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Abstract

This work aims to (1) identify microbial and metabolic alterations and (2) reveal a shift in phenylalanine production–consumption
equilibrium in individuals with HIV. We conducted extensive searches in multiple databases [MEDLINE, Web of Science (including
Cell Press, Oxford, HighWire, Science Direct, IOS Press, Springer Nature, PNAS, and Wiley), Google Scholar, and Embase] and selected
two case–control 16S data sets (GenBank IDs: SRP039076 and EBI ID: ERP003611) for analysis. We assessed alpha and beta diversity,
performed univariate tests on genus-level relative abundances, and identified significant microbiome features using random forest.
We also utilized the MICOM model to simulate growth and metabolic exchanges within the microbiome, focusing on the Metabolite
Exchange Score (MES) to determine key metabolic interactions. We found that L-phenylalanine had a higher MES in HIV-uninfected
individuals compared with their infected counterparts. The flux of L-phenylalanine consumption was significantly lower in HIV-
infected individuals compared with healthy controls, correlating with a decreased number of consuming species in the chronic HIV
stage. Prevotella, Roseburia, and Catenibacterium were demonstrated as the most important microbial species involving an increase in L-
phenylalanine production in HIV patients, whereas Bacteroides, Faecalibacterium, and Blautia contributed to a decrease in L-phenylalanine
consumption. We also found significant alterations in both microbial diversity and metabolic exchanges in people living with HIV.
Our findings shed light on why HIV-1 patients have elevated levels of phenylalanine. The impact on essential amino acids like L-
phenylalanine underscores the effect of HIV on gut microbiome dynamics. Targeting the restoration of these interactions presents a
potential therapeutic avenue for managing HIV-related dysbiosis.
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Introduction
The gut microbiome is essential for maintaining human health
since it regulates a range of metabolic, immunological, and physi-
ological functions [1, 2]. Microbial cross-feeding, where one micro-
bial species generates metabolites that are subsequently utilized
by other species, plays a crucial role in maintaining the stability
of the gut microbiome [3]. These interactions are essential for
nutrient cycling, immune regulation, and overall host health [3].
Disruptions in microbial interactions, such as the loss of microbial
cross-feeding, can significantly impact the host’s metabolism
[4]. Disruptions in microbial cross-feeding can also lead to
profound metabolic and immune system alterations, which are
especially prominent in individuals living with HIV [5]. When
these interactions are disrupted, particularly in HIV infection,
microbial imbalances occur, leading to alterations in metabolic
pathways. This imbalance can result in the loss of beneficial
metabolites, like short-chain fatty acids, and the accumulation
of harmful metabolites, such as pro-inflammatory molecules
[6]. In HIV patients, these disruptions affect the metabolism of
amino acids like phenylalanine, influencing immune function
and metabolic health [7–9]. Understanding these disruptions
helps to uncover the mechanisms behind disease progression and
may guide therapeutic strategies to restore microbial balance and
improve host metabolism.

HIV infection has been observed to induce substantial changes
in the gut microbiota and alter its composition, which can
subsequently impact the advancement of the disease and the
general well-being of individuals infected with HIV [10]. These

changes include an increase in harmful pathogenic bacteria and
a decrease in beneficial butyrate-producing bacteria, which are
crucial for preserving gut health and averting inflammation
[11]. Furthermore, Proteobacteria, a phylum associated with
inflammation, often exhibits an elevated presence in HIV-
infected patients [12]. This heightened abundance of Proteobacteria
contributes to both systemic inflammation and immunological
activation. In HIV infection, there are also notable changes in
microbial metabolites, which are the small molecules produced
by the gut microbiota. These changes include a decrease in anti-
inflammatory metabolites and phosphonoacetate, as well as an
increase in pro-inflammatory molecules such as phenylethy-
lamine and polyamines [5]. These metabolic alterations are
crucial because they not only indicate the condition of the
microbiome but also play a critical role in regulating immune
responses and preserving the integrity of the intestinal barrier.
Therefore, identifying the interactions between the microbiome
and metabolites in HIV patients provides new insights toward
better understanding the pathogenesis of HIV infection.

A growing body of research suggests that microbial cross-
feeding, wherein gut microbes exchange metabolites, is disrupted
in HIV infection, leading to altered metabolic profiles and immune
activation [5]. This pioneering study explores the critical role
of microbial cross-feeding interactions in gut health and their
disruption in individuals living with HIV, contributing to our
understanding of disease pathology and potential therapeutic
avenues. We used the advanced MICOM model to simulate
growth and metabolic exchanges within the microbiome, with
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a particular focus on Metabolite Exchange Scores (MESs) to
uncover key microbiome-metabolic interactions [4]. While the
use of microbiome models is not novel, the application of
MES to specifically investigate metabolic interactions, such
as L-phenylalanine metabolism in HIV-infected individuals,
provides a valuable advancement in studying microbiome–
disease dynamics. With the development of advanced technology,
genome-scale metabolic models (GEMs) and MICOM models that
simulate microbial metabolism have the potential to explain how
microbiomes interact with metabolites based on comprehensive
databases that connect genes to biochemical and physiological
processes [13, 14].

While numerous studies have investigated the impact of HIV
infection on the gut microbiome and its associated metabolites,
the specific mechanisms underlying disruptions in microbial
interactions, particularly microbial cross-feeding relationships,
remain poorly understood [5, 12]. Microbial cross-feeding, where
one microorganism produces metabolites that are utilized by
others, is crucial for maintaining a balanced gut ecosystem.
Disruptions in these interactions can lead to significant metabolic
and immunological changes that affect the host, but the extent
to which these disruptions influence HIV pathogenesis is not well
defined. In this study, we combined two available case–control
16S rRNA amplicon sequencing datasets for the gut microbiome
(87 samples) that are relevant to HIV infection to investigate
the intricate interactions between the gut microbiome and its
metabolites in people living with HIV (PLWH). By elucidating
these interactions, this study sheds light on the role of the
gut microbiome in HIV pathogenesis and identifies potential
therapeutic targets to mitigate the adverse effects of HIV on gut
health and overall well-being.

Our research also elucidated the question of why elevated
levels of phenylalanine in the bloodstream, relative to total amino
acids, are observed in individuals with HIV-1 infection [15, 16].
The underlying cause of this anomaly remains unclear; how-
ever, previous evidence indicates that it is highly probable that
a malfunction in the enzyme phenylalanine-4-hydroxylase (PAH)
is responsible for the accumulation of phenylalanine [7–9]. In this
study, our findings highlight the loss of microbial cross-feeding
interactions that may lead to elevated phenylalanine levels in
HIV patients. This study paves the way for future research and
potential therapeutic interventions focusing on loss of microbial
cross-feeding interactions among individuals with HIV. Addition-
ally, we assessed the altered microbiomes in people living with
HIV and explored the associations between HIV-related micro-
biome changes and factors such as disease, diet, lifestyle, and
medication.

Methods and materials
Dataset identification
We conducted a search for case–control 16S studies using spe-
cific keywords (“gut microbiome,” “microbiome,” “HIV infection,”
“AIDS,” “16S,” “16S sequencing,” “16S rRNA sequencing”) in MED-
LINE, Web of Science (including Cell Press, Oxford, HighWire,
Science Direct, IOS Press, Springer Nature, PNAS, and Wiley),
Google Scholar, and Embase. We then examined the references in
the selected papers to find relevant publications. Additionally, we
used artificial intelligence techniques (ResearchRabbit, Elicit, and
connected papers) to detect similar papers until 20 June 2024. We
first examined the titles and abstracts of publications to identify
ones that might be relevant. We followed specific criteria to
decide which articles to include and exclude. The criteria were as

follows: (1) research that specifically investigated the association
between gut microbiome and HIV infection in human samples;
(2) case–control studies with comprehensive metadata; and (3)
datasets that match >50% of the abundances during building
community-scale metabolic models. Due to data limitations, this
study only examined 16S sequencing–tested stool samples. We
excluded studies that included <15 individuals with the condi-
tion under investigation. We excluded studies that specifically
targeted children under the age of 5 from our findings. The
dataset, which underwent quality control, consisted of 87 sam-
ples. Supplementary Data 1 includes the metadata for these
samples.

16S processing
Two datasets were previously provided in tabular form, contain-
ing amplicon sequence variations (ASVs), or operational taxo-
nomic unit abundances, while a small portion was required to be
converted from raw sequences [17]. The unprocessed sequences
were analyzed using the Microbiome Helper standard operating
procedure in QIIME 2 version 2024.2. We conducted microbiome
bioinformatics analysis using QIIME2 version 2024.2 [18]. The
DADA2 method effectively removed chimeric sequences, minor
mistakes, and noisy readings, producing dependable ASVs [19].
We used DADA2 via q2-dada2 to filter the raw sequence data
based on the quality plot of QIIME2. The quality-control process
involved applying a minimum length threshold of 80 bp and a
minimum Phred score of 25 [4]. We analyzed a grand total of
438 779 reads, which included 87 samples from the 3 groups. We
implemented the DADA2 algorithm for each sequencing run. All
other parameters remained unchanged at their default values.
After denoising, we combined the obtained feature tables to create
a single “master” feature table, which includes the counts of fea-
tures per sample. Each feature corresponds to a distinct variant of
the 16S rRNA gene amplicon sequence. For taxonomy assignment,
we used a naive Bayes classifier, which was trained on the Silva
138 database. The Silva 138 database is a widely used reference
collection that includes a comprehensive set of curated 16S rRNA
gene sequences from a broad range of bacterial taxa. The naive
Bayes classifier was employed to assign taxonomic labels to the
16S rRNA sequences obtained in our study, enabling accurate
identification of microbial species [20].

Metagenome-scale metabolic analysis
We utilized MICOM v0.35 to compute metabolic interactions
among members of the microbiome community [13]. MICOM is
a simulation tool that models the growth and metabolic interac-
tions of different components of a microbiome, considering their
variable abundances [13]. It has been demonstrated to accurately
predict growth rates. In addition, MICOM is highly efficient in
terms of computational resources, enabling the modeling of a
wide range of microbial communities that can include anywhere
from dozens to hundreds of species. We calculated the metabolic
exchanges using MICOM’s growth workflow, with a trade-off
parameter of 0.5. The medium used was an average European
diet, and parsimonious flux balance analysis was utilized to find
the ideal growth rates and metabolic fluxes. The early CarveMe
models featured a restricted range of carbon sources, leading to
sluggish growth rates and numerical instability. To address this
issue, we multiplied the rates of medium component transfer
by a factor of 600 [4]. This was done to make it possible to
calculate metabolic exchanges accurately. Afterwards, these rates
were fine-tuned for the final results. We verified the bacterial
growth rates projected by MICOM for all samples and found

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf111#supplementary-data
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that they were within the anticipated range, suggesting that
the multiplication process did not result in implausible growth
rates.

Metabolite exchange score analysis
We used the MES to understand the relationship between cross-
feeding interactions and HIV infection. MES quantifies the abun-
dance of microbial species that consume and produce a specific
metabolite within a particular microbiome sample. Equation (1)
describes how the MES for each metabolite is calculated using the
harmonic mean of potential consumers and producers [4].

MES = 2 × (P × C) / (P + C)

P represents the number of potential producers, while C repre-
sents the number of possible consumers for specific metabolites.
To identify the specific metabolites that were significantly differ-
ent in cross-feeding partners between people with HIV and people
who were healthy, we used the Kruskal–Wallis test. To adjust for
multiple tests, we applied the Bonferroni method, dividing the
target alpha of .05 by the number of tests. We conducted the
studies without the presence of water or oxygen. We selected
metabolites for display if they demonstrated a significant reduc-
tion in the number of cross-feeding partners and ranked among
the top 10 metabolites with the highest difference in MES in HIV-
positive individuals. Barplots were created and colored based on
the metabolite subclass described in the Human Metabolome
Database using the ggplot2 R package. Using the wordcloud pack-
age in R, we created a supplementary word cloud that included up
to 100 metabolites exhibiting substantial MES changes between
HIV-uninfected and infected individuals.

We applied a nested linear model to control the confounding
influence of species variety on the relationships between the
numbers of producers or consumers and HIV infection. We deter-
mined the rate of important metabolite transfer across microor-
ganisms by multiplying the flux of these metabolites, measured
in millimoles per hour per gram of dry weight, by the species
abundances. The fluxes were subjected to a log2 transformation
for both statistical analysis and graphical display [4]. We assessed
the diversity of important metabolite producers and consumers,
as well as the ratios of producers to consumers and their fluxes,
using Kruskal–Wallis tests. We used the identified compounds
expected to be released into the surrounding medium to cal-
culate the surplus production of essential metabolites by the
microbiome. We determined the net producer–consumer values
for both HIV-uninfected and HIV-infected individuals. Next, we
utilized the random forest (RF) model, setting the ntree parameter
to 5000, to confirm the significant metabolite characteristics in
the network of interactions between HIV-infected and uninfected
individuals. We used the R package pROC to find the interpo-
lated area under the receiver operating characteristic (ROC) curve
(AUC) for each metabolite, taking into account their net producer–
consumer relationship [21].

To determine potential species for microbiome therapy in HIV
infection, we assessed the levels of important metabolites and
the relative abundances of these species in both HIV-infected
and healthy individuals. We calculated the fluxes of important
metabolites for each microbial species by multiplying their
respective fluxes by their relative abundances [4]. We calculated
the aggregate of metabolite fluxes by summing all weighted
fluxes within the healthy or disease groups. The variations in
the combined total of important metabolites between the groups

of healthy individuals and those with HIV infection indicated the
primary producers and consumers of key metabolites that are
linked to HIV infection.

Genome analysis
We used CarveMe v1.5 to generate genome-scale metabolic mod-
els (GEMs) across samples [22]. Archaea and bacteria were ana-
lyzed using domain-specific templates. The medium for gap fill-
ing was a typical European diet, and computations were per-
formed using the IBM Cplex solver [23]. Next, we assessed the
genetic factors underlying the production and consumption of
key metabolites in the HIV-uninfected and infected individuals. In
this study, we conducted a survey using a Hidden Markov Model
(HMM) to identify genes involved in metabolite cycling within the
microbiome. Specifically, we used HMMer v.3.3.2, a widely used
tool for sequence alignment and gene identification, to search
for homologous genes associated with the cycling of metabolites
[24]. HMMs are highly effective for detecting conserved protein
families across diverse microbial species, allowing us to iden-
tify functional domains or motifs that may be involved in key
metabolic processes [25]. To ensure the accuracy of our gene
identification, we applied trusted cutoff scores during the search
process. These cutoff scores are thresholds designed to filter
out low-confidence matches, ensuring that only the most reli-
able and relevant homologous genes were included in our anal-
ysis [26]. This approach helped to minimize false positives and
ensured that we focused on genes with a high probability of being
involved in metabolite cycling. Through this approach, we were
able to pinpoint specific genes that may contribute to metabolite
cycling in the microbiome, providing insights into the complex
metabolic interactions in individuals with HIV. This methodol-
ogy underscores the significant role that microbial genes play
in regulating metabolic processes, which could inform future
therapeutic strategies for modulating gut microbiome activity in
HIV patients.

Statistical analysis
We measured alpha diversity using the Chao1, Observed,
Abundance-based Coverage Estimator (ACE), Shannon, Simpson,
and Fisher indexes, which reflect the diversity of species in
each sample based on the read mapping result. We then used
the Mann–Whitney to compare these measures across healthy
and diseased microbiomes [27]. The R Vegan v2.6-4 package
uses principal coordinates analysis (PCoA) with the Bray–
Curtis distance method (10 000 permutations) to explore and
visualize similarities or dissimilarities among genus levels using
a PERMANOVA analysis [28]. We used the MicrobiotaProcess
program to calculate the Bray–Curtis index and to visually
represent all characteristics across all samples [29].

We evaluated the variations in species diversity and the cor-
relations between the number of consumers or producers using
the entire dataset, which included both healthy and diseased
microbiomes. We applied a linear model (lm) in R to account for
the interaction between the number of producers and consumers,
as well as their respective categories (producer or consumer). We
applied marginal effects to plot the association between species
diversity, procedures, and consumer. We utilized Spearman cor-
relations to assess correlations between species diversity, con-
sumers, producers, and other related factors. Random forest clas-
sification was used to find the important microbiomes or metabo-
lites related to HIV infections. The R package version 4.6-14 of
“RandomForests” was utilized [30]. The RF classification model
utilized a parameter called “ntree” with a value of 5000, indicating
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the employment of 5000 trees. The “Importance” function was
utilized to evaluate the predictive significance of each ASV for RF
categorization. Greater values of the average decline in accuracy
suggest that there are more significant variables in the RF catego-
rization.

The taxon set enrichment analysis (TSEA) module was utilized
to identify taxonomic signatures that share common functions or
are associated with specific phenotypes, aiding in data interpre-
tation and hypothesis generation. TSEA performs hypergeometric
tests against a taxon set library to highlight the most significant
signatures from a list of microbial features [31]. In this study, we
conducted a comparative analysis of our taxon data with various
taxon sets to validate our findings. These included 2179 taxon
sets associated with host genetic variations, 454 sets linked to
host-intrinsic factors such as diseases, 221 sets related to host-
extrinsic factors like diet and lifestyle, and 293 sets associated
with medication. The relationship between the studied taxa and
taxon sets is tested using statistical measures, such as the raw
P-value, Holm P-value, or FDR (false discovery rate), to assess the
significance of the findings [31].

Results
Studied data characteristics
In order to determine the microbial cross-feeding interactions in
PLWH, we obtained, processed, and re-examined the original data
from a compilation of microbiome datasets. We selected studies
that provided publicly accessible 16S amplicon sequencing data
(in FASTQ or FASTA format) for stool samples from a minimum
of 15 individuals with the condition of interest. Additionally,
these studies included disease information, specifically indicating
whether the individuals were cases or controls. We have identified
three suitable case–control 16S datasets that meet our criteria
(GenBank ID: SRP039076; GenBank ID: SRP068240; and EBI ID:
ERP003611). However, the 16S data set (SRP068240) displayed
a warning because the database could not match >50% of the
abundances during community-scale metabolic model building.
Therefore, we incorporated two additional datasets (GenBank
ID: SRP039076 and EBI ID: ERP00361) for further research.
Supplementary Data 1 provides information on the character-
istics of these datasets, such as sample sizes, diseases, and
other related factors. Supplementary Data 2, Fig. 1a, and Fig. S1
display the abundance of species along with their taxonomic
categorization.

Altered microbiomes in people living with HIV
The presence of a wide range of microbial species within the gut
ecosystem is often seen as an indicator of an individual’s state of
health [32]. We performed univariate tests on genus-level relative
abundances and compared results across studies (Mann–Whitney
statistic test). Microbiomes associated with HIV infection showed
significant and consistent higher alpha diversity across indices
[observed index (Mann–Whitney U = 587, P-value = .0043949), ACE
index (Mann–Whitney U = 656, P-value = .024219)] (Fig. 1b–c and
Fig. S2a–d). Beta diversity is employed to measure the disparities
among the samples. This study employed two distance indices,
namely, Bray–Curtis and UniFrac (weighted or unweighted), to
assess the dissimilarities in community ecology. The weighted
UniFrac values were subjected to a PCoA to show the beta diver-
sity. The principal coordinates were separated effectively based
on differences in ASVs (e.g. Catenibacterium) in HIV-infected indi-
viduals (Fig. 1d and Fig. S2). The composition of fecal micro-
biota differed significantly between HIV-uninfected and infected
individuals (F(df = 2) = 4.8302, P = .009, R2 = 5.4%). Similar to that,

there were dissimilarities in community ecology when measuring
Bray–Curtis index (Fig. 1e, Bray method, P-value < .012).

Next, we identified the significant microbiome features in
HIV-uninfected and infected individuals. Figure S3 illustrates
the prevalence of microbiomes in these groups. Bacteroides
(prevalence = 0.77), Blautia (prevalence = 0.57), and Roseburia
(prevalence = 0.55) were found to be the most common micro-
biomes. In univariate models, we observed increased prevalences
of Catenibacterium, Dorea, Prevotella, and Erysipelotrichaceae incertae
sedis in HIV-infected individuals compared with healthy controls
(EdgeR, adjusted P-value cutoff = .05) and decreased prevalences
of Anaerostipes, Alistipes, Clostridium_XI, and Clostridium_XlVa
in HIV-infected individuals compared with healthy controls
(Fig. 2a–b and Supplementary Data 3).

The study found that HIV-infected individuals had a higher
prevalence of Catenibacterium, Prevotella, and Erysipelotrichaceae
incertae sedis compared to healthy controls after controlling for
metadata available for all individuals, including study, antibiotics
used in past 6 months, alcohol use, current smoking, sex, age, body
mass index, education, protease inhibitor use, non-nucleoside
reverse transcriptase use, and fiber consumption. Conversely,
HIV-infected individuals had a lower prevalence of Anaerostipes,
Alistipes, and Bacteroides compared to healthy controls (Fig. 2c
and Table S3). We then used the RF model, which had an out-
of-bag (OOB) error rate of 2.64% for the whole model, to con-
firm the important features of ASV abundances in the micro-
biome of HIV-infected and HIV-negative people (Fig. S4a). The
top 15 predictors are shown in Fig. 2d. Catenibacterium, Bacteroides,
Anaerostipes, Erysipelotrichaceae_incertae_sedis, and Clostridium_XlVa
were the most important microbiomes involved in the pathogen-
esis of HIV infection.

Characteristics of studied metabolic exchanges
In order to analyze metabolic interactions in individuals with
HIV, we employed the MICOM model to simulate the growth
and metabolic exchanges within the microbiome [13]. This
model accurately estimates growth rates, taking into account
the varying abundances of different microbial species [4].
Figure S4b displays the growth rate of microbiomes as well
as the interactions between microbiomes. Figure S5 displays
the interactions between microbiomes. Interactions between
species were found [PERMANOVA (pseudo-F) = 73.180, R2 = 0.712,
P-value = .001].

Our next step was to determine the metabolic interactions
with the greatest variety of organisms that engage in cross-
feeding in microbiomes by analyzing the MESs of each metabolite
across all samples. Approximately 1456 metabolites in HIV-
infected and uninfected individuals were found (Fig. S6). The
metabolites exhibited significant variance in MESs in HIV-
uninfected individuals and across all samples, as depicted in
Fig. 3A, Fig. S7, and Supplementary Data 4. The metabolites
with the higher average MES in HIV-uninfected individuals
were proton, a 2-arylbenzofuran flavonoid (mean MES = 2.61,
SD = 1.06), ammonium, a fatty acyl (2.61 ± 1.11), carbon dioxide
(2.59 ± 1.12), prenol lipids such as acetate (2.47 ± 1.05), glycerol, an
organonitrogen molecule (2.36 ± 1.07), amino acids [L-glutamine
(2.36 ± 1.07) and L-aspartate(1−) (2.47 ± 1.06)], and succinate
(2.20 ± 0.97).

Altered metabolic exchanges in people living
with HIV
We conducted a comparison of MESs between individuals
uninfected with HIV and those infected to determine the
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Figure 1. Microbial diversity between HIV-uninfected and HIV-infected individuals. (a) Abundance of species in HIV-uninfected and infected individuals.
(b) Observed and (c) ACE index differences in HIV-uninfected and infected individuals. P-values were calculated using a Mann–Whitney U test.
(d) the PCoA displays the unweighted UniFrac distances computed at the ASV (amplicon sequence variant) level, comparing HIV-uninfected and infected
individuals. (e) Bray–Curtis index shows dissimilarities across all samples (Bray method, P-values < .012). Boxplots are displayed with the median as the
center value, the box as the IQR, and the whiskers as minima and maxima.
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Figure 2. Composition differences between HIV-uninfected and HIV-infected individuals. (a–b) The boxplot represents the prevalence of representative
microbiomes, including Catenibacterium and Alistipes. (c) The boxplot represents the prevalences of representative microbiomes, Catenibacterium and
Alistipes, accounting for metadata available for all individuals, including study, antibiotics used in the past 6 months, alcohol use, current smoking, sex,
age, body mass index, education, protease inhibitor use, non-nucleoside reverse transcriptase use, and fiber consumption. Boxplots including original
species (filtered count) and log base 2 transform (log-transformed count) are displayed with the median as the center value, the box as the IQR, and
the whiskers as minima and maxima. We obtained P-values for the plots using an EdgeR adjusted P-value cutoff of .05. (d) A random forest model
determines the essential aspects of ASV abundances in the microbiome of both HIV-infected and HIV-negative individuals. The model had an OOB error
rate of 2.64% for the entire dataset. The top 15 features that have the most impact on accuracy in distinguishing between HIV-uninfected and infected
patients are microbiomes. Higher values of the average decrease in accuracy indicate that more important variables are present in the random forest
categorization. Boxplots are displayed with the median as the center value, the box as the IQR, and the whiskers as minima and maxima.

metabolites most impacted by the loss of cross-feeding part-
ners during disease. Essential α-amino acids (L-phenylalanine,
L-leucine, and D-alanine), benzene and substituted derivatives
(D-glucosamine and N-acetyl-D-glucosamine), and pyridoxine

(the 4-methanol form of vitamin B6) [33] had significantly higher
MESs in HIV-infected individuals, whereas deoxyguanosine and
urea were significantly lower MESs in HIV-infected individuals
compared to HIV-uninfected individuals (Fig. S8, Fig. S9, and

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf111#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf111#supplementary-data
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Figure 3. Metabolite exchange score and L-phenylalanine differences between HIV-uninfected and HIV-infected individuals. (a) Boxplot of metabo-
lite exchange scores (MESs) for key metabolites in HIV-uninfected individuals, showing mean and SD. Significant metabolites include proton, a
2-arylbenzofuran flavonoid, ammonium, a fatty acyl, carbon dioxide, prenol lipids, glycerol, and various amino acids. (b) Comparison of MESs between
HIV-uninfected and HIV-infected individuals. L-Phenylalanine showed statistically significant differences [Kruskal–Wallis test, the false discovery
rate (FDR) P-value = .00991]. (c) Comparing the number of species capable of consuming L-phenylalanine between HIV-uninfected and HIV-infected
individuals. The microbiome of HIV-uninfected individuals had a higher number of L-phenylalanine–consuming species, though the difference was not
significant (Wilcoxon test, P-value = .213 for consumers and P-value = .881 for producers). (d) Comparison of the number of L-phenylalanine–consuming
species between individuals with chronic HIV infection and their counterparts, showing a significant increase in the HIV-infected group (Wilcoxon test,
P-value < .05). (e) Ratio of L-phenylalanine consumers to producers in HIV-uninfected versus HIV-infected individuals shows no significant variation.
(f) Ratio of producers to consumers of the species L-phenylalanine in HIV-uninfected versus HIV-infected individuals shows no significant variation.
(g) Total flux L-phenylalanine consumption in HIV-uninfected versus HIV-infected individuals is significantly lower in the HIV-infected group (Wilcoxon
test, P-value = .0000897). (h) Marginal effects of species related to L-phenylalanine on the number of producers or consumers, indicating that the number
of consumers was lower than the number of producers when considering species variety. (i) L-Phenylalanine flux, weighted by relative abundances, for
key species classes (Prevotella, Roseburia, and Catenibacterium) in HIV-negative and HIV-positive individuals, showing that HIV patients produce more.
(j) Comparison of bacterial growth rates between HIV-uninfected and HIV-infected individuals, indicating higher growth rates in the HIV-uninfected
group. (k) A comparison of bacterial growth rates in HIV-uninfected versus HIV-infected individuals by HIV stage reveals that the HIV-uninfected group
has higher growth rates compared to both chronic and acute stages. (l–m) A comparison of bacterial growth rates in HIV-uninfected versus HIV-infected
individuals who used antiretroviral drugs (ART) and antibiotics in the past 6 months compared with their counterparts. (o–p) Correlations between HIV
duration and species involved in the consumption of L-phenylalanine as well as between species involved in the production of L-phenylalanine and the
flux of L-phenylalanine. Boxplots are displayed with the median as the center value, the box as the IQR, and the whiskers as minima and maxima.
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Table 1. Association between species diversity and the number of consumers and producers related to L-phenylalanine in HIV-infected
and uninfected individuals

Indicators Disease HIV stages Consumer–producer

Positive Negative Chronic Acute Negative Consumer Producer
β (95%
confidence
interval)

β (95%
confidence
interval)

β (95%
confidence
interval)

β (95%
confidence
interval)

β (95%
confidence
interval)

β (95%
confidence
interval)

β (95%
confidence
interval)

Consumer 1.14 (1.11–1.18) 1.18 (1.12–1.23) 1.13 (1.10–1.67) 1.14 (0.94–1.34) 1.22 (1.15–1.28) 1.16 (1.13–1.19) —
Producer 2.26 (2.01–2.52) 2.39 (1.93–2.86) 2.32 (2.01–2.63) 2.07 (0.56–3.58 2.10 (1.78–2.43) — 2.17 (1.95–2.38)

All P-values <.001 (detailed information is found in Table S9).

Supplementary Data 5, raw P-value < .0351). However, only
L-phenylalanine (C9H11NO2) [34] showed statistically significant
differences between individuals uninfected and infected with HIV
(Fig. 3b, Mann–Whitney U = 1389.5, FDR P-value = .00991).

When exploring L-phenylalanine, we observed that the
number of species capable of consuming L-phenylalanine was
significantly higher in individuals with chronic HIV infection
compared to their counterparts (Fig. 3c, Wilcoxon test, P-
value = .013). The microbiome of individuals uninfected with
HIV had an insignificantly higher number of species capable of
consuming L-phenylalanine compared to infected individuals
with HIV (Fig. 3d, Mann–Whitney U = 177.5, P-value = .2133
for consumers and Mann–Whitney U = 8.5, P-value = .8808
for producers). There were no significant variations in the
species ratio of L-phenylalanine consumers to producers, as
well as the ratio of producers to consumers species in HIV-
infected and uninfected individuals (Fig. 3e–f). Compared to
their counterparts, HIV-infected patients had a lower total
flux consumption of L-phenylalanine (Fig. 3g, Mann–Whitney
U = 26 586, P-value = .0000897), but not for L-phenylalanine
production (Mann–Whitney U = 387, P-value = .8115). Flux, also
known as metabolic flux, refers to the rate at which molecules
move through a metabolic system. The enzymes involved in a
route regulate the flux [35]. Reduced enzymes involved in the
metabolism of L-phenylalanine can relate to reduced flux. It is
plausible to explain why L-phenylalanine MES was higher in the
HIV-uninfected group.

Associations between consumers or producers and species
that are capable of producing or consuming L-phenylalanine were
found. Increased numbers of species increased the number of pro-
ducers higher than consumers (Table 1 and Supplementary Data 6).
Figure 3h shows the marginal effects of species related to L-
phenylalanine on the number of producers or consumers. The
number of consumers was lower than the number of producers
when considering the number of species. When calculating the
number of species, the number of consumers was lower than the
number of producers. When considering the influence of species
variety, it is clear that HIV infection had a greater impact on L-
phenylalanine consumers than on L-phenylalanine producers.

Species associated with L-phenylalanine
production and consumption
In order to determine which species is primarily responsible
for the L-phenylalanine imbalance in individuals with HIV, we
analyzed the extent to which each species contributed to the
overall production or consumption of L-phenylalanine in both
HIV-negative and HIV-positive individuals. We determined the
L-phenylalanine flux, weighted by relative abundances, for each
species. We determined the difference in total L-phenylalanine–
weighted flux between HIV-uninfected and infected individuals.

The classes Prevotella, Roseburia, and Catenibacterium exhibited a
significant increase in L-phenylalanine production in HIV patients
(Fig. 3I, Supplementary Data 7). Conversely, in HIV patients, the
classes Bacteroides, Faecalibacterium, and Blautia showed the highest
decrease in L-phenylalanine consumption. We next utilized our
taxon data and conducted a comparative analysis with 454 taxon
sets to validate our results. Our findings were in line with previous
findings [36–39], which show that Bacteroides, Prevotella, Faecalibac-
terium, Faecalibacterium, etc. were associated with HIV infection
(Supplementary Data 9, FDR < 0.0427). We also identified six genes
(k141_49_21, k141_126_31, k141_104_13, k141_132_132, k141_3_2,
and k141_93_61) that are related to L-phenylalanine metabolism
and are involved in phenylalanine transaminase reactions with
flux = 0.00573 (Fig. S10).

Bacterial growth rates associated with
L-phenylalanine production and consumption
It is clear that bacterial growth rates in HIV-uninfected individuals
were higher than in HIV-infected individuals (Fig. 3j, Mann–
Whitney U = 12 376, P-value = 1.621e-05). Bacterial growth
rates were significantly higher in HIV-uninfected individuals
compared with acute (Fig. 3k, Kruskal–Wallis χ2(1) = 5.4175, P-
value = .01994) and chronic stages (Kruskal–Wallis χ2(1) = 27.233,
P-value = 1.804e-07). Bacterial growth rates were comparable in
individuals who used antibiotics in the past 6 months compared
with their counterparts (Fig. 3l, Mann–Whitney U = 7942, P-
value = .05403) as well as in people use antiretroviral therapy
(ART) drugs versus no use ART drug (Fig. 3m, Mann–Whitney
U = 1589, P-value = .1143). However, several previous studies
reported that the effects on the bacterial population were
reduced after using ART and antibiotics (Supplementary Data 8,
FDR < 0.0401). There were correlations between HIV duration
and species involved in the consumption of L-phenylalanine
(Fig. 3o, Rho = 0.37, P-value = .032), as well as between species
involved in the production of L-phenylalanine and the flux of L-
phenylalanine (Fig. 2p, Rho = 0.8, P-value = .017). Our findings sug-
gest an increase in species capable of consuming L-phenylalanine
over time, indicating a compensatory response as the disease
progresses.

Correlation of species and metabolites with
L-phenylalanine production and consumption in
HIV-infected and HIV-uninfected individuals
Next, we identify the correlation between species, numbers of
producers or consumers, and related factors [CD4 count, viral
load, interferon-gamma (IFN-γ ), interleukin (IL)-6, IL-1β, plasma
soluble cluster of differentiation 14 (FsCD14), tumor necrosis
factor alpha (TNF-α), fat, fiber, energy intake (kcal), C-reactive
protein levels, plasma levels of endotoxin core immunoglobulin
M (IgM; EndoCAb IgM), cholesterol, age, HIV duration, high-density

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf111#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf111#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf111#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf111#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf111#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf111#supplementary-data
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lipoprotein levels, Framingham Risk Score risk percent, low-
density lipoprotein levels, etc.]. We found moderate and high
correlations between the number of species and the numbers
of consumers (Spearman r = 0.93093, P-value < .0001) and the
numbers of producers (Spearman r = 0.7002, P-value < .0001)
(Fig. 4a and Supplementary Data 10). We subsequently measured
the net producer–consumer values for L-phenylalanine and
other metabolites, as shown in Supplementary Data 8. We
applied the prediction model to generate the ROC curve for
L-phenylalanine. The AUC value of this model was 0.693 [95%
confidence interval (CI), 0.591–0.790] (Fig. 4b). The average net
producer–consumer value in HIV-uninfected individuals was
higher than in HIV-infected individuals (Fig. 4c). The fact that
HIV-uninfected individuals consumed more L-phenylalanine than
their counterparts (Fig. 3g) suggests that HIV-infected individuals
consume less L-phenylalanine.

After that, we used the RF model, which had an OOB error rate
of 0.31% for the whole model, to confirm the important features of
metabolites in the net producer–consumer relationship between
HIV-positive and HIV-negative individuals (Fig. 4d). Figure 3e
displays the 15 most significant predictors. (R)-Pantothenate,
oxygen, siroheme, pyridoxamine, carbon dioxide, sulfate, potas-
sium, and L-phenylalanine were the key metabolites in the net
producer–consumer relationship involved in the etiology of HIV
infection (Supplementary Data 11). The average of net producer–
consumer values of (R)-pantothenate, an important metabolite,
in HIV-uninfected individuals was higher than in HIV-infected
individuals (Fig. 4f).

Association between HIV-related microbiome
changes and disease, diet, lifestyle, and
medication
To validate our findings, we used our taxon data to conduct
a comparative analysis with different taxon sets linked to
host-intrinsic factors, such as host genetic variations, diseases,
diet and lifestyle, and medication. As shown in Table 2, we
found that our taxon data (e.g. Catenibacterium, Bacteroides) were
associated with HIV infection (total = 8, expected = 0.464, hits = 6,
FDR = 6.29E-06) and acquired immunodeficiency syndrome
(total = 10, expected = 0.579, hits = 8, FDR = 5.95E-08).

Dysregulation of L-phenylalanine, an essential amino acid,
can contribute to various diseases and conditions, depending on
whether its levels are abnormally high or low [40]. We identified
several diseases associated with HIV-related microbiome changes,
which could be linked to dysregulated phenylalanine, particularly
through its metabolic pathways or downstream effects involving
neurotransmitters, inflammation, or amino acid metabolism,
such as phenylketonuria, liver cirrhosis, depression, Alzheimer’s
disease, hypertension, Crohn’s disease, colitis, obesity, metabolic
syndrome, and cardiovascular disease (all with FDR < 0.05,
Table 2) [40, 41]. Additionally, we found a relationship between
HIV-related microbiome changes and diet and lifestyle factors
(e.g. arabinoxylan oligosaccharides, high-sucrose diet) as well as
medicine (e.g. azithromycin, bismuth quadruple therapy, non-
steroidal anti-inflammatory agents, and ART) (all with FDR
< 0.05, Table 2). We selected the top seven microbiome taxa
related to L-phenylalanine and consumer factors, including
Prevotella, Roseburia, Catenibacterium, Bacteroides, Faecalibacterium,
Blautia, and Dorea, to visualize the relationship between HIV-
related microbiome changes, dysregulated phenylalanine, and
diseases, diet, lifestyle, and medication. As shown in Fig. 5, there
were interactions between HIV-related microbiome changes,
dysregulated phenylalanine, and these factors.

Discussion
In this study, we identified L-phenylalanine as the metabolite
most affected by loss of cross-feeding in HIV-infected individu-
als. We also find that a reduced number of species are capable
of consuming L-phenylalanine during the chronic stage of HIV
infection, not the acute stage. These findings partly explain the
elevated levels of phenylalanine in HIV patients [15, 16].

Role of phenylalanine metabolism in HIV
pathogenesis and treatment
The gut microbiota plays an important role in aromatic amino
acid metabolism within the body. The host’s immune response
is associated with amino acids like tryptophan, phenylalanine,
and tyrosine [42]. Individuals infected with HIV-1 disrupt the
metabolic processes of aromatic amino acids, such as tryptophan
(a precursor of serotonin), phenylalanine, and tyrosine, which are
precursors of catecholamines [43]. Xiangyi Jiang et al. found low-
molecular-weight phenylalanine derivatives to be new HIV-capsid
modulators that are more effective at fighting viruses and keep
the metabolism stable [44]. Phenylalanine is also an important
amino acid in the process of producing catecholamines, which
can alter the progression of HIV neuropathogenesis [45, 46]. HIV
infections have been known to alter the ratio of phenylalanine to
tyrosine [15]. An elevated phenylalanine/tyrosine ratio has been
identified as a sign of immunological activation and a substitute
measure for decreased tetrahydrobiopterin activity in HIV-
infected individuals [7, 47]. Prior studies have reported elevated
levels of phenylalanine in the bloodstream relative to total amino
acids in individuals with HIV-1 infection [15, 16]. The cause of this
anomaly remains unclear; however, it is highly probable that a
malfunction in the enzyme phenylalanine-4-hydroxylase (PAH)
is responsible for the accumulation of phenylalanine [7–9]. A
recent study also discovered that the presence of HIV co-infection
exacerbates COVID-19 and causes a more severe disturbance
of phenylalanine metabolism [47]. The absence of cross-feeding
in HIV-infected patients significantly impacts L-phenylalanine,
according to our analysis. Furthermore, we observe that only
a limited number of species have the ability to metabolize L-
phenylalanine in the chronic phase of HIV infection, as opposed
to the acute phase. The results partially elucidate the increased
concentrations of phenylalanine in HIV-infected individuals [15,
16]. Remarkably, targeting phenylalanine paves the way for HIV
treatment. For example, Shujing Xu et al. have conducted crystal-
lographic studies and mechanistic investigations on novel pheny-
lalanine derivatives that contain a quinazolin-4-one scaffold
[48]. These derivatives have been found to be potent HIV-capsid
modulators.

Impact of HIV infection on gut microbiome
composition and L-phenylalanine metabolism
HIV infection is characterized by intestinal inflammation, which
leads to epithelial barrier disruption and microbial translocation
into the bloodstream, promoting chronic immune activation, T-
cell exhaustion, and accelerating disease progression [6, 49–51].
These processes are closely associated with changes in the gut
microbiota, including an increased abundance of inflammatory
Proteobacteria and reduced microbial diversity observed in HIV
patients [10, 52]. The changes in gut microbiota (e.g. Prevotella,
Clostridium XIVb, Bacteroidetes, etc.) are strongly associated with
the rise in microbial translocation and systemic inflammation in
individuals with HIV infection [39, 53–55]. In this study, we found
that several microbial species (e.g. Bacteroides, Faecalibacterium,

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf111#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf111#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf111#supplementary-data
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Figure 4. Correlation and net producer–consumer analysis of metabolites in HIV-uninfected and HIV-infected individuals. (a) Scatter plot showing the
correlation between the number of species and the numbers of consumers (Spearman r = 0.93093, P-value < .001) and producers (Spearman r = 0.7002,
P-value < .001). (b) Receiver operating characteristic (ROC) curve for L-phenylalanine using the prediction model, with an area under the curve (AUC)
value of 0.693 [95% confidence interval (CI), 0.591–0.790]. (c) Comparison of average net producer–consumer values for L-phenylalanine between HIV-
uninfected and HIV-infected individuals, showing higher values in the HIV-uninfected group. (d) Random forest (RF) model confirmation of significant
metabolite features with an OOB error rate of 0.31%. (e) Top 15 significant predictors of HIV status based on the RF model, identifying key metabolites
such as (R)-pantothenate, oxygen, siroheme, pyridoxamine, carbon dioxide, sulfate, potassium, and L-phenylalanine in the net producer–consumer
relationship involved in HIV infection etiology. (f) Comparison of average net producer–consumer values of (R)-pantothenate between HIV-uninfected
and HIV-infected individuals, showing higher values in the HIV-uninfected group. Boxplots including original species (filtered count) and log base 2
transform (log-transformed count) are displayed with the median as the center value, the box as the IQR, and the whiskers as minima and maxima.



12 | Nguyen and Kim

Ta
b

le
2.

A
ss

oc
ia

ti
on

s
b

et
w

ee
n

H
IV

-r
el

at
ed

m
ic

ro
b

io
m

e
ch

an
ge

s
an

d
d

is
ea

se
,d

ie
t,

li
fe

st
yl

e,
an

d
m

ed
ic

at
io

n

In
d

ic
at

or
s

M
ic

ro
b

io
m

e
M

ic
ro

b
io

m
e

ch
an

ge
To

ta
l

Ex
p

ec
te

d
H

it
s

R
aw

P
H

ol
m

P
FD

R

D
is

ea
se

H
IV

in
fe

ct
io

n
a

B
ac

te
ro

id
es

;B
ac

te
ro

id
et

es
;F

ae
ca

li
b

ac
te

ri
u

m
;L

ac
h

n
os

p
ir

a;
Pa

ra
b

ac
te

ro
id

es
;P

h
as

co
la

rc
to

b
ac

te
ri

u
m

;
R

os
eb

u
ri

a;
S

u
tt

er
el

la
D

ec
re

as
e

8
0.

46
4

6
8.

60
E-

07
0.

00
03

4
6.

29
E-

06

A
cq

u
ir

ed
im

m
u

n
od

ef
ic

ie
n

cy
sy

n
d

ro
m

e

B
u

ty
ri

ci
co

cc
u

s;
C

at
en

ib
ac

te
ri

u
m

;D
or

ea
;E

n
te

ro
b

ac
te

r;
En

te
ro

co
cc

u
s;

Er
ys

ip
el

ot
ri

ch
ac

ea
e

in
ce

rt
ae

se
d

is
;

Fa
ec

al
ib

ac
te

ri
u

m
;M

eg
am

on
as

;P
h

as
co

la
rc

to
b

ac
te

ri
u

m
;P

re
vo

te
ll

a
In

cr
ea

se
10

0.
57

9
8

4.
20

E-
09

1.
77

E-
06

5.
95

E-
08

Ph
en

yl
ke

to
n

u
ri

as
C

lo
st

ri
d

ia
ce

ae
;C

op
ro

co
cc

u
s;

D
or

ea
;E

ry
si

p
el

ot
ri

ch
ac

ea
e;

La
ch

n
os

p
ir

a;
La

ch
n

os
p

ir
ac

ea
e;

O
d

or
ib

ac
te

r;
R

u
m

in
oc

oc
cu

s;
V

ei
ll

on
el

la
D

ec
re

as
e

9
0.

52
2

5
6.

32
E-

05
0.

02
21

0.
00

02
66

Li
ve

r
ci

rr
h

os
is

V
ei

ll
on

el
la

;E
n

te
ro

b
ac

te
ri

ac
ea

e;
La

ct
ob

ac
il

la
ce

ae
;P

or
p

h
yr

om
on

as
;S

ta
p

h
yl

oc
oc

ca
ce

ae
;A

ct
in

ob
ac

il
lu

s;
A

na
er

og
lo

bu
s

ge
m

in
at

us
;E

n
te

ro
b

ac
te

r;
G

am
m

ap
ro

te
ob

ac
te

ri
a;

H
ae

m
op

hi
lu

s
pa

ra
in

fl
ue

nz
ae

;K
le

b
si

el
la

;
M

eg
as

ph
ae

ra
m

ic
ro

nu
ci

fo
rm

is
;N

ei
ss

er
ia

ce
ae

;P
ar

ap
re

vo
te

lla
cl

ar
a;

Sp
h

in
go

m
on

ad
ac

ea
e;

St
re

p
to

co
cc

u
s;

Es
ch

er
ic

hi
a

co
li;

Fi
rm

ic
u

te
s;

A
k

ke
rm

an
si

a;
A

ll
op

re
vo

te
ll

a;
C

it
ro

b
ac

te
r;

Es
ch

er
ic

h
ia

;H
ae

m
op

h
il

u
s;

La
ct

ob
ac

il
lu

s;
M

ic
ro

co
cc

u
s;

Pe
d

io
co

cc
u

s;
W

ei
ss

el
la

;E
n

te
ro

co
cc

u
s;

B
if

id
ob

ac
te

ri
u

m
;P

as
te

u
re

ll
ac

ea
e;

B
ac

te
ro

id
et

es
;F

ae
ca

li
b

ac
te

ri
u

m
;S

tr
ep

to
co

cc
ac

ea
e;

V
ei

ll
on

el
la

ce
ae

;I
n

te
st

in
ib

ac
te

r;
La

ch
n

oc
lo

st
ri

d
iu

m
;

La
ch

n
os

p
ir

ac
ea

e
U

cg
-0

10
;O

d
or

ib
ac

te
r;

Pa
ra

b
ac

te
ro

id
es

;P
ar

ap
re

vo
te

ll
a;

Eu
b

ac
te

ri
u

m
;R

u
m

in
oc

oc
cu

s;
Pe

di
oc

oc
cu

s
pe

nt
os

ac
eu

s
Li

05

In
cr

ea
se

43
2.

49
17

3.
84

E-
11

1.
67

E-
08

8.
31

E-
10

D
ep

re
ss

iv
e

d
is

or
d

er
,

m
aj

or
B

ac
te

ro
id

et
es

;A
ga

th
ob

ac
te

r;
B

if
id

ob
ac

te
ri

u
m

;B
la

u
ti

a;
B

u
ty

ri
ci

co
cc

u
s;

C
op

ro
co

cc
u

s
3;

C
or

io
b

ac
te

ri
al

es
;

D
or

ea
;F

ae
ca

li
b

ac
te

ri
u

m
;F

u
si

ca
te

n
ib

ac
te

r;
La

ch
n

os
p

ir
ac

ea
e

N
D

30
07

gr
ou

p
;R

os
eb

u
ri

a;
R

u
m

in
oc

oc
ca

ce
ae

U
C

G
-0

13
;R

u
m

in
oc

oc
cu

s
1;

S
u

b
d

ol
ig

ra
n

u
lu

m

D
ec

re
as

e
15

0.
86

9
7

8.
13

E-
06

0.
00

30
9

4.
92

E-
05

A
lz

h
ei

m
er

’s
d

is
ea

se
B

la
u

ti
a;

B
ac

te
ro

id
es

;A
li

st
ip

es
;P

h
as

co
la

rc
to

b
ac

te
ri

u
m

;B
il

op
h

il
a;

G
em

el
la

In
cr

ea
se

6
0.

34
8

6
3.

38
E-

08
1.

41
E-

05
3.

84
E-

07
A

u
ti

sm
S

el
en

om
on

as
;P

re
vo

te
ll

a;
Fu

so
b

ac
te

ri
u

m
;T

M
7_

[G
-1

];
Tr

ep
on

em
a;

Ta
n

n
er

el
la

;V
ei

ll
on

el
la

ce
ae

_[
G

-1
];

A
ll

op
re

vo
te

ll
a;

O
ls

en
el

la
;D

ia
li

st
er

;O
ri

b
ac

te
ri

u
m

;P
ep

to
co

cc
u

s;
Pa

rv
im

on
as

;P
ep

to
st

re
p

to
co

cc
u

s;
A

to
p

ob
iu

m
;P

ep
to

st
re

p
to

co
cc

ac
ea

e_
[X

I]
[G

-9
]

D
ec

re
as

e
16

0.
92

7
13

2.
21

E-
14

9.
85

E-
12

1.
11

E-
12

H
yp

er
te

n
si

on
La

ch
n

os
p

ir
ac

ea
e;

A
d

le
rc

re
u

tz
ia

;A
er

om
ic

ro
b

iu
m

;A
kk

er
m

an
si

a;
A

n
ae

ro
fu

st
is

;A
rc

ob
ac

te
r;

B
if

id
ob

ac
te

ri
u

m
;

B
il

op
h

il
a;

B
re

vi
b

ac
te

ri
u

m
;B

u
ch

n
er

a;
D

or
ea

;F
ac

k
la

m
ia

;F
ae

ca
li

b
ac

te
ri

u
m

;F
u

so
b

ac
te

ri
a;

G
ra

n
u

li
ca

te
ll

a;
Je

ot
ga

li
co

cc
u

s;
La

ct
ob

ac
il

lu
s;

La
ct

oc
oc

cu
s;

M
et

h
yl

ib
im

;M
ic

ro
b

is
p

or
a;

M
od

es
to

b
ac

te
r;

O
d

or
ib

ac
te

r;
Pa

ra
b

ac
te

ro
id

es
;P

ar
ap

re
vo

te
ll

a;
Pe

p
to

n
ip

h
il

u
s;

Ps
eu

d
om

on
as

;R
at

h
ay

ib
ac

te
r;

R
C

4-
4;

R
h

od
oc

oc
cu

s;
R

ik
en

el
la

;R
u

m
in

oc
oc

cu
s;

Se
le

n
om

on
as

;S
p

h
in

go
m

on
ad

ac
ea

e;
St

ap
h

yl
oc

oc
cu

s;
St

er
oi

d
ob

ac
te

r;
S

u
tt

er
el

la
;

Ta
nn

er
el

la
fo

rs
yt

hi
a;

V
ei

ll
on

el
la

;W
ei

ss
el

la
;X

yl
an

im
ic

ro
b

iu
m

In
cr

ea
se

40
2.

32
19

3.
94

E-
14

1.
75

E-
11

1.
79

E-
12

C
ro

h
n

d
is

ea
se

Fu
n

gu
s;

A
k

ke
rm

an
si

a;
A

li
st

ip
es

;C
op

ro
co

cc
u

s;
D

or
ea

;E
u

b
ac

te
ri

u
m

;P
re

vo
te

ll
a;

R
os

eb
u

ri
a;

R
u

m
in

oc
oc

cu
s;

V
ei

ll
on

el
la

;C
ol

li
n

se
ll

a;
En

te
ro

rh
ab

d
u

s;
G

or
d

on
ib

ac
te

r;
B

ac
te

ro
id

et
es

;A
n

ae
ro

st
ip

es
;

B
la

u
ti

a;
Fa

ec
al

ib
ac

te
ri

u
m

;L
ac

h
n

os
p

ir
a;

O
d

or
ib

ac
te

r;
B

if
id

ob
ac

te
ri

u
m

;S
tr

ep
to

co
cc

u
s;

Ba
ct

er
oi

de
s

xy
la

no
ly

ti
cu

s;
Bi

fi
do

ba
ct

er
iu

m
ca

te
nu

la
tu

m
;B

la
u

ti
a

ru
m

in
oc

oc
cu

s;
C

lo
st

ri
di

um
pe

rf
ri

ng
en

s;
C

lo
st

ri
di

um
di

sp
or

ic
um

;I
n

te
st

in
ib

ac
te

r
b

ar
tl

et
ti

i;
R

os
eb

ur
ia

ce
ci

co
la

;S
tr

ep
to

co
cc

us
sa

liv
ar

iu
s;

C
lo

st
ri

d
iu

m
;

Fi
rm

ic
u

te
s;

D
es

u
lf

ov
ib

ri
o;

B
ar

n
es

ie
ll

a;
Pa

ra
b

ac
te

ro
id

es
;P

or
p

h
yr

om
on

ad
ac

ea
e;

C
ya

n
ob

ac
te

ri
a

D
ec

re
as

e
36

2.
09

20
1.

40
E-

16
6.

30
E-

14
1.

27
E-

14

C
ol

it
is

,u
lc

er
at

iv
e

C
lo

st
ri

d
ia

;C
lo

st
ri

d
iu

m
;C

or
io

b
ac

te
ri

ia
;F

ir
m

ic
u

te
s;

Le
n

ti
sp

h
ae

ra
e;

V
er

ru
co

m
ic

ro
b

ia
e;

B
if

id
ob

ac
te

ri
u

m
;

La
ct

ob
ac

il
lu

s;
Fa

ec
al

ib
ac

te
ri

um
pr

au
sn

it
zi

i;
A

li
st

ip
es

;A
n

ae
ro

tr
u

n
cu

s;
C

ol
li

n
se

ll
a;

C
op

ro
b

ac
te

r;
Fl

av
on

if
ra

ct
or

;
M

eg
as

p
h

ae
ra

;O
d

or
ib

ac
te

r;
O

sc
il

lo
sp

ir
a;

Pa
ra

p
re

vo
te

ll
a;

Pa
ra

su
tt

er
el

la
;S

u
b

d
ol

ig
ra

n
u

lu
m

;T
h

al
as

so
sp

ir
a;

Bi
lo

ph
ila

w
ad

sw
or

th
ia

;E
u

b
ac

te
ri

al
es

;E
ub

ac
te

ri
um

re
ct

al
e;

02
d

06
;B

ac
te

ro
id

et
es

;B
u

ty
ri

ci
m

on
as

;D
es

u
lf

ov
ib

ri
o;

H
ol

d
em

an
ia

;L
ac

h
n

ob
ac

te
ri

u
m

;M
eg

am
on

as
;M

it
su

ok
el

la
;O

x
al

ob
ac

te
r;

Pr
ev

ot
el

la
;P

yr
am

id
ob

ac
te

r;
Sy

n
er

gi
st

es
;V

ic
ti

va
ll

is

D
ec

re
as

e
37

2.
14

18
1.

16
E-

13
5.

13
E-

11
4.

05
E-

12

(c
on

ti
nu

ed
)



Finding links among microbiomes, metabolites, and HIV infection | 13

Ta
b

le
2.

C
on

ti
n

u
ed

In
d

ic
at

or
s

M
ic

ro
b

io
m

e
M

ic
ro

b
io

m
e

ch
an

ge
To

ta
l

Ex
p

ec
te

d
H

it
s

R
aw

P
H

ol
m

P
FD

R

O
b

es
it

y
A

ci
d

ob
ac

te
ri

a;
Fi

rm
ic

u
te

s;
Pr

ot
eo

b
ac

te
ri

a;
A

k
ke

rm
an

si
a;

B
la

u
ti

a;
C

op
ro

co
cc

u
s;

La
ch

n
os

p
ir

ac
ea

e;
M

or
ye

ll
a;

Pe
p

to
co

cc
ac

ea
e;

R
os

eb
u

ri
a;

R
u

m
in

oc
oc

cu
s;

H
el

ic
ob

ac
te

r;
M

u
ci

sp
ir

il
lu

m
;B

u
ty

ri
ci

co
cc

u
s;

C
.p

er
fr

in
ge

ns
;B

ac
il

lu
s;

C
lo

st
ri

d
ia

;P
re

vo
te

ll
a;

Tr
ep

on
em

a;
B

if
id

ob
ac

te
ri

u
m

;L
ac

to
b

ac
il

lu
s;

Pa
ra

b
ac

te
ro

id
es

;A
kk

er
m

an
si

a
m

uc
in

ip
hi

la
;D

ef
er

ri
b

ac
te

re
s;

S
ta

p
h

yl
oc

oc
cu

s;
D

es
u

lf
ov

ib
ri

on
ac

ea
e;

A
li

ih
oe

fl
ea

;C
h

ri
st

en
se

n
el

la
ce

ae
R

-7
G

ro
u

p
;D

es
u

lf
ov

ib
ri

o;
La

ct
oc

oc
cu

s;
B

ac
te

ro
id

et
es

;
D

ef
er

ri
b

ac
te

ri
a;

Er
ys

ip
el

ot
ri

ch
ac

ea
e;

H
el

ic
ob

ac
te

ra
ce

ae
;R

u
m

in
oc

oc
ca

ce
ae

;A
ct

in
ob

ac
te

ri
a;

Er
ys

ip
el

ot
ri

ch
i;

G
am

m
ap

ro
te

ob
ac

te
ri

a;
C

it
ro

b
ac

te
r;

C
ro

n
ob

ac
te

r;
En

te
ro

b
ac

te
ri

ac
ea

e;
E.

co
li;

K
le

b
si

el
la

;m
ic

ro
b

io
ta

fr
om

h
ig

h
-f

at
d

ie
t–

ra
is

ed
m

ic
e;

B
if

id
ob

ac
te

ri
a;

A
f1

2;
La

ct
ob

ac
il

la
ce

ae
;

A
li

st
ip

es
;A

n
ae

ro
tr

u
n

cu
s;

D
or

ea
;A

n
ae

ro
p

la
sm

a;
B

ac
te

ro
id

es
;C

lo
st

ri
d

ia
le

s;
m

ic
ro

b
io

ta
fr

om
W

es
te

rn
d

ie
t

m
ic

e;
O

sc
il

lo
sp

ir
a;

S2
4-

7;
C

lo
st

ri
d

iu
m

;E
p

si
lo

n
p

ro
te

ob
ac

te
ri

a;
B

if
id

ob
ac

te
ri

ac
ea

e;
C

or
io

b
ac

te
ri

ac
ea

e;
Es

ch
er

ic
h

ia
;S

tr
ep

to
co

cc
u

s;
Te

n
er

ic
u

te
s;

Sp
or

os
ar

ci
n

a

In
cr

ea
se

64
3.

71
23

1.
02

E-
13

4.
51

E-
11

4.
05

E-
12

M
et

ab
ol

ic
sy

n
d

ro
m

e
A

k
ke

rm
an

si
a;

B
if

id
ob

ac
te

ri
u

m
;L

ac
to

b
ac

il
lu

s;
M

et
h

an
ob

re
vi

b
ac

te
r;

O
d

or
ib

ac
te

r;
S

u
tt

er
el

la
;

Ba
ct

er
oi

de
s

fr
ag

ili
s;

B
et

ap
ro

te
ob

ac
te

ri
a;

A
n

ae
ro

st
ip

es
;B

ac
te

ro
id

ac
ea

e;
B

la
u

ti
a;

C
ol

li
n

se
ll

a;
C

op
ro

b
ac

il
lu

s;
La

ch
n

os
p

ir
ac

ea
e;

O
sc

il
lo

sp
ir

a;
R

u
m

in
oc

oc
ca

ce
ae

;R
u

m
in

oc
oc

cu
s;

T
is

si
er

el
la

ce
ae

;
B

ac
te

ro
id

et
es

;E
ry

si
p

el
ot

ri
ch

ac
ea

e;
H

ol
d

em
an

ia
;B

.w
ad

sw
or

th
ia

;D
es

u
lf

ov
ib

ri
o;

En
te

ro
co

cc
u

s;
C

lo
st

ri
d

ia
ce

ae
;B

if
id

ob
ac

te
ri

ac
ea

e;
En

te
ro

co
cc

ac
ea

e;
G

ra
n

u
li

ca
te

ll
a;

C
op

ro
co

cc
u

s;
La

ct
ob

ac
ill

us
rh

am
no

su
s

N
C

IM
B

63
75

;B
ac

te
ro

id
es

;E
sc

h
er

ic
h

ia
;F

u
so

b
ac

te
ri

a;
Pr

ot
eo

b
ac

te
ri

a;
A

ll
ob

ac
u

lu
m

;
Po

rp
h

yr
om

on
as

;C
an

d
id

at
u

s
p

or
ti

er
a;

C
lo

st
ri

d
iu

m
;D

ic
ke

ya
;S

M
B

53
;S

u
cc

in
iv

ib
ri

o;
Fa

ec
al

ib
ac

te
ri

u
m

;L
ac

h
n

os
p

ir
a;

C
au

lo
b

ac
te

ra
ce

ae
;F

ir
m

ic
u

te
s

In
cr

ea
se

45
2.

61
18

7.
60

E-
12

3.
32

E-
09

1.
92

E-
10

C
ar

d
io

va
sc

u
la

r
d

is
ea

se
s

B.
fr

ag
ili

s;
B

et
ap

ro
te

ob
ac

te
ri

a;
B

if
id

ob
ac

te
ri

u
m

;B
u

rk
h

ol
d

er
ia

le
s;

A
gg

re
ga

ti
b

ac
te

r;
A

n
ae

ro
vi

b
ri

o;
B

ac
te

ro
id

et
es

;D
or

ea
;L

ac
h

n
os

p
ir

ac
ea

e;
Ph

as
co

la
rc

to
b

ac
te

ri
u

m
;P

re
vo

te
ll

a;
Pr

ev
ot

el
la

ce
ae

;
R

C
4-

4;
S

u
tt

er
el

la
;Y

S-
2;

T
M

A
O

-p
ro

d
u

ci
n

g
m

ic
ro

b
io

ta
;O

sc
il

lo
sp

ir
a;

Tu
ri

ci
b

ac
te

r;
u

ro
li

th
in

-p
ro

d
u

ci
n

g
m

ic
ro

b
io

ta
;O

d
or

ib
ac

te
r

D
ec

re
as

e
20

1.
16

7
7.

67
E-

05
0.

02
65

0.
00

03
14

D
ie

t
an

d
li

fe
st

yl
e

A
ra

b
in

ox
yl

an
ol

ig
os

ac
ch

ar
id

es
;

ob
es

it
y

A
n

ae
ro

st
ip

es
;B

if
id

ob
ac

te
ri

u
m

;B
la

u
ti

a;
C

op
ro

co
cc

u
s;

D
or

ea
;E

u
b

ac
te

ri
u

m
;F

ae
ca

li
b

ac
te

ri
u

m
;

Fu
si

ca
te

n
ib

ac
te

r;
R

os
eb

u
ri

a;
R

u
m

in
oc

oc
cu

s
In

cr
ea

se
10

2.
21

9
8.

30
E-

06
0.

00
18

3
0.

00
18

3

H
ig

h
-s

u
cr

os
e

d
ie

t
A

ci
n

et
ob

ac
te

r;
A

li
st

ip
es

;A
n

ae
ro

tr
u

n
cu

s;
B

ac
te

ro
id

es
;B

la
u

ti
a;

D
or

ea
;O

sc
il

li
b

ac
te

r;
Pr

ot
eo

b
ac

te
ri

a
In

cr
ea

se
8

1.
77

7
0.

00
01

49
0.

03
27

0.
01

64

M
ed

ic
at

io
n

A
zi

th
ro

m
yc

in
;h

ea
lt

h
A

ch
ro

m
ob

ac
te

r;
A

ct
in

ob
ac

il
lu

s;
A

ct
in

om
yc

es
;a

lk
al

ip
h

il
u

s;
A

n
ae

ro
b

ra
n

ca
;A

n
ae

ro
vi

b
ri

o;
A

rc
an

ob
ac

te
ri

u
m

;b
ac

il
lu

s;
B

or
re

li
a;

B
u

ll
ei

d
ia

;C
al

or
am

at
or

;C
am

py
lo

b
ac

te
r;

C
an

d
id

at
u

s
B

lo
ch

m
an

n
ia

;C
an

d
id

at
u

s
G

lo
m

er
ib

ac
te

r;
C

at
en

ib
ac

te
ri

u
m

;C
ol

li
n

se
ll

a;
C

ya
n

ob
ac

te
ri

u
m

;
D

es
u

lf
on

au
ti

cu
s;

D
es

u
lf

os
ar

ci
n

a;
D

es
u

lf
ov

ib
ri

o;
El

u
si

m
ic

ro
b

iu
m

;F
u

so
b

ac
te

ri
u

m
;G

em
el

la
;

G
eo

b
ac

te
r;

G
ra

n
u

li
ca

te
ll

a;
H

ae
m

op
h

il
u

s;
H

el
ic

ob
ac

te
r;

La
ct

ob
ac

il
lu

s;
Le

p
to

sp
ir

a;
M

an
n

h
ei

m
ia

;
M

eg
as

p
h

ae
ra

;M
it

su
ok

el
la

;M
og

ib
ac

te
ri

u
m

;M
or

ye
ll

a;
N

eg
at

iv
ic

oc
cu

s;
O

li
vi

b
ac

te
r;

Pa
en

ib
ac

il
lu

s;
Pa

u
ci

b
ac

te
r;

Pe
p

to
co

cc
u

s;
Pe

p
to

n
ip

h
il

u
s;

Pe
p

to
st

re
p

to
co

cc
u

s;
Ph

as
co

la
rc

to
b

ac
te

ri
u

m
;

Po
la

ri
b

ac
te

r;
Po

rp
h

yr
om

on
as

;R
ot

h
ia

;S
ch

le
ge

le
ll

a;
S

el
en

om
on

as
;S

h
ew

an
el

la
;

Sp
h

in
go

b
ac

te
ri

u
m

;S
u

cc
in

iv
ib

ri
o;

S
u

tt
er

el
la

;T
h

er
m

ic
an

u
s;

T
h

er
m

od
es

u
lf

ov
ib

ri
o

D
ec

re
as

e
53

9.
27

26
3.

35
E-

08
1.

04
E-

05
1.

04
E-

05

B
is

m
u

th
q

u
ad

ru
p

le
th

er
ap

y;
ga

st
ri

ti
s

A
k

ke
rm

an
si

a;
B

ac
te

ro
id

es
;B

if
id

ob
ac

te
ri

u
m

;B
u

ty
ri

ci
m

on
as

;C
ol

li
n

se
ll

a;
Eg

ge
rt

h
el

la
;

O
d

or
ib

ac
te

r;
Pa

ra
p

re
vo

te
ll

a;
Pr

ev
ot

el
la

;W
au

te
rs

ie
ll

a
D

ec
re

as
e

10
1.

75
8

2.
38

E-
05

0.
00

74
0.

00
37

1

A
n

ti
-i

n
fl

am
m

at
or

y
ag

en
ts

,
n

on
-s

te
ro

id
al

(i
n

d
om

et
h

ac
in

,
ib

u
p

ro
fe

n
,k

et
op

ro
fe

n
,

d
ic

lo
fe

n
ac

,p
ir

ox
ic

am
,c

el
ec

ox
ib

,
n

im
es

u
li

d
,a

n
d

as
p

ir
in

);
ag

ed

C
ol

li
n

se
ll

a;
C

op
ro

b
ac

il
lu

s;
D

ia
li

st
er

;C
ol

li
n

se
ll

a;
La

ct
ob

ac
il

lu
s

D
ec

re
as

e
5

0.
87

4
5

0.
00

01
53

0.
04

75
0.

01
19

A
n

ti
re

tr
ov

ir
al

th
er

ap
y,

h
ig

h
ly

ac
ti

ve
;H

IV
in

fe
ct

io
n

s
A

n
ae

ro
co

cc
u

s;
C

am
py

lo
b

ac
te

r;
Fi

n
eg

ol
d

ia
;P

ep
to

n
ip

h
il

u
s;

Pr
ev

ot
el

la
In

cr
ea

se
5

0.
87

4
5

0.
00

01
53

0.
04

75
0.

01
19

M
ic

ro
bi

om
e

h
it

s
ar

e
h

ig
h

li
gh

te
d

in
bo

ld
.E

xp
ec

te
d

:t
h

e
n

u
m

be
r

of
ta

xa
th

at
w

ou
ld

be
ex

p
ec

te
d

to
be

fo
u

n
d

by
ch

an
ce

ba
se

d
on

th
e

d
is

tr
ib

u
ti

on
in

th
e

d
at

as
et

(0
.4

64
in

th
is

ca
se

).
Ex

p
ec

te
d

se
rv

es
as

a
ba

se
li

n
e

to
co

m
p

ar
e

th
e

ac
tu

al
h

it
s.

If
th

e
ac

tu
al

h
it

s
(6

in
th

is
ca

se
)g

re
at

ly
ex

ce
ed

th
e

ex
p

ec
te

d
va

lu
e

(0
.4

64
),

it
su

gg
es

ts
th

at
th

e
ob

se
rv

ed
as

so
ci

at
io

n
is

u
n

li
ke

ly
d

u
e

to
ch

an
ce

an
d

m
ay

be
bi

ol
og

ic
al

ly
si

gn
if

ic
an

t.
T

h
is

re
la

ti
on

sh
ip

is
te

st
ed

u
si

n
g

st
at

is
ti

ca
lm

ea
su

re
s,

su
ch

as
th

e
ra

w
P-

va
lu

e,
H

ol
m

P-
va

lu
e,

or
FD

R
(f

al
se

d
is

co
ve

ry
ra

te
),

to
co

n
fi

rm
th

e
si

gn
if

ic
an

ce
of

th
e

fi
n

d
in

g.
a
To

ta
l:

th
e

to
ta

ln
u

m
be

r
of

ta
xa

as
so

ci
at

ed
w

it
h

th
e

co
n

d
it

io
n

(e
.g

.H
IV

in
fe

ct
io

n
)i

n
th

e
an

al
ys

is
(8

in
th

is
ca

se
);

H
it

s:
T

h
e

ac
tu

al
n

u
m

be
r

of
th

os
e

ta
xa

fo
u

n
d

in
th

is
d

at
as

et
(6

in
th

is
ca

se
).



14 | Nguyen and Kim

Figure 5. Interactions between HIV-related microbiome changes, dysregulated L-phenylalanine, and associated diseases, diet, lifestyle, and medications.
This figure visualizes the relationships between HIV-related microbiome changes, dysregulated L-phenylalanine levels, and various factors such as
diseases (e.g. phenylketonuria, liver cirrhosis, depression, Alzheimer’s disease, hypertension, Crohn’s disease, colitis, obesity, metabolic syndrome,
cardiovascular disease), diet and lifestyle factors (e.g. arabinoxylan oligosaccharides, high-sucrose diet), and medications (e.g. azithromycin, bismuth
quadruple therapy, non-steroidal anti-inflammatory agents, and antiretroviral therapy). The top seven microbiome taxa linked to L-phenylalanine
dysregulation are highlighted: Prevotella, Roseburia, Catenibacterium, Bacteroides, Faecalibacterium, Blautia, and Dorea. the taxon set enrichment analysis
(TSEA) module was used to identify taxonomic signatures associated with specific phenotypes, facilitating data interpretation and hypothesis
generation. The relationship between the studied taxa and taxon sets is tested using statistical measures, such as raw P-values, Holm P-values, or
the false discovery rate (FDR), to assess the significance of the findings. All data points are associated with an FDR < 0.05, as indicated in Table 2.

Blautia, Parabacteroides, Alistipes, Ruminococcus, Phascolarctobac-
terium, Coprococcus, Sutterella, and Lachnospira) are capable of
consuming phenylalanine, which is significantly reduced in
HIV-infected individuals compared to their counterparts (Table
S7). Several microbiomes (Prevotella, Roseburia, Catenibacterium,
Dialister, Megasphaera, Dorea, Fusobacterium, Acidaminococcus,
Succinivibrio, and Anaerococcus) are capable of producing pheny-
lalanine, which significantly increased in HIV-infected individuals
compared to their counterparts. These microbiomes have been
found to be associated with the pathogenesis of HIV infection
[36–39]. Although there is no statistically significant difference
between the occurrence of species (Mann–Whitney U = 172.5,
P-value = .05182) in the microbiome capable of producer and
consumer, there is a significant difference in the weighted flux
sum in these groups (Mann–Whitney U = 151, P-value = .01516).
There was a notable disparity in the fecal microbiota makeup
between those who were uninfected with HIV and those who
were infected. The microbiomes associated with HIV infection
consistently exhibited higher alpha diversity, as indicated by the
Observed index and ACE index. Individuals with HIV in the chronic
stage, on the other hand, may experience low species richness,
which can result in the accumulation of phenylalanine due to
consumption. Perhaps, during the acute stage, certain species

seek to be self-sufficient in consuming these metabolites as a
decompensatory measure [4].

Impact of microbial cross-feeding and
L-phenylalanine metabolism on HIV
pathogenesis and treatment outcomes
The observed changes in microbial cross-feeding and L-phenyla-
lanine metabolism in individuals with HIV may be driven by
several biological mechanisms that affect disease progres-
sion and treatment outcomes. HIV infection disrupts the gut
microbiome, leading to the depletion of beneficial species like
Faecalibacterium, which are involved in butyrate production [11].
This loss impairs microbial cross-feeding and L-phenylalanine
metabolism, potentially contributing to elevated phenylalanine
levels and gut dysfunction. In addition, HIV-induced chronic
inflammation alters the gut environment, promoting species
such as Prevotella and Roseburia, which may exacerbate metabolic
imbalances [11]. This inflammatory response likely elevates
phenylalanine levels, further affecting immune function and
disease progression [56]. Disruptions in microbial cross-feeding
lead to shifts in the host’s metabolic profile, influencing immune
modulation and potentially reducing the effectiveness of ART [57].
Dysregulated L-phenylalanine metabolism, linked to cognitive

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf111#supplementary-data


Finding links among microbiomes, metabolites, and HIV infection | 15

decline and immune dysfunction, may impair ART efficacy
and contribute to persistent viral replication [43, 56, 58]. In
line with our findings, a study of 398 participants identified
a distinct gut microbiome in people with HIV and impaired
activities of daily living, enriched in Bacteroides, previously linked
to cognitive decline [59, 60]. Another study of 85 antiretroviral-
naïve HIV-infected subjects found lower abundances of Faecal-
ibacterium, Catenibacterium, and Ruminococcaceae in those with
HIV-associated neurological diseases (HAND) compared to those
without HAND [5]. Our analysis revealed significant associations
between HIV-related microbiome changes and host-intrinsic
factors such as genetic variations, diseases, diet, lifestyle, and
medication. Key species (e.g. Catenibacterium and Bacteroides)
were linked to HIV infection and AIDS, offering new insights
into the microbiome’s role in HIV pathogenesis. Dysregulated
L-phenylalanine levels were associated with several conditions,
including depression, Alzheimer’s, and cardiovascular diseases,
highlighting the impact of microbiome shifts on metabolic and
neurological processes in HIV-infected individuals. Additionally,
we identified interactions between microbiome changes and
lifestyle factors (e.g. diet and medications), suggesting potential
targets for therapeutic interventions. By visualizing the top
microbiome taxa related to L-phenylalanine, including Prevotella,
Roseburia, and Faecalibacterium, we further clarified the microbial
role in phenylalanine metabolism. These findings underscore
the importance of the HIV-associated microbiome in disease
progression and suggest that microbiome modulation could
improve clinical management of HIV-related health issues.
In conclusion, microbial cross-feeding and L-phenylalanine
metabolism are crucial in HIV pathogenesis, and their disruption
contributes to chronic inflammation, immune dysfunction, and
potentially impaired treatment outcomes. Future studies should
explore these mechanisms to develop more targeted therapeutic
strategies.

Model performance and insights into microbial
interactions in HIV infection
We used the prediction model to create the ROC curve for L-
phenylalanine. The AUC value of the model was 0.693. While this
value may appear relatively modest, it is important to note that it
indicates the model performs better than random chance (which
would yield an AUC of 0.5). Given the complexity and heterogene-
ity of microbiome data, particularly in the context of HIV infec-
tion, an AUC value of 0.693 can be considered a reasonable result.
The goal of this study was not to achieve perfect classification, but
rather to identify significant patterns and trends associated with
microbial cross-feeding interactions in individuals living with HIV.
Several factors contribute to the model’s performance, includ-
ing the inherent noise and variability in microbiome data [61].
Microbial populations vary substantially across individuals, and
the relatively small sample size may have influenced the model’s
ability to achieve higher classification accuracy. Moreover, micro-
biome data are often high-dimensional, and such datasets tend
to pose challenges for any classifier in terms of overfitting and
generalization [62]. We selected the RF classifier for its robustness
and ability to handle high-dimensional data without overfitting.
Random forests are well suited for complex, nonlinear relation-
ships and provide important insights into feature importance.
Despite the possibility that other classifiers, such as gradient
boosting machines or support vector machines, could potentially
improve the AUC, the RF model was deemed the most appro-
priate for this study’s dataset. While the AUC value could be
improved, it is important to emphasize that the current model

has provided valuable insights into the microbial interactions and
metabolic changes associated with HIV infection. Future work
could explore alternative classifiers or optimize the current model
through additional data and hyperparameter tuning to improve
performance further.

Limitations
This analysis is the first research effort to detect the loss of
microbial cross-feeding interactions among individuals with HIV.
However, there are several limitations that should be considered.
The sample size used in this study (87 samples) is relatively
modest, which is a common challenge in microbiome studies of
HIV, where cohort availability, data quality, and specific inclusion
criteria may restrict the number of samples. While this sample
size provides valuable insights into the microbiome-metabolic
interactions in HIV-infected individuals, future studies with larger
cohorts would enhance the robustness and generalizability of
the findings, especially when examining more granular aspects
of microbial interactions and their implications on health out-
comes. Additionally, one important dataset, the 16S rRNA data
set (SRP068240), was excluded from the analysis due to its failure
to match >50% of the abundances during the construction of
community-scale metabolic models. This exclusion may limit
the comprehensiveness of the analysis, and future investigations
should consider incorporating additional datasets to strengthen
the robustness of the findings and extend the exploration of
microbial interactions in HIV infection. While the present study
provides valuable insights into the loss of microbial cross-feeding
relationships in HIV infection, further research with more diverse
and larger cohorts is needed to validate and expand upon these
findings. Future studies should also explore different microbiome
profiling techniques, such as shotgun metagenomics, to provide
a more comprehensive view of microbial metabolism and its
influence on HIV pathology.

In conclusion, we found that only a limited number of species
can metabolize L-phenylalanine during the chronic phase of HIV
infection, not the acute phase. In chronic HIV infection, the loss
of cross-feeding has a significant impact on the metabolite L-
phenylalanine. Currently, many theories also believe that the ele-
vated phenylalanine levels observed in HIV patients are attributed
to the deficiency of the enzyme PAH, which is responsible for
the buildup of phenylalanine [7–9]. We also found a particular
microbiome that is capable of producing or consuming pheny-
lalanine. These results pave the way for future research that can
apply our findings to gain a better understanding of the ecology
of these intricate gut communities and discover more effective
approaches for treating HIV. Future translational research should
focus on therapeutic strategies targeting microbial classes such
as Prevotella, Roseburia, and Catenibacterium, which exhibited a sig-
nificant increase in L-phenylalanine production in HIV patients.
Conversely, therapeutic efforts could also aim to enhance the
functionality of classes like Bacteroides, Faecalibacterium, and Blau-
tia, which showed the highest decrease in L-phenylalanine con-
sumption in HIV patients. Modulating these microbial communi-
ties could potentially restore metabolic balance and improve gut
health in individuals living with HIV. Although previous studies
have demonstrated the impact of gut microbiota on HIV patho-
genesis, our research is one of the first to integrate microbial
cross-feeding interactions and their direct influence on pheny-
lalanine metabolism in the chronic stage of HIV infection [12].
These results open the door for future translational research
aimed at modulating the gut microbiome to improve metabolic
outcomes and overall health in HIV patients.
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Key Points

• In HIV patients, L-phenylalanine had a lower MES.
• The flux of L-phenylalanine consumption was signifi-

cantly lower in HIV-infected individuals.
• A decrease in the number of species that consume L-

phenylalanine during the chronic stage was observed.
• Prevotella, Roseburia, and Catenibacterium contributed

to an increase in L-phenylalanine production in HIV
patients.

• Bacteroides, Faecalibacterium, and Blautia contributed to
a decrease in L-phenylalanine consumption in HIV
patients.
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