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Introduction
Antiretroviral therapy (ART) has transformed HIV into a chronic condition with near-normal life expectan-
cy, yet a gap remains largely due to serious non-AIDS events (SNAEs). These include non-AIDS malignan-
cies, cardiovascular events (e.g., myocardial infarction and stroke), and hepatic disease, which remain major 
causes of  morbidity and mortality in treated HIV infection despite ART (1, 2). The pathogenesis of  SNAEs 
is multifactorial, attributed in part to chronic immune activation sustained by microbial translocation, coin-
fections, and persistent HIV reservoirs (3–7). This chronic immune activation drives systemic inflammation 
as well as immune dysfunction characterized by altered T cell counts, immune cell senescence, and metabol-
ic dysfunction, further contributing to SNAE pathogenesis (8, 9). T cell criteria including low CD4+ T cell 
counts and a low CD4/CD8 T cell ratio are particularly well-established correlates of  immune activation 
and dysfunction, often used as endpoints in interventional studies and predictors of  SNAE risk (4, 10).

Current strategies to prevent SNAEs focus on early ART initiation, treatment of  coinfections such as 
CMV and Epstein-Barr virus, and cardioprotective lifestyle changes (1), though these do not fully address 
the sources of  immune activation and dysfunction that underlie SNAE pathogenesis. Interventional studies 
targeting these sources, such as fibrosis or microbial translocation, have had mixed results at improving 
correlates of  SNAE risk (1, 11–14), highlighting the need for a better understanding of  mechanisms driving 

Serious non-AIDS events (SNAEs), including non-AIDS malignancies, cardiovascular disease, and 
hepatic complications, remain major causes of mortality in treated HIV infection. These outcomes 
are driven by persistent immune activation, systemic inflammation, and metabolic dysfunction 
despite effective viral suppression with antiretroviral therapy (ART). To investigate mechanisms 
underlying SNAE pathogenesis, we performed a cross-site multi-omic analysis integrating 
plasma proteins, plasma metabolites, and mucosal microbiomes in 82 ART-treated people with 
HIV (PWH) and 10 people without HIV from the United States and Mexico. Geography was the 
dominant source of variation, particularly across lipid classes. However, individuals at high risk for 
SNAEs, defined by low CD4+ T cell counts and low CD4/CD8 ratios, shared a consistent signature 
of systemic inflammation, mitochondrial dysfunction, and microbial dysbiosis, including elevated 
plasma IL-6 and ω-oxidation products (adipic and suberic acids) and depletion of short-chain fatty 
acid–producing commensals in the gut mucosa, including Akkermansia muciniphila, Bacteroides 
uniformis, and Ruminococcus. A. muciniphila abundance correlated with lower IL-6 levels, fewer 
HIV RNA-producing cells in lymph nodes, and higher CD4/CD8 ratios. These findings identify a 
shared inflammatory and metabolic phenotype in PWH and implicate A. muciniphila as a potential 
microbiome-based target to mitigate immune activation and SNAE risk in treated HIV.
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SNAE pathogenesis. This is especially crucial for individuals at highest risk, such as those with less than 
350 CD4+ T cells/μL after 2 years of  ART, who are nearly 3 times more likely to have SNAE over the sub-
sequent 5 years than individuals with greater than 350 CD4+ T cells/ μL, with similar associations observed 
for low CD4/CD8 ratios (10). Interventions that effectively reduce immune activation and restore immune 
homeostasis in these individuals could substantially lower SNAE incidence and improve long-term survival 
of  people with HIV (PWH).

To address this knowledge gap, we conducted a cross-site, multi-omic analysis integrating plasma pro-
teins (cytokines, microbial translocation, and gut barrier damage markers), the mucosal microbiome (ileum 
and rectum), and the plasma metabolome in 82 ART-treated PWH and 10 people without HIV (PWoH) 
enrolled from the United States and Mexico. Our objectives were 3-fold: (a) to characterize the multi-omic 
differences between PWH from the 2 geographic cohorts; (b) to identify geography-independent biomark-
ers of  SNAE risk that may reveal shared biological mechanisms underlying SNAE pathogenesis; and (c) 
to highlight potential therapeutic interventions that could mitigate the drivers of  SNAE pathogenesis in 
high-risk individuals.

Results
Differences in baseline characteristics. Baseline characteristics for enrolled participants from the United States 
and Mexico are shown in Table 1. Compared with PWH from the United States, PWH from Mexico were 
older (P = 0.037) and had significantly lower CD4+ T cell counts (P = 0.006) and a lower nadir CD4+ T cell 
count (P = 0.003). When stratified by SNAE risk group (Table 2, with PWoH included as a reference), the 
high-risk group had significantly lower CD4+ T cell counts (P < 0.001), a lower CD4/CD8 ratio (P = 0.001), 
and lower nadir CD4+ T cell count (P = 0.002) compared with the low-risk group. There was no significant 
difference in country of  enrollment (P = 0.6) or race (P = 0.8) between low- and high-risk groups. CMV 
IgG serostatus was assessed in all HIV-positive participants, of  which all but 1 were seropositive (Supple-
mental Tables 1 and 2; supplemental material available online with this article; https://doi.org/10.1172/
jci.insight.205379DS1). Summaries of  ART regimens are provided with stratification by country (Sup-
plemental Table 3) and SNAE risk group (Supplemental Table 4). Most enrolled participants (78%) were 
on an ART regimen consisting of  2 nucleoside/nucleotide reverse transcriptase inhibitors (NRTIs) and 1 
integrase strand transfer inhibitor (INSTI). There was a significant difference in ART regimens between 
countries (P < 0.001), reflecting differences in national treatment guidelines. There was no difference in 
ART regimens between SNAE risk groups (P = 0.5). Additionally, clinical characteristics did not differ 
significantly between PWoH across countries (Supplemental Table 5).

Multi-omic geographic differences in PWH on ART. Geographic and environmental factors shape the 
microbiome, metabolome, and immune landscape, yet most HIV omic studies have focused on cohorts 
from high-income countries. The global heterogeneity of  the gut microbiome in PWH, and its intersection 
with metabolic and immune phenotypes, remains poorly characterized.

We first looked at plasma concentrations of  cytokines, markers of  gut epithelial barrier dysfunc-
tion, and microbial translocation, including intestinal fatty acid binding protein (I-FABP), lipopolysac-
charide binding protein (LBP), and soluble CD14 (sCD14), by principal component analysis (PCA). 
Country of  enrollment was the largest and only significant effect on the overall composition of  these 
biomarkers when tested by PERMANOVA (R2 = 0.068, q = 0.020, Figure 1A). Numerous plasma 
proteins were differentially abundant between participants in different countries (Figure 1B). Com-
pared with PWH from the United States, those from Mexico had significantly higher concentrations 
of  I-FABP (P < 0.001, q < 0.001) and sCD14 (P = 0.018, q = 0.1637). Cytokines involved in antigen 
presentation (15), mucosal function (16), and proliferation (17) were also elevated in patients from 
Mexico including IL-12p70 (P < 0.001, q = 0.0028), IL-17A (P = 0.002, q = 0.0341), and IL-2 (P = 
0.003, q = 0.0341). PWH from the United States were characterized by increased concentrations of  
macrophage inflammatory protein 1β (MIP-1β) (P < 0.001, q = 0.0086), IL-7 (P = 0.009, q = 0.0916), 
and IL-8 (P = 0.003, q = 0.0341).

We next evaluated the plasma metabolome of  PWH from the United States or Mexico using a compre-
hensive targeted liquid chromatography–tandem mass spectrometry panel of  1,006 metabolites, including 
751 lipids, 255 small molecules, and 273 sums or ratios, for a total of  1,279 metabolomic features after 
filtering. Once again, PCA showed that country was the largest and only significant effect on the overall 
metabolomic profile composition (R2 = 0.077, q = 0.004, Figure 1C), followed by age. Differential analysis 
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revealed 357 metabolomic features that were significantly different between PWH in the United States 
and Mexico at an adjusted P value threshold of  0.25 or less, and 236 at a threshold of  0.05 or less, most 
of  which were elevated in PWH from the United States (Figure 1D and Supplemental Data 1). When 
looking at the classes of  significantly different metabolites (q ≤ 0.25, Supplemental Figure 1), phospholip-
ids were especially higher in PWH from the United States, including phosphatidylethanolamines (PEs), 
phosphatidylcholines, phosphatidylglycerols (PGs), and phosphatidylserines, which represented 39.6% of  
the significantly different metabolites. The lyso-forms of  these lipid classes were also elevated in PWH from 
the United States including lyso-PEs and lysophosphatidylcholines. Sphingomyelins were also exclusively 
elevated in PWH from the United States. The primary metabolite class that was most represented by PWH 
in Mexico was acylcarnitines. When looking at individual metabolites, taurine, nicotinamide, oxaloacetic 
acid, spermidine, and acetylneuraminic acid were some of  the top US-associated metabolites (P < 0.001 
and q < 0.001 for all metabolites), and sarcosine (P < 0.001, q < 0.001), biotin (P < 0.001, q < 0.001), glycol-
ic acid (P < 0.001, q = 0.001), octanoylcarnitine (P < 0.001, q = 0.012), and decanoylcarnitine (P < 0.001, 
q = 0.012) were some of  the top Mexico-associated metabolites. Gene set enrichment analysis (GSEA) of  
the metabolite data showed that the Kyoto Encyclopedia of  Genes and Genomes (KEGG) pathways for 
primary bile acid biosynthesis, taurine/hypotaurine metabolism, and nicotinate/nicotinamide metabolism 
were all enriched in PWH from the United States (q < 0.25, Figure 1E).

At the phylum level, ileal and rectal biopsies were primarily composed of  Bacillota (formerly Firmicutes) 
and Bacteroidota (Supplemental Figure 2A). We did not observe any difference in alpha diversity metrics 
for rectal or ileal biopsies between the United States and Mexico (Figure 2, A and B, respectively). Overall 
microbial composition of  the rectal biopsies (Figure 2C), but not ileal biopsies (Figure 2D), was significantly 
associated with country of  enrollment (PERMANOVA: R2 = 0.076, q = 0.02). Differential abundance anal-
ysis performed at the genus and species level showed increased abundances of  Ruminococcus, Eubacterium 
eligens group, Enterococcus, Veillonella, Escherichia-Shigella, Blautia stercoris, and Gemmiger formicilis in the rectal 
biopsies of  PWH from Mexico and increased abundances of  Agathobaculum butyriciproducens, Flavonifractor, 
Flavonifractor plautii, Enterocloster, Parabacteroides distasonis, and Parabacteroides in PWH from the United States 
(q < 0.25, Figure 2E). When comparing the ileal biopsies, we observed increased abundance of  Eubacterium 
eligens group, Escherichia-Shigella, Oscillospiraceae NK4A214 group, and Haemophilus in PWH from Mexico, 
whereas Akkermansia, Akkermansia muciniphila, Desulfovibrio, Phascolarctobacterium faecium, Bacteroides uniform-
is, Parabacteroides distasonis, and Phascolarctobacterium were all increased in PWH from the United States (q 
< 0.25, Figure 2F). Overall, some of  the most striking differences between countries were the consistent 
increased abundance of  Escherichia-Shigella (Figure 2G) and decreased abundance of  Parabacteroides distasonis 
(Figure 2H) in PWH from Mexico versus the United States in both the ileal and rectal biopsies. We did not 

Table 1. Baseline characteristics of HIV-positive patients by country of enrollment

Mexico (n = 48) United States (n = 34) P value
Characteristic (median [Q1, Q3])

CD4+ T cell count (cells/mm3) 478 [329, 650] 643 [441, 787] 0.006A

CD8+ T cell count (cells/mm3) 685 [445, 872] 800 [506, 1,087] 0.058A

CD4/CD8 ratio 0.77 [0.55, 0.99] 1.00 [0.58, 1.20] 0.5A

Nadir CD4+ T cell count (cells/mm3) 109 [31, 306] 280 [170, 434] 0.003A

Time living with HIV (years) 12 [7, 15] 13 [4, 22] 0.2A

Age (years) 53 [48, 57] 46 [34, 59] 0.037A

Sex at birth (n [%]) >0.9B

Female 2 (4.2%) 1 (2.9%)
Male 46 (96%) 33 (97%)

Race and ethnicity (n [%]) <0.001B

Black 0 (0%) 14 (41%)
Hispanic 48 (100%) 4 (12%)
Other 0 (0%) 4 (12%)
White 0 (0%) 12 (35%)

Clinical characteristics of patients enrolled in the study, stratified by country of enrollment. AWelch’s 2-sample t test. 
BFisher’s exact test. P values represent comparisons between countries of enrollment. The “Other” category comprises 
individuals of mixed race (n = 2) and those in low-frequency groups (American Indian or Alaska Native, n = 2).
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see any significant correlations between Escherichia-Shigella abundance in PWH from Mexico with mucosal 
cytokines or markers of  gut barrier damage (Supplemental Figure 3).

We next examined whether these multi-omic differences between geographic locations were also pres-
ent in PWoH. No significant differences in cytokine concentrations were observed between PWoH from the 
United States and Mexico, though this may reflect the limited sample size of  the HIV-negative cohort given 
that several cytokines, including IL-17A, showed nonsignificant but concordant effect directions (Supple-
mental Figure 4A). For rectal and ileal biopsy taxa, none of  the significant differences identified in PWoH 
overlapped with those seen in PWH, although a number of  PWH-significant taxa again showed nonsig-
nificant concordant effects in PWoH (e.g., ileal Escherichia-Shigella and Bacteroides uniformis; Supplemental 
Figure 4B). In contrast, 98 of  the metabolites that differed significantly between PWH cohorts were also 
significantly different (q < 0.25) and directionally concordant in the PWoH comparison (Supplemental Fig-
ure 4C), suggesting that many of  these metabolic differences are a geographic effect not unique to PWH.

Systemic inflammation and metabolomic disruptions in PWH at high risk of  SNAEs. Given the geographic dif-
ferences between participants from the United States and Mexico, we next examined whether there were bio-
markers distinguishing PWH at low versus high risk for SNAEs, defined by CD4+ T cell counts and the CD4/
CD8 ratio, that were independent of  geographic effects. Such biomarkers could provide important insights 
into the processes driving SNAE risk. We first compared concentrations of  plasma cytokines and markers of  
gut epithelial dysfunction. In contrast to country of  enrollment, SNAE risk group did not have a significant 
effect on the overall plasma protein profile when tested by PERMANOVA (R2 = 0.031, q = 0.102, Figure 3A). 
When looking at individual markers, IL-6 was the only plasma protein we measured that was significantly 
increased in PWH at high risk for SNAEs (P = 0.021, q = 0.159, Figure 3B). Although not statistically signif-
icant after P value adjustment, IL-10 was also elevated in the high-risk group (P = 0.039, q = 0.264). Of note, 
when stratified by country, IL-6 was nonsignificantly (q > 0.25) increased in PWH at high-risk of  SNAEs 
(Supplemental Figure 5), and only reached statistical significance when the cohorts were combined.

We next compared the plasma metabolome of individuals at low and high risk of SNAE development. 
Risk group did not have a significant effect on the overall profile of metabolomic features when tested by PER-
MANOVA (R2 = 0.011, q = 0.782, Figure 3C). Overall, we found 13 metabolomic features that were signifi-
cantly different between SNAE risk groups (q < 0.25, Figure 3D). Individuals with high risk of SNAEs had 
increased plasma concentrations of dicarboxylic acids (adipic acid and suberic acid), bile acids (cholic acid and 

Table 2. Baseline characteristics of enrolled participants stratified by risk groups

PWoH (n = 10) Low SNAE risk (n = 58) High SNAE risk (n = 24) P value
Characteristic (median [Q1, Q3])

CD4+ T cell count (cells/mm3) 717 [707, 768] 639 [526, 764] 300 [251, 368] <0.001A

CD8+ T cell count (cells/mm3) 348 [339, 469] 710 [483, 933] 716 [405, 1,180] 0.4A

CD4/CD8 ratio 1.77 [1.33, 2.43] 0.91 [0.68, 1.32] 0.38 [0.29, 0.81] 0.001A

Nadir CD4+ T cell count (cells/mm3) 235 [94, 401] 72 [33, 196] 0.002A

Time living with HIV (years) 12 [7, 15] 10 [5, 17] 0.7A

Time on ART (years) 12 [5, 16] 10 [5, 16] >0.9A

Age (years) 48 [45, 56] 52 [43, 56] 53 [46, 59] 0.1A

Sex at birth (n [%]) 0.6B

Female 5 (50%) 3 (5.2%) 0 (0%)
Male 5 (50%) 55 (95%) 24 (100%)

Race and ethnicity (n [%]) 0.8B

Black 0 (0%) 10 (17%) 4 (17%)
Hispanic 6 (60%) 36 (62%) 16 (67%)

Other 3 (30%) 4 (6.9%) 0 (0%)
White 1 (10%) 8 (14%) 4 (17%)

Country of enrollment(n [%]) 0.5B

Mexico 5 (50%) 32 (55%) 16 (67%)
United States 5 (50%) 26 (45%) 8 (33%)

Clinical characteristics of patients enrolled in the study, stratified by risk group. P values represent comparisons between low- and high-risk groups. 
AWelch’s 2-sample t test. BFisher’s exact test. The “Other” category comprises individuals of mixed race (n = 2) and those in low-frequency groups 
(American Indian or Alaska Native, n = 2).
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12-ketodeoxycholic acid), triglycerides (TG 20:1 34:3), polyamines (N1,N8-Di-Ac-spermidine), monoglycerides 
(MG 20:1), and lysophosphatidic acids (LPA 15:0), whereas those at low risk had higher concentrations of  
specific phosphatidic acids (PAs) (PA 14:0 14:1), PGs (PG 16:0 19:1), and PEs (PE P-18:0/20:3). Individuals 
at high risk also had a reduced ratio of chenodeoxycholic acid to cholic acid, and higher activity of imidaz-
ole propionic acid synthesis as measured by the ratio of imidazole propionic acid to histidine. GSEA showed 
enrichment of KEGG pathways for aminoacyl-tRNA biosynthesis, biosynthesis of amino acids, glycine/serine/
threonine metabolism, and sphingolipid metabolism in patients with low risk, and enrichment of biosynthesis of  
unsaturated fatty acids in patients at high SNAE risk (q < 0.25, Figure 3E).

Reduced commensal bacteria in gut biopsies of  PWH at high risk of  SNAEs. We did not see any significant 
differences in alpha or beta diversity metrics in both the rectum and ileum of  PWH with low versus 
high risk for SNAEs (Figure 4, A–D). However, differential abundance analysis revealed several genus 
and species level bacterial taxa that were associated with SNAE risk group. In the rectal biopsies, the 
Ruminococcus gauvreauii group was increased in PWH at high risk for SNAEs, while Ruminococcus and 
Bacteroides uniformis were both decreased (q < 0.25, Figure 4, E and G). In the ileal biopsies, Intestinibacter, 
Intestinibacter bartlettii, Oscillospiraceae NK4A214 group, and Collinsella bouchesdurhonensis were increased 
in PWH at high risk of  SNAEs, while Akkermansia and A. muciniphila were decreased (q < 0.25, Figure 
4, F and H). Notably, Segatella (formerly part of  the Prevotella genus) was increased in the ileal biopsies 
of  the high-risk SNAE group, though it did not reach statistical significance after adjusting for multiple 
comparisons (P = 0.016, q = 0.289, Figure 4F).

Multi-omic machine learning discriminates between SNAE risk groups. We next applied supervised machine 
learning methods from the mixOmics R package to evaluate how well each ome (i.e., proteins, metabolome, 
ileum, rectum) classified SNAE risk, to identify key discriminative variables, and to examine cross-om-
ic relationships. For single-ome models, we used partial least squares discriminant analysis (PLS-DA) or 
sparse PLS-DA when there were more variables than samples (Figure 5A). To integrate all omes, we used 
Data Integration Analysis for Biomarker discovery using Latent variable approaches for Omics studies 
(DIABLO, Figure 5B).

Many of  the top discriminatory features for each model were also identified in our differential analy-
sis. For example, IL-6 and N1,N8-Di-Ac-spermidine were the top features for component 1 in the protein 
and metabolome models, both discriminatory for the high-risk SNAE group. Similarly, A. muciniphila 
and Intestinibacter bartlettii were the top features in the ileum model, in the direction of  low- and high-risk 
SNAE groups, respectively. In the integrated DIABLO model, top features in the direction of  PWH at 
high risk included rectum abundance of  Coprococcus and Coprococcus comes as well as I-FAPB, IL-12p70, 
and MDH1 activity as measured by the ratio of  malic to oxaloacetic acid (Figure 5, C and D). Top fea-
tures in the direction of  PWH at low risk included LPE 18:0, rectum Enterocloster abundance, MIP1-β, and 
ileum abundances of  Akkermansia and A. muciniphila. On component 2, top features in the direction of  
PWH at high risk included IL-6 and both ileum and rectum abundances of  Eggerthella and Eggerthella lenta, 
whereas features in the direction of  PWH at low risk included the lipids PE P-18:0/18:2, PA 18:0/18:2, 
and PA P-16:0/18:2.

The ability of each model to discriminate between low- and high-risk groups was estimated by the mean 
area under the receiver operator curve (AUROC) from 5-fold cross-validation repeated 50 times. Individually, 
blocks performed modestly, with the rectal microbiome having the relative best performance (AUROC = 0.649, 
Figure 5E). In contrast, the integrated DIABLO model combining all omes achieved the top performance 
(AUROC = 0.872), indicating a strong ability to discriminate between low- and high-risk SNAE groups.

Individual associations between omic features and T cell criteria. Because our high-risk SNAE group includ-
ed criteria for both CD4+ T cell counts and the CD4/CD8 ratio, we next sought to understand how each 
biomarker was correlated with individual T cell criteria. We performed partial Spearman’s correlations 
between each biomarker and CD4+ T cell counts, CD8+ T cell counts, and the CD4/CD8 ratio, adjusting 
for the effect of  country, age, and years living with HIV (Figure 6A). To reduce the number of  comparisons, 

Figure 1. Differences in plasma proteins and metabolome between PWH enrolled in the United States and Mexico. (A) Principal component analysis 
of plasma protein concentrations, colored by country of enrollment and tested by PERMANOVA. (B) Volcano plot of cytokines and gut barrier integrity 
markers differentially associated with country of enrollment. (C) Principal component analysis of plasma metabolomic features, colored by country of 
enrollment and tested by PERMANOVA. (D) Volcano plot of metabolomic features differentially associated with country of enrollment. (E) GSEA of metab-
olomic data comparing KEGG pathway enrichment between PWH in the United States and Mexico; asterisks denote FDR-adjusted q ≤ 0.25.
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we focused only on biomarkers that were significantly different between our low- and high-risk groups. 
Notably, CD4+ T cell counts were negatively correlated with the ileum abundance of  both Intestinibacter 
bartlettii (r = –0.405, P = 0.001, q = 0.011) and the NK4A214 group (r = –0.41, P < 0.001, q = 0.011). These 
taxa were similarly negatively correlated with the CD4/CD8 ratio (r = –0.312, P = 0.014, q = 0.15 and r = 
–0.305, P = 0.016, q = 0.15 respectively). In the opposite direction, ileum abundance of  A. muciniphila and 
rectum abundance of  Bacteroides uniformis were positively correlated with the CD4/CD8 ratio (r = 0.264, P 
= 0.038, q = 0.164 and r = 0.248, P = 0.043, q = 0.164, respectively). In the metabolomic data, CD4+ T cell 
counts were negatively correlated with TG 20:1 34:4 (r = –0.359, P = 0.002, q = 0.012), imidazole propionic 
acid synthesis (r = –0.269, P = 0.021, q = 0.089), and cholic acid (r = –0.253, P = 0.031, q = 0.107), while 
positively correlated with PA 14:0 14:1 (r = 0.274, P = 0.019, q = 0.089). The CD4/CD8 ratio was posi-
tively correlated with PE P-18:0/20:3 (r = 0.269, P = 0.021, q = 0.15). We did not observe any significant 
correlations with CD8+ T cell counts.

Correlation analysis highlights the potential role of  A. muciniphila in reducing immune activation via IL-6 and 
the active HIV reservoir. We next performed partial correlations between these omic layers to understand how 
the relationships between them may be driving SNAE risk (Figure 6, A and B). Interestingly, we observed a 
negative correlation between ileum A. muciniphila abundance and plasma IL-6 concentrations (r = –0.388, 
P = 0.002, q = 0.007), with the same pattern observed when stratified by country (Supplemental Figure 6). 
IL-6 was further positively correlated with the secondary bile acid 12-ketodeoxycholic acid (r = 0.247, P 
= 0.035, q = 0.23) and negatively correlated with PG 16:0 19:1 (r = –0.302, P = 0.009, q = 0.121). Rectum 
Bacteroides uniformis abundance was similarly positively correlated with PG 16:0 19:1 (r = 0.269, P = 0.028, 
q = 0.242) and negatively correlated with 12-ketodeoxycholic acid (r = –0.415, P < 0.001, q = 0.019). Other 
notable correlations included a positive correlation between ileum Collinsella bouchesdurhonensis abundance 
and N1, N8-Di-Ac-spermidine (r = 0.375, P = 0.003, q = 0.118), and a positive correlation between A. 
muciniphila and PE P-18:0/20:3 (r = 0.354, P = 0.005, q = 0.112).

Given the negative correlation we observed between A. muciniphila and plasma IL-6, we next asked 
whether ileal A. muciniphila abundance was associated with the HIV reservoir. For a subset (n = 20) 
of  the US participants, we were able to obtain lymph node tissue and measure the quantity of  HIV 
RNA-producing cells and proviral DNA+ cells, as we have done previously (13, 18). Interestingly, ile-
al A. muciniphila abundance was negatively correlated with the number of  HIV RNA+ cells/gram of  
lymph node tissue (Spearman’s r = –0.57, P = 0.014, Figure 6C), though was not correlated with the 
number of  HIV DNA+ cells/gram (Spearman’s r = 0.05, P = 0.842, Figure 6D). Further, we did not 
observe a significant correlation between either IL-6 or IL-10 plasma concentrations and lymph node 
HIV reservoir measures (Supplemental Figure 7). Collectively, these findings suggest that A. muciniphila 
may reduce SNAE risk through a potential mechanism involving suppression of  IL-6 and HIV RNA 
production in latently infected cells.

Multi-omic SNAE risk signatures contextualized in PWoH. To assess whether the observed differences 
between SNAE risk groups reflected true biological signals rather than confounding between groups, we 
compared the significantly different variables to a group of  PWoH (n = 10) from both the United States 
and Mexico (n = 5 per country) using linear regression adjusted for age and country. Although limited sta-
tistical power likely hindered significance in many comparisons with PWoH, nearly all variables followed 
the expected ordinal trend, whereby features elevated in the high-risk relative to low-risk group were also 
higher than in PWoH and vice versa. For example, IL-6 was nonsignificantly elevated in the high-risk group 
relative to PWoH (β = 0.85, P = 0.272) and nonsignificantly reduced in the low-risk group (β = –0.31, P = 
0.657, Figure 7A). Among metabolomic features, N1,N8-Di-Ac-spermidine, TG 20:1 34:3, and imidazole 
propionic acid synthesis were each significantly higher in the high-risk group compared with PWoH (P < 
0.05, Figure 7B). Microbiome trends were similarly conserved, with Ruminococcus and Bacteroides uniformis 
significantly reduced in the high-risk group relative to PWoH in the rectum (P < 0.05, Figure 7C). In the 
ileum, Akkermansia and A. muciniphila were likewise reduced in the high-risk group, while the NK4A214 
group, Intestinibacter, Intestinibacter bartlettii, and Collinsella bouchesdurhonensis were all significantly increased 

Figure 2. Differences in the ileal and rectal microbiomes of PWH enrolled from the United States and Mexico. Alpha diversity metrics for rectum (A) and 
ileum (B) biopsies between PWH from the United States and Mexico. Beta diversity of rectum (C) and ileum (D) biopsies, tested by PERMANOVA using the 
robust Aitchison distance of genus-level taxa. Differential abundance of genus- and species-level taxa between the United States and Mexico, tested by 
MaAsLin2 for rectum (E) and ileum (F) biopsies, showing the top 15 differentially abundant taxa; asterisks denote FDR-adjusted q ≤ 0.25. Representative 
box plots of Escherichia-Shigella (G) and Parabacteroides distasonis (H) in both the ileum and rectum.
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Figure 3. Differences in plasma proteins and metabolome between PWH at low or high risk of SNAEs. (A) Principal component analysis of plasma 
protein concentrations, colored by SNAE risk group, tested by PERMANOVA. (B) Volcano plot of cytokines and gut barrier integrity markers differentially 
associated with SNAE risk group. (C) Principal component analysis of plasma metabolomic features, colored by SNAE risk group and tested by PERMANO-
VA. (D) Volcano plot of metabolomic features differentially associated with SNAE risk group. (E) GSEA of metabolomic data comparing KEGG pathway 
enrichment between low and high SNAE risk groups; asterisks denote FDR-adjusted q ≤ 0.25.
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compared with PWoH (P < 0.05, Figure 7D). The only exception to these patterns was 12-ketodeoxycholic 
acid, which was lowest in the low-risk group, followed by the high-risk group and PWoH. Collectively, the 
significant differences observed between the high-risk group and PWoH in key metabolomic features and 
microbiome taxa, combined with the directional consistency of  nearly all remaining variables, supports the 
biological plausibility of  these signatures as indicators of  SNAE risk.

Discussion
In this multisite analysis, we first examined country-level differences within our HIV cohort. Country of  
enrollment was the largest determinant of  variation across plasma proteins, the plasma metabolome, and 
the gastrointestinal microbiome. Participants from Mexico exhibited higher plasma cytokines involved in 
adaptive and mucosal immunity (IL-12p70, IL-17A) and markers of  gut epithelial injury and microbial 
translocation (I-FABP, sCD14), collectively suggesting greater mucosal immune activation in this cohort. 
IL-12p70 and IL-17A support Th1-driven antiviral responses and gut barrier integrity (19, 20), functions 
that are impaired in HIV infection. These immune features coincided with substantially greater mucosal 
abundance of  Escherichia-Shigella, a common intestinal pathogen in developing countries (21), in both ileal 
and rectal biopsies, which we suspected could be leading to increased mucosal inflammation in PWH 
from Mexico, although this taxon did not directly correlate with these plasma markers. In contrast, US 
participants had higher levels of  MIP-1β, IL-8, and IL-7, indicating distinct patterns of  immune activation 
between countries that may reflect differences in HIV care, environmental exposures or coinfections; how-
ever, CMV serostatus did not differ between them.

The ileal and rectal microbiomes were dominated by Bacillota and Bacteroidota, consistent with previous 
reports (22). Rectal biopsy composition differed most strongly by country, although alpha diversity metrics 
did not vary. Given differences in baseline characteristics between countries (e.g., race, sex) and unmeasured 
effects such as diet, it is not surprising that the gastrointestinal microbiomes of  these countries would sig-
nificantly differ. Some of  the most notable differences we observed were the increased abundance of  Esche-
richia-Shigella and the Eubacterium eligens group in participants from Mexico in both biopsy sites. In compar-
ison, US participants displayed increased Parabacteroides distasonis in both biopsy sites. Escherichia-Shigella is 
a Gram-negative genus whose members include diarrheal pathogens and potent inducers of  inflammatory 
signaling (21), whereas the Eubacterium eligens group has been linked to reduced visceral fat accumulation and 
shown to be protective for pulmonary arterial hypertension (23, 24).

Country effects were most pronounced in the plasma metabolome. US participants had significantly 
higher concentrations of  numerous lipid classes. Compared with Mexican men living in Mexico, Mexican 
men living in the United States are at a greater risk of  obesity, abdominal obesity, and diabetes, which may 
be reflective of  the lipid changes we see (25). Consistent with this, sphingomyelins, phosphatidylcholines, 
and lyso-phosphatidylcholines, all previously linked to obesity (26), were enriched in our US cohort. These 
differences could potentially reflect differences in BMI between countries. However, BMI was unavailable 
as a covariate in our analysis and is a limitation in interpreting these findings. US-associated metabolites in 
our study, such as taurine and oxaloacetic acid, also aligned with a previous study comparing the plasma 
metabolome of  US-born versus foreign-born (primarily from Mexico) Hispanic men (27), attributed to 
dietary differences. Mexico participants exhibited higher levels of  medium-chain acylcarnitines (C8, C10, 
C10:1, C12:1), several of  which have been shown to increase after moderate-intensity exercise, promote lip-
id oxidation, and decrease with oral food intake (28), potentially reflecting differences in physical activity, 
energy metabolism, and dietary practices between cohorts.

Understanding how geography influences multi-omic profiles in PWH is essential for capturing the 
global impact of  HIV. We therefore examined whether PWH from the United States and Mexico who 
were at high risk for SNAEs, based on low CD4+ T cell counts and CD4/CD8 ratios, shared consistent 
biomarkers. Although SNAE risk explained far less variance than country of  enrollment, a clear pattern 
emerged involving systemic inflammation, microbial dysbiosis, and metabolomic alterations suggestive of  
mitochondrial dysfunction.

First, we observed increased plasma IL-6 concentrations in participants at high risk for SNAEs, which 
was consistent when stratified by country, in agreement with previous studies (29, 30), and followed the 
expected ordinal trend relative to PWoH, collectively indicating an elevated level of  systemic inflammation 
in these individuals. Further, IL-6 was a topmost discriminatory variable in the supervised models built 
to discriminate between low- and high-risk SNAE groups. Similarly, other cytokines including IL-10 and 
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IL-12p70 were nonsignificantly elevated in the high-risk group but were top cytokines in contributing to class 
separation. Given the known increase of  IL-10 with HIV progression (31) and its dual role in moderating 
inflammation (32, 33) and supporting reservoir persistence (34), this may reflect a compensatory yet poten-
tially pathogenic response.

Among plasma metabolites, dicarboxylic acids, especially suberic and adipic acid, were markedly 
increased in the high-risk SNAE group. These products of  ω-oxidation accumulate when mitochondrial 
β-oxidation is impaired or overloaded, as observed in fatty-acid oxidation disorders such as medium-chain 
acyl-coenzyme A dehydrogenase deficiency (35). Because β-oxidation normally fuels ATP generation via 
the electron transport chain, diversion toward ω-oxidation and the buildup of  dicarboxylic acids indicate 
mitochondrial stress (36, 37). Thus, higher adipic and suberic acids in high-risk PWH support the pres-
ence of  disrupted β-oxidation and mitochondrial dysfunction. Several mechanisms could contribute to 
this dysfunction. Carnitine deficiency, which is more common in PWH (38), can restrict β-oxidation by 
limiting fatty acid transport into mitochondria. Inflammation may further impair β-oxidation by suppress-
ing PGC-1α, a key regulator of  mitochondrial biogenesis and metabolic gene expression (39). Notably, the 
HIV Tat protein has been shown to downregulate PGC-1α, linking viral activity to mitochondrial defects 
observed in HIV-associated neurocognitive disorder (40). Elevated adipic and suberic acids may also exert 
direct cellular effects by inducing DNA damage in leukocytes (35), a process associated with CD4+ T cell 
apoptosis, immune senescence, and the heightened inflammaging characteristic of  PWH (41). Importantly, 
these dicarboxylic acids are increased even in treatment-naive PWH compared with healthy controls (42), 
suggesting that their accumulation is not driven by ART.

Additional metabolites elevated in high-risk PWH included N1,N8-diacetylspermidine and primary 
bile acid cholic acid. N1,N8-diacetylspermidine has been identified as a tumor biomarker associated with 
poor cancer prognosis (43, 44), potentially reflecting the increased malignancy risk in this group. Cho-
lic acid and the cholic acid/chenodeoxycholic acid ratio, both linked to liver fibrosis and inflammation 
(45, 46), were also higher in high-risk participants, and cholic acid negatively correlated with CD4+ T cell 
counts, suggesting a link between primary bile acids and T cell reconstitution. Further, imidazole propi-
onic acid, an exclusive microbially derived metabolite derived from histidine, has been linked to dysbiosis 
and increased risk of  cardiovascular disease (47) and type 2 diabetes (48). Here, imidazole propionic acid 
synthesis (ratio of  imidazole propionic acid to histidine) was increased in the high-risk group and was also 
negatively correlated with both CD4+ T cell counts. Notably, N1,N8-diacetylspermidine, TG 20:1 34:3, 
and imidazole propionic acid synthesis were also significantly elevated in the high-risk group relative to 
PWoH, further supporting their relevance as markers of  heightened SNAE risk. Several lipids were elevated 
in the low-risk group, most notably PE P-18:0/20:3, which positively correlated with both the CD4/CD8 
ratio and ileal A. muciniphila abundance. This finding is of  particular interest given that a separate PE lipid 
derived from the A. muciniphila cell membrane (PE a15:0-i15:0) was recently shown to promote homeo-
static immune responses through low-level TLR2-TLR1 signaling (49), raising the possibility that other PE 
lipids associated with A. muciniphila have similar immunomodulatory effects.

The ileal and rectal microbiomes were similar between low- and high-risk SNAE groups, with no sig-
nificant differences in alpha or beta diversity. However, several taxa differed in abundance, with notable 
reductions in commensal, short-chain fatty acid producers in the high-risk group, including A. muciniphila 
in the ileum and Bacteroides uniformis and Ruminococcus in the rectum, both of  which were also significantly 
reduced relative to PWoH. These organisms are associated with antiinflammatory and beneficial effects, 
and A. muciniphila and B. uniformis are being developed as next-generation probiotics (50, 51). Both these 
taxa positively correlated with the CD4/CD8 ratio, whereas ileal Intestinibacter bartlettii, previously linked 
to irritable bowel syndrome (52), was negatively correlated with CD4+ counts and CD4/CD8 ratios. Nota-
bly, A. muciniphila abundance was also inversely associated with plasma IL-6 and HIV RNA-producing 
cells in lymph nodes, suggesting a potential role in limiting systemic inflammation and active HIV tran-
scription. That this association was absent for proviral DNA+ cells in lymph nodes points toward an effect 
on latency reversal rather than latent reservoir size with important implications for how the gut microbiota 

Figure 4. Differences in the ileal and rectal microbiomes of PWH at low or high risk of SNAEs. Alpha diversity metrics for rectum (A) and ileum (B) 
biopsies between SNAE risk groups. Beta diversity of rectum (C) and ileum (D) biopsies, tested by PERMANOVA using the robust Aitchison distance of 
genus-level taxa. Differential abundance of genus- and species-level taxa between SNAE risk groups, tested by MaAsLin2 for rectum (E) and ileum (F) 
biopsies, showing the top 10 differentially abundant taxa; asterisks denote FDR-adjusted q values ≤ 0.25. Representative box plots of differentially abun-
dant taxa in the rectum (G) and ileum (H) biopsies.
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may influence HIV persistence. Consistent with this, recent evidence that lymph node HIV RNA-producing 
cell frequency negatively correlates with the CD4/CD8 ratio suggests a broader relationship between A. 
muciniphila depletion, HIV transcriptional activity, and immune activation (53).

Probiotic or prebiotic interventions, especially in PWH at high risk of  SNAEs, represents a potential 
strategy to improve immune recovery and mitigate comorbidity development. The use of  A. muciniphila is par-
ticularly promising, given its link to a wide range of  beneficial host effects relevant to HIV-associated inflam-
mation including mitochondrial dysfunction, hepatic steatosis, and diabetes, in addition to a growing body of  
mechanistic evidence supporting these effects (54–61). No human studies have directly tested A. muciniphila 
supplementation in PWH, though a recently completed clinical trial (NCT04058392) utilized a prebiotic spe-
cifically meant to increase A. muciniphila abundance in PWH with a CD4/CD8 ratio less than 1, with the 
goal of  reducing inflammation in these individuals. Supporting our observations in PWH, A. muciniphila has 
repeatedly been shown to inversely correlate with IL-6 (62–64), possibly via a process that inhibits IL-6/JAK/
STAT signaling (65, 66). JAK/STAT inhibitors such as tofacitinib and ruxolitinib have been shown to reduce 
HIV replication in latently infected cell lines (67, 68); thus, it is conceivable that an A. muciniphila–mediated 
effect on JAK/STAT signaling could explain the negative correlation we observed with HIV RNA-produc-
ing cells in the lymph nodes. An alternative explanation is that increased A. muciniphila abundance reflects 
enhanced gut barrier integrity and reduced microbial translocation; however, we did not observe differences in 
LBP, sCD14, or I-FABP between low- and high-risk groups. Together with our findings, these data suggest A. 
muciniphila as a compelling candidate for a microbiome-based intervention to mitigate systemic inflammation 
and lower SNAE risk in PWH, supporting the need for clinical evaluation.

This study should be interpreted in the context of its limitations. First, the lack of metadata on covariates, 
including sexual orientation, BMI, diet, coinfections (beyond CMV), medication use, and comorbidities, rep-
resents a major constraint on the interpretation of the multi-omic readouts we measured, particularly given 
the well-established influence of diet on both metabolomic and microbiome profiles. Second, although most 
participants received similar ART regimens, the remaining individuals were sparsely distributed across many 
different ART combinations, preventing meaningful assessment of ART-specific effects. Further, CMV serosta-
tus was positive for nearly all patients, but the absence of quantitative CMV replication data (e.g., IgG titers or 
CMV DNA) and other markers of systemic inflammation (e.g., C-reactive protein) limits our ability to fully 
evaluate inflammatory drivers, including the contribution of CMV to IL-6. Our SNAE risk groups were also 
limited by a modest sample size composed almost entirely of men, reducing generalizability. Given the explor-
atory nature of this work, we also opted to use a relaxed P value threshold for highly dimensional analyses, 
requiring an FDR-adjusted q value of 0.25 or less to prioritize hypothesis generation. Finally, our composite 
SNAE risk definition used CD4+ T cell counts and CD4/CD8 ratios as surrogate markers in the absence of  
longitudinally observed SNAE data. Future studies may benefit from investigating the biomarkers we observed 
with longitudinal SNAE data to associate them with specific health outcomes. These T cell criteria additionally 
represent bulk rather than antigen-specific populations, limiting our ability to disentangle more granular asso-
ciations between immune cells and inflammatory biomarkers. Notwithstanding these limitations, many of our 
findings are consistent with previous research and support biologically plausible conclusions.

In summary, this cross-site multi-omic analysis revealed geography as the dominant driver of variation 
among PWH, with distinct inflammatory, metabolic, and microbial signatures observed between cohorts from 
the United States and Mexico. Despite these differences, individuals at high risk for SNAEs shared a consis-
tent pattern of systemic inflammation, mitochondrial dysfunction, and loss of key commensal taxa. Elevated 
plasma IL-6, increased ω-oxidation products (adipic and suberic acids), and accumulation of bile acid and 
polyamine metabolites indicated persistent immune activation, hepatic stress, and dysfunctional mitochondrial 
β-oxidation. Along with reductions in mucosal short-chain fatty acid producers A. muciniphila, B. uniformis, and 
Ruminococcus, this finding suggests that microbiome disruption may contribute to this phenotype. In particular, 
A. muciniphila stands out as a mechanistically validated commensal that promotes mucosal integrity, enhances 

Figure 5. Supervised machine learning of SNAE risk groups. (A) Scores plot and top loading vectors on component 1 for the protein block PLS-DA, metab-
olome block sparse PLS-DA (sPLS-DA), rectum block sPLS-DA, and ileum block sPLS-DA. Loading vectors are colored by the group with the highest mean 
value. (B) Scores plot of the integrated DIABLO model, combining all 4 data blocks and showing the weighted average of components 1 and 2 according to 
their correlation with SNAE risk group. (C) Top loading scores on components 1 and 2 for each block in the DIABLO model; bars are colored by the corre-
sponding block the variable belongs to. (D) Correlation circle plot of the DIABLO model, showing variables with correlations (>0.5) on components 1 and 2. 
(E) A variable’s location depicts both its correlation on each component and its correlation with other variables in proximity. Performance of each model in 
predicting SNAE risk based on AUROC, determined by 5-fold cross-validation repeated 50 times.
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Figure 6. Partial correlations between variables of interest, CD4 counts, and the CD4/CD8 ratio. (A) Network of partial Spearman’s correlations between 
variables that were significantly different between SNAE risk groups, adjusted for country, age, and years living with HIV. (B) Selected correlations between 
bacterial taxa and the CD4/CD8 ratio with all connected nodes, highlighting potential mechanisms involved in driving immune activation. All correlations 
with an FDR-adjusted q ≤ 0.25 and nominal P ≤ 0.05 are shown. (C and D) Spearman’s correlations between ileum A. muciniphila abundance and HIV RNA+ 
(C) and DNA+ (D) cells/gram in lymph node tissue.
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mitochondrial metabolism, and attenuates hepatic and systemic inflammation in experimental models (54, 
55, 69). The depletion of A. muciniphila and its negative association with IL-6 and the active HIV reservoir 
underscores its potential therapeutic relevance. Exploring A. muciniphila–based therapeutics may represent a 
promising strategy to reduce inflammation and improve long-term health outcomes in PWH.

Figure 7. Comparison of SNAE risk groups to people without HIV. Variables that were significantly different between SNAE risk groups (q < 0.25) were 
compared against a PWoH reference group (n = 10, n = 5 per country) using linear regression adjusted for age and country. Panels display the linear model 
estimate and 95% CI for each SNAE risk group relative to PWoH for log2-transformed plasma IL-6 (A), log2-transformed metabolomic features (B), and 
CLR-transformed rectal (C) and ileal (D) microbiome taxa abundances, with microbiome estimates derived from MaAsLin2. Asterisks denote nominally 
significant differences from PWoH (P < 0.05).
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Methods
Sex as a biological variable. Sex was considered as a biological variable. The study protocol permitted enroll-
ment of  all eligible participants regardless of  sex, gender, race, or ethnicity. However, the cohort enrolled in 
this study was predominantly male.

Participant enrollment. This analysis included 82 PWH from Mexico (n = 48) and the United States (n = 
34) enrolled in a study led by the University of  Minnesota (UMN) between July 2021 and December 2023. 
Participants were enrolled at either the Center for Research in Infectious Disease (CIENI) of  the National 
Institute of  Respiratory Diseases (INER) in Mexico City or UMN in Minneapolis. Eligibility required age 
of  18 years or older, laboratory-confirmed HIV-1 infection, stable ART for over 12 months, plasma HIV 
RNA less than 48 copies/mL (isolated single blips up to 200 copies/mL were allowed if  preceded and fol-
lowed by undetectable viral load), and screening tests within institutional normal ranges. Exclusion criteria 
included pregnancy or breastfeeding, BMI of  30 kg/m2 or higher, and unsuitable for an inguinal lymph 
node biopsy (e.g., current use of  anticoagulants, ≥3 prior lymph node biopsies). No participants were tak-
ing antibiotics at enrollment. A reference group of  PWoH (n = 10; n = 5 per country) was recruited from 
the same sites for contextual comparison of  SNAE risk–associated signatures. PWoH met the same age 
and general health eligibility criteria but had no laboratory-confirmed HIV infection and were not on ART.

SNAE risk group definition. CD4+ T cell count and CD4/CD8 ratio independently predict SNAE risk (10), 
with lower values being associated with higher risk. PWH were grouped as high or low SNAE risk based on 
these criteria. High SNAE risk was defined as having a CD4+ T cell count less than 350 cells/μL or a CD4/
CD8 ratio less than 0.4 regardless of  CD4+ T cell count after 2 years of  ART, criteria associated with a nearly 
3-fold increased SNAE risk over 5 years. Participants not meeting these criteria were defined as low risk.

Sample collection. Blood was collected in EDTA tubes prior to colonoscopy or lymph node biopsy with 
instructions to fast. Plasma was isolated by centrifugation within 30 minutes and stored at –80°C. Colonos-
copies were conducted at the Endoscopy Center of  the UMN Medical Center and at CIENI-INER after 
overnight bowel preparation. Pinch biopsies of  the ileum and rectum were placed in QIAGEN Allprotect 
solution and stored at –80°C. Excisional inguinal lymph node biopsies were performed for a subset of  US 
participants by UMN surgeons under local anesthesia via a 1-inch inguinal incision, with participants 
observed for 2 or more hours after the procedure. All procedures occurred within a 2-week period.

Plasma protein measurements. Concentrations of  cytokines were measured in EDTA plasma using a 13-plex 
(IL-1β, IL-2, IL-5, IL-6, IL-7, IL-8, IL-10, IL-12p70, IL-17A, IL-23, TNF-α, IFN-γ, and MIP-1β) Luminex 
panel (HSTCMAG-28SK, MILLIPLEX) and by ELISA (IL-18) (DY318-05, R&D Systems). Biomarkers 
for gut barrier damage and microbial translocation were measured in EDTA plasma by ELISA including 
I-FABP (DFBP20, R&D Systems), sCD14 (QK383, R&D Systems), and LBP (Ab279407, Abcam). All pro-
cessing was performed according to the kit manufacturer’s instructions. Values below the limit of  detection 
for each analyte were replaced with the lowest detectable concentration divided by 2. CMV IgG serostatus 
was determined qualitatively using a commercially available ELISA (KA6698, Abnova).

Plasma metabolomics. The plasma metabolome was characterized in EDTA plasma using the com-
mercially available MxP Quant 1000 kit (Biocrates). Lipids were measured by flow injection analysis–
tandem mass spectrometry using a 5500 QTRAP instrument (AB Sciex) with an electrospray ionization 
source, and small molecules were measured by liquid chromatography–tandem mass spectrometry using 
a 5500+ Triple Quad instrument (AB Sciex). All concentrations were quantified using the Biocrates 
WebIDQ software. Metabolites that were present in less than 50% of  samples were removed from the 
analysis, and any values that were below the limit of  detection were replaced with the lowest detectable 
concentration divided by 2. A comprehensive list of  the metabolites used in this analysis are provided 
(Supplemental Data 2), as well as any sum or ratio features (Supplemental Data 3).

HIV reservoir quantification. The HIV reservoir was quantified in 4% paraformaldehyde-fixed lymph node 
biopsies as previously described (13, 70, 71). Briefly, 5 to ten 5-μm sections separated by 20 μm were ana-
lyzed by RNAscope 2.5 (Advanced Cell Diagnostics) using in situ hybridization with HIV-specific probes from 
Advanced Cell Diagnostics to identify Clade B viruses (RNA antisense 416111 and DNA sense 425531). Quan-
titative image analysis was then used to determine the number of HIV RNA+ and DNA+ cells per tissue area.

Microbiome analysis. DNA was extracted from ileal and rectal biopsies using the QIAGEN PowerSoil 
Pro DNA extraction kit. The V4 rRNA region was amplified from template DNA using the 515F-806R 
primer set described in the Earth microbiome project (72), using a 30-cycle PCR. PCR products were then 
subjected to a second 10-cycle PCR to attach Illumina sequencing primer-compatible DNA regions as well 
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as individual barcodes for each sample. Samples were all uniquely dual-indexed, as previously described 
(73). Sequencing libraries were loaded onto an Illumina NextSeq using a 2x300 P2 flow cell and sequenced 
to an average depth of  79,756 reads per sample.

Variable region primers were removed from the demultiplexed sequences using cutadapt (74) and 
then quality filtered, trimmed, denoised, and merged in R (v4.4.1) using the dada2 (75) package. Merged 
sequences were further filtered to only include those within the expected base-pair length of  the V4 ampl-
icon and then used to generate an amplicon sequence variant (ASV) table. Taxonomy was assigned using 
the SILVA v138.2 database (76). Unassigned ASVs or those belonging to archaea, Eukaryota, mitochon-
dria, chloroplast, or limnobacter were discarded. The decontam (77) R package was then used to filter out 
any ASVs that were possible contaminants based on their prevalence in reagent-only negative control sam-
ples. ASVs were further filtered by requiring a prevalence of  at least 50 reads (~0.001% median read depth) 
in 10% of  samples, followed by removal of  any samples with less than 1,000 total filtered reads. The filtered 
ASV tables for rectal and ileal biopsies were used for all downstream analyses.

For alpha diversity assessment, samples were first normalized by scaling with ranked subsam-
pling (78). Metrics including Shannon and a number of  observed taxa were compared at the ASV 
level between groups using Wilcoxon rank-sum tests with an α of  0.05 to determine significance. Beta 
diversity was tested by PERMANOVA with the adonis function in the vegan R package (79), using the 
Euclidean distance of  the robust centered log-ratio (CLR) transformed (80) counts (i.e., robust Aitchi-
son distance) for genus-level taxa. Effects included in the PERMANOVA model were evaluated individ-
ually using the “margin” argument and included SNAE risk group, country, age, and years living with 
HIV, using 999 permutations and an α of  0.05 after adjustment with the Benjamini-Hochberg (FDR) 
method (81). Differential abundance of  taxa was determined using the MaAsLin2 R package (82) at 
the genus and species level using CLR transformed counts and the default FDR threshold of  0.25 for 
determining significance.

Supervised machine learning analysis. Supervised machine learning algorithms including PLS-DA (plasma 
proteins), sparse PLS-DA (ileum, rectum, and metabolome), and DIABLO (all omes) were implemented 
using the mixOmics R package (83) to characterize the prediction capability of  each omic data type and to 
identify the top discriminatory features for SNAE risk. Models were tuned for the number of  components 
and number of  features to keep as appropriate for each model, using 5-fold cross-validation repeated 50 
times. Performance of  each model was assessed by the AUROC again by 5-fold cross-validation repeated 
50 times. For the DIABLO model, a design matrix with a moderate correlation of  0.5 was used between 
each data type.

Statistics. Statistical analysis was performed using R. Serological biomarkers (e.g., cytokines, metabo-
lites) were log-transformed prior to downstream analysis. Multiple linear regression was used to evaluate 
the effect of  SNAE risk group (i.e., low risk versus high risk) and country on biomarker concentrations 
adjusting for age and years living with HIV. Partial Spearman’s correlations between biomarkers and T 
cell criteria (CD4+ T cell count, CD8+ T cell count, and CD4/CD8 ratio) were performed using the ppcor 
R package (84), adjusting for the effects of  country, age, and years living with HIV. Comparisons and 
correlations were FDR-adjusted separately for each ome and considered significant with both a nominal 
P value of  0.05 or less and an adjusted q value of  0.25 or less. GSEA was performed using the Human 
Metabolome Database (HMDB) matched identifiers for each available metabolite with the multiGSEA 
and fgsea R packages (85, 86). Metabolites were supplied as a pre-ranked list of  the P value multiplied by 
the metabolite’s fold change from the multiple linear regression models and matched to gene sets from 
the KEGG database, requiring a minimum gene set size of  3 and an adjusted P value of  0.25 or less to 
determine significance. Differences in the overall composition of  the plasma metabolome or proteins 
were tested by PERMANOVA, similar to the microbiome analysis, using Euclidean distances of  the 
respective log-transformed biomarkers. Differences in baseline characteristics were tested using Welch’s 
2-tailed t tests or χ2 tests without P value adjustment.

Study approval. All participants gave written informed consent using IRB-approved forms. The UMN 
IRB approved the study (STUDY00009216) in the United States and the INER Ethics and Research Com-
mittees approved the study (C71-18) in Mexico.

Data availability. Sequencing data for the 16S rRNA analysis are available at NCBI’s BioProject (PRJ-
NA1405126). Code used for this analysis is available from the corresponding author upon reasonable 
request. Data values for all applicable figures can be found in the Supplemental Data Values file.

https://doi.org/10.1172/jci.insight.205379


1 9

R E S E A R C H  A R T I C L E

JCI Insight 2026;11(14):e205379  https://doi.org/10.1172/jci.insight.205379

Author contributions
NRK, TWS, GSMD, and CMB conceptualized the study. NRK, TWS, GSMD, SAR, JA, and CMB super-
vised the study. NRK, TWS, and GS acquired funding. CMB, JA, KE, GW, CG, JR, RTC, TS, EC, SAR, 
FTR, MSN, LCR, KKOC, and OB conducted the investigation. CMB performed the formal analysis and 
visualization and wrote the original draft of  the manuscript. NRK, ES, MB, NF, PH, MG, KE, SAR, and 
TWS performed manuscript review and editing.

Conflict of interest
The authors have declared that no conflict of  interest exists.

Funding support
This work is the result of  NIH funding, in whole or in part, and is subject to the NIH Public Access Policy. 
Through acceptance of  this federal funding, the NIH has been given a right to make the work publicly 
available in PubMed Central.
•	 NIH (AI147912) to TWS.
•	 UMN Department of  Surgery funds to NRK.
•	 CIENI-INER is supported by the Mexican government (Programa Presupuestal P016; Anexo 13 del 

Decreto del Presupuesto de Egresos de la Federación).

Acknowledgments
We are deeply grateful to the participants of  this study. We thank Dr. Alexander Khoruts for performing the 
colonoscopies, and Dr. Greg Beilman and Dr. Jeffrey Chipman for performing the lymph node biopsies. We 
also thank Biocrates for generating the metabolomic data, the UMN Preclinical Research Center for generat-
ing the cytokine data, and the University of  Minnesota Genomics Center for generating the 16S rRNA data.

Address correspondence to: Nichole R. Klatt, Department of  Surgery, University of  Minnesota, Minne-
apolis, Minnesota, USA. Email: klat0037@umn.edu.

	 1.	Hsu DC, et al. Serious Non-AIDS events: Immunopathogenesis and interventional strategies. AIDS Res Ther. 2013;10(1):29.
	 2.	Trickey A, et al. Life expectancy after 2015 of  adults with HIV on long-term antiretroviral therapy in Europe and North Ameri-

ca: a collaborative analysis of  cohort studies. Lancet HIV. 2023;10(5):295–307.
	 3.	Guedes MCS, et al. How to properly define immunological nonresponse to antiretroviral therapy in people living with HIV? an 

integrative review. Front Immunol. 2025;16:1535565.
	 4.	Ron R, et al. CD4/CD8 ratio during human immunodeficiency virus treatment: time for routine monitoring? Clin Infect Dis. 

2023;76(9):1688–1696.
	 5.	Klatt NR, et al. Immune activation and HIV persistence: implications for curative approaches to HIV infection. Immunol Rev. 

2013;254(1):326–342.
	 6.	Klatt NR, et al. Microbial translocation, immune activation, and HIV disease. Trends Microbiol. 2013;21(1):6–13.
	 7.	Klatt NR, et al. Compromised gastrointestinal integrity in pigtail macaques is associated with increased microbial translocation, 

immune activation, and IL-17 production in the absence of  SIV infection. Mucosal Immunol. 2010;3(4):387–398.
	 8.	Kaspar MB, Sterling RK. Mechanisms of  liver disease in patients infected with HIV. BMJ Open Gastroenterol. 2017;4(1):e000166.
	 9.	Duffau P, et al. Association of  immune-activation and senescence markers with non-AIDS-defining comorbidities in HIV-sup-

pressed patients. AIDS. 2015;29(16):2099–2108.
	10.	Martínez-Sanz J, et al. Expanding HIV clinical monitoring: the role of  CD4, CD8, and CD4/CD8 ratio in predicting non-AIDS 

events. EBioMedicine. 2023;95:104773.
	11.	Hsu DC, Sereti I. Serious non-AIDS events: therapeutic targets of  immune activation and chronic inflammation in HIV infec-

tion. Drugs. 2016;76(5):533–549.
	12.	Chakrawarti A, et al. Pre-treatment microbiome diversity and function is associated with expansion of  cytotoxic and regulatory 

immune populations after N-803 treatment in people with HIV [preprint]. https://doi.org/10.1101/2025.10.01.679827. Posted 
on bioRxiv October 1, 2025.

	13.	Rhein J, et al. Impact of  the IL-15 superagonist N-803 on lymphatic reservoirs of  HIV. JCI Insight. 2025;10(13):e190831.
	14.	Klatt NR, et al. Probiotic/prebiotic supplementation of  antiretrovirals improves gastrointestinal immunity in SIV-infected 

macaques. J Clin Invest. 2013;123(2):903–907.
	15.	Zheng H, et al. Regulation of  interleukin-12 production in antigen-presenting cells. In: Ma X, ed. Regulation of  Cytokine Gene 

Expression in Immunity and Diseases. Springer; 2016:117–138.
	16.	Song X, et al. The roles and functional mechanisms of  interleukin-17 family cytokines in mucosal immunity. Cell Mol Immunol. 

2016;13(4):418–431.
	17.	Benczik M, Gaffen SL. The interleukin(IL)-2 family cytokines: survival and proliferation signaling pathways in T lymphocytes. 

Immunol Invest. 2004;33(2):109–142.

https://doi.org/10.1172/jci.insight.205379
mailto://klat0037@umn.edu
https://doi.org/10.1186/1742-6405-10-29
https://doi.org/10.1016/S2352-3018(23)00028-0
https://doi.org/10.1016/S2352-3018(23)00028-0
https://doi.org/10.3389/fimmu.2025.1535565
https://doi.org/10.3389/fimmu.2025.1535565
https://doi.org/10.1093/cid/ciad136
https://doi.org/10.1093/cid/ciad136
https://doi.org/10.1111/imr.12065
https://doi.org/10.1111/imr.12065
https://doi.org/10.1016/j.tim.2012.09.001
https://doi.org/10.1038/mi.2010.14
https://doi.org/10.1038/mi.2010.14
https://doi.org/10.1136/bmjgast-2017-000166
https://doi.org/10.1097/QAD.0000000000000807
https://doi.org/10.1097/QAD.0000000000000807
https://doi.org/10.1016/j.ebiom.2023.104773
https://doi.org/10.1016/j.ebiom.2023.104773
https://doi.org/10.1007/s40265-016-0546-7
https://doi.org/10.1007/s40265-016-0546-7
https://doi.org/10.1101/2025.10.01.679827
https://doi.org/10.1172/jci.insight.190831
https://doi.org/10.1172/JCI66227
https://doi.org/10.1172/JCI66227
https://doi.org/10.1038/cmi.2015.105
https://doi.org/10.1038/cmi.2015.105
https://doi.org/10.1081/IMM-120030732
https://doi.org/10.1081/IMM-120030732


2 0

R E S E A R C H  A R T I C L E

JCI Insight 2026;11(14):e205379  https://doi.org/10.1172/jci.insight.205379

	18.	Fletcher CV, et al. Persistent HIV-1 replication is associated with lower antiretroviral drug concentrations in lymphatic tissues. 
Proc Natl Acad Sci U S A. 2014;111(6):2307–2312.

	19.	Watford WT, et al. The biology of  IL-12: coordinating innate and adaptive immune responses. Cytokine Growth Factor Rev. 
2003;14(5):361–368.

	20.	Blaschitz C, Raffatellu M. Th17 cytokines and the gut mucosal barrier. J Clin Immunol. 2010;30(2):196–203.
	21.	Schroeder GN, Hilbi H. Molecular pathogenesis of  Shigella spp.: controlling host cell signaling, invasion, and death by type III 

secretion. Clin Microbiol Rev. 2008;21(1):134–156.
	22.	Yang K, et al. Distribution of  gut microbiota across intestinal segments and their impact on human physiological and 

pathological processes. Cell Biosci. 2025;15(1):47.
	23.	Yuan Y, et al. Genetically determined gut microbiota associates with pulmonary arterial hypertension: a Mendelian randomiza-

tion study. BMC Pulm Med. 2024;24(1):235.
	24.	Nie X, et al. A metagenome-wide association study of  gut microbiome and visceral fat accumulation. Comput Struct Biotechnol J. 

2020;18:2596–2609.
	25.	Flores YN, et al. Risk factors for liver disease among adults of  Mexican descent in the United States and Mexico. World J 

Gastroenterol. 2018;24(37):4281–4290.
	26.	Rauschert S, et al. Lipidomics reveals associations of  phospholipids with obesity and insulin resistance in young adults. J Clin 

Endocrinol Metab. 2016;101(3):871–879.
	27.	Lopez-Pentecost M, et al. Differences in metabolomic profiles by birthplace in mexican-origin Hispanic men who participated 

in a weight loss lifestyle intervention. Am J Mens Health. 2023;17(1):15579883231153018.
	28.	Lehmann R, et al. Medium chain acylcarnitines dominate the metabolite pattern in humans under moderate intensity exercise 

and support lipid oxidation. PLoS One. 2010;5(7):e11519.
	29.	Tenorio AR, et al. Soluble markers of  inflammation and coagulation but not T-cell activation predict non-AIDS-defining mor-

bid events during suppressive antiretroviral treatment. J Infect Dis. 2014;210(8):1248–1259.
	30.	Nordell AD, et al. Severity of  cardiovascular disease outcomes among patients with HIV is related to markers of  inflammation 

and coagulation. J Am Heart Assoc. 2014;3(3):e000844.
	31.	Stylianou E, et al. IL-10 in HIV infection: increasing serum IL-10 levels with disease progression—down-regulatory effect of  

potent anti-retroviral therapy. Clin Exp Immunol. 1999;116(1):115–120.
	32.	Basting CM, et al. SARS-CoV-2 infection is associated with intestinal permeability, systemic inflammation, and microbial 

dysbiosis in hospitalized patients. Microbiol Spectr. 2024;12(11):e0068024.
	33.	Basting CM, et al. Gut barrier integrity biomarkers are associated with increased inflammation and predict disease 

status in hospitalized COVID-19 patients [preprint]. https://doi.org/10.1101/2025.03.28.645914. Posted on bioRxiv 
March 31, 2025.

	34.	Harper J, et al. Interleukin-10 contributes to reservoir establishment and persistence in SIV-infected macaques treated with 
antiretroviral therapy. J Clin Invest. 2022;132(8):e155251.

	35.	de Moraes MS, et al. Oxidative damage in mitochondrial fatty acids oxidation disorders patients and the in vitro effect of  
l-carnitine on DNA damage induced by the accumulated metabolites. Arch Biochem Biophys. 2020;679:108206.

	36.	Talley JT, Mohiuddin SS. Biochemistry, fatty acid oxidation. In: StatPearls. StatPearls Publishing; 2023:32310462.
	37.	Wanders RJA, et al. Fatty acid omega-oxidation as a rescue pathway for fatty acid oxidation disorders in humans. FEBS J. 

2011;278(2):182–194.
	38.	Rezaee H, et al. Genomic features of  the human bocaviruses. Future Virol. 2012;7(1):31–39.
	39.	Rius-Pérez S, et al. PGC-1α, inflammation, and oxidative stress: an integrative view in metabolism. Oxid Med Cell Longev. 

2020;2020:1452696.
	40.	Figarola-Centurión I, et al. HIV-1 Tat induces dysregulation of  PGC1-alpha and sirtuin 3 expression in neurons: the role of  

mitochondrial biogenesis in HIV-associated neurocognitive disorder(HAND). Int J Mol Sci. 2023;24(24):17566.
	41.	Zhao J, et al. ATM deficiency accelerates DNA damage, telomere erosion, and premature T cell aging in HIV-infected individu-

als on antiretroviral therapy. Front Immunol. 2019;10:2531.
	42.	Williams A, et al. Qualitative serum organic acid profiles of  HIV-infected individuals not on antiretroviral treatment. Metabolom-

ics. 2012;8(5):804–818.
	43.	Hiramatsu K, et al. Diagnostic and prognostic usefulness of  N1,N8-diacetylspermidine and N1,N12-diacetylspermine in urine 

as novel markers of  malignancy. J Cancer Res Clin Oncol. 1997;123(10):539–545.
	44.	Kawakita M, Hiramatsu K. Diacetylated derivatives of  spermine and spermidine as novel promising tumor markers. J Biochem. 

2006;139(3):315–322.
	45.	Smith JL, et al. Endogenous ursodeoxycholic acid and cholic acid in liver disease due to cystic fibrosis. Hepatology. 

2004;39(6):1673–1682.
	46.	Aranha MM, et al. Bile acid levels are increased in the liver of  patients with steatohepatitis. Eur J Gastroenterol Hepatol. 

2008;20(6):519–525.
	47.	Raju SC, et al. Microbial-derived imidazole propionate links the heart failure-associated microbiome alterations to disease 

severity. Genome Med. 2024;16(1):27.
	48.	Zeng Y, et al. Gut microbiota-derived imidazole propionate: an emerging target for the prevention and treatment of  cardiometa-

bolic diseases. Front Endocrinol. 2025;16:1409119.
	49.	Bae M, et al. Akkermansia muciniphila phospholipid induces homeostatic immune responses. Nature. 2022;608(7921):168–173.
	50.	Zhai Q, et al. A next generation probiotic, Akkermansia muciniphila. Crit Rev Food Sci Nutr. 2019;59(19):3227–3236.
	51.	Dai W, et al. Discovery of  Bacteroides uniformis F18-22 as a safe and novel probiotic bacterium for the treatment of  ulcerative 

colitis from the healthy human colon. Int J Mol Sci. 2023;24(19):14669.
	52.	Dahal RH, et al. Insight into gut dysbiosis of  patients with inflammatory bowel disease and ischemic colitis. Front Microbiol. 

2023;14:1174832.
	53.	Crawford PA, et al. Ongoing lymphoid HIV production drives pyroptosis and GLP-1 counter-regulation in ART-suppressed 

infection [preprint]. https://doi.org/10.64898/2026.01.09.698696. Posted on bioRxiv January 10, 2026.

https://doi.org/10.1172/jci.insight.205379
https://doi.org/10.1073/pnas.1318249111
https://doi.org/10.1073/pnas.1318249111
https://doi.org/10.1016/S1359-6101(03)00043-1
https://doi.org/10.1016/S1359-6101(03)00043-1
https://doi.org/10.1007/s10875-010-9368-7
https://doi.org/10.1128/CMR.00032-07
https://doi.org/10.1128/CMR.00032-07
https://doi.org/10.1186/s13578-025-01385-y
https://doi.org/10.1186/s13578-025-01385-y
https://doi.org/10.1186/s12890-024-02877-2
https://doi.org/10.1186/s12890-024-02877-2
https://doi.org/10.1016/j.csbj.2020.09.026
https://doi.org/10.1016/j.csbj.2020.09.026
https://doi.org/10.3748/wjg.v24.i37.4281
https://doi.org/10.3748/wjg.v24.i37.4281
https://doi.org/10.1210/jc.2015-3525
https://doi.org/10.1210/jc.2015-3525
https://doi.org/10.1177/15579883231153018
https://doi.org/10.1177/15579883231153018
https://doi.org/10.1371/journal.pone.0011519
https://doi.org/10.1371/journal.pone.0011519
https://doi.org/10.1093/infdis/jiu254
https://doi.org/10.1093/infdis/jiu254
https://doi.org/10.1161/JAHA.114.000844
https://doi.org/10.1161/JAHA.114.000844
https://doi.org/10.1046/j.1365-2249.1999.00865.x
https://doi.org/10.1046/j.1365-2249.1999.00865.x
https://doi.org/10.1128/spectrum.00680-24
https://doi.org/10.1128/spectrum.00680-24
https://doi.org/10.1101/2025.03.28.645914
https://doi.org/10.1172/JCI155251
https://doi.org/10.1172/JCI155251
https://doi.org/10.1016/j.abb.2019.108206
https://doi.org/10.1016/j.abb.2019.108206
https://doi.org/10.1111/j.1742-4658.2010.07947.x
https://doi.org/10.1111/j.1742-4658.2010.07947.x
https://doi.org/10.2217/fvl.11.133
https://doi.org/10.1155/2020/1452696
https://doi.org/10.1155/2020/1452696
https://doi.org/10.3390/ijms242417566
https://doi.org/10.3390/ijms242417566
https://doi.org/10.3389/fimmu.2019.02531
https://doi.org/10.3389/fimmu.2019.02531
https://doi.org/10.1007/s11306-011-0376-2
https://doi.org/10.1007/s11306-011-0376-2
https://doi.org/10.1007/s004320050102
https://doi.org/10.1007/s004320050102
https://doi.org/10.1093/jb/mvj068
https://doi.org/10.1093/jb/mvj068
https://doi.org/10.1002/hep.20238
https://doi.org/10.1002/hep.20238
https://doi.org/10.1097/MEG.0b013e3282f4710a
https://doi.org/10.1097/MEG.0b013e3282f4710a
https://doi.org/10.1186/s13073-024-01296-6
https://doi.org/10.1186/s13073-024-01296-6
https://doi.org/10.3389/fendo.2025.1409119
https://doi.org/10.3389/fendo.2025.1409119
https://doi.org/10.1038/s41586-022-04985-7
https://doi.org/10.1080/10408398.2018.1517725
https://doi.org/10.3390/ijms241914669
https://doi.org/10.3390/ijms241914669
https://doi.org/10.3389/fmicb.2023.1174832
https://doi.org/10.3389/fmicb.2023.1174832
https://doi.org/10.64898/2026.01.09.698696


2 1

R E S E A R C H  A R T I C L E

JCI Insight 2026;11(14):e205379  https://doi.org/10.1172/jci.insight.205379

	54.	Ottman N, et al. Pili-like proteins of  Akkermansia muciniphila modulate host immune responses and gut barrier function. PLoS 
One. 2017;12(3):e0173004.

	55.	Kang EJ, et al. The secreted protein Amuc_1409 from Akkermansia muciniphila improves gut health through intestinal stem 
cell regulation. Nat Commun. 2024;15(1):2983.

	56.	Chelakkot C, et al. Akkermansia muciniphila-derived extracellular vesicles influence gut permeability through the regulation of  
tight junctions. Exp Mol Med. 2018;50(2):e450.

	57.	Zheng T, et al. Effect of  extracellular vesicles derived from Akkermansia muciniphila on intestinal barrier in colitis mice. Nutrients. 
2023;15(22):4722.

	58.	Ouyang J, et al. The bacterium akkermansia muciniphila: a sentinel for gut permeability and its relevance to HIV-related inflam-
mation. Front Immunol. 2020;11:645.

	59.	Yang L, et al. Pasteurized akkermansia muciniphila AKK PROBIO attenuates obesity through gut microbiota-SCFA-GLP-1 
axis and potential involvement of  AMPK/PPAR-α pathway. Probiotics Antimicrob Proteins. 2025;18(3):4812–4829.

	60.	Depommier C, et al. Supplementation with Akkermansia muciniphila in overweight and obese human volunteers: a proof-of-
concept exploratory study. Nat Med. 2019;25(7):1096–1103.

	61.	van der Lugt B, et al. Akkermansia muciniphila ameliorates the age-related decline in colonic mucus thickness and attenuates 
immune activation in accelerated aging Ercc1 -/Δ7 mice. Immun Ageing. 2019;16(1):6.

	62.	Kang C sung, et al. Extracellular vesicles derived from gut microbiota, especially Akkermansia muciniphila, protect the progres-
sion of  dextran sulfate sodium-induced colitis. PLoS One. 2013;8(10):e76520.

	63.	Zhu X, et al. Akkermansia muciniphila, which is enriched in the gut microbiota by metformin, improves cognitive function in 
aged mice by reducing the proinflammatory cytokine interleukin-6. Microbiome. 2023;11(1):120.

	64.	Qu S, et al. Akkermansia muciniphila alleviates dextran sulfate Sodium(DSS)-induced acute colitis by NLRP3 activation. Micro-
biol Spectr. 2021;9(2):e0073021.

	65.	Jiang M, et al. Akkermansia muciniphila protects against trinitrobenzene sulfonic acid induced colitis by inhibiting IL6/STAT3 
pathway. Inflamm Bowel Dis. 2025;31(8):2217–2230.

	66.	Xu Y, et al. Akkermansia muciniphila outer membrane protein regulates recruitment of  CD8+ T cells in lung adenocarcinoma 
and through JAK-STAT signalling pathway. Microb Biotechnol. 2024;17(7):e14522.

	67.	Gavegnano C, et al. Ruxolitinib and tofacitinib are potent and selective inhibitors of  HIV-1 replication and virus reactivation in 
vitro. Antimicrob Agents Chemother. 2014;58(4):1977–1986.

	68.	Venkatachari NJ, et al. Temporal transcriptional response to latency reversing agents identifies specific factors regulating HIV-1 
viral transcriptional switch. Retrovirology. 2015;12(1):85.

	69.	Kang EJ, et al. Akkermansia muciniphila improve cognitive dysfunction by regulating BDNF and serotonin pathway in gut-liv-
er-brain axis. Microbiome. 2024;12(1):181.

	70.	Deleage C, et al. Defining HIV and SIV reservoirs in lymphoid tissues. Pathog Immun. 2016;1(1):68–106.
	71.	Estes JD, et al. Defining total-body AIDS-virus burden with implications for curative strategies. Nat Med. 2017;23(11):1271–1276.
	72.	Thompson LR, et al. A communal catalogue reveals Earth’s multiscale microbial diversity. Nature. 2017;551(7681):457–463.
	73.	Gohl DM, et al. Systematic improvement of  amplicon marker gene methods for increased accuracy in microbiome studies. Nat 

Biotechnol. 2016;34(9):942–949.
	74.	Martin M. Cutadapt removes adapter sequences from high-throughput sequencing reads. EMBnet J. 2011;17(1):200.
	75.	Callahan BJ, et al. DADA2: High-resolution sample inference from Illumina amplicon data. Nat Methods. 2016;13(7):581–583.
	76.	Quast C, et al. The SILVA ribosomal RNA gene database project: improved data processing and web-based tools. Nucleic Acids 

Res. 2013;41(d1):D590–D596.
	77.	Davis NM, et al. Simple statistical identification and removal of  contaminant sequences in marker-gene and metagenomics 

data. Microbiome. 2018;6(1):226.
	78.	Beule L, Karlovsky P. Improved normalization of  species count data in ecology by scaling with ranked subsampling (SRS): 

application to microbial communities. PeerJ. 2020;8:e9593.
	79.	vegan: Community Ecology Package. Version 2.7-3. Oksanen J, et al.;2026. https://cran.r-project.org/web/packages/vegan/index.html.
	80.	Martino C, et al. A novel sparse compositional technique reveals microbial perturbations. mSystems. 2019;4(1):e00016-19.
	81.	Benjamini Y, Hochberg Y. Controlling the false discovery rate: a practical and powerful approach to multiple testing. J R Stat Soc 

Ser B Methodol. 1995;57(1):289–300.
	82.	Mallick H, et al. Multivariable association discovery in population-scale meta-omics studies. PLoS Comput Biol. 

2021;17(11):e1009442.
	83.	Rohart F, et al. mixOmics: An R package for ‘omics feature selection and multiple data integration. PLoS Comput Biol. 

2017;13(11):e1005752.
	84.	Kim S. ppcor: An R package for a fast calculation to semi-partial correlation coefficients. Commun Stat Appl Methods. 

2015;22(6):665–674.
	85.	Korotkevich G, et al. Fast gene set enrichment analysis [preprint]. https://doi.org/10.1101/060012. Posted on bioRxiv 

February 1, 2021.
	86.	Canzler S, Hackermüller J. multiGSEA: a GSEA-based pathway enrichment analysis for multi-omics data. BMC Bioinformatics. 

2020;21(1):561.

https://doi.org/10.1172/jci.insight.205379
https://doi.org/10.1371/journal.pone.0173004
https://doi.org/10.1371/journal.pone.0173004
https://doi.org/10.1038/s41467-024-47275-8
https://doi.org/10.1038/s41467-024-47275-8
https://doi.org/10.1038/emm.2017.282
https://doi.org/10.1038/emm.2017.282
https://doi.org/10.3390/nu15224722
https://doi.org/10.3390/nu15224722
https://doi.org/10.3389/fimmu.2020.00645
https://doi.org/10.3389/fimmu.2020.00645
https://doi.org/10.1007/s12602-025-10805-x
https://doi.org/10.1007/s12602-025-10805-x
https://doi.org/10.1038/s41591-019-0495-2
https://doi.org/10.1038/s41591-019-0495-2
https://doi.org/10.1186/s12979-019-0145-z
https://doi.org/10.1186/s12979-019-0145-z
https://doi.org/10.1371/journal.pone.0076520
https://doi.org/10.1371/journal.pone.0076520
https://doi.org/10.1186/s40168-023-01567-1
https://doi.org/10.1186/s40168-023-01567-1
https://doi.org/10.1128/Spectrum.00730-21
https://doi.org/10.1128/Spectrum.00730-21
https://doi.org/10.1093/ibd/izaf057
https://doi.org/10.1093/ibd/izaf057
https://doi.org/10.1111/1751-7915.14522
https://doi.org/10.1111/1751-7915.14522
https://doi.org/10.1128/AAC.02496-13
https://doi.org/10.1128/AAC.02496-13
https://doi.org/10.1186/s12977-015-0211-3
https://doi.org/10.1186/s12977-015-0211-3
https://doi.org/10.1186/s40168-024-01924-8
https://doi.org/10.1186/s40168-024-01924-8
https://doi.org/10.20411/pai.v1i1.100
https://doi.org/10.1038/nm.4411
https://doi.org/10.1038/nature24621
https://doi.org/10.1038/nbt.3601
https://doi.org/10.1038/nbt.3601
https://doi.org/10.14806/ej.17.1.200
https://doi.org/10.1038/nmeth.3869
https://doi.org/10.1093/nar/gks1219
https://doi.org/10.1093/nar/gks1219
https://doi.org/10.1186/s40168-018-0605-2
https://doi.org/10.1186/s40168-018-0605-2
https://doi.org/10.7717/peerj.9593
https://doi.org/10.7717/peerj.9593
https://cran.r-project.org/web/packages/vegan/index.html
https://doi.org/10.1128/msystems.00016-19
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x
https://doi.org/10.1371/journal.pcbi.1009442
https://doi.org/10.1371/journal.pcbi.1009442
https://doi.org/10.1371/journal.pcbi.1005752
https://doi.org/10.1371/journal.pcbi.1005752
https://doi.org/10.5351/CSAM.2015.22.6.665
https://doi.org/10.5351/CSAM.2015.22.6.665
https://doi.org/10.1101/060012
https://doi.org/10.1186/s12859-020-03910-x
https://doi.org/10.1186/s12859-020-03910-x

