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Plant Dietary Diversity and Gut Microbial Ecology in
the American Gut Project: A Compositional,

Constrained-Permutation, and Transportability
Analysis Supporting a Redesigned Controlled-Feeding

Trial

Abstract

Background. The observation from the American Gut Project (AGP) that people eating more
than 30 plant types per week harbor distinct gut microbiota from those eating 10 or fewer has
become an influential dietary heuristic, yet it rests on a small cross-sectional subgroup and has not
been re-examined with modern compositional statistics or tested for geographic transportability.
We asked whether the “>30 versus ≤10 plant types per week” contrast is robustly associated with
gut microbial ecology after adjustment for antibiotics, age, body-mass index (BMI), geography
and other dietary variables, and whether any association would justify funding a controlled-
feeding study. Methods. Using the fixed 2018 AGP fecal sub-operational-taxonomic-unit
(sOTU) table and mapping file (Figshare 6137192 and 6137315), we analyzed one stool sample
per participant (2676 participants; 21 640 sOTUs). We performed a missingness and selection-bias
analysis, computed centered-log-ratio (CLR)/Aitchison beta-diversity, tested the exposure with
partial distance-based redundancy analysis (dbRDA/PERMANOVA) using country-constrained
permutations, identified a supervised compositional balance by forward selection, validated it with
leave-one-country-out (LOCO) cross-validation, and derived power/sample-size requirements
for a future trial. We drew no functional or metabolic inferences from 16S data. Results.
Community-wide, the exposure explained a statistically significant but negligible fraction of
Aitchison beta-diversity (Model A: pseudo-F = 1.62, R2 = 0.12%, constrained-permutation
p = 0.004). A prespecified eight-genus balance separated groups strongly in-sample (adjusted
coefficient +0.450, t = 6.89, p = 8.3 × 10−12, partial R2 = 3.4%; Cohen’s d = 0.602) and was
robust to BMI adjustment (p = 3.3 × 10−9). However, in LOCO validation the held-out exposure
coefficient collapsed to ≈ 0 (mean −0.000, SD 0.139; 0/3 folds p < 0.05) versus a training mean of
+0.631, and the balance added only −0.019 area-under-the-curve (AUC) over dietary self-report
covariates. Missingness was substantial (BMI ∼51%) and strongly geographically structured,
violating the missing-completely-at-random assumption. Conclusions. The endpoint is real
and highly significant in-sample but does not transport across geography, indicating residual
confounding rather than a portable biological effect. We therefore recommend REDESIGN:
fund a geographically stratified, within-subject crossover feeding study powered on a conservative
(transportability-adjusted) effect size—approximately 54 subjects at between-period correlation
r = 0.7 versus 175 per group (∼350 total) for a parallel design—with a single prespecified
taxonomic balance endpoint.
Keywords: gut microbiome; plant diversity; compositional data analysis; Aitchison distance;
PERMANOVA; transportability; American Gut Project; controlled-feeding trial; crossover design
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Figure 1: Graphical abstract. From the fixed American Gut Project fecal sOTU table, one stool sample
per participant was classified as High Plant (>30 types/week, n = 703) or Low Plant (≤10 types/week,
n = 1,973). A supervised taxonomic log-ratio balance separated the groups strongly in-sample (Cohen’s
d = 0.60; p = 8 × 10−12), but leave-one-country-out validation showed the held-out effect collapsing to ≈ 0,
motivating a REDESIGN decision toward a within-subject crossover feeding trial (∼54 subjects at r = 0.7).

1 Introduction

The adult human gastrointestinal tract harbors a microbial community of a magnitude comparable
to the number of human cells in the body, and this community is now recognized as a central
mediator between diet and host physiology [1–3]. Large population surveys have repeatedly shown
that host and environmental variables—rather than any single “healthy” configuration—explain
the bulk of interindividual variation in gut community composition, with diet, medication, transit
time and geography featuring prominently [4–6]. Even the notion of a shared “core” microbiome
is dominated by interindividual variability, as early twin studies made clear [7]. Among dietary
exposures, the quantity and, increasingly, the diversity of plant intake have attracted particular
attention because plant cell walls supply the microbiota-accessible carbohydrates (MACs) that
resident fermenters convert into short-chain fatty acids, the metabolites most strongly implicated
in colonic and systemic host signalling [8–10]. Long-term dietary patterns are associated with
reproducible differences in community structure [11], and controlled interventions demonstrate that
switching between plant- and animal-based diets can reconfigure the community within a single day
[12].

Against this backdrop, the American Gut Project (AGP)—an open, citizen-science platform
that has profiled tens of thousands of self-collected stool samples by 16S ribosomal RNA (rRNA)
gene amplicon sequencing—reported one of the most widely propagated dietary heuristics in the
field: participants who reported consuming more than 30 different plant types per week displayed
greater microbial α-diversity and a distinct community structure relative to those consuming 10 or
fewer, apparently independent of whether they identified as omnivore or vegan [13]. This “30 plants
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per week” rule of thumb has since been adopted in the popular and clinical nutrition literature as a
practical target for a diverse, fiber-rich diet [14, 15]. Yet the original comparison rested on a small
subgroup (on the order of tens of participants per arm) nested within a much larger, self-selected
cohort, and it has not been re-examined with the statistical machinery that the microbiome field
now regards as mandatory.

Two methodological developments make such a re-examination timely. First, sequence-count
data are compositional: they carry only relative information constrained to a simplex, so that
analyses performed on raw proportions or rarefied counts can generate spurious associations and
are, in a formal sense, inadmissible [16–18]. Log-ratio transformations—the centered log-ratio
(CLR) underlying the Aitchison distance, isometric log-ratio coordinates, and supervised “balances”
between groups of taxa—respect this geometry and yield interpretable, scale-invariant contrasts
[19–22]. Second, the field has become acutely aware that microbiome associations frequently fail
to generalize. Host variables can confound disease signals [23]; technical and batch variation from
collection, extraction and sequencing can rival biological signal [24, 25]; and geography exerts so
strong an influence that models trained in one region often perform poorly in another [26–28]. High
within-cohort performance that collapses under external or cross-cohort validation is a recurring
and cautionary pattern, and reporting standards such as STORMS now explicitly ask authors to
document confounding and validation strategy [29, 30].

These considerations reframe the practical question facing a funder. It is not merely whether
plant diversity is associated with gut microbial ecology in the AGP—an observational, self-reported
exposure embedded in a geographically structured, heavily missing dataset—but whether any
association is robust and transportable enough to justify the expense of a controlled-feeding study,
and if so, how that study should be designed. In this work we address that question directly. Using
the fixed 2018 AGP fecal sOTU table and mapping file, we (i) characterize missingness and selection
bias in the exposure-defining cohort; (ii) quantify the community-wide association with compositional
(Aitchison) beta-diversity using constrained-permutation partial dbRDA/PERMANOVA that holds
geography fixed; (iii) identify a supervised, prespecifiable compositional balance that best separates
high- from low-plant consumers after covariate adjustment; (iv) subject that balance to leave-one-
country-out (LOCO) validation to test transportability; and (v) translate the resulting effect sizes
into formal power and sample-size requirements for a future trial. We deliver adjusted effects, balance
and transportability diagnostics, and an explicit fund/redesign/do-not-fund decision together with a
single prespecified microbial endpoint. Throughout, we honor a strict inferential constraint: because
16S amplicon data measure taxonomy rather than gene content or activity, we make no functional
or metabolic-pathway claims and confine every endpoint to compositional, taxonomic terms [31, 32].

2 Methods

2.1 Data acquisition and provenance

Two fixed public artifacts of the American Gut Project were obtained programmatically through the
Figshare REST API: the fecal sOTU count table (article 6137192; deblur_125nt_no_blooms.biom,
25 MB), generated by the Deblur denoising workflow on 125-nucleotide 16S reads with bloom se-
quences removed [33]—a sub-OTU resolution comparable to the amplicon-sequence-variant approach
of DADA2 [34] and consistent with the reproducible QIIME 2 ecosystem [35]—and the full AGP
mapping file (article 6137315; corrected-t2.tsv, 109 MB) [13]. Downloads were checksum-verified
against the API-reported MD5 values. Taxonomy followed the Greengenes reference used by AGP
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[36]. All processing used Python 3.12 with a fixed random seed (42); the complete pipeline is
scripted and versioned.

2.2 Cohort definition and exposure

The mapping file (17 854 records) was restricted to samples with sequencing data present in the
BIOM table (9511 fecal samples). Every fecal sample carried a valid and unique host-subject
identifier, so the table already represented one fecal sample per participant; a deduplication step
that would otherwise retain the most metadata-complete sample per participant was confirmed to
be a no-op. The exposure was defined from the types_of_plants questionnaire item: High Plant
(>30 types/week) comprised the “More than 30” response (n = 703); Low Plant (≤10 types/week)
pooled “6 to 10” and “Less than 5” (n = 1973). Intermediate consumers (“11 to 20” and “21 to
30”; n = 3368) and non-responders (n = 3467) were excluded to sharpen the contrast. Aligning the
sOTU table to the cohort and dropping all-zero features yielded a final analytic matrix of 21 640
sOTUs by 2676 participants (Figure 2).

Figure 2: Participant and sample selection. Flow from the AGP mapping file and fecal sOTU BIOM
table to the analytic cohort and the complete-case regression models. One fecal sample per participant was
confirmed by unique host-subject identifier; intermediate (11–30 plants/week) and non-responding participants
were excluded to define the High- versus Low-Plant contrast.

Covariates and a documented data limitation

Adjustment covariates comprised age, sex, BMI (bmi_corrected), country/geography, antibiotic
history, and three additional dietary-frequency items (alcohol, meat/eggs, and vegetable frequency).
Geography was pooled to three levels (USA, United Kingdom, Other) to stabilize estimation given
the strongly USA-weighted cohort. We record one unavoidable limitation: the AGP Figshare
mapping file contains no sequencing-plate or run identifier column, so sequencing plate—nominally
a target adjustment variable and a canonical source of batch effect [24, 25]—is 100% missing
and could neither be summarized nor modelled. Geography, which is highly collinear with AGP
sample-processing logistics, serves as the principal available proxy for batch and population structure.
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2.3 Missingness and selection-bias analysis

A panel of missingness tokens (e.g., “not provided”, “unknown”, “not collected”) was harmonized to
a single missing state. We tabulated per-covariate missingness overall and by exposure group, and
compared complete cases (all key covariates present) with incomplete cases on age (Mann–Whitney
U and Welch t), sex and pooled country (χ2), and exposure group (χ2). A logistic regression
modelled the probability of being a complete case as a function of exposure, standardized age, sex
and pooled country, and the missing-completely-at-random (MCAR) assumption was assessed from
the univariate comparisons.

2.4 Compositional transformation and Aitchison beta-diversity

Counts were CLR-transformed (natural logarithm, pseudocount 1), so that the Euclidean distance
between CLR vectors is the Aitchison distance [16, 17]. Principal-component analysis of the CLR
matrix (Aitchison PCA) provided an unsupervised ordination with 95% confidence ellipses by
exposure group; unlike phylogenetic distances such as UniFrac [37], the Aitchison distance is a
purely compositional metric that requires no reference tree.

2.5 Constrained-permutation dbRDA / PERMANOVA

The exposure was tested against Aitchison beta-diversity using partial distance-based redundancy
analysis with a pseudo-F statistic, equivalent in this metric to PERMANOVA [38, 39]. Covariate
effects were removed by Frisch–Waugh–Lovell residualization (conditioning matrix), and the partial,
adjusted R2 was computed in the vegan style as R2

adj(full) − R2
adj(conditioned). Crucially, statistical

significance was assessed by permuting the exposure labels within pooled-country strata (999
permutations), so that the null distribution preserves geographic structure and the test cannot be
driven by between-country differences [40]. Two nested models were fitted: Model A (age, sex,
country, antibiotics, alcohol, meat/eggs and vegetable frequency; complete-case n = 1371) and
Model B (Model A + BMI; n = 1227).

2.6 Supervised compositional balance selection

To move from a negligible community-wide signal to a prespecifiable, targeted endpoint, sOTUs
were aggregated to genus-level Greengenes lineages, filtered to genera present in ≥10% of samples,
and reduced to the top 100 by prevalence (86 genera considered after filtering). A “balance” was
defined as

B = 1
|N |

∑
i∈N

ln xi − 1
|D|

∑
j∈D

ln xj , (1)

the difference in mean log-abundance between a numerator taxon set N and a denominator set D
(pseudocount 0.5), following the selbal balance framework [20, 21]. Forward selection (maximum
four taxa per side) added the taxon that most increased the absolute t-statistic of the exposure term
in a Model-A–adjusted ordinary-least-squares regression of B, with a minimum relative-t gain of
0.02 as the stopping rule. Robustness was assessed by (i) refitting with BMI (Model B), (ii) 5-fold
stratified cross-validation in which the entire selection was re-run within each training fold, and (iii)
tabulating taxon selection frequency across folds. The in-sample standardized effect size (Cohen’s d)
was computed from the group means and pooled standard deviation of B.
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2.7 Leave-one-country-out (LOCO) transportability validation

Transportability was tested by holding out each pooled-country cohort (USA, United Kingdom,
Other) in turn. Within the training countries only, the top-genus feature space was fixed, the balance
was re-selected de novo, and a Model-A regression (with country omitted, since a single country was
held out) was fitted; the resulting balance and coefficients were then applied to the held-out country.
We report, per fold, the training and held-out exposure coefficients with 95% confidence intervals,
the out-of-sample area under the receiver-operating-characteristic curve (AUC) of a logistic classifier
predicting High-Plant status, and the Jaccard overlap between the fold-selected and globally selected
taxa. To attribute discriminative signal, we compared three classifiers: the full model (balance + all
covariates), a covariates-only model (no balance), and a balance-plus-demographics model (dietary
self-report removed). The marginal contribution of the balance was the AUC difference between the
full and covariates-only models.

2.8 Power and sample-size analysis

Sample sizes for a future controlled-feeding study were computed with two-sided α = 0.05 at
80% and 90% power using statsmodels power solvers [41, 42]. For a parallel-group (independent
two-sample t-test) design we used both the in-sample d = 0.602 and a deliberately conservative,
transportability-adjusted d = 0.301 (a 0.5× shrinkage reflecting the LOCO collapse). For a within-
subject crossover (paired t-test) design we converted the between-subject d to a paired effect size
dz = d/

√
2(1 − r) for between-period correlations r = 0.5 and r = 0.7. The prespecified primary

endpoint for the trial was fixed to the exact global balance identified here.

2.9 Software, reproducibility and inference constraint

Analyses used Python 3.12 with numpy, pandas, scikit-learn [43], statsmodels [41], biom-format
and h5py; all steps used random seed 42 and are provided as versioned scripts with JSON result
logs. Consistent with the study’s core constraint, all endpoints are purely taxonomic/compositional;
no functional, enzymatic or metabolic-pathway activity was inferred from 16S data, and predictive
functional-profiling tools were deliberately not applied [31, 32].

3 Results

3.1 Cohort characteristics

The analytic cohort comprised 2676 participants—703 High Plant and 1973 Low Plant—profiled at
21 640 sOTUs (Table 1). The cohort was middle-aged (overall mean age 45.1 years), predominantly
from the USA (2023/2676, 75.6%) with the United Kingdom the next largest stratum (454, 17.0%),
and the majority reported no antibiotic use in the prior year. High-Plant participants had a
modestly lower mean BMI (23.4 versus 24.4 kg/m2) and a higher proportion of female participants,
foreshadowing the covariate imbalance that motivates adjustment.
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Table 1: Analytic cohort characteristics by plant-consumption exposure. Values are means (SD) for
continuous variables or counts (%) for categorical variables; BMI and dietary-frequency items are substantially
missing (see Section 3.2).

Characteristic High Plant (>30/wk) Low Plant (≤10/wk) Overall
Participants, n 703 1,973 2,676
Age, years, mean (SD) 46.4 (15.6) 44.6 (18.6) 45.1 (17.8)
BMI, kg/m2, mean (SD) 23.4 (4.5) 24.4 (5.4) 24.2 (5.2)
BMI missing, % 54.3 50.5 51.5
Female, n 444 886 1,330
USA, n (%) 511 (72.7) 1,512 (76.6) 2,023 (75.6)
United Kingdom, n (%) 150 (21.3) 304 (15.4) 454 (17.0)
No antibiotics in past year, n 510 1,234 1,744

3.2 Missingness is substantial and geographically structured

Covariate missingness was highly heterogeneous (Figure 3a). Age (2.4% missing), antibiotic history
(0.7%), country (0.2%) and alcohol frequency (0.4%) were nearly complete, but BMI was missing for
51.5% of participants and the meat/eggs and vegetable-frequency items were each missing for ∼46%.
Because the adjustment set includes these diet-frequency items, the realized complete-case sample
for Model A was 1371 and, after adding BMI, 1227 for Model B—less than half of the nominal
cohort (45.9% complete).

Complete and incomplete cases did not differ by exposure group (χ2 p = 0.19) or sex (p =
0.85), but they differed by age (Mann–Whitney p = 0.038) and, dramatically, by geography (χ2

p = 2.2 × 10−115): United Kingdom participants were far more likely to be complete cases than USA
participants. A logistic model of completeness confirmed this structure, with markedly elevated
odds of completeness for United Kingdom (odds ratio [OR] 26.4, 95% CI 17.9–39.0) and Other (OR
3.8, 95% CI 2.8–5.3) participants relative to the USA, a small age effect (OR 0.90 per SD), and
modestly lower completeness among High-Plant participants (OR 0.70, 95% CI 0.57–0.86). The
univariate differences on age and country reject the MCAR assumption; missingness is therefore
related to observed characteristics (missing-at-random at best), and a naive complete-case analysis
carries a quantifiable selection-bias risk. Reassuringly, complete and incomplete cases overlapped
closely on the distributions of age and (where available) BMI, and the exposure-group composition
was nearly identical across the two (Figure 3b), indicating that the dominant missingness driver is
geographic rather than exposure-linked.
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(a) (b)

Figure 3: Missingness and selection-bias diagnostics. (a) Percentage missing for each key covariate,
overall and by exposure group; BMI (∼51%) and the meat/eggs and vegetable-frequency items (∼46%)
dominate, whereas age, antibiotics, country and alcohol are near-complete. (b) Complete versus incomplete
cases overlap closely on age and BMI distributions and have near-identical exposure-group composition
(25–27% High Plant), so the strong missingness structure is driven chiefly by geography rather than by
exposure.

3.3 The community-wide association is significant but negligibly small

In the unsupervised Aitchison PCA, the first two principal components captured only 8.0% and
3.3% of total CLR variance, and the 95% confidence ellipses of the two exposure groups were
almost completely superimposed (Figure 4)—the expected picture for a subtle dietary contrast
embedded in a highly individualized community. Formal testing by country-constrained partial
dbRDA nonetheless detected a signal. In Model A (n = 1371), the exposure explained R2 = 0.116%
of Aitchison beta-diversity (adjusted R2 = 0.045%) with pseudo-F = 1.62 and a within-country
permutation p = 0.004. Adding BMI (Model B, n = 1227) left the picture essentially unchanged:
R2 = 0.111%, pseudo-F = 1.40, p = 0.013. The association therefore survives adjustment and
geographic permutation, but its magnitude at the whole-community level is on the order of one
part in a thousand—far too small to serve as a trial endpoint. This dissociation between statistical
significance and effect size directly motivates a targeted, prespecified balance rather than an omnibus
community test.
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Figure 4: Aitchison (CLR) principal-component ordination of the AGP fecal microbiome with
95% confidence ellipses by exposure group. PC1 and PC2 capture 8.0% and 3.3% of total compositional
variance; the near-complete overlap of the High- and Low-Plant ellipses illustrates the very small community-
wide effect size, consistent with the R2 ≈ 0.1% from constrained dbRDA.

3.4 A supervised compositional balance separates the groups strongly in-sample

Forward selection identified an eight-genus balance whose numerator comprised o__Clostridiales,
f__S24-7, g__Coprobacillus and g__Clostridium, and whose denominator comprised g__Blautia,
g__Dorea, g__Anaerotruncus and f__Desulfovibrionaceae (positive balance → higher numerator
abundance). The balance was substantially higher in High-Plant participants (mean −0.155, SD
0.955) than in Low-Plant participants (mean −0.716, SD 0.922; Figure 5), a raw difference of +0.560
that corresponds to a standardized effect of Cohen’s d = 0.602. After Model-A adjustment, the
exposure coefficient was +0.450 (95% CI 0.322–0.578; t = 6.89; p = 8.3 × 10−12), with a partial R2

of 3.4%—roughly a thirty-fold larger share of variance than the whole-community test, precisely
because the balance concentrates the signal into an interpretable log-ratio. The effect was robust to
BMI: in Model B the coefficient was +0.416 (95% CI 0.279–0.553; p = 3.3×10−9; partial R2 = 2.9%),
and the fully adjusted coefficient plot (Figure 6) shows the plant exposure as by far the largest
and most precisely estimated term, dwarfing age, BMI, sex, antibiotic and other dietary-frequency
coefficients.

Five-fold cross-validation gave an out-of-sample R2 of 0.104 ± 0.033, and the leading numerator
taxa recurred across folds—o__Clostridiales, f__S24-7 and g__Clostridium were each selected in
all five folds and g__Anaerotruncus in four—supporting the internal stability of the endpoint. On
the strength of these in-sample diagnostics alone, the balance is a defensible, reproducible candidate
primary endpoint.
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Figure 5: Distribution of the selected compositional balance by exposure group. The eight-genus
log-ratio balance (numerator: o__Clostridiales, f__S24-7, g__Coprobacillus, g__Clostridium; denominator:
g__Blautia, g__Dorea, g__Anaerotruncus, f__Desulfovibrionaceae) is shifted upward in High-Plant partici-
pants (mean −0.155 vs −0.716; Cohen’s d = 0.602).
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Figure 6: Fully adjusted (Model B) regression coefficients for the selected balance. The High-
versus Low-Plant exposure (top, red) is the largest and most precisely estimated predictor of the balance,
remaining strongly positive (+0.416; p = 3.3 × 10−9) after adjustment for sex, geography, antibiotic history,
alcohol, meat/eggs and vegetable frequency, age and BMI.

3.5 The balance does not transport across geography

The decisive test was transportability. When each pooled-country cohort was held out and the balance
was re-selected from the remaining countries, the training exposure coefficients were consistently
large and significant (mean +0.631, SD 0.101; range +0.517 to +0.705; all p < 10−8), yet the
held-out coefficients collapsed toward zero (mean −0.000, SD 0.139; Figure 7). Holding out the USA
gave a held-out coefficient of +0.139 (95% CI −0.072 to 0.350; p = 0.20); holding out the United
Kingdom gave −0.000 (95% CI −0.292 to 0.292; p = 0.999); and holding out Other gave −0.140
(95% CI −0.593 to 0.313; p = 0.54). In no fold (0/3) did the held-out effect reach p < 0.05, and in
only one fold was it even directionally consistent with the global positive effect. The mean Jaccard
overlap between fold-selected and globally selected taxa was only 0.35, indicating that the identity
of the discriminating taxa also shifted between geographic cohorts.

Out-of-sample classification told a complementary story (Figure 8). The full classifier reached
a healthy mean AUC of 0.797 (range 0.788–0.814), which at first glance looks like successful
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transportability. However, an attribution analysis showed this performance was carried almost
entirely by dietary self-report covariates that proxy the exposure: a covariates-only classifier (no
balance) already reached AUC 0.817, so adding the balance changed AUC by only −0.019 on
average, whereas a balance-plus-demographics classifier with the dietary proxies removed fell to AUC
0.632. In other words, the microbial balance contributed essentially no independent out-of-sample
discrimination beyond what a subject’s self-reported diet already provides. Taken together—near-
zero held-out regression coefficients, no marginal AUC, and unstable taxon selection—the specific
linear balance is cohort- and geography-specific and does not transport as a fixed endpoint.

Figure 7: Leave-one-country-out transportability of the plant-exposure effect. Training-country
coefficients (blue) are consistently large and cluster around the global Step-4 estimate (dotted line, +0.450;
shaded 95% CI), but the corresponding held-out coefficients (red) collapse to ≈ 0 with wide intervals crossing
the null in every fold, demonstrating failure to transport across the USA, United Kingdom and Other cohorts.
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Figure 8: Out-of-sample prediction of High-Plant status in held-out countries. Solid curves
(balance + all covariates) reach AUC 0.79–0.81, but dashed curves (balance + demographics, dietary self-report
removed) fall to AUC 0.61–0.65. Because a covariates-only model already achieves AUC ≈ 0.82, the microbial
balance adds only −0.019 AUC on average—its apparent predictive value is driven by dietary self-report, not
by the microbiome.

3.6 Power and sample size for a redesigned trial

The gap between the in-sample and transportable effect sizes drives the trial arithmetic (Figure 9;
Table 2). Powering optimistically on the in-sample d = 0.602, a parallel-group feeding study would
need only ∼45 participants per group (90 total) for 80% power. But because the LOCO analysis
shows this effect may not survive in a new population, the defensible choice is to power on the
conservative, transportability-adjusted d = 0.301, which inflates the parallel-group requirement
to 175 per group (350 total) at 80% power and 233 per group (466 total) at 90%. A within-
subject crossover design, in which each participant serves as their own control and subject-specific
microbiome composition—the dominant source of variance—is differenced out, is far more efficient:
at a plausible between-period correlation of r = 0.7 and the same conservative effect, only ∼54
subjects achieve 80% power (72 for 90%), and even at a modest r = 0.5 only ∼89 subjects are
required. The crossover thus attains the same power as a ∼350-participant parallel trial with roughly
one-sixth the enrolment.
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Table 2: Sample-size requirements for a future controlled-feeding study at two-sided α = 0.05,
comparing the optimistic in-sample effect (d = 0.602) with the conservative transportability-adjusted effect
(d = 0.301). Crossover figures are numbers of subjects; parallel figures are per group.

Design Effect size 80% power 90% power
Parallel (per group) In-sample d = 0.602 45 59
Parallel (per group) Conservative d = 0.301 175 233
Crossover, r = 0.5 (subjects) Conservative d = 0.301 89 118
Crossover, r = 0.7 (subjects) Conservative d = 0.301 54 72
Crossover, r = 0.7 (subjects) In-sample d = 0.602 16 20

Figure 9: Statistical power versus sample size for a future controlled-feeding study on the
prespecified taxonomic balance. Left: parallel-group design; the conservative effect (red) requires ∼175
per group for 80% power versus ∼45 for the optimistic in-sample effect (blue). Right: crossover design;
within-subject differencing sharply reduces requirements, to ∼54 subjects at r = 0.7 under the conservative
effect.

3.7 Recommendation and prespecified endpoint

Synthesizing the evidence chain—severe, geographically structured missingness (Step 2); a significant
but negligible community-wide effect (Step 3); a strong, BMI-robust, internally cross-validated
in-sample balance (Step 4); and a decisive failure to transport that balance across geography
(Step 5)—the formal decision is REDESIGN, not fund and not do-not-fund (Box 1). A straight
fund decision would assume the in-sample d ≈ 0.60 transports to a new population, which the
LOCO analysis directly falsifies. A do-not-fund decision would ignore that the endpoint is genuinely,
highly significant in-sample and robust to covariate and BMI adjustment; the obstacles—geographic
heterogeneity and reliance on error-prone dietary self-report—are exactly the confounds a controlled
feeding study with a within-subject design is built to eliminate.

Box 1. Decision: REDESIGN a controlled-feeding study.
One-line rationale. The endpoint is real and highly significant in-sample (p = 8.3 × 10−12,
robust to BMI) but does not transport across geography (held-out β ≈ 0; no marginal AUC
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over dietary self-report); a naive parallel-group trial powered on the raw association would
likely fail, so fund only a redesigned trial.
Redesign requirements.
• Use a crossover (within-subject) design so each participant is their own baseline,

controlling subject-specific microbiome composition and sharply reducing required n.
• Stratify/block by geography (country/site) and model site as a fixed effect, because the

effect did not transport across USA / UK / Other in LOCO.
• Power on the conservative transportability-adjusted effect (0.5× in-sample d), not

the optimistic in-sample estimate (∼54 subjects at r = 0.7).
• Prespecify and register the exact balance endpoint below to prevent re-selection/over-

fitting.
• Control the diet directly rather than relying on self-report, given the severe missingness

in Step 2.
• Restrict inference to taxonomic composition; do not infer metabolic or functional

pathways from 16S data.
Prespecified primary endpoint. Mean change from baseline to end-of-intervention in the log-
ratio balance B = ln xnum−ln xden (genus-level, pseudocount 0.5), numerator {o__Clostridiales,
f__S24-7, g__Coprobacillus, g__Clostridium} over denominator {g__Blautia, g__Dorea,
g__Anaerotruncus, f__Desulfovibrionaceae}, compared between high- and low-plant controlled
diets. Measurement platform: 16S rRNA amplicon sequencing (Greengenes genus level). No
functional/metabolic activity is inferred.

4 Discussion

4.1 Principal findings

Re-examining the influential “30 plants per week” heuristic with compositional statistics on the
fixed 2018 AGP fecal dataset yields a nuanced verdict. The plant-diversity contrast is reliably
detectable: it survives adjustment for age, sex, BMI, geography, antibiotics and three other dietary
items, and it survives permutation that holds geography fixed. Yet at the whole-community level
the effect is vanishingly small (R2 ≈ 0.1% of Aitchison beta-diversity), and when concentrated
into an interpretable, internally cross-validated eight-genus balance with a respectable in-sample
effect (d = 0.60, p = 8.3 × 10−12), it fails the single most important test for a would-be biomarker:
it does not transport to a held-out geographic cohort. The held-out coefficient is statistically
indistinguishable from zero in all three folds, and the microbial balance adds essentially nothing
to out-of-sample prediction once dietary self-report is accounted for. The signal is therefore best
understood as a genuine but geographically contingent correlate of a self-reported exposure, not as
a portable, mechanistic microbial fingerprint of plant diversity.

4.2 Why a strong in-sample effect fails to transport

The dissociation between a highly significant in-sample association and a null out-of-sample effect
is a textbook manifestation of the generalization problem that now pervades microbiome research
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[23, 26, 30]. Several mutually reinforcing mechanisms are at play here. First, geography is among
the strongest known determinants of gut community structure [26–28], and the AGP cohort is
overwhelmingly USA-based with a substantial UK stratum; a balance tuned on one geographic
mixture need not hold in another. Second, the exposure is self-reported through a single coarse
questionnaire item, and self-report is a noisy, culturally patterned proxy for actual plant intake—so
part of the “plant-diversity” signal is inevitably confounded with country-level differences in diet
reporting, cuisine and lifestyle. The attribution analysis makes this concrete: the out-of-sample
AUC is driven by dietary self-report covariates, not by the microbiome. Third, unmeasured
technical structure is a live concern. The AGP mapping file lacks any sequencing-plate identifier, so
batch effects—demonstrated repeatedly to rival biological signal [24, 25]—cannot be modelled, and
geography is the only available proxy for the correlated bundle of processing batch and population.
That the taxa themselves reshuffle between folds (mean Jaccard 0.35) is exactly what one expects
when a supervised model latches onto locally predictive but non-portable features. None of these
mechanisms implies the underlying biology is absent; they imply that observational AGP data
cannot isolate it.

4.3 Rationale for a redesigned, within-subject trial

The remedy is a study design that removes precisely these confounds. A controlled-feeding study
replaces error-prone self-report with a directly administered, quantified diet, addressing the exposure-
measurement problem that Step 2 exposed. A within-subject crossover additionally differences out
each participant’s idiosyncratic baseline community—the dominant axis of variation in every human
microbiome survey [4, 44]—so that the plant-diet contrast is estimated against a within-person,
rather than between-person, background. This is not merely a power optimization, though the power
gain is dramatic (roughly 54 versus 350 participants; Table 2); it is a bias-reduction strategy, because
the subject-specific and much of the geographic confounding that sank the LOCO analysis are
held constant by construction. The empirical basis for expecting a real, measurable within-person
response is strong: controlled and longitudinal feeding studies show that diet reconfigures the
community rapidly and reproducibly [12, 44, 45], and fiber/plant substrates are the canonical drivers
of fermentative taxa, with sustained fiber deprivation capable of depleting them [8, 10, 15, 46].
Powering on the conservative, transportability-adjusted effect—rather than the optimistic in-sample
d—guards against designing a well-powered trial for an effect that may shrink in a fresh population,
and geographic stratification with site as a fixed effect protects against the residual heterogeneity
that a single-site or pooled analysis would reintroduce.

4.4 A single, prespecified, taxonomy-only endpoint

Registering one primary endpoint—the exact eight-genus balance identified here—is essential to
prevent the re-selection and over-fitting that produce non-reproducible microbiome signatures
[20, 29]. We deliberately frame this endpoint in strictly taxonomic terms. Although the numerator
and denominator taxa include lineages often discussed in the context of fiber fermentation and bile
metabolism, 16S amplicon data measure marker-gene abundance, not gene content, expression or
metabolite flux, and tools that predict function from 16S are explicitly hypothesis-generating rather
than confirmatory [21, 31, 32]. We therefore make no claim about short-chain fatty acids, enzymatic
capacity or any metabolic pathway; the endpoint is a compositional log-ratio, and its interpretation
is confined to the relative abundances of the named taxa. A future trial wishing to make functional
claims would need shotgun metagenomics, metatranscriptomics or direct metabolomics as separate,
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prespecified secondary measures.

4.5 Strengths and limitations

The analysis has several strengths: it uses the complete fixed AGP fecal cohort rather than the
original small subgroup; it respects the compositional nature of the data throughout; it holds
geography fixed both in permutation testing and in an explicit LOCO framework; and it separates
statistical significance from effect size and from transportability, three properties that are too often
conflated. Limitations temper the conclusions. The exposure and covariates are self-reported and,
as shown, heavily missing, so complete-case models are susceptible to the geographically structured
selection bias we document; although the distributions of complete and incomplete cases overlapped,
formal multiple-imputation or inverse-probability weighting would be a valuable sensitivity extension.
The absence of a sequencing-plate variable is a genuine gap that leaves batch effects only partially
controlled through geography. The cohort’s strong USA/UK skew limits the granularity of the
LOCO test to three pooled strata, and the “Other” held-out fold is small (nvalid = 133), widening
its confidence interval. Finally, because AGP is cross-sectional, no causal or temporal claim can be
made—which is itself the core argument for the interventional redesign we recommend.

4.6 Conclusion

Within the American Gut Project, eating more than 30 versus 10 or fewer plant types per week
is statistically associated with gut microbial ecology after broad covariate adjustment, and this
association can be distilled into a strong, internally reproducible taxonomic balance. But the
association is negligibly small community-wide, is carried out-of-sample by dietary self-report
rather than by the microbiome, and—most tellingly—does not transport across geographic cohorts.
These properties place the question squarely in “redesign” territory: the biology plausibly exists
but cannot be established, let alone measured for effect size, from confounded observational
data. We recommend funding a geographically stratified, within-subject crossover feeding study of
approximately 54 participants, powered on a conservative transportability-adjusted effect, with a
single prespecified taxonomic balance as its primary endpoint and with all functional interpretation
deferred to purpose-built metagenomic or metabolomic measurements.

Data and code availability

The primary data are the fixed public AGP artifacts on Figshare: the fecal sOTU table (DOI
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