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Abstract

Microbiome studies reveal the taxonomic and functional composition of microbial communities inhabiting many diverse
environments. Comprehensive microbiome repositories, such as MGnify, organize data into studies, each consisting of
multiple sequencing runs or assemblies and accompanying metadata. This structure enables integrative, large-scale, cross-
study analyses, leading to broader insights across ecosystems, hosts, and experimental contexts. Despite extensive microbi-
ome research, methods for defining similarity between studies and validating those similarity metrics, remain insufficiently
established, especially for large-scale analyses. To address this, we evaluate whether taxonomic and functional similarities
from MGnify can serve as reliable indicators of study relatedness between study pairs, testing multiple metrics against
conceptual relatedness (e.g., shared environments, goals, or methods). To scale validation, we introduce a framework
that applies a Large Language Model (LLM) to study descriptions, categorizing study pairs by relatedness. Our results
show that functional similarity correlates more strongly with LLM-inferred study relatedness than taxonomic similarity,
highlighting both the promise and limitations of current metrics. Via the above, we demonstrate the value of combining
microbial profiles with LLM-driven semantic reasoning to navigate the expanding landscape of metagenomic research.

Introduction

A fundamental challenge in microbiome research is under-
standing how different studies relate to each other, spe-
cifically how the taxonomic and functional similarity of
microbiome studies correlates with their broader environ-
mental or scientific relatedness [1]. The availability of large
centralized databases such as MGnify [2], JGI IMG/M [3],
and SPIRE [4] has enabled access to thousands of samples
and studies encompassing global microbiome data. Each
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study (or project) can have multiple samples, which contain
raw sequences accompanied by metadata checklists [5], tax-
onomic and functional profiles [6]. Hence, these resources
allow for global meta-analyses of microbiomes.
Meta-analyses can be implemented either by integrat-
ing samples from multiple studies into a single unified
dataset or by comparing studies based on their respective
sample sets, which preserves study distinctions. In the lat-
ter approach, samples are analyzed within each study sepa-
rately, and the results are then aggregated or summarized at
the study level to enable comparisons across studies. This
preserves differences and similarities in study design and
sampling while allowing meta-analysis at the study level.
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The former approach has led to the identification of impor-
tant microbiome drivers in the ocean [7] and soil [8], and
to new insights about environmental niches and strategies
of microbes [9]. However, with the latter approach, many
questions arise due to the large number of studies and their
unstructured descriptions. How to define and measure simi-
larity, and which similarity metrics best capture meaningful
biological relationships? Can such approaches scale across
thousands of studies and their samples, and, importantly,
how can we validate the biological similarity of studies in a
consistent and scalable manner? Addressing these questions
is crucial for enhancing analytical approaches, facilitat-
ing study clustering, and supporting knowledge discovery
across microbiome datasets.

The similarity between microbial communities (samples
B diversity) is commonly calculated using the Jaccard index
[10], for presence/absence-based data, Bray-Curtis dis-
similarity and Jensen—Shannon divergence [11] for com-
positional data (relative abundances, read counts) [12]. To
satisfy the need for a more accurate microbial community
similarity index, researchers are developing new methods
and tools to incorporate phylogenetic information (i.e. Uni-
Frac [13]), functional redundancy (i.e PhyloFunc [14]),
microbial interactions (i.e PINA [12]) and more sophisti-
cated statistical calculations (i.e. FAVA [15]). Still, the scal-
ability of these methods remains a challenge when applied to
large-scale datasets involving thousands of samples across
studies, highlighting the need for computationally efficient,
interpretable, and generalizable similarity measures. Recent
tools such as Libra, address scalability by enabling effi-
cient all versus all similarity calculations directly from raw
metagenomic sequences, bypassing the need for taxonomic
or functional annotations [16].

Metagenomic studies are singular objects in databases
that frame the research questions and experimental design,
while linking sample sequence data with metadata [2]. It
is an open question whether the similarity of taxonomic or
functional profiles of samples correlates with the related-
ness of studies in a broader, conceptual sense. However,
studies might display highly similar microbial compositions
yet not be thematically related. For example, two ocean
microbiome studies may include samples with similar com-
munity composition yet differ in terms of scientific goals,
methodologies, or experimental designs [17]. This compli-
cates efforts to group similar studies and to identify trans-
ferable insights across studies. Consequently, quantifying
relatedness between studies requires an integrated analysis
of biological similarity (taxonomic/functional) and seman-
tic or contextual similarity (e.g., metadata, study descrip-
tions, research questions).

Traditionally, assessing whether two studies are related
has been a manual process, relying heavily on expert
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judgement of study descriptions and other metadata [17].
While this approach ensures high accuracy and domain
awareness, it does not scale to the thousands of studies
now available in repositories, particularly considering that
more are constantly added. Moreover, consistency in human
judgment can vary, and even expert assessments will differ
due to the subjective nature of interpreting what constitutes
relatedness [5, 18].

Large Language Models (LLMs) offer a compelling
alternative to manual annotation, as they can analyze
unstructured text such as study abstracts, descriptions, and
other metadata at scale [19]. In the context of microbiome
research, Daniela Gaio et al. [20] have utilized LLMs to pro-
cess textual metadata from sequencing records in the envi-
ronment and categorize these records into broad ecological
environments. In addition, with appropriate guidance in the
form of prompt engineering, LLMs can extract and inter-
pret latent semantic relationships, which enables automated
assessment of conceptual relatedness between studies [21].
Advances in the area highlight the potential of prompt engi-
neering to enhance reasoning, automate research work-
flows, and improve the consistency and reliability of LLM
outputs [22, 23] thereby facilitating more efficient discovery
and integration of knowledge across microbiome studies.

In this study, we explore the taxonomic and functional
similarity metrics derived from microbiome studies in
MGnify. We aim to decipher the scientific relatedness of
studies, as inferred from textual study descriptions com-
bined with their similarity taxonomy and functional profiles.
To this end, we developed a scalable framework that lever-
ages an LLM to semantically compare study descriptions
and assign relatedness levels. We further investigated which
similarity profile best correlates with the semantic related-
ness between studies inferred by the LLM. The similarity
metrics we chose (Cosine similarity, Euclidean distance
and Jensen—Shannon divergence), were selected because
they capture complementary aspects of microbiome pro-
file similarity while remaining computationally efficient for
large-scale analyses. This framework enables the validation
of biological similarity scores through a complementary
semantic lens, addressing the limitations of relying solely
on taxonomic and functional profiles.

Results & Discussion

Evaluating the robustness of (dis)similarity metrics
for metagenomics studies

We chose three widely used (dis)similarity metrics for our
analyses: Euclidean distance, cosine similarity, and Jensen—
Shannon divergence. To apply these numerical metrics to
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metagenomics samples and studies, we first projected each
sample onto fixed-length numerical vectors. We use two
distinct encodings: functional and taxonomical. In the taxo-
nomical one, the vectors represent the relative abundances
of a fixed set of genus-level organisms, as they are detected
within the samples (see Methods for details). In the func-
tional one, each element of the vector represents the propor-
tion of reads assigned to a specific Gene Ontology (GO)
term. The (dis)similarity between each pair of samples can
now be easily computed by applying the chosen metrics on
the corresponding numerical vectors. To compute the (dis)
similarity between two studies, say study A and study B,
which possibly contain different numbers of samples, we use
anearest neighbor approach. We first compute the (dis)simi-
larity between each sample from study A and each sample
from study B, and then we identify the maximum similarity
(from A to B and vice versa). The final study-level similarity
is defined as the maximum of the two directional averages,
emphasizing the strongest cross-study correspondence.

To assess the robustness of the chosen similarity met-
rics, we introduced noise through multinomial downsam-
pling of the count data, which approximately preserves the
relative abundances. Noise injection in our framework is
implemented through multinomial downsampling, which
simulated stochastic variability arising specifically from dif-
ferences in sequencing depth across studies. While experi-
mental variability can arise from many factors, including
protocols, extraction methods and sequencing platforms,
our noise model is intentionally focused on depth-related
sampling noise, as it is the most quantifiable and directly
reproducible source of variability in metagenomic data [23—
25]. A range of downsampling ratios (i.e., 0.1, 0.25, 0.75,
0.9) was used on a test set of 4,000 samples for taxonomic

data and 2,000 samples for functional, introducing con-
trolled probabilistic variation to simulate reduced sequenc-
ing depth. The objective of this analysis is to identify the
metric that best manages to assign the noisy samples to their
corresponding original samples.

Each noisy sample was compared against all original
profiles, and the rank of the correct match was recorded.
Performance was evaluated at multiple top-k levels (Top-1,
Top-3, Top-5, Top-10, Top-100), capturing how often the
correct match appeared among the most similar profiles. As
shown in Fig. 1, cosine similarity shows a clear tendency
to outperform the other two metrics at all noise levels for
both taxonomic and functional profiles. As noise increased,
performance declined across all metrics; however, cosine
similarity retained a clear advantage in the taxonomic data.
These results highlight cosine similarity as the most robust
metric for preserving sample identity even under high noise
levels, in line with previous work [16]. Results for the rest
of the top-k ranks (i.e., top-1, top-5, top-10, top-100) can be
found in the “Supplementary Material: 1. Noise Injection”
for both taxonomic and functional data.

Functional abundance tables are typically more sparse
than taxonomic profiles, and the abundance per feature is
often considerably lower. This sparsity leads to weaker
signal-to-noise ratios and can cause similarity metrics to
behave less reliably under perturbation. Accordingly, func-
tional similarity scores tend to be lower and more variable,
especially when noise is introduced or when the comparison
involves Top-k matching.

Given these results, we decided to use cosine similar-
ity for all subsequent sample comparisons. By aggregating
sample-to-sample similarities at the study level, we identi-
fied studies with similar taxonomic or functional profiles.

Taxonomic
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Fig. 1 Top-3 retrieval performance across noise levels for taxonomic
and functional profiles. The plots show the percentage of times the
original sample was correctly ranked within the top-3 most similar
profiles after noise injection at varying levels (0.1, 0.25, 0.75, and
0.9) based on three metrics: cosine similarity (orange bar), Euclidean
distance (green bar), and Jensen—Shannon divergence (purple bar).
(Left: Taxonomic) Cosine similarity consistently outperforms Euclid-

ean distance and Jensen—Shannon divergence, maintaining the high-
est match rate across all noise levels. Euclidean shows the steepest
performance drop, while Jensen—Shannon remains relatively stable.
(Right: Functional) All metrics exhibit closer performance. Cosine and
Jensen—Shannon show similar resilience to noise, whereas Euclidean
remains consistently lower. These trends confirm cosine as the most
robust metric, particularly for taxonomic data
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Study-Level Relatedness Based on Text via Large
Language Models (LLM)

To capture conceptual relatedness between studies, the simi-
larity of each study pair was explored using a large language
model (LLM, see Methods for details). The LLM analyzed
the textual content of each study pair and categorized their
relatedness into four levels: “none,” “low,” “medium,” and
“high.” In total, we proceeded with 16,194 study pairs,
selected based on the availability of taxonomic or functional
profiles, to enable cross-study comparisons. In addition,
the LLM was executed three independent times to assess
inference variability and output stochasticity. The results,
as shown in the histogram in Fig. 2, revealed a consistent
distribution across all runs, with the majority of study pairs
falling into the “none” category, indicating no apparent simi-
larity. A smaller but stable number of pairs were classified as
“low,” “medium,” and “high” across runs, reflecting a con-
sistent pattern in the LLM's evaluation of relatedness. These
findings demonstrate that the model’s similarity assessments
are stable across repeated runs, supporting the reliability of
the LLM’s output in terms of run-to-run consistency. While
stability does not ensure correctness, it provides a necessary
foundation for using the LLM as a robust tool for assessing
textual relatedness in scientific literature [26].

Fig.2 LLM similarity classifica-
tion consistency across runs.
LLM performance histogram

showing the number of study 7000
pairs classified into four similar-
ity categories (“high”, “medium”,
“low”, and “none”) across three
independent runs (runl, run2, 6000
run3). Results indicate consistent
distribution patterns, highlighting
the model's robustness in evaluat-
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To statistically assess whether taxonomic and functional
similarity distributions significantly differed across the four
LLM-relatedness categories (“none,” “low,” “medium,”
“high”), we first applied the Kruskal-Wallis test. This pro-
vided an overall test of differences among categories. This
test yielded highly significant results for both similarity
types (Functional and Taxonomic) across all three runs
(Taxonomic: H-statistic 80.64—107.68.64.68, p < le-16;
Functional: H-statistic = 380.5-457.7, p < 1¢-80), indicat-
ing that at least one category distribution differed from all
the others. Following this, we conducted pairwise Mann-
Whitney U tests to identify which configurations in particu-
lar differed from the others.

For each similarity type (Functional and Taxonomic),
three Mann—Whitney U tests were performed per run, com-
paring each LLM-relatedness category (“high”, “medium”,
“low”) against the combined set of the remaining cat-
egories (i.e. high VS medium & low, medium VS high &
low, low VS high & medium). The “none” category was
excluded from these post-hoc comparisons because it con-
tains substantially more studies than the other categories,
and therefore could dominate the similarity distributions
when pooled with the rest. This resulted in nine tests per
similarity type across the three LLM runs (18 tests in total).
P-values were corrected for multiple comparisons using the

LLM performance histogram (per run)

runl
run2

run3

medium low none

Level of relatedness
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Benjamini—-Hochberg FDR procedure [27, 28]. Across all
runs, all adjusted p-values were < 0.05, supporting rejec-
tion of the null hypothesis (Ho) that the distributions are
identical across LLM-relatedness categories. These results
confirm that the similarity distributions differ significantly
across relatedness levels for both functional and taxonomic
similarity metrics. These results further demonstrate that
LLM-derived textual similarity classifications correspond
meaningfully, yet differently, with structured similarity met-
rics, depending on the metadata type and LLM run. Detailed
results of the post-hoc Mann-Whitney U tests are provided
in the “Supplementary Material: 2. Summary of Mann-
Whitney U Tests by LLM-Relatedness (Table S1)”.

LLM-Derived Semantic Similarity Aligns Best with
Functional Similarity

Further examination of taxonomic and functional profile
similarity distribution across LLM-relatedness levels pro-
vided nuanced insights. For study pairs categorized as hav-
ing no LLM-relatedness, the distribution of similarities
was relatively broad, with a notable peak at very high simi-
larities (close to 1), followed by a gradual tapering across
lower similarities. This suggests that even among unrelated

studies, some pairs exhibit taxonomic or functional similari-
ties, albeit more diffusely spread.

Further analysis of the distributions of functional pro-
file similarities across different levels of LLM-relatedness
revealed clear and consistent trends (Fig. 3). In the “none”
relatedness category, the distribution was broad and right-
skewed, with a prominent initial spike at very high similarity
scores followed by a long tail. This indicates that while the
LLM deemed these study pairs to have no textual similarity,
a subset still exhibited high functional similarities, which
may reflect underlying ecological or biological similarity
from the study descriptions, rather than purely incidental
overlaps. For study pairs classified as having “low” and
“medium” relatedness, the distribution remained skewed
toward higher similarities but was more concentrated than
the “none” category. A substantial portion of pairs clustered
above 0.6, suggesting that even limited textual similarity
often exhibited notable functional similarity. This indicates
a weak but noticeable alignment between LLM-derived
and functional similarity distance, potentially reflecting
broad baseline similarities across specific biome samples
that persist even when studies have little else in common.
The “high” relatedness category displayed a markedly dif-
ferent pattern. Here, the vast majority of functional profile
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Fig. 3 Violin plots of functional similarity across study pairs, grouped
by LLM-assessed semantic relatedness. The x-axis represents LLM-
assessed semantic relatedness across four levels (high, medium, low,
none), while the y-axis shows the functional cosine similarity metric
(range 0-1), where higher values indicate greater functional overlap.

The width of each violin reflects how frequently similarity values
occur at a given level, and the horizontal bar indicates the median
similarity within each group. The figure illustrates how the spread and
central tendency of functional similarity vary across levels of semantic
relatedness
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similarities were extremely high, predominantly above 0.9.
This tighter distribution signifies a strong correspondence
between the LLM’s semantic similarity assessments and
functional alignment, highlighting the model’s effective-
ness in capturing meaningful relatedness between studies.
Overall, these distributions reveal a monotonic relationship;
as LLM-rated relatedness increases, the functional similar-
ity increases and becomes more tightly concentrated around
one. This pattern not only supports the internal consistency
of the LLM's categorization but also provides external vali-
dation, through functional similarity metrics, of the model's
capacity to detect substantively related study pairs. This
affirms the value of LLMs in augmenting literature analy-
sis by providing reliable and scalable assessments of study-
level similarity.

Notably, a different pattern emerged in the taxonomic
profile similarity analyses (Fig. 4). Across all LLM-relar-
edness categories, taxonomic similarity values are strongly
skewed toward the upper end of the distribution, indicat-
ing that high taxonomic overlap is common regardless of
semantic relatedness. Differences among categories are
insted reflected in the spread of the distributions and the
presence of low-similarity components. In particular, the

“medium” and “none” relatedness groups show more pro-
nounced low-similarity tails, whereas the “high” relatedness
group exhibits a comparatively narrower distribution with
minimal density near zero. This contrasts with functional
similarity rewsults, where low-similarity modes are less
prominent, suggesting that functional similarity remains

This counterintuitive result suggests a potential discon-
nect between semantic similarity and taxonomic overlap in
the current structure. Several factors may explain this phe-
nomenon. Firstly, taxonomic metadata may be too sparse
or inconsistently applied across studies, reducing the sig-
nal available for meaningful comparison. Unlike functional
annotation, which often follows standardized vocabularies
and pipelines, taxonomic metadata may depend heavily
on variable factors such as sampling methodology, resolu-
tion (e.g., genus vs. species level), or reporting practices.
Moreover, inverse correlations can arise when different
taxonomic groups occupy similar ecological niches or ful-
fill comparable roles within ecosystems [29]. In such cases,
communities that appear highly divergent at the taxonomic
level may nevertheless share broad ecological characteris-
tics, leading to situations where lower taxonomic similarity
coincides with stronger semantic similarity.

Total - Taxonomic LLM Relatedness
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Fig.4 Violin plots of taxonomic similarity across study pairs, grouped
by LLM-assessed semantic relatedness. The x-axis represents LLM-
assessed semantic relatedness across four levels (high, medium, low,
none), while the y-axis shows the taxonomic cosine similarity metric
(range 0—1), where higher values indicate greater taxonomic overlap.
For each category, the width of the violin reflects how frequently sim-
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ilarity values occur at a given level, and the horizontal bar denotes
the median similarity. Across all relatedness levels, similarity values
are concentrated toward the upper end of the range, with differences
among categories primarily reflected in the spread of the distributions
and the presence of low-similarity tails
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Taken together, this suggests that taxonomic similar-
ity may be more vulnerable to noise and inconsistencies
in metadata than functional similarity, potentially limiting
its reliability as a standalone measure of study-relatedness.
These insights underscore the importance of improving
metadata quality, and refining similarity algorithms.

To further assess whether the observed disconnect
between semantic and data-driven similarity holds across
different ecological contexts, we conducted a stratified
analysis by biome. Specifically, we examined results across
four representative biomes, i.e., mammals, plants, aquatic,
and terrestrial, and four extreme environments, i.€., con-
taminated, mines, volcanic, and deep sea. This biome-level
slicing revealed an additional strength of the study matcher
algorithm (Figs. 5, 6, “Supplementary Material: 3. LLM
tested per biome” - Figures 11-12): for cases of medium
to high relatedness, the study-matcher similarity algorithm
tended to exhibit predominantly high similarity values,, par-
ticularly in terms of functional profiles. This suggests that the
algorithm is functioning effectively in identifying genuinely
related studies. However, in cases with low or no apparent
LLM-relatedness, the algorithm frequently assigned very
high similarity in terms of both functional and taxonomic
profiles. Rather than necessarily indicating false positives,
this pattern reflects the baseline functional and taxonomic
similarity that persists within certain ecological contexts.
For example, many aquatic samples share broad commu-
nity structures and ecological signatures, so even unrelated
studies may appear similar at the level of functional or taxo-
nomic profiles [29]. Because the study-matcher algorithm
captures similarity across these high-level taxonomic and
functional features, even studies without direct experimen-
tal overlap can produce high similarity scores. Comparable
effects may also occur in other biomes with strong, large-
scale, biome-wide signatures, such as terrestrial soils [30].
In such cases, studies might not overlap in fine-grained
detail but still exhibit general thematic or structural resem-
blance, which the algorithm interprets as relatedness. An
example is provided below in Fig. 5a for functional results
and 5b for taxonomic results of aquatic data, while Figs. 6a
and 6b contain the functional and taxonomic results of ter-
restrial data, respectively. Results for additional biomes can
be found in the “Supplementary Material: 3. LLMs tested
per biome” (Figures 12-13).

Finally, a notable difference in the taxonomic similarity
plots of Figs. 5 and 6 (for all levels of LLM relatedness)
is the bimodal shape observed in the aquatic study pairs
(Fig. 5), as opposed to the dense high taxonomic similar-
ity region in the terrestrial ones (Fig 6). As community
composition is a robust habitat predictor [31], such pattern
might arise because terrestrial MGnify studies are domi-
nated by soil ones, while aquatic studies are mostly marine,

some freshwater ones, as well as others. This bimodality in
taxonomic similarity is consistent with a well-established
ecological phenomenon: communities tend to cluster either
as highly similar or entirely distinct, depending on their
environmental context. In contrast, the functional similarity
distributions are unimodal, reflecting the functional redun-
dancy commonly observed in microbial ecosystems, where
different taxa can perform similar functions across diverse
habitats [29, 32].

Examining Contradictory Results of Functional/
Taxonomic Calculated Similarity Versus LLM
Relatedness

In the subset of 20 studies we examined, the relationship
between functional or taxonomic similarity and LLM-based
relatedness occasionally appeared contradictory. For taxo-
nomic similarity, we often observed high similarity even
when LLM-based relatedness was low or absent. A likely
explanation is that many studies are dominated by a small
number of highly abundant taxa. When a few dominant taxa
account for most of the taxonomic signal within a study,
two studies can appear artificially similar even though their
overall community compositions differ substantially. This
reflects inherent biological structure rather than a method-
ological issue, and it largely explains the bimodal pattern
we observe in taxonomic similarity. Additionally, functional
redundancy may contribute to the pattern in the “high” level
of relatedness; even when taxonomic similarity is moderate,
multiple taxa can perform similar ecological roles, leading
to higher functional similarity, which was also observed in
aquatic and terrestrial biomes.

Similarly, cases of high functional similarity but low
or no LLM-based relatedness can arise for two main rea-
sons. First, distinct taxa may encode genes that converge on
similar functional properties, leading to similar functional
profiles despite phylogenetic differences. However, this
biological convergence does not necessarily translate into
high LLM-based relatedness, which reflects the semantic
similarity of the study descriptions; thus, even studies with
similar profiles, may appear unrelated to the LLM when
framed in different scientific contexts. Second, method-
ological factors, such as the use of Third-Party Annotation
(TPA) pipelines for whole-genome shotgun (WGS) datas-
ets, can homogenize functional annotations across studies.
When comparable assembly and annotation workflows are
employed, functional categories tend to be identified con-
sistently, thereby increasing apparent functional similarity.

In a few specific cases, environmental and physiological
constraints can also drive functional convergence despite
taxonomic divergence. For example, the lime-injection acid
sulfate soil study and the haloarchaea enzyme-production

@ Springer
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Fig. 5 Violin plots of functional (a. purple violin plots) or taxo-
nomic (b. green violin plots) similarity for aquatic study pairs
across biomes, stratified by LLM-assessed semantic relatedness
.The x-axis shows LLM-assessed semantic relatedness levels: high,
medium, low, none. The y-axis shows functional similarity values
(range 0-1), where higher values indicate greater functional overlap.
The width of each violin reflects the frequency of similarity values at a
given level, and the horizontal bar indicates the median. a. Functional:
Across categories, the distributions show consistently high similarity,
with the medium and high relatedness groups exhibiting dense concen-
trations near maximum similarity, indicating strong functional align-
ment for semantically related studies. The low and none categories
also display substantial density near high similarity, revealing that
some semantically distant pairs still appear functionally similar, poten-
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tially reflecting broader shared ecological processes or false-positive
matches. Nonetheless, it is clear that as LLM relatedness decreases,
the density shifts downward, highlighting a monotonic relationship
between semantic and functional similarity. b.Taxonomic: While taxo-
nomically related studies show the expected high-density regions near
maximum similarity, the none and low relatedness groups also contain
substantial density at high similarity values. This pattern suggests that
many semantically unrelated aquatic studies nevertheless share con-
siderable taxonomic overlap. The broad and sometimes bimodal distri-
butions further indicate that the taxonomic algorithm may emphasize
higher-level or widespread aquatic taxa rather than fine-grained spe-
cies distinctions, leading to elevated similarity even among semanti-
cally distant study pairs
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Fig. 6 a. Violin plots of functional (purple violin plots) or taxonomic
(green violin plots) similarity for terrestrial study pairs across biomes,
grouped by LLM-assessed semantic relatedness. The x-axis shows
LLM-assessed semantic relatedness levels: high, medium, low, none.
The y-axis shows functional similarity values (range 0-1), where
higher values indicate greater functional overlap. The width of each
violin reflects the frequency of similarity values at a given level,
and the horizontal bar indicates the median. a. Functional: Highly
related pairs show dense distributions near maximum similarity, while
medium-related pairs exhibit a mojority of values up to 0.6, indicating
strong alignment between semantic and functional similarity. As LLM
relatedness decreases, the distribution shifts downward, reflecting a
monotonic trend in which lower semantic relatedness corresponds to

lower functional similarity. Nonetheless, the low and none categories
still show nontrivial density near high similarity, suggesting either
broad terrestrial functional convergence or occasional false-positive
matches. b. Taxonomic: Although many highly and moderately related
pairs exhibit strong concentrations near high taxonomic similarity,
the none and low relatedness categories also show substantial density
at very high similarity values. This pattern suggests that taxonomic
overlap remains widespread even among semantically unrelated stud-
ies, likely reflecting high-level taxonomic similarity within terrestrial
biomes that limits fine-scale resolution. The broader and occasionally
bimodal shapes of these distributions highlight that semantic related-
ness is not a reliable predictor of taxonomic alignment for terrestrial
studies
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study investigate microbial communities exposed to strong
chemical stress and extreme geochemical conditions.
Although these ecosystems (grassland soil vs. hypersaline
alkaline water) host very different taxa, both environments
require microbes to deploy specialized functional strategies,
including pH-adaptation mechanisms, stress-response path-
ways, ion-transport systems, homeostasis regulation, meta-
bolic flexibility under extreme conditions, and production of
enzymes adapted to harsh chemical environments. Such func-
tional redundancy and convergence have been documented in
microbial ecology, where distinct taxa maintain similar func-
tional gene profiles under harsh environmental conditions,
indicating overlapping ecological roles despite taxonomic
differences [33]. Models and empirical analyses also show
that environmental and thermodynamic constraints can cause
microbial communities assembled from different species
pools to converge in metabolic network structure and com-
munity function, independent of species composition [34].
This functional convergence can therefore produce high func-
tional similarity even when LLM-based relatedness is low.

Conclusions

Overall, our findings reveal a key pattern in the relationship
between LLM-based relatedness and taxonomic/functional
profile similarity metrics: LLM-derived relatedness scores
align most strongly with functional similarity, with higher
semantic relatedness consistently corresponding to higher
functional similarity. The smooth and continuous transi-
tions observed in functional similarity distributions, from
closely related to unrelated pairs, further indicate the strong
discriminative power of these embeddings across varying
levels of biological similarity. While taxonomic similar-
ity occasionally exhibits bimodal distributions in certain
biomes, functional similarity provides a more robust and
consistent measure. The bimodal behavior observed in taxo-
nomic similarity can be largely driven by studies dominated
by a few highly abundant taxa, which can create artificially
high similarity despite substantial differences in overall
community composition. These results also highlight the
importance of carefully considering the context in which
LLM outputs are interpreted in conjunction with structured
metadata-based metrics. In line with ecological principles,
our study matcher results on functional profiles similarity
are consistent with the concept of functional redundancy as
described by Louca et al. (2018) [35], whereby distinct tax-
onomic communities can maintain similar functional roles
within microbial systems. This indicated that even when
study texts are semantically unrelated their functional pro-
files may remain similar, while taxonomic composition may
differ substantially. Finally, curating Al-ready metadata,
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structured, standardized, and rich in textual information,
would further enhance such analyses, enabling accurate and
nuanced exploration of functional and taxonomic profiles,
potentially uncovering subtler patterns and relationships.

Building on these findings, a key strength of the pro-
posed framework lies in its ability to integrate LLM-derived
semantic relatedness based on text with quantitative taxo-
nomic and functional similarity metrics. This approach
enables systematic validation of study-level similarity
across thousands of microbiome studies, overcoming the
scalability limitations of manual curation. Moreover, the
observed monotonic relationship between LLM-based
relatedness and functional profile similarity, provides bio-
logically meaningful validation of the semantic judgements.
Functional similarity shows smooth, continuous transi-
tions across relatedness categories, suggesting that func-
tional embeddings are particularly well suited for capturing
meaningful overlap across studies, even when taxonomic
composition differs substantially. Another strength of the
framework is the robustness of the similarity metric selec-
tion. Through controlled noise injection, cosine similarity
was shown to be resilient to sequencing depth variability,
supporting its suitability for large-scale, heterogeneous
metagenomic datasets.

At the same time, there are limitations of the method-
ology that should be acknowledged. Firstly, the aggrega-
tion of sample-level similarities into a single study-level
score, might introduce inherent bias. The nearest-neighbor
aggregation strategy emphasizes the strongest cross-study
similarities, which is advantageous for detecting overlap,
but may overestimate relatedness in cases where only a
small subset of samples exhibits strong similarity while the
remainder might diverge. In addition, functional similar-
ity is influenced by annotation pipelines, which may inflate
functional similarity scores independently of true ecological
convergence. Lastly, taxonomic similarity is constrained by
dominant taxa, a limitation that reflects both biological real-
ity and methodological sensitivity, underscoring the need
to interpret taxonomic similarity in conjunction with func-
tional and semantic context.

In practice, to ensure that the workflow is applied prop-
erly, quality checks are recommended. Prior to downstream
analysis, users should assess the completeness and quality
of both textual metadata and compositional profiles. Stud-
ies with minimal or generic descriptions may yield unreli-
able LLM-based relatedness scores, and should be flagged
for manual inspection. Similarly, users should verify basic
properties of taxonomic and functional profiles, such as
sequencing depth, or the dominance of a small number of
taxa. Extreme dominance by a few taxa or unusually sparse
functional profiles, can artificially inflate similarity scores
and should therefore be interpreted with caution.
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The interpretation of conflicting signals between seman-
tic and compositional similarity can be challenging; how-
ever, such cases do not necessarily indicate errors, but often
reflect meaningful biological or contextual distinctions.
High functional similarity combined with low LLM-relat-
edness may reflect functional convergence across distinct
ecosystems or experiment contexts, whereas high LLM-
relatedness paired with low taxonomic or functional simi-
larity may indicate differences in sampling strategies or
experimental design, rather than true biological divergence.

Looking forward, appropriate follow-up validation anal-
yses include inspection of sample-level similarity, strati-
fication of biome, host or environmental variables (where
available). This inspection will help to assess whether simi-
larity is driven by broad contextual effects, exploration of
alternative aggregation strategies or other similarity metrics
might also be helpful to evaluate results, and finally targeted
examination of key functional or taxonomic categories driv-
ing the observed similarity.

In conclusion, the proposed framework is best used as
an exploratory and supplementary prioritization tool, guid-
ing researchers toward candidate study pairs and highlight-
ing cases of convergence or divergence that worth deeper
investigation. By explicitly combining semantic, functional,
and taxonomic perspectives, the approach encourages cau-
tious interpretation and supports the identification of useful
insights across studies, providing thus a solid foundation for
more targeted validation and downstream meta-analyses.

Materials & Methods
Data Sources and Initial Processing

Both taxonomic and functional profiling data were obtained
from MGnify [2], a centralized public platform provid-
ing standardized, preprocessed metagenomic data through
consistent computational pipelines. MGnify's datasets span
multiple microbiome biomes, including aquatic and terres-
trial environments (marine, human gut, soil, etc.). A study
represents a coherent metagenomic investigation defined
by a research question and experimental design. Each study
contains multiple runs (raw sequencing data) or in some
cases assemblies (“environmental sample where Whole
Genome Shotgun sequencing reads have been assembled
to form larger fragments called contigs™) [6]. This database
offers several versions for the different pipelines used to
analyse a microbiome study's sequences (see “Supplemen-
tary Material: 4. MGnify Version-Pipeline description™).
For this research project, we focused on MGnify versions
v4.1 and v5.0 as they represent the latest, most refined and
updated pipelines for downstream analyses. MGnify data

was retrieved via MGnify’s API (as of March 4th, 2024). For
each microbiome study, textual information, including title,
description, and biome, was retrieved, along with the perti-
nent MGnify analysis data. Additionally, whenever a MGnify
study was linked to related publications, the corresponding
PubMed ID, title, abstract, EBI link, and publication year
were retrieved and incorporated into the text. The text of
the abstracts referenced by 16 or more studies was excluded
from the analysis to avoid including non-study-specific texts
and to prevent skewing document-relatedness comparisons
(see “Supplementary Material: 5. Excluded abstract text”).

MGnify profile data is separated into Taxonomic and
Functional files (taxonomy abundances file and GO abun-
dances files, respectively). Taxonomic files are separated
into “taxonomy abundances LSU” and “taxonomy abun-
dances_SSU”. The Large Subunit (LSU) comprises 23S
sequences in prokaryotes and 28S sequences in eukaryotes,
while the Small Subunit (SSU) corresponds to 16S in pro-
karyotes and 18S in eukaryotes. The file, which comes in
tsv format, includes the taxonomy in the first column, the
various Runs or Assemblies per sample in the first row, and
the count in each cell. Functional files are either the simpli-
fied “GO-slim_abundances” (suited for metagenomic data
[36]) or the full “GO_abundances” files [6]. This tsv-for-
matted file includes the columns GO-term, description, and
category (molecular function, biological process, or cellular
component) in the first three columns, the Run/Assembly
IDs in the subsequent columns, and the respective count in
each cell. GO terms were selected as they provide a struc-
tured, hierarchical vocabulary that integrates functional
information across the diverse samples. Pathway-based
annotations such as KEGG, eggNO, and KOfam emphasize
curated metabolic pathways and ortholog groups. Nonethe-
less, GO supports broader biological processes, molecular
functions, and cellular components characterization, leading
it to be widely used in metagenomics. Moreover, MGnify
introduces functional annotation steps using InterProScan to
assign proteins functions, after which gene ontology (GO)
terms are assigned via in-house scripts [36], ensuring thus
compatibility and enabling cross-study comparisons and
scalable embedding of functional information. All profile
data, whether taxonomic or functional, were stored using
a metadata-integrated format to enable downstream meta-
data-matching and similarity calculations.

Encoding Strategies for Taxonomic and Functional
Profiles

To analyze taxonomic and functional profiles across various
studies, two structured multi-step workflows were devel-
oped and implemented, which are analytically described
below and illustrated in Fig. 7 and 8, respectively.
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Data preparation and organization

“Super Table” Creation

Filter Taxonomy Depth: Genus level

« Taxa with more than 30 reads (counts)
« Samples with more than 10 genera

Normalization based on Relative Abundances

Subset

i

Noise Injection

Random Downsampling & Multinomial Distribution

l

Normalization

Jensen-Shannon Divergence

Euclidean Distance

Similarity Metrics Performance

Cosine Distance

Fig. 7 Taxonomic Profiles - Sample Level Workflow. Initially, data is
retrieved and organized into abundance tables per MGnify version,
which are filtered by taxonomic depth (at the genus level) and normal-
ized based on relative abundances. Similarity metrics, such as Euclid-
ean distance, Jensen—Shannon divergence, and cosine similarity, are

For taxonomic data the initial stage involved prepro-
cessing and organizing the retrieved data. To this end, a
comprehensive table referred to as the “super table” was
constructed for the MGnify 4.1 and 5.0 versions. This table
is formatted in long format, where each row consists of a
taxon name, a corresponding Run or Assembly ID, and its
associated count, enabling thus centralized consolidation of
abundance data across all samples for a given version.

Simultaneously, to ensure functional profiles reflect
hierarchical relationships among Gene Ontology (GO)
terms, a custom backtracking approach was applied. This
method aggregates raw data from GO-abundances files by
propagating counts from more specific child terms up to
their broader parent terms based on the GO hierarchy. By
recursively assigning child term abundances to all relevant
parent terms, the resulting dataset captures biologically
meaningful comparisons across samples, aligning with the
structured nature of the GO classification. After completing
this step, a “super table” was constructed for each MGnify
version (v4.1 and v5.0) to consolidate functional abundance
data. This table is organized in long format, where the first
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|

Compare Noisy VS Original data via similarity metrics

|

Ranking and Distribution Plots per Metric

used to compare samples globally. These metrics are assessed for their
robustness (diamond) against noise-injected data based on downsam-
pling. The effectiveness of these metrics is assessed by a ranking scor-
ing system (right insert)

column represents the GO term, the second column the cor-
responding Run/Assembly ID, and the third column the
associated count. This structure enables centralized aggre-
gation of GO term abundances across all samples within a
given version, facilitating further downstream analysis.

Preprocessing and Quality Filtering

To ensure the quality of downstream analysis and avoid
the influence of low-quality or noisy samples, both data
types were subject to extensive filtering. For taxonomic
data, filtering was applied to control the depth of taxonomy
included in the analysis. Given the large volume of data
and the potential for incomplete taxonomic hierarchies, it
was essential to limit the analysis to a level that balances
detail with interpretability. The genus level was selected as
it sufficiently captures taxonomic diversity across samples
while avoiding too specific or inconsistently labeled taxo-
nomic entries. We additionally applied two filtering criteria
to ensure sufficient taxonomic diversity and data reliability
for downstream analyses. First, taxa represented by fewer
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Data preparation and organization

Backtracking (based on children-parent relationships)

|

GO_abundances MGnify files

“Super Table” creation with aggregated values

Filter data

Global Frequency: GO-term frequency among all
samples in dataset

Local Frequency: GO-term frequency within a single
sample in dataset

Prune data according to Global and Local Frequencies
(“TF-IDF” like Scoring System)

l

CCMRI GO terms Set creation

Similarity Metrics Pipeline

Fig. 8 Functional Profiles - Sample Level Workflow. The pipeline
begins with data preparation, including backtracking and collection of
Gene Ontology (GO) term abundances from MGnity outputs. A “super
table” of aggregated functional data is constructed, followed by a fil-
tering stage based on both global (across-sample) and local (within-
sample) frequencies of GO terms. A TF-IDF-inspired scoring system

than 30 reads were removed. Low-abundance features in
this range are frequently associated with sequencing noise,
index bleed, or sampling stochasticity to improve robust-
ness [37]. Second, samples containing fewer than ten gen-
era were excluded, as extremely low richness often reflects
technical issues such as insufficient sequencing depth or
failed library preparation rather than true biological signal
[38]. Together, these thresholds ensure that downstream
diversity and similarity analyses are based on stable, infor-
mative, and biologically meaningful community profiles.
Lastly, an aggregation step was performed, where counts
from lower-level taxa were summed into their higher-level
parent taxonomic groups to facilitate easier access to the
total count information across a taxonomy branch.

To enhance the interpretability and biological relevance of
the functional profiles, a filtering step was applied based on
two types of frequencies, namely “local” and “global”. Local
frequency was defined as the proportion of reads assigned by
MGnify (see Data Retrieval) to a GO term within a sample,
while global frequency is described as the proportion of sam-
ples in which a GO term appeared. GO terms with extremely
high global frequency were removed to eliminate overly

TF-IDF Ranking of GO Terms:
Balancing Local Abundance and Global Rarity

Remove too redundant terms & keep most informative

is applied to balance term specificity and informativeness, prioritiz-
ing GO terms that are abundant in individual samples but rare across
the dataset. These scores inform a hierarchical pruning process that
eliminates redundant GO terms based on GO structure, resulting in the
CCMRI GO Terms Set. This curated, non-redundant set is then used
for downstream similarity metrics analysis

generic and broadly distributed functions across samples,
offering limited value for distinguishing among microbial
communities. Conversely, terms with low local frequency,
meaning those contributing minimally within individual sam-
ples, were filtered out to reduce noise. This dual-threshold
filtering ensured that the resulting profiles retained informa-
tive, sample-relevant features while minimizing the impact
of ubiquitous GO terms. Multiple threshold combinations
for global and local frequencies were applied to detect the
best set of thresholds, based on the amount and the type of
GO terms that were removed. To identify the optimal thresh-
olds, we evaluated all global and local frequency combi-
nations in a comparative table recording (i) the number of
GO terms removed for being overly generic/common (high
frequency), (ii) the number of GO terms removed for being
overly specific or uninformative (low frequency), and (iii)
the remaining unique GO terms and run/assembly IDs. This
assessment allowed us to balance the removal of generic and
specific terms, while avoiding excessive information loss.
The selected thresholds (0.75 for global frequency and 0.01
for local frequency) were those that best preserved a stable
and biologically meaningful set of GO terms for downstream
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analysis. A Term Frequency - Inverse Document Frequency
(TF-IDF)-based scoring approach was applied to further
refine the set of GO terms. The Term Frequency (TF) was
calculated as the local frequency explained beforehand, while
the Inverse Document Frequency (IDF) was computed as
the logarithm of the total number of samples divided by the
number of samples in which each GO term appeared. This
approach prioritized terms that were both abundant within
individual samples and relatively rare across the entire data-
set. The resulting TF-IDF score, obtained by multiplying TF
by IDF, served as a ranking metric to identify informative and
sample-specific GO terms. To reduce semantic redundancy
and preserve hierarchical structure, GO terms were further
pruned using a top-down approach guided by the Gene Ontol-
ogy hierarchy. After ranking all GO terms based on their TF-
IDF scores in descending order, the highest-scoring term was
retained. Subsequently, the algorithm iteratively traversed the
ranked list, and for each retained term, all of its descendants
(i.e., more specific) terms were removed from further consid-
eration. This hierarchical pruning ensured that no semanti-
cally nested or redundant terms remained in the final set. The
resulting curated and non-redundant collection of GO terms,
referred to as the “CCMRI Set-of-GO-terms”, represents a
minimal yet highly informative subset optimized for compar-
ative and downstream functional analyses.

In both functional and taxonomic datasets, after apply-
ing filtering and removing the relative terms, the final step
- prior to similarity metrics calculation - involved normal-
ization of the dataset based on relative abundances. Rela-
tive abundance was calculated by dividing the count of each
taxon or GO-term within a sample (Run/Assembly ID) by
the total taxon/GO-term count for that sample. This normal-
ization ensured that the sum of relative abundances for each
sample equaled one, thereby allowing for meaningful com-
parisons across samples with varying sequencing depths.

Robustness Evaluation with Controlled Noise
Injection

To simulate varying levels of technical and biological vari-
ability in count-based data, we introduced controlled noise
by emulating reduced sequencing depth while preserving
the relative abundance profiles within each Run/Assembly
ID. This was achieved using a multinomial distribution,
which probabilistically redistributes counts across features
according to their original relative proportions, introducing
realistic stochastic variation. A subset of 1,000 studies was
randomly selected as a test set. For the robustness evalua-
tion step, a subset of 4,000 samples (Run/Assembly IDs)
was used for the taxonomic dataset and 2,000 samples (Run/
Assembly IDs) for the functional dataset. We then iterated
over a series of predefined downsampling ratios (i.e., 0.1,
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0.25, 0.75, and 0.9), where each ratio indicates the propor-
tion of Run/Assembly IDs that were affected by the noise
injection. For instance, a ratio of 0.25 implies that 25% of
the IDs are downsampled, and for each of these IDs the total
number of retained counts is reduced to 25% of the origi-
nal sequencing depth, while the remaining 75% retain their
original counts. Consequently, lower ratios correspond to
minor alterations across the dataset, whereas higher ratios
reflect more extensive noise. This down-sampling strategy
was applied, as a common approach in microbiome studies
to mitigate biases associated with uneven read counts [39].

For each affected Run/Assembly ID, counts were resa-
mpled using a multinomial distribution, where the total
number of retained counts was scaled according to the ratio,
and counts were redistributed based on their original relative
abundance. After noise injection, we evaluated the similarity
between the original and noisy profiles using three metrics,
chosen based on their complementary properties and suitabil-
ity for large-scale data: Euclidean distance as the simplest and
oldest traditional metrics, cosine similarity, and Jensen—Shan-
non divergence, as they are reported for their scalability [16].
Other metrics, such as Bray—Curtis and Jaccard, were also
considered but not included for several reasons. Bray—Curtis
is known to be unstable under noise and sparsity, particularly
when the biological signal is weak relative to sampling depth
[40]. In addition, Jaccard is a presence—absence metric and
therefore discards quantitative abundance information that
is critical for metagenomic analyses [41]. While presence—
absence metrics can be more robust to certain types of noise,
we specifically chose abundance-based metrics to take full
advantage of the count data provided by MGnify, capturing
the richness and quantitative structure of microbial commu-
nities. The objective was to assess the ability of each metric
to correctly match noisy samples with their original counter-
parts. We implemented a ranking-based evaluation, where
each noisy sample was compared against all original sam-
ples, and the rank position of the true original was recorded.
Ideally, a robust metric should rank the original sample (i.e.,
the self-match) first, yielding a rank of 1. We extended this
evaluation to top-k ranking scenarios (e.g., top-1, top-3, top-
5), quantifying the number of cases where the correct match
appeared within the top-k most similar profiles. Top-k rank-
ing approach is considered to be a classical ranking algorithm
for various information retrieval, machine learning, and simi-
larity benchmarking tasks [42]. This framework enabled a
comparative analysis of metric performance, allowing us to
identify the most reliable similarity measure for capturing
signal preservation under noise. After selecting the optimal
metric, pairwise cosine similarities were calculated between
all Run/Assembly IDs within each version, employing an
“all vs. all” comparison approach. The flowchart of the noise
injection pipeline is presented in Fig. 9.



LLM-Assessed Relatedness of Microbiome Study Descriptions Aligns more Strongly with Functional than with... Page 150f 20 104

Randomly selected dataset creation
Original datasets (1,000 Studies)
» 2,000 Functional Run/Assembly IDs
4,000 Taxonomic Run/Assembly IDs

l

Define downsampling/noise levels
Ratios: 0.1, 0.25, 0.75, 0.9

Lower ratios — mild noise

Higher ratios — strong noise

ﬁ’ﬁ Noise injection via multinomial distribution

Scale total retained counts according to the ratio

Redistribute counts based on the original relative abundance
e.g.: 0.25 ratio: 25% IDs downsampled to 25% sequencing depth

- Simulate varying levels of technical and biological variability in
count-based data by introducing realistic stochastic variation.

|

( Generate noisy dataset versions )

l

[ Similarity metrics calculation
flI. Cosine similarity, Euclidean distance, Jensen-Shannon divergence

l

1 Ranking performance
*l @ Compare noisy VS original samples

Record the true original sample
Rank position

Ideally, a robust metric should rank the original sample (i.e., the self-match) first, yielding a rank of 1

l

Similarity matrix
Calculate all VS all similarity scores

ow-—
—ru
Doy

Fig. 9 Flowchart describing noise injection via multinomial distribution across predefined downsampling ratios and subsequent evaluation of
similarity metrics using ranking-based performance to identify the most robust measure (cosine similarity) for final all-vs-all comparisons
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The statistics of the final taxonomic data are represented
in Table 1, while for functional data are shown in Table 2.

Sample-to-Study Aggregation of Similarities

To enable higher-level comparisons between studies, indi-
vidual sample-level similarity matrices were aggregated
into study-level similarity matrices. Each study, composed
of multiple samples, was represented by summarizing its
pairwise similarities with all samples from another study in
both directions. This approach condenses the n x n similar-
ity matrix (where n is the number of samples) into a smaller
m X m matrix (m being the number of studies), allowing for
clearer cross-study comparisons. We used a nearest-neigh-
bor-based approach, in order to emphasize the closest cross-
study relationships.

In practice, the similarity between two studies was cal-
culated by first computing the pairwise similarities between
all samples in study X and all samples in study Y. For each
sample in study X, the maximum similarity to all samples in
study Y was calculated. These maximum similarities were
then averaged yielding an aggregated similarity X — Y. The
same procedure was performed in the opposite direction to
obtain the aggregated similarity Y — X. Formally:

e XY
Foreachz e X andy e Y :(z, Y) =max ~ (z,y)
o Y X

Analogously, for each x ¢ X and ye Y:(y, X) =
max ~ (y, x)

e Study-level
(X, Y) =max (mean(~ (z,y)) , mean (~ (y, X))

Below in Table 3 is presented an example of this approach.

This nearest-neighbor-averaged, direction-aware proce-
dure provides a comprehensive summary that prioritizes
the strongest biological concordance between studies. The
approach ensures that shared biological structure (e.g.
common controls, shared environments, similar functional
profiles) is retained even when other sample groups differ
substantially. In this way, the method reduces information
loss by preserving the best-matching relationships between
studies rather than diluting them across all pairwise com-
parisons. At the same time, if only part of the two studies
overlaps (e.g. similar controls but different treatments),
the directional averages will differ, and the final score will
reflect only partial similarity rather than collapsing the stud-
ies into an artificially high or low value.

The resulting matrix is symmetric, and each cell reflects
the maximum functional or taxonomic similarity between
two studies, offering a more robust and interpretable over-
view at the study level while preserving the underlying sam-
ple-level variation.

Semantic Relatedness via Large Language Models

To further assess the semantic relatedness between metage-
nomic studies based on their text, we leverage LLMs.
Specifically, for each microbiome study, textual informa-
tion, including title, description, and biome, along with the
linked PubMed abstract, was retrieved from the MGnify
database. This structured metadata allows comparison

Table 1 Summary of Final Taxonomic Dataset and Pairwise Comparison Counts. This table presents the final dataset composition following
taxonomic filtering, organized by MGnify version (v4.1 and v5.0) and rRNA marker type (LSU and SSU). For each dataset version, the table
lists: (i) the number of studies processed, (ii) the number of unique samples retained after filtering, and (iii) the total number of all-vs-all pairwise
comparisons, calculated using the formula n(n—1)/2, where n is the number of samples. This comprehensive comparison matrix forms the basis
for subsequent similarity calculations. The selected versions represent the most recent and high-quality releases available for each marker type

Version Studies Unique filtered samples Number of comparisons [n * (n—1)/2]
v4.1 LSU 1,395 8,151 33,215,325
v4.1 SSU 2,302 157,906 12,467,073,465
v5.0 LSU 663 1,037 537,166
v5.0_SSU 972 58,319 1,700,523,721

Table 2 Summary of Final Functional Dataset and Pairwise Comparison Counts. This table summarizes the final dataset used for functional
analyses, based on MGnify versions v4.1 and v5.0. For each version, the number of studies included, the total number of unique samples retained
after functional filtering, and the resulting number of all-vs-all pairwise comparisons are reported. Pairwise comparisons were computed using the
formula n(n—1)/2, where n is the number of filtered samples. These comparisons provide the foundation for calculating functional similarities and
conducting clustering analyses across microbial communities

Version Studies Unique filtered samples Number of comparisons [n * (n—1)/2]
v4.1 1,063 64,503 2,080,286,253
v5.0 480 31,962 510,768,741
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Table 3 Example of aggregating sample-level similarities to compute the study-level similarity matrix. Pairwise similarities between samples
from Study X (x1—x3) and Study Y (yi—ya) are shown. For each sample in Study X, the highest similarity to any sample in Study Y is identified,
and these per-sample maxima are averaged to yield the directional similarity X — Y. The same procedure is applied in the opposite direction
to obtain Y — X. The final study-level similarity (bottom right) is defined as the maximum of these two directional averages, emphasizing the

strongest cross-study concordance

Samples for Study Y
yl y2 y3 y4
Samples for Study X
TN [~ \
1 0.8 0.9 0.3 0.8
X N N
X2 0.5 0.7 0.2 /OE
N
N
x3 0.5 0.5 @4/ 0.6
Yi vs Xj Max 0.8 0.9 0.4 0.9
0.75

of ecological contexts across studies at varying levels of
resolution (e.g., aquatic vs. freshwater vs. sediment). This
approach enables us to facilitate whole systems assessment
by providing an efficient first-pass filter for curating simi-
lar/dissimilar studies.

LLM-based study similarity was performed using
Ollama v0.6.8 deployed on the LifeWatch ERIC HPC Al
server. A custom pipeline was implemented in bash for pro-
cess orchestration and Python v3.5 for model invocation
and study comparison routines. All MGnify study IDs and
their associated textual metadata/literature were provided
as input. The codebase was optimized to take full advan-
tage of the available GPU resources on the HPC system by
running parallel processes and multiple concurrent Ollama
server instances. This configuration enabled scalable and
efficient inference across large numbers of pairwise study
comparisons.

For our task, we adopted a prompt engineering approach,
which required the use of an instruction-tuned model capa-
ble of understanding and responding to natural language
instructions. While models like SciBERT and other BERT-
based models were pre-trained with masked-language mod-
eling and excel at generating domain-specific embeddings
([43, 44]), they are not inherently designed for prompt-
driven reasoning tasks without extensive fine-tuning ([44]).
We evaluated two computationally efficient, instruction-
tuned and GPU-compatible LLMs available through the

Ollama platform: Qwen-3 30B-A3B (qwen3:30b-a3b-
q8_0) and Phi-4 14B (phi4:14b-q8 0). Qwen-3 is a substan-
tially larger Mixture-of-Experts model with ~30.5B total
parameters (=3.3B active per token) and support for very
long contexts of up to ~131 K tokens. In contrast, Phi-4 is
a 14B-parameter dense model with a 16 K-token context
window, trained on a carefully curated dataset with strong
reasoning-oriented fine-tuning.

Despite Qwen-3’s higher capacity, larger parameter bud-
get, deeper architecture, and broader multilingual training
corpus, Phi-4 consistently outperformed it on our task. The
latter provided stronger reasoning quality, more accurate
interpretation of prompt intent, more reliable instruction-
following, and more consistent, structured, logic-driven
explanations of semantic similarity between input texts.
These qualities were essential for downstream automation
and reproducibility, leading us to select Phi-4 as the pri-
mary model.

Phi-4 (14B parameters, quantization level Q8 0, pre-
trained as of February 2025 [45]) was deployed and man-
aged via the Ollama platform. The prompt shown below was
developed in a stepwise fashion through iterative qualita-
tive evaluation by inspecting the LLMs’ responses to the
same study pairs. Evaluation focused on response extent,
contextual grounding, and decisiveness, rather than exhaus-
tive prompt optimization. Earlier prompts tended to produce

more ambiguous classifications (e.g., “likely”, “unlikely”),
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whereas the final prompt yielded more confident, analyti-
cal and categorical judgments (e.g., labels of relatedness
“None”, “Low*, “Medium”, “High”). This shift appears
to be driven by the inclusion of explicit example criteria
for each category, which provided clearer guidance on how
distinctions should be made. As a result, the final prompt
consistently generated more structured, narrative-style
explanations with a scientific tone and clearer justification
of similarities and differences between study pairs, increas-
ing confidence in outputs.

The core question presented to the LLM, along with
detailed instructions on how to assess relatedness and cat-
egorize it into four levels (high, medium, low, and no), is
shown below:

How high similarity do you expect between these
two microbiome studies? Instructions: Focus on the
biomes from which the samples were collected. In the
next line quantify the similarity strictly according to
these categories: "***high***' (studies of very similar
biomes from the same organisms, closely related envi-
ronments, and similar conditions), "***medium***'
(studies of similar biomes from the same organisms
or similar environments), "***low***' (studies of
the same type of biome but from different organisms
or environments) or '***no***' (completely unre-
lated studies, such as a host microbiome and a soil
microbiome).

The full prompt is provided in the “Supplementary Mate-
rial: 6. LLM full prompt” section. The model’s response,
formatted as JSON, includes both an analytical explanation
for the assigned relatedness of each study pair and the final
relatedness category.

To ensure the robustness and reliability of the model’s
assessments, the evaluation was repeated across three sepa-
rate runs. This approach reduces the inherent stochastic
variability of autoregressive LLM outputs. Each study pair
was evaluated three times, and a majority-vote strategy was
applied to determine the final category. The analysis was
performed for 16,194 study pairs for which we had either
taxonomic or functional data available.

Connecting Text-Based Relatedness and Data-Based
Study Similarity

A central question is whether and to what extent seman-
tic relatedness inferred from LLMs can reflect biological
relatedness based on taxonomic or functional composition.
To this end, the similarities and relatedness, as calculated
in the previous method sections, had to be combined. This
was achieved by plotting the distributions of functional and

@ Springer

taxonomic study pair similarities against the different lev-
els of LLM-assessed relatedness (i.e. high, medium, low,
none) (see Figures 3—6). For each similarity type and relat-
edness level, violin plots of similarity values were gener-
ated to illustrate how study pairs were distributed along
the similarity range (0—1, where a score of 0 indicates no
similarity between study pairs, while a score of 1 indicates
complete similarity). Separate color palettes were applied
for functional and taxonomic comparisons (purple for func-
tional and green for taxonomic) to ensure visual distinction.
Python (v3.5) libraries’ pandas, seaborn and matplotlib were
used to produce all relative plots.

Implementation & Availability

The methodology described was implemented using the
Python programming language (v3.5). Multiple packages
and libraries were utilized to support data manipulation,
statistical analysis, visualization, and Large Language
Models. Among the most commonly used were: pandas
(v2.2.2) for efficient loading, manipulation, and prepro-
cessing of tabular data; numpy (v2.2.0) for numerical oper-
ations and array-based computations; matplotlib (v3.9.2)
for generating static visualizations and custom plots; sea-
born (v0.13.2) for high-level statistical data visualization
and enhancing plots; scipy (v1.14.1) for advanced statisti-
cal operations, and lastly scikit-learn (v1.6.0) for machine
learning tasks.

The code is publicly available on GitHub (https://github.
com/lab42open-team/similarity _metrics).

Supplementary Information The online version contains supplementary
material available at https://doi.org/10.1007/s00248-026-02730-5.
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