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Article Preprint

Meta-analysis of the agreement and accuracy of
functional inference from 16S amplicon studies in
arsenic-affected soils and aquifers

Md Rakib Hasan ®? s Shoumik Zubyer ® Mst Anika Khatun Rupa®' Mohammad Fazle Alam Rabbi! Anwar Zahid '3
Background. Almost all archived environmental sequence data are 16S amplicon, so gene content is inferred from lineage rather than measured,
yet inferred profiles are routinely read as measurements. Whether the reliability of inference differs between genes, and whether the predictor’s own
confidence metric identifies the unreliable ones, has not been tested at archive scale. Here, 3,041 archived 16S amplicon runs from 78 studies of rice-
paddy soil, arsenic-contaminated soil and arsenic-affected aquifers were re-analysed through one pipeline. Gene content was inferred by a curated
marker-taxa bridge and by PICRUSt2, their agreement was quantified per gene and tested against candidate predictors, and both routes were checked
against paired shotgun metagenomes. Compartments were compared under depth adjustment and study-level permutation.

Results. Agreement between the routes varied widely by gene, from p = 0.906 (mcrA) to p = —0.118 (arsM), around a weak median of p = 0.286 across
698 gene-study comparisons in 57 studies. PICRUSt2’s confidence metric did not explain that range, whereas agreement tracked how consistently the
marker taxa carried each gene in PICRUSt2’s reference genomes (o = +0.66). FAPROTAX, a published lookup, matched PICRUSt2 no better than
the bridge, whereas Tax4Fun2, a second genome-based predictor, matched it more closely (o = +0.43 against p = +0.29). Sequencing depth lowered
inferred abundance in 15 of 20 genes, while its effect on detection was positive for every gene. Against shotgun metagenomes from 267 biosamples in
16 studies, PICRUSt2 tracked measured abundance weakly (median p = +0.21), Tax4Fun2 no better, and the bridge barely (0 = +0.05). Agreement
between the bridge and PICRUSt2 predicted the accuracy of the bridge but not of PICRUSt2. No compartment difference was resolved after adjustment.
Conclusions. Agreement between amplicon-based inference routes differs by gene within a single panel. Neither the predictor’s confidence metric
nor phylogenetic conservation identifies the discordant genes, while carriage within the marker taxa partly anticipates them. Disagreement between
independent routes flags method-dependent genes, but agreement does not certify accuracy. The routes disagree on arsM, one of only two arsenic-cycling
genes both score. Compartment differences in arsenic-cycling potential cannot be resolved from public amplicon data without shotgun metagenomes.

Keywords: Functional inference; 16S rRNA gene amplicon; PICRUSt2; Shotgun metagenomics; Meta-analysis; Arsenic cycling; Public sequence
archives; Groundwater
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Background

Arsenic in shallow groundwater exposes tens of millions of peo-
ple across South and Southeast Asia to a known carcinogen, and
the mechanism usually held responsible is biological. Microbes
respire iron oxyhydroxides, the mineral surfaces that hold arsenic
in place, and the arsenic those minerals carry passes into solu-
tion as they dissolve 2. Other organisms then methylate, oxidise
or respire the arsenic itself, so what reaches a drinking well de-
pends on which of these processes prevails3. Each step rests on
strong work at individual field sites, and whether the same func-
tional signature appears wherever arsenic mobilises has never
been tested on uniformly processed data.

Public sequence archives appear to make that test straightfor-
ward. Hundreds of studies of arsenic-affected soils and aquifers
are deposited, and processing them through one pipeline with
one reference database and one gene panel should show whether
the pattern generalises. Re-analysing archived data this way
is now ordinary practice in microbial ecology*®, and a survey
of arsenic-related genes across soil metagenomes has already
shown what the approach can deliver where genes are sequenced
directly”.

The obstacle is that almost everything deposited is 16S am-
plicon, which records which organisms are present rather than
what they can do. Gene content must therefore be inferred, and
two families of method dominate. A curated lookup maps gen-
era to the functions they are documented to carry. A phyloge-
netic predictor places sequence variants on a reference tree and
infers gene abundances from their neighbours®. Other predic-
tors, Tax4Fun2 among them, assign sequence variants to refer-
ence genomes differently but share that dependence on them®,
so a curated lookup is the more independent second route. Both
are widely used, and once a profile has been computed both
are routinely read as though they measured what they only es-

timate 1. Each rests on the premise that related organisms do re-
lated things 1112, and functions differ enormously in how far that
premise holds.

Where predictions have been checked against shotgun
metagenomes from the same samples, the check has covered
tens of samples from a few environments, and it has found that
accuracy falls sharply outside the human gut and that a corre-
lation between predicted and measured gene profiles is easy to
obtain and hard to interpret®!3. Accuracy also differs between
community types within a single body site 14, and the variation in
gene content among related genomes, one cause of the departure
of predicted from measured profiles, has been corrected by cali-
brating against a small set of paired samples>. A later evaluation
of four predictors against matched metagenomes and simulated
communities found them too insensitive to recover functional
differences between groups of samples %, and reviews of the field
identify the shortage of reference genomes outside the human
gut, in soils especially, as the central limit!?. The reference be-
hind the most widely used predictor has since been rebuilt from
current genomes, but its evaluation rested on simulated commu-
nities and on correlation across genes within a sample!®. The
marker gene adds uncertainty of its own through limited taxo-
nomic resolution and variable copy number 2. No such check
exists at the scale of an archive, because it needs paired shotgun
data, which the archive rarely holds. The archive does allow
a test of internal consistency, and that test is answerable with
the same corpus assembled to ask the biological one. Two infer-
ence routes that share only the sequence-variant table can be run
over the same samples and compared gene by gene, and where
they disagree, at least one is wrong. This study runs that com-
parison over 3,041 archived runs from 78 studies of rice-paddy
soil, arsenic-contaminated non-paddy soil and arsenic-affected
aquifers.
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Table 1. Retained amplicon corpus by compartment. Counts are gener-
ated directly from the analysis sample sheet.

Compartment Runs Studies
Rice-paddy soil 2,210 42
Shallow aquifer (<50 m) 34 2
Deep aquifer (>50 m) 27 1
Aquifer, depth unspecified 104 7
As-contaminated soil (non-paddy) 666 27
Total 3,041 78

The study asks four questions of that corpus and of a separate
set of paired amplicon and shotgun samples. (i) How closely
do a curated marker-taxa lookup, PICRUSt2 and the published
lookup FAPROTAX agree, gene by gene, when run over the same
sequence variants? (ii) Does the phylogenetic conservation of
each gene’s marker taxa, the predictor’s own confidence metric
or the consistency with which the marker taxa carry the gene ex-
plain which genes they agree about? (iii) How closely does each
route track gene content measured by shotgun sequencing of the
same biosamples, and does agreement between the routes indi-
cate which of them is accurate? (iv) Once sequencing depth is
accounted for, does inferred arsenic-cycling potential differ be-
tween paddy soil, contaminated soil and aquifer? The answers
bear on how much weight a functional profile computed from
archived amplicon data can carry, for arsenic cycling and beyond.

Methods

The design is outlined in Fig. 1, from the archive search through
the three inference routes to the comparisons of route agreement,
accuracy against measured gene content and compartment.

Dataset selection and corpus

A structured search of public sequence archives, executed on 20
May 2026, returned 12,114 records that reduced to 7,539 after
deduplication. That query is a reproducible basis for dataset se-
lection and not an exhaustive census of the field. Explicit inclu-
sion rules applied to the deduplicated set produced 177 candidate
datasets spanning 5,271 sequencing runs. Compartment was re-
solved from metadata held in the European Nucleotide Archive ?!
and not from study titles, since a title records what a paper is
about while the metadata record what was actually sequenced.
A compartment label therefore records the kind of site sampled
and not a measured arsenic concentration. Library layout was
read from the deposited file listing rather than the declared field,
and single-end Illumina runs, 23.8 % of the final corpus, were de-
noised without read merging (Supplementary Section S2).

Compartments

Rice-paddy soil and aquifer water were defined at the outset
as the two settings in which arsenic mobilisation is most often
studied. Arsenic-contaminated non-paddy soil was added as a
third arm once the available datasets showed that it, and not the
aquifer, was the only compartment with room to expand. It is
kept separate from paddy soil so that the gene-prevalence com-
parison can be run three ways. Table 1 gives the retained corpus.

Exclusion criteria and read depth
Every exclusion is recorded at run level with its cause (Table 2).
Platforms whose error profiles the Illumina denoising path can-
not model were removed, as were datasets failing the isolation-
source and study-design criteria, such as enrichment cultures,
arsenic-removal filters and root tissue. Rice rhizosphere soil was
retained, because arsenic is mobilised in the rhizosphere of a
flooded paddy. Three further categories were found only after
retrieval (Supplementary Sections S2 and S14).

A sample-level floor of 10,000 retained reads is applied at con-
solidation, and depth is carried as a covariate in every compart-

Preprint
Table 2. Run-level exclusion ledger.
Reason for exclusion Runs
Failed inclusion criterion (isolation source) 211
Constant quality scores: error model not estimable 139
Failed inclusion criterion (study design) 111
Incompatible platform: 454 pyrosequencing 70
Incompatible platform: Ion Torrent 64
Size outlier: shotgun-scale deposit labelled amplicon 30
Failed denoising (no R1/R2 overlap) 27
Incompatible platform: PacBio SMRT 23
Total excluded 675

ment model, because 38.8 % of aquifer samples fall below the
floor against 11.4 % for paddy soil. Much of that shortfall arises
in processing, because primers are removed from the 5’ end only
and reads are not truncated (Supplementary Section S2). Aquifer
datasets were stratified at 50m below ground surface where a
depth was reported.

Reference data and software

Taxonomy was assigned against the SILVA release 138.2 genus-
level training set??, with the GTDB r220 fallback?® disabled
for the reported run. The functional panel is a frozen set of
35 genes spanning the arsenic, iron, sulfur, nitrogen and car-
bon cycles, held at version 1.4 with file checksums recorded.
Runs were retrieved with sra-tools?*, primers removed with cu-
tadapt?®, and sequences denoised and assigned with DADA22
and DECIPHER?’ under R%, scheduled by Snakemake?®. The
arsenic-soil arm used bit-identical versions of these tools, so the
three arms rest on the same analytical basis (Supplementary Ta-
ble S8).

Functional inference and the analysis set

Amplicon data carry taxonomy, not gene content, so panel genes
were attributed to samples through a curated marker-taxa bridge
(hereafter the bridge) that maps genera to the genes for which
they carry documented evidence. Each attribution is weighted
by the strength of that evidence, so the per-sample score is an
evidence-weighted relative abundance and not a gene copy num-
ber. Where a route has no value for a sample the value is left
empty and never zero.

A second and independent route was computed by PICRUSt28,
which places sequence variants on a reference phylogeny and pre-
dicts KEGG ortholog abundances from their neighbours. Ver-
sion 2.6.3 was run with its default reference, PICRUSt2-SC, which
holds 27,870 genomes from GTDB release 12148, so the predic-
tions are those a current user obtains without changing a set-
ting. The two routes share only the sequence-variant table, so
their agreement measures the inference rather than the data. PI-
CRUSt2 output exists for 67 of the 78 retained studies (Supple-
mentary Section S5), so the primary gene matrix rests on the
bridge alone and the comparison between routes is restricted
to the studies where both exist and the gene maps to a KEGG
ortholog. arsM and aioA enter as AS3MT (K07755) and aoxB
(K08356), and hydA as the four [FeFe]-hydrogenase orthologs
K17997,K00532,K00533 and K18332, giving 698 gene-study com-
parisons across 57 studies and 13 genes. Agreement is the Spear-
man correlation between the two per-sample scores, taken within
a study so that laboratory and primer effects are held constant,
and summarised as a median across studies for each gene. The
correlation runs across samples for one gene, because a correla-
tion across genes within a sample is inflated by the abundance
structure all genes share and survives permutation of samples 3.

A third route tested whether the behaviour of the bridge is
common to curated lookups. FAPROTAX 1.2.12%, the published
taxon-to-function database most used in environmental surveys,
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Archive search, 20 May 2026
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Fig. 1. Study design. The arsenic-affected corpus (left) and a validation set of paired shotgun and amplicon biosamples from other environments
(right) pass through the same amplicon processing and the same four inference routes. Gene content measured in shotgun metagenomes enters only
the accuracy comparison, and the compartment analysis uses the marker-taxa bridge alone. Filled tags mark analyses fixed in a protocol recorded with
a checksum before they were run, and outlined tags the two specified after the paired results were seen. Counts are those of the retained corpus (Table 1)

and the validation set (Supplementary Table S15b).

was run unmodified over every taxonomy string in the corpus.
A sample’s score for a gene is the relative abundance of the se-
quence variants assigned to the function that gene defines, which
exists for 9 panel genes. FAPROTAX and the bridge are compared
by the paired difference in their agreement with PICRUSt2, with
an interval resampling studies (Supplementary Section S11).

A fourth route tested whether the weak agreement belongs
to curated lookups or to inference from 16S data in general.
Tax4Fun2 1.1.5°, the other widely used genome-based predic-
tor, assigns each sequence variant to its nearest reference 16S
sequence by BLAST at 97 % identity or more and takes that

genome’s ortholog profile, rather than placing it on a tree. It was
run with its default Refl100NR reference and settings on the se-
quence variants and counts given to PICRUSt2, for the corpus
and for the paired studies of ‘Paired amplicon and shotgun data
across environments’, and a gene’s score is the summed share of
its KEGG orthologs in the predicted profile, on the scale of the
PICRUSt2 score. Agreement with the other routes, accuracy in
the deep aquifer and accuracy across environments were com-
puted on the same cells and with the same intervals as for PI-
CRUSt2, under a protocol whose checksum was recorded before
any Tax4Fun2 output existed. Because the two predictors draw
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on overlapping reference genomes, that protocol fixed in advance
that agreement between them would not be read as accuracy. A
sample in which no read reaches a reference receives an empty
profile and scores zero as registered, and leaving such samples un-
scored is reported as a sensitivity analysis added after the results
were seen (Supplementary Section S16).

Whether agreement depends on how a study was conducted
was tested on each study’s mean departure from the per-gene me-
dian agreement, against aquifer or soil origin, read layout, sam-
ple number and median retained reads, each by permutation
over studies with Holm correction (Supplementary Section S12).
Whether the routes lead to the same compartment conclusion
was tested by regressing each study’s log median score under each
route on compartment and median log,, retained reads, with
compartment labels permuted across studies. The routes were
then compared on the sign of each contrast and on the contrasts
significant under one route only (Supplementary Section S13).

Confidence intervals on headline correlations and medians are
95 % percentile intervals from 10,000 bootstrap resamples with a
fixed seed. Each resamples the independent unit of its summary,
which is the study for median agreement, the nearest-sequenced-
taxon test and the comparison across environments, the gene
for the conservation test and the biosample for the comparison
within one aquifer. Detection of a gene in a sample is a non-zero
marker-taxa score, and its prevalence in a study is the fraction of
that study’s samples in which it is detected.

Measured gene content from paired shotgun
metagenomes

Neither inference route is a measurement, so both were checked
against gene content measured directly wherever the archive al-
lowed it. Two corpus studies deposited shotgun metagenomes
from the same biosamples as their amplicon libraries, giving 17
shotgun runs from 13 biosamples. In the deep-aquifer study
SRP507371, 9 of its 11 pairs have an amplicon run above the read-
depth floor and enter the correlation. The second study holds two
biosamples, too few for a correlation, and is described in Supple-
mentary Section S10.

Forward reads were filtered with fastp 1.4.03C and gene-called
with FragGeneScanRs 1.1.0%!, a reimplementation of FragGeneS-
can > with the same gene models. Reading frames were searched
with HMMER 3.433 against KOfam profiles3* for the 26 panel
genes that map to a KEGG ortholog, hydA by K17997 alone. arsM
and aioA were counted in a second pass, with curated HMMs for
the arsenic genes” as a cross-check. KOfam’s adaptive thresholds
are calibrated on full-length proteins, and no short read reaches
them for 21 of the 26 panel orthologs. Each reading frame was
therefore assigned to the panel ortholog it matches best at E <
1073, a gene counts as detected at three or more assigned frames,
and abundance is assigned frames per million frames called. That
rule was fixed before any per-gene result was examined, and three
sensitivity analyses varied it (Supplementary Section S10). Accu-
racy is the Spearman correlation across biosamples between each
route and the measured abundance, gene by gene.

Paired amplicon and shotgun data across environments

The corpus holds no other study with enough paired biosamples,
so the comparison was repeated on studies selected for the pur-
pose across environments and not for arsenic, under a protocol
recorded with a checksum before any sequence was downloaded.
A study was eligible where Illumina shotgun metagenomes and
bacterial 16S amplicon libraries came from at least six shared
biosamples and its record described no virome, stable-isotope,
culture or incubation work. A deterministic draw with quotas by
environment gave 285 biosamples from 17 studies of soil, paddy
soil, sediment, freshwater, groundwater and rhizosphere, none of
them in the corpus, and 267 biosamples in 16 studies remained
after one study failed PICRUSt2’s alignment check (Supplemen-
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tary Section S15). Amplicon libraries passed through the same
pipeline with PICRUSt2 held at 2.6.3, and shotgun runs were pro-
cessed as for the aquifer from the first 1 Gbp of forward reads,
with every panel ortholog searched.

For each gene and study in which a route and the measured
abundance both vary across at least five biosamples, accuracy is
their Spearman correlation. Each route is summarised as the me-
dian over those cells with a 95 % interval resampling studies, and
the routes are compared by the paired difference on the cells both
reach. Secondary analyses fixed in the same protocol related ac-
curacy to carriage fidelity (‘Carriage of panel genes within the
marker taxa’) and to the weighted nearest-sequenced-taxon in-
dex, and described accuracy by environment. Two further tests
were specified after these results were seen, each in a protocol
recorded with a checksum before it ran, and are reported as post
hoc. The first correlates agreement between the routes with each
route’s accuracy across cells. The second tests for differences in
accuracy between genes with a Kruskal-Wallis statistic against
10,000 permutations of gene labels within studies.

Phylogeny of the marker taxa

Whether agreement follows phylogenetic conservation was
tested on a tree built from this corpus, one representative se-
quence variant per marker genus, aligned with MAFFT* and
inferred with FastTree3¢, with 71 genera entering the tree. Clus-
tering of each gene’s marker taxa was measured as their mean
pairwise phylogenetic distance standardised against 999 random
draws of the same number of tips, and was correlated with per-
gene agreement (Supplementary Section S4).

Carriage of panel genes within the marker taxa

For every gene and each of its marker taxa, the share of that
taxon’s genomes in the PICRUSt2-SC reference that carry the
gene’s KEGG ortholog was computed, with taxa matched by
name in the NCBI taxonomy and, as a sensitivity analysis, in
GTDB. Taxa with fewer than three reference genomes were left
out, and the mean share across a gene’s remaining marker taxa is
termed here its carriage fidelity. It was correlated with per-gene
median agreement, with a one-sided permutation p-value from
100,000 permutations and a bootstrap interval over genes, and
within genes against each study’s agreement. The quantities and
tests were fixed in a protocol recorded with a checksum before
any of them was computed (Supplementary Section S12).

Composition, soil covariates and sample attributes

Bray-Curtis dissimilarity 37 between genus profiles was compared
across compartments by PERMANOVA 38 with labels permuted
across studies, and richness and Shannon diversity were re-
gressed on compartment with log, , retained reads as a covariate.
Soil properties were taken from SoilGrids v2.03° at 0~5 cm for ge-
olocated samples and related to community distance within stud-
ies by Mantel and partial Mantel correlations. The full attribute
record of every run was searched for arsenic concentrations and
for laboratory manipulation (Supplementary Section S14).

Statistical analysis

Compartment contrasts were tested at study level, since samples
within a study share a laboratory, a primer choice and a sequenc-
ing run. For each gene, per-sample detection was regressed on
compartment and log,, retained reads by generalized estimat-
ing equations with a binomial family, a logit link and an ex-
changeable working correlation clustered by study. The com-
partment coefficient is then the log-odds of detection between
compartments at equal depth. Cluster-robust errors are anti-
conservative with fewer than ten aquifer studies, so inference
rests on 2,000 permutations of compartment labels across studies,
with odds-ratio intervals from the Mancl-DeRouen bias-reduced
covariance. Analyses used Python 3.11 with pandas®’, SciPy*
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and statsmodels*?, and the code is available as described under
Availability of data and materials.

Results

Composition and quality of the archived corpus

The retained corpus holds 3,041 amplicon runs from 78 studies
across the three compartments (Table 1). Of the 675 excluded
runs, the size outliers, the runs with a constant quality score
and the upstream failures were found only by inspecting the se-
quences (Table 2, Fig. 2).

The largest problem was taxonomic, since 11 of 92 studies,
holding 578 otherwise retained runs, assigned under 20 % of their
sequence variants to Bacteria or Archaea. These are eukaryotic
amplicon data deposited under metadata that declares neither,
and failure to detect the expected primer in the reads flags every
one of them. Five further studies reported spiking, enrichment
culture, reactor growth or laboratory incubation in attributes that
a search of isolation source does not reach. Arsenic itself is
largely unrecorded, with usable concentrations for 58 of 3,041
runs across 3 studies, so the exposure variable the corpus was
built around cannot be used as a covariate. PICRUSt2 predicts
more detoxification than metabolism genes in 63 of 63 studies,
by a median factor of 8.1, consistent with soil metagenomes’ but
still a prediction.

Agreement between independent inference routes and
its relation to phylogenetic conservation and gene
carriage

Across 698 gene-study comparisons spanning 57 studies and 13
genes, the two agree at a median Spearman p = 0.286 (95% CI
+0.212 to +0.348, resampling studies). Agreement is positive in
71 % of comparisons and only one gene has a negative median,
so the routes are not generating noise against each other. They
exceed |p| = 0.5in only 38 % of comparisons, however, so a profile
computed by one cannot be read as though the other would have
produced it (missing cells in Supplementary Section S5).

Agreement spreads widely between genes, being highest for
mcrA (p = 0.906), which marks methanogenesis, and lowest for
arsM (p = —0.118), the arsenite methyltransferase, whose me-
dian is the only negative one in the panel. Within a gene, studies
with more samples agree no more closely (median within-gene
p = +0.04, p = 0.40), and neither do studies in which both routes
detect the gene more often (o = —0.05, p = 0.25; permutation of
studies within genes, Fig. 3b,c). Nor does study design predict
how closely a study’s routes agree, with no association between
a study’s mean departure from the per-gene medians and aquifer
origin (p = 0.17, from only 6 aquifer studies), library layout, sam-
ple number or read depth across 57 studies (Supplementary Sec-
tion S12).

Conservation is the premise of any taxonomy-based route, so
the routes might be expected to agree wherever a function is phy-
logenetically conserved, and a tree of the 71 marker genera tests
this directly (Fig. 4). The marker taxa of 7 of 15 genes are more
closely related than chance, so the lookup captures real phylo-
genetic structure, but that structure does not predict agreement
(Spearman p = —0.27, 95% CI -0.896 to +0.495, p = 0.42).
With only 11 genes the interval cannot exclude a relationship, but
the decisive case runs the wrong way, since mcrA, on which the
routes agree most closely, has the most widely dispersed marker
taxa of any gene tested (standardised effect size +2.35).

PICRUSt2’s own measure of extrapolation, the nearest-
sequenced-taxon index*®, which is the phylogenetic distance
from a sequence variant to the closest reference genome, fares
no better. Weighted by abundance and averaged per study, it
varies 39.3-fold across the 57 studies carrying both routes (0.044
to 1.713) but does not predict agreement (o0 = +0.111, 95% CI
-0.197 to +0.397, p = 0.41; Supplementary Section S9). The inter-

Preprint

val excludes a correlation stronger than +0.397, too weak at most
to screen a corpus on, and SRP406096, with the least favourable
index of any study, shows the closest agreement between routes
(4+0.611). A predictor’s own confidence therefore does not indi-
cate whether an independent route will reproduce it.

A third property of the marker taxa is associated with agree-
ment. In PICRUSt2’s reference genomes the mean share of a
gene’s marker-taxon genomes that carry it runs from 0.99 for
mcrA to 0.31 for arsM and 0.14 for aioA (Supplementary Ta-
ble S12). Across the 13 genes this carriage fidelity correlates with
agreement at p = +0.66 (95% CI +0.14 to +0.94, one-sided per-
mutation p = 0.008; Fig. 5a), and at +0.81 under GTDB match-
ing, although without mcrA it falls to p = +0.57 (-0.00 to +0.91),
so a single gene carries much of the evidence. Fidelity alone is
not sufficient, as feoB shows, carried by a share of 0.94 of marker-
taxon genomes but agreeing poorly because only 1.3 % of its car-
riers lie inside its marker taxa, and the product of fidelity and
that coverage, specified as secondary, correlates with agreement
at o = +0.75 (+0.28 to +0.95; Fig. 5b). Within genes, studies
whose marker taxa carry the gene more consistently do not agree
measurably better (o = +0.05, p = 0.34), so the relationship be-
longs to the gene and its lookup and not to the study.

hydA is scored by all four [FeFe]-hydrogenase orthologs in
KEGG, because its originally frozen ortholog, K17997, is carried
by only 1 of 175 Clostridium genomes, the only hydA taxon in
the bridge, so under it the two routes scored different enzymes.
The change was made after the first analysis and recorded in the
protocol, and no conclusion depends on it (Supplementary Sec-
tion S13).

FAPROTAX, a published lookup, behaves like the bridge. It
reaches 8 of the 9 genes with a corresponding function and none
of the arsenic genes, since it lists its arsenite oxidisers at species
level and no sequence variant in the corpus is classified to those
species. Across the 274 of 478 cells in 54 studies where its scores
vary, it agrees with PICRUSt2 at a median p = +0.35 (95% CI
+0.27 to +0.48), against p = +0.39 (+0.29 to +0.47) for the bridge
on the same cells, a paired difference of +0.001 (+0.000 to +0.035;
Supplementary Table S11). Both medians exceed the full-grid
value because these cells exclude arsM, feoB and every cell with-
out a FAPROTAX taxon. The two lookups share few genera (me-
dian Jaccard overlap 0.08) yet agree with each other at p = +0.45
(+0.34 to 4+0.54), so the weak agreement with PICRUSt2 is com-
mon to curated lookups at genus resolution and not a property of
this one.

Tax4Fun2, a second genome-based predictor, separates
lookups from predictors. It scores 71 of the 78 retained stud-
ies, missing only those whose sequences are not bacterial 16S,
although in the median study 75 % of reads reach no reference
at 97 % identity (Supplementary Section S16). Across 694 cells in
57 studies it agrees with PICRUSt2 at a median p = +0.43 (95%
CI +0.36 to +0.49), against +0.29 (+0.21 to +0.34) for the bridge,
a paired difference of +0.09 (+0.03 to +0.13), while its agree-
ment with the bridge (+0.28) and with FAPROTAX (+0.31) is as
weak as theirs with PICRUSt2. The weak agreement is therefore
a difference between genus lookups and genome-based predic-
tors, and because both predictors draw on reference genomes
their closer agreement carries no information on which route is
accurate.

Only part of the arsenic cycle can be compared. arxA and arrA
are reachable only through the bridge, the first lacking a KEGG
ortholog and the second mapping to one that postdates the PI-
CRUSH2 reference set, and the detoxification operon, whose hori-
zontally transferred genes carry no stable taxonomic signal, only
through PICRUSt2. arsM and aioA are reached by both and fall
at opposite ends of the comparison, aioA agreeing at a median
p = +0.22 across 56 studies and arsM at p = —0.12, positive
in only 41 % of studies. That order runs against conservation,
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since across soil genomes the presence of arsM follows phylogeny
while that of aioA does not’, although arsM has also been trans-
ferred horizontally, repeatedly, in its history**.

At the level of the contrasts a study would report, the two
routes agree more often than their sample-level correlation sug-
gests. Across the 39 gene-contrast cells comparable under both,
they give the same direction of difference between compartments
in 35 (90 %, binomial p < 0.001), and their standardised effects
correlate at p = +0.62 (95 % CI +0.36 to +0.81). The conclusion

still depends on the route in 6 cells, 5 significant under PICRUSt2
alone and 1 under the bridge alone, the paddy-aquifer contrast
for aioA (¢ = 0.034 against ¢ = 0.32 under PICRUSt2), and no
cell is significant under both routes in opposite directions. These
g-values are corrected within the comparable cells only, so they
measure how far the choice of route changes a conclusion and
are not offered as compartment differences (Supplementary Sec-
tion S13).
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Comparison with gene content measured by shotgun
sequencing

In the deep-aquifer study SRP507371 the two routes agree only
weakly (median p +0.28 across its genes), and shotgun
metagenomes from the same biosamples show which of them is
closer to the measured gene content (Supplementary Table S10).
Across the 9 pairs, PICRUSt2 tracks the measured abundance at
a median Spearman p = +0.73 (95% CI +0.37 to +0.84, resam-
pling biosamples), positive for 17 of 21 genes and significant for
11, while the bridge reaches +0.00 (—0.54 to +0.56), positive for
6 of 15 genes. Across every sensitivity analysis of the assignment

rule and read-depth floor the PICRUSt2 median stays between
+0.62 and 4+0.73 and the bridge median between +0.00 and +0.05.
The bridge interval is wide, so the comparison rules out close
agreement for the bridge but not a moderate one, and a rank cor-
relation tests whether a route orders the biosamples as measured,
not whether it recovers absolute abundance.

Two checks added after the results were seen argue against a
property shared by all genes in a sample, such as the two well
depths sampled, since PICRUSt2’s prediction for one gene does
not track the measured abundance of another (median p = +0.00
across mismatched pairs) and the agreement holds within the
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wells at 160 m (o = +0.70, n = 5) and at 80 m (p = +0.80, n = 4),
although groups that small carry little weight.

FAPROTAX varies across the nine biosamples for only 4 genes,
which it ranks against measured abundance at a median p =
+0.24 (95% CI -0.31 to +0.72), between PICRUSt2 (+0.43) and
the bridge (-0.02) on the same genes, and four genes cannot sepa-
rate it from either. Tax4Fun2 shows no detectable accuracy in
this aquifer, with a median p = +0.20 across 24 genes (95%
CI -0.05 to +0.59, resampling biosamples) against +0.73 for PI-
CRUSt2 across its 21 genes, and only dsrB (o = +0.73, p = 0.025)
and pflD (p = +0.73, p = 0.025) reach significance.

For the arsenic genes the results are mixed. PICRUSt2 ex-
ceeds p = 0.5 for 3 of the 6 detoxification genes it reaches,
and the bridge runs against the measured abundance of arrA
(p = —0.54, and —0.70 under the length-scaled threshold that this
molybdopterin-family gene needs; Supplementary Section S10).
For arsM, on which the routes disagree across the corpus, PI-
CRUSt2 follows the measured abundance at p = +0.50 (p = 0.17,
and +0.65 under the stricter cutoff) while the bridge does not (o =
—0.03) and scores arsM absent in 3 of the 9 biosamples where the
shotgun data detect it. Neither route tracks aioA (o = +0.13 for
PICRUSt2, and from —0.42 to 4+0.48 for the bridge depending on
the rule). With 9 biosamples none of these correlations is signifi-
cant, so they indicate where the arsM disagreement lies without
establishing it (Supplementary Table S10b), and presence could
not be tested because every measurable gene is detected in every
biosample.

Accuracy across environments

Across 16 further studies the aquifer result holds in direction but
not in size. PICRUSt2 tracks measured gene content at a median
o = +0.21 (95% CI 4+0.16 to +0.29, resampling studies) over 375
gene-study cells, positive in 267 and significant in 66, while the
bridge reaches p = +0.05 (-0.01 to 40.15) over 237 cells (Fig. 6a).
On the 182 cells both routes reach, PICRUSt2 exceeds the bridge
by a median of +0.10 (+0.02 to +0.18). Its median is positive in 14
of the 16 studies and the bridge’s in 10, with PICRUSt2’s study me-
dians running from -0.05 to +0.70 (Supplementary Table S15b),
so the deep aquifer lies at the favourable end of the range and
not at its centre. PICRUSt2 reaches +0.39 in the 3 groundwater

studies and +0.17 in the 8 soil studies, figures that are descriptive
with one to eight studies per environment. Measurement does
not limit the comparison, since 15 of the 29 genes are detected in
every shotgun run.

Tax4Fun2 tracks measured gene content across environments
about as closely as PICRUSt2. Its sequence variants were regener-
ated by rerunning the unchanged pipeline, and the 13 of 17 stud-
ies that reproduced their stored count tables exactly were anal-
ysed, the other 4 being set aside as the protocol required. In those
studies Tax4Fun2 reaches a median p = +0.17 (95 % CI +0.09 to
+0.25), against +0.23 (+0.15 to +0.29) for PICRUSt2 and +0.01 (-
0.07 to +0.10) for the bridge (Fig. 6a). Its paired difference is -0.03
(-0.09 to +0.03) from PICRUSt2 and +0.11 (+0.01 to +0.21) from
the bridge, so neither genome-based predictor is detectably closer
to measured gene content than the other and both are closer than
the genus lookup, a result unchanged when samples in which no
read reaches a reference are left unscored (post hoc; Supplemen-
tary Section S16).

Neither property examined above as a guide to reliability an-
ticipates accuracy. Carriage fidelity, which tracks agreement be-
tween the routes, does not order the 13 genes by the accuracy of
PICRUSt2 (p = —0.12, 95% CI -0.82 to +0.54) or of the bridge
(p = +0.20, -0.43 to +0.70), and studies with a less favourable
nearest-sequenced-taxon index are not detectably less accurate
(p = —0.27, -0.72 to +0.33), with every interval wide enough to
admit a moderate relationship in either direction. In a test speci-
fied after these results were seen, PICRUSt2’s accuracy also does
not differ detectably between genes (Kruskal-Wallis p = 0.36
under permutation within studies), while under the bridge the
difference is marginal (p = 0.06), its lowest genes being nosZ (-
0.21) and aioA (-0.12, -0.44 to -0.02; Supplementary Table S15).
For arsM PICRUSt2 reaches a median of +0.31 against +0.03 for
the bridge, the order seen in the aquifer.

Agreement between the routes is no guide to PICRUSt2’s accu-
racy, and in a second post hoc test it runs the other way. Across
the 182 cells in which both routes and the measured abundance
vary, agreement between the bridge and PICRUSt2 correlates neg-
atively with PICRUSt2’s accuracy (o0 = —0.20, 95% CI -0.33 to
-0.04) and positively with the bridge’s (o = +0.30, +0.15 to +0.44;
Fig. 6b,c). The bridge association holds within genes (o = +0.31,
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+0.17 to +0.44) while the PICRUSt2 association weakens to p =
—0.13 (-0.25 to +0.02), and shuffling the measured values within
each cell removes both (two-sided p = 0.005 and p < 0.001 over
2,000 shuffles), so they do not arise merely because the three cor-
relations share their samples. Agreement therefore marks the
cells in which the genus lookup happens to track the measure-
ment, not those in which the predictor does.

Determinants of gene detection by the bridge

The bridge scores a gene present in a sample whenever any of its
marker genera is present, so the detection rate of a gene is set by
how common those organisms are. Across 20 genes, the preva-
lence of a gene’s single most common marker genus predicts its
detection rate at Spearman p = 0.84 (p = 4 x 1075, Fig. 7a), as
that construction implies, so the result describes the instrument
rather than the communities.

The commonest marker genera are ubiquitous soil taxa and
not arsenic specialists, Anaeromyxobacter occurring in 64 % of
samples and Clostridium, Pseudomonas and Bradyrhizobium in
roughly half, each mapped to several panel genes (Fig. 7b).

Opposing effects of sequencing depth on detection and
abundance

The depth coefficient for gene detection is positive for all 20 genes,
as deeper sequencing pushes more marker taxa above the thresh-
old at which they are recorded as present, although only 1 is sig-
nificant on its own. Depth predicts gene abundance negatively
in 15 of 20 genes (positively, and significantly, only for aioA), at
a median § = —0.399, consistent with rarer taxa recovered at
greater depth diluting the marker fraction, although that cause
was not tested directly (Fig. 8). Moving from prevalence to abun-
dance therefore does not escape the confounding, it reverses its
sign, and a study reporting one statistic will contradict a study
reporting the other from the same data.

Richness shows the same dependence, rising by 242 genera for
every tenfold increase in reads (p < 107°9). Depth is also unbal-
anced across compartments, with 38.8 % of aquifer and 32.9 % of
arsenic-soil samples below the 10,000-read floor against 11.4 % of
paddy samples, so sequencing effort tracks the grouping under
test.

Compartment contrasts, composition and soil covariates

Scored by the bridge, with depth controlled and labels permuted
across studies, no difference between any pair of compartments
is resolved for any gene (Supplementary Table S7 and Figure S14).
The null reflects limited resolution rather than equivalence, since
the 95 % interval on the odds ratio spans a median 11-fold range
across the 60 gene-contrast pairs. The strongest result is aioA be-
tween paddy soil and aquifer (odds ratio 22.04, ¢ = 0.154), abun-
dance in place of detection yields 0 genes after correction, and
the leading candidates change identity and direction under the
read-depth floor (Supplementary Section S14).

Community composition separates the compartments no bet-
ter, with study-level PERMANOVA 3# on Bray-Curtis distance 3’
giving p = 0.305 across the three groups and p = 0.773 for paddy
soil against aquifer. Within studies, environmental distance from
modelled soil properties correlates with community distance (me-
dian Mantel » = +0.119), but partialling out geographic distance
reduces it to r = +0.002 (p = 0.84), while dissimilarity rises with
distance in 18 of 23 studies. These communities are therefore
structured in space, and neither the compartment label nor the
measured soil environment captures that structure.

Discussion

The central result is a specific one about method. Two unrelated
routes for inferring gene content from 16S amplicon data agree
closely for one gene of a single panel and not at all for another.
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Against measured gene content the better of them tracks it only
modestly, and their agreement does not show where it does. A
functional profile is therefore not one measurement of uniform
quality but a set of estimates whose consistency differs from gene
to gene, presented in a single table with nothing to distinguish
them, and that consistency is not a measure of their accuracy.

Phylogenetic conservation and gene carriage

Phylogenetic conservation, the natural explanation for that
spread, does not account for it. Functional traits are conserved
to depths that differ systematically by trait*’, and reading a phy-
logeny for traits rests on that regularity*®*’, so agreement might
be expected to follow conservation across a tree of the marker
taxa. Most panel genes have marker taxa more closely related
than chance, but that clustering does not order the agreement,
although with only 11 genes the interval (-0.896 to +0.495) can-
not exclude a real relationship. The decisive cases run the wrong
way, since the routes agree on aioA, which carries no phyloge-
netic signal across soil genomes, and not on arsM, which does’.
They also agree most closely on the gene with the most dispersed
marker taxa of any tested.

A different reading of the spread is supported, if on a small
panel. mcrA catalyses the final step of methanogenesis and is car-
ried by essentially every methanogen*, so for this gene a genus-
level lookup and a genome-based predictor both reduce to the
abundance of methanogens, however widely those are dispersed
on the tree. Agreement then depends on how exactly a gene’s
carriers can be named at the rank the lookup uses, which is a dif-
ferent property from how tightly they cluster. In PICRUSt2’s own
reference genomes that carriage fidelity runs from near-universal
for mcrA to under a third for arsM, and it correlates with agree-
ment across the panel (0 = 4+0.66, 95% CI +0.14 to +0.94). A
gene carried by only some members of a marker genus is scored
by the lookup wherever the genus occurs and by the predictor
only where the placed neighbours carry it, so the two routes di-
verge by construction. A gene that defines its carriers is scored
alike by both. The interval is wide and spans zero once mcrA is
removed, so the evidence is limited by the panel, but it turns the
ordering of the panel into an expectation that can be computed
from reference genomes before any sample is analysed. That ex-
pectation concerns agreement and not accuracy, because agree-
ment grounded in carriage shows that both routes count the same
organisms and not that either counts the gene. The high agree-
ment for mcrA should therefore not be read as evidence that in-
ference performs well in general. Measured gene content bears
this out, since across 16 studies fidelity does not order the genes
by the accuracy of either route (‘Accuracy across environments’).

Confidence metric, route agreement and accuracy

Agreement is not governed by the predictor’s own confidence
either, since PICRUSt2’s nearest-sequenced-taxon index varies
39.3-fold across these studies and is unrelated to how far an in-
dependent route reproduces its predictions (o = +0.111, 95% CI
-0.197 to +0.397, p = 0.41). Across 57 studies spanning a 39.3-fold
range of the index, that interval excludes a strong association with
cross-route agreement but not a modest one, and a correlation no
stronger than +0.397 would be too weak to screen a corpus on.
Against measured gene content in 16 studies the index runs in
the expected direction without reaching significance (o = —0.27,
-0.72 to +0.33). The relationship on which it was introduced, ac-
curacy against shotgun data falling as the index rises*3, is there-
fore neither confirmed nor excluded at this number of studies.
Neither candidate explanation survives, though for different rea-
sons, since a strong association with the software’s own metric
is excluded while conservation is left unsupported by a test the
gene panel is too small to settle. Carriage fidelity in reference
genomes offers a per-gene expectation of agreement, but none
of the three offers an expectation of accuracy against measured
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The lookup itself is Supplementary Table S3.

gene content. Comparing two independent routes does not sup-
ply one either, since both read function from lineage and a bias
they share would surface as agreement and not as disagreement.
The comparison does supply a one-sided test that any panel and
any corpus can run, in which disagreement marks a gene whose
inferred profile depends on the method and should not be inter-
preted withoutindependent evidence. Agreement withholds that
verdict without granting the opposite. Measured gene content
sharpens the second half of that statement, because agreement
predicts the bridge’s accuracy and not PICRUSt2’s, which is lower
where the routes agree than where they part. The routes therefore

agree where the genus lookup happens to track the measurement,
and agreement is better read as a property of the cell than as evi-
dence about the predictor. Shotgun data supply the missing evi-
dence where they exist, and in the deep aquifer PICRUSt2 ranked
biosamples in the measured order (median p = +0.73) and the
bridge did not (o = +0.00). Across 16 further studies of soil, sed-
iment, freshwater, groundwater and rhizosphere PICRUSt2 kept
a smaller but consistent advantage (median +0.21 against +0.05),
and Tax4Fun2 matched it within the precision of the comparison
(paired difference -0.03, -0.09 to +0.03). Disagreement between
the routes therefore points to the bridge more often than to in-
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Supplementary Table S6.

ference as such, although outside that aquifer PICRUSt2 ranks
samples only loosely by the gene content measured in them. The
consequence for a reported contrast is narrower than the sample-
level figures suggest, since the routes give the same direction for
most compartment contrasts. The one arsenic contrast either
route would call significant, aioA between paddy soil and aquifer,
is still called so only by the bridge. The bridge departed from mea-
sured gene content where both routes could be checked, and its
aioA scores ran against measured abundance across the paired
studies (median -0.12).

These predictions come from PICRUSt2-SC, the reference dis-
tributed with the software since version 2.6.0. Its developers eval-
uated it on simulated communities matched to seven datasets,
five of them host-associated and none from an aquifer, scoring
accuracy as the correlation across genes within each sample '8
A correlation of that kind survives permutation of samples!3,
so the across-sample agreement and the shotgun comparison re-
ported here are, to the authors’ knowledge, the first independent
tests of the current default reference on environmental samples.
The weak median agreement therefore applies to the reference a
present-day analysis obtains by default and not to a superseded
one.

Genus-level lookups and gene content

The weak agreement belongs to genus-level lookups in general
and not to the curated one alone. A lookup assembled by hand
from roughly a hundred genera is a thin instrument, but FAPRO-
TAX, built independently and sharing few genera with the bridge,
agrees with PICRUSt2 no better than the bridge does on the same
cells. Tax4Fun2 agrees with PICRUSt2 more closely than either
lookup does, so the divide runs between lookups and genome-
based predictors, although their shared reference genomes keep
that agreement from counting as accuracy. FAPROTAX reaches
none of the arsenic genes, which leaves the bridge as the only cu-
rated route to them. The lookup is thin, and the second result
shows why that matters beyond this particular lookup. A gene is
scored present wherever one of its marker organisms occurs, so
its detection rate is largely a restatement of how common those
organisms are, and the commonest of them are ordinary soil bac-

teria found in most samples, not arsenic specialists. Prevalence
of a single genus predicts detection of its gene at p = 0.84, as
the construction of the bridge implies, and set against measured
gene content in 16 studies the bridge tracked it at a median of
only +0.05. Any method that infers function from genus identity
inherits this, and a richer lookup would postpone the problem in-
stead of removing it, because a larger marker set makes detection
saturate sooner.

Sequencing depth and compartment contrasts

Sequencing depth compounds the problem in a way that has no
statistical remedy within this data type. That relative abundances
are compositional and that depth cannot be normalised away by
rarefying are established **>°, and the panel adds the sign rever-
sal. Depth raises detection and lowers abundance, so a study
that switches statistics to avoid the confounding merely changes
its sign, and two analyses of the same data can reach opposite
conclusions according to which they report. Depth is also unbal-
anced across the groups being compared, because low-biomass
subsurface samples are harder to sequence deeply for reasons un-
connected to arsenic. Its effect on diversity is larger still, at 242
genera per tenfold increase in reads, which exceeds any compart-
ment difference in this corpus by a wide margin.

A second objection is that permuting across studies is too se-
vere a test with eight aquifer studies. The contrast failed to reach
significance before any adjustment, its leading genes changed
identity and direction under defensible quality gates, and com-
position and diversity returned the same result independently of
the gene panel, so stronger inference would not have rescued it.

Soil properties correlate with composition within studies only
until geography is partialled out, while distance-decay remains
strong, so these communities are structured in space in a way that
neither the compartment label nor standard soil covariates cap-
ture. A metagenomic survey of paddy soils along an arsenic gra-
dient reached the same conclusion from measured genes, with
geographic distance rather than arsenic concentration structur-
ing the communities and the DNA abundance of arsenic genes
unchanged while their transcription responded>!. A study that
attributes composition to pH or texture without a spatial control
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risks reporting the same artefact.

Quality of the archived corpus

The corpus also carried more contamination than its metadata
revealed, with 11 studies that were not bacterial 16S at all and
five more that reported laboratory manipulation in fields a search
of isolation source does not reach. None of this is visible before
download and all of it is detectable afterwards in minutes, which
argues for treating an assembled public corpus as a hypothesis
about its own contents. Usable arsenic concentrations appear for
only 58 of 3,041 runs, in a corpus assembled to study arsenic cy-
cling, which kept the exposure of interest out of every model.

Limitations and implications

Four caveats apply. The comparison of routes covers 13 genes,
because a gene must be reachable by both. arxA, arrA and the
detoxification genes each fall to one route only, so most of the
arsenic genes of greatest interest lie beyond it, a property of the
reference resources and not of this corpus. The aquifer arm com-
prises eight studies after quality gating, which is everything the
search located. Neither route is a measurement, and no predic-
tion from 16S data can speak to a gene on mobile elements whose
distribution departs from lineage, however large the corpus. Fi-
nally, accuracy was measured in studies of at most 20 biosamples
each, so every per-gene correlation rests on few samples and the
per-gene and per-environment values are descriptive. The two
tests that bear most on interpretation, of agreement against accu-
racy and of differences between genes, were specified after the pri-
mary result was seen, and shotgun DNA records gene content and
not expression. PICRUSt2’s accuracy was lower in soil (median
+0.17) than in groundwater (+0.39), consistent with the lower ac-
curacy reported for soils 3.

Shotgun sequencing would settle the biological question, since
genes are observed rather than predicted there and the arsenic
metabolism genes that the amplicon routes reach poorly or not
at all become directly countable against curated references”->2.
This corpus contains 455 shotgun runs from 32 studies, of which
only the 17 paired with amplicon libraries from the same biosam-
ples were processed here. Together with 285 paired runs from
17 studies outside the corpus, they served to calibrate the infer-
ence and not to answer the biological question, which the remain-
der would address directly. Until they are processed, the defensi-
ble statement is that compartment differences in arsenic-cycling
potential are not identifiable from public amplicon data, and re-
ports of such differences should be read alongside the sequencing
depth of each group and the phylogenetic breadth of each gene
claimed.

Conclusions

Functional profiles inferred from archived 16S amplicon data dif-
fer from gene to gene in how far independent routes agree, and
nothing in the profile itself shows the difference. Across 57 stud-
ies the routes agree closely on mcrA and not at all on arsM, PI-
CRUSt2’s confidence metric does not identify the genes on which
they part, and the carriage of each gene within its marker taxa
anticipates agreement but not accuracy. Against gene content
measured in 16 studies PICRUSt2 tracks it weakly and the bridge
barely, so disagreement between routes marks genes whose in-
ferred profiles depend on the method, while agreement is no sub-
stitute for measurement. Sequencing depth raises detection and
lowers abundance, and belongs in the model as a covariate. Com-
partment differences in arsenic-cycling potential cannot be re-
solved from public amplicon data, and the shotgun metagenomes
already in the archive are the route to that question.
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