CT films from 125 moderate patients. The fivefold cross-validation method is still used to construct the classification system based on three pre-trained networks (vgg19, vgg16, and resnet18). The ROC curves of the classification systems are shown in Figure 4A. Among them, the model based on resnet18 has the highest AUC value (0.75). Its confusion matrix is shown in Figure 4B, with a sensitivity of 76.92% and a specificity of 79.17%. The AUC values of the other two models were 0.73 (vgg16) and 0.74 (vgg19), respectively. According to these results, it could be seen that the performance of the model constructed only based on CT images was not good enough for clinical application.
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FIGURE 4. Performance of our AI Systems in predicting mild and moderate types of COVID-19 based on the original CT images and on the original CT images plus biochemical indicators. (A,B) ROC curves and normalized confusion matrix of one model (resnet18) based on the original CT images. (C,D) ROC curves and normalized confusion matrix (vgg19) based on the original CT images and biochemical indicators.


Considering that there was still a lot of routine examination information available on admission, we combined the information and CT images as input to establish a predictive classification model. The ROC curve of these three models we built is shown in Figure 4C. The performance of all models greatly improved after combining the laboratory findings, with AUC values ranging from 0.88 to 0.90. The confusion matrix of vgg19, which had the best AUC value, is displayed in Figure 4D, with a sensitivity of 74.47% and a specificity of 81.62% on the test set.



Correlations of Lung Imaging Features and Laboratory Findings of COVID-19

Lung imaging features could reflect values of clinical biochemical parameters to some extent. Zhang et al. (2020) also reported that volume lesion ratio of lung was well linearly correlated to clinical parameters, such as C-reactive protein (CRP) and albumin. In order to investigate the association between CT features and biochemical indicators, we performed Spearman’s correlation tests and found key biochemical markers. The threshold of significant correlation was p < 0.05 after correction with the Holm–Bonferroni method, then the p-value was further refined into p < 0.001 (marked as 1), p < 0.01 (marked as 2), and p < 0.05 (marked as 3), which are labeled in Figure 5. In addition, we selected a |correlation value| of CT feature ≥0.35 and a |correlation value| of laboratory findings ≥0.30 to show in Figure 5. Eosinophil ratio (EO%), eosinophils (EOS), and lymphocyte number (LYM_N) showed highly positive correlations with the X370 feature of CT (lesion features). Generally speaking, the increase of eosinophils and lymphocyte number at the same time is considered to be caused by virus infection, which may be reflected on CT images of the lung. Glucose (GLU), red cell distribution width standard deviation (RDW_SD), chlorine (Cl), and mean corpuscular volume (MCV) were highly correlated with the X242 and X89 feature of CT. CRP, γ-glutamyl transpeptidase (GGT), direct bilirubin (DBIL), lactic dehydrogenase (LDH), and total bilirubin (TBIL) were highly correlated with the X402 feature of CT, whereas indirect bilirubin (IBIL), DBIL, and TBIL showed highly negative correlations with the X49 feature of CT.
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FIGURE 5. Correlations of lung imaging features and laboratory findings. Horizontal axis represents biochemical index, and vertical axis represents CT features. Number one indicates p < 0.001, number two indicates p < 0.01, and number three indicates p < 0.05.


This means the damage of liver and heart can be reflected in lung imaging as these biochemical indexes are markers of liver and heart function, suggesting that pulmonary lesions are not only related to the function of the respiratory system but also related to the health of other major organs, although we did not know the exact underlying pathogenetic mechanisms.




DISCUSSION

In this study, we collected CT images of all patients with COVID-19 in Inner Mongolia since the outbreak and CT images of other common pneumonia and normal controls who visited the hospital 6 months before the outbreak of COVID-19. Based on these CT images, we applied three network structures to construct a deep learning model for disease classification. Among these, vgg19 represented the best performance with an AUC of 0.95, which provided a favorable tool for rapid diagnosis of COVID-19. It was conceivable that if this model was applied to medical units, it would help radiologists and clinicians fight against the pandemic and reduce their burden. Especially in remote areas or communities where there was lack of experienced doctors, it would be an effective complementary measure. For patients with COVID-19, we further developed a deep learning model to predict the clinical classification through CT images of the first examination after admission. However, the classification effect of the prediction model based on three network structures was lower than expected, so the laboratory findings were added to improve the prediction effect and the performance of vgg19 was raised to an AUC of 0.90. This would be conducive to the timely arrangement of an appropriate treatment plan according to the patient’s condition to achieve the efficient management of patients. Thus, based on the routine examination items of patients, we built a rapid identification and classification system of COVID-19. In addition, we found that CRP, EOS, LDH, and other indicators were significantly correlated with the CT image features of the lung.

Our research still had some limitations. Firstly, the sample size used to build the model was relatively small. Deep learning typically needed a large number of samples to extract features and the training model in order to achieve wider applicability and higher accuracy. Our model put forward the feasibility of using CT images to predict the trend and classification of COVID-19 disease, and more samples are needed to optimize the model and test the generalizability of the an AI model. The cooperation with more medical centers or hospitals may contribute to the improvement of this work. Secondly, as the number of severe and critical patients was too few, their CT slices were not included in this study. The model still needed to be improved in predictable subtypes and disease severity. If we could collect more CT images of severe patients to train the model, this study will include more comprehensive types of prediction and will be more applicable in clinical practice. Thirdly, we adopted the chest CT slices directly without preprocessing of lung segmentation in order to save time, while lung segmentation preprocessing was generally regarded to improve the accuracy of AI training (Chung et al., 2018; Li et al., 2020; Xu et al., 2020). In weighing the advantages against the disadvantages, we chose transfer learning based on resnet18, vgg19, and vgg16 pre-trained CNN models in the ImageNet data sets (Shin et al., 2016) and fivefold cross-validation. Finally, besides early diagnosis, tracing the origin of SARS-CoV-2 is also critical for understanding and preventing the further outbreak of this virus (Li et al., 2021). There are many methods to identify the evolution of influenza that could be adopted in SARS-CoV-2 (Yang et al., 2013, 2014a). In addition, ideas like antigenic map (Barnett et al., 2012; Huang et al., 2017) and sequence-based virus antigenicity prediction (Sun et al., 2013; Yang et al., 2014b; Yao et al., 2017) are helpful for the vaccine design of SARS-CoV-2. More importantly, drug–target interaction identification (Peng et al., 2017; Zhou et al., 2019) based on the existing two targets (SARS-CoV-2 spike protein and human ACE2) may contribute to the prevention of COVID-19. However, it is out of the scope of this study.

After analyzing the correlation between clinical features and CT image features, we found that there were some features with high positive or negative correlation. As we did not extract and specify image features, such as GGO and consolidation, but chose the pixel feature of the image as the input, we could get a more comprehensive analysis. However, it was difficult to explain how the association was made. In future studies, we will collect more samples from hospitals or public databases to further optimize the performance of AI systems and extend the applicability.
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Intestinal dysmotility is common in many diseases and is correlated with gut microbiota dysbiosis and systemic inflammation. Functional constipation (FC) is the most typical manifestation of intestinal hypomotility and reduces patients’ quality of life. Some studies have reported that fecal micriobiota transplantation (FMT) may be an effective and safe therapy for FC as it corrects intestinal dysbiosis. This study was conducted to evaluate how FMT remodels the gut microbiome and to determine a possible correlation between certain microbes and clinical symptoms in constipated individuals. Data were retrospectively collected on 18 patients who underwent FMT between January 1, 2019 and June 30, 2020. The fecal bacterial genome was detected by sequencing the V3–V4 hypervariable regions of the 16S rDNA gene. Fecal short chain fatty acids (SCFAs) were detected by gas chromatography-mass spectrometry, and serum inflammatory factor concentrations were detected via enzyme-linked immunosorbent assay. Comparing the changes in fecal microbiome compositions before and after FMT revealed a significant augmentation in the alpha diversity and increased abundances of some flora such as Clostridiales, Fusicatenibacter, and Paraprevotella. This was consistent with the patients experiencing relief from their clinical symptoms. Abundances of other flora, including Lachnoanaerobaculum, were decreased, which might correlate with the severity of patients’ constipation. Although no differences were found in SCFA production, the butyric acid concentration was correlated with both bacterial alterations and clinical symptoms. Serum IL-8 levels were significantly lower after FMT than at baseline, but IL-4, IL-6, IL-10, and IL-12p70 levels were not noticeably changed. This study showed how FMT regulates the intestinal microenvironment and affects systemic inflammation in constipated patients, providing direction for further research on the mechanisms of FMT. It also revealed potential microbial targets for precise intervention, which may bring new breakthroughs in treating constipation.
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INTRODUCTION

Intestinal motility disorder is common with many diseases such as irritable bowel syndrome (IBS), inflammatory bowel diseases, critical illness, and postsurgical intestinal dysfunction. Intestinal dysmotility alone may lead to poor quality of life for patients, while dysmotility in other diseases may contribute to a worse prognosis (Garrett and Bar-Or, 2008, Shimizu et al., 2011). Thus, gut motility disorder is problematic and requires further study.

Intestinal dysmotility is associated with many factors, including neuroimmune interactions and gut microbiota changes (De Jonge et al., 2005; Zhao and Yu, 2016). The intestinal flora may regulate intestinal motility by releasing bacterial metabolites such as short-chain fatty acids (SCFAs), intestinal neuroendocrine factors, and mediators released by the gut immune response (Barbara et al., 2005). Long durations of intestinal dysmotility, such as with chronic constipation, may alter the microbiome composition and intestinal permeability, which may lead to systemic immune system activation and inflammatory status changes (Khalif et al., 2005; de Jong et al., 2016). Therefore, intestinal motility disorders involve a series of complex pathophysiological processes in which the gut microbiota may play a key role.

Functional constipation (FC) is the most typical manifestation of intestinal hypomotility. According to the ROME IV criteria, FC is a gut-brain interaction disorder (Drossman and Hasler, 2016). Patients have difficulty defecating and may experience depression and/or anxiety. Furthermore, severe constipation can potentially lead to bowel obstruction. The American Gastroenterological Association recommends microbiota-modulating methods, such as dietary control and fiber intake, as the first-line treatment for FC, and probiotics such as Bifidobacterium lactis DN-173 010 and Lactobacillus casei Shirota are reported to have potential treatment efficacy (Chmielewska and Szajewska, 2010; Mearin et al., 2016). Laxatives and 5-HT4 receptor agonists are also recommended as empiric therapy (Mearin et al., 2016). However, few conservative treatments exist for refractory constipation, and patients whose symptoms are not relieved by the above treatments may require surgery.

Fecal microbiota transplantation (FMT) may help cure constipation that cannot be alleviated by other conservative treatments and may help many patients (Tian et al., 2017; Tian Y. et al., 2020). FMT involves transferring the gut microbiotas from healthy donors to patients to treat diseases and is effective for recurrent or refractory Clostridium difficile infections (Cammarota et al., 2017; Mullish et al., 2018). Under approval from the Ethics Committee of Shanghai Tenth People’s Hospital of Tongji University, we have been performing FMT on patients with bowel disorders since 2017. As of June 2020, we have treated over 1,000 patients with constipation, with an efficacy rate of > 67%. Most constipated patients have other diseases, such as diabetes, Parkinson’s disease and mental disorders, or have histories of drug use or surgeries that contributed or might have contributed to their defecation difficulties. The underlying mechanism by which FMT regulates gut motility remains unclear, especially when combined diseases may also affect the pathophysiological processes of constipation. We conducted this retrospective study to evaluate the clinical efficacy and gut microbiota remodeling ability of FMT on constipated patients and to explore the potential mechanisms underlying FMT and gut motility. We attempted to build an appropriate model of bowel hypomotility by selecting FC patients without combined diseases or surgical histories or histories of using drugs that might influence bowel motility or the gut microbiome. We hypothesized that FMT could relieve constipation symptoms by remodeling the gut microbiota composition and that the possible mechanism might be correlated with altered abundances of key bacteria and altered metabolism of products such as SCFAs. FMT may affect patients’ systemic immunity, which might cause and/or result in motility changes.



MATERIALS AND METHODS


Patient Clinical Data and Sample Collection

We retrospectively evaluated 18 patients with refractory constipation who were strictly without other combined diseases and were treated with FMT at Tenth People’s Hospital of Tongji University between January 1, 2019 and June 30, 2020. The Ethics Committee of Shanghai Tenth People’s Hospital of Tongji University reviewed and approved the study. Patients provided written informed consent to participate.

Patients were eligible for inclusion if they were diagnosed with FC according to the Rome IV criteria (Drossman and Hasler, 2016; Mearin et al., 2016) and had a Bristol Stool Form Scale (BSFS) of 1 or 2 (Lewis and Heaton, 1997). Other inclusion criteria were that patients were aged 18–65 years and had a body mass index (BMI) of 18–25 kg/m2.

Patients were excluded if they were pregnant or breast-feeding; their constipation was secondary to other diseases (e.g., endocrine, metabolic, or neurological disorders) or intervention (e.g., drugs); they had histories of organic digestive system diseases or disorders (e.g., peptic ulcers, bleeding erosive gastritis, megacolon, cancer, inflammatory bowel disease, intestinal obstruction, or other); they had a history of organ surgery; they had a history of systemic diseases (e.g., endocrine, renal, cardiovascular, respiratory, or other); they were definitively diagnosed with a psychiatric disorder; they had an active infection; they were treated with probiotics, prebiotics, antibiotics, or proton pump inhibitors within the last 3 months; or they had a previous history of FMT within the last year. Patients with depression or anxiety symptoms were also excluded, defined by a Hamilton Depression Scale (HAMD) or Hamilton Anxiety Scale (HAMA) ≥ 7. Considering the gut-brain interaction, mood disorders may influence both the gut microbiome and intestinal neurons; thus, mood disorders were considered confounding factors in studying how FMT affects gut motility (Mayer et al., 2015).



Study Design

This was a retrospective single-arm study to evaluate the changes in the gut microbiota and related biomarkers in FC patients who underwent FMT as well as the correlation between specific bacteria and clinical symptoms. Constipation-related clinical symptoms were evaluated both before and 4 weeks after FMT by complete weekly spontaneous bowel movements (CSBMs), stool consistency (BSFS) (Mearin et al., 2016), Wexner constipation score, the Patient Assessment of Constipation-Symptoms (PAC-SYM), and the Patient Assessment of Constipation Quality of Life (PAC-QOL) questionnaire (Ding et al., 2018; Zhang et al., 2018). Patients were defined as clinically cured if they had an average of three or more CSBMs per week during follow-up (Tian et al., 2017). Stool and blood specimens were collected during clinical evaluation. Feces were stored at −80°C within 20 min after collection. Serum samples were collected between 6 and 8 a.m. and stored at −80°C before use. The efficacy of FMT for treating constipation was evaluated by comparing clinical symptoms before and after FMT. The influence of FMT on gut microbiota profiles and systemic inflammatory conditions was reflected by changes in the fecal flora composition, SCFA concentrations, and serum IL-4, IL-6, IL-8, IL-10, and IL-12p70 levels.



Fecal Micriobiota Transplantation Process


Donor Screening

Unrelated donors were selected under the following conditions: (1) aged 18–30 years; (2) BMI of 18–25 kg/m2; (3) no pathological signs during physical examination; (4) no history or recent history of infectious diseases or gastrointestinal, metabolic, neurological, or other systematic disorders (Cammarota et al., 2017); (5) no recent use of drugs that can impair the gut microbiota composition (Cammarota et al., 2017); (6) had a regular routine and a healthy diet, appropriate exercise, family harmony, and no smoking or drinking habits; (7) passed blood and stool tests 4 weeks before donation, including general blood and stool testing and tests for possible pathogens or infectious diseases (Cammarota et al., 2017). Four donors met these criteria.



Preparation of Fecal Material

Approximately 100 g of donor feces were collected in a sterile container, mixed with 300 mL of sterile, non-bacteriostatic normal saline, passed through 2.0- and 0.5-mm sieves, amended with sterile glycerol to a final concentration of 10%, and stored frozen at −20°C for 1–8 weeks until use (Hamilton et al., 2012). Samples were prepared anaerobically within 6 h after fecal collection by the donor. The final fecal suspension contained the entire spectrum of the donor fecal microbiome as well as the metabolites and other possible active substances in the donor stool.



Clinical Management and Fecal Delivery

Patients orally received vancomycin for 3 days and underwent bowel lavage with polyethylene glycol 12–24 h before FMT. Fecal suspensions were thawed in a 37°C water bath and infused within 6 h of thawing via an indwelling nasojejunal tube (Cammarota et al., 2017). Each recipient received approximately 33.3 g of donor feces once daily from the same donor for 6 consecutive days (Zhang et al., 2018).



Sample Testing


Fecal Microbiome Testing Based on 16S rDNA Gene Analysis

Patients were asked to empty their bladder, then deliver stool into a sterile container. Approximately 2 g of feces were taken from the central part of the stool that had no contact with the air and placed in sterile cryotubes for storage at −80°C.

The fecal DNA was extracted and quantified using a NanoDrop 2000 spectrophotometer (Thermo Fisher Scientific Inc., MA). The V3-V4 hypervariable regions were amplified via polymer chain reaction (PCR) using the universal primers, forward (5′–3′): CCTACGGGRSGCAGCAG (341F) and reverse (5′–3′): GGACTACVVGGGTATCTAATC (806R). The amplicons were purified using an AxyPrep DNA Gel Extraction Kit (Axygen Biosciences, Union City, CA) followed by library quantification using a QubitTM dsDNA BR Assay Kit (Thermo Fisher Scientific). Finally, the pooled amplicons were paired end sequenced (2 × 250 bp) on an Illumina HiSeq PE250 sequencing platform. The sequencing depth was 42,501 reads per sample.



Fecal Short Chain Fatty Acid Quantification

Fecal SCFAs were quantified as previously described (Zheng et al., 2013). The fecal supernatant samples were quantified using an Agilent 7890A gas chromatograph coupled with an Agilent 5975C mass spectrometric detector (Agilent Technologies, U.S.). The initial oven temperature was 90°C, which was increased to 120°C at 10°C/min, to 150°C at 5°C/min, to 250°C at 25°C/min, and finally held at 250°C for 2 min. The concentrations of acetic acid (3.209 min), propionic acid (3.974 min), isobutyric acid (4.265 min), butyric acid (4.954 min), isovaleric acid (5.511 min), valeric acid (6.394 min), and caproic acid (8.023 min) were separated via a polar DB-WAX capillary column (30 m × 0.25 mm ID∗ 0.25 μm, Agilent, CA) with helium as the carrier gas at a constant flow rate of 1 mL/min.



Serum Inflammatory Factor Detection

Serum IL-4, IL-6, IL-8, IL-10, and IL-12p70 levels were detected using enzyme-linked immunosorbent assay (ELISA) kits (Neobioscience, China) according to the manufacturer’s protocol.



Statistical Analysis


Analysis of 16S Sequencing Data

Raw FASTQ files were aligned using Pandaseq (version 2.7) and quality-filtered (Masella et al., 2012). The tags were clustered into operational taxonomic units (OTUs) with a 97% similarity cutoff using UPARSE (version7.1) (Edgar, 2013), and 868 OTUs were revealed. The taxonomy of each 16S rDNA gene sequence was analyzed using RDP Classifier1 and annotated to each classification level (kingdom, phylum, class, order, family, genus, and species). Microbiota richness was analyzed using QIIME. Alpha diversity was calculated and compared between the two groups (before and after FMT) using paired Wilcoxon tests. Beta diversity was evaluated by (un)weighted UniFrac distances and analyzed by ANOSIM. Significant differences in microbiota abundances were compared via linear discriminant analysis effect size (LEfSe).



Analysis of Other Data and Correlations With the Microbiota

Continuous data are presented as the mean ± standard deviation, hierarchical data are presented as the medium (minimum, maximum), and categorical data are presented as numbers (%). Paired t-tests and paired Wilcoxon tests were performed to determine the differences in clinical symptoms, SCFA concentrations, and inflammatory factors. Spearman correlations were used to identify relationships between the microbiota and other phenotypes. Analyses were performed using R (version 4.0.3). A two-tailed p < 0.05 was considered statistically significant.



RESULTS


Patients’ Characteristics and Clinical Symptoms

Eighteen patients with constipation who were treated with FMT were included in the analysis. Table 1 and Supplementary Table 1 show the patients’ clinical characteristics. Patients’ constipation symptoms were significantly alleviated 4 weeks post-FMT (Table 2). Spontaneous defecation (CSBMs/week) increased from 0.7 ± 0.8 to 4.8 ± 2.5, and the stool form improved from hard to smooth and soft. Objective evaluation (Wexner score) and self-assessment (PAC-SYM, PAC-QOL) of the severity of constipation were significantly alleviated (p < 0.05). Supplementary Table 2 shows patients’ detailed clinical scale scores before and after treatment. Of the 18 patients, 14 were clinically cured, while the remaining 4 continue to experience constipation after the FMT; thus, the total success rate was 77.78%. Table 3 shows the donor-recipient pairs and clinical outcomes.


TABLE 1. Patient characteristics.

[image: Table 1]
TABLE 2. Evaluation of FC patients’ clinical symptoms before and after FMT.
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TABLE 3. Donor-recipient pairs and clinical outcomes.
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Microbial Community Diversity and Composition

The microbial alpha diversity was increased 4 weeks post-FMT (Figure 1). The Shannon and Simpson indexes were significantly lower in the pre-FMT samples and increased significantly in the post-FMT samples (p = 0.0120 and 0.0208, respectively). ANOSIM of the beta diversity revealed that the bacterial community compositions differed significantly between pre-FMT and post-FMT samples (R = 0.077, p = 0.017; Figure 2A). Principal-coordinate analysis (PCoA) revealed an overall shift in the bacterial community compositions of all patients and donors (Figure 2B). Figure 2C shows the genus-level microbial compositions of the top 20 abundant taxa in both the patient and donor stool samples.
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FIGURE 1. Boxplots comparing the gut microbial alpha diversities before and after FMT. Each black dot represents one sample (patient); pre-FMT and post-FMT samples from the same patient are connected by a black line. Each red horizontal line represents one donor. The “overall” column shows the alpha diversity indexes of the 18 patients and four donors, and the significance test between the before and after groups was a paired-samples Wilcoxon-test (“*” indicates 0.01 ≤ p < 0.05). The Shannon and Simpson indexes increased significantly after FMT. Columns for each donor show the alpha diversity changes in each donor-recipient pair. We did not perform separate significance tests on each donor-recipient pair because of the small sample size.
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FIGURE 2. Bacterial community compositions in pre-FMT and post-FMT fecal samples. “Bef” represents pre-FMT samples; “aft” represents post-FMT samples. (A) ANOSIM was used to determine the beta diversities of 18 patients’ gut microbiomes pre- and post-FMT. The bacterial community compositions differed significantly before and after FMT (p = 0.017). (B) PCoA showed an overall shift in the 18 patients’ gut microbiota compositions after FMT. (C) Genus-level microbial compositions of the top 20 abundant taxa in patients’ and donors’ stool samples.




Bacteria Significantly Changed and Were Correlated With Clinical Symptoms

LEfSse analysis revealed significant changes in the fecal microbiota compositions. The genera Paraprevotella, Weissella, Coprococcus, Phascolarctobacterium, Allisonella, and Fusicatenibacter; families Acidaminococcaceae and Leuconostocaceae; class Clostridia and order Clostridiales were more abundant in the post-FMT samples. The genera Lachnoanaerobaculum, Anaerofilum, and Neisseria were more abundant in pre-FMT samples (Figure 3A). Spearman correlation analysis revealed that Fusicatenibacter, Paraprevotella, Allisonella, Coprococcus, Phascolarctobacterium, Acidaminococcaceae, Clostridiales, and Clostridia were correlated with a relief of patients’ constipation symptoms, and Lachnoanaerobaculum may be correlated with constipation severity (Figure 3B). Of the above bacteria, Fusicatenibacter and Paraprevotella were correlated with more than three clinical scales, which might indicate a possible key role of these genera in the efficacy of FMT. We found no significant or coincident relationship between alpha diversity and clinical scores.
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FIGURE 3. (A) LEfSe analysis revealed significant changes in the fecal microbiota compositions before and after FMT. (B) Spearman correlation analysis revealed a correlation between patients’ clinical symptoms and the significantly altered bacteria from the LEfSe analysis. Fusicatenibacter, Paraprevotella, Allisonella, Coprococcus, Phascolarctobacterium, Acidaminococcaceae, Clostridiales, and class Clostridia were correlated with relief of patients’ constipation symptoms, and Lachnoanaerobaculum may be correlated with constipation severity (“*” represents 0.01 ≤ p < 0.05; “**” represents 0.001 ≤ p < 0.01).




Fecal Micriobiota Transplantation Success Rates Might Be Related to Key Microbiota Abundances

In this study, the success rates of the recipients differed significantly by donor (p = 0.0252). The success rates of the four donors were 25% (1/4), 85.71% (6/7), 100% (4/4), and 100% (3/3). Although the small sample size per donor might contribute to bias in the success rates, we attempted to find a relationship between the donor-recipient gut microbiotas and FMT efficacy. We compared the abundances of the significantly altered bacteria (Figure 3) among the four donor stool samples and the post-FMT samples of the 14 patients whose symptoms were alleviated by the FMT (those who were clinically cured; group R) and the post-FMT samples of the four patients who were not cured by FMT (group NR). Wilcoxon tests showed no significant differences among the three groups; however, the abundances of Fusicatenibacter and Paraprevotella were lower in the NR group and higher in the donors and R group (Figure 4). We analyzed the abundance alterations of the post-FMT-enriched bacteria in each donor-recipient pair (Figure 5). One NR patient had a decreased abundance of Paraprevotella post-FMT, and three NR patients had decreased abundances of Fusicatenibacter post-FMT. Compared with the increase trend of those mentioned bacteria abundance in donor 3 and donor 4 recipients, donor 1 and donor 2 seemed to have more decreases. To determine whether the recipients’ fecal microbiota profiles were similar or dissimilar to those of the donors post-FMT, we calculated the weighted UniFrac distances between each donor-recipient pair (Supplementary Table 3). Figure 6 shows the changes in weighted UniFrac distance before and after FMT and the PCoAs of the microbiota compositions based on UniFrac distance. Fecal microbial profiles of most recipients of donor 1 and all recipients of donors 3 and 4 became more like those of the donor, while most recipients of donor 2 changed little or became dissimilar to those of the donor. No definitive regularity existed between the donor-recipient distances and FMT efficacy for FC patients.
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FIGURE 4. Comparisons of the significantly altered bacterial abundances among donors and post-FMT fecal samples. The compared bacteria were shown to be significantly enriched in post-FMT samples determined by LEFse analysis and meanwhile correlated to clinical symptoms. All 4 donors and 18 patients were included. Group R refers to post-FMT samples from patients who were clinically cured after FMT; Group NR refers to post-FMT samples from patients who were not cured by FMT. Wilcoxon tests showed no significant differences among the groups, but the abundances of Fusicatenibacter and Paraprevotella were lower in the NR group and higher in the donor and R groups.
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FIGURE 5. Analyses of abundance changes in post-FMT-enriched bacteria in each donor-recipient pair. Boxplots comparing the bacterial abundances before and after FMT are shown. Each black dot represents one sample (patient); pre-FMT and post-FMT samples from the same patient are connected by a black line. Red horizontal lines represent the donor. One failed patient had a decreased abundance of Paraprevotella after FMT, and failed Patients 2, 4, and 5 had decreased abundances of Fusicatenibacter after FMT. The recipients of Donors 1 and 2 had more decreased bacterial abundances compared with the increased bacterial abundances in the recipients of Donors 3 and 4.
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FIGURE 6. Weighed UniFrac distances of each donor-recipient pair before and after FMT. (A) Each graph shows the changes in distance between recipients and their donor. Fecal microbial profiles of most recipients of Donor 1 and all recipients of Donors 3 and 4 became more similar to those of their donor, while most recipients of Donor 2 showed minimal change or became less similar to those of their donor. (B) PCoA of the microbiota compositions based on UniFrac distances showed the overall beta diversities of the 4 donors and the pre- and post-FMT samples of the 18 patients (left) and of each donor-recipient group (right).




Changes in Short Chain Fatty Acids, Inflammatory Factors, and Correlations With the Fecal Microbiota

No significant differences were found in SCFA concentrations between the pre-FMT and post-FMT fecal samples; however, the butyric acid concentrations increased after FMT (Figure 7A). Serum levels of IL-8 were significantly lower after FMT, while no obvious changes were detected in the IL-4, IL-6, IL-10, or IL-12p70 levels (Figure 7B). Correlation analysis showed that IL-4, IL-8, and some SCFAs were correlated with the abundances of some significantly altered bacteria, and the changing trends coincided with severity of patients’ clinical symptoms (Figure 7C). Paraprevotella was positively correlated with propionic acid, butyric acid, and valeric acid. Fusicatenibacter was positively correlated with butyric acid and valeric acid and negatively correlated with IL-8. Among these SCFA and inflammatory factors, only IL-8 and butyric acid concentrations were significantly correlated with clinical symptoms (Figure 7D).
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FIGURE 7. (A) Post-FMT and pre-FMT fecal SCFA concentrations of 18 patients were compared using paired-samples Wilcoxon tests. Butyric acid concentrations increased after FMT but not significantly. (B) Post-FMT and pre-FMT serum inflammatory factors of 18 patients were compared using paired-samples Wilcoxon tests. IL-8 levels decreased significantly after FMT. (C,D) Spearman correlation analysis of pre-FMT and post-FMT clinical symptoms, fecal microbiotas, SCFAs, and serum inflammatory factors of 18 patients revealed that IL-4, IL-8, and some SCFAs (especially butyric acid) were significantly correlated with some bacterial changes. Only IL-8 and butyric acid were correlated with clinical symptoms (“*” represents 0.01 ≤ p < 0.05; “**” represents 0.001 ≤ p < 0.01).




DISCUSSION

This retrospective study was conducted to evaluate the clinical efficacy and remodeling of the gut ecology after FMT for constipation. Several articles have reported that FMT can relieve constipation, but few have reported the changes in the gut microbiota post-FMT (Tian et al., 2017; Ding et al., 2018). Using 16S rRNA amplicon sequencing, Ohara (2019) identified 22 microorganismal species that had colonized in recipients 1 month post-FMT; however, whether the colonization was correlated with clinical improvement is unknown. To our knowledge, our study was the first to characterize the correlation between gut microbiota alterations and relief of clinical symptoms after FMT. We thus proposed the specific bacteria and potential mechanism that might have contributed to the clinical efficacy.

Gut dysbiosis exists in patients with constipation and may play an important role in disturbing colonic motility. Simpson indexes have revealed lower alpha diversities for constipated individuals, which is consistent with our findings that alpha diversity increased after FMT (Huang et al., 2018; Tian H. et al., 2020). Some bacteria, including Parabacteroides and Bifidobacterium, were more abundant in constipated patients’ fecal samples compared with those of healthy individuals. These bacteria have been consistently reported in constipated patients, and other bacteria, such as Streptococcus and Ruminococcus, have been sporadically reported (Huang et al., 2018; Tian H. et al., 2020). SCFAs, especially butyrate, are also altered in constipated patients, which may affect gut motility and have important immunomodulatory functions (Martin-Gallausiaux et al., 2021). Gut dysbiosis in patients with FC as well as other functional bowel dysmotility disorders, including IBS, may disturb the intestinal immunity, cause “leaky gut,” and affect systemic inflammatory conditions. Some studies reported higher concentrations of proinflammatory cytokines such as IL-6, IL-8, and IL-12 in adult IBS patients. Serum IL-6 and IL-12 levels were also higher in constipated children than in healthy controls. As anti-inflammatory cytokines, IL-10 levels were decreased, and IL-4 levels were increased in IBS patients (Cıralı et al., 2018). In our study, serum IL-8 was decreased in FC patients after FMT, indicating that FMT might have an anti-inflammatory effect that can modulate intestinal motility or may result from recovery of the gut microbiota and motility.

The gut microbiota may cause gut motility disorders via complex mechanisms, and the potential key bacteria differ among studies. Tian Y. et al. (2020) analyzed fecal microbiota changes in constipated patients undergoing FMT and found higher abundances of Bacteroides and Enterobacteriaceae pre-FMT and increased abundances of Prevotella and Acidaminococcus post-FMT. Bacteria that were abundant in constipated patients (compared with healthy individuals) or pre-FMT (compared with post-FMT) fecal samples might have a causative effect; however, previous studies did not perform correlation analyses between the abundances of certain microbes and the severity of clinical symptoms. Additionally, some bacteria including Parabacteroides, Bifidobacterium, Bacteroides, and Enterobacteriaceae, were abundant in patients with anxiety and/or depression (Simpson et al., 2021). Because many constipated patients have emotional problems, and these patients were not excluded from the above studies, some of the bacteria may not have played causal roles in colonic motility disturbances during constipation. Further, the bacteria that increased post-FMT may have had no real curative effect on slow colonic motility. In our study, we analyzed the microbiota changes before and after FMT, and examined correlation analyses of certain bacteria, clinical symptom severity scores, and changes in SCFAs and inflammatory factors in constipated patients without symptoms of depression, anxiety, or systemic diseases. Our findings may provide a more compelling hypothesis that certain bacteria, such as Fusicatenibacter, Paraprevotella, and Lachnoanaerobaculum, may help regulate colonic motility, and the mechanism may be related to modulating the fecal butyrate and serum IL-8 concentrations.

FMT is reported to be effective for treating many diseases; however, it is difficult to standardize or improve for disease-specific therapies. We found that colonization of key bacteria, such as Fusicatenibacter and Paraprevotella, may influence the success of FMT for treating FC, but we found no regularity in donor-recipient distances. Owing to the limitations of a small sample size and short follow-up, other bacteria may be correlated with gut motility regulation; thus, the role of similarity between the donor-recipient pairs requires further research. Functional species screening and mechanistic research are needed to enhance the efficacy of microbial-targeting treatments and make breakthroughs in FMT. Future research should include large datasets, machine learning, and multiomic detection to discover the principles underlying microbiota-host interactions. Mechanistic studies, such as germ-free animal studies, will help verify microbial functions to promote development of improved FMT and precise therapy.



CONCLUSION

In summary, we assessed the clinical efficacy and microbial remodeling ability of FMT on constipated patients, together with changes in the fecal SCFAs and systemic inflammatory conditions. FMT relieved constipation symptoms and altered the fecal microbiota compositions to a higher alpha diversity. Fusicatenibacter, Paraprevotella, Allisonella, Coprococcus, Phascolarctobacterium, Acidaminococcaceae, Clostridiales, and class Clostridia were more abundant in post-FMT fecal samples, which was consistent and in accord with the relief of constipation symptoms. Lachnoanaerobaculum was correlated with constipation severity and might play a role in causing constipation. The efficacy of FMT for treating FC might be correlated with the abundances of key bacteria such as Fusicatenibacter and Paraprevotella, but we found no decisive role of donor-recipient distances. Regulating butyrate production might be one potential mechanism by which the microbiota modulates gut motility. The potential role of systemic IL-8 and its relationship with the gut microbiota also deserve further study. Microbial multiomics studies based on big data analyses are needed to screen causal and functional bacteria. Further research on potential mechanisms may enable precise treatments for constipation and other gut motility disorders.
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Antibiotic resistance (AMR) has always been a hot topic all over the world and its mechanisms are varied and complicated. Previous evidence revealed the metabolic slowdown in resistant bacteria, suggesting the important role of metabolism in antibiotic resistance. However, the molecular mechanism of reduced metabolism remains poorly understood, which inspires us to explore the global proteome change during antibiotic resistance. Here, the sensitive, cotrimoxazole-resistant, amikacin-resistant, and amikacin/cotrimoxazole -both-resistant KPN clinical isolates were collected and subjected to proteome analysis through liquid chromatography coupled with tandem mass spectrometry (LC–MS/MS). A deep coverage of 2,266 proteins were successfully identified and quantified in total, representing the most comprehensive protein quantification data by now. Further bioinformatic analysis showed down-regulation of tricarboxylic acid cycle (TCA) pathway and up-regulation of alcohol metabolic or glutathione metabolism processes, which may contribute to ROS clearance and cell survival, in drug-resistant isolates. These results indicated that metabolic pathway alteration was directly correlated with antibiotic resistance, which could promote the development of antibacterial drugs from “target” to “network.” Moreover, combined with minimum inhibitory concentration (MIC) of cotrimoxazole and amikacin on different KPN isolates, we identified nine proteins, including garK, uxaC, exuT, hpaB, fhuA, KPN_01492, fumA, hisC, and aroE, which might contribute mostly to the survival of KPN under drug pressure. In sum, our findings provided novel, non-antibiotic-based therapeutics against resistant KPN.
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INTRODUCTION

Antibiotic resistance (AMR) has always been a hot topic all over the world. The report released by World Health Organization (WHO) revealed that this serious threat is happening in every region of the world and has the potential to affect anyone, of any age, in any country (World Health Organization [WHO], 2014). In-depth research on the causes of bacterial drug resistance can provide effective guidance and support for us to fight against bacterial drug resistance.

Increasing evidences showed that metabolic changes in bacteria can reduce bacterial susceptibility to antibiotics and promote the evolvement of resistance, tolerance and persistence, and the regulation of physiological metabolism of bacteria can restore their sensitivity to antibiotics (Martinez and Rojo, 2011). Meylan et al. (2017) reported that metabolically dormant bacteria were genetically susceptible to antibiotic treatment, which could be reversed by adding glyoxylate into the culture. Mechanistic studies demonstrated that glyoxylate could induce phenotypic resistance of bacteria by inhibiting cellular respiration with acetyl-coenzyme A diversion through the glyoxylate shunt (Meylan et al., 2017). Another empirical study showed that aminoglycosides, such as glucose, mannitol, fructose, and pyruvic acid, improved the sensitivity of Ataphylococcus aureus and Escherichia coli to gentamicin by promoting glycolysis metabolic pathway (Allison et al., 2011). Barraud et al. (2013) also found that mannitol enhanced antibiotic sensitivity of persister bacteria in Pseudomonas aeruginosa biofilms. These findings were confirmed by the studies of other drug-resistant bacteria (Peng et al., 2015; Su et al., 2015, 2018; Koeva et al., 2017), suggesting that metabolic alteration have been a widely used strategy applied by bacteria to adapt the antibiotic pressure. Recently, protein aggresome was introduced into the study of AMR. Bai’ group found that the protein aggresome, whose formation is promoted by decreased cellular ATP level, was critical for AMR (Pu et al., 2019; Jing et al., 2020; Jin et al., 2021). These findings prove the important of metabolism in AMR, from another side. However, the specific metabolism-related protein profiles of resistant bacteria are still poorly understood.

Comparative proteomics has been extensively used to illustrate the dynamic changes of bacterial proteomes in the antibiotic stress (Freiberg et al., 2004). Resistant bacteria can revert its internal harmony which is disturbed by antimicrobials via modulating cellular protein expression and related pathways. By mapping the proteome of resistant bacteria, researchers could explain the observed experimental phenomenon and explore novel strategies employed by bacteria to gain antibiotic resistance. By now, proteomic study has been performed in Escherichia coli, Bacillus subtilis, and other micro-organisms (dos Santos et al., 2010; Hessling et al., 2013; Lata et al., 2015; Qayyum et al., 2016; Keasey et al., 2019).

Klebsiella pneumoniae (KPN) is a gram-negative pathogen, which was first identified in 1882 (Wang G. et al., 2020). In the 1960s, KPN have become one of the most important causes of opportunistic healthcare-associated infections (Paczosa and Mecsas, 2016). Nowadays, cotrimoxazole (CTX) and amikacin (AMI) are the antimicrobial of choice for treating CR-KPN (Ramirez and Tolmasky, 2017). But with the extensive use of cotrimoxazole and amikacin, even abuse, we find increasing cotrimoxazole-resistant, amikacin-resistant, even both-resistant KPN in our hospital, which is of great clinical concern. In this study, the sensitive, cotrimoxazole-resistant, amikacin-resistant, and amikacin/cotrimoxazole -both-resistant KPN clinical isolates in our hospital were collected and subjected to LC-MS/MS analysis. As a result, a deep coverage of 2,266 proteins were successfully identified and quantified in total, representing the most comprehensive protein quantification data by now. We applied comparative proteomics to explore the correlation between pattern characteristics and drug-resistances. The results showed absolute pattern identity between ATCC strains and hospital isolates, as well as altered energy metabolism processes between SEN isolates and drug-resistant isolates. Specifically, proteins involved in tricarboxylic acid cycle (TCA) pathway were down-regulated in both of amikacin- and cotrimoxazole -resistant KPNs, which may restraint the ROS production in drug-resistant isolates. Finally, we identified nine genes involved in metabolism pathways significantly associated with MICs of amikacin/cotrimoxazole, and participated in such an alteration. These results indicated that the alteration of metabolic network was directly correlated with antibiotic resistance, which could promote the development of antibacterial drugs from “target” to “network,” and provided novel, non-antibiotic-based therapeutics against resistant bacteria.



MATERIALS AND METHODS


Strain Collection and Drug Susceptibility Testing

Three cotrimoxazole-resistant (CTX), three amikacin-resistant (AMI), three both-resistant (ACB), and three drug-sensitive (SEN) KPN isolates were collected by the microbiology lab at Shanghai Fifth People’s Hospital for this study. The KPN type strains (33259, 13883, and 11296) were purchased from American Type Culture Collection (ATCC, United States). Minimum inhibitory concentrations (MICs) were interpreted according to the Performance Standards for Antimicrobial Susceptibility Testing M100 edition 28 (2018) of the Clinical and Laboratory Standards Institute (CLSI) (Gehring et al., 2021).



Culture Scaling and Sample Preparation for Proteome

For each KPN strain, three KPN monoclonals were inoculated in Luria-Bertani (LB) broth to the exponential phase (OD600 = 0.8), and KPN cells were collected and washed in PBS and subjected to global protein extraction using 8 M Urea (PH = 8.0) containing protease inhibitor, followed by 3 min of sonication (3 s on, 3 s off, amplitude 25%). Then the protein concentration was quantified through Bradford method and 100 μg protein was digested overnight following filter-acid sample preparation (FASP) method (Wisniewski et al., 2009) with 3.5 μg trypsin in 50 mM ammonium acid carbonate (PH 8.0) overnight at 37°C. Finally, the purified peptides were acquired after extraction with

50% acetonitrile (ACN) and 0.1% formic acid (FA) following desalination in two layers of Empore 3 M C18 disk with 2 mg packing (3 μm, 150 Å, Agela) in a pipet tip and dried in a vacuum concentrator (Thermo Fisher Scientific).



Liquid Chromatography Coupled With Tandem Mass Spectrometry Analysis, Proteome Identification and Quantification With MaxQuant-Based Database Searching

Proteome analysis was processed on Q Exactive HFX mass spectrometer (Thermo Fisher Scientific, Rockford, IL, United States) coupled with Easy-nLC 1,000 nanoflow liquid chromatography system (Thermo Fisher Scientific). The MS raw files were searched against Klebsiella pneumoniae subsp. Pneumoniae (strain ATCC 700721) database (version 20171126) in the Uniprot Knowledgebase (UniProtKB) using Maxquant (Version 1.5.3.30) (Cox and Mann, 2008). Peptides (minimum length of seven amino acid residues) with 1% FDR and a Mascot ion score greater than 20 were selected for protein identification. Proteins with 1% FDR (with at least one unique peptide) were selected for further analysis. For the proteome quantification, the intensity-based absolute quantification (iBAQ) value was extracted from MaxQuant results and subjected to FOT calculation. FOT was defined as protein’s iBAQ divided by the total iBAQ of all identified proteins in one experiment. Finally, FOT was multiplied by 106 for easy presentation. The geometric mean value of the copy numbers in three proteomic analyses of each macrophage population were calculated and used for protein quantification. The significantly different expressed proteins (DEPs) were filtered with the fold change > 2 and P-value < 0.05 (bilateral Student’s t-test).



Hierarchical Clustering and Principal Component Analysis

Unsupervised hierarchical clustering was carried out using R package “pheatmap” (version 1.0.12). The distances between the rows or columns of a data matrix were computed based on the Euclidean distance. The “complete” method was used in agglomeration process. PCA was performed using R package “gmodels” (version 2.18.1) in the statistical analysis environment R version 4.0.0 based on the relative protein quantification values (FOT) of each sample.



Gene Enrichment Analysis

Gene Ontology (GO) enrichment and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses of the DEPs between sensitive and drug (AMI or CTX)-resistant isolates was performed with the R Bioconductor package “clusterProfiler” (version 4.0.2). Enrichment significance was determined using Fisher’s exact test.




RESULTS


Label-Free Quantitative Proteome Identify the Pattern Characteristics of Hospital-Derived Klebsiella pneumoniae Strains

To search the global protein patterns of different KPN clinical isolates, a total of 15 KPN strains, including three sensitive (SEN), three amikacin-resistant (AMI), three cotrimoxazole-resistant (CTX), and three amikacin/cotrimoxazole both-drug-resistant (ACB) KPN isolates derived from 12 different patients (Table 1) in our hospital, as well as three ATCC type strains, were collected and subjected to LC-MS/MS in single runs by a quadrupole Orbitarp instrument after trypsin digestion for label-free proteomics analysis (Figure 1A). As a result, a deep coverage of 2,266 proteins were successfully identified and quantified in total (Figure 1B and Supplementary Table 1), expanding the experimental coverage of the 5,126 predicted bacterial gene products (in KPN database from UniprotKB, strain ATCC 700721) from 23% (1,156) (Sharma et al., 2019), 32% (1,654) (Keasey et al., 2019) to 44%, providing an extended characterization of KPN proteome. The dynamic ranges of protein quantification values in this study spanned over six orders of magnitude (Supplementary Figure 1A), with the most abundant proteins being rpsU, HupA, tufa, etc. (Supplementary Figure 1B). rpsU, also known as ribosomal protein S21 (rps21), was reported to contribute to fitness, stress-tolerance and host interaction (Koomen et al., 2018). HupA (heat-unstable α, HUα) is a subunit of a heterotypic dimer, Huαβ, resulting in high growth and a lowly pleiotropic phenotype (Abebe et al., 2017). tufA (translational elongation factor EF-Tu) was involved in a change in state or activity of a cell as a result of an antibiotic stimulus (Silk and Wu, 1993). The proteome quantification results of 15 experiments were comparable, as their medians were on the same level (Supplementary Figure 1C).


TABLE 1. Sample information.
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FIGURE 1. Label-Free Quantitative Proteome identify the pattern characteristics of hospital-derived KPN strains. (A) The experimental design and workflow. Klebsiella pneumoniae clinical isolates, including SEN, AMI-resistant, CTX-resistant, and ACB-resistant isolates, and ATCC strains were collected. The cells were subjected to LC-MS/MS analysis for label-free proteome following protein extraction and FASP digestion. Protein quantification were finished using Maxquant software with iBAQ algorithm. (B) The number of proteins detected in each isolate. (C,D) Principal component analysis (C) and Unsupervised hierarchical clustering (D) of the protein profiling of 15 KPN strains.


To obtain the proteome identity of different strains systematically, PCA was carried out based on the protein abundance of KPNs. The result showed a very clear separation between ATCC and hospital isolates on the first component level as shown in x-axis, and captured the significant differences between sensitive and drug-resistant strains on the second component level as shown in y-axis (Figure 1C). An unsupervised hierarchical clustering analysis of the proteome patterns further supported the results (Figure 1D). Therefore, considering the fundamental differences between standard KPN strains from ATCC and clinical isolates from our hospital, we mainly focused on comparative analysis between proteome of three drug-resistant isolates (CTX, AMI, and ACB) and sensitive isolates for further study.



Comparative Proteomics Analyses Revealed the Metabolism Alteration of Cotrimoxazole-Resistant Isolates Comparing With Sensitive Isolates

Cotrimoxazole is a combination of trimethoprim/sulfamethoxazole, and widely used for treatment of bacterial infections. The drug is extensively used due to the relatively cheap, available over-the-counter, and well tolerated (Morgan et al., 2011). Because of the injudicious use, the spread of bacteria with this antibiotic resistance has been a major factor (Okeke et al., 1999). Recent studies from the African continent have reported high rates of cotrimoxazole resistance in gram-negative pathogenic bacteria in the range of 50–96% (Manyahi et al., 2017).

In our comparative proteome analysis between CTX-resistant isolates and SEN isolates, we identified 183 up-regulated proteins and 501 down-regulated proteins, respectively (Figure 2A and Supplementary Figure 2A). Further gene enrichment analysis showed an activation of alcohol metabolic process (eutT, dhaD, dhal) as well as a restraint of lipid catabolic process (fadl, fadA, fadB) and tricarboxylic acid (TCA) cycle pathway (ynel, mdh, acnA) in CTX-resistant isolates, which may contribute to ROS reduction and cell survival under drug pressure. It’s also worth noting that although the folate biosynthesis of cells (folA, folX, morA) was attenuated by CTX administration, the usage rate of one carbon unit was not affected accordingly illustrated by activation of purine ribonucleotide biosynthetic process and “one carbon pool by folate pathway (apaH, purD, cpdA). Besides, proteins in polysaccharide biosynthetic and cell wall organization processes (rcsF, wbaP, wecF), which may protect cell from drug perturbation through the physical safeguards” strategies, were up-regulated in CTX-resistant isolates (Figure 2B). There results showed the relative metabolism alteration of CTX-resistant isolates comparing with SEN isolates.
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FIGURE 2. Comparative Proteomics Analyses Revealed the metabolism alteration of CTX-resistant isolates comparing with SEN isolates. (A) Expression profiles (up) and representative function enrichment analysis (down) of differentially expressed genes between CTX-resistant isolates and SEN isolates. Each line represents one protein. Functional terms were labeled and color-coded with p-value (Fisher’s exact test) according to the legend. (B) Expression patterns of proteins participating in the indicated cellular functions/pathways across CTX-resistant or SEN isolates. Values for each protein in all groups are color-coded based on the z-scored protein abundance per cell.




Comparative Proteomics Analyses Revealed the Metabolism Alteration of Amikacin-Resistant Isolates Comparing With Sensitive Isolates

Amikacin shows a particularly broad antimicrobial activity which is used for severe bacterial infections. Nowadays, the emergency of amikacin-resistant KPN occurs dramatically with 20% in Turkey (Gokmen et al., 2016). Based on the proteome dataset, we identified 305 up-regulated proteins and 319 down-regulated proteins, respectively in AMI-resistant isolates comparing with SEN strains (Figure 3A and Supplementary Figure 2B). Gene enrichment analysis of these differentially expressed proteins indicated activation of glutathione metabolism pathway (yfcF, ybgK, pxpA) and restraint of TCA cycle pathway (frdB, sdhC, fumC), contributing to ROS clearance and cell survival under drug perturbation, in AMI-resistant isolates. Additionally, protein metabolic process as well as amino acid biosynthesis process was elevated in AMI-resistant isolates, indicating less affection of AMI administration in these isolates (Figure 3B).
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FIGURE 3. Comparative Proteomics Analyses Revealed the metabolism alteration of AMI-resistant isolates comparing with SEN isolates. (A) Expression profiles (up) and representative function enrichment analysis (down) of differentially expressed genes between AMI-resistant isolates and SEN isolates. Each line represents one protein. Functional terms were labeled and color-coded with p-value (Fisher’s exact test) according to the legend. (B) Expression patterns of proteins participating in the indicated cellular functions/pathways across AMI-resistant or SEN isolates. Values for each protein in all groups are color-coded based on the z-scored protein abundance per cell.


Of note, combined with the results of CTX-resistant isolates, we found TCA cycle pathway was also inhibited in AMI-resistant isolates, and the downregulated proteins in TCA cycle pathway were high-degree overlapped, such as sdhC, fumC, mqo, pcka, and KPN_00489. These results reveal that restraint of TCA cycle pathway may be a widely used strategy of KPN to gain antibiotic resistance.



The Expression Levels of Nine Metabolism-Associated Proteins Were Highly Correlated With the Degree of Drug-Resistance of Klebsiella pneumoniae

Combining with the proteome profiling of ACB-resistant isolates, we screened out a set of candidate proteins that were specifically associated with the mechanism of single antibiotic resistance of KPN. As a result, we identified 24 proteins whose expression were simultaneously up-regulated in CTX-resistant isolates and ACB-resistant isolates but not affected by AMI administration comparing with SEN strains, and 111 proteins on the contrary, as candidate proteins specifically for CTX-resistant isolates. Similarly, a total of 98 and 55 proteins exclusively up-regulated or down-regulated in AMI-resistant isolates, respectively, were identified as candidates specifically for AMI-resistant isolates (Figure 4A).
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FIGURE 4. The expression levels of nine metabolism-associated proteins were highly correlated with the degree of drug-resistance of KPN. (A) Venn diagram summary of the number of up-regulated (up) or down-regulated (down) genes in AMI-resistant (purple), ACB-resistant (pink), and CTX-resistant (blue) isolates, comparing with SEN isolates. The genes only differentially expressed in one of AMI-resistant or CTX-resistant isolates were labeled with dark purple or dark blue, respectively. (B,C) The hist of Pearson correlation coefficients between expression patterns of genes. (D,E) Identification information of metabolic proteins whose expression patterns were significantly correlated with MIC of strains against CTX and AMI.


Next, to further identify the proteins closely correlated with mechanism of antibiotic resistance in KPN, we introduced the MICs of cotrimoxazole and amikacin on all the KPN hospital-isolates studied (Table 1). The Figures 4B,C showed the distribution of Pearson correlation coefficients between MICs and expression of protein sets above, respectively, for CTX-resistant isolates and AMI-resistant isolates. Finally, based on the results of gene enrichment analysis and correlation analysis, we identified nine proteins (Table 2), which were not only involved in the metabolic regulation of drug-resistant isolates, but also significantly correlated (positively or negatively) with the degree of drug resistance of KPN isolates (Figures 4D,E). Therefore, these enzymes possess important roles in reducing the ROS levels in cytoplasmic of cells. Further investigations need to be processed to determine the precise biological mechanism of the influence of these proteins on isolates resistance.


TABLE 2. Pearson correlation coefficients between MICs and expression of protein sets.
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DISCUSSION

Previous evidence has shown that bacteria can alter its metabolism to adapt the antibiotic pressure by reducing the accumulation of intracellular antibiotic (Richter et al., 2017). However, the specific metabolism-related protein profiles of drug-resistant bacteria are still largely understood (Liu et al., 2019).

In the present study, we found that proteins in TCA pathway were down-regulated in both CTX- and AMI-resistant KPNs, which may restraint the ROS production in drug-resistant isolates. The proteomics results showed the deficiencies of resistant KPN in central metabolic pathways (TCA cycle), compared with the sensitive KPN. Illuminated by the results from comparative proteomic approaches, our findings provide a mechanism to explain why adding alanine and/or glucose into culture could reduce drug resistance to the antibiotic (Bhargava and Collins, 2015; Peng et al., 2015; Su et al., 2015, 2018; Koeva et al., 2017). By re-analyzing the data reported previously, we found the deficiencies of resistant KPN in central metabolic pathways was a generally existent phenomenon. Briefly, the metabolic process, cellular process and response to stimulus were downregulated in ESBL-producing KPN (Wang Y. et al., 2020), and the Carbohydrate metabolic process, Generation of precursor metabolites and energy, Cellular amino acid metabolic process, Lipid metabolic process, Catabolic process, were all downregulated in carbapenem-resistant KPN (Sharma et al., 2019). These findings showed that restraint of TCA cycle pathway could be a widely used strategy of KPN to gain antibiotic resistance, showing a non-antibiotic based therapeutic method against antibiotic-resistant infections.

Besides the findings of TCA cycle and related pathways in resistant KPN, we also screened out nine resistance-related proteins participating in metabolic pathways, including garK, uxaC, exuT, hpaB, fhuA, KPN_01492, fumA, hisC, aroE, which participate in metabolism-related pathways and are associated with MIC of resistant KPN. garK play a role of glycerate kinase in phosphorylating glycerate to glycerate-2-phosphate, which is involved in the central metabolism of the cell (Wehrmann et al., 2020). uxaC, working as a D-glucoronate/D-galacturonate isomerase, is report to participate in catabolism of fructuronate (Utz et al., 2004). fumA encodes fumarase A (FumA), which participates in the tricarboxylic acid (TCA) cycle during both aerobic and anaerobic growth (Lin et al., 2012). Therefore, these enzymes possess important roles in the metabolism of KPN. Further investigations need to be processed to determine the precise biological mechanism of the influence of these proteins on isolates resistance.

In sum, proteomics was performed on the sensitive (SEN), cotrimoxazole (CTX)-resistant, amikacin (AMI)-resistant, and amikacin/cotrimoxazole-both (ACB)-resistant Klebsiella pneumoniae clinical isolates. A total of 2,266 proteins were identified and further bioinformatic analysis showed down-regulation of TCA pathway and up-regulation of alcohol metabolic or glutathione metabolism processes, which may contribute to ROS clearance and cell survival, in drug-resistant isolates. Finally, combined with MIC of amikacin and cotrimoxazole on different KPN isolates, we identified nine proteins, including garK, uxaC, exuT, hpaB, fhuA, KPN_01492, fumA, hisC, and aroE, that might contribute mostly to the survival of KPN under drug pressure, providing novel, non-antibiotic-based therapeutics against resistant KPN.
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Multiomics Study Reveals Enterococcus and Subdoligranulum Are Beneficial to Necrotizing Enterocolitis
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Necrotizing enterocolitis (NEC) is a life-threatening disease for premature infants with low body weight. Due to its fragile gut microbiome and successful treatment of fecal microbiota transplantation (FMT) for intestinal disease, we aimed to reveal the multiple-omics changes after FMT and/or sulperazone treatment. In this study, 2-week-old newborn rabbits were used to simulate the NEC model and grouped into healthy control, NEC, sulperazone treatment, FTM treatment, and FMT and sulperazone combination treatment. We evaluated the intestinal pathology and survival to define the benefit from each treatment and performed microbiome and transcriptome analysis to reveal the changes in microcosmic level, which could be helpful to understand the pathogenesis of NEC and develop new strategy. We found NEC rabbits benefit more from the combination of FMT and sulperazone treatment. Combination treatment reverses a lot of microorganisms dysregulated by NEC and showed the most similar transcript profiler with healthy control. Moreover, a combination of FMT and sulperazone significantly prolonged the survival of NEC rabbits. Function enrichment showed that metabolism and viral life cycle are the most significant changes in NEC. FMT is a common therapy method for NEC. Meanwhile, in the severe situation of NEC with intestinal infection, the first therapy strategy is preferred the third-generation cephalosporin, among which sulperazone is used widely and the effect is remarkable. So, we used sulperazone to treat the rabbits with the NEC. In this research, we aim to explore the different effects on NEC between FMT and sulperazone as well as the combination. Considering the microbiome and transcriptome result, we make a conclusion that the Enterococcus and Subdoligranulum benefits NEC by influencing the bacterial phages and butyrate production, respectively.

Keywords: NEC, FMT, sulperazone, gut microbiome, transcriptome


INTRODUCTION

Necrotizing enterocolitis (NEC) is a life-threatening intestinal disease associated with an increased risk of morbidity and mortality (Papillon et al., 2017; Alganabi et al., 2019). According to epidemiological survey, about 7% of premature infants with body weights less than 1,500 g would be diagnosed as NEC (Papillon et al., 2017). However, etiologies primarily leading to the NEC are complex and unclear including premature delivery, hypoxia, and ischemia of the intestinal mucosa, infection, and gut microbiome chaos (Bi et al., 2019). Antibiotics, surgery, and advanced life support are prevailing treatments for the NEC, but the effect is limited (Bi et al., 2019).

The intestinal lumen of the newborn is considered germ-free before birth. The microorganisms from the mother’s vagina, breast milk, food, and environment will shape the gut colonized by microorganisms during the first 2 weeks of life and form the gut microbiome (Plaza-Díaz et al., 2018; Shao et al., 2019; Pilla and Suchodolski, 2020). This process of gut bacteria colonization and diversity is essential for the healthy gut of infants. Because the gut microbiome will interact with TLRs, the gut epithelial cells will develop tolerance and appropriately respond to pro-inflammatory and anti-inflammatory (Plaza-Díaz et al., 2018). The microbiome also helps to resist the pathogenic microorganisms and maintains the balance of gut microorganisms. Intestinal dysbiosis, which refers to loss of microbiome diversity and structure homeostasis in the intestine, has been proven to be associated with premature infants NEC (Papillon et al., 2017). Fecal microbiota transplantation (FMT) is an emerging and beneficial strategy to treat disease caused by gut microbiome chaos, such as chronic diarrhea, by transferring of fecal matter from healthy individuals to patients with dysbiosis to adjust the gut microbiome (Goyal et al., 2018; Antushevich, 2020; Liu et al., 2020). FMT also has been used to treat pseudomembranous colitis and shows high efficiency. Some experiments revealed that FMT is useful for infectious diseases, including NEC (Matson et al., 2018). However, the mechanisms remain to be demonstrated, especially the interactions between the microorganisms and host.

In this study, we performed gut microbiome and transcriptome analysis based on newborn rabbit models and compared among healthy, NEC, and different treatment groups. In the severe situation of NEC with intestinal infection, the first therapy strategy preferred the third-generation cephalosporin, among which sulperazone is used widely, and the effect is remarkable. So, we used sulperazone to treat rabbits with NEC. We found that NEC is characterized by metabolism dysregulation, and the FMT and sulperazone combination treatment showed the highest benefits for the NEC. The proportion of Enterococcus showed a significant increase after treatment, particularly after combination treatment of FMT and sulperazone. The bacterial phages carried by Enterococcus have been demonstrated to improve T-cell immunity, and several strains of Enterococcus faecalis has been proven to reverse NEC pathology (Stewart et al., 2012; Matson et al., 2018). Another significant change was the emerging of Subdoligranulum after combination treatment, which produces butyrate to regulate gut function (Chassard et al., 2014). These two genera may have the potential to be developed as a target for NEC treatment.



MATERIALS AND METHODS


Animal Model and Study Design

The 2-week-old newborn rabbits (Oryctolagus cuniculus) were used to imitate NEC as the previous with a little change (Choi et al., 2010; Bozeman et al., 2013). Briefly, the newborn rabbits were fed with mother’s milk for 3 days before inducing NEC. The healthy controls were fed with mother’s milk all the time. The NEC rabbits were fed with homemade hypertonic formula milk (10 g protein powder dissolved in 75 ml Esbilac, 15 ml/kg/per, 3 times/day) and stimulated with hypothermia (10 min/4°C, 2 times/day for 3 days) and hypoxia (95% nitrogen and 5% oxygen. 10 L/min, 10 min/2 times/day for 3 days). The ingredients of sulperazone (cefoperazone sodium and sulbactam sodium for injection) are cefoperazone and sulbactam with a ratio of 2:1. Sulperazone was administrated to the rabbits by intravenous drip of 30 mg/kg/per 12 h. The rabbits of the groups reached 50% lethality as the end point of the experiment. The animal health condition was recorded for 2 weeks after model construction for 3 days. The animal study was reviewed and approved by the Ethics Committee of Southern Medical University (No. 2019R001-F05).



Experimental Groups

The 2-week-old newborn suckling rabbits were selected and divided into five groups randomly, 15 rabbits for each group [Group A: healthy rabbits taken at the end of the experiment; Group B: model control group (with jugular vein venous catheter for nutrition supply); Group C: conventional treatment group: after model building successfully treated with sulperazone; Group D: FMT group (fecal bacteria transplantation treatment group): after model building successfully, healthy rabbits, they were gavaged with feces from healthy rabbits; Group E: conventional treatment and FMT group: after model building successfully, the rabbits were treated with sulperazone and FMT.



Fecal Microbiota Transplantation

The feces of healthy baby rabbits was mixed with physiological saline, centrifuged, filtered, and the stomach was gavaged. Rabeprazole was injected before gavage to inhibit gastric acid secretion and reduce the destruction of bacterial flora in the stomach. During the experiment, fluids and antibiotics were given through the central vein.



Intestinal Pathological Score

The intestinal tube was separated, and 2–3 cm of the ileocecum tissue was retrieved. After H&E staining, the ileocecum pathology score was performed. The pathological severity assessment was performed independently by two pathologists under double-blind conditions. The final pathology score calculation was half of the sum of the two scores. The scoring standard refers to the NADLER scoring standard: 0 points, intestinal villi and epithelium are intact, and the tissue structure is normal; 1 point, mild submucosal and/or lamina propria swelling and separation; 2 points, moderate submucosal and/or lamina propria swelling and separation, submucosal and/or muscle layer edema; 3 points, severe submucosal and/or lamina propria swelling and separation, submucosal and/or muscle layer edema, local villi loss; 4 points, intestinal villi disappearance with intestinal necrosis. The final pathology score ≥ 2 points is determined to be NEC.



16S rRNA Sequencing


DNA Extraction

Feces DNA was extracted using the Omega Stool DNA Kit following the manual. Purity and quality of the genomic DNA were checked by NanoDrop spectrophotometer (Thermo Fisher Scientific).




PCR Amplification

The V3–4 hypervariable region of the bacterial 16S rRNA gene was amplified with the primers 338F (5′-ACTCCTACGGG AGGCAGCAG-3′) and 806R (5′-GGACTACNNGGGTATCT AAT-3′). For each feces sample, an eight-digit barcode sequence was added to the 5′ end of the forward and reverse primers (provided by Allwegene Company, Beijing). The PCR was carried out on a Mastercycler Gradient (Eppendorf, Germany) using 25-μl reaction volumes, containing 12.5 μl 2 × Taq PCR MasterMix, 3 μl of BSA (2 ng/μl), 1 μl of forward primer (5 μM), 1 μl of reverse primer (5 μM), 2 μl of template DNA, and 5.5 μl of ddH2O. Cycling parameters were 95°C for 5 min, followed by 28 cycles of 95°C for 45 s, 55°C for 50 s, and 72°C for 45 s with a final extension at 72°C for 10min. The PCR products were purified using an Agencourt AMPure XP Kit.



High-Throughput Sequencing

Deep sequencing was performed on Miseq PE300 platform at Allwegene Company (Beijing). After the run, image analysis, base calling, and error estimation were performed using Illumina Analysis Pipeline Version 2.6.



Data Analysis

The raw data were first screened, and sequences were removed from consideration if they were shorter than 230 bp, had a low-quality score (≤20), contained ambiguous bases or did not exactly match the primer sequences and barcode tags, and separated using the sample-specific barcode sequences. Qualified reads were clustered into operational taxonomic units (OTUs) at a similarity level of 97% using the Uparse algorithm of Vsearch (v2.7.1) software. The Ribosomal Database Project (RDP) Classifier tool was used to classify all sequences into different taxonomic groups against the SILVA128 database.

QIIME (v1.8.0) was used to calculate the richness and diversity indices based on the OTU information.



RNA Sequencing


RNA Isolation and Qualification

Small intestine tissue RNA was extracted using the TRIzol method (TIANGEN BIOTECH, Beijing) and treated with RNase-free DNase I (TaKaRa). RNA degradation and contamination was monitored on 1% agarose gels. RNA was quantified using Agilent 2100 Bioanalyzer (Agilent Technologies, CA, United States). The quality and integrity were assessed by NanoDrop spectrophotometer (IMPLEN, CA, United States).




Library Preparation for Transcriptome Sequencing

A total amount of 1.5 μg of RNA per sample was used as input material for the RNA sample preparations. Sequencing libraries were generated using NEBNext® UltraTM RNA Library Prep Kit for Illumina® (NEB, United States) following the recommendations of the manufacturer, and index codes were added to attribute sequences to each sample. Briefly, mRNA was purified from total RNA using poly-T oligo-attached magnetic beads. Fragmentation was carried out using divalent cations under elevated temperature in NEBNext First Strand Synthesis Reaction Buffer (5X). First-strand cDNA was synthesized using random hexamer primer and M-MuLV Reverse Transcriptase (RNase H). Second-strand cDNA synthesis was subsequently performed using DNA Polymerase I and RNase H. The remaining overhangs were converted into blunt ends via exonuclease/polymerase activities. After adenylation of the 3′ ends of DNA fragments, the NEBNext Adaptor with hairpin loop structure was ligated to prepare for hybridization. In order to select cDNA fragments of preferentially 200–250 bp in length, the library fragments were purified with AMPure XP system (Beckman Coulter, Beverly, United States). Then 3 μl of USER Enzyme (NEB, United States) was used with size-selected, adaptor-ligated cDNA at 37°C for 15 min followed by 5 min at 95°C before PCR. Then PCR was performed with Phusion High-Fidelity DNA polymerase, Universal PCR primers, and Index (X) Primer. At last, PCR products were purified (AMPure XP system), and library quality was assessed on the Agilent Bioanalyzer 2100 system. The library preparations were sequenced on an Illumina Hiseq 4000 platform by the Beijing Allwegene Technology Company Limited (Beijing, China), and paired-end 150-bp reads were generated.



Gene Ontology Enrichment a Pathway Enrichment Analysis

Gene Ontology (GO) enrichment analysis of the differentially expressed genes (DEGs) was implemented by the GOseq R packages based on the Wallenius non-central hyper-geometric distribution, which can adjust for gene length bias in DEGs.




RESULTS


Fecal Microbiota Transplantation and Sulperazone Combination Treatment Efficiently Antagonizes Necrotizing Enterocolitis

Gut microbiota structure chaos is one of the leading causes of NEC. Recently, FMT is an emerging strategy to treat digestive tract disease caused by microbiome disorders. To verify whether FMT is beneficial for NEC newborn rabbits in our experiment, we constructed NEC models as described in “Materials and Methods” section, and NEC rabbits were treated with sulperazone, FMT, and its combination (Figure 1A). As shown in the figure, the NEC rabbits showed typical NEC pathology, such as intestinal mucosa destruction, villi shedding, inflammatory cell infiltration, etc. Two pathologists evaluated the sections independently, and the NEC model showed ≥ 2 score, which indicted the model had been constructed successfully. After different treatments, the pathology of NEC showed relief on different levels. However, the combined treatment of FMT and sulperazone could efficiently reverse the NEC symptom and prolong lives (Figure 1B).
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FIGURE 1. Fecal microbiota transplantation (FMT) and sulperazone combination treatment efficiently antagonizes necrotizing enterocolitis (NEC). (A) Pathology pictures and (B) survival analysis of different groups. Con, control; NEC, necrotizing enterocolitis; S, sulperazone; FMT, fecal microbiota transplantation.




The Diversity of Microbiome Shared a Similarity With the Healthy Group After Fecal Microbiota Transplantation and Sulperazone Combination Treatment

It is worth noting that the sulperazone and FMT combination shows the most efficiency (Figures 2A,B), which indicates that this therapy strategy may be a better choice for NEC treatment. We performed 16s RNA-seq to investigate how the gut microbiome changes. First, we checked the diversities of the different groups by four diversity indexes (Figure 2A). The microbiome diversity was lowest in the NEC group compared with the other groups. The microbiome diversity was significantly increased after treatments, and the combination of the sulperazone and FMT group showed the highest efficiency and shared the most similarity with the healthy group (Figures 2B,C). This result suggests that microbiome homeostasis and diversity is very important for NEC treatment, and diversity recovery is helpful for NEC treatment (Guo et al., 2021).
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FIGURE 2. The diversity of microbiome shared a similarity to the healthy group after FMT and sulperazone combination treatment. (A) Four methods measured the diversity of microbiome in five groups. (B) Venn plot for the five groups. (C) Microbiome clusters of five groups. (D) Microbiome proportion of five groups. Con, control; NEC, necrotizing enterocolitis; S, sulperazone; FMT, fecal microbiota transplantation.


Then, we checked the microbiome changes on a genius level. In healthy control, Bacteroides, Akkermansia, Ruminococcaceae NK4A214 group, Christensenellaceae R-7 group, Lachnospiraceae NK4A136 group, and Ruminococcus 1 were the top 10 abundant genera (Figure 2D). All the above microorganisms were probiotics, involved in food degradation, metabolism regulation, and inhibiting the pathogenic bacteria proliferation. Ruminococcus 1, Marvinbryantia, Parabacteroides, Kurthia, Flavonifractor, Lactonifactor, and Lachnospiaceae UCG 010 were the signatures of NEC (Figure 2D; Esber et al., 2020; Hiippala et al., 2020; Lordan et al., 2020). Parabacteroides was reported to be upregulated in NEC (Figure 2D). The others were defined as conditional pathogenic bacteria.

Next, we compared the top five abundant microbes among different groups. Christensenellaceae R-7 group and Akkermansia were not recovered after all treatments, which may indicate that both of them were not the key microorganisms for treatment used in our experiments. Enterococcus and Ruminococcaceae NK4A214 groups were significantly increased after all treatments. The Vagococcus and Myroides were the highest in the NEC group. Moreover, they did not exist in healthy control and were downregulated by all treatments, especially by sulperazone and FMT combination, and they were discovered first in our study. The hazard of Vagococcus was still not clarified. However, it is clear that Vagococcus is associated with purulent infection (Altintas et al., 2020). Myroides has strong resistance to bactericides such as antibiotics and leads to infection (LaVergne et al., 2019). Corynebacterium 1 and Aerococcus were the unique microorganisms of sulperazone treatment. A lot of studies reported that these two Gram-positive bacteria are conditional pathogenic bacteria (Rasmussen, 2016; Oliveira et al., 2017), and their benefits remain to be revealed. Escherichia–Shigella was a unique genus after FMT treatment. The abundance of Escherichia–Shigella was negatively correlated with NEC progress (Zhou et al., 2015). One of the mechanisms of FMT treatment to NEC was recovering Escherichia–Shigella. Clostridium sensu stricto 1 and Subdoligranulum were unique genera in sulperazone and FMT combination group. Clostridium sensu stricto 1 was helpful in promoting gut development and maintaining the gut microbiome diversity (Du et al., 2018). Subdoligranulum was one of the producers of butyrate, which is essential for gut health (Chassard et al., 2014). However, it could be detected in maternal feces and breast milk but does not exist in the gut of NEC babies. The combination treatment could fill the deficiency.

Interestingly, Enterococcus has a low proportion in NEC and healthy control but increased significantly in all treatment groups (Figures 2C,D). Enterococcus was classified as an infection source for inpatients and sometimes could be life threatening, but Enterococcus faecalis, one species of Enterococcus, was a common early colonizer in newborn gut and is associated with relieving NEC (Gao et al., 2018; Delaplain et al., 2019). Furthermore, a recent study showed that Enterococcus carries bacteriophage and interacts with human tumor antigen to enhance the T-cell immune response (Delaplain et al., 2019). Whether a similar function of Enterococcus, especially the faecalis species exists in NEC needs to be further investigated.



The Transcriptome Shared the Similarity With the Healthy Group After Fecal Microbiota Transplantation and Sulperazone Combination Treatment

To investigate gene expression change, we performed transcriptome analysis. The transcript profile of sulperazone and FMT combination treatment showed the highest similarity with the healthy group and the sulperazone treatment showed the highest similarity with the NEC group, which reminds that the combination of sulperazone and FMT may show a better benefit for NEC (Figure 3A). Then, we compared the different groups to define the further changes. We found 3,330 upregulated genes and 2,332 downregulated genes in the NEC group (Figure 3B). These genes were enriched in alginic acid metabolism, thermogenesis, oxidative phosphorylation, ribosome, and viral process, suggesting that metabolism and microbiome dysregulation were the most significant molecular changes in NEC (Figure 4A). The 3,302 upregulated genes and 2,371 downregulated genes were defined after sulperazone treatment (Figure 3C). Function enrichment analysis showed that differentially expressed genes were involved in proteolysis, tryptophan metabolism, and indolakylamine metabolism, which showed that the sulperazone may help to inhibit the necrosis (Figure 4B; Cussotto et al., 2020; Yusufu et al., 2021). Interestingly, sulperazone may inhibit the inflammation because the downregulation of tryptophan and indolakylamine could be the signature of downregulation of inflammation. FMT treatment leads to 5,057 genes changed on the expression level (2,858 upregulated and 2,199 downregulated), and they were enriched in cytokine production, proteolysis, lymphocytes and monocytes behaviors, and thermogenesis of GO (Figures 3D, 4C). Finally, we checked the pathway changes of the combination of FMT and sulperazone. Response to lipid, especially cholesterol, was the most significant downregulated pathway in metabolism, and the pathways of cell locomotion were broadly downregulated (Figure 4D).
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FIGURE 3. The transcription profiles in five groups. (A) Transcription profiles of the different groups. (B) Volcano plot differential expression genes between NEC and Con. (C) Volcano plot differential expression genes between NEC plus sulperazone and Con. (D) Volcano plot differential expression genes between NEC plus FMT and Con. Con, control; NEC, necrotizing enterocolitis; S, Sulperazone; FMT, fecal microbiota transplantation.
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FIGURE 4. The transcriptome shared a similarity to the healthy group after FMT and sulperazone combination treatment. (A) GO enrichment for NEC vs. control. (B) GO enrichment for sulperazone vs. NEC. (C) GO enrichment for fecal microbiota transplantation vs. NEC. (D) GO enrichment for sulperazone plus fecal microbiota transplantation vs. NEC. (E) GO enrichment for sulperazone plus fecal microbiota transplantation vs. control. Con, control; NEC, necrotizing enterocolitis; S, Sulperazone; FMT, fecal microbiota transplantation; GO, gene ontology. *Represents for the statistic difference (*, p < 0.05).





DISCUSSION

Necrotizing enterocolitis is one kind of deadly disease in premature infants characterized by various injuries or damage to the intestine. The defined cause of NEC is unknown. Treatment involves stopping feedings, passing a small tube into the stomach to relieve gas, and giving intravenous fluids and antibiotics. Surgery may be needed if there is perforated or necrotic (dead) bowel tissue. About 60–80% of affected newborns survive the condition (Bi et al., 2019). FMT has showed benefits for a lot of intestinal disease by coordinating the gut microbiome (Goyal et al., 2018). Furthermore, FMT also has additional profits in metabolism and immune adjustment for patients (Lee et al., 2019).

In this study, we aimed to reveal the systematic alteration in different types with FMT and sulperazone treatment. In a multi-omics perspective, NEC was characterized with the gut microbiome and metabolism change. We found that the diversity of microbiome is declined in NEC and is reversed by FMT and/or sulperazone treatment. Interestingly, the combination of FMT and sulperazone showed the most efficiency. However, the mechanism of the results in different groups could be diversified. The FMT has the same function on benefiting the NEC by immunoregulation but from a different way. Sulperazone regulates the NEC immune response by metabolism. Sulperazone elevated microbiome diversity mainly by inhibiting harmful bacteria proliferation and showing less effects on host intrinsic behaviors, but FMT, by regulating cytokines and immune cells, was more direct and effective by supplying beneficial bacteria, and the combination treatment has both function and showed the most efficiency. Some kinds of cholesterol were important for activation of immune cells and also took part in the cell migration (Shahoei and Nelson, 2019). The combination of FMT and sulperazone may regulate the immune cell recruitment by cholesterol metabolism, and this is a different pathway to sulperazone or FMT treatment.

Intriguingly, the Enterococcus has a significant increase after treatment. Enterococcus is a genus bacterium in the intestine, which can be found under physiological conditions and could ferment carbohydrates, producing lactic acid (Liu et al., 2019). Several studies had reported that Enterococcus faecalis, an important species of Enterococcus, is decreased in NEC (Stewart et al., 2012), and some strains of Enterococcus faecalis is helpful in reversing the NEC pathology (Stewart et al., 2012). It should be noticed that some bacteria of the Enterococcus genus also carried bacterial phages, which could regulate T-cell immunity and activate cytotoxicity (Matson et al., 2018). The metabolic products of Enterococcus can act as feeds for other bacteria, which could help in maintaining the microbiome homeostasis. We speculate that the Enterococcus may have a positive function on NEC. Another genus Subdoligranulum is a unique genus in combination treatment, which can produce butyrate that protects the gut function. These two genera play key roles in combination treatment. We inferred based on our data that gut microbiome dysregulation leads to disorder of thermogenesis, oxidative phosphorylation, and transcription, and further metabolic disorders. The dysregulation of these pathways is consistent with the clinical symptoms of NEC. Transcriptome results show that the combination of FMT and sulperazone has the most similar transcript profile with healthy control compared with other treatment groups. Out of our expectation, the viral process is involved in NEC according to the enrichment results (Figure 4E). It may be caused by the bacteriophage activity as some reports showed that the microbes behavior could be affected by bacteriophages and further regulates the host immune response (Matson et al., 2018). All treatments could benefit NEC by metabolism and immune regulation. Sulperazone could downregulate tryptophan catabolism, and tryptophan is supposed to help to suppress the hyperinflammation (Cussotto et al., 2020; Yusufu et al., 2021). However, there are no direct evidence to conform the relationship between tryptophan metabolism and indolakylamine metabolism and sulperazone on public research, which should have a further investigation. FMT could influence cytokines production of the intestine and suppress the activation of lymphocytes and monocytes. Moreover, FMT also inhibits proteolysis like sulperazone.

In summary, we found that FMT and sulperazone combination shows the most benefits for NEC, which could significantly reverse the NEC symptoms and prolong the survival of NEC rabbits. Mechanically, the combination treatment shows the most similar transcript profiles with healthy control and could regulate the immune cell recruitment by the cholesterol metabolism. Furthermore, the gut microbe diversity is reversed in which Enterococcus is significantly elevated. As previously reported, Enterococcus faecalis showed benefits for NEC. Another is Subdoligranulum that can protect the gut by butyrate production. We think that Enterococcus faecalis and Subdoligranulum may have the potential to treat bacteria for NEC, and further study is needed. However, our design also has some deficiencies. The data of the different levels should be further verified by molecular experiments.
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Although the presence of live microbes in utero remains under debate, newborn gastrointestinal bacteria are undoubtedly important to infant health. Measuring bacteria in meconium is an ideal strategy to understand this issue; however, the low efficiency of bacterial DNA extraction from meconium has limited its utilization. This study aims to improve the efficiency of bacterial DNA extraction from meconium, which generally has low levels of microflora but high levels of PCR inhibitors in the viscous matrix. The research was approved by the ethical committee of the Xiamen Maternity and Child Health Care Hospital, Xiamen, China. All the mothers delivered naturally, and their newborns were healthy. Meconium samples passed by the newborns within 24 h were collected. Each sample was scraped off of a sterile diaper, transferred to a 5-ml sterile tube, and stored at −80°C. For the assay, a freeze-thawing sample preparation protocol was designed, in which a meconium-InhibitEX buffer mixture was intentionally frozen 1–3 times at −20°C, −80°C, and (or) in liquid nitrogen. Then, DNA was extracted using a commercial kit and sequenced by 16S rDNA to verify the enhanced bacterial DNA extraction efficiency. Ultimately, we observed the following: (1) About 30 mg lyophilized meconium was the optimal amount for DNA extraction. (2) Freezing treatment for 6 h improved DNA extraction at −20°C. (3) DNA extraction efficiency was significantly higher with the immediate thaw strategy than with gradient thawing at −20°C, −80°C, and in liquid nitrogen. (4) Among the conditions of −20°C, −80°C, and liquid nitrogen, −20°C was the best freezing condition for both improving DNA extraction efficiency and preserving microbial species diversity in meconium, while liquid nitrogen was the worst condition. (5) Three freeze-thaw cycles could markedly enhance DNA extraction efficiency and preserve the species diversity of meconium microflora. We developed a feasible freeze-thaw pretreatment protocol to improve the extraction of microbial DNA from meconium, which may be beneficial for newborn bacterial colonization studies.
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INTRODUCTION

The human intestinal microflora is a highly diversified ecosystem composed of trillions of gastrointestinal bacteria with counts approximately 10 times the number of human cells (Bäckhed et al., 2005; Biagi et al., 2017). These microorganisms form the “human biome” by coexisting with the host (Sundman et al., 2017). Many of their signaling molecules and/or metabolites play important roles in innate and adaptive immune responses (O'Callaghan et al., 2016), maintenance of the host immune system (Deriu et al., 2016), protection of the host from pathogen invasion, and synthesis of essential vitamins and nutrients (Buffie et al., 2015). The intestinal microflora has the function of transforming nutrients into endocrine signals, which can not only affect metabolism inside the intestine (Eckburg et al., 2005) but also affect the gut nervous system (Hooper and Gordon, 2001). Alterations in the intestinal flora can cause obesity, colorectal cancer (CRC), diabetes, cardiovascular disease, liver disease, and other diseases (Loscalzo, 2013; Qian et al., 2015; Aron-Wisnewsky and Clément, 2016; Forsythe et al., 2016; Gensollen et al., 2016).

The presence of bacteria has been considered to lead to systemic inflammatory reactions and multiple organ damage, which pose a threat to the growth and development of the foetus and can even lead to abortion, premature birth, and stillbirth. During normal pregnancy, foetal growth and development in utero have been widely accepted to occur in a sterile environment. In 2008, Enterococcus and Staphylococcus were mainly identified in 21 healthy newborns by investigating their meconium (Jiménez et al., 2008); this work ignited an ongoing debate regarding whether the in utero environment is sterile. In 2010 (Mshvildadze et al., 2010), microbial DNA in meconium was detected, and meconium was confirmed to be rich in bacteria in 2014 (Guo, 2014), implying that infants may have started to establish their intestinal flora before birth. In 2015 (Hansen et al., 2015), evidence demonstrated a low number of bacteria in first-pass meconium from healthy, vaginally delivered, breastfeeding infants. Research on 151 vaginally born or Caesarean-section-born healthy babies in 2016 showed that several bacterial branches may already exist in the intestines of term infants (Nagpal et al., 2016). Bacterial 16S rRNA genes were characterized in first-pass meconium samples from 218 newborns in 2018 at the same hospital (Tapiainen et al., 2018), which revealed the general profiles of infants’ fecal microorganisms to some extent. Studies in 2019 further showed that all meconium and most amniotic fluid samples contain bacterial DNA (Stinson et al., 2019; Willis et al., 2019). In summary, human meconium contains complex microbial communities, and these bacteria may have and may continue to affect the development of the foetal immune system and host-microbe interactions.

Meconium is a viscid, odorless, greenish-black material that is quite different from watery and light-yellow newborn stools (Bearer, 2003). Usually, meconium begins to form in utero at approximately the 13th week of gestation and accumulates in the foetus until birth. Meconium is passed naturally by full-term neonates within 48 h after birth (Lisowska-Myjak and Pachecka, 2006, 2007). Meconium is a multicomponent mixture that can include bile pigments, water-soluble substances, such as proteins, and chloroform-soluble substances containing unsaturated lipids, fatty acids, and cholesterol (Pallem et al., 2010). These components originate from the foetus swallowing amniotic fluid containing shed epithelial cells and intestinal secretions (Harries, 1978; Sun et al., 1993). To some extent, the components in meconium can reflect the developmental environment of the foetus in the womb, and increasing attention has been devoted to investigating the matrix, including bacteria. However, studying meconium is challenging. One of the main problems is that the existence of microbial communities in the uterine environment is still controversial. Such debate was mainly due to the following problems: (i) The prokaryotic DNA content is approximately 1 % in 1-year-old infant stool samples (Wampach et al., 2017), and only a small proportion of extracted DNA can amplify the prokaryote bands (Hansen et al., 2015). However, current researches used DNA-based approaches with an insufficient detection limit to study “low-biomass” microbial communities; (ii) molecular assessments lacked appropriate controls for contamination; and (iii) failed to provide evidence of bacterial viability. Additionally, previous study stated if microbes were detected, bacteria in the first stool of the newborn could also be contributed to the result of postnatal colonization (Perez-Muñoz et al., 2017).

Scientists have suggested that the reason for the low efficiency of DNA extraction in meconium derives from the presence of many PCR inhibitors in the matrix. These inhibitors can be bile acids and salts (Al-Soud et al., 2005), glycolipids (Karlsson and Larson, 1978), and urea (Schrader et al., 2012), which are difficult to remove during the DNA extraction process and can cause difficultly for subsequent experiments. In addition, the absolute content of microorganisms in meconium may also lead to a low DNA detection rate. Low levels of bacterial DNA are usually caused by high concentrations of PCR inhibitors in meconium (Villanueva et al., 2000; Hansen et al., 2015), and the amplification rate of extracted DNA in meconium samples is commonly very low (10–52.9%; Ardissone et al., 2014; Hansen et al., 2015). Establishing a meconium-specific sampling extraction protocol is important for investigating the microbiome in the newborn gut (Stinson et al., 2018).

In the present study, a commercial QIAamp® Fast DNA Stool Mini Kit (cat. no. 51604) was used to develop the extraction protocol for DNA in meconium. We found that freeze-thaw treatment of meconium in lysis buffer can increase the DNA yield. As a result, we established a freeze-thaw procedure and verified the factors affecting the efficiency of DNA extraction.



MATERIALS AND METHODS


Sample Collection

The research was approved by the ethics committee of the Xiamen Maternity and Child Health Care Hospital (XMCH), Xiamen, China. The newborns were delivered at the Women and Children’s Hospital, School of Medicine, Xiamen University, from June 1st, 2017, to August 15th, 2017. When written informed consent was provided, the participants were recruited according to the following criteria: (1) gestational age between 37 and 42 weeks; (2) fulfilment of regular prenatal visits and complete clinical data; and (3) full-term deliveries. Pregnant women with the following complications were excluded: (1) infectious diseases caused by bacteria, viruses, or parasites; (2) inflammatory diseases (e.g., ankylosing spondylitis); (3) metabolic diseases such as diabetes mellitus; (4) pregnancy-associated illnesses including preeclampsia and gestational hypertension; (5) reproductive system disorders (e.g., an ovarian cyst); (6) abnormal pregnancy state (e.g., preterm birth); (7) genetic diseases such as thalassemia; and (8) tumors including pituitary adenomas and uterine fibroids. All mothers delivered naturally, and their newborns were healthy. Meconium was passed by the newborns within 24 h, and samples were collected immediately from sterile baby diapers. Samples were scraped off from baby diapers with sterilized metal scalpel handles and transferred to 5.0-ml sterilized tubes for subsequent analysis. Each meconium sample was divided into two fractions: one part was numbered and directly stored at −80°C, the other part was lyophilized under vacuum conditions, and the freeze-dried samples were numbered and stored at −80°C.



DNA Extractions Methods

In this study, protocols for extracting DNA in meconium were explored using the basic protocol (blue blocks in Supplementary Figure S1) of the commercial QIAamp® Fast DNA Stool Mini Kit (cat. no. 51604). Because of the poor dispersion of meconium in the InhibitEX buffer, each sample was first mixed with 1 ml InhibitEX buffer and vortexed for 30 min. Then, a mixture of meconium and InhibitEX buffer was obtained and named the meconium lysis cocktail. Extra treatments (red block in Supplementary Figure S1) were applied to the cocktail before the following steps of DNA extraction (these remaining steps were consistent with the instructions offered by the kit manufacturer). The treatments were designed to improve DNA excretion from the meconium matrix, and factors that may affect excretion were assessed. All experimental details for these factors are listed as follows:

1. Status and amount of meconium: DNA was extracted from either fresh or freeze-dried meconium, and the extraction efficiency was assessed to test which conditions are better for fresh meconium (40, 80, 120, 160, and 200 mg) and freeze-dried meconium (10, 20, 30, 40, 50, and 60 mg). These conditions were tested with five duplicate samples for each test.

2. Freezing time for the meconium lysis cocktails: For DNA extraction, the cocktail samples were intentionally frozen for 0, 6, 12, 18, 24, 36, and 48 h at −20 or −80°C. The remaining steps were performed by following the basic steps in the protocol (Supplementary Figure S1). All samples were freeze-dried meconium, and each sample weighed approximately 30 mg.

3. DNA extraction efficiency with immediate and gradient thawing: After vortexing, the meconium lysis cocktails were immediately frozen at −20 or −80°C or in liquid nitrogen for 6 h. Then, different thawing methods were carried out, which involved either immediate thawing or gradient thawing. These tests were designed to assess both freezing temperatures and thawing methods, where the frozen meconium lysis cocktails were thawed immediately or were thawed according to gradient programs (Supplementary Figure S2): ① −20°C-frozen meconium lysis cocktails were transferred to 4°C for 6 h. ② −80°C-frozen meconium lysis cocktails were transferred to 4°C for 6 h. ③ Meconium lysis cocktails frozen at −80°C were transferred to −20°C for 6 h and then transferred to 4°C for 6 h. ④ Liquid nitrogen-frozen meconium lysis cocktails were transferred to 4°C and incubated for 6 h. ⑤ Liquid nitrogen-frozen meconium lysis cocktails were transferred to −80°C for 6 h, then transferred to −20°C for 6 h, and finally transferred to 4°C for 6 h. After the thawing steps, the remaining steps all followed the DNA extraction kit instructions. Each sample was a 30-mg freeze-dried meconium specimen.

4. DNA extraction efficiency with immediate and gradient freezing: The measures of immediate and gradient freezing for the meconium lysis cocktails were tested after vortexing (Supplementary Figure S3). For immediate freezing, the meconium lysis cocktails were frozen immediately for 6 h at −80°C or in liquid nitrogen. For gradient freezing treatments, the cocktails were frozen stepwise until the target temperatures were reached: ① the cocktails were frozen at −20°C for 6 h and then transferred to −80°C for 6 h; ② the cocktails were frozen at −20°C for 6 h and then transferred to liquid nitrogen for 6 h; and ③ the cocktails were frozen at −20°C for 6 h and then transferred to −80°C for 6 h and in liquid nitrogen for 6 h. After the freezing step, the samples were thawed immediately for the remaining steps of DNA extraction. Each sample was a 30-mg freeze-dried meconium specimen.

5. DNA extraction efficiency with freeze-thaw recycling: The meconium lysis cocktails were immediately frozen at −20 and −80°C and in liquid nitrogen for 6 h to verify the efficiency of DNA extraction for duplicate freeze-thaw cycles. For each cycle, the cocktails were immediately thawed at room temperature. The freeze-thaw operation was carried out for one, two, and three cycles (Supplementary Figure S4). Finally, the thawed meconium lysis cocktails were subjected to the remaining steps of DNA extraction. Each sample was a 30-mg freeze-dried meconium specimen.



Quantitative Real-Time PCR

All DNA samples were amplified by quantitative real-time PCR (qPCR) for the hypervariable V3-V4 region of the 16S rRNA gene to verify the DNA extraction efficiency. The PCR system contained 10 μl Roche LightCycler® 480 SYBR® Green I Master, 1 μl of 10 μM each of the forward (5′-CCTAYGGGRBGCASCAG-3′) and reverse (5′-GGACTACHVGGGTWTCTAAT-3′) primers (final concentration 0.5 μM), 5 μl of template or water (negative template control), and 3 μl of water. All samples, including the reference controls, were run in duplicate. The instrument used in this assay was a Roche LightCycler 480II. The amplification procedure was as follows: predenaturation at 94°C for 10 min; 40 cycles of denaturation at 94°C for 30 s, annealing at 55°C for 30 s, and extension at 72°C for 30 s; melting curves of 94°C for 5 s and 65°C for 1 min; continuous collection of the fluorescent data until 97°C; and cooling. In practice, the DNA amplification efficiency is usually lower than the theoretical value of 100%. To acquire high-quality data, a group of standard curves was set, and the calculated amplification efficiency was approximately 80% in this assay.



16S rDNA Sequencing

To further evaluate the effect of freezing treatment on meconium bacterial diversity, in addition to testing the impact of freezing treatment on DNA extraction efficiency, six different meconium matrixes were treated by using seven different DNA extraction methods. The protocols were meconium lysis cocktails frozen at −20 or −80°C or in liquid nitrogen and treated with one-, two-, and three-freeze-thaw cycles. The samples were coded by the method name (frozen methods tandem freeze-thaw cycle number) plus meconium identification. The meconium identifications were coded as A, B, C, D, E, and F; the frozen methods were marked as 20, 80, and N for −20°C, −80°C, and liquid nitrogen, respectively, and the freeze-thaw cycle number was marked as I, II, and III, respectively. For example, A80II represented meconium A that had been frozen at −80°C and underwent two freeze-thaw recycling cycles. All extracted DNA was sequenced by 16S rDNA sequencing technology. 16S rDNA is the DNA sequence corresponding to the rRNA encoded in bacteria that exists in all bacterial genomes. The 16S rDNA in this assay was sequenced on an Illumina HiSeqTM 2500 by Gene Denovo Biotechnology Co., Ltd. (Guangzhou, China). And the raw data microbiome sequencing was uploaded into NCBI database under the accession number of PRJNA759695.



Data Analysis

All data were processed by SPSS19 and Excel. Student’s t-test was used to verify the significance of differences in the intergroup data, and all p-values were applied to the two-sided tests unless otherwise specified. Bioinformatic analysis was performed using Omicsmart, which is a dynamic real-time interactive online platform for data analysis.1




RESULTS AND DISCUSSION


Meconium Status and Loading Amount Affect DNA Extraction Efficiency

The recommended sample for the kit was a 200-mg fresh sample. As shown in Supplementary Table S1, the water content of meconium was approximately 60–70% in this assay calculated by the following formulation:

[image: image]

Among them, WW and DW represented the wet and dry weight of meconium, respectively. Therefore, 200 mg fresh meconium and 60 mg freeze-dried meconium were initially applied in the protocol development.

The relationship between DNA extraction efficiency and sample weight presented an inverted U-shape for both fresh and freeze-dried samples (Figure 1; Supplementary Table S2). The DNA extraction efficiency reached the peak values when fresh meconium weighed 120 mg (Figure 1A) and freeze-dried meconium weighed 30 mg (Figure 1C). The DNA extraction efficiency of the frozen samples was generally higher than that of the fresh samples. In addition, both fresh samples (Figure 1B) and dry samples (Figure 1D) could clog the column filters when they were overloaded as liquid above the adsorption column could not enter the lower side. When comparing the DNA extraction efficiency between fresh and freeze-dried meconium, the overall efficiency for freeze-dried meconium was higher than that for fresh meconium.

[image: Figure 1]

FIGURE 1. Effects of meconium status and loading amount on DNA extraction efficiency. (A) DNA concentration (fold change) vs. fresh meconium loading amount (mg); (B) Columns could be blocked by overloaded fresh samples (loading with 160 and 200 mg after centrifugation); (C) DNA concentration (fold change) vs. freeze-dried meconium loading amount (mg); (D) Columns could be blocked by overloaded freeze-dried samples (loading with 50 mg and 60 mg after centrifugation). The results are presented as the average of five duplicates ± SEM. The corresponding data were shown in Supplementary Table S2.


The above results showed that the sample status and loading amount were two important factors in DNA extraction. Overloading can cause a lower DNA extraction efficiency than proper loading, possibly because of the following reasons: (1) Samples cannot be fully lysed to release DNA. (2) The fragments of samples blocked the filter column, which affected the subsequent operations. (3) More PCR inhibitors (Villanueva et al., 2000; Hansen et al., 2015) were loaded in the overloaded meconium. Interestingly, freeze-dried meconium showed a better DNA extraction efficiency than fresh meconium, possibly because freeze-dried meconium is homogeneous. Then, 30 mg freeze-dried meconium was chosen in the final protocol.



Freezing Pretreatment Affects Meconium DNA Extraction Efficiency

Accidentally, we observed that freezing meconium in lysis buffer can increase the DNA yield. Because some physical treatments (van Burik et al., 1998; Salonen et al., 2010) can improve the efficiency of DNA extraction more obviously than chemical treatments (Rohland and Hofreiter, 2007), the observational improvement encouraged the following experimental designs to test the effects of freezing time, freezing temperature, thawing conditions, and freeze-thaw cycles on the DNA extraction efficiency.


Freezing Time for Meconium

To determine the appropriate time for meconium freezing, two freezing temperatures of −20 and −80°C were assessed in both fresh and freeze-dried meconium at times ranging from 0 to 48 h. The results showed that the DNA extraction efficiency of the frozen samples was generally higher than that of the control, and the efficiency at −20°C was higher than that at −80°C. Similar time trends for the changed DNA extraction efficiencies were observed for the two freezing temperatures (Supplementary Figure S5). When the meconium lysis cocktails were frozen from 1 to 6 h, the efficiency was significantly improved, implying that the meconium lysis cocktails were fully lysed to release DNA and that the PCR inhibitors were inactive after freezing (Patton et al., 2007; Yadava et al., 2008). From 6 to 24 h, the extraction efficiency tended to be stable, while the efficiency slightly decreased when the samples were frozen for longer than 24 h. These results further proved that freezing treatments could improve DNA extraction efficiency. Regarding the time cost, 6 h was selected for the freezing time in the final protocol.



Different Thawing Operations

Regarding thawing operations for the frozen meconium with the different protocols (immediate or gradient thawing) and for the different freezing patterns (freezing at −20°C or −80°C, or in liquid nitrogen), the DNA extraction efficiency changed significantly according to a comparison with the reference protocol (Figure 2; Supplementary Table S3). Among all immediately thawed meconium samples, the DNA extraction efficiencies for samples frozen at −20 and −80°C were much higher than those for samples frozen in liquid nitrogen; however, all freezing patterns can improve the efficiency compared to the reference (Figure 2A). These data suggested that freezing meconium at any investigated temperature with immediate thawing can enhance DNA extraction, and freezing at −20 and −80°C was more efficient than freezing in liquid nitrogen.

[image: Figure 2]

FIGURE 2. Different thawing protocols affected DNA extraction efficiency. (A) The DNA extraction efficiencies for immediately thawed meconium frozen at −20 and −80°C and in liquid nitrogen; (B) The DNA extraction efficiencies for immediately thawed and gradient thawed meconium frozen at −20°C; (C) The DNA extraction efficiencies for immediately thawed and gradient thawed meconium frozen at −80°C; (D) The DNA extraction efficiencies for immediately thawed and gradient thawed meconium frozen in liquid nitrogen. The corresponding data were shown in Supplementary Table S3. **P < 0.01.


Combining the factor of immediate or gradient thawing, the DNA extraction efficiency of gradient thawing was significantly lower than that of immediate thawing for meconium frozen at −20°C (Figure 2B). Similarly, meconium frozen at −80°C had a similar trend to that frozen at −20°C, where the DNA yields with gradient thawing were obviously lower than those with immediate thawing (Figure 2C). However, for meconium frozen in liquid nitrogen, both immediate and gradient thawing had nearly the same efficiency for DNA extraction (Figure 2D).

The above results demonstrated that freezing pretreatments can improve DNA extraction efficiency. The immediate thaw operation has better extraction efficiency than gradient thawing. The liquid nitrogen freezing groups had significantly lower DNA extraction efficiencies than the other two freezing groups. We suspected that −20 and −80°C were the proper temperatures to facilitate DNA release and avoid DNA breaking in the meconium matrix. Therefore, the immediate thawing operation was selected for the final protocol.



Different Freezing Patterns

When comparing the different freezing temperatures (Figure 2A), both −20 and −80°C-frozen meconium samples showed significantly improved DNA yields after immediate thawing (Supplementary Table S4). In addition to the thawing operation, freezing by immediate and gradient cooling to −80°C and liquid nitrogen conditions were assessed (Figure 3A). The results showed that immediately cooling down to −80°C can result in a better improvement than gradient cooling (Figure 3B); however, immediate cooling in the liquid nitrogen condition showed no difference with gradient cooling in terms of the DNA extraction efficiency (Figure 3C), which implied that the temperature of freezing in liquid nitrogen was too low to damage the yield of DNA. Instead, the results suggested that freezing at −20 and −80°C was sufficient to improve DNA yields, and immediate cooling was better than gradient cooling.
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FIGURE 3. Different freezing patterns affected DNA extraction efficiency. (A) The DNA extraction efficiencies in the immediate freezing groups; (B) The DNA extraction efficiencies in the immediate and gradient freezing groups when samples were frozen at −80°C; (C) The DNA extraction efficiencies in the immediate and gradient freezing groups when samples were frozen in liquid nitrogen. The corresponding data were shown in Supplementary Table S4. *P < 0.05, **P < 0.01.




Freeze-Thaw Duplication

The DNA extraction efficiencies of repeated freeze-thaw operations were investigated (Supplementary Table S5). For each freeze-thaw cycle, immediate cooling and thawing were carried out. For all freezing conditions of cooling to −20 and −80°C and freezing in liquid nitrogen, the DNA extraction efficiencies increased with freeze-thaw cycle number (Figures 4A–C). When comparing the freezing temperature-dependent efficiencies at each cycle (Figures 4D–F), the highest efficiency was achieved −20°C freeze-thaw operation after the 3rd cycle.

[image: Figure 4]

FIGURE 4. Freeze-thaw cycle number-dependent DNA extraction efficiency. (A) The freeze-thaw cycle-dependent DNA extraction efficiency for meconium frozen at −20°C; (B) The freeze-thaw cycle-dependent DNA extraction efficiency for meconium frozen at −80°C; (C) Freeze-thaw cycle-dependent DNA extraction efficiency for meconium frozen in liquid nitrogen; (D) The DNA extraction efficiencies with one freeze-thaw cycle; (E) The DNA extraction efficiencies with two freeze-thaw cycles; (F) The DNA extraction efficiencies with three freeze-thaw cycles. The corresponding data were shown in Supplementary Table S5. *P < 0.05, **P < 0.01.


All data showed that freeze-thaw operation can improve the DNA extraction efficiency significantly, which may be due to the multiple freeze-thaw cycles that can result in the meconium lysis cocktails being completely lysed to release DNA. In addition to the total DNA extraction efficiency, bacterial DNA abundance in meconium and their stability during the investigated protocols are key to relating the final detection rate of PCR analysis (Patton et al., 2007; Yadava et al., 2008; Zhang et al., 2008; Chen et al., 2018).




Bacterial DNA Abundance and Freezing Temperature Related Sequencing

Six different meconium samples were sequenced for their 16S rDNA by reference DNA extraction (0) and six other protocols (20I: one freeze-thaw cycle at −20°C, 20III: three freeze-thaw cycles at −20°C, 80I: one freeze-thaw cycle at −80°C, 80III: three freeze-thaw cycles at −80°C, NI: one freeze-thaw cycle in liquid nitrogen, and NIII: three freeze-thaw cycles in liquid nitrogen) at different freezing temperatures, and freeze-thaw cycles were applied. The positive detection of meconium samples A, B, C, D, E, and F from high to low rates was 6 (B), 6 (E), 4 (F), 2 (D), 2 (A), and 1 (C). The PCR sequencing method has equal sensitivity to the different extraction protocol-treated samples. Meconium B and E can be sequenced positively by six protocols (Figure 5) except the NI protocol, which implied that B and E have the most abundant bacterial DNA and can meet 16S rDNA sequencing requirements for low or high DNA extraction efficiencies. However, meconium C can only be sequenced by protocol 20III (C20III), which has the highest DNA extraction efficiency (Figures 4A,F). Therefore, meconium C may have the lowest bacterial DNA abundance among the six samples. Meconium A can be sequenced by protocols 20I (A20I) and NIII, which may imply that bacterial DNA in A is slightly higher than that in C. Samples F and D may have bacterial DNA abundance levels lower than those in B and E because both D and F can be sequenced when treated by protocols 20I and 20III. In addition, meconium F can be sequenced by the protocol of 80I (F80I) and NIII (FNIII), which may imply that the level of bacterial DNA in F was slightly higher than that in D. In summary, the bacterial DNA levels from high to low in these samples were B ≈ E > F ≥ D > A ≈ C. At the median levels of bacteria, a −20°C freeze-thaw cycle could improve the DNA extraction efficiency.
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FIGURE 5. Relative abundance and functional prediction of bacteria at the genus level. (A) The relative abundance of bacterial DNA at the genus level from the perspective of sample. A0–F0: Two (B and E) of six samples could be positively sequenced for bacterial DNA by the reference protocol; A20I–F20I: Five (A, B, D, E, and F) of six samples could be positively sequenced for bacterial DNA with a one-cycle −20°C freeze-thaw protocol; A20III–F20III: Five (B, C, D, E, and F) of six samples could be positively sequenced for bacterial DNA with a three-cycle −20°C freeze-thaw protocol; A80I–F80I: Three (B, E, and F) of six samples could be positively sequenced for bacterial DNA with a one-cycle −80°C freeze-thaw protocol; A80III–F80III: Two (B and E) of six samples could be positively sequenced for bacterial DNA with a three-cycle −80°C freeze-thaw protocol; ANI–FNI: No samples could be positively sequenced for bacterial DNA with a one-cycle liquid nitrogen freeze-thaw protocol; ANIII–FNIII: Four (A, B, E, and F) of six samples could be positively sequenced for bacterial DNA with a three-cycle liquid nitrogen freeze-thaw protocol; (B) The relative abundance of bacterial DNA at the genus level from the perspective of group; (C) Functional prediction of bacterial DNA among five pretreated groups.


Meconium can be sequenced not only because of its bacterial DNA abundance but also because of its DNA extraction efficiency and stability during the protocol. The positive detection of all meconium samples for the 0, 20I, 20III, 80I, 80III, NI, and NIII protocols from the high to low rates was 5 (20I), 5 (20III), 4 (NIII), 3 (80I), 2 (80III), 2 (0), and 0 (NI), respectively (Figure 5). Among all one cycle freeze-thaw protocols, the DNA extraction efficiencies of 80I and NI were higher than those of 20I (Figure 4D). However, five of six samples could be sequenced positively by the 20I protocol, and no sample could be sequenced by the NI protocol. These results suggested that too low of a freezing temperature may damage the bacterial DNA for sequencing. The DNA extraction efficiencies of all three freeze-thaw cycles were almost equal. However, the samples sequenced from high to low were 20III > NIII >80III. These results further supported that too low of a freezing temperature may damage bacterial DNA sequencing. When comparing their DNA extraction efficiencies (Figures 4A–D), three freeze-thaw cycles were higher than one freeze-thaw cycle. However, five of six samples could be sequenced positively by both 20I and 20III protocols, which implied that 20I and 20III were the most effective protocols for sample sequencing. The meconium C with the lowest bacterial DNA abundance could only be sequenced by pretreatment with the 20III protocol, which implied that 20III was more effective than 20I. Regardless, illustrating that meconium A can be sequenced by 20I and NIII but not by 20III is difficult. In summary, the protocol with −20°C pretreatment showed the highest rates of bacterial DNA sequencing, and the reference and liquid nitrogen pretreatment protocols showed the lowest rates. Therefore, −20°C was the best pretreatment temperature.

The microbial species diversity at the genus level was different according to the different DNA extraction protocols. The number of genera was calculated on the fully profiled bacterial DNA in meconium A, B, C, D, E, and F (Figure 5A), which is listed in Table 1 and visualized in Supplementary Figures S6A–D. All results indicated that pretreatment at −20°C yielded the highest genera, which was additional evidence that −20°C was the best choice, possibly because −20°C has more influence on DNA integration than −80°C, and temperatures that are too low could break some bacterial DNA with high genera diversity (Supplementary Figures S6A–E); however, the destructiveness of organic tissue at −3 to −10°C (Khan and Vincent, 1996; Bortolin et al., 2017) may have been reduced. When comparing the genera numbers between the 20I and 20III pretreatment groups, the 20III was higher than 20I in samples B, D, and F but the 20I was higher than 20III in samples E. Generally, pretreatment of three freeze-thaw cycles at −20°C can retain the highest DNA genera diversity, and this may be the optimal protocol to extract meconium. Analyses of α diversity further confirmed the above conclusion, which showed 20I generated the highest DNA genera diversity, followed by 20III, while α diversity was almost equal between 80I and 80III (Supplementary Figure S8). Species analysis presented that 20III dominated by other genera (29.64%), Escherichia-Shigella (25.16%), and Enterobacter (16.53%), while control group was dominated by Escherichia-Shigella (37.56%), Enterobacter (17.07%), and other genera (10.76%) (Figure 5B). These results partially confirmed the conclusions conducted by Stinson et al. (2019), and the relatively high abundance of other genera in 20III group indicated freeze-thaw pretreatment would be beneficial to the release of low abundance bacterial DNA. And by utilizing this protocol, the relative abundances of genera of Akkermansia (p = 0.047), Ruminococcus (p = 0.010), Acidipila (p = 0.011), and Caulobacter (p < 0.001) were significantly higher comparing with the 20I group, while no genus was detected to be decreased in our study according to Wilcoxon analysis. In addition, the major effects of 20III pretreatment was shown to be associated with the increased diversity of aerobic, anaerobic, and Gram-positive bacteria, which was hypothesized that the freeze-thaw method mainly promoted the release of bacterial DNA with such characteristics (Figure 5C).



TABLE 1. The genus numbers measured in each group.
[image: Table1]

However, several limitations of this research are noted. One is that DNA-based assessments of low microbial biomass samples are extremely prone to confounding findings from contaminant DNA. Despite the rigorous sterile operations were adopted, bacterial DNA from reagents, consumables, and components of DNA extraction kits may not be avoided, which may affect the reliability of our results (Tanner et al., 1998; Grahn et al., 2003; Mühl et al., 2010). The other limitation is that our conclusions were largely based on the macroscopic descriptions. The specific mechanisms for enhancing the DNA extraction efficiency by freeze-thaw pretreatment were unexplored, as well as rare in the previous researches. Therefore, explaining these mechanisms was urgently demanded, and that could be one of the future research directions.




CONCLUSION

Microbial DNA in meconium was difficult to extract using general commercial stool DNA extract kits due to the extremely low microbial biomass. The amplification rate of extracted DNA from meconium is usually approximately 10–52.9% (Ardissone et al., 2014; Hansen et al., 2015). In this assay, we found that freeze-thaw recycling pretreatment can enhance the efficiency of bacterial DNA extraction from meconium, and an improved protocol was developed and verified using the commercial QIAamp® Fast DNA Stool Mini Kit (cat. no. 51604).

Finally, we concluded that (1) 30 mg lyophilized meconium was the optimal amount for DNA extraction. (2) Lysis cocktail freezing can improve DNA extraction efficiency, with 6 h being a suitable freezing time. (3) To improve DNA extraction efficiency, thawing the frozen lysis cocktail immediately is better than thawing gradually; similarly, freezing the lysis cocktail immediately is better than freezing gradually. (4) Regarding freezing temperatures, −20°C better maintains the stability of bacterial DNA than at −80°C and liquid nitrogen. (5) Finally, we suggested that three cycles of freeze-thaw treatment of the meconium lysis cocktail at −20°C can markedly increase the bacterial DNA extraction amount and genus diversity. In summary, this work offers a protocol to enhance meconium bacterial DNA extraction, which may be helpful to promote the study of foetal and/or newborn microbiome exposure.
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Ginsenoside Rb1 Improves Metabolic Disorder in High-Fat Diet-Induced Obese Mice Associated With Modulation of Gut Microbiota
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Gut microbiota plays an important role in metabolic homeostasis. Previous studies demonstrated that ginsenoside Rb1 might improve obesity-induced metabolic disorders through regulating glucose and lipid metabolism in the liver and adipose tissues. Due to low bioavailability and enrichment in the intestinal tract of Rb1, we hypothesized that modulation of the gut microbiota might account for its pharmacological effects as well. Here, we show that oral administration of Rb1 significantly decreased serum LDL-c, TG, insulin, and insulin resistance index (HOMA-IR) in mice with a high-fat diet (HFD). Dynamic profiling of the gut microbiota showed that this metabolic improvement was accompanied by restoring of relative abundance of some key bacterial genera. In addition, the free fatty acids profiles in feces were significantly different between the HFD-fed mice with or without Rb1. The content of eight long-chain fatty acids (LCFAs) was significantly increased in mice with Rb1, which was positively correlated with the increase of Akkermansia and Parasuttereller, and negatively correlated with the decrease of Oscillibacter and Intestinimonas. Among these eight increased LCFAs, eicosapentaenoic acid (EPA), octadecenoic acids, and myristic acid were positively correlated with metabolic improvement. Furthermore, the colonic expression of the free fatty acid receptors 4 (Ffar4) gene was significantly upregulated after Rb1 treatment, in response to a notable increase of LCFA in feces. These findings suggested that Rb1 likely modulated the gut microbiota and intestinal free fatty acids profiles, which should be beneficial for the improvement of metabolic disorders in HFD-fed mice. This study provides a novel mechanism of Rb1 for the treatment of metabolic disorders induced by obesity, which may provide a therapeutic avenue for the development of new nutraceutical-based remedies for treating metabolic diseases, such as hyperlipidemia, insulin resistance, and type 2 diabetes.

Keywords: ginsenoside Rb1, metabolic disorder, gut microbiota, long-chain fatty acids, free fatty acid receptor, lipidomics, fecal metabolome


INTRODUCTION

The prevalence of obesity and related comorbidities continues to rise worldwide. The prevention and treatment of obesity and its metabolic complications remain a major public health concern.

Gut microbiota plays an important role in the development of obesity with related hyperlipidemia and diabetic symptoms (Festi et al., 2014). Intestinal microbes affect nutrient acquisition and energy regulation of the host (Kimura et al., 2013). Gut microbiota dysbiosis damages the intestinal epithelial barrier and intestinal mucosal immunity, which leads to insulin resistance and inflammation (Paone and Cani, 2020). Thus, modulating the gut microbiota may be an effective strategy for the treatment of obesity and related metabolic disorders.

Metabolomic analysis can deepen the understanding of host-microbe interactions (Heinken and Thiele, 2015). The fecal metabolome investigates the outcomes of the metabolic interactions among diet, gut microbiota and host through analyzing the remaining unabsorbed metabolites (Matysik et al., 2016). Lipidomics study may be useful in understanding the contribution of fatty acids and lipids profile toward maintaining or disturbing the metabolic homeostasis, particularly indicated by the readouts of insulin resistance (IR) and obesity (Shetty and Kumari, 2021).

Panax ginseng and Panax notoginseng are widely used for 1000 of years in Asia due to their effectiveness in strengthening health and recovering from deficiency of “vital energy (QI).” Ginsenosides are the main bioactive components. Ginsenoside Rb1 (Rb1) is the most abundant and thought to be an important active factor in protopanaxadiol ginsenosides. Previous studies have shown that ginsenoside Rb1 exerts significant anti-obesity and anti-diabetic effects (Zhou et al., 2019). Rb1 can decrease body weight, increase insulin sensitivity, suppress liver fat accumulation, regulate adipocyte function and improve glucose tolerance in obese mice and rats (Xiong et al., 2010; Shen et al., 2013, 2015; Lin et al., 2014; Yu et al., 2015; Song et al., 2017; Lim et al., 2019). Rb1 exerts multi-target effects and its molecular mechanism mainly involves in activating AMP-activated protein kinase (Shen et al., 2013; Zhao et al., 2019) and regulating PPARγ signaling (Mu et al., 2015; Song et al., 2020). However, these pharmacological effects were observed in the treatment via intraperitoneal injection of Rb1, and the molecular targets analyzed were mainly in the liver, skeletal muscle and adipose tissues. It is well known that most herbal medicine, including ginsenosides, are orally administrated. However, the oral bioavailability of Rb1 is relatively low, around 0.1–4.35%(Odani et al., 1983; Xu et al., 2003; Liu et al., 2015). After being orally administrated, the levels of Rb1 in the blood and target tissues are far below the effective concentrations used in intraperitoneal administration studies. So, the AMPK and PPARγ pathways may not actually be followed in vivo by Rb1 via oral administration. Therefore, the current mechanistic hypotheses of Rb1 are insufficient to explain the results of in vivo animal studies which are orally given with Rb1.

Since poor bioavailability, Rb1 concentration is low in the plasma but is very high in the gut (especially in the large intestine), which provides the possibility of interaction between Rb1 and the gut microbes. In addition, it has been reported that after Rb1 was orally administrated, intestinal microbes were involved in the transformation of Rb1. β- D-glucosidase produced by gut microbes converts Rb1 into other saponins (Akao et al., 1998a). Germ-free rats (Akao et al., 1998b) and factors affecting gut microbes such as antibiotics (Xu et al., 2014), stress (Kang et al., 2016) etc., affect Rb1 degradation into other saponins and also Rb1 pharmacokinetics. Therefore, we hypothesize that the gut microbiota might be an alternative therapeutic target for Rb1.

Recent studies have reported that some saponins treated by oral administration could regulate gut microbiota and metabolites profiles to improve physiological indices. For instance, Panax notoginseng saponins modulate the gut microbiota accompanied by increasing fecal fatty acids, which promotes adipose thermogenesis in diet-induced obese mice (Xu et al., 2020). Ginseng extract can increase Enterococcus faecalis that can produce myristoleic acid, which leads to reducing adiposity (Quan et al., 2020). However, there is limited data about the influences of pure Rb1 on gut microbiota and metabolites. In this study, in the process of evaluating the anti-obesity effects of Rb1 in HFD-fed mice, we studied the alteration of gut microbiota and profiles of fecal metabolites in response to Rb1 treatment. Through correlation analysis, we explored the multiscale mechanisms that might account for the therapeutic effect of Rb1 against obesity.



MATERIALS AND METHODS


Chemicals

Ginsenoside Rb1 was purchased from the FEIYUBIO (Nantong, China). Rb1 was dissolved in saline and gavaged to mice or rats.



Animals and Experimental Design

C57BL/6J mice (Shanghai Laboratory Animal Co.) and SD rats (Beijing Vital River Laboratory Animal Technology Co.) were raised under a 12:12 h light/dark cycle in a temperature and humidity-controlled room.


High-Fat Diet-Induced Obese Mouse Model

Mice were divided into three groups: (1) ND: normal diet treated with saline (n = 5), (2) HFD: high-fat diet treated with saline (n = 5), (3) Rb1: high-fat diet treated with Rb1 at a dose of 120 mg/kg (n = 7). Male mice of 7 weeks of age were provided with a normal chow diet or high-fat diet (D12492: 60% fat, 20% carbohydRate, 20% protein, Research Diets, Inc., NY, United States) for 12 weeks. Then mice in the ND group and the HFD group were gavaged with saline and mice in the Rb1 group were gavaged with Rb1 for 28 days. Blood samples were collected after Rb1 treatment for 24 days after mice fasting overnight. Fecal samples of mice were collected before Rb1 treatment (day 0) and after Rb1 treatment for 9, 20, 24, and 27 days (day 9, day 20, day 24, and day 27). At the end of the trial, mice fasted overnight and proximal colon, liver and epididymal fat tissues were collected. Samples of serum, feces, and tissues were stored at –80°C.



Diet-Induced Hyperlipemia Rat Model

Male SD rats were divided into three groups (8 rats per group): (1) a normal diet treated with saline (ND), (2) a high-fat diet treated with saline (HFD), (3) a high-fat diet treated with Rb1 (Rb1, 60 mg/kg). Firstly, rats were fed with the normal diets or normal diets added with 20.0% sucrose, 15% lard, 1.2% cholesterol, and 0.2% sodium cholate for 2 weeks. Blood was collected and group division based on the level of serum total cholesterol (TC). Then rats were gavaged with Rb1. After four weeks of treatment, blood was obtained and stored at –80°C. The liver and epididymal fat were collected for histopathology analysis.




Measurement of Blood Chemistry and Hepatic Lipid Contents

Serum triglycerides (TG), total cholesterol (TC), low-density lipoprotein cholesterol (LDL-c), and glucose were measured using commercial detection kits (NJJCBIO Co., Ltd., Nanjing, China). Glycosylated hemoglobin (GHb) was tested using a commercial kit (Jianglai Biotechnology Co., Ltd., Shanghai). Insulin was determined using a commercial ELISA kit (Mercodia). Insulin resistance was assessed using the index of HOMA-IR: fasting blood glucose (mmol/L) × fasting blood insulin (mU/L)/22.5. Hepatic lipids from the mice liver homogenate were extracted and hepatic TG and TC were determined using assay kits (NJJCBIO Co., Ltd., Nanjing, China).



Intraperitoneal Glucose Tolerance Test

Intraperitoneal glucose tolerance test was performed after Rb1 treatment for 16 days. After fasting for 6h, mice were given glucose (2 g/kg body weight) intraperitoneally. Tail blood was used to inspect glucose levels at 0, 15, 30, 60, and 120 min after glucose injection.



Analysis of Histopathology

The liver and epididymis fat tissues of rats were fixed with formalin and embedded in paraffin. 4 μm sections were stained with hematoxylin and eosin (H&E). For hepatic fat accumulation analysis, livers were embedded in frozen sections and 10 μm sections were stained with oil red O (ORO).



RNA Isolation and Real-Time Quantitative PCR Analysis

Total RNA was extracted from the colon tissues with RNeasy Plus Universal Mini Kit (QIAGEN). Then cDNA was prepared with PrimeScript RT reagent Kit (TAKARA). Quantitative real-time PCR (qRT-PCR) was performed with SYBR Premix Ex TaqTM (TAKARA) on the Step-One-Plus Real-Time PCR Systems (Applied Biosystem) by using Gapdh as the internal control. Primers that were used in qRT-PCR were shown in Supplementary Table 1.



Gut Microbiota Detection and Microbial Function Prediction

Fecal samples of mice collected at days 0, 9, 20, and 27 were used for gut microbiota profiling. Genomic DNA was extracted from feces with a QIAamp DNA stool mini kit (QIAGEN, Germany). Subsequently, the V3–V4 region of the 16S rRNA gene was amplified by PCR and then amplicons were purified and sequenced on a MiSeq system.

Sequencing reads were analyzed using the QIIME II software (Bolyen et al., 2019). In practice, chimeric sequences and low-quality sequencing reads were filtered by the DADA2 method included in the qiime2 software, which was an ASV-based community comparison method for 16S amplicon data analysis (Callahan et al., 2016). After that, high-quality reads were kept to build a feature table, which contained counts (frequencies) of each unique sequence in each sample. Then taxonomic annotation analysis based on the feature table was carried out to explore the microbial profile of samples. Subsequently, alpha and beta diversity analyses were conducted. In detail, the alpha diversity of each group was calculated by the Shannon index and Pielou evenness index; while the beta diversity was calculated with the principal coordinate analysis (PCoA) method based on the unweighted UniFrac distance matrices. Adonis (permutational multivariate analysis of variance using distance matrices) was used to compare the significant difference between groups. To identify microbial markers between groups, the approach of linear discriminant analysis effect size (LEfSe) was applied and the threshold of linear discriminant analysis (LDA) score was set to 3.0. Finally, based on the feature table, the tax4fun software (Aßhauer et al., 2015) was adopted to infer involved signal pathways of microbes so as to predict the functional profiles of the microbial communities.



Fecal Metabolite Analysis

Fecal samples of mice collected on day 24 after Rb1 treatment were used for metabolite analysis.


Metabolite Extractions

To extract metabolites from fecal samples, 800 μL of cold methanol/acetonitrile/water (2:2:1, vol/vol/vol) extraction solvent was added to 30–80 mg feces, and vortexed adequately. Stock solutions of stable-isotope internal standards were added to the extraction solvent simultaneously. Then samples were under vigorous shaking (2 min) and followed by incubation (20 min, 4°C). After centrifugation (14,000 g, 20 min, 4°C), the supernatant flowed through a 96-well protein precipitation plate, the elution was vacuum-dried at 4°C. Then the samples were re-dissolved in 100 μL acetonitrile/water (1:1:1, vol/vol/vol) solvent and transferred to LC vials.



LC-MS/MS Analysis

Analyses were performed using a UHPLC (1290 Infinity LC, Agilent Technologies) coupled to a 6500 QTRAP MS (AB Sciex). The analytes were separated on UPLC BEH C18 columns (2.1 × 100 mm, 1.7 μm; Waters). The column temperature was set at 40°C, and the injection volume was 2 μL. The mobile phase A was 50 mM ammonium formate and 0.4% formic acid in the water, and B was methanol. A gradient (5% B at 0 min, 60% B at 5 min, 100% B at 11–13 min, 5% B at 13.1–16 min) was then initiated at a flow rate of 400 μL/min. The sample was placed at 4°C during the whole analysis process. 6500 QTRAP was performed in positive and negative switch mode. The ESI positive source conditions were set as follows: source temperature: 550°C; ion Source Gas1: 55; Ion Source Gas2: 55; Curtain gas: 40; ion Sapary Voltage Floating: + 4500. The ESI negative source conditions were set as follows: source temperature: 550°C; ion Source Gas1: 55; Ion Source Gas2: 55; Curtain gas: 40; ion Sapary Voltage Floating: –4500 V. MRM method was used for mass spectrometry quantitative data acquisition. A pooled sample was set in the sample queue as quality control (QC) to evaluate the stability and repeatability of the system.



Data Processing

The Analyst software was used for quantitative data processing. The QCs were processed together with the biological samples. Peak values of each metabolite were normalized by the weight of the feces and peaks of internal standards.




Statistical Analysis

The student’s t-test was performed to compare data between two groups and a one-way analysis of variance followed by Tukey’s post hoc test was applied to compare data among more than two groups. To compare values among three groups of different time points, a two-way analysis of variance followed by Tukey’s multiple comparison test was performed. To evaluate the correlation between physiology phenotypes, gut microbes, or fecal metabolites, Spearman’s correlation analysis was used. A P-value < 0.05 was considered statistically significant. Data were expressed as means ± SEM (standard errors of the means).




RESULTS


Orally Administrated Ginsenoside Rb1 Improves Insulin Resistance and Lipid Metabolism in High-Fat Diet-Fed Rodents

A high-fat diet-fed obese model was established by feeding C57BL/6J male mice with a high-fat diet for 12 weeks. Therapeutics via daily oral administration of Rb1 was performed in the following 4 weeks (Figure 1A). Compared to the HFD group, Rb1 treatment significantly lowered the serum LDL-c (P < 0.05, Figure 1B) and TG (P < 0.05, Figure 1C), with no effect on the serum TC, body weight, and food intake (Figures 1D,L,M). On the other hand, Rb1 unaffected either fasting blood glucose (Figure 1E) or glucose tolerance (Figure 1H), but significantly lowered the fasting blood insulin (P < 0.01, Figure 1F) and the HOMA-IR index (P < 0.01, Figure 1G). In addition, compared to the HFD group, Rb1 lowed liver TG and epididymal fat mass for a trend but had no effect on liver TC (Figures 1I,J,K).
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FIGURE 1. Rb1 treatment improved lipid metabolism and insulin resistance in high-fat diet (HFD)-fed mice. (A) Mice were fed with a high-fat diet for 12 weeks and then subjected to Rb1 treatment (120 mg/kg) by gavage for 4 weeks. Blood samples of day 24 were used to test serum metabolic parameters. Tissues were collected on day 28. (B) Low-density lipoprotein cholesterol (LDL-c), (C) triglyceride (TG), (D) total cholesterol (TC), (E) fasting blood glucose (FBG), (F) fasting insulin was tested in serum and (G) homeostasis model assessment of insulin resistance (HOMA-IR) index was assessed. (H) An Intraperitoneal glucose tolerance test was performed on day 16. (I) Liver TG, (J) liver TC, and (K) epididymal fat were assessed. (L) Body weight and (M) food intake data were recorded twice a week. All data were presented as the mean ± SEM (n = 5–7). A one-way analysis of variance followed by Tukey’s post hoc test was applied to compare data among groups. *P < 0.05; **P < 0.01; ***P < 0.001. ns, not significant.


These results were reproduced in the diet-induced hyperlipemia rat model (Figure 2A). As shown in Figure 2, compared to the HFD group, Rb1 could significantly decrease the levels of LDL-c (P < 0.001, Figure 2B), TG (P < 0.01, Figure 2C) and TC (P < 0.05, Figure 2D), and did not affect HDL-c, body weight and food intake (Figures 2E,H,I). Meanwhile, the GHb (P < 0.01, Figure 2F) detected in the Rb1 group was much lower compared to that of the HFD group although blood glucose showed only a trend of decline (Figure 2G). Rb1 also reduced the accumulation of lipid droplets in the liver tissues of rats observed by oil red O staining and H&E staining (Figure 2J). The results of H&E staining of epididymal fat tissues showed that the adipocytes in the Rb1 group were significantly smaller than those in the HFD group (Figure 2K).
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FIGURE 2. Rb1 treatment improved lipid metabolism in HFD-fed rats. (A) Rats were provided with a high-fat diet for 2 weeks and then subjected to treatment with Rb1 (60 mg/kg) by gavage for 4 weeks. Blood samples of day 28 were used to test serum metabolic parameters, including (B) low-density lipoprotein cholesterol (LDL-c), (C) triglyceride (TG), (D) total cholesterol (TC), (E) high-density lipoprotein cholesterol (HDL-c), (F) glycosylated hemoglobin (GHb), and (G) blood glucose (Glu). (H) Body weight and (I) food intake were also recorded. (J) Oil red O (ORO) staining and hematoxylin and eosin (H&E) staining of liver tissues. (K) H&E staining of epididymal fat tissues. All data were expressed as the mean ± SEM (n = 8). Significant difference among groups were evaluated using one-way analysis of variance followed by Duncan’s post hoc test. *P < 0.05; **P < 0.01; ***P < 0.001. ns, not significant.


Taken together, Rb1 treatment has consistent results in mice and rats and thus strongly suggests that Rb1 treatment improves the lipid metabolism and insulin resistance in HFD-fed rodents. For further exploration of the possible mechanisms of Rb1 function, only mice samples were used for evaluation.



Rb1 Treatment Partly Recovers the Gut Microbiota Destructed by High-Fat Diet in Mice

To explore whether gut microbiota plays a significant role in Rb1 treatment in HFD-fed rodents, mouse fecal samples collected at day 0, day 9, day 20, and day 27 were used to analyze the dynamic change of gut microbiota. The bacterial 16S rRNA (V3-V4 region) gene was sequenced for these fecal samples. After removing low-quality sequencing reads (Methods), a total of 55M raw reads, and an average of 0.8M reads per sample were obtained. Subsequently, feature table construction and taxonomic annotation were conducted to generate the microbial profiles for evaluating the alteration of gut microbiota for different groups of mice.

The alpha diversity was estimated by the Shannon index and Pielou evenness index. As shown in Figures 3A,B, both Shannon index and Pielou evenness index of the Rb1 group began to decrease from day 9 and were significantly lower than those of the HFD group on day 27 (P < 0.05), showing an obvious temporal effect with Rb1 treatment. And this result indicated that Rb1 might reduce the diversity of the gut microbes of HFD-fed mice. The beta diversity was estimated by PCoA based on the unweighted UniFrac distance matrices. For mice in the Rb1 group, they were classified into an independent cluster compared to those of the HFD group on day 9 (Adonis, P < 0.01), day 20 (Adonis, P < 0.01), and day 27 (Adonis, P < 0.05), whereas mice from two HFD-fed groups were classified into the same cluster on day 0 (Adonis, P > 0.05) (Figure 3C). The results indicated that Rb1 treatment might alter the gut microbial composition of HFD-fed mice.
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FIGURE 3. Rb1 treatment altered the composition of gut microbiota in HFD-fed mice. Fecal samples of mice were collected before Rb1 treatment (day 0) and after Rb1 treatment (day 9, day 20, and day 27). Bacterial 16S rRNA (V3-V4 region) sequencing was conducted for these fecal samples. The alpha diversity was estimated by the (A) Shannon Index and (B) Pielou evenness index. The beta diversity was assessed by (C) principal coordinates analysis (PCoA). Relative abundance of taxa (D) at the phylum level and (E) at the genus level is shown. All data were expressed as the mean ± SEM (n = 5–7). Significant difference among groups were evaluated using two-way analysis of variance followed by Tukey’s multiple comparison test. *P < 0.05; ** P < 0.01; ***P < 0.001.


Additionally, the gut microbial composition was classified and exhibited at the phylum level (Figure 3D) and the genus level (Figure 3E). As shown in Supplementary Figures 1A-D, the relative abundance of Firmicutes was significantly increased by HFD and decreased by Rb1 treatment, meanwhile, HFD increased the ratio of Firmicutes to Bacteroidetes, whereas Rb1 reversed. Notably, compared with the HFD group, Rb1 treatment significantly increased the relative abundance of Akkermansia which belongs to Verrucomicrobia (Figures 3D, E).

To identify the specific intestinal bacterial markers responding to Rb1 treatment, linear discriminate analysis effect size (LEfSe) analysis was conducted (Supplementary Figure 2). As shown in Figure 4A, compared to the HFD group, a total of 18 genera were significantly altered in abundance by Rb1 treatment, with seven genera increased and eleven genera decreased, at each time point respectively. Among them, eight genera were significantly altered at two or three-time points, indicating the solid and persistent response of these genera to Rb1 treatment. Three of them were enriched, including Bacteroides, Parasutterella, and Akkermansia (highlighted with red diamonds in Figure 4A) and the remaining five of them were reduced, including Allobaculum, Intestinimonas, Oscillibacter, Alistipes, and Helicobacter (highlighted with blue triangles in Figure 4A). Notably, 6 genera were recovered by Rb1 treatment which were previously altered by the high-fat diet, including Parasutterella, Akkermansia, Allobaculum, Intestinimonas, Oscillibacter, and Alistipes (highlighted in red text in Figure 4A).
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FIGURE 4. Key bacterial alterations in response to Rb1 treatment in HFD-fed mice and functional pathway prediction. Key genera significantly altered by Rb1 treatment were selected by Linear discriminate analysis effect size (LEfSe) analysis. Functional pathway prediction was performed by the tax4fun software. (A) Heatmap presents the relative abundance of key genera significantly altered by Rb1 treatment (LDA scores > 3). (B) Heatmap presents the abundance of differential pathways in day 0, day 9, day 20, and day 27. Pathways with significant differences between Rb1 and HFD are shown in the top 20 (pathways with the same P-value are shown all). The abundance of pathways was normalized by Z-score method. Kruskal-Wallis rank-sum test was used to calculate the significant difference between groups (P < 0.05).


Furthermore, microbial functions were predicted using tax4fun software to find out differential functional pathways among the three groups. Figure 4B shows the main significantly differential pathways in response to Rb1 treatment in different time points. Compared with the HFD group, a higher abundance of gut microbiota in the Rb1 groups was associated with pathways involved in lipids metabolism, including fatty acid biosynthesis (day 20), biosynthesis of unsaturated fatty acids (day 27), primary bile acid biosynthesis (day 9) and secondary bile acid biosynthesis (day 9 and 20). On the contrary, compared with the ND group, a lower abundance of gut microbiota in the HFD group was associated with these pathways.

These results indicate that oral administration of Rb1 modulates the gut microbiota, and partially reverses the gut dysbiosis in HFD-Fed mice. Microbial functional pathway prediction indicates pathways associated with lipids metabolism.



Rb1 Treatment Increases Long-Chain Fatty Acids in the Feces of High-Fat Diet-Fed Mice

Considering that gut microbiota of the Rb1 group was predicted to play a role in lipid metabolism, especially in fatty acid metabolism, we further measured the content of free fatty acids in fecal samples which were collected after Rb1 treatment for 24 days. As shown in Figure 5A, a total of 42 free fatty acids was detected, including six short-chain fatty acids, two medium-chain fatty acids, nine long-chain saturated fatty acids, and 25 long-chain unsaturated fatty acids.
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FIGURE 5. Rb1 modified fecal free fatty acids profiles in HFD-fed mice. The content of free fatty acids in fecal samples collected after Rb1 treatment for 24 days was determined by LC-MS/MS. (A) Heatmap of fecal free fatty acids in mice of the HFD and Rb1 group is shown. (B) Fold change of differential fecal free fatty acids of the Rb1 group compared to the HFD group is displayed. All data were expressed as the mean ± SEM (n = 5). P-values were evaluated using a t-test analysis. *P < 0.05; **P < 0.01. LCFA, long-chain fatty acid, MCFA: medium-chain fatty acid; SCFA, short-chain fatty acid.


As shown in Figure 5B, compared to the HFD group, a total of nine free fatty acids were significantly changed in the Rb1 group (Figure 5B), with eight increased and one decreased. Among eight increased fatty acids, six were long-chain unsaturated fatty acids. Compared to the HFD group, eicosapentaenoic acid (EPA, C20:5n3, P < 0.05) was significantly increased by 3.5 times in the Rb1 group. Three octadecenoic acids, including linoleic acid (C18:2n6, all-cis, P < 0.05), linoelaidic acid (C18:2n6, all-trans, P < 0.05), and conjugated linoleic acids (CLA, C18:2, P < 0.05), were significantly increased by 2.8, 3.0 and 2.9 times respectively in the Rb1 group. Additionally, 10Z-heptadecenoic acid (C17:1n-7, cis, P < 0.01) and 10E-heptadecenoic acid (C17:1n-7, trans, P < 0.05) were increased by 4.2 and 3.9 times respectively, while heptadecanoic acid (C17:0, P < 0.01) was decreased (not detected in the Rb1 group). Furthermore, two long-chain saturated fatty acids, including 12-hydroxystearic acid (12-HAS, C18:0, P < 0.05) and myristic acid (C14:0, P < 0.05) were significantly increased by 3.3 and 2.2 times respectively.

These results suggest that Rb1 treatment increases the content of a group of free fatty acids in feces, especially long-chain unsaturated fatty acids including EPA and octadecenoic acids.



Rb1 Treatment Adjusts Expression of Free Fatty Acid Receptor-Related Genes in the Colon of High-Fat Diet-Fed Mice

Increasing evidence indicated that free fatty acids are natural ligands for a group of free fatty acid receptors (FFARs). To date, four FFARs have been identified (Kimura et al., 2020). Ffar2 and Ffar3 are activated by SCFAs (Brown et al., 2003), Ffar1 is activated by MCFAs (Briscoe et al., 2003), while Ffar4 is activated by LCFAs (especially unsaturated LCFAs) (Hirasawa et al., 2005). In this study, we tested FFARs gene expression in the colon to find out whether their expression was associated with the increase of free fatty acids induced by Rb1 treatment. Our results showed that the expression of Ffar4 was significantly increased in the Rb1 group (P < 0.01), while it was decreased in the HFD group (Figure 6A). And other fatty acid receptors including Ffar1 (Figure 6B), Ffar2 (Figure 6C), and Ffar3 (Figure 6D) were unaffected with Rb1 treatment.
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FIGURE 6. Rb1 treatment adjusted colonic gene expression associated with free fatty acids receptors and the intestinal barrier function in HFD-fed mice. Relative mRNA expression in colon was determined by real-time PCR. (A–E) Free fatty acids receptor-related genes, (F–I) intestinal barrier function-related genes, (J–L) oxidate stress-related genes are shown. Relative expression levels were normalized to those of GAPDH. All data were expressed as the mean ± SEM (n = 5–7). P-values were determined using a t-test analysis. *P < 0.05; **P < 0.01.


Additionally, Pparg which can be activated by unsaturated LCFAs and abundant in the colon (Su et al., 2007) was also significantly upregulated by Rb1 (P < 0.05, Figure 6E).

Previous reports show that diets and gut microbes may affect intestinal barrier function (Moreira et al., 2012; Rohr et al., 2020). Tight junction protein and antimicrobial peptides in the intestine are contributing to the gut barrier function (Everard et al., 2014; Zihni et al., 2016). A high-fat diet can induce oxidative stress in the intestine which triggers gut barrier injury and endotoxemia (Moreira et al., 2012; Rohr et al., 2020). Here, we further assessed the gene expression of several marker genes associated with intestinal barrier function in the colon. Claudin consists of the main chain of the tight junction complex (Venugopal et al., 2019). We found that the expression of Cldn4 (encoding claudin 4) and Cldn2 (encoding claudin 2) were higher in mice treated with Rb1 when compared to untreated HFD-fed mice (Cldn4, P < 0.05, Figures 6F,G), while Muc2 gene expression was unaffected (Figure 6H). Additionally, higher expression of antimicrobial peptides gene Reg3g was observed in the Rb1 group than that in the HFD group for a trend (Figure 6I). Our results showed that Rb1 significantly increased the expression of oxidative-stress-related genes in the colon, including Sod1(P < 0.01, Figure 6J), Cat (P < 0.05, Figure 6K) and Nfe2l2 (P = 0.052, Figure 6L), compared to the HFD-fed mice.

Taken together, these results suggest that Rb1 adjusts colonic gene expression associated with free fatty acid receptors, intestinal barrier function, and oxidative stress in HFD-fed mice, which may partly explain the mechanism of beneficial effects of Rb1.



Rb1-Induced Changes of Gut Microbiota, Fecal Lipid Profiles, and Colonic Gene Expression Associate With Improvement of Metabolic Phenotypes in High-Fat Diet-Fed Mice

Rb1 treatment ameliorated metabolic disorders in HFD-fed mice, accompanied by altered gut microbiota, fecal lipid profiles, and colonic gene expression. To find out whether there are correlations between physiological phenotypes and gut microbes or fecal metabolites, Spearman correlation analysis is used to calculate the relationship between any two of them. As shown in Figures 7A,B, Rb1 treatment decreased insulin, IR, and TG, which was positively correlated with the decreased abundance of Alistipe in feces, and was negatively correlated with the increased content of three octadecenoic acids (linoleic acid, linoelaidic acid, and conjugated linoleic acids) in feces, and was also negatively correlated with upregulated Ffar4 gene expression in the colon. Additionally, eight LCFAs were increased in feces in response to Rb1 treatment, which had a positive correlation with the increased abundance of Akkermansia (day 20 and 27) and Parasutterella (day 27), but had a negative correlation with the decreased abundance of Intestinimonas (day 27), Oscillibacter (day 20 and 27) and Allobaculum (day 20 and 27). Moreover, the expression of fatty acid receptors genes (Ffar4 and Pparg) was upregulated in the colon, which was positively correlated with the increased abundance of Akkermansia (day 20) and Parasutterella (day 20 and 27), but was negatively correlated with the decreased abundance of Intestinimonas (day 20 and 27), Oscillibacter (day 20 and 27) and Allobaculum (day 27). Similarly, increased expression of intestinal-barrier-related genes (Cldn2, Cldn4, and Reg3g) also had the same association with the trend of these microbes. Notably, the increased Ffar4 gene expression had a significantly positive correlation with the content of eight LCFAs that were enriched by Rb1 in feces.
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FIGURE 7. Correlation analysis and potential mechanism of improvement of metabolic disorder via Rb1 treatment. Spearman rank correlation between gut microbiota against the corresponding host metabolic parameters, fecal free fatty acids profiles or colonic gene expression for samples of day 20 (A) or day 27 (B) were individually calculated. The correlation analysis inferred potential mechanism of Rb1-treatment improved metabolic disorder is shown in panel (C). *P < 0.05, **P < 0.01, ***P < 0.001.


These results suggest that the metabolic improvement by Rb1 treatment might have a strong correlation with alteration in gut microbiota, fatty acids profiles, and colonic gene expression. In detail, Rb1 administration modulates the gut microbiota by increasing the relative abundance of Akkermansia and Parasuttereller and decreasing the relative abundance of Intestinimonas and Oscillibacter. Moreover, Rb1 administration also increases free fatty acids content in feces (mainly EPA and octadecenoic acids) and upregulates the gene expression of fatty acid receptors (Ffar4 and Pparg), intestinal barrier function (Cldn4), and oxidative stress (Sod1 and Cat) in the colon, which makes beneficial effects on metabolic improvement in HFD-fed mice (Figure 7C).




DISCUSSION

Previous studies have demonstrated that ginsenoside Rb1 may improve metabolic disorders induced by obesity through regulating glucose and lipid metabolism in the liver and adipose tissues (Zhou et al., 2019). In this study, we found that Rb1 treatment via oral administration reduced serum TG, LDL-c, and insulin in HFD-induced obese mice, and the lipid-lowering effect was further verified in a hyperlipidemia rat model, which indicated that Rb1 may improve hyperlipidemia, hyperinsulinemia, and insulin resistance in metabolic disorders.


Rb1 Treatment Modulates Gut Microbiota

Considering that ginseng-related products are mostly taken orally, the role of intestinal microbes is especially important. Due to the low bioavailability, Rb1 is enriched in the distal intestine, in which Rb1 may interact directly and thoroughly with intestinal microbes and epithelial cells, resulting in some pharmacological effects. Therefore we explored the dynamic pattern of gut microbiota in response to Rb1 treatment via oral administration through analyzing microbial components of fecal samples. In this study, we found Rb1 has a beneficial effect on the improvement of metabolic disorders both in mice and rats. Considering that species differences make the composition of gut bacteria significantly different, and different diets were used to set up models in mice and rats, only mice were further discussed to explore whether gut microbiota was involved in the Rb1 pharmacological effect.

The beta diversity shows that gut microbes are significantly changed within only 9 days after Rb1 treatment in HFD-fed mice. Moreover, alpha diversity was also found decreased from 9 days after Rb1 treatment, which reveals that Rb1 treatment might reduce the diversity of gut microbes. The decline in alpha diversities may be due to Rb1 induced increases in unsaturated LCFAs in the gut. Many unsaturated LCFAs have been found to have antibacterial effects and are considered to be novel antibacterial agents (Casillas-Vargas et al., 2021). The decrease in alpha diversities may also be due to upregulation of the antimicrobial-peptide-related gene Reg3g expression in the colon by Rb1. This finding is consistent with previous research on Panax notoginseng saponins (PNS) which showed that PNS decreased the diversity of the gut microbes in HFD-fed mice (Xu et al., 2020).

At the genus level, we found high-fat diet decreased the relative abundance of Parasutterella and Akkermansia, increased the relative abundance of Intestinimonas and Oscillibacter. However, the relative abundance of these genera was significantly reversed by Rb1 treatment in HFD-fed mice. Akkermansia, belonging to Verrucomicrobia, has been shown to represent a human gut commensal that supports host health (Cani and de Vos, 2017; Zhang et al., 2019). Akkermansia supplementation can reverse metabolic disorders such as hyperlipidemia and insulin resistance in diet-induced obese mice (Everard et al., 2013) and humans (Depommier et al., 2019). Akkermansia can improve gut barrier function (Everard et al., 2013; Li et al., 2016). A recent study found that Akkermansia was increased by Panax notoginseng saponins (PNS) in HFD-fed mice (Xu et al., 2020). Consistent with these reports, we found that Akkermansia was significantly increased by Rb1 treatment and was negatively associated with serum TG, insulin, and IR index. Parasutterella is defined as a core component of the human and mouse intestinal microbes (Ju et al., 2019). Clinical studies showed that Parasutterella was reduced in patients with NAFLD (Yun et al., 2019), gestational diabetes (Ma et al., 2020), colorectal cancer (Wang et al., 2012), and pancreatic cancer (Ren et al., 2017). However, Parasutterella was shown an increase in inflammatory diseases, such as irritable bowel syndrome (Chen et al., 2018). Parasutterella has a potential role in metabolisms of bile acid and cholesterol (Ju et al., 2019). Previous studies showed that increasing levels of Parasutterella correlated with improving LDL-c levels after taking resistant starch of potato in healthy adults (Bush and Alfa, 2020). Studies found that long-term treatment of Panax ginseng extracts can increase Parasutterella in rats (Sun et al., 2018). Our study found Parasutterella was increased in 9 days after Rb1 treatment and was negatively correlated with serum LDL-c. Oscillibacter is a potential opportunistic pathogen. It is reported to be increased in HFD-induced obese mice and was associated with increased gut permeability (Lam et al., 2012; Duca et al., 2014). Oscillibacter is detected to be enriched in mice with AOM/DSS-induced colorectal cancer (Wang et al., 2018). Intestinimonas has a capacity of butyrate-producing and is considered to be a beneficial genus (Kläring et al., 2013; Yang et al., 2019); however, enrichment of Intestinimonas is also observed in HFD-fed rats (Lin et al., 2019).

Taken together, these results demonstrate that oral administration of Rb1 modulates gut microbes, which is beneficial to improve HFD-induced metabolic disorder.



Rb1 Treatment Increases Free Fatty Acids in Feces

As metabolites are the end products of a range of biochemical reactions, metabolic alteration may more accurately reflect the response against perturbations in organisms (Zierer et al., 2018). In this study, we studied the fecal free fatty acids profiles and found that the content of a group of LCFAs was increased in response to Rb1 treatment. EPA which is a long-chain n-3 polyunsaturated fatty acid is reported to prevent hypertriglyceridemia and maintains insulin/glucose homeostasis (Soni et al., 2019; Zhuang et al., 2020; Pal et al., 2021). LA and CLA (a type of linoleic acid isomer) have health benefits (Shen and McIntosh, 2016; Hamilton and Klett, 2021) and are associated with a lower risk of T2DM (Mousavi et al., 2021). Additionally, myristic acid (C14:0) is reported to increase desaturase activity in rat hepatocytes (Jan et al., 2004) and increase the tissue content of C20:5 n-3 and C20:3 n-6 in the rat (Rioux et al., 2005).

It was reported that a higher level of fatty acids (such as oleic acid, phosphonic acid, and lactic acid) was found in the feces of PNS-treated HFD-fed mice in the process of the improvement of metabolic disorders (Xu et al., 2020). Ginseng extract can increase Enterococcus faecalis which has the ability of producing myristoleic acid (C14:1) and can decrease body weight gain and the fat mass in db/db mice (Quan et al., 2020). Consistent with these results, we observed that Rb1 treatment increased EPA and octadecenoic acids in feces, which was negatively correlated with decreased insulin, IR, and serum TG in HFD-induced obese mice.



Rb1 Treatment Upregulates Free Fatty Acid Receptor 4 Gene Expression in the Colon

Free fatty acids play important roles not only as energy sources (Hue and Taegtmeyer, 2009) but also as signaling molecules by activating specific receptors important in regulating many physiological processes (Boden, 2011; Shetty and Kumari, 2021). FFARs, activated by different chain lengths of free fatty acids, are G protein-coupled receptors (GPCRs) and are involved in the energy metabolism and immune response (Kimura et al., 2020). FFARs have been considered as targets for the treatment of metabolic disorders (Secor et al., 2021; Son et al., 2021). Ffar4 is highly expressed in intestinal L cells in the colon (Oh et al., 2010). Activation of FFAR4 can enhance GLP-1 secretion and improve insulin resistance and chronic inflammation in obese mice (Xiong et al., 2010; Oh et al., 2014), and improve colonic permeability in inflammatory bowel diseases mice (Salaga et al., 2021). A growing number of studies report that supplementary fish oil and LCFAs, including omega-3, omega-6, can activate FFAR4 in mice and rats and bring benefits to health (Kimura et al., 2020). Studies also reported that ginsenoside Rb2, which exhibited regulatory activities in glucose and lipid metabolism, upregulated Ffar4 expression in macrophages (Huang et al., 2017), endothelial cells, and monocytes (Sun et al., 2020). Accordingly, in this study, we found colonic gene expression of Ffar4 was significantly upregulated by Rb1 in HFD-fed mice, which was positively correlated with fecal content of eight Rb1-increased-LCFAs, and was negatively correlated with decreased insulin, IR, and serum TG. These results suggest that LCFA increased by Rb1 might activate Ffar4 in the intestine, which further improves insulin resistance. However, how Ffar4 mediates insulin-sensing effects needs more experiments to explore the mechanism.



Correlation Analysis Indicates That Gut Microbes Might Involve in Modulating Intestinal Fatty Acids Composition

Gut microbes modify host fatty acid composition by transformation, absorption, metabolism, and excretion (Lamichhane et al., 2021). In this study, we found fecal content of eight Rb1-increased-LCFAs was positively correlated with the increased abundance of Akkermansia, Parasutterella, and Bacteroides, and was negatively correlated with the decreased abundance of Intestinimonas, Oscillibacter, and Allobaculum, which indicates that gut microbes might involve in modulating fatty acids composition. LCFAs in the intestine mainly come from diet. Studies showed that Oscillibacter and Alistipes were positively associated with obese and diabetic phenotypes (Lam et al., 2012; Qin et al., 2012). They are enriched by a high-fat diet, indicating that they can fully utilize lipids (Lam et al., 2012; Wan et al., 2019). Therefore, the decrease of Oscillibacter and Alistipes during Rb1 treatment in HFD-fed mice may lead to reduced utilization of LCFAs. Additionally, in this study, functional pathway prediction of gut microbes shows that Rb1 treatment increases pathways including fatty acid biosynthesis and biosynthesis of unsaturated fatty acids, whereas HFD decreases these pathways, which indicates that microbes might increase fatty acids biosynthesis. Collectively, these results imply that gut microbes might participate in the regulation of intestinal fatty acids composition in HFD-fed mice.



Limitation

The interaction between gut microbiota and the host is extremely complex. In this study, we only report the association between gut microbiota and the beneficial effect of Rb1. It needs more experiments to verify how microbes in the gut involve in the pharmacological effects of Rb1.




CONCLUSION

Overall, we find Rb1 treatment by oral administration improves hyperlipidemia, hyperinsulinemia, and insulin resistance in HFD-fed mice. This metabolic improvement may benefit from the modulation of gut microbes and intestinal fatty acids profiles by Rb1 treatment. We find the relative abundance of some key bacterial genera, including Akkermansia, Parasuttereller, Intestinimonas, and Oscillibacter are recovered following Rb1 treatment in HFD-fed mice. Especially, the content of a group of LCFAs is significantly increased in feces in response to Rb1 treatment, and this change is notably correlated with the relative abundance of key bacterial genera in the intestine. Furthermore, this alteration of LCFAs is sensed by free fatty acid receptors in the colon, which may further lead to the improvement of energy metabolism in HFD-fed mice. This study provides an alternative mechanism for Rb1 to treat metabolic disorders induced by obesity and that may contribute to the development of new nutraceutical-based remedies accordingly.
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Meconium samples and the related DNA extraction protocols are marked by using the same codes as in Figure 5.
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Sample ID Sample type MIC_CTX (. g/ml) MIC_AMI (n g/ml)

SENT1 Sputum 8 2
SEN2 Sputum 8 4
SEN3 Sputum 6 2
CTX1 Sputum 340 4
CTX2 Sputum 370 2
CTX3 Sputum 340 4
AMI1 Sputum 6 410
AMI2 Sputum 8 450
AMI3 Sputum 8 360
ACB1 Sputum 380 220
ACB2 Sputum 450 280
ACB3 Sputum 400 240

SEN, drug-sensitive isolate; CTX, cotrimoxazole-resistant isolate; AMI,
amikacin-resistant isolate; ACB, both-resistant isolate; MIC, minimum inhibitory
concentration.
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Gene_ID Symbol? Pearsonr? Function Fce p?

CTX group

KPN_03129 garK -0.9 Monocarboxylic acid 0.30 4.72e-2
catabolic process

KPN_03520 uxaC —0.98 Monocarboxylic acid 0.35 1.11e-4
catabolic process

KPN_03521 exuT —-0.91 Monocarboxylic acid 0.24 6.67e-4
catabolic process

KPN_04780 hpaB —0.95 Monocarboxylic acid 0.26 3.21e-3
catabolic process

AMI group

KPN_00165 fhuA —0.87 Cellular iron ion 0.01 1.11e-3
homeostasis

KPN_01492 01492 —0.84 Arginine biosynthesis 0.48 5.20e-4

KPN_01516 fumA —0.93 Citrate cycle 0.22 1.43e-4

KPN_02477 hisC 0.89 Phe, tyr, and try 4818 1.16e-4
biosynthesis

KPN_03682 aroE 0.95 Phe, tyr, and try 3.34 1.31e-2
biosynthesis

aGene name from Uniprot.

bPearson correlation coefficients between MICs and expression of protein.
CFold change.

dp_value.
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Clinical Group before Group after P-value

symptoms (n=18) (n=18)

CSBMs/week 0.7+0.8 48+25 0.0007***

BSFS 1112 4(1.4) 0.0002***

Wexner score 12.7 £ 3.6 6.6 £ 5.6 <0.0001***
PAC-SYM 211465 79+80 <0.0001****
PAC-QOL 50.2 & 23.1 18.6 £ 18.1 0.0006™*

Group before: patients before FMT; Group after: patients 4 weeks after FMT.
**0.0001 < p < 0.001, ***p < 0.0001.
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A total of 4687 patients were
diagnosed as “sepsis”, “severe
sepsis” and “septic shock”

Excluded the following patients(n=2152)
Less than 18 years old (n=6)
Intracerebral hemorrhage, cerebral embolism
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(n=1480) and ischemic stroke(n=360)
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encephalopathy Mental disorders and and neurological
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Metabolic encephalopathy(n=59)
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The case studies mentioned above indicate that our method is effective for priori-
tizing novel disease-related microbes, and the prioritized microbes may be used as
biomarkers for disease prevention, diagnosis, and prognosis.
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Primary cohort

Validation cohort

Survive group Non-survival group P Survive group Non-survival group P
n =586 n =258 n =147 n =64

Mechanical ventilation, n (%) 206 (35.2) 136 (62.7) <0.001 60 (40.8) 36 (56.3) 0.038
Renal replacement therapy, n (%) 12 (2.0) 31 (12.0) <0.001 9(6.1) 5(7.8) 0.650
Organ failure (%)

Respiratory 193 (32.9) 164 (63.6) <0.001 58 (39.5) 45 (70.9) <0.001
Cardiovascular 50 (8.5) 150 (58.1) <0.001 59 (40.1) 40 (62.5) 0.003
Renal 336 (57.3) 179 (69.4) <0.001 78 (63.1) 44 (68.8) 0.034
Hepatic 29 (3.3) 27 (10.5) <0.001 64.1) 7(10.9) 0.057
Hematologic 124 (21.2) 69 (26.7) <0.001 31 (21.1) 25(39.1) 0.007
ICU stay time, days 2.8(1.7-5.6) 3.4(1.8-8.7) <0.001 3.0(1.8-6.8) 2.7 (1.1-7.2) 0.234

ICU, intensive care unit.
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Emergency
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Urgent
Urinary tract Infection (%)
Anemias (%)
SAPSII
Renal replacement therapy, n (%)
Sysbp (MmHg)
Tempc (°C)
SpOz (mmHg)
Albumin (g/dL)
INR
Partial time (s)
lactate (mmol/l)
Respiratory failure (%)

Multivariate analysis

RR

1.018

1.000
1.209
1.924
1.022
0.363
1.013
2.282
0.998
0.776
0.989
1.182
1.140
0.997
1.070
1.847

95.0% ClI

Lower

0.857

0.546
0.950
0.849
0.912
1.008
1.598
0.992
0.703
0.980
1.040
1.064
0.987
1.039
1.540

Upper

1.207

2.676
3.897
1.230
1.286
1.018
3.258
1.004
0.857
0.997
1.343
1.222
1.008
1.103
2215

p-values

0.842

0.639
0.069
0.817
0.363
<0.001
<0.001
0.462
<0.001
0.012
0.011
<0.001
0.645
<0.001
<0.001

SAPSII, patients’ simplified acute physiology score; INR, international normal-

ized ratio.
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Microorganisms, n (%)
Escherichia coli
Klebsiella oxytoca
Acinetobacter baumanni
Enterobacter
Staphylococcus aureus coag
Pseudomonas aeruginosa
Enterococcus sp.
Streptococcus
Candida albicans
Yeast
Aspergillus fumigatus
Positive for methicilin resistant Staphylococcus aureus
Staphylococcus coagulase negative
Virus
Vital signs, median
Heartrate (bpm)
Dysbp (mmHg)
Diasbp (mmHg)
Resprate (bpm)
Tempe (°C)
Laboratory parameters
Lactate (mmol/L)
PCO, (mmHg)
POz (mmHg)
PH
Glucose_min (mg/dL)
Glucose_max (mg/dL)
Creatinine (mg/dL)
Blood urea nitrogen (mg/dL)
Alanine aminotransferase (IU/L)
Aspartate aminotransferase (U/L)
Albumin (g/dL)
Hemoglobin (g/dL)
Platelet (K/ul)
Potassium (MEq/L)
Sodium (mEq/L)
Partial time ()
Partial hromboplastin time
INR
White blood cell count (K/uL)
Lymphocyte (%)
Neutrophil (%)
Monocytes (%)
Eosinophils (%)
Severe Score
SOFA
GSOFA
SAPSII
Gcs

Primary cohort

Survive group  Non-survival group

n=586 n=258
72 (89.0-82.4) 76.7 (64-84.4)
299 (51.0) 118 (45.7)
287 (49.0) 140 (54.3)
585 (92.0) 248 (91.0)
38(6.1) 8(7.2)
13(1.9) 2(1.9)
365 (62.3) 146 (56.6)
179 (30.5) 88 (34.1)
388 (66.2) 176 (68.2)
122(208) 57 (22.1)
518.7) 27 (10.5)
812(53.2) 175 (67.8)
235 (40.1) 98 (38.0)
108 (18.4) 41(15.9)
238 (40.6) 61(23.6)
98(16.7) 29(11.2)
81(138) 31(12.0)
135(23.0) 60(23.3)
122 (20.8) 31(12.0)
8(1.4 6(2.3)
10(17) 4(16)
28(4.8) 7(7)
187 (23.4) 71(27.5)
78(13.3) 22(85)
130(222) 45(17.4)
2138) 7@7)
20(34) 13(6.0)
178 (30.4) 101 (39.1)
142.4) 6(2.3)
41(7.0 8@
140 (23.9) 51(19.8)
30051 3(12)
109 (94-125) 112 (96-132)
85 (77-94) 77 (64.8-86)
39(33-47) 35 (26-41)
28 (24-32) 29 (25-35)

37.6(36.9-383)  37.4(36.7-38.0)

1.8(12-27) 23(1.6-4.9)
40 (36-42) 40 (32-45)
92 (90-95) 91(83.8-93)
7.34(7.34-739)  7.34(7.28-7.41)
101 (85-120) 99 (75-122)
122(156-200) 165 (139-205.3)
1.1(0.8-1.9) 1.5(0.9-2.6)
24 (16-41) 33(20-50.3)
24(14-51.3) 33(17-84)
31.5(20-64) 49 (25-139)
292533 2.8(22-3.0)
9.6(85-10.7) 9.7 8.6-10.8)
1825 (122-272.3) 171 (110.8-246)
4.0(3.6-4.4) 41(3.8-4.6)
139 (186-142) 139 (184-142)

143(180-16.4)  15.5(18.8-19.6)
305(26.9-369)  36.7 (30.2-49.6)

1.3(1.1-15) 1.5 (1.2-2.0)
107 (7.2-15.3) 119 (7.9-16.9)
9.8(5.4-16.4) 80 (5.0-14.0)
80.1 (70.0-87.5)  80.8(71.2-88)
40(25-6.0) 4.0 (2.0-6.4)
0.6(0.0-2.0) 02(0.0-12)
6.0(4.0-8.0) 6.0 (2.0-12.0)
2.0(20-30) 20(2.0-30)
42 (32-51) 56 (45-72)
14(11-14) 13(8-14)

P

0.003

0.721

0.043

<0.001
<0.001
0.569
0.677
0.415
<0.001

0.562
0.373
<0.001
0.040
0.476
0.945

0.002
0314
0.870
0.166
0.198
0.048
0.034
0515
0.262
0.013
0.955
0.026
0.187
0.300

0.008
<0.001
<0.001
0.021

0.002

<0.001
0.874
<0.001
0.142
0.053
0.116
<0.001
<0.001
0.001
<0.001
<0.001
0.728
0.082
0.005
0.027
<0.001
<0.001
<0.001
0.061
0.017
0.426
0.776
0.001

<0.001
<0.001
<0.001
<0.001

Validation cohort

Survive group
n=147

700 (56.8-81.7)

63(42.9)
84(57.1)

136 (92.5)
9(6.1)
2(1.4)

91(61.9)
41(27.9)
93(63.3)
25(17.0)
17 (11.6)
80 (54.4)

66 (44.9)
30(20.4)
58(39.5)
25(17.0)
19 (12.9)
31 (21.1)

32(21.8)
7(48)
2(1.4)
1(068)

38(25.9)

16 (10.9)

43(29.3)
7(48)
11(7.5)

64(435)

0(0)
8(5.4)

32(21.8)

427

1M11.9+227
83,5 (75-94.8)

395+ 109

29 (25-33.5)
37.7 (37.0-38.3)

1.9(1.3-26)
40 (36-44)
93 (89.5-95)
7.34 (7.32-7.42)
104.1£30.5
147 (124-202.5)
1.0(0.7-1.4)
22 (13-36)
26,5 (15-43.5)
31 (18-51)
29(25-3.2)
9.7 (8.6-11.1)
174.0 (106-246)
40(3.7-4.2)
139 (136-142)
14.1(13.0-16.3)
297 (26.1-36.3)
13(1.1-15)
102 (6.6-14.3)
112 (6.3-17.6)
80,0 (70.1-87.8)
4.1 (2.7-6.0)
0.55 (0.08-1.4)

5.0 (30-8.0)
20(2.0-30)
41 (32-50)
14 (10-14)

Non-survival group
n=64

75.2 (65.2-83.7)

33(51.6)
31 (48.4)

59(92.2)
463
1(15)

40 (62.5)
19(29.7)
47 (73.4)
14219)
11(17.2)
49 (76.6)

27 (42.2)
11(17.2)
16 (25)
7(109)
11(17.2)
17 (26.6)

11(17.2)
00
2(3.1)
2(3.1)
14(21.9)
10(15.6)
10(15.6)
1(15)
3(4.7)
32(5.0)
1(1.5)
4(6.3)
10(15.6)
00

117.4+227
78 (62-89)
36.4+138
29 (26-34)
37.3(36.7-38.2)

2.3(13-4.2)
40 (35-44)
89 (80-95)
7.34(7.25-7.40)
99.0+31.4
183.5 (147.5-234.5)
1.4(0.7-2.5)
29.0(18.3-54.8)
31(15.8-49.3)
35 (238-70.9)
2.8(22-3.9)
9.6(89-113
181.0 (118-271)
4.3(38-4.5)
138 (185-141)
14.7 (13.4-18.2)
335 (28.9-40.3)
14(1.2-19)
11.8(8.8-15.3)
10.3(5.1-16.7)
82.3 (69.8-89.0)
39(25-5.2)
0.3(0.0-1.4)

95(6.0-12.8)
25(2.0-30)
58 (45-70)
13 (14-8.25)

P

0.068

0.243

0.014

0.935
0.790
0.151
0.402
0.268
0.002

0.715
0.687
0.043
0.259
0.415
0.383

0.448
0.076
0.388
0.168
0.538
0.336
0.036
0.263
0.453
0.386
0.129
0.816
0.304
0.183

0.055
0.009
0.047
0.283
0.042

0.088
0.592
0.018
0.229
0.378
0.001
0.050
0.005
0.608
0.090
0.532
0.630
0.269
0.010
0.200
0.080
0.004
0.030
0.029
0.557
0.445
0.393
0.423

<0.001
0.003
<0.001
0.056

SAPSII, patients’ simplified acute physiology score; SOFA, sequential organ failure assessment; GSOFA, quick sequential organ failure assessment; GCS, Glasgow coma

scale; INR: international normalized ratio.
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