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Gut microbiome features associated with
Bifidobacterium colonization predict
personalized probiotic persistence patterns

Sourav Goswami 1,4, Alisha Ansari1,4, Chetan Sharaf1, Paul W. O’Toole 2,
Fergus Shanahan 2, Vineet Ahuja 3 & Tarini Shankar Ghosh 1

Bifidobacteria are key health-associated members of the human gut micro-
biome and are widely used as probiotics, but their colonization success varies
substantially between individuals, partly due to baseline microbiome com-
position.Weanalyzed 51,244 gutmicrobiomes from 149 cohorts (45 countries)
to identify non-Bifidobacterial taxa associated with the Bifidobacterial fea-
tures. We observed several consistent and age-/life-style-specific association
patterns of different non-Bifidobacterial taxa with the different Bifidobacteria.
Multiple Bifidobacteria showed positive associations with butyrate-producing
Firmicutes and Collinsella; negative associations involved pathobiont-Firmi-
cutes and specific Bacteroidota taxa. B. adolescentis and B. breve showed the
strongest positive and negative associations, respectively, with health-
associated adult gut microbiome members. We quantified these relationships
as Association-Scores, stratified by age/life-style/sequencing-strategy/disease,
whichwere significantly reproducible after adjusting formultiplemicrobiome-
linked, host life-style/clinical covariates, and predictable using species-specific
genomic functions. We used these Association-Scores to derive microbiome-
level Receptive-Scores that quantify how permissive a baseline microbiome is
to increases or persistence of a given Bifidobacterium. In an external dataset of
eight Bifidobacterium interventions (n = 1633 gut microbiomes), Receptive-
Scores combined with baseline abundance of the administered Bifidobacteria
significantly predicted post-treatment persistence/increase in 69.23% of trial-
probiotic pairs. Together, this work identifies microbiome features governing
Bifidobacterial colonization and provides tools to predict personalized pro-
biotic responses.

Bifidobacteria are one of the earliest colonizers of the human gut,
where they feed on human milk oligosaccharides and exhibit health-
associated activities1. Benefits include promotion of pathogen resis-
tance, immune maturation, anti-inflammation, and microbiome
maturation, including the promotion of butyrate producers2. After

infancy, bifidobacteria have also been associated with beneficial
influences including enhanced nutrient absorption; immune regula-
tion; protection against infection, inflammation and cancer; bone-
health; cardio-metabolic health and fat metabolism and psychologi-
cal welfare3,4. Consequently, various species belonging to the genus
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Bifidobacterium have been explored as potential probiotics (inde-
pendently or as part of dietary supplements and functional foods; as
single microbe or in consortia)3,5. Probiotics are defined as live
microorganisms, which when administered in adequate amounts
confer a health benefit on the host6. Bifidobacterium species, such as
B. animalis, B. longum, B. breve, B. bifidum, and B. adolescentis, have
been assessed for probiotic efficacy in a diversity of disorders7–9.
However, a continuing challenge is the inconsistency and variability
of Bifidobacterium-derived probiotic products in terms of efficacy
and the extent of colonization of the administered Bifidobacterium
taxa10,11. To rationally select Bifidobacterium strains for future trials,
systematic reviews and cross-cohort data analysis of endogenous
Bifidobacterium species across different age groups and lifestyle
patterns have been conducted12–14. These reveal variability in Bifido-
bacterium taxa across different age-groups and lifestyle patterns
(especially industrialization). For example, B. breve/bifidum are pre-
dominant in the infant microbiome; B. adolescentis is more prevalent
in the adult gut and; B. longum is present in all age-groups but with
specific strains associated with infants and adults13. In general, bifi-
dobacterial species are enriched in the westernized populations
when comparedwith non-westernized, although relative abundances
of Bifidobacterium are similar in infancy12. Overall, a lower Bifido-
bacterium abundance has been found in elderly subjects. Other than
these general associations, research trials have shown that persis-
tence of individual Bifidobacterium strains varies widely even within
individuals of a similar age group and lifestyle patterns10,11,15. This
variability has been attributed to characteristics of the host’s baseline
gut microbiome.

Amore comprehensive understanding of the degree to which the
baseline gut microbiome (particularly non-bifidobacterial taxa) influ-
ences the representation of different Bifidobacterium members is
needed. Large-scale data-driven studies are required to systematically
investigate how individual non-bifidobacterial members of the base-
line gut microbiome associate with different Bifidobacterium taxa in
hosts of different age groups and lifestyles, and if genome-specific
functions influence such association patterns. Moreover, leveraging
such data to stratify individuals at baseline according to their like-
lihoodof responding to different probiotic Bifidobacterium treatments
is an intriguing possibility.

In this work, to address these issues, we systematically investigate
51,244 gut microbiomes across 45 countries to investigate the non-
bifidobacterial taxa associated with the bifidobacterial features, across
149 cohorts of different age-groups, industrialization-patterns,
disease-groups and microbiome-profiling strategies. The non-
bifidobacterial community composition shows a strong influence on
the bifidobacterial composition of the gut microbiome, with the
association patterns of the individual non-bifidobacterial taxa with the
different bifidobacterial taxa showing distinct patterns depending
upon study-cohort characteristics (with certain association patterns
consistently observed across cohorts). We quantify these association
patterns as association-scores, further stratified by age group, lifestyle,
disease and profiling strategy (amplicon/16S and whole genome
sequencing/WGS) and investigate their reproducibility after adjusting
for multiple host-/microbiome-associated covariates. We then utilize
these association scores to formulate microbiome-level receptive
scores for the bifidobacterial features. Receptive-scores quantify how
accommodating a givenmicrobiome is topost-administration increase
or persistence of a specific Bifidobacterium, given its baseline micro-
biome composition and host context (age group, lifestyle, disease
status, and 16S or WGS sequencing-type). Combining baseline abun-
dance of the administered Bifidobacterium along with the corre-
sponding baseline receptive score significantly predicts post-
treatment persistence/increase across 69.23% trial-probiotic pairs
from 8 additional intervention studies (encompassing 1633 gut
microbiomes).

Results
Global bifidobacterial prevalence patterns are strongly asso-
ciated with study-cohort characteristics and the composition of
non-bifidobacterial taxa
We initiated the investigation creating a global collection of 46,218 gut
microbiomes collected from 122 study-cohorts (subset of the of 51,244
gut microbiomes utilized overall), spread across 45 countries (span-
ning six continents) (“Methods”, SupplementaryData 1 andFig. 1A; also
described in ref. 16).We specifically focused on gutmicrobiomes from
subjects in three distinct age-groups, namely infant/new-born (age <
= 2 y, n = 9123 gut microbiomes), adult (18 y < = Age < 60 y; n = 27,055
gut microbiomes) and seniors (age > = 60 y, n = 10,040 gut micro-
biomes). For every cohort, we also collected the information pertain-
ing to its cohort-type (IndustrializedUrban, UrbanRuralMixed, and
RuralTribal), as described earlier16,17. For each gut microbiome, we
computed the relative abundances of the different species-level taxa
along with three other microbiome-specific properties, namely Shan-
non index, Pielou’s evenness index, and the estimated microbial load
(see “Methods”). Forty-two Bifidobacteria were detected in at least one
microbiome. Amongst these, eight, namely B. longum, B. adolescentis,
B. pseudocatenulatum, B. bifidum, B. dentium, B. breve, B. catenulatum,
and B. animalis demonstrated strong associations with the gut
microbiomes with prevalence rates of > = 25% in > = 5% of studies (in at
least one age-group), in line with previously reported observations12–14

(Fig. 1B). Both age-group and lifestyle (especially westernization/
industrialization versus traditional lifestyle) have significant impact on
the gutmicrobiome, whichwere also observed in our investigation18,19.
We replicated several previously observed trends pertaining to the
prevalenceof these taxa. For example, therewas significant variation in
the prevalence patterns of the different bifidobacterial taxa between
the infant and adult/senior cohorts (PERMANOVA-R-squared =0.09,
P =0.001) (Fig. 1C). B. breve/bifidumwere especially prevalent in infant
cohorts, and B. adolescentis/animalis/catenulatum were more pre-
valent in the adult/seniors (as reported earlier13) (Figs. 1B–Dand2). The
prevalence patterns also showed significant variations across studies
belonging to the cohort-types (PERMANOVA-R-squared =0.05,
P =0.005, Fig. 1E). In general, there was an overall reduced prevalence
of bifidobacterial taxa in the RuralTribal as compared to westernized
(IndustrializedUrban) cohorts12 (Fig. 1D, E).

Notably, we observed significant variations in the bifidobacteria
prevalence patterns depending upon the profiling strategies (16S-v/s-
WGS) of study-cohorts (PERMANOVA-R-squared =0.04, P =0.004,
Fig. 1F), with multiple taxa like B. longum/adolescentis/catenulatum/
animalis showing significantly lower detection in 16S cohorts as
compared to WGS (Figs. 1D and 2). These observations could be a
reflection of previously reportedmethodological limitations of the 16S
approaches that impede efficient profiling of bifidobacterial
amplicons20.

Next, we asked whether variations in the resident gut micro-
biomes (specifically those of non-bifidobacterial taxa) had a significant
association with the bifidobacterial features. For this purpose, in each
cohort, we investigated whether the variations within the non-
bifidobacterial taxa across the corresponding gut microbiomes
(using two different measures, Bray–Curtis and Kendall) were sig-
nificantly associated with the relative abundance of the bifidobacterial
features (See “Methods”). Variations in the non-bifidobacterial gut
microbiome were significantly associated with the overall Bifido-
bacterium detection rates in 74 and 58% of the study cohorts, when the
community variations were profiled using the Kendall and Bray–Curtis
measures, respectively (Fig. 2). Consistency of associations varied
across species and age-groups, with the consistency of associations
gradually decreasing from infant > adults > senior (Supplementary
Fig. 1A, B). Fivemajor bifidobacteria (B. longum/breve/bifidum/dentium
pseudocatenulatum) and the overall Bifidobacterium detection showed
significant associations with non-bifidobacterial taxa in >50% of the
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infant cohorts, and five of these bifidobacterial features (except B.
pseudocatenulatum abundance) showing gradual decrease from infant
to adult to senior cohorts. These patterns putatively indicate that the
strength of the associations of the bifidobacteria with the non-
bifidobacterial taxa decreases with age (despite the prevalence pat-
terns of the different species being relatively similar between the adult
and senior cohorts; Fig. 1C). Among the species, B. longum (showing

the highest prevalence across study-cohorts) also exhibited the most
consistent associations with the non-bifidobacterial taxa across all age
groups. This was followed by B. bifidum, B. breve and B. pseudocate-
nulatum, withB. breve andB. bifidummuch stronger associations in the
infant cohort.

These patterns suggest that certain non-bifidobacterial lineages
may either influence or be influenced by the presence of specific
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bifidobacteria. To investigate this further, we analyzed association
patterns of the non-bifidobacterial taxa, and the three microbiome
properties of Shannon index, Pielou ’s-evenness index and estimated
microbial load (only for WGS datasets), with the bifidobacterial fea-
tures across diverse cohorts.

Non-bifidobacterial taxa exhibit distinct association patterns
with bifidobacteria, varying by subject age, life-style (indus-
trialization), and microbiome profiling method
Our objective here was to identify which non-bifidobacterial taxa
showed consistent association with the individual with the bifido-
bacterial features across gut microbiomes and how did these asso-
ciation patterns vary in subjects from different age-groups (infant/
adult/senior) and life-style patterns (IndustrializedUrban/UrbanRur-
alMixed/RuralTribal). We performed these in three steps.

First, we removed sparsely detected taxa across gut microbiomes
(described in Supplementary Note 1 and Supplementary Fig. 2).
Removal of such taxonomic noise is necessary as they can drastically
decrease the sensitivity of the subsequent association analyses. Next,
for each bifidobacterial feature, we identified the sets of non-
bifidobacterial taxa consistently identified as the top-predictors
across the study cohorts. For this, we built study-cohort-specific ran-
dom forest (RF)models using subsets of consistent gut-associated taxa
(identified in the first step) to predict the corresponding bifido-
bacterial features and selected consistent top-predictors across each
model (see “Methods” and Supplementary Data 2–4).

Different non-bifidobacterial taxa showed varying and cohort-
specific predictive power for different bifidobacterial features, as
indicated by their feature importance scores (Supplementary Data 2–4
and Supplementary Figs. 3–11). These patterns varied by profiling
method (16S/WGS), age-group (infant/adult/senior), and lifestyle
(Industrialized urban/others). For example, for overall Bifidobacterium
detection across age groups, while somenon-bifidobacterial taxa were
consistently identified as top-predictors across all cohorts of an age
group, others were specific to either 16S or WGS datasets (Supple-
mentary Fig. 3). Amongst the microbiome properties, while Shannon/
Pielou’s evenness indices showedhighpredictive power, thepredictive
power of estimated microbial load was relatively lower.

There were also clear differences in the top-predictor taxa
lists and their feature importance scores across infant, adult and
senior cohorts. RuralTribal cohorts displayed distinct feature impor-
tance patterns compared to IndustrializedUrban cohorts, with

UrbanRuralMixed cohorts showing intermediate profiles. Feature
importance patterns of non-bifidobacterial taxa for predicting the
abundance of the eight bifidobacteria also showed strong cohort-
specific associations (Supplementary Figs. 4–11). These patterns were
significantly linked to sequencing-type, age group, and life-style across
all 8, 7, and 6 bifidobacteria taxa, respectively (Supplementary
Figs. 12–14). Thus, the RFmodels revealed that the predictive power of
the different non-bifidobacterial taxa for the various bifidobacterial
features differs drastically with cohort characteristics, namely
sequencing-type, age-group, and lifestyle, with cohorts sharing similar
traits exhibiting more similar association patterns.

Then, we investigated the directionalities of these associations.
For a given bifidobacterial feature and cohort with specific character-
istics (sequencing-type: 16S/WGS; age-group: infant/adult/senior and
cohort-life-style: IndustrializedUrban/UrbanRuralMixed/RuralTribal),
we selected the corresponding set of top-informative (top-predictor)
non-bifidobacterial taxa (listed in Supplementary Data 2–4 and Sup-
plementary Figs. 4–11), and then computed the Spearman correlations
between the abundances of these taxa (and the values of Shannon-
index/Pielou’s-evenness/estimated microbial load) and the corre-
sponding bifidobacterial features across all study-cohorts of that type
(Supplementary Data 5–10). These Spearman correlation patterns
were then utilized to compute association-scores of the different non-
bifidobacterial taxawith different bifidobacterial features for the given
cohort-type (Fig. 3A). The association-scores were quantitative mea-
sures of the extent of association of each non-bifidobacterial taxa with
each bifidobacterial feature in microbiome cohorts with specific
characteristics, stratified based on cohort characteristics (profiling
strategy, age-group and cohort-life-style).

Analysis of these association scores revealed several notable
patterns. Four Actinobacteria phyla (i.e., the same phylum as Bifido-
bacterium) members, namely Collinsella aerofaciens, Collinsella intes-
tinalis, Enormamassiliensis, andOlsenella scatoligenes (all belonging to
the order Coriobacteriales), showed the most consistent positive
associations with multiple bifidobacterial features cohorts spanning
diverse age-groups and lifestyle patterns. We also observed similar
patterns for Lactobacillus ruminis (another health-associated Lacto-
bacillii) and Intestinibacter bartlettii, along with Shannon/Pielou’s
evenness indices (Fig. 3B).

Association patterns for other non-bifidobacterial taxa differed by
age and lifestyle and varied depending upon the specific bifido-
bacterial feature. In infant gut microbiomes, taxa, such as Eggerthella

Fig. 1 | Bifidobacteriumprevalence patterns are shaped by age, cohort lifestyle,
and sequencing modality across global study populations. A Geographical
distribution of the study cohorts used in this investigation is illustrated on a world
map. Each country is highlighted in a distinct color, representing the different age
groups for which gut microbiome data were available. The total number of
microbiomes from each country is also indicated on the map. The total number of
microbiomes from the different age groups are also indicated. Also shown are the
number of 16S and WGS gut microbiomes and the number of microbiomes from
different cohort lifestyle (IndustrializedUrban, UrbanRuralMixed, and RuralTribal).
B Bar plots showing the percentage of studies in which each of the 42 Bifido-
bacterium taxa had a prevalence of > = 25%. Bars are ordered in decreasing order of
the percentage of studies where a Bifidobacterium taxon shows prevalence > = 25%.
Taxa detected in > = 25% prevalence in at least 5% of cohorts were considered as
consistently represented and selected for further analyses. C Principal coordinate
analysis plot showing the variation in the overall prevalence pattern of the major
bifidobacterial taxa between the infant, adult and senior study-cohorts (consider-
ingall cohorts). Eachpoint indicates a study-cohort. The results of thePERMANOVA
analysis (R-squared, p-value), highlighting the significance of these variations, are
also indicated. D Heatmap summarizing the results of linear regression models
examining variation in the prevalence of the nine bifidobacterial features (abun-
dances of the eight major bifidobacterial taxa, and overall Bifidobacterium detec-
tion), across different pairwise comparisons. These include pairwise comparisons

between different age-groups, cohort lifestyle, and sequencing types, highlighting
differences in species-specific and overall Bifidobacterium prevalence patterns.
Please note comparisons between any two groups (derived from a specific study-
cohort specific metadata, either age-group or sequencing-type or cohort-life-style)
is performed after adjusting for the remaining twometadata. For each of the three
metadata, the overall patterns for each individual species (or overall detection) are
also indicated, where the statistical significance (p < =0.05) has been indicated as *
notation. These are the two-sided p-values of the associations obtained using linear
regression (two-sided), with adjustment for covariates as described. No multiple
testing correction was applied, as analyses were performed independently across
features and comparisons. E Principal coordinate analysis plot showing the varia-
tion in the overall prevalence pattern of themajor bifidobacterial taxa between the
adult cohorts belonging to the different cohort lifestyle (IndustrializedUrban,
UrbanRuralMixed, and RuralTribal). Each point indicates a study-cohort. The
results of the PERMANOVA analysis (R-squared, p-value), highlighting the sig-
nificance of these variations, are also indicated. F Principal coordinate analysis plot
showing the variation in the overall prevalence pattern of themajor bifidobacterial
taxa between the adult cohorts belonging to the different sequencing-types (16S or
WGS). Each point indicates a study-cohort. The results of the PERMANOVA analysis
(R-squared, p-value), highlighting the significance of these variations, are also
indicated.
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lenta and Gordonibacter pamelaeae (both Actinobacteria phylum, like
Bifidobacterium), along with another Bifidobactericeae family Aer-
iscardovia aeriphila and a human milk-associated putative probiotic
Lactobacilli (L. rhamnosus21), showed consistent positive associations
withmultiple bifidobacterial features. Similar patternwas observed for
multiple Bacteroides (B. uniformis/vulgatus/fragilis/thetaiotamicron/
stercosis) and Parabacteroides (P. distasonis/merdae), which are

typically observed in normal gut microbiomes. However, the above
associations weakened/disappeared/in certain cases even reversed in
adult and senior microbiomes.

Several butyrate-producing Firmicutes taxa from genera, includ-
ing Coprococcus, Eubacterium, Ruminococcus, Roseburia, Gemmiger,
Dorea, and Fusicatenibacter, previously linked to gut health16,22,23,
showed consistent positive association scores with multiple
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Bifidobacterium species across age groups and cohort types. Notable
exceptions were B. dentium (a known pathobiont) and B. breve in adult
and senior gut microbiomes, which exhibited consistent negative
associationswith these health-associated core gut lineages, suggesting
unfavorable health links. In contrast,B. adolescentis andB. catenulatum
displayed consistent positive associations with these putatively bene-
ficial lineages. These two bifidobacteria members also showed con-
sistent negative associations with multiple pathobiont Firmicutes, like
Ruminococcus gnavus, Flavonifractor plautii and Clostridium bolteae/
clostridioforme/hathewayi/symbiosum/ramosum, further highlighting
their health-associated links.

Another group exhibiting strong age-dependent variations in
association patterns comprised oral-associated taxa from the genera
Streptococcus, Rothia, and Haemophilus. These taxa were generally
negatively associated with multiple bifidobacterial features in infant
gut microbiomes, whereas the pattern reversed in adults, where B.
dentium showed consistent positive associations with multiple
oral taxa.

Association scores also varied along the lifestyle and indus-
trialization gradient from IndustrializedUrban to RuralTribal gut
microbiomes. In RuralTribal cohorts, associations with Firmicutes
were generally attenuated, with reduced strengths observed for both
positive and negative relationships (as compared to Indus-
trializedUrban cohorts). A consistent feature of RuralTribal cohorts
was negative association scores for Prevotella species (copri, stercorea,
sp. AM.42_24, sp. 885), Catenibacterium mitsuokai, Phascolarctobacter-
ium succinatutens, Oscillibacter sp. 57_20, and Eubacterium biforme.
UrbanRuralMixed cohorts showed intermediate patterns, with con-
sistent negative associations for Prevotella, Catenibacterium, Oscilli-
bacter, and Phascolarctobacterium, resembling patterns observed in
RuralTribal groups. The strengths of associations with Firmicuteswere
generally lower than IndustrializedUrban cohorts but higher than
RuralTribal groups. The consistent negative associations of B. ado-
lescentis with pathobiont Firmicutes were however, reproduced as in
the IndustrializedUrban groups. We computed the Association-Scores
separately for the 16S cohorts (Supplementary Data 11 and 12).
Association-scores for commonly detected non-bifidobacterial taxa
with individual bifidobacterial feature showed significant positive
correlations between the two sequencing-types (16S/WGS) in 22 of the
34 combinations (65%) across the four cohort categories (Supple-
mentary Fig. 15). Shannon/Pielou’s-evenness indices showed con-
sistent positive associations with four bifidobacterial features (overall
Bifidobacterium detection and B. longum/adolescentis/pseudocatenu-
latum abundances) in both the Infant and adult gutmicrobiomes from
IndustrializedUrban cohorts (irrespective of sequencing-type), but
weaker associations in microbiomes from RuralTribal cohorts (Fig. 3
and Supplementary Data 5–12). We next investigated the effects of
different host phenotypes and associated factors on these patterns,
starting with the effect of disease groups.

Control and disease groups show similar association patterns
between non-bifidobacterial taxa and bifidobacteria
Given the limited availability of patient gut microbiomes of different
diseases from non-Industrialized populations, here, we specifically
investigated the variation of non-bifidobacterial association patterns
(with different bifidobacterial features) in the adult/senior gut micro-
biomes from IndustrializedUrban cohorts. To investigate this in a
comprehensivemanner, we further supplemented our initial global gut
microbiome collection (of 46,218 gut microbiomes, 122 study-cohorts)
with data from 27 study-cohorts (an additional 5026 gut microbiomes)
containing matched diseased and non-diseased gut microbiomes
(resulting in a total of 13,913 gut microbiomes from 69 study-cohorts
with matched-diseased-control sub-groups) (see “Methods”, Supple-
mentary Note 2 and Supplementary Data 1). For ensuring robustness of
findings, we focused on six diseases, namely, colorectal cancer (CRC),
type-II-diabetes (T2D), cardiovascular disease, inflammatory bowel
disease, COVID and Parkinson's, for which > = 7 study-cohorts were
available in our data collection. For each of these diseases, we com-
puted the association scores of the non-bifidobacterial taxa with the
different bifidobacterial features as described in the previous section
(Fig. 3A and “Methods”), and compared the same with those obtained
with respect to the non-diseased controls from the same study-cohorts
(Fig. 4 and Supplementary Data 13).

For most bifidobacterial features (except B. catenulatum/animalis
abundance) and most diseases, association scores of non-
bifidobacterial taxa with bifidobacterial features in non-diseased con-
trols showed significant positive correlations with those observed in
disease cohorts, indicating largely conserved association patterns
(Supplementary Fig. 16 and Supplementary Data 14). The strongest
reproducibility was observed for the abundances of B. adolescentis, B.
longum, B. dentium, and B. breve, as well as for overall Bifidobacterium
detection. This was followed by B. pseudocatenulatum and B. bifidum,
which showed significant positive correlations between control-derived
association scores and those from four disease groups. This indicates
that, for most of the diseases and the majority of bifidobacteria, non-
bifidobacterial taxa showing higher association-scores with a given
bifidobacterial feature in controls also showed higher association-
scores with the same feature across the majority of disease-groups.

We observed several group-agnostic consistent patterns in this
investigation that mimicked those we observed for the overall asso-
ciation scores (Figs. 3 and4).B. adolescentis, followedbyB. longum and
the overall Bifidobacterium detection showed consistent positive
associations with health-associated butyrate-producing Firmicutes
along with Shannon/Pielou’s evenness indices. Similar patterns were
observed to a lesser extent for B. pseudocatenulatum and B. bifidum. B.
adolescentis also showed multiple negative associations with the
pathobiont Firmicutes (Fig. 4; also seen in Fig. 3), suggesting the
strongest association of these taxa with health-associatedmicrobiome
members. The particularly strong associations seen in disease-specific

Fig. 2 | Prevalence patterns of bifidobacterial taxa across study-cohorts, and
associationswith thenon-bifidobacterial gutmicrobiome. (Left panel) Heatmap
showing the prevalence patterns of the eight major bifidobacterial taxa and the
fraction of microbiomes with at least one bifidobacterial species detected (with
relative abundance > = 0.0001) across the different study cohorts. The study
cohorts have been divided based on the age groups (infant, adult, and senior). Also
indicated are the sequencing types (WGS or 16S) and the cohort type (Indus-
trializedUrban, UrbanRuralMixed, and RuralTribal). Panels on the right indicate the
associations of the non-bifidobacterial community compositions with the relative
abundances of the eight different bifidobacterial taxa, as well as the overall Bifi-
dobacterium detection rate. The associations were computed in each study-cohort
using PERMANOVA with the non-bifidobacterial community variations using two
different distance measures, namely Kendall and Bray–Curtis. The eight major
bifidobacterial taxa displayed strong variations in their prevalence, both with

respect to each other, as well as with respect to the age-group and cohort-type of
the study-cohorts. Many of these variations replicated previous observations. The
pattern of association of the non-Bifidobacterial community with the representa-
tion of the different Bifidobacterial taxa strongly correlated with their prevalence
rates across study cohorts of different age groups and cohort type. (Right panel)
Heatmap showing, for each cohort, whether significant associations (PERMANOVA
p ≤0.05; purple) were detected between non-bifidobacterial community compo-
sition and nine bifidobacterial features using PERMANOVA utilizing either
Bray–Curtis or Kendall distances as the non-bifidobacterial community beta-
diversity measures. Statistical significance of associations was assessed using
PERMANOVA, and p ≤0.05were considered significant. Multiple testing correction
was not applied, as PERMANOVA was conducted separately within each study-
cohort to assess independent associations, and the analyses were not intended for
aggregated inference across a unified hypothesis space.
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contexts further underscore their potential role beneficial probiotic
organisms (especially B. adolescentis/longum) capable of contributing
to the amelioration of diverse pathological conditions (Fig. 4).

At the other end of the spectrumwereB. breve and the pathobiont
B. dentium, that showed the opposite pattern with clear links to a
putatively detrimental microbiome (irrespective of control/disease-
groups): consistent negative associations with health-associated

Firmicutes and overall microbiome diversity and evenness and to a
lesser extent with normal-gut-associated Bacteroidetes members;
multiple positive associations with disease-associated taxa (B. breve
with pathobiont Firmicutes; B. dentium with oral-taxa that have been
linked to multiple diseases24).

Another association pattern robustly observed irrespective of
host-status (control-v/s-disease-groups) was consistent positive
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associations of especially B. longum/adolescentis/bifidum abundances
with other Coriobacteriaceae members (Figs. 3 and 4). We next inves-
tigated the effects of the different microbiome and host-associated
characteristics on the association patterns between the non-
bifidobacterial taxa and the nine bifidobacterial features.

Pattern of associations with non-bifidobacterial taxa remains
consistent for the dominant bifidobacteria after adjusting for
microbiome properties, diet, medications, and clinical char-
acteristics of subjects
We first investigated the effects of microbial load. Data pertaining to
the quantitative microbiome profiling (QMP) was already available in
theMetaCardis cohort (in the formof sample-specificmicrobial load)25

(Supplementary Note 3). We next evaluated whether accounting for
microbial load significantly alters the observed associations. For this,
we first obtained estimated quantitative microbiome profiles (or
absolute abundance profiles) of each taxon by multiplying the taxa
abundances with the sample-specific microbial load (as suggested in
the original study). We then recomputed associations between non-
bifidobacterial taxa and bifidobacterial features using the absolute
abundances (“Methods” and Supplementary Note 3).

The resulting absolute abundance-derived correlations were
highly consistent with the corresponding association scores obtained
using relative abundances. Specifically, for WGS-sequenced adult and
senior industrialized cohorts, significant positive correlations were
observed between absolute abundance-derived associations and
relative-abundance-based association-scores for all nine bifidobacter-
ial features in adults and for seven features in seniors (Supplementary
Fig. 17). Moreover, for the five bifidobacterial features that showed the
strongest and most consistent patterns across controls and disease-
groups (Fig. 4, Supplementary Figs. 16 and 17), correlations were uni-
formly high (≥0.50), indicating that the observed associations were
robust and largely independent of whether relative or absolute abun-
dances are used.

We then expanded our investigations to all cohorts and evaluated
whether the three microbiome properties, Shannon/Pielou’s evenness
indices and estimated microbial load for WGS datasets25, confounded
the observed associations between non-bifidobacteria taxa and bifi-
dobacteria. For this, we recomputed microbiome-property-adjusted
association scores, wherein study-specific correlations between non-
bifidobacterial taxa and the nine bifidobacterial features used to derive
the association scores were recalculated as partial correlations,
adjusting for the three microbiome properties (see Supplementary
Note 3, “Methods”, Supplementary Figs. 18A, 19, and Supplementary
Data 15). Partial correlations quantify the strength of association
between two variables while controlling for one or more confounding
factors. Correlating the microbiome-property-adjusted association
scores with the overall association scores for all cohort types revealed
significant positive correlations in 91 of the 95 tested scenarios, indi-
cating that non-bifidobacterial taxa showing unadjusted higher asso-
ciation scores with a given bifidobacterial feature also showed higher
microbiome-property-adjusted association scores with the same

property (Fig. 5A and Supplementary Fig. 18B). Thus, overall micro-
biomeproperties exert limited influence on these association patterns.

We next investigated the effects of diet, medications, and host
clinical markers. Across the investigated cohorts, a subset (listed in
Supplementary Data 16) contained metadata pertaining to these three
metadata categories. For each cohort-category combination, both the
metadata schemas and measured variables varied substantially
between cohorts. To address this heterogeneity, we summarized var-
iations for a givenmetadata category in a cohort using robust principal
component analysis and principal coordinate analysis, retaining the
top three components fromeachmethod (which together capturedon
average 73.47% of total variation across all cohort-category combina-
tions) (Supplementary Fig. 20).

We then recalculated associations between non-bifidobacterial
taxa and bifidobacteria features (in each cohort-category combina-
tion) as partial correlations, adjusting for these six metadata compo-
nents. This yieldedmetadata-adjusted association-scores that account
for major confounding variation (Supplementary Figs. 18C, 21, Sup-
plementary Note 3, and Supplementary Data 17). Correlating these
metadata-adjusted association scores for the different metadata with
the overall association scores (for the specific cohort types) yielded
significant positive correlations in 46 out of the 48 scenarios (Fig. 5B),
indicating significant similarities in the adjusted and unadjusted
association patterns.

The similarities were especially strong for five bifidobacterial
features (B. longum/adolescentis/breve/dentium relative abundances
and the bifidobacterial detection rates) (average correlation =0.56).
The other four bifidobacterial taxa showed significant correlations
across a majority of scenarios, albeit with weaker association
strengths. These observations indicate that these metadata have a
limited influence on the majority of associations between non-
bifidobacterial taxa and bifidobacteria.

Careful investigations of the association patterns across the four
variants of association-scores (investigated herein; overall, across
diseases, microbiome-property-adjusted; diet/medication/clinical-
marker-adjusted) further highlighted the reproducibility of the asso-
ciations of some of the bifidobacteria with some of the major non-
bifidobacterial taxonomic groups (described earlier) (Fig. 5C). For B.
animalis and B. bifidum, which did not show consistent pattern with
any broader non-bifidobacterial groups, we observed consistent
positive associations with specific taxa consortia (B. animalis with
known probiotic Streptococcus thermophilus, Gordonibacter pame-
laeae, and Intestinibacter barlettii; B. bifidum with Collinsella aero-
faciens/intestinalis, Olsenella scatoligenes and health-associated
Lactobacillus ruminis) (Fig. 5C).

Post-treatment increase of Bifidobacterium probiotics can be
significantly predicted by microbiome-level receptive-scores,
computed using the association-scores and baseline abun-
dances of the administered Bifidobacterium probiotic
We next investigated the translational applicability of these associa-
tion scores. We collated data from eight independent trials in this sub-

Fig. 3 | Association patterns of the non-bifidobacterial taxa and three micro-
biome properties (Shannon index, Pielou’s evenness index and estimated
microbial loadwithdifferent bifidobacterial features), quantitatively captured
as association-scores, stratified by profiling-strategy or sequencing-type (16S/
WGS), age-group (infant/adult/senior), and lifestyle category (Indus-
trializedUrban/UrbanRuralMixed/RuralTribal). A Schematic illustration of the
methodology used to compute the association score for a given non-bifidobacterial
taxon, along with Shannon index, Pielou’s evenness index and estimated microbial
load with a specific bifidobacterial feature within cohorts of a defined category.
Finally, the overall association scores are graded based on the consistency of
association patterns to compute graded association scores (following the approach
asmentioned in Supplementary Note 2). B Association-score patterns for different

non-bifidobacterial taxa and three microbiome properties with various bifido-
bacterial features across cohorts of different categories. Only those non-
bifidobacterial taxa with showing an association score with absolute value > = 0.25
with at least two Bifidobacterium-feature-cohort-type combinations are shown
here. For ease of display for driving insights and identifying specific patterns,
association-scores for each Bifidobacterium-feature-cohort-type combinations
were further graded with the top 10% positive association-scores shown in dark
blue and the top 10% negative association-scores shown in dark pink, as denoted in
the legend (refer to Supplementary Note 2). The complete association-scores list
and the association-scores for 16S cohorts are provided in Supplementary
Data 11 and 12.
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analysis, encompassing a total of 1633 gut microbiomes from
507 subjects (Supplementary Data 1 and 18; described in detail in
Supplementary Note 4)11,15,26–31. While seven of these trials directly
administered different live Bifidobacterium probiotics (either alone or
in combination), one of the trials had utilized B. adolescentis, B. ani-
malis and galacto-oligosaccharide (GOS), a prebiotic aimed at
increasing bifidobacterial species composition in general in infants.

Across the trials, the association patterns of the non-bifidobacterial
taxa were reasonably reproduced (significant positive correlations
between 0.25-0.69 for WGS cohorts (see “Methods”, Supplementary
Note 5, Fig. 6A, and SupplementaryData 19A).We also observed strong
reproducibility of the association patterns for the 16S adult/senior sub-
group cohorts, one Infant-specific cohort15 (Supplementary Note 5,
Supplementary Fig. 22A, B, Supplementary Data 19B and 20).
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We next investigated the translational applicability of our findings.
In other words, we explored whether the cohort-type-stratified asso-
ciation scores of the various non-bifidobacterial taxa for the different
bifidobacteria (Fig. 3A) could be utilized to formulatemicrobiome-level
quantitative measures for stratifying or ranking individuals based on
their gut microbiome’s receptivity to different Bifidobacterium pro-
biotics. We referred to these measures as microbiome-level receptive
scores. Given a target bifidobacterial feature and microbiomes of a
specific category (based on host-age, host life-style and 16S/WGS pro-
filing), the corresponding receptive scores were computed using a two-
step approach (Fig. 6B). In the first step, given a set ofmicrobiomes of a
specific category, we considered the abundances of all non-
bifidobacterial taxa and computed cumulated weighted sums, where
in the abundances of the non-bifidobacterial taxa were weighted by
their corresponding association scores computed previously for
microbiome-types of that category (Fig. 3B) (the abundances of only
those non-bifidobacterial taxa with matching association scores were
considered). This approach ensured that microbiomes with a greater
abundance of non-bifidobacterial taxa, which globally show consistent
positive associations with a target Bifidobacterium, received higher
scores (and those having greater abundance of microbes showing
consistent negative associations received lower scores). Ranking these
scores across a population-cohort facilitates effective ranking of indi-
viduals based on how well their current microbiome is expected to
support the target Bifidobacterium species. We referred to this the
expected-representation-score for that Bifidobacterium.

Expected-representation-scores quantify how supportive a com-
munity is for a given Bifidobacterium, based on the composition of
other resident taxa. However, the receptivity of a community for a
particular Bifidobacterium feature (in terms of the future success of its
administration/supplementation in a community, measured by persis-
tence or increase) also depends on the existing abundance of that
Bifidobacterium. Communities already rich in a specific Bifidobacterium
mayhave limited capacity to accommodatemoremembers of the same
lineage and might not show a noticeable increase/persistence after its
administration32,33. Therefore, it’s equally important to rank individuals
based on the current (or the baseline) abundance of the target Bifido-
bacterium in their gut. Thus, for every gut microbiome from a specific
population group (based on cohort characteristics as described above)
and a target Bifidobacterium feature, we can calculate a receptive score
as the difference between the ranked expected-representation-score
and the ranked baseline abundance of the target Bifidobacterium fea-
ture. A higher receptive-score suggests that the microbiome can
accommodate a higher representation of the target Bifidobacterium
probiotic, thus identifying individuals whose gut environment is con-
ducive to increase of the target Bifidobacterium, considering both its
current levels and the supportive microbial context.

Next, we validated the concept/applicability of receptive scores in
the eight validationBifidobacterium intervention trials (Supplementary
Data 18). The first trial to be investigated was by Maldonado-Gomez et

al., which had investigated the persistence of Bifidobacterium longum
AH1206 in 23 individuals11. In only 30% individuals (the persisters), the
strain had shown long-term persistence, and this pattern was asso-
ciated with variations in the baseline microbiome. We thus checked
whether the receptive-scores for B. longum (using the corresponding
B. longum association-scores in microbiome types profiled using WGS
in adult individuals with IndustrializedUrban life-styles) in the baseline
gut microbiomes of this specific trial dataset could distinguish future
persisters and non-persisters. Notably, the computed baseline recep-
tive scores were significantly higher for persisters compared to non-
persisters (Mann–Whitney U-test p: 0.018; Fig. 6C). This provided the
first validation, suggesting that baseline receptive scores can effec-
tively identify individuals likely to exhibit future persistence of the
target probiotic.

Encouraged by this initial validation, we investigated all eight
Bifidobacterium-associated trials (See Supplementary Note 4 and
Supplementary Data 18)15,26,28–31,34. For each of the trials, we identified
the target Bifidobacterium-related feature (or features) that was (were)
expected to be increased. The feature investigated was either the
ranked abundance of any of the eight Bifidobacterium taxa or the
overall Bifidobacterium detection. To evaluate whether the baseline
receptive score for a given target property was predictive of its future
increase, we utilized two approaches. First, we employed robust linear
regression (RLR) models across each trial (see “Methods” and Fig. 6D),
where we tested whether the receptive-score was associated with the
property’s post-treatment increase, after adjusting for its cohort-
ranked baseline abundance as a covariate to control for its potential
confounding effects. This was because both the receptive-score and
the ranked post-treatment increase are derived from the ranked
baseline abundance (Fig. 6D). Secondly, for each trial-Bifidobacterium
probiotic combination, we developed a linear regression-based vali-
dation approaches to predict post-treatment increases in the corre-
sponding Bifidobacterium feature. Predictions were based on baseline
abundance and the baseline receptive score for the relevant feature,
using leave-one-observation-out cross-validation (LOOCV), in which
the target subject was excluded from model training.

Across the 13 trial-Bifidobacterium-feature combinations (in eight
trials), the RLR-models showed significant positive relationship
between the baseline receptive-score and an increase of the target
Bifidobacterium(s) (RLR coefficient > 0; p < =0.05) in 9 combinations
(in 11 combinations, positive RLR coefficient with p < =0.1). Thus,
overall, in 9 out of 13 trial-Bifidobacterium-feature combinations
(69.23%), we observed that higher baseline receptive scores are sig-
nificantly associated with increased post-treatment increase/persis-
tence of the target Bifidobacterium. Similarly, in LOOCV, a linear
regression model showed significant positive correlations between
predicted and observed increases in Bifidobacterium features in
69.23% of combinations (9/13 combinations for LOOCV) (Supplemen-
tary Note 4, Fig. 6D, and Supplementary Data 21). To further assess the
robustness of these associations, we recomputed both the RLR and

Fig. 4 | Associations of the non-bifidobacterial taxa groups with the different
bifidobacterial features show consistent patterns between control and six
different disease groups. Association scores computed for different non-
bifidobacterial taxa with various bifidobacterial features across cohorts of six dif-
ferent diseases viz. colorectal cancer (CRC), type-II diabetes (T2D), cardiovascular
diseases (CVD), inflammatorybowel disorder (IBD),COVID andParkinson’s disease)
and apparently non-diseased individuals obtained by investigating the matched-
control-sub-cohorts for each of the 69 studies corresponding to these six diseases.
Only those diseases were considered where the data was available for at least seven
study-cohorts, and only those non-bifidobacterial taxa showing consistent asso-
ciation patterns (absolute value of association-score > = 0.25 to capture both con-
sistent positive and negative associations) with different bifidobacterial features in
more than two Bifidobacterium-feature-disease combinations are shown here. In
this figure, the heatmap shows the graded association-scores, which is computed

using the disease association-scores by grading the scores based on the strength of
associations as elaborated in Supplementary Note 2. The deep blue and deep
raspberry colors indicate the strong (top 10%) positive and negative associations,
respectively, whereas sky blue and light pink cells indicate other (apart from top
10%) positive and negative associations, respectively. The complete graded
association-scores list is provided in Supplementary Data 13. The line plot shows
the number of bifidobacteria-category (diseases/controls) pairs showing strong
association (top 10% association scores across a particular category), where the
blue line indicates strong positive associations and the red line indicates strong
negative associations. Non-bifidobacterial taxa are colored depending upon the
groupings based on mostly their taxonomic lineage as well as their associations
with human health. Interestingly, we observe certain non-bifidobacterial group-
specific patterns with different bifidobacteria, which have been highlighted on the
heatmap panel.

Article https://doi.org/10.1038/s41467-026-72289-9

Nature Communications |         (2026) 17:5678 10

www.nature.com/naturecommunications


LOOCV analyses for the same trial-Bifidobacterium-feature combina-
tions by additionally including the association scores derived from
microbiomeproperties, namely, Shannon/Pielou’s evenness indices, as
well as estimated microbial load (in WGS cohorts). The RLR models,
incorporating these additional features, retained a significant positive
association between the receptive score and post-treatment increases
in the targetBifidobacterium features in 9out of 13 combinations,while

the LOOCV-based linear regression models showed significant corre-
lations between predicted and observed increases in 10 out of 13
combinations, including the Gomez trial, indicating similar perfor-
mance (Supplementary Data 21). Collectively, these results demon-
strated the ability of the receptive scores as an efficient predictor of
Bifidobacterium increase or persistence across trials (Supplementary
Data 21).
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In addition, there were also groups of trials administering the
same bifidobacteria (as probiotic) on cohorts of the similar types
(three trials administering B. animalis and two trials administering B.
adolescentis on adult/senior IndustrializedUrban cohorts)26,28,29. Within
cohort-pairs of the same category, we further assessed the robustness
of the receptive score framework using cross-cohort validations of
linear regressionmodels (trained on one cohort and test on the other)
to predict the post-treatment increase of the administered probiotic
using the cohort-stratified baseline receptive-score of that bifido-
bacteria and its baseline abundance as predictors (Fig. 6E). Seven of
the eight such pairwise cross-cohort validations yielded significant
positive correlations between predicted and actual abundance of the
administered bifidobacteria (Fig. 6F–I and Supplementary Fig. 23),
indicating the translational applicability of the concept of receptive-
scores to predict response in individuals across novel unseen cohorts.
Together, these results highlight the translational applicability of the
identified association patterns, where in the cohort-type-stratified
baseline receptive scores, along with baseline abundance of the target
bifidobacteria, can be used to predict its future persistence or increase
in subjects.

Two of the trials, RamakrishnanM_2025 and BaZ_2021, also con-
tained metadata pertaining to the change in different health-linked
clinical parameters pertaining to a subset of subjects29,31. For eight of
the 10 subjects constituting the RamakrishnanM_2025 trials, there was
a negative correlation between receptive scores (for B. adolescentis)
and an increase in gastrointestinal symptoms (Diarrhea incidence:
R = −0.76; p = 0.02 [significant]; abdominal pain: R = −0.58; p =0.13;
faecal urgency: R = −0.41; p =0.3) (Supplementary Fig. 24A–E and
Supplementary Note 6). While we could not attain statistical sig-
nificance because of the limited cohort size, there was a significant
positive correlation between receptive score and overall reduction in
all gastrointestinal symptoms (R = 0.73; p =0.038). Similarly, for the
BaZ_2021 B. animalis trial, higher receptive scores at baseline were
associated with reduction in multiple markers of inflammation, like
CD3–CD8 ratio, interleukin-2, tumor-necrosis-factor, and interleukin-
6. Thus, for the limited set of subjects where the clinical response data
was available, higher baseline receptive scores were associated with
better clinical responses (Supplementary Fig. 24F–I and Supplemen-
tary Note 6).

Specific genome-level functional features of the different non-
bifidobacterial taxa link to their association scores with the
different bifidobacterial lineages
Associations between microbes are reflections of their functional
interactions, which may promote better colonization of a Bifido-
bacterium in a community32,33. Thus, next, we attempted to identify the
functional features of the non-bifidobacterial taxa members that were
associated with the relative abundance of the different bifidobacteria.

Using a systematic approach, we collected a set of 24,980 genomes
belonging to 66 consistently occurring non-bifidobacterial gut
microbial taxa for which association-scores were obtained against
multiple bifidobacterial features and profiled their genome-level
functional signatures, annotating them using the eggNOG mapper
pipeline and finally obtained a list of 16,077 non-redundant functional-
groups (see “Methods”, Supplementary Note 7, Figs. 3B and 7A, and
Supplementary Fig. 25).

Subsequently, for each of the nine bifidobacterial features, we
devised two-step RF models to predict the corresponding association
scores of the non-bifidobacterial taxa based on these functional
groups (see Fig. 7A, Supplementary Fig. 25, and “Methods”).

These two-step RF models, for each Bifidobacterium feature,
resulted in distinct sets of informative functional-groups and demon-
strated strong predictive power for the prediction of the corre-
sponding association-scores with significantly positive out-of-box
correlations between the actual and predicted association-scores
(ranging 0.33–0.70) all 9 features (Fig. 7B). These results indicated that
association strengths of the non-bifidobacterial taxa with respect to
the different bifidobacterial features are strongly linked to their
genome-level functions. Applying further filtration criteria, we finally
identified a set of 162 functional groups that showed significant asso-
ciation with multiple Bifidobacterium features (and were contributed
by multiple non-bifidobacterial taxa) (Supplementary Data 22). The
biochemical and mechanistic bases of many identified functional
groups across Bifidobacterium species were not immediately evident.
We focused on a subset of 68 groups showing positive associations
with eitherB. adolescentis/B. longum or B. breve/B. dentium showed the
strongest positive and negative associations with health-associated
non-bifidobacterial gut microbiome, respectively. Deeper investiga-
tions identified certain patterns providing into the cross-feeding
interactions in the gut community (described in detail in Supplemen-
tary Note 8 and Supplementary Fig. 26).

Functional groups showing positive links with B. adolescentis/
longum abundance were predominantly observed in the genomes of
the health-promoting members (majority of them butyrate) of the gut
microbiome (Supplementary Note 8 and Supplementary Fig. 26).
These included functional groups like Shikimate dehydrogenase and
pantothenate kinase, which are associated with the production of
essential aromatic acids (e.g., tryptophan) and the vitamin pantothe-
nate (and coenzyme-A, a precursor for short-chain fatty acids or SCFAs
like butyrate). Notably, we identified many functional-groups which
are associatedwith the production of SCFAs or their precursors. These
included proteins like alpha-glucoside sugar transporters (involved in
the internalization of simple sugars), GH32 CAZyme (breakdown of
fructo-oligosaccharides into fermentable substrates for butyrate
synthesis), threonine biosynthesis functional-groups (precursor for
SCFA propionate), and aspartate aminotransferase (conversion of

Fig. 5 | Association patterns between non-Bifidobacterium taxa and Bifido-
bacterium features are conserved across host clinical phenotypes and after
adjustment for diet, medications, and overall microbiome properties. A Bar
plots showing Spearman correlations between the original association-scores and
the association-scores computed using study-specific partial correlations of non-
bifidobacterial versus bifidobacterial features, after adjusting formicrobiome-level
properties, Shannon index, Pielou’s evenness index and estimated microbial load.
Results are shown across age groups (infant, adult, and senior) and cohort lifestyle
(IndustrializedUrban, UrbanRuralMixed, and RuralTribal). Bars correspond to
individual Bifidobacterium taxon and overall Bifidobacterium detection as denoted
in the color legends. B Bar plots showing Spearman correlations between overall
association-scores and association-scores adjusted for host metadata, including
diet,medication, and clinical characteristics, stratified by sequencing-type (16S and
WGS). Spearman's rank correlation (two-sided) was used to assess associations
between scores. p ≤0.05 were considered significant. Multiple testing correction
was not applied, as each correlation was evaluated independently within

predefined strata, and the analyses were intended to assess consistency of asso-
ciations rather than to identify novel discoveries across a common hypothesis set.
All p-values are displayed within each bar; statistically significant associations
(p ≤0.05) are highlighted in blue, while non-significant ones are shown in black.
CNetworkdiagram summarizing themost consistent associationpatterns between
bifidobacteria and non-bifidobacteria (both broad taxonomic groups as well as
individual taxa (that are conserved across host clinical phenotypes and after
adjusting for host diet, medications, and overall microbiome properties). The
networkwas constructed by integrating association patterns from four association-
score variants: overall, stratified by controls and disease-groups, microbiome
property adjusted, and diet,medication, and clinical adjusted. Distinct edge shapes
indicate associations thatwere consistently observedacross the individual variants.
Edge widths represent the mean positive or negative association scores between
bifidobacteria and non-bifidobacteria, stratified by levels of consistency (top 10%,
top 20%, and top 25%). Edge colours indicate the direction of the association, with
blue denoting positive and red denoting negative associations.
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aspartate to butyrate precursors oxaloacetate and glutamate). The
identification of multiple functional groups associated with simple
sugar import and SCFA production has important implications for
understanding the mechanistic basis of these consistent associations
between non-bifidobacterial taxa and bifidobacteria (discussed later).

In contrast, non-bifidobacterial functional groups positively
associated with B. breve/B. dentium, were enriched for proteins

involved in the transport of metal ions (iron, zinc, and manganese)
(predominantly observed in oral taxa) and glycine betaine, a tri-
methylamine (TMA) precursor (Supplementary Fig. 26). Metal ion
uptake/sequestration are strategies employed by certain microbes,
particularly pathogens and pathobionts, to outcompete commensals
by limiting micronutrient availability, thereby disrupting gut
homeostasis.
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Despite these specific patterns that explained some of the asso-
ciation patterns, the mechanistic basis of the other functional groups
needs experimental investigations. We have provided a list of the non-
bifidobacterial protein sequences belonging to these functional
groups in the GitHub repository containing the results of this study
(https://github.com/Sourav-MiRe/Project_Bifidobacterium; https://
doi.org/10.5281/zenodo.19311870). This list represents a set of non-
bifidobacterial functional genes that can be evaluated further to probe
the intestinal ecology of commensal microbes.

Discussion
Although variation of baseline gut microbiome has been implicated as
a key factor in determining personalized colonization/persistence
patterns of different probiotic species11,35, systematic identification of
the determinants (both taxonomic and functional) of colonization/
persistence/high-representation patterns of health-associated taxa has
been very limited.

Our study is an effort in this direction. By leveraging a large
dataset of over 50,000 gutmicrobiomes from 149 cohorts, we identify
how the different non-bifidobacterial microbes link with the abun-
dances of different bifidobacteria and overall detection across indivi-
duals of different age-groups, industrialization status and six major
diseases (quantified and reported as cohort-stratified association
scores). To further measure the effect of various microbiome prop-
erties and host-associated factors on these association patterns, we
also measure the extent of these associations after adjusting for these
factors (for a subset of adult/senior Industrialized cohorts) for which
the data was available.

In this sub-group of cohorts (adult/senior, IndustrializedUrban),
association-scores are strongly correlated: non-bifidobacterial taxa
that interact more strongly with a given Bifidobacterium also show
stronger associations overall, largely independent of host status, diet,
medication use, clinical markers, or microbiome composition.
Importantly, many strong non-bifidobacterial-bifidobacterial associa-
tions are consistently reproduced across host statuses and dietary/
medication contexts, suggesting genuine microbe–microbe interac-
tions with limited host influence.

Some of these associations have mechanistic bases. The positive
associations of B. adolescentis/longum with butyrate-producing Fir-
micutes, as well as other Coriobacteriaceae members like Collinsella

(also known producers of SCFAs)36,37, could be due to specific cross-
feeding interactions14,32. Bifidobacteria produce acetate and degrade
dietary and host-associated glycans into simple sugars (e.g., fucose,
galactose), which can then be internalized by these saccharolytic gut
fermenters for their growth and as precursors for SCFA production.
SCFAs feed the human intestinal epithelial cells and stimulates the
production of mucins, acting as sources of glycan fueling Bifido-
bacteria growth, thus resulting in symbiotic cross-feeding cycle38.
Notably, many of these associated functions, e.g., those involved
the internalization/transport of sugars and involved in SCFAs and
SCFA precursors synthesis, are also identified in our machine-
learning-based identification of functional groups associated with
increased B. adolescentis/longum relative abundances (Supplemen-
tary Fig. 26).

Interestingly, Bacteroidota taxa, like B. thetaiotaomicron and P.
copri, also have similar metabolic activities in the gut as bifidobacteria
(acetate production, dietary/host glycan digestion into simple sugars),
and thus may compete with bifidobacteria for similar metabolic roles.
This could partly explain the consistent negative associations
observedbetween these taxa and certain bifidobacteria in the adult gut
microbiomes (from IndustrializedUrban to RuralTribal cohorts).

Similarly, preclinical studies and human trials have also shown the
administration of bifidobacterial probiotics to be associated with
decrease in the host levels of TMA and its downstream metabolite
trimethylamine-N-oxide (TMAO) and the abundances of TMA-
producing pathobiont Firmicutes, like Clostridium asparagiforme/
hathewayi/citroniae39,40. Consistent with the negative associations of
these groups with B. adolescentis/longum, we also identified glycine-
betaine transporters that were negatively associated with B. ado-
lescentis abundance. Glycine-betaine is a precursor of TMA/TMAO,
metabolites that have been consistently linked to diseases, such as
atherosclerosis, neuroinflammation, and colorectal cancer23,41,42.
However, the mechanistic bases of such links still need to be
investigated.

Association patterns also exhibited pronounced cohort-type-
specific trends. Positive associations between Bifidobacterium spe-
cies and butyrate-producing Firmicutes were strongest in adult gut
microbiomes from IndustrializedUrban cohorts, weakened in senior
and UrbanRuralMixed cohorts, and were largely absent in RuralTribal
cohorts. Similarly, the negative associations with Bacteroidetes

Fig. 6 | Reproducibility of association scores and utility of baseline Bifido-
bacterium receptive scores for personalized prediction of future increase/
persistence. A Bar plots showing the Spearman correlations between the asso-
ciation scores of the different bifidobacterial taxa with eight major bifidobacteria
computed for the WGS-profiled adult/senior cohorts with IndustrializedUrban
population-type in the discovery dataset with the same association scores recom-
puted within the cohorts of the same microbiome-type in the validation dataset.
Overall, these results indicate a strong and significant (exact p values have been
displayed above each horizontal bar as well as provided in the corresponding
source data) reproducibility of the association patterns of the different non-Bifi-
dobacterium taxa with the different Bifidobacterium taxa in the discovery and
validation cohorts.B Strategy for computing themicrobiome-level receptive-score
for a given Bifidobacterium feature, given the microbiome-type of the specific
cohort (characterized by the specific age-group, cohort-life-style and microbiome-
profiling strategy). C Boxplots showing the significantly higher baseline B. longum
receptive-scores for the persisters compared to the Non-Persisters in the
Maldonado-Gomez et al. cohort, along with the p-value. For the boxplot, p value of
pairwise group comparisons using the Mann–Whitney U test (two-sided) is also
indicated. In the boxplot, the center line is themedian; box limits are the upper and
lowerquartiles; andwhiskers are 1.5 times the interquartile range (outlier points are
not included in the visualization). D Horizontal flow diagrams illustrate significant
associations between baseline receptive scores and post-treatment increases in
target Bifidobacterium-associated features. Post-treatment increase is defined as
the rank-scaled difference between immediate post-treatment and the baseline
values. Associations were assessed using RLRs (two-sided; “Methods”), with

receptive-score as the predictor, post-treatment increase as the outcome, and
baseline feature levels as confounders (specified per model). No multiple testing
correction was applied, as analyses were performed independently for each trial-
feature combination. Each diagram presents results for seven Bifidobacterium-
focused trials, covering thirteen trial-Bifidobacterium combinations. The RLR and
LOOCV column highlights significant positive association (* denotes p ≤0.05 and
coefficient > 0; α denotes 0.05 < p ≤0.1 and coefficients > 0). The exact p-values for
all comparisons are provided in Supplementary Data 21. E Approach adopted for
the cross-cohort validation using the linear regression model designed to predict
post-treatment increase of B. animalis based on receptive scores and baseline
abundance of B. animalis. F–I Results of the cross-cohort validation of these linear
regression models with SunB and BaZ as the testing cohorts. For each scatterplot,
individual points represent microbiomes, where the number of microbiomes (n)
are as follows: F (n = 19), G (n = 18), H (n = 18), and I (n = 19). The best-fit line indi-
cates the trend of association between variables. Shaded regions around the (y v/s
x) linear-regression-estimated best-fitted lines represent 95% confidence intervals
of the estimated mean value of the variable on the y-axis, calculated as the fitted
value ± 1.96 × standard error (s.e.) of the linear regression-derived fit based on the
variable on the x-axis. Correlation coefficients (Spearman’s rho) and corresponding
two-sided p values are shown to quantify the strength and significance of the
relationship. No multiple testing correction was applied, as each analysis was
conducted independently for predefined hypothesis-driven trial-feature combina-
tions, thereby limiting the risk of inflated false discovery rates and rendering
additional correction unnecessary.
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lineages observed in adult/senior gut microbiomes were not detected
in infants, where the direction of association was reversed, indicating
age-dependent restructuring of Bifidobacterium–microbiome interac-
tions. By investigating a large collection of diverse gut microbiomes
and computing cohort-type-stratified association scores, our analysis
thus extends the understanding of baseline-gut-microbiome-to-bifi-
dobacterial association patterns.

The key highlight of this study is the development ofmicrobiome-
level receptive scores, that highlight the translational relevance of our
findings. These scores provide a quantitative measure of the micro-
biome’s capacity to support colonization and persistence of the
administered bifidobacteria. Using multiple complementary frame-
works, we show the utility of receptive scores in predicting post-
intervention increase/colonization/persistence of the administered
bifidobacteria as well as for stratifying individuals in personalized
probiotic interventions.

Microbiome-based therapies (including probiotics) have two dif-
ferent levels of responses, first, colonization/persistence/abundance-
increase of the administered health-associatedmicrobe(s) and second,
the clinical efficacy. Thesemay occur synergistically or independently.

While clinical outcome data were available for only a limited subset of
the trials investigated here, validation in these few cohorts with
accompanying clinical metadata suggests that receptive scores may
also be predictive of clinical efficacy. However, substantially larger
numbers of intervention trials with detailed clinicalmeasurements will
be required to rigorously evaluate this potential.

As a data-driven analysis of publicly available microbiome data-
sets, this study has certain limitations. While we report certain
metadata-adjusted association scores for a minority of cohorts,
broader stratification by these variables was not possible due to their
unavailability, particularly in cohorts, especially from infants and non-
Industrialized populations. In addition, despite incorporating cohorts
spanning a wide lifestyle gradient, there remained a relative paucity of
studies from non-Industrialized populations, especially within infant
and senior age groups. Lastly, while we have investigated the asso-
ciation patterns at the species-taxonomic-level,multiple Bifidobacteria
have shown consistent strain-wise variations in their colonization
patterns and thus may show variabilities of association patterns with
different non-bifidobacterial lineages43. This forms the objective of one
of our future investigations.

Fig. 7 | Non-bifidobacterial taxa-derived functional groups show predictive
ability of different bifidobacterial association scores. A Schematic overview of
generating non-bifidobacterial taxa derived 162 functional groups showing con-
sistent associations with bifidobacterial taxa, starting from curation of high-quality
genomes (including MAGs), followed by functional annotations, random-forest
based feature selection, prediction of association-scores, and finally correlating
original vs. predicted association-scores to identify the consistent set of functional
groups B Here in this panel, the scatter plots show the actual vs predicted
association-scores (n = 66) along with the best fit curve which shows the extent of
positive correlation in our case. The Spearman’s rho and p value have been shown
in red color (where p ≤0.05) on the individual plots, and interestingly, for all nine
Bifidobacterium features, the actual and predicted association scores show

significant positive correlation. For each scatterplot, individual points represent
non-bifidobacterial taxa. The best-fit line indicates the trendof association between
variables. Shaded regions around the (y v/s x) linear-regression-estimated best-
fitted lines represent 95% confidence intervals of the estimated mean value of the
variable on the y-axis, calculated as the fitted value ± 1.96 × standard error (s.e.) of
the linear regression-derived fit based on the variable on the x-axis. Correlation
coefficients (Spearman’s rho) and corresponding two-sided p values are shown to
quantify the strength and significance of the relationship. No multiple testing
correction was applied, as the analyses were performed on a limited number of
predefined, hypothesis-driven feature sets and evaluated independently for each
bifidobacterial feature, minimizing the likelihood of spurious associations.
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Despite these limitations, the identification of consistent cohort-
type-stratified association patterns between non-bifidobacterial and
bifidobacterial lineages, the utilization of these association patterns to
buildmicrobiome-level bifidobacterial receptive-scores and the robust
validation of these scores to predict personalized patterns of persis-
tence/increase of the administered Bifidobacterium taxa in diverse
intervention trials, demonstrate the applicability of our global analysis
in formulation of approaches to predict personalized responses to
bifidobacterial-probiotic interventions. Beyond microbiome receptiv-
ity, our findings further provide insights into how the gut microbiome
likelyoperates as a trophic network that is shapedby cross-feeding and
metabolic dependencies, wherein cooperativity and competitive
interactions shape structure community assembly and influence pro-
biotic colonization outcomes. Our data identify taxa whose interac-
tions can be further explored at functional resolution level in future
studies that integrate multi-omics measurements, including metage-
nomics, metabolomics, flux-based modeling, and artificial in vitro
consortia. Controlled perturbation and longitudinal intervention stu-
dies can also help establish causal links between ecological network
structure and probiotic persistence dynamics.

Methods
Collation of discovery study cohorts
The collation of the datasets was performed integrating two sources
(listed in Supplementary Data 1). First, was the dataset collation of
124 study cohorts from a recently published study by our group16. This
group of studies majorly contained gut microbiomes from adult and
senior populations. This was supplemented by 33 additional study-
cohorts from infants/adult/senior available either as part of the cur-
atedMetagenomicData repository (https://github.com/waldronlab/
curatedMetagenomicData), or downloaded as part of extensive lit-
erature searches and processed for inclusion in the analysis44–49.

The individual microbiomes were categorized into three age-
based groups according to the age of the corresponding hosts: infants/
newborns (≤2 years), adults (18–60 years), and seniors (>60 years). In
certain studies, while individual-level age data were unavailable, the
study-cohorts were reported to fall within specific age ranges, as
indicated in the respective publications50–56. In such cases, all micro-
biomes from those cohorts were assigned to the appropriate age
group (infant, adult, or senior) based on the available cohort-level
information. Additionally, each microbiome was assigned to one of
three lifestyle groups, namely IndustrializedUrban, UrbanRuralMixed,
or RuralTribal, that are reflective of the general lifestyle of the study
cohort. This cohort-life-style classification was performed using the
nationality and geographic location of the participants using meth-
odologies described in previous studies from our group16,17. For each
study-cohort, we also recorded the profiling strategy employed,
namely 16S rRNA gene sequencing (16S) or whole genome shotgun
(WGS) sequencing. Additional metadata, such as gender, disease or
study condition, birth mode, and others, were available for some
cohorts. However, these variables were not included in the current
analysis due to their limited availability across cohorts or because they
have already been investigated in previous studies12–14.

Taxonomic profiling
For datasets obtained using the curatedMetagenomicData repository,
the taxonomic profiles of all shotgun datasets (or cohorts) generated
usingmetaphlan3 were already available57. For this reason, tomaintain
uniformity of profiling, we profiled the taxonomic composition of all
WGS microbiome datasets of cohorts of not obtained from cur-
atedMetagenomicData using metaphlan3. Microbiome datasets
using 16S were all profiled using SPINGO58. The taxonomic profiled
obtained for each study-cohort were subdivided into sub-parts, one
containing the abundances of the non-bifidobacterial taxa (which was

renormalized after removing the abundances of the different bifido-
bacterial species), and the second containing the abundances of only
the bifidobacterial species.

Filtering out sparsely detected species
We divided the study cohorts into two bins based on their sequencing
type. For each bin, we selected a subset of taxa detected consistently
across multiple cohorts using the strategy summarized below (and
described in detail in Supplementary Note 1).

Profiling of different bifidobacterial across study cohorts
To first profile the prevalence pattern, the abundance matrix corre-
sponding to the different bifidobacterial species were first converted
to a detection matrix to investigate cohort-specific prevalence pat-
terns for the different bifidobacterial species. In the detectionmatrix, a
given Bifidobacterium species with a relative abundance > =0.0001
was marked as 1 (or detected) and 0 (not-detected) otherwise. The
threshold of 0.0001 was determined based on previous studies using
simulated metagenomes, especially using the Metaphlan approach,
which have observed that, for abundance values > =0.0001, there was
a linear relationship between the actual abundance values, indicating
reliable taxonomic assignments. While the detection profiles were
utilized for investigating the association patterns of different Bifido-
bacterium species with different cohort-specific characteristics like
sequencing-type, cohort lifestyle, and host age-group, the abundance
matrix was utilized for investigating the association of the non-
bifidobacterial community members with the overall Bifidobacterium
detection as well as with the relative abundances of the eight major
Bifidobacterium taxa.

Association of the detection pattern of different bifidobacteria
with the cohort sequencing-type, cohort-life-style, and host age-
group categories
To investigate the association patterns of the eight bifidobacterial taxa
with different study-cohort-specific characteristics, we utilized linear
regression models. We utilized three different regression models for
this purpose, eachwith a specific objective and investigating the effect
of a specific cohort characteristic after adjusting for the effects of all
others. This is described in Supplementary Note 9.

Association of the overall non-bifidobacterial beta-diversity
with Bifidobacterium relative abundances across study-cohorts
We utilized the PERMANOVA approach for this purpose. For a given
Bifidobacterium taxon i in a study-cohort x, we first computed the non-
bifidobacterial beta-diversity by computing the all-v/s-all sample dis-
tances using the renormalized relative abundancematrices of the non-
bifidobacterial taxa across the samples. This was performed using the
Bray–Curtis and Kendall distancematrices and provided a quantitative
measure of how different the sample was respect to all the other
samples in the cohort x when considering only the non-bifidobacterial
taxa. Subsequently these variations were correlated with the abun-
dance differences of bifidobacterial species i using PERMANOVA. This
was performed using the adonis2 function of the vegan R package
(v2.6-4). Significant association obtained using PERMANOVA indicates
that variation of the species i across the different samples is strongly
correlated with community composition of the non-bifidobacterial
taxa, indicating a relationship between the two.

Computation of three microbiome properties—Shannon index,
Pielou’s evenness index and estimated microbial load
Microbiome diversity and structural properties were quantified using
three complementary measures: Shannon index, Pielou’s evenness
index, and estimated microbial load. Detail for the computation of
these properties has been described in Supplementary Note 3.
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Study-specific random forest models to identify the top pre-
dictive non-bifidobacterial taxa for the different bifidobacterial
features across the cohorts
For each study-cohort, we built RF-basedmachine-learningmodels for
the prediction of each of the bifidobacterial features (overall Bifido-
bacterium detection and the abundances of the eight bifidobacterial
taxa), using the abundance profiles of the cohort-type-specific lists of
non-Bifidobacterial taxa identified in Supplementary Note 1 as well as
using three microbiome properties viz. Shannon Index, Pielou’s
evenness index and estimated microbial load (computed as described
in Supplementary Note 3). For each model (formulated for a given
bifidobacterial feature in a given cohort), we identified the top pre-
dictor non-bifidobacterial taxa in the following manner. Taxa were
sorted in decreasing based on their feature importance scores. Based
on this ordering, for any set of top I taxa, we computed the fractional
cumulative importance (FCI) value as:

FCII =
Sum of feature importance scores of all predictors from rank 1 to I

Sum of feature importance scores of all predictors

ð1Þ

For each model, the optimal I was identified the minimum value
for which FCII exceeded 0.90 (accounted for 90% of the model per-
formance). The top predictor taxa were identified as the top I (I cor-
responding to this optimal value) taxa based on their feature
importance scores.

Finally, for a given bifidobacterial feature and cohort-type (16S/
WGS, infant/adult/senior, IndustrializedUrban/UrbanRuralMixed/Rur-
alTribal), the consensus top informative taxa were identified as those
whichwere identified as top predictors in at least 20%of the cohorts of
that type.

Computation of association scores for the different bifido-
bacterial features
The consensus top predictors identified above, along with the three
microbiome properties (Shannon index, Pielou’s evenness index and
estimated microbial load), were then tested for their association with
the corresponding Bifidobacterium features. For a given cohort-type
(categorizedbasedonprofiling strategy: 16SorWGS; age-group: infant
or adult or senior and; lifestyle: IndustrializedUrban, or UrbanRur-
alMixed or RuralTribal) and Bifidobacterium feature, for each taxon in
the list of the corresponding top predictors, we computed the
Spearman correlation of the taxon with the Bifidobacterium features
(either the total number of Bifidobacterium or the abundance of any of
the eight Bifidobacterium species) in each of the study-cohorts
belonging to the specific cohort-type. We counted the total number
of study cohorts where the given taxa had a positive correlation and a
negative correlation as SP and SN, respectively. Given the total number
of study-cohorts for that specific cohort-type as T, the association-
score for the given featurewith the specificBifidobacterium feature in a
given cohort-type (categorized above) as:

Association score=
ðSP� SNÞ

T
× 1� MINðSP, SNÞ+0:0001

MAXðSP, SNÞ+0:0001

� �
ð2Þ

where, MAX(SP, SN) refers to the maximum of SP and SN and MIN(SP,
SN) refers to the minimum of the two values.

Computation of association scores for different disease groups
The detailed description regarding the computation of association-
scores of the different non-bifidobacterial taxa with different bifido-
bacterial features, including the collation of additional study-cohorts
with matched diseased-control samples, selection of specific diseases
for this investigation and final computation of disease-specific asso-
ciation-scores is described in Supplementary Note 2.

Computation of quantitative microbiome profiles (QMP) using
experimental microbial load data provided in the MetaCardis
study-cohort
Microbiomes from the MetaCardis cohort (WGS) were selected by
matching study identifiers between species abundance profiles,
experimental microbial load measurements, and associated
metadata, and the common microbiomes (1245 adult microbiomes
and 503 senior microbiomes) were retained. Species-level relative
abundance profiles were converted to quantitative microbiome
profile by multiplying relative abundances with sample-specific
microbial load measurements25. Microbiomes were stratified into
adult and senior groups based on metadata annotations, and
analyses were restricted to those non-bifidobacterial taxa for
which the association score was pre-computed to ensure
comparability.

For adult and senior microbiomes separately, pairwise Spear-
man rank correlations were computed between quantitative meta-
genomic profiles of microbial species and Bifidobacterium features,
and these association profiles were subsequently compared with
previously derived species-specific association scores using Spear-
man correlations between QMP-derived association coefficients and
the previously computed relative abundance-based corresponding
association scores for each Bifidobacterium taxon. Correlation coef-
ficients and exact p-values were obtained for adult and senior groups
independently. All data processing and statistical analyses were
performed in R.

Computation of partial correlation-based association scores
after adjusting for different microbiome properties, as well as
diet, medications, and clinical characteristics of subjects
Details about the computation of partial correlation after adjusting
different covariates has been described in Supplementary Note 3.

Description of the eight Bifidobacterium-associated interven-
tion trials cohorts for external validation and validation of
receptive scores
Here, we collected data from eight Bifidobacterium-associated
intervention trials (listed in Supplementary Data 18 and see Sup-
plementary Note 4). While one trial Bazanella et al., was on infants/
new-borns15, the rest seven were on adult/senior populations. Four
of these cohorts were 16S sequenced15,29,31,34, and the four were
profiled using WGS11,26,28,30. For each of the trials, besides investi-
gating the reproducibility of the association patterns (identified in
our analyses of the discovery cohorts described above), we also
identified specific Bifidobacterium-associated property whose
response was to be investigated in our validation of the concept of
receptive scores (described below and in the subsequent
sections).

Six of these trials used single Bifidobacterium probiotics: three
using B. animalis26,28,29; one using B. breve30; one using B. longum11, and
one using B. adolescentis31. For each of these trials, the target Bifido-
bacterium feature (described later) to be investigated were the abun-
dances of the administered Bifidobacterium taxa. One of the trials used
a combination of three bifidobacteria (B. longum, B. breve, and B.
bifidum)15. Thus, here, there were three targeted Bifidobacterium fea-
tures, corresponding to the three administered bifidobacterial taxa.
One of the trials utilized B. adolescentis, B. animalis and galacto-
oligosaccharide (GOS) that is expected to enrich the already resident
gut Bifidobacterium34. Thus, the target feature to be investigated here
was the overall Bifidobacterium detection and B. adolescentis in a gut
microbiome.

Investigating the reproducibility of the association scores
The detailed methodology for investigating the reproducibility is
described in Supplementary Note 5.
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Formulation of receptive scores
For a given Bifidobacterium feature (the feature could be the relative
abundances of any of the eight bifidobacteria or the overall detection of
Bifidobacterium taxa) and taxonomic composition profile of a micro-
biome of a given category (based on age-group, cohort-life-style, and
microbiome-profiling-strategy), the receptive-score was computed as
follows. We first considered the relative abundances of all non-Bifido-
bacterium taxa whose association-scores for the specific Bifidobacter-
ium feature were available (i.e., computed from our investigation of the
discovery cohorts). Using these values, we first computed an expected-
representation-score for that feature in the given microbiome as the
weighted cumulated abundance of these non-bifidobacterial taxa,
where the abundances of each non-bifidobacterial taxa was multiplied
by a weight, which was simply the association-score obtained for those
taxa with the specific Bifidobacterium feature in microbiomes of the
same category (as described above). For a matrix with multiple
microbiome profiles from a specific cohort, this was performed using
an innermultiplication of this relative abundance profilematrixwith the
corresponding association-score vector (containing the association-
scores for the various non-bifidobacterial taxa arranged in the same
order as the columns of the relative abundance profile matrix).

This expected-representation-score for each microbiome was
then rank-scaled to values between 0 and 1 by considering all the
baseline microbiomes of a cohort as below. For a given array of values
x of length k, denoted by x = {x1, x2.., xk}, the values are first ranked.
Next, the corresponding rank-scaled values, denoted by xR = {x1R, x2R..,
xkR}, of this set were obtained as:

xiR =
RankðxiÞ �minðRankðxÞÞ

maxðRankðxÞÞ �minðRankðxÞÞ ð3Þ

The transformation was essentially an approach of ranking the
values and then converting the ranks to values between 0 and 1. We
also applied the same rank-scale functions on thebaseline values of the
target Bifidobacterium feature (i.e., actual-ranked-baseline-score). The
receptive-score for the Bifidobacterium feature was then computed as:

Expected Representation Score� Actual Ranked Baseline Score

ð4Þ

Correlating baseline receptive-score, ranked baseline abun-
dance with post-treatment increase
For each of the eight trials, we identified the specific Bifidobacterium-
associated feature to be investigated. For the three trials involving B.
animalis, the target feature was the abundance of B. animalis. For the
B. longum supplementation Maldonado-Gomez et al. trial and the B.
breve supplementation trial of Grønbæk et al., the target features were
B. longum and B. breve relative abundance, respectively. For the
Krumbeck et al. trial, that involved the administration of B. ado-
lescentis, B. animalis and GOS that promotes the growth of all Bifido-
bacterium, we observed no significant change in B. animalis
abundances across time-points. Consequently, the target feature
chosen herewere the overallBifidobacteriumdetection andonewithB.
adolescentis. For the Bazanella et al trial that involved supplementation
of a consortia of three Bifidobacterium taxa (longum/breve/bifidum),
there were three target features, namely the relative abundances of B.
longum, B. breve, and B. bifidum. Another trial involving supple-
mentation of B. adolescentis by Ramakrishnan et al was considered,
where the target feature was the abundance of B. adolescentis.

The objective here was to investigate whether the receptive score
was significantly associated with post-treatment increase of the corre-
sponding target features. Since both the receptive score as well as the
ranked post-treatment increase were calculated with respect to ranked
baseline values of the target Bifidobacterium feature, it was important to

adjust for this confounding effect, as itmay lead to spurious correlations.
We utilized two approaches. First, we did that using RLR models as:

rlmðranked post treatment increase � baseline Receptive Score

+Actual Ranked Baseline ScoreÞ
ð5Þ

Here, the predictors were the baseline-receptive-score and the
actual-ranked-baseline-score. The ranked-post-treatment-increase was
simply the differences between the rank-scaled relative abundances at
the immediate post-treatment time-point and the baseline (computed
using the rank-scale function described above). The RLR models were
built using the rlm function of the MASS package (v 7.3.60) of R.

Second approach utilized the linear regression-based
validation: LOOCV

In the LOOCV approach, each subject within a given trial was
iteratively held out as a test observation. For a given iteration, a linear
regression model was trained on all remaining subjects using the
predictors described above. The trained model was then used to
generate a prediction for the ranked post-treatment increase of the
held-out subject. This procedure was repeated until each subject had
served exactly once as the test observation, yielding a complete set of
out-of-sample predictions for all subjects within the trial. The pre-
dicted ranked post-treatment increases obtained from LOOCV were
then compared to the corresponding observed values across subjects.
We also created similar variants of LOOCV and RLR variants, where the
Association-Scores utilized to obtain the microbiome-level receptive-
scores also included those pertaining to Shannon index, Pielou’s
evenness index and estimated microbial load (for WGS datasets).

Cross-cohort validation in B. animalis-associated trials
In the cross-cohort validation, for eachof theB. animalis-associated trials,
we trained linear regression models to predict ranked-post-treatment-
increase using the baseline-receptive-score and the actual-ranked-
baseline-score (i.e., the baseline B. animalis relative abundance rank-
scaled) on that cohort and test the same on the remaining two cohorts.

Cross-cohort validation in B. adolescentis-associated trials
In the cross-cohort validation, for each of the B. adolescentis-asso-
ciated trials, we trained linear regression models to predict ranked-
post-treatment-increase using the baseline-receptive-score and the
actual-ranked-baseline-score (i.e., the baseline B. adolescentis relative
abundance rank-scaled) on that cohort and test on the other cohort.

Assessment of clinical effects in intervention trials
The detailed methodology for investigating the clinical effect is
described in Supplementary Note 6.

Curation of reference genomes and metagenome-assembled
genomes accompaniedby adetailedmethodological framework
for functional investigation
We have curated 28,991 high-quality (completeness > 90% and con-
tamination <5%) genomes along with metagenome-assembled gen-
omes encompassing 66 non-bifidobacterial taxa for which association
scores were obtained against multiple bifidobacterial features
(Fig. 3B), and the functional profiles for these 66 consistent taxa were
used for the functional investigation. The detail for generating mean
functional profiles and identification of taxa-specific functional groups
has been described in Supplementary Note 7.

Statistics and reproducibility
For each statistical test in this manuscript, the type of test, the size (n)
of the test, and statistical summaries or measures of dispersion are
clearly defined in the figure legends or in the accompanying text in the
“Methods” section or wherever it is required.
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Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
This paper analyzes existing, publicly available data, accessible at the
European Nucleotide Archives (ENA) and curated Metagenomic Data
(see “Methods”). Study details are listed in Supplementary Data 1.
However, the metadata for two cohorts used in this study (Arivale59

and LifeLinesDeep_201660) are subject to access restrictions and are
not publicly available; these datasets can be accessed through the
respective original publications (https://doi.org/10.1038/s41598-019-
43058-0 and https://doi.org/10.1136/bmjopen-2014-006772). All the
data generated in the formof results in our study have been deposited
at https://github.com/Sourav-MiRe/Project_Bifidobacterium; Code
Ocean repository (https://codeocean.com/capsule/7280337/tree) and
Zenodo https://doi.org/10.5281/zenodo.19311870, and it is publicly
available61. The Source data corresponding to the figures has been
provided. Source data are provided with this paper.

Code availability
All original code has been deposited at https://github.com/Sourav-
MiRe/Project_Bifidobacterium; Code Ocean repository (https://
codeocean.com/capsule/7280337/tree) and Zenodo https://doi.org/
10.5281/zenodo.19311870, and it is publicly available61.
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