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Editorial on the Research Topic
 Animal social behaviour and gut microbiome





Introduction

As research has progressed, the gut microbiome is widely recognized as playing a pivotal role in host phylogeny, overall health, and even adaptation to extreme environments (Cai et al.; Li et al.; Liu, Han et al.; Yang B. et al.). It has become increasingly clear that the gut microbiome is influenced by a variety of factors, including the host genome, nutrient metabolism, habitat environment, and seasonal dynamics (Wu et al., 2018; Groot et al., 2020; Strasser et al., 2021; Yang et al., 2021; Liu, Chen et al.; Yang X. et al.). Of particular note is the growing interest in the relationship between host behavior and gut microbiota, as studies have demonstrated that host behavioral processes are shaped by the microbiome and represent important predictors of similarities and differences in the composition of the gut microbial communities (Vuong et al., 2017; Nagpal and Cryan, 2021). In recent years, studies involving non-human Primates (NHPs) have been particularly illuminating, with NHPs frequently engaging in diverse social behavior, that has facilitated the transmission of gut microbiota among individuals (Tung et al., 2015; Moeller et al., 2016; Perofsky et al., 2017; Zhu et al., 2020; Pinacho-Guendulain et al., 2022). However, much remains to be further explored regarding the specific effects of individual gut microbiota on host behavioral patterns, as well as the ways in which host behavior shapes the gut microbiome. Notably, research on the relationship between behavior and the gut microbiome in wildlife is very limited at present.

This Research Topic intends to explore recent developments in the field, focusing on, but not limited to: (1) The putative gut microbiome transmission in the wild animal social groups: the quality and quantity level of gut microbiome transmission, (2) The potential reciprocal connections between an animal's social behavior and its gut microbiome: the convergent pattern among different animals, (3) The function of the transmitted microbiome in wild animals, (4) How the microbiomes can affect host behavior, (5) The evolutionary perspective on the relationship between social behavior and the gut microbiome. The Research Topic currently includes 17 original research articles and one review article.



Microbial transmission shapes gut microbiome

Typically, mammals lack gastrointestinal microbes before birth, requiring each generation to undergo a reassembly of the gut microbiota (Smits et al., 2017). During this period of gut microbiome establishment, both vertical transmission of maternal microbiota (such as breast milk, somatic microbiota, vaginal microbiota, and fecal microbiota) and horizontal transmission of environmental microbiota play vital roles (Dominguez-Bello et al., 2016; Rothschild et al., 2018; Klein-Jöbstl et al., 2019). Since the rapid colonization of the gut microbiome serves to protect the newborn against pathogens in the early stages of life when the immune system is not yet fully developed (Gensollen et al., 2016; Gomez de Agüero et al., 2016). For example, Zhang J. et al. found the importance of maternal fecal microbiota for rapid colonization of the gut microbiota of calves (yak and cattle) at different weeks after birth, and they determined that early establishment of the gut microbiota in the calves was facilitated mainly by maternal fecal microbial transmission. Moreover, social behavior can also promote horizontal transmission of gut microbiota among different species in a shared environment. Zhang T. et al., for instance, discovered that social interactions between goats and pigs in the same pen promoted greater homogenization of both rumen and cecum microbiomes.

The relationship between host social behavior and the microbiome is reciprocal. Social interactions can influence the gut microbial composition, whilst in turn, the gut microbiome can regulate host behavior (Archie and Tung, 2015). For instance, research has demonstrated that the balance of the gut microbiota plays a crucial role in the sexual selection and reproductive behavior of the host (Walsh et al., 2017). In a study of this Research Topic by Yi et al. (2021), it was shown that antibiotic-induced dysbiosis of the gut microbiota in mice reduced the sexual attractiveness of females to males, possibly due to the negative impact of the vertical transmission of dysbiosis of maternal gut microbiota on the immunity and social competence of offspring. Thus, favoring healthy females over those with gut bacteria dysbiosis may facilitate population reproduction (Yi and Cha).

Furthermore, the gut microbiome has been found to affect host reproductive and metabolic endocrine systems (Qi et al., 2021). In patients with central precocious puberty, Parabacteroides in the gut were positively correlated with luteinizing hormone-releasing hormone (Li et al., 2021). The interactions between gut microbiota and hormones could contribute to the maintenance of physiological stability, with certain enzymes produced by gut microbiota playing a role in regulating hormone levels (Ridlon and Bajaj, 2015; Ridlon Jason, 2020; Pace and Watnick, 2021). Precocious puberty may have potential effects on animal mating behavior, that the researchers found that the gut microbiota plays a key role in promoting sexual maturation and that gonadotropin-releasing hormone was positively correlated with Desulfovibrio, Lachnoclostridium, GCA-900066575, Streptococcus, Anaerotruncus, and Bifidobacterium, suggesting that these bacteria may contribute to promoting sexual development (Bo et al., 2021).



Social behavior—Gut microbiome and host health

Social interactions can enhance the transmission of the social microbiome in social animals, which can fundamentally affect the costs and benefits of group living (Majolo et al., 2008; Sarkar et al., 2020; Yarlagadda et al., 2021). Communal animals can decrease the transmission of pathogens by avoiding diseased individuals or increase the transmission of beneficial microbes through social interactions or fecal consumption, thus promoting the stability and resilience of the gut microbiome and protecting the host from pathogens (Johnson and Burnet, 2016; Stockmaier et al., 2021; Yarlagadda et al., 2021). In this Research Topic, there is research that focuses on this relevant subject. Johnson et al. showed that in the social structure of the non-captive macaque (Macaca mulatta) population, the bacteria beneficial to host health (e.g., Faecalibacterium with strong anti-inflammatory properties) were more abundant in the gut of sociability individuals, whereas certain potentially pathogenic bacteria (e.g., Streptococcus) were more abundant in fewer sociability individuals. Overall, these results highlight the critical link between host health and social behavior-gut microbiome composition.



Future of animal social behavior and gut microbiome

The relevance, interaction, and importance of host social behavior and the gut microbiome have been reconfirmed in the most recent study on this topic. However, these recent developments simultaneously present us with new inquiries and challenges. It has been demonstrated that intestinal mucosa-associated fungi can influence social behavior by modulating neuroimmune in mice (Leonardi et al., 2022). To date, much of the current research still focuses on elucidating the gut bacterial community, largely neglecting the interactions and potential contribution of other diverse microbial components (e.g., fungi, viruses, protozoa, etc.) on the social behavior-gut microbiome. With the advancement of sequencing technology and bioinformatics analysis, further exploration into diverse gut microbial taxa may become a research hotspot in the future.

Moreover, with the growing number of studies in recent years that have unveiled the mechanisms linking the brain-gut axis to host immune diseases, it has further been evidenced that the brain-gut axis significantly influences host behavior. In particular, the researchers have identified and formulated a more specific microbiota-gut-behavior axis to highlight the critical role in regulating social behavior (Ntranos and Casaccia, 2018). It has become increasingly apparent that these systems are not self-contained, and various elements, including the immune system, bacterial by-products, neurotransmitters, nerve cells, and neuropeptides, are potential mechanisms that mediate normal communication in the brain-gut behavioral axis (Holzer and Farzi, 2014; Erny et al., 2015; O'Mahony et al., 2015; Sampson and Mazmanian, 2015; Hoban et al., 2016). Given that the gut-brain-behavior axis has gradually emerged as crucial in clinical settings (Asadi et al., 2022; Chang et al., 2022; Ribeiro et al., 2022), we argue that it is equally crucial in wildlife conservation. Although there has recently been a substantial body of research in this field, most of these findings are based on clinical and indoor sterile mouse experiments. Thus, more research is still needed in the future to elucidate the components of the brain-gut behavioral axis among wildlife. In addition, interventional treatment of potential brain-gut behavioral axis disorders by probiotics or other microorganisms might further tap into the potential role of the brain-gut behavioral axis in conservation biology (Kesika et al., 2021; Schaub et al., 2022).

The crucial role of maternal vertical transmission of gut microbiota in the early development and lifelong maintenance of the host gut microbiome has been extensively supported by numerous clinical trial results (Vandenplas et al., 2020; Wang et al., 2020; Browne et al., 2022; Xue et al., 2022). Similarly, microbiota transmission in animal social networks is also integral to the overall stability and health of wildlife populations (Colston, 2017; Moeller et al., 2018; Sarkar et al., 2020; Murillo et al., 2022; Zhu, 2022). Antwis et al. (2018) found that social behavior in a population of semi-feral Welsh Mountain ponies could affect the microbial structure of the entire population. Fu et al. (2021) shows that sympatric yaks and pikas on the Tibetan plateau could shift from competition to reciprocity by mutually acquiring beneficial microorganisms through the horizontal transfer of fecal microorganisms. Moreover, chipmunks can acquire beneficial microbes resistant to phytotoxins present in the gut of other insects through the food chain (Yi et al., 2021). Thus, the spread of gut microbiota in animal social networks (intra- or inter-population) warrants additional attention in the future owing to the influence of multiple potential impact mechanisms, such as social behavior (Sarkar et al., 2020), food chains (Moeller et al., 2017) and sympatric species composition (Perofsky et al., 2019; Fu et al., 2021), on animal microbiome transmission.

Despite the initial understanding of the interactions between social behavior and the gut microbiome, the reasons and timing of their relationship, as well as the intergenerational heritability and continuity of social behavior shaping gut microbiome, are still largely unknown (Moeller et al., 2016; Johnson and Foster, 2018; Sherwin et al., 2019). We suggest that multi-animal species analysis may be employed in the future to better elucidate the evolutionary relationship between social behavior and gut microbes. In addition, gaining insight into the endogenous and exogenous mechanisms driving the development of social behaviors, as well as identifying the differences in sociality exhibited by various animal populations over the course of evolution, are critical to unveil the evolutionary relationship between social behaviors and the gut microbiome (Matthews and Tye, 2019; Sherwin et al., 2019).
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The pathogenesis of Hepatic Encephalopathy (HE) is complex and multifactorial. The development of metagenomics sequencing technology led to show the significant role of gut microbiota in the pathogenesis of cognitive dysfunction, which paved the way for further research in this field. However, it is unknown whether gut microbiota plays a role in bile duct ligation (BDL)-evoked cholestatic liver disease-related cognitive dysfunction. The aim of this investigation is to assess BDL mice induced cognitive dysfunction and meanwhile to delineate the alteration of gut microbiota in cognitive dysfunction mice, which may underline the role of gut microbiota in BDL mice induced cognitive dysfunction. Our study was carried out in male C57BL/6 J mice with bile duct ligation. The liver functions were assessed via different biochemical markers [alanine aminotransferase (ALT), aspartate aminotransferase (AST), alkaline phosphatase (ALP), total bilirubin (TBIL), and total bile acid (TBA)] and a histopathological examination of the liver tissue. We used the novel object recognition test (NORT) to assess cognitive dysfunction. And BDL mice were divided into BDL with cognitive dysfunction (BDL-CD) or BDL without cognitive dysfunction (BDL-NCD groups) by the result of hierarchical cluster analysis of NORT. Then, 16S ribosomal RNA (rRNA) gene sequencing was used to compare the gut bacterial composition between BDL-CD and BDL-NCD groups. According to our results, we concluded that bile duct ligation can significantly change the gut microbiota composition, and Bacteroides fragilis, Bacteroides ovatus V975, and Bacteroides thetaiotaomicron play a vital role in BDL-evoked cholestatic liver disease-related cognitive dysfunction.
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INTRODUCTION

Hepatic encephalopathy (HE) is mainly manifested by impaired neurological function, including cognitive impairment, abnormal behavior, and coma. (Lockwood et al., 1991; Ferenci et al., 2002; Stewart and Smith, 2007; Vilstrup et al., 2014) Due to the complex pathogenesis of HE, limited progress in the study of HE has been achieved. It is considered that the neurotoxin ammonia and the presence of systemic and neurological inflammation drive the pathogenesis of HE (Sherlock et al., 1954; Shawcross et al., 2011; Gow, 2017; Ninan and Feldman, 2017; Irvine et al., 2019). Rather than independent actions, accumulating evidence points toward a synergic effect among participation factors that contribute to the development and severity of HE (Shawcross et al., 2004; Wright et al., 2007; Ochoa-Sanchez and Rose, 2018).

Gut microbiota has been shown to play a vital role in maintaining the physiological function of the body (Ouwehand et al., 2002; O'Toole and Jeffery, 2015; Sender et al., 2016). With the development in microbiome analysis technology and the many in-depth studies of liver diseases, the role of gut microbiota in liver diseases has attracted more attention. Over the past 20 years, researchers have gradually realized that gut microbiota is involved in the pathogenesis of HE. Liu et al. (2004) first demonstrated a large number of disturbances in the gut microbiota of patients with minimal hepatic encephalopathy (MHE) cirrhosis, with significant overgrowth of potentially pathogenic Escherichia coli and staphylococci in the stool. Through pyrosequencing of 16S ribosomal RNA, Chen et al. (2011) confirmed that the fecal microbial community of patients with cirrhosis was different from that of healthy people. It is well known that lactulose modulates intestinal flora and is therefore the first-line traditional treatment in chronic liver disease-related HE to reduce urease-producing bacteria. This further demonstrates the role of intestinal flora in HE.

Several landmark papers were published on the relationship between intestinal flora and HE. In 2012, Bajaj et al. demonstrated that patients with cirrhosis, especially when complicated with HE, were associated with significant alterations in the stool microbiome compared with healthy individuals. Specific bacterial families (Alcaligeneceae, Porphyromonadaceae, and Enterobacteriaceae) were strongly associated with cognition in HE (Bajaj et al., 2012). In 2015, Bajaj found cirrhotics to have a significantly lower relative abundance of autochthonous taxa compared with healthy controls, and this was further reduced in prior-HE vs. no-HE patients. The cirrhosis dysbiosis ratio (Lachnospiraceae + Ruminococcaceae + Clostridiales Incerate Sedis XIV + VeilloneIIIaceae/Enterobactericeae + Bacteroidaceae) was significantly lower (indicating dysbiosis) in cirrhotics compared with controls and significantly worse in prior-HE (Bajaj et al., 2015). Clinical and preclinical studies have directly demonstrated the important role of intestinal flora in brain changes and the development of cognitive dysfunction in HE patients (Ahluwalia et al., 2014; Kang et al., 2016). In a study on 147 patients with cirrhosis and 40 healthy controls, Ahluwalia et al. (2016) indicated that compared with the group of healthy controls and the group with no-HE cirrhosis, patients with HE had greater cognitive impairment and higher relative abundance of local taxa as well as high abundance of Staphylococci Enterococci, Porphyromonas, and Lactobacillaceae.

The most commonly used model to study HE is the hepatotoxin-induced acute liver failure model. In this study, BDL mice were used to induce cholestatic liver disease to explore the cognitive dysfunction of mice in chronic liver disease. The mice were divided into two groups: cognitive dysfunction (CD)-like phenotype and non-cognitive dysfunction (NCD)-like phenotype according to the results of hierarchical cluster analysis of novel object recognition test (NORT). Meanwhile, 16S ribosomal RNA (rRNA) gene sequencing was used to compare the gut bacterial composition between CD and NCD phenotypes in mice with cholestatic liver disease.



MATERIALS AND METHODS


Animals

Male C57BL/6 J mice, 6–8 weeks of age, were purchased from the Experimental Animal Research Center of Hubei Province (Hubei, China). For acclimatization, they were kept at 23 ± 1°C room temperature under a relative humidity of 55 ± 5% and 12/12-h light/dark cycle for 1 week. The study protocol was approved by the Animal Care and Use Committee of Tongji Hospital, Tongji Medical College (no. TJ0803).



Experimental Design

The mice were randomly assigned to two groups (1): Control group (Control, n = 8) (2); BDL group. Then, BDL mice were divided into cognitive dysfunction like phenotype group (BDL-CD, n = 7) and non-cognitive dysfunction like phenotype group (BDL-NCD, n = 10) according to the results of hierarchical cluster analysis of NORT.



Surgery for Bile Duct Ligation

In the control group, the bile duct was separated, and the abdominal cavity was immediately closed. The model of bile duct ligation was prepared following literature (Wang et al., 2017), and the specific process is described as follows: (1) The mice were anesthetized through intraperitoneal injection of 1% sodium pentobarbital (0.01 ml/g). (2) The abdominal fur of the mice was removed with an electric fur shaver, and then, they were placed on a 37°C thermostatic heating plate. The abdominal skin was sterilized with iodine (2–3 times). (3) A 2-cm cut was made in the abdomen, a holding suture was inserted in the sternum, and a retractor was used to enlarge the peritoneal cavity. (4) The liver was lifted with a moistened and warmed cotton swab, such that the ventral side of it stuck to the diaphragm and the hilum was clearly visible. Then, the bile duct was exposed by caudal movement of the gut. (5) The bile duct was separated by placing a 5–0 silk suture around it and securing the suture with two surgical knots. A second ligation was added in the same manner but did not dissect the bile duct in between. (6) The sternum was lowered, and the retractor was removed. Then, a 0.9% NaCl solution (0.3–0.5 ml) was applied to the peritoneal cavity, and the abdominal organs were placed in their physiological positions. (7) The peritoneum and skin were closed using simple continuous suture with 5–0 silk suture, and the operation area was sterilized with iodine. The mice were then placed in a warm environment to resuscitate.



Behavior Test

The open field test (OFT), NORT, and Y-maze test (Y-Maze) were conducted to assess the cognitive impairment. Behavioral data were automatically analyzed using a smart video tracking system.


Open Field Test

The mice were placed at the center of a gray polyethylene box with an open field chamber (L × W × H: 40 cm × 40 cm × 40 cm). They moved freely in dim light for 5 min, and the total distance traveled, motion time and speed were analyzed.



Novel Object Recognition Test

The NORT test was performed as follows: In an open field, two identical objects were placed at two corners, 6 cm away from each border, as previously described. At the first stage, the animal was allowed to perform free exploration for 5 min, and the exploration time around each object was recorded. At the second stage, a similar experiment was performed, except that one of the two objects was replaced by a novel object that had the same size but a different appearance. The exploration time around the novel object (NT) and familiar object (FT) were recorded. Recognition Index = (NT−FT)/(NT + FT). After each experiment, the apparatus was wiped by 75% ethanol to eliminate odor after each experiment.



Y-Maze

The Y-maze device is made of gray polyethylene and consists of three arms each at an Angle of 120° (L × W × H: 30 cm × 8 cm × 15 cm). These three arms were randomly assigned as follows: the initial arm for the initial animal to be placed and start exploring (always open), the new arm (blocked on the first trial but opened on the second one), and the other arm (always open). At the first stage, the mice were placed in the starting arm (while the new arm was blocked), allowed to explore for 10 min, and then returned to the cage. After 2 h, the second stage was performed, in which the mice were placed in the same starting arm (but with the new one open) and allowed to explore the maze for 5 min. We recorded the time spent in each arm, number of mice entering the new arm, the total number, and the movement distance of the mice for analysis.




Tissue Sample Collection


Fecal Samples

The mice were placed in a clean cage with sterile paper on the bottom. Fecal samples were collected immediately after defecating in a sterilized centrifuge tube. The filter paper was changed after each mouse as our previously study (Li et al., 2021). Fecal samples were stored in a − 80°C freezer. Then, 16S rRNA gene sequencing of fecal samples was performed at OEBiotech Co., Ltd. (Shanghai, China). DNA extraction was performed using the DNA Extraction Kit (Tiangen Biotechnology Co., Ltd., Beijing, China.). V3–V4 (or V4–V5) variable regions of 16S rRNA genes were amplified using universal primers 343 F and 798 R. Finally, PCR products were purified for further sequencing. Clean reads were subjected to primer sequences removal and clustering to generate operational taxonomic units (OTUs) using Vsearch software with 97% similarity cutoff. All representative reads were annotated and blasted against Silva database Version 123 (or Greengens) using RDP classifier (confidence threshold was 70%). All representative reads were annotated and blasted against Unite database (ITSs rDNA) using blast.



Serum and Liver Samples

The mice were anesthetized via intraperitoneal injection of 1% sodium pentobarbital (0.01 ml/g), and the eyeball was removed to collect blood samples. After centrifugation, serum was stored at a −80°C freezer to later perform biochemical analysis. For each mouse of each group, the same lobe of liver was carefully dissected, washed with normal saline, and fixed in 5% neutral formaldehyde solution. Biochemical and histological analyses were performed by Wuhan Servicebio Technology Co., Ltd.




Statistical Analysis

All quantification data were expressed as means ± SEM, with error bars representing SEM. Statistical analyses were performed using the SPSS software version 25.0 (SPSS Inc., Armonk, New York, United States) and GraphPad Prism software (GraphPad Software, Inc.). Z scores were standardized in the hierarchical cluster analysis. Then, using the Ward method and square Euclidean distance as a distance measurement, NORT results were hierarchically clustered, and the mice were divided into two groups: BDL-CD and BDL-NCD. Behavioral tests were analyzed using one-way or two-way ANOVA, followed by post-hoc Bonferroni’s test. p < 0.05 was considered to be statistically significant.




RESULTS


Biochemical and Histological Changes in the Liver in the BDL Group

A timeline of the BDL model and behavior tests are shown in Figure 1A. The results of hierarchical cluster analysis of NORT are shown in Figure 1B. Compared with the control group (Control group), HE and Masson staining indicated apparent liver fibrosis (Figure 1C). Besides, serum ALT, AST, and TBIL levels showed a significant increase (Figures 1D–F).
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FIGURE 1. Biochemical and histological changes in the liver in the BDL group. (A) Timeline of the BDL model and behavior tests. Ligation of the bile duct in the mice was performed after 7 days of accommodation. The OFT, NORT, and Y-maze tests were carried out on days 8, 9, and 10, respectively. Tissue was collected after the behavior tests. (B) Dendrogram of the hierarchical clustering analysis. A total of 17 BDL mice were divided into cognitive dysfunction (BDL-CD, n = 7) and no cognitive dysfunction (BDL-NCD, n = 10) groups according to the results of hierarchical clustering analysis on NORT results. Before tissue was collected, one mouse died in the BDL-NCD group. (C) Hematoxylin & eosin and Masson’s trichrome stained sections of the liver. (D) Serum ALT levels. (E) Serum AST levels. (F) Serum TBIL levels. ALT, alanine aminotransferase; AST, aspartate aminotransferase; and TBIL, total bilirubin. Data are presented as the mean ± SEM. **p < 0.01; ***p < 0.001; ****p < 0.0001; and ns, not significant.




Cholestatic Liver Disease-Related Cognitive Dysfunction in Mice

Compared with the Control group, the total travel distance of the BDL-CD and BDL-NCD groups showed a significant decrease, but there was no difference between the two groups (Figure 2A). The Recognition Index of the BDL-CD group was significantly decreased, but there was no significant change between the control and BDL-NCD groups (Figure 2B). Meanwhile, according to the results of the Y-maze test, we did not find a significant change among the three groups (Figure 2C). The heat map of the behavior tests is shown in Figure 2D.
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FIGURE 2. Cholestatic liver disease-related cognitive dysfunction in mice. (A) Total travel distance of OFT at day 8. (B) Recognition index of NORT at day 9. (C) Y-maze test at day 10. (D) Heat map of the group center in the OFT, NORT, and Y-maze tests. BDL, Bile Duct Ligation; OFT, Open Field Test; and NORT, Novel Object Recognize Test. Data are presented as the mean ± SEM. **p < 0.01; ***p < 0.001; ****p < 0.0001; and ns, not significant.




Community Structure and Diversity Alteration in Gut Microbiota among the Three Groups

In order to explore the community structure and diversity of gut microbiota within the Control, BDL-CD and BDL-NCD groups, we drew the Circos plot and calculated the alpha and beta diversity. The Circos plot showed a largely different community structure among the three groups, such that Bacteroidetes and Firmicutes were the predominant bacteria in mice, and a significant increase in Firmicutes was observed in BDL mice (Figure 3A). For alpha diversity, the Chao1 and PD whole tree index indicated a significant increase in BDL mice, but there was no significant change between the BDL-CD and BDL-NCD groups (Figures 3B,C). Beta diversity of PCA showed the gut microbiota to be far apart from each other (Figures 3D,E).
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FIGURE 3. Community structure and diversity alteration in gut microbiota among the three groups. (A) Circos plot showing the different community structures among the three groups. (B) α-diversity Chao1 index [F(2,21) = 8.910, p = 0.0016]. (C) α-diversity PD whole tree index [F(2,21) = 9.043, p = 0.0015]. (D) Boxplot of PCA. (E) 3D plot of PCA. Data are presented as the mean ± SEM. **p < 0.01; ns, not significant.




Differentially Abundant Bacterial Taxa of the Control and BDL Mice

To identify the types of bacterial taxa that varied among the three groups, we performed the LEfSe (Linear discriminant analysis Effect Size) analysis. LEfSe (Figure 4A) identified 60 discriminative features with relative abundances that significantly varied among the three groups. Next, we performed statistical analysis at all levels of the phyla, class, order, family, genera, and species. The analysis showed that 96 bacteria in the fecal samples were significantly altered among the three groups (phylum:4, class:7, order:9, family:14, genus:26, and species:36). We selected the top 10 different species abundances to obtain the abundance of the dominant different species within groups and comparisons. Compared with the control group, the relative abundance levels of Firmicutes, Clostridia, Bacilli, Clostridiales, Lactobacillales, Lactobacillaceae, Lachnospiraceae, Rikenellaceae, Lactobacillus, Alistipes, and Lactobacillus murinus were significantly increased in BDL mice (Figures 4B,C,E; Supplementary Figure 1). The relative abundance levels of Bacteroidetes, Bacteroidia, MB-A2-108, Erysipelotrichia, Bacteroidales, Erysipelotrichales, Muribaculaceae, Tannerellaceae, Erysipelotrichaceae, Parabacteroides, and GCA-900066225 were significantly decreased in BDL mice (Figure 4D; Supplementary Figure 2). No statistically significant difference was observed between the BDL-CD and BDL-NCD groups. Compared with the other two groups, the relative abundance levels of Negativicutes, Sphingomonadales, Selenomonadales Sphingomonadaceae, Bacteroides ovatus V975, Bacteroides thetaiotaomicron, and Bacteroides_ ragilis were significantly increased in the BDL-CD group (Supplementary Figure 3).

[image: Figure 4]

FIGURE 4. Differentially abundant bacterial taxa between the control and BDL mice. (A) LEfSe analysis among the three groups. LefSe, Linear discriminant analysis Effect Size. (B) Relative abundance of the phylum Firmicutes. (C) Relative abundance of the order Lactobacillales. (D) Relative abundance of the family Muribaculaceae. (E) Relative abundance of the genus Alistipes. Data are presented as the mean ± SEM. ***p < 0.001; ****p < 0.0001; and ns, not significant.


KEGG pathway prediction heat map indicated that the higher abundance difference in the BDL-CD group is evenly related to Cellular processes and signaling, Cell communication, Sensory system, Carbohydrate metabolism, Lipid metabolism, Genetic information processing, Poorly characterized, Enzyme families, and Metabolism (Supplementary Figure 4).



The Relationship Between Dysbiosis Markers and Cognitive Dysfunction

In this further analysis, we focus on the relationship between dysbiosis markers of microbiota and cognitive dysfunction among the BDL-CD and BDL-NCD groups. We employed LEfSe analysis at all levels of bacteria between the two groups. We observed four markers at the species level (Figure 5A), but only three markers showed significant increase in the BDL-CD group (Figures 5B–D), including Bacteroides fragilis, Bacteroides ovatus V975, and Bacteroides thetaiotaomicron. ANOVA analysis and Tukey’s multiple comparison test further assessed the differences in these three markers among the three groups (Figures 5E,F). The results showed that only in the BDL-CD group, the relative abundance of Bacteroides fragilis, Bacteroides ovatus V975, and Bacteroides thetaiotaomicron showed a statistically significant increase, which may play a major role in BDL-evoked cognitive dysfunction.
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FIGURE 5. The relationship between dysbiosis markers and cognitive dysfunction. (A) Linear discriminant analysis effect size between the BDL-CD and BDL-NCD groups. (B–G) Relative abundance of gut microbiota at the species level. Data are presented as the mean ± SEM. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001; and ns, not significant.





DISCUSSION

The novel object recognition test is a valuable measure of cognition, which is mainly used to measure learning and memory according to the differences in the exploration time of novel and familiar objects. This study demonstrated that liver fibrosis was induced, and learning/memory impairment appeared 8 days after bile duct ligation in C57BL/6 mice. Kerfoot et al. (2006) and D'Mello et al. (2009) used male C57BL mice (6–8 weeks of age) to demonstrate that the recruitment of activated monocytes into the brain was observed 10 days after BDL. This implies that inflammatory responses were already triggered in the brain 10 days after BDL. Thus, 8 days after BDL may be suitable to investigate the cognitive dysfunction accompanying liver disease in mice. In our study, learning and memory impairment were observed after BDL, while liver fibrosis and elevation of liver enzymes were also detected.

HE can be divided into type A, type B, and type C. In this work, we used BDL C57BL/6 mice to create a model of type C, which is caused by cirrhosis. We successfully established a BDL-evoked HE model in C57BL/6 mice and found significant biochemical and histopathologic changes in the liver. Our findings were in accordance with previous reports that demonstrated impaired memory in rat models of HE, including the BDL model with impaired working memory through the novel object recognition test (Dhanda et al., 2018).

In recent years, multi-omics techniques have revealed the vital role gut microbiota plays in promoting human health. Hence, exploring the roles and mechanisms of the gut microbiota in cognitive dysfunction in liver diseases represents an emerging field of research. In a recent paper published in Nature, Irish scientists reported that transplanting the intestinal flora of young mice significantly improved the cognitive and behavioral performance of aging mice (Boehme et al., 2021). An important role of intestinal flora in cognitive dysfunction has been further proven by the application of fecal transplantation for the treatment of cognitive-related diseases. Increasing evidence demonstrated the importance of gut microbiota in maintaining normal function of Central Nervous System (CNS). For instance, Ling et al. (2020) found that patients with Alzheimer’s disease (AD) have reduced numbers of butyrate-producing bacteria, such as Fecealibacterium, and increased ones of lactate-producing ones, which were both significantly correlated with the host inflammatory cytokines as well as clinical indicators of AD. For liver disease-associated brain dysfunction, the hepato-entero-brain signal axis is expected to provide a new target for diagnosis and treatment and crack the pathogenesis. Therefore, we speculate that cognitive dysfunction induced by ligation of the bile duct in mice may be associated with disturbed gut microbiota.

In our study, we found that the composition of gut microbiota was different between the BDL and Control mice. The relative abundance of Bacteroidetes was significantly decreased in BDL mice. On the contrary, there was an obvious increase in Firmicutes. It is commonly recognized that a dysfunctional level of the phylum Firmicutes and the order Bacteroidales is associated with cognitive dysfunction. Hoffman et al. (2017) found that the Firmicutes/Bacteroidetes ratio was significantly increased in older mice. Therefore, it seems that the abnormal composition of these microbiota may play a role in BDL-evoked cognitive dysfunction.

LEfSe identified 60 discriminative features with relative abundances that significantly varied among the three groups. A total of 96 bacteria in the fecal samples were significantly altered among the three groups (phylum:4, class:7, order:9, family:14, genus:26, and species:36). The above-mentioned results have only demonstrated a potential association, not causation, between cognitive dysfunction, liver fibrosis, and microbial change. A potential mechanism could be the obvious decrease of bile acid in the intestinal tract, which can modulate the microbiota in the gut (Vlahcevic et al., 1970; Kakiyama et al., 2013; Ridlon et al., 2013). Furthermore, we focused on the relationship between the dysbiosis markers of microbiota and cognitive dysfunction among the BDL-CD and BDL-NCD groups. We employed LEfSe analysis at all levels of bacteria between the two groups and observed four markers at the species level. Only three markers showed a statistically significant increase in the BDL-CD group, including Bacteroides fragilis, Bacteroides ovatus V975, and Bacteroides thetaiotaomicron. ANOVA analysis and Tukey’s multiple comparison test further assessed the differences in these three markers among the three groups. The results showed that the relative abundance of Bacteroides fragilis, Bacteroides ovatus V975, and Bacteroides thetaiotaomicron significantly increased only in the BDL-CD group, which may play a major role in BDL-evoked cognitive dysfunction.

The proportion of Bacteroidetes was significantly decreased in BDL mice, but interestingly, we found that the relative abundance of Bacteroides fragilis, Bacteroides ovatus V975, and Bacteroides thetaiotaomicron, which all belong to Bacteroidetes, were significantly increased in the BDL-CD mice. A study investigated the effect of lactulose on fecal flora in patients with liver cirrhosis. Ito et al. (1997) demonstrated that lactulose supplementation suppressed the growth of Bacteroides spp. (B. fragilis group) exerts a beneficial effect on hepatic encephalopathy by decreasing toxic short-chain (iC4-nC6) fatty acid production. In a case report, Matsukawa et al. (2003) found that an alcohol abuser with hepatitis C developed multibacterial sepsis, including Bacteroides thetaiotaomicron. As a normal commensal microbe, Bacteroides fragilis are usually thought to be advantageous to health due to their abilities of biosynthesis and metabolism (Fathi and Wu, 2016; Lukiw, 2016). However, when enterotoxigenic strains of Bacteroidetes species, including Bacteroides fragilis, proliferate, and their formidable array of secreted neurotoxins, including the classic neuroinflammatory pattern recognition molecule Lipopolysaccharide (LPS), leak through the normally protective mucosal barriers of the intestinal tract and blood–brain barrier (BBB), they can cause substantial inflammatory pathology, both systemically and within vulnerable CNS compartments (Fathi and Wu, 2016; Lukiw, 2016; Batista et al., 2019; Sheppard et al., 2019). The lipopolysaccharide of Bacteroides fragilis is one of the most neurotoxic pro-inflammatory lipoglycans (Sears, 2009; Sheppard et al., 2019). LPS-induced cognitive dysfunction may be related to the result of upregulated neuroinflammatory, attenuated neocortical and hippocampal microglial activation, cytokine and reactive oxidative species generation, oxidative stress damage, and loss of synaptic plasticity-related proteins (Li et al., 2015; Yang and Chiu, 2017; Barton et al., 2019; Batista et al., 2019; Sheppard et al., 2019; Wu et al., 2019). Similar to Bacteroides fragilis, Bacteroides ovatus V975, and Bacteroides thetaiotaomicron are Gram-negative bacteria, which generate nanosized outer membrane vesicles, potentially leading to the same pathological process.

It goes without saying that the maintenance of gut homeostasis relies on an intact gut mucosal barrier and a healthy gut microenvironment. Gut homeostasis disorder is characterized by bacterial overgrowth and translocation. The gut barrier is the first defense barrier against bacteria and their metabolites entering the blood, which can be destroyed due to severe disease. When the gut barrier is destroyed, bacteria and their metabolites enter the circulation more easily. At the same time, gut metabolites and the components of bacteria in the blood, including LPS, Peptidoglycan (PGN), and Bacterial lipoprotein (BLP), are difficult to be broken down in the damaged liver. This leads to systemic inflammation and neuroinflammation, thus promoting the occurrence of HE.

To sum up, we successfully created a model of cholestatic liver disease-related by ligation of the bile duct in mice and used the novel object recognition test to prove the existence of cognitive dysfunction. The results of 16 s RNA sequencing showed that Bacteroides fragilis, Bacteroides ovatus V975, and Bacteroides thetaiotaomicron may play an important role in the cognitive dysfunction of HE. However, further study focusing on the mechanism of neuroinflammation resulted by this flora is needed to confirm the results.
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Increasing evidence has shown that the gut microbiome has significant effects on mate preferences of insects; however, whether gut microbiota composition affects sexual attractiveness and mate preference in mammals remains largely unknown. Here, we showed that antibiotic treatment significantly restructured the gut microbiota composition of both mouse males and females. Males, regardless of antibiotic treatment, exhibited a higher propensity to interact with the control females than the antibiotic-treated females. The data clearly showed that gut microbiota dysbiosis reduced the sexual attractiveness of females to males, implying that commensal gut microbiota influences female attractiveness to males. The reduced sexual attractiveness of the antibiotic-treated females may be beneficial to discriminating males by avoiding disorders of immunity and sociability in offspring that acquire maternal gut microbiota via vertical transmission. We suggest further work should be oriented to increase our understanding of the interactions between gut microbiota dysbiosis, sexual selection, and mate choice of wild animals at the population level.
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INTRODUCTION

It is well accepted that all multicellular organisms, including animals and plants living in a world dominated by microbes, harbor a diversity of microbial communities in and on their bodies (Ley et al., 2008; Fierer and Lennon, 2011; Li et al., 2019; Wan et al., 2021). It is suggested that microbiomes can act as an integral part of the host phenotype, or even potentially the genome of hosts (Degnan, 2014; Kolodny and Schulenburg, 2020; Ma et al., 2021). Gut microbes are believed to affect a wide spectrum of host immune and neurological systems and thus play a critical role in most animal life (Arentsen et al., 2015; Gao et al., 2018; Nyangahu et al., 2018; Blacher et al., 2019; Li et al., 2021). Mounting evidence has shown that these microbiomes contained in the gastrointestinal tract can have either detrimental or beneficial impacts on many aspects of physiology, such as the immune and endocrine systems, spanning a continuum influence on host biology (Geva-Zatorsky et al., 2017; Chu et al., 2019). In recent years, the gut microbiota and its interactions with host physiology and immune function have been identified as having a crucial role in the normal development of behaviors (Ezenwa et al., 2012; Leftwich et al., 2017; Parfrey et al., 2018; Bai et al., 2021).

Over the past several decades, rapid advances in molecular methods have greatly improved our understanding of the importance of gut microbiota (Bäckhed et al., 2015; Wada-Katsumata et al., 2015; Tamburini et al., 2016). Gut microbiota, through interacting with the host, can produce intermediate or end products of microbial metabolism, for example, secondary bile acid and short-chain fatty acids (SCFAs; Gao et al., 2018; Zhuang et al., 2019; Zhang et al., 2020). A growing body of evidence has shown that signals from these small molecules derived from bacterial metabolism have prominent structural and functional effects on the development and function of the immune, metabolic, endocrine, nervous, and fitness-related behaviors, such as mating and social interactions (Cryan and Dinan, 2012; Foster and Neufeld, 2013; Bäckhed et al., 2015; Palmer et al., 2017).

Commensal gut bacteria in adult animals not only protect the host from infection and inflammation of the intestines and periphery but also modulate normal behavioral responses. Previous studies of insects have provided some clear evidence of the potentially profound effect of the gut microbiota on behaviors (Dillon et al., 2000; Wada-Katsumata et al., 2015). Increasing evidence indicates that the gut microbiome of Drosophila can have significant effects on mate preferences as well as the mating performance of males and females (Lizé et al., 2014; Najarro et al., 2015; Walsh et al., 2017; Heys et al., 2020). Leftwich et al. (2017) showed that gut microbiomes also have a strong potential to influence reproductive barriers between Drosophila populations. Therefore, it can be expected that gut microbiomes will influence the intensity of sexual selection given that gut microbiome increases or decreases mating activity. Despite the importance of gut microbiota in host biology, relatively little is known about the microbial communities in mate choice of males and females. Although the gut microbiome can have major influences on the host mating behavior of insects, there are limited empirical research on the influence of gut microbiota dysbiosis on sexual attractiveness and mate choice of mammals. Therefore, understanding the mechanisms underlying gut microbiome and mating behavior interaction will provide new insight into the symbiotic relationship between gut microbiota and their mammalian hosts. However, sexual dimorphism in response to broad-spectrum antibiotics has been observed in laboratory mice (Fujisaka et al., 2016). It was shown that antibiotics can change the body mass of mice due to changes in gut microbiota (Miao et al., 2019). To avoid possible confounding effects of body mass of males on the mating preference of females, we tested the sexual attractiveness of female mice to males using low-dose oral administration of a combination of broad-spectrum antibiotics vancomycin and neomycin sulfate and showed that gut dysbiosis potentially reduced sexual attractiveness of mouse female.



MATERIALS AND METHODS


Mice and Antibiotic Administration

The adult Kunming mice (KM, 8 weeks of age) were purchased from Jinan Pengyue Experimental Animal Breeding Co. Ltd. (Shandong, China), where the specific pathogen-free animals were housed by litter and allowed access to autoclaved mouse chow water. After purchase, mice were caged individually in a specific pathogen-free facility and reared in a 25°C room on a 12-h light/dark cycle. Mice received standard rat chow (4% fat, 20% protein, 70% carbohydrate, manufactured by Shenyang Maohua Biotechnology Co. Ltd., Liaoning, China) and regular drinking water was provided ad libitum. One week after acclimation, 10 males and 10 females were randomly selected and orally administrated with vancomycin (1 mg/mL) and neomycin sulfate (5 mg/mL) as broad-spectrum antibiotics in regular drinking water for 10 days (treatment group), a duration threshold suggested by previous studies (Hill et al., 2010; Swann et al., 2011). Nothing else was added to the regular drinking water except for vancomycin and neomycin sulfate. The remaining 10 males and 10 females were assigned to the control group and continually received regular drinking water without vancomycin and neomycin sulfate. The control individuals were genetically comparable to the individuals in the treatment group because all mice were at the same age before purchase. At the end of the antibiotic administration, the treated and control mice (10-week-old) were subjected to sexual attractiveness tests in the three-chamber test apparatus in the same way. After the behavioral test, all mice were individually weighed and then sacrificed by a neck bite to collect cecal samples approved by the Animal Experimentation Ethics Committee of Qufu Normal University (2022028). Cecal samples were snap-frozen in liquid nitrogen and then immediately transferred to a −80°C refrigerator for subsequent gut microbiota analysis.



DNA Extraction

A DNeasy PowerSoil Kit (Qiagen, Hilden, Germany) was used to extract the total genomic DNA of fecal samples in OE Biotech Co., Ltd. (Shanghai, China) following the manufacturer’s instructions with a blank extraction control being included to check for any microbial contamination. Cecal samples were randomized across DNA extraction batches to avoid confounding biological and technical effects concentration and purity of DNA were verified with NanoDrop 2000 spectrophotometer (Thermo Fisher Scientific, Waltham, MA, United States) and agarose gel electrophoresis, respectively. The genome DNA was used as a template for PCR amplification with the barcoded primers and Tks Gflex DNA Polymerase (Takara). Moreover, samples were also randomized across PCR plates and sequencing lanes. V3-V4 variable regions of 16S rRNA genes were amplified with adaptors-linked universal primers 343 F (5′-TACGGRAGGCAGCAG-3′) and 798 R (5′-AGGGTATCTAATCCT-3′) (Zhou et al., 2021).



Bioinformatic Analysis

In our study, sequencing was performed on an Illumina Miseq with two paired-end read cycles of 300 bases each (Illumina Inc., San Diego, CA, United States; OE Biotech Co., Ltd., Shanghai, China). Raw sequencing data were in FASTQ format. Paired-end reads were then preprocessed using Trimmomatic software (Bolger et al., 2014) to detect and cut off ambiguous bases (N). Low-quality sequences with an average quality score below 20 were cut off using the sliding window trimming approach. After trimming, paired-end reads were assembled using FLASH software (Reyon et al., 2012). Parameters of assembly were 10 bp of minimal overlapping, 200 bp of maximum overlapping, and 20% of maximum mismatch rate. Further quality control included removing reads that were ambiguous, identical, or below 200 bp in length. Reads with 75% of bases above Q20 were retained. Then, reads with chimera were detected and removed. These two steps were achieved using QIIME (Quantitative Insights into Microbial Ecology) software (version 1.8.0) (Caporaso et al., 2010).

Clean reads were subjected to primer sequences removal and clustered to generate operational taxonomic units (OTUs) using Vsearch software with a 97% similarity cutoff (Rognes et al., 2016) to generate an OTU table with the taxonomy and number of sequences per OTU in each sample. The representative read of each OTU was selected using the QIIME package. All representative reads were annotated and blasted against Silva database Version 123 (16s rDNA) using the RDP classifier (confidence threshold was 70%) (Wong et al., 2017).

We summarized the rarified OTU table in QIIME (Segata et al., 2011) to see the effects of antibiotic treatment on the community richness and community diversity of cecal samples. The Wilcoxon rank-sum test was used to identify differences in the alpha-diversity of the gut microbiota using community richness (e.g., Shannon index, Simpson index, observed-species, and Chao 1 index) between the antibiotic-treated animals and controls (Chao and Bunge, 2002). The OTU richness was determined by calculating the observed species, Shannon, Simpson, and Chao1 indices based on the total number of species.

We used a variance stabilizing transformation of arcsine (abundance 0.5) to normalize the relative abundances of microbial genera (Ho et al., 2019). Community structure (β-diversity) of the Bray Curtis dissimilarity was generated from QIIME. PCoA and distance matrices were used to analyze the bacterial community data with PRIMER 7 software. Analysis of molecular variance (Adonis) was done on the presence data to test the differences in gut microbiota compositions. The statistical significance was set as P < 0.05. The algorithm of Linear Discriminant Analysis Effect Size (LEfSe) was applied to recognize relative abundant values of OTUs as well as pathways exhibiting significant deviations which would be subjected to a defaulted cutoff in accordance with ranking of the Kruskal–Wallis test (P < 0.05 and the score of absolute log10 LDA). GraphPad Prism 9 was used to plot α-diversity results and gut microbiota at phylum and genus levels. An independent samples t-test was used to compare the differences in gut microbiota at phylum and genus levels. We used the Phylogenetic Investigation of Communities by Reconstruction of Unobserved States (PICRUSt) v1.0.0 to predict the composition of known gut microbial gene functions based on the KEGG (Kyoto Encyclopedia of Genes and Genomes) and COG (Cluster of Orthologous Groups) database (Douglas et al., 2018).



Test of Sexual Attractiveness

In this study, we used three-chamber social test apparatus to measure the sexual attractiveness of females to males (Supplementary Figure 1). Sexual attractiveness in our study was defined as the propensity of a male to interact with each of the paired unfamiliar females in the two opposite cages. We chose the male mice as choosers because their body mass was significantly reduced by antibiotics in our study. The apparatus used in this study was made of a polymethyl methacrylate box (length × width × height: 60 cm × 30 cm × 60 cm) with partitions that separate the box into three identical chambers (Supplementary Figure 1). The doors on the partitions, when opened, allowed the test animal to move freely from one chamber to another. At the phase of habituation, the test male mouse was placed in the middle chamber and allowed to move freely in all three chambers for 5 min. After this 5-min habituation phase, the male mouse was confined in the center chamber by closing the doors. Then, an unfamiliar control female was placed inside a small wire cage centered in one of the side chambers, meanwhile, an unfamiliar antibiotic-treated female was placed inside the identical wire cage in the opposite chamber. The doors were then reopened, allowing the test animal to move freely throughout all three chambers of the apparatus for over 5 min. The thin, widely spaced bars of the wire cage allowed us to monitor whether the male mouse initiated social interaction with the two females. To prevent interference between tests, the three chambers and the two-wire cages used for behavioral tests were thoroughly sterilized and cleaned by using 75% alcohol and absorbent cotton. To avoid chamber bias, locations of the two-wire cages were randomly exchanged between left and right chambers on consecutive tests. Measures were taken of entries between chambers, travel distance in each chamber, and time spent sniffing each wire cage containing the unfamiliar female mice on the opposite side of the apparatus using the Any-maze video tracking system from Stoelting Co. (version 6.0, Wood Dale, IL, United States). In our study, 10 antibiotic-treated males and 10 controls were tested individually only once. Here, five paired antibiotic-treated and control females were randomly chosen to interact with the antibiotic-treated males and another five pairs were used to interact with the control males. Therefore, each paired female mice were used repeatedly twice with the discriminating males (Supplementary Table 1). But no female was used repeatedly for the same male. Therefore, a paired t-test was used to test if males prefer the control over antibiotic-treated females for sexual attractiveness.




RESULTS

We showed that oral administration of antibiotics had profound effects on gut microbiota of both mouse females and males. Gut microbiota α-diversity was decreased in antibiotic-treated females compared to controls, as indicated by Chao 1, the number of species, Shannon, and Simpson (t = 16.542, df = 18, P < 0.001; t = 18.552, df = 18, P < 0.001; t = 15.026, df = 18, P < 0.001; t = 5.719, df = 18, P < 0.001; Figure 1). Principal coordinate analysis (PCoA) of β-diversity (by Bray-Curtis dissimilarity) demonstrated that the antibiotic-treated females clustered separately from the control counterparts (Figure 2; Adonis: R2 = 0.3973, P < 0.001). Antibiotic administration significantly changed α- (Supplementary Figures 2a–d) and β-diversity of gut microbiota of males (Supplementary Figure 2e).
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FIGURE 1. Comparison of the α-diversity indices (Chao 1, the number of species, Shannon, and Simpson) of the control females (FC) and the antibiotic-treated females (FT). Statistical significance: ***, P < 0.001.
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FIGURE 2. Principal-coordinates analysis (PCoA) based on Bray-Curtis dissimilarities of the gut microbiota in the control females (FC) and the antibiotic-treated females (FT).


At the phylum level, the relative abundance of Firmicutes and Epsilonbacteraeota was significantly decreased in the antibiotic-treated females compared to controls (independent samples t-test: t = 9.958, df = 18, P < 0.001; t = 3.601, df = 18, P = 0.002; Figure 3A and Supplementary Figure 3a). The antibiotic-treated females had higher abundance of Proteobacteria than the control group (independent samples t-test: t = −5.668, df = 18, P < 0.001). Meanwhile, antibiotic administration showed no significant effect on the relative abundance of Bacteroidetes in females (independent samples t-test: t = −1.407, df = 18, P = 0.176; Figure 3A). At the genus level, the antibiotic-treated females had lower relative abundance of Lachnospiraceae_NK4A136_group, Lachnospiraceae_AC2044_group, and Ruminiclostridium 9 (independent samples t-test: t = 8.875, df = 18, P < 0.001; t = 4.111, df = 18, P = 0.001; t = 8.314, df = 18, P < 0.001, respectively; Figure 3B), but higher relative abundance of Enterobacter, Bacteroides, and Klebsiella (independent samples t-test: t = −5.260, df = 18, P < 0.001; t = −3.063, df = 18, P = 0.007; t = −3.284, df = 18, P = 0.004, respectively; Figure 3B and Supplementary Figure 3b). These patterns were well reflected in the male mice (Supplementary Figure 4). LEfSe analysis showed that the relative abundance of Lachnospiraceae, Ruminococcaceae, and Clostridiales was significantly increased in the control females. Meanwhile, the relative abundance of Enterobacteriaceae and Gammaproteobacteria was increased in antibiotic-treated females (Figures 4A,B).
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FIGURE 3. Relative abundance of main phyla (A) and genera (B) that were significantly different in the gut microbiota in the control females (FC) and the antibiotic-treated females (FT). Statistical significance: **, P < 0.01; ***, P < 0.001; ns, not significant.
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FIGURE 4. The LDA (linear discriminant analysis) score (A) and the taxonomic cladogram (B) were obtained from linear discriminant analysis effect size (LEfSe) analysis of the gut microbiota of control females (FC) and the antibiotic-treated females (FT). Bar chart showing the log-transformed LDA scores of bacterial taxa identified by LEfSe analysis (the log-transformed LDA score of 6.0 as the threshold). Cladogram showing the phylogenetic relationships of bacterial taxa revealed by LEfSe. From inside to outside, the circle of radiation represented the classification level from phylum to genus. The red and green nodes in the phylogenetic tree represent gut microbiota that plays an important role in the FC and FT groups, respectively. While yellow nodes represent species showing no significant difference.


We performed KEGG and COG analyses to further understand the changes in gut microbial function and metabolic activity between antibiotic-induced females and controls. Compared to the control group, infectious diseases (t-test: P = 0.001), cancers (t-test: P = 0.001), immune system diseases (t-test: P = 0.001), cardiovascular diseases (t-test: P = 0.002), and metabolic diseases (t-test: P = 0.001) were significantly upregulated in the antibiotic-treated females (Figure 5). However, apparent suppression of circulatory system (t-test: P = 0.01) was clearly observed in the antibiotic-treated females (Figure 5).
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FIGURE 5. Heat map showing the predicted KEGG and COG functional pathways differing in the gut microbiota of the control females (FC) and the antibiotic-treated females (FT) inferred from 16S rRNA gene sequences using PICRUSt. Red legends indicate the mean of significantly enriched pathways and blue the depleted pathways across all gut samples of mice (P < 0.05).


In the test sessions for sexual attractiveness, the number of entries of control males into the chambers containing the control females was significantly more than the number of entries into the chambers containing the antibiotic-treated females (paired t-test: P = 0.048; Figure 6A). Travel distance in the chambers containing the control females was significantly more than the distance in the chambers containing the antibiotic-treated females (paired t-test: P = 0.003; Figure 6C). In addition, the amount of time spent by control males sniffing the wire cage containing the control females was significantly more than the time spent with the antibiotic-treated females (paired t-test: P = 0.004; Figure 6E). The antibiotic-treated males performed in the same way as controls, that is, the number of entries into the chambers containing the control females was significantly more than the number of entries into the chambers containing the antibiotic-treated females (paired t-test: P = 0.019; Figure 6B). Distance traveled in the chambers containing the control females was significantly more than distance traveled in the chambers containing the antibiotic-treated females (paired t-test: P = 0.021; Figure 6D). Time spent sniffing the wire cage containing the control females was significantly more than the time sniffing the wire cage containing the antibiotic-treated females (paired t-test: P = 0.013; Figure 6F).
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FIGURE 6. Antibiotic-treated females lost the attractiveness to both control (n = 10) and antibiotic-treated males (n = 10) in the three-chambered sociability test, as seen from the contact times with the females (A,B), the travel distances in each chamber (C,D), and the time spent in each chamber (E,F). “Control” in the x-axis appears to be control females and “Treatment” antibiotic-treated females chosen by males.




DISCUSSION

Antibiotics have been well used to alter gut microbiota composition for behavior test purposes (Desbonnet et al., 2015; Ray et al., 2021). Consistent with previous studies (Desbonnet et al., 2014, 2015), our results revealed that antibiotic treatment significantly restructured the gut microbiota composition of both mouse males and females. Overall, we showed that the antibiotic-treated mice had a lower relative abundance of beneficial bacteria phyla, for example, some microbiota belonging to Firmicutes and Epsilonbacteraeota versus controls. While, the relative abundance of Proteobacteria, which is a potential diagnostic criterion for gut microbiota dysbiosis (Nyangahu et al., 2018), was increased in the antibiotic-treated mice compared to controls. Short-term antibiotic treatment of adult mice can lead to immune suppression, while in early life prenatal antibiotic treatment causes contact hypersensitivity or immune development later in life (Strzępa et al., 2017; Gao et al., 2018; Nyangahu et al., 2018). Therefore, the increased abundance of Proteobacteria and possibly the alteration of immune response caused by gut dysbiosis could potentially reduce the sexual attractiveness of antibiotic-treated females (Ueyama et al., 2015).

Host microbiota plays a crucial role in determining sexual attractiveness and mating preference (Lizé et al., 2014; Walsh et al., 2017). However, most studies emphasized the important role of gut microbiota in mate preferences in a number of species of Drosophila (Markov et al., 2009; Sharon et al., 2010; Najarro et al., 2015; Heys et al., 2020). Tackling the importance of gut microbiota on social odor and sexual attractiveness of vertebrates is still rare (Theis et al., 2013). After controlling for the potential effect of body mass on mating preference (Independent t-test: t = −2.398, df = 18, P = 0.046; Supplementary Figure 5), sexual attractiveness tests in our study showed that both control males and antibiotic-treated males exhibited higher propensity to interact with control females than antibiotic-treated females, which was reflected by the facts that (1) males preferred to enter into the chambers containing the control females over those containing the antibiotic-treated females; (2) males spent more time sniffing the control females than the antibiotic-treated females; and (3) males traveled more in the chambers containing the control females than containing the antibiotic-treated females (Figure 6). Therefore, the data presented here clearly showed that the antibiotic-treated females exhibited reduced sexual attractiveness to males compared to their control counterparts, suggesting that the influence of the gut microbiota may extend to the modulation of mouse sociality (Desbonnet et al., 2015; Münger et al., 2018; Wu et al., 2021).

Despite gut microbiota dysbiosis, the antibiotic-treated males, like the control males, consistently preferred the control females over the antibiotic-treated females. It has been evidenced that antibiotics can cause body weight loss (Miao et al., 2019); however, we can rule out the potential influence of body weight on the sexual attractiveness of females to males, because antibiotic treatment did not significantly change the body weight of female mice in our study (Independent t-test: t = 0.357, df = 18, P = 0.718; Supplementary Figure 5). These observations suggest that antibiotic-induced gut microbiota dysbiosis strikingly modified gut bacterial composition and then reduced the sexual attractiveness of females to males. We also provided some evidence on the correlation between gut microbiota dysbiosis and sexual attractiveness of females. For example, the relative abundance of Lachnospiraceae, Ruminococcaceae, and Clostridiales, which are generally linked to the production of short-chain fatty acids (Koh et al., 2016; Gao et al., 2018) and play important roles in maintaining the stability of the intestinal environment, was significantly decreased in the antibiotic-treated females that exhibited reduced sexual attractiveness. However, the relative abundance of inflammation-associated microbiota Enterobacteriaceae and Gammaproteobacteria (Artwohl et al., 2000; Garrett et al., 2010; Huffnagle et al., 2017) was decreased in the control females that were more attractive to males. In addition, the relative abundance of propionate-produced Muribaculaceae bacterial family was much higher in the control females, which has been supposed to play a critical metabolic role in increasing the life span (Smith et al., 2019). Thus, it is likely that decrease in the beneficial bacteria but an increase in pathogen-like bacteria may be associated with the disrupted immunity and reduced health level of the antibiotic-treated females (Desbonnet et al., 2014). Therefore, it can be expected that gut microbiota dysbiosis reduces the sexual attractiveness of the antibiotic-treated females possibly by altering the neurological system, immune system, and endocrine system that may have been noticed by males (Strzępa et al., 2017; Wu et al., 2021). This speculation can also be supported by significant suppression of the circulatory system and upregulation of disease-related metabolic pathways in the antibiotic-treated females as predicted by KEGG and COG (Figure 5). Both the control males and the antibiotic-treated counterparts were likely able to detect the differences in health conditions and immune response between the control females and the antibiotic-treated females. Although we are unable to uncover a specific mechanism by which antibiotic treatment abolished mating preference, sex pheromones that determine individual scents are expected to contribute to a decrease in female attractiveness to males influenced by the gut microbiome.

Previous evidence shows that the establishment of the gut microbiome in offspring is mainly based on vertical transmission of microbes (Nyangahu et al., 2018), and consequently, disruption of maternal gut microbiota is expected to exert negative impacts on immunity and sociability of offspring (Desbonnet et al., 2014). Moreover, antibiotic treatment on pregnant dams will lead to the aggravated immune response in offspring of antibiotic-treated females and may put them at higher risk for immune-mediated diseases (Miller et al., 2018). Therefore, preference for healthy females over those with dysbiosis to mate may benefit their offspring because disruption of maternal gut microbiota will change the immunity and sociability of offspring through vertical transmission of maternal microbes. Given that the gut microbiome may have a role in mating preference and mate choice, a balance of gut microbiota will be crucial for the sexual selection and reproduction of mammal species at the population level.



CONCLUSION

To our best knowledge, we may present the first evidence that gut microbiota dysbiosis not only altered disease-related metabolic pathways but also reduced the sexual attractiveness of mice. The alteration of gut microbiota composition together with decreased health conditions may account for the reduction of sexual attractiveness of females. We argue that knowledge of the gut microbiome is fundamental to our understanding of the sexual attractiveness and reproductive strategies of mammals. Further understanding of the mechanisms underlying the relationships between gut microbiota, sexual selection, and mate choice will provide us with a new insight into the role of gut microbiota in shaping mating preference and reproduction strategies of mammals.
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Maternal Fecal Microbes Contribute to Shaping the Early Life Assembly of the Intestinal Microbiota of Co-inhabiting Yak and Cattle Calves
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The Qinghai-Tibetan Plateau offers one of the most extreme environments for yaks (Bos grunniens). Although the genetic adaptability of yak and rumen metagenomes is increasingly understood, the relative contribution of host genetics and maternal symbiotic microbes throughout early intestinal microbial successions in yaks remains elusive. In this study, we assessed the intestinal microbiota succession of co-inhabiting yak and cattle (Bos taurus) calves at different weeks after birth as well as the modes of transmission of maternal symbiotic microbes (i.e., rumen fluid, feces, oral cavity, and breast skin) to their calves’ intestinal microbiota colonization. We found that the fecal microbiota of yak and cattle calves after birth was dominated by members of the families Ruminococcaceae, Bacteroidaceae, and Lachnospiraceae. The Source Tracker model revealed that maternal fecal microbes played an important role (the average contribution was about 80%) in the intestinal microbial colonization of yak and cattle calves at different weeks after birth. Unlike cattle calves, there was no significant difference in the fecal microbiota composition of yak calves between 5 and 9 weeks after birth (Wilcoxon test, P > 0.05), indicating that yak may adapt to its natural extreme environment to stabilize its intestinal microbiota composition. Additionally, our results also find that the intestinal microbial composition of yak and cattle calves, with age, gradually tend to become similar, and the differences between species gradually decrease. The findings of this study are vital for developing strategies to manipulate the intestinal microbiota in grazing yaks and cattle for better growth and performance on the Qinghai-Tibetan Plateau.

Keywords: intestinal microbial colonization, intestinal microbial succession, host-microbiome interaction, maternal microbial transmission, natural grazing yak


INTRODUCTION

The animal gastrointestinal tract is inhabited by a diverse microbial community, which influences a wide range of host metabolic processes, immune system, central nervous system development, and even behavior (Diaz Heijtz et al., 2011; Hooper et al., 2012; Tremaroli and Backhed, 2012). This complex community of microbes must be reassembled each generation since before birth infants lack a gastrointestinal tract microbiota (Smits et al., 2017). There is increasing evidence that microbial colonization is a complex process influenced by a two-way interaction between the host and microbial community as well as a variety of external factors, such as neonatal delivery, maternal and environmental microbiota, diet, parenting behavior, and early use of antibiotics (Dominguez-Bello et al., 2010; Rothschild et al., 2018; Liu et al., 2019; Chen et al., 2020; Furman et al., 2020). Studies have revealed the essential roles of environmental and maternal microbes in the establishment of newborn microbiota, which is likely critical for protecting the newborn from pathogens when its immune system is immature (Round and Mazmanian, 2009; Gensollen et al., 2016; Gomez de Aguero et al., 2016). However, young ruminants are considered functionally monogastric at birth with underdeveloped forestomach system, including the rumen, reticulum, and omasum (Heinrichs, 2005). Dietary nutrients obtained from hindgut is likely an important source of energy for ruminants throughout all stages of their development, while hindgut fermentation could be of an elevated importance to the calves during their first days of life before the rumen is fully developed (Castro et al., 2016b). In contrast to that of rumen microbial ecosystem, the fundamental role of intestinal microbiota and its contribution to ruminant health and production in neonatal calves are less well understood. Thus, knowledge about the possible sources of early intestinal microbiota and their colonization may help to explore the functional interaction between host metabolism and intestinal microbiota.

The yak (Bos grunniens), a herbivore exclusively inhabiting in the Qinghai-Tibetan Plateau (QTP) and adjacent mountainous regions, evolutionarily diverged from cattle (Bos taurus) about 4.4 to 5.3 million years ago (Gu et al., 2007). It has been found that yak are superior to cattle in feeding and grazing behavior (Ding et al., 2008), digestive organ structure (Shao et al., 2010; Guan et al., 2017), nitrogen use efficiency (Zhou et al., 2018), low rumen methane emission (Ding et al., 2010), and interseason energy utilization efficiency (Ahmad et al., 2020; Yang et al., 2020). A whole genome sequencing study has identified potentially functional genes related to the unique adaptation of yak to severe hypoxia condition (Qiu et al., 2012). A recent study argued that yak adaptation mechanisms to harsh environment and long-term nutritional stress on the QTP are related to the enrichment of key genes for volatile fatty acid (VFA) fermentation pathway in rumen microbiome while methanogenesis pathway are enriched in cattle (Zhang et al., 2016). Furthermore, rumen microbial compositions change during the growth of yak from neonatal (7 days) to adult (12 years) stages, especially the bacterial and archaeal groups are more sensitive in response to development stages compared to the two eukaryotic microbial groups (Guo et al., 2020). Notably, most of the above-mentioned studies focused on the structure, function, and succession of the rumen microbial community in yak, but there is limited knowledge about the development of intestinal microbiota between yak calves (YB) and cattle calves (CB) in the same habitat before weaning.

Some studies have shown that maternal microbes quickly colonize offspring gastrointestinal tracts after parturition through birth canal, skin contact or breast feeding and shape the onset of an intestinal immune system and its future development (Bi et al., 2019; Klein-Jobstl et al., 2019; Lima et al., 2019; Fan et al., 2020). Traditionally, YB are mainly fed by maternal nursing under natural grazing condition during the pre-weaning period, and we hypothesized that this period helps the calf to acquire more maternal microbes, such as fecal, saliva, and skin microbes. Therefore, we collected fecal samples in YB and CB from 1 to 9 weeks after birth, as well as rumen fluid, feces, oral cavity, and breast skin swabs of their mothers at 1 week post parturition for 16S rRNA gene amplicon sequencing. The information obtained in this study is vital for the future development of strategies to manipulate the intestinal microbiota in grazing yak and cattle for better growth and performance in the harsh QTP ecosystem.



MATERIALS AND METHODS


Animal Experiments and Sampling

Both YB and CB were born naturally, fed with milk by maternal suckling, and grazed on the same native pasture (without concentrate supplementation) in Yangnuo Specialized Yak Breeding Cooperative (34°43′19.66″N, 102°28′49.51″E) at Xiahe county of Gannan Tibetan Autonomous Prefecture, Gansu Province, China. All the animals involved in this experiment were from the same herd and they all grazed together in an alpine meadow on the QTP, where the average altitude is 3,300 m and the average annual temperature is 4°C. There were abundant natural alpine meadow herbage and water resource, and the animals freely drank water from the local river or the snow meltwater. All the animals were grazed from 7 a.m. to 6 p.m., and the samples were collected before the morning grazing. All animals included in this study were healthy during our sampling period and received no recorded therapeutic or prophylactic antibiotic treatment. Both YB and CB were born naturally, fed with milk by maternal suckling, and grazed on the same native pasture. In addition, the calves are usually weaned and managed separately by herders more than 2 months after birth in our study.

From June to August 2019, fecal samples were collected from YB and CB at weeks 1 (W1), 2 (W2), 5 (W5), and 9 (W9) after birth by inserting a gloved finger into the anus of the calf to stimulate defecation. Rumen fluid (R), feces (F), oral cavity (Oc), and breast skin (Bs) swabs from their mothers were also sampled 1 week post parturition. An overview of the experimental design is shown in Figure 1. Initially, we selected a total of 20 pregnant animals—yak (n = 10) and cattle (n = 10)—but their exact gestation period was not known. When the calf was born, fecal samples from both YB and CB aged 1 week (YBW1F: n = 5; CBW1F: n = 6), 2 weeks (YBW2F: n = 6; CBW2F: n = 7), 5 weeks (YBW5F: n = 6; CBW5F: n = 9), and 9 weeks (YBW9F: n = 7; CBW9F: n = 7) were repeatedly sampled before their morning grazing, of which six YB and seven CB were consistently sampled from the first to the ninth week. Unfortunately, some calf feces could not be sampled due to uncontrollable factors, such as calf death. At the same time, fecal samples (YF: n = 8; CF: n = 8) of their mothers were obtained from the rectum using sterile gloves and lubricants. Rumen fluid sample (YR: n = 8, CR: n = 8; average 50 ml/per animal) from the mothers was collected prior to the morning grazing via a perforated stainless-steel stomach tube connected to a suction pump. The first 20 ml rumen fluid was discarded to avoid contamination with saliva. Samples of the oral cavity (YOc: n = 8; COc: n = 8) and breast skin (YBs: n = 8; CBs: n = 8) were collected by swabbing the mouth and breasts with a sterile cotton swab (Universal Transport Medium for Bacterium, Beijing, China), immediately placing it inside a sampling tube, and immersing in a protective solution (1.5 ml). All samples were immediately frozen in liquid nitrogen, transported to the laboratory and stored at −80°C until DNA extraction.
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FIGURE 1. Intestinal microbial source and succession analysis of yak and cattle calves on the same pasture at different weeks during pre-weaning. From June to August 2019, fecal samples were collected from yak calves (YB) and cattle calves (CB) at weeks 1 (W1), 2 (W2), 5 (W5), and 9 (W9) after birth by inserting a gloved finger into the anus of calf to stimulate defecation. Rumen fluid (R), feces (F), oral cavity (Oc), and breast skin (Bs) swabs from their mothers were also sampled at 1 week post parturition. YBW1F, YBW2F, YBW5F, and YBW9F represent fecal samples from yak calves at weeks 1, 2, 5, and 9 after birth; CBW1F, CBW2F, CBW5F, and CBW9F represent fecal samples from cattle calves at weeks 1, 2, 5, and 9 after birth.




DNA Extraction and Illumina Sequencing of 16S rRNA Genes

The samples collected included calf feces at four time points (n = 53), maternal feces (n = 16), maternal rumen fluid (n = 16), maternal oral cavity swabs (n = 16), and breast skin swabs (n = 16). All 117 samples were subjected to the same sample preparation and DNA isolation procedure. Sample preparation was done to DNA isolation to optimize microbial loads for 16S rRNA gene PCR amplification. The swab samples were oscillated for 15 s to remove bacteria from the swabs and centrifuged at 12,000 × g for 10 min at 4°C. The cotton swab was then carefully removed and the centrifugation step was repeated. The pellets obtained was used for DNA isolation. Rumen fluid and fecal samples did not require sample preparation; genomic DNA was extracted using 220 mg of thawed homogenized sample. Total genomic DNA from all the samples (n = 117) was extracted using hexadecyl trimethyl ammonium bromide (CTAB) method (Honoré-Bouakline et al., 2003). DNA concentration and purity were monitored using 1% agarose gels. DNA was diluted to a final concentration of 1 ng/μl using sterile distilled water. The 16S rRNA gene V4 region was PCR-amplified using the following specific primers: 515F 5′-GTGCCAGCMGCCGCGGTAA-3′ and 806R 5′-GGACTACHVGGGTWTCTAAT-3′ with barcodes (Caporaso et al., 2011). All PCR reactions were carried out in 30 μL reactions with 15 μL of Phusion® High-Fidelity PCR Master Mix (New England Biolabs), 0.2 μM of forward and reverse primers, and approximately 10 ng template DNA. Thermal cycling consisted of initial denaturation at 98°C for 1 min, followed by 30 cycles of denaturation at 98°C for 10 s, annealing at 50°C for 30 s, and elongation at 72°C for 30 s, and finished by a final extension at 72°C for 5 min. Amplicons were purified with Qiagen Gel Extraction Kit (Qiagen, Germany). Sequencing libraries were generated using TruSeq® DNA PCR-Free Sample Preparation Kit (Illumina, United States) following manufacturer’s recommendations and index codes were added. The library quality was assessed on the Qubit@ 2.0 Fluorometer (Thermo Scientific) and Agilent Bioanalyzer 2100 system. At last, the library was sequenced on an Illumina NovaSeq platform (Novogene, Tianjin, China) and 250 bp paired-end reads (PE 250) were generated.



Bioinformatic and Statistical Analysis

The paired-end reads were assigned to samples based on their unique barcode (Fu et al., 2021a) and then data were imported to QIIME2 (version: 2020.8.0) pipeline for further analysis (Bolyen et al., 2019). Briefly, (i) primers were removed by “qiime cutadapt trim-paired” (–p-minimum-length 200); (ii) sequences were denoised using dada2 algorithm (“qiime dada2 denoise-paired”) to obtain feature sequences (amplicon sequence variant, ASVs) and table (–p-trim-left-f 15 –p-trim-left-r 20 –p-trunc-len-f 0 –p-trunc-len-r 0 –p-n-threads 6) (Callahan et al., 2016), features with frequency less than 4 were removed; (iii) the sequences from SILVA database (release 132) (Quast et al., 2013) were extracted using specific primers for V4 region to train Naive Bayes classifier for taxonomy assignment using “qiime feature-classifier classify-sklearn,” ASVs assigned to mitochondria and chloroplast were excluded from feature table. Alpha diversity of fecal microbiota was characterized by Chao1 and Shannon diversity indices using “qiime diversity alpha” command line. Statistical comparison of the alpha diversity indices between group levels was performed using the Wilcoxon rank-sum test. Non-metric multidimensional scaling (NMDS) plots of the Bray–Curtis metric were calculated with square root transformed data and visualized in R (vegan package Version 2.5-4) (Oksanen et al., 2013). Permutational multivariate analysis of variance (PERMANOVA) was used to examine the differences of feces microbial communities between calves and their mothers among different age groups. The linear discriminant analysis (LDA) effect size (LEfSe) algorithm was used for differential analysis to identify significantly different taxa (Segata et al., 2011). In addition, we used SourceTracker2 (Knights et al., 2011), a Bayesian community-level microbial source-tracking tool, to estimate the proportion of sequences in the calf feces microbiota that originated from different parts of their mother’s body. SourceTracker2 was run with default parameters using non-rarefied data; each calf intestinal microbial communities were designated as a sink, and all maternal sample types were designated as sources. In order to identify and sort the genera which contributed the most to the differences in fecal microbial community between YB and CB at different weeks after birth, a similarity percentage analysis (SIMPER) was performed using PAST (Version 3.1.7) (Hammer et al., 2001). All genera below a defined threshold (90%) of cumulative contributions were declared as specialized genera. In this analysis, SIMPER determined the specialized genera in the calf feces microbiota based on the changes in cumulative contributions to explain differences among developmental stages and species groups. Based on the 16S rRNA sequences, the function of the intestinal microbial communities in calf was predicted using Phylogenetic Investigation of Communities by Reconstruction of Unobserved States (PICRUSt) (Langille et al., 2013), and the functional prediction was assigned according to the standard method (Agrawal et al., 2019). The predicted functional contents were summarized at Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway hierarchy levels 2 and 3 for interpretation and subsequent analysis. The two-sided Welch’s t-test and Benjamini–Hochberg FDR correction were used in two-group analysis.




RESULTS


Richness and Diversity of Calves and Maternal Microbiota

We found differences between maternal and calf fecal microbiota, wherein maternal samples (F, R, Bs, and Oc) harbored higher species richness and more diverse microbiota than calf fecal samples at different weeks after birth (Wilcoxon test, P < 0.05; Supplementary Table 1). In the fecal microbiota of 2-week-old YB and CB, Chao1 species richness was not significantly different between the two species (Wilcoxon test, YBW1F vs. CBW1F, P = 0.792, Q = 0.840; YBW2F vs. CBW2F, P = 0.366, Q = 0.439). Interestingly, at 5 weeks of age, the decrease in Chao1 species richness and Shannon diversity indices of fecal microbiota in YB was significantly different from that of CB (Chao1, YBW5F vs. CBW5F, P = 0.008, Q = 0.016; Shannon, YBW5F vs. CBW5F, P = 0.026; Q = 0.050; Supplementary Table 1). Compared to CB, there was no significant difference in the species richness and diversity of fecal microbiota in YB at the fifth and ninth weeks after birth (Chao1, P = 0.366, Q = 0.439; Shannon, P = 0.366, Q = 0.439; Supplementary Table 1). At 9 weeks after birth, the difference in Chao1 species richness and Shannon diversity indices of fecal microbiota between YB and CB was not statistically significant (Chao1, YBW9F vs. CBW9F, P = 0.608, Q = 0.686; Shannon, YBW9F vs. CBW9F, P = 0.128, Q = 0.186; Figures 2A,B and Supplementary Table 1), whereas Chao1 species richness of the fecal microbiota between pre-weaned calves and their mothers was significantly different (YBW9F vs. YF: P < 0.001, Q = 0.002, CBW9F vs. CF: P < 0.001, Q = 0.002; Supplementary Table 1). There were no significant differences in the microbial diversity of the fecal, oral cavity, and breast skin of adult yak and cattle (Chao1, P > 0.05; Shannon, P > 0.05; Figures 2A,B and Supplementary Table 1). However, the species richness of rumen microbial community was higher in yak compared to cattle (Chao1, P = 0.038, Q = 0.069; Shannon, P = 0.007, Q = 0.015).
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FIGURE 2. Richness and diversity of the calf and maternal microbiota. (A) The Chao1 species richness and (B) Shannon diversity indexes of microbial communities in the samples of yak and cattle calf feces, and their mothers. W1, W2, W5, and W9 represent fecal samples from calves at weeks 1, 2, 5, and 9 after birth. The lines in the box plot show the trend of microbial community diversity in the feces of yak and cattle calves at different weeks after birth. Statistical differences were analyzed using the Wilcoxon tests: ***P < 0.001, **P < 0.01, and ns denotes a non-significant difference.




Early Life Calf Intestinal Microbial Community Structure

We examined how the maternal microbial community influences the intestinal microbiota structure of co-inhabiting YB and CB during the pre-weaning period (Figure 3). NMDS was performed on maternal microbiota (fecal, rumen fluid, oral cavity, and breast skin) and calf fecal microbiota at 1, 2, 5, and 9 weeks of life using Bray–Curtis distance matrices (Figures 3A,B). The NMDS plot showed clear separations between calf fecal and maternal samples in both species (yak and cattle). Maternal oral cavity and breast skin samples clustered together, all maternal and calf fecal samples formed a separate cluster, while maternal rumen samples stood alone (Figure 3B). There was no significant difference in the fecal samples of YB and CB at 1 week after birth (PERMANOVA, P = 0.389; Supplementary Table 2). However, the fecal microbial communities between YB and CB were significantly different at 2, 5, and 9 weeks of age (PERMANOVA, P < 0.05; Supplementary Table 2). Of the 42 bacterial phyla identified, six dominated calf fecal microbiota (average cumulative abundance = 99.1%), of which Firmicutes, Bacteroidetes, and Proteobacteria were also common in the intestinal microbiota of adult bovines and calves (Supplementary Figure 1). However, Proteobacteria was the dominant phylum in the maternal oral cavity and breast skin, followed by Firmicutes. At the family level, we found that Ruminococcaceae, Lachnospiraceae, and Bacteroidaceae were prevalent in the fecal samples of both pre-weaning YB and CB (Figures 3C,D). Moreover, Bacteroides, Ruminococcaceae_UCG-005, Rikenellaceae_RC9_gut_group, and Lactobacillus were the dominant genus in the fecal microbiota of both YB and CB after birth.
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FIGURE 3. Diversity and composition of microbial communities in calf and maternal samples. (A) NMDS plot based on Bray–Curtis distance shows the differences between yak and cattle calves in different weeks after birth, and the differences between groups were analyzed by PERMANOVA. (B) NMDS plot based on Bray–Curtis distance shows the differences between calves and their mothers’ samples at different time points. A greater distance between two points infers a lower similarity, whereas similar ASVs cluster together. YR, YF, YBs, and YOc represent rumen fluid, feces, breast skin, and oral cavity samples from yak at 1 week post parturition; CR, CF, CBs, and COc represent rumen fluid, feces, breast skin, and oral cavity samples from cattle at 1 week post parturition. Circos diagram shows the composition of fecal microbiota at the family level (top 15) of yak (C) and cattle calves (D) in different weeks after birth, respectively. The length of the bars on the outer ring and the numbers on the inner ring represent the percentage of relative abundance of genera detected in each sample and the number of sequences in each sample, respectively. The bands with different colors show the source of each sequence affiliated with different clusters.




Predictive Source Tracking of Calf Intestinal Microbial Communities During the Pre-weaning Period

Bayesian community-level source tracking (Matamoros et al., 2013) was used to investigate the contribution of maternal microbiota to the intestinal microbial community assembly of both YB and CB. The Source Tracker model also revealed the roles of the microbial communities of different regions (rumen fluid, feces, oral cavity, and breast skin) of yak and cattle in shaping the intestinal microbiota of their calves (Figure 4 and Supplementary Figures 2, 3). On average, 88.98% of the fecal microbiota of YB at 1 week of age was derived from maternal feces source while less than 0.02% was from the maternal breast skin and 11.01% from unknown sources (Figure 4A). Similarly, 91.09% of the fecal microbiota of CB originated from maternal feces source while less than 8.91% was from unknown sources (Figure 4B). On average, both YB and CB at 2 weeks of age still harbored more than 80% of the maternally originated fecal microbial communities (Figures 4A,B). In addition, the proportions of microbiota from the maternal rumen fluid, breast skin, and other unknown sources in calf intestinal microbiota tended to increase with age (Figures 4A,B). Thus, the results suggest that maternal fecal microbiome may play an important role in the early colonization of calf intestinal microbiome.
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FIGURE 4. Source Tracking model of the maternal sources in early calf intestinal community assembly. We used SourceTracker2 to estimate the proportion of sequences in the intestinal microbiota of both yak (A) and cattle calves (B) at different weeks after birth that originated from their maternal microbial communities. YBW1F, YBW2F, YBW5F, and YBW9F represent fecal samples from yak calves at weeks 1, 2, 5, and 9 after birth; CBW1F, CBW2F, CBW5F, and CBW9F represent fecal samples from cattle calves at weeks 1, 2, 5, and 9 after birth. YR, YF, YBs, and YOc represent rumen fluid, feces, breast skin and oral cavity samples from yak at 1 week post parturition; CR, CF, CBs, and COc represent rumen fluid, feces, breast skin, and oral cavity samples from cattle at 1 week post parturition.




Influence of Maternal Fecal Microbiota on Early Calf Intestinal Microbial Succession

To further determine the influence of maternal fecal microbial community on calf early intestinal microbial succession, LEfSe and NMDS analysis were performed to determine whether calf intestinal microbial community structure changed with age (Figure 5 and Supplementary Figure 4). At 1 week of age, Butyricimonas, Barnesiella, and Terrisporobacter were the most abundant genus colonizing yak calf intestinal, whereas that of CB was more abundant in Faecalibacterium, Ruminococcus_torques_group, Ruminococcus_gauvreauii_group (Supplementary Figure 4A). In 2-week-old calves, Proteobacteria, Fibrobacteres, and Spirochaetes were more abundant in the fecal microbiota of YB at 2 weeks after birth than in that of CB, but the relative abundance of Elusimicrobia, Planctomycetes, and Kiritimatiellaeota in the fecal microbiota of CB at 5 weeks after birth was higher than YB (at phylum level, Figure 5C). In addition, we found that the fecal microbiota of YB at 9 weeks was more abundant in Peptostreptococcaceae, and Clostridiaceae_1, whereas that of CB was more abundant in Lachnospiraceae, Christensenellaceae, and Peptococcaceae (at the family level, Figure 5D). Meanwhile, the fecal microbiome composition of adult yak and cattle were similar, differing in only a few microbes (Figure 5E). The similarity cluster analysis based on NMDS (stress = 0.125) showed good agreement with the results of the LEfSe analysis (Figure 5F and Supplementary Table 3). With the development of the intestinal tract, there was no significant difference in the fecal microbiota composition between yak and cattle (PERMANOVA, YF vs. CF, P = 0.333; Supplementary Table 3). Therefore, our results further suggest that the differences in the fecal microbiota between YB and CB decrease with age, making their intestinal microbiota more similar.
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FIGURE 5. Linear discriminant analysis effect size analysis of the intestinal microbial community structure of yak and cattle calves at different weeks after birth. The cladograms indicate the phylogenetic distribution of the intestinal microbiota of yak and cattle calves at 1 week of age (A), 2 weeks of age (B), 5 weeks of age (C), 9 weeks of age (D), and their mothers at 1 weeks postpartum (E) using the linear discriminant analysis (LDA) effect size (LEfSe) method. Differences are represented by treatment colors (blue indicates yak, pink indicates cattle, and yellow non-significant). Circles represent taxonomic ranks from domain to species from inside to out layers. The LDA cut-off score is 2. Letters in front of ASVs represent taxonomic levels (p, phylum; c, class; o, order; and f, family). (F) The gut microbial community structures across calf and maternal samples. Non-metric multidimensional scaling (NMDS) ordination based on Bray–Curtis distances among sample types are plotted based on ASV abundances in the calf and maternal fecal samples. YF and CF represent fecal samples from yak and cattle during the first week of postpartum, respectively.




Establishment of Specialized Microbial Communities in the Intestine of Yak and Cattle Calves Before Weaning

To identify the genera that predominantly contribute to differences the intestinal microbiota between YB and CB at different weeks after birth, at specialized community was defined based on similarity percentages breakdown (SIMPER) analysis. We found that only 4.68% of the overall microbial community in fecal samples, that is, 53 of 1,132 genera with the highest variabilities in their relative abundances were responsible for 90% of the dissimilarities between the communities in YB and CB at different ages (Figure 6). There were some unique microbial communities in the intestines of YB and CB at different weeks after birth. Consistent with the fecal microbial composition of YB and CB at different weeks of life (Supplementary Figures 1B,C), we found that the relative abundance of Bacteroides, Ruminococcaceae_UCG-005, Lactobacillus, and Rikenellaceae_RC9_gut_group were the highest (Figure 6). In 1-week-old calves, the relative abundance of Bacteroides and Lachnoclostridium in the fecal of YB were higher than that of CB, while the relative abundances of Faecalibacterium in the fecal of CB was higher than that in YB. However, the relative abundances of Lactobacillus and Alistipes in the fecal of CB at 2 weeks of life was higher than that in YB. In 5-week-old calves, the relative abundance of Bacteroides and Lactobacillus in the fecal of YB were higher than that of cattle calve. In 9-week-old calves, the relative abundances of specialized microbial communities in the intestine of YB were similar to that of CB.
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FIGURE 6. Similarity percentage analysis (SIMPER). The line graph shows the result of the SIMPER analysis performed with the PAST program, where all genera under a defined threshold (90%) of the cumulative contribution are declared as specialized genera. The number of genera indicates the accumulation of types of microbial communities at the genus level. Bubble-plot represents specialized microbial communities in the intestines of yak and cattle calves before weaning, while the size of the bubble represents the relative abundance of the respective genus.




Predicted Function of the Intestinal Microbiota in Pre-weaning Calves

To assess the metabolic potential of the intestinal microbiota, PICRUSt-based functional prediction revealed differences in microbial functions in the intestinal microbial communities between YB and CB at different weeks after birth. These manifested into a difference in carbohydrate metabolism, amino acid metabolism, energy metabolism, metabolism of cofactors and vitamins, and another secondary metabolite biosynthesis (Figure 7A). One week birth, there was no significant difference in the fecal microbial function of YB and CB, such as pyruvate metabolism (t-test, P = 0.047; FDR, Q = 0.351), lysine biosynthesis (t-test, P = 0.048; FDR, Q = 0.351), and thiamine metabolism (t-test, P = 0.032; FDR, Q = 0.351) (Figure 7B and Supplementary Table 4). However, 2 weeks after birth, the fecal microbial function of YB and CB were focused on energy metabolism (t-test, P = 0.047; FDR, Q = 0.694), nicotinate and nicotinamide metabolism (t-test, P = 0.032; FDR, Q = 0.694), and beta-alanine metabolism (t-test, P = 0.049; FDR, Q = 0.694). It was found that the fecal microbiota function in YB and CB at 5 weeks after birth were focused on methane metabolism compared to other metabolic pathways (Figure 7B and Supplementary Table 4). Notably, we found that the differences in the fecal microbial function of YB and CB at 9 weeks after birth were tended to gradually increase, but the statistical differences were not significant, such as butanoate metabolism (t-test, P = 0.029; FDR, Q = 0.136), the citrate cycle (t-test, P = 0.044; FDR, Q = 0.136), and carbohydrate metabolism (t-test, P = 0.036; FDR, Q = 0.136).


[image: image]

FIGURE 7. Prediction of potential function of the fecal microbial community in calf using PICRUSt. (A) Relative abundances of level 2 KEGG pathways are described by the age of calves within different species (different weeks after birth) in circular bar plots. (B) The comparison of the function of the fecal microbiota of yak and cattle calves at different weeks after birth based on KEGG level 3 annotation. The statistical significance of the comparison between groups was examined with t-test, and P < 0.05 indicates significant differences.





DISCUSSION

Some studies have shown that microbial fermentation in the hindgut may be responsible for up to 30% of cellulose and hemicellulose degradation in ruminants (Hoover, 1978; Gressley et al., 2011). Understanding how microbial communities develop is essential for predicting and directing their future states (Sprockett et al., 2018; Cavicchioli et al., 2019). Although patterns of microbial colonization in the pre-functioning rumen have been the subject of several recent investigations (Jami et al., 2013; Malmuthuge et al., 2013; Cersosimo et al., 2019), there are noticeably fewer published reports concerning the hindgut microbiota of young ruminants (Alipour et al., 2018). Hence, the objective of our study was to explore the composition and possible sources of the intestinal bacterial community in YB and CB after birth and identify changes in the intestinal microbiota during normal development. Most studies have mainly investigated Holstein-Friesian calves (Castro et al., 2016a; Liu et al., 2019), whereas we analyzed the intestinal microbiota development in YB, the animals predominantly used for dairy and meat in the QTP region. The QTP, as the “third polar” of the world, offers an extreme and variable environment with high altitude, hypoxia, long cold season, strong ultraviolet radiation, and limited forage resources, making it ideal for studying high-altitude adaptation and species radiation (Long et al., 2008). However, yaks have adapted to the hard natural environment on the Tibetan plateau through long-term evolution and natural selection.


Maternal Influence on the Assembly of Calf Intestinal Microbiota During Early Development

There is increasing evidence of microbial colonization being a complex process influenced by the interaction between host and microbes as well as a variety of external factors (Dominguez-Bello et al., 2010; Maslowski and Mackay, 2011; Rothschild et al., 2018; Liu et al., 2019; Chen et al., 2020). Compared with barn feeding, the source of gastrointestinal tracts microbes in young animals reared under natural grazing conditions may be more complex and diverse (Cui et al., 2020). It has recently been reported that calf fecal microbiota during the first 2 days of life is similar to its mother’s vaginal microbiota, suggesting that some of the fecal microbiota may be derived from the birth canal during parturition (Klein-Jobstl et al., 2019). However, we found that maternal fecal microbiota is critical in the rapid establishment and colonization of the intestinal microbiota in calves at different weeks after birth, and this effect persists until weaning or even longer. Several studies on other species have suggested that the intestinal microbiota is transferred from mother to offspring through social interaction, shared environment, and diet (Tung et al., 2015; Moeller et al., 2016; Rothschild et al., 2018; Chen et al., 2020). In addition, studies have found that initially colonized microbiota in the neonatal gastrointestinal tracts has origins in the maternal vagina (Backhed et al., 2015; Klein-Jobstl et al., 2019), breast milk (Derakhshani et al., 2018), and fecal microbes (Dominguez-Bello et al., 2016; Deng et al., 2019). Unfortunately, in our study, cow vaginal samples were not collected to assess their role in calf intestinal microbiome colonization as yak and cattle graze naturally and the birth of their calves is difficult to determine. Parental care may add diverse parental microbes, such as skin microbes, to newborns during the early stages of the intestinal microbial development (Colston and Jackson, 2016; Dominguez-Bello et al., 2016). This is essential for the establishment of the microbiome and helps resist pathogens when the immune system is not well developed in newborns (Round and Mazmanian, 2009; Gensollen et al., 2016; Gomez de Aguero et al., 2016). Hence, the advantage of direct inoculation of microbiota via physical contact with the dam deserves to be investigated further. In contrast to previous studies (Phillips, 2004; Abecia et al., 2014), our study focused on the influence of maternal microbiota on the intestinal microbial community of calves at different weeks after birth. We demonstrated the importance of maternal fecal microbiota on the rapid colonization of the intestinal microbiota of calves at different weeks after birth.

Previous studies have found that feeding strategies (natural or artificial) prior to weaning affected rumen microbial colonization and rumen development (Abecia et al., 2014). We found that YB and CB during the pre-weaning period are raised by maternal grazing and nursing, which is beneficial to the survival and growth of calves in extreme environments. Besides, it has been also reported that the establishment of intestinal microbiota within the first 7 weeks of life is associated with calf health and growth (neonatal diarrhea, pneumonia, and weight gain), and colonization by enteric pathogens might be responsible for dysbiosis in the intestinal microbiota of neonatal diarrhea (Oikonomou et al., 2013). Recent studies have shown that fecal microbiota transplantation (FMT) helps treat intestinal diseases and establish a healthy intestinal microbiota (Borody and Khoruts, 2011; Aroniadis and Brandt, 2013; Smits et al., 2013). At the same time, a recent FMT trial in ruminants suggests that FMT is capable of ameliorating diarrhea in pre-weaning calves with dysbiosis, and that FMT may play a role in improving growth performance (Kim et al., 2021). The findings of these studies provide an important scientific basis for the further use of maternal fecal microbiota to improve calves’ health. Considering previous and our findings, we suggest that calves should live with their mothers for a period of time after birth as this may help calves to quickly establish stable intestinal microbiota and thus reduce the economic losses caused by pre-weaning calf diarrhea.



Dynamic Colonization of Intestinal Microbiota Structure in Calves Before Weaning

Studies of genetic adaptation, a central focus of evolutionary biology, most often focus on the host’s genome but rarely on the co-evolved microbiota. Previous studies on rumen microbial diversity in yak found that the yak rumen microbiota possesses more efficient fiber-degrading and energy-harvesting abilities than that of cattle from low altitudes (Zhang et al., 2016). However, little is known about the mechanism by which intestinal microbiota develops during the pre-weaning period and mature in grazing yaks. We found that except at the 5 weeks after birth, there was no significant difference in the fecal microbial richness and diversity between YB and CB. Additionally, we found that the fecal microbial diversity of YB and CB increased gradually at different weeks after birth, but the fecal microbial species richness of calves decreased at the 5 weeks after birth. This is in contrast to a recent study by Liu et al. (2019) who found that the fecal microbial diversity and species richness of dairy calves from 1 to 10 weeks after birth continued to increase and the fecal resistome of dairy cattle was associated with diet during nursing. Therefore, we postulate that it may be due to maternal grazing and nursing in YB and CB in the pre-weaning period, which was beneficial for the rapid colonization of intestinal microbiota of calves after birth compared to dairy calves separated from mothers after birth. However, a recent study revealed that there is no significant difference in the bacterial abundance of the rumen bacterial community in YB in the first 2 months after birth, but the rumen microbial community of adult yaks is significantly different from that of calves (Guo et al., 2020). Similarly, we also found significant differences in the Chao1 species richness in the fecal microbiota of pre-weaned calves and their mothers, suggesting that the intestinal microbial community become more abundant and diverse with age. In addition, we also found that the rumen fluid and fecal microbiota of yak and cattle comprised mainly of Firmicutes and Bacteroidetes, and Firmicutes comprised more than 55% of the fecal microbiota of YB and CB at different weeks after birth. Other studies have also found that the intestinal microbiota of calves comprised mainly of Firmicutes, Proteobacteria, and Bacteroidetes (Oikonomou et al., 2013; Malmuthuge et al., 2014; Yeoman et al., 2018). In this study, Ruminococcaceae, Lachnospiraceae, Bacteroidaceae, and Lactobacillaceae were the most abundant families in the fecal samples of YB and CB before weaning. Ruminococcaceae and Lachnospiraceae are butyrate-producing bacteria, indicating that they provide energy to the host by promoting the degradation of plant fibers (Ogata et al., 2019; Palevich et al., 2019). Studies have shown that Bacteroidaceae can degrade different plant polysaccharides, but studies on humans revealed that they do not respond effectively to fiber supplementation (El Kaoutari et al., 2013). Bacteroides members are generally considered for their ability to digest a broad range of plant cell-wall polysaccharides (Martens et al., 2011; El Kaoutari et al., 2013). We found that Bacteroides were the dominant genus in the intestinal microbiota of YB and CB in different weeks after birth. Moreover, members of the genus Lactobacillus, known as probiotics, produce lactic acid as the major end-product of carbohydrate metabolism and play an important role in nutrition, growth, and protection from infection (Drissi et al., 2014).

Previous studies have shown that original colonizers (Streptococcus and Enterococcus) (Malmuthuge et al., 2015) utilize oxygen available in the intestine and create an anaerobic environment for strict anaerobic intestinal residents (such as Bifidobacteria and Bacteroides) (Backhed et al., 2015). Similarly, our data showed that Bacteroides and Lactobacillus was abundant in the fecal microbiota in YB than in CB at 1 week after birth. It has been reported that the administration of Bifidobacterium and Lactobacillus to newborn calves during the first week of life increased weight gain and feed conversion ratio and decreased the incidence of diarrhea (Abe et al., 1995). There was no significant difference in Chao1 species richness and Shannon diversity indices of fecal microbiota between YB and CB at 2 weeks. However, our data suggest that the relative abundance of some fecal microbial communities, such as the main cellulolytic and hemicellulolytic bacteria (Fibrobacter, Prevotellaceae, Clostridium, and Eubacterium), amylolytic bacteria (Streptococcus and Ruminobacter), proteolytic bacteria (Acidaminococcus and Lachnospira), and saccharolytic bacteria (Succinivibrio, Lactobacillus, and Bifidobacterium) was significantly higher in YB than in CB. Therefore, we postulate that these microbial communities in the yak intestines can effectively degrade and utilize fibrous plant materials to provide nutrients for the host, making them better able to adapt to the extreme environment of the QTP.

Diet is one of the main factors that influence the composition of intestinal microbiota; therefore, an earlier forage can promote the stability and healthy development of the intestinal microbiota of neonatal calves (Phillips, 2004; Vieira et al., 2012; Jami et al., 2013; Rey et al., 2014). In our study, YB and CB living with their mothers in natural grazing conditions may have provided calves with more opportunities to learn to forage early and promote the development of the intestinal microbiota. This is consistent with other studies that show that calves reared in the presence of older companions exhibit more frequent and longer visits to the feeder, which was hypothesized to be the consequence of social learning (De Paula Vieira et al., 2012). In addition, inherited host-associated factors, such as genotype, gender, and immune status, might function as selective filters in the assembly of the intestinal microbiota (Benson et al., 2010; Bolnick et al., 2014). However, we found that the difference in the fecal microbiota of YB and CB at early stages gradually disappeared with age. We postulate that this may be because yak and cattle share the same habitat and diet structure, resulting in similar intestinal microbiota in adulthood. Similarly, a new study found that environment and host species identity shape the intestinal microbial diversity in sympatric herbivorous mammals (Fu et al., 2021b).

Intestinal microbes in early life are important for many aspects of animal immune (Sekirov et al., 2010), metabolic (Tremaroli and Backhed, 2012), and neurobehavioral traits (Montiel-Castro et al., 2013). Microbial amino acid metabolism, carbohydrate metabolism and energy metabolism are crucial in the hindgut and provide energy to the host (McNeil, 1984). We found that the function of calf fecal microbiota during the first 2 weeks of life was mainly focused on carbohydrate and amino acid metabolism, such as pyruvate metabolism, energy metabolism, and beta-alanine metabolism; therefore, we hypothesized that the early colonization of intestinal microbiota may provide more energy and amino acids to the calves to promote their growth. Notably, it was found that fecal microbiota function in methane metabolism in CB was significantly higher than that in YB at 5 weeks of age. Both low methane emissions and high VFA production in high-altitude mammals (yak) than in low-altitude mammals (cattle) have been observed before (Zhang et al., 2016). In addition, the observed temporal variations in the predicted fecal microbial functions of calves at 9 weeks after birth suggested that potential changes in carbohydrate metabolism of the calf intestinal microbiota may be related to changes in the structure of the host diet (milk to forage). However, we found several deficiencies in our study, such as the small number of experimental animals and sampling dates, and the lack of phenotypic observations and environmental samples. Although functional prediction using the 16S rRNA genome may provide preliminary information for studies on the intestinal microbial functions in calves at different weeks after birth, the detailed function of the intestinal microbiota needs to be further determined by techniques such as metagenomics, metatranscriptomics, and metabolomics.




CONCLUSION

In this study, we investigated the effect of maternal microbiota on the succession of intestinal microbiota in YB and CB inhabiting the same natural pasture before weaning. We found that host species factors may play an important role in the composition of the fecal microbiota in YB and CB at different weeks after birth; however, this effect gradually disappeared with age. We also found that the diversity of fecal microbiota of YB after the fifth week of life compared to that of CB was relatively stable, suggesting a survival characteristic of yak to better adapt to the extreme environment on the QTP through natural selection and evolution. It is worth noting that, in our study, the intestinal microbiota of the calves raised by their mothers is established mainly through maternal transmission through the feces. However, this study only studied the origin and colonization of intestinal microbiota of YB and CB before weaning, and the differences of their intestinal microbiota structure and function after weaning should be further studied.
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Precocious puberty mostly stems from endocrine disorders. However, more and more studies show that a high-fat diet (HFD) is closely related to precocious puberty, but its mechanism is unknown. Since gut microbiota is associated with hormone secretion and obesity, it inspires us to detect the mechanism of gut microbiota in triggering precocious puberty. The model of precocious puberty was established by feeding female mice with an HFD from 21 days old. After puberty, the serum hormone levels, gut microbiome sequencing, and metabolomics were collected. DNA was extracted from feces, and the V3–V4 region of the bacterial 16S rRNA gene was amplified, followed by microbial composition analysis. Subsequently, associations between precocious puberty and the microbiota were determined. We found that (1) HFD after weaning caused precocious puberty, increased serum estradiol, leptin, deoxycholic acid (DCA), and gonadotropin-releasing hormone (GnRH) in the hypothalamus; (2) Through correlation analysis, we found that GnRH was positively correlated with Desulfovibrio, Lachnoclostridium, GCA-900066575, Streptococcus, Anaerotruncus, and Bifidobacterium, suggesting that these bacteria may have a role in promoting sexual development. (3) “HFD-microbiota” transplantation promoted the precocious puberty of mice. (4) Estrogen changes the composition and proportion of gut microbiota and promotes precocious puberty. Therefore, the effect of HFD on precocious puberty is regulated by the interaction of gut microbiota and hormones.
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INTRODUCTION

Puberty is mainly regulated by the central nervous system and is achieved through the hypothalamus-pituitary-gonad (HPG) axis (Kalantaridou, 2002). The enhancement of gonadotropin-releasing hormone (GnRH) neurosecretion promotes the onset of puberty (Chehab, 2014). However, with the improvement of living standards, adolescent obesity, and precocious puberty cases occur from time to time. Precocious puberty can lead to rapid bone development, premature cessation of linear growth, obesity, short stature, increased risk of diabetes, and cancer (Lakshman et al., 2008; Ritte et al., 2013), and some psychological problems, including anxiety, depression, and social disorder. Precocious puberty is usually promoted by obesity, but HFD feeding can also cause early estrus in low weight and body fat mice (Frisch et al., 1977). Therefore, we designed this study to further explore the mechanism of how high-fat diets (HFDs) influence sexual development.

Puberty is regulated by hormones. It was known that in females, increased GnRH secretion can up-regulate the HPG axis, promote luteinizing hormone (LH) and follicle-stimulating hormone (FSH) secretion, and affect the growth and development of sexual organs. At the same time, downstream hormone-estradiol can also promote sexual development and advance the vaginal opening time (Steele and Judith, 1974; Ojeda et al., 1986). The promotion of obesity on sexual development is often related to leptin, which can stimulate the release of luteinizing hormones LH and FSH, and also participate in the early onset of puberty. Previous studies in mice have found that the precocious puberty induced by early overnutrition is mainly attributed to the changes in hypothalamic neural pathways. The increased expression of kisspeptin or its coding gene KISS1 in the hypothalamus promotes the vaginal opening. Studies have shown that KISS1 knockout mice have abnormal puberty, cannot start estrus, have immature reproductive organs, and have low levels of sex steroids and gonadotropins (Funes et al., 2003; Kaiser and Kuohung, 2005; Tassigny et al., 2007).

Gut microbiota plays an important role in host energy metabolism (Tilg and Gasbarrini, 2013; Shanahan et al., 2017). Obesity is often accompanied by gut microbiota disorder, such as the increase in the proportion of Firmicutes/Bacteroides (Ley et al., 2005; Chang et al., 2017). Studies in mice have shown that gut microbiota may affect sex hormones, such as blood testosterone. In turn, sex steroids were able to change the physiological function of gut bacteria (Thackray, 2019). Although the relationship between precocious puberty and gut microbiota has been explored in human studies (Li et al., 2021), the mechanism of the microbiota in regulating precocity is unknown. In this study, we established a precocious puberty model of female mice by feeding high-fat food and analyzed the changes in microbiota and metabolites by 16S rRNA sequencing and metabolomics. Then, fecal microbiota transplantation was used to explore the relationship between HFD, microbiota, hormones, and precocity.



MATERIALS AND METHODS


Animal Experiments and Study Design

All animals were licensed under the Animal Care and Use Committee of the Institute of Zoology, the Chinese Academy of Sciences, China. C57 mice (21 days old) were bought from SPF Biotechnology Co., Ltd. (Beijing, China). The mice were housed individually in a plastic cage and were maintained at room temperature, under a photoperiod of 16L:8D.

Design 1: To study the effect of HFD on sexual development after weaning, 16 female 21 days-old mice were fed a chow diet (fat: 6.2%, carbohydrate: 35.6%, protein: 20.8%, and the calorific value: 17.6 KJ/g), and 16 female 21 days-old mice were fed with HFD (fat: 60%, carbohydrate: 20%, protein: 20%, and the calorific value: 22.0 KJ/g). After attaining the age of 35 days (all mice had achieved puberty by this time), eight mice were randomly sacrificed in the HFD group (n = 8, named HFD). Eight mice from the chow food group were also randomly executed (n = 8, named CHD). Then, all of the mice were fed a chow food diet until they reached adulthood (n = 8, named HF-C and CH-C).

Design 2: To study the effect of gut microbiota on precocious puberty, 10 female 21 days-old mice with chow food, were treated with antibiotics (containing 100 μg/ml neomycin, 50 μg/ml streptomycin, and 100 U/ml penicillin; Sigma, Germany) for 1 week, then transplanted the donors’ microbiota 3 days later. The feces were collected from donors: HFD and CHD mice (design 1), diluted (200 mg/10 ml) in saline, and then, a 50 μl suspension was delivered by intragastric gavage to each bacteria-restricted recipient mouse twice a day (n = 5 mice/group, named HFD-FMT and CON-FMT).

Design 3: Twelve female 21 days-old mice were fed chow food, 6 mice were subcutaneously injected with estradiol (5 μg/d, n = 6, named EST), and 6 were subcutaneously injected with normal saline (n = 6, named CON).



Determination of Precocious Puberty

The female mice were held in place and their tails were lifted to expose the vulva, then the opening of the vulva was observed. When the symptoms of estrus (vaginal opening, moist, mucus secretion, mucous membrane crinkle wall swelling) appeared, we determined that the mouse was in puberty (Hoffmann, 2018).



Measurements of Proteins Related to Reproduction by Western Blotting

Hypothalamus was homogenized in Radio Immunoprecipitation Assay Lysis buffer (RIPA) buffer and cleared by centrifugation, according to the standard techniques. Western blots of whole tissue lysates were probed with primary antibodies against Kisspeptin (ab226786, Abcam, Cambridge, United Kingdom), GnRH (PA5-97047, Thermo Fisher Scientific, Waltham, MA, United States), β-Tubulin (A01030, Abbkine, CA, United States), GAPDH (A01020; Abbkine, CA, United States). The secondary antibody used was either peroxidase-conjugated goat anti-rabbit IgG (111-035-003; Jackson, West Grove, PA, United States), or peroxidase-conjugated goat anti-mice IgG (115-035-003; Jackson, West Grove, PA, United States). Protein markers (20351ES76; Shanghai Yisheng, China) were added on both sides of each gel to verify bands. The polyvinylidene fluoride (PVDF) membranes were detected by enhanced chemoluminescence (Beyotime, China). The bands were analyzed using Image LabTM Software (Bio-Rab Laboratories, Hercules, CA, United States), were normalized to β-Tubulin or GAPDH, and were expressed as relative units (RU).



Total RNA Extraction and Real-Time Polymerase Chain Reaction of FshR and LhR Genes

To determine the expression level of receptors of FSH and LH (FshR and LhR), we took unilateral ovaries after the animals were killed. Total RNA was extracted from liquid nitrogen-frozen ovaries using TRIzol Regent (Takara Bio, Inc., Shiga, Japan). RNA integrity and quality were determined by agarose gel electrophoresis (1%) and spectrometry (A260/A280), respectively. A commercial reverse transcription (RT) kit (Takara Bio, Inc.) was used for the synthesis of cDNA. The RT products (cDNA) were stored at –20°C for relative quantification by PCR. For real-time quantitative polymerase chain reaction (RT-qPCR), every reaction was performed in triplicate using SYBR green kits on an Applied Biosystems ABI 7500 system (Thermo Fisher Scientific, Waltham, MA, United States). The expression levels of all genes were normalized to that of GAPDH using the 2–ΔΔCT method. The sequences of primers used for RT-qPCR are listed in Supplementary Table 1.



Measurements of Estradiol, Leptin, and Deoxycholic Acid

Serum estradiol concentrations were quantified using a 17 beta Estradiol ELISA kit (ab 108667, Abcam, Cambridge, United Kingdom) according to the instructions. The minimum detected concentration of the kit was 8.68 pg/ml.

Serum leptin concentrations were quantified using a Leptin mouse ELISA kit (ab 100718, Abcam, Cambridge, United Kingdom) according to the given instructions. The minimum detected concentration of the kit was 4 pg/ml for leptin.

Serum DCA concentrations were quantified using an ELISA kit (CESO89Ge, Cloud-clone, China) according to the given instructions. The minimum detected concentration of the kit was 4.99 ng/ml for DCA.



Microbiota DNA Extraction, Evaluation, and Amplification

After sacrificing mice, we got their cecal contents. DNA from cecal contents was extracted by using cetyltrimethylammonium bromide (CTAB), phenol-chloroform mixture (phenol:chloroform:isoamyl alcohol = 25:24:1). DNA purity was also assessed by absorbance on a NanoDrop 2000 (Thermo Fisher Scientific, Carlsbad, CA, United States) by measuring the A260/A280 ratio. Our target was the V3–V4 hyper-variable region of the bacterial 16S rRNA gene. PCR was started immediately after the DNA was extracted. The 16S rRNA V3–V4 amplicon was amplified by using 2 × Taq PCR MasterMix (Tiangen, Beijing, China). Two universal bacterial 16S rRNA gene amplicon PCR primers (PAGE purified) were used: forward primer-341F (CCTAYGGGRBGCASCAG) and reverse primer-806R (GGACTACNNGGGTATCTAAT). PCR products were pooled and purified using Agencourt AMPure XP magnetic beads (Beckman) according to the manufacturer’s instructions. TruSeq® DNA PCR-Free Sample Preparation Kit was used to construct the library. The constructed library was quantified by Qubit and Q-PCR. Finally, the library was sequenced on an Illumina NovaSeq platform and 250 bp paired-end reads were generated.



16S rRNA Gene Amplicon Sequencing Analysis

Paired-end reads were merged using FLASH (Version 1.2.11).1 Quality filtering on the raw tags was performed using the fastp (Version 0.20.0) software to obtain high-quality Clean Tags. The Clean Tags were compared with the reference database (Silva database for 16S)2 using Vsearch (Version 2.15.0) to detect the chimera sequences, and then the chimera sequences were removed to obtain the Effective Tags. For the Effective Tags obtained previously, denoise was performed with DADA2 or deblur module in the QIIME2 software (Version QIIME2-202006) to obtain initial Amplicon Sequence Variants (ASVs) (default: DADA2), and then ASVs with abundance < 5 were filtered out. Species annotation was performed using QIIME2 software. In order to study the phylogenetic relationship of each ASV and the differences of the dominant species among different samples (groups), multiple sequence alignment was performed using QIIME2 software. The absolute abundance of ASVs was normalized using a standard sequence number corresponding to the sample with the least sequences. Subsequent analyses of alpha diversity and beta diversity were all performed based on the output normalized data. In order to analyze the diversity, richness, and uniformity of the communities in the sample, alpha diversity was calculated in QIIME2, including the Shannon index. Principal Coordinate Analysis (PCoA) was performed to obtain principal coordinates and visualize differences of samples in complex multi-dimensional data. To study the significance of the differences in community structure between groups, the adonis and anosim functions in the QIIME2 software were used to do the analysis. To find out the significantly different species at each taxonomic level (phylum, class, order, family, genus, species), the R software (Version 3.5.3) was used to do MetaStat and T-test analysis. The linear discriminant analysis effect size (LEfSe) software (Version 1.0) was used to do LEfSe analysis [linear discriminant analysis (LDA) score threshold: 4] so as to find out the biomarkers.



Untargeted Metabolomic Study Based on Liquid Chromatography Tandem Mass Spectrometry

Cecum content (50 mg) was individually ground with liquid nitrogen and the homogenate was resuspended in pre-chilled 80% methanol (−20°C) and then vortexed. The samples were incubated at −20°C for 60 min and then centrifuged at 14,000 g and 4°C for 20 min. The supernatants were subsequently transferred to a fresh tube and spun in a vacuum concentrator until dry. The dried metabolite pellets were reconstituted in 60% methanol and analyzed by LC-MS/MS. LC-MS/MS analyses were performed using a Vanquish ultra-high-performance liquid chromatography (UHPLC) system (Thermo Fisher Scientific, Waltham, MA, United States) coupled with an Orbitrap Q Exactive HF-X mass spectrometer (Thermo Fisher Scientific, Waltham, MA, United States) operating in the data-dependent acquisition mode. The raw data files generated by UHPLC-MS/MS were processed using the Compound Discoverer 3.0 (Thermo Fisher Scientific, Waltham, MA, United States) to perform peak alignment, peak picking, and quantitation of each metabolite. Afterward, peak intensities were normalized to the total spectral intensity. The normalized data were used to predict the molecular formula based on additive ions, molecular ion peaks, and fragment ions. Then, the peaks were matched with the mzCloud3 and ChemSpider4 databases to obtain accurate qualitative and relative quantitative results. The online Kyoto Encyclopedia of Genes and Genomes (KEGG) database was used to identify metabolites by matching the molecular mass data. Finally, metabolites for separating the models were selected with the following requirements: variable importance in projection (VIP) > 1 and | P(corr)| ≥ 0.5 with 95% jack-knifed confidence intervals. The Student’s t-test was applied to further analyze the intergroup significance of the selected metabolites. Pathway analysis and enrichment analysis of differential metabolites were conducted on the MetaboAnalyst web server.5



Statistical Analysis

All statistical analyses and figures were performed using IBM SPSS 22.0. (IBM Corporation, United States) and GraphPad Prism version 9.00 (GraphPad Software, San Diego, CA, United States). Data were used for the repeated-measures ANOVA, independent t-test, and Kruskal–Wallis test. An independent t-test was used to analyze the relative abundance of the phylum. For different abundance analyses in STAMP, Welch’s t-test was used for the comparison of the two groups. The correlations between the cecum microbial composition and metabolites and host precocious puberty indexes were assessed by Spearman’s correlation analysis. A probability (p) value of < 0.05 was considered statistically significant (*p < 0.05, **p < 0.01, ***p < 0.001).




RESULTS


HFD After Weaning Changes the Gut Microbiome and Promotes Precocious Puberty

To investigate whether HFD during childhood causes changes in the gut microbiota, we collected the cecal content of four groups of mice (Figure 1A). There was no difference in the Shannon index (alpha diversity) among the four groups (Figure 1B). Profiling of the microbiota composition, followed by PCoA based on Bray–Curtis distance, showed major alterations in the microbiota of HFD animals (Adonis, p < 0.05, Figure 1C). Firmicutes and Bacteroidetes were the most abundant phylum in all samples (on average 47.80 and 29.70%) (Supplementary Figure 1A). At the phylum level, compared with CHD mice, Bacteroidetes, Verrucomicrobia, and Actinobacteria were decreased in HFD mice, while Deferribacteres was increased in the HFD mice (Figure 1D). At the genus level, Bilophia, Lactococcuus, Lachnoclostridium, Streptococcus, GCA_900066575, and Anaerotruncus were enriched in the HFD group; Akkermansia and Lactobacillus were enriched in the CHD and CH-C groups (Figure 1E).
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FIGURE 1. High-fat diet after weaning changes gut microbiota in female mice. (A) Experiment design of the study in female mice. (B) Shannon diversity of gut microbiota. (C) PCoA plot of bray_curtis distance of gut microbiota. (D) The difference of the abundance at phylum level. (E) Results from LEfSe analysis, showing the most differentially abundant genus enriched in 4 groups. Data are means ± SEM. *P < 0.05, **P < 0.01, and ***P < 0.001 (n = 8).


The mice were in the period of growth therefore weight of both groups increased significantly over time (Figure 2A), and the body weight of HF-C mice was higher than that of the CH-C group. For daily energy intake, repeated measures showed significant time effect and treatment effect (Figure 2B). The RMR was higher in HFD mice than CHD mice (Figure 2E). Due to the obesity caused by high-fat food, the carcass dry weight, subcutaneous fat, visceral fat, and gonadal fat of the HFD group were significantly higher than those of the CHD group (Figures 2F–K). To identify precocious puberty, we measured the time of vaginal opening and found that for HFD mice, it was significantly earlier than for CHD mice (Figures 2C,D). The weight of ovaries and uterus (Figures 2G,H) and LhR expression of ovaries (Figure 2M) in the HFD group were significantly higher than in the CHD group while there was no difference in FshR (Figure 3L). The HFD also increased the expression of GnRH and Kisspeptin in the hypothalamus (Figures 2N,O). We measured the serum estradiol and leptin. The content of estradiol and leptin in the HFD group was significantly higher than that in the CHD group (Figures 2P,Q). Finally, we measured DCA in serum, which is the secondary bile acids produced by microbes. The DCA concentration in the HFD group was significantly higher than in the CHD group (Figure 2R).
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FIGURE 2. High-fat diet after weaning promotes precocious puberty in female mice. (A) Body mass of the mice in CH-C and HF-C groups (n = 8). (B) Daily energy intake of the mice in CH-C and HF-C groups (n = 8). (C) Cumulative percentage of vaginal opening (VO) of the mice (n = 16). (D) Vaginal opening days of the mice (n = 16). (E) The resting metabolic rate (RMR) of the mice (n = 8). (F) Weight of dry carcass of the mice (n = 8). (G,H) Weight of ovaries and uterus of the mice (n = 8). (I–K) The weight of subcutaneous fat, visceral fat and gonadal fat of the mice(n = 8). (L,M) Relative mRNA level of FshR and LhR (n = 8). (N,O) Content of GnRH and Kisspeptin1 in hypothalamus (n = 8). (P–R) Concentration of estradiol, leptin and DCA concentration in serum (n = 8). Data are means ± SEM. *P < 0.05, **P < 0.01, and ***P < 0.001.
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FIGURE 3. High-fat diet after weaning changes metabolic communities of the mice. (A) Score plot of LC-MS (postive) data with 1176 metabolite signals detected. (B) PCA score plot of metabolomic data for 4 groups obtained by LC-MS (postive). (C) Heat plot of metabolomic data in HFD and CHD groups (postive). (D) Correlation analysis between cecum metabolites and microbiota in HFD and CHD groups (postive). Data are means ± SEM. *P < 0.05, **P < 0.01, and ***P < 0.001 (n = 8).




HFD After Weaning Changes Metabolic

To further study the effect of HFD on the mice, the cecal content metabolic profiles of the four groups were acquired by LC-MS. LC-MS/MS (negative and positive) detected a total of 663 and 1,176 biomarker metabolites, respectively. Compared with CHD, it was found that 146 biomarker metabolites were up and 361 biomarker metabolites were down in HFD mice (positive Figure 3A; negative, 96 up and 344 down, Supplementary Figure 1B). As shown by the PCA score-plots presented in Figure 3B (or Supplementary Figure 1C), which distinguished metabolic communities based on cecum sampling, the metabolic communities were clustered. HFD group was significantly separated from the other three groups. Further, the heat map of differential metabolites between the HFD and CHD groups showed a significant difference (Figure 3C, positive and Supplementary Figure 1D, negative).

Metabolomics has been shown as an important tool to reveal the potential crosstalk of host and gut microbiota. Therefore, correlations between the top 20 metabolites and genus-level microbiota with significant differences in HFD and CHD mice were obtained via Spearman correlation analysis (Figure 3D, positive and Supplementary Figure 1E, negative). We found that pyridoxine was negatively correlated with Anaerotruncus, Bilophila, and GCA-900066575, which were enriched in the HFD group. Through the results of metabonomics, we found that the content of pyridoxine in CHD was much higher than that of the HFD group (Supplementary Figure 1F). Spearman correlation showed that pyridoxine had a negative correlation to body weight, uterine weight, and Kisspeptin expression (Supplementary Figure 1G). This suggested that pyridoxine is negatively correlated with precocious puberty.



Gut Microbiota Is the Key Factor to Promote Precocious Puberty

We chose the CHD group and HFD group in design 1 as the gut microbiota donor mice. After fecal microbiota transplantation, the weight of the dry carcass was increased in HFD-FMT mice (Figures 4A,B), and the vaginal opening time of HFD-FMT mice was advanced (Figures 4C,D). In the HFT-FMT group, the serum estradiol was higher than in the CON-FMT mice (Figure 4E), while leptin was not affected (Figure 4F). Expression of GnRH and Kisspeptin in the hypothalamus of HFT-FMT were significantly higher than in the CON-FMT group (Figure 4G). The expression of LhR in the ovaries of the HFD-FMT group was significantly higher than in the CON-FMT group (Figures 4H,I). The DCA in the HFD-FMT group was higher than in the CON-FMT group (Figure 4J). The alpha diversity of the two groups was no different (Figure 4K). PCoA based on Bray–Curtis distance showed major alterations in the microbiota between groups (Figure 4L). At the genus level, Bacillus, Streptococcus, Aerococcus, Facklamia, Psychrobacter, and Monoglobus were enriched in the HFD-FMT group, while Faecalibaculum and Butyricicoccus were enriched in the CON-FMT group (Figure 4M).
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FIGURE 4. Fecal microbiota affect precocious puberty and hormone. (A) Body mass. (B) Weight of dry carcass. (C) Cumulative percentage of vaginal opening (VO). (D) Vaginal opening days. (E,F) Concentration of Estradiol and leptin in serum. (G) Expression of GnRH and Kisspeptin1 in hypothalamus. (H,I) Relative mRNA level of FshR and LhR in ovaries. (J) DCA concentration in serum. (K) Shannon diversity of gut microbiota. (L) PCoA plot of bray_curtis distance of gut microbiota. (M) Difference of abundance of genus in gut microbiota (STAMP). Data are means ± SEM. *P < 0.05, **P < 0.01, and ***P < 0.001 (n = 5).




Effects of Estrogen on Gut Microbiota

To test whether the estrogen associated with precocious puberty also affects the gut microbiota, we designed estradiol treatment to assess gut microbiota changes. The body mass between the two groups was no different (Figure 5A). The vaginal opening time of EST mice was advanced (Figures 5B,C). Estradiol in the EST group was significantly higher than that in the CON group (Figure 5D). There was no significant difference in alpha diversity between the two groups (Figure 5E). PCoA with Bray–Curtis distance revealed separation of the two groups and that there was a significant difference between EST and CON (Adonis, p < 0.05, Figure 5F). Estradiol significantly changed the composition and structure of gut microbiota (Figure 5G). We found that Dubosiella and Faecalibaculum were enriched in the EST treatment group (Figure 5H), while Lactobacillus was enriched in the CON group.
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FIGURE 5. Estradiol affects precocious puberty and gut microbiota. (A) Bodymass of mice. (B) Cumulative percentage of vaginal opening (VO). (C) Vaginal opening days. (D) Concentration of Estradiol in serum. (E) Shannon diversity of gut microbiota in mice. (F) PCoA plot of bray_curtis distance of gut microbiota in mice. (G) Bar plot of relative abundant phylum of gut microbiota in mice. (H) Results from STAMP analysis, showing the most differentially abundant taxa between the two groups. Data are means ± SEM. *P < 0.05, **P < 0.01, and ***P < 0.001 (n = 6).


Based on the above three experiments, we analyzed the correlation between precocious puberty phenotype and genus level bacterial abundance of mice (Spearman, n = 38, Figure 6). We found that GnRH was positively correlated with Blautia, Lactococcus, Akkermansia, Colidextribacter, Lachnoclostridium, GCA-900066575, Streptococcus, Bacteroides, Intestinimonas, Anaerotruncus, and Bifidobacterium; while Lactobacillus, Enterorhabdus, and Lachnospiraceae were negatively correlated with GnRH (p < 0.05).
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FIGURE 6. Correlation between precocious puberty phenotype and bacterial abundance of mice in the 3 experiments. Different color blocks represent Spearman correlation coefficients, blue indicates positive correlation, and red indicates negative correlation. *P < 0.05; **P < 0.01. (mice were from CHD, HFD, CON-FMT, HFD-FMT, EST and CON groups, n = 38).





DISCUSSION


HFD Promotes Precocious Puberty and Changes Gut Microbiota

Consistent with previous studies (Heras et al., 2020), we found that HFD mice started puberty earlier. Ullah et al. (2019) found that HFD feeding to dams during lactation and to pups post-weaning triggers body weight gain, body fat deposition, and induces precocious puberty. Unlike other studies, we did not look into HFD during pregnancy and lactation but instead focused on “childhood” after weaning. This is a critical period for the growth and development of mice, especially for shaping the gut microbiota. The established idea is that precocious puberty is promoted by obesity, but studies have shown that HFD feeding can cause early estrus in low weight and body fat mice (Frisch et al., 1977). It seems that HFD feeding may affect some hypothalamic neurocircuitry or gut microbiota involved in metabolism and reproduction. Here, we found that HFD increased the GnRH level which led to changes in the gut microbiota and the development of precocious puberty.

In our results, HFD increased the abundance of Desulfovibrio, Lachnoclostridium, Bilophia, and Anaerotruncus. The abundance of Desulfovibrio is high in obese mice, which always induces intestinal inflammation (Petersen et al., 2019; Zhang et al., 2020), which may indirectly promote precocious puberty by promoting obesity. Additionally, Anaerotruncus is harmful to intestinal health and can easily cause obesity (Xu et al., 2017), but its effect on sexual development has not been reported. Correlation analysis showed that GnRH was positively correlated with Bacteroides, Blautia, Akkermansia, Lactococcus, Colidextribacter, Lachnoclostridium, GCA-900066575, Streptococcus, Bacteroides, Intestinimonas, Anaerotruncus, and Bifidobacterium, suggesting that these bacteria may have a role in promoting sexual development. However, many studies have shown that Akkermansia, Bacteroides, Oscillibacter, Intestinimonas, and Bifidobacterium are negatively associated with obesity (Thingholm et al., 2019; Depommier et al., 2020; Sroka-Oleksiak et al., 2020). It suggests that “obesity microbiota” and “precocious puberty microbiota” were not always consistent, so the regulation of HFD-induced precocious puberty by bacteria is not always related to obesity. Additionally, pyridoxine was related negatively to body weight, uterine weight, and Kisspeptin expression, which suggested that pyridoxine is negatively correlated with precocious puberty. Pyridoxine is involved in the metabolism of vitamin B6 (K00868, KEGG), which is related to the metabolism of estrogen in women (Luhby et al., 1973). Therefore, the precocious puberty of HFD mice may be mediated by increasing Bilophia, GCA-900066575, and Anaerotruncus and decreasing pyridoxine.



Gut Microbiota Transplantation Promotes Precocious Puberty

Studies have found that gut microbiota was related to precocious puberty. For example, in the central precocious puberty (CPP) girls, Ruminococcus bromii, Ruminococcus gnavus, and Clostridium leptum were enriched (Khoo and Perera, 2005). In cases of CPP, Akkermansia is negatively correlated with FSH and LH levels (Li et al., 2021). In our results, Aerococcus, Streptococcus, and Bacillus were enriched after “HFD-microbiota” was transplanted. These bacteria affect the steady-state of gut microbiota, leading to inflammation. Through FMT, we found that HFD-microbiota promoted the vaginal opening while the mechanism of gut microbiota on precocious puberty is unknown, which may be through direct or indirect ways. Studies showed the gut microbiota modulates local and systemic levels of sex steroids by producing special enzymes, for example, the microbiome can modify host-derived molecules such as bile and sex steroids (Ridlon and Bajaj, 2015; Oliphant and Allen-Vercoe, 2019; Ridlon, 2020). In our study, we also found that the concentration of secondary bile acids and estradiol increased in the HFD-microbiota transplanted mice. Additionally, “HFD-microbiota” increased the leptin and the expression of HPG axis-related genes (GnRH and kisspeptin). Studies have shown that microbiota metabolites (mainly butyric acid and propionic acid) are related to leptin gene expression and participate in the regulation of puberty (Lin et al., 2012). Therefore, we suggest that through secreting neurotransmission-related metabolites, such as butyric acid and propionic acid, the bacteria could trigger the earlier onset of puberty by activating HPGA.



Interaction Between Hormones and Gut Microbiota Promotes Precocious Puberty

The change of hormones is one of the reasons that cause obesity and promote precocious puberty. Our results also confirmed the view that estrogen injection led to the early vaginal opening in mice, which did not increase body weight. Although estrogen can directly act on reproductive organs and promote puberty, its effect on the intestinal tract cannot be ignored. The intestinal epithelium expresses sex steroid receptors, such as the G-protein-coupled estrogen receptor GPER-1 and nuclear estrogen receptors α (ERα) and β (ERβ). Estrogen increases the expression of Toll-like receptors (TLRs) and proinflammatory cytokines but also suppresses inflammation through ERβ (Pace and Watnick, 2021). In women, increased estradiol was correlated with an increase in Bacteroidetes and a decrease in Firmicutes. Our results showed that Dubosiella, Faecalibaculum, and Bifidobacterium were increased significantly in the EST group, which were also found in the central precocious puberty girls (Li et al., 2021). Bifidobacterium can reduce the level of inflammation (Sun et al., 2020), which was consistent with the anti-inflammatory effect of estrogen. One study found that Faecalibaculum and Lachnospiraceae were significantly correlated with proteins implicated in mitochondrial energy metabolism (D’Amato et al., 2020). Therefore, estrogen can affect gut microbiota and energy metabolism.

The interaction between hormones and gut microbiota helps in maintaining physiological stability. Gut microbiota regulates sex hormone levels by producing enzymes and releases active estrogen by releasing β-glucuronidase to dissociate the estrogen-bile acid complex (Rizzetto et al., 2018; Pace and Watnick, 2021). In human studies, through the determination of hormones in patients with central precocious puberty, it was found that Parabacteroides were positively correlated with LH-releasing hormone (Li et al., 2021). In our gut microbiota transplantation experiment, we found that “HFD-microbiota” can significantly increase the content of estradiol and expression of GnRH and KISS1 in the hypothalamus. Through large sample correlation analysis, we found that Dubosiella, Faecalibaculum, Alistipes, GCA-900066575, Lachnoclostridium, Anaerotruncus, and Bifidobacterium were positively correlated with GnRH, suggesting that they could promote puberty. Therefore, the interaction between hormones and gut microbiota may be the mechanism of HFD- induced precocious puberty.




CONCLUSION

Precocious puberty is regulated by the interaction of gut microbiota and hormones. HFD in adolescence will affect the balance of gut microbiota and estrogen and induce precocious puberty and promote mating behavior. Our results have a potential significance for the mechanism of precocious puberty in children. Our study also found that “obesity microbiota” and “precocious puberty microbiota” are not always consistent. Therefore, in the future, the prevention of precocious puberty in children who are not obese but prefer HFD cannot be ignored.
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It was acknowledged long ago that microorganisms have played critical roles in animal evolution. Tibetan wild asses (TWA, Equus kiang) are the only wild perissodactyls on the Qinghai-Tibet Plateau (QTP) and the first national protected animals; however, knowledge about the relationships between their gut microbiota and the host's adaptability remains poorly understood. Herein, 16S rRNA and meta-genomic sequencing approaches were employed to investigate the gut microbiota–host associations in TWA and were compared against those of the co-resident livestock of yak (Bos grunnies) and Tibetan sheep (Ovis aries). Results revealed that the gut microbiota of yak and Tibetan sheep underwent convergent evolution. By contrast, the intestinal microflora of TWA diverged in a direction enabling the host to subsist on sparse and low-quality forage. Meanwhile, high microbial diversity (Shannon and Chao1 indices), cellulolytic activity, and abundant indicator species such as Spirochaetes, Bacteroidetes, Prevotella_1, and Treponema_2 supported forage digestion and short-chain fatty acid production in the gut of TWA. Meanwhile, the enterotype identification analysis showed that TWA shifted their enterotype in response to low-quality forage for a better utilization of forage nitrogen and short-chain fatty acid production. Metagenomic analysis revealed that plant biomass degrading microbial consortia, genes, and enzymes like the cellulolytic strains (Prevotella ruminicola, Ruminococcus flavefaciens, Ruminococcus albus, Butyrivibrio fibrisolvens, and Ruminobacter amylophilus), as well as carbohydrate metabolism genes (GH43, GH3, GH31, GH5, and GH10) and enzymes (β-glucosidase, xylanase, and β-xylosidase, etc.) had a significantly higher enrichment in TWA. Our results indicate that gut microbiota can improve the adaptability of TWA through plant biomass degradation and energy maintenance by the functions of gut microbiota in the face of nutritional deficiencies and also provide a strong rationale for understanding the roles of gut microbiota in the adaptation of QTP wildlife when facing harsh feeding environments.

Keywords: gut microbiota, high-altitude adaptation, 16S rRNA sequencing, meta-genomic sequencing, Tibetan wild asses


INTRODUCTION

Adaptation is a core process in biological evolution and has attracted research attention since the time of Charles Darwin (Boyd, 2010). The microbial consortia in herbivore digestive tracts have co-evolved with their hosts. They convert lignocellulose hydrolysates into short-chain fatty acids (SCFAs) and play vital roles in host digestion (Kumar et al., 2021), health (Shreiner et al., 2015), immunity (Zhang et al., 2015), and adaptability (Ley et al., 2008). Advances in sequencing technology over the past decade have provided novel insights into microbiome co-evolution and adaptability. Furthermore, herbivore adaptation mediated via the gut microbiota has attracted a great deal of research attention (Liu et al., 2020d; Song et al., 2020; Fu et al., 2021).

The Qinghai-Tibet Plateau (QTP) is the highest plateau in the world, known as “the third pole” (Qu et al., 2020). It has special environmental conditions, such as high altitude, accompanied by low oxygen, severe cold, and high ultraviolet radiation. Yak (Y; Bos grunniens) and Tibetan sheep (S; Ovis aries) are the main indigenous livestock on the QTP. They have been grazed and used by local herdsmen for meat, milk, and fuel (the dry feces) for several centuries (Cui et al., 2020). Modification of the intestinal microbiomes of these high-altitude ruminants in response to the unique ecological environment of the QTP has been extensively studied (Ma et al., 2019b; Liu et al., 2020a,c, 2021; Fan et al., 2021). By way of illustration, S adapt to changes in the plant phenological period by altering their rumen microbial community structure and function (Liu et al., 2020a). Zhang et al. (2016) evaluated the production of SCFAs and emission of methane by in vitro rumen fermentation technique and found that Y accumulates high SCFAs concentrations in their rumen and attenuates methane emissions via microbial intervention, thereby harvesting energy more effectively than cattle. Tibetan wild ass (Equus kiang) is the only wild perissodactyl in the QTP. It has been endemic to the cold, hypoxic (4,000–7,000 m a.s.l.) montane, and alpine grassland for thousands of years, and often faces the problem of imbalance between herbage supply and the host's requirement (Schaller, 2000). Gut microbes are considered to be the link that converts herbage nutrients into the host's own nutrients; however, knowledge about whether these gastrointestinal microbes have special mechanisms to adapt to the ecological environments is limited. Only Gao et al. (2019) reported that Tibetan wild asses (TWA) adapt to the extreme environments of the QTP when their gut microbiota alter their fatty acid metabolism pathways, and Liu et al. (2020b) stated that TWA was superior to the domestic donkey in terms of gut microbiota community, function, and disease resistance under similar forage intake. Although the above work has described the structure and function of gut microbiota of TWA, the interaction between gut microbiota and the host and the response mechanism under environmental stress need to be further studied.

The Three-River-Source National Park is located in the hinterlands of the QTP and has a total area of 123,100 km2. It is the source place of the Yangtze, Yellow, and Lancang rivers. It is dominated by mountainous landforms with complex topographies and harbors vital habitats and biological germplasms of rare wild animal species (Qiao et al., 2018). As the awareness of ecological protection has increased in recent years, the number of wild animals such as TWA has increased to 36,000 in Three-River-Source National Park (Zhao et al., 2020). However, competition for forage often occurs between wild and domestic animals in this area. The overlapping habitats of wild and domestic animals in the region have enabled us to study the unique adaptive mechanisms of their intestinal microorganisms.

The large intestine, which included the cecum and the colon, harbored a higher bacterial diversity (Li et al., 2017) and is an important site of plant-fiber fermentation for asses. Analyses of fecal bacteria can characterize gut microbiota because the microorganisms in the feces resemble those in the large intestine (Zhao et al., 2015). In the present study, we used fresh feces from TWA, Y, and S as research objects and multi-omics methods to distinguish the unique gut microbial composition and high-altitude adaptation mechanisms of these animal groups. We speculate that there is a special microbial interaction mechanism in the gut of the TWA that is different from that of domestic animals. The aim of this study is to clarify the plateau adaptation mechanism of the TWA through their gut microbiota and provide a theoretical basis for investigations into the dietary adaptation of wild animals in QTP.



MATERIALS AND METHODS


Sample Collection

Fecal samples were collected on 13 August 2017 from co-resident TWA, S, and Y near the Three-River-Source Alpine Meadow Integrated System Observation in Yangtze River Source Park (Qumarleb County, Yushu Prefecture, Qinghai Province, China; Figure 1). The Yangtze River Source Park has an average altitude of 4,300 m, and the vegetation types are mainly alpine meadows, supplemented by desertified grasslands. Y and S in the area were under the supervision of herdsmen and usually foraged freely on grassland with abundant, high-quality herbage. As the human population is sparse and water sources were abundant in the area, wild animals such as TWA also foraged here. This condition created a sympatric living environment for all animals in the area. However, herdsmen's interference usually forced TWA to forage on nearby slopes with relatively little or low-quality vegetation.
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FIGURE 1. The information of sampling site and experimental animal habitat. (A) Sampling sites. (B) The aerial review of Three-River-Source Alpine Meadow Integrated System Observation in Yangtze River Source Park. The area is 100 × 100 m. (C) Small herds of TWA are leisurely feeding on the grass. (D) Y and S are feeding on abundant grass under the care of herdmen.


As all animals dwelt in their natural habitat, they were highly alert. Therefore, the group was followed from a distance during sampling. After the animals defecated and left the area, feces were carefully but promptly collected from different individuals. To avoid cross-contamination, each sample was gathered with a disposable polyethylene glove that was used only once and then discarded. Twenty-seven fresh fecal samples were collected from seven S, nine Y, and 11 TWA. After collection, ~2 g of fresh fecal samples were placed in uniquely labeled cryotubes, frozen in liquid nitrogen, and stored at −80°C until subsequent high-throughput sequencing. Other samples (~50 g) were collected in sterile uniquely labeled zip lock bags, temporarily stored at 4°C in an automobile refrigerator, transferred to a laboratory refrigerator (4°C), and stored until subsequent apparent nutrient digestibility analyses. Fecal samples were collected within 1 d in their natural state. None of the animals received concentrate supplementation.

The herbage collection methods used here resembled those of Ma et al. (2019a). Briefly, ten 50 × 50 cm quadrats were randomly set at > 10-m intervals in an alpine meadow and the aboveground biomass was collected from them. To ensure that the forages collected were similar to those consumed by the animals, each quadrat was set on a forage with visible bite marks. Edible forage was collected, dried in a forced air stove at 60°C for 72 h, milled, passed through a 1-mm sieve, and stored in watertight plastic bags until subsequent dry matter (DM) digestibility and nutrition analyses.



Chemical Analysis

The DM (oven method 930.15), crude protein (CP, Kjeldahl method 988.05), and ether extract (EE, diethyl ether extraction method 2003.5) contents were determined for forage–feces composites according to AOAC methods (AOAC, 2000). Acid detergent fiber (ADF) and neutral detergent fiber (NDF) were analyzed according to the methods of Van Soest et al. (1991). Nonfibrous carbohydrate (NSC) was calculated as follows:
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The nutrition of forage are shown in Supplementary Table 1.



Determination of Host Apparent Nutrient Digestibility

Apparent nutrient digestibility was determined with acid-insoluble ash (AIA) as described by Liu et al. (2020b). Briefly, 5 g crushed forage and dried feces from the same individual were boiled in 50 mL of 4 N HCl for 30 min. The residue was filtered with a quantitative filter paper (Φ12.5 cm; NEWSTAR®, Hangzhou, China) and washed with hot distilled water until the filtrate was neutral. The residue and filter paper were ashed in a crucible in a muffle furnace (Beijing Zhongxing Weiye Instrument Co. Ltd., KSW-6-12) at 600°C for 12 h. After complete combustion of the organic matter, the crucible and ash were weighed on an analytical balance and the AIA values of the forage and feces were obtained. The total apparent CP, NDF, and ADF in the gut were calculated from the dietary and fecal nutrient. AIA ratios are as follows (Kavanagh et al., 2001):
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where Zfeces and Zdiet are the nutrient concentrations (%) in the feces and forage, respectively, and AIAh and AIAf are the AIA concentrations (%) in the herbage and feces, respectively.



Short-Chain Fatty Acids (SCFAs) Analysis

Short-chain fatty acids were detected according to the method of Fan et al. (2020). Briefly, acetic acid and propionic acid were measured by propyl chloroformate (PCF) derivatization followed by gas chromatography–mass spectrometry (GC-MS) (Zheng et al., 2013). Approximately, 0.1 g of each ~fecal sample was added to 1,000 μL of 0.005 M NaOH containing 5 μg/mL caproic acid–d3 internal standard (IS) and the suspension was homogenized. Then 500 μL of supernatant aliquot was transferred to a 15-mL capped centrifuge tube. Then 300 μL ultrapure water, 100 μL PCF, and 500 μL PrOH/Py solution (3:2, v/v) were added to the supernatant and the mixture was vortexed for 30 min. The derivatization included two extractions. In the first, 300 μL hexane was added to the mixture which was then vortexed for 1 min and centrifuged at 3,000 × g for 5 min. In the second, 200 μL hexane was added and 500 μL derivatized extract was collected in an autosampler vial and analyzed with an Agilent 7890A/5975C GC-MS (MSD; Agilent Technologies, Santa Clara, CA, USA).



Determination of Cellulolytic Activity

Cellulolytic activity was determined based on the reaction between 3,5-dinitrosalicylic acid (DNS) and reducing sugar generated from a cellulose degradation assay (Miller, 1959). Gut contents (0.1 g) were placed in microcentrifuge tubes and homogenized in 1 mL extraction buffer at 4°C. The samples were homogenized on an ice bath and centrifuged at 8,000 × g and 4°C for 10 min. The supernatants were used in the enzymatic assays. Endo-β-1,4-glucanase activity was determined with a cellulase (CL) activity assay kit (Beijing Boxbio Science & Technology Co. Ltd., Beijing, China) according to the manufacturer's instructions. One unit of cellulolytic activity was defined as 1 g tissue producing 1 μg reducing sugar (glucose equivalent) per min.



DNA Extraction and 16S rRNA Gene Illumina Sequencing

A fecal E.Z.N.A.® DNA kit (Omega Bio-tek, Norcross, GA, USA) was used to extract the total microbial DNA from ~0.2 g fecal samples according to the manufacturer's protocols. The universal primers 341F (5′-barcode-CCTACGGGNGGCWGCAG-3′) and 806R (5′-GGACTACHVGGGTWTCTAAT-3′) were used to amplify the bacterial V3–V4 hypervariable region (Liu et al., 2020b). The barcodes were eight-base sequences unique to each sample. A 30-μL PCR amplification mixture was prepared for each sample and consisted of 15 μL of 2 × Phanta Master Mix, 1 μL of each primer (10 μM), and 20 ng template DNA. The cycling parameters for the PCR amplification included an initial denaturation at 95°C for 5 min followed by 30 cycles at 95°C for 30 s, annealing at 55°C for 30 s, elongation at 72°C for 45 s, and a final extension at 72°C for 5 min. All PCR products were detected on 2% agarose gels and purified with an AxyPrep DNA gel extraction kit (Axygen Biosciences, Union City, CA, USA) according to the manufacturer's instructions. They were then quantified with QuantiFluor™-ST (Promega, Madison, WI, USA). The sequence library was generated with a Qubit® 3.0 fluorometer (Invitrogen, Carlsbad, CA, USA) and an Agilent Bio Analyzer system. The amplicons were pooled into equimolar sample concentrations. After quality assessment, the library was sequenced on an Illumina HiSeq 2500 platform (Nanjing Gene Pioneer Co. Ltd., Nanjing, China) and 250-bp paired-end reads were generated.

To obtain high-quality sequences, raw reads were quality-filtered with QIIME v. 1.1.7 (https://qiime2.org; Caporaso et al., 2010). All sequences were trimmed and assigned to each sample based on their unique barcodes and primers. The criteria were: barcode mismatches = 0 and maximum primer mismatches = 2. Overlapping paired-end reads were merged with PANDAseq v. 2.10 (https://github.com/neufeld/pandaseq; Masella et al., 2012). Merged sequences with high-quality reads (read length > 300 bp, no ambiguous base “N,” and average base quality score > 30) were used in the subsequent analyses. Metaxa2 (https://microbiology.se/software/metaxa2/) was used to remove potential chloroplast sequences from PCR amplification (Bengtsson-Palme et al., 2015). Singleton and chimeric reads were removed with UCHIME (https://www.drive5.com/uchime/uchime_download.html; Edgar et al., 2011). Operational taxonomic units (OTUs) were selected with UPARSE v. 7.1 (https://github.com/wmaier/uparse), abundance-based greedy clustering, and a 97% identity threshold. The OTUs were annotated with Ribosomal Database Project classifier v. 2.2 (rdp.cme.msu.edu). To compare samples with different sequencing depths, random sequence number leveling (38,327 reads) was performed on each sample with the smallest sequence number. Alpha diversity indices including Shannon diversity, Chao1, Good's coverage, and PD whole tree were calculated.



Enterotype Clustering

Enterotype clustering is widely used in humans (Arumugam et al., 2011; Costea et al., 2018). Genus-level relative abundance profiles of the samples were clustered by Jensen-Shannon divergence (JSD), B-C dissimilarity, and partitioning method (PAM) clustering in R v. 4.1.2 (R Core Team, Vienna, Austria). The Calinski-Harabasz (CH) index and the silhouette score were used to evaluate cluster robustness (Hildebrand et al., 2013). The PAM, CH index, and silhouette score were then applied to cluster enterotypes by the B-C dissimilarity and JSD methods, and the same results were obtained by both the methods (Supplementary Figure 1). Earlier studies suggested that B-C dissimilarity is strongly correlated with JSD (Arumugam et al., 2011; Guo et al., 2021) and revealed variations in the abundance of taxa with enterotypes. Hence, B-C dissimilarity was conducted at the genus level. The similarity percentage (SIMPER) method (https://rdrr.io/rforge/vegan/man/simper.html) was used to identify and rank the contribution of each genus among the enterotype groups (Clarke, 1993).



Shotgun Meta-Genomic Sequencing, Assembly, and Annotation

Sixteen samples were selected (TWA, n = 7; Y, n = 4; S, n = 5) for meta-genomic sequencing. Genomic DNA quality and purity were assessed with a NanoPhotometer® spectrophotometer, a Qubit® dsDNA assay kit, and a Qubit® 2.0 fluorometer (Life Technologies, Waltham, MA, USA). Genomic DNA with OD in the range of 1.8–2.0 and mass > 1 μg was used as the input for sequencing library generation with a NEBNext® Ultra™ DNA library prep kit (New England Biolabs, Ipswich, MA, USA). Sequences with index codes were added to split each sample. The samples were sonicated to generate ~350-bp DNA fragments, which were then end-polished, A-tailed, and ligated with full-length adaptors for PCR amplification. The PCR products were cleaned and extracted in an AMPure XP system (Beckman Coulter, Brea, CA, USA). Libraries were prepared in a cBot cluster generation system (Illumina, San Diego, CA, USA) according to the manufacturer's protocols. After cluster generation, the prepared library was sequenced on an Illumina HiSeq 2500 platform (Novogene Biological Information Technology Co., Beijing, China), and 150-bp paired-end reads were generated.

To get high-quality clean reads, sequences with low base quality (quality value < 38%; > 40 bp) and N bases > 10 bp were removed to obtain high-quality clean reads. Bowtie2 (https://www.encodeproject.org/software/bowtie2/) was used to remove reads contaminated by adaptor and host sequences (Karlsson et al., 2012, 2013; Scher et al., 2013). The configuration parameters were: –end-to-end, –sensitive, -I 200, and -X 400. After filtering, clean data with k-mers = 55 were assembled into scaftigs with SOAPdenovo (https://github.com/aquaskyline/SOAPdenovo2; Luo et al., 2012) using the following configuration parameters: -d 1, -M 3, -R, -u, and -F. N50 length was used to evaluate the quality of the assembly. MetaGeneMark v. 2.1.0 (https://github.com/gatech-genemark/MetaGeneMark-2; Nielsen et al., 2014; Oh et al., 2014) was used to predict the contigs (≥500 bp) in each sample. Open reading frames (ORFs) derived from the assembled contigs were clustered into a non-redundant dataset with CH-HIT (Li and Godzik, 2006). The configuration parameters were: -c 0.95, -G 0, -aS 0.9, -g 1, and -d 0. Bowtie2 was used to count the reads generated from the re-aligned reads and reduce the number of redundant genes. A gene catalog was obtained from the nonredundant genes with > 2 reads. After read filtering, DIAMOND (https://github.com/bbuchfink/diamond; Buchfink et al., 2015) was used to align the unigenes with bacteria and archaea extracted from the NR database v. 2018.01 (National Center for Biotechnology Information (NCBI), Bethesda, MD, USA; blastp; e-value ≤ 1e-5) for taxonomic profile annotation. For gene function annotation, the unigenes were blasted with the CAZy, KEGG, and eggNOG functional databases in DIAMOND.



Statistical Analysis

Standard R commands were performed to identify the differences in relative abundance across groups. Kruskal–Wallis (multiple groups) and Dunn's post-hoc (two-sample comparisons) tests were used to evaluate significant differences in the nonparametric profiles. The Mann–Whitney U-test was used to calculate the contributions of the gut microbiota associated with the various enterotypes. R v. 4.0.2 generated Sankey plots or boxplots to visualize the relative abundances of the microbial taxa and concentrations of SCFAs across hosts. B-C dissimilarity and nonmetric multidimensional scaling (NMDS) were run in the vegan package v. 2.5-7 of R (Oksanen et al., 2013). To identify the microbial taxa that best represented variations in this parameter across hosts, an indicator analysis was conducted in the indicspecies package v. 1.7.9 in R. Multiptt function with 9,999 permutations was performed on the list of species correlated with a group of samples. The r.g. function was used to determine the correlations between the binary vectors (Guo et al., 2021). A Mantel test with 9,999 permutations calculated the correlations between gut environmental factors and microbial community data and was run in the linkETv. 0.0.3.3 package of R (https://github.com/Hy4m/linkET), and was based on calculated environmental (Euclidean) and taxonomic (Bray-Curtis) distances. Pairwise Pearson's correlation analyses were implemented using the “quickor” function in ggcor to evaluate the significance of the relationships among environmental parameters. Heat maps of the glucoside hydrolase family genes were generated with the pheatmap v. 1.0.12 package in R.




RESULTS


Forage Apparent Nutrient Digestibility and Cellulytic Activity

As shown in Table 1, the apparent nutrient digestibility of CP in the TWA group (81.26%) was significantly higher than that of S (P < 0.05), but not significantly with Y. The cellulytic activity in the TWA group (517.19 U/g) was significantly higher than that of Y and S (P < 0.05). No significant differences were detected for DM (P = 0.215), NDF (P = 0.171), and ADF (P = 0.313) digestibility among the three groups.


Table 1. The apparent nutrient digestibility and cellulytic activity across different hosts.
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Similarity and Dissimilarity of Gut Bacteria in Co-resident Wild and Domestic Animals

Sequencing of the 16S rRNA amplicons yielded 2,178,233 high-quality sequences, 1,858,891 effective sequences after singleton removal, and 29,631 operational taxonomic units (OTUs) (Supplementary Table 2). Twenty gut bacteria phyla were identified, and Firmicutes (44.22% of the total on average), Bacteroidetes (20.60%), and Planctomycetes (15.10%) were the most abundant in all the hosts. Together, the foregoing three phyla accounted for ~80% of the entire fecal microbiota (Figure 2A, Supplementary Table 3). The similarity of gut flora was also exhibited at the genus level in both TWA and domestic animals, with p-1088-a5 gut group (11.61% of total average), Akkermansia (7.85%), and Ruminococcaceae UCG-005 (7.51%) the most abundant across the hosts (Figure 2C, Supplementary Table 4).
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FIGURE 2. The relative abundances of gut microbiota and indicator species among animal hosts. Relative abundances of the 20 most abundant phyla (A) and genera (C) in different hosts are aggregated and colored on stack graphs. Low abundance taxa are grouped together and labeled “other.” Indicator phyla (B) and genera (D) related to each hosts are traced by Sankey plots. Line represent associations between indicator taxa and hosts. Different colors represent different taxa. Line width is scaled to reflect indicator value. Higher indicator values for each taxon are more strongly associate with different hosts. Indicator values are shown in Supplementary Figure 2. The genera R-7 group, termite group, gut group, NK4A136 group, bacterium, UCG-004, RC9 gut group, NK4A214 group, UCG-005, UCG-010 and UCG-013 are represent Christensenellaceae R-7 group, CPla-4 termite group, p-1088-a5 gut group, Ruminococcaceae NK4A136 group, Phascolarctobacterium, Prevotellaceae UCG-004, Rikenellaceae RC9 gut group, Ruminococcaceae NK4A214 group, Ruminococcaceae UCG-005, Ruminococcaceae UCG-010 and Ruminococcaceae UCG-013, respectively. The statistical P-values mean the taxa associated with hosts. *P < 0.05, **P < 0.01, ***P < 0.001.


The dissimilarity was manifested in alpha and beta diversity. The Shannon diversity in TWA was significantly higher than that in Y and S (P = 0.0002, Figure 3A), meanwhile, the Chao1 index in TWA was significantly higher than S (P = 0.043, Figure 3B) as well, which indicated that the gut microbiota communities in TWA were more plentiful in diversity. No significant differences in good coverage index (P = 0.167, Figure 3C) indicated that the samples of the bacterial community were fully sampled. The phylogenetic diversity metrics (PD whole tree) analysis (P = 0.017, Figure 3D) showed the gut flora of S and Y had a closer evolutionary relationship, whereas, TWA had obvious community differentiation. Moreover, the beta diversity analysis by using PCoA (Figure 3E) and the homogeneity of dispersions test (Figure 3F) revealed that the composition of the gut prokaryotic community among the TWA, Y, and S were significantly different, and the gut microbiota structure of TWA differs from that of domestic animals.


[image: Figure 3]
FIGURE 3. Diversity metrics of gut microbiota communities among TWA, S, and Y. Shannon diversity (A), Chao1 index (B), Good's coverage (C), and PD whole (D) indices represented by boxplots. PCoA (E) plots show distributions of samples based on Bray-Curtis distance matrix. Significant differences are evaluated by PERMANOVA with P < 0.01. Percent variation explained by each principal coordinate is indicated next to corresponding axis. Homogeneity of dispersions (F) for this diversity metric is also tested to identify differences in variance among treatments. Significant differences are determined using 999 permutations of the betadisper function in the vegan v. 2.5-6 package of R. All boxplots distribution are tested by non-parametric Kruskal–Wallis and Dunn post hoc tests with FDR-corrected P-value, boxplots center values indicate the median, and whiskers represent 0.75 times the interquartile range. * < 0.05, ** < 0.01, no * mean no significant difference.


Indicators analysis at the phylum and genus level also displayed differences across different groups. In the S group, the indicator species at the phylum (Figure 2B) and genus (Figure 2D) levels were Actinobacteria, Planctomycetes, Alistipes, Bacteroides, Christensenellaceae R-7 group, CPla-4 termite group, and Lachnospiraceae NK4A136 group. In the Y group, the indicators were Bacteroidetes, Firmicutes, Alistipes, Bacteroides, Prevotellaceae UCG-004, Rikenellaceae RC9 gut group, Ruminococcaceae UCG-005, Ruminococcaceae UCG-010, and WCHB1-41. In the TWA group, they were Actinobacteria, Bacteroidetes, Kiritimatiellaeota, Spirochaetes, p-1088-a5 gut group, Phascolarctobacterium, Prevotella_1, Rikenellaceae RC9 gut group, Ruminococcaceae NK4A214 group, and Treponema 2. Notably, indicators (phylum Spirochaetes and Bacteroidetes; genus Prevotella_1 and Treponema_2) which had the higher indicate value had a higher relative abundance in the TWA group (Supplementary Figure 2, Supplementary Tables 3, 4).



SCFAs Profiles and Their Correlations With Gut Microbiota Communities

We surveyed two dominant SCFAs, and the results showed that both the concentration of acetate acid (Figure 4A) and propionate acid (Figure 4B) in the fecal of TWA were significantly higher than S (P < 0.001), and the propionic acid concentration was significantly higher than Y as well (P < 0.05). These results were consistent with PCoA analysis, in which the SCFAs profile in TWA had a trend to congregate with Y, on the contrary, separated with S (Figure 4C).
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FIGURE 4. The concentrations of dominant SCFAs and correlations among bacteria, SCFAs concentration, and gut microbiotia diversity in the three different animal hosts. (A) Acetic acid concentration. (B) Propionic acid concentration. (C) PCoA of SCFAs profile based on Bray-Curtis distance between host species. (D–F) Are the correlation analysis among bacteria, SCFAs concentration, and gut microbiota diversity in S, TWA, and Y, respectively. ***P < 0.001, *P < 0.05.


To further explore the driving factors affecting the production of SCFAs, we performed a correlation analysis using the indicator species phyla and genera as the driving factors and SCFAs and bacterial alpha diversity as the environmental factors. In the S group, Actinobacteria have positive effects on propionic acid production, and bacterial community diversity was affected by Planctomycete (Figure 4D). In the TWA group, the relative abundance of Actinobacteria, Bacteroidetes, and genus community has positive effects on propionic acid production, and Simpson indices was affected by Bacteroidetes (Figure 4E). In the Y group, Bacteroidetes had positive effects on propionic production, and both Firmicutes and genus have significant positive effects on bacterial richness (Figure 4F).



Gut Enterotypes and Functional Contexts of Treponema 2, WCHB1-41, and Prevotella 1 in the Adaptation to Sparse Vegetation

Different enterotypes may functionally differ (Costea et al., 2018). Therefore, we investigated whether the gut microbiota partition into clusters with functional properties that vary among hosts. A principal component analysis (PCA) revealed that samples formed two distinct enterotype clusters based on their BC dissimilarities. The intestinal microflora of Y and S belonged to the enterotype1 clusters whereas the intestinal microflora of TWA belonged to the enterotype2 clusters. The clusters were distinguished by the relative differences in their representative bacterial genera. Akkermansia, Ruminococcaceae_UCG_010, Bacteroidetes, and Ruminococcaceae_UCG_005 were in enterotype1 while Treponema 2, WCHB1-41, and Prevotella 1 were in enterotype2 (Figure 5A). The top 10 relative abundance of representative bacterial genera (Figure 5B) of Ruminococcus_UCG_005, Ruminococcaceae_UCG_010, Akkermansia, Ruminococcaceae_UCG_013, and Bacteroidetes had significantly higher enrichment in enterotype1 (P < 0.001; Figures 5C–H, Supplementary Figure 3). In contrast, the relative abundance of Bacteroides_unclassified, WCHB1-41, Treponema 2, and Prevotella _1 were significantly higher in enterotrpe 2 (P < 0.001).
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FIGURE 5. Enterotype distributions of gut microbiota associated with different hosts using Bray-Curits dissimilarity. Identification of gut enterotypes is shown in Supplementary Figure 1. (A) Visualizations of enterotypes, indentified by PAM (partitioning around medoid) clustering. (B–H) Relative abundances of bacterial taxa characteristic of each enterotype. Ten genera were selected based on their average contributions to the overall Bray-Curtis dissimilarity. All four bacterial genera are shown in Supplementary Figure 3. All boxplots distributions are test by Mann-Whitney U-test with FDR-corrected P-value, box-plots center values indicate the median, and whiskers represent 0.75 times the interquartile range. *** < 0.001, no * mean no significant difference.


The distributions of the gut enterotypes in these hosts led us to hypothesize that the fixed enterotype represented by Treponema 2, WCHB1-41, and Prevotella 1 regulates the assimilation of essential nutrients from sparse forage. To test the hypothesis, we queried the functional relevance of Treponema 2, Prevotella_1, and WCHB1-41 in the Kyoto Encyclopedia of Genes and Genomes (KEGG) database. Treponema 2, WCHB1-41, and Prevotella_1 showed convergent enrichment of the enzymes involved in the arginine (Arg; map: 00220) and fatty acid (FA) biosynthesis (map: 00061) pathways (Figure 6). Pyruvate oxidation and decarboxylation to acetyl CoA are mediated by Treponema 2, Eubacterium, and WCHB1-41, and they enter the citrate cycle, promote Arg biosynthesis, and regulate FA biosynthesis. We detected 14 enzymes involved in Arg biosynthesis but no enzyme regulating urea synthesis. This physiological configuration mitigated urinary N loss in TWA under low-N stress. Seven of the eight foregoing enzymes directly participated in FA biosynthesis and energy generation. The preceding results suggested that both the Arg and FA biosynthesis pathways evolved in the gut of TWA grazing on sparse vegetation to ensure that they utilize N and generate energy under these conditions.
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FIGURE 6. Metabolic pathways in host associate with Treponema 2, Prevotella 1, and WCHB1-41. All enzymes and EC numbers are obtained from Kyoto Encyclopedia of Genes and Genomes (KEEG) database.




Meta-Genomic Sequencing Profile and the Functional Microbita Related to Cellulose Degrading and Methane Producing

Sixteen samples were selected (TWA, n = 7; Y, n = 4; S, n = 5) based on their β-diversity and Bray-Curtis (BC) distance values (Figure 3E) for meta-genomic sequencing. About 12.40 G clean bases per sample (Supplementary Table 5), with an average N50 length of 1.47 kb, including 14.93 million non-redundant unigenes and an average ORF length of 653 bp. A total of 3,766,521 genes were cataloged in the NR database annotation. The overall and domain-, phylum-, genus-, and species-level annotation rates were 80.75, 75.38, 49.38, and 34.31%, respectively (Supplementary Table 6).

The bacterial abundance was significantly higher (P = 0.003) in the gut of TWA than it was in those of S and Y (Figure 7A). By contrast, the abundance of archaea was significantly lower (P = 0.001) in the gut of TWA than it was in those of S and Y (Figure 7B). We then analyzed gut microbiota related to cellulose decomposition and methane production. The abundances of the cellulolytic bacteria Prevotella ruminicola, Ruminococcus flavefaciens, Ruminococcus albus, Butyrivibrio fibrisolvens, and Ruminobacter amylophilus were significantly higher in the gut of TWA than they were in those of Y and S (Figure 7C, Supplementary Table 7). Methanobrevibacter and Methanosphaera were the predominant methanogenic archaea in all samples, but their abundances were significantly higher in TWA than Y or S (Figure 7D, Supplementary Table 7).


[image: Figure 7]
FIGURE 7. Gut microbiota composition, and functional microbiota relate to cellulose degradation and methane production. Violin plot showing relative abundances of bacteria (A) and archaea (B) in different hosts. Analysis of relative abundances of cellulose-degrading species (C) and methane-producing archaea (D). Different letters denote statistically significant differences at corrected P < 0.05.




Carbohydrate-Metabolizing Genes

To establish the potential capacity of gut bacteria to degrade herbage biomass, we sought carbohydrate-active enzymes (CAZymes) among the nonredundant genes. A hierarchically clustered heatmap (Figure 8) based on the overall CAZyme families disclosed that the unigenes in S and Y clustered together and separated from those in TWA. The compositions of the unigenes in Y and S resembled each other more closely than those of the unigenes in TWA.


[image: Figure 8]
FIGURE 8. Heatmap visualization of the distribution of non-redundant genes among samples. Heatmap based on hierarchical clustering solution (Euclidean distance) of 16 samples. Rows represents 286 glucoside hydrolase family genes. Columns represent 16 samples. Relative abundance of each gene is normalized [log2 (data+1)] and displayed in rows of cells.


To further explore the significance of these unigenes, a metastat analysis identified the underlying CAZyme families and the EC numbers (top 12 in terms of relative abundance) for the constituents differing among animal groups. In addition to GT2, the CAZymes GH43, GH3, GH31, GH5, and GH10 associated with cellulose and hemicellulose degradation were significantly more abundant in TWA than Y or S. Conversely, GH13, GH20, CE1, GT35, and GT4 related to starch and carbohydrate ester decomposition were significantly less abundant (P < 0.05) in TWA than Y or S (Figure 9, Supplementary Table 8). All the EC numbers in TWA were significantly higher than those in Y and S (P < 0.05; Supplementary Figure 4).


[image: Figure 9]
FIGURE 9. Relative abundances of top12 genes encoding glycoside hydrolases (GHs), glycosyltransferases (GTs), carbohydrate esterases (CEs), and carbohydrate-binding moudles (CBMs). *P < 0.05, **P < 0.01.





DISCUSSION

The low temperatures and hypoxia of the QTP make it an extremely harsh environment for mammalian species. Y, S, and TWA are primary consumers of alpine grassland. They graze the QTP grasslands all year and must contend with the severe challenges of extreme cold and limited food availability. Especially for TWA, they receive no special care such as forage supplementation from herdsman (Liu et al., 2019) and must subsist on sparse native forage. In the present study, we considered the nutrition and apparent digestibility of forage and cellulose activity in three co-resident herbivore species. In general, monogastric animals less effectively digest and assimilate high-fiber, low-protein grass than ruminants such as Y and S (Hintz et al., 1978). The high apparent digestibility of herbage is one of the vital factors for Y and S to adapt to the long cold season (~6 months) and seasonal imbalance of pasture production of QTP (Dong et al., 2006). Similarly, forage digestibility of TWA determines the host's ability to cope with the nutrient stress of forage. In the present study, the higher apparent digestibility of TWA in CP (81.26%), NDF (65.14%), ADF (54.63%), and cellulose activity (517.79 U/g) revealed that TWA had a relatively more efficient nutrient uptake and could, therefore, withstand harsher nutritional stress than the domestic animal.

Host forage digestibility depends on the synergistic action of various gut microbiota (Brune and Ohkuma, 2010; Gomez et al., 2021). Host genome, phylogeny, diet, and environmental heterogeneity are usually the main factors affecting gut microbial community structure (Grieneisen et al., 2019). In our study, Y and S are the different species from different genera; however, there was no significant difference in their gut microbial diversity. This indicated that host genetics may not be a decisive factor influencing gut microbiota composition (Martinson et al., 2017). Host phylogeny can influence the microbial community diversity through immune-related genes that shape host–microbita interactions (Zhang et al., 2013, 2015). In our study, the experimental animals belonged to different phylogenies, and thus the different gut microbiota diversity and community structure might be related to this. However, based on a previous study of gut microbiota of captive colobine monkey species, researchers found that colobine phylogenetic relationships was not reflected in the gut microbiota (Vanessa et al., 2017); therefore, we speculated that phylogeny may not be a decisive factor as well. Of course, the structure and composition of gut microbiota were affected by multiple factors. In our study, the relatively higher gut microbiota diversity observed in TWA might be explained by environmental heterogeneity. Y and S were under the supervision of a professional shepherd and subsisted on high-quality grass pastures. In contrast, human interference forced TWA to travel longer distances to eat lower-quality indigenous plants in various habitats. Cao et al. (2009) reported that during the warm season, 16 plant species were edible for Y and S, while 19 plant species were edible for TWA. Differences in grazing strategy lead to differences in environmental heterogeneity. For wild animals, wide feeding ranges are beneficial for the diversification of food and gut microbial diversity. Conversely, domestic animals grazing under the control of herdsman are subject to reduced environment heterogeneity, which is not conducive for the development of microbial diversity. Thus, environment heterogeneity and food source diversity may be complementary. Therefore, we believed that diet and environmental heterogeneity significantly influence the differences between domestic and wild animals in terms of gut microbial diversity. The results of the present study were consistent with an earlier one indicating that among host behavior, geographical distance, environmental variation, and genetics, environmental variation was the principal predictor of host–microbiota associations (Song et al., 2020).

In this study, we systematically and comprehensively analyzed the differences in the gut microbiota of wild and domestic animals. Similar to previous studies (Liu et al., 2020b; Jiang et al., 2021), Bacteroidetes and Firmicutes, which were related to cellulose and hemicellulose decomposing, were found to be the most abundant bacterial phyla in our study. Moreover, indicator analysis showed these two phyla were represented by Y and TWA. The fact that Y possessed the potential to tolerate roughage through numerous Bacteroidetes consortiums has been reported (Guo et al., 2021). Here, the presence of Bacteroidetes indicator species in TWA suggests that these animals might be more tolerant to roughage than Y. This speculation is supported by the relatively higher herbage ADF and NDF digestibility and cellulose activity in the gut of TWA.

The SCFAs, the metabolites of forge fermentation by microorganisms, are important energy sources for the host, and they also maintain the homeostasis of the intestine (Popkes and Valenzano, 2020). Studies have shown that the main SCFAs in the gut are acetate and propionate (Fan et al., 2020). Consequently, we designated them as the main environmental factors and elucidated their relationships with microbial community indicator species. We found Actinobacteria were significantly positively correlated with propionate production in the gut of S while Planctomycetes was significantly positively correlated with the Shannon and Simpson indices. The foregoing bacteria did not predominate in the intestinal microflora. Nevertheless, they increased gut microbiota diversity and homogeneity and may have helped S to digest and absorb dietary nutrients. In TWA, all indicator species in the Bacteroidetes and Actinobacteria (but not Kiritimatiellaeota), as well as the genera Prevotella_1 and Rikenellaceae promoted propionate production. For Y, however, only Firmicutes positively affected propionate production. As TWA had a diverse gut microbial consortium associated with propionic acid production, we speculated that this wild herbivore absorbed energy more effectively than the domestic herbivores (van Kessel et al., 2011). This advantage enabled TWA to cope with harsh environmental conditions and food scarcity.

Enterotypes were first discovered in the human gut microbiome and are roughly divided into Bacteroidetes, Prevotella, and Ruminococcus. These three taxa vary widely in terms of energy processing, vitamin biosynthesis and, by extension, impact host health (Arumugam et al., 2011). Guo et al. (2021) reported that yak shifted their enterotypes in response to dietary changes between the warm and cold seasons so that they could utilize N and energy most effectively. Fan et al. (2020) revealed the formation of various enterotypes helped QTP pika adapt to complex food conditions. The present study provided biological insight into gut enterotype clusters and functions as well as functional genomic information for wild and domestic herbivores. The Akkermansia, Ruminococcaceae sp, and Bacteroides enterotype which associated with high protein and low fiber forage nutrition belonged to Y and S, whereas, the Prevotella_1, WCHB1-41, and Treponema 2 enterotype with low protein and high fiber belonging to TWA. It was suggested that the proportion of protein and carbohydrate contents mediated the host's enterotype shift, at least in wild baboons (Ren et al., 2016) and domestic yak (Guo et al., 2021). In our study, the variations in dietary protein and fiber contents could provide an attractive explanation for the differentiation of enterotype, and might also contribute to determine the enterotype for high-altitude herbivores on QTP. Y and S are indigenous livestock grouped into a single enterotype. This finding is an evidence for the existence of convergent gut microbe evolution (Xue et al., 2017). The formation of the TWA intestinal type might have been the result of long-term co-evolution between the host and the environment. It suggests that fixed enterotypes play key roles in animal adaptation to extreme environment. The present study also provided a mechanistic explanation as Treponema 2, WCHB1-41, and Prevotella_1 participated in Arg and FA biosynthesis to utilize dietary N and generate energy for TWA subjected to harsh forage and environmental conditions. During the cold season on the QTP, domestic animals such as Y have lower N requirements and utilize dietary N more efficiently than cattle (Guo et al., 2012, 2021; Zhou et al., 2017). In the context of a growing overlap between the living space of wild and domestic animals, our study clarified the influences of Treponema 2, WCHB1-41, and Prevotella_1 enterotypes on N and energy utilization in TWA and showed that these enterotypes play vital roles in mediating nutrient homeostasis in wild animals native to high altitude.

As 16S amplicon sequencing is limited (Qin et al., 2010), we elucidated gut microbiota structure and function via meta-genomic sequencing. The compositions of bacteria and archaea differed significantly among Y, S, and TWA. Bacteria were enriched in the TWA gut while archaea were enriched in the intestines of domestic animals. Certain grazing animals do not digest grass per se. Rather, they assimilate the bacteria decomposing the plant biomass into various nutrients (Niu et al., 2015). In the present study, we found that cellulolytic and proteolytic bacteria (Hastie et al., 2008; Liu et al., 2020a) such as R. flavefaciens, P. ruminicola, B. fibrisolvens, R. albus, R. amylophilus, and F. succinogenes were significantly more abundant in TWA than Y or S. These findings were consistent with the fact that TWA had relatively higher DM digestibility. Therefore, we concluded that the comparatively higher abundance of functional bacteria in the gut of TWA improves forage digestibility and produces high SCFAs concentrations to help the host efficiently use the forage, obtain energy, and adapt to environments with relatively less or inferior forage. When H2 accumulates during bacterial catabolism, archaeal growth is stimulated by H2 incorporation into greenhouse gases (GHG) such as methane and carbon dioxide (Matarazzo et al., 2012; Hoffmann et al., 2013). In the present study, Methanobrevibacter, Methanosphaera, and Methanobacteriun (Shi et al., 2014) associated with methane production were enriched in the intestinal tracts of S and Y. The methane emission from herbivorous not only results in environmental problems but also represents a significant source of energy loss to animals (Lan and Yang, 2019). A previous study revealed that Y and S were sustainable high-altitude mammals as their unique microbiome genes and structures could aid in the biological control of GHG emissions (Zhang et al., 2016). Here, we did not perform laboratory-level gas production assays on TWA, Y, or S from the perspective of the gut microbiome functional analysis; however, TWA might be more sustainable than Y or S as the former have lower methane emission potential than their domestic animal co-residents and might use energy more efficiently to cope with the perennial cold climate of the QTP.

The capability of herbivores to transform plant biomass into fermentable sugars depends entirely on the polysaccharide-hydrolyzing enzymes produced by intestinal microflora (Bohra et al., 2019). β-Glucosidase (EC 3.2.1.21) degrades plant cellulose by hydrolyzing the terminal non-reducing β-D-glucose bond (Xiros et al., 2013). Arabinanase (EC 3.2.1.99), xylanase (EC 3.2.1.8), and β-xylosidase (EC 3.2.1.37) synergistically degrade hemicellulose in plant cell walls (Sunna and Antranikian, 1997). The carbohydrate-active enzymes database (CAZy) provides information on CAZyme families including GHs, GTs, PLs, CEs, CBMs, and AAs. Of these, GHs are the most diverse and abundant (Cantarel et al., 2009). In the present study, we described the top 12 CAZyme families and enzymes. GH43, GH3, GH31, GH5, and GH10 decompose cellulose and hemicellulose and were more abundant in TWA than S or Y. Conversely, enzymes digesting starch and carbohydrate esters were comparatively more enriched in domestic animals. These discrepancies may be explained by the differences in the host feeding niches. TWA usually feeds on forage grass with high cellulose content whereas domestic animals selectively consume high-quality forage under the intervention of herdsmen. Convergent evolution of the functional genes of intestinal flora is also the consequence of host adaptation.



CONCLUSION

The feeding niche heterogeneity is one of the main factors leading to the differences in gut microbiota among Y, S, and TWA. As the native herbivorous domestic livestock, the gut microbiota of Y and S exhibit convergent evolution characterized by the similar community and diversity and the same enterotype. Moreover, the intestinal flora of bath animals have an advantage in degrading plant starch and esterase. The indigenous TWA are highly adapted to the low temperatures, hypoxia, and high-fiber, low-protein native vegetation of this harsh environment in part because the composition, structure, and diversity of their gut microbiota are distinct from those of their domestic livestock co-residents. Furthermore, the intestinal microflora of TWA is characterized by high diversity, high nitrogen utilization efficiency and energy generation, abundant cellulolytic bacteria, high enzyme activity, and numerous gene families encoding glycoside hydrolases. The present study revealed the unique gut microbiota-mediated mechanisms by which TWA adapts to abiotic stress and poor forage quality. It also provides an important theoretical basis for the protection of wild animals indigenous to the QTP and the development and therapeutic application of intestinal microflora.
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The gut microbiota, considered the “invisible organ” in the host animal, has been extensively studied recently. However, knowledge about the gut microbiota characteristics of passerine migratory birds during migration is limited. This study investigated the gut microbiota characteristics of three dominant migratory bird species (namely orange-flanked bluetail Tarsiger cyanurus, yellow-throated bunting Emberiza elegans, and black-faced bunting Emberiza spodocephala) in the same niche during spring migration and whether they were bird sex-specific. The compositions of gut microbiota species in these three migratory bird species and their male and female individuals were found to be similar. The main bacterial phyla were Proteobacteria, Firmicutes, Actinobacteria, and Bacteroidetes, and the main genera were Lactobacillus, Acinetobacter, Rickettsiella, and Mycobacterium; however, their relative abundance was different. Moreover, some potential pathogens and beneficial bacteria were found in all the three bird species. Alpha diversity analysis showed that in T. cyanurus, the richness and diversity of the gut microbiota were higher in male individuals than in female individuals, while the opposite was true for E. elegans and E. spodocephala. The alpha diversity analysis showed significant differences between male and female individuals of E. elegans (p < 0.05). The beta diversity analysis also revealed that the gut microbial community structure differed significantly between the male and female individuals of the three migratory bird species.
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Introduction

The gut microbiota in vertebrates may affect their metabolism, development, and physiological processes, including health and behavior (Bäckhed et al., 2005; Heijtz et al., 2011; Tremaroli and Bäckhed, 2012). The gut microbial community of birds has some unique and distinctive features compared to that of mammals, fish, and insects (Hird et al., 2014), which are possibly related to their diet, physiological characteristics, sex, and reproductive patterns (Kohl, 2012). The gut microbiota of wild birds has recently received widespread attention for being the source of zoonotic pathogens that cause many human and animal diseases (Tsiodras et al., 2008).

With diverse species and life history characteristics, birds can have different migratory behavior, flying capacity, diet, mating system, lifespan, and physiology, all of which may influence the gut microbiome (Grond et al., 2018). According to Hologenome theory, organisms and their microbiota communities co-evolve and these communities can improve host adaptive parameters such as survival, phenotypic plasticity, and reproductive performance in response to environmental stresses such as migration (Zilber-Rosenberg and Rosenberg, 2008; Grond et al., 2018). In birds, migration can significantly impact the gut microbiota composition due to a change in intrinsic physiology affecting the plasticity of gut morphology. For example, in migratory seabirds, the gastrointestinal tract mass (length) can reduce up to 30% before long-distance migration (Battley et al., 2000). This significantly impacts the bird’s physiological function and food intake rates, thereby altering the physical habitat of gut microorganisms. In addition, the lack of nutrient intake during flight may make the microbiota community monotonous. Accordingly, many migratory birds often have one or more migration stopover sites (Schmaljohann et al., 2022) that are often rich in food. At a stopover site, the interaction between birds can promote the transfer of microorganisms through close contact and involuntary co-feeding (Grond et al., 2014; Ryu et al., 2014). At the halfway stop site, the microbiota already present in the gastrointestinal tract of migratory birds may compete vigorously with incoming food-associated microbiota. Alternatively, the small residence time of the migratory bird at the stopover site may not allow the rapid settling of food intake-related bacteria.

Migration is a costly behavior as it consumes a lot of energy. However, in birds, it allows access to abundant seasonal resources (Gauthreaux, 1980). Seasonal bird migration usually involves a sequence of movements with stopovers to replenish energy and rest. Therefore, stopovers are crucial for the successful migration of animals (Hegemann et al., 2018). Theoretical models suggest that birds spend 90% of their total migration time and 67% of their energy during migratory stops (Hedenström and Alerstam, 1997). Migration can reduce the risk of infection as birds can escape from pathogens in time and space through migration, which is known as the “migratory escape” (Altizer et al., 2011; Poulin et al., 2012; Shaw and Binning, 2016). For many species such as mammals (Mysterud et al., 2016), insects (Bradley and Altizer, 2005), fish (Sjöberg et al., 2009), and birds (Risely et al., 2018), if an animal escapes from a habitat where the pathogen has accumulated, or if the arduous journey kills the infected host, migration can reduce the risk of infection (Satterfield et al., 2018). Additionally, if complex environmental changes during migration are unsuitable for pathogens (Shaw and Binning, 2016), the infected hosts may die during migration and their death reduces the risk of infection in successfully migrating individuals (Johns and Shaw, 2015). Nevertheless, some researchers believe that migration may increase the host’s susceptibility to pathogens (Figuerola and Green, 2000) as birds will regulate and redistribute immune function during migration (Buehler et al., 2010; Eikenaar and Hegemann, 2016). However, the physiological pressure of migration can weaken the defense capability of the host, increasing the risk of infection (Buehler and Piersma, 2008). Moreover, migratory birds may encounter more pathogen infestations at breeding and wintering sites and along migration routes (Bauer and Hoye, 2014; Shaw and Binning, 2016). For example, the migration of sandhill crane (Grus canadensis) promoted Enterococcus spp., Escherichia coli, and Campylobacter spp. in the river water and at its stopover sites (Lu et al., 2013).

A series of intrinsic (genetics, age, sex, and health) and extrinsic (diet, social activities, and environmental microorganisms) factors and their interactions can influence the composition and structure of gut microbiota (Benson et al., 2010; Bevins and Salzman, 2011; Bolnick et al., 2014; Grond et al., 2018). The impact of sex, an internal factor, on gut microbiota is often ignored (Kim et al., 2020) and fiercely debated. Animal sex can influence the gut microbiota composition through sex-specific hormone–microbial interaction and immune response (Org et al., 2016). In mice, even with the same diet and feeding environment, the gut microbiota composition differed significantly between male and female individuals (Org et al., 2016). By contrast, some studies have suggested no effect of animal sex on gut microbiota (Lay et al., 2005; Kreisinger et al., 2015). External environmental factors, such as feeding location and food, are considered the major factors affecting the gut microbiota of passerines (Hird et al., 2014). The gut microbiota of songbirds showed more similarities within and between species during stopovers, suggesting a crucial role of the local diet and/or environment in gut microbiota changes (Lewis et al., 2017). Notably, birds lack initial mechanical digestion and may be more dependent on the gut microbial community for digestive functions (Grond et al., 2018).

Male and female animals have different reproductive physiology and behavior, which may affect their gut microbiota characteristics. Among the eight most common bacterial genera, three genera (Enterococcus, Rothia, and Streptococcus) differed significantly between male and female individuals in Colinus virginianus (Su et al., 2014). Sex hormones are known to interact with human gut microbiota (Neuman et al., 2015), but the same is unclear in birds. Studies investigating avian sex hormones have concentrated on the immunosuppressive effects of testosterone (Alonso-Alvarez et al., 2009). Escallón et al. (2016) concluded that testosterone levels positively correlate with cloacal microbiota diversity and Chlamydia spp. abundance, producing a potential immunosuppressive effect (Escallón et al., 2016). Alternatively, higher testosterone levels may increase the mating sessions with different mates, facilitating bacterial transmission through sex. Overall, the behavior of animals can significantly affect their microbiota communities and vice versa (Ezenwa et al., 2012).

The bird gut microbiota is mainly composed of Firmicutes, Proteobacteria, Bacteroidetes, and Actinobacteria (Grond et al., 2018). Several poultry studies have shown that Firmicutes abundance is positively correlated with animal weight gain and immune function, but the same is not known in wild birds (Grond et al., 2018). The proportion of Proteobacteria is higher in birds than in mammals, especially Proteobacteria can account for up to 45% in wild birds (Grond et al., 2018). Although Actinobacteria are the fourth most abundant microbial phylum in the gastrointestinal tract of wild birds, their effect on bird physiology is largely unknown (Grond et al., 2018). Many gut commensal microorganisms, such as Bifidobacteriaceae and Lactobacillaceae, are considered probiotics with essential roles in nutrition, growth, and prevention of infection (Bäckhed et al., 2005; Quigley, 2010; Olnood et al., 2015).

The gut microbiome characteristics have been intensively studied in humans (Zhang et al., 2019; Wang et al., 2022), and small-scale studies have been conducted in poultry too (Borda-Molina et al., 2018; Lee et al., 2019). However, the characteristics of gut microbiota in passerine migratory birds during migration remain unclear. In this study, at the stopover site of migratory birds in Heilongjiang Province, China, we selected three dominant passerine bird species, namely the orange-flanked bluetail (Tarsiger cyanurus) and two migratory birds of the same genus, the yellow-throated bunting (Emberiza elegans) and black-faced bunting (Emberiza spodocephala) as the research objects. Two subspecies of T. cyanurus can be found in China: T. c. cyanurus and T. c. rufilatus. We here studied T. c. cyanurus, which breeds in Siberia and overwinters in the south of Yangtze River. During the migration period, the T. cyanurus population peaked in mid-to-late April and stayed for (3.4 ± 3.4) days (Wang et al., 2006; Luo et al., 2014), and the average migration time was 26.45 ± 3.46 (X ± SD, N = 20). E. elegans in the study area is a northeastern subspecies (E. e. ticehursti) that overwinters in North, Central, and Southwest China and breeds in the Russian Far East and Northeast (Choi et al., 2019). The population of male birds peaked in late March and that of female birds peaked in mid-April, with an average migration time of 33.6 ± 4.54 (X ± SD, N = 20). E. spodocephala has three subspecies, and the research object was a nominate subspecies. These birds are mainly distributed in Eurasia; breed in Siberia, northeastern China, and Korea; and overwinters in the south (Choi et al., 2020). The E. spodocephala population peaked in mid-to-late April, with an average migration time of 29.95 ± 3.34 (X ± SD, N = 20). The 16S rRNA gene fragments of microorganisms in the field-collected samples of feces were amplified and sequenced through high-throughput sequencing technology to analyze the characteristics of the gut microbiota of migratory birds in the same ecological niche, and the possible effect of sex factors on gut microorganisms in these birds.



Materials and methods


Sample collection

The fecal samples were collected at the Maoer Mountain Bird Ringing Center (45°24′13.3″N, 127°39′39.7″E) of Northeast Forestry University during the spring migration of migratory birds in April 2021. The migratory birds were captured in fog nets, and after ringing, sterile collection containers were placed at the bird’s anus to directly collect the feces by gently pressing the bird’s belly. After labeling the samples, they were immediately placed into liquid nitrogen for storage. After being transported to the laboratory, the fecal samples were stored at −80°C for later use. In total, 120 samples (40 samples of each T. cyanurus, E. elegans, and E. spodocephala, including 20 from males and 20 from females) were harvested.



DNA extraction, amplification, and genome sequencing

The DNeasy PowerSoil Kit (Mo Bio) was used to extract microbial DNA from the fecal samples following the manufacturer’s instructions (Wei et al., 2020; Meng et al., 2021; Obrochta et al., 2022). The DNA concentration was estimated using a fluorescence spectrophotometer (Quant-iT PicoGreen dsDNA Assay Kit, dsDNA), and the quality of the product was analyzed through 1% agarose gel electrophoresis. The DNA samples were uniformly diluted to 20 ng/μl for subsequent analysis. The v3–v4 region of the bacterial 16S rRNA gene was amplified through PCR by using forward 338F (5′-ACTCCTACGGGAGGCAGCA-3′) and reverse 806R (5′-GGACTACHVGGGTWTCTAAT-3′) primers (Ding et al., 2020; Feng et al., 2021; Meng et al., 2021); the PCR system and conditions are described in Supplementary material. The PCR amplification products were recovered and purified using the AxyPrep DNA Gel Extraction Kit (Axygen, AP-GX-500), and each sample was quantified with the Quant-iT PicoGreen dsDNA Assay Kit (Invitrogen, P7589) by using a BioTek Flx800 microplate reader. The high-quality DNA samples were used to construct libraries following the standard Illumina DNA library preparation experimental procedures, and sequencing was performed on the Illumina NovaSeq PE250 (2 × 125 bp; San Diego, California, United States) platform. All data are stored in the Sequence Read Archive database of NCBI with ID PRJNA772042.



Sequence data processing

The gene sequences obtained from sequencing on the Illumina NovaSeq PE250 platform were analyzed using QlIME2 2019.4 (Callahan et al., 2017; Bolyen et al., 2019; Tipton et al., 2022) software. Raw sequence data were demultiplexed using the demux plugin. Primers were cut using cutadapt 1.16 (Martin, 2011). Next, the DADA2 plugin (Callahan et al., 2016) was used for quality filtering, denoising, merging, and removal of chimera. After dereplication, amplicon sequence variants (ASVs) were obtained. According to the Greengenes database (DeSantis et al., 2006), using the classify-sklearn algorithm of QIIME2 2019.4 (Bokulich et al., 2018) and default parameters in the pre-trained Naive Bayes classifier, species annotation was performed on the characteristic sequence of each ASV. In QIIME2 2019.4, the obtained non-singleton ASVs were aligned with mafft (Katoh et al., 2002) and then used to construct a phylogenetic tree with FastTree2 (Price et al., 2009). Using the Rarefaction method, the generated ASV abundance table was subsampled (Heck et al., 1975; Kemp and Aller, 2004). Next, in QIIME2 2019.4, we used the Qiime feature-table rarefy function to set the subsample depth to 95% of the minimum sample sequence size to obtain the ASV subsample table.



Statistical analysis

According to the ASV subsample table, using the self-compiled Perl script and the results of taxonomic annotation of the sequences, the number of taxa in the respective sample at each taxonomic level was calculated. In the QIIME2 2019.4 program, the feature table after the removal of singletons is statistically performed, and the “qiime taxa barplot” command is invoked. In this article, the composition distribution of 10 species with the highest relative abundance at the taxonomic level of phylum and genus is shown, while the relative abundance of the remaining species was combined and classified as Others. The species composition of the sample is shown accordingly in a column chart. With the genus as the highest taxonomic level, the top 100 ASVs in abundance were taken and a circle packing chart was used to present the taxonomic composition of the microbial community, showing the proportion of different taxonomic units in different groups at the same time (Carrión et al., 2019). Using the ggplot2 package (Wickham et al., 2016) in R v3.2.0., a microbial taxonomic rank tree was drawn and the grouped abundance data for respective ASVs were added to the graph as pie charts.

Richness and diversity are characterized by Chao (1984) and Shannon (1948) indices, respectively. In QIIME2 2019.4, using the unsubsample ASV table, the “qiime diversity alpha-rarefaction” command was invoked and the minimum subsample depth was set to 10, 95% of the sequence volume of the sample as the lowest sequencing depth to calculate the alpha diversity index. Data were plotted as boxplots using the ggplot2 package (Wickham et al., 2016) in R v3.2.0., and the significance of differences was verified using the Kruskal–Wallis rank-sum test and Dunn’s test as post-hoc tests. To explore whether the size of the sample alpha diversity index was related to the subsample depth of the ASV table, a rarefaction curve was drawn to predict the total number of species and the relative abundance of respective species (Heck et al., 1975; Kemp and Aller, 2004). The “qiime diversity alpha-rarefaction” command in QIIME2 2019.4 was used to generate the alpha-rarefaction.qzv file, which was visualized at https://view.qiime2.org/.

The beta diversity analysis is conducted for comparing diversity between different habitats, that is, the differences between different samples. Principal coordinates analysis (PCoA) is one of the most classic non-constrained ordination (Classical Multidimensional Scaling, cMDScale) analysis methods (Ramette, 2007) that can be used to reduce the dimensionality of multidimensional microbial data. PCoA was employed to find the main trends by distributing samples in a continuous ordination axis. In QIIME2 2019.4, the unweighted UniFrac distance matrix was calculated by invoking the “qiime diversity core-metrics-phylogenetic” command based on the tree file by using the ASV subsample table (Lozupone and Knight, 2005; Lozupone et al., 2007) to perform PCoA analysis and produce output QZV files. Meanwhile, the PCoA coordinates of the output sample points were analyzed through PCoA by using the ape package in R v3.2.0. and plotted as a two-dimensional scatter plot. If the purpose of ordination is to find continuity in the data (i.e., showing the main trends of the data through a continuous ordination axis), then the purpose of cluster analysis is to find discontinuity in the data. Hierarchical clustering is often used in beta diversity clustering analysis to display the similarity between samples in the form of a hierarchical tree. The quality of the clustering effect is determined by measuring the branch length of the clustering tree. We used the unweighted pair-group method with arithmetic means to compute the unweighted UniFrac distance matrix for clustering analysis (Li and Xu, 2010). Through the unweighted UniFrac distance matrix, permutational multivariate analysis of variance (PERMANOVA) was used to analyze the differences in the microbial community structure between male and female birds (McArdle and Anderson, 2001); the differences between groups were analyzed using the scikit-bio package in Python v2.7.15. The number of permutation tests was 999.

Having explored differences in microbial community composition (i.e., beta diversity), we next examined the species primarily responsible for these differences. We used Venn diagrams (VennDiagram package in R v3.2.0) for microbial community analysis to identify the common and unique species among different groups. The abundance data of ASV in all samples were used to calculate the relationship between male and female individuals (Zaura et al., 2009). The linear discriminant analysis (LDA) effect size (LEfSe) analysis is a differential analysis method that combines the nonparametric Kruskal–Wallis and Wilcoxon rank-sum tests with the LEfSe (Segata et al., 2011). The LEfSe analysis can directly and simultaneously perform differential analysis on all taxonomic levels, identifying robust differential species between groups, namely biomarkers. We used a species taxonomic cladogram to show the taxonomic hierarchical distribution of marker species in each group of samples. The LEfSe package in Python v2.7.15 (Segata et al., 2011) with the Kruskal–Wallis rank-sum test (p < 0.05) was used to detect all characteristic species and species with significant differences between groups by detecting the difference in species abundance. Next, the Wilcoxon rank-sum test (p < 0.05) was used to detect the significance and consistency of the obtained data, and lastly, the LDA (default LDA threshold) was used to obtain the final differential ASV (i.e., biomarkers; Segata et al., 2011).

Results were considered significant at p < 0.05.




Results


Species composition and relative abundance of gut microbiota communities in migratory bird species

In total, after quality processing, 13,207,177 clean sequencing reads were obtained from 120 samples from the three bird species with an average of 110,059 reads per sample. Cumulative histograms were used to present gut microbial species composition at phylum and genus levels. The dominant phyla in the three migratory bird species were Proteobacteria, Firmicutes, Actinobacteria, and Bacteroidetes, among which Chlamydiae, Chloroflexi, TM7, and Verrucomicrobia were in small amounts, a set of unclassified sequences accounted for the remainder (Figure 1A). The taxonomic hierarchy tree diagram depicts the percentages of members in the three migratory bird species at the phylum, order, family, and genus levels (Supplementary Figures 1A-a–c). The dominant phylum in T. cyanurus was Firmicutes (36.56%), Proteobacteria (41.32%) in E. elegans, and Firmicutes (31.74%) in E. spodocephala, while the remaining bacteria and unclassified sequences accounted for a small amount (Figure 1A). The dominant genera in the three migratory bird species were also the same (Figure 1B) including Lactobacillus, Acinetobacter, Rickettsiella, Mycobacterium, and Pseudomonadaceae_Pseudomonas, among which, Bacteroidaceae_Bacteroides, Oscillospira, Methylobacterium, and Rhodococcus were in small amounts. The dominant genus was Lactobacillus (12.39%) in T. cyanurus, Acinetobacter (16.12%) in E. elegans, and Lactobacillus (8.76%) in E. spodocephala, while the remaining sequences accounted for other bacteria and unclassified sequences (Figure 1B).
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FIGURE 1
 Relative abundance of major taxa in bird’s gut microbiota. The abscissa in each figure represents the respective group, and the ordinate shows the relative abundance of respective taxa at the classification level. (A) Relative abundances at the phylum level for the three migratory bird species; (B) Relative abundances at the phylum level between male and female individuals of the three bird species; (C) Relative abundances at the genus level for the three migratory bird species, and (D) Relative abundances at the genus level between male and female individuals of the three bird species. Tac, Tarsiger cyanurus; Eme, Emberiza elegans; Ems, Emberiza spodocephala; TacM, T. cyanurus male; TacF, T. cyanurus female; EmeM, E. elegans male; EmeF, E. elegans female; EmsM, E. spodocephala male; EmsF, E. spodocephala female.


Concerning the species composition difference at the sex level, the main phylum of gut microbiota was the same in both males and females in T. cyanurus, E. elegans, and E. spodocephala but differed in relative abundance (Figure 1C). A taxonomic hierarchy tree diagram depicting the percentage of respective phylum, order, family, and genus in the male and female birds of the three bird species is shown in Supplementary Figures 1B-a–c. In T. cyanurus (Figure 1C), Firmicutes were most abundant in female birds (43.16%), while Proteobacteria were most abundant in male birds (35.00%). Notably, Tenericutes and Spirochaetes were detected only in female birds. In E. elegans (Figure 1C), Proteobacteria were relatively abundant in both male (44.08%) and female (38.57%) birds, whereas Spirochaetes and Fusobacteria were detected only in female birds. In E. spodocephala (Figure 1C), Firmicutes were dominant in both male (29.17%) and female (34.32%) birds, whereas Chlamydiae were detected only in male birds, and Acidobacteria were detected only in female birds. As shown in Figure 1D, the major genera were similar in both male and female birds of T. cyanurus, E. elegans, and E. spodocephala but differed in relative abundance. In T. cyanurus, Lactobacillus and Rickettsiella were the dominant genera in female (13.53%) and male (12.37%) birds, respectively. Acinetobacter and Lactobacillus were relatively abundant in male (27.83%) and female (6.30%) birds of E. elegans, respectively; and in E. spodocephala, Lactobacillus was quite relatively abundant in both male (8.57%) and female (8.95%) birds.



Richness and diversity of gut microbial communities in migratory birds

The sparsity curves of male and female individuals were calculated using the Chao1and Shannon indices. The analysis showed that sequencing data captured most of the microbiota diversity in the sample (Supplementary Figure 2). To examine the gut microbiota alpha diversity among male and female individuals of the three migratory bird species (Figure 2; Supplementary Table 1), we used Chao1and Shannon indices for characterization. All three bird species exhibited high alpha diversity. Gut microbiota alpha diversity differed significantly between the male and female individuals of the same species. The richness and diversity of gut microbial communities were higher in male birds than in female birds in T. cyanurus (Figure 2A); however, in E. elegans (Figure 2B) and E. spodocephala (Figure 2C), it was the opposite. Alpha diversity indices differed significantly between female and male birds in E. elegans.
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FIGURE 2
 Alpha diversity analysis of gut microbiota in migratory birds. Each dot denotes a sample. Each panel corresponds to an alpha diversity index indicated by the gray area at its top. In each panel, the abscissa is the grouping, and the ordinate is the value of the corresponding alpha diversity index. The numbers under the Diversity Index labels are p-values of the Kruskal–Wallis test. Alpha diversity analysis between male and female individuals of (A) Tarsiger cyanurus, (B) Emberiza elegans, and (C) Emberiza spodocephala. The abbreviations in this figure are expanded in the legend of Figure 1. The numbers under the Diversity Index labels are p-values of the Kruskal -Wallis test. **significant difference, ***extremely significant difference.




Ordination and cluster analysis of microbial communities

Ordination analysis of gut microbes in male and female (Figure 3) birds was performed using PCoA based on the unweighted UniFrac distance algorithm. T. cyanurus (Figure 3A) and E. elegans (Figure 3B) showed distinct clustering between the male and female individuals, whereas E. spodocephala (Figure 3C) did not. Average clustering based on the unweighted UniFrac algorithm at the genus classification level identified the clear clustering of male and female individuals of T. cyanurus (Supplementary Figure 3A) and E. elegans (Supplementary Figure 3B), whereas the clustering of male and female individuals of E. spodocephala (Supplementary Figure 3C) remained chaotic. The results of the PERMANOVA test based on the unweighted UniFrac distance algorithm showed that the differences in the gut microbial community structure between the male and female birds of T. cyanurus and E. elegans were significant (p = 0.001), and those between male and female birds of E. spodocephala were statistically significant (p = 0.016; Supplementary Table 2). Thus, beta diversity analysis revealed that the gut microbial community structure differed significantly between the male and female birds in all three migratory bird species.
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FIGURE 3
 PCoA analysis of the gut microbiota of migratory birds. Each point denotes a sample. The percentages in brackets on the axes represent the proportion of the sample difference data (distance matrix) explaining the corresponding axes. The comparisons between male and female individuals of (A) Tarsiger cyanurus, (B) Emberiza elegans, and (C) Emberiza spodocephala are shown. The abbreviations in this figure are expanded in the legend of Figure 1.




LEfSe-based differential analysis of gut microbiota

To explore the shared and unique gut microbiota species between the male and female individuals of the three migratory bird species, a Venn diagram (Supplementary Figure 4) was constructed on the basis of ASV abundance data. In total, 3,619, 3,205, and 5,536 sequences are common between the male and female individuals of T. cyanurus (Supplementary Figure 4A), E. elegans (Supplementary Figure 4B), and E. spodocephala (Supplementary Figure 4C), respectively.

LEfSe (Segata et al., 2011) analysis was used to identify microbial communities with significant differences in relative abundance between the male and female individuals of the three migratory bird species (Figure 4). We described the data at the phylum and genus levels. For example, at the phylum level, in T. cyanurus (Figure 4A), Actinobacteria and Proteobacteria showed a significant difference, with the highest relative abundance in male birds; Bacteroidetes and Firmicutes had the highest relative abundance in female birds. For example, at the genus level, a significant difference was observed for Mycobacterium, with the highest relative abundance in male birds, while Oscillospira, Ruminococcus, and Allobaculum had the highest relative abundance in female birds. For example, in E. elegans (Figure 4B), the phylum Firmicutes showed the highest relative abundance in female birds and the genus Acinetobacter showed the highest relative abundance in male birds, while Lactobacillus and Methylobacterium were higher in female birds. Likewise, for example, in E. spodocephala (Figure 4C), the phylum Verrucomicrobia showed the highest relative abundance in female birds. The genera Prevotella, CF231, and Faecalibacterium showed significant differences, with the highest relative abundance in male birds, while Bacillus and Turicibacter showed the highest abundance in female birds.
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FIGURE 4
 LEfSe species difference analysis-species taxonomy cladogram showing the taxonomic-level distribution of marker species between male and female individuals of (A) Tarsiger cyanurus, (B) Emberiza elegans, and (C) Emberiza spodocephala. The three migratory bird species have their own optimal thresholds (above the cladogram). Circles radiating from inside to outside represent the taxonomic hierarchy of the major taxonomic units from the phylum to genus in respective communities. p_:phylum, c_:order, o_:order, f_:family, g_:genus. The size of the nodes in the cladogram corresponds to the average relative abundance of ASV at the respective taxonomic level. The diameter of the node is proportional to the relative abundance. The hollow nodes represent species showing no significant differences, and the solid circles with different colors represent the relative abundances of significantly different species. Letters or letters/numbers at nodes in cladogram: labels for all different ASVs from the phylum to genus. Letter–number combinations were assigned per Figure part and do therefore not correspond to each other between the different Figure parts (A–C). Species with taxonomic names in brackets have no clear taxonomic understanding yet but exist in the database, that is, suspected taxonomy of the species (further validation is required). We kept the original Greengenes assignments, even if genera were assigned to wrong classes. We ensured that this did not change our results or conclusions. The abbreviations in this figure are expanded in the legend of Figure 1.





Discussion

Many recent studies have investigated on the gut microbiota of migratory waterbirds (Wang et al., 2016, 2019; Cao et al., 2020), but only a few have focused on small Passerine migratory birds. This study examined the gut microbiota structure and composition of T. cyanurus, E. elegans, and E. spodocephala in the same niche, as well as the effect of sex differences in birds on gut microbiota.


Gut microbial community characteristics of migratory bird species during migration

With long-term co-evolution of species, the host and its gut microbiota have established a relatively stable symbiotic system. Our results showed that the main dominant bacterial groups in the three migratory bird species are the same, mainly Proteobacteria, Firmicutes, Actinobacteria, and Bacteroidetes, which account for >96%; however, the relative abundance of dominant microbiota was different in each species. This is consistent with the results of a meta-analysis of bird gut microbiota conducted by Waite and Taylor (2014). Studies have shown that gut microbes play a vital role in avian host nutrition, immune function, and toxin processing (Kohl, 2012).

Firmicutes play a major role in the metabolism, digestion, and absorption of proteins and other nutrients (Berry, 2016). Short-chain fatty acids produced by Firmicutes can be directly absorbed by the gut wall to provide energy to the host, and the abundance of Firmicutes is associated with weight gain in humans, chickens, and rodents. Firmicutes abundance is positively related to mass gain and immune function in both mammals and chickens, but the role of Firmicutes in wild birds is unclear (Grond et al., 2018).The relatively high abundance of Firmicutes in insectivorous T. cyanurus and omnivorous E. spodocephala may help these birds with the required energy during migration. Proteobacteria were dominant in all the three migratory bird species but were significantly enriched in E. elegans. The increased abundance of Proteobacteria is considered a marker of biological disorder or potential disease (Shin et al., 2015), and Proteobacteria are dominant in malnourished children (Monira et al., 2011). Bacteroidetes degrade carbohydrates, breakdown polysaccharides that cannot be digested by the host to obtain energy, and interact with the immune system to inhibit the colonization of potential pathogens, and their metabolites (such as acetic acid, propionic acid, and succinic acid) contribute to killing of pathogens (Nkosi et al., 2022). Our research found that Bacteroidetes were significantly enriched in all the three migratory bird species. Actinobacteria play a key role in maintaining the stability of the gut’s internal environment (Binda et al., 2018) as well as in the breakdown of organic materials such as cellulose and chitin. Some symbiotic Actinobacteria species, namely probiotics, can control bacterial diseases in the host (Anandan et al., 2016). Actinobacteria were significantly enriched in E. spodocephala and E. elegans. The beneficial bacterium Lactobacillus was abundant in all the three migratory bird species, which can ferment lactose to produce lactic acid that has antibacterial, antiviral, and immunomodulatory effects (Tachedjian et al., 2017). In general, Lactobacillus accounts for 10% of the human gut microbiota (Kontula et al., 2000). It is also used as a feed additive to improve the immune safety of the host (Merk et al., 2005). Lactobacilli were also found in the gut microbiota of Swainson’s thrush (Catharus ustulatus) and gray catbird (Dumetella carolinensis) during spring and autumn migration (Lewis et al., 2016). Similarly, among the 11 dominant genera in the gut microbiota of the wintering Grus nigricollis, Lactobacillus was present in the highest proportion (Wang et al., 2020). In addition, we discovered some pathogenic bacteria, such as Acinetobacter spp. and Rickettsia. Acinetobacter spp. are gram-negative non-fermentative bacteria that are prevalent in hospitals as opportunistic pathogens (Bergogne-Bérézin, 1994). Ticks play an important role in the transmission of Rickettsia disease (Giudice et al., 2014). These pathogens may be potential sources of infections that cause zoonotic diseases.



Effect of sex factors

Studies in mice, chickens, and pigs show that host sex can influence gut microbiota colonization (Pajarillo et al., 2014; Org et al., 2016; Zhou et al., 2016). Bird gut microbiomes also exhibit substantial intraspecific variation (Song et al., 2020). This study found a higher abundance and diversity of gut microbiota in male T. cyanurus, while E. elegans and E. spodocephala showed the contrary trend. The present study findings of E. elegans and E. spodocephala are consistent with those of Kim’s review (Kim et al., 2020).

The beta diversity analysis revealed sex differences in the gut microbial community structure of the three migratory bird species. However, the effect of sex on the host gut microbial community structure is controversial. Consistent with our findings, Yong et al. also suggested that sex can affect the gut microbial community structure (Kim et al., 2020). Differences were found in the gut microbial community composition and individual ASV abundance between female and male birds of thick-billed murres (Uria lomvia; Góngora et al., 2021). On the contrary, some studies have shown that sex does not affect the structure of the intestinal microbial community. For example, sex differences in the migratory barn swallow (Hirundo rustica) have no effect on the cloacal microbial community structure (Kreisinger et al., 2015); likewise, no difference was observed in the colonic microbiota of two sexes in a community of 91 Nordic people (Lay et al., 2005) and wild adult gorillas (Pafčo et al., 2019). Venn diagrams showed the core gut microbiota between male and female birds. Astudillo-Garcia et al. suggested that the core microbiota may play a critical role in responding to environmental changes, and the reservoir may stabilize the host’s microbiome (Astudillo-García et al., 2017). LEfSe analysis of differences in the gut microbiota showed that male and female birds have distinct differences in the gut microbial community at both phylum and genus levels. Whether the differences in the gut microbial community structure between the male and female birds of the three migratory bird species are related to sex or diet requires further research. Hird et al. explored the factors influencing the gut microbial communities of 59 Neotropical bird species in terms of 18 categorical variables including host species, diet, environment, and geographical location. They found that the host species was the most dominant determinant of the microbial community composition, followed by ecological factors (i.e., diet and habitat; Hird et al., 2015).

The effects of sex differences on host gut microbial communities is naturally associated with the role of sex hormones (Kim et al., 2020). The interaction of sex hormones with host gut microbes has been extensively studied in humans and mice but such studies are rare in birds. A 20-year study of hormonal effects in the golden-collared manakins Manacus vitellinus found significant differences in male-typical behavior between wild and captive male and female manakins (Schlinger and Chiver, 2021). In humans, bilateral ovariectomy was found to be associated with an increased abundance of Clostridium bolteae (Sinha et al., 2019). After gonadectomy, the composition of gut microbial communities significantly changed in testosterone-treated vs. untreated men (Org et al., 2016). In all, an interaction seems to occur between gut microbiota and sex hormones, but further studies are required to confirm this.




Conclusion

This study partially fills the gap in the gut microbial community characteristics of three migratory bird species on the East Asia-Siberia route during migration. The study highlights that the influence of sex on the host gut microbiota cannot be ignored. Importantly, all the three bird species were found to carry different levels of potentially pathogenic bacteria. Migratory birds may be infected by exposure to pathogens from the environment and/or other birds during migration, and then may act as a reservoir of pathogens that can be transmitted to other birds or humans (Cao et al., 2020; Smith et al., 2020; Turjeman et al., 2020). Therefore, collecting samples during migratory stopovers can detect the health status of migratory birds and identify potential pathogens. Future studies should comprehensively analyze the characteristics of gut microbial communities of migratory birds at spatial and temporal levels throughout the migration, as well as use metagenomes to study gut microbes-mediated pathogen defense mechanisms. Moreover, the effects of food and sex on gut microbial communities in wild birds must be examined. Lactobacilli or other probiotics might be fed artificially during migration. According to the study of Shojadoost et al. (2019), certain lactobacilli species can effectively enhance the antiviral response of chicken macrophages (Shojadoost et al., 2019), while probiotics can protect broilers from potential harmful intestinal microorganisms (Eeckhaut et al., 2016). Therefore, they may also play a role in protecting birds from harmful pathogens. Protecting migratory bird stopover habitats and reducing anthropogenic disturbance, such as from human activities, can improve resources available to wildlife, such as diet, and may alter host gut microbiota and health status (Pekarsky et al., 2021), reducing the likelihood of infection in birds from environmental microbial pathogens.
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Social interaction facilitates the horizontal transmission of the microbiota between different individuals. However, little is known about the level of microbiota transmission in different livestock animals and different digestive tracts. The Hainan black goat and Wuzhishan pig are typical tropical local breeds on Hainan Island in China. Thus, we sampled and analyzed the gut microbiome in Hainan black goats (cecum and rumen) and Wuzhishan pigs (cecum) to study horizontal transmission by rearing them in the same pen (six goats and six pigs) or separate pens (nine goats and nine pigs). De novo assembly and binning recovered 3,262 strain-level and 2,488 species-level metagenome-assembled genomes (MAGs) using ∼1.3 Tb sequencing data. Of these MAGs, 1,856 MAGs were identified as novel strain. Compared with goats living in separate pens, social interaction in the same pen promotes community homogeneity in the rumen microbiome (P < 0.05) and the cecum microbiome (P < 0.05), respectively. Notably, approximately 7.08% (231/3262) of the gut microbial population could transmit during cohousing, 12 strains only in inter-species transmission, versus 190 strains only in intra-species transmission, and 10 strains only in foregut and hindgut transmission. In addition, the social contact group has high transmitted strain abundance, which is correlated with community composition. This study provided a new insight into the influence of social interaction on the animal gut microbiota.
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Introduction

The digestive system harbors a diverse and complex microbiota which collectively modulates host health, development, and physiology (Wang et al., 2018; Guo et al., 2020). Colonization of the gut microbiota is a complex process that is affected by both host genetics (Zhou et al., 2018) and environmental factors (Eisenstein, 2020). In certain circumstances, the influence of environmental factors appears to outweigh host genetics in shaping microbiome composition (Henderson et al., 2015; Ji et al., 2018). Several recent studies in both humans and non-human primates provide strong evidence for the contribution of social interaction to microbiome assembly (Song et al., 2013; Tung et al., 2015; Li et al., 2016; Grieneisen et al., 2017; Sharma et al., 2019). Song et al. (2013) found that household members shared more microbiota than individuals from different households, thereby decreasing inter-individual variation. Tung et al. (2015) showed that social interaction could predict microbiome structure in wild baboons. In addition, a study examined gut microbiome composition in nine sympatric wild non-human primate species and found that microbiota varied with host species but, importantly, also by social groups within species (Gogarten et al., 2018). Despite the social interaction playing an important role in gut microbiome composition, few studies focused on non-primate animals.

Use of the 16S rRNA gene analyses does not have sufficient taxonomic and functional resolution, while metagenomic shotgun sequencing has the potential to reveal microbial heterogeneity at the strain-level, which may be crucial to identifying and assessing the transmission of strains with distinct genetic repertoires (Nayfach et al., 2016; Yassour et al., 2018). Compared with bumblebees, honeybees often possess a higher level of microbial strain variation, which also exhibited more complex gene repertoires linked to polysaccharide metabolism (Su et al., 2021). In addition, the newly emerged worker bees share more strains with their queens, suggesting a vertical transmission of strains from queens to the newborn workers (Su et al., 2021). Yassour et al. (2018) found two patterns of mother-to-child microbial transmission at strain-level. A Bacteroides uniformis strain lacking utilization gene cluster in the mother’s strain was inherited to the child, implying that the monther’s strain has a selective advantage in the infant gut (Yassour et al., 2018). Therefore, strain-level metagenomic profiling is needed to infer the transmission at higher taxonomic resolutions.

Hainan Island, in the South China Sea, has a tropical climate that is hot and humid, prompting the local animals to have differences from intensive commercial species in physical and life modes (Zhu, 2016). Hainan black goats and Wuzhishan pigs are native breeds that have long been bred in the unique natural ecological environment of Hainan Island (Jiang et al., 2020; Shao et al., 2021). In addition, the Wuzhishan pig is a famous miniature pig breed and is regarded as an ideal experimental animal model (Shao et al., 2021). Hainan black goats as ruminants have tender and delicious meat, making them a popular choice among consumers (do Rosario et al., 2016). Thus, to detect the microbiome transmission during cohousing, we chose two kinds of animals with different feeding habits and selected Hainan black goat to analyze the transmitted strain between the foregut and hindgut.

Using metagenome-assembled genomes (MAGs), we examined changes in the gut microbiome community and microbial transmission from cohousing goats and pigs. Our results provide insights into the gut microbiota during social interaction and expand our understanding of microbiome transmission. Among them, 1,856 new strain-level MAGs broaden the useful microbial resources for the tropical climate system.



Materials and methods


Study design, sample collection, and sequencing

In this study, 15 newborn Hainan black goats and 15 newborn Wuzhishan pigs were used, and they weaned at 3 and 1.5 months, respectively. After weaning, six goats and six pigs were cohoused in a new barn, while left goats and pigs still lived in the separate barns. Rumen and cecum samples were collected at weaning (0 day), 3 and 12 months after co-housing, respectively (Supplementary Figure 1). Three goats and pigs from each group were slaughtered 3 h later after the morning feeding at sample collecting day. All fresh samples were frozen in liquid nitrogen before being transferred to the laboratory in a dry-ice pack and promptly kept at −80°C before total DNA extraction. DNA extractions followed the instructions using the DNeasy PowerLyzer PowerSoil Kit (Qiagen, United Kingdom). Shotgun sequencing was performed on an Illumina NovaSeq platform.



Metagenome assembly and annotation

Illumina sequencing data adaptors were trimmed using Trimmomatic (Bolger et al., 2014) and the subsequent trimmed reads were aligned to the reference genome to remove host-derived DNA contamination. The clean reads per sample were performed using MegaHit (Li et al., 2015), which is included in MetaWRAP (Uritskiy et al., 2018). The contigs were retained for the subsequent analysis with the length ≥ 1 kb. Metagenomic binning was applied to recover individual genomes using MateBAT2, Maxbin2 and CONCOCT in the binning module. Three sets of draft bins were further analyzed using the bin_refinement module of the MetaWRAP pipeline with options -c 50 -x 10. The bins ≥ 50% complete were re-assembled using the SPAdes. To determine whether the same bins have been reconstructed via different samples, all bins were dereplicated using dRep at a threshold of 99% average nucleotide identity (ANI). The CheckM estimate results of MAGs meeting the following thresholds were retained: Genome Quality ≥ 50; contamination ≤ 10%; and completeness ≥ 50% [genome Quality = Completeness−5 × Contamination + log(N50)].

ORFs were predicted by Prodigal (v2.6) based on the default parameters and the function assignment was performed using the Prokka software (Seemann, 2014). The 16S RNA genes in MAGs sequences were predicted using Barrnap (v 0.9). Then, the MAGs-derived proteins were searched against the carbohydrate-active (CAZy1) database using dbCAN2 (Zhang et al., 2018) and the Kyoto Encyclopedia of Genes and Genomes (KEGG) database (Kanehisa et al., 2017) using KofamKOALA (Aramaki et al., 2020). Reads from each sample were aligned against the contigs of MAGs by the Salmon software (Patro et al., 2017). The abundance of each contig was calculated in contigs per million (CPM), and then the median CPM of the contig was used as the abundance of MAGs.



Taxonomic classification, phylogenetic trees, and species-level clustering of metagenome-assembled genomes

The Genome Taxonomy Database Toolkit (GTDB-Tk2) pipeline was used for the taxonomic classification of the 3,262 MAGs (Parks et al., 2018). In short, the GTDB-Tk classified the bins based on ANI to the reference genome, placement in the bacterial or archaeal reference genome tree, and relative evolutionary distance. MAGs were clustered into species-level genome bins at the threshold of 95% ANI. Phylogenetic relationships among the 2,488 species-level genome bins were computed by the total branch length based on proteins. The phylogenetic tree was produced from concatenated protein sequences using PhyloPhlAn and re-rooted manually using iTOL at the branch between archaea and bacteria. The tree was used to calculate the phylogenetic gain at different taxonomic levels using the pd_clade routine in GenomeTreeTk (v0.1.6).3 We downloaded 48,622 microbial genomes from GTDB (31,910 genomes) (Parks et al., 2018), ruminant gastrointestinal tract (10,737 genomes) (Xie et al., 2021), and pig gut (6,339 genomes) (Chen et al., 2021). All these genomes were used as reference genomic datasets for the identification of novel microbial genomes from 3,262 MAGs using FastANI (Jain et al., 2018). Genomes were determined as novel strains based on < 99% ANI and defined as novel species based on < 95% ANI. All the sequenced reads from our study were mapped to two datasets using Kraken2 to estimate the read classification. Two combined databases: a common database consisting of the bacterial, archaeal, fungal, and protozoan genomes in GenBank, and the GenBank database plus the MAGs.



Strains filtering, identification of microbial single nucleotide variants and detection of microbial transmission

To determine the presence or absence of strains in samples, the strains were filtered to satisfy the following criteria: horizontal coverage (breadth) of ≥ 10%, average vertical coverage (depth) ≥ 0.15 x (Schmidt et al., 2019). Microbial Single Nucleotide Variants (SNVs) were called using metaSNV software (Costea et al., 2017). In short, the transmission score (ST) quantifies how much the similarity between two sample SNV profiles from social contact group, and between foregut and hindgut SNV profiles within an individual. Each potential SNV requires support by at least two reads at a base call quality of Phred ≥ 15. To identify the microbial transmission event, we applied a text mining approach (Schmidt et al., 2019) to calculate the ST. Next, we calculated the incidence of each allele across screening samples. For these, we calculated the probabilities in paired samples observations for each of the four possible cases: any given allele i could either be present in both samples (p1,1), absent in both samples (p0,0), or present in one but absent in the other sample (p1,0 and p0,1):
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For each pair of aligned samples, we calculated the raw and logarithmic probability of SNV profile overlap (Lobs) observed, which quantifies how likely the observed average allele profile agreement between two samples.
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Similarly, we computed the log-likelihood of the least likely agreement case (Lmin) per allele:
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Next, a raw probability score (Praw) for the observed allele agreement between a given paired samples is calculated: Praw = Lobs/Lmin. We defined the ST(t, s) for starin t in subject s as a standard Z score of the Praw: ST = (Praw(s)−μraw)/σraw.

Microbial transmission events that were identified in pair of samples from social contact group and the foregut-hindgut pair of samples from the same individual have been divided into three types: intra-species transmission events, in which goats or pigs spread microbiota within their own species; inter-species transmission events, in which microbiota transmit between goats and pigs; and foregut-hindgut transmission events, in which microbiota spread between the foregut and hindgut within an individual.



Statistical analysis

Permutational multivariate analysis of variance (PERMANOVA) quantifies the variation among the samples that partitions social contact group and control group distances to permit the assessment of the effect of an exposure or intervention (grouping factor) on the sampled microbiome (Kelly et al., 2015). PERMANOVA was performed using the adonis2 function from the Vegan package with default settings with 999 unrestricted permutations and the Monte Carlo P value was calculated. P < 0.05 was considered statistically significant. Spearman correlation analysis was used to assess relationships between stain richness and community composition and transmission strain abundance in the control group or social contact group (goat rumen, goat cecum, and pig cecum).




Result


Reconstructing metagenome-assembled genomes from the gastrointestinal tract microbiota

Using 1.3 Tb metagenomic sequencing data, we created a non-redundant set of 3,262 strain-level MAGs (< 99% ANI) and 2,488 species-level MAGs (< 95% ANI) with genome quality score ≥ 50, ≥ 50% completeness, and ≤ 10% contamination (Supplementary Figure 2 and Supplementary Table 1). Among these MAGs, 1,152 were estimated as high-quality with completeness ≥ 90% and contamination ≤ 5%, 1,497 were medium-quality (completeness ≥ 70% and contamination ≤ 10%), and 613 were low-quality (completeness ≥ 50% and contamination ≤ 5%). As shown in Figure 1A and Supplementary Table 1, the dominant phyla according to the number of MAGs that were assigned to Firmicutes_A (n = 1,246), Bacteroidota (n = 1,194) (dominated by classes Clostridia and Bacteroidia), followed by Proteobacteria (n = 136), Firmicutes (n = 120), Verrucomicrobiota (n = 117), and Spirochaetota (n = 106). The dominant orders included Bacteroidales (n = 1,189), Oscillospirales (n = 680), Lachnospirales (n = 282), and Christensenellales (n = 170), while the dominant families were Bacteroidaceae (n = 507), Lachnospiraceae (n = 274), Acutalibacteraceae (n = 231), UBA932 (n = 229), Oscillospiraceae (n = 160), CAG-272 (n = 142), and Ruminococcaceae (n = 111). At the genus level, the dominant groups included Prevotella and RC9. Thirty-four archaeal MAGs belonging to three phyla, Thermoplasmatota (n = 18), Methanobacteriota (n = 9), and Halobacterota (n = 7) were identified. The read classification rate was increased by using these genomes, and we observed over 50% reads classification rate across this study metagenomic datasets (Figure 1C). Furthermore, across published metagenomic datasets, these MAGs showed a read classification rate of more than 30% (Supplementary Figure 3).
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FIGURE 1
Taxonomic annotation and phylogenetic tree of 3,262 metagenome-assembled genomes (MAGs). (A) The maximum-likelihood tree of the 3,262 MAGs identified in this study was produced from concatenated protein sequences using PhyloPhlAn. (B) The phylogenetic gain contributed by the microbial tree of the gut provided by the unknown species-level genome bins is shown as proportional increases in branch length per phylum (left) and absolute branch lengths (right). (C) Comparison of the read classification rates of all the digesta samples using the following datasets: a common database consisting of all complete microbial genomes in RefSeq and the GenBank database plus MAGs. The Wilcoxon rank-sum test was used to assess the differences.


Using species-level thresholds (≥ 95% ANI and ≥ 65% alignment), 1,856 of the MAGs did not match any available databases (Supplementary Table 1). Of these, 663 were high-quality genomes, 835 were medium-quality genomes, and 358 were low-quality genomes. The 1,856 MAGs were assigned to 27 phyla, 70 orders, 131 families, and 336 genera, with 17.6% of these MAGs unable to be assigned to a recognized genus, implying that a significant fraction of the MAGs are likely novel genera. Prevalent among these MAGs classified at the order level were Oscillospirales (28.0%), Bacteroidales (27.9%), and Lachnospirales (10.5%), while the top genera all belonged to the order Bacteroidales, including Prevotella (5.6%) and RC9 (4.8%). In addition, to understand the phylogenetic position of the uncultured strains, we placed the 3,262 MAGs in a maximum-likelihood tree and found that the unknown MAGs improved phylogenetic diversity by an average of 49.8 and 11.3% for bacterial and archaeal lineages, respectively (Figure 1B).



Functional characteristics of metagenome-assembled genomes in different gastrointestinal tracts

We explored the proteomic contents of our datasets and their putative functions. A total of proteins that could be annotated according to one or both approaches were 2,753,800, of which 2,589,938 and 295,216 proteins were annotated by using the KEGG database and CAZy, respectively (Supplementary Tables 2, 3).

To investigate the ability of the identified microbial to produce short-chain fatty acids (SCFAs), we explored the genes that are required to produce some components such as acetate, propionate, and butyrate (Supplementary Table 4). As a result, genes required for the complete acetate-producing pathway were found in 1,248 MAGs, which were generally assigned in the Firmicutes_A and Bacteroidota phyla. Complete enzymes for the propionate production (via propionate pathway by the conversion of L-Lactate, succinate, and acetyl-CoA to propanoyl-CoA) were found in 239 MAGs of the Bacteroidota and Firmicutes_A. Enzymes encoded by genes for butyryl-CoA dehydrogenase, methylmalonyl-CoA mutase, methylmalonyl-CoA epimerase, enoyl-CoA hydratase, formate C-acetyltransferase, pyruvate ferredoxin oxidoreductase alpha subunit, acetate kinase, and phosphate acetyltransferase were common in these genomes. Sixty MAGs were identified to form butyrate (from acetyl-CoA through the typical pathway via butyrate kinase or acetate CoA-transferase).

Carbohydrate active enzymes (CAZymes) are enzymes involved in the metabolism and binding of carbohydrates. The majority of classes belonged to glycoside hydrolases (GHs), with 141,404 genes identified. The next glycosyltransferases (GTs; 74,345) and carbohydrate esterases (CEs; 50,099) were the most annotated groups (Supplementary Table 5). And then, the remaining three categories including carbohydrate-binding modules (CBMs; 47,009), polysaccharide lyases (PLs; 15,498), and auxiliary activities (AAs; 13,240), contained fewer proteins. Bacteroidota, Firmicutes_A, and Verrucomicrobiota showed high proportions of GHs, while Bacteroidota and Firmicutes_A showed high proportions of GTs. Notably, the most commonly identified GH was the GH109 family, which combines many enzymes responsible for the degradation of glycoproteins. Furthermore, is followed by GH2 and GH3 families, which are mostly related to cellulose and hemicellulose degradation.



Gastrointestinal tract microbiota changes correlate with social interaction

As expected, each individual had a distinct microbial composition at a coarse phylum level (Figure 2A). Cecum microbial communities were dominated by strains from the Bacteroidetes (34.9% in goat, 47.7% in pig), Firmicutes_A (46.4% in goat, 33.3% in pig), Verrucomicrobiotes (4.1% in goat, 3.1% in pig), Firmicutes (3.5% in goat, 3.3% in pig), and Spirochaetota (3.0% in goat, 4.3% in pig) phyla. Meanwhile, Bacteroidetes (65.9%) and Firmicutes_A (15.8%) were the two prevalent phyla in the rumen communities. Interestingly, rumen Bacteroidota abundance was higher than the cecum, although Firmicutes_all showed the opposite pattern (Supplementary Figure 4). Consequently, the Firmicutes to Bacteroidota ratio was lowest in the rumen and highest in the cecum of goat (Supplementary Figure 4).
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FIGURE 2
Change in the gut microbiota following environmental conversion. (A) Relative abundance of microbial phyla for the goat rumen, goat cecum, and pig cecum samples. (B) A bar plot summarizing the results of single and multiple factors permutational multivariate analysis of variance (PERMANOVA) results in the goat rumen, goat cecum, and pig cecum samples. The variations were derived from the between-sample Bray-Curtis distance. (C) Stability of strain-level composition profiles between control and social contact group as measured by Bray-Curtis dissimilarity. The Wilcoxon rank-sum test was used to assess the differences.


Using permutational multivariate analysis of variance, we investigated the effects of host and environmental variables on the microbiota. The environmental factor exerted the main effects in both the single-and multi-factor analyses, followed by the developmental stage (Figure 2B). Since the sampling strategy applied in this study was optimized to compare microbial compositions across the control and social contact groups, we focused on the comparative analysis between the control group and the social contact group and left the comparisons of other factors for future studies. Moreover, we analyzed the relative abundances of the MAGs in the control group and social contact group, and observed no significant differences in alpha diversities between the two groups in goat rumen, goat cecum, and pig cecum, as evaluated by the Shannon and richness indexes (Supplementary Figure 4). The social contact microbial communities exhibit significantly similar features in goat rumen and goat cecum (P = 0.014, P = 5.4e–05, Figure 2C). However, the social contact microbial communities of the pig cecum were similar but not significant (Figure 2C). Overall, these results indicate that microbiota may be transmitted during the microbiota in co-housed animals.



Transmission of microbes during the social interaction

We further investigated the transmission of strain-level MAGs following cohousing by comparing different species of animals that cohabited. In addition, we also determined the transmission strains in the foregut and hindgut in the same sample. The 7.08% of the microbiota (231 out of a total of 3,262) were detected as transmission microbiota (Figure 3A). The majority of these strains were only assigned to within-species microbial transmission (190, 82.25% out of 231), after which the between-species group (12, 5.19%) was the most assigned group, and the foregut-hindgut transmission events (10, 4.33%) contained fewer strains (Figure 3B). The transmitted strains were assigned to 16 phyla, and the dominant phyla were Bacteroidota (49.78%) and Firmicutes_A (22.51%) (Figure 3C). Transmissible strains accounted for a high fraction of classifiable microbial abundance in the social contact group (Figure 3D). The abundance of transmission microbiome in the social contact group was found to negatively correlate with community composition in goat rumen (ρSpearman = −0.65). Goat cecum transmitted strains abundance correlated with strain richness (social contact group: ρSpearman = −0.77; control group: ρSpearman = 0.77), and with community composition (social contact group: ρSpearman = 0.54; control group: ρSpearman = 0.65). Pig cecum transmitted strains abundance (control group) correlated with strain richness (ρSpearman = 0.82) and community composition (ρSpearman = −0.71) (Figure 3E).
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FIGURE 3
Microbiome in different transmission events. (A) The transmission microbiota’s proportion of the total number of strains. (B) Overlap in the strains of the different transmission events (right). (C) The phylum annotation of the transmission microbiota proportion. (D) The proportion of transmission microbiota in total microbiome abundance in the control and social contact groups from goat rumen, goat cecum, and pig cecum. The Wilcoxon rank-sum test was used to assess the differences. (E) Tests for the relationship between the abundance of transmission strains in the control or social contact groups (goat rumen, goat cecum, and pig cecum) and stain richness (ρSpearman) and community composition (ρSpearman).





Discussion

Social interaction, in an enriched social environment, plays an important role in an individual’s health (Spor et al., 2011; Iida et al., 2013). One mechanism for this effect is the interaction of animal-associated microbiota (Rothschild et al., 2018). This study on the effects of cohabitation with different species on the gut microbiome in non-primates. From our dataset, we constructed 3,262 MAGs and 1,856 novel MAGs, considerably extending prior MAGs (Parks et al., 2018; Chen et al., 2021; Xie et al., 2021). The dataset increased the reads classification rate by over 30% and provides the possibility for analysis of microorganism transmission. The gut microbiome similarity within the social contact group increased during cohabitation. Moreover, we found that within-species transmission is the main type in the gut microbiome.

Our results highlight the importance of cohousing mediated transmission in shaping gut microbiomes. Previous studies have reported that social interaction can lead to a similarity in the structures of the gut microbiome (Tung et al., 2015; Zhu et al., 2020, 2021). Although these studies have great ecological validity, it is difficult to understand the effects of social interactions on microbiome similarity from the combined effects of shared dietary intake or exposure to local environmental microbes. Animals in our study were fed identical diets in each species. Our findings indicated that cohabitation with diverse species had an effect on the gut microbiome community by increasing gut microbiota similarity. Despite the small number of transmitted trains in the gut microbiome (goat rumen, goat cecum, and pig cecum), we discovered that transmitted strains were frequent throughout microbial phyla. Previous research reported that humans have a greater gut microbiome among households and between couples than non-related people, and there was no consistent indication of transmission across any specific phyla (Brito et al., 2019). All these results showed that transmission may be largely driven by chance events and indirect transfer. Although we could not determine whether or not direct transmission occurred and the direction of transmission, our results showed that the number of intra-species transmission strains was higher than that of inter-species transmission strains, which may be correlated with diet (Zhu et al., 2021). Based on the abundance analysis of the putatively transmitted gut microbiome, we observed that the social contact group has a high proportion of transmitted strains, and correlates with the microbial community. One possible reason for this pattern is that when microbiota colonizes a new host, they become more abundant to occupy the available gut microbial niches (Tung et al., 2015).

Using culture-independent approaches to recover the genomes, which have become commonly used for species discovery and characterization (Almeida et al., 2019). In this study, we constructed 1,856 novel strains from our dataset. Among all the MAGs, the novel bacterial taxa derived from the Clostridia class were more abundant, which were mainly distributed in the ten families such as Lachnospiraceae, Acutalibacteraceae, Oscillospiraceae, CAG-272, Ruminococcaceae, Borkfalkiaceae, CAG-74, Saccharofermentanaceae, and CAG-138. Many commensal Clostridia species belong to a large group of obligate anaerobic and highly diverse bacteria, which are thought to be responsible for the maintenance of gut homeostasis. The high diversity of unclassified genomes affiliated with Clostridia has also been reported in the cecum microbiome (Glendinning et al., 2020) and the bovine rumen microbiome (Stewart et al., 2019). Phylogenetic analysis revealed that unknown genomes expand the diversity of bacterial and archaeal lineages. In addition, we provided a dataset of gut microbial genomes, which not only increases the reads classification but also enables us to analyze the transmission of microorganisms.

The Short-chain fatty acids (SCFAs), mainly acetate, propionate, and butyrate, are the principal products of the microbial fermentative activity in the gastrointestinal tract and have significant effects on intestinal health and immunity (Koh et al., 2016; Baaske et al., 2020). Propionate that is mainly transported to the liver is an important energy source for the host (Koh et al., 2016). The majority of bacteria belong to the Lachnospiraceae family, carrying complete genes for propionate production. Moreover, butyrate is an important energy source for the ruminal epithelium enterocytes and is involved in the maintenance of gut homeostasis (Koh et al., 2016; McNabney and Henagan, 2017; Baaske et al., 2020). In this study, the majority of taxa encoding enzymes required for butyrate production were Bacteroidota and Firmicutes_A. Notably, the Bacteroidaceae and Lachnospiraceae families carrying genes from the butyrate pathway have the metabolic capability to degrade and utilize plant-derived fibers as nutrients (Vital et al., 2014; Onrust et al., 2015; Segura-Wang et al., 2021). Furthermore, all genes required for reductive acetate in the Lachnospiraceae family, have also been reported in other studies (Bhattacharya et al., 2015). Therefore, the identification of strains carrying the enzymes necessary for acetate, propionate, and butyrate production, is an important step toward future modulation of the gut microbiota to improve the growth performance of animals.

The gastrointestinal tract microbiome carries a large repertoire of genes encoding enzymes that can breakdown polysaccharides (Lillington et al., 2020; Wardman et al., 2022). In the current study, GHs were discovered in the gut microbiota of a variety of species that can catalyze the hydrolysis of glycosidic bonds found in complex carbohydrates (Bohra et al., 2019). The high abundance observed for the GH109 family underlines its importance, which could cleave the terminal N-acetylgalactosamine from the A antigen (Wardman et al., 2022). Furthermore, the GH2 and GH3 families contain widely distributed enzymes with a range of degradative activity on plant cell wall polysaccharides (Dai et al., 2015; Chang et al., 2018). This provides a basis for more effort to explore the gastrointestinal tract microbiome, and we will be able to identify a large number of enzymes of industrial value.



Conclusion

This report offers novel insight into the relevant microbial transmission patterns within cohousing goats and pigs. It suggests that within-species microbial transmission is the main transmission pattern. Transmission of potential microbiome communities is relevant to the overall microbiome composition of individuals, and thus social interaction-derived changes in microbiomes may potentially impact the health status of individuals. In addition, a total of 3,262 strain-level MAGs, 2,488 species-level MAGs, and 1,856 unknown strain-level MAGs from our dataset were reconstructed and detected from the gut microbiome.
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SUPPLEMENTARY FIGURE 1
Schematic representation of the study design. The experimental design was used to characterize the microbiota composition of the social contact group (co-housed animals; n = 15 Hainan black goats and n = 15 Wuzhishan pigs) and the control group (non-cohoused; n = 15 Hainan black goats and n = 15 Wuzhishan pigs) over time. Hainan black goats were weaned at 3 months of age and Wuzhishan pigs were weaned at 1.5 months. The microbial composition of the cecum microbiota of the goat and pig, and the goat rumen were analyzed in months 3 and 12 after cohousing.

SUPPLEMENTARY FIGURE 2
Estimated completeness and contamination of 3,262 genomes recovered from our datasets. High-quality genomes (completeness ≥ 90%; contamination ≤ 5%) are shown in green, medium-quality genomes (completeness ≥ 70%; contamination ≤ 10%) in purple, and low-quality genomes (completeness ≥ 50%; contamination ≤ 5%) in yellow. Histograms along the x and y axes show the percentage of genomes at varying levels of completeness and contamination, respectively.

SUPPLEMENTARY FIGURE 3
Comparison of the read classification rates of published data using the following datasets: a common database consisting of all complete microbial genomes in RefSeq and the GenBank database plus MAGs. The Wilcoxon rank-sum test was used to assess the differences.

SUPPLEMENTARY FIGURE 4
(A–C): Boxplots are used to summarize the abundance distributions of the abundance of taxa of interest in the gut sections (goat rumen, goat cecum, and pig cecum). The y-axis in these panels (except C) indicates the relative abundances, while that in C indicates the abundance ratios between Firmicutes_all and Bacteroidota. Firmicutes_all consists of the following phyla: Firmicutes, Firmicutes_A, Firmicutes_B, and Firmicutes_C. (D,E) Microbiota richness and diversity (Shannon index) analyses for each host organ.



Footnotes

1     http://www.cazy.org

2     http://gtdb.ecogenomic.org

3     https://github.com/dparks1134/GenomeTreeTk
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Assessment of gut microbiota, used to explore ecological adaptation strategies and evolutionary potential of species, provides a new viewpoint to the conservation and management of endangered animals. In this research, the gut microbiota of a group of semiprovisioned rhesus macaques (Macaca mulatta) living in a limestone forest exhibiting seasonal changes in plant items were studied to investigate the adaptation strategies of these macaques to this specific habitat. The findings revealed significant seasonal changes in the diversity and composition of the rhesus macaques’ gut microbiota, which were higher in the rainy season than in the dry season. In the rainy season, Bacteroidetes (31.83 ± 16.14% vs. 19.91 ± 18.20%) were significantly increased and Prevotella (23.70 ± 15.33% vs. 15.40 ± 16.10%), UCG-002 (4.48 ± 3.16% vs. 2.18 ± 2.01%), and UCG-005 (4.22 ± 2.90% vs. 2.03 ± 1.82%) were more enriched at the genus level. In the dry season, Firmicutes significantly increased (71.84 ± 19.28% vs. 60.91 ± 16.77%), and Clostridium_sensu_stricto_1 (8.45 ± 9.72% vs. 4.76 ± 6.64%), Enterococcus (10.17 ± 13.47% vs. 0.69 ± 2.36%), and Sarcina (4.72 ± 7.66% vs. 2.45 ± 4.71%) were more enriched at the genus level. These differences in gut microbiota may be due to seasonal variations in plant items in these habitats alongside changes in the provisioned foods from tourists. Additionally, deterministic processes predominate the assembly of the macaque’s gut microbiota community. This indicates that the animal’s high reliance on natural plants and provisioned foods increased the impact of deterministic processes. This study concludes that a balance between provisioned foods and natural plants might be vital in shaping the gut microbiota in the macaques. Furthermore, the dynamic adjustment in gut microbiota might be a physiological mechanism for the macaques in response to the seasonal variations in the ecological factors and food provision.
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Introduction

The gut microbiota of animals is very diverse and plastic, forming a complex microbial community that interacts with the host and is mutually beneficial (Ley et al., 2006, 2008; Lozupone et al., 2012). Further research has shown that the diversity and composition of the gut microbiota affect the host’s health (Marchesi et al., 2016), digestion (Zhu et al., 2011; Flint et al., 2012), and behavior (Hsiao et al., 2013), and that it may even be considered in other essential organs (O’Hara and Shanahan, 2006). Many factors affect the composition and diversity of the gut microbiota, including diet (Filippo et al., 2010; David et al., 2014; Merra et al., 2021; Wang et al., 2022), host characteristics (Goodrich et al., 2014; Li et al., 2021), social contacts (Sarkar et al., 2020), and environment (Li et al., 2019; Wu et al., 2022). The diet is the most significant factor and even outweighs host genetics (Hale et al., 2018). Specifically, the gut microbiome regulates their vital metabolic functions to adapt to diet changes (David et al., 2014), facilitating animal species’ evolution (Ley et al., 2008; Moeller and Sanders, 2020). From an evolutionary viewpoint, new dietary changes are necessary to shape new species’ evolution (Ley et al., 2008). Food variations commonly entail changes in selection pressure, consequently resulting in alterations in the microbial community structure that reflects the dynamic nature of the bacteria (Muegge et al., 2011; David et al., 2014; Merra et al., 2021). Wild animals’ gut microbiota appears to fluctuate regularly due to seasonal variations in food sources (Amato et al., 2015; Orkin et al., 2019; Baniel et al., 2021). Usually, seasonal variations in plant items, primarily due to a shortage of fruits and young leaves, alter the dietary choices and foraging strategies of wild animals (Zhou et al., 2009; Huang et al., 2015), consequently resulting in structural changes and functional adjustments in the gut microbiota (Hicks et al., 2018; Orkin et al., 2019). For instance, Tibetan macaques (Macaca thibetana) respond to the lack of fruits by relying more on high-cellulose foods such as mature leaves and roots, increasing the Succinivibrio that aid in digesting cellulose in the foods (Sun et al., 2016). Therefore, seasonal variations in gut microbiota are considered an adaptive strategy in response to environmental changes (Lozupone et al., 2012; Baniel et al., 2021) as reported in other non-human primates like black howler monkeys (Alouatta pigra) (Amato et al., 2015), geladas (Theropithecus gelada) (Baniel et al., 2021), and white-faced capuchins (Cebus imitator) (Orkin et al., 2019).

Wildlife tourism has potentially adverse impacts on wild animals, partially due to the proximity to humans or receiving provisioned food, potentially leading to reduced fitness or imbalance of the gut microbiota (Clayton et al., 2016; Dallas and Warne, 2022). Usually, different food compositions considerably affect the structural features of the gut microbiota in both wild and captive animals (Clayton et al., 2016; Hale et al., 2018). For instance, increased gut microbiota diversity occurs in the wild red-shanked douc langur (Pygathrix nemaeus) than in the captive ones, probably due to their increased digestive capability to adapt to higher food diversity and dietary fiber consumption (Clayton et al., 2016). Therefore, exploring the impacts of food provisioning on the gut microbiota in protected animals is advantageous to understanding their digestive strategies and health, which could be included in subsequent conservation efforts.

Community assemblies are vital in microbial ecology as they shape and maintain microbial diversity (Zhou and Ning, 2017; Li et al., 2022). Presently, theories explaining the microbial community assembly include niche and neutral theories (Dini-Andreote et al., 2015; Mo et al., 2018). According to niche theory, the community assembly is a deterministic process influenced by ecological factors (Gilbert et al., 2012; Li et al., 2019). The neutral theory states that stochastic processes such as birth, death, migration, and ecological drift determine the community assembly (Bell, 2001; Sloan et al., 2006; Zhou and Ning, 2017). However, the combination of these two conflicting theories have explained better the factors influencing the community assembly (Dini-Andreote et al., 2015; Ning et al., 2020). The neutral community model (NCM) quantifies neutral processes that are complex to observe directly but affect microbial community assemblies, explaining the comparative significance of the deterministic and stochastic processes in diverse microbial communities (Bell, 2001; Sloan et al., 2006, 2007). It has been successfully applied to several microbial communities (Sloan et al., 2007; Mo et al., 2018). Research shows that increasing ambient temperatures in grassland microbial communities improve selection pressure, leading to the superiority of adaptive microorganisms (Ning et al., 2020). Moreover, the disparity in wild and captive white-lipped deer (Cervus albirostris) shows that the selective effect of feeding increases the relative importance of deterministic processes in the gut microbiota community assembly in captive animals (Li et al., 2022).

The digestive tract of rhesus macaques (M. mulatta) is characteristically frugivorous (Chivers and Hladik, 1980). Nevertheless, many studies have shown a high proportion of leaves in the macaques’ diets (Wang et al., 1994; Tang et al., 2011). The macaques live in limestone forests mainly feed on leaves. They are therefore susceptible to seasonal environmental variation, indicating a significantly higher intake of fruits and young leaves during the rainy season while they feed more on mature leaves, petioles, and bark during the dry season (Wang et al., 1994; Tang et al., 2011). In response to food availability changes, the gut microbiota of these macaques in the limestone forest might be similar to those of typical folivores (Chen et al., 2020). More so, the macaques received provisioned food, which varies with the number of tourists (Chen et al., 2019), potentially altering their gut microbiota. Limited research has focused on the gut microbiota of semiprovisioned rhesus macaques in limestone habitats (Chen et al., 2019; Li et al., 2021). Nevertheless, few studies have demonstrated the variations in the gut microbiota of these macaques in response to tourism and other ecological factors; hence, the adaptation strategies of the rhesus macaques in limestone habitats are unclear.

We studied the gut microbiota of the semiprovisioned rhesus macaques in a limestone forest using 16S rRNA high-throughput sequencing. We initially described the composition and diversity of the gut microbiota and then evaluated their seasonal changes. Next, the community assembly process of the gut microbiota was assessed using the NCM (Sloan et al., 2006). Lastly, these variations in the microbiota of the macaques were discussed by testing the following predictions:


(1)The complex diet improves gut microbiota diversity (Hale et al., 2018; Dallas and Warne, 2022). The blossoming growth of young leaves and fruits during the rainy season and the uncertainty of provisioning increased food diversity (Wang et al., 1994; Chen et al., 2019). We predicted that the gut microbiota diversity of the macaques in the rainy season is higher than that in the dry season.

(2)Seasonal variations in gut microbiota respond to changes in dietary composition (Orkin et al., 2019; Sun et al., 2020; Baniel et al., 2021). We predicted that the relative abundance of fat-digesting bacteria is increase in the gut of these macaques during the rainy season and cellulose-digesting bacteria during the dry season.

(3)Captive animals are subjected to environmental filtering imposed by feeding (Li et al., 2022). We predicted that provisioning foods increase the relative importance of deterministic processes in the gut microbiota assembly of the macaques.





Materials and methods


Study site and subjects

Guangxi Longhu Mountain Nature Reserve (hereafter “Longhu Mountain”) (22°56′–23°00′ N, 107°27′–107°41′ E), located in the southwest of Guangxi, China, is characterized by “karst” landform with a mean altitude of 300–500 m, covered by a subtropical mountain seasonal rainforest (Guangxi Forest Inventory and Planning Institute, 2005). The reserve belongs to the tropical monsoon climate region with an annual temperature of 21.8°C and mean annual rainfall of 1,500 mm, mainly occurring in summer and autumn (Guangxi Forest Inventory and Planning Institute, 2005). Based on the monthly rainfall, April to October is classified as the rainy season (mean monthly rainfall is 188.3 mm) and November to March as the dry season (mean monthly rainfall is 51.6 mm) (Longan County Meteorological Bureau, 2019).

The study subjects were a group of rhesus macaque in the Longhu Mountain. The dominant plants in this region include Raderomachera sinica, Zeniainsignis, Ouoxylum indicum, Bombax malabarica, Choerospondias axillaris, Burreticdendron hsienmu, Carcimia paucinervis, Cephalolmappa sinensis, and Cinnamonum carcarea, which are essential food resources for these macaques (Wang et al., 1994). The macaques consume 103 plant species annually, including 23 species regularly consumed (Wang et al., 1994). Furthermore, these macaques principally use leaves, fruits, and flowers, with seasonal variations in consumption, and they consume more fruits and young leaves in the rainy season and more mature leaves in the dry season (Wang et al., 1994). These macaques also receive cooked corn from the staff and fat-rich foods such as biscuits, bread, and drinks from tourists. Additionally, provisioned foods are usually closely associated with tourism prosperity, and peak tourism mainly occurs during the rainy months (General Office of the State Council of the People’s Republic of China, 2018; Chen et al., 2019).



Sample collection and preservation

A total of 154 fecal samples were obtained from October 2018 to September 2019 using sterile tools such as gloves, bamboo sticks, and collection tubes (Supplementary Table 1). Only the middle portion of the feces that did not touch the ground was collected by bamboo sticks and then placed into sterile collection tubes. After recording the collected samples, they were immediately put into dry ice and then transferred to an ultralow-temperature refrigerator at –80°C for further assessment.



DNA extraction, PCR amplification, and sequencing

We used E.Z.N.A.® Soil DNA Kit (Omega Bio-Tek) to extract bacterial DNA from the fecal samples. The concentration and purity of the extracted DNA were determined using NanoDrop 2000 (Thermo Fisher Scientific), while DNA quality was checked using 1% agarose gel electrophoresis. The 16S rRNA gene V3–V4 region was amplified using bacterial primers (338F: 5′-ACTCCTACGGGAGGCAGCAG-3′ and 806R: 5′-GGACTACHVGGGTWTCTAAT-3′) (Mori et al., 2014) in a polymerase chain reaction (PCR) system (GeneAmp 9700) consisting of 5× FastPfu Buffer (4 μl), 2.5 mM dNTPs (2 μl), bovine serum albumin (0.2 μl), FastPfu polymerase (0.4 μl), template DNA (10 ng), and 0.8 μl of each primer (5 μM). The PCR products were eluted from 2% agarose gels, purified by AxyPrep DNA Gel Extraction Kit (Axygen Biosciences), quantified, and homogenized using Quantus Fluorometer (Promega) based on sequencing requirements. Lastly, the purified PCR fragments were sequenced using the Illumina Miseq PE300 platform (Illumina), conducted by Majorbio Cloud Platform1.



Bioinformatics and statistical analysis

Trimmomatic was used to screen the raw FASTQ files and FLASH (v. 1.2.11)2 software was used to splice it. Firstly, we truncated the reads at a site with a mean quality score of <20 over a 50 base-pair (bp) window, removing reads less than 50 bp. We precisely matched the primers’ barcodes, allowing a mismatch of up to two nucleotides, discarding improper sequences, and merging overlapping sequences greater than 10 bp based on overlapping sequences. Operational taxonomic units (OTUs) clustering was performed on non-repeating sequences with 97% similarity by UPARSE (v.7.1)3 (Edgar, 2013), and UCHIME was employed to remove chimeras (Edgar et al., 2011). The RDP classifier algorithm (v.2.13)4 was used to classify 16S rRNA gene sequences based on the SILVA database (release 138)5 with a confidence threshold of 80%.

Rank-abundance curves, which show the richness and uniformity of the sequenced samples at the OTU level, were drawn using R statistical software (v. 3.3.1). The sizable horizontal range of the curve shows high species richness, whereas the smooth curve indicates even distribution. Rarefaction curves were plotted for all samples to test if the data is sufficient for sequencing, as shown by detecting most of the microbial information in the sample. Relative abundances of bacterial taxa were expressed as mean ± standard deviation, and a histogram showing community composition was derived. Alpha diversity analyses of the samples based on OTUs were computed using Mothur software (v.1.30.2),6 including two community diversity indices (Shannon, invsimpson), two community richness indices (ACE: Abundance-based coverage, Chao), and an index showing sequencing depth (Good’s coverage). To improve the linearity, the Shannon, invsimpson, ACE, and Chao values were transformed using log10 (x) (Warton and Hui, 2011). The Kruskal–Wallis sum-rank test was used to test the alpha diversity differences, and seasonal differences were visualized by R statistical software. Principal coordinate analysis (PCoA) at the OTU level was performed on all samples based on Bray–Curtis distance matrices by QIIME (v.1.9.1).7 Adonis analysis was used further to assess the diversity differences between the two seasons. The relative abundances of the gut microbiota community at the phylum and genus level between the two groups were evaluated using the Wilcoxon rank-sum test on SPSS 23.0, with significance of p < 0.05 and the p-value revised by the false discovery rate, expressed as the corrected p-value. The abovementioned data were operated on the Majorbio Cloud platform1. The NCM (Sloan et al., 2006) was constructed based on the OTUs, quantifying the relative importance of stochastic and deterministic processes in the gut microbial community assembly. The species dispersal (m) and the model fitting (0 < R2 < 1) of the whole microbial community were estimated, and when the neutral effect (i.e., stochastic processes) was R2 < 1, a non-neutral effect (i.e., deterministic processes) was used to explain the remaining part (1−R2). The confidence value of the fitting statistic was 95%.




Results


Sequencing quality assessment

Filtering yielded 7,864,632 optimized sequences, and the original OTU table created following OTU cluster analysis had 5,906,920 sequences, corresponding to 38,356.60 ± 7,186.25 sample sequences per sample. Additionally, 1,708 OTUs were obtained for subsequent analysis. Rank-abundance (Figure 1A) and rarefaction curves (Figure 1B) were established basing on these OTUs, which showed that the sequencing included almost all species numbers observed in the fecal samples. Furthermore, good’s coverage estimators for all samples varied from 99.12 to 99.61%, signifying that the amount of sequencing data in this research was adequate, including most of the sample microbial information.


[image: image]

FIGURE 1
Rank-abundance curves (A) and rarefaction curves (B) show sufficient sequencing depth.




Composition of gut microbiota in semiprovisioned rhesus macaques

At the phylum level, 22 classified bacterial phyla were obtained from whole samples. The top four leading phylum include Firmicutes (65.52 ± 18.61%), Bacteroides (26.80 ± 17.98%), Proteobacteria (2.32 ± 4.02%), and Actinobacteria (2.13 ± 3.01%). At the genus level, 386 bacterial groups were obtained, and the dominant genera were Prevotella (20.20 ± 16.11%), followed by the Clostridium_sensu_stricto_1 (6.43 ± 10.78%), Lactobacillus (6.31 ± 8.25%), and Enterococcus (4.69 ± 10.25%) (Figure 2). The proportions and relative abundances of other taxonomic groups at phylum and genus levels are listed in Supplementary Tables 2–5.
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FIGURE 2
Composition of the gut microbiota at the phylum and genus levels. All taxa with a relative abundance of less than 1% were classified as “others”.




Differences in gut microbiota diversity between rainy and dry seasons

After alpha diversity analysis, the Shannon index (4.34 ± 0.68), invsimpson index (32.88 ± 21.36), ACE (734.96 ± 127.74), Chao (746.38 ± 139.35) in the gut microbiota of all samples were obtained. Furthermore, alpha diversity exhibited noticeable seasonal variations. Particularly, the Shannon (χ2 = 11.463, df = 1, p < 0.001), invsimpson (χ2 = 11.290, df = 1, p < 0.001), ACE (χ2 = 6.016, df = 1, p = 0.014), and Chao (χ2 = 7.279, df = 1, p = 0.007) indices from the rainy season samples were markedly higher than those in the dry season, signifying a marked increase in the diversity, evenness, and richness of gut microbiota in rainy season (Figure 3). According to the Bray–Curtis distance (R2 = 0.073, p = 0.001), the beta diversity of the gut microbiota revealed significant seasonal separation (Figure 4).
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FIGURE 3
Comparison of the alpha diversity in gut microbiota between the dry and rainy seasons. Asterisks indicated a significant difference, with “*” for p < 0.05, “**” for p < 0.01, and “***” for p < 0.001.
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FIGURE 4
Seasonal comparison of gut microbiota beta diversity based on OTUs (Tested by Adonis).




Differences in the gut microbiota community composition between rainy and dry seasons

The results of the Wilcoxon rank-sum test showed significant differences in the relative abundance of bacteria from 12 phyla and 132 genera between the two seasons (Supplementary Tables 4, 5 and Figure 5). At the phylum level, Bacteroidetes, Spirochaetes, and Desulfobacterota were significantly higher proportion in the rainy season, while Firmicutes, Cyanobacteria, and Campilobacterota were in higher proportions in the dry season. At the genus level, Prevotella, UCG-002, UCG-005, and unclassified_f__Lachnospiraceae were more common in the rainy season, whereas Clostridium_sensu_stricto_1, Enterococcus, Sarcina, and norank_f__norank_o__Clostridia_UCG-014 were more enriched during the dry season.
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FIGURE 5
The composition difference analysis in the gut microbiota community at the phylum (A) and genus (B) levels. Only the top fifteen bacterial taxa are displayed. Asterisks indicated a significant difference, with “*” for p < 0.05, “**” for p < 0.01, and “***” for p < 0.001.




Community assembly of gut microbiota

The NCM showed that stochastic processes might contribute to 26.0% (R2 = 0.260) (Figure 6A), 23.8% (R2 = 0.238) (Figure 6B), and 34.7% (R2 = 0.347) (Figure 6C) for all, dry and rainy season samples of the community assembly, respectively. The assembly of the gut microbiota communities in both seasons differed. Particularly, the contribution of stochastic processes in the rainy season was higher than that in the dry season (34.7 vs. 23.8%), and the species migration rate in the rainy season was higher than that in the dry season (m = 0.128 vs. m = 0.077). Furthermore, the NCM also computed the proportions of bacterial taxa in the confidence interval, and those of other taxa deviated from the confidence interval (Figure 6). During the dry season, 47.8% species and 52.3% during the rainy season were within the anticipated range, with the remaining species being outliers (Figure 6).
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FIGURE 6
The quantitative results of stochastic processes in the community assembly of the gut microbiome in all samples (A), dry season (B), and the rainy season (C), based on the NCM (the solid black lines represent the best fit to the NCM, and the dashed black lines represent 95% confidence intervals around the model prediction. OTUs that occur more or less frequently than predicted by the NCM are shown in different colors. “m” represents the migration rate, and “R2” represents the fitting to the model).





Discussion


Characteristics of the gut microbiota of semiprovisioned rhesus macaques

Firmicutes and Bacteroidetes dominate the gut microbiota in the rhesus macaques, as reported in other primates (Sun et al., 2016; Hale et al., 2019; Li et al., 2021), which are followed by Proteobacteria and Spirochaetes. Most Firmicutes bacteria species produce a range of digestive enzymes to digest ingested materials. Examples of such bacteria include Lactobacillus (Schoeler and Caesar, 2019) and Clostridium_sensu_stricto_1 (Guo et al., 2020), probable supporting the digestion of the host. The bacteria in Bacteroidetes contribute to the degradation of carbohydrates and proteins in foods (Filippo et al., 2010; Flint et al., 2012). These two bacterial taxa were predominant in this study and might impact the digested and access to nutrients. Specifically, the macaques in limestone forests primarily obtain leaves as food (Wang et al., 1994), in which the decomposition of cellulose is inseparable from their gut microbiota. Proteobacteria, Actinobacteria, and Spirochaetes are the common taxa in the animal guts (Hicks et al., 2018; Li et al., 2019; Wang et al., 2022). Although some bacteria in Proteobacteria are associated with diseases (Marchesi et al., 2016; Orkin et al., 2019), we discovered that the Succinivibrio, which dominates, is committed to breaking down the polysaccharides and enhancing the degradation of food (Baniel et al., 2021). These bacteria taxa with lower relative abundances are also involved in maintaining the balance of the host’s gut microbiota (Tong et al., 2019).

Our findings revealed that the gut microbiota in the semiprovisioned macaques was maintained in high diversity, comparable to the results from previous research on the wild and provisioned macaques (Chen et al., 2019). Maintaining high gut microbiota diversity is essential for maintaining diverse digestive functions (Lozupone et al., 2012; Amato et al., 2013), signifying that dietary supplementation could not reduce the capacity of these macaques to ferment natural plants. Furthermore, early studies have discovered that replicating natural food helps maintain the diversity in the gut microbiota of captive animals (Martínez-Mota et al., 2020; Dallas and Warne, 2022). Nevertheless, overreliance on provisioned foods may increase the risk of obesity and steadily reduce the survival ability of wild animals (Clayton et al., 2016). Thus, balancing provision and natural feeding is necessary to maintain the ability of macaques to digest numerous food types, which is also the focus of animal rescue, protection, and management (Dallas and Warne, 2022).



Seasonal changes in gut microbiota

We observed that the diversity of gut microbiota of the semiprovisioned rhesus macaques in the limestone forest was significantly higher in the rainy season than in the dry season, supporting prediction 1. The seasonal differences in plant resources brought on by phenology changes may cause this trend (Amato et al., 2015; Serra-Maluquer et al., 2021). Previous research has shown that limestone forests show significant seasonal changes in plant products, with fruits and young leaves usually appearing during the rainy season (Zhou et al., 2006; Huang et al., 2015). Assamese macaques (Macaca assamensis) (Huang et al., 2015), and François’ langur (Trachypithecus francoisi) (Zhou et al., 2006) living in the forests, typically use more fruits and young leaves during the rainy season. The macaques have reportedly undergone comparable dietary adjustments (Wang et al., 1994; Tang et al., 2011). Thus, this season’s comparatively abundant food resources can be connected to the increased gut microbiota diversity.

Tourism might also impact the differences in the gut microbiota. The macaques demonstrate higher gut microbiota diversity during the flourishing tourism season. Rainy seasons are typically busy tourism times as Chinese holidays predominantly overlap with the season, such as Sanyuesan in April, May Day, China’s National Day in October, and summer vacation in July and August (General Office of the State Council of the People’s Republic of China, 2018), which implies that the macaques get a more provisioned food during this season (Altmann and Muruth, 1988; Chen et al., 2019). While the semiprovisioned rhesus macaques depend on natural food resources, their diets typically include provisioned foods from the tourists, which could be linked to the variety in their diets; thus, providing a broad dietary niche that helps maintain high gut microbiota diversity (Amato et al., 2013; Chen et al., 2019; Martínez-Mota et al., 2020). Actually, the bacterial diversity in the rhesus macaques varies from other wild and captive groups, mainly due to their diet variations (Borbón-García et al., 2017; Hale et al., 2019).

Seasonal variations in the gut microbiota composition of the semiprovisioned rhesus macaques at both the phylum and genus levels were observed. The dominant bacterial taxa’s approximate change in relative abundance was consistent with prediction 2. The proportion of Firmicutes was significantly higher in the dry season than in the rainy season, and the common taxa in Firmicutes, such as Lachnospiraceae and Clostridiaceae, are necessary for cellulose decomposition in herbivorous animals (Ley et al., 2008; Wang et al., 2022). Notably, these bacteria can degrade numerous complex polysaccharides to produce short-chain fatty acids for easy absorption, provide energy to the host (Zhu et al., 2011; Hale et al., 2019). Increased Firmicutes in this study may be because these macaques gather more mature leaves, which are rich in cellulose, during the dry season to make up for the absence of young leaves and fruits (Wang et al., 1994). At the genus level, the proportions of Clostridium_sensu_stricto_1, Enterococcus, and Sarcina were significantly higher in the dry season. These bacteria are devoted to the degradation of indigestible polysaccharides, particularly cellulose (Zhu et al., 2011; Guo et al., 2020), which is consistent with the higher fiber diet of the macaques during the dry season. The selection pressure is changed by a high-fiber diet, and adding cellulose-digesting bacteria may help primates maintain their energy levels and enhance digestion (Hicks et al., 2018; Orkin et al., 2019; Baniel et al., 2021). Nevertheless, Enterococcus has often been found in some patients’ intestines with diarrhea and is considered unsafe (Marchesi et al., 2016). Therefore, the possible adverse effects of food supplementation in rhesus macaques must be further confirmed.

The proportion of Bacteroidetes was significantly higher in the rainy season than in the dry season, probably due to the increase in fatty, protein-rich food, such as peanuts and biscuits, by tourists. This comparatively high-fat diet enriches Bacteroidetes (Schoeler and Caesar, 2019; Sun et al., 2020) as this species can efficiently degrade carbohydrates and proteins in foods (Ley et al., 2006; Flint et al., 2012). Typically, caged primates fed a diet high in protein and low in fiber have more Bacteroides in their stomachs (Clayton et al., 2016; Borbón-García et al., 2017). Moreover, increased Bacteroidetes may be connected to increased availability of fruits, including vigorous growing fruits found in the limestone forest and peanuts fed by tourists during the rainy season (Wang et al., 1994), which are considered vital lipid sources in primates (Rothman et al., 2012). Similarly, ingestion of fruit by white-faced capuchins increases Bacteroidetes (Orkin et al., 2019). At the genus level, the enrichment of Prevotella primarily represents the increase in Bacteroidetes, which can divide substances such as xylan, pectin, and hemicelluloses (Flint et al., 2012), which are rich in young leaves and fruits (Filippis et al., 2016), justifying its dominance in the guts of semiprovisioned rhesus macaques owing to a considerably higher intake of young leaves and fruits during the rainy season. This shows that natural plants are still the staple foods, regardless of receiving the provisioned foods.

We also discovered that the cellulose-fermenting bacteria belonging to Firmicutes, such as UCG-002, UCG-005, and unclassified_f__Lachnospiraceae, is still high in relative abundance during the rainy season (Guo et al., 2020; Liao et al., 2021; Wang et al., 2022). This trend is consistent with their multifaceted diet with provisioned and natural foods. The digestion of ingested food and variations in the number of metabolic bacterial taxa typically cause the differences in the gut microbiota (Borbón-García et al., 2017). Thus, critical seasonal changes in gut microbiota can be a strategy in response to the seasonal variations in food resources of the macaques in limestone forests.



Community assembly in gut microbiota

The relative importance of the deterministic processes in community assembly of all samples was 74.0%, signifying that it primarily influenced the clustering of gut microbiota in semiprovisioned rhesus macaques and that the assembly of gut microbiota was controlled by niche factors like environmental factors and interspecific interactions (Li et al., 2019; Wu et al., 2022). For instance, low-temperature filtration enhances deterministic processes to dominant in the gut the microbiota community assembly of wild pika (Ochotona curzoniae) at high altitudes (Li et al., 2019). Based on the seasonal variations in plant products and fluctuations in provisioning (Wang et al., 1994; Chen et al., 2019), it can be rationally speculated that diet alterations drive structural and functional adjustments in gut microbiota (David et al., 2014; Hale et al., 2018). Therefore, the increased contribution of the deterministic process is connected to the diet of semiprovisioned rhesus macaques. Because these macaques rely heavily on mature leaves during the dry season and primarily consume young leaves and fruits during the rainy season (Wang et al., 1994; Zhou et al., 2009), the influence of niche determinants on community formation is increased. Furthermore, the environmental filtering effect imposed by artificial feeding expands the contribution of deterministic processes (Li et al., 2022). This validates our prediction 3 about the gut microbiota community assembly in semiprovisioned rhesus macaques.

The fitting power of the model implies that deterministic factors are more able to explain the changes in gut microbial communities in the dry season, possibly due to comparatively stable food sources in the limestone habitats during the season, including the year-round supply of mature leaves and corn by staff (Wang et al., 1994; Chen et al., 2019). Like the dynamics of marine microbial communities that are impacted by two environmental factors: day length and temperature (Gilbert et al., 2012), food availability might be a significant environmental factor driving the gut microbiota community assembly (Li et al., 2022). Underfeeding and unstable aquaculture systems, zebrafish (Danio rerio) environmental selection pressure increases. Their gut microbiota community assembly tends to be dominated by deterministic processes (Burns et al., 2016). Numerous studies have also revealed that changes in the gut microbiota of wild animals are influenced by changes in food availability (Orkin et al., 2019; Baniel et al., 2021).

The diffusion of the gut microbiota of the macaques is less limited and is more likely to spread between individuals during the rainy season than in the dry season. Two possible explanations exist for this. First, according to Sloan et al. (2007) and Mo et al. (2018), numerous bacterial taxa in the community are more likely to experience an arbitrary dispersion across group members, which may be facilitated by the greater diversity and quantity of gut microbiota during the rainy season. Second, the distance between individuals may prevent bacterial taxa from migrating stochastically between individuals (Sarkar et al., 2020). The macaques living in limestone forests spend more time playing during the rainy season (Tang et al., 2011), and food supplementation significantly reduces the time spent foraging in these animals, with increased social and relaxation time (Altmann and Muruth, 1988). Therefore, comparatively intimate social contacts between group individuals increase the likelihood of gut microbiota migration during the rainy season, making the gut microbiota of individuals with close contacts more similar (Sarkar et al., 2020).

Other ecological factors did not impact the taxa found in the confidence interval (Sloan et al., 2007). Our findings showed that more taxa are in a stochastic state in the macaques’ gut microbiota community during the rainy season, which is also reflected by the fitting and species dispersal of the NCM. Microbial taxa differing from confidence intervals over three periods, also called “deviating taxa,” may be more vulnerable to the deterministic processes in the whole community, signifying potential ecological significance (Sloan et al., 2007). Particularly, more bacterial taxa in the dry season were beyond the confidence interval, which may be attributed to hosting the gut microbiota adaptation to the comparatively low-quality food resources in the dry season (Burns et al., 2016; Tong et al., 2019). The proportion of taxa lower the confidence interval was slightly higher in the rainy season, and these taxa were sustained despite being connected with potential pathogenic characteristics (Burns et al., 2016). The deviating taxa might interact with other taxa to increase the stability of the community structure in response to seasonal variations of the microbial community (Tong et al., 2019).

In summary, the significant seasonal changes in the diversity and composition in the gut microbiota of semiprovisioned rhesus macaques might be connected to the seasonal variations in plant items availability in the limestone forests and the changes in provisioned food from tourists. Furthermore, provisioning raises environmental selection pressure, with an increase in the relative importance of deterministic processes in the gut microbiota assembly of the macaques. Our results emphasize that diet is an essential factor impacting gut microbiota and that the flexible modulation in gut microbiota by the macaques might be an adaptive strategy in response to the seasonal variations in food availability. Additionally, we state that preserving natural foods in animal diets to maintain structural and functional diversity in the gut microbiota aids the primates in surviving environmental variations.
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Yak is the only ruminant on the Qinghai-Tibetan Plateau that grazes year-round. Although previous research has shown that yak rumen microbiota fluctuates in robust patterns with seasonal foraging, it remains unclear whether these dynamic shifts are driven by changes in environment or nutrient availability. The study examines the response of yak rumen microbiota (bacteria, fungi, and archaea) to simulated seasonal diets, excluding the contribution of environmental factors. A total of 18 adult male yaks were randomly divided into three groups, including a nutrition stress group (NSG, simulating winter pasture), a grazing simulation group (GSG, simulating warm season pasture), and a supplementation group (SG, simulating winter pasture supplemented with feed concentrates). Volatile fatty acids (VFAs) profiling showed that ruminal acetate, propionate and total VFA contents were significantly higher (p < 0.05) in GSG rumen. Metagenomic analysis showed that Bacteroidetes (53.9%) and Firmicutes (37.1%) were the dominant bacterial phyla in yak rumen across dietary treatments. In GSG samples, Actinobacteriota, Succinivibrionaceae_UCG-002, and Ruminococcus albus were the most abundant, while Bacteroides was significantly more abundant in NSG samples (p < 0.05) than that in GSG. The known fiber-degrading fungus, Neocallimastix, was significantly more abundant in NSG and SG samples, while Cyllamyces were more prevalent in NSG rumen than in the SG rumen. These findings imply that a diverse consortium of microbes may cooperate in response to fluctuating nutrient availability, with depletion of known rumen taxa under nutrient deficiency. Archaeal community composition showed less variation between treatments than bacterial and fungal communities. Additionally, Orpinomyces was significantly positively correlated with acetate levels, both of which are prevalent in GSG compared with other groups. Correlation analysis between microbial taxa and VFA production or between specific rumen microbes further illustrated a collective response to nutrient availability by gut microbiota and rumen VFA metabolism. PICRUSt and FUNGuild functional prediction analysis indicated fluctuation response of the function of microbial communities among groups. These results provide a framework for understanding how microbiota participate in seasonal adaptations to forage availability in high-altitude ruminants, and form a basis for future development of probiotic supplements to enhance nutrient utilization in livestock.
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Introduction

The Qinghai-Tibetan Plateau is the highest and largest plateau in the world, and is utilized for ruminant grazing year-round (Long et al., 1999), besides playing vital ecological roles as a watershed and ruminant habitat (Yu et al., 2012). Yak (Bos grunniens), referred to in Chinese as the “boat of the plateau,” is the only large mammal endemic to the Qinghai-Tibet Plateau, and yak husbandry is tightly interwoven in the lifestyle of the Tibetan people, providing indispensable goods, such as dairy, meat, textiles, and fuel (Long et al., 1999). As a result of their prolonged development and adaptation to survival on the plateau, yaks can withstand extreme cold, high ultraviolet radiation, hypoxia, and seasonally low nutrient availability (Qiu et al., 2012; Zhang et al., 2016). This adaptation to harsh environments raises numerous questions about the function and dynamics of their resident rumen microbiota, and especially the role of rumen microbiota in nutrient utilization efficiency under wide variation of pasture conditions.

Rumen microbiota perform integral functions in nutrient utilization, metabolism, immune function, animal health, and even host developmental processes (Heijtza et al., 2011; Sonnenburg and Backhed, 2016; Islam et al., 2019). Dietary and feeding regimens can also reportedly affect the composition of bacterial and archaeal communities in yak rumen (Xue et al., 2017; Zhou et al., 2017; Liu et al., 2019), and their microbial symbionts have been shown to ferment plant proteins and polysaccharides (Deusch et al., 2017), and provide the host with essential nutrients, volatile fatty acids (VFAs), and microbial proteins obtained from relatively recalcitrant plant fibers (Ishaq and Wright, 2012). Previous studies in yak have found that rumen microbiota composition is not only related to feed efficiency (Henderson et al., 2015), but also subject to co-evolution with the host genome as part of the adaptive response to extreme natural environments (Zhang et al., 2016). Guo et al. (2021) and Huang et al. (2022) demonstrated that seasonal constraints on forage availability led to restructuring of the yak rumen microbiota, enriching for fiber-degrading microbiota in the winter season when low-nutrient, high-fiber plant residue comprises the majority of the food supply. However, the contribution of rumen fungi, which are well-established microbial fiber degraders, has been largely overlooked in previous investigations of seasonal nutrient variation. Moreover, environmental factors can also impact rumen microbiota composition and diversity, and therefore, experiments simulating different nutrient availability conditions can promote a more robust comprehension of yak rumen community adaptation to seasonal changes in forage conditions, and identify functionally relevant microorganisms that are enriched under different conditions.

In the present study, we investigated the influence of seasonal changes in nutrient availability on yak rumen microbiota (including bacteria, fungi, and archaea) by simulating grazing conditions in winter pasture, warm season pasture, and winter pasture with supplementation. To this end, high throughput metagenomic rRNA gene sequencing was used to characterize rumen community composition and diversity under different grazing conditions. Then, to test the hypothesis that specific microbes are enriched under different grazing conditions, leading to differences in rumen fermentation, we characterized the volatile fatty acid (VFA) profiles of all rumen samples and conducted correlation analysis between microbial taxa (ASVs) and different VFAs. This study extends our understanding of the role of rumen microbes in metabolic adaptation to extreme seasonal changes in forage availability.



Materials and methods


Animal selection and experimental design

Procedures of the current study were approved by the Animal Welfare and Ethics Committee of Lanzhou University (Approval Reference Number: EAF2021033). The study was conducted in August 2021, at the Yak Breeding Cooperative in Nimu County, Lhasa City (29°36′N, 90°6′E 4,230 m a.s.l.).The experiment selected 18 male yaks (350 ± 26 kg live weight, aged 4–5 years) and randomly divided into three different diet groups (shown in Table 1). The experiment was carried out over a period of 35 days, of which the first 14 days were for adaptation and the next 21 days for experiment and sampling. The test was divided into three groups: Grazing simulation group (GSG), Nutrition stress group (NSG) and Supplementation group (SG) according to the nutrient intake and average daily gain of yaks grazing in different seasons (Xue et al., 2005, 2007), the Feeding Standards of Beef Cattle (NY-T815-2004) and the nutrient changes of forage grass in different seasons on the Qinghai-Tibet Plateau (Long et al., 1999; Guo et al., 2021). In which, Nutrient stress group (NSG) was considered as fed deficiency group according to the nutrient level of local winter pasture; Grazing simulation group (GSG) simulated the nutrient intake of yak while grazing in warm-season pasture; Supplementation group (SG) simulated the nutrient intake of yak while grazing in the winter pasture with supplementation. The yaks were fed twice a day at 8:30 and 16:30 h at 2% BW on a dry matter basal diet and allowed ad libitum access to water. The remaining feed was collected and weighed before morning feeding to calculate the actual feed intake.



TABLE 1 Diet composition of three treatment groups.
[image: Table1]



Sample collection

On the last day (day 35) of the experiment, a stomach tube (Kelibo Co. Ltd., Wuhan, China) was used to collect rumen fluid from each yak before morning feeding. The initial 50 ml of fluid were discarded to avoid contamination by saliva. Then, 40 ml of rumen fluid was taken and stored in a sterile enzyme-free cryopreservation tube with liquid nitrogen freezer and transferred immediately to the laboratory and stored in a –80°C refrigerator. The collected samples were mainly used for the determination of volatile fatty acids (VFAs) and microbial community analysis.



Determination of VFAs

Volatile fatty acids (VFAs) were determined by modified method from Erwin et al. (1961). The rumen fluid was firstly thawed at 4°C and centrifuged at 3850×g at 4°C for 15 min, metaphosphoric acid solution(0.2 ml) containing 2-ethyl butyric acid as internal standard was added to supernatant(1 ml). After mixing well and standing for 30 min at 4°C. The mixed solution was centrifuged at 3850×g at 4°C for 15 min, and the supernatant was collected and filtered (0.22 μm) for VFAs determination using a gas chromatograph (GC, SP-3420A; Beijing Beifen-Ruili Analytical Instrument Co., Ltd., Beijing, China) with an AT-FFAP type capillary column (30 m × 0.32 mm × 0.5 μm) and a flame ionization detector, with the temperature regime as: 90°C for 1 min, increased to 120°C at 10°C/min for 1 min, then increased from 120 to 150°C at 10°C/min, and maintained at 150°C for 3 min. The injection hole temperature was 250°C, and the auxiliary chamber temperature was 250°C.



Diet and chemical analysis

The collected feed samples were dried in a forced-air oven at 65°C for 48 h. After crushed and then passed through a 1 mm sieve, feed samples were weighed and dried at 105°C to a constant weight to thus subjected to dry matter (DM) and crude protein (CP) determination by the Kjeldahl method (Thiex et al., 2012), while neutral detergent fiber (NDF) and acid detergent fiber (ADF) were measured by an automatic fiber analyzer (ANKOM 2000i, ANKOM Technology, Macedon, NY, USA) (Vansoest et al., 1991). Determination of crude ash in diet was carried out according to the method described by Thiex et al. (2012) and ether extract (EE) was measured according to the method described by Cunniff and Association of Official Analytical Chemists (1995).



DNA extraction, sequencing and data analysis

Rumen fluid stored at −80°C was subjected to genomic DNA extraction using TIANamp Stool DNA Kit (Tiangen Biotech Co., Ltd., Beijing, China). DNA spectrophotometer (ND-1000; NanoDrop, Wilmington, DE, United States) was used for DNA yield and purity screening. Normalized genomic DNA was applied to perform barcode PCR with a set of primers (338\u00B0F and 806R for bacteria; ITS1-1F-F-ITS1-1F-R for Fungi and 1106F-1378R for Archaea). Phusion® High-Fidelity PCR Master Mix (New England Biolabs) was used in the PCR reactions, cycling conditions were as follows: 1. denaturation step at 98°C, 1 min; 2. 30 cycles at 98°C for 10s, 50°C for 30 s, 72°C for 30 s; and 3. a final 5 min extension at 72°C. The PCR products were thus subjected to agarose gel electrophoresis for separation and visualization. The final products were sequenced on an Illumina NovaSeq platform and 250 bp paired-end reads were generated.

Paired-end reads were assigned to each sample by barcodes identification. After cutting off the barcodes and primer sequences, Paired-end reads were merged and spliced by FLASH v 1.2.11 (Magoč and Salzberg, 2011). Quality filtering was performed using the fastp (Version 0.20.0), after getting rid of noise and chimeric reads by QIIME2 (Version QIIME2-202006) DADA2 and Vsearch (Version 2.15.0; Li et al., 2020), sequences are then clustered into ASVs (Amplicon Sequence Variants) (default: DADA2) based on the database. The database used for the taxonomic assignment comes from Silva database1 for 16S and Unite database2 for ITS (Haas et al., 2011).

Alpha and beta diversity were calculated from different indices in QIIME2 (Version QIIME2-202006). Principal Coordinate Analysis (PCoA) was used to obtain principal coordinates and visualize differences of rumen samples in complex multi-dimensional data. The results were plotted using ade4 and ggplot2 packages in R. LEfSe analysis was performed through the Huttenhower Lab Galaxy Server3. The PICRUSt software (Version 2.1.2-b) was used to predict the function of bacteria and archaea (Douglas et al., 2020). The FUNGuild software was conducted to assign ecological functions to each ASVs (Nguyen et al., 2016). The original 16S rRNA/ITS data were available at the NCBI SRA database with accession number PRJNA8631314.



Statistical analyses

The association between rumen microbiota and VFA through Spearman’s correlation analysis. One-way ANOVA by SAS version 9.2 was used to compare rumen VFAs. Non-parametric factorial Kruskal–Wallis sum-rank tests were performed to test for differences among groups at the bacterial phylum and genus levels, and Dunn’s test was performed to separate means where significance was found. Tukey-adjusted p values were used to separate means and statistical significance was accepted at p < 0.05.




Results


Rumen VFAs increase under warm season grazing simulation (GSG)

In order to better understand the differences in microbial-associated metabolic processes in yak rumen under varying nutrient availability, volatile fatty acid (VFA) composition was determined in yak rumen fluid of animals treated with simulated nutrient deficiency (NSG), simulated warm season grazing (GSG), or supplemented cold season grazing (SG) (n = 6 animals per treatment; Table 2). The results suggested that diet (i.e., nutrient levels) affected the amounts of rumen acetate, propionate, and total VFAs, which were significantly higher (p < 0.05) in GSG than in NSG or SG, while the concentrations of rumen butyrate and valerate, as well as the acetate: propionate ratio showed no difference among the three experimental groups. These results suggested that metabolic processes in yak rumen indeed varied with nutrient intake, leading us to hypothesize that rumen microbiota contributed to this process.



TABLE 2 Volatile fatty acids (VFAs) composition affected by different nutrient simulations.
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Rumen microbiota


Bacteria diversity and community shift associated with nutrient fluctuation

To identify differences in yak rumen microbiota associated with nutrient fluctuation, metagenomic sequencing of the 16S rRNA gene was conducted in rumen samples of yaks fed under NSG, GSG and SG conditions. In total, 1,959,743 cleaned reads were obtained from 18 samples after quality control and filtering, with an average of 69,564 valid sequences per sample. Denoising with DADA 2A revealed that 3,341 ASVs were present in the three groups combined, among which 2068 ASVs were detected in all three groups, while 245 were unique to NSG, 192 were exclusively detected in SG, and 265 were only present in the GSG rumen (Supplementary Figure S1A).

Analysis of the alpha diversity of rumen bacteria indicated that species richness (Chao 1 index) was significantly higher in the GSG rumen (1611) than in the SG rumen (1360) (p < 0.05), while NSG had intermediate richness between the other treatments (Figure 1A). Shannon diversity indices were not significantly different among groups (p > 0.05) (Figure 1B). Principal coordinates analysis (PCoA) based on an unweighted UniFrac distance matrix to visualize overall structural changes in rumen bacterial communities showed obvious separation of the three groups (Figure 2A), with GSG rumen bacteria exhibiting the tightest clustering. LEfSe analysis to identify indicator taxa under different nutrient conditions revealed 10 (Bacteroides, Roseburia, etc.), 12 (Oribacterium, Pasteurellales, etc.) and 3 (Lachnospiraceae_ND3007_group, Roseburia_intestinalis, etc.) bacterial taxa significantly associated with NSG, GSG and SG yak rumen, respectively (Figure 3).
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FIGURE 1
 Differences in Yak rumen microbial diversity and richness between the GSG, NSG, and SG. Diversity was estimated by Shannon index. Richness estimated by the Chao1 value. (A) Chao 1 index. (B) Shannon index. Asterisks indicate significant difference between the Concentrate Group and the Forage Group (*p ≤ 0.05; **p ≤ 0.01).
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FIGURE 2
 Principal coordinate analysis (PCoA) of rumen microbial communities. (A) Bacteria. (B) Fungi. (C) Archaea.
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FIGURE 3
 Linear discriminant analysis (LDA) of rumen bacteria. (LDA cutoff of +/−2.0).


A total of 21 bacterial phyla and 336 bacterial genera were identified in the combined experimental samples. Bacteroidetes (53.97%) and Firmicutes (37.16%) were the dominant phyla in all three treatment groups (Supplementary Figure S2A), with Proteobacteria and Actinobacteriota (5.40% and 1.08%, respectively) comprising the next most abundant taxa. These four phyla with highest relative abundance accounted for >90% of all bacterial ASVs. At the genus level, the predominant genera included Rikenellaceae_RC9_gut_group (24.25%), uncultured_bacterium_f_F082 (8.01%), and Prevotella_1 (5.12%) in all samples (Figure 4A). Less prevalent but relatively abundant genera included p-251-o5, Bacteroides, Papillibacter, Quinella, and Lachnospiraceae_ND3007_group, respectively accounting for 2.81%, 2.71%, 2.41%, 2.36% and 1.97% of detected ASVs.

[image: Figure 4]

FIGURE 4
 Classification of the rumen microbial composition at the genus level across the different nutrient simulations in different grazing patterns. (A) Bacteria. (B) Fungi. (C) Archaea. (D) Bacterial genera with significant changes under various nutrient simulations. (E) Fungal genera with significant changes under various nutrient simulations. (F) Archaeal genera with significant changes under various nutrient simulations. (G) Major fiber-degrading bacteria with significant changes under various nutrient simulations. Asterisks indicate significant difference between the three groups (*p ≤ 0.05; **p ≤ 0.01).


At the phylum level (Supplementary Figure S2D), in comparisons with the NSG yak rumen, the GSG rumen had a higher abundance of Bacteroidetes (57.2% vs. 50.4%) but lower abundance of Firmicutes (33.4% vs. 39.4%; p < 0.05). Yak rumen from GSG also had the highest abundance of Actinobacteriota among all the groups (2.1% vs. 0.5% and 0.5%; p < 0.05). At the genus level, the relative abundance of Bacteroides in NSG was higher than that in the GSG rumen (4.4% vs. 2.4%; p < 0.05), while Lachnospiraceae_ND3007_group was significantly enriched in SG (3.1% vs. 1.3% and 1.4%; p < 0.05) and Succinivibrionaceae_UCG-002 was significantly higher in GSG rumen (2.2% vs. 0.06% and 0.08%; p < 0.05) compared with other groups (Figure 4D). In addition, the differences in nutrient availability significantly affected (p < 0.05) species level ASVs such as Fibrobacter succinogenes, Butyrivibrio fibrisolvens, and Ruminococcus albus. The relative abundance of Fibrobacter succinogenes and Butyrivibrio fibrisolvens in SG was significantly higher (0.2% vs. 0.1% and 0.04% vs. 0.02%; p < 0.05) than that in NSG, while GSG rumen had the higher abundance of Ruminococcus albus than that in SG group (0.08% vs. 0.02%, p < 0.05) (Figure 4G). These cumulative results suggested that the nutrient deficiency can inhibit proliferation of known rumen taxa, while selecting for nutrient stress-tolerant, fiber-degrading bacteria and fungi.



Higher rumen fungi diversity and significant taxa in NSG and SG rumen

Based on the observed differences in bacterial communities between treatments, metagenomic sequencing of the fungal ITS hypervariable region was conducted to examine changes in rumen fungi, which are well known to contribute to cellulose degradation in ruminants. In total, 92,749 cleaned reads were obtained for each sample after splicing and filtering, with a total of 1,441 ASVs detected in the three groups combined after denoising. Among these fungal ASVs, 213 were common to all three groups, while 395 were unique to NSG rumen, 383 were unique to SG, and 200 were exclusively detected in GSG (Supplementary Figure S1B).

Examination of fungal diversity (Shannon index) and species richness (Chao 1) in yak rumen indicated that both indexes were lower in GSG than in the NSG and SG rumen (p < 0.01) (Figures 1A,B). PCoA analysis showed no obvious distinction between rumen fungal communities of the NSG and SG rumen, whereas GSG was clearly separated from the other two groups (Figure 2B). Subsequent LEfSe analysis identified 7 (Buwchfawromyces, Kazachstania, etc.), 17 (Eurotiales, Aspergillaceae, etc.), and 26 (Melanocarpus, Neocallimastix, etc.) fungal taxonomic groups that were significant indicator taxa in the NSG, GSG, and SG rumen, respectively (Supplementary Figure S3A).

A total of 7 fungal phyla and 122 fungal genera were identified in the three groups. In particular, Neocallimastigomycota (81.29%) and Ascomycota (12.91%) were the most abundant phyla in all rumen samples (Supplementary Figure S2B), followed by Basidiomycota, Mortierellomycota, and Mucoromycota (0.76, 0.10 and 0.03%, respectively). At the genus level, predominant genera included Piromyces (20.13%), Orpinomyces (19.01%), and Neocallimastix (16.56%) in all samples. Less prevalent but significantly abundant genera included Caecomyces, Cyllamyces, Aspergillus, Anaeromyces, and Penicillium, accounting for 12.00, 10.26, 7.16, 1.37, and 1.28% of fungal ASVs, respectively (Figure 4B).

Examination of phylum-level community composition showed that Mortierellomycota in SG was significantly higher than in GSG (p < 0.05 Supplementary Figure S1E), whereas, at the genus level, the relative abundance of Orpinomyces was higher in the GSG rumen than in the NSG and SG rumen (33.0% vs. 12.0% and 11.9%; p < 0.05) and Neocallimastix was lower (8.2% vs. 17.2% and 24.4%; p < 0.05). Yak rumen in the SG rumen had the highest abundance of Anaeromyces among the three groups (3.0% vs. 0.6% and 0.5%, p < 0.05), while Cyllamyces was enriched in NSG compared to SG (15.1% vs. 6.5%, p < 0.05), and Buwchfawromyces was more abundant in NSG than in the GSG rumen (p < 0.05) (Figure 4E). In summary, these results indicated that nutrient utilization is a complex process which requires a diverse consortium of microbes working together, and thus builds a plasticity to allow fungi to response to different substrates.



Rumen archaeal community vary under different nutrient conditions

In addition to bacterial and fungal contribution to rumen metabolism, we hypothesized that rumen archaea may also vary under different nutrient conditions. To test this possibility, metagenomic sequencing of the archaeal was conducted in rumen of yaks from each treatment group, which resulted in 1,699,212 clean reads, after quality control and filtering, from all samples combined. On average, 83,546 valid sequences were obtained for each sample, which contained 1,997 total ASVs. There were 164 ASVs shared by all three groups, while much larger proportions were unique to each grazing simulation, including 545 ASVs exclusive to NSG rumen, 428 ASVs unique to SG rumen, and 481 ASVs only found in GSG rumen (Supplementary Figure S1C).

Comparison of rumen archaeal diversity (Shannon index) indicated that SG (4.8) had significantly higher diversity than in GSG (4.4) and NSG (3.9) (p < 0.05), although species richness (Chao 1) was not significantly different among the three groups (Figures 1A,B). PCoA analysis showed that archaeal communities clustered into distinct groups based on nutrient conditions, with little overlap (Figure 2C). LeFse analysis of indicator taxa for each nutrient condition group identified Methanobrevibacter in NSG, Methanosphaera and Methanobrevibacter ruminantium in GSG rumen, and Methanobrevibacter millerae in the SG rumen (Supplementary Figure S3B). Examination archaeal community composition identified four distinct phyla and six distinct genera that were present in all groups, including Euryarchaeota, which was the most abundant phylum in all samples, accounting for 84.19% of archaeal ASVs (Supplementary Figure S2C). Significant, but less prevalent phyla included Halobacterota (0.15%) and Aenigmarchaeota (0.02%). At the genus level, Methanobrevibacter (81.03%) and Methanosphaera (2.47%) were predominant across samples (Figure 4C). Further analysis by one-way ANOVA showed that the relative abundance of Methanosphaera in NSG was significantly lower than in GSG (p < 0.05), but did not differ from that in SG (Figure 4F). Collectively, these results found that sufficient nutrient conditions could enhance VFA production by enrich less hydrogen consumer-Methanosphaera.



Functional prediction of rumen bacteria, archaea, and fungi

A total of 69 enriched metabolic pathways were predicted based on identified bacteria and archaea amplicon sequences using the KEGG pathway database, and thus were mainly divided into three categories as metabolism, biosynthesis, and cellular processes (Supplementary Figures S4A,C). We found that the Calvin–Benson–Bassham cycle and 5-aminoimidazole ribonucleotide biosynthesis were significantly enriched in GSG when compared with that in NSG (p < 0.05). In addition, fungal function prediction using FUNGuild software showed that pathotrophs, symbiotrophs, and saprotrophs were the major components. Plant_Pathogen and Endophyte-Plant_Pathogen were significantly enriched in SG than that in NSG (p < 0.05), and Animal_Pathogen-Endophyte-Plant_Pathogen-Wood_Saprotroph was significantly more abundant in SG than that in GSG (p < 0.05). Moreover, the relative abundance of Plant_Pathogen-Soil_Saprotroph-Wood_Saprotroph was significantly higher in GSG than that in NSG (p < 0.05) (Supplementary Figure S4B).



Significant interactions between rumen microbes and volatile fatty acids

Based on the above detection of microbial taxa significantly associated with different grazing simulation treatments, we next conducted Spearman’s correlation analysis to determine whether and which yak rumen microbes shared an association with significant VFAs (Figure 5). This analysis indicated that the relative abundance of p.251.o5 was negatively correlated with acetate and propionate concentrations (|r| > 0.5, p < 0.05); Lachnospiraceae_ND3007_group showed a positive correlation with valerate and isovalerate concentrations (|r| > 0.5, p < 0.05), and Christensenellaceae_R-7_group was negatively correlated with butyrate, valerate and isovalerate concentrations (|r| > 0.5, p < 0.05). In addition, the Ruminococcaceae_NK4A214_group bacterial ASV was significantly negatively correlated with all VFAs except isovalerate (|r| > 0.5, p < 0.05). Among fungal ASVs, the relative abundance of Orpinomyces was significantly positively correlated with acetate concentration (r = 0.43, p < 0.05), while Piromyces was negatively correlated with acetate and isobutyrate concentrations (r = −0.54 and −0.51, p < 0.05). At the genus level, Penicillium and Candida were positively correlated with valerate and acetate concentrations, respectively (|r| > 0.5, p < 0.05).
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FIGURE 5
 Correlations between the higher abundant genera of rumen microbial and VFAs. Each row in the graph represents a genus, each column represents a metabolite, and each lattice represents a Spearman’s correlation coefficient between a component and a metabolite. Red represents a positive correlation, while blue represents a negative correlation. *p < 0.05, **p < 0.01.


Analysis of mutual correlations among high-abundance rumen microbiota (bacteria, fungi and archaea) at the genus level (Figure 6) showed that Deep_Sea_Euryarchaeotic_Group (DSEG) was positively correlated with Rikenellaceae_RC9_gut_group (r = 0.60, p < 0.05) and Cyllamyces (r = 0.59, p < 0.05). Methanosphaera ASV counts were positively correlated with Succinivibrionaceae_UCG-002, Quinella, Orpinomyces, and Aspergillus (|r| > 0.5, p < 0.05); Methanosphaera was negatively correlated with Neocallimastix and Cyllamyces (|r| > 0.5, p < 0.05). Rikenellaceae_RC9_gut_group, Prevotella, and F082 were negatively correlated with Bacteroides and Buwchfawromyces, Papillibacter and Methanobrevibacter, Bacteroides, and Cyllamyces, respectively (|r| > 0.5, p < 0.05). There were also significant positive correlations between Lachnospiraceae_ND3007_group and Penicillium, between Orpinomyces and Succinivibrionaceae_UCG-002, between Papillibacter and Anaeromyces, and between Cyllamyces and Buwchfawromyces. By contrast, negative correlations in ASV counts were identified between Piromyces and Methanobrevibacter, between Cyllamyces and Aspergillus, between Succinivibrionaceae_UCG-002 and Neocallimastix, and between Quinella and Cyllamyces (|r| > 0.5, p < 0.05).
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FIGURE 6
 Mutual-correlation among the higher abundant genera of rumen microbial. Red color represents a positive correlation, while blue represents a negative correlation. *p < 0.05, **p < 0.01.






Discussion

Yak is the only ruminant on the Qinghai Tibetan plateau that utilizes pasture year-round. Previous work has shown that yak rumen microbiota is robust to seasonal changes in forage availability, potentially enhancing the efficiency of fiber degradation during winter months (Huang et al., 2022). However, as important-fiber degrading microbes, the role of rumen fungi remains poorly understood in yak. In addition, environmental variability can strongly impact grazing studies (Wu et al., 2020), and current reports do not well-explain the role of rumen microbiota in the metabolic response to season-dependent changes in nutrient availability. Here, we explore the VFA profiles of rumen under simulated seasonal diet regiments, and characterize changes in rumen microbiota related to these seasonal diets by excluding environmental factors. Unlike grazing yaks, captive ruminants are subjected to less influence from complex seasonal shifts in environmental factors, and thus provide an ideal model for examining the metabolic effects of microbiota in high-altitude ruminants.

Volatile fatty acids reportedly participate in maintaining rumen homeostasis by providing an ideal acidic environment for the rumen microbiota (Bensadoun et al., 1962), and VFAs in rumen can provide approximately 75–80% of a host ruminant’s energy requirements (Lane and Jesse, 1997). Yaks have been shown to exhibit high VFA production in rumen but relatively low methane emission compared to cattle, possibly due to enrichment with energy metabolism-related genes, such as those involved in VFA production (Zhang et al., 2016). Ghimire et al. (2017) have reported various VFA profiles with different feed types. In the present study, rumen acetate, propionate, and total VFAs were higher in the GSG rumen (grazing simulation group, mimicking warm-season pasture) than in the SG (Supplementation group, mimicking winter grazing supplemented with concentrate) and NSG (nutrient stress group, mimicking winter grazing) rumen, possibly due to the availability of sufficient nutrients accompanied by a relatively high fiber/protein ratio (Liu et al., 2019). Previous work by Liu et al. (2019) showed that the forage group had higher acetate content and total VFA content than the supplemented group.

VFA production is closely related to rumen microbiota composition and diversity. R. flavefaciens and F. succinogenes are both known to produce large amounts of succinate through fiber degradation, which is increased by conversion to propionate (Fondevila and Dehority, 1996). Prevotella degrades starch and protein, producing propionate, succinate and acetate, which in turn affects VFA production (Strobel, 1992). Microorganisms can utilize acetate to produce butyrate via acetyl-CoA transferase and/or butyryl-CoA transferase (Hackmann and Firkins, 2015). In this study, we found that p.251.o5 was negatively correlated with acetate and propionate concentrations. Among fungal ASVs, Orpinomyces which was at the higher level in GSG was significantly positively correlated with acetate and propionate content, further suggesting that VFA-related microbes are enriched in GSG, leading to functional differences in acetate metabolism in rumen. Besides, acetate and propionate account for a large proportion of total VFA, and their enrichment was aligned with an increase in total VFA content. Piromyces was significantly negatively correlated with isobutyrate concentration, which has been previously reported to affect the growth of rumen fungi (Elliott et al., 1987), further supporting the effects of VFAs in determining microbial community structure.

Rumen microbiota can cooperatively degrade polysaccharides, starch, and fibers in the feed, producing VFAs that provide energy for the host, and play a crucial role in host growth and development. In this study, we found that the Bacteroidetes and Firmicutes were the dominant phyla among the three treatment groups, which is consistent with previous studies (Xue et al., 2016; Hu et al., 2021; Jiang et al., 2021; Liu et al., 2021). Bacteroidetes can degrade soluble polysaccharides and starch in the rumen to produce acetate, propionate and butyrate, which can be utilized by the host (Rosewarne et al., 2014; Ahmad et al., 2020). Belanche et al. (2019) showed that a grazing diet increases the abundance of Actinobacteriota, which aligns well with our finding of enrichment for Actinobacteriota in the GSG rumen. By contrast, Firmicutes were found in higher abundance in the NSG than in GSG rumen, suggesting a possible role in facilitating host survival during nutrient deficiency. Similarly in fungi, Neocallimastix were more abundant in NSG and SG samples, possibly due to their reported functions in cellulose utilization (Wang et al., 2011; Boots et al., 2013) and protease production for protein degradation (Michel et al., 1993). Hernandez et al. (2019) found that Cyllamyces also participated in fiber degradation, which was abundant in NSG samples, while well-known fiber degrading bacteria were less abundant under nutrient stress.

Other than host influence (Henderson et al., 2013; Hu et al., 2021), feed type strongly affects microbial diversity and species richness (Henderson et al., 2015; Cremonesi et al., 2018; Wang et al., 2020). In the present study, bacterial ASV richness was higher in GSG samples than in SG samples, further supporting that a concentrated diet can reduce bacterial diversity (McCann et al., 2014; Ku et al., 2021), while fungal richness and diversity were higher in the NSG and SG rumen. As cellulose and hemicellulose-degrading bacteria (Zened et al., 2013; Sha et al., 2020; Cui et al., 2022), Succinivibrionaceae_UCG-002 and Rikenellaceae_RC9_gut_group were enriched in GSG rumen, which had an intermediate fiber content (NSG > GSG > SG). At the species level, R. albus was more abundant in GSG rumen than that in SG rumen, while F. succinogenes, B. fibrisolvens, and R. flavefaciens were more abundant in SG samples than NSG. Together with the higher Firmicutes levels in NSG than GSG, enrichment with these known fiber-degrading bacteria (Forsberg et al., 1997) in GSG and even SG rumen, but their depletion in NSG samples, implies that nutrient deficiency can inhibit proliferation of known rumen taxa, while selecting for nutrient stress-tolerant, fiber-degrading bacteria and fungi.

Archaea account for ~2–4% of rumen microbes (Paul et al., 2015; Maman et al., 2020). Previous work by Liu et al. (2019) showed that archaeal rumen flora is affected by host factors and diet (Liu et al., 2019). In this work, Euryarchaeota was the dominant phylum, while Methanobrevibacter was the dominant genus, followed by Methanosphaera, which is consistent with other studies (Cunha et al., 2011; Sirohi et al., 2013). Compared to Methanobrevibacter, Methanosphaera spp. are remarkably enriched in “low hydrogen/methane” producing ruminants (Hoedt et al., 2018), further suggesting that hydrogen consumption by methanogens was decreased in GSG rumen, potentially enhancing VFA production.

PICRUSt analysis can be used to predict the metabolic function of bacterial communities. In the present study, superpathway of 5-aminoimidazole ribonucleotide biosynthesis was significantly enriched in GSG samples. 5-Aminoimidazole ribonucleotide was reported as a key intermediate in the biosynthesis of purine nucleotides and thiamine, as well as an important pathway in many cellular processes, such as cellular signaling and energy metabolism (Senecoff et al., 1996; Patterson et al., 1999). In addition, FUNGuild functional prediction analysis showed that the Plant_Pathogen, Endophyte−Plant_Pathogen, and Animal_Pathogen−Endophyte−Plant_Pathogen−Wood_Saprotroph were enriched in SG samples and indicated fluctuation response of the function of microbial communities among the different groups. Future validation towards understanding the metabolic function of microbial communities will require the integration of multi-omics analyses to identify the actual microbial and metabolic function response to various nutrient availability.

Yak rumen contain a complex network of symbiotic microorganisms that can synergistically ferment plant fibers, providing nutrients for themselves and the host (Ishaq and Wright, 2012). In this study, we identified interactions within and between rumen bacteria, fungi and archaea. Among fungi, Cyllamyces was negatively correlated with Aspergillus, while Orpinomyces was negatively correlated with Neocallimastix, suggesting that some rumen fungi may compete with each other. In addition, Penicillium (fungi) was significantly positively correlated with Lachnospiraceae_ND3007_group (Firmicutes), although further experiments and functional analysis based on metagenomic study are necessary to determine whether these clades can directly cooperate to utilize different components of the plant fiber.

This study comprehensively explores the response of yak rumen microbiota to simulated modes of seasonal feeding to exclude the impact of environmental factors. Our results show that different microbes in yak rumen gain dominance under (simulated) seasonal changes in nutrient availability, with relatively high nutrient availability promoting enrichment for known fiber degrading bacteria, and nutrient stress selecting for bacteria and fungi that are competitive under low nutrient availability and enhance the efficiency of host nutrient utilization. This study expands the scope of our understanding of microbial alteration and interactions under fluctuating nutrient conditions. Our findings provide a framework for future studies examining precise nutrient interventions or cold season probiotic treatments to enhance yak rumen function in nutrient utilization.
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The grassland in the Qinghai–Tibetan plateau provide habitat for many indigenous and introduced ruminants which perform important ecological functions that impact the whole Qinghai–Tibetan plateau ecosystem. These indigenous Tibetan ruminants have evolved several adaptive traits to withstand the severe environmental conditions, especially cold, low oxygen partial pressure, high altitude, strong UV radiation, and poor forage availability on the alpine rangelands. Despite the challenges to husbandry associated with the need for enhanced adaptation, several domesticated ruminants have also been successfully introduced to the alpine pasture regions to survive in the harsh environment. For ruminants, these challenging conditions affect not only the host, but also their commensal microbiota, especially the diversity and composition of the rumen microbiota; multiple studies have described tripartite interactions among host-environment-rumen microbiota. Thus, there are significant benefits to understanding the role of rumen microbiota in the indigenous and introduced ruminants of the Qinghai–Tibetan plateau, which has co-evolved with the host to ensure the availability of specific metabolic functions required for host survival, health, growth, and development. In this report, we systemically reviewed the dynamics of rumen microbiota in both indigenous and introduced ruminants (including gut microbiota of wild ruminants) as well as their structure, functions, and interactions with changing environmental conditions, especially low food availability, that enable survival at high altitudes. We summarized that three predominant driving factors including increased VFA production, enhanced fiber degradation, and lower methane production as indicators of higher efficiency energy harvest and nutrient utilization by microbiota that can sustain the host during nutrient deficit. These cumulative studies suggested alteration of rumen microbiota structure and functional taxa with genes that encode cellulolytic enzymes to potentially enhance nutrient and energy harvesting in response to low quality and quantity forage and cold environment. Future progress toward understanding ruminant adaptation to high altitudes will require the integration of phenotypic data with multi-omics analyses to identify host-microbiota co-evolutionary adaptations enabling survival on the Qinghai–Tibetan plateau.
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plateau, adaptation, ruminants, microbiota, interaction


Introduction

Known as “the roof of the world” and the “Water Tower of Asia,” the Qinghai–Tibetan Plateau (QTP) is the highest and largest plateau in the world, averaging 4,500 m above sea level and covering more than 2.5 million km2. Water supply from the QTP thus affects roughly 40% of the global population that reside in the surrounding lowlands (Yu et al., 2020; Jing et al., 2022). A large proportion of QTP residents live at altitudes over 3,500 m, and more than 90% of this population are engaged in farming and herding (Wu, 2001). The domesticated ruminants that primarily graze on pasture provide the local herders with milk, meat, fuel (yak dung), and wool (Li et al., 2018). Together with wild ruminants, these livestock perform important ecological functions that impact the whole QTP ecosystem.

The grassland ecosystems above 3,500 m cover about 60% of the QTP and provide an essential habitat for many ruminant species that utilize pasture for grazing throughout the year (Long et al., 1999). In addition to wild ruminants such as Tibetan antelope (Pantholops hodgsoni), wild yak (Bos mutus), and Tibetan gazelle (Procapra picticaudata), large numbers of domesticated indigenous ruminants including yak (Bos grunniens), Tibetan sheep (Ovis aries), and goats (Capra hircus) graze on the native grasslands of the plateau. These indigenous Tibetan ruminants have evolved several adaptive traits to withstand the severe environmental conditions, especially cold, with night-time temperatures averaging around −20°C and routinely dropping below −30°C in winter (Wang et al., 2004). In addition, low oxygen partial pressure, high altitude, strong UV radiation, Low precipitation, and poor forage availability on the alpine rangelands all present physiological challenges for its fauna (Long et al., 1999; Yao et al., 2012; Liu et al., 2016; Friedrich and Wiener, 2020; Jing et al., 2022). Despite the challenges to husbandry associated with the need for enhanced adaptation, several domesticated ruminants have also been successfully introduced to the alpine pasture regions for meat and dairy production, such as hybrid sheep, goats, and cattle (Huang et al., 2016; Zhang et al., 2022).

In order to adapt to the high altitude, both humans and animals have evolved physiologically and morphologically to survive in the harsh environment. Mammals exhibit several physiological responses during exposure to high altitudes, such as increased oxygen transport in the blood mediated by enhanced hemoglobin function, which enables a higher performance capacity (i.e., VO2 max) to sustain life in low oxygen conditions (Storz, 2021). The genetic background underlying adaptation to high altitudes has been well-studied in both humans and animals, including ruminants (Beall, 2014; Friedrich and Wiener, 2020; Sharma et al., 2022). For ruminants, these challenging conditions affect not only the host, but also their commensal microbiota, especially the diversity and composition of the rumen microbiota; multiple studies have described tripartite interactions among host-environment-rumen microbiota.

Ruminants graze on a wide variety of grasses, sedges, and some shrubs on the QTP, which are collectively considered forage species. The rumen functions as a large anaerobic fermentation tank that harbors diverse, symbiotic bacteria, fungi, archaea, and protozoa which together effectively degrade complex plant fibers and polysaccharides in straw, silage, hay, and grass, in turn producing volatile fatty acids, vitamins, and microbial proteins that can be utilized by ruminants to meet their nutritional requirements. Rumen microbiota are distinct from other commensal communities in their high population density, diversity, and relatively complex interaction networks that involve competition, mutualism, predation, parasitism, and amensalism (Faust and Raes, 2012; McCann et al., 2014). The fermentative metabolic functions by rumen microbiota led to the mineralization of large saccharide chains in feed into small diffusible components. Volatile fatty acids (energy source), carbon dioxide (electron acceptor), and hydrogen (electron donor) all accumulate in the rumen through the fermentation of feed (Morgavi et al., 2010). Thus, there are significant benefits to understanding the role of rumen microbiota in ruminant metabolism, since rumen dynamics are almost exclusively responsible for supplying the host animal with nutrients (Krehbiel, 2014).

The rumen microbial community has typically high diversity, which has co-evolved with the host for millions of years to ensure the availability of specific metabolic functions required for host survival, health, growth, and development (Popkes and Valenzano, 2020). Along with bacteria, there are fungi, methanogenic archaea, and protozoa that also contribute to environmental adaptation by indigenous ruminants of the QTP. The vegetation period on the QTP is around 100–150 days, while the dormant period lasts for roughly 7 months, with characteristically harsh weather conditions (Xue et al., 2005). Grasses sprout in early May, with the highest biomass occurring between late August and early September (Wang et al., 2013). These seasonal changes in forage biomass hugely impacts the physiological performance of ruminants, and thus they have acquired a complex system of physiological, morphological, and microbial adaptations to mitigate the environmental impacts (Friedrich and Wiener, 2020; Liu et al., 2021). To help further our understanding of rumen microbiota in the indigenous and introduced ruminants of the QTP, in this review, we summarize their structure and interactions with changing environmental conditions, especially low food availability, that enable survival at high altitudes (Figure 1).
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FIGURE 1
Rumen microbial adaptation to the Qinghai–Tibetan plateau among indigenous and introduced ruminants.




Overview of rumen/gut microbiota in wild and domesticated indigenous ruminants of the Qinghai–Tibetan plateau


Wild ruminants (Tibetan antelope, Tibetan gazelle, and wild yak)

There are several wild ruminants indigenous to the QTP, such as Tibetan antelope (Pantholops hodgsoni), wild yak (Bos mutus), and Tibetan gazelle (Procapra picticaudata) (Zhang et al., 2002; Leslie, 2010). In summer, these ruminants spend the majority of their time in alpine deserts at 5,000 MASL. During winter, as temperatures and food availability decrease, they migrate to lower elevations (Jing et al., 2022). These rare ruminants appear on the International Union for Conversation of Nature (IUCN) 2012 Red List of threatened species, and research has been conducted to promote their conservation (Dong et al., 2015). Due to their rarity, gut microbiota studies in these animals rely on fecal biological samples and therefore can only partially reflect the rumen microbial ecosystem, although gut microbiota can be informative of digestive conditions in the rumen and play key roles in ruminant metabolism.

Low temperatures and hypoxia on the QTP are extreme environmental stimuli for wild Caprinae species such as Tibetan antelope and Tibetan gazelle that are widely distributed but unique to the plateau. Tibetan antelope has evolved an increase in blood-O2 affinity that is an irreversible adaptation to chronic hypoxia (Signore and Storz, 2020). Moreover, these animals survive only on natural vegetation through the barren season of the grassland with scarce forage availability, dependent on the efficiency of their commensal microbiota for the digestion of nutrients from low quality feeds (Sahu and Kamra, 2002). These wild ruminants are thus widely believed to display a high tolerance for low nutrient forage through their unique microbial communities. For instance, Bai et al. (2018) found a large number of uncultured taxa in metagenomics sequence data of fecal microbiota of Tibetan Antelope. In particular, this study detected a prevalence of uncultured Ruminococcaceae, Christensenellaceae, and Lachnospiraceae, as well as uncultured Bacteroides and Akkermansia which together form the core taxa most likely responsible for high-efficiency degradation of recalcitrant plant matter. Moreover, these taxa have been recently identified as biomarkers of a healthy mucus layer in the animal gut that may provide a competitive advantage during nutrient deprivation and are associated with longevity in humans (Belzer and de Vos, 2012; Biagi et al., 2016).

Shi et al. (2021) examined changes in the gut microbiota of Tibetan Antelope during the peri-parturition period and reported Firmicutes and Bacteroidetes as predominant phyla. In addition, these taxa shift during the transition from late pregnancy to the postpartum period, and microbial diversity is correlated with glucocorticoid and triiodothyronine levels to further accommodate energy demands and immune system modulation. Shang et al. (2022) characterized the diversity and composition of gut fungi in the Tibetan antelope and Tibetan gazelle. This study reported that fungal diversity (Shannon index) was significantly lower in the Tibetan antelope than in the Tibetan gazelle (4.64 vs. 2.67) and further suggested host variations for microbial alpha diversity, both gut fungi were dominated by the Ascomycota and Basidiomycota phyla, which, respectively, comprised 74.94 and 21.56% of the fungal population in Tibetan gazelle and 66.24 and 32.68% of the fungal population in Tibetan antelope. These findings suggested that metabolic interactions between gut fungi and the host help possibly cope with low forage availability, largely through a high potential for cellulose degradation. Thus, these microorganisms enhance the digestibility of dry, low nutrient forage matter in Tibetan gazelle and Tibetan antelope (Cao et al., 2007).

One study of wild yaks identified an increase in microbial diversity and enrichment for Firmicutes compared to that in domestic yak, as well as increased abundance of microbial pathways involved in digestion and enrichment for rapidly evolved genes in energy and carbohydrate metabolism pathways, most notably cellulase and endohemicellulase glycoside hydrolases (Fu et al., 2021). These findings aligned well with a previous study that highlighted the contribution of Firmicutes to efficient energy harvesting (Nicholson et al., 2012), which together strongly suggested that fecal microbiota of wild yak most likely co-evolved with their host to mediate efficient cellulose utilization. However, there are remarkably few microbiota studies in wild yak and therefore little information or evidence to infer their microbiota-host interactions. In addition, the conclusions that can be drawn regarding their microbial ecosystems based on fecal samples are limited in the absence of direct supporting data from rumen microbiota.



Domesticated ruminants (yak, Tibetan sheep, and indigenous cattle)

Through long-term natural selection and artificial breeding, indigenous QTP ruminant livestock (yak, Tibetan sheep, and indigenous cattle) have developed strong ecological adaptations to the high plateau, while also playing key roles in the ecological stability of the QTP. Sociologically, these animals also drive the economy, provide essential materials for human life, and are considered a prized feature of the QTP cultural heritage.

Yaks are large ruminants in the Qinghai–Tibetan plateau that can effectively utilize alpine meadow and help improve the structure and function of alpine grasslands by maintaining ecosystem stability. Both Qiu et al. (2015) and Ma et al. (2018) reported that wild yaks were initially domesticated between 5,000 and 7,300 years ago, and gradually transitioned into modern domestic yaks on the QTP. This domestication event likely provided a foundation for the large-scale expansion and permanent settlement of prehistoric humans on the QTP roughly 3,600 years ago (Chen et al., 2015). Therefore, through thousands of years of husbandry, yaks have developed marked ecological adaptations and unique biological traits that are intimately linked to their economic and ecological importance, as well as their role in cultural identity (Long et al., 1999; Zhang et al., 2016; Zhou et al., 2017; Joshi et al., 2020). At present, approximately 16 million yaks are found on the QTP, accounting for 90% of the total global population (Wang L. Z. et al., 2017; Wang H. et al., 2019). Qiu et al. (2012, 2015) suggested that yak evolved to tolerate the harsh environment over millions of years through enrichment of protein and gene families related to hypoxia and energy metabolism. In addition, their rumen microbiota shows unique adaptations for colonization during yak development, and shifts in community composition and function in response to the harsh environment of the plateau (Figure 2).
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FIGURE 2
Yak adaptation to the Qinghai–Tibetan plateau in the view of both host and rumen microbiota.


Recent studies on host colonization by yak rumen microflora found that the establishment of these rumen microflora in calves is most affected by the maternal rumen microbiota and protozoa, with core taxa including Christensenellaceae R-7 group, Prevotella 1, Ruminococcaceae ucg-014, Lachnospiraceae, and Trichostomatia (Guo et al., 2020b). Prevotella has been associated with propionic acid production and this genus is known to play a pivotal role in the degradation and utilization of non-cellulosic plant polysaccharides, proteins, starches, and xylans (Strobel, 1992; Accetto and Avguštin, 2019). In adult yaks, Bacteroidetes and Firmicutes are the predominant bacterial phyla, although their proportions vary in yak in diet-dependent manner (Liu C. et al., 2019). At the genus level; Fibrobacter, Lachnospira, and Pseudobutyrivibrio are more abundant in yak rumen than in rumen of cattle, sheep, or Tibetan sheep (Huang et al., 2021). In contrast with rumen of dairy cows, which is enriched with phylum Ascomycota (Kumar et al., 2015), the fungal phylum Neocallimastigomycota is most prevalent in rumen of yaks and Tibetan sheep, potentially due to their role in enhanced degradation of plant material (Gruninger et al., 2014; Guo et al., 2020a). These findings illustrate the high potential for utilization of recalcitrant plant substrates by rumen microbiota of indigenous QTP ruminants. In addition, several previously undocumented fungi and archaea were found to be abundant in yak rumen (Huang et al., 2012, 2016; Guo et al., 2020b), suggesting that many as-of-yet unknown functional microbes might contribute to the tripartite interaction network among the host, environment and rumen microbiota of indigenous QTP ruminants.

Rumen microbiota play important roles in nutrient utilization, metabolism, immune function, animal health, and even host development (Sonnenburg and Bäckhed, 2016; Islam et al., 2019). Numerous studies have shown that yak rumen microbes can help to overcome stress, save energy, improve nitrogen utilization, and increase fiber degradation, thereby improving nutrient intake from forage sources (Zhang et al., 2016; Zhou et al., 2017, 2018b; Shi et al., 2020). In addition, Ding et al. (2010) reported that methane (CH4) emissions, which causes energy loss as a byproduct of rumen fermentation by methanogen, from grazing yaks were significantly lower than those of European and American beef cattle breeds. Similar to evidence reported by Huang et al. (2012, 2016) that yak rumen contains a unique methanogen structure compared with that of other QTP ruminants, Wang et al. (2020) deduced that differences in methanogen composition is a likely contributing factor in the lower CH4 production in yaks than in cattle. Both of these studies suggest that yaks have a “low carbon mode”/“energy saving mode” for persistence on the plateau that probably associated with methanogen functions. To further validate the microbial interactions in nutrient utilization, Wei Y. Q. et al., 2016; Wei et al., 2017) showed that symbiotic fungi and methanogens confer a high capacity for fiber degradation in yak rumen. These studies suggested that methanogens and methanogen interactions with other microbes could be potentially exploited or modulated to mitigate enteric CH4 emissions from ruminants on the QTP.

Seasonal changes also significantly influence feed and forage availability in the QTP; thus, seasonal dynamics in rumen microbiota feature shifts in specific taxa in response to extreme environmental cues. Multiple studies of seasonal variations in rumen of grazing yaks found that fiber-degrading bacteria such as Fibrobacter succinogenes and Ruminococcus albus were enriched in the cold season, potentially facilitating coping with nutritional stress (Guo et al., 2021; Huang et al., 2021). Guo et al. (2020b) also found that Akkermansia and wchb1-41, which are involved in arginine and fatty acid synthesis, are enriched in the cold season, thus enabling yak adaptation to low carbon and nitrogen intake and low feed availability. As the primary end product of carbohydrate fermentation in rumen, VFAs are closely related to rumen microbiota composition and diversity, potentially providing 80% of host energy demands (Bergman, 1990; Poudel et al., 2019), 85% of these VFAs can be transported and absorbed directly through rumen epithelium in different forms (Müller et al., 2002; Graham et al., 2007). Zhang et al. (2016) reported that specific microbial genes that are enriched in yak and Tibetan sheep rumen could be correlated with high energy-yielding pathways for VFA production, suggesting that both rumen microbiota and hosts have evolved to harvest energy more efficiently from forage, and provides important insights into convergent adaptation of indigenous ruminants to high altitude. From the perspective of energy metabolism, yak rumen microbes may have the ability to efficiently use limited nitrogen resources during periods of nutritional stress, which aligns well with reportedly high nitrogen utilization efficiency through endogenous nitrogen recycling detected through analysis of urea kinetics (Zhou et al., 2017, 2018b). These collective studies thus show that yak rumen microbiota respond to cold conditions, insufficient forage, and high fiber content feed. Future work will comprehensively and systematically characterize the effects of spatial distribution patterns in yak rumen microorganisms and their role in nitrogen utilization efficiency, which can lay a theoretical and practical foundation for understanding yak adaptations to the plateau.

Similar to yak, Tibetan sheep are also indigenous ruminants of the QTP which display unique biological characteristics and are well-adapted to tolerate the cold, low nutrition highland conditions (Zhou et al., 2018a,2019; Jing et al., 2019). These sheep mainly live in alpine grasslands at 3,000–5,000 MASL. At present, there are about 50 million Tibetan sheep on the Qinghai–Tibet Plateau, roughly three times greater than the yak population (Xin et al., 2011). Wei C. et al. (2016) detected selection events spanning genes involved in angiogenesis, energy production and erythropoiesis, as well as several candidate genes associated with high altitude hypoxia. During severe nutrient deficits in the cold season, Tibetan sheep display strong physiological, ecological and nutritional adaptability, and continually provide herders with high-quality meat, leather, wool, and other animal products (Suo et al., 2020).

Rumen microbiota have also been shown to participate in the adaptability of Tibetan sheep hosts. The rumen of Tibetan lambs that weaned early remain incompletely developed. Diet structure at this stage also strongly impacts rumen development. Metagenomic 16s rRNA gene sequencing of rumen bacteria from 27 Tibetan lambs at different developmental stages revealed a significant increase in Bacteroidetes and a decrease in Proteobacteria during the first year of the growth, potentially driven by both host development and dietary changes, further illustrating how environmental dependence on diet is important for colonization by rumen microbes in Tibetan sheep (Wang L. et al., 2019). Therefore, the high-efficiency feed degradation in Tibetan sheep may be related to its specialized rumen microflora, while ruminant development affects the structure and function of rumen microbiota. Rumen bacteria in adult sheep are dominated by Bacteroidetes and Firmicutes, as in other species, with Prevotella_1 and Rikenellaceae_RC9_gut_group representing the dominant genera. Prevotella has been associated with VFA production and plays a pivotal role in nutrient utilization in Tibetan sheep (Liu H. et al., 2019). Apart from host effects, dietary fluctuations on the high plateau are a main driver shaping rumen microbiota structure. Cui et al. (2019) reported that the rumen of Tibetan sheep fed with oat hay had higher proportions of Proteobacteria than the rumen of grazing in natural pastures. Metagenomics analysis of Tibetan sheep rumen microbiota from different stages of pasture phenology revealed enrichment with Bacteroidetes, Prevotella, Succiniclasticum, and Treponema in growing season, characterized by high nutritional quality forage, which were associated with high concentrations of NH3 nitrogen and elevated VFA production (Liu H. et al., 2020). Similar to results in yak (Huang et al., 2021), Verrucomicrobia, which plays an important role in polysaccharide and cellobiose decomposition, were increased in Tibetan sheep in the barren season (Godoy-Vitorino et al., 2012; Gharechahi et al., 2015; Liu H. et al., 2020). Furthermore, studies examining the effects of feeding patterns on rumen prokaryotic communities in grazing or mixed ration-fed Tibetan sheep found that Methanimicrococcus was only present in the grazing sheep, while the abundance of Methanosphaera, unclassified BS11, BF311, CF231 groups, and Shuttleworthia were also significantly higher in the grazing groups than in the total mixed ration groups (Xue et al., 2017). These results confirmed that feeding patterns can modulate rumen prokaryotic community composition.

As with other indigenous QTP ruminants, fungal communities are dominated by Ascomycota (69.56%) and Basidiomycota (25.16%) in the fecal samples of Tibetan sheep, with Cordycipitaceae (11.78%) and Ustilaginaceae (7.44%) identified as the most prevalent families (Shang et al., 2022). In rumen samples of grazing Tibetan sheep, Neocallimastigaceae is the most abundant family, accounting for 97.44% of the total fungi, and likely plays a similar role in fiber degradation to that proposed in other QTP ruminants (Guo et al., 2020a). Liu X. et al. (2020) reported higher concentrations of VFAs and higher microbial richness in Tibetan sheep in the cold season than in the warm season, as well as correlation among VFAs, specific microbial taxa, and enriched host genes related to nutrient absorption and rumen epithelial barrier function. These findings suggested that rumen fermentation parameters, rumen microbes, and host gene expression of jointly contribute to nutrient absorption and rumen epithelial barrier function of plateau ruminants in harsh environments.

Other than these cellulolytic bacteria in the rumen, the diversity of the prevalent rumen microorganisms and putative carbohydrate-active enzymes for utilization of lignocellulosic biomass are also important in host adaptation of high plateau (Bohra et al., 2019). Gong et al. (2020) suggested complex gene repertoire composed of diverse carbohydrate-degrading enzymes for yak gut microbiota which provide multiple catalytic abilities of various carbohydrate substrates deconstruction. Zhao et al. (2022) also reported a larger gene pool encoding rich in carbohydrate-active enzymes in the yak rumen microbiota by metagenomic analysis. For the rumen microbiota of Tibetan sheep, enrichment with genes (GHs and CBMs) related to cellulolytic enzymes, metabolic pathways, fatty acid biosynthesis, and antibiotics biosynthesis could also help hosts overcome harsh environment and low forage availability. In addition, energy-metabolism-related genes in conjunction with adaptive evolution could also help these indigenous ruminants living on the QTP (Qiu et al., 2012; Ge et al., 2013). These studies provide genetic profiles for enzymes and microbial candidate involved in the degradation of complex plant polysaccharides and thus give insight of fiber degradation function of rumen microbiota and their contribution to the microbial adaptation of high plateau in a view of enhancing food availability.

In addition to yaks and Tibetan sheep, indigenous Chinese cattle breeds in the highland also exhibit diverse environmental adaptations. One study reported that Tibetan, Apeijiaza, and Shigatse humped cattle displayed high tolerance to low pressure and low oxygen, and possibly linked to enrichment with CNVs in NOXA1, RUVBL1, and SLC4A3, which may play important roles in adaptation to high altitude environments (Zhang et al., 2019). Another bacterial diversity study in the rumen of indigenous highland Zhongdian yellow cattle showed that Shannon indices were higher than those of rumen of lowland Jiangcheng yellow cattle. This work also reported a higher abundance of Firmicutes and Bacteroidetes, as well as enrichment for Prevotella, Butyrivibrio, and Clostridium in highland cattle rumen compared with that in low altitude cattle rumen, which was consistent with findings in other highland ruminants (Wu et al., 2020).




Overview of introduced ruminants on the Qinghai–Tibetan plateau

Ruminants play major roles in economics and culture worldwide through production of dairy, meat, leather, and in labor (Eisler et al., 2014; Taye et al., 2017). In order to fulfill requirements for life on the plateau, non-native sheep and cattle breeds have been introduced and crossbred with indigenous breeds, then naturalized to the QTP. For example, Gansu alpine fine wool sheep (a cross between Tibetan and Xinjiang fine wool sheep), Small-tail Han sheep, and Suffolk sheep are all found in alpine pastures of the QTP, as are Jersey cattle, Sanhe cattle, Simmental cattle, and Holstein cows, in addition to some crossbred cattle used for meat and dairy production (Huang et al., 2016; Zhang et al., 2022).

In previous studies, we found that Jersey cattle showed adaptations to high altitude areas at both the miRNA and proteome levels (Kong et al., 2019), illustrating adaptive mechanisms through up-regulation of amino acid metabolism and sphingolipid metabolism (Kong et al., 2021). Zhang et al. (2022) found that rumen fermentation and bacteria characteristic of highland Sanhe heifers had a lower acetate-to-propionate ratio as alternative hydrogen electron acceptors for CH4 mitigation, a lower relative abundance of Actinobacteria, and higher relative abundance of Spirochaetae than that in rumen of lowland heifers. Cumulatively, these studies indicated that cattle introduced to the plateau also showed adaptations in phenotype and rumen fermentation microbiota. Other work by Sha et al. (2020) in a typical crossbred cattle-yak hybrid showed that Firmicutes were predominant in rumen, while several lignocellulose-degrading bacteria, such as F. succinogenes were also enriched.

During exposure to high altitudes, dairy cows reportedly exhibit deceased body weight and metabolizable energy used for milk production, together resulting in lower daily milk yields than those at low altitudes (Qiao et al., 2013; Saha et al., 2019). In addition to this production deficit, the high altitude and low atmospheric oxygen in this region can lead to development of brisket disease (BD) in Holstein heifers with mortality rates reaching almost 25% (Holt and Callan, 2007; Malherbe et al., 2012). Sanada et al. (2020) identified some gut microbes that could suppress the development of pulmonary arterial hypertension in a rat model of hypoxia. Further analysis identified potential microbial and metabolic markers in the rumen of Holstein cows suffering from BD, along with significantly decreased VFAs and rumen microbial diversity, concurrent with decreased abundance of Ruminococcus and Treponema (Gaowa et al., 2020; Yao et al., 2021). Unlike the long-term adaptations developed by indigenous ruminants, these introduced ruminants are still stressed by the high plateau environment. In future applications of these overall findings, differences in genetic background among stressed and non-stressed together with indicator rumen microbes, could be used to identify biomarkers for breed selection and production in crossbred livestock for the QTP. However, in contrast with shifts in microbiota detected after the onset of significant BD symptoms, microbial markers that appear when oxygen saturation of blood initially drops, prior to severe symptoms, may be more informative for accurate diagnosis and preventive interventions, which will be explored in future studies of this issue. In addition, since microbial colonization of ruminants early in life greatly impacts later animal productivity and health (Liu et al., 2017; Dill-McFarland et al., 2019), it is necessary to establish a clear picture of the phylogenetic composition, interactions, and maturation of rumen microbiota as a whole in dairy calves on the QTP. This enhanced understanding will help improve the health and productivity of ruminant livestock that are poorly adapted to life on the plateau.

Introduced cattle and sheep have been used as experimental controls in comparisons of rumen microbiota between indigenous and introduced ruminants raised in close proximity in the QTP. Huang et al. (2016, 2021) have demonstrated that rumen archaea and bacteria differ among indigenous and introduced ruminants (yak and Tibetan sheep vs. cattle and crossbred sheep). Notably, methylotrophic Methanomassiliicoccaceae are the predominant archaeal group in all tested ruminants in the plateau, whereas Methanobrevibacter is typically found in greater abundance in ruminants, globally. In bacterial analysis, two significant enterotypes affiliated with uncultured Ruminococcaceae and Prevotella were dominant in the indigenous and introduced ruminants, respectively. A screen of fecal microbiota in yak, cattle, yak-cattle hybrids, and Tibetan sheep from different eco-regions of the QTP by Wang X. et al. (2022) identified two enterotypes based on the prevalence of Ruminococcaceae UCG-005 or Acinetobacter which were closely related to diet and environment.

Protozoa are also present in the rumen of most domesticated ruminants, and play key roles in the digestion and fermentation of feed components. These protozoa are also significantly correlated with methanogens that contribute up to 37% of CH4 emissions from rumen (Finlay et al., 1994). Huang and Li (2018) examined rumen methanogens and protozoan communities in Tibetan sheep and Gansu alpine fine wool sheep grazing on the QTP and reported higher levels of Methanobrevibacter millerae than the more commonly detected M. gottschalkii in lowland ruminants. Additionally, holotricha protozoans comprised a lower proportion (1.1%) of total rumen protozoans of Tibetan sheep than introduced sheep, Entodinium (70.0%) serving as the predominant genus in Tibetan sheep and Enoploplastron (48.8%) dominating in Gansu fine wool sheep. A comparison of rumen microbiota between Tibetan sheep with three different introduced sheep reported by Chang et al. (2020) indicated that Ruminococcaceae and WCHB1–25 were the most abundant families in the introduced sheep group, whereas Spirochaetaceae, S24–7, Prevotellaceae, Barnesiellaceae, and Succinivibrionaceae were the most abundant families in Tibetan sheep, further suggesting that fluctuations in rumen bacteria can be driven by variations in the host. However, a lack of studies investigating shifts in rumen microbiota sheep introduced at different altitudes prevents further conclusions regarding the effects of altitude on rumen microbiota in these animals.

The QTP is characterized by low temperatures and hypoxia, and hypoxia-inducible factors are likely to play an important role in the adaptation to high altitude hypoxia by Tibetan sheep, yaks, and introduced sheep (Qiu et al., 2012; Wang Y. et al., 2017; Wang F. et al., 2022; Zhao et al., 2021). Pral et al. (2021) recently showed that a hypoxic environment in the intestine can induce the expression of several hypoxia-inducible factor 1 (HIF-1) target genes in intestinal epithelial cells, consequently impacting their metabolism, barrier function, and survival. Specific gut microbes in rats have been correlated with elevated butyric acid levels in SCFA fatty acid profiles. This finding suggests the possibility that microbiota may activate hypoxia/HIF-1 during adaptation to the high altitudes in rats. Future work will examine if this potential cross-talk-mediated activation of hypoxia occurs in the host rumen microbiota in ruminants on the QTP. The development of host genetics and microbiome associations studies (Weissbrod et al., 2018) has led to improvements in microbial genome-wide association analysis (mGWAS) to overcome vagaries stemming from weak associations between microbiome host genotype. These improvements may help to understand shared microbiota-host adaptations to the plateau.



Conclusion

Overall, there is a rapidly accumulating body of evidence in high altitude rumen microbiota studies that support three predominant driving factors in adaptation of indigenous ruminants to the QTP: increased VFA production, enhanced fiber degradation, and lower CH4 production. These three factors are indicators of higher efficiency energy harvest and nutrient utilization by microbiota that can sustain the host during nutrient deficit. While these findings support the importance of host-rumen microbe interactions, numerous questions persist regarding the mechanisms by which rumen microbiota facilitate host nutrient acquisition under the multiple stress conditions endemic to the QTP. Here, we systemically reviewed the dynamics of rumen microbiota in both indigenous and introduced ruminants (including gut microbiota of wild ruminants). These cumulative studies show that microbiota structure and functional enrichment shift in response to seasonal environmental cues, especially nutritionally poor forage materials and cold, to potentially enhance nutrient harvesting and increase the efficiency of host energy utilization. Future progress toward understanding ruminant adaptation to high altitudes will require the integration of phenotypic data with multi-omics analyses (e.g., mGWAS) to identify host-microbiota co-evolutionary adaptations enabling survival on the QTP.
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In order to investigate the effects of different areas on intestinal bacterial diversity and body mass regulation in Eothenomys miletus from Hengduan mountain regions, and to explore the community structure and diversity of intestinal microflora and their role in body mass regulation. E. miletus was collected from five areas including Deqin (DQ), Xianggelila (XGLL), Lijiang (LJ), Jianchuan (JC), and Dali (DL), we used 16S rRNA sequencing technology combined with physiological and morphological methods to study the intestinal microbiota diversity, abundance and community structure of the intestinal bacteria in winter, and to explore the influence of geographical factors, physiological indicators including food intake, resting metabolic rate (RMR), non-shivering thermogenesis (NST), neuropeptide Y (NPY), Agouti-Related Protein (AgRP), proopiomelanocortin (POMC), cocaine and amphetamine regulated transcription peptide (CART), and morphological indicators including body mass, body length and other nine indicators on the intestinal microflora diversity in E. miletus. The results showed that there were significant differences in metabolic indexes such as RMR, NST, NPY, AgRP, and morphological indexes such as body length, tail length and ear length among the five regions. Bacterial community in intestinal tract of E. miletus mainly includes three phyla, of which Firmicutes is the dominant phyla, followed by Bacteroidetes and Tenericutes. At the genus level, the dominant bacterial genera were S24-7(UG), Clostridiales (UG), and Lachnospiraceae (UG), etc. α diversity of intestinal microorganisms in DL and JC were significantly different from that in the other three regions. Genera of intestinal microorganisms in DL and JC were also the most. Moreover, Bacteroides, Ruminococcus, and Treponema could affect energy metabolism in E. miletus, which were closely related to the environment in which they lived. All of these results indicated that different areas in Hengduan Mountain had certain effects on the structure of intestinal microbial community in E. miletus, which were responded positively to changes in food abundance and other environmental factors. Furthermore, Firmicutes and Bacteroidetes play an important role in the body mass regulation in E. miletus.
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Introduction

Intestinal flora is closely related to the life activities of the host, which co-evolve with the evolution of the host (Bäckhed et al., 2004). Mammalian gut microbes colonize the body from birth and gradually form a relatively stable microbial community when the host maturates, these microbial communities play key roles in host’s physiological and biochemical functions, including immune regulation, food digestion or nutrient absorption (Hooper et al., 2002; Round and Mazmanian, 2009; Lifeng et al., 2011). For example, intestinal microorganisms can stimulate the cellular and humoral immunity of mammals, enhance their immunity, reduce the probability of disease occurrence, and maintain the physiological health of the host (Gaoxue et al., 2010; Nayak, 2010; Chunhung et al., 2012; Kai et al., 2017). Intestinal microorganisms can also enhance the host’s ability to digest and absorb plants with high fiber and low protein, lead to enhance the food utilization rate and tolerance to extreme environments, and maintain the normal physiological activities of animals when food resource is scarce (Montllor et al., 2002; Tsuchida et al., 2004; Kohl et al., 2017). Gut microbes in mammals are affected by various factors, such as habitat change, lifestyle, diet, social activities or environment (David et al., 2003; Amato et al., 2013; Grieneisen et al., 2017; McKenzie et al., 2017; Rothschild et al., 2018), among which environment is an important factor. For example, previously study found that geographical isolation has a great impact on the gut microbiota of Amblyrhynchus cristatus, Macrotus californicus, and Pyrrhocoris apterus, and the structure of gut microbiota of the same species varies significantly under different geographical conditions (Lankau et al., 2012; Phillips et al., 2012; Sudakaran et al., 2012). Studies on Macaca mulatta in different regions of China have found that the intestinal microorganisms of M. mulatta in Beijing and Henan are not as rich as those in Guangxi and Fujian (Li et al., 2016). Studies on Mus musculus have found that the feeding environment has a great influence on the structure of intestinal microbiota, while the influence of gender difference is relatively small (Yeshi and Xin, 2012). Therefore, studying the changes of the gut microbial community of the same species under different environments can better understand the adaptability of the species to different environments.

Environmental differences will not only affect the intestinal microbial changes of animals, but also affect their population life strategies; the same species may form different life strategies under different environments (Poblete et al., 2018). Animals can adapt to their environment by changing their size, personality or physiological characteristics, such as body size in mammals, birds and amphibians increases with the increasing of latitude, while the body size of reptiles decreases with the increasing of latitude (Ashton and Feldman, 2003; Ashton, 2004). Physiological regulation of body mass and energy metabolism are the main strategy for small mammals to cope with environmental changes, which are also of great significance for enhancing their adaptive ability and improving their survival chances (Heldmaier et al., 1982; Xueying and Dehua, 2006; Dehua, 2011). For example, studies on Eospalax cansus have found that the temperature and humidity in different regions have significant effects on its body mass (Shicai et al., 2017). For Lasiopodomys brandtii, Microtus oeconomus, Ochotona curzoniae, Microtus pennsylvanicus, and Phodopus sungorus, it was also found that their body mass and energy metabolism would change with the changing of environment (Iverson and Turner, 1974; Mercer, 1998; Xingsheng and Dehua, 2005; Jianmei et al., 2006a,b). Previous studies in our laboratory have also found that body mass and energy metabolism in Eothenomys miletus was also changed significantly with the different living environment (Chunyan et al., 2021). Differences in gut microbes of animals in different regions may also affect the physiology or morphology of the animals, and ultimately affect the survival of the species.

Hengduan mountain regions are located in the interchange between Palaearctic and Oriental, which is a unique mountain valley in China, as one of the global biodiversity hotspots (Zhengda et al., 2001). With the intense of altitude change, its climate changes are diverse, which showed seasonal variation of vegetation resources, indicating that there are obvious differences in the physiological and ecological characteristics of small mammals in different regions (Wanlong et al., 2010). Eothenomys miletus belongs to the genus Eothenomys in Arvicolinae, which is a endemic species in Hengduan mountain regions of China. E. miletus is mostly active at night and feeds on fresh serosa plants and grass roots (Zwxun et al., 2000). Our previous studies on the adaptability in E. miletus mainly focused on physiological and morphological aspects in winter (Wanlong et al., 2009; Haiji et al., 2018), as well as the changes in body mass regulation under different food quantities or qualities (Wenrong et al., 2013; Xuena et al., 2021). However, the important role of intestinal flora in their life activities was not considered. Based on the 16S rRNA gene high-throughput sequencing technology, combined with relevant physiological and morphological indicators, the present study investigated the differences in gut microbes and body mass regulation in E. miletus of different areas from Hengduan mountain region in winter, analyzed the changes in intestinal bacterial diversity and explored the response mechanism of intestinal bacteria to body mass regulation of E. miletus. We hypothesized that the intestinal microbial diversity in different regions would be affected by their altitude or plant types in E. miletus. We predicted that there were regional differences in intestinal microbial diversity, and the composition of their intestinal flora may affect the physiology or morphology, and ultimately affect their body mass regulation in E. miletus.



Materials and methods


Sample collection

Eothenomys miletus were captured in Deqin (DQ), Xianggelila (XGLL), Lijiang (LJ), Jianchuan (JC), and Dali (DL) in winter of 2020. Animals were healthy adult individuals in the non-reproductive period. All animal procedures were within the rules of Animals Care and Use Committee of School of Life Sciences, Yunnan Normal University. This study was approved by the Committee (13-0901-011). The geographic location, climatic characteristics, and sample size of each sample point were detailed in Table 1. The climatic data used in the analysis was the data of year 2020 and are downloaded from the National Meteorological Science Data Center1 for each sampling site.


TABLE 1    Geographical locations and main conditions for five populations of Eothenomys miletus.
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Measurement of physiological indicators

After capture, resting metabolic rate (RMR), non-shivering thermogenesis (NST) and food intake were measured in the field, and the individuals tested before RMR and NST were measured fasted for 2–3 h and left in the respiratory chamber for 0.5 h. Portable breathing apparatus (FMS-1901-03, USA) is used for measurement, food intake was measured by the food balance method, and the specific measurement method is described in Zhu et al. (Wanlong et al., 2008). Then serum, rectal stool and hypothalamus were taken, serum leptin concentration and hypothalamic neuropeptide gene expression were determined by radioimmunoassay and real-time fluorescence quantification, respectively, as detailed in Wanlong et al. (2017).



Measurement of morphological indicators

Morphological indicators were measured with reference to the methods of Yang et al. and Xia et al. (Qisen et al., 2005; Lin et al., 2006): body mass (accurate to 0.01 g), body length, tail length, ear length, ear width, forelimb length, hindlimb length, cranial length, and cranial base length, upper tooth row length, lower tooth row length (accurate to 0.01 cm).



DNA extraction

Take 0.1 g of rectal stool, total DNA enriched on the membrane was extracted using the Centrifugal Column Soil Genome Extraction Kit (DNeasy® PowerSoil® Kit, Germany).



High-throughput sequencing

The purified PCR product was determined using a Nanodrop 2000 spectrophotometer, where nucleic acid concentrations above 10 ng/uL and purity (A260/A180) greater than 1.8 were valid samples. Molars such as DNA samples with qualified concentrations after purification were mixed and sequenced using the Illumina Miseq platform (Illumina, San Diego, CA, USA).



Bioinformatics analysis

A double-terminal sequence of 2 × 250 bp is obtained by sequencing on the Illumina Miseq platform, and the processing and analysis of these raw data is processed and analyzed using the QIIME platform. The double-end sequence is first stitched using Flash software, and then each sample is matched with a unique barcode label. Remove low-mass sequences (sequence length less than 300 or base mass fraction less than 30) during stitching. Use the Usearch 7.0 software to remove chimeras from the sequence, and then cluster all sequences with 97% similarity as operational taxonomic unit (OTU) by the Ulust algorithm. Select the sequence with the longest sequence length as the representative sequence and use the Ribosomal Database Project database to annotate the sequence classification information. Finally, to compare all the samples, we normalized the sequences of all the samples through the “Daisychopper” script code, each with a standard of 5,437 sequences.



Statistical analysis


Microbial community composition

Create a percentage stacked bar chart using Origin 2018 to describe bacterial communities.



α, β diversity

α Diversity is estimated through 2 diversity indicators: Chao 1 and shannon diversity, and described by the creation of box graphs through Origin 2018. β diversity: the One-way ANOVA and Tukey post-mortem were used in SPSS 26.0 to see if differences in diversity between the two groups were significant, and community structures were described using an unweighted and weighted UniFrac distance matrix using QIIME and Origin 2018. Unweighted UniFrac distance depends on phylogenetic relationships and OTU species abundance, while species deletion/presence and phylogenetic relationships are considered by weighted UniFrac.



Venn diagrams

Common and unique parameters between Venn diagrams analyzed online in Venn 2.1.2



Enrichment analysis

Uses a one-way ANOVA method.



Heat map of environmental physicochemical properties in different regions associated with dominant microorganisms in velvet manure

Pearson analysis using SPSS 26.0 and R 3.6.2 obtain the relevant heat map.



RDA analysis

Using Canoco 5.0, redundancy analysis (RDA) was used to assess the correlation between dominant genera (top 9) and physicochemical factors.



Network analysis

These results were further analyzed using R 3.6.2 and Gephi v.0.9.2 software to generate network analysis (P < 0.05, |r| > 0.6).




Physiological and morphological index analysis

Data were analyzed using SPSS 26.0 software (SPSS Inc., Chicago, IL, USA). Before all statistical analyses, data were examined for normality and homogeneity of variance using Kolmogorov–Smirnov and Levene tests, respectively. Differences in physiological indicators between the different sexes of E. miletus in the same region were not significant, so all data were combined and counted. Regional difference in body mass was analyzed by One-way ANOVA. Regional differences in food intake, expression of neuropeptide in hypothalamus, body length and other nine morphological indicators of five regions were analyzed by One-way covariance analysis (ANCOVA), using body mass as a covariate. Results are expressed in mean ± SE, P < 0.05 was significantly different.




Results


Influence of region on intestinal microorganisms

A total of 50 samples were collected for DNA extraction and PCR product amplification, and each sample was normalized to 5,437 sequences after removing low-quality sequences, chimeras, monomers, and chloroplasts. We also analyzed the composition of the gut microbiota at the phylum or genus level. According to the classification results based on OUT, at the phylum level, three phylum were the dominant microorganisms in the feces of large chutes in the five regions (Figure 1), which were Firmicutes (52.95%), Bacteroidetes (36.06%), and Tenericutes (4.45%). At the genus level, three genera dominated the dominant microorganisms in the feces of large chorionic rodents in the five regions (Figure 2), which were: S24-7 (UG) (29.32%), Clostridiales (UG) (15.25%), and Lachnospiraceae (UG) (13.44%).
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FIGURE 1
Microbial phylum horizontal community composition in Eothenomys miletus.
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FIGURE 2
Microbial genera level microbial composition in Eothenomys miletus.




Differences in intestinal microbial α and β diversity of different regions

Alpha (α) diversity (Chao1 and Shannon diversity) of fecal microorganisms from all regions was showed in Figure 3. Among them, only DL and JC showed significant difference in Chao1 index (P < 0.05), while no significant difference was found in other areas (P > 0.05). These results indicated that intestinal microbial diversity in DL was significantly higher than that in LJ, DQ, and XGLL, while the intestinal microbial diversity in JC was significantly lower than that in these three areas. There was no significant difference in Shannon diversity of fecal microorganisms in all regions (P > 0.05), which indicated that there is no significant difference in the evenness of intestinal bacterial flora in these five regions. As for the beta (β) diversity (weighted UniFrac distance) of fecal microbiota from different regions, we found that the distribution of β diversity was not significantly different (F = 1.118; R2 = 0.092; P = 0.308, Figure 4). However, based on the unweighted UniFrac distance, we found there is a significant difference among different areas (F = 1.067; R2 = 0.088; P = 0.020).
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FIGURE 3
α diversity of feces in Eothenomys miletus in different regions.
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FIGURE 4
β diversity of feces in Eothenomys miletus in different regions.




Distribution of common and endemic microorganisms in different areas

Venn diagrams can be intuitive show total of each sample and unique microbial quantity and proportion, through the analysis found that the number of microorganisms of the genus in JC and DL, most of 188 and 180, respectively. XGLL and DQ for 177 and 175, LJ prefecture of microbial quantity minimum, only for 165 kinds (Figure 5). A total of 108 genera were found in the fecal microbiota in different areas, accounting for 36.73% of the total. Among them, 21 genera were endemic to DL, 14 genera were endemic to LJ, 21 genera were endemic to DQ, 19 genera were endemic to XGLL, and 23 genera were endemic to JC. XGLL and JC had the highest similarity of intestinal microbiota genera (65.16%), while LJ and DQ had the lowest similarity (58.88%). These results indicate that there was not only common microbiota but also unique microbiota in the gut of E. miletus in different regions.
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FIGURE 5
Venn diagram of fecal microbials of Eothenomys miletus in different regions.




Enrichment analysis of different microorganisms in different regions

Compared with DQ, Faecalibacterium and Clostridia (UG) in DL were significantly enriched in the feces of E. miletus (P < 0.05, Figure 6A). Compared with DL, Veillonellaceae (UG), and CF231 were significantly enriched in LJ (P < 0.05, Figure 6B). Compared with XGLL, Anaerofilum and Christensenellaceae (UG) were significantly enriched in DL (P < 0.05, Figure 6C). Compared with JC, Anaerofilum and M2PT2-76 (UG) were significantly enriched in DL (P < 0.05, Figure 6D). Compared with DQ, Geodermatophilaceae (UG) and Acidimicrobiales (UG) were significantly enriched in LJ (P < 0.05, Figure 6E). Compared with XGLL, CF231 and Rikenellaceae (UG) were significantly enriched in LJ (P < 0.05, Figure 6F). Compared with JC, Oscillospira, CF231 and Cloacibacterium were significantly enriched in LJ (P < 0.05, Figure 6G). Compared with DQ, Streptococcus and Spirochaetaceae (UG) were significantly enriched in XGLL (P < 0.05, Figure 6H). Compared with DQ, Anaeroplasma and Hespellia were significantly enriched in JC (P < 0.05, Figure 6I). Compared with JC, Demequina and Streptococcus were significantly enriched in XGLL (P < 0.05, Figure 6J).


[image: image]

FIGURE 6
Differential microbial analyses of feces in Eothenomys miletus between the two regions. (A) DL vs. DQ; (B) Dl vs. LJ; (C) DL vs. XL; (D) DL vs. JC; (E) LJ vs. DQ; (F) LJ vs. XL; (G) LJ vs. JC; (H) DQ vs. XL; (I) DQ vs. JC; (J) XL vs. JC.




Relationship between environmental factors, physiological indexes, morphological indexes, and intestinal microorganisms in different regions

Results of One-way ANOVA or ANCOVA showed that among the morphological indexes (Table 2), body mass, body length, tail length, forelimb length, and cranial base length in E. miletus among DL, LJ and JC were significantly higher than those in DQ and XGLL. Ear length was larger in DL and XGLL, smaller in DQ and JC. Ear width and cranial base length were larger in DL, but smaller in XGLL. Length of the upper teeth is longer in JC and shorter in DQ. In terms of physiological indicators (Table 3), food intake, RMR, NST, and NPY and AgRP expressions were significantly higher in DQ and XGLL than in DL, LJ, and JC. Serum leptin was the highest in DL, and the lowest in DQ and XGLL.


TABLE 2    Comparison of morphological indicators in Eothenomys miletus.
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TABLE 3    Comparison of physiological indicators in Eothenomys miletus.

[image: Table 3]

Correlation between environmental physicochemical properties in different areas and the dominant genus (top 9 in the relative abundance of all samples) in the feces was shown in Figure 7. Forelimb length, hindlimb length, cranial length, wind speed and maximum wind speed were significantly positively correlated with the abundance of Treponema (P < 0.05), ear width was significantly negatively correlated with the abundance of Oscillospira (P < 0.05), cranial base length was significantly positively correlated with the abundance of Ruminococcus (P < 0.05), and was significantly negatively correlated (P < 0.05) with abundance of S24-7(UG).
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FIGURE 7
Heat map of environmental physicochemical properties in different regions related to the dominant microorganisms in Eothenomys miletus.


Correlation between environmental physical and chemical properties in different areas and the dominant genus was shown in Figure 8. Wind speed and maximum wind speed were positively correlated with the abundance of Bacteroides and S24-7(UG) in JC, RMR was negatively correlated with the abundance of Treponema, NST and NPY were negatively correlated with the abundance of Bacteroides.
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FIGURE 8
Redundancy analyses (RDA) of the correlation between environmental physicochemical properties and dominant microbial communities.




Co-occurrence network of microbe in the feces of Eothenomys miletus in different regions

Correlation of dominant OTUs in feces of E. miletus in different areas to describe the interaction between two microorganisms (OTU with r > 0.6, P < 0.05 and abundance > 0.001 for all samples) was shown in Figure 9 and Table 4. Spearman’s rank correlation between two microbes with r > 0.6, P < 0.05, suggesting their positive correlation (pink edges) and negative correlation (green edges) among microorganisms. It consists of 57 nodes and 122 edges (each node has an average of 2.140 edges). The average path length (APL) is 2.704, the average clustering coefficient (ACC) is 0.611, and the modularity index (MD) is 0.776 (value > 0.4 indicates that the network has a modularity structure). The nodes in the network were divided into five bacterial phyla, in which Bacteroidetes and Firmicutes were widely distributed, accounting for 93% of all the nodes.


[image: image]

FIGURE 9
Dominant OTU co-occurrence networks in Eothenomys miletus.



TABLE 4    Topological properties of co-occurring networks.

[image: Table 4]




Discussion


Intestinal microbiota

Traditional separation method for identification of animals’ gut microbes is difficult to fully cover all types of bacteria, high-throughput sequencing technologies that cannot be cultured intestinal anaerobic bacteria detection, and the sequencing results with high accuracy can be complex reaction animal gut samples of bacteria community composition, abundance, structure characteristics and spatial distribution pattern (Woo et al., 2008; Xiaolong et al., 2017). Studies on intestinal microbiota in wild mice have found that environmental factors rather than host related factors play an important role in forming microbial community structure (Maurice et al., 2015). In previous studies, it was found that the intestinal microorganisms of O. curzoniae and E. cansus were mainly Firmicutes and Bacteroidetes at phylum level (Jing et al., 2018; Chuntao et al., 2019), which was similar to the results of the present study. At the phylum level, the dominant species of intestinal microbiota were the decomposing and utilizing plants. In our study, Firmicutes and Bacteroidetes were the dominant bacteria in the intestinal bacteria in E. miletus, and they accounted for more than 89% of the total intestinal bacteria. Studies have shown that Firmicutes and Bacteroidetes in the gastrointestinal tract are conducive to the digestion of cellulose and hemicellulose in food. It analyzed the microbial community in the rumen of Cervus nippon feeding on tussah leaves and found that 87.9% of 16S rRNA gene sequences belong to Bacteroidetes which can degrade fiber (Zhipeng et al., 2013). It also found that Firmicutes and Bacteroidetes in the rumen of beef cattle increased with the increase of dietary hay content, and this characteristic of Firmicutes was particularly prominent (Yanhong et al., 2011). At the genus level, the dominant genera of intestinal microbiota were S24-7(UG), Clostridiales (UG), and Lachnospiraceae (UG) in the current study. Among them, S24-7 belongs to Bacteroidetes, while Clostridiales and Lachnospiraceae belong to Firmicutes. Ormerod et al. (2016) found that a variety of bacteria in S24-7 could increase the abundance of enzymes that degrade carbohydrates, thereby improving the utilization of carbohydrates, such as starch in the nitrogenous extract of animal intestines. Clostridiales is beneficial to improve the digestion of cellulose and hemicellulose based plant food resources (Van Dyke and McCarthy, 2022). The main members of Ruminococcus are Ruminococcusalbus and Ruminococcus flavefaciens, they are the most studied strains in fiber degradation process and the dominant bacteria for cellulose decomposition (Koike and Kobayashi, 2001; Kohl et al., 2014). It is most important in the degradation of cellulose and hemicellulose, and its secreted cellulase is highly active. Therefore, it is not difficult to find that the dominant phylum and genus of intestinal microorganisms in E. miletus mainly focus on digestive fiber, indicating its high adaptability to phytophagous, which corresponds to the current results in E. miletus (Zwxun et al., 2000).



Differences in intestinal microbiota in different regions

Based on the analysis of microbial α diversity, Chao1 analysis showed that the intestinal microbiota diversity in DL was significantly higher than that in LJ, DQ, and XGLL, while the intestinal microbiota diversity in JC was significantly lower than those in these three areas. However, Shannon diversity analysis showed that there was no significant difference in the evenness of intestinal bacterial flora among five regions, which may be attributed to the fact that DL is located in a relatively low latitude area, with relatively high winter temperature and relatively rich food sources. Therefore, the intestinal microbial diversity of E. miletus in this area was the highest. Although the dimension of JC is lower than that of LJ, XGLL, and DQ, the ambient temperature and precipitation in JC are relatively high in winter, so the plant growth may be rapid, E. miletus in JC need not be too far away from the nest to meet their needs in winter, which is also observed when we collect animal samples in their habitat environment. Therefore, the intestinal microbiota diversity was the lowest in JC. Due to the low temperature and poor food resources in winter in LJ, XGLL, and DQ, E. miletus in these three areas need to eat different kinds of food in winter, so the intestinal microbial diversity were in the middle.

Results of Venn diagram showed that the number of microbial genera in JC and DL was the highest, while that in LJ was the lowest, which also indicated that environmental differences would affect the diversity of intestinal microorganisms in E. miletus. XGLL and JC had the highest similarity of intestinal microbiota genera, reaching 65.16%, while LJ and DQ had the lowest similarity, only 58.88%, which may be related to the similarity of their food resource. It is not difficult to find that the differences among microbial genera were mainly concentrated in some genera of Firmicutes through the analysis of the differential microbial enrichment of E. miletus in different regions, and the reasons for the different enrichment were mainly due to the different food eaten by E. miletus in different regions. For example, studies on intestinal microorganisms of indoor and wild O. curzoniae showed that food and environment are the main reasons for the differences in intestinal microorganisms (Chunyan et al., 2021), which is consistent with the results of our study. Differences in food will lead to changes in gut microbial community structure (Ley et al., 2008), and differences in environmental microorganisms may also affect gut microbial community structure (Amato et al., 2013). The results of the present study showed that there was no significant difference in beta diversity based on the weighted UniFrac distance, indicating that the structure of intestinal microbiota was not affected by the region to a certain degree, which may be related to the feeding habits of E. miletus, and the food of this species is mainly plants with high fiber content. Of course, this point needs further study.



Intestinal microorganisms and environmental factors, physiological and morphological indexes

A healthy gut microbiota is conducive to host metabolic homeostasis, and conversely, the composition of gut microbiota can be determined by ambient temperature and dietary energy (Dey et al., 2015). For mammals at high altitude, they usually have high Firmicutes/Bacteroidetes value (Daoliang et al., 2017; Guolei et al., 2019). This helps the host to mediate energy acquisition through the intestinal microbiota, and then helps plateau animals maintain metabolic balance and body temperature balance under low temperature conditions, which was consistent with the results of the current experiment. Since the living environment in E. miletus is about 1000–3000 m above sea level (Wanlong et al., 2009), in order to maintain the metabolic balance and body temperature, its NST and NPY were negatively correlated with the abundance of Bacteroides. Ruminococcus belongs to Firmicutes, which can produce short-chain fatty acid (SCFA) to enhance the protective function of intestinal barrier and reduce the colonization of opportunistic pathogens in intestinal tract (Zhaoqing et al., 2017). Ruminococcus plays an important role in cellulose degradation. Through microbial fermentation, cellulose can be converted into SCFA, which is an important energy source for epithelial cells and can provide about 10% of human energy (Yuhua et al., 2020). Treponema belongs to Spirochaetes, a genus that includes cellulose and xylan hydrolysis, which improves the ability to digest and extract valuable nutrients from fibrous natural plants (Debebe et al., 2017). It can produce SCFA, such as acetic acid and propionic acid, to provide energy for animals by degrading pectin in plant cell walls (Jing et al., 2013). There is a positive correlation between the microorganisms of these two genera and altitude in E. miletus, which also indicates that with the increase of altitude, the fiber content in the food gradually increases, so that the proportion of the microorganisms that decompose fiber in the intestine in E. miletus gradually increased, which is corresponding to the physiological data in this experiment. RMR and NST both in XGLL and DQ were significantly higher than that of the other three areas, and the altitude of these two areas is higher than 3300 m, which also shows that the Bacteroides, Ruminococcus and Treponema can affect the metabolism of the E. miletus and thus affect the change of its body mass. Treponema is also positively correlated with the forelimb length and hind length of the E. miletus, which determines the range of motion of E. miletus and the ability to avoid predators. The larger the range of motion may be related to the higher the amount of fiber in its food. Previous studies in our laboratory also found phenotypic differentiation in body indicators and skull morphology, and this phenotypic differentiation may be jointly affected by altitude, temperature or food (Yue et al., 2020). All the above results indicated that the physiology, morphology and intestinal microorganisms in E. miletus were all affected by environmental factors, making E. miletus more adaptable to the environment in different areas of Hengduan Mountain.

In conclusion, the present study was the first to compare the intestinal microbiota of E. miletus in different areas of Hengduan Mountain, which found that there were regional differences in intestinal microbiota of E. miletus in different areas, suggesting that the main reasons affecting the intestinal microbial community structure in E. miletus were the changes of temperature, altitude or food in different environment. Moreover, intestinal microbiota can affect body mass regulation by acting on physiological or morphological indexes in E. miletus.
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Adaptation during the domestication from wolves (Canis lupus) to dogs (Canis lupus familiaris) is a debated ecological topic. Changes in food and environment are major divergences in the domestication of dogs. Gut microbes play an important role in animal adaptation to the food and environmental changes. In this study, shotgun sequencing was performed to compare the species diversity and functional diversity of gut microbes in wild wolves (group CLW, n = 3), captive wolves (group CLC, n = 4), and domestic dogs (group CLF, n = 4). The results found that Bacteroidetes, Firmicutes, Fusobacteria, Proteobacteria and Actinobacteria were the most abundant phyla and Bacteroides, Fusobacterium, Prevotella, Megamonas, Paraprevotella, Faecalibacterium, Clostridium were the most abundant genera in the gut of wolves and dogs. Groups CLW, CLC and CLF have shown significant difference in gut microbial species diversity and functional diversity. Bacteroides, Fusobacterium and Faecalibacterium were most abundant genera in groups CLW, CLC and CLF, respectively. Their abundance varied significantly among groups. Compared to the wild wolves, the intestinal microbiol genes of domestic dogs were significantly enriched in the carbohydrate metabolism pathway of KEGG database. One hundred and seventy-seven enzymes were detected with significantly higher abundance in group CLF than that in group CLW, and 49 enzymes showed extremely significant higher abundance in group CLF than that in group CLW (q < 0.01) base on the function abundance annotated in CAZy database. It is noteworthy that there were also significant differences in the abundance of 140 enzymes between groups CLC and CLW (q < 0.05). Clustering analysis based on both the species and the function abundance of intestinal microbiota all found that groups CLC and CLF clustered into one branch, while samples from group CLW clustered into the other branch. This result suggests that captive wolves are more similar to domestic dogs than wild wolves in both species composition and function composition of intestinal microbiota.
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Introduction

Ecological adaptation in animal domestication is a debated ecological topic in evolutionary ecology. The dog (Canis lupus familiaris) is the first known domesticated animal. Genetic, behavioral and morphological studies have shown that the domestic dog is descended from wolves (Canis lupus; Wayne, 1993). Changes in food and environment are major divergences between domestic dogs and wolves. During the early evolution of animals, the ability to digest many important nutrients was gradually lost and replaced by symbiotic microbes (Moran, 2006; Ley et al., 2008). These microbes help the host to uptake nutrients, regulate fat storage (Turnbaugh et al., 2006; Greenblum et al., 2012), enhance intestinal immune function (Ganal et al., 2012; Markle et al., 2013), and play an important role in host food and environmental adaptation. The adaptive changes during the domestication from wolves to domestic dogs in digestive physiology had attracted extensive attention. Comparative genomics studies had found that the domestic dog genome exhibited adaptation to a starch-rich diet (Axelsson et al., 2013). However, adaptive changes in gut microbiota that co-evolve with the host have not received sufficient attention.

Previous studies of gut microbiota diversity found differences in the abundance bacterial genera in domestic dogs and wolves. Dogs feeding on human food leftovers and commercial pet foods hold indeed more amylolytic gut bacteria such as Ruminococcaceae, Desulfuromonadaceae, and Faecalibacterium (Lyu et al., 2018), while wolves feeding on raw carcasses possess more Clostridium sensu stricto 1 (Liu et al., 2021). By further comparing the intestinal microbial functions of domestic dogs and wolves, it was found that dietary habits promoted the differentiation of intestinal microbes of domestic dogs and wolves. More microbial groups related to carbohydrate metabolism were observed in domestic dogs (Lyu et al., 2018). These studies provided important data for understanding the adaptation of wolves and domestic dogs to different foods. However, due to the limitation of sample collection, most of the previous reports focused on captive wolves. The gut microbes of captive and wild wolves may differ due to their different living environments. Comparative studies on wild wolves, captive wolves and domestic dogs can help to understand the effects of captive environment on gut microbes of wolves, and to comprehensively evaluate the adaptive changes of gut microbes under domestication and food changes. Therefore, in this paper, comparisons of gut microbial metagenomes in wild wolves, captive wolves and domestic dogs were performed to look for adaptive changes in gut microbial community structure, microbial gene composition and functions related to food and environmental changes. This will provide scientific basis for the study of the synergistic evolution and symbiosis of mammals and their gut microbes.



Materials and methods


Sample collection

Fresh fecal samples of 3 wild wolves (gender was unknown, named CLW1N, CLW2N and CLW3N, classified into group CLW), 4 captive wolves (2 females and 2 males, named CLC1M, CLC2M, CLC3F and CLC4F, classified into group CLC) and 4 domestic dogs (2 females and 2 males, named CLF2M, CLF3M, CLF4F and CLF5F, classified into group CLF) were collected in winter in Hulun Lake Nature Reserve in Inner Mongolia, China (Supplementary Table 1). Wild wolves were tracked by using GPS collars in winter with snow on the ground. The wolves’ behavior was observed by using telescopes and drones during the tracking. Fresh feces of wild wolves were collected on the wolves’ footprint chains after they left. The fecal samples were further identified by sequencing and alignment analysis of mitochondrial cyt b gene and cox 1 gene. The local temperature at the time of sample collection was below −20°C, which ensured fecal samples freshness. Captive wolves were raised from pups rescued by grassland authorities in Hulun Lake Nature Reserve. The main food of captive wolves were dead sheep and live chickens. Sheep were killed and fed to wolves including skin and internal organs. The feeding time was not fixed. Generally, captive wolves would be feed again after they eat all the food. Dogs’ fecal samples were collected from native village dogs. They had individual owners and were free-range by herders on the grassland. Their food was mainly herders’ food residue, including pasta (wheat flour products and corn flour products), residual sheep bones, beef bones and chicken bones, and a small amount of vegetables, mainly potatoes and cabbage. They were fed once a day in the afternoon. Captive wolves and domestic dogs were healthy adults and samples were collected in the morning before feeding. They were not infected with any digestive diseases or treated with antibiotics or probiotics during the 3 months prior to sample collection. Samples were stored in sterilized plastic centrifuge tubes, sent to the laboratory on dry ice, and stored at-80°C until genomic DNA extraction. This study was conducted under the regulations of the Bioethics Committee of Qufu Normal University and complied with the regulations of the China Wildlife Conservation Association, Endangered Species Scientific Commission, P. R. China, and the relevant requirements of Chinese laws. No harm was done to the animals and their habitat during sample collection.



Genomic DNA extraction, DNA library construction, and sequencing

Genomic DNA was extracted from fecal samples using the QIAamp DNA Fecal Genomic DNA Extraction Kit (Qiagen). The quality and concentration of DNA were quantified using NanoDrop 2000c. The purity and integrity of DNA were examined by agarose gel electrophoresis. The qualified DNA samples were randomly cut into fragments of approximately 350 bp in length by Covaris ultrasonic fragmentation, and the libraries were prepared by PCR amplification. Agilent 2100 was used to detect the INSERT size of the library. Qubit 3.0 and Q-PCR were used to accurately quantify the effective concentration of the library (library effective concentration >3 nM). After the library inspection, different libraries were pooling according to the effective concentration and target data amount and sequenced by using Illumina HiSeq 2500.



Data processing and bioinformatics analysis

Reads with low quality base and high N-base ratio and with an adapter overlap exceeding the threshold were removed from raw data. SoapAligner software was used for alignment with the host database to filter out the reads that may come from the host and to filter for the clean data. Assembly was performed using SOAP denovo assembly software. For a single sample, K-mer = 55 was selected for assembly to obtain the assembly sequence (Scaffolds). Scaffolds were disrupted from the N junction to obtain N-free sequence fragments (Scaftigs). The clean data of each sample after quality control was aligned to the Scaftigs of each sample to filter out the PE reads that were not utilized. The unused PE reads of each sample were pooled together, and K-mer = 55 was selected for mixed assembly (NOVO_MIX). The N-free Scaftigs sequence was obtained by interrupting the mixed assembled Scaffolds from the N junction. For Scaftigs generated by single sample and hybrid assembly, fragments below 500 bp were filtered out for statistical analysis and subsequent gene prediction.

Open reading frames (ORFs) were predicted by using MetaGeneMark software from Scaftigs (≥500 bp), and ORFs less than 100 nt in length were filtered out. CD-HIT software was used to remove the redundant ORFs and to obtain the non-redundant initial gene catalogue. Clustering was performed with identity = 95% and coverage = 90%, and the longest sequence was selected as the representative sequence. SoapAligner was used to align the clean data of each sample to the initial gene catalogue, and the number of aligned reads in each sample were calculated. The genes whose supporting reads ≤2 in each sample were filtered out to obtain the gene catalogue (unigenes) for subsequent analysis. Based on the number of reads and the length of the alignment, the abundance information of each gene in each sample were calculated with the formula [image: image], in which r is the reads number of the gene in the alignment, and L is the length of the gene. Venn diagram was used to show the number of common and unique genes among groups (CLW, CLC and CLF). Wilcoxon signed-rank tests were performed to investigate the difference in the number of annotated genes among groups.



Species annotation and comparison between groups

The DIAMOND software was used to align unigenes to bacteria, fungi, archaea and viruses sequences selected from the NR database of NCBI (blastp, evalue ≤1e–5). The alignment results of evalues ≤ (minimum evalue × 10) were selected for species annotation. The LCA algorithm of MEGAN software took the taxonomic level before the first branch as the species annotation information of the sequence. Based on the LCA annotation results and gene abundances, the abundance information of each sample at each taxonomic level (phylum, class, order, family, genus and species) was obtained. The abundance of a species in a sample was the sum of the abundance of genes annotated to that species. Alpha diversity (Shannon index and Simpson index) test of each group was performed by using Qiime software. Beta diversity, estimated with Bray-Curtis metrics, was calculated using R (version 2.15.3) to compare the composition of microbial communities among different groups. The relative abundance of different groups at each taxonomic level were compared by Wilcoxon signed-rank test and MetaStat test. Anosim analysis, PCA and NMDS dimensionality reduction analysis, cluster analysis based on Bray-Curtis distance were performed to test for the similarity among the groups. Linear discriminant analysis effect size (LEfSe) analysis was performed to search for the representative biomarkers.



Gene function annotation and comparison between groups

The Unigenes was aligned to the KEGG, eggNOG, and CAZy databases using the DIAMOND software (blastp, evalue 1e–5). The KEGG database was divided into 6 levels (level 1, level 2, level 3, ko, ec and module), the eggNOG database was divided into 3 levels (level 1, level 2, and og), and the CAZy database was divided into 3 levels (level 1, level 2 and ec). The comparison result with the highest score (one HSP >60 bits) was selected for subsequent analysis. The relative abundances of different functional levels were counted (the relative abundance of each functional level was the sum of the relative abundances of genes annotated to that functional level). The differences in functional abundance between the groups were compared by MetaStat test. The similarity of annotation function between groups was compared by PCA, NMDS and cluster analysis based on Bray-Curtis distance.




Results


Basic data statistics

A total of 58,820.98 Mbp clean data was obtained by Illumina HiSeq sequencing and preprocessing. Data effective was above 99.96%. By SOAP denovo assembly, a total length of 761.93Mbp and a total number of 453,461 Scaftigs were obtained for statistical analysis and subsequent gene prediction. By using MetaGeneMark for ORF prediction, a total of 418,264 ORFs were obtained and the total length of the ORFs (gene catalogue) was 264.15 Mbp (Supplementary Table 2).



Comparison of gene abundance between groups

The abundance of annotated unigenes in group CLF (153,450.25 ± 14,789.94) was higher than that of group CLC (146,185.5 ± 16,823.42) and significantly higher than that of group CLW (135,373.3 ± 5,240.67; Wilcoxon signed-rank test, p < 0.05; Supplementary Figure 1). Venn diagram showed that the number of common genes among groups exceeded the number of unique genes in each group, which indicated that the common core gene group was dominant among wild wolves, captive wolves and domestic dogs. Among the three groups, the number of genes unique to CLF was the highest while the number of genes unique to CLW was the lowest. Groups CLC and CLF had the highest number of genes in common (Supplementary Figure 2).



Species annotation and comparison among groups

The NR database annotation of unigenes showed that the proportion of fungi, archaea and viruses was less than 1%, the proportion of bacteria was 82–95%. A total of 74 bacterial phyla, 323 families, 983 genera, 3,832 species and a certain number of unclassified species were annotated in the intestinal microbiota of wolves and domestic dogs. At the phylum level, the proportions of unclassified species in groups CLW, CLC and CLF were 13.71, 13.37 and 9.66%, respectively. At the family level, the proportions of unclassified species in groups CLW, CLC and CLF were 24.22, 23.64 and 20.88%, respectively. At the genus level, the proportions of unclassified species in groups CLW, CLC and CLF were 27.31, 28.38 and 24.17%, respectively. Anosim analysis results based on each taxonomic level showed that the differences among groups CLW, CLC and CLF were higher than the differences within the group (R > 0, p > 0.05; Supplementary Figure 3). The Shannon index and Simpson index showed a pattern of CLF > CLC > CLW by alpha diversity test and comparison among groups (Supplementary Table 3).

The phyla with the highest abundance were Bacteroidetes, Firmicutes, Fusobacteria, Proteobacteria and Actinobacteria. Bacteroidetes accounted for more than 40% in each sample while Firmicutes (7–37%) and Fusobacteria (1–25%) showed great differences in each sample (Figure 1A). Wilcoxon signed-rank tests found that the abundance of Firmicutes was higher in CLF (21.39%) than in CLC (11.20%) and significantly higher than that in CLW (7.82%; p = 0.027). The abundance of Fusobacteria in group CLC (16.49%) was higher than that in group CLW (12.14%) and was significantly higher than that in group CLF (6.09%; p = 0.04).
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FIGURE 1
 Relative abundance of annotated genes at phylum and family levels. The top 10 phylum (A), and family (B), with the highest abundance in each group were selected and the rest were set to others.


The highest abundant families were Bacteroidaceae, Prevotellaceae, Fusobacteriaceae, Selenomonadaceae, Ruminococcaceae (Figure 1B). Wilcoxon signed-rank tests showed that the abundance of Bacteroidaceae in group CLW was higher than that in groups CLC and CLF (p > 0.05). The abundance of Fusobacteriaceae in group CLC was higher than that in group CLW and significantly higher than that in group CLF (p < 0.05). The abundance of Ruminococcaceae in group CLF was significantly higher than that in groups CLC and CLW (p < 0.05).

Bacteroides, Fusobacterium, Prevotella, Megamonas, Paraprevotella, Faecalibacterium, Clostridium, Campylobacter, Sutterella, Escherichia were the genera with higher abundance (Supplementary Figure 4A). The abundance of Bacteroides in group CLW was higher than that in groups CLC and CLF (p > 0.05). The abundance of Fusobacterium in group CLC was higher than that in group CLW and significantly higher than that in group CLF (p < 0.05). The abundance of Paraprevotella in group CLW was significantly higher than that in groups CLC and CLF (p < 0.05). The abundance of Faecalibacterium in group CLF was significantly higher than that in groups CLC and CLW (p < 0.05).

Prevotella sp. CAG:891 and Fusobacterium perfoetens were the most abundant bacteria in the gut of wolves and domestic dogs (Supplementary Figure 4B). Wilcoxon signed-rank tests showed that there was no significant difference in the abundance of Prevotella sp. CAG:891 among the three groups. Although there was also no significant difference in the abundance of Fusobacterium perfoetens among the three groups, the abundance of other bacteria with high abundance in genus Fusobacterium was significantly higher in the group CLC. For example, the abundance of Fusobacterium ulcerans, Fusobacterium mortiferum, and Fusobacterium varium in the group CLC were higher than that in the group CLW and significantly higher than that in the group CLF (p < 0.05). At the same time, the abundance of a variety of bacteria with high abundance in genera Clostridium and Collinsella were significantly lower in group CLW. For instance, the abundance of Clostridium sp. AT4 in group CLF was higher than that in group CLC and significantly higher than that in group CLW (p < 0.05). The abundance of the Collinsella intestinalis was higher in the group CLC than in the group CLF and significantly higher than that in the group CLW (p < 0.05). On the contrary, the overall abundance of genus Bacteroides in group CLW was higher than that in the other two groups. However, the relative abundance of several bacteria in the genus Bacteroides was not consistent among the three groups. For example, the relative abundance of Bacteroides massiliensis in group CLW was higher than that in group CLC and significantly higher than that in group CLF (p < 0.01). The relative abundance of Bacteroides vulgatus and Bacteroides fragilis in group CLW was significantly higher than that in group CLC and group CLF (p < 0.05). On the contrary, the relative abundances of Bacteroides stercoris and Bacteroides uniformis in groups CLF and CLC were significantly higher than those in group CLW (p < 0.05). In addition, the abundance of Anaerobiospirillum succiniciproducens with a higher abundance in group CLW was higher than that in the group CLF and significantly higher than that in the group CLC (p < 0.05). The abundance of Faecalibacterium prausnitzii in group CLF was significantly higher than that in groups CLC and CLW (p < 0.05). It was intersting that the abundance of Escherichia coli in groups CLC and CLF was higher than that in group CLW, although the difference was not significant (p > 0.05; Figure 2).

[image: Figure 2]

FIGURE 2
 Heat map showed the difference in annotated gene abundance at species level among groups (showing the relative abundance of the top 35 species).




PCA, NMDS and clustering analysis based on species abundance

The results of PCA and NMDS analysis based on species abundance annotation at each level showed that samples from each group clustered independently (Figure 3A; Supplementary Figure 5). The results of cluster analysis based on Bray-Curtis distance showed that the samples from group CLW clustered into one branch and samples from groups CLC and CLF mixed into the other branch (Figure 4A; Supplementary Figure 6).

[image: Figure 3]

FIGURE 3
 NMDS analysis based on species abundance (A), function abundance annotated at the KEGG level ko (B), function abundance annotated at eggNOG level og (C), and function abundance annotated at CAZy level ec (D).


[image: Figure 4]

FIGURE 4
 Clustering tree based on Bray-Curtis distance and annotated species abundance at genus level (A), and annotation function abundance at KEGG level 1 (B).


The LDA branching diagram showed that the three groups had their own unique biomarkers. Biomarkers of group CLW were mainly belong to genus Bacteroides (family Bacteroidaceae, phylum Bacteroidetes), including Bacteroides caecimuris, Bacteroides fragilis, Bacteroides helcogenes, Bacteroides oleiciplenus and Bacteroides sartorii. Biomarkers of group CLF were mainly in phylum Firmicutes, included genus Faecalibacterium in the family Ruminococcaceae (including Faecalibacterium prausnitzii and Faecalibacteriumn sp. CAG82), genus Megamonas in the family Selenomonadaceae (including Megamonas hypermegale and Megamonas rupellensis), as well as Blautia hansenii in the family Lachnospiraceae and Clostridium sp. AT4 in the family Clostridiaceae. Biomarkers of group CLC were mainly the genus Fusobacterium in the family Fusobacteriaceae, phylum Fusobacteria, including Fusobacterium ulcerans and Fusobacterium varium (Figure 5).

[image: Figure 5]

FIGURE 5
 LEfSe analysis showed respective biomarkers in groups CLW, CLC and CLF.




Gene function annotation

In the KEGG database, the intestinal microbial genes of wolves and domestic dogs were mainly enriched in three metabolic pathways: metabolism (13.47%), genetic information processing (4.53%) and environmental information processing (3.79%). Among them, carbohydrate metabolism, amino acid metabolism, nucleotide metabolism, metabolism of cofactors and vitamins and energy metabolism in metabolism pathway, membrane transport in environmental information processing pathway and translation in genetic information processing pathway enriched the highest number of genes (Supplementary Figure 7).

In the eggNOG database, a large number of genes were functionally unknown (28.37% of unigenes). Functional clusters with a higher number of enriched genes included Replication, recombination and repair, cell wall/membrane/envelope biogenesis, amino acid transport and metabolism, carbohydrate transport and metabolism, translation, ribosome structure and biogenesis, transcription, inorganic ion transport and metabolism and energy production and conversion (Supplementary Figure 8). In the CAZy database, genes were mainly enriched in Glycoside Hydrolases (GHs) and glycosyl transferases (Supplementary Figure 9).



Comparison of annotation function abundance among groups

MetaStat test showed that in the annotation results of KEGG database (level 2), the abundance of carbohydrate metabolism, biosynthesis of other secondary metabolites, metabolism of other amino acids in metabolism, signal transmission in environmental information processing, transcription in genetic information processing, cardiovascular diseases, drug resistance: antimicrobial and neurodegenerative diseases in human diseases, and aging and endocrine system pathways in organic systems were significantly higher in CLC group than in CLW group (q < 0.05); the abundance of environmental adaptation in organic systems and infectious diseases: bacterial pathway in human diseases was significantly higher in group CLW than in group CLC (q < 0.05); the abundance of carbohydrate metabolism, lipid metabolism, amino acid metabolism, biosynthesis of other secondary and metabolism of other amino acids in metabolism, signal transduction in environmental information processing, cell growth and death in cellular processes, endocrine and metabolic diseases in human diseases, and endocrine system in organismal systems were significantly higher in group CLF than in group CLW (q < 0.05; Figure 6). Interestingly, most of the functions with higher annotated abundance did not show significantly different between groups CLC and CLF (Supplementary Table 4).

[image: Figure 6]

FIGURE 6
 Heat map showed the difference in functional abundance of groups CLW, CLC and CLF annotated at KEGG level 2.


KEGG pathway annotation showed that compared with the group CLW, a large number of unique metabolic pathways and enzymes were annotated in the group CLF. For example, in the biosynthesis of amino acids pathway, S-sulfo-l-cysteine synthase (EC:2.5.1.144) was unique to the CLF group, which was mainly involved in the metabolism of cysteine and methionine and amino acid biosynthesis. In the carbon metabolism pathway, malate synthase (EC:2.3.3.9), glutamate--glyoxylate aminotransferase (EC:2.6.1.4 2.6.1.2 2.6.1.44), isocitrate lyase (EC:4.1.3.1), acetoacetyl-Coa Reductase (EC:1.1.1.36) and some other enzymes were only annotated in group CLF, but 3-hydroxyButyryl-Coa dehydratase (EC:4.2.1.55) was only annotated in the group CLW (Supplementary Figure 10). In the starch and sucrose metabolism pathway, hexokinase (EC:2.7.1.1) and alpha-trehalase (EC:3.2.1.28) were detected only in the group CLF while glycogen synthase (EC:2.4.1.11) was only detected in the group CLW (Supplementary Figure 11). In the glycolysis/gluconeogenesis pathway, glucose-6-phosphate 1-epimerase (EC:5.1.3.15) and phosphate dehydrogenase (EC:1.2.1.-) were only found in the group CLF (Supplementary Figure 12). Interestingly, in the fat acid metabolism pathway, 3-hydroxyacyl-CoA dehydrogenase (EC:1.1.1.35), enoyl COA hydratase (EC:4.2.1.17), acetyl CoA acyltransferase (EC:2.3.1.16) and some other enzymes were also only found in the CLF group. These enzymes were mainly concentrated in the fat acid degradation pathway. Similarly, by comparing the pathway annotation results between groups CLC and CLW, it was also found that some enzymes in biosynthesis of amino acids, carbon metabolism, fatty acid metabolism and other pathways were only annotated in CLC group (Supplementary Figure 13).

Among the functions annotated in the eggNOG database (level 1), the annotation results of groups CLW and CLF were significantly different in the pathways of carbon transport and metabolism, amino acid transport and metabolism, nucleoside transport and metabolism, inorganic ion transport and metabolism, signal transmission mechanisms and transcription, and posttranslational modification (CLF > CLW, MetaStat test q < 0.05), but no significant difference was detected between groups CLC and CLF and between groups CLC and CLW (Figure 7). Annotation results in both KEGG and eggNOG functional databases showed that the abundance of genes annotated as unknown function in group CLW (74.18% of unigenes in KEGG level 1, 26.67% of unigenes in eggNOG level 1) was significantly higher than that in group CLF (MetaStat test q < 0.05).
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FIGURE 7
 Metastat test revealed significantly difference in function abundance among groups CLW, CLC and CLF annotated at eggnog level 1. “*” represented significant difference and “**” represented extremely significant difference.


In the CAZy database (level ec), the abundance of 244 enzymes were significantly different between the groups CLF and CLW, and 177 of these enzymes had a significantly higher abundance in the group CLF than in the group CLW (MetaStat test q < 0.05). Sixty enzymes were extremely significantly different between groups CLF and CLW (MetaStat test q < 0.01). The abundances of 49 enzymes in the group CLF, such as alpha-L-arabinofuranosidase (EC 3.2.1.55), beta-xylosidase (EC 3.2.1.37), alpha-glucosidase (EC 3.2.1.20), alpha-1,2-L-arabinofuranosidase (EC 3.2.1.-), beta-1,3-xylosidase (EC 3.2.1.-), beta-glucosidase (EC 3.2.1.21), beta-primeverosidase (EC 3.2.1.149), beta-galactosidase (EC 3.2.1.23), endoglucanase (EC 3.2.1.4), were extremely significantly higher than that of the group CLW (MetaStat test q < 0.01). Significant differences in the abundance of 140 enzymes were detected between groups CLC and CLW, and 108 of these enzymes had a significantly higher abundance in the group CLC than in the group CLW (MetaStat test q < 0.05). Only 27 enzymes were significantly different between groups CLF and CLC (CLF > CLC, q < 0.05; Figure 8; Supplementary Table 5).
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FIGURE 8
 Heat map showed the difference in functional abundance of groups CLW, CLC and CLF annotated at CAZy level ec.




PCA, NMDS and clustering analysis based on function abundance

PCA and NMDS analysis based on the functional abundance annotated in KEGG, eggNOG and CAZy databases showed that samples from the group CLW was separated from samples from the other two groups. PCA and NMDS analysis based on the KEGG and eggNOG annotations showed that the samples from the groups CLC and CLF were clustered separately, while analysis based on the CAZy annotations showed that the samples from groups CLC and CLF were mixed together (Figures 3B–D; Supplementary Figure 14).

Clustering analysis based on Bray-Curtis distance matrix and KEGG, eggNOG and CAZy annotations showed that samples from the group CLW was clustered into one branch and samples from groups CLA and CLF were clustered into the other branch. This result was the same as the analysis at the species level (Figure 4B; Supplementary Figure 15).




Discussion

Through species annotation, it is showed that wild wolves, captive wolves and domestic dogs share more core microbiota than their respective endemic microbiota, which indicates that the gut core microbiota is effectively preserved despite the differences in food. Bacteroides, Fusobacterium, Prevotella, Megamonas and Paraprevotella are the genera with the highest abundance of intestinal microbiota in wolves and dogs, which is consistent with previous studies (Wu et al., 2017; Lyu et al., 2018; Liu et al., 2021). The difference analysis among groups showed that the abundances of Fusobacterium, Faecalibacterium and Paraprevotella were significantly different among the three groups. LESfe test showed that Bacteroides (mainly Bacteroides fragilis and Bacteroides vulgatus) and Fusobacterium were biomarkers of group CLW and group CLC, respectively, while the biomarkers of group CLF were mainly Faecalibacterium and Megamonas. Bacteroides maintain a complex and generally beneficial relationship with the host when retained in the gut, but when they escape this environment they can cause pathology in humans (Wexler, 2007). Bacteroides fragilis is mainly parasitizes on the mucosal surface and its number of live cells is generally 10–100 times less than that of other species of the genus Bacteroides in the gut (Salyers, 1984). Genomic and proteomic analysis revealed that Bacteroides fragilis can sense and adapt to complex systems of nutrient availability, excrete toxic substances through multiple pump systems and can control the reproduction of other pathogens by affecting host immunity (Kuwahara et al., 2004; Wexler, 2007). The high abundance of Bacteroides fragilis in the intestinal of wild wolves may be related to the intestinal immune function of wild wolves. Bacteroides vulgatus, another bacterium in genus Bacteroides, is significantly associated with intestinal lipid metabolism (Yoshida et al., 2018). The higher abundance of Bacteroides vulgatus in the group CLW may be related to the high-protein and high-fat food composition of wild wolves. A variety of bacteria in genus Bacteroides are related to the metabolism of carbohydrate and polysaccharide (Hyun et al., 2012; Grondin et al., 2022). While observing higher abundance of some species of genus Bacteroides in the intestinal microbiota of wild wolves, higher abundance in some other species of genus Bacteroides in the domestic dog and captive wolves were also observed.

Genus Faecalibacterium is the representative biomarker for group CLF. Its abundance in group CLF is significantly higher than that in groups CLC and CLW (p < 0.05). Lyu et al. (2018) found that the abundance of Faecalibacterium associated to glucose fermentation was significantly increased in the feces of domestic dogs, which may be related to the complex polysaccharide diet of domestic dogs (Lopezsiles et al., 2012; Lyu et al., 2018). Fusobacterium varium is one of the main anaerobic bacteria producing butyric acid in the gut. It plays an important role in glucose metabolism (Potrykus et al., 2007). The methylate, the hydroxyglutarate and the aminobutyrate pathways involved by Fusobacterium varium are important pathways of intestinal amino acid catabolism (Buckel, 2001; Potrykus et al., 2008; Neish, 2009; Ramezani et al., 2011). As dogs in the bones and raw food diets (BARF) group were fed a significantly higher amount of protein and fat, LefSe analysis showed a higher abundance of Fusobacterium in the dogs with a BARF diets compared to conventionally fed dogs (Schmidt et al., 2018; Xu et al., 2021). In the present study, the high abundance of Fusobacterium in captive wolves may be related to the production of butyrate and the regulation of amino acid and glucose metabolism.

Previous studies found that because the canine diet contained more complex polysaccharides than the wolf’s diet, the abundance of functional genes involved in valine, leucine and isoleucine biosynthesis and nitrogen metabolism in the canine gut microbiota and the abundance of genes encoding glycosyltransferase family 34, rum-binding Module family 25 and GH family 13 were significantly higher than those of captive wolves. At the same time, the abundances of six glycosyltransferases and five GHs which mainly act on the metabolic pathways of starch and sucrose in domestic dogs were also significantly higher than those in captive wolves (Lyu et al., 2018). In this study, we confirmed that the functional genes in the intestinal microbiome of domestic dogs were significantly enriched in the carbohydrate metabolism pathway of KEGG database (CLF > CLW, MetaStat test q < 0.05). In addition, the annotated genes in group CLF were also significantly enriched in the amino acid metabolism, glycan biosynthesis and metabolism pathways. In contrast, more genes annotated by gut microbes of wild wolves were enriched in immune system, environmental adaptation and other pathways. This reflected the adaption of gut microbes to living environment. Wild wolves likely have periods of starvation, encounter a higher pathogen load, and have significant more exercise compared to the wild counterparts, all of which can influence the microbiome. Annotation results in the professional carbohydrate metabolism database (CAZy database) further revealed the differences in carbohydrate metabolism among gut microbiota of wild wolves, captive wolves and domestic dogs. In the level ec of CAZy database, 177 enzymes were detected with significantly higher abundance in group CLF than that in group CLW (q < 0.05) and 48 enzymes of them showed extremely significant differences between groups CLF and CLW (CLF > CLW, q < 0.01). This fully indicated that due to the increase of starch compounds in food, the intestinal microbiota of domestic dogs showed significant adaptation to the increase of carbohydrate. Interestingly, significant differences in the abundance of 140 enzymes were detected between the groups CLC and CLW (q < 0.05). However, there were few differences between the groups CLC and the CLF. This indicated that the intestinal microbiome of wolves in captivity may have changed significantly from that in the wild due to the differences in the living environment and food.

Several previous studies explored the differences of gut microbiota between wild and captive mammals (Guan et al., 2017; Li et al., 2017; Wasimuddin et al., 2017; Chi et al., 2019; Gao et al., 2019; Guo et al., 2019) and discussed the adaptive changes of intestinal microbiota of wild animals after captivity. Other studies found that the impact of living environment on intestinal microbiota of wild mammals may exceed that of genetic relationships (Chen et al., 2022). In this study, we found that samples from the wild wolves, captive wolves and domestic dogs diverged from each other based on the PCA and NMDS analysis of the composition and function of intestinal microbiota. However, no matter based on the species composition of intestinal microbiota or based on the functional composition of intestinal microbiomes, clustering analysis all found that captive wolves and domestic dogs clustered into one branch, while wild wolves clustered into the other branch. This result suggested that wolves living in captivity were closer to domestic dogs in both species composition and functional composition of intestinal microbiota. This also indicated that the correlation between gut microbes and food and living environment may be significantly higher than that with genetic relationship. The fecal samples of group CLC were collected from captive wolves living in the same grassland as group CLW, however, the results found that the gut microbial composition and function of captive wolves were closer to that of domestic dogs. This result indicates that the gut microbiome of the captive wolves underwent adaptive changes in captivity due to the food and living environment. These changes may relate to various factors, such as captive wolves’ food sources that are mainly poultry, domestic livestock, with small activity space and strong anthropogenic interference. The future study will introduce more wild and captive wolves from other habitats to further explore the impact of captivity on wolves’ physiology and health.

The ability of wild animals to survive on food that may be infected by pathogens, and to show immunity to various diseases, is inseparable from their complex gut microbial community (Levin et al., 2021). By species annotation and functional annotation, we found a certain number of unclassified species and a certain number of genes that could not be annotated into existing metabolic pathways in the feces samples of wild wolves. This indicated that wildlife as a potential microbial resource pool needed to be further exploited by next-generation sequencing technology.

Sample collection is difficult due to the small population, large habitat and covert activity of wild carnivores. Therefore, the small sample size is a major limitation of this study. In order to minimizing environmental differences on gut microbes, the samples of captive wolves living on the same grassland as wild wolves were collected. To reduce differences in gut microbes due to sample numbers, sample numbers for captive wolves and domestic dogs were designed with reference to the number of wild wolves. The small sample number and the lack of a standardized diet of animals have limited the further in-depth analysis of the data obtained here. However, as the first attempt to compare the gut microbial species and functional diversity of wild wolves, captive wolves and domestic dogs, this study provide a scientific reference for future studies to explore the ecological adaptive mechanism in the captive and domestic process of wild predators.
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We previously developed and assessed the effectiveness of the attenuated Streptococcus agalactiae (Group B Streptococcus, GBS) strain WC1535 ∆Sia (with neuA-D gene cluster deletion) vaccine in tilapia (Oreochromis niloticus). In this study, we characterized the bacterial communities of the tilapia intestines by 16S rRNA high-throughput sequencing and assessed the serum antibody response, expression of immune-related genes, and histological changes following formalin-killed GBS vaccine (FKV) and the live attenuated vaccine ∆Sia (LAV). Results showed that FKV and LAV induced robust systemic and intestinal mucosal immune responses in tilapia without causing obvious pathological changes in the hindgut, spleen, and head kidney but exerted different effects on intestinal bacterial communities. The richness or diversity of the intestinal bacterial community of FKV tilapia showed no significant changes compared with that of the control fish (p > 0.05) at either day 21 post-initial vaccination (21 dpiv) or day 35 (day 14 after the second immunization) (35 dpiv). The community composition of FKV tilapia and controls was significantly similar, although the relative abundance of some genera was significantly altered. Relative to control fish, the gut ecosystem of LAV tilapia was significantly disturbed with a substantial increase in community diversity at 21 dpiv (p < 0.05) and a significant decrease at 35 dpiv in fish with high serum antibody response (ΔSia35H) (p < 0.05). However, there was no significant difference between ΔSia35H and ΔSia35L (low serum antibody response) fish (p > 0.05). Moreover, the community composition of LAV tilapia at 21 dpiv or 35 dpiv was considerably different from that of the controls. Particularly, GBS ∆Sia was found to be abundant in the intestine at 21 and 35 dpiv. This result suggested that the parenteral administration of the LAV (∆Sia) may also have the effect of oral vaccination in addition to the immune effect of injection vaccination. In addition, a significant correlation was found between the expression of immune-related genes and certain bacterial species in the intestinal mucosal flora. Our findings will contribute to a better understanding of the effects of inactivated and attenuated vaccines on gut microbiota and their relationship with the immune response.
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 gut microbiota, immune response, tilapia, Streptococcus agalactiae, vaccine


Introduction

Numerous bacteria populate the gut and establish a symbiotic microecosystem with the host (Xue et al., 2020), and the homeostasis of the gut microbiota is crucial for the health of the host (Cho and Blaser, 2012). Intestinal dysbiosis is not only accompanied by the occurrence of diseases (Feng et al., 2015; Li et al., 2016, 2017; She et al., 2017; Wang et al., 2018) but is also closely related to metabolic disorders and even brain dysfunction (Lin and Zhang, 2017). Gut microbes can produce a variety of extracellular enzymes that play an important role in host nutrient digestion and absorption (Askarian et al., 2012, 2013; Das et al., 2014; Tran et al., 2017). Evidence suggests that the microbiome and the immune system are closely linked (Hagan et al., 2019). Gut microbes not only participate in immune system development but also play a key role in immune function regulation (Xue et al., 2020). Germ-free (GF) mice had fewer immune cells, lighter thymus, and smaller lymph nodes than normal mice and exhibit Peyer’s patch dysplasia (Bauer et al., 1963; Van Der, 1986; Kim et al., 2013). However, these abnormalities can be reversed after microbial colonization (Yanagibashi et al., 2013; Lin and Zhang, 2017). Bacteroides fragilis promoted the production of CD4+ T cells via polysaccharide A (Mazmanian and Kasper, 2006). Segmented filamentous bacteria aided Th17 cell accumulation in the intestine’s lamina propria (Sczesnak et al., 2011). Certain Clostridia members promoted Treg cell proliferation and differentiation via regulatory factors, such as TGF-β (Atarashi et al., 2011, 2013). In conventional mice C57BL/6j, broad-spectrum antibiotic therapy for 8 weeks reduced the number of memory T cells, regulatory T cells, and activated dendritic cells in the small intestine, colon, mesenteric lymph nodes, and spleen. The percentages of CD4+, CD8+, and B220+ cells in the small intestine and CD4+ cells in the colon recovered 7 days after fecal microbiota transplantation (Ekmekciu et al., 2017). Sturgeon gut microbiota colonizing GF zebrafish guts up-regulated immune-related gene expression (Teame et al., 2020), and similar results were observed with Bacillus subtilis (Tan et al., 2019).

Vaccination is a common disease control strategy, and the research on the link between gut microbiota and vaccination has seen some progress in recent years. Through multiomics analysis, Hagan et al. revealed that human immunity to vaccinations was altered by antibiotic-driven gut microbiota disturbance (Hagan et al., 2019). Fecal microbial communities from individuals who received oral typhoid vaccination showed no discernible perturbations, whereas those of individuals displaying multiphasic Salmonella typhi-specific cell-mediated immunity showed increased complexity (Eloe-Fadrosh et al., 2013). The TLR5-mediated sensing of flagellin from the microbiota influenced antibody responses to inactivated influenza and polio vaccines (Oh et al., 2014; Rout et al., 2021). The fecal microbiome of responders to rotavirus vaccination in rural Ghana differed from that of nonresponders and resembled that of Dutch infants (Harris et al., 2017). The mouse gut microbiota was unaffected by vaccination with conserved Escherichia coli antigens, including MipA, Skp, and ETEC 2479 (Hays et al., 2016). In mice, the intranasal vaccination of lipoprotein SslE followed by two intramuscular injections enhanced the immune response but caused no differences in gut microbial richness or composition compared with the control treatment (Naili et al., 2019). In broiler chickens, different Salmonella typhimurium vaccine strains had varying effects on the cecal microbiota but did not affect its relative abundance (Park et al., 2017). The gut bacterial population of grass carp was altered 21 days after vaccination with an oral Vibrio mimicus double-targeted DNA vaccine, and gut macrophage activity and hindgut immune-related gene expression were positively linked to Bacteroides (Cao et al., 2021). In grass carp, no notable alterations in the dominant genus of the intestinal tract were observed after exposure to recombinant Aeromonas hydrophila vaccine (Aera), but the relative abundance of Aeromonas changed (Liu et al., 2015). In tilapia (Oreochromis niloticus), the oral attenuated Streptococcus agalactiae vaccine YM001 altered bacterial community structure in a transient and reversible manner (Li et al., 2018). Notably, the research on gut microbiota and vaccination has mainly focused on humans and mice and mostly involved fecal samples, and studies on fish are rarely reported. Thus, research on fish models may shed new light on the relationship between the gut microbiota and vaccination and may help vaccine development.

Tilapia is an important player in the aquaculture business with annual growth rates of 10–12% (Behera et al., 2018; Acharya et al., 2019; Renuhadevi et al., 2019). GBS is a causal agent of tilapia streptococcosis, which has caused serious economic losses (Laith et al., 2017; Zhang et al., 2017; Li et al., 2019; Liu et al., 2019). Studies have shown that the formalin-killed vaccine (FKV) of GBS protected tilapia against GBS infection for up to 180 days (Pasnik et al., 2005), and our previous work demonstrated that in tilapia, a live attenuated vaccine (LAV ∆Sia) conferred protection against homologous GBS infection (Hao et al., 2022). Although considerable research has been conducted on vaccines for tilapia against GBS infection, a systematic comparison of the effects of FKV and LAV on the hindgut mucosal flora and immune response of tilapia has received little attention. We thus intend to gain insight into how the two above vaccine types affect the intestinal mucosal microbiota and their link to immune response. To the best of our knowledge, this work is the first comprehensive research evaluating the effects of different vaccine types administered via intraperitoneal (IP) injection on hindgut mucosal flora, serum antibody responses, hindgut mucosal immunity, and their associations in tilapia.



Materials and methods


Strains

The GBS wild-type strain WC1335 used in this study was isolated from the brains of moribund tilapia from a pond in Wenchang City, Hainan Province (Zhang et al., 2019). FKV was prepared with 0.3% formalin from WC1535. Our previous work showed that LAV ∆Sia, a gene-deleted strain of WC1535 obtained through homologous recombination, confers protection against homologous infection in tilapia (Hao et al., 2022).



Vaccine preparation

The inactivated vaccine was prepared in reference to a previous method with slight modifications (Hayat et al., 2021). The wild-type GBS strain WC1535 stored at −80°C was recovered on brain heart infusion (BHI) agar medium (Becton, Dickinson and Company, United States) and cultured at 28°C overnight. The resulting GBS colonies were subcultured in BHI broth, and log-phase bacterial cells were harvested through centrifugation at 5,000 rpm for 5 min. Sterile phosphate-buffered saline (PBS, 0.01 M, pH 7.2–7.4) was used to wash and resuspend the cells to the concentration of 1.0 × 109 colony forming units (CFU) per milliliter (mL). The bacterial suspension was diluted with buffered formalin (37%) to the final concentration of 0.3% and incubated at 28°C for 48 h at 30 rpm to kill the cells. Formalin-killed bacteria were harvested via centrifugation at 5,000 rpm for 5 min, washed three times with sterile PBS, and kept at 2.0 × 109 CFU mL−1 at 4°C. In addition, 100 μL of the mixture was cultured on BHI plates for 48 h to determine if the bacteria were still viable. Similarly, LAV ΔSia (Hao et al., 2022) was prepared by being streaked onto BHI agar, cultured, harvested, and adjusted to the final concentration of 2.0 × 109 CFU mL−1.



Experimental design and sample collection

The experiment was conducted at the Mingde Hatching and Breeding Farm in Yingshan County, Hubei Province, China. Three equal-sized cages (1.7 m in length, 0.8 m wide, and 0.65 m deep each) were placed in the same pond for housing the control, FKV, and LAV (∆Sia) groups. The water temperature was kept at approximately 25°C by managing the entry of hot spring water with a valve. Healthy NEW GIFT tilapia weighing 50 ± 6.8 g raised in the same farm were randomly distributed into three groups with 35 fish each and kept for more than 14 days to acclimatize to the pond environment. The spleen tissues of five randomly selected fish were sampled to check whether pathogen infection was present. The fish were fed extruded compound feed from the Haid Group throughout the experiment, and the daily feeding amount was estimated on the basis of 3% of the experimental fish’s body weight (9:00 and 15:00). The fish in the FKV group received an IP injection of 1.0 × 109 CFU fish−1 (0.5 mL) formalin-killed WC1535, whereas the fish in the LAV group received an IP injection of 1.0 × 109 CFU fish−1 (0.5 mL) LAV WC1535 ∆Sia. The same amount of sterile PBS was administered to the fish in the control group. At 21 days post-initial vaccination (dpiv), four fish were randomly selected from each group and brought back to the laboratory for sample collection. Samples collected from the control, FKV, and LAV groups were designated as the CTRL21 group (C1–C4), FKV21 group (F1–F4), and ∆Sia21 group (S1–S4), respectively. On the same day, the fish in the FKV or LAV group received a second dose of vaccine in the same manner, whereas the control fish received the same volume of sterile PBS. Samples collected at 35 dpiv (14 days after the second immunization) from four fish in the control and FKV groups were designated as the CTRL35 group (C5–C8) and FKV35 group (F5–F8), respectively, whereas samples collected from eight fish in the LAV group were assigned to the ∆Sia35H (high serum antibody response, approximately 1: 4,096, H1–H4) group and ∆Sia35L (low serum antibody response, approximately 1: 64, L1–L4) group in accordance with the individual’s serum antibody agglutination titers.

Before sampling, fish were anesthetized with MS-222 (Sigma, Darmstadt, Germany) solution and wiped with 75% alcohol. Blood was collected from the tail vein with sterile syringes, placed at room temperature for 4 h, then stored at 4°C overnight. The next day, the upper pale-yellow serum fraction was collected through centrifugation at 1,000 × g for 10 min and stored at −80°C for later use. The fish were then dissected with sterile scissors to isolate hindgut tissues. The hindgut wall was incised along one side and rinsed repeatedly 3–5 times with sterile PBS after the intestinal contents were scraped off. Subsequently, the PBS-removed hindgut wall was minced, weighed at 0.07 g per tube, and stored at −80°C for 16S rRNA analysis. Moreover, samples of the hindgut, spleen, and head kidney were collected from three randomly selected specimens in each group and preserved in 4% paraformaldehyde universal tissue fixative (Biosharp, China). For RNA extraction, hindgut samples were additionally collected at 35 dpiv (14 days after the second immunization).



Histopathological observation

The above-mentioned tissue samples that had been fixed with 4% paraformaldehyde were dehydrated, embedded, cut into 4 μm thick sections, and dried at 60°C. Next, the sections were stained with hematoxylin–eosin (HE) solution as briefly described below. First, paraffin sections were dewaxed through treatment with xylene and gradient ethanol. Then, they were placed in Harris hematoxylin for nuclear staining for 3–8 min, separated with 1% hydrochloric acid ethanol for a few seconds, and treated with 0.6% ammonia. The sections were rinsed with running water after each step. Next, they were stained with eosin solution for 1–3 min. Finally, they were completely dehydrated until transparent, then gently air-dried and sealed with neutral gum. The sections were observed under 400× magnification by using a BX53 multispectral imaging system (PEN-MSI-FX, Olympus, United States).



Antibody agglutination titers

Serum antibody agglutination titers were determined as previously described with some modifications by using 96-well U-bottom microtiter plates (Yun et al., 2020). The procedure is briefly described as follows: First, 120 μL of sterile PBS and 40 μL of serum were added to the wells of the first column, and 80 μL of sterile PBS was added to the other wells of a 96-well microtiter plate. Second, 80 μL of the well-mixed sample was transferred from the first to the second column. The sample was mixed well, and 80 μL of the diluted sample was transferred to the next column. In the same way, serial 2-fold dilutions of serum samples were prepared, and the 80 μL mixture in the last column was discarded. Finally, 20 μL of the GBS antigen cells was added to each well of the microtiter plate and mixed well. GBS WC1535 antigen was prepared in the same way as FKV and adjusted to the concentration of 1.0 × 109 CFU mL−1. Sterile PBS buffer served as the negative control for the serum. The microtiter plate was incubated overnight at 4°C after 2 h of incubation at 25°C. On the following day, the agglutination condition at the bottom of the well was checked after allowing the microtiter plate to sit at room temperature for 30 min. If deposits with blurred edges were present on the U-shaped bottom wall, then the sample was judged as positive, and if deposits with clear edges were present on the bottom of the U-shaped bottom wall, then the sample was considered as negative. The serum agglutination titer was defined as the reciprocal of the highest dilution of serum that could be judged to be positive.



Expression of immune-related genes

On day 14 after the second immunization, hindgut samples were collected, treated with liquid nitrogen, and stored at −80°C. Total RNA was extracted with a TransZol Up Plus RNA Kit (TransGen, China), and cDNA was synthesized from 1 μg of total RNA by using the TransScript All-in-One First-Strand cDNA Synthesis SuperMix (TransGen, China) in accordance with the manufacturer’s instructions. Each 20 μL reaction mix contained 10 μL of PerfectStart® Green qPCR SuperMix (2×) (TransGen, China), 0.4 μL of forward primer (10 μM), 0.4 μL of reverse primer (10 μM), 2 μL of cDNA template, and 7.2 μL of nuclease-free water. Quantitative real-time polymerase chain reaction (qRT-PCR) was performed with a qTOWER3G (Analytik Jena AG, Germany) system with the following procedures: 94°C for 30 s; 39 cycles of 94°C for 5 s, 60°C for 15 s, and 72°C for 10 s. The primers of β-actin, IgM, MHC-Iα, MHC-IIβ, TCR-β, CD4, CD8α, IL-1β, IL-8, and TNF-α are presented in Table 1. Three replicates were performed for each sample. Gene expression levels were normalized on the basis of β-actin and calculated by using the 2−ΔΔCT method (Livak and Schmittgen, 2001).



TABLE 1 Primers used for qRT-PCR to detect the expression of immune-related genes in posterior intestinal mucosa at 35 dpiv.
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Library preparation and Illumina Miseq sequencing

The total DNA of all samples was extracted by using the DNeasy® Blood & Tissue Kit (Qiagen, Germany) in accordance with the manufacturer’s instructions and detected through 1% agarose gel electrophoresis. The barcoded-primers 338F (5′-ACTCCTACGGGAGGCAGCAG-3′) and 806R (5′-GGACTACHVGGGTWTCTAAT-3′) (Liao et al., 2022) were used to amplify the V3–V4 region of the 16S rRNA gene, and PCR amplification was performed on ABI Genemp®9,700 by using TransStart Fastpfu DNA polymerase (TransGen, China). Each 20 μL reaction mix contained 10 μL of pro-Taq (2×), 0.8 μL of forward primer (5 μM), 0.8 μL of reverse primer (5 μM), template DNA, and ddH2O. The PCR parameters were 1 × (95°C, 3 min); 29 × (95°C, 30 s; 53°C, 30 s; 72°C, 45 s); 1 × (72°C, 10 min). Each sample was amplified in triplicate. The PCR products were purified by using an AxyPrep DNA Gel Recovery Kit (Axygen, United States), eluted with Tris–HCl, detected through 2% agarose gel electrophoresis, and quantified by using a QuantiFluor™-ST blue fluorescence quantitative system (Promega, Beijing). All amplicons were sequenced on an Illumina Miseq platform by Shanghai Majorbio Bio-pharm Technology Co., Ltd.



Data processing, bioinformatics, and statistical analyses

The paired-end reads obtained from the Illumina Miseq platform were merged by Flash (version 1.2.11)1 and filtered by Trimmomatic on the basis of the following methods and parameters: (1) Read bases with tail quality values below 20 were filtered, and reads were truncated if the average quality values in the 50 bp window were below 20. Short truncated reads (less than 50 bp) and reads containing N-base were not retained. (2) Paired-end reads with an overlapping length of at least 10 bp were merged into one sequence. (3) A mismatch ratio of 0.2 was allowed for the overlapping regions of the merged sequences. (4) Samples were differentiated, and sequence orientation was corrected in accordance with the barcodes and primers at the beginning and end of the sequences. Primers can have up to two mismatches, whereas barcodes cannot have mismatches. The obtained sequences were processed by using USEARCH (version 11)2 as follows: Nonrepetitive sequences were extracted from optimized sequences3; single sequences without repeats were removed (see text footnote 3); operational taxonomic units (OTUs) were clustered by using UPARSE (version 11, see text footnote 2) at 97% similarity, and representative sequences of OTUs were obtained after chimeras were removed; and all sequences were mapped to the OTU representatives to obtain strain abundances. Representative OTU sequences were classified by using the RDP classifier (version 2.2)4 against the bacterial Silva reference database (Release138)5, and the confidence threshold was defined as 0.7.

Alpha diversity was evaluated on the basis of the Ace and Shannon indices, and the Wilcoxon rank-sum test was used to determine significant differences at 95% confidence intervals. Beta diversity was estimated on the basis of principal coordinates analysis (PCoA) and hierarchical clustering analysis (average linkage). Differences in community composition at the genus level were analyzed through the Wilcoxon rank-sum test, and the p-values were corrected with the false discovery rate method (p < 0.05). Linear discriminant analysis (LDA) effect size (LEfSe) (all-against-all) was performed to identify differentially abundant OTUs on the basis of the nonparametric Kruskal–Wallis H test, and LDA was used to determine the effect size of differentially abundant taxa. Phylogenetic Investigation of Communities by Reconstruction of Unobserved States (PICRUSt2) was applied to predict the functional profiles of microbial communities by using 16S rRNA gene data (Douglas et al., 2020). The statistical analysis of taxonomic and functional profiles (STAMP) was performed to process the functional profiles of gut microbial communities predicted by PICRUSt2, and Welch’s t-test (Bonferroni multiple test correction) was conducted to identify the metabolic pathways at Kyoto Encyclopedia of Genes and Genomes (KEGG)6 level 3 that differed significantly between the sets of profiles of the two groups (Parks et al., 2014). Differences in serum antibody agglutination titers between groups were determined through one-way ANOVA followed by Dunnett’s T3 (3) post hoc tests by using SPSS 18.0 (SPSS, Chicago, United States). Differences in immune-related gene expression between groups were determined through one-way ANOVA followed by LSD post hoc tests by using SPSS 18.0. Spearman correlation analysis was conducted to evaluate the association of immune-related gene expression with microbial members at the order level.




Results


Overview of the study and sequence data

A total of 105 healthy NEW GIFT tilapia weighing 50 ± 6.8 g were randomly assigned to three groups of 35 and subjected to more than 14 days of acclimatization. Fish in the vaccine group received the first dose of FKV or LAV through IP injection on day 0 and the second dose on day 21. Fish in the control group received the same volume of sterile PBS. Tissue and serum samples were collected on days 21 and 35, and analyses were performed as shown in Figure 1A.
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FIGURE 1
 Study overview and the effects of FKV and LAV ∆Sia on the gut bacterial community of healthy tilapia. (A) Study overview. A total of 105 healthy NEW GIFT tilapia weighing 50 ± 6.8 g were randomly divided into three groups with 35 fish each and acclimatized for more than 14 days. The fish in the vaccinated group received the first dose of FKV or LAV through intraperitoneal administration on day 0 and the second dose on day 21, while the fish in the control group received the same amount of sterile PBS. Tissue and serum samples were collected on days 21 and 35, and analyses were performed as shown in the plot (black circles). (B) Venn diagram depicting shared or unique OTUs in different groups. (C,D) Alpha diversity index (C) Ace reflects community richness, and (D) the Shannon index shows community diversity in each group. Box plots display median values and interquartile ranges. An asterisk (*) indicates statistical differences at p < 0.05. (E) PCoA of bacterial communities based on the OTU level. The PCoA of sample community composition was performed on the basis of the Bray–Curtis algorithm with the permutation number of 999. The scales of the horizontal and vertical axes show relative distances, and percentages represent contributions to differences in community composition. Close distances between two sample points indicate similar community compositions. (F) Analysis of hierarchical clustering based on the OTU level. The sample community distance matrix based on the Bray–Curtis algorithm is clustered by using the average clustering method, and the length of the branches represents the distance between samples. CTRL21 (C1–C4), control group at 21 dpiv; FKV21 (F1–F4), FKV group at 21 dpiv; ∆Sia21 (S1–S4), LAV ∆Sia group at 21 dpiv. CTRL35 (C5–C8), control group at 35 dpiv; FKV35 (F5–F8), FKV vaccine group at 35 dpiv (14 days after the second immunization); ∆Sia35H (H1–H4), LAV ∆Sia group with a high serum antibody response at 35 dpiv (14 days after the second immunization); ∆Sia35L (L1–L4), LAV ∆Sia group with a low serum antibody response at 35 dpiv.


The number of effective sequences per sample was 34,216–76,146 with an average length of 399–428 bp (Supplementary Table 1). The valid sequences of all samples were normalized to 30,185 reads, and 1,472 OTUs were obtained on the basis of 97% similarity. The representative sequences of all OTUs were classified into 37 phyla, 92 classes, 214 orders, 357 families, 665 genera, and 973 species. As shown in Supplementary Figure 1 and Table 2, the rarefaction curve based on the OTU level tended to approach the asymptote, and the Good’s coverage of all samples exceeded 99%, indicating that the sequence database was sufficient to reflect the information of almost all the microbial diversity in the samples. As shown in the Venn diagram (Figure 1B), 50 OTUs were shared among different groups, and the number of OTUs unique to the CTRL21, FKV21, ∆Sia21, CTRL35, FKV35, ∆Sia35H, and ∆Sia35L groups was 108, 85, 267, 79, 205, 96, and 75, respectively.



TABLE 2 Alpha diversity indices and difference analysis of the gut microbiota in different groups.
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Analysis of the diversity and similarity of intestinal mucosal flora

We compared the Ace richness and Shannon diversity indices of bacterial communities in samples of tilapia hindgut mucosa collected at 21 and 35 dpiv to assess the effect of the two vaccine candidate strains on gut microbial communities. As shown in Figures 1C,D and Table 2, the Ace and Shannon indices of the FKV21 and FKV35 groups did not significantly differ from those of their respective control groups (Wilcoxon rank-sum test; p > 0.05). Although the ΔSia21, ΔSia35H, and ΔSia35L groups showed no significant differences in Ace indices compared with the control group at the same time point (Wilcoxon rank-sum test; p > 0.05), the Shannon index of the ΔSia21 and ΔSia35 (ΔSia35H and ΔSia35L) groups showed the opposite changes. The Shannon index of the ΔSia21 group was significantly higher than that of the CTRL21 and FKV21 groups (Wilcoxon rank-sum test; p < 0.05), whereas that of the ΔSia35H group was significantly lower than that of the CTRL35 group (Wilcoxon rank-sum test; p < 0.05). The Shannon index of the ΔSia35L group was also lower than that of the CTRL35 group, but there were no significant differences between them (Wilcoxon rank-sum test; p > 0.05). Moreover, the Shannon indices of the ΔSia35H and ΔSia35L groups showed no significant differences (Wilcoxon rank-sum test; p > 0.05).

Beta diversity was used to assess the overall similarity of bacterial communities between groups. Analysis of similarity (ANOSIM) found that between-group differences were significantly larger than within-group differences (R = 0.5638, p = 0.001) (Supplementary Table 2). The PCoA plot based on Bray–Curtis distance depicted the beta diversity, which accounted for 70.06% of the variations in sample community structure. The samples from the CTRL21, FKV21, CTRL35, and FKV35 groups clustered closely but separately from those from the ∆Sia21, ∆Sia35H, and ∆Sia35L groups (Figure 1E). The hierarchical clustering tree, which was constructed through the unweighted pair-group method with arithmetic means based on the Bray–Curtis distance, illustrated that the samples from the CTRL21, FKV21, CTRL35, and FKV35 groups clustered together then clustered with the ∆Sia21 samples, whereas the samples of the ∆Sia35H and ∆Sia35L groups, except for sample L4, clustered into a single branch (Figure 1F).



Composition of bacterial communities

We further examined the community composition to understand the effects of vaccination on bacterial communities further. As shown in Figures 2A,C, in all experimental groups, the dominant phyla (relative abundance >1%) in the gut bacterial community of tilapia were Fusobacteriota, Firmicutes, Proteobacteria, Bacteroidetes, norank_d_Bacteria, Verrucomicrobiota, Spirochaetota, Actinobacteriota, Desulfobacterota, Cyanobacteria, Chloroflexi, Acidobacteriota, and Planctomycetota. Although variations in the relative abundances between groups were found, the intestines of the tilapia in the control groups (CTRL21 and CTRL35) and the inactivated vaccine groups (FKV21 and FKV35) had similar dominant phyla, including Fusobacterium, Bacteroidetes, and Proteobacteria. In the gut microbiota of tilapia in the ∆Sia21 group, the four most dominant taxa were Proteobacteria, Fusobacterium, Firmicutes, and Bacteroidetes in that order. Firmicutes, Fusobacterium, Bacteroidetes, and Proteobacteria predominated in the gut of the tilapia in the ∆Sia35H and ∆Sia35L groups.
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FIGURE 2
 Community composition of samples from various groups at the (A) phylum level and (B) genus level. The horizontal axis shows the sample names, and the vertical axis shows the relative abundance of species. Species with abundance ratios of less than 0.01 in all samples were classified as others. Mean proportion of dominant phyla (C) and genera (D) in different groups. CTRL21 (C1–C4), control group at 21 dpiv; FKV21 (F1–F4), FKV group at 21 dpiv; ∆Sia21 (S1–S4), LAV ∆Sia group at 21 dpiv. CTRL35 (C5–C8), control group at 35 dpiv; FKV35 (F5–F8), FKV vaccine group at 35 dpiv (14 days after the second immunization); ∆Sia35H (H1–H4), LAV ∆Sia group with a high serum antibody response at 35 dpiv (14 days after the second immunization); ∆Sia35L (L1–L4), LAV ∆Sia group with a low serum antibody response at 35 dpiv.


As exhibited in Figures 2B,D, at the genus level, the CTRL21 group was dominated by Cetobacterium, norank Barnesiellaceae, Macellibacteroides, and Enterovibrio; the FKV21 group was dominated by Cetobacterium, norank Barnesiellaceae, Macellibacteroides, Aeromonas, and Plesiomonas; and higher proportions of Cetobacterium, Aeromonas, Plesiomonas, and Acinetobacter were observed in the ∆Sia21 group than in other groups. The dominant genera in the CTRL35 and FKV35 groups were similar and included Cetobacterium, unclassified Barnesiellaceae, Macellibacteroides, and Plesiomonas. The relative abundance of Streptococcus, followed by that of Cetobacterium, was the highest in the ∆Sia35H and ∆Sia35L groups. The relative abundances of Cetobacterium in the CTRL21 group (59.44% ± 9.2%) and CTRL35 group (35.01% ± 3.82%) were comparable with those in the FKV21 group (50.16% ± 5.28%) and FKV35 group (47.82% ± 3.33%) and higher than those in the ∆Sia21 group (21.36% ± 6.47%), ∆Sia35H group (12.25% ± 21.47%), and ∆Sia35L group (21.11% ± 22.45%). The relative abundance of Streptococcus was low in the CTRL21 group (0.13% ± 0.18%), CTRL35 group (0.05% ± 0.07%), FKV21 group (0.02% ± 0.02%), and FKV35 group (1.15% ± 1.01%); rose in the ∆Sia21 group (2.70% ± 1.60%); and dramatically increased in the ∆Sia35H group (70.73% ± 22.09%) and ∆Sia35L group (60.93% ± 33.89%). PCR detection by using the primers neu-dF: CAAAGTTACGCTAGCTATGTGG and neu-dR: AGCATTCAATAGCAGCACTCC revealed that the GBS with a significantly elevated gut abundance in the ΔSia35H and ΔSia35L groups was predominantly a GBS mutant strain (ΔSia) with the PCR product length of 3,347 bp and not the wild-type strain WC1535 with the PCR product length of 6,226 bp (Hao et al., 2022).



Differences in bacterial communities

Akkermansia, unclassified Verrucomicrobiales, Luteolibacter, Crenobacter, and Cloacibacterium were enriched in the FKV21 group relative to the CTRL21 group. Compared with the CTRL21 group, the relative abundances of Cetobacterium and Rhizobiales incertae sedis were significantly decreased in the ∆Sia21 group, whereas those of Aeromonas, Streptococcus, Mycoplasma, Akkermansia, Flavobacterium, Citrobacter, Brevundimonas, and Luteolibacter were significantly increased. Compared with those in the CTRL35 group, Cetobacterium, norank_d_Bacteria, Streptococcus, unclassified Burkholderiales, unclassified Sutterellaceae, Flavobacterium, Rhodobacter, Neochlamydia, unclassified SC-I-84, and unclassified Proteobacteria were enriched in the FKV35 group, whereas Aurantimicrobium showed the opposite change. The relative abundances of norank Barnesiellaceae, Macellibacteroides, Deefgea, Clostridium sensu stricto 1, unclassified Lachnospiraceae, unclassified Bacteroidales, and Epulopiscium in the ∆Sia35H group and norank Barnesiellaceae, Macellibacteroides, Plesiomonas, Acinetobacter, Deefgea, Massilia, and Epulopiscium in the ∆Sia35L group were significantly decreased compared with those in the CTRL35 group, with Streptococcus predominating in the ∆Sia35H and ∆Sia35L groups. Moreover, more Bacillus was present in the ∆Sia35H group than in ∆Sia35L group (Figures 3A–F).
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FIGURE 3
 Analysis of differences in community composition at the genus level by the Wilcoxon rank-sum test with 95% confidence intervals (false discovery rate) between (A) CTRL21 and FKV21, (B) CTRL21 and ∆Sia21, (C) CTRL35 and FKV35, (D) CTRL35 and ∆Sia35H, (E) CTRL35 and ∆Sia35L, and (F) ∆Sia35H and ∆Sia35L. (G) LEfSe (all-against-all) was performed to identify differentially abundant OTUs among different groups (LDA > 2) on the basis of the nonparametric Kruskal–Wallis H test, and LDA was used to determine the effect size of differentially abundant taxa. The horizontal axis shows the LDA scores, and the vertical axis shows OTUs with significant differences in abundance among different groups. High LDA scores are indicative of the great influence of species abundance on the differential effect. CTRL21, control group at 21 dpiv; FKV21, FKV group at 21 dpiv; ∆Sia21, LAV ∆Sia group at 21 dpiv; CTRL35, control group at 35 dpiv; FKV35, FKV vaccine group at 35 dpiv (14 days after the second immunization); ∆Sia35H, LAV ∆Sia group with a high serum antibody response at 35 dpiv (14 days after the second immunization); ∆Sia35L, LAV ∆Sia group with a low serum antibody response at 35 dpiv.


LEfSe analysis identified 21 differentially abundant OTUs among groups (LDA > 2). Cetobacterium OTU2328 was enriched in the CTRL21 group. Deefgea OTU2321, Akkermansia OTU394, and Burkholderiales sp. OTU53 were enriched in the FKV21 group. Aeromonas OTU1688, unclassified sp. OTU1115, unclassified sp. OTU2068, Pseudomonas OTU1107, and Verrucomicrobiales sp. OTU435 were enriched in the ∆Sia21 group. Barnesiellaceae sp. OTU390, Macellibacteroides OTU2275, Plesiomonas OTU1548, Aurantimicrobium OTU1294, and Acinetobacter OTU2259 were enriched in the CTRL35 group. Cetobacterium OTU380, Sutterellaceae sp. OTU2020, Barnesiellaceae sp. OTU367, Crenobacter OTU362, and Cetobacterium OTU386 were enriched in the FKV35 group. Streptococcus OTU1265 was enriched in the ∆Sia35H group, whereas Rhizobiales incertae sedis sp. OTU202 was enriched in the ∆Sia35L group (Figure 3G).



Network analysis

Network analysis at the OTU level was completed by using Wekemo Bioincloud.7 As shown in Table 3, the positive correlation ratios at r > 0 between the OTUs in the FKV groups (FKV21 and FKV35: 50.1 and 50.4%, respectively) and the LAV groups (∆Sia21, ∆Sia35H, and ∆Sia35L: 50.1, 58.0, and 56.7%, respectively) decreased in comparison with that in the control groups (CTRL21 and CTRL35: 57.3 and 59.6%, respectively). Figure 4 shows the interaction between the most abundant 60 OTUs in each group with absolute Spearman correlation coefficients greater than 0.8. Positive correlation ratios in the FKV groups (FKV21 and FKV35: 9.7 and 7.8%, respectively) and the LAV group (11.3% for ∆Sia21) were lower than those in the control groups (CTRL21 and CTRL35: 14.4 and 14.5%, respectively) but increased in the ∆Sia35H group (24.4%) and ∆Sia35L group (16.8%). The core species of the CTRL21, FKV21, CTRL35, FKV35, and ∆Sia21 groups was Cetobacterium OTU2328 and that of the ∆Sia35H and ∆Sia35L groups was S. agalactiae OTU1265.



TABLE 3 Summary of correlations between OTUs within groups based on the Spearman correlation coefficient.
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FIGURE 4
 Network analysis of the 60 most abundant OTUs with an absolute Spearman correlation coefficient greater than 0.8 within the (A) CTRL21 group, (B) FKV21 group, (C) ∆Sia21 group, (D) CTRL35 group, (E) FKV35 group, (F) ∆Sia35H group, and (G) ∆Sia35L group. Each node represents an OTU; the node’s size reflects abundance, and the node’s color corresponds to a phylum. Red edges indicate positive correlations, whereas blue edges indicate negative correlations. The most abundant OTU in each group is indicated by black arrows. CTRL21, control group at 21 dpiv; FKV21, FKV group at 21 dpiv; ∆Sia21, LAV ∆Sia group at 21 dpiv. CTRL35, control group at 35 dpiv; FKV35, FKV vaccine group at 35 dpiv (14 days after the second immunization); ∆Sia35H, LAV ∆Sia group with a high serum antibody response at 35 dpiv (14 days after the second immunization); ∆Sia35L, LAV ∆Sia group with a low serum antibody response at 35 dpiv.




Functional prediction of microbial communities and functional profile difference analysis

We used PICRUSt2 to map normalized OTU abundances to functional categories at various pathway levels on the basis of KEGG Ortholog information. ANOSIM indicated that the predictive function abundances of the ∆Sia35H and ∆Sia35L groups were separate from those of the CTRL35 and FKV35 groups (Supplementary Table 2). Figure 5A illustrates that metabolic pathways, biosynthesis of secondary metabolites, microbial metabolism in diverse environments, biosynthesis of amino acids, and carbon metabolism were the most abundant functional categories of the bacterial communities in all samples. The abundances of functional categories were considerably lower in the ∆Sia35H and ∆Sia35L groups than in the other groups, including CTRL21, FKV21, CTRL35, and FKV35. These categories included carbohydrate metabolism, amino acid metabolism, replication and repair, polysaccharide synthesis and metabolism, energy metabolism, lipid metabolism, membrane transport, global and overview maps, folding, sorting and degradation, and metabolism of cofactors and vitamins. STAMP revealed no significant differences in the metabolic pathways of the bacterial communities at KEGG level 3 (Welch’s t-test, p > 0.05) in CTRL21 vs. FKV21, CTRL35 vs. FKV35, and ∆Sia35H vs. ∆Sia35L. Renin secretion, longevity-regulating pathway-multiple species, hypertrophic cardiomyopathy, and chloroalkane and chloroalkene degradation were more abundant and carbon metabolism was less abundant in the ∆Sia21 group than in the CTRL21 group (Welch’s t-test, p < 0.05). The ∆Sia35H group had a lower abundance of the renin–angiotensin system (RAS) than the CTRL35 group, whereas the ∆Sia35L group had a lower abundance of pertussis (Welch’s t-test, p < 0.05) (Figures 5C,D).
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FIGURE 5
 (A) KEGG functional prediction of bacterial communities based on PICRUSt2. The horizontal axis represents the sample name, and the vertical axis represents the functional category. Color intensities indicate the abundance of sample functional categories, and legends are shown on the left side of the plot. STAMP was used to process the functional profiles of gut microbial communities predicted by PICRUSt2, and the metabolic pathways at KEGG level 3 that differed significantly between (B) CTRL21 and ∆Sia21, (C) CTRL35 and ∆Sia35H, and (D) CTRL35 and ∆Sia35L were identified through Welch’s t-test with a 95% confidence interval (Bonferroni’s multiple test correction). On the basis of same statistical hypothesis testing, no significant differences in functional profiles were found between CTRL21 and FKV21 and between CTRL35 and FKV35. CTRL21 (C1–C4), control group at 21 dpiv; FKV21 (F1–F4), FKV group at 21 dpiv; ∆Sia21 (S1–S4), LAV ∆Sia group at 21 dpiv. CTRL35 (C5–C8), control group at 35 dpiv; FKV35 (F5–F8), FKV vaccine group at 35 dpiv (14 days after the second immunization); ∆Sia35H (H1–H4), LAV ∆Sia group with a high serum antibody response at 35 dpiv (14 days after the second immunization); ∆Sia35L (L1–L4), LAV ∆Sia group with a low serum antibody response at 35 dpiv.




Histology, serum antibody response, and mucosal immunity

Fish in the FKV and LAV groups did not die during the experiment, although they did show decreased appetite. As illustrated in Figure 6, the HE examination of the hindgut, spleen, and head kidney samples revealed no obvious tissue abnormalities in the vaccinated animals. Fish in the FKV group (FKV35) and LAV groups (∆Sia21, ∆Sia35H, and ∆Sia35L) produced significantly higher levels of antibodies than the controls (CTRL21 and CTRL35). The perturbation of the gut ecosystem did not appear to affect LAV fish antibody responses. The effects of WC1535-derived FKV and LAV on immune-related gene expression in the hindgut at 35 dpiv (day 14 after the second immunization) were explored through qPCR. When compared with those in the control, IgM, MHC-Iα, MHC-IIβ, TCRβ, and CD8α expression levels were significantly increased in the FKV35 group, whereas expression of CD4, IL-1β, IL-8, and TNF-α was not significantly changed; the expression of MHC-Iα was significantly up-regulated and that of TCRβ and TNF-α was significantly down-regulated in the ΔSia35H group. The expression levels of IgM, MHC-IIβ, CD4, CD8α, IL-1β, and IL-8 were not significantly changed; and the expression levels of IgM, CD4, IL-1β, and IL-8 were significantly increased and that of TCRβ was significantly down-regulated in the ∆Sia35L group.
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FIGURE 6
 Effects of FKV and LAV vaccination on histology, serum antibody levels, and mucosal immunity-related gene expression in tilapia. (A) Representative images of hindgut tissue sections for each group (HE 400×); (B) representative images of spleen tissue sections for each group (HE 400×); (C) representative images of head kidney tissue sections for each group (HE 400×). (D) Serum antibody agglutination titers. Data are presented as mean ± SD (n = 4), and the difference between groups was determined through one-way ANOVA followed by Dunnett’s T3 (3) post hoc tests by using SPSS 18.0 (SPSS, Chicago, United States). *p < 0.05, **p < 0.01, and ***p < 0.001. n.s., no significance. (E) Relative transcriptional levels of immune-related genes in the hindgut mucosa of tilapia at 35 dpiv. The histogram shows the means ± SD of three replicates. Differences in immune-related gene expression between groups were determined by one-way ANOVA followed by LSD post hoc tests by using SPSS 18.0. Different letters indicate significant differences between groups at 95% confidence intervals. CTRL21, control group at 21 dpiv; FKV21, FKV group at 21 dpiv; ∆Sia21, LAV ∆Sia group at 21 dpiv. CTRL35, control group at 35 dpiv; FKV35, FKV vaccine group at 35 dpiv (14 days after the second immunization); ∆Sia35H, LAV ∆Sia group with a high serum antibody response at 35 dpiv (14 days after the second immunization); ∆Sia35L, LAV ∆Sia group with a low serum antibody response at 35 dpiv.




Correlation analysis between the top 30 abundant taxa and immune-related gene expression

The relative abundances of species in hindgut bacterial communities and the expression of immune-related genes in the hindgut at 35 dpiv (day 14 after the second immunization) were analyzed on the basis of Spearman correlation coefficients. As shown in Figure 7A, among the top 30 abundant microbes in the CTRL35 and FKV35 groups at the order level, the relative abundance of Lachnospirales was significantly negatively correlated with the expression of MHC-IIβ (r = −0.833, p = 0.010), TCR (r = −0.833, p = 0.0101), MHC-Іα (r = −0.833, p = 0.0101), CD4 (r = −0.857, p = 0.0065), and CD8α (r = −0.857, p = 0.0065). A significant positive correlation was found between Fusobacteriales and the expression of TNF-α (r = 0.826, p = 0.0114), TCR (r = 0.833, p = 0.0101), MHC-Іα (r = 0.833, p = 0.0101), CD4 (r = 0.881, p = 0.0039), CD8α (r = 0.881, p = 0.0039), and IgM (r = 0.857, p = 0.0065), as well as between Burkholderiales and the expression of MHC-IIβ (r = 0.857, p = 0.0065). As depicted in Figure 7B, among the top 30 abundant microbes in the CTRL35, ∆Sia35H, and ∆Sia35L groups, the relative abundance of Bacteroidales was significantly positively correlated with TCR expression (r = 0.832, p = 0.0008). Pseudomonadales and CD4 expression (r = −0.832, p = 0.00079), as well as Oscillospirales and CD8α expression (r = −0.802, p = 0.0019), had significant negative correlations.
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FIGURE 7
 Heatmap showing the correlations of immune-related gene expression with the top 30 abundant taxa at the order level in the (A) CTRL35 and FKV35 groups and in the (B) CTRL35, ∆Sia35H, and ∆Sia35L groups at 35 dpiv. The horizontal axis represents immune-related gene names, and the vertical axis represents the top 30 abundant taxa. Average-based clustering trees for microbes and genes are shown on the left and top of the plot. The colors in the two-dimensional matrix range from green (negative correlation) to red (positive correlation). The color density represents the magnitude of the correlation coefficient value. The correlation was statistically significant when r > 0.8 at p < 0.05 (*), p < 0.01 (**), or p < 0.001 (***).





Discussion

Vaccination is a disease control strategy, and vaccine type may affect vaccine efficacy (Gudding and Van Muiswinkel, 2013). A growing body of evidence suggests a close relationship between the gut microbiota and host immunity or vaccine efficiency (Sczesnak et al., 2011; Nakaya and Bruna-Romero, 2015; Harris et al., 2017; Nie et al., 2017; Hagan et al., 2019; Xue et al., 2020). However, a comprehensive investigation of the associations among vaccine types (especially attenuated vaccines), gut microbiota, and vaccine efficiency, especially in tilapia, is lacking. Our results showed that compared with the control fish, tilapia that received one or two doses of FKV had a slightly higher richness and diversity of intestinal bacterial communities at the observed time points and highly similar community compositions. The effect of LAV (∆Sia) on intestinal microbiota was different from that of FKV. The richness and diversity of gut bacterial communities in tilapia increased on day 21 after inoculation with LAV (ΔSia) and decreased on day 14 after booster vaccination. At both time points, the community composition in the LAV tilapia was considerably different from that in the control. General ecological theory holds that high microbial diversity confers ecosystem stability (McCann, 2000; Eloe-Fadrosh et al., 2013), and the administration of FKV and a single dose of LAV (∆Sia) induced community changes in favor of gut microecosystem stability. This change may reflect the beneficial effects of vaccination. Network analysis demonstrated that inoculation with the inactivated or attenuated vaccine (∆Sia) reduced the positive associations between OTUs compared with the control treatment and that highly positive associations (r > 0.8) were strengthened on day 14 after two-dose LAV (∆Sia) administration. We therefore speculated that FKV and single-dose LAV (∆Sia) administration enhanced interspecific competition in the gut microbiota with Cetobacterium as the core species, whereas two-dose LAV (∆Sia) administration enhanced high interspecies cooperation with GBS as the core species, especially in the ∆Sia35H group, possibly in response to mucosal colonization by the GBS mutant strain ΔSia. PCR detection and network analysis confirmed that LAV (ΔSia) was able to integrate directly into new communities and alter interspecific interaction patterns in the tilapia gut. Although the number of GBS colonies in the gut increased significantly on day 21 after the tilapia received a single dose of LAV (ΔSia), the relative abundance of GBS (2.70% ± 1.60%) was still within an acceptable range likely due to the resilience of gut microbiota (Li et al., 2018). However, LAV (ΔSia) exhibited considerable enrichment in intestinal mucosa with a relative abundance of up to 70% on day 14 after the booster dose, resulting in a reduction in community diversity. These findings suggest that vaccine type and immune memory may play an important role in shaping the gut microbiota. In addition, Li et al. reported that the gut community diversity in tilapia reached a nadir at 12 h after the oral gavage of GBS strain YM001, with the relative abundance of Streptococcus reaching as high as 70.8% and returning to almost its original levels after 15 days (Li et al., 2018). The injection route is commonly accepted to induce a stronger stress response in fish than the oral route. Studies have shown that stress disrupts the body’s homeostasis and affects intestinal physiology; for example, it alters the structure of the intestinal flora, increases gut permeability, and impairs the regenerative capacity of the gastrointestinal mucosa (Bailey et al., 2004, 2010; Konturek et al., 2011). Thus, the stress response induced by the two IP injections may be one of the reasons for the reduction in gut microbial diversity. Overall, the shaping or recovery of gut bacterial communities may be influenced by multiple factors, such as vaccine type, immune memory, stress, vaccination method, genetics, and environment. Additional research is needed to improve our understanding of this phenomenon.

The intestinal bacterial communities were further characterized. The gut microbiota of control tilapia was dominated by the phyla Fusobacterium, Bacteroidetes, and Proteobacteria, and the genera Cetobacterium, unclassified Barnesiellaceae, Macellibacteroides, and Enterovibrio. This finding is different from the results reported by Wu et al., who showed the gut microbiota of tilapia was dominated by the phyla Proteobacteria and Firmicutes and the genera Undibacterium, Escherichia–Shigella, Paeniclostridium, and Cetobacterium (Wu et al., 2021). This incongruence may be related to the developmental stage, environment, and diet of the fish (Dusheck, 2002; Galindo-Villegas et al., 2012). Although the overall diversity of the bacterial community in the gut of FKV fish did not change significantly compared with that of the controls, the relative abundance of some species was significantly altered. In particular, the relative abundance of beneficial Cetobacterium significantly increased on day 14 following two-dose FKV vaccination. Cetobacterium belongs to the phylum Fusobacterium, and its common member Cetobacterium somerae is a Gram-negative anaerobic bacterium that colonizes the gastrointestinal tracts of freshwater fish, such as tilapia, common carp, goldfish, and ayu (Finegold et al., 2003; Tsuchiya et al., 2008). C. somerae efficiently produces vitamin B12, and its abundance is correlated with the demand of fish for this vitamin (Tsuchiya et al., 2008). Moreover, in a zebrafish model, the acetate produced by this bacterium helps improve glucose homeostasis through parasympathetic activation (Wang et al., 2021). The administration of FKV not only resulted in a slight increase in community richness and diversity but also promoted the intestinal colonization of beneficial bacteria, which may be one of the immune-protective mechanisms of conventional vaccines. The abundance of GBS in the intestinal mucosa after the tilapia received the LAV booster reached as high as 70%. This GBS strain was confirmed by PCR to be a mutant GBS (WC1535 ΔSia) strain rather than a wild-type GBS strain, suggesting that the LAV (ΔSia) strain entered and colonized the intestine by some means, thus altering the structure of the original microbiota in the gut. These findings imply that the IP injection of LAV ΔSia may also have the effect of oral vaccination. This situation may be one of the reasons for the typically strong immune response induced by the injectable delivery of attenuated vaccine. The disruption of the gut microbiota is linked to metabolic disturbances (Lin and Zhang, 2017). The functional profiles of the gut microbiota of control and LAV fish, but not those of control and FKV fish, showed substantial variations. Interestingly, presumed renin secretion was high in the ∆Sia21 group, whereas the abundance of RAS in the ∆Sia35H group was reduced compared with that in the control group. The result supports the notion that the gut microbiota modulates physiological and pathological states and that the RAS may be a mediator of gut microbiota effects (Jaworska et al., 2021).

No infectious death occurred during the entire experimental period, and no obvious pathological features were found in the hindgut, spleen, or head kidney of the experimental fish given FKV or LAV (∆Sia), confirming the safety of the two vaccine types. Specific antibody responses and immune-related gene expression are used to assess vaccine efficacy (Adams, 2019; Munang'andu and Evensen, 2019; Kordon et al., 2021). The significant increase in GBS-specific serum antibody levels in the FKV and LAV groups indicated the initiation of humoral immunity. Innate immune-related genes (IL-1β, IL-8, and TNF-α) and adaptive immunity-related genes (IgM, MHC-Iα, MHC-IIβ, CD4, CD8α, and TCR) were examined on day 14 following a booster injection to explore the effect of injectable vaccination with FKV or LAV on intestinal mucosal immunity (Wangkaghart et al., 2021). IgM, the first antibody produced by the immune system, is essential for humoral immunity (Wu et al., 2019). FKV increased the expression of the immune-related genes IgM, MHC-Iα, MHC-IIβ, TCR-β, and CD8α, indicating that it induced local adaptive immunity. All LAV fish expressed more IgM than the control fish, and fish in the ∆Sia35H group produced less IgM, CD4, CD8α, IL-8, and TNF-α than those in the ∆Sia35L group, implying that the early induction of expression may have been missed. Overall, FKV and LAV (∆Sia) induced systemic and intestinal immunity at the late stage of infection.

The direct effect of microbiota members on immunity is now well understood. B. fragilis promotes the production of CD4+ T cells via polysaccharide A, which was beneficial to the host’s immune responses (Mazmanian and Kasper, 2006). Segmented filamentous bacteria reportedly promoted Th17 cell differentiation in a mouse model (Sczesnak et al., 2011). Through regulatory factors, such as TGF-β, certain Clostridia members promoted the proliferation and differentiation of Treg cells (Atarashi et al., 2011, 2013). A study on an oral typhoid vaccine targeting human gut flora revealed that the order Clostridiales was associated with cellular immunity in volunteers (Eloe-Fadrosh et al., 2013). The anti-Shigella LPS antibody response of cynomolgus macaques had positive correlations with Weissella, Catabacteriaceae, and Clostridium (Seekatz et al., 2013). The expression of immune-related genes in the hindgut of grass carp was positively correlated with Bacteroides abundance (Cao et al., 2021). A comparison of RVV responders and non-responders among Ghanaian infants revealed that RVV responses were associated with a decreased abundance of the phylum Bacteroidetes and an increased abundance of Streptococcus bovis (Harris et al., 2017). Similarly, on the basis of Spearman correlation analysis, our study showed that intestinal immune-related gene expression was associated with Lachnospirales, Fusobacteriales, Pseudomonadales, Oscillospirales, and Bacteroidales (r-value >0.8, p < 0.05). Moreover, individual variability in serum antibody levels were found in experimental fish that received two-dose LAV vaccination, and Bacillus was more abundant in the gut microbiota of high LAV responders than in that of other fish. Although the underlying mechanisms through which gut microbes influence vaccine responses remain unclear, their close correlation with mucosal immunity cannot be denied.

In conclusion, FKV and LAV (∆Sia) induced systemic and intestinal mucosal immunity but had different effects on the gut microbiota of tilapia. Inoculation with one or two doses of FKV did not appreciably alter the diversity and composition of bacterial communities. Interestingly, the vaccine strain ∆Sia appeared in large numbers in the tilapia gut after inoculation with an attenuated vaccine and not only altered the structure of the intestinal flora but may also exert the effect of oral vaccination in addition to the immune effect of injection vaccination. Our findings not only provide insight into the relationship between gut microbiota and vaccination but also offer a new perspective for live vaccine development and application.
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The relationship between social behaviour and the microbiome is known to be reciprocal. Research in wild animal populations, particularly in primate social groups, has revealed the role that social interactions play in microbial transmission, whilst studies in laboratory animals have demonstrated that the gut microbiome can affect multiple aspects of behaviour, including social behaviour. Here we explore behavioural variation in a non-captive animal population with respect to the abundance of specific bacterial genera. Social behaviour based on grooming interactions is assessed in a population of rhesus macaques (Macaca mulatta), and combined with gut microbiome data. We focus our analyses on microbiome genera previously linked to sociability and autistic behaviours in rodents and humans. We show in this macaque population that some of these genera are also related to an individual’s propensity to engage in social interactions. Interestingly, we find that several of the genera positively related to sociability, such as Faecalibacterium, are well known for their beneficial effects on health and their anti-inflammatory properties. In contrast, the genus Streptococcus, which includes pathogenic species, is more abundant in less sociable macaques. Our results indicate that microorganisms whose abundance varies with individual social behaviour also have functional links to host immune status. Overall, these findings highlight the connections between social behaviour, microbiome composition, and health in an animal population.
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Introduction

The emergence of social systems is considered one of the major evolutionary transitions (Maynard Smith and Szathmáry, 1997). Social organisation is a fundamental characteristic of many animal populations (Strandburg-Peshkin et al., 2015; Johnson and Dunbar, 2016; Johnson et al., 2017; Wild et al., 2021). In particular, most primate species, including humans, live in complex social groups. Whilst group living comes with numerous benefits, such as the acquisition of resources, access to mates, and protection from predation (Silk, 2007), social networks can also facilitate the spread of disease (Krause and Ruxton, 2002). Until recently, most research has focused on the transmission of parasites and pathogens within animal social groups (Altizer et al., 2003; Craft, 2015), which may occur either directly, via interactions between individuals, or indirectly through their shared environment. However, the advent of microbiome research has revealed that the majority of host-associated symbionts are harmless and many may even be beneficial to health and survival. This has prompted studies exploring how the social transmission of microorganisms may influence microbiome composition, and the possible consequences for host fitness (Archie and Tung, 2015; Raulo et al., 2021; Worsley et al., 2021). Indeed, the mammalian gut microbiome can modulate host development, digestion, physiology, metabolism, immunity, and behaviour. The relationship between the microbiome and behaviour is therefore reciprocal, since social interactions can influence the gut microbiome, which in turn can affect social behaviour.

Recent research has shown the role that the host’s social environment can play in shaping an individual’s microbiome (Sarkar et al., 2020b). For example, in a wild baboon population (Papio cynocephalus), social group membership was found to be the strongest predictor of gut microbiome composition, with individuals that interacted more frequently through grooming having more similar gut microbial communities (Tung et al., 2015). Studies on various other primates, notably chimpanzees, lemurs, and howler monkeys, have also shown that different social groups within a species have distinct gut microbial communities (Degnan et al., 2012; Bennett et al., 2016; Amato et al., 2017; Perofsky et al., 2017; Rudolph et al., 2022) and that social interactions, such as grooming, promote microbial similarity between individuals (Moeller et al., 2016; Raulo et al., 2017). In addition, increased social contact has been associated with a more diverse gut microbiome in a range of animal populations (Li et al., 2016; Moeller et al., 2016; Billiet et al., 2017; Perofsky et al., 2017). Further evidence of socially mediated microbial transmission comes from a study of wild baboons (P. cynocephalus) showing that the gut microbiome of immigrant males in a social group changes over time to resemble the microbiome composition of long-term residents of the group (Grieneisen et al., 2017). There is also evidence that microorganisms are socially transmitted between humans since people living in the same household have more similar gut microbial communities (Yatsunenko et al., 2012; Song et al., 2013; Lax et al., 2014; Schloss et al., 2014; Odamaki et al., 2018) and individuals with a larger social network have a more diverse gut microbiome (Johnson, 2020). The role of social behaviour in influencing microbiome composition may therefore have implications for host health and fitness, since transmission of beneficial microorganisms and a more diverse microbiome may help to protect hosts from pathogens (Dillon et al., 2005; Koch and Schmid-Hempel, 2011; Lawley et al., 2012; Abt and Pamer, 2014) and improve the stability and resilience of the gut microbiome (Johnson and Burnet, 2016).

The reciprocal interaction between host behaviour and infection status is well known in parasitology (Ezenwa et al., 2016), whereby behaviour can influence parasite transmission (Altizer et al., 2003) and parasites can in turn alter the behaviour of their host (Moore, 2013; Johnson and Foster, 2018). Similarly, in addition to the role of social interactions in microbial transmission, recent research has demonstrated that the mammalian gut microbiome can affect various aspects of host behaviour, including anxiety, depressive-like behaviour, and sociability (Sharon et al., 2016; Johnson and Foster, 2018). In particular, studies manipulating the gut microbiome in rodents (using germ-free conditions, antibiotic treatment, or probiotic supplementation) have revealed that the gut microbiome influences neurochemistry, social development, and behaviour (Hsiao et al., 2013; Crumeyrolle-Arias et al., 2014; de Theije et al., 2014; Desbonnet et al., 2014, 2015; Buffington et al., 2016; Leclercq et al., 2017; Guida et al., 2018; Stilling et al., 2018; Johnson and Burnet, 2020; Sarkar et al., 2020a). These findings have motivated research into the gut microbiome in autism since its key feature is a deficit in social interactions (Krajmalnik-Brown et al., 2015) and moreover autism is frequently comorbid with gastrointestinal issues (Hsiao, 2014). Differences in gut microbiome composition between autistic and neurotypical controls have been found repeatedly in human studies, indicating that autism is associated with an altered gut microbial community (Vuong and Hsiao, 2017). These differences likely represent a two-way relationship whereby their environment, limited social interactions and lifestyle impact the gut microbiome and their microbiome also contributes to their behavioural traits. In fact, a recent study involving faecal microbiota transplantation in children with autism showed that it improved multiple aspects of behaviour, including social behaviour, as well as ameliorating gastrointestinal symptoms (Kang et al., 2017).

Here, we investigate whether the variation in abundance of specific microbial genera previously associated with sociability or autistic traits is related to macaque social behaviour. We examine the relationship between social behaviour and gut microbiome composition in a non-captive population of rhesus macaques (Macaca mulatta) on the island of Cayo Santiago, off Puerto Rico. Since autistic traits are continuously distributed across the human population (Wing, 1988; Constantino and Todd, 2003; Ruzich et al., 2015), it is likely that the same is true for non-human primates and indeed, macaques in this population show variation in social motivation and behaviour (Watson and Platt, 2012; Madlon-Kay et al., 2017). In particular, we use social network analysis to assess variation in social behaviour, measured through grooming interactions. Rhesus macaques live in large mixed-sex groups and the social structure of this study population is well characterised (Maestripieri and Hoffman, 2012). They are highly social animals and grooming is their primary means of making and maintaining relationships, providing a good indicator of social interactions between individuals. Our primary aim was therefore to investigate, by conducting targeted regression analyses, whether inter-individual variation in macaque social behaviour is associated with differential abundance of gut bacteria previously linked to autistic and sociability traits in rodent studies and human populations (Supplementary Table S1). We also consider the relationship between social interactions and gut microbiome similarity and diversity in this macaque population.



Materials and methods


Study population and behavioural data collection

Study subjects were adult rhesus macaques from a population on the 37-acre island of Cayo Santiago, off the coast of Puerto Rico (18°09′N, 65°44′W). This free-ranging population stems from a founding population introduced to the island from India in 1938 (Rawlings and Kessler, 1986). Although the animals forage for natural vegetation, their diet is also supplemented with daily feed and water but there is no regular medical intervention. Their gut microbiota has been found to be similar to captive rhesus macaques fed the same chow, indicating that the external environment has limited effect on the microbiota of these free-ranging macaques (Kuthyar et al., 2022). The macaques are individually recognised by observers who record their behaviours (primarily grooming, aggression, feeding, and resting) using 10 min focal animal observations (Altmann, 1974). Behavioural data collection is ongoing in this population and is distributed evenly during the day, both between and within subjects, with data revealing that individual social behaviour is consistent over time (Brent et al., 2013). Grooming interactions between individuals were recorded in terms of both the duration of the interaction and the identities of the giver and receiver, whilst dominance rank was calculated based on the direction of submissive interactions. Behavioural data relating to grooming interactions and social rank from years 2012 to 2013 for one social group (classified in this Cayo Santiago population as group “F”) were used in this study since this is the period over which the faecal samples were collected for microbiome sequencing. The mean time each individual’s behaviour in this group was observed was 3.2 h in 2012 and 7.8 h in 2013. Sample size was limited by the number of individuals for whom gut microbiome sequence data were available, with 50 samples in total representing 38 individuals.



Social network metrics

Social networks based on grooming interactions (Brent et al., 2017) were constructed for each year separately. These networks included all members of the group, regardless of whether microbiome data were available for that individual. Network metrics were normalised by expressing each individual’s score relative to the mean score in each year for the social group. A sociability index was calculated for each individual by taking their cumulative score of the normalised network metrics for degree (number of different grooming partners) and strength (amount of time spent both giving and receiving grooming, relative to the amount of time for which the individual was observed).



Sample collection, processing, and sequencing

During behavioural observation of the animals, faecal samples (uncontaminated by urine, water, or other faeces) were collected opportunistically from both sexes over the two-year period. Samples were taken shortly after defecation and then stored at −20°C. DNA was extracted from the samples according to the Earth Microbiome Project standard protocols (Gilbert et al., 2014) using the PowerSoil-HTP Kit (Qiagen). The 16S rRNA gene was amplified via polymerase chain reaction using universal primers for the V4 hypervariable region and the resulting amplicons were sequenced on the Illumina MiSeq platform, according to a previously described protocol (Caporaso et al., 2012). Blanks were also incorporated in sequencing runs to control for contamination. Sequencing data were processed and analysed using the software Quantitative Insights Into Microbial Ecology (QIIME) version 1.9.1 (Caporaso et al., 2010). Sequences were demultiplexed and quality filtered in QIIME and then assigned to operational taxonomic units (OTUs) using a 97% sequence similarity threshold with open-reference OTU picking against the Greengenes database (DeSantis et al., 2006). This OTU picking method was used since it preserves sequence data and therefore taxonomic diversity (Navas-Molina et al., 2013).



Multiple regression analyses of bacterial abundance

Microbiome count data contain a high proportion of zeros (Xu et al., 2015; Weiss et al., 2017) and their frequency distributions are heavily right-skewed (Xia and Sun, 2017). This overdispersion arises because there are relatively few taxa that are found in all samples as most taxa are rare (Xu et al., 2015). Count data cannot typically be normalised using transformation and so negative binomial regression was conducted with genus abundance as the response variable (or zero-inflated negative binomial regression when the count data contained an excess of zeros). When modelling microbiome data, it is also important to take into account variation in sequencing read depth between samples. Rarefying count data or expressing the data as a proportion can result in a high rate of false positives and so is not recommended for models of taxon abundance (McMurdie and Holmes, 2014). Instead, the total read number was included as a covariate in the regression models, thereby preserving all sequence data (Goodrich et al., 2014; Xu et al., 2015).

Negative binomial regression was conducted using the R package glmmADMB to model count data. All statistical analyses in this study were performed using R 3.2.3 software (R Development Core Team, 2015). Regression models were constructed to predict genus abundance as 16S rRNA sequencing is estimated to be 96% accurate for genus identification (Srinivasan et al., 2015), whereas its phylogenetic resolution at the species level is more limited (Janda and Abbott, 2007). The main variable of interest, the sociability index, was included in each model, as well as the total read number. Individual identity was added as a random effect to control for repeated sampling of some individuals. Effects of rank, sex, age, season, and sampling year were assessed as potential confounding variables since these factors may vary with both primate microbiome composition (Degnan et al., 2012; Fogel, 2015; Bennett et al., 2016; Ren et al., 2016; Sun et al., 2016; Perofsky et al., 2017; Raulo et al., 2017; Springer et al., 2017; Hicks et al., 2018; Trosvik et al., 2018; Rudolph et al., 2022) and sociability (Schino, 2001; Krause and Ruxton, 2002; Shimizu et al., 2012; Almeling et al., 2016; Perofsky et al., 2017), and their inclusion in the regression models was guided by the Akaike information criterion (Akaike, 1974). Although rank can influence grooming relationships (Schino, 2001), it was not correlated with the sociability index in this macaque social group and so could be included in the models without resulting in multicollinearity.



Analyses of microbiome diversity and community composition

Alpha and beta diversity analyses were conducted to investigate how microbiome diversity within and between macaques was related to grooming interactions, whilst controlling for the effects of rank, sex, age, season and sampling year. Whilst alpha diversity considers the ecological diversity of each sample individually, beta diversity measures differences in community composition between microbiome samples (Finotello et al., 2016). For these diversity analyses, microbiome count data were rarefied by randomly sampling counts without replacement so that the number of total counts for each sample was equal. This is an advisable normalisation method as uneven sequence counts across samples can significantly affect diversity estimates (Goodrich et al., 2014; Weiss et al., 2017).

A linear mixed model was constructed using the lme function in the R package nlme to predict alpha diversity, estimated with the Chao1 index based on genus-level OTUs. For these diversity analyses, we distinguished between grooming versus being groomed to determine whether microbial transmission is facilitated merely by increased contact or whether it is more the performance of grooming that facilitates transmission due to hand-to-mouth actions, similar to previous methodology studying parasite transmission (Shimizu et al., 2012). The variables rank, sex, age, season, and year were also incorporated in the model, and individual identity was included as a random effect to account for pseudoreplication.

To assess beta diversity, PERMANOVA was performed to determine which variables significantly affect the variation in microbiome composition between macaques. Gut microbial similarity between individuals based on genus-level OTUs was calculated in QIIME using both weighted UniFrac and unweighted UniFrac distance matrices (Lozupone and Knight, 2005) and visualised using EMPeror (Vázquez-Baeza et al., 2013). UniFrac distances account for the phylogenetic relatedness of microbial taxa; unweighted distances only consider presence versus absence of taxa, whereas weighted distances also take into account their abundance. PERMANOVA was carried out on these matrices using the adonis function from the R package vegan with 1,000 permutations, incorporating the same variables as the model predicting alpha diversity. This function estimates the variance in the distance matrix attributable to each variable.




Results


Taxonomic composition of the microbiome

Gut microbiome composition differed considerably between individuals (Supplementary Figure S1), as has been found in numerous other studies of primate social groups (Fogel, 2015; Tung et al., 2015; Ren et al., 2016; Perofsky et al., 2017). The most abundant genera across all samples were similar to previous research on the gut microbiome of captive rhesus macaques (Yasuda et al., 2015; Amaral et al., 2017).



Regression models of bacterial abundance

Negative binomial regression analyses revealed that the abundance of five of the 16 genera were significantly predicted by host sociability (Figure 1; Supplementary Table S2). Sociability positively predicted genus abundance for Dialister (p = 0.008), Faecalibacterium (p = 0.002), Prevotella (p = 0.019), and Sutterella (p = 0.006). On the other hand, the abundance of Streptococcus was negatively predicted by sociability (p = 0.001). Since we conducted targeted regression analyses based on specific genera identified in the literature, rather than an exploratory study of all genera constituting the macaque gut microbiome, the value of applying corrections for multiple comparisons is questionable. However, if we do apply this more conservative threshold to our results using the Benjamini–Hochberg method then the significant relationship between sociability and bacterial abundance is maintained for the strongest associations, namely with Faecalibacterium and Streptococcus (Figure 2).
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FIGURE 1
 Coefficient plots from regression models predicting abundance of genera in the macaque gut microbiome. Asterisks denote significant predictors of genus abundance at α = 0.05 and bars indicate 95% confidence intervals. The main variable of interest was the sociability index (as measured by the number of grooming partners and duration of grooming interactions), whilst other variables were controlled for where appropriate, as determined using Akaike information criterion. A positive coefficient for sex indicates a higher abundance of the genus in females and a positive coefficient for season indicates a higher abundance of the genus during the mating season than the birthing season. Plots displayed here depict genera whose abundance was significantly related to sociability (for remaining regression coefficient plots see Supplementary Figure S2).
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FIGURE 2
 Relationship between macaque sociability and bacterial abundance for the two most strongly associated genera, Faecalibacterium and Streptococcus, as predicted from negative binomial regression. Shaded region denotes 95% confidence intervals for the regression line.


In terms of the other variables controlled for in the models, sex, age, season, and sampling year were also significantly related to the abundance of certain genera (Supplementary Table S2). Notably, Faecalibacterium was less abundant in females compared to males and age was negatively related to the abundance of Prevotella and Streptococcus.



Effects of grooming interactions on microbiome diversity and community composition

Neither grooming interactions nor any of the other variables included in the linear mixed model significantly predicted alpha diversity of the gut microbiome (Supplementary Table S3). In terms of beta diversity, the amount of grooming received by an individual explained 5% of the variation in gut microbiome composition between individuals (p = 0.022), as revealed by PERMANOVA using weighted UniFrac distances (Figure 3). Age (p = 0.039) and season (p = 0.007) were also significant factors influencing microbiome composition. However, for unweighted UniFrac distances (Supplementary Table S4) only season had a significant effect (p = 0.015).
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FIGURE 3
 Principal coordinates analysis plot of microbiome composition using weighted UniFrac distances. Principal coordinates analysis reduces the dimensionality of microbiome data so that differences in microbiome composition between samples can be visualised, with points clustered together indicating more similar gut microbial communities. Points are coloured on a gradient from white (individuals receiving the least grooming) to dark purple (those receiving the most grooming).





Discussion

We show that a number of genera previously linked to individual differences in sociability or autistic traits are also significantly related to macaque social behaviour in this population. The majority of significant relationships were in the expected direction based on the literature (Supplementary Table S1). The genera Dialister, Faecalibacterium, Prevotella, and Sutterella were more abundant in individuals scoring higher on the sociability index, that is, those engaging in grooming interactions for a longer duration and with more partners.

In this macaque population, Streptococcus was found to be more abundant in less sociable individuals. Notably, some members of this genus can be opportunistic pathogens (Henriques-Normark and Normark, 2010), producing pro-inflammatory cytokines (van den Bogert et al., 2014), and thus increased Streptococcus abundance in less sociable animals may be related to poorer social integration, greater social stress, and poorer health. In fact, elevated glucocorticoids (indicating a heightened stress response) were recently found to be associated with an increased abundance of members of the family Streptococcaceae in wild North American red squirrels (Petrullo et al., 2022). There is also evidence that this genus is more prevalent in humans suffering from depression (Lin et al., 2017). A higher abundance of Streptococcus in less sociable macaques may therefore reflect the presence of potentially pathogenic members of this genus.

Notable findings in terms of the other variables controlled for in the models include a lower abundance of Faecalibacterium in females compared to males, in accordance with findings in humans (de Cárcer et al., 2011). Older animals showed reduced abundance of Prevotella and Streptococcus. Similarly, in humans, Prevotella has been found to be more prevalent in infants than adults (Yatsunenko et al., 2012) and its abundance is negatively predicted by age (Johnson, 2020).

It is compelling that some of the gut bacterial genera that are generally reduced in abundance in autism also have a lower abundance in less sociable monkeys. Whilst this may in part reflect an effect of gut microorganisms on the brain and behaviour, as has been repeatedly demonstrated in animal models (Cryan and Dinan, 2012; Sampson and Mazmanian, 2015; Sharon et al., 2016), it is important to consider the reciprocal interactions that may be involved. The relationships reported here between macaque social behaviour and bacterial abundance may reflect the fact that certain microorganisms are better adapted for social transmission and thus tend to have a greater abundance in more sociable individuals. For example, the genus Prevotella was previously found to be positively associated with host density in a wild animal population (Li et al., 2016), suggesting that it may be transmitted effectively through social contact. In addition to the social transmission of microorganisms, another factor that can influence the gut microbiome is exposure to stress (Bailey and Coe, 1999; Bailey et al., 2011; Bangsgaard Bendtsen et al., 2012; Bharwani et al., 2016). Grooming interactions have been shown to reduce heart rate and cortisol levels, thereby buffering the detrimental effects of stress (Brent et al., 2014). This may therefore represent another route through which social behaviour may be linked to gut microbiome composition.

Regardless of the direction of these relationships, it is notable that several of these bacterial genera related to sociability, such as Faecalibacterium and Prevotella, have also been associated with beneficial effects on host immunity. The positive relationship between sociability and the abundance of Faecalibacterium is particularly interesting since this genus is well known for its potent anti-inflammatory properties (Qiu et al., 2013; Quévrain et al., 2015) and is often associated with good health (Miquel et al., 2013). Indeed, its abundance in humans is typically reduced in illnesses such as inflammatory bowel disease (Sokol et al., 2008; Martín et al., 2015), chronic fatigue syndrome (Giloteaux et al., 2016), long covid (Liu et al., 2022), depression (Jiang et al., 2015), and bipolar disorder (Evans et al., 2017). This genus is only known to contain one species, F. prausnitzii, which is one of the most abundant bacterial species in the human gut microbiome (Walker et al., 2011; Lopez-Siles et al., 2012; Johnson, 2020). It is a prolific producer of the short-chain fatty acid butyrate (Louis and Flint, 2009), which has beneficial effects on the immune system and there is some evidence from animal studies that it can cross the blood–brain barrier and thereby influence brain development and behaviour (Rogers et al., 2016; Stilling et al., 2016). In addition, a higher abundance of Prevotella in young macaques has been associated with an increased number of regulatory T cells, which are important for host defence against pathogens (Ardeshir et al., 2014). Indeed, higher levels of Prevotella are correlated with a less permeable gut barrier (Fields et al., 2018). Prevotella can produce the anti-inflammatory short-chain fatty acid propionate (Cosorich et al., 2017) and this genus has been shown to have beneficial anti-inflammatory effects in animal models of disease (Marietta et al., 2016; Mangalam et al., 2017). In fact, many of the genera targeted in these regression models due to their associations with sociability or autistic traits are important producers of short-chain fatty acids that can affect host physiology, including the brain (Koh et al., 2016).

Our finding that engagement in social interactions is positively related to the abundance of gut microorganisms with beneficial immunological functions (and negatively related to potentially pathogenic members of the microbiota) is pertinent to the well-known association between social relationships and health, which is postulated to be mediated at least in part by the immune system (Holt-Lunstad et al., 2010; Yang et al., 2016). In fact, research which manipulated the social status of female macaques found that a lower rank and reduced engagement in grooming interactions resulted in a heightened inflammatory response (Snyder-Mackler et al., 2016). In addition, recent research on Cayo Santiago macaques has found that individuals who are more socially connected, with a greater number of grooming partners, tend to have fewer white blood cells, indicating lower levels of inflammation (Pavez-Fox et al., 2021). Given the important anti-inflammatory effects of certain members of the microbiota such as Faecalibacterium, the gut microbial community may play a role in mediating the relationship between social integration and health via its regulation of the host immune response. It would be informative therefore for future research to assess inflammatory markers in conjunction with the microbiome to test whether host immune status is related to the abundance of these bacterial genera that are associated with host social behaviour. Indeed, examining the potential links between the microbiome, health and sociality has been identified as an important research direction (Nunn et al., 2015) and the findings here provide some insight into these interrelations.

In terms of the diversity analyses, none of the variables significantly predicted alpha diversity of the gut microbiome. This contrasts some previous findings that gut microbiome diversity is positively related to sociability in primate social groups (Li et al., 2016; Moeller et al., 2016; Billiet et al., 2017; Perofsky et al., 2017) and also to social network size in humans (Johnson, 2020). Perhaps this result reflects the limited sample size, although other primate studies have likewise reported no relationship between sociability and diversity (Bennett et al., 2016), or even a negative relationship (Raulo et al., 2017). Previous research in primates has also found no effect of age or sex on gut microbiome composition (Raulo et al., 2017; Rudolph et al., 2022) or diversity (Bridgewater et al., 2017), whilst studies that have found an effect typically report small effect sizes (Amato et al., 2014; Tung et al., 2015; Bennett et al., 2016). Although microbiome diversity has been linked to seasonal differences in primates (Sun et al., 2016; Raulo et al., 2017; Springer et al., 2017; Trosvik et al., 2018; Rudolph et al., 2022) and Hadza hunter-gatherers (Schnorr et al., 2014), there was no evidence that season significantly influenced diversity in this macaque population.

In contrast to alpha diversity, social relationships were found to predict beta diversity of the gut microbiome in this population. Specifically, the amount of grooming an individual received was a significant factor explaining differences in microbiome composition between macaques. This is consistent with previous research showing that social interactions such as grooming can promote gut microbiome similarity within social groups (Tung et al., 2015; Moeller et al., 2016; Raulo et al., 2017). Rhesus macaques are not coprophagic and so grooming is likely the primary method of microbial transmission between individuals through hand-to-mouth actions. The results revealed that the amount of grooming an individual received can explain approximately 5% of the variation in gut microbiome composition between individuals, which is not negligible given the many different factors that can influence the microbiome. However, this result was only significant using weighted, and not unweighted, UniFrac distances. Previous research has also shown that beta diversity analyses on weighted versus unweighted UniFrac distances can yield significantly different results (Lozupone et al., 2007). In particular, weighted UniFrac is effective at detecting differences in community composition that are due to differential microbial abundance, rather than merely the presence or absence of certain taxa as measured with unweighted UniFrac (Navas-Molina et al., 2013). This therefore suggests that grooming may be more related to the abundance of particular microbial taxa, rather than which taxa are present in the gut. We also found evidence that season and age can significantly influence beta diversity of the microbial community, in accordance with previous research (Sun et al., 2016; Springer et al., 2017; Hicks et al., 2018; Trosvik et al., 2018). Notably, there was no effect of dominance rank on alpha or beta diversity of the microbiome. This is somewhat surprising as social status is known to impact primate health and immunity (Sapolsky, 2005; Archie et al., 2012; Tung and Barreiro, 2012; Snyder-Mackler et al., 2016) and so may also be expected to influence the host’s microbiome. This suggests that the gut microbial community may be more strongly associated with an individual’s engagement in social interactions than social rank.

The reciprocal interaction between host behaviour and the gut microbiome presents a challenging case to disentangle cause from effect. Whilst experiments with laboratory animals are useful for manipulating the gut microbiome to examine the causal relationships involved, the very hygienic nature of laboratory environments has implications for host physiology, most notably a weakened immune system (Beura et al., 2016; Abolins et al., 2017; Rosshart et al., 2017). Thus, one benefit of research in non-captive animal populations is that it represents a more ecologically valid system for understanding how behaviour might be influenced by the microbiome and vice versa (Allen et al., 2017). Given the demonstrated effects of the gut microbiome on rodent behaviour, it is certainly plausible, if not expected, that the gut microbiome may influence behaviour of other mammalian species, with implications for behavioural ecology and evolution (Amato, 2016). However, further research is required to determine the causal relationships between the gut microbiome and social behaviour in non-captive animal populations. In fact, since probiotic supplementation has been shown to increase sociability in rodent models (Buffington et al., 2016; Bharwani et al., 2017), it would be interesting to test whether probiotics increase social motivation and engagement in grooming interactions in the macaque population. This semi-wild population provides the rare opportunity for conducting intervention studies in a natural environment.



Conclusion

This work adds to the growing research at the interface of microbial ecology and animal behaviour but also extends it in a novel direction. This is the first study to investigate whether microbial taxa previously associated with sociability or autistic traits are differentially abundant in an animal population with respect to individual variation in social behaviour. Our findings advance our understanding of how gut microbial communities may be associated with host behaviour and reveal that social relationships may be intertwined with health and immune status via the microbiota.
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The gut microbiome is important for host nutrient metabolism and ecological adaptation. However, how the gut microbiome is affected by host phylogeny, ecology and diet during sympatric speciation remain unclear. Here, we compare and contrast the gut microbiome of two sympatric blind mole rat species and correlate them with their corresponding host phylogeny, ecology soil metagenomes, and diet to determine how these factors may influence their gut microbiome. Our results indicate that within the host microbiome there is no significant difference in community composition, but the functions between the two sympatric species populations vary significantly. No significant correlations were found between the gut microbiome differentiation and their corresponding ecological soil metagenomes and host phylogeny. Functional enrichment analysis suggests that the host diets may account for the functional divergence of the gut microbiome. Our results will help us understand how the gut microbiome changes with corresponding ecological dietary factors in sympatric speciation of blind subterranean mole rats.
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Introduction

The gut microbiome plays a vital role in digestion, energy acquisition, detoxification, immune system development, behavior (Zhang et al., 2022), and driving host niche differentiation (Greene et al., 2020). Multiple factors may affect the gut microbiome community and function (McFall-Ngai et al., 2013), including environment (Spor et al., 2011), host diet (Maurice et al., 2015; Smith et al., 2015), host phylogeny (Maurice et al., 2015; Smith et al., 2015), and evolutionary history (Groussin et al., 2017; Youngblut et al., 2019). The composition of the gut microbiome is reported to be influenced by both host factors (e.g., host genetics and evolutionary history; Benson et al., 2010; Blekhman et al., 2015) and environmental factors (e.g., diet, geography; Frese et al., 2015). Several studies have estimated the effects of different factors on the gut microbiome composition and have obtained different conclusions. Some have found that the gut microbiome composition can influence host evolution and mirror the host’s phylogeny (Phillips et al., 2012). Different species always harbor distinct gut microbiomes; if transplantation of gut microbes is performed between species, it results in decreased fitness, e.g., a reduction in survival rates (Brooks et al., 2016). Geographic proximity does not indicate similar gut microbiomes between different host species (Ochman et al., 2010); even with sympatric distributions and large dietary overlaps, the gut microbiome exhibits strong host specificity (Yildirim et al., 2010). Some studies suggest that host genetics has little effect on the gut microbiome (Rothschild et al., 2018), and that ecological factors play a more dominant role (Rothschild et al., 2018; Liu et al., 2021). Studies of the gut microbiome from sympatric Madagascar lemurs fed on different diets demonstrated that the gut microbiome could recover host phylogeny, showed significantly differentiated clusters (Perofsky et al., 2019; Greene et al., 2020), and that dietary specializations enabled sympatric species to avoid competition and coexist (Schoener, 1974). The gut microbiome can also contribute to speciation in several ways. For example, they can affect the cuticular hydrocarbons (CHCs) on the host’s body surface to influence individual recognition (Sharon et al., 2010) and mating (Vernier et al., 2020). Though there is evidence to suggest that the gut microbiome may affect speciation, the causal relationship between the two remains controversial. Did the gut microbiome differentiation precede speciation and then promote species formation, or did host speciation shape the gut microbiome? We hypothesize that new ecological niches, including new diets, allow new species to survive, and that the gut microbiome slowly changes and adapts to these changes. We hypothesize that the function of gut microbiome is initially affected because of different host diets, followed by the species genetic and phenotypic composition (Uritskiy et al., 2019).

The blind mole rat, Spalax, belonging to the Spalacidae family, is an herbivorous subterranean mammalian rodent that lives most of its life underground (Nevo, 1961). Five species of the Spalax ehrenbergi Superspecies evolved in Israel four peripatric chromosomal species (Nevo et al., 1991; Nevo, 2001), and the fifth speciated sympatrically, genically but non-chromosomally (see all five species analyzed genomically in Li et al. (2020b). Two Spalax galili populations, S. galili basalt and S. galili chalk, (both 2n = 52) live in abutting but contrasting geologies and soils from “Evolution Plateau” eastern Upper Galilee, Israel. The slightly alkaline rendzina soil weathered from Senonian chalk at approximately 99.6 Mya, and the acid basalt soil, weathered from Pleistocene basalt, was generated from a volcanic eruption of about 1 Mya. The chalk is much drier and barren, compared to the basalt which has a clay consistency, and is wetter and muddier. There are 113 species of plants in total from the two soils, but only 28% are common in the different soil types (Hadid et al., 2013). The food resource diversity is much higher in basalt than in chalk (Lövy et al., 2015, 2017). There are more geophytes in basalt, whereas the bushlets of Sarcopoterium spinosum conquered the majority of the chalk soil (Lövy et al., 2017; Jiao et al., 2021). The geophytes are more nutritious for the blind mole rats (Mohammad and Alseekh, 2013), whereas those from the chalk feeding on primarily on roots may experience limited and low-quality food supply. These differentiated ecological variables may lead to divergent metabolism, population density (Hadid et al., 2013), and genetic clusters (Li K. et al., 2015; Li et al., 2016). S. galili chalk is the ancestor species ich later migrated into the rich basalt soil when it cooled down, and sympatrically speciated there to derive into S. galili basalt (Li K. et al., 2015; Lövy et al., 2015, 2017; Li et al., 2016). Although environmental, host diet, and phylogeny diverged during this speciation event, whether their gut microbiome diverged remains unknown. The clearly different host diets, contrasting environmental edaphic differences and separated host phylogeny of Spalax, supplied us with an ideal model to study this question.

In this study, we hypothesized that the host diet plays an important role in differentiating gut microbiomes, facilitating host population adaptation to the local environment, and aiding in further speciation. Here we compared the gut microbiome from the sympatrically speciated blind mole rat populations, measured the community composition and functional differences, and correlated it with the soil metagenomics and host phylogeny to test which factor contributed most to the gut microbiome divergence. These results will help us understand how the gut microbiome was influenced and whether they were involved in potential speciation (Bahrndorff et al., 2016).



Materials and methods


Single nucleotide polymorphism calling, filtering and phylogeny of Nannospalax galili

We downloaded the reference genome of Nannospalax galili (GCF_000622305.1) and pair-end (PE) reads from NCBI at https://www.ncbi.nlm.nih.gov/. PE reads were filtered by removing low-quality reads and adapters with fastp v0.20.1 (Chen S. et al., 2018). The clean reads were mapped to the reference genome with BWA-MEM v0.7.17-r118 15 (Li and Durbin, 2009), sorted and indexed with SAMtools v1.11 (Li H. et al., 2009). The duplicates were marked and variants were detected using GATK v4.0 16 (McKenna et al., 2010). SNPs were extracted and performed hard filtering by GATK with default parameters. Then SNPs were further filtered using VCFtools v0.1.16 (Danecek et al., 2011) with parameters: --maf 0.05. --minDP 5. --maxDP 50. --minGQ 20. --hwe 0.01 and --max-missing 0.9. A genetic distance matrix was generated by PLINK (Purcell et al., 2007). We next used FastME 2.0 (Lefort et al., 2015) to construct a phylogenetic tree with default parameters.



Sampling, DNA isolation, and sequencing

In total, 12 gut samples were collected for chalk (6 samples) and its abutting derivative basalt (6 samples) from “Evolution Plateau” (EP): in the eastern Upper Galilee, Israel, in January 2016 and were stored in liquid nitrogen immediately for DNA extraction. DNA was isolated using QIAmp DNA stool mini kit (Qiagen, United States). Qualified DNA was sonicated to about 350 bp fragments, after purification, end-repair, A-tailing, and adaptor ligation were carried out and followed by PCR amplification. After quality control, libraries of each sample were sequenced with 150 bp paired-end reads. We generated ~50 million 150 bp PE raw reads from the shotgun metagenomic sequencing for each sample. Paired-end raw sequencing reads were first trimmed by SOAPnuke (Chen Y. et al., 2018) to remove adapters and low-quality bases, and the host reads (S. galili) were removed by SOAPaligner (Li R. et al., 2009). We also collected 12 soil samples for shotgun metagenomic sequencing at the same location (Mukherjee et al., 2022), and the data of soil were processed as described below.



Taxonomy annotation

First, clean reads were uploaded into the MG-RAST (Meyer et al., 2019) server, and bacteria were found to be the most dominant kingdom (over 99.5%). Kraken2 v2.1.2 (Wood et al., 2019) was used for taxonomic profiling, and the relative abundance was estimated by Bracken v2.5 (Lu et al., 2017). Meanwhile, alpha and beta diversity were calculated using R packages “vegan”.1 Species with significant abundance differences between basalt and chalk were identified using LEfSe (linear discriminant analysis effect size; Segata et al., 2011) on the Galaxy website (v1.0).2 We generated a Bray-Curtis distance matrix based on the microbiome composition of the gut using R packages “vegan,” and the microbiota dendrogram was constructed based on the distance matrix by R packages “ape.” Mantel-test was performed to compare the relationship between the host genetic distance matrix and Bray-Curtis distance matrix based on the gut microbiome. Procrustes analysis and species accumulation curves were performed on the Tutools platform.3 Statistical analysis was conducted with R.



Metagenomic assembly and binning

Contigs were assembled by MEGAHIT v1.1.3 (Li D. et al., 2015) with default parameters. After assembly, assembled contigs were binned, refined, and reassembled by metaWRAP v1.3.2 (Uritskiy et al., 2018). The completeness and contamination of each bin were evaluated by CheckM v1.0.12 (Parks et al., 2015). All bins were aggregated and then dereplicated using dRep v3.2.2 (Olm et al., 2017; parameters: -comp 50 -con 10 -pa 0.90 -sa 0.95 -nc 0.30 -cm larger). The taxonomy of bins was assigned using GTDB-tk v1.7.0 (Chaumeil et al., 2020) and these results were visualized in iTOL v6 (Letunic and Bork, 2007) as a phylogenetic tree. The relative abundance of bins was estimated by CoverM v0.6.1.4 Bray-Curtis distance matrix and PCoA were generated by R packages “vegan,” and the heatmap was plotted by https://www.bioinformatics.com.cn.



Construction of non-redundant gene catalog and function annotation

The coding sequences (CDS, > 100 bp) were predicted by Prodigal v2.6.3 (Hyatt et al., 2010), and we used CD-HIT v4.8.1 (Fu et al., 2012; parameters: -c 0.95 -d 0 -aL 0.9 -uL 0.05 -aS 0.9) to remove redundancy. The non-redundant gene catalog was searched against the Kofam database by KofamKOALA v1.3.0 (Aramaki et al., 2020). Because KEGG Orthology and KEGG pathway have a many-to-many relationship, we used ReporterScore (Bäckhed et al., 2015) and biostack-suits5 to analyze all KOs and used the overall trend to reflect the change in the pathway. Carbohydrate-active enzymes (CAZyomes) were identified by dbCAN2 (Zhang et al., 2018). Clusters of Orthologous Groups of proteins (COG) and Gene Orthology (GO) were determined by eggNOG-mapper v2.1.6 (Huerta-Cepas et al., 2017). Meanwhile, alpha diversity and beta diversity were also calculated by R packages “vegan.” Significantly different GO terms and CAZyomes between basalt and chalk were identified by STAMP v2.1.3 (Parks et al., 2014). Statistical analysis was conducted with R and significant outliers were removed. The relative gene abundance was calculated as follows (Qin et al., 2012; Liu et al., 2021).

Step 1: Clean reads were aligned to the non-redundant gene catalog using BWA (Vasimuddin et al., 2019), and genes with a number of mapped reads less than two were removed; the copy number of each gene was: bi = xi/Li;

Step 2: Calculation of the relative abundance of gene i: ai = bi/∑bi;

ai: the relative abundance of gene i.

bi: the copy number of gene i from sample N.

Li: the length of gene i.

xi: the number of mapped reads.

The calculations mentioned above were performed with custom Python scripts.



Single nucleotide polymorphisms analysis of metagenomics

First, we used kraken2 v2.1.2 to identify the most abundant species and significantly different species were identified by LEfSe; second, we downloaded their genomes from NCBI as references, but the reference genome of Akkermansia muciniphila we used was generated in the present study. SNPs were detected the same as described above with the following parameters: “--maf 0.05. --hwe 0.01 and --max-missing 0.9.” Principal component analysis (PCA) was accomplished by PLINK v1.90b6.21 (Purcell et al., 2007). Neighbor-joining (NJ) tree was conducted by TreeBeST v1.9.2 (Vilella et al., 2009). Demographic history was analyzed by SMC++ (Terhorst et al., 2017). FST and nucleotide diversity (π) were calculated by VCFtools in 1 kb sliding windows.

Because the abundance of Flavonifractor plautii is also high in the host dwelling soil, so we compared both the gut and soil microbiome to investigate the differentiation of this species. Furthermore, admixture v1.3.0 (Alexander and Lange, 2011) was used to perform structural analysis with the number of clusters (K) ranging from 2 to 4, respectively. A genetic distance matrix was generated by PLINK, and visualization of the genetic network was finished by R packages (“netview,” “network,” “graph,” “sna,” “visNetwork,” “three,” and “networkD3”) with k = 7 (Steinig et al., 2016).



Sampling, protein extraction, and label-free analysis

We collected eight liver samples of the host Spalax, including four individuals from basalt and four from chalk, for proteome comparison. Tissues were frozen in liquid nitrogen immediately and stored at −80°C. The samples were ground first, then add 0.4 ml protein cracking liquid, containing 100 mM Tris–HCl (pH 8.0), 10 mM DTT, 8 M urea, and 1X protease-inhibitor. The mixture was incubated on ice for 30 min and then centrifuged at 10,000 g and 4°C for 30 min. The supernatant was collected, and protein concentration was determined with a BCA protein assay kit. Protein quality was identified with SDS-PAGE.

Protein samples were diluted with NH4HCO3 (200 mM), and incubated with 10 mM DDT for 1 h at 56°C, after cooling, add 55 mM iodoacetamide (IAA) for 40 min in the dark to alkylate samples, then digested with 5 μg trypsin for 14-16 h at 37°C. Digested peptides were concentrated to about 1 mg/ml, then separated with chromatography using Eksigent 425 (AB SCIEX). Separated peptides were performed mass spectrometric analysis with Q-Exactive (Thermo Scientific).

Raw files were extracted by MaxQuant (Cox and Mann, 2008). MS data were searched against Uniprot- Heterocephalus glaber database with parameters: max missed cleavages were 2; Carbamidomethylation (C) were set as fixed modifications, and oxidization (M) were set as variable modifications; Peptide Mass Tolerance was ±15 ppm; fragment mass tolerance was 20 mmu; peptide length was >4. The cutoff of the global false discovery rate (FDR) for peptide and protein identification was set to 0.01. Then screening proteins based on the threshold with a minimum fold change of 1.5 (p < 0.05). Statistical analysis was conducted by Student t -test with Microsoft Excel. For proteins with missing values, data for that protein were kept if its lowest value in one group was higher than its highest value in another group. Finally, Gene ontology (GO) enrichment, Kyoto Encyclopedia of Genes and Genome (KEGG) pathway enrichment analysis were performed to characterize the properties of the proteins identified using STRING (Szklarczyk et al., 2015), these results were visualized by https://www.bioinformatics.com.cn.




Results


Metagenomic assembly and binning

A total of ~95 GB of raw reads (Supplementary Table 1) from the shotgun metagenomic sequencing was generated, and ~ 80 GB of clean reads (Supplementary Table 1) were retained for six basalt and six chalk gut samples after trimming the low-quality bases. We obtained an average of 570,905 contigs (>200 bp) for each metagenomic assembly for downstream analysis (Supplementary Table 2). In total, 339 bins (>50% completeness, <10% contamination) were obtained (Supplementary Figures 1, 2), with 139 high-quality bins as defined by Bowers et al. (2017; >90 complete, <5 contamination). All bins can be annotated at the family level (Supplementary Table 3), with the majority of bins (614 bins, 90.4%) also annotated at the genus level (Supplementary Table 3), indicating potential new species in the gut. One bin (Chalk3.37) can be annotated to the species level (Akkermansia muciniphia). PCoA based on the relative abundance of all bins showed a clear separation between the chalk and basalt populations (Figure 1E; ANNOVA, p = 0.001998). The heat map also showed similar results (Supplementary Figure 2), indicating that chalk and basalt differ at the strain level.
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FIGURE 1
 Abutting but different environments and the gut microbiome composition. (A) Volcanic eruptions have led to the formation of new habitats and new populations of Basalt. (B) Geological map including the Senonian chalk soil and the abutting derivative Plio-Pleistocence basalt soil, which is like reddish basaltic islands in pale chalk ocean. (C) Habitat-specific photographs and the contrasting plants with only 28% of the same in the abutting different soils. (D) Barplot of Bacteria composition, which showed that the most abundant phyla are Firmicutes and Proteobacteria. (E) Principal coordinates analysis (PCoA) based on the relative abundance of MAGs showed samples from basalt clustered together and samples from chalk were in one cluster. (F) Species with significant differences in chalk and basalt, identified by LEfSe.




Gut microbiome community composition in basalt and chalk

We checked the sample size saturation and found that as the sample number increased to nine the species accumulation curve (Supplementary Figure 3) began to plateau, indicating that our 12 samples were sufficient to cover most species. We characterized the overall microbiome composition variation by PCoA based on Bray-Curtis distance and found there was no significant difference between the chalk and basalt (Supplementary Figure 4; ANNOVA, p = 0.314). Additionally, chalk and basalt did not differ significantly in alpha diversity (Supplementary Figure 5). We found Akkermansia muciniphila, Clostridium innocuum, Stenotrophomonas sp. CW117, Enterobacter hormaechei, Clostridium autoethanogenum were overrepresented in chalk, and Christensenella minuta was enriched in basalt (Figure 1F; LDA score (log10) > 1.5).

The most dominant kingdom in both populations gut microbial communities were bacteria (over 99.5%), followed by archaea and eukaryota. For the bacterial community, 57 phyla, 99 classes, 214 orders, 469 families, 1721 genera, and 6,401 species were identified from 12 gut samples. We found 2 phyla, 8 classes, 16 orders, 24 families, 109 genera, and 313 species were significantly different between basalt and chalk (Welch’s t-test, p < 0.05) populations. In both populations, the most abundant phyla were Firmicutes that accounted for 59.6% of abundance, followed by Proteobacteria (17.4%), Bacteroidetes (10.7%), ActinobacteriaI (7.61%) and others (4.57%, Figure 1D). Paenibacillus (6.21%), Lachnoclostridium (5.83%), Flavonifractor (4.24%), Oscillibacter (3.99%) and Blautia (3.79%) were the most abundant genera. It is worth noting that Chalk-3 contained considerable Akkermansia muciniphila which belonged to the Verrucomicrobia phylum, Akkermansia genus (6.09%, Figure 1D). Moreover, we performed Welch’s t-test and found significant difference in relative phylum abundance of Proteobacteria (Figure 2D; p = 6.32e-3) and Candidatus Micrarchaeota (p = 0.013). At the genus level, Christensenella, Acidovorax, Bordetella, Bibersteinia and Faecalitalea were enriched in basalt; While in chalk, Providencia, Acidithiobacillus, Gimesia, Gemella and Tardiphage were enriched. The ratio of Firmicutes to Bacteroidetes (F/B ratio) was higher in the basalt compared to chalk (Supplementary Figure 6). We also compared the microbial diversity between the soil and gut and found significant differences in community composition (Figure 2A) and significantly higher Shannon diversity in the soil microbiome (Supplementary Figure 7). Meanwhile, Procruster analysis (Figure 2B; M2 = 0.0761, p = 0.55) and mantel test (r = − 0.01518, p = 0.5317) showed there was no correlation between the gut and soil microbiomes.
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FIGURE 2
 The effect of host diet, phylogeny and soil metagenomics on the gut microbiome. (A) Principal component analysis showed that the community composition of gut and soil differ significantly. (B) Procuster analysis showed no correlation in abundance between gut microbiome composition and soil microbiome composition. (C) The emergence of new habitats was followed by new foods, which may have been involved in host divergence. Basalt’s diet was primarily geophytes, rich in fat and protein; chalk’s diet was mainly roots, rich in fiber. This also shaped their gut microbiome. (D) The basalt was richer in Proteobacteria, and the CAZymes compositions of the two were significantly different, which are characteristics of their adaptation to different diets. **p<0.01.




Non-redundant gene catalog and functional annotation

We plotted the cumulative curves for KEGG, GO and CaZy and all curves began to plateau, indicating that our 12 samples were sufficient to reveal the function of both communities (Supplementary Figure 8). Principal coordinate analysis (PCoA) of the non-redundant gene catalog based on Bray-Curtis distance showed that the functional composition of basalt and chalk was different (Figure 3A; ANNOVA, p = 0.00995). The Shannon index of basalt was higher than that of chalk (Figure 3B) but was not significantly different. The richness index, however, was significantly higher in chalk (Figure 3C; p = 0.0039). For GO terms, the non-redundant genes of basalt were enriched in growth, oxidoreductase complex, transporter activity, cation transmembrane, etc. (Figure 3D), and enriched in mannan-binding, catalytic activity, and negative regulation of cardiac muscle cell differentiation in chalk. The significantly enriched KEGG pathways (Figure 3E) in basalt included: Oxidative phosphorylation, Purine metabolism, Glyoxylate and dicarboxylate metabolism, Methane metabolism, etc. CAZymes (carbohydrate-active enzymes) compositions were significantly different (ANNOVA, p = 0.014; Figure 2D) between basalt and chalk. The diversity (Supplementary Figure 9) and abundance (Figure 3F) of CAZymes were higher in chalk, which contains more (Figure 3G) Carbohydrate-binding module (CBM), carbohydrate esterase (CE), glycoside hydrolase (GH) and glycosyl transferase (GT). GH43, GH28, GH94, GH97 and PL12 were enriched in basalt, while GT4, GT10, GH92, PL9, GT26 and GT11 were enriched in chalk. For COG (Cluster of Orthologous Groups database) annotations (Supplementary Figure 10), the metabolism category was dominant in both chalk and basalt; cellular processes and signaling were the second most dominant. Furthermore, Replication, recombination and repair (COG L) was the most abundant COG type, followed by Carbohydrate transport and metabolism (COG G) and Amino acid transport and metabolism (COG E; Supplementary Figure 10). Recombination and repair (COG L) were enriched in basalt (Supplementary Figure 11C). Transcription (COG K), cell wall/membrane/envelope biogenesis (COG M) and energy production and conversion (COG C) were enriched in chalk (Supplementary Figures 11A,B,D).
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FIGURE 3
 Functional compositions of gut microbiomes of basalt and chalk. (A) Principal component analysis shows that the function compositions were clearly separated. (B) Basalt has a higher shannon index based on non-redundant gene sets. (C) Basalt has a higher richness index based on non-redundant gene sets. (D) GO terms with significant differences between basalt and chalk. (E) KEGG pathways with significant differences between basalt and chalk. (F) Carbohydrate active enzymes (CAZyomes) with significant differences between basalt and chalk. (G) Comparison of abundances of different CAZYomes families between basalt and chalk. *p<0.05, **p<0.01, and ***p<0.001.




Genetic divergence between the two microsites

The species identified by LEfSe were similar between the chalk and the basalt (Supplementary Figures 26–31) populations; however, many species showed separate genetic clusters between basalt and chalk measured by PCA (Figure 4A; Supplementary Figures 12A–31A), phylogenetic tree (Supplementary Figures 12A, 13B–31B) and genetic networking (Figure 4C) based on SNPs. Demographic analysis revealed that microbiome differed between chalk and basalt, but the differentiation was not high (Supplementary Figures 12B, 13C–31C). Interestingly, the differentiation time of Akkermansia muciniphila between the chalk and the basalt populations is estimated to be approximately 6,000 to 7,000 years. These changes have occurred more recent than the genetic differentiation of the two host species which is estimated to be approximately 228,000 years 33 by SMC++ analysis (Supplementary Figure 26C). Other microbial species also have a shorter differentiation time (Supplementary Figures 26–31). FST and nucleotide diversity (π) were also calculated for these species based on SNPs (Supplementary Table 4).
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FIGURE 4
 Sympatric divergence of the single bacteria of Flavonifractor plautii in gut and soil. (A) Principal component analysis shows the gut microbiome from basalt clustered together and separated with samples from chalk were in one cluster. (B) In soil, principal component analysis shows samples from basalt clustered together and samples from chalk were in one cluster. (C) Genetic network analysis of this species in the environmental soils and gut. (D) FST for Flavonifractor plautii was significantly higher in soils than that in gut.


Furthermore, we explored the differentiation of the same bacterial species of Flavonifractor plautii between the chalk and basalt gut microbial composition and the two types of soils using PCA (Figures 4A,B) and genetic networking (Figure 4C). We revealed that it was separated into two clear-cut clusters in the soil but not in the gut (Figures 4C,D). FST was also calculated for both the gut and soil, and it was significantly higher in the soil than in the gut microbiome (Figure 4D). Compared to the genetic differentiation of the hosts between the chalk and basalt, the differentiation of the gut microbiome is later and smaller, indicating that the gut microbiome was not a major factor influencing host divergence. When the individuals were separated into two groups (K = 2), the basalt population is completely separated from the chalk population (Supplementary Figures 32, 33).



Host divergence and the correlation with its gut microbiome

We performed a mantel test and found there was no correlation (r = 8.078e-3, p = 0.4528) between the host genetic matrix and the Bray-Curtis distance matrix based on the gut microbiome. The microbiome dendrogram did not reflect the host phylogeny (Figure 5A). PCoA based on protein abundance showed little difference in protein composition between the hosts from basalt and chalk (Figure 5B). However, we did identify 127 significant differential proteins (Figure 5C; p < 0.05 Student t-test) that were significantly enriched in metabolic pathways such as endocytosis, biosynthesis of amino acids, endocrine and other factor − regulated calcium reabsorption, arginine and proline metabolism, vasopressin−regulated water reabsorption, and pyruvate metabolism (Supplementary Figure 34). GO enrichment of Biological Process and Molecular Function also showed similar results (Supplementary Figure 34): differential proteins were mainly involved in the synthesis of proteins (e.g., Organonitrogen compound metabolic process, cellular metabolic process, translation, Peptide biosynthetic process), they may be secreting proteins (e.g., Regulation of multivesicular body size and Retrograde transport, endosome to the plasma membrane), and were followed by the synthesis and decomposition of various biological substances (e.g., Amide biosynthetic process, Negative regulation of cholesterol biosynthetic process and Fumarate metabolic process). Enrichment of GO Cellular Component (Supplementary Figure 35) also indicated that these proteins may be secretory proteins or have transport functions (e.g., Cytoplasmic vesicle, Late endosome, and Clathrin-coated vesicle membrane).
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FIGURE 5
 Host divergence and the correlation with its gut microbiome. (A) Host phylogeny and microbiota dendrogram were not mirroring each other. (B) Principal component analysis showed that the protein composition of basalt and chalk did not differ significantly. (C) Abundance clustering Heatmap of 127 differential proteins.





Discussion

The gut microbiome is essential for host digestion (Miller et al., 2020) and health (de Vos et al., 2022) and may facilitate the hosts ability to adapt to the local environment (Greene et al., 2020). In this study, we compared the gut microbiome from the sympatrically speciated species S. galili chalk and S. galili basalt (Li K. et al., 2015). The ancestral chalk species is from Senonian, while the basalt species is from a volcanic eruption during the Quaternary, which is like basalt islands floating on chalk ocean (Figure 1B; Segev et al., 2002). When the volcano initially erupted about 1 million years ago and cooled down, new vegetation (Hadid et al., 2013), food resources (Figures 1C, 2C), and ecological niches (Figure 1B) emerged, allowing animals to immigrate from the ancestral chalk to the new derivative symparic species on the basalt, forming the new species on the basalt (Hadid et al., 2013; Nevo, 2013; Singaravelan et al., 2013; Li K. et al., 2015; Lövy et al., 2015, 2017, 2020; Li et al., 2016, 2020a,b; Šklíba et al., 2016; Jiao et al., 2021; Mukherjee et al., 2022; Nevo and Li, 2022; Figures 1A, 2C). This provided us with an ideal model to further understand the complex interaction of the gut microbiome, the host, and its corresponding environment.


The community composition of the gut microbiome between the chalk and basalt sympatric species

Although hundreds of samples are frequently present in many studies, we had only a small number from each population but were still able to demonstrate that richness was not increasing with sample size (Supplementary Figures 3, 8), suggesting the sample size was not a restriction for the analysis. Firmicutes microbes had the largest relative abundance in both chalk and basalt gut microbiome (Figure 1D), which supports evidence found in other studies (Qin et al., 2010; Xiao et al., 2015; Huang et al., 2018). Proteobacteria was significantly higher in the basalt digestion tract (Figure 2D). This particular phylum of bacteria is reported to be positively correlated with the fat intake of the host diet, and is significantly richer in populations with a high-fat diet than that of the malnutritional population (Méndez-Salazar et al., 2018). In this study, the basalt mole rat population was mainly feeding on geophytes (Jiao et al., 2021; Joyce et al., 2022), which have higher fat than that in Eryngium sp. roots from chalk; this is congruent with the functional enrichment pathway of fatty acid degradation and Glycerolipid metabolism (Figure 3E) in basalt population. Bacteroidota was higher in chalk than in basalt (Supplementary Figure 6A), which may be caused by the higher fat content in the basalt diet suppressing this phylum (Jeong et al., 2019). If the host is feeding on more proteins and fat, the ratio of Firmicutes/Bacteroidota would be higher (De Filippo et al., 2010). In the present study, the ratio was higher in basalt than in chalk (Supplementary Figure 6B), which may be because of the different host diets primarily geophytes on basalt and primarily roots in the chalk population.



Functional differentiation between the chalk and basalt gut microbiome

Although the microbiome composition between the two populations is not clearly differentiated (Supplementary Figure 4), the functional compositions showed separated clusters (Figure 2A; Supplementary Figure 9), which may be due to short differentiation time (Supplementary Figure 26) and sharp divergent host diet (Nelson et al., 2013; Lövy et al., 2015; Zmora et al., 2019). Higher functional diversity and abundance of the basalt population (Figures 2B,C) reflect higher food diversity resources in basalt (Hadid et al., 2013). The more abundant (Figures 3F,G) and diverse (Figure 3G; Supplementary Figure 9) CaZymes in chalk populations may be caused by adaptation to poorer food root quality. Mannans are a major component of plant cell walls (La Rosa et al., 2019) and cannot be hydrolyzed by the host itself (Teng and Kim, 2018). We found genes enriched in Mannan binding (GO:2001065; Figure 3D) and catalytic activity (GO:0140097) in chalk, which may be due to higher fiber in the chalk root diet. In basalt populations, the enrichment of transporter activity (GO:0005215), cation transmembrane transport (GO:0022857) and glycogen binding (GO:2001069) reflected better food conditions (Figure 3D). Furthermore, growth (GO:0040007) and oxidoreductase complex (GO:1990204) were also enriched in basalt (Figure 3D), which implies gut microbes play an important role in supplying energy to the host (Tremaroli and Bäckhed, 2012; Zhang et al., 2016). These results correspond to higher metabolic rates and activity rates in basalt populations (Hadid et al., 2013; Zhao et al., 2016). KEGG pathway enrichment analysis also showed similar results (Figure 3E) in basalt, the enrichment of oxidative phosphorylation, photosynthesis and pyruvate metabolism (Figure 3E) revealed basalt populations required more energy and had a higher metabolic rate. The enrichment of fatty acid degradation and glycerolipid metabolism suggested the basalt population consumed a high-fat diet. The metabolic pathways of various other substances (Figure 3E e.g., purine metabolism, thiamine metabolism) also indicated the diversity of basalt food resources. These results suggest that the host diet is a main driver of the gut microbiome divergence.



Genetic divergence of the gut and soil microbiome between the chalk and basalt

The divergence of soil microbiome between the chalk and basalt is larger than gut microbiome. At the species level (Mukherjee et al., 2022), we found that the soil bacteria differentiation between basalt and chalk is larger than that of the same species in the gut (Figure 4D), which may be due to a combination of more contrasting edaphic stresses and longer divergence time of the soil microbiome. The divergence of the soil microbiome started when volcanic eruptions formed new habitats 1 million years ago, but the hosts of blind mole rats split much later only 0.228 Mya which hampered the gut microbial divergence (Supplementary Figure 4). As the bacteria from the same host individual are under the same intestine stresses, we can expect that the effects of host on the gut microbiome are similar. However, some species displayed significant divergence between basalt and chalk (Supplementary Figures 2, 12–33), which also echoed the results above (Figures 4A,C; Supplementary Figures 12–31).



Protein divergence of the hosts mole rats populations

Generally, the host blind mole rats showed separate clusters in protein between the basalt and chalk populations (Figure 5B). We identified 127 significantly differential proteins (Figure 5C). The enrichment results showed that these differential proteins were involved in the metabolism and synthesis of a wide range of species (Supplementary Figure 34) and were mainly secreted proteins (Supplementary Figure 35). These results correspond to the different diets of the two populations. One individual from the basalt population was clustered into the chalk group, possibly due to the proteome differentiating more slowly than the genome.



The major factor that shaped the gut microbiome

The community composition between the chalk and basalt gut microbiome was not significantly different (Supplementary Figure 4) when compared to its host phylogeny (Figure 1D), host diet (Figure 2) or the environmental soil metagenomes (Mukherjee et al., 2022), which may be due to the fact that divergence between the chalk and basalt microbiome occurred much later (Li K. et al., 2015). However, the main question still stands: which environmental factor is the main driver of the microbial divergence between the chalk and basalt, or have all of them shaped the gut microbiome together? For host phylogeny, we showed that the two mole rats populations diverged in the genome (Li K. et al., 2015), methylome (Li et al., 2020b), transcriptome, and genomic editing (Li et al., 2016) and even the proteins (Figure 5B,C; Supplementary Figures 34, 35). If the gut microbiome were shaped mainly by host phylogeny and changed synchronously, we would expect the host phylogeny to mirror that of the gut microbiome (Brooks et al., 2016; Perofsky et al., 2019). However, we found that the host phylogeny was not consistent with the gut microbiome (Figure 5A). Additionally, the mantel test showed there were no correlations (r = 8.078e-3, p = 0.4528) between the host genetic matrix and Bray-Curtis distance matrix based on the gut microbiome; this may be due to the short differentiation time of the gut microbiome (Supplementary Figures 12B, 13C–31C), or that the host phylogeny does not affect it. The significant differences in functional composition (Figure 3) illustrates that the gut microbiome had adapted to the host’s local ecology which is dramatically different between the calcareous chalk and siliceous basalt (Figures 3D–G; Supplementary Figures 9–11). Basically, the same species or similar species compositions in the gut microbiome of blind mole rats can perform different functions, which was consistent with our finding of differentiation of the probably same species between the two types of environments (Figure 4; Supplementary Figures 12–31). The microbe from the two contrasting soils was significantly different in both community composition and function (Mukherjee et al., 2022). The divergence of the gut microbiome was significantly smaller than that of the soil microbiome (Figure 4); this is likely because the soil difference is larger than that of the gut environment. Another possibility that should be explored in the future is that the bacteria in the microbiome underwent sympatric speciation following their hosts, This possibility should be studied in the future in representative dominant bacteria in the microbiome of both hosts.The chalk and basalt rocks and soils are abutting but contrasting with different chemicals (Grishkan et al., 2008, 2009). The community composition of the soil is significantly different from that of the gut (Figure 2A). Both the procruster analysis (Figure 2B) and mantel test (r = −0.01518, p = 0.5317) showed there was no significant correlation between the soil and gut microbiome, allowing us to reject the hypothesis that the local environment was the main factor shaping the gut microbiome.

The food store for S. galili chalk is from Eryngium sp., poaceae roots, and Ranunculus sp. leaves; while the S. galili basalt mainly feed on geophytes, including Hordeum bulbosum, Bellevalia sp., Iris histrio, and a very small amount of Eryngium sp. (Jiao et al., 2021). The geophytes from the basalt are rich in protein and fat, while it is rich in cellulose in bushlets roots in chalk (Lövy et al., 2015, 2017). The derivative S. galili basalt split from its ancestral S. galili chalk, and so does the gut microbiome, which may explain why there was no significant differences in species diversity and composition (Supplementary Figures 4, 5). Unless bacteria also underwent sympatric speciation like their hosts, a major issue that should be explored in the future. Nevertheless, in terms of species and function such as Proteobacteria (Figure 2D) and CAZymes composition, characteristics of the gut microbiome adapted to their host’s diet were also found. Differences in diet may also be involved in the divergence of blind mole rats (Martin, 2013; Nelson et al., 2013; Li K. et al., 2015; Ekimova et al., 2019). SS of the hosts, blind mole rat, and functional adaptation rather than the composition of the gut microbiome were expected to be synchronized. Additionally, here we demonstrated that function or species composition of the gut microbiome are evolving to adapt to their local ecology dramatically different between chalk and basalt ecologiest (Figures 1E, 2C,D, 3A, 4A). Although we can make a preliminary conclusion that host diet is the main driver of functional divergence of the gut microbiome, further experimental tests are required to preclude the roles of phylogeny and environment on the gut microbiome differentiation. Likewise as indicated above the likely possibility of sympatric speciation of the gut microbiome followed that of their hosts.




Conclusion

We performed gut metagenomic comparison between the two populations, and correlate the differentiation with its corresponding environment, host diet and phylogeny. No significant differences were found in species composition of gut microbes between Basalt and Chalk, but were found in some phyla such as Proteobacteria, corresponding to their different host diets. Significant differences were also detected at the strain level between the two species populations. We found significant differences in the functional composition, which was due to the adaptation of gut microbiome to different diets. The gut microbiome does not drive the host separation, vise versa. In addition, we found no significant association between host genetics, soil microbiomes and gut microbiomes. We demonstrated that function or species composition of the gut microbiome are evolving to adapt to their local environment, primarily diet content.
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Ruminants digest plant biomass more efficiently than monogastric animals due to their symbiotic relationship with a complex microbiota residing in the rumen environment. What remains unclear is the relationship between the rumen microbial taxonomic and functional composition and feed efficiency (FE), especially in crossbred dairy cattle (Holstein x Gyr) raised under tropical conditions. In this study, we selected twenty-two F1 Holstein x Gyr heifers and grouped them according to their residual feed intake (RFI) ranking, high efficiency (HE) (n = 11) and low efficiency (LE) (n = 11), to investigate the effect of FE on the rumen microbial taxa and their functions. Rumen fluids were collected using a stomach tube apparatus and analyzed using amplicon sequencing targeting the 16S (bacteria and archaea) and 18S (protozoa) rRNA genes. Alpha-diversity and beta-diversity analysis revealed no significant difference in the rumen microbiota between the HE and LE animals. Multivariate analysis (sPLS-DA) showed a clear separation of two clusters in bacterial taxonomic profiles related to each FE group, but in archaeal and protozoal profiles, the clusters overlapped. The sPLS-DA also revealed a clear separation in functional profiles for bacteria, archaea, and protozoa between the HE and LE animals. Microbial taxa were differently related to HE (e.g., Howardella and Shuttleworthia) and LE animals (e.g., Eremoplastron and Methanobrevibacter), and predicted functions were significatively different for each FE group (e.g., K03395—signaling and cellular process was strongly related to HE animals, and K13643—genetic information processing was related to LE animals). This study demonstrates that differences in the rumen microbiome relative to FE ranking are not directly observed from diversity indices (Faith’s Phylogenetic Diversity, Pielou’s Evenness, Shannon’s diversity, weighted UniFrac distance, Jaccard index, and Bray–Curtis dissimilarity), but from targeted identification of specific taxa and microbial functions characterizing each FE group. These results shed light on the role of rumen microbial taxonomic and functional profiles in crossbred Holstein × Gyr dairy cattle raised in tropical conditions, creating the possibility of using the microbial signature of the HE group as a biological tool for the development of biomarkers that improve FE in ruminants.
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Introduction

Feed fermentation in the rumen is powered by the activity of a vast array of anaerobic microbes that live in symbiosis with the host animal (Oliveira et al., 2007). These microbes comprise representative taxa of prokaryotic (bacteria and archaea) and eukaryotic (fungi and protozoa) organisms. Bacteria are the most abundant rumen microorganisms, playing an essential role in the degradation of plant fiber and starch (Moraïs and Mizrahi, 2019). Archaea, mainly constituted of methanogens, reduce CO2 to CH4 to maintain a low hydrogen pressure in the rumen (Bodas et al., 2012). Fungi are powerful fiber digesters, penetrating both the cuticle and the cell wall of lignified materials (Moraïs and Mizrahi, 2019). Rumen protozoa account for up to 50% of the microbial biomass and are responsible for predating bacteria and enhancing methanogenesis in association with archaea (Morgavi et al., 2010). Despite the importance of protists for the rumen environment, few studies have attempted to understand the relationship between rumen protozoa and feed efficiency (FE) (Zhang et al., 2020; Clemmons et al., 2021).

Rumen microbes are believed to affect the FE of the host, and this effect has been observed mainly when residual feed intake (RFI) is used as the FE measurement (Guan et al., 2008; Auffret et al., 2020) and also when FE has been measured directly as feed conversion ratio (Roehe et al., 2016). Studies correlating the rumen microbiome with RFI have predominantly been developed in cattle raised in temperate climates (Auffret et al., 2020; Welch et al., 2021). However, little is known about the linkage between the rumen microbiome and RFI in breeds raised in tropical regions. In addition to the diet, the composition of the rumen microbiome is affected by the breed (Li et al., 2019a) and the environmental conditions (e.g., temperature) where the animal is raised (Dehority and Orpin, 1997). Rumen function and fermentation can be affected when temperate climate breeds are exposed to high atmospheric temperatures in tropical areas (Baumgard et al., 2007; Passini et al., 2009), indicating that both the microbiome and FE are altered in animals raised under heat stress.

Studies on the relationship between the rumen microbiome and RFI have not reached a consensus (Auffret et al., 2020; Bowen et al., 2020; Fregulia et al., 2021). Some authors say that the relationship between the rumen microbiome and RFI phenotype may not be explained at the community level because of the redundant role the microbial taxa play in the rumen function (Fregulia et al., 2021). Other authors report that the functional profile of the rumen microbiota is more related to FE than the taxonomic profile itself (Clemmons et al., 2019; Li et al., 2019b). Shabat et al. (2016) and Li and Guan (2017) found that efficient cattle had a lower number of biochemical-enriched pathways than their inefficient counterparts, suggesting that the rumen microbiome of efficient cattle has more restricted metabolic pathways and maintains only those functions that are relevant to the health and productive traits of the host animal. The current study investigated the effect of RFI phenotype on rumen microbial taxa (bacteria, archaea, and protozoa) and their functions in dairy cattle raised under tropical conditions, with the hypothesis that the relationship between feed efficiency and the rumen microbiome is influenced by the breed and the environment where the animal is raised.



Materials and methods

All experimental procedures involving animals in this study were approved by the Ethics Committee of Embrapa Dairy Cattle (number: 05/2015). This study was performed at the Multi-use Complex on Livestock Bioefficiency and Sustainability of Brazilian Agricultural Research Corporation (Embrapa), located in Coronel Pacheco, Minas Gerais, Brazil.


Animal experiments and sample collection

This experiment was conducted as part of a larger study designed to examine the biological parameters in heifers F1 Holstein × Gyr related to feed efficiency (Leão et al., 2018; Ornelas et al., 2019; Cabral da Silva et al., 2020; Fonseca et al., 2020; Marçal-Pedroza et al., 2020). A detailed description of the performance data, calculation of FE indices, and group classifications are provided by Cabral da Silva et al. (2020). Briefly, 22 F1 Holstein × Gyr heifers were used in this study, averaging (mean ± SD) 258 ± 20 days of age and 293 ± 21.5 kg body weight (BW) recorded at the beginning of the metabolism study. Heifers were housed in individual tie stalls (2.5 × 1.2 m) with bedding made of rubber mats (WingFlex, Kraiburg TPE GmbH & Co., Waldkraiburg, Germany). The average temperature and precipitation during the experimental period were 22°C and 0.019 mm/day (Instituto Nacional de Meteorologia [INMET], 2015). The experimental diet was formulated to meet the nutritional requirements of the heifers following the guidelines of the NRC Dairy Cattle (National Research Council [NRC], 2001). Dry matter (DM) and crude protein (CP) contents of the experimental diet were 43.8% and 175 g/kg DM, respectively. The diet included (DM basis) 75% corn silage and 25% concentrate [96% soybean meal and 4% mineral premix (Fosbovi 40, MN, DSM1 São Paulo/Brazil), DM basis]. The daily offered amount of the total mixed ration was adjusted to allow 10% orts on an as-fed basis, according to the intake observed on the previous day. Animals were evaluated according to the RFI index and classified into two groups: (1) high efficiency (HE) (RFI –0.2600 ± 0.05) and (2) low efficiency (LE) (RFI 0.3229 ± 0.17), with 11 animals per group. Rumen fluids were collected using a stomach tube with a rumen vacuum sampler, snap-frozen using liquid nitrogen, and stored below –80°C for further analysis. In this experiment, the stomach tube was inserted at the appropriate depth (120–250 cm) to reach the central rumen sites and reduce saliva contamination. Additionally, we discarded the first 30 ml of ruminal contents present in the tube after sample collection and washed the probe thoroughly before using it to collect rumen samples between the current animal and the next one.



DNA extraction, library preparation, and sequencing

Total DNA was extracted from 800 μl of each rumen fluid sample using bead-beating and phenol-chloroform extraction methods (adapted from Oliveira et al., 2007). Briefly, 800 μl of rumen fluid sample were transferred to a new tube and washed with 1 mL of lysis buffer (500 mM NaCl; 50 mM Tris-HCl, pH 8.0, 50 mM EDTA, 4% SDS). Subsequently, 2 μl RNase were added to each sample, and tubes were incubated at 37°C for 15 min. Then 20 μl of proteinase K were added to each tube, and cells were lysed by physical disruption using bead beating with a BioSpec Mini Bead-Beater (BioSpec, Bartlesville, OK, USA) at 4,800 rpm for 4 min. The tubes were incubated at 70°C for 15 min. The supernatant obtained from each sample was transferred to a new tube for subsequent phenol-chloroform-isoamyl alcohol extraction. Extracted DNA was precipitated with ammonium acetate 10M and cold 100% isopropanol. After 30 min in the freezer, tubes were centrifuged at 16,000 × g for 10 min, and supernatant was removed. Cold 70% ethanol was added to each sample, and the tubes were centrifuged at 16,000 × g for 2 min. The supernatant was removed, and the remaining content was resuspended in 200 μl of buffer TE (10 mM Tris; 1 mM EDTA). All samples were analyzed using both NanoDrop spectrophotometer (NanoDrop Technologies, Inc., Wilmington, DE) and Qubit Quantification Platform (Invitrogen Ltd., Paisley, UK) to accurately assess DNA quantity and quality.

Amplicon library preparation (n = 22) was performed by PCR amplification of the V4 region of the 16S rRNA gene of bacteria and archaea, using the primers 515F (5s-Adaptor/GTGCCAGCMGCCGCGGTAA) and 806R (5G-Adaptor/GGACTACHVGGGTWTCTAAT) (Caporaso et al., 2011); and by amplification of the V3-V4 region of the 18S rRNA gene of protozoa, using the primers 316F (5s-Adaptor/GCTTTCGWTGGTAGTGTATT) and 539R (5C-Adaptor/CTTGCCCTCYAATCGTWCT) (Sylvester et al., 2004). Illumina TruSeq libraries were prepared and paired-sequenced (2 × 250 bp) on an Illumina HiSeq 2500 sequencing platform (Illumina, Inc., San Diego, CA, USA). The data presented in the study are deposited in the NCBI’s Sequence Read Archive, under the BioProject PRJNA893629.



Amplicon sequencing data analysis

Bioinformatics analysis followed the procedure described by Liu (2020). In detail, sequencing data were analyzed using Quantitative Insights Into Microbial Ecology 2 (QIIME 2) version 2020.8 (Bolyen et al., 2019). The demultiplexed raw sequence data files were imported into QIIME 2 using the “SampleData [PairedEndSequencesWithQuality]” semantic type. Data were demultiplexed (with parameter Phred33), and sequence reads were quality-filtered using the Divisive Amplicon Denoising Algorithm (DADA2) plugin implemented in QIIME2, with quality filtering Q-score > 25. After inspecting the interactive quality plot, we observed that the Q-score of the bases dropped off around position 180, and thus our sequences were truncated at 180 bases to remove low-quality regions of the sequences. To achieve this goal, DADA2 was used to denoise sequences with the truncation length parameters of –p-trunc-len-f 180, and –p-trunc-len-r 180. The sequences were merged, and chimeric sequences were removed before the generation of a table of amplicon sequencing variants (ASV) (Callahan et al., 2016). Representative sequences were aligned to the SILVA 132 Small Subunit rRNA Database for bacteria, using the database file “Silva 138 99% OTUs from 515F/806R region of sequences” available on the section QIIME2 docs, on the QIIME2 website. The classifier was pre-trained on the Silva 18S rRNA database (release 132) for protozoa and on the Rumen and Intestinal Methanogens Database (RIM-DB) for archaea (Quast et al., 2012; Seedorf et al., 2014a), using the fit-classifier-naive-bayes method implemented in the q2-feature classifier plugin.



Predicting functional profile

Microbial functions were predicted by reconstructing the unobserved states for 16S and 18S rRNA gene sequences. The tool Phylogenetic Investigation of Communities by Reconstruction of Unobserved States 2 (PICRUSt2) implemented in QIIME2 (Douglas et al., 2020) is based on the Integrated Microbial Genomes (IMG) database (Markowitz et al., 2012) and was used to predict MetaCyc pathways for bacterial, archaeal, and protozoal ASV (Caspi et al., 2014).



Statistical analysis

To analyze microbial diversity among samples, sequence counts of all samples were standardized by rarefying them to the same number of sequences (the smallest sampling size) using the q2-feature-table. The plugin q2-diversity then used the rarefied feature table and the phylogenetic tree to calculate diversity metrics. To investigate alpha-diversity metrics, Faith’s PD, Pielou’s evenness, and Shannon’s entropy were calculated. To investigate beta-diversity metrics, weighted UniFrac distance, Jaccard index, and Bray–Curtis dissimilarity index were calculated. Samples were rarified to 39,605 sequences for 16S rRNA and 165,430 sequences for 18S rRNA. Dissimilarity and distance between the rumen microbiota and the categorical RFI groups were tested using unweighted UniFrac distance matrices and Permutational Multivariate Analysis of Variance (PERMANOVA) with 999 permutations. Based on this analysis, plots were generated using the visualizer tool of the q2-diversity plugin.

Finally, the mixMC multivariate method implemented in the mixOmics R package was used to identify associations between microbial profiles and functions (microbial and functional signatures) and HE and LE animals. For this analysis, only microbial taxa and microbial functions with relative abundance > 0.01% and prevalence in at least 50% of samples were considered (11 out of 22). Then, sparse partial least square discriminant analysis (sPLS-DA) (Lê Cao et al., 2016) was applied to identify microbial signatures related to HE and LE animals.




Results


Sequencing information

A total of 2,132,659 16S rDNA gene reads and 7,084,856 18S rDNA gene reads were generated from rumen samples collected from the 22 animals. After quality control, combining paired-end reads, and filtering chimeras, on average, 91% of sequences passed the filters, with 1,661,299 sequences separated as 16S rDNA and 6,111,590 as 18S rDNA. An average of 75,513 (± 12,226) denoised sequences were generated per animal for 16S rRNA and 277,799 (± 58,359) for 18S rRNA. Good’s coverages for both 16S and 18S rRNA were higher than 98%, suggesting that sequencing depth had sufficient coverage for the microbial communities.



Microbial community structure

Bacterial, archaeal, and protozoal community structure was examined using Faith’s PD, Pielou’s evenness, and Shannon’s entropy. None of these alpha-diversity metrics was different between HE and LE animals. Additionally, beta-diversity metrics, such as unweighted UniFrac, did not differ between HE and LE animals (Supplementary Table 1). Weighted UniFrac distances showed no differences in the structuring of the microbial communities according to the feed efficiency groups. As for the Jaccard index, the communities overlapped, indicating that the structures of the microbial communities from both groups were similar. The Bray–Curtis dissimilarity matrix showed no microbial cluster by feed efficiency grouping (data not presented).



Taxonomic profile

Taxonomic profiling revealed a total of 22 prokaryotic taxa at the phylum level and eight eukaryotic taxa at the phylum level. From 16S rRNA gene sequences, after filtration, 74% species belonged to the Bacteria kingdom, 24% to Archaea, and 2% were unclassified. The dominant prokaryotic phylum was Firmicutes (52%), followed by Euryarchaeota (24%) and Bacteroidota (18%). At the genus level, the predominant taxa were Methanobrevibacter (23%), Christensenellaceae R7 group (10%), and Prevotella (8%). From 18S rRNA gene sequences, 95% were classified as Protozoa, < 0.001% were classified as Fungi, and 5% were unclassified. The dominant phylum was Ciliophora (95%), followed by an unassigned group (5%). At the genus level, the predominant taxa were Entodinium (53%), Diplodinium (22%), and an unassigned group (15%). Notably, 14% of 16S rRNA sequences and 20% of 18S rRNA sequences could not be assigned to a known genus (Figure 1).
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FIGURE 1
Taxa summary plot between the feed efficiency groups (FE and LE). (A) Bacteria. (B) Archaea. (C) Protozoa.


In order to better represent the taxonomic and predicted functional profile of the rumen microbiota related to RFI, all detected taxa, including unclassified taxa, were included in the analysis. Fungi taxa sequenced by 18S rRNA primer were removed from the analysis because this molecular marker is unsuitable for fungi classification due to low-quality resolution. A complete list of all microbial taxa is in Supplementary Table 2.



Predicted functional profile

Using the PICRUSt2 package in QIIME2, a total of 6,774 and 7,636 MetaCyc pathways were predicted based on 16S rRNA and 18S rRNA, respectively. A complete list of all predicted MetaCyc pathways is provided in Supplementary Table 3.

Metabolic pathways were predicted for bacteria and archaea separately, but the RIM-DB was used to improve the classification of archaea, generating a new and improved dataset for this microbial group. Even with these two datasets (bacteria and archaea) being used as inputs for PICRUSt2, MetaCyc pathways predicted for both datasets were the same, with identical frequency per feature. The ten most abundant pathways reconstructed for each microbial group were considered the major predicted functions of the rumen microbiome in crossbred Holstein x Gyr dairy cattle (Supplementary Table 4).



Taxonomic and functional signatures related to residual feed intake

The sPLS-DA multivariate analysis was used to identify microbial taxa and functions that best characterized the HE and LE animals. For this analysis, only microbial taxa and functions with a relative abundance > 0.01% and prevalent in at least 50% of the samples (11 out 22) were considered (Supplementary Figure 1). Twenty-one phyla and 49 genera of bacteria and archaea were detected, and two phyla and seven genera of protozoa were detected. After pre-training the classifier to improve archaeal classification, a new dataset was generated for only archaea, with one phylum and two genera. Following centered log-ratio transformation procedures, a clear separation was observed in the bacterial taxonomic profile differentiating the rumen microbiome of HE from LE. Still, no difference was observed for archaeal and protozoal taxonomic profiles (Figure 2). However, a clear separation of functional profiles for bacteria, archaea, and protozoa was observed between HE and LE animals (Figure 2).
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FIGURE 2
Sparse partial least square discriminant analysis results on rumen microbiome in two FE groups of dairy cattle. Sample plot on the two first sPLS-DA components with 95% confidence level ellipse plots. (A) Bacterial taxonomic composition; (B) archaeal taxonomic composition; (C) protozoal taxonomic composition; (D) bacterial functional composition; (E) archaeal functional composition; (F) protozoal functional composition.


Overall, 55% of the bacterial signature selected in component 1 of the sPLS-DA characterized the rumen microbiome of HE animals, which included the bacterial taxa Howardella, Shuttleworthia, Coprococcus, Colidextribacter, Solobacterium, Carnobacterium, [Eubacterium] xylanophilum group, and four unclassified taxa. From the new dataset generated for archaea, 50% of the archaeal signature selected in component 1 characterized the rumen microbiome of HE animals, having members of the taxa Methanobrevibacter and of one unclassified taxon. On the other hand, 60% of the protozoal signature selected on component 1 of the sPLS-DA characterized the rumen microbiome of LE animals and comprised the taxa Eremoplastron, Polyplastron, and one unclassified taxon (Figure 3).
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FIGURE 3
Contribution of each microbial taxa selected on the first component. (A) Bacteria. (B) Archaea. (C) Protozoa.


The most important MetaCyc pathways for component 1 in bacteria and archaea were related to metabolism (50%), signaling and cellular processes (30%), and genetic information processing (20%). For protozoa, the most important MetaCyc pathways on component 1 were related to metabolism (72%), environmental information processing (9%), genetic information processing (9%), and unknown functions (9%) (Figure 4). In terms of functional signature, 70% of the bacterial and archaeal signatures selected in component 1 of the sPLS-DA characterized the rumen MetaCyc pathways of HE animals, including functions related to signaling and cellular processes (e.g., K03395, K18833, and K03304), metabolism (e.g., K05882, K03822, K13669, K15781, K18382) and genetic information processing (e.g., K13643 and K07445). For protozoa, 100% of the signature selected on this same component of the sPLS-DA characterized the rumen MetaCyc pathways of LE animals, including functions related to metabolism (e.g., K16177, K08265, K14082, K16183, K08264, K16180, K16181, and K16182), environmental information processing (e.g., K01539), genetic information processing (e.g., K11627) and unknown functions (e.g., K09706) (Figure 4).
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FIGURE 4
Contribution of each microbial function selected on the first component. (A) Bacterial function; (B) archaeal function; (C) protozoal function.





Discussion

To our knowledge, this is the first report that documents the linkage between the rumen microbiota and its functions and the RFI phenotype in dairy cattle raised in tropical conditions. First, alpha- and beta-diversity indices did not differ between the HE and LE animals, and in agreement with previous studies on breeds raised in temperate climates (Myer et al., 2015; Clemmons et al., 2019), these findings suggest that diversity indices may not be a significant parameter to differentiate feed efficiency phenotypes. Second, microbial signatures are more useful than diversity indices for detecting correspondences between specific taxa and RFI phenotypes in ruminants (Shabat et al., 2016; Delgado et al., 2019). Third, MetaCyc pathways predicted from PICRUSt2 and analyzed through mixMC could separate functional microbial profiles related to RFI for bacteria, archaea, and protozoa and identify specific metabolic pathways associated with HE and LE animals. In line with Shabat et al. (2016), our findings suggest that the functional profile of the rumen microbiota can be more informative about FE phenotypes than the taxonomic profile of the whole microbial community.

The lack of difference in alpha- and beta-diversity indices indicates that RFI phenotypes cannot be a reflection of the diversity of the microbial community but the result of dissimilarities at a finer resolution at the species and/or genus level of the microorganisms and their functions (McGovern et al., 2020). Microorganisms belonging to different taxonomic groups may play the same role in the rumen, utilizing similar substrates and producing similar products (Clemmons et al., 2019; Li et al., 2019a). This may indicate that detecting specific microbial taxa and their functions is fundamental to understanding the linkage between the RFI phenotype and the taxonomic structure of the rumen microbiome. Studies that used PCR-DGGE to understand the linkage between microbial community structure and FE have reported that bacterial profiles generated from LE animals were grouped together and separated from profiles obtained from HE animals (Guan et al., 2008). In the current study, the sPLS-DA models showed a clear separation in bacterial and archaeal profiles differentiating the HE and LE animals, but not protozoal profiles (Figure 1). Carberry et al. (2012) found that diet influenced the effect of RFI on bacterial profile, especially when animals were fed on a forage-based diet. This is in agreement with our results, as our animals were fed on forage-based diets in a similar fashion. Nevertheless, most recent studies have suggested that specific microbial taxa, and not the whole rumen microbiome, could be the main agents driving differences in FE phenotypes (Carberry et al., 2012; Elolimy et al., 2018; Brooke et al., 2019).

The microbial signatures identified in this study provide further understanding of the relationships between RFI and the rumen microbiota and its functions, demonstrating the feasibility of probing rumen microbial signatures with sPLS-DA models (Lê Cao et al., 2016; Neves et al., 2020) to differentiate FE phenotypes. The bacterial signature of HE animals included members of the families Lachnospiraceae (Howardella, Shuttleworthia, Coprococcus, and Eubacterium xylanophilum), Oscillospiraceae (Colidextribacter), Erysipelotrichaceae (Solobacterium), Carnobacteriaceae (Carnobacterium), and four unidentified taxa (Figure 2). The genus members of Lachnospiraceae have been previously related to feed efficiency in cattle (Jewell et al., 2015; Shabat et al., 2016; Elolimy et al., 2018; Wallace et al., 2019) as well as in other animals, such as pigs and chickens (Lee et al., 2017; Aliakbari et al., 2021). Among all genera described above, the following three genera are the only ones with known functions in the rumen, suggesting that more research is needed on the functional role of the unknown microbes. Howardella plays a role in urea hydrolysis (Cook et al., 2007). The ureolytic bacteria are the most important organisms associated with N metabolism in the rumen, enabling the breakdown of urea to ammonia used for the biosynthesis of microbial protein for the host (Hailemariam et al., 2021). Shuttleworthia participates in lipid and carbohydrate metabolism and regulates the endocrine system via short-chain fatty acid production, potentially increasing the host feed efficiency (Liu et al., 2021). Coprococcus has been extensively related to high feed efficient cattle (Jewell et al., 2015; Shabat et al., 2016) and plays a role in metabolizing carbohydrates for the host (Whitman et al., 2015). These findings suggest that the same microbial taxa can influence the feed efficiency of different host organisms, highlighting the necessity of deepening our understanding of the functional role of the diverse microbial taxa present in the rumen.

The bacterial signature of the LE group included members of the families Pirellulaceae (p-1088-a5 gut group), Desulfovibrionaceae (Desulfovibrio), Peptostreptococcaceae (Romboutsia), Fibrobacteraceae (Fibrobacter), Clostridia UCG-014, WCHB1-41, and three unidentified taxa. Although Pirellulaceae p-1088-a5 gut group was associated with inefficient cattle in this study, it has been related to feed efficient pigs (Gardiner et al., 2020) and calcium digestibility in goats (Liu et al., 2020), indicating that our findings may not be conclusive evidence to support this association. Desulfovibrio is responsible for removing toxic hydrogen sulfide gas from the rumen when ruminants ingest high sulfate concentrations. Hydrogen sulfide can inhibit the production of volatile fatty acids, especially butyrate, decreasing feed efficiency (Zhang et al., 2021). Romboutsia is related to less severe immune responses, as demonstrated by reduced concentrations of pro-inflammatory plasma cytokines (Liang et al., 2016) measured in inefficient animals that exhibited downregulated immune functions (Kern et al., 2016). These findings reveal that the functions of most rumen microorganisms are not well understood, and more metatranscriptomics studies are needed to elucidate the functional landscape of the rumen microbiome.

Unfortunately, the archaeal signature of HE animals was composed of unclassified taxa and could not be defined. This may be attributed to the fact that this study did not use archaea-specific primers, limiting the taxonomic assessment of this microbial group. Myer et al. (2016) also found many unassigned taxa that could be the key to understanding feed efficiency in ruminants. Projects, such as the Hungate 10001 are crucial to investigating the rumen microbiome and relationships between archaeal taxa and feed efficiency. Exploring big data, like that of the Hungate 1000, might be the direction to uncovering novel archaeal signatures of feed-efficient animals. However, the archaeal signature of LE in this study was entirely composed of Methanobrevibacter, which accounts for the majority of rumen methanogens found in cattle. This genus is more abundant in inefficient cattle and is associated with higher enteric methane emissions (Delgado et al., 2019).

The protozoal signature comprised members of only one family, Ophryoscolecidae. In HE animals, this signature included members of the genera Ophryoscolex and Metadinium, and in LE, it included members of Eremoplastron, Polyplastron, and one genus not identified. Rumen protozoa play a significant role in microbial protein synthesis and nitrogen balance in the rumen (Morgavi et al., 2010; Guyader et al., 2014; Newbold et al., 2015). Unlike our results, previous studies detected differential abundance in Diplodinium and Entodinium genera in divergent FE groups (Zhang et al., 2020; Clemmons et al., 2021). However, the current study sheds light on the functional role of Ophryoscolex and Metadinium in feed efficiency that has not been previously observed or anticipated, despite the limited number of protozoan signatures detected. This information is far from complete and is insufficient to understand the complex relationships between rumen protozoa and feed efficiency because many species of these two genera still need to be characterized, indicating the need for further studies of their functions.

The rumen microbiome comprises an active community that lies at the interface of the animal and its environment, with microbial activity influencing the metabolism and physiology of the host animal (Ha et al., 2014). There is also evidence that the genetics of the host animal shapes a core rumen microbiome that is linked to feed efficiency (Li et al., 2019a; Wallace et al., 2019). Altering rumen microbial functions to enhance nutrient utilization may improve feed efficiency (Li and Guan, 2017). To understand the functional role of the whole microbial population without the need for culture, MetaCyc pathways were predicted in our samples using the tool PICRUSt2. MetaCyc is a database of metabolic pathways from all domains of life (Caspi et al., 2008). PICRUSt2 is a cost-effective method to predict functional abundances based only on marker gene sequences. Unlike metatranscriptomic analysis, it does not provide direct information about active genes in the microbial community. These approaches (PICRUSt2 and metatranscriptomics) are closely related in their predictive power and have been widely used to profile the functional features of the rumen microbiome (Neves et al., 2017; Douglas et al., 2020). When used correctly and appropriately, PICRUSt2 can profile 16S and 18S RNA genes with high reliability (Douglas et al., 2018; Wilkinson et al., 2018), as was done in this study. However, PICRUSt2 has limitations in identifying microbiome functions (Huws et al., 2018), and it is generally recommended to use metatranscriptomics instead of PICRUSt2 to obtain a more accurate description of the active microbiota.

The MetaCyc pathways predicted through the PICRUSt2 tool showed a clear separation in microbial functions of bacteria, archaea, and protozoa related to each FE group. In bacteria and archaea, 48 and 45%, respectively, of the metabolic pathways in HE animals were associated with various metabolism functions (e.g., carbohydrates and lipids). In protozoa, 36% of the MetaCyc pathways related to LE animals were associated with energy and amino acid metabolism, indicating that, unlike bacterial metabolic functions, protozoal metabolic pathways may be detrimental to feed efficiency (Figure 3). Our results agree with Shabat et al. (2016) and Li and Guan (2017), who showed that inefficient cattle display more diverse activities of rumen microbes than their efficient counterparts. According to Shabat et al. (2016), efficient cattle have simpler metabolic pathway networks than inefficient cattle, which may result in higher concentrations of products that are more relevant to the host, supporting a greater energy harvest efficiency. Changes in functional groups (e.g., a switch from proteolytic to saccharolytic fermentation) have been associated with higher energy harvest from feed and metabolic diseases in obese humans (Canfora et al., 2019). This host-microbe association suggests that microbial functions are of paramount importance to efficient digestion and absorption of nutrients in the gastrointestinal tract of mammals, pointing to the need to uncover novel microbial functions to understand better their influence on animal metabolism and phenotypes, such as FE.



Conclusion

This study revealed compositional differences in specific taxa and MetaCyc pathways related to RFI phenotypes in dairy cattle raised in tropical conditions, but several taxa were unassigned when we profiled the microbial community at more specific levels (e.g., genus, ASV).

This article suggests that discovering biomarkers for FE phenotypes could be accomplished by identifying specific microbial taxa and metabolic pathways that characterize LE and HE groups. In this way, specific microbes and metabolic pathways could be manipulated in the rumen to improve FE. Additionally, we suggest that meta-omics data (e.g., metagenomics, metatranscriptomics, metabolomics) be incorporated in future studies to facilitate the discovery of biomarkers and provide a better overview of the rumen microbiome functionality and its association with FE phenotype.



Data availability statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found in the article/ Supplementary material.



Ethics statement

This animal study was reviewed and approved by the Ethics Committee of Embrapa Dairy Cattle (Number: 05/2015).



Author contributions

MC, RD, MM, and LP conceived and designed the experiment. MC collected the samples. PF and DF extracted DNA from the samples. PF, JL, and AN ran the bioinformatic pipeline. PF, WG, and AN performed the statistical analysis. PF, MC, RD, and AN executed the experiment and wrote the manuscript. PG and LG contributed to the investigation and revised the manuscript. All authors read and approved the final version of the manuscript.



Funding

All funding support was received from EMBRAPA, http://www.embrapa.br/, Project number: 02.13.05.007.00.00, title: “Development and integration of feed efficiency metrics for dairy cattle,” and from Future Food Beacon of Excellence—University Nottingham/Embrapa, Project 20500.20/0037-1, title “Rumen microbiome and its association with feed efficiency and methane emissions in dairy cattle under tropical conditions,” Coordenação de Aperfeiçoamento de Pessoal de Nível Superior (CAPES), Conselho Nacional de Desenvolvimento Científico e Tecnológico (CNPq), and Fundação de Amparo à Pesquisa do Estado de Minas Gerais (FAPEMIG) (APQ-02929-18). CNPq provided the research grant to RD (Bolsa de Produtividade PQ) and CAPES provided a grant to PF.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

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



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fmicb.2022.1025173/full#supplementary-material


Footnotes

1     http://www.rmgnetwork.org/hungate1000.html


References

Aliakbari, A., Zemb, O., Billon, Y., Barilly, C., Ahn, I., Riquet, J., et al. (2021). Genetic relationships between feed efficiency and gut microbiome in pig lines selected for residual feed intake. J. Anim. Breed. Genet. 138, 491–507. doi: 10.1111/jbg.12539

Auffret, M. D., Stewart, R. D., Dewhurst, R. J., Duthie, C. A., Watson, M., and Roehe, R. (2020). Identification of microbial genetic capacities and potential mechanisms within the rumen microbiome explaining differences in beef cattle feed efficiency. Front. Microbiol. 11:1229. doi: 10.3389/fmicb.2020.01229

Baumgard, L. H., Wheelock, J. B., O’Brien, M., Shwartz, G., Zimbelman, R. B., Sanders, S. R., et al. (2007). “The differential effects of heat stress vs. underfeeding on production and post-absorptive nutrient partitioning,” in Proceedings of the 22nd Annual Southwest Nutrition and Management Conference, Tempe, AZ.

Bodas, R., Prieto, N., García-González, R., Andrés, S., Giráldez, F. J., and López, S. (2012). Manipulation of rumen fermentation and methane production with plant secondary metabolites. Anim. Feed Sci. Technol. 176, 78–93. doi: 10.1016/j.anifeedsci.2012.07.010

Bolyen, E., Rideout, J. R., Dillon, M. R., Bokulich, N. A., Abnet, C. C., Al-Ghalith, G. A., et al. (2019). Reproducible, interactive, scalable and extensible microbiome data science using QIIME 2. Nat. Biotechnol. 37, 852–857. doi: 10.1038/s41587-019-0209-9

Bowen, J. M., Cormican, P., Lister, S. J., McCabe, M. S., Duthie, C.-A., Roehe, R., et al. (2020). Links between the rumen microbiota, methane emissions and feed efficiency of finishing steers offered dietary lipid and nitrate supplementation. PLoS One 15:e0231759. doi: 10.1371/journal.pone.0231759

Brooke, C. G., Najafi, N., Dykier, K. C., and Hess, M. (2019). Prevotella copri, a potential indicator for high feed efficiency in western steers. Anim. Sci. J. 90, 696–701. doi: 10.1111/asj.13197

Cabral da Silva, D., Ribeiro Pereira, L. G., Mello Lima, J. A., Machado, F. S., Ferreira, A. L., Tomich, T. R., et al. (2020). Grouping crossbred holstein x Gyr heifers according to different feed efficiency indexes and its effects on energy and nitrogen partitioning, blood metabolic variables and gas exchanges. PLoS One 15:9. doi: 10.1371/journal.pone.0238419

Callahan, B. J., McMurdie, P. J., Rosen, M. J., Han, A. W., Johnson, A. J. A., and Holmes, S. P. (2016). DADA2: High-resolution sample inference from illumina amplicon data. Nat. Met. 13, 581–583. doi: 10.1038/nmeth.3869

Canfora, E. E., Meex, R. C. R., Venema, K., and Blaak, E. E. (2019). Gut microbial metabolites in obesity, NAFLD and T2DM. Nat. Rev. Endocrinol. 15, 261–273. doi: 10.1038/s41574-019-0156-z

Caporaso, J. G., Lauber, C. L., Walters, W. A., Berg-Lyons, D., Lozupone, C. A., Turnbaugh, P. J., et al. (2011). Global patterns of 16S rRNA diversity at a depth of millions of sequences per sample. Proc. Natl. Acad. Sci. 108, 4516–4522. doi: 10.1073/PNAS.1000080107

Carberry, C. A., Kenny, D. A., Han, S., McCabe, M. S., and Waters, S. M. (2012). Effect of phenotypic residual feed intake and dietary forage content on the rumen microbial community of beef cattle. Appl. Environ. Microbiol. 78, 4949–4958. doi: 10.1128/aem.07759-11

Caspi, R., Altman, T., Billington, R., Dreher, K., Foerster, H., Fulcher, C. A., et al. (2014). The metacyc database of metabolic pathways and enzymes and the biocyc collection of pathway/genome databases. Nucleic Acids Res. 42, 459–471. doi: 10.1093/nar/gkt1103

Caspi, R., Foerster, H., Fulcher, C. A., Kaipa, P., Krummenacker, M., Latendresse, M., et al. (2008). The Metacyc database of metabolic pathways and enzymes and the BioCyc collection of pathway/genome databases. Nucleic Acids Res. 36, 623–631. doi: 10.1093/nar/gkm900

Clemmons, B. A., Martino, C., Powers, J. B., Campagna, S. R., Voy, B. H., Donohoe, D. R., et al. (2019). Rumen bacteria and serum metabolites predictive of feed efficiency phenotypes in beef cattle. Sci. Rep. 9:19265. doi: 10.1038/s41598-019-55978-y

Clemmons, B. A., Shin, S. B., Smith, T. P. L., Embree, M. M., Voy, B. H., Schneider, L. G., et al. (2021). Ruminal protozoal populations of angus steers differing in feed efficiency. Animals 11:6. doi: 10.3390/ani11061561

Cook, A. R., Riley, P. W., Murdoch, H., Evans, P. N., and McDonald, I. R. (2007). Howardella ureilytica gen. nov., sp. nov., a gram-positive, coccoid-shaped bacterium from a sheep rumen. Int. J. Syst. Evol. Microbiol. 57, 2940–2945. doi: 10.1099/ijs.0.64819-0

Dehority, B. A., and Orpin, C. G. (1997). “Development of, and natural fluctuations in rumen microbial populations,” in The Rumen Microbial Ecosystem, eds P. N. Hobson and C. S. Stewart (Dordrecht: Springer), 196–245.

Delgado, B., Bach, A., Guasch, I., González, C., Elcoso, G., Pryce, J. E., et al. (2019). Whole rumen metagenome sequencing allows classifying and predicting feed efficiency and intake levels in cattle. Sci. Rep. 9:11. doi: 10.1038/s41598-018-36673-w

Douglas, G. M., Beiko, R. G., and Langille, M. G. I. (2018). “Predicting the Functional Potential of the Microbiome from Marker Genes Using PICRUSt,” in Methods in Molecular Biology, eds R. Beiko, W. Hsiao, and J. Parkinson (New York, NY: Humana Press Inc.), 169–177. doi: 10.1007/978-1-4939-8728-3_11

Douglas, G. M., Maffei, V. J., Zaneveld, J., Yurgel, S. N., Brown, J. R., Taylor, C. M., et al. (2020). PICRUSt2: An improved and customizable approach for metagenome inference. BioRxiv [Preprint] doi: 10.1101/672295

Elolimy, A. A., Arroyo, J. M., Batistel, F., Iakiviak, M. A., and Loor, J. J. (2018). Association of residual feed intake with abundance of ruminal bacteria and biopolymer hydrolyzing enzyme activities during the peripartal period and early lactation in holstein dairy cows. J. Anim. Sci. Biotechnol. 9:43. doi: 10.1186/s40104-018-0258-9

Fonseca, A. P., Alves, B. R. C., Campos, M. M., Costa, R. M., Machado, F. S., Pereira, L. G. R., et al. (2020). Age at puberty and reproductive characteristics of F1 holstein x Gyr crossbred heifers with divergent phenotypes for residual feed intake. Arq. Bras. Med. Vet. Zootec. 72, 1093–1101. doi: 10.1590/1678-4162-11424

Fregulia, P., Neves, A. L. A., Dias, R. J. P., and Campos, M. M. (2021). A review of rumen parameters in bovines with divergent feed efficiencies: What do these parameters tell us about improving animal productivity and sustainability? Livest. Sci. 254:104761. doi: 10.1016/j.livsci.2021.104761

Gardiner, G. E., Metzler-Zebeli, B. U., and Lawlor, P. G. (2020). Impact of intestinal microbiota on growth and feed efficiency in pigs: A review. Microorganisms 8:1886. doi: 10.3390/microorganisms8121886

Guan, L. L., Nkrumah, J. D., Basarab, J. A., and Moore, S. S. (2008). Linkage of microbial ecology to phenotype: Correlation of rumen microbial ecology to cattle’s feed efficiency. FEMS Microbiol. Lett. 288, 85–91. doi: 10.1111/j.1574-6968.2008.01343.x

Guyader, J., Eugène, M., Nozière, P., Morgavi, D. P., Doreau, M., and Martin, C. (2014). Influence of rumen protozoa on methane emission in ruminants: A meta-analysis approach. Animal 8, 1816–1825. doi: 10.1017/S1751731114001852

Ha, C. W. Y., Lam, Y. Y., and Holmes, A. J. (2014). Mechanistic links between gut microbial community dynamics, microbial functions and metabolic health. World J. Gastroenterol. 20, 16498–16517. doi: 10.3748/WJG.V20.I44.16498

Hailemariam, S., Zhao, S., He, Y., and Wang, J. (2021). Urea transport and hydrolysis in the rumen: A review. Anim. Nutr. 7, 989–996. doi: 10.1016/j.aninu.2021.07.002

Huws, S. A., Creevey, C. J., Oyama, L. B., Mizrahi, I., Denman, S. E., Popova, M., et al. (2018). Addressing global ruminant agricultural challenges through understanding the rumen microbiome: Past, present, and future. Front. Microbiol. 9:2161. doi: 10.3389/fmicb.2018.02161

Instituto Nacional de Meteorologia [INMET]. (2015). Instituto Nacional de Meteorologia [INMET]. Available online at: https://portal.inmet.gov.br/dadoshistoricos (accessed Jul 15, 2016).

Jewell, K. A., McCormick, C. A., Odt, C. L., Weimer, P. J., and Suen, G. (2015). Ruminal bacterial community composition in dairy cows is dynamic over the course of two lactations and correlates with feed efficiency. Appl. Environ. Microbiol. 81, 4697–4710. doi: 10.1128/AEM.00720-15

Kern, R. J., Lindholm-Perry, A. K., Freetly, H. C., Snelling, W. M., Kern, J. W., Keele, J. W., et al. (2016). Transcriptome differences in the rumen of beef steers with variation in feed intake and gain. Gene 586, 12–26. doi: 10.1016/j.gene.2016.03.034

Lê Cao, K. A., Costello, M.-E., Lakis, V. A., Bartolo, F., Chua, X.-Y., Brazeilles, R., et al. (2016). MixMC: A multivariate statistical framework to gain insight into microbial communities. PLoS One 11:e0160169. doi: 10.1371/journal.pone.0160169

Leão, J. M., Coelho, S. G., Machado, F. S., Azevedo, R. A., Lima, J. A. M., Carneiro, J. C., et al. (2018). Phenotypically divergent classification of preweaned heifer calves for feed efficiency indexes and their correlations with heat production and thermography. J. Dairy Sci. 101, 5060–5068. doi: 10.3168/jds.2017-14109

Lee, K.-C., Kil, D. Y., and Sul, W. J. (2017). Cecal microbiome divergence of broiler chickens by sex and body weight. J. Microbiol. 55, 939–945. doi: 10.1007/s12275-017-7202-0

Li, F., and Guan, L. L. (2017). Metatranscriptomic profiling reveals linkages between the active rumen microbiome and feed efficiency in beef cattle. Appl. Environ. Microbiol. 83:9. doi: 10.1128/AEM.00061-17

Li, F., Hitch, T. C. A., Chen, Y., Creevey, C. J., and Guan, L. L. (2019a). Comparative metagenomic and metatranscriptomic analyses reveal the breed effect on the rumen microbiome and its associations with feed efficiency in beef cattle. Microbiome 7:6. doi: 10.1186/s40168-019-0618-5

Li, F., Li, C., Chen, Y., Liu, J., Zhang, C., Irving, B., et al. (2019b). Host genetics influence the rumen microbiota and heritable rumen microbial features associate with feed efficiency in cattle. Microbiome 7:92. doi: 10.1186/s40168-019-0699-1

Liang, G., Malmuthuge, N., Bao, H., Stothard, P., and Griebel, P. J. (2016). Transcriptome analysis reveals regional and temporal differences in mucosal immune system development in the small intestine of neonatal calves. BMC Genom. 17:602. doi: 10.1186/s12864-016-2957-y

Liu, J. (2020). Assessment Of Rumen Microbiota In Beef Heifers With Different Feed Efficiency And Managed Under Different Feeding Systems, Ph.D Thesis. Edmonton, AB: University of Alberta.

Liu, Y., Shah, A. M., Wang, L., Jin, L., Wang, Z., Xue, B., et al. (2020). Relationship between the true digestibility of dietary calcium and gastrointestinal microorganisms in goats. Animals 10:875. doi: 10.3390/ani10050875

Liu, Y. S., Li, S., Wang, X. F., Xing, T., Li, J. L., Zhu, X. D., et al. (2021). Microbiota populations and short-chain fatty acids production in cecum of immunosuppressed broilers consuming diets containing γ-irradiated Astragalus polysaccharides. Poult. Sci. 100, 273–282. doi: 10.1016/j.psj.2020.09.089

Marçal-Pedroza, M. G., Campos, M. M., Pereira, L. G. R., Machado, F. S., Tomich, T. R., Paranhos da Costa, M. J. R., et al. (2020). Consistency of temperament traits and their relationships with milk yield in lactating primiparous F1 holstein – Gyr cows. Appl. Anim. Behav. Sci. 222:104881. doi: 10.1016/j.applanim.2019.104881

Markowitz, V. M., Chen, I.-M. A., Palaniappan, K., Chu, K., Szeto, E., Grechkin, Y., et al. (2012). IMG: The integrated microbial genomes database and comparative analysis system. Nucleic Acids Res. 40, 115–122. doi: 10.1093/nar/gkr1044

McGovern, E., McGee, M., Byrne, C. J., Kenny, D. A., Kelly, A. K., and Waters, S. M. (2020). Investigation into the effect of divergent feed efficiency phenotype on the bovine rumen microbiota across diet and breed. Sci. Rep. 10:15317. doi: 10.1038/s41598-020-71458-0

Moraïs, S., and Mizrahi, I. (2019). Islands in the stream: From individual to communal fiber degradation in the rumen ecosystem. FEMS Microbiol. Rev. 43, 362–379. doi: 10.1093/femsre/fuz007

Morgavi, D. P., Forano, E., Martin, C., and Newbold, C. J. (2010). Microbial ecosystem and methanogenesis in ruminants. Animal 4, 1024–1036. doi: 10.1017/S1751731110000546

Myer, P. R., Kim, M., Freetly, H. C., and Smith, T. P. L. (2016). Evaluation of 16S rRNA amplicon sequencing using two next-generation sequencing technologies for phylogenetic analysis of the rumen bacterial community in steers. J. Microbiol. Methods 127, 132–140. doi: 10.1016/j.mimet.2016.06.004

Myer, P. R., Smith, T. P. L., Wells, J. E., Kuehn, L. A., and Freetly, H. C. (2015). Rumen microbiome from steers differing in feed efficiency. PLoS One 10:6. doi: 10.1371/journal.pone.0129174

National Research Council [NRC]. (2001). Nutrient Requirements of Dairy Cattle, 7th revised Edn. Washington, DC: The National Academies Press.

Neves, A. L. A., Chen, Y., Lê Cao, K. A., Mandal, S., Sharpton, T. J., McAllister, T., et al. (2020). Taxonomic and functional assessment using metatranscriptomics reveals the effect of angus cattle on rumen microbial signatures. Animal 14, 731–744. doi: 10.1017/S1751731119002453

Neves, A. L. A., Li, F., Ghoshal, B., McAllister, T., and Guan, L. L. (2017). Enhancing the resolution of rumen microbial classification from metatranscriptomic data using kraken and mothur. Front. Microbiol. 8:2445. doi: 10.3389/fmicb.2017.02445

Newbold, C. J., de la Fuente, G., Belanche, A., Ramos-Morales, E., and McEwan, N. R. (2015). The role of ciliate protozoa in the rumen. Front. Microbiol. 6:1313. doi: 10.3389/fmicb.2015.01313

Oliveira, M. C., de, S., Regitano, L. C., de, A., Roese, A. D., Anthonisen, D. G., et al. (2007). “Fundamentos teóricos-práticos e protocolos de extração e de amplificação de DNA por meio da técnica de reação em cadeia de polimerase”. Embrapa Pecuária Sudeste-Livro científico (ALICE). São Carlos: Embrapa Pecuária Sudeste.

Ornelas, L. T. C., Silva, D. C., Tomich, T. R., Campos, M. M., Machado, F. S., Ferreira, A. L., et al. (2019). Differences in methane production, yield and intensity and its effects on metabolism of dairy heifers. Sci. Total Environ. 689, 1133–1140. doi: 10.1016/j.scitotenv.2019.06.489

Passini, R., Ferreira, F. A., Borgatti, L. M. O., Terêncio, P. H., de Souza, R. T. Y. B., and Rodrigues, P. H. M. (2009). Estresse térmico sobre a seleção da dieta por bovinos. Acta Scientiarum. Anim. Sci. J. 31, 303–309. doi: 10.4025/actascianimsci.v31i3.6293

Quast, C., Pruesse, E., Yilmaz, P., Gerken, J., Schweer, T., Yarza, P., et al. (2012). The SILVA ribosomal RNA gene database project: Improved data processing and web-based tools. Nucleic Acids Res. 41, 590–596. doi: 10.1093/nar/gks1219

Roehe, R., Dewhurst, R. J., Duthie, C. A., Rooke, J. A., McKain, N., Ross, D. W., et al. (2016). Bovine host genetic variation influences rumen microbial methane production with best selection criterion for low methane emitting and efficiently feed converting hosts based on metagenomic gene abundance. PLoS Genetics. 12:e1005846. doi: 10.1371/journal.pgen.1005846

Seedorf, H., Kittelmann, S., Henderson, G., and Janssen, P. H. (2014a). RIM-DB: A taxonomic framework for community structure analysis of methanogenic archaea from the rumen and other intestinal environments. PeerJ 2:e494. doi: 10.7717/peerj.494

Shabat, S. K. B., Sasson, G., Doron-Faigenboim, A., Durman, T., Yaacoby, S., Berg Miller, M. E., et al. (2016). Specific microbiome-dependent mechanisms underlie the energy harvest efficiency of ruminants. ISME J. 10, 2958–2972.

Sylvester, J. T., Karnati, S. K. R., Yu, Z., Morrison, M., and Firkins, J. L. (2004). Development of an assay to quantify rumen ciliate protozoal biomass in cows using real-time PCR. J. Nutr. 134, 3378–3384. doi: 10.1093/jn/134.12.3378

Wallace, R. J., Sasson, G., Garnsworthy, P. C., Tapio, I., Gregson, E., Bani, P., et al. (2019). A heritable subset of the core rumen microbiome dictates dairy cow productivity and emissions. Sci. Adv. 5:eaav8391. doi: 10.1126/sciadv.aav8391

Welch, C. B., Lourenco, J. M., Krause, T. R., Seidel, D. S., Fluharty, F. L., Pringle, T. D., et al. (2021). Evaluation of the fecal bacterial communities of angus steers with divergent feed efficiencies across the lifespan from weaning to slaughter. Front. Vet. Sci. 8:597405. doi: 10.3389/fvets.2021.597405

Whitman, W. B., Ubo, F., and Fremer, F. (2015). Bergey’s Manual of Systematics of Archaea and Bacteria (BMSAB). Hoboken, NJ: Wiley.

Wilkinson, T. J., Huws, S. A., Edwards, J. E., Kingston-Smith, A. H., Siu-Ting, K., Hughes, M., et al. (2018). CowPI: A rumen microbiome focussed version of the PICRUSt functional inference software. Front. Microbiol. 9:1095. doi: 10.3389/fmicb.2018.01095

Zhang, Y., Li, F., Chen, Y., Wu, H., Meng, Q., and Guan, L. L. (2020). Metatranscriptomic profiling reveals the effect of breed on active rumen eukaryotic composition in beef cattle with varied feed efficiency. Front. Microbiol. 11:367. doi: 10.3389/fmicb.2020.00367

Zhang, Y. K., Zhang, X. X., Li, F. D., Li, C., Li, G. Z., Zhang, D. Y., et al. (2021). Characterization of the rumen microbiota and its relationship with residual feed intake in sheep. Animal 15:100161. doi: 10.1016/j.animal.2020.100161









 


	
	
TYPE Original Research
PUBLISHED 04 January 2023
DOI 10.3389/fmicb.2022.1068825






Alterations and correlations of gut microbiota, fecal, and serum metabolome characteristics in a rat model of alcohol use disorder

Xiaolong Wang1†, Lin Li1†, Cong Bian1, Mingjian Bai1, Haitao Yu1, Han Gao1, Jiaxin Zhao3, Chunjing Zhang1* and Rongjie Zhao2*


1Department of Medical Technology, Qiqihar Medical University, Qiqihar, Heilongjiang, China

2Department of Psychiatry, Qiqihar Medical University, Qiqihar, Heilongjiang, China

3National and Local United Engineering Laboratory for Chinese Herbal Medicine Breeding and Cultivation, School of Life Sciences, Jilin University, Changchun, China

[image: image2]

OPEN ACCESS

EDITED BY
 Lifeng Zhu, Nanjing University of Chinese Medicine, China

REVIEWED BY
 Yuanzhong Xu, University of Texas at Houston, United States
 Yanji Xu, Yanbian University, China

*CORRESPONDENCE
 Chunjing Zhang, cjzhang2005@163.com 
 Rongjie Zhao, zhao_rongjie@yahoo.com

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

SPECIALTY SECTION
 This article was submitted to Microorganisms in Vertebrate Digestive Systems, a section of the journal Frontiers in Microbiology

RECEIVED 13 October 2022
 ACCEPTED 22 November 2022
 PUBLISHED 04 January 2023

CITATION
 Wang X, Li L, Bian C, Bai M, Yu H, Gao H, Zhao J, Zhang C and Zhao R (2023) Alterations and correlations of gut microbiota, fecal, and serum metabolome characteristics in a rat model of alcohol use disorder. Front. Microbiol. 13:1068825. doi: 10.3389/fmicb.2022.1068825

COPYRIGHT
 © 2023 Wang, Li, Bian, Bai, Yu, Gao, Zhao, Zhang and Zhao. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
 

Background: Growing evidence suggests the gut microbiota and metabolites in serum or fecal may play a key role in the process of alcohol use disorder (AUD). However, the correlations of gut microbiota and metabolites in both feces and serum in AUD subjects are not well understood.

Methods: We established a rat model of AUD by a chronic intermittent ethanol voluntary drinking procedure, then the AUD syndromes, the gut microbiota, metabolomic profiling in feces and serum of the rats were examined, and correlations between gut microbiota and metabolites were analyzed.

Results: Ethanol intake preference increased and maintained at a high level in experimental rats. Anxiety-like behaviors was observed by open field test and elevated plus maze test after ethanol withdraw, indicating that the AUD rat model was successfully developed. The full length 16S rRNA gene sequencing showed AUD significantly changed the β-diversity of gut microbial communities, and significantly decreased the microbial diversity but did not distinctly impact the microbial richness. Microbiota composition significantly changed in AUD rats, such as the abundance of Romboutsia and Turicibacter were significantly increased, whereas uncultured_bacterium_o_Mollicutes_RF39 was decreased. In addition, the untargeted metabolome analysis revealed that many metabolites in both feces and serum were altered in the AUD rats, especially involved in sphingolipid metabolism and glycerophospholipid metabolism pathways. Finally, multiple correlations among AUD behavior, gut microbiota and co-changed metabolites were identified, and the metabolites were directly correlated with the gut microbiota and alcohol preference.

Conclusion: The altered metabolites in feces and serum are important links between the gut microbiota dysbiosis and alcohol preference in AUD rats, and the altered gut microbiota and metabolites can be potentially new targets for treating AUD.
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Introduction

Drinking alcohol is associated with the risk of developing nearly 230 different types of diseases, such as mental and behavioral disorders, noncommunicable diseases such as liver cirrhosis, some cancers, and cardiovascular disease, as well as injuries resulting from violence and road collisions. Harmful use of alcohol is responsible for 5.1% of the global diseases burden. Alcohol consumption contributes to 3.3 million deaths annually and is the seventh leading risk factor for premature death and disability worldwide (Louisa Degenhardt et al., 2018; WHO, 2018, 2022). Alcohol-related morbidity and mortality are mainly due to the population’s high AUD prevalence. AUD, including alcohol abuse and dependence, based on the fifth edition of the Diagnostic and Statistical Manual of Mental Disorders (DSM), is characterized by a progressive escalation from low or moderate to excessive alcohol consumption, and by alcohol seeking and craving, and alcohol withdrawal symptoms such as anxiety, depression, restlessness, insomnia, tremor, seizures, which can be lethal (Ron and Barak, 2016; Fan et al., 2018; Xiao et al., 2018). AUD leads to disease burden and global adverse effects on social and economic factors. Thus, it is necessary and urgent to elaborate on AUD’s mechanisms and to develop more effective treatments.

Pathogenesis of AUD has been studied for decades, and neurobiological, genetic, environmental, psychosocial, gender, and age factors are some contributors to AUD development (Flores-Bonilla and Richardson, 2020; Guinle and Sinha, 2020; Egervari et al., 2021; Siomek-Gorecka et al., 2021). However, the molecular mechanisms underlying AUD have not been fully elucidated. The vast majority of researches have focused on the effect of alcohol consumption on the central nervous system in the brain and neuroendocrine system, such as the circuits in the prefrontal cortex (PFC), ventral tegmentum area (VTA), nucleus accumbens (NAc), and hypothalamic–pituitary–adrenal (HPA) axis (Goldstein and Volkow, 2002; Funk et al., 2006; Koob and Volkow, 2016). AUD formation was related to the alcohol’s toxicity effects on the multiple neurotransmitter systems, such as dopamine, gamma-aminobutyric acid, glutamate, serotonin, acetylcholine, and opioid systems (Yang et al., 2022). Therefore, many pharmacotherapies approved or currently under development are targeting at these neurotransmitter systems, but showed a limited effect (Burnette et al., 2022), which suggests that there are some other possible physiological processes play critical roles in the development of AUD (Leclercq et al., 2017; Fan et al., 2018). Studies found that the psychiatric disorders in AUD are also due to alcohol-induced dysregulation of the neuroimmune system (Erickson et al., 2019). Alcohol consumption and withdrawal cause neuroinflammation by leading to pro-inflammatory gene induction and microglial activation (Crews et al., 2021), which might be important for developing AUD and other psychological disorders (Robinson et al., 2014). In addition, AUD could increase intestinal permeability, allowing gut bacteria and gut-derived products to displace from the gut lumen to the systemic circulation or mesenteric lymph nodes (Leclercq et al., 2012, 2014a,b). These substances can activate the immune system, which then synthesize and release pro-inflammatory cytokines that reach the central nervous system and induce neuroinflammation associated with changes in mood, cognition, and drinking behavior (Leclercq et al., 2017). Compositional and functional changes in gut microbiota play a pivotal role in obesity and diabetes mellitus (Pitocco et al., 2020), cardiovascular disease (Witkowski et al., 2020), mental health (Dinan and Cryan, 2017), and alcoholic liver disease (Bajaj, 2019). Taken together, the gut microbiota and gut-derived bacterial products play a vital role in the AUD development.

Recently, several studies on the relationship between microbiota and AUD focused on determining the presence of dysbiosis in the gastrointestinal tract in AUD subjects in humans and rodent models (Vujkovic-Cvijin et al., 2020; Gupta et al., 2021) and the dysbiosis association with a variety of alcohol-related disorders, such as alcoholic liver disease (LeBrun et al., 2020) and mental disorders (Leclercq et al., 2020). There is increasing evidence that alcohol consumption can disturb the gut microbiota composition at different taxonomic levels. At the phylum level, alcohol consumption reduced the relative abundance of Bacteroidetes and increased Firmicutes (Addolorato et al., 2020; Smirnova et al., 2020). At the genus level, alcohol consumption increased the abundance of Erysipelotrichia, Clostridium, Holdemania and Sutterella, whereas decreased the abundance of Allobaculum, Streptococcaceae, Enterobacteriaceae, and Faecalibacterium (Bjørkhaug et al., 2019; Lang et al., 2020). However, some types of these gut microbiota changes also could be caused by other factors, such as obesity, a high-fat diet, and aging, demonstrating that this dysbiosis may not be specific to AUD (Ley et al., 2005; Hildebrandt et al., 2009; Mariat et al., 2009; Day and Kumamoto, 2022).

Gut bacteria can produce various bioactive metabolites, which can act locally in the gut or enter the host’s bloodstream via the portal vein (Fan and Pedersen, 2021), thereby affecting the fecal or serum metabolome. Besides the metabolites absorbed from the gut, serum metabolites, including nutrients, hormones, metabolic substrates, and products of cellular basal metabolism which can present some host cell basal metabolites. Compared to serum metabolites, fecal metabolites may be more representative of the direct microbial metabolic products produced in the gut. On the other hand, these metabolites eventually can enter the liver, muscle, adipose tissue, and brain, where they signal through targeting host molecules and affecting host signaling pathways (Koh and Bäckhed, 2020; Stavroulaki et al., 2022). While there have been many studies describe microbial metabolites in obesity, type 2 diabetes, non-alcoholic fatty liver disease, and other metabolic diseases (Pedersen et al., 2016; Wahlström et al., 2016; Federici, 2019). However, the microbial metabolites in AUD have been relatively unexplored.

It is now widely recognized that gut microbes play an important role in AUD development. In addition to the changes in gut microbiota composition, the metabolites produced by gut microbiota, including short-chain fatty acids (SCFAs), bile acid, secondary bile acid, serotonin, and taurine, also impact AUD (Postler and Ghosh, 2017; Wang et al., 2018; Yang et al., 2021). However, studies so far conducted only analyze the differences in fecal or serum metabolites during AUD and few reports integrate the relationship between differential metabolites in feces and serum. The combination of the two metabolomics approaches can provide a more comprehensive and detailed holistic metabolic profiling (Shan et al., 2018). The effect of alcohol consumption on both fecal and serum metabolites pathways in AUD is unclear. The associations among gut microbiota, gut metabolites, serum metabolites, and behavior changes in AUD are also unclear. Therefore, in the present study, the fecal microbiome, fecal and serum metabolomics profiles were characterized in a rat model of intermittent ethanol access induced AUD via full-length 16S rRNA sequencing and untargeted metabolomics analysis. The findings suggest that exploring the gut microbiome and related metabolites is extremely relevant for detecting new etiologies of AUD.



Materials and methods


Animals and experimental design

Adult male Sprague–Dawley rats (SPF grade; age: 8 weeks; weight: 240–290 g; n = 16) were obtained from Laboratory Animal Center in Qiqihar Medical University (Qiqihar, China). Animals were housed individually and kept under control conditions of 21–23°C, 40–60% humidity, and under a 12-hour regular light/dark cycle. Food and water were provided ad libitum. After 7 days of adapting to the environment, rats were randomly assigned to the experimental AUD model group by intermittent access to 20% ethanol in a 2-bottle choice (IA2BC) procedure as previously described by Carnicella (Carnicella et al., 2014; n = 8, weight = 263.67 ± 14.96 g, EtOH) and a control group (n = 8, weight = 264.33 ± 23.25 g, CON). Briefly, the EtOH group rats received free 24-h drinking of 2 bottles of selected wine (containing water and 20% ethanol) three times per week (usually Monday, Wednesday, and Friday), with 24-h and 48-h withdrawal periods on weekdays and weekends, respectively. During ethanol withdrawal, rats received two bottles of water. The placement of ethanol bottles was alternated during each drinking session to control side preferences (Carnicella et al., 2014). Rats in the CON group received free 24-h drinking of 2 bottles of water. Liquid consumption, food intake, and body weight were determined every day. After 4 weeks of experimental AUD model establishment, an open field test and an elevated plus maze test were performed to evaluate the anxiety level of each rat. The experimental schedule was showed in Figure 1. All procedures were approved by the Animal Ethical Care Committee of Qiqihar Medical University and followed ‘Guidelines for the Care and Use of Laboratory Animals’ published by the Chinese Animal Welfare Committee.
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FIGURE 1
 The schedule timeline of the IA2BC procedure in the experiment design. OFT represent open field test, EPM represent elevated plus maze test.




Anxiety-like behavior measurements


Open field test

The open field test (OFT) is commonly used to assay anxiety-like behaviors, and the decrease in distance and time in the center field indicates increased anxiety. The apparatus consisted of a square box that measured 43 × 43 cm with 45 cm walls, and the test arena was divided into central (15 × 15 cm) and peripheral zones. The apparatus was placed under a homogenous illumination (14–20 lx). The methods according the references of Cheng (Cheng et al., 2020) with some modifications. Each rat was gently placed in the central area and was allowed to explore for 5 min. The time spent in the center, the distance traveled in the center as a percentage of the total distance, the total distance traveled, and resting time was recorded and analyzed by an automated video tracking system (ZhongShiKeJi Co., Beijing, China). Between each subject, the field was wiped clean to avoid cue smell.



Elevated plus maze

In addition, the elevated plus maze (EPM) is one of the most widely used methods for measuring anxiety-like behaviors. The facility is a plus-shaped maze composed of two open arms (width, 10.00 cm, length, 50.00 cm) and two closed arms (width, 10.00 cm, length, 50.00 cm, walls, 30.00 cm) with a central platform (10.00 cm × 10.00 cm). The EPM was 80 cm elevated from the floor. The methods according the references of Jiao (Jiao et al., 2021) with some modifications. Rats were placed on the central platform facing an open arm individually, and the activity of the rat in the maze for 5 min was recorded by an automated video tracking system. The maze was wiped clean after each test. The time spent in the open arms as a percent of the total time spent exploring the open and closed arms (percentage of time spent in the open arm) and the number of entries into open arms as a percentage of the total number of entries into both open and closed arms (percentage of entries into open arms) were used as an index of anxiety. Anxiety-like behavior is associated with decreased time and entries in the open arms.




Sample collection

After 4 weeks of AUD model establishment, fecal samples were collected (n = 8 per group) and placed in two sterile plastic tubes from each rat for microbial and metabolomic analysis, respectively. Next, the samples were rapidly snap-frozen in liquid nitrogen and stored at −80°C until used. Finally, blood was collected from the heart under isoflurane anesthesia. Then the blood was centrifuged to separate the serum and stored frozen at −80°C for the following metabolic analysis.



Full length 16S rRNA gene sequencing

Total genome DNA of fecal samples was extracted with QIAamp Power Fecal DNA Kit (QIAGEN, Germany) following the manufacturer’s protocol. DNA quantity and quality were assessed using an ultramicro-spectrophotometer B-500 (Shanghai Metash Instruments Co., Ltd., China). The bacterial communities in the fecal samples were investigated by PacBio Sequel (Biomarker Technologies Company, Beijing, China). The full-length 16S rRNA genes were selected for PCR with the barcoded primers 27F (5′-AGRGTTYGATYMTGGCTCAG-3′) and 1492R (5′-RGYTACCTTGTTACGACTT-3′), where the barcode was an eight base sequence unique to each sample. PCRs were performed according to the following volume: 25 μl reactions mixtures containing 5 μl of 5× FastPfu buffer, 5 μM each primer, 2 μl of 2.5 μM dNTPs, 0.4 μl FastPfu Polymerase, 10 ng template DNA, and ddH2O making up to 25 μl. The cycling program was as follows: denaturation at 95°C for 3 min, 25 cycles (95°C for 30 s, 55°C for 30 s, and 72°C for 45 s), and a final extension at 72°C for 10 min. The PCR products were checked on a 1.5% agarose gel and further purified, then pooled in equimolar and sequenced on PacBio Sequel (Pacific Biosciences, USA).

The circular consensus sequences (CCS) were obtained by SMRT Link v 8.0 software with the index set as min Passes ≥5, min Predicted Accuracy≥0.9. For further sequence processing, Lima v1.7.0 and Cutadapt v2.7 were used to recognize the CCS by barcode and filter the length of 1,200 bp-1,650 bp CCS, respectively. Further details of the sequencing output, such as the average length, error rate, and quality, are summarized in Supplementary Table S1. Operational taxonomic units (OTUs) were clustered with a 97% similarity cutoff using USEARCH v10.0, and chimeric sequences were identified and removed using UCHIME v4.2. The taxonomy of each OTUs was performed using classify. Seqs by the RDP classifier implemented in Silva v132 16S rRNA database using a confidence threshold of 70% (Callahan et al., 2019). The alpha-diversity indices, including Chao, ACE, Shannon, and Simpson, were calculated to estimate microbiota diversity and abundance in each sample using QIIME 2 software. Beta-diversity indices were analyzed using principal co-ordinates analysis (PCoA), ANOSIM analysis and heatmap to show the composition of the gut microbiota communities in the different gut segment samples, and an analysis of molecular variance (AMOVA) was performed to compare the difference between EtOH and CON group.



Untargeted metabolomics analysis


Sample preparation

Fecal samples (50 mg) were used and thawed on ice. To these samples 1,000 μl of extraction liquid containing an internal target (1,000:2; V methanol:V acetonitrile:V water = 2:2:1) was added, and vortex for 30 s. Then the samples were homogenized in a bead mill for 10 min at 45 Hz and ultrasonicated for 10 min (in an ice water bath). The samples were centrifuged at 15,000 g for 15 min at 4°C after incubating for 1 h at −20°C. Then 500 μl of the supernatant was dried in a vacuum concentrator without heating. After 160 μl of extraction liquid (V acetonitrile:V water = 1:1) was added for reconstitution. The samples were vortexed for 30 s, sonicated for 10 min (in an ice water bath), and centrifuged at 15000 g for 15 min at 4°C. Finally, the supernatant was carefully transferred (120 μl) to a fresh glass vial and stored at −80°C until metabolomics analysis.

For serum samples, 100 μl serum was used and thawed on ice, and after 300 μl of cold acetonitrile was added and the samples vortex for 30 s and incubated for 1 h at −20°C. Then the samples were centrifuged at 15,000 g for 15 min at 4°C. The supernatant was collected and dried under a stream of nitrogen. Next, the samples were reconstituted in 1:1 water/acetonitrile, vortexed for 30 s, and kept at 4°C for 20 min. Then samples were centrifuged at 15,000 g for 15 min at 4°C. Finally, the supernatant was carefully transferred to fresh vials for Liquid Chromatography-Mass Spectrometry (LC/MS) analysis. The quality control (QC) sample was mixed with 10 μl of each sample.



UHPLC-QTOF-MS analysis

The UHPLC-QTOF-MS system for metabolomic analysis is composed of Waters Acquity I-Class PLUS ultra-high performance liquid chromatography with Acquity UPLC HSS T3 column (1.8 μm 2.1*100 mm, Waters) coupled to a Xevo G2-XS QTof high-resolution mass spectrometer. The mobile phase consisted of 0.1% formic acid aqueous solution (A) and 0.1% formic acid acetonitrile (B) for positive ion mode, was performed with elution gradient as follows: 0 min, 98% A; 0.25 min, 98% A; 10.0 min, 2% A; 13 min, 2% A; 13.1 min, 98% A; and 15 min, 98% A at 400 μl/min. The injection volume used in this study was 1 μl. The Waters Xevo G2-XS QTOF high-resolution mass spectrometer can collect primary and secondary mass spectrometry data in MSe mode under the control of the acquisition software (MassLynx V4.2, Waters). In each data acquisition cycle, dual-channel data acquisition can be performed on both low collision energy and high collision energy at the same time. The low collision energy was 2 V; the high collision energy range was 10–40 V; and the scanning frequency was 0.2 s for a mass spectrum. The parameters of the electron spray ionization (ESI) ion source were as follows: capillary voltage: 2,000 V (positive ion mode) or − 1,500 V (negative ion mode); cone voltage: 30 V; ion source temperature: 150°C; desolvent gas temperature 500°C; backflush gas flow rate: 50 L/h; desolventizing gas flow rate: 800 L/h.




Data preprocessing, annotation, and analysis

The raw data was collected using MassLynx V4.2 and was processed by Progenesis QI software for peak extraction, peak alignment, and other data processing operations, based on the Progenesis QI software online METLIN database and Biomark’s self-built library for identification. At the same time, the theoretical fragment identification and mass deviation were within 100 ppm. After normalizing the original peak area information with the total peak area, a follow-up analysis was performed. The identified compounds were searched for classification and pathway information in the databases of KEGG, HMDB, and lipid maps. T-test was used to calculate the significant differences (p value) of each compound between EtOH and CON groups. The unsupervised principal component analysis (PCA) and supervised orthogonal partial least squares discriminant analysis (OPLS-DA) was performed by R packages to characterize metabolic perturbation and differences between groups. The variable important in projection (VIP) value of the model was calculated using multiple cross-validations. The method of combining the difference multiple, the p value, and the VIP value of the OPLS-DA model was adopted to screen the differential metabolites. The screening criteria are FC > 2 or FC < 0.5, p value <0.05 and VIP >1. We plotted the results on a volcano map. The different metabolites of KEGG pathway enrichment significance were performed by the Web-based tool MetaboAnalyst 5.01. The correlations between major differences between gut microbiota and metabolites were performed by Spearman’s correlation coefficients analysis in the R package.




Results


AUD symptoms seen in the rats

During the 4 weeks experimental procedure, IA2BC procedure successfully induced AUD symptoms in SD rats. In the EtOH group, there was no significant differences were detected in the total liquid intake between the water day and EtOH day (Figure 2A), the percentage of alcohol intake was increasing whereas the percentage of water intake was decreasing (Figure 2B). On the other hand, the alcohol intake preference increased with the experimental time, then maintained at a high level, and it was significantly higher after the 12th day than that on the first day (Figure 2C). Additionally, no significant difference was observed between the EtOH and CON group in the total liquid intake, food consumption and body weight (Figures 2D-F).
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FIGURE 2
 IA2BC affected alcohol intake preference but did not affect body weight or liquid/food intake. (A) The total liquid intake showed no significant difference between the water day and EtOH day in EtOH group. (B) The ethanol consumption was increasing with the water consumption was decreasing in IA2BC rats. (C) Alcohol intake preference was increasing with chronic intermittent ethanol voluntary drinking time. The total liquid intake (D), food consumption (E) or body weight (F) did not altered by chronic intermittent ethanol voluntary drinking. Data are presented as Mean ± SEM, n = 8/group; compared with the first day, *p < 0.05, **p < 0.01, ***p < 0.001.


AUD is often accompanied by mental disorders such as anxiety. Therefore, to confirm the establishment of AUD experimental animal models, open field test (OFT) and elevated plus maze (EPM) tests were performed at the end of the experimental procedure. In the OFT, anxiety-like behaviors were observed in this experimental group. In detail, the time spent in the center zone (t = 2.47, p = 0.027), the distance traveled in the center zone (t = 2.30, p = 0.038), and the total distance (t = 2.94, p = 0.011) was significantly reduced in the EtOH group compared to the CON group (Figures 3A-C), while the resting time was similar (Figure 3D). Additionally, the number of entries into open arms and the time spent in the open arms of the EPM was significantly decreased in the EtOH group compared to the CON group (Figures 3E,F), indicating an increase in the anxiety-like behavior in the rats of the EtOH group. The alcohol intake preference and anxiety-like behavior indicate that the AUD rat model was successfully developed in EtOH group.

[image: Figure 3]

FIGURE 3
 IA2BC rats exhibited anxiety-like behaviors. Behavior test was performed at the 28th day of the procedure. In the open field test, EtOH group rats spent less time in the center zone (t = 2.47, p = 0.027), traveled significantly less distance in the center zone (t = 2.30, p = 0.038) and less total distances (t = 2.94, p = 0.011) than that of CON group (A–C). The resting time between EtOH and CON group had no significant difference (t = 1.04, p = 0.351, D). In the elevated plus maze, the EtOH group spent less time in open arms (t = 3.04, p = 0.009) and the number entries into open arms significantly reduced (t = 3.24, p = 0.006) compared with CON group (E,F). Results are displayed as means ± SD. Significant results were determined by unpaired t-tests, *p < 0.05, **p < 0.01.




Fecal microbiota changed in AUD rats

In total, 195,848 circular consensus sequencing (CCS) was obtained after barcode recognition, and 176,494 effective CCS were obtained after quality control and chimera filtering. On average, 10,722 and 11,340 effective CCS per sample were obtained from the EtOH and CON groups fecal contents, respectively, with an average length of 1,456 bp. These sequences were assigned to 641 bacterial OTUs, including 17 phylum, 23 classes, 44 orders, 64 families, 131 genera, and 157 species. In this study, 590 OTUs were shared, and 36 and 15 were obtained from the CON and EtOH groups, respectively (Supplementary Figure S1).

The distribution of bacterial taxon and the top 10 relative abundance of bacteria at the different taxon levels are shown in Figure 4. At the level of phylum taxon (Figures 4A–E), Firmicutes, Tenericutes, and Bacteroidetes were the most abundant phylum in the two groups accounting for 95.95% of relative abundance in the EtOH group and 93.30% in the CON group. The relative abundance of Firmicutes in the EtOH group (72.91 ± 1.49%) was significantly higher than that in the CON group (64.00 ± 1.71%; t = 3.93, df = 14, p < 0.01).
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FIGURE 4
 Chronic intermittent ethanol voluntary drinking alters the composition of gut microbiota in rats. Histogram of top 10 relative abundance at different level. The relative abundance and the main bacterial genera between the two groups with Wilcoxon rank-sum test at the phylum (A–E), family (F–J), genus (K–N), and species (O–R) level in the fecal samples. Values are presented as the mean ± SD (n = 8 per group), *p < 0.05, **p < 0.01, ***p < 0.001.


The relative abundance of Tenericutes in the EtOH group (11.32 ± 1.20%) was significantly lower than that in the CON group (16.20 ± 1.64%; t = 2.41, df = 14, p = 0.03). Additionally, the relative abundances of Bacteroidetes in the EtOH and CON group were 11.94 ± 1.36% and 13.32 ± 0.92%, respectively (no statistically significant differences were detected: t = 0.84, df = 14, p = 0.41). The ratio of Firmicutes to Bacteroidetes was significantly higher in the EtOH group than that in the CON group.

At the family level (Figures 4F–J), Ruminococcaceae exhibited the highest proportion in the EtOH group (40.10 ± 3.71%) and CON group (43.99% ± 6.81%), with no significant differences between groups (t = 1.42, df = 14, p = 0.18). Moreover, the relative abundance of uncultured_bacterium_o_Mollicutes_RF39 and Lachnospiraceae was significantly lower, whereas Peptostreptococcaceae and Erysipelotrichaceae were significantly higher in the EtOH group than that in the CON group. Furthermore, a decrease in the abundance of uncultured_bacterium_o_Mollicutes_RF39 was observed at the genus level. On the other hand, an increase in the abundance of Romboutsia and Turicibacter was observed in the EtOH group compared to the CON group (Figures 4K–N). At the species level (Figures 4O–R), the AUD significantly decreased the abundance of uncul-tured_bacterium_o_Mollicutes_RF39 and significantly increased the abundance of Romboutsia ilealis and Turicibacter sanguinis in the EtOH group compared to the CON group.

A linear discriminant analysis effect size (LEfSe) analysis was performed according to linear discriminant analysis (LDA) fold = 4, and the relationship between different microbiota from the phylum to the species levels is shown in the cladogram (Figure 5). The results showed 23 OTUs at the phylum (2 OTUs), class (2 OTUs), order (4 OTUs), family (5 OTUs), genus (5 OTUs), and species levels (5 OTUs) were significantly different between the EtOH and CON groups. The relative abundances of 13 OTUs were higher in the EtOH group. However, 10 OTUs were more abundant in the CON group. Among the significantly differential OTUs, at the species level, Clostridium_disporicum, Romboutsia_ilealis, and Turicibacter_sanguinis were the three most abundant bacteria in the EtOH group, while uncultured_bacterium_g_Lachnospiraceae_NK4A136_group and uncul-tured_bacterium_o_Mollicutes_RF39 were the most abundant in the CON group.
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FIGURE 5
 Linear discriminant analysis Effect Size (LEfSe) analysis between the EtOH and CON groups, with a LAD score > 4.


The chao1 richness and the abundance-based coverage estimator (ACE) richness indices were slightly lower in the EtOH group than in the CON group, but their differences were not statistically significant (Figures 6A,B). The obtained richness and diversity indices of the fecal microbiota showed that AUD significantly decreased the Shannon and Simpson diversity indices (Figures 6C,D). The results suggested that AUD significantly impacted the microbial diversity but did not distinctly impact the fecal microbial richness in the rats. Furthermore, using β-diversity analysis of ANOSIM based on Bray–Curtis distance, vastly different bacterial community structures were observed between the two groups (R = 0.562, p = 0.002; Figure 6E). The PCoA of Bray–Curtis distance performed on the OTU abundance matrix showed that PCoA1 explained 19.77% of variance and PCoA2 explained 12.48% of the variance (R = 0.562, p = 0.001). All the samples in the same group were grouped into one cluster (Figure 6F). Moreover, comparing heatmaps based on Bray–Curtis distance confirmed these results. A lower distance was observed among the samples in the EtOH group, and the samples in the same group clustered together (Figure 6G). The results showed that AUD significantly changed the β-diversity of gut microbial communities in rats.
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FIGURE 6
 Chronic intermittent ethanol voluntary drinking alters the diversity of gut microbiota in rats. Difference in alpha diversity index between EtOH and CON group showed in the plot (A–D). (A) represent ACE index; (B) represent Chao1 index; (C) respresent Simpson index; (D) represent Shannon index. The width of each curve in the violin plot corresponds with the approximate frequency of data points in each region, dotted line indicating the median value and quartile positions. Significant results were determined by unpaired t-tests, ***p < 0.001; ns, p > 0.05. (E), ANOSIM analysis showed differences between EtOH and CON groups were significantly greater than those within groups. (F) PCoA plot based on Bray–Curtis distance, EtOH and CON groups could be effectively separated, showing that the composition of the gut microbiota in EtOH group was significantly different from that of CON group. (G) samples heat map based on the Bray–Curtis distance showed that the samples in the same group clustered together, indicating that EtOH changed the gut microbiota community.




The fecal metabolic profile changed in AUD rats

Untargeted liquid chromatography mass spectrometry (LC–MS) was used to detect the fecal metabolites in the EtOH and CON groups. In total, 5,490 metabolites in positive ionization mode and 5,945 metabolites in negative ionization mode were detected. To investigate the fecal metabolites differences between EtOH and CON rats, PCA and OPLS-DA were performed (Figure 7). The PCA results showed that the EtOH rats were clearly distinguished from the CON rats. Furthermore, the OPLS-DA results revealed that fecal metabolites significantly differed between EtOH and CON rats. The OPLS-DA permutation test validated the model, and the results demonstrated that the fecal metabolites were changed in EtOH compared to the CON rats, suggesting that AUD changed the fecal metabolome composition. Moreover, metabolites with VIP > 1 and p < 0.05 were considered to be significantly altered by AUD (Supplementary Data S1, S2). In the positive ionization mode, 2076 metabolites were up regulated, and 288 metabolites were down regulated. On the other hand, in the negative ionization mode, 80 metabolites were up regulated, and 492 metabolites were down regulated in the EtOH group compared to the CON group, showed in the volcano plot and heatmap in Figures 8A–D. The differential metabolites were annotated and classified based on the HMDB database. The results showed that most of the differential metabolites in fecal belonged to glycerophospholipids, carboxylic acids and derivatives, fatty acyls (Figure 8E), and were classified as amino acids, peptides and analogs, glycer-ophosphoethanolamines, fatty acids and conjugates, glycerophosphocholines, and diradylglycerols in the subclass level (Supplementary Figure S2). The concentrations of cortisone, glutathione, sphingosine, and L-tyrosine were significantly increased in EtOH rats, whereas butyric acid, dopamine, L-glutamine, and L-aspartic acid were decreased (Supplementary Figure S3). The equations should be inserted in editable format from the equation editor.
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FIGURE 7
 Multivariate statistical analysis of fecal metabolites measured by untargeted metabolomics analysis at positive (A–C) and negative (D–F) ion mode. PCA analyses comparing metabolites of all samples between EtOH and CON group (A,D); OPLS-DA scores showed significant differences between EtOH and CON group (B,E); and the OPLS-DA permutation test confirmed the differences of fecal metabolites in EtOH and CON group (C,F).
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FIGURE 8
 The fecal metabolic profile changed in AUD rats. Differential metabolites in fecal identification between EtOH and CON group at positive (A,C) and negative (B,D) ion mode. Expression of differential metabolites in the two groups was represented by Volcano plot (A,B) and heat maps (C,D). The number of differential metabolites were annotated and classified based on the HMDB database (E). The enrichment pathway of fecal differential metabolites by Kyoto encyclopedia of genes and genomes (KEGG) analysis (F).


To further explore the pathways associated with these altered metabolites by AUD, KEGG pathway enrichment analyses were performed by MetaboAnalyst 5.0. The top 20 significant pathways are shown in Figure 8F. We found that the lipid metabolism, amino acids metabolism, nucleotide metabolism, and carbohydrate metabolism pathways were involved in the process of the AUD, including sphingolipid metabolism, glycerophospholipid metabolism, steroid hormone biosynthesis, histidine metabolism, tryptophan metabolism, and pentose phosphate pathway. The results suggested that AUD altered the fecal metabolic profile in rats.



Correlations of the fecal metabolites and gut microbiota

To explore the functional correlations between the fecal metabolites and the gut microbiota, Spearman’s correlation analysis was performed. A strong correlation was found between the top 40 significantly enriched in the KEGG pathway metabolites and the discriminated gut microbiota at the genus level (Figure 9). Romboutsia and Turicibacter were positively correlated with sphingosine, oleic acid, farnesyl pyrophosphate, 17α, 20α-dihydroxycholesterol, and alpha−linolenic acid but negatively correlated with uridine 5′-diphosphate, P1,P4-bis(5- uridyl) tetraphosphate, and butyric acid. Similarly, Gram − negative_bacterium_cTPY-13, Faecalibaculum, Clostridium, and uncul-tured_bacterium_o_Coriobacteriales were positively correlated with sphinganine 1-phosphate, sphingosine, cortisone, sphinganine, indoleacetaldehyde, farnesyl pyrophosphate, phytosphingosine, and dihydroceramide. However, Lachnospirace-ae_NK4A136_group and uncultured_bacterium_o_Mollicutes_RF39 were positively correlated with uridine 5′-diphosphate, P1,P4-bis(5′-uridyl) tetraphosphate, butyric acid, 2′-deoxyinosine triphosphate, oleoyl-CoA, and 8,9-DiHETrE. Helicobacter was positively correlated with carnosine, butyric acid, L-glutamine, and 5-hydroxyindoleacetic acid. On the other hand, Anaeroplasma was positively correlated with 2′-deoxyinosine triphosphate and oleoyl-CoA. Moreover, Lachnospiraceae_UCG-006 and uncul-tured_bacterium_f_Lachnospiraceae were positively correlated with 5-hydroxyindoleacetic acid, and uncultured_bacterium_f_Ruminococcaceae was positively correlated with cysteinylglycine. Additionally, Desulfovibrio was negatively correlated with hypoxanthine, farnesyl pyrophosphate, and phytosphingosine. Finally, Candidatus_Soleaferrea and Papillibacter were negatively correlated with 3-ketosphinganine. The correlation results showed that AUD could significantly change the gut leading to significant changes in the fecal metabolites.
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FIGURE 9
 Correlation heatmap of differential microbiota and fecal metabolites. Data were calculated by Spearman’s correlation method after mean centering and unit variance scaling. *p < 0.05, ** p < 0.01.




The serum metabolic profile changed in AUD rats

To identify the differences in the serum metabolites in AUD rats, untargeted LC–MS for metabolomics analysis of serum was used in EtOH and CON rats. In total, 5,028 and 5,136 metabolites were detected in the positive and negative ionization modes, respectively. The PCA analysis showed significant differences in the metabolite profiles between the EtOH and CON groups in both positive and negative ionization modes. Furthermore, the OPLS-DA score plots revealed a remarkable separation of these two groups under both modes (Figure 10). In total, 768 metabolites were up regulated (262 in positive ionization mode and 506 in negative ionization mode), and 1,333 metabolites were down regulated (1,065 in positive ionization mode and 268 in negative ionization mode) in the EtOH group compared to the CON group (VIP > 1 and p < 0.05, showed in Figures 11A,B; Supplementary Data S3, S4), and unsupervised clustering heatmap showed in Figures 11C,D. Additionally, most of the significant differential metabolites belong to glycerophospholipids, carboxylic acids and derivatives, fatty acyls, and glycerolipids (Figure 11E), and which were classified as amino acids, peptides and analogs, glycerophosphoethanolamines, glycerophosphocholines, and diradylglycerols in the subclass level (Supplementary Figure S2). The concentration of sphingosine 1-phosphate was increased in the EtOH group, whereas the concentrations of butyric acid, arachidonic acid, L-cysteine, L-tryptophan, serotonin, aldosterone, and farnesyl pyrophosphate were decreased in this group (Supplementary Figure S4). Moreover, the KEGG enrichment analysis of the differential metabolites showed that the lipid metabolism, amino acids metabolism, and carbohydrate metabolism pathways were involved in the AUD process, including sphingolipid metabolism, linoleic acid metabolism, glycerophospholipid metabolism, tryptophan metabolism, and lysine degradation (Figure 11F). The results showed that AUD also altered the serum metabolic profile in rats.
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FIGURE 10
 Multivariate statistical analysis of serum metabolites measured by untargeted metabolomics analysis at positive (A–C) and negative (D–F) ion mode. PCA analyses comparing metabolites of all samples between EtOH and CON group (A,D); OPLS-DA scores showed significant differences between EtOH and CON group (B,E); and the OPLS-DA permutation test confirmed the differences of serum metabolites in EtOH and CON group (C,F).
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FIGURE 11
 Differential metabolites in serum identification between EtOH and CON group at positive (A,C) and negative (B,D) ion mode. Expression of differential metabolites in the two groups was represented by Volcano plot (A,B) and heat maps (C,D). The number of differential metabolites were annotated and classified based on the HMDB database (E). The enrichment pathway of serum differential metabolites by Kyoto encyclopedia of genes and genomes (KEGG) analysis (F).




The correlations of the serum metabolites and gut microbiota

The altered serum metabolic profile may reflect the functions of the gut microbiota. Here the functional correlations were explored between the changed microbiota and the top 40 significantly enriched in the KEGG pathway metabolites by Spearman’s correlation analysis (Figure 12). The results showed that Helicobacter was positively correlated with L-threonine, L-4-hydroxyglutamate semialdehyde, dihomo-gamma-linolenic acid, 3-dehydrosphinganine, pantothenic acid, calcidiol, 5,6-DHET, and dihydroceramide. Additionally, Desulfovibrio was positively correlated with arachidic acid but negatively correlated with androsterone glucuronide and melatonin. Moreover, Lachnospirace-ae_NK4A136_group was positively correlated with arachidonic acid and deoxycorticosterone but negatively correlated with L-lysine. The results also showed that the uncultured_bacterium_o_Mollicutes_RF39 was positively correlated with deoxycorticosterone. Romboutsia and Turicibacter were positively correlated with delta 8,14-Sterol, androsterone glucuronide, androstenedione, 3-indoleacetic acid, and L-lysine. On the other hand, Romboutsia was negatively correlated with L-4-hydroxyglutamate semialdehyde, butyric acid, 3-dehydrosphinganine, farnesyl pyrophosphate, pantothenic acid, 6-phosphogluconic acid, arachidonic acid, 5,6-DHET, 12,13-EpOME, dihydroceramide, D-proline, serotonin, L-tyrosine, 8,9-DiHETrE, L-cysteine, and indolepyruvate.
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FIGURE 12
 Correlation heatmap of differential microbiota and serum metabolites. Data were calculated by Spearman’s correlation method after mean centering and unit variance scaling. *p < 0.05, **p < 0.01.




Correlations of gut microbiota with the co-regulated metabolites in fecal and serum in AUD rats

The metabolites of feces and serum naturally differ greatly, because of the different metabolic pathways in gut and blood. The blood transports nutrients which absorbed from the digestive tract to the cells and carries away other waste products. So, in feces and serum, there would be some coexisting metabolites, and among these metabolites which were altered by ethanol consumption must play a key role in the pathogenesis of AUD. Here, we used a Venn diagram to screen the co-regulated metabolites in fecal and serum (Figure 13). There are 116 co-up regulated metabolites and 119 co-down regulated metabolites in both feces and serum by ethanol consumption (Figure 13A; Supplementary Data S5). The KEGG enrichment analysis showed that many pathways were altered in AUD rats, such as sphingolipid metabolism, glycerophospholipid metabolism, linolenic acid metabolism, butanoate metabolism, and arachidonic acid metabolism (Figure 13B). We selected the 19 metabolites which were significantly enriched in the KEGG pathway to perform Spearman’s correlation analysis with the changed microbiota (Figure 13C). There are multiple correlations among the AUD behavior, metabolites and gut microbiota. Alcohol preference was positively correlated with ceramide (d18:1/12:0), alpha-linolenic acid, and all-trans-13,14-dihydroretinol in feces, negatively correlated with L-glutamic acid 5-phosphate, butyric acid in feces, and PE(14:1(9Z)/20:0) in serum. Romboutsia was negatively correlated with butyric acid, SM(d18:0/14:1(9Z)(OH)), PC(18:1(11Z)/20:4(5Z,8Z,11Z,14Z)), PE(20:4(8Z,11Z,14Z,17Z)/P-18:1(11Z)) in feces, and PE(14:1(9Z)/20:0), 8,9-DiHETrE, CDP-Ethanolamine, PC(18:1(11Z)/20:4(5Z,8Z,11Z,14Z)) in serum. Turicibacter and Clostridium were negatively correlated with butyric acid.
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FIGURE 13
 Correlations of gut microbiota with the co-regulated metabolites in feces and serum in AUD rats. The Venn diagram showed the co-regulated metabolites in feces and serum (A). The enrichment pathway of co-regulated metabolites by KEGG analysis (B). Network analysis among the AUD behavior, gut microbiome and co-regulated metabolites (C), the red line represented the positive correlation, the blue line represented negative correlation, |r| > 0.8, p < 0.05.





Discussion

In this study, the rats that underwent the IA2BC procedure showed a gradual escalation of EtOH intake and increased preference toward EtOH, in addition, in the behavioral tests, the rats exhibited substantial anxiety-like behavior during the withdrawal period. All these phenomena match major symptoms of human AUD listed in the DSM-V, indicating a successful establishment of a rat AUD model in terms of face and construct validity. Moreover, to make a profile of the alteration and correlations of the gut microbiome, fecal, and serum metabolome to further provide a new angle to manage the retractable human AUD besides the neurological perspective, we collected feces and blood from the rats. And, we found the gut microbiota community structure and composition were significantly altered in the EtOH group detected by full length 16S rRNA gene sequencing, and fecal and serum metabolome characteristics were changed in the EtOH group. Finally, multiple correlations among AUD behavior, gut microbiota and the metabolites were also identified. These findings suggest that gut microbiome and serum metabolome may constitute a new pharmacological target for the treatment of human AUD.

Numerous studies have confirmed that gut microbiota is a crucial determinant of health and disease (Dinan and Cryan, 2017; Bajaj, 2019; Pitocco et al., 2020; Witkowski et al., 2020). Accumulating evidence suggests that alcohol consumption can disturb the gut microbiota, increase intestinal permeability and inflammation levels in the gut, and influence behavior in alcohol dependence (Leclercq et al., 2014a,b; Yang et al., 2021). Furthermore, the gut dysbiosis induced by alcohol consumption may promote the development of alcohol addiction (Leclercq et al., 2017). Using the full-length 16S rRNA gene amplicon sequencing, it was found that AUD significantly altered the gut microbiota composition in rats. At the level of phylum taxon, Firmicutes was significantly increased, whereas the Bacteroidetes decreased slightly, leading to a Firmicutes to Bacteroidetes (F/B) ratio significantly increased in the EtOH group than in the CON group. It has been described that Firmicutes and Bacteroidetes are the two main phyla of the gut microbiota (Consortium, 2012). Furthermore, the F/B ratio has been associated with different pathological states, such as inflammatory bowel disease (Stojanov et al., 2020) and type 2 diabetes mellitus (Hung et al., 2021), and is a relevant biomarker of gut dysbiosis in obesity (Indiani et al., 2018) and aging-related processes (Vaiserman et al., 2020). This result is in agreement with prior observations performed by Wang and colleagues, where it has been observed that the F/B ratio increased in the chronic alcohol consumption mice (Wang et al., 2018). Interestingly, Tenericutes, a bacteria phylum lacking a peptidoglycan cell wall, was decreased in the EtOH group, which may be due to the decrease of one of the well-studied gut lineages, uncultured_bacterium_o_Mollicutes_RF39, which is rich in H2O2 catabolism genes and probably produce acetate and hydrogen (Wang et al., 2020). Ethanol metabolism generates reactive oxygen species (ROS) through a cytochrome P450-dependent mechanism (Wu and Cederbaum, 2003). This study found that alcohol reduced the abundance of bacteria that can hydrolyze H2O2 (one ROS species), leading to a high concentration of ROS in the gut and changes in the microbiome composition. The results also showed that Lachnospiraceae_NK4A136_group, members of the Lachnospiraceae, were decreased in the EtOH group compared to the CON group. It has been described that Lachnospiraceae can digest carbohydrates to produce butyrate, which has been considered an anti-inflammatory factor (Flint et al., 2012). In this study, the results showed a decreased level of butyric acid in both fecal and serum metabolites. Some studies revealed that the Lachnospiraceae_NK4A136_group decreased in mice with alcohol-induced inflammation (Xia et al., 2021). Some bacteria are increased in the EtOH group at the species level, such as C. disporicum, R. ilealis, and T. sanguinis. For example, C. disporicum, a gram-positive saccharolytic bacterium, is known to be an ursodeoxycholic acid producer in the fecal content of rats (Tawthep et al., 2017). Moreover, it is one of the mucin degraders in the human gut, using mucin as the sole carbon and nitrogen source (Raimondi et al., 2021). Mucins are major mucus components that cover the gastrointestinal tract and protect against exogenous and endogenous aggressive agents (Alemao et al., 2021). Therefore, with the increase of C. disporicum abundance, gut mucosa degradation increased, promoting gut barrier damage and triggering systemic inflammatory responses. Additionally, R. ilealis has been proposed as a potentially harmful bacterium that significantly increases in patients with neurodevelopmental disorders and chemically induced murine colitis model (Bojović et al., 2020; Liu et al., 2022). Moreover, some reports showed that T. sanguinis is a strictly anaerobic, gram-positive, pathogenic potential bacterium in the gut and feces of many animals (Cuív et al., 2011; Kim et al., 2021). T. sanguinis was capable of serotonin uptake and altered intestinal expression of multiple gene pathways, including those critical for lipid and steroid metabolism (Fung et al., 2019; Hoffman and Margolis, 2020). Our results showed that AUD decreases the potential beneficial bacterium, whereas it increases the pathogenic bacterium that leads to gut dysbiosis.

Gut microbiota has an array of enzymes for digesting the dietary nutrients and regulating the metabolism of various substances in the host, such as short chain fatty acids (SCFAs), organic acids, neuroactive compounds, polyamines, bile acid, choline, and polyphenol (Adak and Khan, 2019). The gut-derived metabolites can act locally in the gut or enter the host’s bloodstream via the portal vein (Fan and Pedersen, 2021). Some of the gut-derived bioactive metabolites are associated with regulating host metabolites and metabolic pathways, thereby affecting the fecal or serum metabolome. Under normal physiological conditions, the body’s metabolites and metabolic pathways maintain homeostasis. However, this homeostasis may be disrupted by gut dysbiosis. For example, gut dysbiosis observed in alcoholics could perpetuate and promote addiction through alterations in the metabolism and neuronal pathways (Day and Kumamoto, 2022). In the serum metabolites in AUD patients, the neuroprotective kynurenic acid is decreased, whereas the neurotoxic metabolite quinolinic acid is increased. It has been described that the kynurenic acid / quinolinic acid ratio is positively correlated with the fecal abundance of the genus Faecalibacterium (Leclercq et al., 2021). The results showed that the significant differential metabolites in the fecal and serum were similar, belonging to amino acids, peptides, glycerophosphoethanolamines, glycerophosphocholines, and diradylglycerols. Furthermore, the KEGG pathway enrichment analyses of differential metabolites in the fecal and serum showed that sphingolipid metabolism, glycerophospholipid metabolism, steroid hormone biosynthesis, histidine metabolism, tryptophan metabolism, drug metabolism - cytochrome P450, and pentose phosphate pathway were involved in the process of AUD. Sphingolipids are a class of complex lipids that are structural molecules of cell membranes playing a vital role in maintaining membranes’ barrier function and fluidity in eukaryotic cells (Hannun and Obeid, 2008). Several studies suggest that some sphingolipids are bioactive and involved in pathological processes, including cancer, inflammation-associated illnesses, obesity, and neurodegeneration in human and animal models (Gomez-Larrauri et al., 2020; Alaamery et al., 2021). In this study, an upregulation in the sphingolipid metabolism was detected in the fecal and serum of the EtOH group, especially the ceramide and sphingosine-1-phosphate (S1P), which are the best studies bioactive substances in (Hawkins et al., 2020). Furthermore, the gut microbiota can produce sphingolipids to improve the resistance to stress (An et al., 2011), and these sphingolipids can be traced to various tissues throughout the body in mice (Fukami et al., 2010), leading to systemic changes in lipid metabolism (Heaver et al., 2018). In addition to sphingolipid metabolism, two other relevant lipid metabolic pathways, glycerophospholipid metabolism and steroid hormone biosynthesis are also modulated by alcohol consumption. Glycerophospholipids (GPLs) are the main components of biological membranes and are essential for cellular functions. Also, lysophosphatidylcholine (LysoPC) is one of the most prominent lysoglycerophospholipids in the glycerophospholipid metabolism pathway and can be produced by phosphatidylcholine (PC) hydrolysis. It has been described that LysoPC is a type of bioactive metabolite with a high circulating concentration in the body and can trigger immune-related signaling pathways causing immune-related diseases (Ding et al., 2011; Zeng et al., 2017; Tseng et al., 2018). This study found that LysoPC was increased in fecal and serum of the EtOH group and PC was decreased, indicating that alcohol consumption may damage the cell membrane and upregulate the glycerophospholipid metabolism inducing inflammatory responses. The results also revealed that steroid hormone biosynthesis was altered in the EtOH group, characterized by the upregulation of many metabolites such as 18-hydroxycorticosterone, androstenedione, cortisol, and corticosterone. It has been reported that cortisol and corticosterone are the main glucocorticoids produced in the adrenal cortex and strongly affect memory and learning in several animals (Schiffer et al., 2019). Previous studies indicate that corticosterone is involved in alcohol-induced intestinal epithelial dysfunction and alterations in the gut microbiota, playing a crucial role in the stress-induced promotion of alcohol-associated tissue injury at the gut-liver-brain axis (Shukla et al., 2021).

Additionally, in amino acid metabolism, some metabolic pathways were altered in serum compared to the feces in the EtOH group. In the serum, lysine, arginine, proline, glycine, serine, threonine, cysteine, methionine, and tryptophan metabolism pathways were down regulated. Most altered amino acids act as functional amino acids, which regulate critical metabolic and signaling pathways for oxidative stress protection, gut barrier, and immune function. Many studies have proved the key role of arginine, methionine, and cysteine in enhancing immune function through the mTOR activation, NO and glutathione synthesis, H2S signaling, and cellular redox state (Li et al., 2007; Wu, 2009). Cysteine and glycine are precursors for synthesizing glutathione, the major antioxidant in cells. Arginine is one of the most versatile amino acids, as it is metabolically interconvertible with proline and can be synthesized into protein, nitric oxide, and creatine (Morris, 2007). Arginine can maintain intestinal integrity and promote the repair of damaged intestinal epithelium by activating mTOR and other kinase-mediated signaling pathways in intestinal epithelial cells (Ban et al., 2004). It has been reported that L-arginine can reverse the anxiolytic and forgetting effects induced by quinpirole (Zarrindast et al., 2021). On the other hand, proline, cysteine, and tryptophan can protect mammalian cells against oxidative stress agents (Krishnan et al., 2008). Additionally, tryptophan is a precursor of serotonin, which is a neurotransmitter that acts as a hormone playing an important role in the regulation of depression, anxiety, and digestive system. Most tryptophan is degraded through the kynurenine pathway metabolism in mammals, and previous studies found that the modulation of the kynurenine pathway is associated with gut microbiota changes, peripheral inflammation, and psychological symptoms in the AUD (Schröcksnadel et al., 2006; Vécsei et al., 2013; Leclercq et al., 2021). Interestingly, in this study, the amino acids described above were downregulated in the EtOH group, indicating that the intestinal permeability, oxidative stress, and immune response induced by alcohol are related to the disorder of amino acid metabolism.

There is also limitation in this study need to be presented. Whether the changes of metabolites in feces and serum are directly caused by alcohol consumption or gut microbiota is not clear. The fecal microbiota transplantation experiment, the relative bacteria strains inoculation test or the key metabolites up/down regulations should be considered in the future research. In conclusion, the altered metabolites in feces and serum are important links between the gut microbiota dysbiosis and alcohol preference in AUD rats, and the altered gut microbiota and metabolites can be potentially new targets for treating AUD.



Data availability statement

The data presented in the study are deposited in the National Microbiology Data Center (https://nmdc.cn/) repository, accession number is NMDCX0000138.



Ethics statement

The animal study was reviewed and approved by Animal Ethics Committee of the Qiqihar Medical University.



Author contributions

CZ, XW, and RZ designed the experiments. XW, LL, CB, and MB performed the animal experiments. XW and LL conducted gut microbiota analysis and wrote the draft of the manuscript. XW, LL, JZ, HG, and HY conducted the metabolites analysis. All authors contributed to the article and approved the submitted version.



Funding

This research was funded by Academy of Medical Sciences in Qiqihar Medical University, grant number: QMSI2017B-13, QMSI2017B-06, and 2021-ZDPY-003; by Qiqihar Science and Technology Plan Joint Guidance Project, grant number: LSFGG-2022055, and LHYD-2021014, by Health commission of Heilongjiang Province, grant number: 20210101060181; Heilongjiang undergraduate Innovation and Entrepreneurship Project, grant number: 202111230016.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

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



Supplementary material

The Supplementary material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fmicb.2022.1068825/full#supplementary-material



Footnotes

1https://www.metaboanalyst.ca/MetaboAnalyst/home.xhtml



References

 Adak, A., and Khan, M. R. (2019). An insight into gut microbiota and its functionalities. Cell. Mol. Life Sci. 76, 473–493. doi: 10.1007/s00018-018-2943-4

 Addolorato, G., Ponziani, F. R., Dionisi, T., Mosoni, C., Vassallo, G. A., Sestito, L., et al. (2020). Gut microbiota compositional and functional fingerprint in patients with alcohol use disorder and alcohol-associated liver disease. Liver Int. 40, 878–888. doi: 10.1111/liv.14383 

 Alaamery, M., Albesher, N., Aljawini, N., Alsuwailm, M., Massadeh, S., Wheeler, M. A., et al. (2021). Role of sphingolipid metabolism in neurodegeneration. J. Neurochem. 158, 25–35. doi: 10.1111/jnc.15044 

 Alemao, C. A., Budden, K. F., Gomez, H. M., Rehman, S. F., Marshall, J. E., Shukla, S. D., et al. (2021). Impact of diet and the bacterial microbiome on the mucous barrier and immune disorders. Allergy 76, 714–734. doi: 10.1111/all.14548 

 An, D., Na, C., Bielawski, J., Hannun, Y. A., and Kasper, D. L. (2011). Membrane sphingolipids as essential molecular signals for Bacteroides survival in the intestine. Proc. Natl. Acad. Sci. U. S. A. 108 (Suppl. 1), 4666–4671. doi: 10.1073/pnas.1001501107 

 Bajaj, J. S. (2019). Alcohol, liver disease and the gut microbiota. Nat. Rev. Gastroenterol. Hepatol. 16, 235–246. doi: 10.1038/s41575-018-0099-1

 Ban, H., Shigemitsu, K., Yamatsuji, T., Haisa, M., Nakajo, T., Takaoka, M., et al. (2004). Arginine and Leucine regulate p 70 S6 kinase and 4E-BP1 in intestinal epithelial cells. Int. J. Mol. Med. 13, 537–543. doi: 10.3892/ijmm.13.4.537

 Bjørkhaug, S. T., Aanes, H., Neupane, S. P., Bramness, J. G., Malvik, S., Henriksen, C., et al. (2019). Characterization of gut microbiota composition and functions in patients with chronic alcohol overconsumption. Gut Microbes 10, 663–675. doi: 10.1080/19490976.2019.1580097 

 Bojović, K., Ignjatović, Ð. I., Soković Bajić, S., Vojnović Milutinović, D., Tomić, M., Golić, N., et al. (2020). Gut microbiota Dysbiosis associated with altered production of short Chain fatty acids in children with neurodevelopmental disorders. Front. Cell. Infect. Microbiol. 10:223. doi: 10.3389/fcimb.2020.00223 

 Burnette, E. M., Nieto, S. J., Grodin, E. N., Meredith, L. R., Hurley, B., Miotto, K., et al. (2022). Novel agents for the pharmacological treatment of alcohol use disorder. Drugs 82, 251–274. doi: 10.1007/s40265-021-01670-3 

 Callahan, B. J., Wong, J., Heiner, C., Oh, S., Theriot, C. M., Gulati, A. S., et al. (2019). High-throughput amplicon sequencing of the full-length 16S rRNA gene with single-nucleotide resolution. Nucleic Acids Res. 47:e103. doi: 10.1093/nar/gkz569 

 Carnicella, S., Ron, D., and Barak, S. (2014). Intermittent ethanol access schedule in rats as a preclinical model of alcohol abuse. Alcohol 48, 243–252. doi: 10.1016/j.alcohol.2014.01.006 

 Cheng, J., Li, F., Sun, X., Liu, S., Chen, L., Tian, F., et al. (2020). Low-dose alcohol ameliorated homocysteine-induced anxiety-related behavior via attenuating oxidative stress in mice. Neurosci. Lett. 714:134568. doi: 10.1016/j.neulet.2019.134568 

 Consortium, T.H.M.P. (2012). Structure, function and diversity of the healthy human microbiome. Nature 486, 207–214. doi: 10.1038/nature11234 

 Crews, F. T., Zou, J., and Coleman, L. G. Jr. (2021). Extracellular microvesicles promote microglia-mediated pro-inflammatory responses to ethanol. J. Neurosci. Res. 99, 1940–1956. doi: 10.1002/jnr.24813 

 Cuív, P., Klaassens, E. S., Durkin, A. S., Harkins, D. M., Foster, L., McCorrison, J., et al. (2011). Draft genome sequence of Turicibacter sanguinis PC909, isolated from human feces. J. Bacteriol. 193, 1288–1289. doi: 10.1128/jb.01328-10 

 Day, A. W., and Kumamoto, C. A. (2022). Gut microbiome dysbiosis in alcoholism: consequences for health and recovery. Front. Cell. Infect. Microbiol. 12:840164. doi: 10.3389/fcimb.2022.840164 

 Dinan, T. G., and Cryan, J. F. (2017). Brain-gut-microbiota Axis and mental health. Psychosom. Med. 79, 920–926. doi: 10.1097/psy.0000000000000519

 Ding, W. G., Toyoda, F., Ueyama, H., and Matsuura, H. (2011). Lysophosphatidylcholine enhances I (Ks) currents in cardiac myocytes through activation of G protein, PKC and rho signaling pathways. J. Mol. Cell. Cardiol. 50, 58–65. doi: 10.1016/j.yjmcc.2010.10.006 

 Egervari, G., Siciliano, C. A., Whiteley, E. L., and Ron, D. (2021). Alcohol and the brain: from genes to circuits. Trends Neurosci. 44, 1004–1015. doi: 10.1016/j.tins.2021.09.006 

 Erickson, E. K., Grantham, E. K., Warden, A. S., and Harris, R. A. (2019). Neuroimmune signaling in alcohol use disorder. Pharmacol. Biochem. Behav. 177, 34–60. doi: 10.1016/j.pbb.2018.12.007 

 Fan, Y., and Pedersen, O. (2021). Gut microbiota in human metabolic health and disease. Nat. Rev. Microbiol. 19, 55–71. doi: 10.1038/s41579-020-0433-9

 Fan, Y., Ya, E. Z., Ji-Dong, W., Yu-Fan, L., Ying, Z., Ya-Lun, S., et al. (2018). Comparison of microbial diversity and composition in jejunum and colon of the alcohol-dependent rats. J. Microbiol. Biotechnol. 28, 1883–1895. doi: 10.4014/jmb.1806.06050 

 Federici, M. (2019). Gut microbiome and microbial metabolites: a new system affecting metabolic disorders. J. Endocrinol. Investig. 42, 1011–1018. doi: 10.1007/s40618-019-01022-9 

 Flint, H. J., Scott, K. P., Duncan, S. H., Louis, P., and Forano, E. (2012). Microbial degradation of complex carbohydrates in the gut. Gut Microbes 3, 289–306. doi: 10.4161/gmic.19897 

 Flores-Bonilla, A., and Richardson, H. N. (2020). Sex differences in the neurobiology of alcohol use disorder. Alcohol Res. 40:04. doi: 10.35946/arcr.v40.2.04 

 Fukami, H., Tachimoto, H., Kishi, M., Kaga, T., Waki, H., Iwamoto, M., et al. (2010). Preparation of 13C-labeled ceramide by acetic acid bacteria and its incorporation in mice. J. Lipid Res. 51, 3389–3395. doi: 10.1194/jlr.D009191 

 Fung, T. C., Vuong, H. E., Luna, C. D. G., Pronovost, G. N., Aleksandrova, A. A., Riley, N. G., et al. (2019). Intestinal serotonin and fluoxetine exposure modulate bacterial colonization in the gut. Nat. Microbiol. 4, 2064–2073. doi: 10.1038/s41564-019-0540-4 

 Funk, C. K., O’Dell, L. E., Crawford, E. F., and Koob, G. F. (2006). Corticotropin-releasing factor within the central nucleus of the amygdala mediates enhanced ethanol self-administration in withdrawn, ethanol-dependent rats. J. Neurosci. 26, 11324–11332. doi: 10.1523/jneurosci.3096-06.2006 

 Goldstein, R. Z., and Volkow, N. D. (2002). Drug addiction and its underlying neurobiological basis: neuroimaging evidence for the involvement of the frontal cortex. Am. J. Psychiatry 159, 1642–1652. doi: 10.1176/appi.ajp.159.10.1642 

 Gomez-Larrauri, A., Presa, N., Dominguez-Herrera, A., Ouro, A., Trueba, M., and Gomez-Muñoz, A. (2020). Role of bioactive sphingolipids in physiology and pathology. Essays Biochem. 64, 579–589. doi: 10.1042/EBC20190091

 Guinle, M. I. B., and Sinha, R. (2020). The role of stress, trauma, and negative affect in alcohol misuse and alcohol use disorder in women. Alcohol Res. 40:05. doi: 10.35946/arcr.v40.2.05 

 Gupta, H., Suk, K. T., and Kim, D. J. (2021). Gut microbiota at the intersection of alcohol, brain, and the liver. J. Clin. Med. 10:541. doi: 10.3390/jcm10030541 

 Hannun, Y. A., and Obeid, L. M. (2008). Principles of bioactive lipid signalling: lessons from sphingolipids. Nat. Rev. Mol. Cell Biol. 9, 139–150. doi: 10.1038/nrm2329 

 Hawkins, C. C., Ali, T., Ramanadham, S., and Hjelmeland, A. B. (2020). Sphingolipid metabolism in Glioblastoma and metastatic brain tumors: a review of Sphingomyelinases and Sphingosine-1-phosphate. Biomol. Ther. 10:1357. doi: 10.3390/biom10101357 

 Heaver, S. L., Johnson, E. L., and Ley, R. E. (2018). Sphingolipids in host–microbial interactions. Curr. Opin. Microbiol. 43, 92–99. doi: 10.1016/j.mib.2017.12.011

 Hildebrandt, M. A., Hoffmann, C., Sherrill-Mix, S. A., Keilbaugh, S. A., Hamady, M., Chen, Y. Y., et al. (2009). High-fat diet determines the composition of the murine gut microbiome independently of obesity. Gastroenterology 137,1716.e2-1724.e2. doi: 10.1053/j.gastro.2009.08.042 

 Hoffman, J. M., and Margolis, K. G. (2020). Building community in the gut: a role for mucosal serotonin. Nat. Rev. Gastroenterol. Hepatol. 17, 6–8. doi: 10.1038/s41575-019-0227-6 

 Hung, W. C., Hung, W. W., Tsai, H. J., Chang, C. C., Chiu, Y. W., Hwang, S. J., et al. (2021). The Association of Targeted gut Microbiota with body composition in type 2 diabetes mellitus. Int. J. Med. Sci. 18, 511–519. doi: 10.7150/ijms.51164 

 Indiani, C., Rizzardi, K. F., Castelo, P. M., Ferraz, L. F. C., Darrieux, M., and Parisotto, T. M. (2018). Childhood obesity and Firmicutes/Bacteroidetes ratio in the gut microbiota: a systematic review. Child. Obes. 14, 501–509. doi: 10.1089/chi.2018.0040 

 Jiao, Y., Kim, S. C., Wang, Y. H., Wu, T., Jin, H. F., Lee, C. W., et al. (2021). Sauchinone blocks ethanol withdrawal-induced anxiety but spares Locomotor sensitization: involvement of nitric oxide in the bed nucleus of the Stria Terminalis. Evid. Based Complement. Alternat. Med. 2021, 1–14. doi: 10.1155/2021/6670212 

 Kim, J., Balasubramanian, I., Bandyopadhyay, S., Nadler, I., Singh, R., Harlan, D., et al. (2021). Lactobacillus rhamnosus GG modifies the metabolome of pathobionts in gnotobiotic mice. BMC Microbiol. 21:165. doi: 10.1186/s12866-021-02178-2 

 Koh, A., and Bäckhed, F. (2020). From association to causality: the role of the gut microbiota and its functional products on host metabolism. Mol. Cell 78, 584–596. doi: 10.1016/j.molcel.2020.03.005

 Koob, G. F., and Volkow, N. D. (2016). Neurobiology of addiction: a neurocircuitry analysis. Lancet Psychiatry 3, 760–773. doi: 10.1016/s2215-0366(16)00104-8 

 Krishnan, N., Dickman, M. B., and Becker, D. F. (2008). Proline modulates the intracellular redox environment and protects mammalian cells against oxidative stress. Free Radic. Biol. Med. 44, 671–681. doi: 10.1016/j.freeradbiomed.2007.10.054 

 Lang, S., Fairfied, B., Gao, B., Duan, Y., Zhang, X., Fouts, D. E., et al. (2020). Changes in the fecal bacterial microbiota associated with disease severity in alcoholic hepatitis patients. Gut Microbes 12:1785251. doi: 10.1080/19490976.2020.1785251 

 LeBrun, E. S., Nighot, M., Dharmaprakash, V., Kumar, A., Lo, C. C., Chain, P. S. G., et al. (2020). The gut microbiome and alcoholic liver disease: ethanol consumption drives consistent and reproducible alteration in gut microbiota in mice. Life (Basel) 11:7. doi: 10.3390/life11010007 

 Leclercq, S., Cani, P. D., Neyrinck, A. M., Stärkel, P., Jamar, F., Mikolajczak, M., et al. (2012). Role of intestinal permeability and inflammation in the biological and behavioral control of alcohol-dependent subjects. Brain Behav. Immun. 26, 911–918. doi: 10.1016/j.bbi.2012.04.001 

 Leclercq, S., De Saeger, C., Delzenne, N., de Timary, P., and Stärkel, P. (2014a). Role of inflammatory pathways, blood mononuclear cells, and gut-derived bacterial products in alcohol dependence. Biol. Psychiatry 76, 725–733. doi: 10.1016/j.biopsych.2014.02.003 

 Leclercq, S., de Timary, P., Delzenne, N. M., and Stärkel, P. (2017). The link between inflammation, bugs, the intestine and the brain in alcohol dependence. Transl. Psychiatry 7:e1048. doi: 10.1038/tp.2017.15 

 Leclercq, S., Le Roy, T., Furgiuele, S., Coste, V., Bindels, L. B., Leyrolle, Q., et al. (2020). Gut microbiota-induced changes in β-Hydroxybutyrate metabolism are linked to altered sociability and depression in alcohol use disorder. Cell Rep. 33:108238. doi: 10.1016/j.celrep.2020.108238 

 Leclercq, S., Matamoros, S., Cani, P. D., Neyrinck, A. M., Jamar, F., Stärkel, P., et al. (2014b). Intestinal permeability, gut-bacterial dysbiosis, and behavioral markers of alcohol-dependence severity. Proc. Natl. Acad. Sci. U. S. A. 111, E4485–E4493. doi: 10.1073/pnas.1415174111 

 Leclercq, S., Schwarz, M., Delzenne, N. M., Stärkel, P., and de Timary, P. (2021). Alterations of kynurenine pathway in alcohol use disorder and abstinence: a link with gut microbiota, peripheral inflammation and psychological symptoms. Transl. Psychiatry 11:503. doi: 10.1038/s41398-021-01610-5 

 Ley, R. E., Bäckhed, F., Turnbaugh, P., Lozupone, C. A., Knight, R. D., and Gordon, J. I. (2005). Obesity alters gut microbial ecology. Proc. Natl. Acad. Sci. U. S. A. 102, 11070–11075. doi: 10.1073/pnas.0504978102 

 Li, P., Yin, Y. L., Li, D., Kim, S. W., and Wu, G. (2007). Amino acids and immune function. Br. J. Nutr. 98, 237–252. doi: 10.1017/s000711450769936x

 Liu, Y., Huang, W., Ji, S., Wang, J., Luo, J., and Lu, B. (2022). Sophora japonica flowers and their main phytochemical, rutin, regulate chemically induced murine colitis in association with targeting the NF-κB signaling pathway and gut microbiota. Food Chem. 393:133395. doi: 10.1016/j.foodchem.2022.133395 

 Louisa Degenhardt, F. C., Ferrari, A., Santomauro, D., Erskine, H., Mantilla-Herrara, A., Whiteford, H., et al. (2018). The global burden of disease attributable to alcohol and drug use in 195 countries and territories, 1990–2016: a systematic analysis for the global burden of disease study 2016. Lancet Psychiatry 5, 987–1012. doi: 10.1016/s2215-0366(18)30337-7 

 Mariat, D., Firmesse, O., Levenez, F., Guimarăes, V., Sokol, H., Doré, J., et al. (2009). The firmicutes/bacteroidetes ratio of the human microbiota changes with age. BMC Microbiol. 9:123. doi: 10.1186/1471-2180-9-123 

 Morris, S. M. Jr. (2007). Arginine metabolism: boundaries of our knowledge. J. Nutr. 137, 1602s–1609s. doi: 10.1093/jn/137.6.1602S 

 Pedersen, H. K., Gudmundsdottir, V., Nielsen, H. B., Hyotylainen, T., Nielsen, T., Jensen, B. A., et al. (2016). Human gut microbes impact host serum metabolome and insulin sensitivity. Nature 535, 376–381. doi: 10.1038/nature18646 

 Pitocco, D., Di Leo, M., Tartaglione, L., De Leva, F., Petruzziello, C., Saviano, A., et al. (2020). The role of gut microbiota in mediating obesity and diabetes mellitus. Eur. Rev. Med. Pharmacol. Sci. 24, 1548–1562. doi: 10.26355/eurrev_202002_20213

 Postler, T. S., and Ghosh, S. (2017). Understanding the Holobiont: how microbial metabolites affect human health and shape the immune system. Cell Metab. 26, 110–130. doi: 10.1016/j.cmet.2017.05.008 

 Raimondi, S., Musmeci, E., Candeliere, F., Amaretti, A., and Rossi, M. (2021). Identification of mucin degraders of the human gut microbiota. Sci. Rep. 11:11094. doi: 10.1038/s41598-021-90553-4 

 Robinson, G., Most, D., Ferguson, L. B., Mayfield, J., Harris, R. A., and Blednov, Y. A. (2014). Neuroimmune pathways in alcohol consumption: evidence from behavioral and genetic studies in rodents and humans. Int. Rev. Neurobiol. 118, 13–39. doi: 10.1016/b978-0-12-801284-0.00002-6 

 Ron, D., and Barak, S. (2016). Molecular mechanisms underlying alcohol-drinking behaviours. Nat. Rev. Neurosci. 17, 576–591. doi: 10.1038/nrn.2016.85 

 Schiffer, L., Barnard, L., Baranowski, E. S., Gilligan, L. C., Taylor, A. E., Arlt, W., et al. (2019). Human steroid biosynthesis, metabolism and excretion are differentially reflected by serum and urine steroid metabolomes: a comprehensive review. J. Steroid Biochem. Mol. Biol. 194:105439. doi: 10.1016/j.jsbmb.2019.105439 

 Schröcksnadel, K., Wirleitner, B., Winkler, C., and Fuchs, D. (2006). Monitoring tryptophan metabolism in chronic immune activation. Clin. Chim. Acta 364, 82–90. doi: 10.1016/j.cca.2005.06.013 

 Shan, J., Peng, L., Qian, W., Xie, T., Kang, A., Gao, B., et al. (2018). Integrated serum and fecal metabolomics study of collagen-induced arthritis rats and the therapeutic effects of the Zushima tablet. Front. Pharmacol. 9:891. doi: 10.3389/fphar.2018.00891 

 Shukla, P. K., Meena, A. S., Dalal, K., Canelas, C., Samak, G., Pierre, J. F., et al. (2021). Chronic stress and corticosterone exacerbate alcohol-induced tissue injury in the gut-liver-brain axis. Sci. Rep. 11:826. doi: 10.1038/s41598-020-80637-y 

 Siomek-Gorecka, A., Dlugosz, A., and Czarnecki, D. (2021). The molecular basis of alcohol use disorder (AUD). Genetics, epigenetics, and nutrition in AUD: an amazing triangle. Int. J. Mol. Sci. 22:4262. doi: 10.3390/ijms22084262 

 Smirnova, E., Puri, P., Muthiah, M. D., Daitya, K., Brown, R., Chalasani, N., et al. (2020). Fecal microbiome distinguishes alcohol consumption from alcoholic hepatitis but does not discriminate disease severity. Hepatology 72, 271–286. doi: 10.1002/hep.31178 

 Stavroulaki, E. M., Suchodolski, J. S., Pilla, R., Fosgate, G. T., Sung, C. H., Lidbury, J., et al. (2022). The serum and fecal Metabolomic profiles of growing kittens treated with amoxicillin/Clavulanic acid or doxycycline. Animals (Basel) 12:330. doi: 10.3390/ani12030330 

 Stojanov, S., Berlec, A., and Štrukelj, B. (2020). The influence of probiotics on the firmicutes/bacteroidetes ratio in the treatment of obesity and inflammatory bowel disease. Microorganisms 8:1715. doi: 10.3390/microorganisms8111715 

 Tawthep, S., Fukiya, S., Lee, J. Y., Hagio, M., Ogura, Y., Hayashi, T., et al. (2017). Isolation of six novel 7-oxo- or urso-type secondary bile acid-producing bacteria from rat cecal contents. J. Biosci. Bioeng. 124, 514–522. doi: 10.1016/j.jbiosc.2017.06.002 

 Tseng, H. C., Lin, C. C., Wang, C. Y., Yang, C. C., Hsiao, L. D., and Yang, C. M. (2018). Lysophosphatidylcholine induces cyclooxygenase-2-dependent IL-6 expression in human cardiac fibroblasts. Cell. Mol. Life Sci. 75, 4599–4617. doi: 10.1007/s00018-018-2916-7 

 Vaiserman, A., Romanenko, M., Piven, L., Moseiko, V., Lushchak, O., Kryzhanovska, N., et al. (2020). Differences in the gut Firmicutes to Bacteroidetes ratio across age groups in healthy Ukrainian population. BMC Microbiol. 20:221. doi: 10.1186/s12866-020-01903-7 

 Vécsei, L., Szalárdy, L., Fülöp, F., and Toldi, J. (2013). Kynurenines in the CNS: recent advances and new questions. Nat. Rev. Drug Discov. 12, 64–82. doi: 10.1038/nrd3793 

 Vujkovic-Cvijin, I., Sklar, J., Jiang, L., Natarajan, L., Knight, R., and Belkaid, Y. (2020). Host variables confound gut microbiota studies of human disease. Nature 587, 448–454. doi: 10.1038/s41586-020-2881-9 

 Wahlström, A., Sayin, S. I., Marschall, H. U., and Bäckhed, F. (2016). Intestinal crosstalk between bile acids and microbiota and its impact on host metabolism. Cell Metab. 24, 41–50. doi: 10.1016/j.cmet.2016.05.005 

 Wang, Y., Huang, J. M., Zhou, Y. L., Almeida, A., Finn, R. D., Danchin, A., et al. (2020). Phylogenomics of expanding uncultured environmental Tenericutes provides insights into their pathogenicity and evolutionary relationship with bacilli. BMC Genomics 21:408. doi: 10.1186/s12864-020-06807-4 

 Wang, G., Liu, Q., Guo, L., Zeng, H., Ding, C., Zhang, W., et al. (2018). Gut microbiota and relevant metabolites analysis in alcohol dependent mice. Front. Microbiol. 9:1874. doi: 10.3389/fmicb.2018.01874 

 WHO (2018). Global Status Report on Alcohol and Health 2018. Geneva: WHO.

 WHO (2022). World Health Statistics 2022: Monitoring Health for the SDGs, Sustainable Development Goals. Geneva: WHO.

 Witkowski, M., Weeks, T. L., and Hazen, S. L. (2020). Gut microbiota and cardiovascular disease. Circ. Res. 127, 553–570. doi: 10.1161/circresaha.120.316242 

 Wu, G. (2009). Amino acids: metabolism, functions, and nutrition. Amino Acids 37, 1–17. doi: 10.1007/s00726-009-0269-0

 Wu, D., and Cederbaum, A. I. (2003). Alcohol, oxidative stress, and free radical damage. Alcohol Res. Health 27, 277–284.

 Xia, T., Duan, W., Zhang, Z., Li, S., Zhao, Y., Geng, B., et al. (2021). Polyphenol-rich vinegar extract regulates intestinal microbiota and immunity and prevents alcohol-induced inflammation in mice. Food Res. Int. 140:110064. doi: 10.1016/j.foodres.2020.110064 

 Xiao, H. W., Ge, C., Feng, G. X., Li, Y., Luo, D., Dong, J. L., et al. (2018). Gut microbiota modulates alcohol withdrawal-induced anxiety in mice. Toxicol. Lett. 287, 23–30. doi: 10.1016/j.toxlet.2018.01.021 

 Yang, W., Singla, R., Maheshwari, O., Fontaine, C. J., and Gil-Mohapel, J. (2022). Alcohol use disorder: neurobiology and therapeutics. Biomedicine 10:1192. doi: 10.3390/biomedicines10051192 

 Yang, F., Wei, J., Shen, M., Ding, Y., Lu, Y., Ishaq, H. M., et al. (2021). Integrated analyses of the gut microbiota, intestinal permeability, and serum Metabolome phenotype in rats with alcohol withdrawal syndrome. Appl. Environ. Microbiol. 87:e0083421. doi: 10.1128/aem.00834-21 

 Zarrindast, M.-R., Fazli-Tabaei, S., and Khakpai, F. (2021). Synergistic effect between quinpirole and L-NAME as well as sulpiride and L-arginine on the modulation of anxiety and memory processes in the 6-OHDA mouse model of Parkinson’s disease: an isobologram analysis. Neurobiol. Learn. Mem. 186:107538. doi: 10.1016/j.nlm.2021.107538 

 Zeng, C., Wen, B., Hou, G., Lei, L., Mei, Z., Jia, X., et al. (2017). Lipidomics profiling reveals the role of glycerophospholipid metabolism in psoriasis. Gigascience 6, 1–11. doi: 10.1093/gigascience/gix087 









 


	
	
TYPE Original Research
PUBLISHED 23 February 2023
DOI 10.3389/fmicb.2023.1016872






Alterations in intestinal microbiota and metabolites in individuals with Down syndrome and their correlation with inflammation and behavior disorders in mice

Shaoli Cai1,2,3†, Jinxin Lin1,2,3†, Zhaolong Li4†, Songnian Liu1,2, Zhihua Feng1,2,3, Yangfan Zhang1,2,3, Yanding Zhang3*, Jianzhong Huang3* and Qi Chen1,2,3*


1Biomedical Research Center of South China, Fujian Normal University, Fuzhou, Fujian, China

2Fujian Key Laboratory of Innate Immune Biology, Fujian Normal University, Fuzhou, Fujian, China

3College of Life Sciences, Fujian Normal University, Fuzhou, Fujian, China

4Institute of Animal Husbandry and Veterinary Medicine, Fujian Academy of Agricultural Sciences, Fuzhou, Fujian, China

[image: image2]

OPEN ACCESS

EDITED BY
 Huan Li, Lanzhou University, China

REVIEWED BY
 Ranjan Nanda, International Centre for Genetic Engineering and Biotechnology, India
 Guoliang Li, Institute of Zoology (CAS), China

*CORRESPONDENCE
 Yanding Zhang, ✉ ydzhang@fjnu.edu.cn 
 Jianzhong Huang, ✉ hjz@fjnu.edu.cn
 Qi Chen, ✉ chenqi@fjnu.edu.cn

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

SPECIALTY SECTION
 This article was submitted to Microorganisms in Vertebrate Digestive Systems, a section of the journal Frontiers in Microbiology


RECEIVED 11 August 2022
 ACCEPTED 06 February 2023
 PUBLISHED 23 February 2023

CITATION
 Cai S, Lin J, Li Z, Liu S, Feng Z, Zhang Y, Zhang Y, Huang J and Chen Q (2023) Alterations in intestinal microbiota and metabolites in individuals with Down syndrome and their correlation with inflammation and behavior disorders in mice. Front. Microbiol. 14:1016872. doi: 10.3389/fmicb.2023.1016872

COPYRIGHT
 © 2023 Cai, Lin, Li, Liu, Feng, Zhang, Zhang, Huang and Chen. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
 

The intestinal microbiota and fecal metabolome have been shown to play a vital role in human health, and can be affected by genetic and environmental factors. We found that individuals with Down syndrome (DS) had abnormal serum cytokine levels indicative of a pro-inflammatory environment. We investigated whether these individuals also had alterations in the intestinal microbiome. High-throughput sequencing of bacterial 16S rRNA gene in fecal samples from 17 individuals with DS and 23 non-DS volunteers revealed a significantly higher abundance of Prevotella, Escherichia/Shigella, Catenibacterium, and Allisonella in individuals with DS, which was positively associated with the levels of pro-inflammatory cytokines. GC-TOF-MS-based fecal metabolomics identified 35 biomarkers (21 up-regulated metabolites and 14 down-regulated metabolites) that were altered in the microbiome of individuals with DS. Metabolic pathway enrichment analyses of these biomarkers showed a characteristic pattern in DS that included changes in valine, leucine, and isoleucine biosynthesis and degradation; synthesis and degradation of ketone bodies; glyoxylate and dicarboxylate metabolism; tyrosine metabolism; lysine degradation; and the citrate cycle. Treatment of mice with fecal bacteria from individuals with DS or Prevotella copri significantly altered behaviors often seen in individuals with DS, such as depression-associated behavior and impairment of motor function. These studies suggest that changes in intestinal microbiota and the fecal metabolome are correlated with chronic inflammation and behavior disorders associated with DS.

KEYWORDS
 Down syndrome, cytokines, intestinal microbiota, metabolomics, inflammation


Introduction

Down syndrome (DS), a genetic disease caused by trisomy of chromosome 21, was first described by Doctor John Langdon Down in 1866, and is characterized by abnormal brain development, including the reduction of total brain volume, specifically in the cortical, hippocampal, and cerebellar areas (Zigman, 2013). DS occurs in approximately 1–2 per 1,000 live births across the world (Parker et al., 2010; Marlow et al., 2021; Osborne et al., 2021), with a prevalence of 1/800 worldwide, 1/500 in the United States, and 1.4/1,000 in China (Xiao et al., 2022). Approximately 50% of babies with DS die in utero; the survival rate of infants with DS is approximately 90% (Best et al., 2018). Due to numerous impairments, individuals with DS may suffer a low quality of life and require costly, life-long care; it has been estimated that DS is associated with a financial burden of US$60,000 (Bull, 2020). Since chromosome 21 encodes many genes, the course of DS is polygenic and complex. Individuals with DS are at high risk of congenital heart disease, developmental delay, leukemia, obesity, obstructive sleep apnea, and abnormal myelopoiesis and inflammatory responses (Khalid-Raja and Tzifa, 2016). Many studies have reported immune system impairments in DS, with high levels of pro-inflammatory and low levels of anti-inflammatory cytokine production (Huggard et al., 2020). Suppression of pro-inflammatory cytokines in individuals with DS may reduce the risk of comorbid conditions and improve quality of life.

Intestinal microbiota are a colonizing flora of microorganisms in the human body, comprising anaerobic bacteria, protozoa, fungi, and archaeas. Among these, bacteria are the most prominent microorganism, with 150-fold more genes than the human genome (Qin et al., 2010). Bacteria within the microbiome secrete a range of enzymes that modulate diverse host functions, such as metabolism of indigestible carbohydrates, production of vitamins, reproduction and differentiation of the intestinal epithelium, regulation of the immune system, and maintenance of intestinal homeostasis (Zimmermann et al., 2019; Casertano et al., 2021), which help hosts adapt various environments (Xiong, 2022). Clinical evidence has shown that the composition of intestinal microbiota is different between patients with various diseases and the healthy population (Bäumler and Sperandio, 2016). For example, gut microbial alterations are associated with cognitive impairment and Aβ load in older adults (Wu et al., 2022), and the composition of the gut microbiota of patents with Alzheimer’s disease (AD) differs from that of healthy controls at the taxonomic level. Perturbation of intestinal microbiota composition has also been linked to accelerated development of inflammation in people suffering from memory impairment (Wang et al., 2021).

Metabonomics is the study of changes in metabolism in response to pathophysiological states or exogenous substances. For example, the composition of serum saturated fatty acids and unsaturated fatty acids was shown to vary between individuals with AD and healthy volunteers (Wang et al., 2012), and analysis of the urinary metabolome revealed differences in metabolites between patients with interstitial cystitis and healthy people (Kind et al., 2016). Interestingly, many studies have suggested that changes in intestinal microbiota composition are associated with alterations in host metabolites in the gut (Guo et al., 2020).

The current study explored the production of pro-inflammatory cytokines, intestinal microbiota, and fecal metabolites in individuals with DS and non-DS volunteers using multiparameter flow cytometry analysis, high-throughput sequencing of the intestinal microbiome, and gas chromatography time-of-flight mass spectrometry (GC-TOF-MS)-based fecal metabolomics. The analysis revealed differences in the intestinal microbiota of individuals with DS and non-DS volunteers, a correlation between gut microbial flora/fecal metabolite markers and pro-inflammatory cytokines in DS individuals, and association of the DS microbiome with DS-related behaviors in mice. These studies may provide insights into DS pathophysiology and inform the development of new therapeutics for individuals with DS.



Materials and methods


Study participants

A total of 40 participants were recruited: 23 non-DS volunteers (HC) and 17 individuals with DS (Supplementary Table 1). Participants were recruited from the Fuzhou Second Social Welfare Home (Fuzhou, China). All the DS individuals had a congenital cognitive delay, while all non-DS volunteers had a physical disability. Ethical approval for this study was provided by the NHS Health Research Authority (REC reference: 15/SW/0354) and informed consent was obtained from all volunteers or their legal guardians prior to enrollment in the study.



Sample collection

All samples were collected from participants on the same day (03. 23. 2017). Whole blood was collected by venipuncture after a 12 h fast and stored at 25°C for 0.5 h. Samples were centrifuged at 3,000 g for 20 min to collect the serum, which was stored at −80°C until use. Fecal samples were collected in sterile urine containers and stored at −80°C until use.



Measurement of cytokine biomarkers in serum

Serum interleukin-9 (IL-9), interleukin-1β (IL-1β), macrophage inflammatory protein-1α (MIP-1α), angiogenin, granulocyte colony-stimulating factor (G-CSF), interleukin-1α (IL-1α), monocyte chemoattractant protein 1 (MCP-1), macrophage inflammatory protein-1β (MIP-1β), immunoglobulin E (IgE), interleukin-6 (IL-6), fractalkine, interleukin-8 (IL-8), tumor necrosis factor-α (TNF-α), monokine induced by interferon-gamma (MIG), rantes, and granzyme B were analyzed by multiparameter flow cytometry using the corresponding antibodies from BD Biosciences (East Rutherford, NJ, United States) and the BD FACSymphony™A5 (BD Biosciences).



Intestinal microbiota analysis

Genomic DNA was isolated from frozen fecal samples using a DNA isolation kit (MoBio, Carlsbad, CA, United States) and quantified using a NanoDrop ND-1000 spectrophotometer (Thermo Fisher Scientific, Waltham, MA, United States). 16S rRNA genes (V3-V4 region) were PCR amplified using the forward primer 341F (5′-ACTCCTACGGGRSGCAGCAG-3′) and reverse primer 806R (5′-GGACTACVVGGGTATCTAATC-3′), purified using Agencourt AMPure magnetic purification beads (Beckman Coulter, Brea, CA, United States), and run on 2% agarose gel. High-throughput sequencing of the PCR products was carried out on the PacBio RS II platform and analyzed at Ruiyi Biotechnology Co., Ltd. (Hangzhou, China).

Raw data from high-throughput sequencing were demultiplexed and quality filtered using the QIIME2 platform, then used to assemble operational taxonomic units (OTUs) to define species, genus, or class of bacterial communities by UCLUST algorithm (an exceptionally fast sequence clustering program for nucleotide and protein sequences) with a threshold of 97%. Principal component analysis (PCA) plots were generated using R software (v 4.1.2). STAMP (Ver. 2.1.3) software was applied to identify intestinal microbial phylotypes.



Fecal sample preparation for metabolomic analysis

Fecal samples (100 mg) were mixed with 500 μL of extract solution (methanol:chloroform = 3:1) and 20 μL of internal standard (L-2-chlorophenylalanine), followed by ultrasonic treatment on ice. The mixture was centrifuged at 13,000 rpm for 20 min at 4°C. The supernatant (400 μL) was transferred to an Eppendorf tube, dried in a vacuum concentrator at 30°C, and dissolved in 80 μL of methoxyamine hydrochloride (in pyridine, 20 mg/mL). Samples were placed at 75°C for 30 min, then 100 μL of pyridine and N,O,-bis-(trimethylsilyl) trifluoroacetamide (BSTFA) (containing 1% trimethylchlorosilane, v/v) was added and the samples were incubated at 70°C for 90 min. After cooling to 25°C, the samples were mixed well with 8 μL of fatty acid methyl esters (FAME)s and used for GC-TOF-MS analysis.



Metabolomic analysis with GC-TOF-MS

GC-TOF-MS analysis was carried out using a gas chromatograph system coupled with a Pegasus HT time-of-flight mass spectrometer. The system utilizes a DB-5 MS capillary column coated with 5% diphenyl cross-linked with 95% dimethylpolysiloxane (30 m × 250 μm × 0.25 μm, J&W Scientific, United States). An analyte (1 μL) was injected in splitless mode. Helium was used as the carrier gas, the front inlet purge flow was 3 mL/min, and the gas flow rate through the column was 20 mL/min. The initial temperature was kept at 50°C for 1 min, then raised to 310°C at a rate of 10°C/min and kept for 9 min at 310°C. The injection, transfer line, and ion source temperatures were 280, 270, and 220°C, respectively. The energy was −70 eV in electron impact mode. The mass spectrometry data were acquired in full-scan mode with the m/z range of 50–500 at a rate of 20 spectra/s after a solvent delay of 312 s.

The raw data from GC-TOF-MS were processed using Progenesis software (v 3.0) for peak detection, filtering, denoising, alignment, and standardization. The resulting normalized data were evaluated by multivariate statistical analyses using R software (v 4.1.2), including PCA, partial least squares discriminant analysis (PLS-DA), and orthogonal partial least squares discriminant analysis (OPLS-DA). Potential biomarkers were selected based on the VIP (variable importance plots) value and p values were determined by two-tailed t-test. A VIp value more than 1.0 and P value less than 0.05 were considered statistically significant. Heatmaps were constructed based on the area of potential biomarkers using a random forest algorithm with TBtools software. Pathway enrichment analysis of the potential biomarkers was performed using the website MetaboAnalyst1 based on the KEGG database.2 Correlation between the potential biomarkers and pro- and anti-inflammatory cytokines was determined using R software (v4.1.2) and Cytoscape (v3.9.0).



Animals and behavioral studies

Twenty-four germ-free (GF) C57BL/6 mice (6 weeks of age) were supplied by the Chinese Academy of Medical Sciences (Beijing, China) and used for behavioral testing following treatment with fecal bacteria derived from individuals with DS and non-DS volunteers, as well as a preparation of Prevotella copri. All animal experimental procedures adhered to guidelines approved by the Chinese Academy of Medical Sciences [Permit No. SYXK (Beijing)-2018–0019].

Mice were housed in a standard room at 22 ± 1°C with a humidity of 55 ± 5%, under a 12 h light/dark cycle at the Chinese Academy of Medical Sciences Animal Facility. After acclimation for 7 days, the mice were randomly divided into four groups of six mice and received the following treatments twice a week for 42 days. (1) The control group was treated with intragastric gavage of 100 μL phosphate-buffered saline. (2) The HC group was treated with intragastric gavage of 100 μL of fecal bacteria pooled from 23 non-DS volunteers. (3) The DS group was treated with intragastric gavage of 100 μL of fecal bacteria pooled from 17 participants with DS. (4) The Prevotella group was treated with intragastric gavage of 100 μL of Prevotella copri (108 CFU). After 42 days of treatment, the mice were underwent a series of behavior tests including sucrose preference test, open field test, and forced swimming test, as described below. All mice were then anesthetized with isoflurane and blood samples were collected by heart puncture after a 12-h fast following the accomplishment of all behavior tests.



Sucrose preference test

Depression is often associated with DS (Thom et al., 2021). The sucrose preference test was used to measure anhedonia-like symptoms (indicating depression-like behavior) over a 48-h period. Animals were acclimated to two identical water bottles on their cages for 3 days. Then, each mouse was given two bottles (A: water and B: 2% sucrose solution). To avoid a locational bias, we changed the position of bottles A and B every 12 h. The amount of the sucrose solution or water consumed was measured by weighing the bottles before and after the test. The percentage of sucrose preference was calculated as an index of depression-like behavior.



Open field test

Basic motor skills, movement disorders, and abnormal gait and posture are correlated with cognitive limitations and abnormal sensorimotor integration found in DS (Carvalho and Vasconcelos, 2011). Therefore, the open field test was performed to assess locomotor activity and exploratory behavior of mice. Briefly, mice were placed individually in 40 cm × 60 cm × 50 cm box with the floor divided into 25 smaller rectangular units. The total time spent in the central zone and total distance crossed by each mouse were recorded every 5 min for 30 consecutive days. Between each test, the apparatus was cleaned with 75% ethanol solution to eliminate possible odors left by other mice.



Forced swimming test

The forced swimming test is a non-invasive behavioral test often used for evaluation of depression in rodents (Can et al., 2012). Therefore, forced swimming tests were carried out using a previously reported protocol (Hirano et al., 2009). Each mouse was placed into a transparent cylinder (20 cm × 20 cm × 40 cm) filled with water (depth of water: 30 cm and temperature: 25 ± 1°C). Immobility time was recorded during the last 4 min of the 6-min testing period.



Serum biochemical analysis

Blood samples collected from the mice were placed at room temperature for 2 h then centrifuged (6,000 rpm, 25°C, 15 min). Serum C-reactive protein (CRP), lipopolysaccharide (LPS), and corticosterone levels were measured using commercially available kits according to the manufacturer’s instructions (Baiaolaibo Technology Co., Beijing, China).



Statistical analysis

Experimental results are expressed as the mean ± SEM using Prism 7.0 (GraphPad Software, San Diego, CA, United States). Statistical analysis was carried out using one-way analysis of variance (ANOVA), followed by Tukey test using SPSS 20.0 (IBM, Chicago, IL, United States) unless otherwise indicated. Statistically significant differences are indicated as *p < 0.05, and **p < 0.01.

In the meantime, we used LDA Effect Size (LEfSe) analysis and rank sum test to analyze the differences between groups and to find out the species that had significant differences between groups. For the analysis results of the rank sum test, we performed False Discovery Rate (FDR) correction on the value of p, and selected the different species according to the corrected value of p.




Results


Cytokine levels are shifted in individuals with DS

Chronic inflammatory conditions and autoimmunity are common features of DS, with previous studies reporting high levels of circulating pro-inflammatory cytokines and low levels of anti-inflammatory cytokines. Therefore, we examined the serum levels of IL-9, IL-1β, IL-1α, MCP-1, MIP-1β, IgE, IL-6, TNF-α, MIG, rantes, granzyme B, angiogenin MIP-1α, G-CSF, fractalkine, and IL-8 in individuals with DS and non-DS volunteers. As shown in Figure 1, the levels of serum IL-9, IL-1β, IL-1α, MCP-1, MIP-1β, IgE, IL-6, TNF-α, MIG, rantes, and granzyme B were all significantly increased in the DS group compared with the non-DS group (p < 0.05). The level of serum angiogenin was significantly reduced in the DS group compared with the non-DS group (p < 0.05). No significant differences were seen in the serum levels of MIP-1α, G-CSF, fractalkine, and IL-8 between the DS group and the non-DS group (p > 0.05). These results indicate the presence of a distinct pro-inflammatory cytokine profile in individuals with DS.
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FIGURE 1
 Pro-inflammatory and anti-inflammatory cytokines in individuals with DS and non-DS volunteers (HC). Serum levels of IL-9, IL-1β, MIP-1α, angiogenin, G-CSF, IL-1α, MCP-1, MIP-1β, IgE, IL-6, fractalkine, IL-8, TNF-α, MIG, rantes, and granzyme B were analyzed by multiparameter flow cytometry. *p < 0.05 and **p < 0.01 when comparing DS with the non-DS group.




Composition and diversity of intestinal microbiota are altered in individuals with DS

The intestinal microbiota play a vital role in the inflammatory response. Thus, we examined the composition of intestinal microbiota in the non-DS and DS groups using high-throughput sequencing analysis. A PCA biplot of the intestinal microbiota structure revealed an apparent separation between the non-DS and DS groups (Figure 2A). The first principal component (PC1) and the second principal component (PC2) accounted for 57 and 11% of the total variation, respectively, i.e., the intestinal microbiota in the non-DS group was mainly distributed in the second and third quadrants, whereas the intestinal microbiota in the DS group was mainly distributed in the first and fourth quadrants. As shown in Figure 2B, there were a total of 651 OTUs in the non-DS and DS groups, with each OTU representing a single species. Among these, 360 OTUs overlapped in the non-DS and DS groups. The DS group exhibited 161 unique OTUs, whereas the non-DS group displayed 130 unique OTUs. Thus, individuals with DS had significantly higher fecal microbial OTUs compared with non-DS volunteers. As seen in Figure 2C, the distribution of fecal flora was relatively concentrated in the non-DS group, and relatively scattered in the DS group, indicating that the individual difference ratio in fecal flora in non-DS volunteers was small, with greater variation among individuals with DS. The fecal flora of the DS group tended to move away from that of the non-DS group, indicating variations in microbiome abnormality characteristics that may be linked to variations in DS severity. In summary, the intestinal flora of individuals with DS was significantly different from that of non-DS volunteers, with clear differences in intestinal microbiota diversity.
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FIGURE 2
 Differences in the intestinal microbiota composition and diversity in the non-DS and DS groups. 16S rRNA sequencing data was used to assemble operational taxonomic units (OTUs). (A) PCA plot of intestinal flora. (B) Venn diagram of intestinal microbiota. (C) Analyses of intestinal flora based on OTUs. (D–G) Alpha diversity was used to assess the flora diversity and distribution, including the Chao1 index (D), observed species index (E), Shannon index (F), and Simpson index (G). **A significant difference (p < 0.01) in the observes species of intestinal microbiota was seen in individuals with DS and non-DS volunteers. HC, non-DS volunteers (or non-DS group); DS, individuals with DS (or DS group).


Next, we conducted alpha diversity analyses to further assess the species diversity and distribution in the two study groups, calculating the Chao1 index, observed species index, Shannon index, Simpson index, and PD whole Tree index. The alpha diversity index of each sample was calculated using QIIME software, and a corresponding dilution curve was generated. The Chao algorithm was used to estimate the OTU index (the total number of species) in the flora. As shown in Supplementary Table 2, compared with the non-DS group, the Chao value of intestinal bacteria in individuals with DS was higher, indicating that the overall number of intestinal microorganisms in individuals with DS was more abundant. The intestinal flora diversity of individuals with DS (Simpson = 0.8447) was slightly higher than that of the non-DS group (Simpson = 0.8067), but the difference was not significant (Supplementary Table 2). The observed species and Shannon index in the DS group were significantly higher than that in the non-DS group (p < 0.01; Figures 2E,F); however, there was no significant difference in Chao1 and the Simpson index between the non-DS and DS groups (p > 0.05; Figures 2D,G).

Taxon-based analysis at the phylum level revealed differences in specific bacterial phylotypes between the non-DS and DS groups (Figures 3A,B). Firmicutes and Bacteroidetes are the primary phyla in gut, and their ratio is often associated with host health status. We found that the ratio of Firmicutes to Bacteroidetes was significantly elevated in the DS group compared with the non-DS group (p < 0.01). At the family level, Prevotellaceae was most abundant in the feces of individuals with DS, followed by Ruminococcaceae, Veillonellaceae, Lachnospiraceae, and Bacteroidaceae, suggesting that Prevotellaceae may be a characteristic intestinal bacteria of individuals with DS at the family level (Supplementary Figure 1). In contrast, Bacteroidaceae was the most abundant in the feces of non-DS volunteers, followed by Prevotellaceae, Lachnospiraceae, Ruminococcaceae, and Acidaminococcaceae. Therefore, Bacteroidaceae may be the characteristic intestinal bacteria in the non-DS group at the family level (Supplementary Figure 1).
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FIGURE 3
 Taxon-based analysis of the microbiome in the DS and non-DS groups. (A) A significant difference was observed (**p < 0.01) in the ratio of Firmicutes and Bacteroidetes in the intestinal microbiota of the non-DS and DS groups. (B) The classification and abundance of intestinal microbiota from individuals with DS and non-DS volunteers. Different colors represent classification levels, and the size of the circle represents the relative abundance of the classification. The number below the taxonomic name indicates the relative percentage abundance. HC, non-DS volunteers (or non-DS group); DS, individuals with DS (or DS group).


At the genus level, the fecal microbiome of individuals with DS was enriched in Prevotella, Bacteroides, Faecalibacterium, Alloprevotella, Megasphaera, and Dialister (Figure 4A). By comparison, the fecal microbiome of the non-DS group was enriched for Bacteroides, Prevotella, Megasphaera, Phascolarctobacterium, Faecalibacterium, Roseburia, and Lachnospiracea incertae sedis. The relative abundance of 20 genera was significantly different between individuals with DS and non-DS volunteers (Figures 4B,C). The relative abundance of Bacteroides, Anaerostipes, Paraprevotella, Bilophila, Asaccharobacter, Parasutterella, Roseburia, Clostridium XVIII, Alistipes, and Clostridium XIVb was significantly lower in the DS group compared with the non-DS group. The relative abundance of Prevotella, Allisonella, Alloprevotella, Erysipelotrichaceae incertae sedis, Oribacterium, Dialister, Escherichia/Shigella, Catenibacterium, Mitsuokella, Succinivibrio, and Howardella was significantly higher in the DS group. Therefore, Prevotella and Bacteroides emerged as the characteristic bacteria of individuals with DS and non-DS volunteers, respectively. These data offer potential microbiome-based biomarkers of DS that may be linked to gut and overall health.
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FIGURE 4
 Differences in microbial composition between individuals with DS (DS) and non-DS volunteers (HC) at the genus level. (A) Mean proportion (left) and difference in mean proportion (right) of each genus present in the microbiome of DS and non-DS groups. (B) Fecal microbial richness of each DS and non-DS volunteer at the genus level. (C) Mean composition and richness of fecal microbiota in individuals with DS and non-DS volunteers.


According to the flora classification, among the top 20 genera, we set the abundance difference and evolutionary relationship of dominant species in single or multiple samples against the entire classification system (Figure 3B). This analysis confirmed Prevotella as the dominant bacterium in individuals with DS, with a relative abundance of 35.04%, while Bacteroides was the dominant bacteria in non-DS volunteers, with a relative abundance of 29.56%. Both Prevotella and Bacteroides belong to Bacteroidetes (plylum), Bacteroidia (class), and Bacteroides (order). Bacteroides can be further divided into Prevotellaceae (family), Prevotella (genus) and Bacteroidaceae (family), Bacteroides (genus). This suggests that that the intestines of individuals with DS may provide a preferred environment for Prevotella rather than Bacteroides, and that the relative level of order Bacteroides bacteria may be a key marker of DS linked to severity.

We next used hierarchical clustering to reveal the arrangement of groups (clusters) of similar bacteria within the intestinal flora in the DS and non-DS groups. The top 20 genera were used for a comparative analysis. As seen in Supplementary Figure 2, at the genus level, the fecal flora of individuals with DS and non-DS people separated into two clusters with a few exceptions, suggesting distinct differences in the fecal microbiota between the two study groups. As shown in Supplementary Figure 3, a heatmap was generated to represent the relative abundance of each genus by color gradient and cluster the data according to the similarity of species or sample abundance. This analysis showed a similar result: Prevotella is the dominant bacterium in fecal samples of individuals with DS, whereas Bacteroides is the dominant bacteria in the non-DS group. Of note, in the heatmap of species distribution, some samples in one group were clustered outside another group. Nonetheless, there were significant differences in the expression of dominant bacteria between the two groups, with a clear shift in the composition of intestinal microbiota in individuals with DS.

In addition, we used linear discriminant analysis effect size (LEfSe) analysis to compare the two groups and identify any subgroups with significant differences in bacterial abundance at the order, family, and genus levels. As shown in Supplementary Figure 4, this analysis further confirmed differences between the two groups, with Prevotella, Prevotellaceae, and Veillonellaceae identified as the dominant bacterial flora in individuals with DS, and Bacteroides, Bacteroidaceae, and Lachnospiracea as the dominant bacterial flora in the non-DS group.



Differential abundance of fecal metabolites in individuals with DS

The alteration of intestinal microbiota can lead to the changes in fecal metabolomics. The analytical tools used for detecting the fecal metabolites include GC-TOF-MS, nuclear magnetic resonance (NMR), and ultra-performance liquid chromatography-mass spectrometry (LC–MS) (Chen et al., 2020). Among these tools, we selected GC-TOF-MS due to its complete database, fast scanning rate, its high efficiency, and sensitivity (Ma et al., 2011). To explore the connection between intestinal microbiota and fecal metabolomics in individuals with DS, we performed fecal metabolomics-based GC-TOF-MS analyses followed by PCA, PLS-DA, and OPLS-DA analyses and compared fecal metabolic profiles between the non-DS and DS groups. PCA score scatter plot and volcano plot were used to illustrate differences in all metabolites in all samples (Supplementary Figure 5). A total of 35 substances were detected with highly significant differences between the two study groups (Supplementary Table 3). Compared with non-DS volunteers, 21 fecal metabolites were significantly higher in individuals with DS, indicated by the red section of the table (ID 1–21). A total of 14 fecal metabolites were significantly lower in individuals with DS compared to non-DS volunteers, indicated by the blue section of the table (ID 22–35).

As shown in Figure 5A, the metabolic spectra of two groups were separated by the PCA score plots, suggesting a significant difference in fecal metabolite profiles between the non-DS and DS groups. PLS-DA and OPLS-DA analyses of the fecal metabolome further illustrated significant separation between the non-DS group and DS group (Figures 5B,C). As illustrated in Figure 5D, the fecal metabolites in the load map located far from the center point were regarded as significantly changed (increased or decreased) in individuals with DS compared with non-DS volunteers, and were marked as potential biomarkers. As shown in Supplementary Table 3, a total of 35 potential biomarkers differed in feces between the non-DS and DS groups, including 21 metabolites that were increased and 14 that were decreased in the DS group compared with the non-DS group. As shown in Figure 5F, metabolites that were higher in the DS group than in the non-DS group included amino acids (serine, isoleucine, valine, alanine, phenylalanine, norvaline, cycloserine, and alanine); acids (phenylacetic acid, pipecolinic acid, glutaric acid, oxalacetic acid, 3-hydroxybutyric acid, and oxamic acid); amines (indole-3-acetamide, tyramine); alcohols (benzyl alcohol, and 4-methyl-5-thiazolethanol); and others (methionine sulfoxide, glutaraldehyde, and farnesal). Metabolites that were lower in the DS group than in the non-DS group included fatty acids (arachidic acid, behenic acid, alpha-tocopherol, elaidic acid, and 1-monopalmitin); amino acids (3-cyanoalanine, alpha-aminoadipic acid, and asparagine); carbohydrates (ribonic acid, cellobiose, N-acetyl-D-galactosamine, and 4-aminobutyric acid); and others (DL-dihydrosphingosine, gamma-lactone, and conduritol epoxide). Metabolic pathway enrichment analyses of these potential biomarkers (Figure 5E) suggested that valine, leucine, and isoleucine biosynthesis; synthesis and degradation of ketone bodies; valine, leucine, and isoleucine degradation; aminoacyl-tRNA biosynthesis; phenylalanine metabolism; glyoxylate and dicarboxylate metabolism; tyrosine metabolism; lysine degradation; citrate cycle (TCA cycle); and alanine, aspartate, and glutamate metabolism were different between the DS and non-DS groups.
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FIGURE 5
 Differences in fecal metabolomic profiles and pathways in individuals with DS and non-DS volunteers. (A) Fecal metabolomic profiling by GC-TOF-MS. PCA score plot for the non-DS and DS groups. (B) PLS-DA score plot for the non-DS and DS groups. (C) OPLS-DA score plot for the non-DS and DS groups. (D) S-loading plot based on the OPLS-DA analysis of fecal metabolomics. (E) Heatmap of the relative abundance of significantly different metabolites (VIP > 1.0 and p < 0.05) between the non-DS (HC) and DS groups. (F) Metabolic pathway impact prediction based on the KEGG online database. The -ln(p) values from the pathway enrichment analysis are indicated on the horizontal axis, and the impact values are indicated on the vertical axis. HC, non-DS volunteer (or non-DS group); DS, individual with DS (or DS group).




Cytokine levels are correlate with key microbial phylotypes and fecal metabolites

To further address whether the observed differences in intestinal microbiota and the fecal metabolome in the DS and non-DS groups are linked to differences in their cytokine profiles, we performed a heatmap and network study. The correlation between cytokines and key microbiota phylotypes is illustrated in Figures 6A,B. Genus Oribacterium, Alloprevotella, Catenibacterium, Allisonella, Prevotella, Erysipelotrichaceae incertae sedis, Howardella, Mitsuokella, Succinivibrio, Dialister, and Escherichia/Shigella were positively associated with the levels of serum IL-1α, MIG, TNF-α, granzyme B, MCP-1, rantes, IL-1β, IL-9, fractalkine, IL-8, MIP-1β, IgE, and IL-6, and negatively associated with the levels of serum angiogenin, MCP-1α, and G-CSF. However, genus Bilophila, Alistipes, Parasutterella, Roseburia, Paraprevotella, Anaerostipes, and Clostridium XVIII were negatively associated with the levels of serum IL-1α, MIG, TNF-α, granzyme B, MCP-1, rantes, IL-1β, IL-9, fractalkine, IL-8, MIP-1β, IgE, and IL-6, and positively associated with the levels of serum angiogenin, MCP-1α, and G-CSF. Intestinal microbiota-derived metabolites are reported to accelerate or prevent inflammation. Therefore, we used Spearman’s correlation analysis to further uncover the potential correlation between fecal metabolites and cytokines in individuals with DS (Figures 6C,D). Indole-3-acetamide 2, methionine sulfoxide 2, oxamic acid, serine 1, norvaline, phenylalanine1, beta-alanine 2, farnesal 1, glutaric acid, oxamic acid, tyramine, 3-hydroxybutyric acid, 4-methyl-5-thiazolethanol, phenylacetic acid, pipecolinic acid, benzyl alcohol, alanine 1, glutaraldehyde 2, isoleucine, cycloserine, and valine were positively associated with the levels of serum IL-1α, MIG, TNF-α, granzyme B, MCP-1, rantes, IL-1β, IL-9, fractalkine, IL-8, MIP-1β, IgE, and IL-6, and negatively associated with the levels of serum angiogenin, MCP-1α, and G-CSF. In contrast, 1-monopalmitin, alpha-aminoadipic acid, 3-cyanoalanine, behenic acid, DL-dihydrosphingosine 1, asparagine 3, alpha-tocopherol, ribonic acid, gamma-lactone, N-Acetyl-D-galactosamine 1, arachidic acid, cellobiose 2, 4-aminobutyric acid 1, elaidic acid, and conduritol b epoxide 2 were negatively associated with the levels of serum IL-1α, MIG, TNF-α, granzyme B, MCP-1, rantes, IL-1β, IL-9, fractalkine, IL-8, MIP-1β, IgE, and IL-6, but were positively associated with the levels of serum angiogenin, MCP-1α, and G-CSF.
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FIGURE 6
 Correlation analyses of intestinal bacterial flora, metabolites, and cytokine levels in DS and non-DS groups. (A) Heatmap of Spearman’s correlation between the key intestinal bacterial phylotypes and cytokine levels. Red indicates a positive correlation and blue indicates a negative correlation. (B) Visualization of the correlation network based on partial correlation between the key intestinal bacterial phylotypes (teal) and cytokines (pink). Red lines indicate a positive correlation and blue lines indicate a negative correlation. The thicker the line, the stronger the correlation. (C) Heatmap of Spearman’s correlation between the significantly different metabolites and cytokine levels. Red indicates a positive correlation and blue indicates a negative correlation. (D) Visualization of the correlation network based on partial correlation between the significantly different metabolites (green) and cytokines (purple). Red lines indicate a positive correlation and blue lines indicate a negative correlation. The thicker the line, the stronger the correlation. HC, non-DS volunteers (or non-DS group); DS, individuals with DS (or DS group).




Influence of key microbial phylotypes on serum CRP levels and DS-related behaviors in germ-free mice

Previous studies have suggested that brain function and behavior can be affected by the gut flora. Therefore, we treated germ-free mice with the gut microbiota of non-DS volunteers or individuals with DS and a selected microbial species, Prevotella copri, to assess the effect on specific behaviors in mice. We selected Prevotella copri based on our consistent finding that the microbiome of individuals with DS is highly enriched in Prevotella bacteria compared to the microbiome of non-DS volunteers. Compared with the untreated control group, mice treated with fecal bacteria derived from individuals with DS exhibited reduced sucrose preference, reduced total distance moved and time in center of the open field test, and increased immobility time in the forced swimming test (all p < 0.01) (Figures 7A–D). In contrast, mice treated with feces derived from non-DS volunteers showed an increase in activity in the open field tests compared to controls (p < 0.01), an effect that needs to be further studied in the future. Prevotella copri treatment led to a significant reduction in sucrose preference, total distance moved, and time in center, and a significant increase in the immobility time, similar to the effect of the DS gut microbiota (all p < 0.01). The distance moved and time in center of mice in the Prevotella group were slightly lower than that of mice in the DS gut microbiota-treated group. These data suggest that the higher abundance of Prevotella copri in the microbiome of individuals with DS may play a role in modulating behaviors associated with DS.
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FIGURE 7
 Behavioral effects of intestinal microbiota derived from non-DS volunteers or individuals with DS and Prevotella copri in germ-free mice. (A–D) Behavior of mice treated with intestinal microbiota derived from non-DS volunteers or individuals with DS and Prevotella copri in sucrose preference, open field, and forced swimming tests. Mice treated with intestinal microbiota derived from individuals with DS or Prevotella copri exhibited reduced sucrose preference (A), reduced total distance traveled (open field test) (B), reduced time in center (open field test) (C), and increased immobility time (forced swimming test) (D). (E–G) Effects of intestinal microbiota derived from non-DS volunteers or individuals with DS and Prevotella copri on serum CRP (A), LPS (B), and corticosterone (C) levels. Each group contained 6 mice. The data are expressed as the mean ± SEM from one-way ANOVA followed by a post hoc test and Student’s t-test. *p < 0.05, and **p < 0.01.


Serum collected after the behavior tests was used to measure the levels of several microbial metabolites shown to be enriched in individuals with DS. LPS can attack multiple organs to promote inflammation and is used to establish animal models of cognitive impairment (Zhao et al., 2022). CRP is regarded as a marker of inflammation and corticosterone can maintain homeostasis through significant regulation of inflammation (Reeder and Kramer, 2005; Belda et al., 2020). Serum CRP, LPS, and corticosterone levels were significantly increased in mice treated with the intestinal microbiome derived from individuals with DS, suggesting that fecal bacteria play a role in DS (Figures 7E–G). Unexpectedly, we found an increase in serum LPS in the mice treated with the microbiome derived from non-DS volunteers, whereas CRP and corticosterone levels were not affected, a finding which needs to be addressed in the future. Prevotella copri treatment also significantly elevated serum CRP, LPS, and corticosterone levels in mice. These data suggest that changes in these metabolites may be correlated with specific behaviors in individuals with DS.




Discussion

Down syndrome is one of the most common genetic causes of intellectual disability, with comorbid conditions that can reduce the quality of life and elevate the financial burden of care. Accumulating evidence suggests that intestinal microbiota play a vital role in various diseases and conditions and may serve as useful biomarkers of associated physiologic and behavioral changes (Choi et al., 2021). In this study, we found that serum pro-inflammatory cytokines, intestinal microbiota composition and diversity, and fecal metabolites were significantly different in individuals with DS compared to a group of volunteers without DS.

Dysbiosis of intestinal microbiota occurs frequently in individuals with DS and has been regarded as a contributor to comorbid conditions associated with DS (Ren et al., 2022). Previous studies have suggested that the reduction of microbiota diversity, as indicated by a reduction in the Shannon index and increase in the Simpson index at the OTU level, is associated with various neurodevelopmental and neurodegenerative disorders including autism, Alzheimer’s disease, and Parkinson’s disease (Harach et al., 2015; Hu et al., 2016; Mangiola et al., 2016). In the present study, we observed significantly different species diversity (per the Shannon index) in individuals with DS compared with non-DS volunteers, which may be associated with cognitive impairment in individuals with DS as suggested by others (Ren et al., 2022). Specifically, we found that the Firmicutes/Bacteroidetes ratio at the phylum level is significantly elevated in individuals with DS. This observation is consistent with clinical evidence suggesting that the alteration of intestinal microbiota in individuals with DS influences cognitive function by shifting the status of the microglia, such as through an increase in Firmicutes abundance (Jimenez et al., 2008). A high Firmicutes/Bacteroidetes ratio has also been reported in disorders of glycolipid metabolism, which may underlie developmental delays in individuals with DS (Grigor’eva, 2020). In addition, an increase in the Firmicutes/Bacteroidetes ratio has been linked to inflammation in patients with primary biliary cholangitis (Han et al., 2022). Therefore, the Firmicutes/Bacteroidetes ratio may be useful as a diagnostic biomarker for nutritional malabsorption in individuals with DS.

At the genus level, we found an abundance of Prevotella in the microbiome of the DS group compared to that of the non-DS group, where Bacteroides accounted for the largest proportion. These data are different from those in a previous report suggesting a higher abundance of Parasporobacterium and Sutterella in DS (Biagi et al., 2014). The discrepancy may be due to differences in demographic or lifestyle factors in study cohorts or differences in experimental conditions. We predict that even under the same living environment, the intestinal microbiota of those with DS and those without might be different. A larger sample size needs to be studied in the future. Nevertheless, it has been shown that eating patterns may regulate the gut microbiome by altering the use of nutrients (Wang and Kasper, 2014; Jiang et al., 2017). Both Prevotella and Bacteroides have been suggested as biomarkers for diet or disease (Gorvitovskaia et al., 2016). Bacteroides is well adapted to use of a large number of dietary polysaccharides and host-derived polysaccharides (such as mucus) (Martens et al., 2008). In the genome of Bacteroides, polysaccharide utilization sites have been widely expanded, and each seems to be dedicated to the utilization of specific categories of carbohydrates (Sonnenburg et al., 2010). The significant enrichment of Bacteroides in non-DS volunteers compared to individuals with DS in our study suggests a difference in carbohydrate intake between the two groups. Prevotella copri has previously been reported to induce insulin resistance and increase the risk of cardiovascular disease (Pedersen et al., 2016). Prevotella copri encodes superoxide reductase and adenosine phosphate phosphoryl sulfate reductase, both of which can enhance its resistance to ROS produced by inflammation, promote its proliferation in the inflammatory environment, and intensify inflammation (Scher et al., 2013). Bacteroides lacks these two enzymes (Scher et al., 2013), and its growth is inhibited and its abundance decreases in the inflammatory environment. The overexpression of SOD-1 gene in the 22.2–22.3 region of the long arm of chromosome 21 in individuals with DS (Donato, 2001; Netto et al., 2004) likely disturbs the steady-state biochemical balance of intracellular reactive oxygen species and increases the content of intracellular ROS, favoring enrichment of Prevotella.

We also found that Roseburia, Anaerostipes, and Parasutterella were reduced in individuals with DS compared to non-DS volunteers. Roseburia plays a vital role in the decomposition of polysaccharides to offer short-chain fatty acids to the host, enhance the body’s immune function, and regulate glycolipid metabolism (Du et al., 2020; Furuta et al., 2021). Anaerostipes maintains gut homeostasis through production of butyrate, the primary source of bacterial energy (Bui et al., 2014). Parasutterella serves as a core member of the intestinal microbiota, and its abundance is positively associated with the levels of short-chain fatty acids (SCFAs), which promote the secretion of IL-10 by regulating G-protein coupled receptor 43 (GPR43), a receptor for short-chain free fatty acids that is involved in the inflammatory response and regulation of lipid plasma levels (Sun et al., 2018; Mei et al., 2020). On the contrary, the relative abundance of Escherichia/Shigella and Catenibacterium was significantly higher in the DS group. Escherichia/Shigella are the mammalian bacillary dysentery pathogens, which result in diarrhea, fever, urinary tract infections, and pneumonia (Sun et al., 2019). Catenibacterium is Gram-positive bacteria, and its abundance is positively associated with serum biochemical parameters related to obesity and metabolic syndrome (Gallardo-Becerra et al., 2020). In addition, Allisonella genera are related to a pro-inflammatory phenotype (Aranaz et al., 2021). We found that increased serum pro-inflammatory cytokines was associated with a profile shift of gut microbiota in individuals with DS. Persistent and high-intensity inflammation in the intestines of individuals with DS may be related to their shift of microbiota composition. Therefore, enrichment of these microbial flora may be useful as diagnostic biomarkers or therapeutic targets for reducing gut inflammation in individuals with DS.

Since the fecal metabolome is closely related to the composition of intestinal microbiota, we performed GC-TOF-MS–based metabolomics analyses and found significant differences in fecal metabolites between individuals with DS and non-DS volunteers. Specifically, fecal behenic acid, α-tocopherol, DL- dihydrosphingosine, and aminobutyric acid levels were all significantly reduced in individuals with DS, while norvaline, glutaraldehyde, and glutaric acid were significantly increased compared to the non-DS group. Behenic acid is a saturated, very long-chain fatty acid that is beneficial for ameliorating postprandial inflammation by regulating serum IL-6, LPS, CRP, and insulin (da Silva et al., 2019). α-Tocopherol is a lipid-soluble antioxidant that is easily absorbed by the intestine, and plays a vital role in preventing oxidative damage to polyunsaturated fatty acids (Minehira-Castelli et al., 2006). Oral administration of DL-dihydrosphingosine inhibits the development of inflammation by protecting against TNF-α–induced cytotoxicity (Meyer and de Groot, 2003). Aminobutyric acid is an amino acid that ameliorates abnormal glycolipid metabolism in streptozotocin-induced diabetic mice (Abdelazez et al., 2022). Norvaline is a non-proteinogenic amino acid that destroys mitochondrial morphology and function by reducing cell viability at low concentrations (Samardzic and Rodgers, 2019). Glutaraldehyde is a five-carbon dialdehyde that is irritating to skin, eyes, nose, lungs, and increases the rates of cutaneous (Zissu et al., 1998). Glutaric acid, a water-soluble dicarboxylic acid, is one of the main metabolites of Oscillibacter. Glutaric acid stimulates the secretion of pro-inflammatory cytokines (Schmidt and Ferger, 2004; Athankar et al., 2017). Together, the observed differences in fecal metabolites in individuals with DS are linked not only to the metabolism dysfunction but also activation of the immune response and inflammation.

It has been previously reported the serum pro-inflammatory cytokines (including IL-2, IL-6, IL-8, IL-18, IL-1α, IL-1β, and TNF-α) are significantly increased and anti-inflammatory cytokines (including G-CSF) are significantly reduced in individuals with DS (Huggard et al., 2020; Martini et al., 2022). Consistent with these studies, we observed higher amounts of pro-inflammatory cytokines (including IL-1α, IL-1β, IL-6 and TNF-α) and lower anti-inflammatory cytokines (including G-CSF and angiogenin) in individuals with DS compared to non-DS volunteers. IL-1α is a canonical alarmin that induces neutrophil influx and activation, monocyte recruitment, prostaglandin synthesis, T- and B-cell activation and cytokine production by triggering the IL-1R, and results in the rapid recruitment of inflammatory cells (Batista et al., 2020). IL-1β is known as a key pro-inflammatory mediator that stimulates the NF-κB pathway (Karnam et al., 2020; Guo et al., 2021). In addition, increases in MCP-1 secretion are strongly associated with IL-1β and can activate multiple inflammatory pathways leading to the secretion of IL-6, TNF-α, and G-CSF (Huang et al., 2022). IL-6 is a well-established inflammation-promoting cytokine secreted by a variety of cell types (Mauer et al., 2015; Lin et al., 2021). Abnormal levels of TNF-α disturb the immune system by activating TNF receptors and up-regulating the downstream pathways and regulatory molecules, including NF-κB, MAPKs, caspases, and ROS/RNS (Blaser et al., 2016). In contrast, a high concentration of G-CSF is beneficial for promoting the survival, proliferation, differentiation, and function of granulocyte precursors (Cai et al., 2017). Furthermore, angiogenin has been reported to control bacterial overgrowth and maintain the integrity of the intestinal barrier (Chiang, 2017). We also found significant differences in glycolytic metabolic pathways between individuals with DS and non-DS volunteers. Parallel to the enrichment of Prevotella in individuals with DS, Prevotella copri intervention significantly increased the serum levels of CRP, LPS, and corticosterone in mice, which are all involved in inflammation. LPS can attack multiple organs, including liver, kidney, lung, and brain, to promote inflammation and is widely used to establish animal models of cognitive impairment, such as Parkinson’s disease (Zhao et al., 2022). CRP is regarded as a marker of inflammation that is strongly associated with the expression of adhesion molecules and chemokines in human endothelial cells. Corticosterone is the end product of the hypothalamic pituitary adrenal axis response to stress; it supports metabolic activities requiring energy to overcome environmental challenges and maintains homeostasis through significant regulation of inflammation (Reeder and Kramer, 2005; Belda et al., 2020). Therefore, there is a strong correlation between the observed DS-specific patterns of microbiota, metabolites, and inflammation.

Intestinal microbes and the brain interact with each other, and coordinate processes involved in health and disease (Ding et al., 2019). The gut–brain axis is a complex two-way system that uses various communication pathways, including endocrine, immune, neurotransmitter system, vagus nerve, and metabolites, such as SCFAs, branched chain amino acids, and peptidoglycans. In our studies on the effect of gut microbiota on behavior in mice, we found that the intestinal microbiota derived from individuals with DS and Prevotella copri could significantly change sugar water preference, autonomous activity, and depressive behavior. For rodents, the body’s receptors for sugar mainly exist in the oral cavity, which increase the body’s desire for sugar after being stimulated, and this desire is further enhanced in the intestinal tract (Sclafani and Ackroff, 2012). A low level of sugar water preference is often used as an indicator for depression (Lamers et al., 2019). In this study, the preference for sugar water was significantly lower in mice treated with intestinal flora from individuals with DS of Prevotella copri compared to untreated controls. In addition, we used open field test to evaluate the exploration ability and anxiety of experimental animals (Sheppard et al., 2022). We found that the movement distance and distance from the center of the open field were lower for mice transplanted with flora from individuals with DS and Prevotella copri, suggesting multiple systemic disorders related to basic motor skills, movement disorders, and abnormal gait and posture (Horvat et al., 2010), which are correlated with cognitive limitations, biomechanical defects, neurological defects, abnormal sensorimotor integration, and/or impaired somatosensory system found in individuals with DS (Carvalho and Vasconcelos, 2011). These data are consistent with the role of Prevotella in inflammatory diseases and its association with the development of cognitive impairment reported previously (Dillon et al., 2014; Wen et al., 2017). Therefore, we speculate that chronic inflammation and developmental delay in individuals with DS may be associated with the intestinal microbiota composition.



Conclusion

The present study shows abnormal levels of serum cytokines, disordered intestinal microbial composition and diversity, and dysregulation of fecal metabolites in individuals with DS compared to non-DS volunteers. Since intestinal microbiota play a harmful role in the development of inflammation, intestinal microbiota and fecal metabolites-based biomarkers may provide potential targets for diagnosing and treating chronic inflammation in individuals with DS. This concept needs further clinical validation and mechanistic studies, in particular, a deeper exploration of the relationship between the intestinal microbiota and fecal metabolites and the levels of inflammation in individuals with DS.
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Items NCG $G GSG SEM  p-value

VFAs, mmol/L

Acetate 2482 2467 3193 124 <001
Propionate 550" 556" 675" 023 002
Isobutyrate 0.38 039 041 001 049
Butyrate 205 197 256 014 015
lsovalerate 052 059 0.56 002 052
Valerate 021 025 0.256 001 014
AP 452 443 473 0.08 024
TVEA, mmol/L 3346 B4y 4248 160 001

"VEAS, total volatle ftty acids; A/P, acetate/propionate.
“*Means within a row followed by different lower case letters difer significantly from
each other (p<0.05).
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Ingredients Proportion (% of DM)

NSG GSG SG
Concentrate 0 108 277
Corn silage 17.1 70 0
Oaten hay 589 596 84
Alfalfa hay 2 196 209
CaCO, 05 05 05
NaHCO, 05 05 05
NaCl 1 1 1
Premix 1 1 1
Total 100 100 100
Nutrition contents of diet
CP,% of DM 772 0.1 13.93
CF,% of DM 215 2089 19.68
9% of DM 278 309 313
Ca, % of DM 036 039 038
P,% of DM 025 026 031
DE (M)/kg DM) 944 107 1230

1. Premix contained per kilogram: 41 mg Fe, 1.2mg 1, 0.5mg Co, 98 mg Mn, 16 mg Ca,
5mg P, 0.9 mg Se, 187 mg Zn, 36mg Cu, VA 15001U, VD 5501U, VE 101U,

2. Concentrate contained per kilogram: 610g maize grai
wheat bran, 120 wheat bran.

3. DMI: NSG 4.5 kg/days GSG 5.3 ke/day; sg 6.3 ke/day.
4. DM, dry matter; DMI, dry matter intake; CP,crude protein; CF, crude fiber; EE, ether

70g soy bean meal, 200g
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Primer

practin-F
practin-R
IgM-F.
IgM-R
MHC-Ta-F
MHC-Ta-R
MHC-TIp-F
MHC-TIp-R
TCR-F
TCRP-R
CD4-F
CD4-R
CDSa-F
CD8a-R
L-1p-F
IL-1p-R
IL-8F
IL-8-R
TNF-a-F
TNF-a-R

Nucleotide sequence (5 to 3) Accession number
ACAGGATGCAGAAGGAGATCACAG XM003443127
GTACTCCTGCTTGCTGATCCACAT

GGATGACGAGGAAGCAGACT KJ676389
CATCATCCCTTTGCCACTGG

TTCTCACCAACAATGACGGG XM026157132
AGGGATGATCAGGGAGAAGG

GAGGAACAAGCTCGCCATCG IN967618
AGTCGTGCTCTGACCTCGAG

GGACCTTCAGAACATGAGTGCAGA HFKV2162889
TCTTCACGCGCAGCTTCATCTGTT

TTCAGTGGCACTTTGCTCCTAA XM031744220

TGGGCGATGATTTCCAACA
ATGGACCAAAAATGGCTTCTG XMO031747820
GCTGAAAGATCCAATGAATTC

AAGATGAATTGTGGAGCTGTGTT FF280564
AAAAGCATCGACAGTATGTGAAAT

GCACTGCCGCTGCATTAAG NM001279704
GCAGTGGGAGTTGGGAAGAA

AGGGTGATCTGCGGGAATACT NM001279533
GCCCAGGTAAATGGCGTTGT

Size (bp)

155
122
188
106
13
124
118
175
135

119

Reference

‘Wangkaghart et al. (2021)

Wangkaghart etal. (2021)

Wangkaghart et al. (2021)

Wangkaghart et al. (2021)

Wangkaghart et al. (2021)

‘Wangkaghart et al. (2021)

‘Wangkaghart et al. (2021)

‘Wangkaghart et al. (2021)

Wangkaghart et al. (2021)

Wangkaghart et al. (2021)
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Group Total edge Edgenumber  Ratio* (r>0) Total edge Edgenumber  Ratio® (r>0.8)

number (r>0) number (r>0.8)
CTRL21 1745 1000 0573 1740 251 0.144
FKV21 1726 0.501 1663 161 0.097
ASia2l 1749 0.501 1680 190 0.113
CTRL35 1727 0.596 1705 432 0.145
FKV35 1729 872 0.504 1708 133 0.078
ASia35H 1791 1039 0.580 1755 429 0.244
ASia35L 1745 990 0.567 1724 290 0.168

‘Represents the ratio of edge numbers with r>0 to the total edge numbers.
‘Represents the ratio of edge numbers with r>0.8 to the total edge numbers.

CTRL21, control group at 21 dpiv; FKV21, FKV group at 21 dpiv: ASia21, LAV ASia group at 21 dpiv; CTRL3S, control group at 35 dpiv; FV35, FKV vaccine group at 35 dpiv (14days
after the second immunization); ASia35H, LAV ASia group with a high serum antibody response at 35 dpiv (14 days after the second immunization); ASia3sL, LAV ASia group with a
Jow serum antibody response at 35 dpiv.





OPS/images/fmicb-13-1036432/fmicb-13-1036432-t002.jpg
Group Alpha diversity indices

Chao Ace Sobs Shannon Simpson Coverage
CTRL21 164.27 + 5655 165.97 + 5647 146.75 + 50,54 1.65 0,33 035+ 0,04 1.00°
FKV21 184.67 + 3432 187.14 +36.77 155.25 +29.35 208+009" 0.10+0.05" 1.00°
ASia2l 221.53 £ 6545 220,90 £ 65.27 212,50 £ 64.96 340 £0.70" 0.10+0.05" 1.00°
CTRL35 159.90 +22.63" 156,31 +26.74 140,00 +27.33 238053 0.18 £ 0.05* 1.00°
FKV35 21291 £ 31.42° 209,11+ 34.42° 199.25 33.50" 265013 0.18:£0.01° 1.00°
ASia3sH 118.23 +47.03 114,62 + 43.50" 106,50 +39.24 119+ 0.48" 058 +0.20" 1.00°
ASia3sL 119.40 +34.21° 114.20 +33.59" 100,50 35.12* 126 +0.68* 053 +0.28" 1.00°

The same superscript letter indicates no significant difference, and different superscript letters indicate a significant difference compared with the corresponding control group at the 0.05
level (Wilcoxon rank-sum test).

CTRL21, control group at 21 dpiv; FKV21, FKV group at 21 dpiv: ASia21, LAV ASia group at 21 dpiv. CTRL3S, control group at 35 dpivs FKV35, FKV vaccine group at 35 dpiv (14days
after the second immunization); ASia35H, LAV ASia group with a high serum antibody response at 35 dpiv (14 days after the second immunization); ASia3sL, LAV ASia group with a
Jow serum antibody response at 35 dpiv.
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